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About This Book

This textbook introduces how artificial intelligence is revolutionizing biological research — from analyzing
genetic variants to modeling entire cells. It is designed specifically for 3rd—year (junior/senior) biology
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undergraduates who want to understand the computational approaches that are transforming genomics,
without requiring prior experience in Al or advanced programming.

The field of genomics has been rapidly transformed by machine learning, deep learning, and large—scale
computational methods. These advances now allow us to analyze massive genomic datasets, predict
functional impacts of variants, and model complex biological systems with unprecedented accuracy. This
textbook takes a biology—first approach to cover the essential Al concepts and methods that undergraduate
students need to master, integrating computational techniques with genomic applications.

This book is written for biology majors who have a solid foundation in molecular biology and genetics,
are curious about computational approaches, want to understand the why and how behind Al methods
in genomics, and are comfortable with basic mathematics. Rather than assuming extensive program-—
ming background, we start from the basics and build up gradually, emphasizing conceptual understanding
alongside practical applications.

All 17 chapters are now available, organized into 5 parts. Each chapter includes an interactive companion
page with hands—on simulations and visualizations to reinforce key concepts.

What Makes This Book Different?

[J Biology-First Approach

Each chapter starts with a real biological challenge—experimental limitations that motivate computational
solutions. You'll never wonder “why do | need to learn this?”

0 Hands-On Coding Labs

Every chapter includes Google Colab—based coding exercises. No installation needed—ijust click and start
learning! All code is heavily commented and designed for beginners.

[ Clear Mathematical Explanations

Math concepts are explained in Math Boxes with biological examples. We won’t shy away from equations,
but we'll make sure you understand what they mean.

[J Real Case Studies

Learn from actual research papers and real datasets. See how these methods are being used to make
biological discoveries right now.

What You'll Learn
By the end of this book, you will be able to:

O Understand the fundamental concepts of machine learning and deep learning
O Explain how Al methods predict the effects of genetic variants

[0 Use pre—trained models to analyze genomic sequences

O Interpret results from tools like CADD, DeepSEA, Enformer, and DNABERT
0 Understand how language models are applied to DNA and RNA sequences
O Analyze single—cell omics data using foundation models

[ Critically evaluate Al-based studies in genomics literature

O Write basic Python code for bioinformatics analyses
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Book Structure

This textbook is organized into five parts:

Part 1: Foundations of Al for Biology (Chapters 1-4)

Learn the essential Al concepts every biologist should know — from Bayesian intuition to neural network
architectures.

Part 2: Genomics Foundations and Traditional Methods (Chapters 5-7)

Understand how traditional and machine learning methods help us characterize genetic variation and in—
terpret variant effects.

Part 3: Deep Learning for Genomics (Chapters 8-10)

Explore how CNNs and transformers predict regulatory elements and variant effects directly from DNA
sequences.

Part 4: Language Models and Foundation Models (Chapters 11-14)

Discover how NLP techniques power DNA language models and genomic foundation models, from BERT-
style architectures to next—generation long—context models.

Part 5: Single—Cell Genomics and Whole—Cell Modeling (Chapters 15-17)

See how Al is resolving cell-type heterogeneity at single—cell resolution and driving progress toward whole-
cell computational models.

How to Use This Book
For Self-Study:

1. Read each chapter sequentially — concepts build on each other

2. Open the Interactive companion page linked at the top of every chapter for hands—on exploration
3. Work through the Coding Labs in Google Colab

4. Try the Discussion Questions to deepen your understanding

5. Explore the Further Reading for topics that interest you

For Classroom Use:

* Each chapter is designed for 1-2 weeks of instruction

* Coding labs can be used as homework or in—class activities
» Discussion questions are great for group work

* Case studies make excellent presentation topics

Prerequisites:

* Biology: Molecular biology, genetics (sophomore/junior level)
« Math: Algebra, basic statistics (we’ll review when needed)

» Programming: None required! We start from scratch

* Enthusiasm: Essentiall [J
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Getting Started
Setting Up Your Environment

All coding exercises use Google Colab, which runs in your web browser. You'll need: 1. A Google account
(free) 2. Internet connection 3. That's it!

No software installation required. We'll walk you through everything in Chapter 1.

Quick Navigation

Part 1: Foundations of Al for Biology

» Chapter 1: Why Al for Genomic Science?

* Chapter 2: From Biological Intuition to Deep Learning

» Chapter 3: Neural Networks — How Machines Learn Patterns
» Chapter 4: Neural Network Architectures

Part 2: Genomics Foundations and Traditional Methods

* Chapter 5: Genetic Variation and Genomic Technologies
* Chapter 6: Evolutionary Conservation and Traditional Tools
» Chapter 7: Machine Learning Ensemble Methods for Variant Interpretation

Part 3: Deep Learning for Genomics

» Chapter 8: The Rise of Deep Learning in Genomics
» Chapter 9: CNN-Based Regulatory Sequence Analysis
* Chapter 10: Transformer—-Based Models for Genomics

Part 4: Language Models and Foundation Models

» Chapter 11: Introduction to Language Models
» Chapter 12: Foundation Models for Genomics
» Chapter 13: DNA Language Models

» Chapter 14: Next—Generation DNA Models

Part 5: Single—Cell Genomics and Whole—Cell Modeling

* Chapter 15: Introduction to Single—Cell Omics
* Chapter 16: Single—Cell Foundation Models
* Chapter 17: Toward Whole—Cell Modeling

Happy Learning! OO

License

License information to be added

Chapter 1: Why Al for Genomic Science?

Interactive: Chapter 1 — Explore the variant hunting problem and see how Al narrows the search.
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Dr. Sarah An stares at her computer screen, frustrated. She just received whole-genome sequencing
(WGS) data from a 7-year-old patient with a complex rare disorder—severe skeletal abnormalities, neu-
rodevelopmental delays, and metabolic dysfunction. Both parents are healthy, suggesting this is a de
novo (new) mutation.

The WGS reveals 4.5 million genetic variants compared to the reference genome. Her computational
pipeline identifies approximately 70 de novo variants—changes found in the patient but not in either parent.
These are the prime suspects.

She runs standard pathogenicity prediction tools—CADD scores and PolyPhen—-2—to narrow down the list.
After filtering, she’s left with 3 coding mutations in genes with unknown function or disease relevance,
and 7 noncoding variants in regulatory regions.

Any of these 10 variants could be causative. But which one?

Each functional validation experiment takes 2-3 months and costs $8,000-15,000. Testing all 10 would
take 2+ years and over $100,000. Even then, the noncoding variants are particularly challenging—their ef-
fects on gene regulation are subtle and context—dependent, requiring cell-type—specific assays, enhancer
reporter experiments, and potentially CRISPR editing in patient-derived cells.

Three days later, using an Al-powered variant prioritization model trained on millions of variants and func—
tional genomics data, Sarah narrows the list to 2 high—confidence candidates: one coding variant in a
gene involved in skeletal development, and one noncoding variant in an enhancer predicted to disrupt a
transcription factor expressed in developing bone and neural tissue.

Within two months, functional experiments confirm the noncoding variant as causative—it disrupts an
enhancer driving expression of a gene essential for both skeletal and neural development.

This is one example of how we can leverage the power of Al in genomics: not replacing scientific intuition,
but dramatically amplifying it to navigate the vast search space of human genetic variation.

Learning Objectives
By the end of this chapter, you will be able to:

O Describe the data scale problem facing modern genomics and the bottleneck in hypothesis validation
O Distinguish the conceptual hierarchy of Al, machine learning, and deep learning, and give examples

of each

O Explain the difference between correlation and causation, and discuss why Al cannot establish cau-
sation

O Describe at least three real-world examples where Al has been successfully applied in genomic
science

O Distinguish situations where Al tools should be used appropriately from situations requiring experi-
mental validation

The Biological Challenge
Modern biology faces two unprecedented explosions.

Data Explosion: Whole genome sequencing can easily read a single human genome of approximately 3
billion nucleotides, with each person having 3-5 million variants that differ from one another. Single—
cell RNA-seq experiments generate data from millions of cells, while various epigenome sequencing
techniques can provide information for chromatin accessibility maps across millions of genomic regions.
Proteomics experiments can generate millions of spectra and identify thousands to tens of thousands of
peptides and proteins, depending on the technology and study design.
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Many Hypotheses to Explore: Large-scale genomics studies don’t just generate data but they also gen—
erate thousands of testable hypotheses. GWAS studies identify hundreds of loci associated with each
complex trait, but most are in noncoding regions with unknown mechanisms. Genome sequencing in
rare disease cohorts reveals dozens of candidate genes per patient, each requiring functional validation.
Cancer genomics finds hundreds of somatic mutations per tumor, but only a subset are “driver” mutations
versus neutral “passengers.” Single—cell atlases reveal thousands of cell type—specific gene expression
patterns, each suggesting regulatory hypotheses. Spatial transcriptomics shows genes co—expressed in
tissue neighborhoods, implicating thousands of potential cell-cell interactions.

Systems-Level Complexity: The challenge isn’t just quantity but the complexity inherent in our cells and
tissues. Genes operate in networks, not isolation, and a single phenotype often involves dozens to hun-—
dreds of genes working together. Context matters profoundly: the same variant can be benign in one
genetic background but pathogenic in another, and gene function depends on cell type, developmental
stage, and environmental conditions. Combinatorial interactions add another layer of complexity, where
two variants individually benign might be harmful together, causing the number of possible combinations
to explode exponentially. Pleiotropic effects further complicate the picture: one gene affects multiple
phenotypes while one phenotype is affected by multiple genes, creating a many—-to—many mapping rather
than a simple one-to—one relationship.

The fundamental problem is that we can generate biological data and hypotheses far faster than we can
experimentally test them. A single GWAS might implicate 500 genes, and testing each would take decades.
Al helps us predict which experiments to prioritize and which hypotheses are most likely to be true.

The Hierarchy of Artificial Intelligence (Al): From Broad to Specific

Artificial Intelligence is the broadest concept—any technique that enables computers to mimic human in—-
telligence. This includes playing chess, recognizing faces, translating languages, predicting protein struc-
tures, and classifying cell types.

Machine Learning (ML)
Machine Learning is a subset of Al focused on one question:

“Can computers learn patterns from data instead of having humans program every rule explic-
itly?”

Think of the difference between a recipe book and a chef who has tasted thousands of dishes. A recipe
book follows fixed rules: “if ingredient X, then do step Y.” A chef who has tasted enough dishes develops
intuition—they can sense what’s missing without consulting a recipe. Machine learning is closer to the
chef: instead of programming every rule, we show the algorithm thousands of examples and let it discover
the patterns.

Instead of telling a computer “if the DNA sequence has a TATA box at position =25 and GC content )
60%, it's probably a promoter,” we give the computer thousands of labeled examples of promoters and
non-promoters, and let it figure out the patterns on its own.

How a machine learning algorithm learns — an example: predicting variant functional impact

You have: - Input: Conservation score, population frequency, predicted structural change — Output: Likely
functional impact or neutral

The algorithm learns by:

1. Making initial guesses (usually random)

2. Comparing to known answers (labeled training data)
3. Measuring how wrong it was (the “loss”)

4. Adjusting its internal settings to reduce the error
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5. Repeating thousands of times

This cycle—guess, compare, adjust, repeat—is how the algorithm “learns” from data, much like how you
improve at a skill through practice and feedback.

Want to see the math? For a simple model, the algorithm discovers the best weights for
each input: Score = (Conservation x w) + (Frequency x w) + (StructuralChange x
w) + bias The values w1, w2, ws (and bias) are discovered automatically from thousands of
examples—we never specify them. A high w: would mean “conservation matters a lot for
pathogenicity,” while a negative w2 would mean “common variants are probably benign.”

Deep Learning (DL)

Deep Learning uses artificial neural networks with many layers to automatically discover patterns in data—
think of it as machine learning taken to a much greater depth.

Each layer builds on the previous one, like a series of filters in a microscopy pipeline. The first layer might
detect simple sequence motifs such as TATA or CAAT boxes. The second layer combines those motifs to
detect larger regulatory modules. The third layer identifies context—dependent regulatory logic. The fourth
layer predicts cell-type-specific enhancer activity.

No one programs these layers to look for those patterns—the network discovers them by itself after
seeing enough examples. This hierarchical feature learning is what makes deep learning so powerful for
genomics.

The Hierarchy in Practice

Figure 2: The Al Hierarchy

Figure 1.1: The Al Hierarchy — From Broad to Specific.
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Genomic Tool Examples:

Tool Category Why?

BLAST Al (not ML) Uses programmed rules
for alignment

Random Forest classifier ML (not DL) Learns from data, no
neural networks

AlphaFold DL Deep neural networks with
many layers

Correlation vs. Causation: What Al Can and Cannot Tell You
The Fundamental Limitation

Al models learn associations (correlations). They do not learn causation.

This is perhaps the most critical concept for biologists to understand.

A Concrete Example: Gene Expression and Disease

Suppose you have data showing: — Gene X expression is highly correlated with Disease Y — Correlation
coefficient r = 0.85, p { 0.001

What can you conclude?

X WRONG: “Gene X causes Disease Y”

X WRONG: “Targeting Gene X will cure Disease Y~

[1 CORRECT: “Gene X expression and Disease Y are associated”

Why? All four scenarios below produce the same correlation, but require completely different interventions:

Scenario What's actually happening What you should do

Gene X — Gene X directly causes the disease Target Gene X therapeutically
Disease Y

Disease Y — The disease itself triggers Gene X expression Treat the disease, not Gene X
Gene X

Inflammation — A third factor drives both Treat inflammation

Gene X and

Disease Y

Environmental Shared cause in the environment Change the environment

factor — Gene X
and Disease Y

An Al model trained on correlation data cannot tell you which scenario is true. All four look identical in the
data.

“The causes of the data cannot be extracted from the data alone.” — Richard McElreath, Sta-
tistical Rethinking
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Establishing Causation Requires Molecular Experiments
Things to prove causation:

1. Controlled perturbation
 CRISPR knockout/knockdown: Use CRISPR gene editing to delete or reduce expression of the
target gene, then check if the predicted phenotype appears
* Drug inhibition: Apply a chemical compound that blocks the protein’s function, then verify if the
phenotype changes as expected
+ Overexpression: Artificially increase the gene’s expression level using expression vectors, then
observe if this enhances or triggers the predicted phenotype
2. Observation of effect
 Phenotype changes?: Measure whether the observable characteristic (cell growth, morphology,
disease marker) actually changes after perturbation
* In predicted direction?: Confirm the change matches your hypothesis—if you predicted growth
reduction, does growth actually decrease?
* In the right context?: Verify the effect occurs in the relevant cell type, developmental stage, or
environmental condition predicted by your model
3. Mechanism validation
* How does it work?: Use biochemical assays, imaging, or sequencing to identify the molecular
steps—does the gene regulate transcription, bind specific proteins, or alter signaling pathways?
* Is the pathway what you expected?: Compare the observed molecular mechanism to your
predicted pathway—do the right proteins interact, does the right signaling cascade activate?

Al’'s role: Predict which of 1000 genes to perturb first

Experiments’ role: Establish that perturbation actually causes the effect

Drawing the Causal Story: Pathway Diagrams

You already draw causal models in biology—you just call them pathway diagrams or signaling cascades.
The gene regulation pathway below is a perfect example:

Transcription Factor (TF)

4
Enhancer Activity
{
Gene Expression
4
Protein Level
{
Phenotype

Each arrow means “causes.” This diagram captures something important: - TF and Protein Level are
correlated (when TF is active, protein levels tend to be high) — But TF does not directly cause the protein
level—it acts through intermediate steps

This distinction matters enormously for experiments. If you want to test whether TF activity causes the
phenotype, you need to perturb TF (e.g., with a dominant negative or CRISPR)—not just observe the
correlation between TF and phenotype in your RNA-seq data.

Researchers in statistics and computer science call these pathway diagrams Directed Acyclic Graphs
(DAGs)—a formal name for something biologists have always drawn intuitively.

The takeaway: Before interpreting any Al prediction, draw out the causal pathway you believe is operating.
This helps you design experiments that test the mechanism, not just the correlation.
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Asking the Right Question: Mechanism, Not Just Significance

Most of us learned statistics with one goal: get a p—value below 0.05 and reject the null hypothesis. “Is
there an effect?” If yes, move on.

But genomics asks a fundamentally different question: “Which mechanism explains this phenotype?”

Consider a GWAS study that finds 200 variants associated with Type 2 diabetes. Rejecting the null hy-
pothesis for each one is easy—we know they have effects. The hard question is: which of these variants
disrupts insulin signaling, and how? Does it affect a transcription factor binding site? An enhancer? A
splice site? These are competing mechanistic hypotheses, and no amount of p-value testing can distin-
guish between them.

An analogy: Imagine your car won’t start. A mechanic who only asks “Is there a problem?” (null
hypothesis test) isn’t very helpful—obviously there’s a problem. A good mechanic asks “Is it
the battery, the starter motor, or the fuel pump?”—competing hypotheses about mechanism.
That’s what genomics needs.

What this means for how you use Al tools:

When an Al model predicts “this variant is 95% likely to be pathogenic,” it’s not just saying “effect exists.”
Based on patterns learned from millions of variants, it's implicitly pointing toward a mechanism. Your job
as a scientist is to:

 Ask: What mechanism is the Al pattern suggesting? (TF binding disruption? Splicing change? Pro-
tein destabilization?)

* Formulate competing mechanistic hypotheses

» Design experiments to distinguish between them

Al models are most valuable when they help you compare competing biological mechanisms, not just
confirm that something is statistically significant.

Success Stories: Al Transforming Genomics

Al has already made real discoveries across genomics. Here are key examples:

Protein Structure: AlphaFold (2020-2024)

AlphaFold 2 achieved near—-experimental accuracy predicting 3D protein structures in hours instead of
months (Jumper et al 2021, Nature). AlphaFold 3 extended to protein complexes and DNA/RNA inter-
actions (Abramson et al 2024, Nature). Over 200 million structures are now freely available, accelerating
drug discovery and disease research.

Variant Calling and Interpretation (2015—-present)

DeepVariant treats sequencing as image recognition, reducing error rates by 50% vs. traditional methods
(Poplin et al 2018, Nature Biotechnology). Now standard in clinical sequencing. Models like DeepSEA and
Basenji extended this to predict regulatory variant effects (Zhou & Troyanskaya 2015, Nature Methods;
Kelley et al 2018, Genome Research). Transformer models predict gene expression, chromatin state,
and histone modifications from DNA sequence alone (Avsec et al 2021, Nature Methods). This enables
predicting noncoding variant effects and revealing long-range regulatory interactions up to 100kb away.
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Single—Cell Analysis: Foundation Models (2022-2024)

Models like scGPT and Geneformer treat genes as words in language, learning reusable cellular represen—
tations (Cui et al 2024, Nature Methods; Theodoris et al 2023, Nature). These models build on Human
Cell Atlas—scale datasets and can reduce cell type annotation from weeks to hours.

Drug Discovery: Virtual Screening (2020-present)

Deep learning screens 100+ million molecules virtually in days. Halicin—a novel antibiotic effective against
drug-resistant bacteria—was discovered this way (Stokes et al 2020, Cell). Regulatory agencies are also
developing frameworks for Al/ML models and other New Approach Methodologies in drug development.
These tools may reduce, refine, or supplement some animal studies, but they should not be described
as a blanket replacement for animal testing unless a specific FDA qualification or guidance document is
cited.

Common Success Patterns

These breakthroughs share key features: — Massive datasets for training — Clear, measurable goals - Too
expensive/slow for comprehensive experimental testing — Complex patterns difficult to program explicitly
- Predictions guide rather than replace experiments — Rigorous experimental validation of key predictions

The Paradigm Shift: How Al Changes Biology

Perhaps the most profound change Al brings isn’t speed or scale—it's a fundamental transformation in
how we do science.

From Linear to Iterative Discovery

Traditional: Hypothesis—Driven Research

Observe -+ Hypothesis - Experiment - Data - Accept/Reject - New Hypothesis
Limitations: One hypothesis at a time, months to years per cycle, testing only what we suspect.
New: Al-Augmented Discovery Loop

Large-scale data + AI training -+ Thousands of predictions
) 4
New data + Selective validation + Prioritize by confidence

From sequential testing to parallel exploration. Al generates thousands of hypotheses simultaneously,
experiments validate the most promising ones, results improve the model, and the cycle accelerates.

The Virtual Cell Vision

Recent work envisions Al Virtual Cells (AIVC)—comprehensive computational models simulating cellular
behavior across molecular, cellular, and tissue scales (Bunne et al 2024, Cell).

Figure: Capabilities of the Al Virtual Cell. The AIVC provides universal representations (UR) of cell states
that can be obtained across species and conditions from different data modalities (A). These represen-
tations enable predicting cell biology, modeling dynamics, and performing in silico experiments (B). The
utility depends on interactions at individual, community, and societal levels—requiring accessibility, inter—
pretability, evaluation frameworks, privacy protection, and collaborative development (C). Source: Bunne
et al 2024, Cell. License: CC-BY 4.0.
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This enables in silico experimentation: 1. Simulate experiment computationally 2. Predict outcome with
confidence intervals 3. Only test physically the most promising/uncertain predictions

Drug screening example:

Approach Compounds Cost Time Hits
Traditional 10,000 physical $50M 2 years 5-10
Al-augmented 100M virtual — 1,000 $5M 6 months 20-30

physical

Active Learning: Scientists in the Loop

The most powerful approach combines Al prediction with human expertise:

Scientist's Question - Virtual Cell Simulation -
Scientist Reviews + Domain Knowledge -
Lab Experiments - Virtual Cell Learns - (Loop continues)

Al amplifies—doesn’t replace—Dbiological expertise. Scientists still ask questions, interpret meaning, de—
cide what to test, and validate results. But now they can explore vastly larger hypothesis spaces.

What Biologists Need to Know About Al

Practical Skill Levels

Level Who What You Can Do Time Investment
Consumer All Use existing Al tools (AlphaFold, Hours (this course)
biologists ~ CADD scores)Interpret predictions
criticallyUnderstand limitations and
when to validateRecognize biases
User Data- Run pre—trained models on your Weeks of practice
oriented dataPerform data preprocessing
and visualizationIntegrate Al into
analysis pipelines
Developer Computationdline—tune and train new Months to years

biology modelsDevelop novel
architecturesCollaborate as equal

partner with ML researchers

This textbook targets Levels 1-2.

When to Use Al

Use Al When: Don’t Use Al When:

Large datasets (1000+ examples)
Complex patterns (many variables)
Expensive/slow experiments

Need for scale (millions of predictions)
Similar problems solved (transfer learning)

Very little data ({100 examples)

Mechanism understanding is critical

Very high stakes without validation

Problem is simple (basic statistics work)
Training data doesn’t match your population
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Decision Framework:

Need to prioritize/predict many things?
NO - Traditional experiments
YES - Have >1000 training examples?
NO -+ Use statistics or small ML models
YES - Pattern too complex for simple rules?
NO -+ Try simple models first (linear, random forest)
YES -+ Consider deep learning

4

Always validate key predictions experimentally!

Common Al Failures and Lessons

Failure Type Example What Went Wrong Lesson
Overfitting Sepsis prediction:  Learned when nurses check vitals, Validate on truly
80% accuracy in not sepsis biology independent
training, random data from
chance in real different
hospitals sources
Unnecessary Complexity Deep learning Problem was actually linear; Start simple,
85% vs. simple complexity hurt performance only add
linear 87% complexity
accuracy when needed
Population Bias 30% more Training data »80% European Ensure training

Confounding

variants flagged
as “pathogenic” in
African genomes
Gene X “causes”
disease

ancestry; novelty interpreted as
pathogenicity

Actually: Disease — Inflammation
— Gene X

data represents
application
population
Draw causal
models; design
experiments to
test

Summary

Key Takeaways:

1. Biology’s data explosion outpaces experimental validation—AIl helps prioritize what to test

2. Al D ML D DL - Hierarchy from broad to specific, each with distinct use cases

3. Learning = optimization — Algorithms discover patterns by adjusting parameters to minimize errors
4. Correlation # Causation — Al finds associations; experiments establish causation through controlled

perturbation

o

rather than just testing “no effect”
6. Pathway diagrams are causal models - The signaling cascades you already draw help distinguish
direct causation from indirect correlation

© o~

testing

10. Human expertise essential — Al amplifies biological insight rather than replacing it
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Ask “which mechanism?” not “is there an effect?” - Compare competing biological hypotheses

Proven impact - AlphaFold, DeepVariant, single—cell analysis, drug discovery all transform research
Paradigm shift - From linear hypothesis—testing to iterative Al-augmented discovery loops
Virtual cells and in silico experimentation — AIVC enables computational simulation before physical



11. Strategic application — Use for large datasets, complex patterns, expensive experiments; avoid for
small data, causal mechanisms, simple problems
12. Critical evaluation needed - Beware overfitting, bias, generalization failure, reproducibility issues

O Key Terms

Term

Definition

Artificial Intelligence (Al)
Machine Learning (ML)

Deep Learning (DL)
Causal Inference
DAG (Directed Acyclic Graph)

Parameters
Training Data
Optimization
Overfitting

Bias

Confounding
Foundation Model

Al Virtual Cell (AIVC)
Active Learning

CRISPR knockout/knockdown

Drug inhibition
Overexpression

Field of making computers perform tasks requiring human
intelligence

Algorithms that learn patterns from data without explicit
programming

ML using multi-layered neural networks

Methods for establishing causation, not just correlation

A formal name for the pathway diagrams biologists already
draw—arrows indicate cause—and-effect, and no circular loops
are allowed

Numerical values a model learns to make predictions
Examples with known answers used to teach models
Adjusting parameters to minimize prediction errors

Learning training data too well, failing on new data

Systematic errors from unrepresentative training data

When a third variable creates spurious associations
Large—scale models trained on diverse data, transferable to many
tasks

Computational model simulating cellular behavior across scales
lterative process where Al identifies most informative next
experiments

Gene editing to delete or reduce gene expression for causal
validation

Chemical compounds blocking protein function to test causation
Artificially increasing gene expression levels to observe
phenotypic effects

Test Your Understanding: Can You Answer These?
1. What is the difference between Al, ML, and DL?

Answer:

« Al (Artificial Intelligence) is the broadest concept—any technique that enables computers to mimic
human intelligence (e.g., BLAST for sequence alignment uses programmed rules)

« ML (Machine Learning) is a subset of Al where algorithms learn patterns from data without explicit
programming (e.g., Random Forest classifier learns to predict variant pathogenicity from training

examples)

DL (Deep Learning) is a subset of ML that uses multi-layered neural networks to automatically dis-
cover hierarchical patterns (e.g., AlphaFold uses deep neural networks with many layers to predict

protein structure)

Example: BLAST is Al but not ML (uses rules). A Random Forest variant classifier is ML but not DL (no
neural networks). AlphaFold is DL (deep neural networks).

2. Why can’t Al alone determine if a gene causes a disease?
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Answer:

Al can only find correlations (patterns that occur together), not causation (one thing directly causing an-
other).

Example: If Gene X expression correlates with Disease Y, there are multiple possible explanations: -
Gene X directly causes Disease Y — Disease Y causes Gene X expression to change — A third factor (e.g.,
inflammation) causes both Gene X expression and Disease Y

Al cannot distinguish between these scenarios. Only controlled experiments (like CRISPR knockout, drug
inhibition, or overexpression) can establish causation by directly perturbing the gene and observing if the
disease phenotype changes.

3. When should you use Al versus simple experiments?
Answer:

Use Al when: - You have large datasets (thousands of samples) - You need to prioritize among many
possibilities (e.g., which of 1 million variants to study?) — Experiments are expensive or time—-consuming
- You're looking for complex patterns humans might miss

Use simple experiments or statistics when: - You have small datasets (fewer than 100 samples) - You're
testing a specific mechanistic hypothesis — The question is straightforward (e.g., comparing expression
of 10 genes between two conditions) - You need to establish causation, not just correlation

Key principle: Al helps you decide what to test experimentally, but experiments prove why something
happens.

Chapter 2: From Biological Intuition to Deep Learning

Interactive Lab: Chapter 2 — Toss the 3D globe, explore priors, and try the variant calling simulator!

You're in your room, and there’s a small globe-shaped ball sitting on your desk—one of those foam stress
balls shaped like Earth. Out of boredom between problem sets, you toss it in the air and catch it with your
eyes closed. Your right index finger lands on--- water. You try again. Water. Again. Land. After 9 tosses,
you've recorded: WLW W W LW LW (6 water, 3 land).

“So Earth is about 67% water?” you think.

But wait—are you certain? What if you just got lucky? What if the true proportion is actually 70%, and you
happened to get 6 out of 9 by chance? Or maybe it's 60%7? You decide to keep going. After 100 tosses,
you have: 71 water, 29 land. Now you're more confident: “Okay, probably around 71% water.”

What just happened in your brain?

You started with complete uncertainty. Each toss gave you evidence. You continuously updated your belief
about Earth’s water proportion. By the 100th toss, you had a much sharper, more confident estimate.

This is Bayesian reasoning—and you do it every day without realizing it: — Troubleshooting failed PCRs
- Deciding if a gene expression change is real or noise — Evaluating whether a called variant is real or a
sequencing error — Interpreting your professor’s claim that “this exam will be easy”

Your brain is already a sophisticated Bayesian inference machine. This chapter will show you that: 1. You
already think probabilistically (you just didn’t have the vocabulary) 2. Biology itself operates on probability
distributions (not fixed values) 3. Deep learning formalizes this intuition at massive scale

By understanding this connection, neural networks will transform from mysterious black boxes into intu-
itive tools that amplify what you already do naturally.
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Learning Objectives
By the end of this chapter, you will be able to:

O Explain the concepts of prior and posterior probability and apply them to biological reasoning

O Describe with concrete examples how Bayesian reasoning connects to everyday scientific judgment

O Understand that biological measurements follow probability distributions rather than fixed values

O Explain how Maximum A Posteriori (MAP) estimation corresponds to minimizing the loss function in
deep learning

O Critically evaluate uncertainty and training data bias inherent in deep learning model predictions

Your Brain Already Does Bayesian Inference
You’re a Natural Statistician

Every moment, your brain makes predictions and updates beliefs. Let’s see this in action.

Example 1: “Mom Said I'd Lose Weight in College!” Before starting university (Prior belief):

Your mom confidently told you: “Don’t worry about the tuition—you’ll lose weight in college! Students are
always busy, walking everywhere, no time to eat much.”

Your initial belief:
e Probability of losing weight: 65%
e Reasoning: Busy schedule, independent living, more exercise

First semester reality (New evidence):
You’re a student at Korea University. The actual data you observe:

Weekly schedule includes:

o Central Plaza: Makgeolli (rice wine) gatherings 2x/week

o Daedongje (university festival): 3 days of continuous eating and drinking

o Goyeonjeon (Korea-Yonsei rivalry game): Epic celebration with traditional Korean food and drinks
e Late-night chimaek (fried chicken + beer): Every time you finish an exam

e Convenience store ramyeon: 1 AM study fuel

End of first semester (Posterior belief):

Actual outcome: Gained 7 kg

Updated beliefs:

e Probability of losing weight: 5% ¢ Dramatically decreased!

e Probability of gaining weight: 85% ¢ Reality hit hard
e Mom's prediction accuracy: 10% + Love you mom, but...

What happened here?

You performed Bayesian inference: 1. Prior: Mom’s belief that college = weight loss (65% confident) 2.
Evidence: Actual data from Central Plaza, Daedongje, Goyeonjeon showed high—calorie social culture 3.
Likelihood: This evidence strongly contradicts the prior belief 4. Posterior: Updated to 85% confident that
college = weight GAIN

The math you didn’t know you were doing:

Updated Belief (Posterior) How well hypothesis explains evidence (Likelihood)
x What you believed before (Prior)

P(weight loss | college life data) = Very low!
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P(weight gain | college life data) = Very high!

The evidence (makgeolli at Central Plaza, festival food, late—night chimaek) completely overwhelmed your
prior belief. This is Bayesian updating in action — when strong evidence contradicts your prior, you update
your beliefs accordingly.

Your brain did this automatically. You didn’t consciously calculate probabilities, but you naturally weighted
the evidence (all those makgeolli nights) against your prior belief (mom’s prediction) and reached a new
conclusion.

Example 2: “This Exam Will Be Easy” Two weeks before the exam: Your professor announces, “Don’t
worry everyone, this exam will be easy!”

Your automatic Bayesian reasoning:

Prior beliefs about exam difficulty:

Based on past exams from this professor:

o Last 3 exams: Average score was 68}, 71%, 65
¢ Students always complain exams are hard

e Professor has said "easy" before... but wasn't

Initial belief: "Probably still going to be hard" = 707 confident it's hard

Evidence: Professor said "easy"
Likelihood: How often does "professor says easy" actually mean easy?
Based on past experience: 20% of the time

Updated belief (Posterior):

"Still probably hard, but maybe slightly easier?" -+ 55Y, confident it's hard
After the exam: It was actually easy! Average score: 87%

Your brain updates again for next time:

New posterior becomes your next prior!

Next time professor says "easy":

Prior: 45Y% confident it's hard (down from 70%)
"Okay, maybe I should trust them more now"

This is Bayesian learning from experience! Each outcome updates your beliefs for future predictions.

Example 3: Is This Gene Differentially Expressed? You're analyzing RNA-seq data. Gene X shows: -
Control: mean = 45.3 TPM (n=3 biological replicates) — Treatment: mean = 52.1 TPM (n=3 replicates) -
p—value = 0.048

Your automatic Bayesian reasoning:

Question: "Is this change real or just noise?"

What you consider (even if unconsciously):

o Fold-change: 52.1/45.3 = 1.15 -+ small, modest evidence
e P-value: 0.048 -+ barely crosses 0.05 threshold

e Sample size: Only n=3 -+ high uncertainty

e Biology: Gene X is in a pathway known to respond to this treatment - increases plausibility
e Effect size: Absolute difference only 6.8 TPM - biologically meaningful?

Your conclusion: "Probably real, but I should validate with gRT-PCR"
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-+ ~65% confidence it's a true change

Notice what you did: - Combined multiple pieces of evidence - Weighted each piece differently (biological
knowledge matters!) — Didn’t just rely on p-value — Expressed uncertainty (not “yes/no” but “probably”)

This is Bayesian thinking!

You integrated: — Prior: Knowledge about the pathway (increases belief in real change) — Likelihood:
Statistical evidence (fold-change, p-value, n) - Posterior: Updated belief incorporating everything (~65%
confident)

Example 4: Is This Called Variant Real? You’re reviewing whole—genome sequencing data. The variant
caller identified a SNP at position chr7:55,242,466:

Reference: A

Called variant: G

Read support: 8 reads with G, 2 reads with A
Total depth: 10 reads

Base quality scores: mostly Q30+ (high confidence)

Your brain’s automatic Bayesian analysis:

Starting belief (Prior):
o Most positions match reference: 99.9%
o True variant rate: ~0.1% per position

Evidence observed:

+ 8/10 reads support the variant

+ High base quality (Q30+)

- BUT: Only 10x depth (somewhat low)

- Position is in a repetitive region (increases error likelihood)

Two competing hypotheses:

H1: Real heterozygous variant (A/G genotype)
Expected read distribution: ~50% A, ~50% G
Observed: 20% A, 80% G - doesn't match perfectly, but sampling variation?

H2: Sequencing error (true genotype A/A)
Expected: All A reads, but some errors
Error rate in this region: ~2j
Observed: 80% errors seems too high for random errors...

Updated belief (Posterior):
"Probably real, but confidence is moderate" -+ ~70% confident
"Should check in validation dataset or with different sequencing platform"

What happens with more evidence?

Additional evidence: You check gnomAD database

o This exact variant seen in 15/280,000 people (allele frequency ~ 0.00005)
e Found in multiple populations

e No evidence of being a common sequencing artifact

Updated posterior:
"Very likely real" -+ 95} confident

This is exactly what tools like DeepVariant do-but at genome-wide scale!
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Key insight:

Variant calling is fundamentally a Bayesian problem: - Prior: Most positions match reference, true variants
are rare - Likelihood: What's the probability of seeing this read pattern if it's real vs. error? - Posterior:
Confidence that variant is real

Deep learning tools like DeepVariant learn to compute these posteriors automatically from millions of
examples!

The Bayesian Formula (Don’t Panic!)

You’ve been doing this intuitively. Here’s the formal version:

Posterior Likelihood x Prior

P(Hypothesis | Data) P(Data | Hypothesis) x P(Hypothesis)

T T T
What you believe How well this What you believed
AFTER seeing data hypothesis explains BEFORE seeing data

what you observed
In plain English:

Your updated belief about something = (How well it explains what you observed) x (What you
thought before observing)

Real examples from your life:

Situation Prior Likelihood Posterior

College weight Mom says you'll  Central Plaza makgeolli, Actually gained weight
lose weight Daedongje, Goyeonjeon (85%)
(65%) chimaek

Professor says “easy Past exams Prof said “easy” but was Still probably hard (65%)

exam” were hard (70%) wrong before

Gene expression Pathway Small fold-change, p=0.048 Moderately confident
expected to (65%)
respond (60%)

Called variant Most positions 8/10 reads + seen in Likely real (95%)
match reference gnomAD
(99.9%)

The beautiful part: Your brain weights evidence automatically. Strong evidence (makgeolli nights at Central
Plaza, variant in gnomAD database) can overwhelm an optimistic or pessimistic prior. Weak evidence
(professor says “easy”) barely moves your belief.

Biology Is Fundamentally Probabilistic

Here's a profound insight that will change how you think about biology. Biology doesn’t operate with fixed
values. It operates with probability distributions.

What Does This Mean?

Common misconception: “Gene X is expressed at 47.3 TPM”
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Reality: Gene X's expression is a probability distribution across cells, time, and conditions.

Let’'s see why.

Example 1: Gene Expression is a Distribution, Not a Number

Imagine you do single-cell RNA-seq on “identical” T cells from the same person, same tissue, same
moment. You measure IL2 (interleukin—2) expression:

Molecule counts per cell
Mean = 8.3 molecules per cell (high variability)
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Figure 4: Molecule counts per cell

Figure: IL2 expression varies dramatically across individual cells. Single-cell measurements of L2
(interleukin—-2) mRNA molecules in 10 “identical” T cells from the same sample. Despite being genetically
identical cells in the same condition, expression ranges from 2 to 19 molecules per cell, with a mean of
8.3. This huge variability (coefficient of variation ~70%) is not measurement error—it’s biological reality
driven by stochastic transcription.

Why does this happen?

Gene expression is fundamentally stochastic (random): — Transcription factors bind and unbind randomly -
RNA polymerase initiation is probabilistic—sometimes it starts, sometimes it doesn’t — mRNA molecules
degrade at random times — Cells are in different cell cycle phases — Local microenvironment varies slightly
between cells

This variability isn’t measurement error—it’s biological reality!
The “true” expression of IL2 isn’t a single number. It's a probability distribution:

Figure: IL2 expression as a probability distribution. The same data shown as a probability distribution
rather than individual cell measurements. Most cells (31%) express 1-5 molecules, but there’s substantial
spread: 12% express nothing, while 10% express more than 15 molecules. This distribution shape—not
just the mean—is the biological reality.

Implications:

When we say “IL2 is expressed at 8.3 TPM,” we’'re really reporting the center of a distribution, not a fixed
truth. The full story requires the entire distribution—mean, variance, shape.

36



20 Distribution of IL2 expression across cells
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Figure 5: Distribution of IL2 expression across cells

This matters for Al/ML: Deep learning models should predict distributions, not just point estimatesl!

Example 2: Protein Folding is an Ensemble, Not a Structure
What you learned in biochemistry: “Protein X folds into structure Y”
What actually happens: Protein X samples a statistical ensemble of conformations:

Figure: Proteins exist as an ensemble of conformational states. Rather than adopting a single rigid struc—
ture, proteins constantly fluctuate between different conformations. The native state (lowest energy) is
most probable (75%), but the protein regularly visits alternative conformations (20%), partially unfolded
states (4%), and rarely completely unfolds (1%). This distribution changes with temperature, pH, muta-
tions, and binding partners.

The protein constantly fluctuates! It: — Spends most time in the native state (most stable) - Occasionally
visits alternative conformations — Rarely unfolds completely — The distribution changes with temperature,
pH, mutations, binding partners

AlphaFold doesn’t predict the full conformational ensemble. It predicts a highly plausible static structure
for many folded proteins, which you can think of as a MAP-like point estimate for teaching purposes. The
pLDDT score is a per-residue confidence estimate; low pLDDT often flags flexible or disordered regions,
but it is not a full posterior distribution over conformations.

High pLDDT (>90): Sharp peak —+ protein is rigid, well-defined structure
Low pLDDT (<50): Flat distribution - protein is flexible, intrinsically disordered

Example 3: Evolution is Bayesian Updating Over Generations

Evolution literally performs Bayesian inference at the population levell

Before environmental change (Prior distribution):
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Figure: Giraffe neck length distribution before environmental change. In the ancestral giraffe population,
most individuals (80%) had short necks ({(2m), with progressively fewer having medium (15%) or long (5%)
necks. This represents the “prior” distribution before selection pressure.

Environmental change occurs: Climate shifts, tall trees become dominant food source.
Survival rates (Likelihood):

P(survive to reproduce | short neck) = 8), + Can't reach food
P(survive to reproduce | medium neck) = 35} « Can reach some food
P(survive to reproduce | long neck) = 72} +« Can reach most food

After several generations (Posterior distribution):

70 Giraffe Neck Length — After Evolutionary Selection
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Figure 8: Giraffe Neck Length — After Evolutionary Selection

Figure: Giraffe neck length distribution after natural selection. After multiple generations of selection for
tall tree feeding, the distribution has dramatically shifted. Long necks increased from 5% to 60% (12x
increase!), medium necks doubled from 15% to 28%, while short necks decreased from 80% to 12%. This
is Bayesian updating in action: the population “learned” which trait is adaptive based on survival data.
This is Bayesian updating!

P(long neck | survival) P(survival | long neck) x P(long neck)

T T )
New frequency Fitness advantage 01d frequency
(Posterior) (Likelihood) (Prior)

Evolution updates the population distribution based on environmental “evidence”l Natural selection is
nature’s way of performing Bayesian inference. Populations “learn” which traits are adaptive through
survival data.
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Example 4: Your Immune System Learns Like a Bayesian

Your immune system is a beautiful example of Bayesian learning in action.
First exposure to pathogen (Prior):

Your immune system has never seen this virus.

Antibody repertoire: Millions of random antibodies

Success rate: ~0.01% of antibodies can bind this pathogen
During infection (Observing data):

B cells produce antibodies and test them:

e Antibody A tries to bind virus - FAIL -+ B cell dies

¢ Antibody B tries to bind virus - FAIL -+ B cell dies

¢ Antibody C tries to bind virus - SUCCESS! - B cell survives & multiplies
e Antibody D tries to bind virus -+ SUCCESS! -+ B cell survives & multiplies

Evidence accumulates: "These specific antibodies work against the pathogen!"
After infection (Posterior = Immunological memory):

Memory B cells: Enriched for successful antibodies

Success rate: ~80% of memory B cells produce effective antibodies

Your immune system "learned" from data!

Improvement: 0.01% - 80% (8,000x better!)

Upon re-infection:

Prior = Posterior from last time

-+ Rapid, effective response because you "remember" which antibodies work
This is why vaccines work!

The Bayesian interpretation:

1. Prior: Broad distribution of random antibodies (uniform prior)

2. Likelihood: Which antibodies successfully bind pathogen (data)

3. Posterior: Enriched distribution favoring effective antibodies (learned)
4. Next infection: Start with this posterior as new prior (memory)

The Pattern: Biology = Probability Distributions

Notice the theme?

Phenomenon Not “The Value” But “The Distribution”

Gene expression “Gene X = 50 TPM” P(expression | cell, state, time)

Protein structure “Folds to structure S~ P(conformation | sequence, environment)

Evolution “Giraffes have long necks” P(trait | environment, time)

Immune response “Antibody Y fights virus Z” P(antibody effective | pathogen, history)

Genetic penetrance “Mutation causes disease” P(disease | genotype, background,
environment)

Transcription “Gene is ON” P(transcription event | TF levels, chromatin
state)
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Profound implication: When we do biology, we’re not discovering fixed truths—we’re characterizing prob-
ability distributions over biological states!

Why this matters for Al:

Modern Al tools should: — Output distributions, not just point estimates — Quantify uncertainty — Update
beliefs as new evidence arrives

Understanding this probabilistic foundation helps you use and interpret Al tools correctly!

The Globe-Tossing Experiment: Learning from Data

Now let’s formalize these intuitions with a beautiful example from Richard McElreath’s Statistical Rethink—
ing.

The Setup
Back to your room with that globe—shaped ball.
You’ve never actually checked what proportion of Earth is water. Time to find out!

Your method: 1. Toss the ball in the air 2. Catch it with your eyes closed 3. Note what’s under your right
index finger: Water (W) or Land (L) 4. Repeat many times

First 9 tossess WLWWWLWLW
Data summary: 6 Water, 3 Land

Question: What proportion of Earth is water?

The Naive Answer
“| got water 6 out of 9 times, so Earth must be 6/9 = 67% water!”
But wait—are you certain?

» What if the true proportion is 70%, and you just happened to get 6 W’s by chance?
» What if it's 60%, and you got slightly lucky?
+ With only 9 tosses, there’s substantial uncertainty!

Bayesian approach: Express belief as a probability distribution over all possible proportions, not a single
number!

Considering Different Hypotheses

Let’s evaluate several candidate hypotheses:

H: p = 0.00 (0% water - all land)

= 0.25 (25% water)

= 0.50 (50% water)

= 0.75 (75% water)

1.00 (100% water - all ocean)

== e el a = e o
o o oo

Before Any Data: The Prior

You've never checked before. You have no idea what to expect.
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Figure 9: Prior Belief (Uniform Distribution)

Figure: Uniform prior distribution. Before observing any data, all hypotheses are equally plausible. Each
of the five water proportions (0%, 25%, 50%, 75%, 100%) has equal 20% probability. This represents
complete uncertainty—we have no reason to favor one hypothesis over another.

This is called a uniform prior—no hypothesis is favored initially.

After Seeing Data: The Likelihood

Now comes the clever part. We ask:
“For each hypothesis, how likely would we observe 6 W and 3 L?”
This is the likelihood: P(data | hypothesis)

Understanding Likelihood Through the “Garden of Forking Paths” This is Richard McElreath’s brilliant
intuitive explanation!

Imagine each hypothesis as a bag of marbles: — Blue marbles = water - White marbles = land
For p = 0.50 (bag has 1 blue, 1 white marble):

Toss 1: W
Ways to get W: 1 (pick the blue marble)
Paths so far: 1

Toss 2: L

For each previous path, ways to get L: 1 (pick white marble)
Paths so far: 1 x 1 =1
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Toss 3: W
Ways to get W: 1
Paths so far: 1 x 1 =1

Continue for all 9 tosses (6 W's and 3 L's)...

Total paths: 176 x 173 = 1

For p = 0.75 (bag has 3 blue, 1 white marble):
Each W: 3 ways (pick any of 3 blue marbles)
Each L: 1 way (pick the 1 white marble)
Total paths: 376 x 173 = 729 paths!

For p = 0.25 (bag has 1 blue, 3 white marbles):
Each W: 1 way

Each L: 3 ways

Total paths: 176 x 373 = 27 paths

For p = 0.00 or p = 1.00:

Can't produce both W and L from these bags
Paths = 0

The key insight:
Likelihood = Number of ways this hypothesis could produce your observed data

More paths = more plausiblel!

Calculating the Posterior

Now we combine prior and likelihood using the Bayesian formula:

Figure: Final posterior probabilities after 9 tosses. After multiplying likelihood (paths) by prior and normal-
izing, we get the posterior distribution. The data (6W, 3L) provides overwhelming evidence for p=0.75,
which receives 97.6% of the probability mass. The hypothesis p=0.25 gets only 2.3%, and p=0.50 is nearly
ruled out at 0.1%. The extreme values (p=0 and p=1.0) are impossible since we observed both water and
land.

Result: After seeing 6 W and 3 L: — 97.6% confidence that p [0 0.75 — 2.3% confidence that p [1 0.25 -
Other values essentially ruled out

Visualizing Bayesian Updating
Let’s see how beliefs evolve with each toss:

Figure: Sequential Bayesian updating with each observation. Starting from a flat uniform prior (blue line),
each observation shifts and sharpens the distribution. After the first water (W, orange line), belief shifts
toward higher p values. After one water and one land (W L, green line), the distribution centers around
p=0.5. After all 9 tosses with 6 waters and 3 lands (red line), the distribution forms a sharp peak around
p=0.67. Notice how each piece of evidence updates the previous belief, and more data leads to stronger
confidence (narrower distribution).

Key observations:

1. Each toss updates beliefs - the distribution shifts and sharpens
2. More data = more confidence - the peak gets narrower
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Probability Density

Bayesian Updating in Globe Tossing Example
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Figure 10: Posterior o Likelihood x Prior (After Normalization)
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Figure 11: Bayesian Updating in Globe Tossing Example

3. Evidence accumulates - early random fluctuations smooth out
4. Never 100% certain — there’s always some uncertainty (the distribution has width)

The Power of More Data

Let’s continue tossing!

Figure: Posterior distribution sharpens dramatically with more data. After 100 tosses (71W, 29L), the
posterior distribution becomes much narrower and taller. The MAP estimate shifts slightly to 0.71, and
the 95% credible interval shrinks from (0.45-0.85) with 9 tosses to (0.62-0.79) with 100 tosses. This
demonstrates a fundamental principle: more data reduces uncertainty, giving us sharper, more confident
predictions.

With 100 tosses: - Best estimate: p [0 0.71 (71%) - 95% credible interval: 0.62 - 0.79 = Much sharper
than with 9 tosses!

More data doesn’t just change your point estimate—it reduces uncertainty. The posterior distribution
becomes tighter, narrower, more confident.

The Bayesian Formulation

The core idea is simple: for each candidate proportion (p = 0.25, p = 0.50, p = 0.75, etc.), we ask “how
consistent is this hypothesis with what we observed?” The hypothesis that best explains the observed
pattern of water and land carries the most weight. After 9 tosses (6 water, 3 land), p = 0.75 explains the
data far better than p = 0.50 — which is why our belief shifts strongly toward it.

The exact calculations behind this (using the binomial probability formula) are shown below for those who
want the details.

[Optional: The Math]
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Probability Density

Understanding MAP: Back to the Globe
Posterior after 9 tosses (6W, 3L)
T

304 = Posterior Distribution |
— = MAP = 0.67
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Figure 12: The Power of More Data — Posterior after 100 tosses

For each possible proportion p:

Posterior(p) Likelihood(data | p) x Prior(p)

Where Likelihood is the binomial probability:
L(p | k successes in n trials) = C(n,k) x p"k x (1-p) " (n-k)

C(n,k) = "n choose k" =n! / (k!'(n-k)!)

For our data (6 W in 9 tosses):

L(p=0.75) = C(9,6) x 0.7576 x 0.2573
=84 x 0.178 x 0.0156
= 0.234
L(p=0.67) = C(9,6) x 0.677°6 x 0.3373
=84 x 0.090 x 0.036
= 0.272 (highest!)
L(p=0.50) = C(9,6) x 0.5076 x 0.5073

84 x 0.0156 x 0.125
0.164

The peak of the likelihood is at p = 6/9 = 0.67, which is the maximum likelihood estimate (MLE).
But Bayesian inference gives us the entire distribution, not just the peak!
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From Bayesian Inference to Deep Learning

Now for the crucial connection: How does deep learning relate to all this Bayesian reasoning?

The Ideal vs. The Practical

Ideal Bayesian inference:

For EVERY possible hypothesis, calculate:

Posterior(hypothesis | data) = [Likelihood x Prior] / Evidence
Keep the ENTIRE distribution!

Problem: For complex problems, this is computationally impossible.
Example: AlphaFold predicting protein structure

* Input: 300 amino acid sequence

* QOutput: 3D coordinates for ~5,000 atoms

* Possible conformations: ~10"300 (more than atoms in the universel!)

» Computing exact posterior over all conformations: Would take trillions of years

What do we do?

We make a practical compromise:

Deep Learning solution:

“Let’s find the SINGLE BEST hypothesis (maximum posterior) really quickly!”

Bayesian (ideal):
"Structure 1: 28%, Structure 2: 19%, Structure 3: 15%, Structure 4: 12%,
-+ Keep full probability distribution over all structures

Deep Learning (practical):
"Structure 1 is most likely!"
-+ Find the single best answer fast

This approximation is called Maximum A Posteriori (MAP) estimation.

Understanding MAP: Back to the Globe

Let’s make this concrete with our globe—tossing example.

Figure: Posterior distribution and MAP estimate after 9 tosses. The posterior distribution (teal curve)
shows our beliefs about the water proportion after observing 6 waters and 3 lands. The distribution peaks
around p=0.67, which is the Maximum A Posteriori (MAP) estimate—the single most likely value. However,
the distribution has substantial width, indicating uncertainty: plausible values range from roughly 0.45 to

0.85.
Two ways to use this distribution:
Full Bayesian approach:

"I believe Earth is:

- 75% water with 40% confidence
- 70% water with 35% confidence
- 67% water with 25% confidence
- 80% water with 15% confidence
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The Power of More Data
Posterior after 100 tosses (71W, 29L)

10 - ~-- MAP = 0.71

Probability Density
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Figure 13: Understanding MAP: Back to the Globe — Posterior after 9 tosses

Keep the ENTIRE distribution in memory!
MAP approach (what deep learning does):

"Earth is most likely 75% water."
-+ Just report the PEAK of the distribution
-+ Ignore the rest

Why MAP?

It's much faster and uses much less memory. For the globe example, the difference is small. But for
AlphaFold predicting protein structures:

Full Bayesian:
Store probability for 107300 possible structures
-+ Impossible!

MAP:
Find the single most probable structure
-+ Doable in hours!

The Mathematical Connection: Loss Functions
Now let’s understand how deep learning finds that peak (the MAP estimate).

What is a Loss Function? Think back to the globe example. For each hypothesis (p = 0.25, 0.50, 0.75,
etc.), we calculated how many “paths” could produce our data:

Hypothesis | Paths (Likelihood) | Which means...
___________ ey
p=0.25 | 27 paths | Somewhat plausible
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0.50 | 1 path | Very implausible!
0.75 | 729 paths | Very plausible!

P
P

We want to find the hypothesis with the MOST paths (highest likelihood).

Deep learning does this by turning it into an optimization problem:

Instead of: "Find hypothesis with most paths"

We say: "Find hypothesis that minimizes 'badness'"

Where "badness" = How unlikely the data is under this hypothesis

This “badness” is called the loss function.

Loss Function = “How Wrong Am 1?” Let’s make this concrete with variant calling.
Scenario: You're training a neural network to predict if variants are real or sequencing errors.

Training example: - Variant features: 8/10 reads support alternate allele, high base quality — True label:
Real variant (y = 1)

Your neural network’s prediction: - Probability it's real: 0.95 (y = 0.95)
How do we measure if this prediction is good?
Loss = "How surprised should I be if the true label is y,

but my model predicted §7"

If y = 1 (real variant):
Prediction § = 0.95 = Loss
Prediction § = 0.50 -+ Loss
Prediction § = 0.10 = Loss

0.05 (low! Good prediction!)
0.69 (medium, uncertain)
2.30 (high! Bad prediction!)

The mathematical trick:
Loss = -log(probability of truth)

If model says 95}, confident and is correct:
Loss = -1log(0.95) = 0.05

If model says 10% confident but truth is opposite:
Loss = -log(0.10) = 2.30
Why use a logarithm here?

The key intuition is that logarithms flip high confidence into a small number and low confidence into a large
number. This converts the problem from “maximize how right | am” into “minimize how wrong | am” —
and minimization is something computers do efficiently, like rolling downhill to find the lowest point.

Most importantly: minimizing loss is mathematically identical to maximizing how well the model explains
the data. This connects directly back to the Bayesian likelihood — more on this just below.

[Optional: The Math]

Loss = -log P(data | parameters)

High probability (0.9) - Small negative log (0.1) - Small loss
Low probability (0.1) - Large negative log (2.3) - Large loss

It converts "maximize probability" into "minimize loss"
(Computers are better at minimizing than maximizing!)
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Three-variant example:

Variant 1: True label = Real (1), Model predicts 0.9
Loss = -log(0.9) = 0.105

Variant 2: True label = Error (0), Model predicts 0.2
Loss = -10g(0.8) = 0.223 [0.2 for "real" means 0.8 for "error"]

Variant 3: True label = Real (1), Model predicts 0.7
Loss = -log(0.7) = 0.357

Total Loss = 0.105 + 0.223 + 0.357 = 0.685

Connecting to Bayesian Likelihood Remember the Bayesian formula? We want to find the hypothesis
that best explains the observed data — that is, we want to maximize the likelihood P(data | hypothesis).

In deep learning, we flip the sign and call this the loss:
Minimizing loss = Maximizing likelihood

Same goal, same logic as Bayesian inference — just expressed differently.

Goal of training: Adjust model parameters (weights) to minimize total loss across all training examples.

When loss is minimized — Model’s predictions match the data well — We found the maximum likelihood!

Training = Climbing to the Peak

Now we understand: - Loss function = How badly the model explains the data — Minimizing loss = Maxi—
mizing how well the model explains the data - This is exactly what Bayesian inference does with likelihood!

The training process:

Step 1: Start with random parameters (random hypothesis)
Loss is high (model explains data poorly)
Starting point: gray dot at low posterior

Step 2: Adjust parameters slightly
Calculate new loss
Did loss decrease? Good! Keep this change.
Did loss increase? Bad! Try different direction.
Moving upward: pink dot

Step 3: Continue adjusting parameters
Loss keeps decreasing
Model explains data better
Climbing higher: yellow dot

Step 4: Keep moving toward the peak
Posterior probability increasing
Getting closer: yellow dot near top

Step 5: Reach the maximum!
Found the peak! (MAP estimate)
Green dot at the highest point
Stop when loss stops decreasing

Visualizing this:
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Training Process = Climbing to the MAP Peak
(Posterior vs Parameter values)
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Figure 14: Training Process = Climbing to the MAP Peak

Figure: Gradient descent climbs to the maximum posterior. Training a neural network is like climbing a
hill to find the peak. Starting from a random position (Step 1, gray dot at bottom left with low posterior
probability), the algorithm iteratively adjusts parameters to move uphill. At each step (Steps 2-5, marked
by colored dots), the loss decreases (equivalently, posterior probability increases). The red dashed line
marks the Maximum A Posteriori (MAP) estimate—the highest point on the posterior distribution. Step
5 (green dot) reaches the peak, where the model's parameters best explain the observed data. This is
gradient ascent on the posterior landscape (or equivalently, gradient descent on the loss landscape).

This process is called gradient descent—we “descend” down the loss landscape (or equivalently, “ascend”
up the posterior landscape) to find the peak.

One More Thing: Preferring Simpler Models

Remember in the globe example, we could use different priors?

Uniform prior: All hypotheses equally likely initially
Informative prior: Some hypotheses more likely before seeing data

Deep learning has something similar: preferring simpler models.
The idea:

Imagine two models both explain the data perfectly:

Model A: Uses weights [0.3, -0.2, 0.1]
Simple, small numbers

Model B: Uses weights [25.7, -31.4, 18.9]
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Complex, large numbers

Which do you trust more?

Most scientists (and mathematicians) prefer Model A because of Occam’s Razor: “Simpler explanations
are usually better.”

In deep learning, we implement this preference through something called regularization:
Modified Loss = How wrong the model is + Penalty for complexity

Think of it like a scoring system in a science fair: a project gets points for accuracy, but loses points for
being unnecessarily complicated. A model with extreme, bloated weights (like Model B) pays a heav-
ier penalty, even if it fits the training data slightly better. This pushes the model toward simpler, more
generalizable solutions — just like Occam’s Razor.

[Optional: The Math]

Total Loss = Original Loss + x (sum of weight magnitudes)
4 4
Likelihood term "Prior" that prefers simplicity

Example with A = 0.01:
Model A: Loss = 0.50, Weights = [0.3, -0.2, 0.1]
Total = 0.50 + 0.01 x (0.3 + 0.2 + 0.1) = 0.50 + 0.006 = 0.506

Model B: Loss = 0.45, Weights = [25.7, -31.4, 18.9]
Total = 0.45 + 0.01 x (25.7 + 31.4 + 18.9) = 0.45 + 0.76 = 1.21

Even though Model B fits data slightly better (0.45 < 0.50),
Model A wins because it's much simpler!
Total: 0.506 < 1.21

This complexity penalty is like having a prior belief that weights should be small!

Bayesian: Prior = "I believe simpler hypotheses are more likely"
Deep Learning: Regularization = "Penalize large weights"

Same idea, different implementation!

Summary: The Bayesian—-Deep Learning Dictionary

Bayesian Inference Deep Learning Intuition

Likelihood P(data\ hypothesis) Loss function

Maximize likelihood Minimize loss Same goal, flipped!

Prior P(hypothesis) Regularization penalty “Prefer simpler
explanations”

Posterior P(hypothesis\ data) Trained model

Full probability distribution Single best parameters (MAP) Trade full info for speed

Bayesian updating Training (gradient descent) Improve guess
iteratively

Deep learning is Bayesian inference with a practical twist: 1. Approximation: Find single best answer
(MAP) instead of full distribution 2. Optimization: Turn “maximize posterior” into “minimize loss” 3. Scale:
Handle millions of parameters efficiently with GPUs 4. Speed: Compute in seconds/hours instead of years
5. Flexibility: Learn complex non-linear patterns through neural networks
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Why Not Keep the Full Distribution?

Why do we settle for MAP (single best answer) instead of full Bayesian inference?
Computational cost:

Full Bayesian:
"Variant pathogenicity could be:
65% with 30% confidence,
70% with 40% confidence,
60% with 20% confidence, ..."
-+ Store and compute with entire distribution
-+ Very slow for complex models

Deep Learning (MAP):

"Variant is 67% likely pathogenic"
-+ Single number

-+ 1000x faster

For real problems: — Full Bayesian deep learning: Days to weeks of computation — Standard deep learning:
Minutes to hours — Difference: 100-1000x speedup

When full Bayesian deep learning is used:

Some applications DO keep uncertainty estimates:

predictions = model.predict(variant, num_samples=100)
mean_pred = predictions.mean()
uncertainty = predictions.std()

print (f"Pathogenic: {mean_pred:.1%} + {uncertainty:.1%}")

This is valuable when: - Medical diagnosis (need to know uncertainty!) — Autonomous vehicles (safety
critical) — Drug discovery (expensive to test, want confidence) - Scientific discovery (want to know what
we don’t know)

Recent research: Bayesian deep learning is an active areal Methods like: — Monte Carlo Dropout — Varia—
tional inference — Ensemble methods

---provide uncertainty estimates at reasonable computational cost.

Why This Connection Matters for Genomics

Understanding the Bayesian foundation of deep learning helps you use Al tools more effectively and criti—
cally.

Interpret Model Confidence Correctly
Scenario: A variant predictor outputs “94% pathogenic”
Without Bayesian thinking: “94% means it's definitely pathogenic!”

With Bayesian understanding: “94% is the posterior probability based on training data. But if this variant
is very different from training examples—like a novel population or gene—the real uncertainty might be
much higher. | should validate experimentally for important decisions.”
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Key questions to ask: — Was the model trained on data similar to mine? — How certain is the model really?
(Does it give uncertainty estimates?) - Is this variant similar to what the model has seen before?

Understand Why More Data Helps

Remember the globe tossing? — 9 tosses: Estimate p = 0.67, but wide uncertainty (0.45 - 0.85) - 100
tosses: Estimate p = 0.71, narrow uncertainty (0.62 - 0.79)

In genomics:
Variant predictor trained on 1,000 variants:

-+ Medium confidence, may miss rare patterns

Same predictor trained on 1,000,000 variants:
-+ High confidence, better generalization
Why? More data = sharper posterior = more confident predictions!

This explains why: - Large datasets lead to better models — Models improve over time as more data
accumulates — Rare variant prediction is harder (less training data)

Recognize When Models Fail

The out—of-distribution problem:
Training data: 95, European ancestry variants

Your sample: African-specific variant

Bayesian perspective:

"My model learned P(pathogenic | features, European data)

But you're asking about P(pathogenic | features, African data)

These can be very different!

My uncertainty should be HIGH, but standard models won't tell you this."

What this means for you: - Be cautious when your data differs from training data — Check if training data
matches your population/condition — When possible, use models trained on diverse datasets

Design Better Experiments

Bayesian thinking guides experimental design:

Goal: Find causal variant for disease

Step 1: Start with highest prior
-+ Try exome sequencing (coding variants in known genes)

Step 2: Update based on results
-+ Nothing found? Prior for coding variant decreases
-+ Expand to whole genome (regulatory regions)

Step 3: Keep updating
-+ Still nothing? Consider structural variants, epigenetics

Each negative result updates your beliefs about where to look next!
Practical example:

You're validating 100 predicted pathogenic variants but can only test 10 in the lab.
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How to choose?

Rank by: (Model confidence) x (Biological plausibility) x (Clinical importance)
This combines:

- Posterior from model (computational evidence)

- Prior from biology (what we know about the gene)
- Value of information (which answer helps most)

This Bayesian approach maximizes what you learn from limited experiments.

The Big Picture:

Deep learning isn’t a black box when you understand its Bayesian foundation: - Loss function = maximize
likelihood of data — Regularization = encode prior beliefs — Training = find maximum posterior — Predictions
= best guess given what the model learned

This understanding helps you: — Know when to trust predictions — Recognize model limitations — Design
better experiments - Interpret results critically

Math Box: Bayes’ Theorem and Components

You can skip this section and still understand the concepts! This is for those curious about the formal
mathematics.

The Complete Formula

P(HID) = [P(DIH) x P(H)] / P(D)
Where:
P(HID) = Posterior - what we want to know

P(D|H) = Likelihood - how well H explains D
P(H) = Prior - what we believed before D
P(D) = Evidence - total probability of seeing D

Calculating Evidence (Normalization)
P(D) = £ P(DIH) x P(H) for all hypotheses i
This ensures probabilities sum to 1.0!

Globe example:

P(6W,3L) = P(6W,3L | p=0) x P(p=0)
+ P(6W,3L | p=0.25) x P(p=0.25)
+ P(6W,3L | p=0.50) x P(p=0.50)
+ P(6W,3L | p=0.75) x P(p=0.75)
+ P(6W,3L | p=1) x P(p=1)

0x0.2 + 27x0.2 + 1x0.2 + 729x0.2 + 0x0.2
=0+5.4+0.2+ 145.8 + 0
= 151.4

Then:
P(p=0.75 | 6W,3L) = (729x0.2) / 151.4 = 145.8 / 151.4 = 96.3%,
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Binomial Likelihood
For globe-tossing (or any binary outcome repeated n times):

L(p | k successes in n trials) = C(n,k) x p"k x (1-p)~(n-k)

Where:
C(n,k)

"n choose k" = n! / (k! x (n-k)!)
Number of ways to arrange k successes in n trials

Example: 6 waters in 9 tosses
C(9,6) = 9! / (6! x 31) = 362880 / (720 x 6) = 84

For p = 0.75:

L(p=0.75) = 84 x 0.7576 x 0.2573

84 x 0.178 x 0.0156

0.234 (23.4% chance of seeing this data if p=0.75)

Updating with Each Observation

Bayesian inference can be done sequentially:

Posterior after observation 1 becomes prior for observation 2:

After W: P(p | W)
After W,L: P(p | W,L) P | p) x P(p | W)
T
This was posterior after W,
now becomes prior for L!

This is how your brain updates beliefs with each piece of evidencel

Summary

Key Takeaways:

1. You already think like a Bayesian — Your brain naturally combines prior beliefs with new evidence in
daily situations: troubleshooting PCR, interpreting “easy exam” claims, evaluating gene expression

changes, and determining if called variants are real

2. Biology operates on probability distributions - Gene expression, protein structures, evolution, and

immune responses are all inherently stochastic, not deterministic
3. The globe—-tossing example illustrates core Bayesian concepts:

* Prior: Beliefs before observing data

« Likelihood: How well each hypothesis explains observed data (the “garden of forking paths”)

* Posterior: Updated beliefs after observing data
* More data — sharper confidence

4. Deep learning is practical Bayesian inference:

* Loss function [ Negative log-likelihood

* Regularization [ Prior

* Training [ Finding maximum posterior (MAP)

» Trade—off: Full distribution for speed and scalability

5. Understanding this connection helps you:
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* Interpret model confidence correctly
* Recognize when predictions are reliable vs. uncertain

» Design better training data

* Combine evidence appropriately

* Critically evaluate Al tools

6. Foundation models leverage Bayesian principles:

* Pre—training creates an informed prior
* Fine-tuning updates with task-specific data
* Enables learning from fewer examples

The Big Picture:

Your Biological Intuition (already Bayesian)

{

Formalized in Bayes' Theorem

L

Approximated by Deep Learning (for scale)

{

Applied to Genomics (AlphaFold, DeepVariant, etc.)

Deep learning isn’t magic—it’s a practical, scalable implementation of reasoning you already do naturally!

“All models are wrong, but some are useful.” - George Box

In biology, we work with probability distributions, not certainties. Bayesian inference and deep learning
help us navigate this uncertainty at the scale that modern genomics demands.

O Key Terms

Term

Definition

Bayesian inference

Prior P(H)

**| ikelihood P(D\
**Posterior P(H\

Maximum A Posteriori (MAP)

Probability distribution
Stochastic

Garden of forking paths
Evidence P(D)

Foundation model

Updating beliefs about hypotheses using observed data via Bayes’
theorem
Initial belief about a hypothesis before seeing data

*%
B;**
Finding the single most probable hypothesis (what deep learning
does)
Description of all possible values and their probabilities
Involving randomness or probability (not deterministic)
Intuitive visualization of how data arise under different hypotheses
Total probability of observing data across all hypotheses
(normalization constant)
Model pre—trained on massive data, creating an informed prior for
downstream tasks

Test Your Understanding: Can You Answer These?

1. You're analyzing a rare variant (chr15:28,197,037 A)G) found in one ASD patient. The variant caller
reports “95% confidence.” Your lab mate says “95% confident means it’'s definitely real—let’s publish!”
What would you tell them using Bayesian reasoning?

Answer:
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The 95% confidence is misleading without considering the prior probability that a variant is real.
Bayesian reasoning:

Posterior (is it real?) Likelihood (evidence from reads) x Prior (how rare are real variants?)

Prior considerations:

o Most genome positions match reference (~99.9%)

e Real rare variants are very uncommon (~0.1% per position)
e Sequencing errors happen (~1-2% in difficult regions)

Additional checks needed:

1. Is this in a repetitive region? (increases error prior)

2. What's the read depth? (10x vs 100x matters!)

3. Is it in gnomAD? (external evidence updates posterior)

4. Does it segregate with disease in family? (genetic evidence)

The key insight: “95% confidence” from the caller is just the likelihood (how well this hypothesis explains
the read data). But your true confidence (posterior) must also consider how rare real variants are (prior).

A 95% likelihood x low prior (rare variants) might only give ~60-70% true posterior confidence. You need
validation!

Real-world lesson: Tools like DeepVariant give you one number, but you need to think Bayesianly about
whether to trust it based on biological context.

2. You're doing RNA-seq on cancer vs. normal tissue (n=3 each). Gene X shows: Control = 50 TPM (£5),
Cancer = 55 TPM (#8), p=0.04. Your advisor says “p{0.05, so it’s differentially expressed—add it to the
paper!” Why might this be wrong from a Bayesian perspective?

Answer:

The p-value only tells you the likelihood (probability of seeing this data if there’s no difference), but ignores
the prior (how likely is this gene to be truly differentially expressed?) and the biological uncertainty.

Why biology operates on probability distributions, not fixed values:

The measurements you see:
e Control: 50 TPM (£5) - Actually a distribution: [45, 48, 50, 52, 55]
e Cancer: 55 TPM (+8) - Even wider distribution: [47, 52, 55, 58, 63]

These distributions OVERLAP heavily!

e Some control samples: 52-55 TPM

e Some cancer samples: 47-52 TPM

¢ The "difference" might just be sampling biological noise

Bayesian considerations: 1. Effect size: Only 1.1x fold—change (565/50)—Dbiologically meaningful? 2. Sam-
ple size: n=3 is tiny—huge uncertainty in the true distribution 3. Prior: Is Gene X in a pathway known to
be altered in this cancer? If no prior evidence — should be more skeptical 4. Biological variation: 5 vs 8
shows high variability — distributions overlap substantially

Better approach: - Calculate posterior probability that true difference ) 1.56x fold—change (biologically
meaningful threshold) — Consider: “Given this data AND what we know about cancer biology, what’s
the probability this gene is truly differentially expressed?” - Validate with gRT-PCR or check in TCGA
dataset (updating posterior with new evidence!)

Key principle: p-values ignore prior knowledge and biological context. Bayesian thinking asks: “Given
everything we know, how confident should we really be?”

3. AlphaFold predicts a protein structure with “very high confidence” (pLDDT ) 90). But when your ex-
perimentalist colleague tries to crystallize it, the structure is completely different. Using the Bayesian
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framework, explain what went wrong and how AlphaFold’s training relates to prior beliefs.
Answer:

AlphaFold’s prediction is a MAP estimate (maximum a posteriori—single best guess) based on what it
learned during training. The error illustrates the limitation of priors learned from training data.

What AlphaFold actually does (Bayesian view):

Prior: Patterns learned from ~200,000 known protein structures in PDB
(mostly from model organisms, crystallizable proteins, structured domains)

Likelihood: How well does each structure explain the amino acid sequence?

Posterior (pLDDT > 90): "Given training data, this structure is highly probable"
What went wrong—Out-of-Distribution Problem:

AlphaFold's "prior" (training data) was biased:
e Trained mostly on: Crystallizable proteins, stable folds, model organisms
e Your protein might be: Intrinsically disordered, membrane protein, human-specific

The "very high confidence" means:
"I'm 90% sure this is correct... IF your protein is like the ones I was trained on"

But your protein is OUT-OF-DISTRIBUTION:

o Different organism/condition than training data

e Post-translational modifications not in training

e Context-dependent folding (in vivo vs in vitro)

e Intrinsically disordered region (not well-represented in PDB)

Deep learning trade—off: - [] Fast & scalable: Can predict millions of structures — [J Learns complex
patterns: Better than physics—based methods for typical proteins — X Overconfident: Doesn’t know what
it doesn’t know (no uncertainty distribution) = X Prior-dependent: Only as good as training data

Lesson for genomics: When using Al tools (DeepVariant, AlphaFold, variant effect predictors): 1. Check
if YOUR data matches the training distribution 2. “High confidence” # “definitely correct”—it means
“confident based on what I've seen before” 3. Validate experimentally, especially for novel contexts 4.
Understand the prior (training data bias)

Key principle: Deep learning gives MAP estimates based on training data priors. Always check if your
biological question matches what the model was trained on!

Chapter 3: Neural Networks — How Machines Learn Patterns

Interactive Lab: Chapter 3 — Try the 2D classifier, activation function explorer, single neuron playground,
and training visualizer!

You’'re a second-year biology student staring at 200 DNA sequences, each 20 nucleotides long. Half of
them are real splice donor sites (the GT at exon—intron boundaries where your pre—=mRNA gets cut), and
half are decoy sequences that look similar but aren’t functional. Your professor challenges you: “Can you
figure out the rule that separates real splice sites from fake ones?”

You start by looking for the obvious pattern: GT at positions 3—-4. Sure enough, almost every real splice
site has it. But so do most of the decoys—your professor was sneaky. You look more carefully. Real ones
tend to have a G or A at position 2, a run of purines before the GT, and a specific pattern at positions 5-8.
You start combining rules: “If position 2 is A AND position 5 is A AND position 7 is G, then--- probably
real?”

59


https://chaek-union.github.io/ai-for-genomic-science/interactive/chapter3.html

After an hour, you have a messy decision tree with 12 rules that correctly classifies about 75% of the
sequences. Your professor smiles and says: “Not bad. But a neural network can learn to do this at 95%
accuracy in about 3 seconds—and it discovers patterns you didn’t even notice.”

How?

That’s what this chapter is about. In Chapter 2, you learned that deep learning is a practical approximation
of Bayesian inference—finding the best explanation (MAP) by minimizing a loss function. Now we’ll open
the box and see the actual machinery: artificial neurons, layers, forward propagation, and the remarkable
algorithm called backpropagation that allows networks to learn from mistakes.

The key insight: neural networks aren’t magic. They're built from the simplest possible building block—a
single artificial neuron that does weighted addition followed by a simple nonlinear function. Stack enough
of these together, and they can learn almost any pattern.

Learning Objectives
By the end of this chapter, you will be able to:

0O Describe the structure of an artificial neuron (perceptron) and the process of computing a weighted
sum

O Discuss the role of activation functions (ReLU, sigmoid, tanh) and why nonlinearity is necessary

O Trace through how a neural network computes predictions via forward propagation

O Explain the principle by which neural networks learn using loss functions and backpropagation

O Identify the causes of overfitting and apply mitigation strategies such as regularization and dropout

From Biological Neurons to Artificial Neurons
The Real Thing: Your Brain’s Neurons
You learned about neurons in introductory biology. Let’s revisit the key features:

A biological neuron: 1. Receives inputs — dendrites collect signals from thousands of other neurons 2.
Integrates — the cell body sums up excitatory and inhibitory signals 3. Thresholds — if the total signal
exceeds a threshold, the neuron fires 4. Transmits — the axon sends the signal to downstream neurons

Dendrites (inputs) - Cell body (integration + threshold) - Axon (output)

T T T
Signals from Sum of signals Signal to next
other neurons exceeds threshold? neurons

Key properties: - Each input connection has a different strength (synaptic weight) — Frequently used
connections get stronger (long-term potentiation) — Rarely used connections get weaker (long—term de-—
pression) — The neuron’s response is nonlinear — it either fires or doesn’t (approximately)

This is exactly what artificial neurons mimic.

The Artificial Version: A Single Neuron (Perceptron)

An artificial neuron takes the biological concept and simplifies it to pure math:

Inputs: X, X, X, ... X (like signals from dendrites)

Weights: W, W, W, ... W (1ike synaptic strengths)

Bias: b (1ike the resting potential)
Summation: z =wx +wx + ... +wx +b (like cell body integration)

Activation: a = f(z) (like the firing threshold)
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Output: a (1ike the axon signal)
Genomics example: Is this variant pathogenic?

Imagine a single neuron that takes three features of a genetic variant: — x1 = Conservation score (0 to 1,
how conserved is this position?) — x2 = Population frequency (0 to 1, how common is this variant?) — xs =
Predicted structural impact (0 to 1, does it change protein structure?)

z = (0.8 x conservation) + (-0.6 x frequency) + (0.5 x structural_impact) + (-0.1)

) ) ) )
"High conservation "Common variants "Structural changes Bias
suggests important" are usually benign" may be damaging"

Notice: - w: = 0.8 (positive, large): high conservation — more likely pathogenic — w2 = =0.6 (negative):
high frequency — less likely pathogenic — ws = 0.5 (positive, moderate): structural change — somewhat
more likely pathogenic — b = =0.1 (small negative): slight default toward “benign”

The weights encode what the neuron has learned about the relationship between inputs and the output.

The Analogy Table

Biological Neuron Artificial Neuron What It Does

Dendrites Inputs (x1, Xz, =) Receive information

Synaptic strength Weights (w1, wa, =) How much each input
matters

Resting potential Bias (b) Default tendency

Cell body summation z=J2wlx(O+b Combine all information

Firing threshold Activation function f(z) Decide whether to “fire”

Axon output Output a = f(2) Send signal forward

Long—term potentiation Increasing weight during training Learning from experience

Long-term depression Decreasing weight during training Unlearning wrong patterns

Important caveat: This analogy is useful for intuition, but artificial neurons are a dramatic simplification.
Real neurons communicate through complex temporal patterns of spikes, use dozens of neurotransmitters,
and have intricate dendritic computation. The analogy helps you understand the concept, not the biology.

Activation Functions: Why Nonlinearity Matters
The Problem with Just Adding Things Up

Without an activation function, our neuron just computes: z = wixi + wax2 + b
This is a linear function. It can only draw straight lines.
Why is this a problem?

Think about classifying genetic variants as pathogenic vs. benign. In reality: — A variant with moderate
conservation AND moderate structural change might be pathogenic — But low conservation with high
structural change might be benign (it's a variable region) = And high conservation with low structural
change might also be benign (it's a synonymous variant in a conserved gene)

This relationship is nonlinear—you can’t separate pathogenic from benign with a single straight line in the
conservation x structural_impact space.

The activation function adds the nonlinearity we need.
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The Classic Three

1. Sigmoid: The Smooth Switch

(z) =1/ (1 + e (-2))

Input: any number from -o to +o
OQutput: a number between O and 1

Biology analogy: Like the dose-response curve in pharmacology. At low drug concentrations, there’s
no response. At high concentrations, the response saturates. In between, there’s a smooth S-shaped
transition.

When it’'s useful: When you want an output that represents a probability. “There’s a 73% chance this
variant is pathogenic.”

The problem: For very large or very small inputs, the sigmoid is nearly flat (gradient [1 0). This makes
learning very slow — a problem called vanishing gradients that we’ll discuss later.

2. Tanh: The Centered Switch

tanh(z) = (e"z - e7(-2)) / (e"z + e (-2))
Input: any number from -o to +o

OQutput: a number between -1 and +1

Biology analogy: Like gene expression fold—change centered on zero. Positive means upregulated, neg-
ative means downregulated, zero means no change. The magnitude tells you how strong the effect is,
saturating at extreme values.

Advantage over sigmoid: Centered around zero, which helps with training. But still suffers from vanishing
gradients at the extremes.

3. ReLU: The Simple Gate

ReLU(z) = max(0, z)

Input: any number

Output: O if input is negative, otherwise the input itself

Biology analogy: Like a gene that’s either silent (expression = 0) or active (expression proportional to
signal). There’s no “negative expression” — once the gene is off, it's off. But when it’s on, the response
is proportional to the input.

Why it’s the most popular today: - Extremely simple and fast to compute = No vanishing gradient problem
(for positive inputs) — Sparse activation — many neurons output exactly 0, which is computationally efficient

The downside: “Dead neurons” — if a neuron’s input is always negative, it always outputs 0 and can never
recover. Variants like Leaky ReLU (allows a small negative slope) fix this.

Which One to Use?

Activation Output Range Best For Problem

Sigmoid Oto1 Output layer (binary Vanishing gradients
classification)

Tanh -Tto1 Hidden layers (old Vanishing gradients
models)
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Activation Output Range Best For Problem

RelLU 0to oo Hidden layers Dead neurons
(modern default)

Modern practice: Use RelLU (or its variants) for hidden layers, sigmoid for binary output, softmax (gener-
alized sigmoid) for multi-class output.

A Single Neuron as a Classifier
Drawing a Line in Variant Space

Let’s see what a single neuron can actually do. With two inputs (conservation score and structural impact),
the neuron computes:

Z = w x conservation + w x structural_impact + b
output = sigmoid(z)

If output ) 0.5, we predict “pathogenic.” Otherwise, “benign.”

The decision boundary is where output = 0.5, which means z = 0:

w x comnservation + w X structural_impact + b =0

This is the equation of a straight line in 2D space (or a plane in 3D, or a hyperplane in higher dimensions).
The single neuron divides the input space with a straight line.

Everything on one side is predicted pathogenic; everything on the other side is predicted benign.

When One Line Isn’t Enough
What if the real pattern looks like this?

Structural Impact
| BBBBPP
| BBPPPP
| BPPPPB
| PPPBBB
| PPBBBB

to—mm -+ Conservation

P = Pathogenic, B = Benign

The pathogenic variants form a diagonal band — you can’t separate them with a single straight line! This
is an example of a nonlinear decision boundary.

This is why we need multiple neurons organized in layers.

Building a Network: Layers of Neurons
From One Neuron to Many

A single neuron draws one line. What if we combine multiple neurons?
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Layer 1: Three neurons, each drawing a different line

Neuron 1: "Is conservation > 0.77"
Neuron 2: "Is structural impact > 0.57"
Neuron 3: "Is conservation + structural impact > 1.07"

Layer 2: One neuron that combines the answers

Neuron 4: "Based on answers from neurons 1-3, is this pathogenic?"

Three lines can carve out a triangular region in the input space. More neurons = more lines = more complex
boundaries.

The Architecture

Input Layer Hidden Layer Output Layer

(features) (learned patterns) (prediction)
x -—— [h] ---

x -—— [h] --- [output] - "Pathogenic" or "Benign"

x - [] ---
Input layer: Raw features (conservation, frequency, structural impact)

Hidden layer(s): Neurons that discover intermediate patterns. We don’t tell them what to look for — they
figure it out during training.

Output layer: Final prediction.

Each connection has its own weight. In this small network: - Input — Hidden: 3 inputs x 3 hidden neurons
= 9 weights + 3 biases = 12 parameters — Hidden — Output: 3 hidden x 1 output = 3 weights + 1 bias =
4 parameters — Total: 16 parameters that the network learns

Modern networks like AlphaFold have millions of parameters. The principle is the same — just more
neurons and more layers.

Why “Deep” Learning?

A network with many hidden layers is called a deep neural network:

Input -+ Hidden 1 - Hidden 2 -+ Hidden 3 -+ ... - Output
T T )
Simple Intermediate  Complex
patterns combinations  abstractions

Genomics analogy: How a deep network reads DNA

Layer 1: Detects simple motifs
"There's a TATA at this position"
"There's a GC-rich region here"

Layer 2: Combines motifs into modules
"TATA box + Inr element = core promoter signature"

"CpG island + GC-box = housekeeping promoter pattern"

Layer 3: Recognizes regulatory logic
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"Core promoter + enhancer motifs within 500bp = active promoter"
"Core promoter + repressor motifs = silenced promoter"

Layer 4: Predicts function
"This sequence is an active enhancer in neural tissue"

Each layer builds on the previous one, creating increasingly abstract representations. The first layer sees
individual nucleotides; the last layer understands regulatory function.

This hierarchical feature learning is what makes deep learning so powerful for genomics.

Forward Propagation: How Information Flows
Step by Step

Forward propagation is simply computing the output of the network given an input. Information flows
forward from input to output, one layer at a time.

Example: Predicting splice site functionality

Input: A 20-nucleotide DNA sequence, one—hot encoded (each position is 4 numbers: [A, C, G, T]) - Total
input: 20 x 4 = 80 numbers

Step 1: Input - Hidden Layer 1 (10 neurons)
For each hidden neuron j (j = 1 to 10):
Z_j=wxx +wxx + ... +w xx +b
h_j = ReLU(z_j)

Result: 10 numbers representing "features" the network discovered

Step 2: Hidden Layer 1 - Hidden Layer 2 (5 neurons)
For each neuron k (k = 1 to 5):
z_k=wxh +wxh + ... +w xh +D
h_k = ReLU(z_k)

Result: 5 numbers representing higher-level patterns

Step 3: Hidden Layer 2 - QOutput (1 neuron)
z out =wxh +wxh + ... + wxh + D
output = sigmoid(z_out)
Result: 0.87 - "87Y likely to be a functional splice site"

That’s it. Forward propagation is just repeated weighted sums followed by activation functions. Matrix
multiplication and simple nonlinear functions — nothing more.

One-Hot Encoding: How DNA Becomes Numbers

Neural networks need numerical inputs. How do we convert a DNA sequence?

Sequence: A T G C A
+ 4L d

A: 1 0 0 0 1

C: 0 0 0 1 0

G: 0 01 0 O

T: 01 0 0 O
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Each nucleotide becomes a vector of length 4, with a 1 at the position corresponding to the base and Os
elsewhere. A 20-nucleotide sequence becomes 80 numbers — a format the network can process.

Why not just use A=1, C=2, G=3, T=4? Because that would imply G is “greater than” C or that T-G = A,
which makes no biological sense. One—hot encoding treats each base as an independent category.

Loss Functions: Measuring How Wrong We Are
Connecting to Chapter 2

Remember from Chapter 2:

Minimizing loss = Maximizing likelihood
Loss = -log P(data | parameters)

Now let’s see this in practice with neural networks.

Binary Cross—Entropy: The Standard for Classification
For predicting “pathogenic or benign”:
Loss = [y x log(§) + (1-y) x log(1-§)]

Where:
y = true label (1 = pathogenic, O = benign)

§ = network's prediction (e.g., 0.87)

Let’s compute:

Example 1: Good prediction — True: pathogenic (y = 1) — Predicted: 0.92 - Loss = —[1 x l0og(0.92) + 0 x
log(0.08)] = -log(0.92) = 0.083

Example 2: Bad prediction — True: pathogenic (y = 1) - Predicted: 0.15 - Loss = =[1 x log(0.15) + 0 x
log(0.85)] = -log(0.15) = 1.897

Example 3: Confident wrong prediction — True: benign (y = 0) — Predicted: 0.98 (confidently says
pathogenic!) - Loss = [0 x log(0.98) + 1 x log(0.02)] = ~log(0.02) = 3.912

Key insight: The loss is small when the prediction matches the truth, and large when it doesn’t. Being
confidently wrong is penalized most severely.
For Entire Training Set

Total Loss = (1/N) x ¥ Loss for each training example

"Average badness across all training examples"

Training goal: Find the weights that minimize this total loss.

Backpropagation: How Networks Learn
The Key Question

We know: - Forward propagation computes predictions — Loss function tells us how wrong we are - We
need to adjust weights to reduce the loss

But how do we know which weights to change, and by how much?
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This is where backpropagation comes in — arguably the most important algorithm in deep learning.

The Intuition: Blame Assignment

Imagine a factory assembly line that produces defective products:

Raw materials -+ Station A - Station B -+ Station C -+ Final product (defective!)

t T T
"Was it "Or was it "Or was it
my fault?" my fault?" my fault?"

When the final product is bad, you need to figure out which station is responsible. You trace backward
from the defect:

1. Check Station C (closest to the output): Did it contribute to the defect?
2. Check Station B: Did it pass bad intermediate products to C?
3. Check Station A: Did it start the chain of problems?

Backpropagation does exactly this — it traces backward from the loss, computing how much each weight
contributed to the error.

The Chain Rule: The Math Behind the Intuition

Backpropagation relies on a calculus concept called the chain rule:

If y depends on u, and u depends on x, then:
dy/dx = dy/du x du/dx

"How y changes with x" = "How y changes with u" x "How u changes with x"
Applied to our network:

How Loss changes with w (a weight in Layer 1):

dLoss/dw = dLoss/dOutput x dOutput/dHidden x dHidden/dw

T t T
"How much does "How much does "How much does
output affect hidden layer w affect
the loss?" affect output?" hidden layer?"

Read it like a sentence: “How much does the loss change when we nudge wi?” = “How much does the
output affect the loss?” x “How much does the hidden layer affect the output?” x “How much does wi
affect the hidden layer?” Each factor is easy to compute individually. Multiplied together, they tell us
exactly how much wi is responsible for the error — and therefore how much to adjust it.

The Complete Training Loop

Repeat for many epochs:
For each batch of training examples:

1. FORWARD PASS
Input -+ Hidden - Output - Prediction

2. COMPUTE LOSS

Compare prediction to true label
Loss = how wrong we are
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3. BACKWARD PASS (Backpropagation)
Compute gradient of loss with respect to every weight
"How much is each weight responsible for the error?"

4. UPDATE WEIGHTS
w_new = w_old - learning_rate x gradient
"Adjust each weight to reduce the error"

The learning rate controls how big each adjustment step is: — Too large: overshoots the optimal weights,
loss oscillates or diverges — Too small: converges very slowly, might get stuck — Just right: steady progress
toward the minimum loss

Connecting to Chapter 2: This is the gradient descent we discussed — climbing the posterior landscape
(or equivalently, descending the loss landscape). Backpropagation is how we compute the direction to
move.

Putting It All Together: A Genomics Example
Predicting Pathogenic Variants Step by Step
Task: Train a network to predict whether coding variants are pathogenic.

Data: 10,000 labeled variants from ClinVar — Features: conservation score, population frequency, predicted
structural impact, distance to active site, gene constraint (pLI score) — Label: Pathogenic (1) or Benign (0)

Network architecture:
5 inputs = [16 RelLU neurons] - [8 ReLU neurons] - [1 sigmoid neuron]
4
P(pathogenic)

Total parameters: (5x16+16) + (16x8+8) + (8x1+1) = 96 + 136 + 9 = 241 parameters
Training process:

Epoch 1: Random weights -+ Loss = 0.693 (equivalent to random guessing)
Epoch 10: Learning patterns - Loss = 0.42
Network discovers: "high conservation = more likely pathogenic"
Epoch 50: Refining -+ Loss = 0.18
Network discovers: '"rare + conserved + structural change = pathogenic"
Epoch 100: Converged -+ Loss = 0.12
Network has learned complex nonlinear interactions
"High conservation + rare + near active site" - strong pathogenic signal
"High conservation + common" - probably benign (population evidence)

Key observation: We never told the network these rules. It discovered them from data by adjusting 241
parameters to minimize prediction errors.

Common Pitfalls and How to Avoid Them
Overfitting: Memorizing Instead of Learning

The problem: A network with enough parameters can memorize the training data perfectly — but fail on
new data.
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Genomics analogy: Imagine studying for an exam by memorizing every single practice problem with its
exact answer. You score 100% on the practice set. But on the real exam, the questions are slightly
different, and you fail because you never understood the underlying principles.

Training accuracy: 99.5) ¢ Memorized training data

Test accuracy: 62.3), ¢+ Fails on new data

This network learned: "Variant rs12345 is pathogenic"
Instead of learning: "Rare, conserved variants in constrained genes tend to be pathogenic"

Solutions:

Technique What It Does Biology Analogy

More training data Harder to memorize when Studying from 100 textbooks vs. 1
there’s more to learn

Dropout Randomly disable neurons Studying with a different study group
during training each day

Regularization Penalize large weights (Chapter Occam’s razor
2’s “prefer simpler models”)

Early stopping Stop training before overfitting ~ Knowing when to stop studying and
occurs sleep

Validation set Monitor performance on Practice exams that aren’t in your study
unseen data guide

Vanishing Gradients: When Deep Networks Can’t Learn

The problem: In deep networks with sigmoid/tanh activations, gradients become extremely small in early
layers, so they learn very slowly or not at all.

Layer 5 gradient: 0.25

Layer 4 gradient: 0.25 x 0.25 = 0.0625
Layer 3 gradient: 0.0625 x 0.25 = 0.0156
Layer 2 gradient: 0.0156 x 0.25 = 0.0039

Layer 1 gradient: 0.0039 x 0.25

0.00098 + Almost zero! Layer 1 barely learns.

Solutions: - RelU activation — gradient is either 0 or 1 (no shrinking) — Residual connections — “skip
connections” that let gradients flow directly to early layers (used in modern architectures like ResNet and
Transformers) — Batch normalization — keeps intermediate values in a reasonable range

Choosing Hyperparameters

Hyperparameters are choices YOU make before training (unlike weights, which the network learns).

Hyperparameter What to Try Rule of Thumb

Learning rate 0.001, 0.01, 0.1 Start with 0.001 for Adam
optimizer

Number of layers 1-5 for most tasks Start simple, add layers if
underfitting

Neurons per layer 16, 32, 64, 128 Wider for more complex data

Batch size 32,64, 128 32 is a good default

Epochs 10-1000 Use early stopping

The golden rule: Start simple. A small network that works is better than a large network that overfits.
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Math Box: Forward and Backward Pass

This section contains matrix mathematics. It is completely optional — you can understand
neural networks without it.

You can skip this section and still understand the concepts! This is for those curious about the formal
mathematics.

Forward Pass (Matrix Form)

For a network with one hidden layer:

Hidden layer:
z! =W'x +Db! (matrix multiplication + bias)
h=1f(z!?!) (activation function, element-wise)

Output layer:
z? =W2h +Db?
= (z2) (sigmoid for binary classification)

Where: - WO'[J is the weight matrix connecting input to hidden layer — W[I?[J is the weight matrix
connecting hidden to output layer - f is the activation function (e.g., ReLU) - ¢ is the sigmoid function

Backward Pass (Gradient Computation)

Starting from the loss L = =[y log(y) + (1-y) log(1-y)]:
Step 1: Gradient at output
dL/dz?* =§ -y (remarkably simple!)

Step 2: Gradient for output weights
dL/dW? = (§ - y) x h
dL/db?* =§ -y

Step 3: Gradient passed to hidden layer
dL/dh = W2 x (§ - y)

Step 4: Gradient through activation
dL/dz ! = dL/dh £f'(z!) ( = element-wise multiplication)

For RelU: f'(z) =1 if z > 0, else O
Step 5: Gradient for hidden weights

dL/dw ! = dL/dz ! x x
dL/db ! = dL/dz !

Weight Update (Gradient Descent)

W' «W' - x dL/dW*
b* «b' - x dL/db
W2 «W?2 - x dL/dw ?
b? «b? - x dL/db?
Where = learning rate

The beauty of backpropagation: no matter how deep the network, the chain rule lets us compute gradients
for every weight efficiently in a single backward pass.
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Summary

Key Takeaways:

1. Artificial neurons mimic biological neurons — weighted inputs, summation, nonlinear activation, out—
put. But this is a simplification, not a biological model.

2. Activation functions add nonlinearity — without them, any network collapses to a single linear func—
tion. RelLU is the modern default for hidden layers.

3. A single neuron draws a straight line — it can only separate data that’s linearly separable. This is
why we need multiple neurons and layers.

4. Layers build hierarchical features — early layers detect simple patterns (DNA motifs), later layers
combine them into complex concepts (regulatory logic).

5. Forward propagation is repeated weighted sums + activations. Information flows from input to out-

put.

6. Loss functions measure prediction error — binary cross—entropy for classification, connecting to
Chapter 2’s negative log-likelihood.

7. Backpropagation computes gradients using the chain rule — it assigns “blame” to each weight for
the error, working backward from the output.

8. Training = forward pass + loss + backward pass + weight update, repeated thousands of times.

9. Overfitting is the main danger — combat it with more data, dropout, regularization, and early stop-

ping.

10. Start simple — a small working network is better than a complex failing one.

[ Key Terms

Term

Definition

Artificial neuron (perceptron)
Weight
Bias

Activation function
ReLU (Rectified Linear Unit)
Hidden layer

Deep neural network
Forward propagation
One-hot encoding
Loss function

Binary cross—entropy
Backpropagation

Gradient
Learning rate
Epoch

Basic unit that computes a weighted sum of inputs, adds bias,
applies activation function

Learned parameter controlling the strength of a connection
between neurons

Learned parameter allowing the neuron’s activation threshold to
shift

Nonlinear function applied after summation (ReLU, sigmoid, tanh)
max(0, z) — most popular modern activation

Layer of neurons between input and output that learns
intermediate features

Network with multiple hidden layers

Computing output from input through the network layers
Representing categorical data (A, C, G, T) as binary vectors
Measures how wrong the network’s predictions are

Standard loss for binary classification problems

Algorithm that computes gradients of the loss with respect to all
weights using the chain rule

Direction and magnitude of steepest increase in a function
Hyperparameter controlling the step size of weight updates

One complete pass through the entire training dataset
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Term Definition

Overfitting Network memorizes training data instead of learning general
patterns

Dropout Regularization technique that randomly disables neurons during
training

Vanishing gradient Problem where gradients become too small for early layers to
learn

Hyperparameter Settings chosen before training (learning rate, architecture, etc.)

Test Your Understanding: Can You Answer These?

1. Why can’t a single neuron classify XOR (exclusive or) patterns? And why does this matter for genomics?
Answer:

XOR is a pattern where the output is 1 only when exactly one of two inputs is 1:

Input A | Input B | Output

0 | 0 | 0
0 | 1 |1
1 | 0 |1
1 | 1 ()

A single neuron can only draw a straight line to separate classes. But XOR requires a curved or multi—part
boundary — no single line can separate the 1s from the Os.

Why this matters for genomics: Many biological relationships are XOR-like: - A variant might be
pathogenic when it occurs in Gene A alone OR Gene B alone, but benign when both are mutated (because
the second mutation is compensatory) = A drug might work when Pathway X is active OR Pathway Y is
active, but fail when both are active (toxic overdose)

These nonlinear interactions require at least two layers (a hidden layer + output layer) to capture. This is
one of the fundamental reasons we need deep networks for biological prediction tasks.

2. A researcher trains a variant pathogenicity predictor on European—ancestry data. It achieves 94%
accuracy on European test data but only 71% on African—ancestry data. Explain what happened using
concepts from this chapter.

Answer:
This is overfitting to the training distribution.

During training, the network adjusted its 241+ parameters to minimize loss on European—ancestry vari—
ants. The patterns it learned are: — Which population frequencies are “rare” (calibrated to European allele
frequencies) — Which conservation patterns correlate with pathogenicity (in European—studied genes) -
Which structural changes are damaging (based on European disease associations)

The problem: African genomes have ~25% more genetic variation than European genomes. Many variants
that are common in African populations are rare or absent in European databases. The network has never
seen these patterns during training, so it misclassifies them — often flagging normal African variation as
“pathogenic” because it looks rare from a European perspective.

This is not just overfitting — it's a dangerous form of bias. Solutions include: - Training on diverse,
multi-ancestry datasets — Using a validation set that includes underrepresented populations — Reporting
per—ancestry performance metrics, not just overall accuracy — Using population—-specific frequency filters
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From a neural network perspective: The network’s learned weights encode European-specific patterns.
The decision boundaries it drew during training don’t generalize to regions of feature space occupied by
African—ancestry variants.

3. Your network for predicting enhancer activity has training loss of 0.08 but validation loss of 0.95. What's
happening, and what would you try?

Answer:

Diagnosis: Severe overfitting. The network has memorized the training enhancers (low training loss) but
cannot generalize to new enhancers (high validation loss).

The gap:

Training loss: 0.08 (excellent on seen data)
Validation loss: 0.95 (terrible on unseen data)
Gap: 0.87 (huge - clear overfitting)

What to try, in order:

1. More training data — If you have only 500 enhancer sequences, try to get 5,000. This is often the
single most effective fix.

2. Regularization — Add L2 regularization (weight decay) to penalize large weights. Start with A = 0.01.

3. Dropout — Add dropout (p = 0.3-0.5) after hidden layers. This forces the network to learn redundant
representations.

4. Simpler architecture — Reduce the number of layers and neurons. If you have a 5-layer network, try
2 layers. The network might be too complex for the amount of data you have.

5. Early stopping — Monitor validation loss during training and stop when it starts increasing (even if
training loss is still decreasing).

6. Data augmentation — For DNA sequences, you could augment by reverse—complementing
sequences (both strands should have similar regulatory activity).

The underlying principle from Chapter 2: With limited data, the posterior distribution is wide (high un—
certainty). A complex model with many parameters can find a sharp peak in training data that doesn’t
generalize. Regularization acts like an informative prior, keeping the model simpler and more generaliz—
able.

Chapter 4: Neural Network Architectures

Interactive: Chapter 4

Three photographers stand before the same mountain landscape at golden hour. The first uses a macro
lens — pressed close to a wildflower in the foreground, resolving every vein in a single petal, the texture
of a stamen, the precise arc of a dew drop. The second has a telephoto — trained on the horizon, tracking
the V-formation of geese moving south across the ridge, capturing the sweep of their journey but nothing
of the flower below. The third holds a fisheye — stepping back until the entire panorama fills the frame:
mountain, meadow, birds, flower, sky, all at once, compressed into a single circular window on the world.

They are standing in the same place, photographing the same scene. Yet each returns with something
fundamentally different — not because one is a better photographer, but because their lenses were built for
different questions. The macro lens would be useless for tracking migration. The fisheye would dissolve
the flower petal into an indistinct smear. The right lens depends entirely on what you are trying to see.
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Genomic data presents exactly this problem. A short transcription factor binding motif — 8 nucleotides
tucked inside a 200-base—pair regulatory sequence — calls for a macro lens: precise, local, pattern-
sensitive. A gene expression time course across T cell activation calls for a telephoto: sequential, history-
aware, tracking how the present depends on the past. Long-range chromatin interactions between en-
hancers and promoters separated by half a megabase call for the fisheye: a view wide enough to see
connections that local inspection would miss entirely.

In Chapter 3, we learned how neural networks learn in general. This chapter asks a different question:
what shape should a network take? Convolutional networks, recurrent networks, and Transformers are
not interchangeable tools — they are different lenses. Choosing the wrong architecture is not a minor
inefficiency; it is like trying to photograph a bird migration with a macro lens. This chapter is about learning
to see which lens fits which problem.

The Biological Challenge
The biological world generates diverse data types, each with unigue structural properties:

Spatial patterns in sequences: Transcription factor binding sites, splice sites, and regulatory elements are
position—specific patterns. A motif at position 50-58 carries information, but the same motif shifted to po—
sition 100-108 means something different. Fully-connected networks treat every position as independent
features—destroying spatial relationships.

Sequential dependencies in time series: Gene expression, cell state trajectories, and developmental pro-
cesses unfold over time. Expression at time t depends on history: what happened at times t-1, t-2, t-3.
Treating each time point independently loses this temporal structure.

Long-range dependencies: Enhancers regulate genes megabases away. Alternative splicing depends
on splicing signals hundreds of nucleotides apart. 3D genome organization brings distant loci together.
Standard neural networks have limited “receptive fields”—they can’t see these long-range interactions.

Why not just use fully—connected networks for everything?

* Exploding parameters: A 1000bp sequence with fully—connected layers needs 1000 x 4 x hidden_size
weights—millions of parameters even for simple tasks

* No built-in structure: They don’t “know” that nearby positions in sequences are related, or that time
has order, or that long—range dependencies exist

* Poor generalization: They memorize specific positions rather than learning reusable patterns

The solution: Specialized neural network architectures that match the structure of biological data.

Learning Objectives
By the end of this chapter, you will be able to:

O Explain why different biological data types require different neural network architectures

0O Describe how convolutional neural networks (CNNs) detect patterns in sequences and images

0 Understand how recurrent neural networks (RNNs) process sequential data with temporal depen—
dencies

O Explain the “vanishing gradient problem” and how LSTMs solve it

O Describe how Transformers use attention mechanisms to capture long-range dependencies

O Choose the appropriate architecture for different biological problems
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4.1 Convolutional Neural Networks (CNNs): Detecting Local Patterns

[Biological Analogy] CNNs are like scanning a histology slide section by section, detecting cell
patterns in small windows—the same pattern detector slides across the entire sample, regard—
less of position.

The Core Idea: Reusable Pattern Detectors

Imagine you’re looking for transcription factor binding motifs in DNA sequences. A motif like “GATAAG”
might appear anywhere in the sequence—position 10, position 150, position 800. You don’t want to learn
three different “GATAAG detectors” for three different positions.

CNNs solve this with a simple idea: Use the same pattern detector (called a filter or kernel) and slide it
across the entire sequence, like using a magnifying glass to scan a document.

Connection to Chapter 3: Remember how individual neurons in Chapter 3 had weights for each input?
CNNs use the same set of weights at every position—this is called weight sharing, and it dramatically
reduces the number of parameters!

How Convolution Works

Think of it like this: You have a small window (the filter) that you slide along the DNA sequence, checking
for a specific pattern at each position.

Step 1: Define a filter (kernel)
A filter is a small set of learnable weights. For DNA sequences, a filter might be 8 bp wide:

Filter (length 8):
[w, w, w, w, w, w, w, wJj

Step 2: Slide the filter across the sequence
Apply the filter to every position:

DNA sequence: ATCGATAAGCCGTA...

Position 1: ATCGATAA - compute score
Position 2: TCGATAAG - compute score
Position 3: CGATAAGC - compute score

At each position, multiply filter weights by sequence features and sum them up.
Step 3: Apply activation function

Activated score = ReLU(Score + bias)

Result: A “feature map” showing where the pattern appears:

Feature map: [0.2, 0.0, 0.0, 8.5, 7.3, 0.1, ...]
0 T
High activations = pattern detected!

Example: GATA Motif Detection
Let’s detect “GATAAG” in a real sequence.

Input sequence:

Position: 1

2 3 4
Sequence: A T C G

Q =
Q=
Q-

5 6 7 8 9
AT A A G
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After training, the CNN learns that certain positions should have high scores when the GATA pattern
appears.

At position 5-9 (where “GATAAG” is present), the filter gives a high score (~9.3).
At other positions without the pattern, the score is low (~0.2).

The CNN automatically learns which weights detect important patterns by training on labeled datal

Key CNN Concepts

Multiple filters = Multiple pattern detectors Real CNNs use dozens or hundreds of filters simultaneously:
- Filter 1 learns “GATA” motif - Filter 2 learns “TATA” box - Filter 3 learns “CCAAT” box
- Filter 4 learns “CpG island” patterns - - etc.

Each filter creates one feature map, so 100 filters create 100 feature maps showing different patterns.

Pooling: Summarizing information After convolution, we often use max pooling to: 1. Reduce the
amount of data (faster computation) 2. Make detection position—invariant (whether motif is at position
50 or 52 doesn’t matter much)

Before pooling: [0.2, 0.0, 8.5, 7.3, 0.1, 0.3]
Max pooling (window=2): [0.2, 8.5, 0.3]
T T T
Take max from each pair

Biological intuition: “Is there a GATA motif somewhere in this region?” is often more important than “Is
there a GATA motif exactly at position 577"

Stacking layers builds complexity

* Layer 1 filters: Detect simple patterns (single motifs like “GATA”)
« Layer 2 filters: Combine Layer 1 patterns (motif combinations like “GATA + CCAAT”)

* Layer 3 filters: Detect higher-level structures (complete regulatory modules)

This is hierarchical feature learning—ijust like how your visual system detects edges — shapes — objects!

CNN Architecture for Genomics

A typical CNN for sequence analysis:

Input: DNA sequence (1000 bp x 4 channels)
4
Conv Layer 1: 128 filters, size 8
1 (128 feature maps)
ReLU + Max Pool (window=2)
4
Conv Layer 2: 64 filters, size 8
1 (64 feature maps)
ReLU + Max Pool (window=2)
4
Flatten -+ Fully Connected Layer - Output

Parameter efficiency: — Input: 1000 x 4 = 4000 values — Conv1: Only 8 x 4 x 128 = 4,096 weights (reused
at all positions!) = Compare to fully-connected: Would need 4000 x hidden_size weights

[Optional: The Math]

At each position i, the convolution output is:
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y(i)) = ReLU( 2 O w()) - x(i+j) + b )

where w is the filter weight vector, x is the input sequence, and b is a bias term. The same w
and b are used at every position—this is weight sharing.

Real Applications: DeepSEA

What is DeepSEA? A CNN-based model that predicts chromatin features directly from DNA sequence
(Zhou & Troyanskaya 2015, Nature Methods).

Task: Given a 1000bp DNA sequence, predict 919 chromatin features: - Transcription factor binding -
Histone modifications (H3K4me3, H3K27ac, etc.) — DNase hypersensitivity — Across 125 cell types

Training data: DeepSEA and similar CNN models were trained on massive public epigenome datasets:
Major Genomics Consortia Data

ENCODE (Encyclopedia of DNA Elements)

Goal: Catalog all functional elements in the human genome

Data: 10,000 experiments across cell types

Includes: TF binding, histone marks, chromatin accessibility, RNA expression
Why it matters: Provides ground truth labels for training Al models

Roadmap Epigenomics

Goal: Map epigenomic landscapes across human tissues

Data: 111 reference epigenomes

Focus: DNA methylation, histone modifications, chromatin states

Why it matters: Shows how the same DNA sequence has different functions in different cell
types

FANTOM (Functional Annotation of the Mammalian Genome)

Goal: ldentify transcription start sites and enhancers

Data: Cap Analysis Gene Expression (CAGE) across hundreds of samples
Why it matters: Defines where transcription actually begins genome-wide

Why it matters: A single nucleotide change can disrupt a binding site. DeepSEA can predict this effect
without doing expensive experiments!

When to Use CNNs

[ Good for: = DNA/RNA/protein sequences (motif detection) = ChIP-seq peak analysis — Splice site
prediction — Microscopy images (cell classification) — Any data with local spatial patterns

X Not ideal for: — Time series where global order matters (use RNN/LSTM) - Very long-range dependen-
cies ()1000bp apart, use Transformer) — Small datasets (CNNs need lots of training data)

4.2 Recurrent Neural Networks (RNNs): Processing Sequential Data

[Biological Analogy] RNNs are like reading a protein sequence one amino acid at a time, updating
your interpretation as you go—each new residue informs your understanding of the whole
chain’s function.

The Problem: Time Matters

Imagine predicting gene expression at hour 24 based on measurements at hours 0, 6, 12, 18:
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Hour: 0 6 12 18 24
Expression: 2.3 4.1 7.8 6.2 777

The challenge: Expression at hour 24 doesn’t just depend on hour 18—it depends on the entire trajectory.
Did expression increase gradually (2.3—4.1—7.8) or spike suddenly? This history matters!

CNNs can’t handle this well because: - They look at fixed windows (e.g., hours 12-18) — They don’t
“remember” what happened at hour O — They process everything at once, not sequentially

We need a network that processes sequences one step at a time, maintaining memory of what came
before.

The Core Idea: Hidden State as Memory

An RNN maintains a hidden state that gets updated at each time step. Think of it as the network’s
“memory” or “notes” that it carries forward.

h (initial memory: empty)
4
x = [RNN] - h - output
+
x - [RNN] » h - output
4
x - [RNN] » h - output

At each step: 1. Take current input (e.g., expression at hour 6) 2. Take previous memory (what happened
before) 3. Combine them to create updated memory 4. Optionally produce an output

The hidden state is like taking notes as you read a story—each new sentence updates your understanding!

How RNNs Work (Simplified)

At each time step, the RNN does two things:
1. Update memory:

new_memory = combine(current_input, previous_memory)
2. Produce output:

output = process(new_memory)

Key point: The same processing happens at every time step—the network uses the same “rules” through-
out the sequence.

Example: Predicting Gene Expression

Let’s predict expression at hour 24:

Input sequence: [2.3, 4.1, 7.8, 6.2] (hours 0, 6, 12, 18)
Target: 5.5 (hour 24)

Processing step by step:

Hour 0: Input: 2.3 — Memory: ‘| saw expression = 2.3”

Hour 6: Input: 4.1 + Previous memory — Memory: “| saw 2.3, then 4.1 (increasing trend!)”

Hour 12: Input: 7.8 + Memory — Memory: “Expression is rising: 2.3 - 4.1 —7.8"

Hour 18: Input: 6.2 + Memory — Memory: “Rose to 7.8, then dropped to 6.2 (peak and decline!)”

Final prediction: Based on memory “peaked at 7.8, now declining to 6.2” — Prediction: ~5.5
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The final memory contains information about the entire trajectory!
[Optional: The Math]
At each step t, the RNN update is:
h(t) = tanh(WO - x(¥) + WO - h(t-1) + b)
output(t) = WO - h(t)
where W[, W[, W[ are weight matrices shared across all time steps.

Connection to Chapter 2: This is like Bayesian updating! Each new observation updates the network’s
“belief” (hidden state) about what’s happening.

The Vanishing Gradient Problem
RNNs have a serious limitation: they forget long—term dependencies.

Why? During training, the network needs to learn from examples that happened many steps ago. But as
gradients flow backward through time, they get weaker and weaker—like a whisper that fades as it travels
through a long corridor.

In practice: Basic RNNs can only remember ~10 time steps back. For biology, this is problematic: — Splice
sites can be 100+ nucleotides apart — Regulatory interactions span kilobases — Cell differentiation involves
many sequential decisions

Imagine trying to predict the ending of a book but only remembering the last 2 pages—that’s the vanishing
gradient problem!

Solution: Long Short-Term Memory (LSTM) networks.

4.3 Long Short-Term Memory (LSTM): Solving the Memory Problem

[Biological Analogy] LSTMs are like immunological memory—they can retain information about
early antigens even after many cell divisions, selectively keeping important signals while dis-
carding noise.

The Core Idea: Selective Memory with Gates
LSTMs solve the forgetting problem with a clever mechanism: gates that control information flow.

Think of memory like a notepad where you can: - Erase old information (forget gate) — Write new infor-
mation (input gate) — Read selected information (output gate)

Unlike basic RNNs that gradually forget everything, LSTMs actively choose what to remember and what
to forget!

How LSTMs Work (Intuitive Explanation)

At each time step, an LSTM asks three questions:

1. What should | forget? (Forget gate) — “The gene was highly expressed 5 hours ago, but that doesn’t
matter anymore” — Controlled by a forget gate (values 0 to 1) = 0 = completely forget — 1 = completely
keep

2. What should | remember? (Input gate) — “A transcription factor just bound—this is important!” -
Controlled by an input gate (values 0 to 1) — 0 = ignore this new information — 1 = store this information
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3. What should | output? (Output gate) - “Based on everything | know, what’s relevant right now?” -
Controlled by an output gate (values 0 to 1) = 0 = don’t output this memory = 1 = output this memory

LSTM Architecture (Simplified)
An LSTM has two types of memory:

Cell state (C): Long-term memory storage
4
Hidden state (h): What's currently active/relevant

The cell state is like a conveyor belt that carries information forward, with gates deciding what gets added
or removed along the way.

[Optional: The Math]
The three gates are computed as:

* Forget gate: f(t) = 6( WF - [h(t=1), x(t)] + bf)
* Input gate: i(t) = 6( Wi - [h(t=1), x()] + bi )
* QOutput gate: o(t) = 6( Wo - [h(t-1), x(t)] + bo)

Cell state update: C(t) = f(t) ® C(t-1) + i(t) ® tanh( Wc - [h(t-1), x(1)] + bc)

where ¢ is the sigmoid function (outputs 0-1) and @ is element-wise multiplication.

Example: Remembering Splice Sites
Imagine an LSTM processing a gene sequence to predict splice sites:
Position 1-50: Exon sequence

Memory: "I'm in an exon" (stored in cell state)
Output: "Not a splice site"

Position 100: Donor site (GT)

Forget gate: "Keep exon memory" (forget = 0.9, keep most of it)
Input gate: "Remember this GT!" (input = 1.0, store strongly)
Updated memory: "Was in exon, now saw donor site GT"

Output: "This is a donor splice site!"

Position 101-500: Intron sequence

Forget gate: "GT is still relevant, but exon info can fade"
Cell state: Maintains "GT donor site" memory across 400 nucleotides

Position 530: Acceptor site (AG)

Cell state still remembers: "Saw GT donor 430 nt ago"
Input gate: "Remember this AG!"
Output: "This AG pairs with the GT I saw earlier-it's an acceptor!"

The key insight: The cell state carried “GT donor” information across 430 nucleotides—something basic
RNNs can’t dol!
Why LSTMs Solve Vanishing Gradients

» Basic RNN: Gradients multiply at each step — become tiny
+ LSTM: Gradients can flow directly through the cell state — stay strong
* Intuitively: Cell state is a protected “highway” where information travels unchanged
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Related Application: SpliceAl as a Convolutional Alternative

SpliceAl (Jaganathan et al., 2019) predicts splice sites using a deep residual convolutional network rather
than an LSTM. It is useful to mention here because it solves the same biological problem LSTMs were
designed to address: carrying sequence context across hundreds to thousands of nucleotides.

Task: Given a gene sequence, predict: — Splice donor sites (GT) — Splice acceptor sites (AG) — Neither
Challenge: Splice sites can depend on regulatory elements hundreds or thousands of nucleotides away.

Impact: Predicts how variants affect splicing—a mutation far from the canonical GT-AG splice dinu-
cleotides can disrupt splicing by altering regulatory sequence.

Bidirectional LSTMs: Reading Both Directions

For many biological sequences, context matters in both directions:

+ Look backward
ATCGI[?] TAGC
-+ Look forward

Bidirectional LSTM: Process the sequence twice: 1. Left—-to-right (forward direction) 2. Right-to-left
(backward direction) 3. Combine both at each position

Example: Protein secondary structure prediction needs context from both amino acids before and after
each position.

When to Use RNNs/LSTMs

[ Good for: — Time series (gene expression over time) — Sequential data where order matters — Variable—
length sequences — Predicting next step based on history

X Not ideal for: - Very long sequences ()500 steps, use Transformers) — When you need fast training
(RNNs are slow) — Spatial patterns without temporal order (use CNN)

4.4 Transformers: Attention is All You Need

[Biological Analogy] The Transformer attention mechanism is like a transcription factor that can
“attend” to all accessible chromatin regions simultaneously, not just nearby ones—it can detect
a distant enhancer at 50 kb as easily as one at 500 bp.

The Problem with RNNs/LSTMs
Even LSTMs have limitations:

1. Sequential processing: Must process step 1 before step 2 before step 3-- — Can’t parallelize — slow
training on GPUs - For 1000bp sequence, takes 1000 sequential operations

2. Still limited range: While better than RNNs, LSTMs struggle with dependencies 500+ steps apart — An
enhancer at position 1 affects a gene at position 800 - LSTM’s memory weakens over long distances

3. No direct “importance” mechanism: LSTM learns what’s important implicitly, but can’t explicitly say
“position 500 is crucial for position 800"

Transformers solve all three problems with a revolutionary idea: attention.
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The Core Idea: Attention Mechanism

Instead of reading a sequence step—by-step, look at all positions at once and learn which ones are im-
portant for each other.

Analogy: You’'re writing a research paper. Instead of reading all 50 references sequentially, you: 1. Skim
all references simultaneously 2. Identify which ones are relevant for each section 3. Focus attention on
relevant ones

For genomics: When processing position 800 (a promoter), the Transformer can directly look at position
500 (an enhancer) without reading through positions 501-799!

How Attention Works (Simplified)

The key insight: Each position asks “Who should | pay attention t0?” and gets answers from all other
positions.

Three simple steps:
1. Each position announces what it has:

Position 500: "I'm an enhancer with GATA binding site"
Position 800: "I'm a promoter for gene X"

2. Each position asks what it needs:

Position 800 asks: "Where are my enhancers?"
Position 500 responds: "I'm an enhancer!" (high relevance)
Position 300 responds: "I'm in a coding region" (low relevance)

3. Each position gets information from relevant positions:

Position 800: Pays 70% attention to position 500 (enhancer)
Pays 5% attention to position 300 (coding)
Pays 25% to other positions

The beautiful part: The Transformer learns which positions are relevant through training!
[Optional: The Math]
For each position, three vectors are computed: Query (Q), Key (K), Value (V).
Attention score: score(Q, K) = QKO /v d
Attention weights: a = softmax(score)
Output: z=a -V

The Query represents “what I’'m looking for,” the Key represents “what | have to offer,” and the
Value is the actual information passed. The division by v d prevents very large dot products.

Visualizing Attention
When you train a Transformer, you can visualize attention weights to see what the model learned.

Example reading: “When processing the promoter at position 800, the model shows high attention weight
(~1.0) at position 501, indicating this position is highly relevant.”

In biology, this might reveal: Position 501 is an enhancer that regulates the gene at position 800—
discovered by the model without being told about such relationships.

82



Multi-Head Attention: Multiple Perspectives

Different biological relationships exist simultaneously: — Enhancer—promoter interactions — Transcription
factor binding sites - Chromatin loop anchors

Solution: Use multiple “attention heads,” each learning different relationships:

Head 1: Learns enhancer-promoter pairs
Head 2: Learns transcription factor sites
Head 3: Learns splice site pairs

Head 4: Learns chromatin structure

It's like having multiple experts, each specializing in different types of genomic relationships!

Key Advantages of Transformers

1. Parallel processing: Look at all positions simultaneously — fast training

2. Long-range dependencies: Position 1 can directly attend to position 1000 — no distance limit
3. Interpretability: Visualize attention weights — see what the model learned

Connection to Chapters 2-3: Remember Bayesian inference from Chapter 2? Attention is like computing
“how much does this piece of evidence matter for my prediction?” The Transformer learns these relevance
weights automatically!

Real Applications: Enformer

Enformer uses Transformers to predict gene expression from DNA sequence (Avsec et al 2021, Nature
Methods):

Task: Given 200kb of DNA sequence, predict: — Gene expression in 5,313 experiments — Chromatin
accessibility — Histone modifications

Architecture: — Convolutional layers (extract local features) — Transformer blocks (capture long-range in—
teractions) — Can see relationships across entire 200kb!

Key discovery: The model used sequence information from distal enhancers tens of kilobases away and
prioritized enhancer—gene links that agreed with CRISPRi and chromatin evidence. This suggests that
Transformer-style long-range integration can recover some regulatory relationships from sequence, but
attention patterns should still be treated as hypotheses rather than direct measurements of 3D contacts.

Why it matters: When you find a disease variant, Enformer can predict whether it affects a distant gene’s
expression, even without doing experiments.

When to Use Transformers

0 Good for: - Long sequences (1000bp to 200kb+) — Long-range dependencies (enhancers, 3D structure)
- When you have lots of data = When you need interpretability (attention maps)

X Not ideal for: = Small datasets (Transformers are data—hungry) — Very short sequences ({100bp) - Lim-
ited computational resources (Transformers are expensive) — Simple local patterns (CNN is more efficient)

4.5 Choosing the Right Architecture
Decision Framework

Ask yourself these questions:
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1. What structure does my data have? — Local spatial patterns (motifs in sequence) — CNN - Sequential
with temporal order (time series) — RNN/LSTM

- Long-range dependencies (distant regulatory elements) — Transformer — No special structure (tabular
data) — Fully-connected

2. How long are the sequences/dependencies? - Short ({50 positions) — CNN - Medium (50-500 posi-
tions) — LSTM - Long (500+ positions) — Transformer

3. How much data do you have? - Small ({10,000 samples) — CNN or small LSTM - Large (»100,000
samples) — Transformer

4. Do you need interpretability? - Yes — Transformer (attention maps) or CNN (filter visualization) - Less
important — Any architecture

Quick Reference Table

Your Task Recommended Architecture Why
Find TF binding motifs CNN Local
patterns,
position—
independent
Predict splice sites Bidirectional LSTM or Transformer Need
context
from both
directions
Classify cell types from Fully-connected No spa-—
expression tial/temporal
structure
Predict next time point in LSTM Sequential
trajectory dependen-
cies
Find enhancer—-promoter Transformer Long-range
pairs dependen-
cies
(10-100kb)
Segment cells in CNN (U-Net) Spatial
microscopy image
patterns
Predict protein structure Transformer Long-range
contacts residue

interactions

Hybrid Architectures Often Work Best

Real-world problems often combine architectures:
CNN + Transformer (like Enformer):

CNN extracts local features (motifs)
{

Transformer captures long-range interactions (regulatory elements)
L

Final prediction

Why hybrid? CNNs are efficient for local patterns, Transformers excel at long-range. Use each for what
it's good at!
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Practical Advice

Start simple, then add complexity: 1. Try a simple CNN first 2. If it doesn’t capture all patterns, add LSTM
or Transformer layers 3. If still not enough, try ensemble (combine multiple models)

Don’t over—engineer: — For 100bp sequences, CNN is probably enough - For 10kb with clear long-range
effects, go straight to Transformer — For time series with {20 time points, simple LSTM works

Summary
Key Concepts

1. Different architectures for different data structures: - CNNs: Sliding filters detect local patterns (motifs,
features) - RNNs/LSTMs: Sequential processing with memory (time series, trajectories) — Transformers:
Attention mechanism for long-range dependencies (regulatory elements)

2. Why these architectures matter: — Match architecture to data structure — better performance — Wrong
architecture — can’t learn important patterns — Right architecture — learns efficiently with less data

3. Trade-offs: - CNNs: Fast, efficient, but limited range — LSTMs: Handle sequences well, but slow and
limited range — Transformers: Long-range, interpretable, but expensive

4, Practical guidance: - Start with simpler architectures — Use hybrid approaches for complex problems -
Consider computational constraints - Visualize what models learn (filters, attention)

5. Connection to foundations: - All use gradient descent (Chapter 3) — All perform Bayesian updating
(Chapter 2) — Architecture determines what patterns they can learn

[0 Key Terms

Term

Definition

Convolutional Neural Network
(CNN)

Filter/Kernel

Feature map

Pooling

Recurrent Neural Network (RNN)
Hidden state

Vanishing gradient

LSTM

Gates

Transformer

Attention

Multi-head attention
Bidirectional

Receptive field

Architecture using sliding filters to detect local patterns

Small matrix of weights that slides across input

Output showing where patterns were detected
Summarizing/reducing spatial dimensions

Architecture processing sequences step—by—step

RNN’s memory carried forward across time steps

Problem where gradients become too small to enable learning
RNN variant with gates to control memory

Mechanisms controlling information flow (forget, input, output)
Architecture using attention for long-range dependencies
Mechanism for weighting importance of different positions
Multiple attention mechanisms learning different relationships
Processing sequence in both forward and backward directions
Range of input that affects a particular output

Test Your Understanding

1. Architecture intuition: You need to predict whether a 500bp DNA sequence is an active enhancer.
The key features are: (1) presence of TF binding motifs (8-15bp each) and (2) specific combinations
of motifs within 100bp windows. Would you use CNN, LSTM, or Transformer? Why?
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2. CNNs and weight sharing: Explain why using the same filter at every position (weight sharing) is
useful for finding motifs. What would happen if each position had its own unique filter?

3. Memory and biology: LSTMs can “remember” information across long sequences. Give two biological
examples where this long—term memory would be crucial for making accurate predictions.

4. Attention visualization: If you visualize attention weights from a Transformer trained on gene reg-
ulation, and you see strong attention between position 1000 and position 50000, what biological
relationship might this reveal? How would you experimentally validate this?

5. Comparing approaches: You have three models for splice site prediction:

» Model A (CNN): 95% accurate, trains in 2 hours
* Model B (LSTM): 96% accurate, trains in 12 hours
* Model C (Transformer): 97% accurate, trains in 5 hours, but needs 10x more training data

Which would you choose if you have: (a) limited data, (b) limited time, (c) need best accuracy re—
gardless of cost?

6. Hybrid reasoning: Enformer uses CNNs followed by Transformers. Why not just use Transformers
from the start? What advantage does the CNN provide?

7. Bidirectional context: When would you want bidirectional processing instead of forward-only? Give
a specific biological example where information from both directions matters.

8. Architecture limitations: What problems would arise if you tried to use a CNN to predict gene ex—
pression 24 hours from now, given measurements from hours 0, 6, 12, 18? What about using an
LSTM?

Further Reading
Foundational Papers

CNNs for Genomics: - Zhou & Troyanskaya (2015) “Predicting effects of noncoding variants with deep
learning—based sequence model.” Nature Methods 12:931-934. - DeepSEA: First major success of
CNN's for regulatory genomics — DOI: 10.1038/nmeth.3547

Transformers: - Vaswani et al. (2017) “Attention is all you need.” NeurlPS 2017. - The original Transformer
paper — arXiv:1706.03762

« Avsec et al. (2021) “Effective gene expression prediction from sequence by integrating long-range
interactions.” Nature Methods 18:1196-1203.
— Enformer: Transformer for genomics with 200kb context
- DOI: 10.1038/s41592-021-01252~-x

Reviews

* Eraslan et al. (2019) “Deep learning: new computational modelling techniques for genomics.” Nature
Reviews Genetics 20:389-403.
- DOI: 10.1038/s41576-019-0122-6
+ Zou et al. (2019) “A primer on deep learning in genomics.” Nature Genetics 51:12-18.
- DOI: 10.1038/s41588-018-0295-5

Online Resources

* The lllustrated Transformer by Jay Alammar
— http://jalammar.github.io/illustrated-transformer/
* Distill.pub: Attention and Augmented RNNs

86


https://doi.org/10.1038/nmeth.3547
https://arxiv.org/abs/1706.03762
https://doi.org/10.1038/s41592-021-01252-x
https://doi.org/10.1038/s41576-019-0122-6
https://doi.org/10.1038/s41588-018-0295-5
http://jalammar.github.io/illustrated-transformer/

- https://distill.pub/2016/augmented-rnns/

What's Next?

You now understand the three major neural network architectures and when to use each!

You’ve learned: — CNNs detect local patterns efficiently

- LSTMs handle sequential dependencies with memory

- Transformers capture long—range interactions through attention
- How to choose the right architecture for biological problems

Before moving on, make sure you can: - [ ] Explain how CNNs use filters to detect motifs — [ ] Describe
why LSTMs solve the vanishing gradient problem - [ ] Explain attention mechanism in simple terms - [ ]
Choose appropriate architecture for a biological problem

Self-check: 1. What’s the key advantage of CNNs over fully—connected networks for sequence data? 2.
Why can’t basic RNNs remember patterns from 100 steps ago? 3. How do Transformers “see” long-range
dependencies? 4. When would you use a hybrid CNN+Transformer architecture?

[0 Continue to Chapter 5: Genetic Variation and Genomic Technologies

“The future of biology is at the intersection of experiments and computation. Neither alone is sufficient.”

Chapter 5: Genetic Variation and Genomic Technologies

Interactive: Chapter 5

4,100,000.

That is approximately how many positions in your DNA differ from the person sitting next to you in class
right now. Not approximate — not “a lot” — a specific, enumerable number. If you printed those differ-
ences on paper, one variant per line, you would fill 82,000 pages. Stack those pages and the pile would
be taller than you are.

Somewhere in that stack — perhaps on page 47,231 or page 81,003 — there might be a single line that
explains why your family has a history of early-onset heart disease, or why you can taste bitter compounds
in broccoli that your roommate cannot, or why a drug that works for most people gives you a side effect
that mystifies your physician. One line in 82,000 pages. And that is assuming the answer lies in a single
variant. Many traits and diseases arise from combinations: two variants that are harmless alone but
disruptive together, or a common variant that only matters in a particular environmental context.

For most of human history, this stack was invisible. We knew that heredity existed, that traits ran in
families, that identical twins were more similar than fraternal ones — but the molecular substrate was
opaque. The sequencing revolution of the last two decades cracked it open. We can now read every letter
of a person’s genome in a matter of days, for a cost that continues to fall. The stack has become legible.
The problem, now, is navigation.

This chapter is about the technologies that generate the stack, the types of variants it contains, and the
computational strategies that make it navigable. It is the problem that motivates everything that follows
in this book — because before Al can help us interpret variation, we need to understand what variation is,
how we measure it, and why the sheer scale of it demands something smarter than a manual search.
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The Biological Challenge: Scale, Complexity, and the Noncoding Genome

Before we can apply Al to interpret genetic variants, we need to understand what we're dealing with. The
human genome presents several interconnected challenges:

Challenge 1: Sheer Volume

Each human genome contains approximately 4-5 million variants compared to the reference genome
(GRCh38). These include: - ~3.5 million single nucleotide variants (SNVs) — ~500,000 small insertions and
deletions (indels, 1-50 bp) - ~5,000-10,000 structural variants ()50 bp)

If you examined one variant per minute, working 24/7, it would take over 7 years to review a single genome.
We’'re now sequencing hundreds of thousands of genomes per year. Manual review is impossible.

Challenge 2: Most of the Genome Isn’t Genes

Only about 1.5% of the human genome codes for proteins (exons). Yet variants outside protein—coding
regions can have profound functional impacts: — Promoters control when and where genes are expressed
- Enhancers can be located millions of base pairs away from their target genes — Silencers repress gene
expression — Splice sites determine which parts of genes are included in final transcripts — Long-range
regulatory elements coordinate expression of multiple genes

A variant in an enhancer 500 kilobases upstream of a critical developmental gene can be just as impactful
as a variant that changes an amino acid in that gene’s protein. But we have far less understanding of how
noncoding variants work.

Challenge 3: Context Matters

The same DNA sequence can have completely different functions depending on: — Cell type: An enhancer
active in neurons might be inactive in liver cells - Developmental stage: Critical during embryogenesis,
irrelevant in adults — Environmental conditions: Some regulatory elements respond to hormones, nutrients,
or stress — Genetic background: Variants interact with each other

A variant that’s harmless in most people might have functional impact when combined with other variants.
We call these epistatic interactions, and they’re everywhere.

Challenge 4: Limited Experimental Capacity

How do we figure out what variants actually do? The gold standard is experimental testing: — Introduce
the variant into cells using CRISPR - Measure gene expression changes — Assess cellular phenotypes -
Test in animal models

But this approach costs $10,000-$50,000 per variant and takes weeks to months. With 4-5 million variants
per genome, experimental validation of everything is neither practical nor affordable.

We need computational predictions to prioritize which variants are worth experimental follow—-up.

Learning Objectives
By the end of this chapter, you will be able to:

O Distinguish between SNVs, indels, and structural variants and explain their relative frequencies
O Describe the major genome sequencing technologies and their advantages for variant detection
O Explain why noncoding variants are harder to interpret than coding variants

O Identify the key functional categories of noncoding regulatory elements

O Understand how variant allele frequency relates to functional impact
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O Explain why experimental validation cannot scale to millions of variants
O Describe the concept of variant pathogenicity and why it's complex for noncoding variants

5.1 Types of Genetic Variation

Human genetic diversity is beautiful and complex. Let’s start with the major categories of variation and
what they mean biologically.

5.1.1 Single Nucleotide Variants (SNVs)

The most common type of genetic variation is the single nucleotide variant (SNV)—one DNA base differs
from the reference genome.

Example:
Reference genome: ...ATCG[A]GTCC...

Individual's DNA: ...ATCG[G]GTCC...

SNV: A-G

Key facts about SNVs: - Make up ~85% of all variants — ~3.5 million SNVs per individual genome - Most
are inherited from parents (present in germline) - Some are de novo (new mutations not in parents) -
Distribution: ~38,000 in coding exons, most in noncoding regions

Functional impact depends on location:

In protein—coding regions, SNVs can be: — Synonymous: Change the DNA but not the amino acid (due to
genetic code redundancy) — Example: GAA — GAG (both code for glutamate) — Usually neutral, though
can affect splicing or mRNA stability

» Missense: Change one amino acid to another
— Example: GAA (glutamate) — AAA (lysine)
— Impact ranges from neutral to severe depending on:
% Chemical properties (charged — uncharged is more disruptive)
% Location (active site vs. surface)
% Conservation (changing a conserved residue is riskier)
* Nonsense: Create a premature stop codon
— Example: TGG (tryptophan) — TGA (stop)
— Usually severe—truncated protein often nonfunctional
- Can trigger nonsense-mediated decay (mMRNA destroyed)

In noncoding regions, SNVs can affect: — Transcription factor binding sites — Splicing signals — RNA sec—
ondary structure — Long-range regulatory interactions
5.1.2 Insertions and Deletions (Indels)

Indels are small insertions or deletions, typically 1-50 base pairs.

Example of a 2 bp deletion:

Reference: ...ATCGAA[GT]CCTA...
Individual: ...ATCGAA[--]CCTA...
deletion

Key facts about indels: — ~500,000 indels per genome - ~15% of all variants — Can be inherited or de novo
- Particularly important in repetitive sequences
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In protein—coding regions: — Frameshift indels: Not a multiple of 3 bp — Shift the reading frame — Usually
severe—completely alters downstream protein sequence — Example: Deletion of 2 bp shifts all subsequent
codons

* In—frame indels: Multiples of 3 bp
— Add or remove amino acids without shifting frame
- Impact varies (can be neutral or severe)
— Example: 3 bp deletion removes one amino acid

In noncoding regions: — Can create or destroy regulatory motifs — Affect spacing between regulatory
elements — Alter DNA shape and flexibility

5.1.3 Structural Variants (SVs)

Structural variants are large—scale genomic changes, typically )50 bp, often much larger (kilobases to
megabases).

Types of SVs:

1. Deletions: Large segments removed
» Can delete entire genes or regulatory regions
« Example: 22g11.2 deletion syndrome (DiGeorge syndrome)—3 megabase deletion affecting
~90 genes
2. Duplications: Segments copied
 Gene dosage effects (too much of a protein)
* Example: PMP22 duplication causes Charcot-Marie-Tooth neuropathy
3. Inversions: Segment flipped orientation
» Can disrupt genes at breakpoints
+ Can separate genes from regulatory elements
4. Translocations: Segments moved between chromosomes
* Classic example: BCR-ABL fusion in chronic myeloid leukemia
5. Copy number variants (CNVs): Deletions or duplications
» ~5,000-10,000 per genome
+ Can affect gene dosage
+ Some are common and benign, others cause disorders

Detection challenges: - Require specialized analysis methods — Short-read sequencing can miss some
SVs - Long-read sequencing (PacBio, Oxford Nanopore) improves detection — Often underappreciated in
clinical diagnostics

5.1.4 Variant Allele Frequency and Functional Impact

Not all variants are created equal. One key predictor of functional impact is how common a variant is in
the population.

The logic: — Variants with severe functional impact reduce reproductive fitness — Natural selection removes
them from the population over generations — Therefore, common variants are usually neutral or mildly
beneficial — Rare variants are enriched for those with functional impact

Allele frequency categories:

« Common ()1% frequency):

— Present in millions of people

— Generally neutral or mildly deleterious

— Examples: APOE &4 allele (~15% frequency, risk factor for Alzheimer’s)
* Low frequency (0.1-1%):

— Present in thousands to millions

- Mixed bag—some neutral, some with mild effects
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« Rare (0.1%):
— Present in dozens to thousands
— Enriched for functional variants
— Focus of clinical sequencing
* Ultra—rare ({0.01%):
— Seen in very few individuals or families
— Highest enrichment for disorder—causing variants
— But also includes recent neutral mutations
+ De novo (not in parents):
— New mutation in the individual
— ~70 de novo variants per person
— Important in conditions affecting reproductive fitness

Important caveat: This is a statistical tendency, not a rule. Some common variants do have functional
impact (e.qg., sickle cell allele is protective against malaria). And most rare variants are still neutral—they’re
just rare because they arose recently.

5.2 Genome Sequencing Technologies

Understanding genetic variation requires the ability to accurately read DNA sequences. Let's explore the
major technologies and their trade—-offs.

5.2.1 From Microarrays to Whole—-Genome Sequencing

DNA Microarrays (SNP chips) - Principle: Hybridization—based detection of known SNPs - Coverage:
500,000 to 5 million pre-selected SNPs - Advantages: — Cheap ($50-$100 per sample) - Fast (thou-
sands of samples in parallel) = Great for population genetics and GWAS - Limitations: - Only detects
pre-selected variants (can’t discover new ones) — Misses indels, structural variants, rare variants — Not
useful for clinical diagnostics — Use cases: Ancestry testing (23andMe), GWAS studies, agriculture

Whole-Exome Sequencing (WES) - Principle: Sequence only protein—coding exons (~1.5% of genome) —
Coverage: ~20,000 genes, ~180,000 exons — Advantages: — Cheaper than whole-genome ($300-$500) -
High depth of coverage ()100x) - Enriched for functional variants in genes — Standard for clinical diagnostics
- Limitations: — Misses noncoding variants (promoters, enhancers, etc.) - Variable coverage at exon
boundaries — Misses ~2% of exons due to capture inefficiency — Use cases: Clinical diagnostics, studies
of Mendelian disorders

Whole—-Genome Sequencing (WGS) - Principle: Sequence the entire genome — Coverage: All 3.2 billion
base pairs — Advantages: — Detects all variant types (SNVs, indels, SVs) — Covers noncoding regulatory
regions — More uniform coverage than WES - Can detect repeat expansions, some epigenetic marks —
Limitations: - More expensive ($600-$1,000, dropping fast) - Generates huge amounts of data (~100
GB per genome) — Harder to interpret (97% is noncoding) — Use cases: Research, comprehensive clinical
diagnostics, population genomics

The trend: WGS costs are dropping rapidly. By 2025, WGS is approaching the cost of WES, making it
increasingly the preferred method.

5.2.2 Short-Read vs. Long-Read Sequencing

Short-Read Sequencing (lllumina) - Read length: 150-300 base pairs — Advantages: — Extremely accurate
(099.9%) - High throughput (billions of reads) — Cost-effective — Dominant platform ()80% of market) —
Limitations: - Struggles with repetitive regions — Can’t span some structural variants - Difficult to phase
variants (determine if on same chromosome) — Hard to assemble de novo genomes — How it works:
Sequencing by synthesis—fluorescently labeled nucleotides incorporated one at a time
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Long—-Read Sequencing

PacBio HiFi - Read length: 10,000-25,000 base pairs (10-25 kb) - Accuracy: ~99.9% (after circular con-
sensus) — Advantages: - Spans repetitive regions — Can phase variants directly — Better SV detection -
Reads through complex genomic regions — Use cases: De novo assembly, SVs, complex regions

Oxford Nanopore — Read length: Up to 2 million base pairs (ultra—long reads!) — Accuracy: ~95-99%
(improving rapidly) - Advantages: - Longest reads available = Real-time sequencing - Portable (MinION
device fits in your hand) — Can detect base modifications (methylation) directly = Unique feature: Mea-
sures ionic current changes as DNA passes through nanopore — Use cases: Structural variants, repeat
expansions, rapid diagnostics

The future: Long-read sequencing is improving rapidly in accuracy and cost. Within 5-10 years, it may
become the standard for comprehensive genomic analysis.

5.2.3 Sequencing Depth and Coverage

Depth and coverage are critical concepts for understanding sequencing quality.

Sequencing depth (or coverage): Number of times a given base is sequenced — Notation: “30x coverage”
means each base is sequenced ~30 times on average — Higher depth = more confident variant calls

Typical depths: - WES: 80-100x in targeted regions — WGS: 30-40x for clinical, 10-15x for population
studies — Single—cell: 0.01-1x (very sparse!)

Why does depth matter?

At 10x depth: - Can reliably detect homozygous variants — Will miss some heterozygous variants (need
reads from both alleles) — Difficult to distinguish true variants from sequencing errors

At 30x depth: - Reliable heterozygous variant calling — Standard for clinical WGS - Good balance of cost
and accuracy

At 100x depth: - Very high confidence — Can detect low-frequency somatic variants (cancer, mosaicism)
- Expensive (3% more data than 30x%)

Coverage uniformity also matters: — Some regions are hard to sequence (GC-rich, repetitive) — “30x
average coverage” might mean some regions are only 5x — Exome capture creates variable coverage
across exons

5.3 The Noncoding Genome: Regulatory Elements

The 98.5% of the genome that doesn’t code for proteins is not “junk DNA.” It's a vast regulatory network
controlling when, where, and how much genes are expressed.

5.3.1 Types of Regulatory Elements

Promoters - Location: Immediately upstream of gene start site (typically within 1 kb) — Function: Binding
site for RNA polymerase and transcription factors — Size: ~100-1,000 bp - Key features: — Core pro-
moter elements (TATA box, Inr, DPE) — Transcription factor binding sites — Often CpG-rich (clusters of CG
dinucleotides) - Impact of variants: Can dramatically alter gene expression levels

Enhancers - Location: Can be far from target gene (often 50-500 kb away, sometimes )1 Mb!) — Function:
Boost transcription of target genes in specific cell types/conditions - Size: ~50-1,500 bp - Key features:
- Multiple transcription factor binding sites (TFBSs) — Cell-type specific activity — Can regulate multiple
genes — DNA loops to contact promoters — Numbers: ~400,000-1,000,000 enhancers in human genome
- Impact of variants: Can cause disorders by altering gene expression in specific tissues
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Classic example: A variant in an enhancer 1 megabase from the SOX9 gene causes campomelic dyspla—
sia (skeletal malformation). The variant doesn’t touch the gene, but disrupts its expression during bone
development.

Silencers — Function: Repress gene transcription — Mechanism: Recruit repressive transcription factors —
Less understood: Historically harder to identify than enhancers — Impact: Variants can cause inappropriate
gene activation

Insulators - Function: Block enhancer—promoter interactions — Mechanism: Create boundaries between
regulatory domains — Key protein: CTCF (binds insulator sites) — Impact: Variants can allow enhancers to
act on wrong genes

Splice Sites — Location: Exon—intron boundaries — Function: Determine which exons are included in mature
mRNA - Critical sequences: - Donor site (GT at start of intron): ...exon|GT...intron — Acceptor site
(AG at end of intron): ...intron...AGlexon... - Branch point (A typically ~20-50 bp before acceptor) -
Impact: Variants can cause: — Exon skipping (entire exon missing from mRNA) - Intron retention (intron not
removed) - Cryptic splice site activation (wrong site used) — These often lead to frameshift or nonsense-
mediated decay

Example: Many variants in the BRCA1 gene associated with cancer risk are actually splice site variants,
not amino acid changes.

5.3.2 Chromatin States and Epigenetic Marks

DNA doesn’t exist naked in the cell—it's wrapped around histone proteins, forming chromatin. The state
of chromatin determines which parts of the genome are accessible.

Histone modifications are chemical tags on histone proteins that mark functional states:

» H3K4me3 (histone H3, lysine 4, tri-methylated):
— Mark of active promoters
— Sharp peaks at transcription start sites
— Used to identify active genes
H3K4me1 (histone H3, lysine 4, mono—methylated):
— Mark of enhancers
— Broader regions
— Often co-occurs with H3K27ac at active enhancers
« H3K27ac (histone H3, lysine 27, acetylated):
— Mark of active regulatory regions
- Distinguishes active from poised/inactive enhancers
— Strong predictor of functional impact
+ H3K27me3 (histone H3, lysine 27, tri-methylated):
— Mark of repressed regions
— Often at developmentally silenced genes
— Polycomb-mediated repression
H3K9me3 (histone H3, lysine 9, tri-methylated):
— Mark of heterochromatin
— Permanently silent regions
— Repetitive elements, centromeres

Chromatin accessibility (open vs. closed): - Open chromatin: DNA accessible to transcription factors -
Measured by: DNase-seq, ATAC-seq - Indicates regulatory regions

* Closed chromatin: DNA tightly wrapped, inaccessible
— Inactive regulatory regions
— Silent heterochromatin
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Why this matters for variant interpretation: - Variants in open chromatin with active histone marks are
more likely to have functional impact — Variants in closed, repressed chromatin are less likely to matter —
Cell-type specificity: Same variant might be in open chromatin in neurons but closed in liver cells

5.4 Experimental Data: The Foundation for Al Models

To build Al models that predict variant impacts, we need training data from experiments. Let’s look at the
major data types.

5.4.1 Chromatin Immunoprecipitation Sequencing (ChIP-seq)
What it measures: Where specific proteins bind to DNA genome-wide

How it works: 1. Crosslink proteins to DNA (formaldehyde) 2. Fragment DNA into small pieces 3. Use
antibodies to pull down specific protein (e.g., a transcription factor) 4. Sequence the DNA fragments that
were bound 5. Map reads to genome to find binding sites

Data output: — Peaks (regions with high read counts) - Indicates where protein was bound - Resolution:
~100-300 bp

Common applications: — Transcription factor ChlP-seq: Find binding sites for specific TFs — Histone modi-
fication ChIP-seq: Map H3K4me3, H3K27ac, etc. — RNA Polymerase Il ChlIP-seq: Find actively transcribed
regions

Example dataset: ENCODE has ChIP-seq data for: — ~600 transcription factors — Dozens of histone mod-
ifications — Across ~100 cell types — Millions of regulatory elements characterized

5.4.2 Assays for Chromatin Accessibility

DNase-seq (DNase | hypersensitivity sequencing) — Principle: DNase | enzyme cuts accessible DNA -
Measures: Regulatory elements, TF footprints — Resolution: ~50-200 bp - Advantages: Gold standard,
high resolution — Limitations: Requires many cells, technically challenging

ATAC-seq (Assay for Transposase—Accessible Chromatin) — Principle: Tnb transposase inserts sequencing
adapters into accessible DNA — Measures: Open chromatin regions — Resolution: ~50-200 bp — Advan-
tages: — Easy protocol — Requires few cells (50,000 cells, or even single cells!) — Fast - Limitations: More
background noise than DNase-seq — Status: Becoming the dominant method

5.4.3 Chromosome Conformation Capture (3C and derivatives)

DNA forms 3D structures in the nucleus. Distant genomic regions physically contact each other, especially
enhancer—promoter pairs.

Hi-C: Genome-wide contacts — Measures: All pairwise interactions across the genome — Resolution: 1
kb to 1 Mb (depends on sequencing depth) — Reveals: — Topologically associating domains (TADs) - A/B
compartments (active vs. inactive) — Specific enhancer-promoter loops — Data size: Huge (billions of read
pairs per experiment)

Promoter-Capture Hi-C - Focus: Interactions involving promoters specifically — Advantages: Enriched for
functional regulatory contacts — Use: Linking enhancers to target genes

Why this matters: - An enhancer variant only matters if it regulates an important gene — Hi-C tells us
which genes an enhancer likely controls — Critical for interpreting noncoding variants
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5.4.4 Massively Parallel Reporter Assays (MPRAs)

The functional testing problem: We can measure chromatin states, but do variants actually affect gene
expression?

MPRA solution: Test thousands of variants simultaneously

How it works: 1. Synthesize thousands of DNA sequences (with and without variants) 2. Each sequence
gets a unique DNA barcode 3. Insert into reporter constructs (sequence — barcode — reporter gene) 4.
Transfect into cells 5. Measure reporter gene expression by sequencing barcodes 6. Compare expression
between variant and reference sequences

Example results: - “Variant A increases expression 2-fold” — likely functional - “Variant B has no effect”
— likely neutral — Test 10,000+ variants in a single experiment

Limitations: - Not in native genomic context — May miss long-range effects — Cell type and condition
specific - Expensive and technically challenging

But: Provides ground truth labels for training Al models!

5.5 The Variant Interpretation Challenge

Now we can see the full scope of the problem. Let’s bring it together.

5.5.1 The Clinical Genetics Workflow
When a patient gets whole-genome or whole-exome sequencing, here’s what happens:

Step 1: Variant Calling — Align sequencing reads to reference genome — Identify positions that differ
(variants) - Filter out low—quality calls — Output: 4-5 million variants (WGS) or ~50,000 (WES)

Step 2: Annotation — Determine genomic context of each variant — Coding vs. noncoding - Gene name
- Consequence type (missense, synonymous, splice site, etc.) - Add population frequencies from
databases (gnomAD) — Add known associations (ClinVar, OMIM)

Step 3: Filtering - Remove common variants ()1% frequency) — Usually neutral — Focus on rare variants
in genes relevant to phenotype — Prioritize by predicted functional impact — This is where Al comes in!

Step 4: Interpretation — Review remaining candidate variants — Check literature on genes - Evaluate
evidence for functional impact — Assess whether variant explains patient phenotype

Step 5: Reporting — Classify variants: — Disorder—causing (pathogenic) - Likely disorder—causing (likely
pathogenic) - Uncertain significance (VUS) - Likely neutral (likely benign) — Neutral (benign) — Report
clinically relevant findings to physician

The bottleneck: Steps 3-5 require expert manual review. A clinical geneticist might spend 4-8 hours per
case. We're sequencing faster than we can interpret.

5.5.2 Why Noncoding Variants Are Harder

Coding variants have clear rules: — Stop codons are usually bad — Frameshifts are usually bad — Changing
a conserved amino acid in an active site is probably bad - We understand the genetic code perfectly

Noncoding variants are murkier: — We don’t know where all regulatory elements are = Even when we
know location, we don’t fully understand the code - Enhancers have complex grammars of multiple TF
binding sites — Spacing and orientation matter — Context-dependent (cell type, developmental stage) -
Effects can be subtle (20% change in expression, not complete loss) — Variants can affect tissue—specific
expression (hard to detect experimentally)
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Example challenge: — A variant in an enhancer might reduce expression of gene X by 30% specifically in
developing neurons during weeks 8-12 of embryonic development — No way to test this experimentally
in humans - Even patient—derived neurons in a dish won’t perfectly recapitulate developmental timing -
We need computational predictions

5.5.3 The Promise of Al

This is where Al shines. Al models can:

1. Learn patterns from large—scale experimental data
+ ENCODE, Roadmap Epigenomics: thousands of experiments
» Learn what makes a functional enhancer
* Learn chromatin signatures of regulatory elements
2. Integrate multiple data types
» Sequence + chromatin state + conservation + 3D structure
+ Capture complex interactions humans can’t easily describe
3. Make predictions for every possible variant
* Once trained, predict in silico (no experiments needed)
* Fast: millions of variants in minutes
» Consistent: same variant always gets same score
4. Prioritize variants for experimental validation
* Rank by predicted impact
* Focus experimental resources on high—priority variants

What we need from Al models: — Accurate predictions of functional impact — Calibrated confidence scores
(know when predictions are uncertain) — Interpretable results (why did the model make this prediction?) -
Generalization across cell types and conditions

Summary
Key Takeaways

* Human genomes contain 4-5 million variants compared to reference; most are neutral, but finding
functional variants is critical for understanding genetic disorders

* Variant types include SNVs (~85%), indels (~15%), and structural variants; each has distinct functional
consequences and detection challenges

+ Sequencing technologies range from cheap microarrays (known variants only) to comprehensive
WGS (all variant types); long-read sequencing is improving detection of complex variants

 The noncoding genome (98.5%) contains vast regulatory networks including promoters, enhancers,
silencers, and insulators; these control gene expression in cell-type and condition-specific ways

 Experimental data (ChIP-seq, ATAC-seq, Hi-C, MPRAs) reveal regulatory element locations and
functions, providing training data for Al models

 Chromatin states (histone modifications, accessibility) indicate functional activity; variants in open,
active chromatin are more likely to have functional impact

+ Clinical variant interpretation requires filtering millions of variants to identify a handful of candidates;
manual review is time-consuming and doesn’t scale

» Noncoding variants are especially challenging due to incomplete understanding of regulatory codes,
context—-dependence, and difficulty of experimental validation

+ Al's promise is learning patterns from large-scale data to predict variant impacts accurately, consis—
tently, and at scale

[ Key Terms
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Term

Definition

Allele frequency
ATAC-seq

ChiP-seq

De novo variant

Enhancer

Epistasis
Frameshift

Hi-C

Indel

Missense variant
MPRA

Nonsense variant

Promoter

Splice site

Structural variant (SV)
Synonymous variant

Variant of uncertain significance
(VUS)

Whole—-exome sequencing (WES)

Whole—-genome sequencing (WGS)

Proportion of individuals in a population carrying a particular
variant; rare variants are enriched for functional impacts

Assay for Transposase—Accessible Chromatin; uses Tnb
transposase to map open chromatin regions genome-wide
Chromatin Immunoprecipitation sequencing; identifies
genome-wide binding sites of specific proteins (transcription
factors, modified histones)

A genetic variant present in an individual but absent from both
parents; arises as a new mutation

Regulatory DNA sequence that increases gene transcription; can
be located far from target gene and functions in cell-type—specific
manner

Interaction between different genetic variants; functional impact
of one variant depends on presence of others

Insertion or deletion that’s not a multiple of 3 base pairs; shifts
reading frame and alters all downstream amino acids
Chromosome conformation capture method that maps all pairwise
3D contacts across the genome; reveals enhancer—promoter
interactions

Insertion or deletion of DNA sequence, typically 1-50 base pairs
in length

SNV that changes one amino acid to another in a protein sequence
Massively Parallel Reporter Assay; tests functional impact of
thousands of variants simultaneously by measuring reporter gene
expression

SNV that creates a premature stop codon, typically resulting in
truncated protein

Regulatory region immediately upstream of gene that controls
transcription initiation; binding site for RNA polymerase and
transcription factors

Sequence at exon—intron boundary that directs splicing; variants
can cause exon skipping or intron retention

Large—scale genomic alteration )50 bp, including deletions,
duplications, inversions, and translocations

SNV that changes DNA sequence but not amino acid due to
genetic code redundancy; usually neutral but can affect splicing
A genetic variant whose functional impact and clinical relevance
are unclear; requires additional evidence

Sequencing of protein—coding regions (~1.5% of genome);
standard for clinical diagnostics

Sequencing of entire genome including noncoding regions;
provides comprehensive variant detection

Test Your Understanding

1. Variant frequency and function: You find a missense variant in a cancer-related gene. In one
database, it's present at 0.01% frequency. In another, it's at 2% frequency. How would these
different frequencies affect your interpretation of whether this variant has functional impact? What

might explain the discrepancy?
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2. Technology trade-offs: A research team wants to study structural variants associated with autism
spectrum disorder. They have budget for either: (a) short-read WGS of 1,000 individuals at 30x
coverage, or (b) long-read WGS of 200 individuals at 30x coverage. What would you recommend
and why? What types of variants might be missed or gained with each approach?

3. Noncoding complexity: Imagine a variant in an enhancer 800 kb upstream of a neurodevelopmen-
tal gene. The variant is heterozygous (one copy affected). It reduces enhancer activity by 25%
specifically in developing neurons. Why would this be difficult to detect experimentally? Why might
patients with this variant show variable phenotypes?

4. Experimental validation priorities: You've identified 50 rare variants in regulatory elements near
genes associated with congenital heart defects. You can functionally test 5 variants using MPRA.
What additional information would help you prioritize which 5 to test? Consider sequence features,
chromatin states, conservation, and Hi-C data.

5. Epistasis: Two variants individually have no functional impact, but when present together in the
same individual, they cause a developmental disorder. Why does this make clinical interpretation
challenging? How might Al models help (or struggle) with detecting such epistatic interactions?

6. De novo variants: A patient has a severe developmental disorder, but trio sequencing reveals only 2
de novo coding variants, both missense variants in genes not previously associated with any disorder.
Neither variant is in a highly conserved position. How would you approach interpreting whether one
of these variants is responsible? What if the causative variant were actually in a noncoding regulatory
element?

7. Cell-type specificity: A variant falls within an enhancer that’s active only in pancreatic beta cells dur-
ing embryonic development (weeks 8-12). The patient has neonatal diabetes. Why is it essentially
impossible to functionally validate this variant in the patient’s cells? How could Al models trained on
embryonic pancreas chromatin data help?

8. Coverage considerations: When doing clinical WGS, some labs use 30x coverage while others use
60x. For a heterozygous rare variant, why might 30x coverage sometimes miss the variant? If budget
is limited, what’s better: sequencing more patients at lower coverage or fewer patients at higher
coverage?

Further Reading
Foundational Papers

« Auton et al. (2015) “A global reference for human genetic variation.” Nature 526:68-74.
— The 1000 Genomes Project final paper; comprehensive catalog of human variation
« Karczewski et al. (2020) “The mutational constraint spectrum quantified from variation in 141,456
humans.” Nature 581:434-443.
— The gnomAD v2 paper; essential resource for variant frequencies
« ENCODE Project Consortium (2012) “An integrated encyclopedia of DNA elements in the human
genome.” Nature 489:57-74.
— The original ENCODE paper; foundation for understanding noncoding genome

Reviews for Understanding Regulatory Elements

« Deplancke et al. (2016) “The genetics of transcription factor DNA binding variation.” Cell 166:538-
554,

- Shendure & Akey (2015) “The origins, determinants, and consequences of human mutations.” Sci-
ence 349:1478-1483.
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 Maurano et al. (2012) “Systematic localization of common disease-associated variation in regulatory
DNA.” Science 337:1190-1195.

Sequencing Technologies

« Wenger et al. (2019) “Accurate circular consensus long-read sequencing improves variant detection
and assembly of a human genome.” Nature Biotechnology 37:1155-1162.

+ Sedlazeck et al. (2018) “Accurate detection of complex structural variations using single—-molecule
sequencing.” Nature Methods 15:461-468.

Clinical Variant Interpretation

- Richards et al. (2015) “Standards and guidelines for the interpretation of sequence variants.” Genet-
ics in Medicine 17:405-424,
— ACMG guidelines for variant classification; clinical standard
* Rehm et al. (2015) “ClinGen—the Clinical Genome Resource.” New England Journal of Medicine
372:2235-2242.

Online Resources

« gnomAD Browser (gnomad.broadinstitute.org) — Explore variant frequencies in ~140,000 individuals
« ENCODE Portal (encodeproject.org) — Download ChlP-seq, ATAC-seq, and other functional ge-
nomics data

UCSC Genome Browser (genome.ucsc.edu) — Visualize genomic regions with annotations

¢ ClinVar (ncbi.nlm.nih.gov/clinvar) — Database of clinically relevant variants with interpretations

What's Next?

Now that you understand the scale and complexity of genetic variation, we’re ready to explore how earlier
computational tools attempted to tackle variant interpretation.

In Chapter 6, we'll explore: — Why evolutionary conservation is predictive of functional impact - Traditional
tools like SIFT and PolyPhen-2 - Conservation scoring methods (GERP, phyloP, phastCons) — How these
approaches prioritize variants for clinical investigation — The limitations that motivate machine learning
approaches

Before moving on, make sure you: - [ ] Understand the differences between SNVs, indels, and SVs - [ ]
Can explain why rare variants are enriched for functional impacts - [ ] Know the major types of noncoding
regulatory elements — [ ] Appreciate the scale challenge (millions of variants per genome) - [ ] Have
explored the gnomAD or ENCODE websites

Ready? Let's see how conservation analysis and traditional tools approach variant interpretation!

Chapter 6: Evolutionary Conservation and Traditional Tools

Interactive: Chapter 6

In 1975, Mary-Claire King and Allan Wilson published a paper that would quietly reshape how scientists
think about the genome. Working with protein sequences from humans and chimpanzees, they found
something that startled the field: the two species were, at the protein level, approximately 99% identical.
Chimpanzees and humans share roughly the same hemoglobin, the same cytochrome ¢, the same albumin.
By the molecular measure of their proteins, they are barely distinguishable.
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Yet the differences between a human and a chimpanzee — in cognition, in language, in anatomy, in the
arc of development from embryo to adult — are not subtle. Something had to explain the gap between
molecular similarity and biological divergence. King and Wilson proposed that the answer lay not in the
proteins themselves but in how and when those proteins are expressed — in the regulatory sequences
that control gene activity across development. The genes were the same; the instructions for using them
were different.

This paper planted a seed for a powerful idea that would take decades to fully germinate: if a sequence is
identical across species separated by millions of years of evolution, it must be doing something critically
important. Natural selection is conservative. Change costs something. Mutations that break essential
functions disappear because organisms carrying them fail to reproduce. The sequences that persist un—
changed across fish, mice, dogs, and humans do so because evolution has had millions of opportunities
to alter them, and every time it tried, the result was worse. Unchanged means indispensable.

The converse also holds: sequences that vary freely across species are probably tolerant of change. They
can be modified without consequence, and so they accumulate differences over time. This asymmetry —
conservation as a signal of function, variability as a signal of flexibility — is the foundation of everything in
this chapter. It gives us, without a single additional experiment, a way to read the functional importance
of any nucleotide directly from the record of life’s history.

The Biological Challenge: Why We Need Conservation—Based Prediction

The scale of modern genomics creates a fundamental problem: we can sequence genomes faster than
we can understand them. A single whole-genome sequence generates millions of variants. Even after
filtering by frequency and focusing on coding regions, we’'re left with thousands of candidate variants that
could potentially cause disorders.

We can’t functionally test every variant. Here's why:

Time constraints: Functional experiments take weeks to months per variant. A patient with an undiag—
nosed disorder needs answers in weeks or months, not years.

Cost barriers: Each functional assay costs $2,000-10,000 depending on complexity. Testing thousands
of variants would cost millions of dollars per patient—completely impractical for clinical diagnostics.

Technical limitations: Many human proteins can’t be easily studied in cell culture or model organisms.
Some require specific developmental contexts, cell types, or tissue environments that are difficult or
impossible to recreate experimentally.

Phenotype complexity: Even when we can test a variant, interpreting the results isn’t straightforward. A
protein might retain 80% of its normal function—is that enough? Does partial loss of function cause a
disorder? The answer depends on the gene and the biological context.

But here’s the key insight that makes variant prioritization possible: evolution has already done millions of
experiments for us.

Every species alive today represents a lineage that has survived millions of years of natural selection.
Mutations that break critical biological functions tend to disappear because organisms carrying them don’t
survive to reproduce. Meanwhile, mutations in less important regions—or neutral changes that don’t affect
function—accumulate freely over time.

This means that if we compare a DNA sequence across many species and find that a particular nucleotide is
identical (or nearly identical) in humans, chimpanzees, mice, dogs, chickens, and even fish, that nucleotide
is probably doing something important. Any mutation at that position likely has functional consequences.

Conversely, if a nucleotide varies freely across species, mutations there probably don’t matter much.

100



This is the foundation of conservation—based variant prediction: we use evolutionary patterns—the signa-—
ture of natural selection acting over millions of years—to predict which variants are likely to have functional
impact without doing direct experiments.

In this chapter, you'll learn: — How conservation is measured across species (PhyloP, PhastCons, GERP++)

- How conservation helps predict variant effects in proteins (SIFT, PolyPhen-2) - How to use these tools
to prioritize variants in real diagnostic workflows — The strengths and limitations of conservation—based
prediction

By the end, you’ll understand how Dr. Chen can narrow down 2,500 candidates to perhaps 10-20 high-
priority variants that warrant further investigation—making the impossible problem solvable.

Learning Objectives
By the end of this chapter, you will be able to:

O Explain why evolutionary conservation indicates functional importance

O Interpret conservation scores (PhyloP, PhastCons, GERP++) for DNA sequences
O Use SIFT and PolyPhen-2 to predict the impact of amino acid changes

O Describe how multiple sequence alignments reveal conserved positions

O Apply conservation—based filtering to prioritize variants in a diagnostic setting

O Recognize the limitations of conservation—-based predictions

O Understand when conservation—based tools work well and when they fail

6.1 The Logic of Conservation

Before we dive into specific tools and scores, let's make sure the underlying logic is crystal clear.

Why Conservation Matters

Imagine you're an archaeologist studying ancient texts. You find ten copies of the same manuscript from
different time periods, written by scribes who copied from earlier versions. Most words vary between
copies—the scribes made mistakes, used different spelling, or updated old language. But a few specific
phrases appear identically in all ten manuscripts.

What does that tell you? Those identical phrases are probably important—maybe they’re religious invoca-
tions, legal terms, or critical instructions that scribes were trained never to alter. The consistency across
copies, despite errors elsewhere, signals importance.

Evolution works similarly, but instead of manuscripts, we’'re comparing DNA sequences across species.
Instead of scribes, we have mutation and natural selection. And instead of centuries, we’re looking across
millions of years.

How Evolution Acts as a Filter

DNA mutates constantly. In humans, each newborn carries about 70 new mutations that neither parent
had. Multiply that across millions of individuals and billions of years, and you get an enormous amount of
genetic variation.

But not all mutations persist. Natural selection acts as a filter:

For critical sequences: Mutations that break important functions reduce survival or reproduction. Organ-—
isms carrying these mutations are less likely to pass them on. Over time, such mutations disappear from
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the population. The result? These sequences stay nearly identical across millions of years and across
many species.

For non-—critical sequences: Mutations that don’t affect function—or affect it only mildly—accumulate
freely. These sequences drift and diverge between species. After millions of years, they might be com-
pletely different.

This creates a clear pattern: high conservation = functional importance.

A Concrete Example: Insulin

Let’s look at a real gene: INS, which encodes insulin. Insulin is critical for regulating blood sugar. Without
functional insulin, you get diabetes.

If we compare the insulin protein sequence across species, we find: — Humans and chimpanzees: 100%
identical (0 differences) — Humans and mice: 83% identical - Humans and chickens: 73% identical
- Humans and zebrafish: 56% identical

Even after 450 million years of evolution separating humans from fish, more than half of insulin’s sequence
remains unchanged. Why? Because mutations in insulin are often harmful—they cause diabetes or are
lethal during development. Natural selection removes them.

Now compare this to a less critical gene—say, one involved in hair color or scent detection. Those genes
vary much more freely between species because mutations there don’t usually affect survival.

What Conservation Tells Us About Variants
When we find a new variant in a patient, we can ask: Does this variant occur at a highly conserved position?

Variant at a conserved position: This nucleotide has been preserved for millions of years. Changing it likely
disrupts function. The variant is more likely to have functional impact.

Variant at a non—conserved position: This nucleotide varies naturally between species. Changing it is
probably harmless. The variant is less likely to cause problems.

This doesn’t give us absolute certainty—conservation is a probability, not a guarantee—but it dramatically
narrows our search space.

Conservation Works at Multiple Levels

We can measure conservation at different scales:

Nucleotide level: Is this specific DNA base conserved across species? - Tools: PhyloP, PhastCons,
GERP++ — Useful for: Any position in the genome (coding or non-coding)

Amino acid level: Is this position in the protein sequence conserved? — Tools: SIFT, PolyPhen-2 — Useful
for: Missense variants (amino acid changes)

Structural level: Does the 3D structure of the protein remain similar? — Tools: Structure—based predictions
(we’ll cover these in later chapters) — Useful for: Understanding why certain positions matter

In the next sections, we’ll explore how each of these levels of conservation is measured and applied to
variant interpretation.

6.2 Measuring DNA Conservation Across Species

Now let’s get specific: how do we actually measure whether a DNA position is conserved?
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The process involves three steps: 1. Align sequences from many species 2. Calculate conservation scores
based on evolutionary models 3. Interpret scores to predict variant impact

Step 1: Multiple Sequence Alignment

First, we need to compare the same genomic region across many species. This requires a multiple se—
quence alignment (MSA)—lining up DNA sequences so we can see which positions match and which
differ.

Here's a simple example. Let’s say we're looking at a short stretch of DNA around a specific position:

Human: ATGCGATCGAGTC
Chimp: ATGCGATCGAGTC
Mouse: ATGCGCTCGAGTC
Dog: ATGCGATCGAGTC

Chicken: ATGCCATCGAGTC
Zebrafish: ATGCCATAGAGTC
FEEE T

Conservation pattern

At position 6, we see: — Human, chimp, dog: A - Mouse: C
- Chicken, zebrafish: A

Most species have A, but mouse has C. This position is highly conserved, meaning mutations here are
rare and probably disrupt function.

Now look at position 5: = Humans, chimps, dogs: G — Mouse: G — Chicken: C — Zebrafish: C

This position varies more—mammals have G, but birds and fish have C. This suggests the position is less
conserved and more tolerant of variation.

Real alignments use dozens to hundreds of species and sophisticated algorithms to handle insertions, dele—
tions, and complex evolutionary relationships. Projects like the Zoonomia Project (241 mammal genomes)
and the Vertebrate Genomes Project provide the data for these alignments.

Step 2: Conservation Scores

Once we have an alignment, we calculate conservation scores. Several different scoring methods exist,
each with slightly different approaches:

PhyloP (Phylogenetic P-value) What it measures: PhyloP asks, “Is this position evolving slower or faster
than expected by chance?”

How it works: PhyloP uses a statistical model of neutral evolution (no selection). It compares the observed
rate of change at each position to what we’d expect under neutrality.

Score interpretation: — Positive scores: Position evolves slower than expected — conserved — likely func-
tional — Negative scores: Position evolves faster than expected — not conserved — likely neutral — Score
around zero: Evolution matches neutral expectation

Typical ranges: - PhyloP ) 2: Strong conservation (top ~56% of genome) — PhyloP ) 5: Very strong conser—
vation (top ~0.1%) — PhyloP ¢ =2: Fast evolution (possibly under positive selection)

Example: A variant at position chr7:117,548,401 has a PhyloP score of 6.2. This means this position is in
the top 0.1% most conserved positions in the genome. A mutation here is very likely to have functional
consequences.
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PhastCons (Phylogenetic Analysis with Space/Time models) What it measures: PhastCons identifies
conserved elements—stretches of DNA (not just single positions) that are conserved as a block.

How it works: Instead of scoring each position independently, PhastCons looks for regions where many ad-
jacent positions are all conserved. It uses a hidden Markov model to segment the genome into conserved
and non-conserved elements.

Score interpretation: — Score 0 to 1: Probability that a position belongs to a conserved element - PhastCons
» 0.8: High probability of being in a conserved element — PhastCons ¢ 0.2: Probably not conserved

Why it’s useful: PhastCons is better at identifying regulatory elements (enhancers, promoters) because
these often consist of multiple conserved transcription factor binding sites clustered together.

Example: A variant falls in a region with PhastCons score 0.95, meaning there’s a 95% probability this
region is under selective constraint. Even if the specific nucleotide isn’t perfectly conserved, the region
as a whole matters.

GERP++ (Genomic Evolutionary Rate Profiling) What it measures: GERP++ calculates “rejected
substitutions”—how many mutations evolution has rejected at this position compared to neutral
expectation.

How it works: 1. Calculate expected number of substitutions at a position under neutral evolution 2. Count
observed substitutions in the alignment 3. Subtract: GERP score = Expected — Observed

Score interpretation: — Positive GERP: Fewer substitutions than expected — conserved — Negative GERP:
More substitutions than expected — not conserved - GERP ) 2: Moderate conservation — GERP ) 4: Strong
conservation — GERP ) 6: Very strong conservation

Why it's useful: GERP scores are intuitive—the score literally tells you how many mutations have been
“rejected” by natural selection.

Example: A position has GERP++ score of 5.8. This means ~6 mutations that should have occurred by
chance were removed by selection. This position is critical.

Comparing the Three Scores

All three scores measure conservation, but with different approaches:

Score Measures Best For Interpretation

PhyloP Single—nucleotide Prioritizing individual Positive = conserved
conservation variants

PhastCons Conserved Finding regulatory 0-1 probability scale
elements/regions regions

GERP++ Rejected substitutions Understanding Number of rejected mutations

selection strength

In practice, you'll often see all three scores reported for a variant. They usually agree—if one says “con-
served,” the others do too—but occasionally they differ, which can provide nuance.
Practical Application: Filtering Variants

Here’s how Dr. Chen might use conservation scores to prioritize her 2,500 rare coding variants:

Step 1: Filter by conservation - Keep variants with PhyloP ) 2 OR GERP ) 4 - This removes variants at
non-conserved positions — Reduces list from 2,500 to ~400 variants
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Step 2: Combine with other information - Check if variant changes amino acid (missense) — Check if
variant creates a stop codon (nonsense) — Check variant frequency in control populations

Step 3: Focus on top candidates — Variants at highly conserved positions (PhyloP ) 5) get highest priority
- Variants creating protein—truncating changes get high priority — Variants in genes associated with the
patient’s phenotype get high priority

This workflow doesn’t give definitive answers, but it makes the problem tractable—narrowing 2,500 can-
didates to maybe 20-30 that warrant detailed investigation.

6.3 Predicting Protein—Level Effects: SIFT and PolyPhen-2

Conservation scores like PhyloP and GERP work at the DNA level—they tell us if a nucleotide position is
conserved. But for missense variants (variants that change one amino acid to another), we want to know
specifically: Does this amino acid change disrupt protein function?

This requires protein—level analysis. The two most widely used tools are SIFT and PolyPhen-2.

Understanding Missense Variants

A missense variant changes one amino acid in a protein to a different amino acid. For example:

Normal: ...Leucine - Proline - Glycine - Alanine...
Variant: ...Leucine - Proline - Arginine - Alanine...

Glycine - Arginine

Whether this change matters depends on: 1. Location: Is this amino acid in a critical region (active site,
binding pocket)? 2. Chemical properties: How different are the two amino acids? 3. Conservation: |s this
position highly conserved across species? 4. Structural impact: Does the change disrupt the protein’s 3D
structure?

SIFT and PolyPhen-2 integrate multiple sources of information to predict whether an amino acid substitu-
tion will be tolerated or damaging.

SIFT (Sorting Intolerant From Tolerant)

Core principle: SIFT uses evolutionary conservation of amino acids across species. |f an amino acid position
has remained the same across many species, changing it is probably harmful.

How it works:

1. Build alignment: Collect protein sequences from many species (orthologs—the same protein in dif-
ferent species)

2. Calculate position—specific profile: For each amino acid position, count which amino acids appear
across species

3. Score the substitution: If the variant introduces an amino acid rarely or never seen at that position in
other species, it's probably damaging

Score interpretation: — SIFT score: 0to 1 - SIFT { 0.05: Predicted “deleterious” (damaging) — SIFT > 0.05:
Predicted “tolerated”

Example: Position 456 in protein BRCA1 — Normally: Glycine (G) — Across 100 species: 98 have Glycine,
2 have Alanine - Variant changes Glycine — Arginine

SIFT score = 0.01 (very low) — “Deleterious”
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Why? Arginine never appears at this position in any species. The substitution is unprecedented in evolu—
tion, suggesting it will break function.

Strengths: — Simple, interpretable — Fast computation — Works well for evolutionarily conserved proteins

Limitations: - Requires orthologs (doesn’t work for human-specific genes) — Doesn’t consider protein
structure — Binary classification can oversimplify

PolyPhen-2 (Polymorphism Phenotyping v2)

Core principle: PolyPhen-2 integrates multiple features—conservation, structural information, and physic—
ochemical properties—using a machine learning model to predict variant impact.

How it works:
1. Conservation analysis: Like SIFT, checks if substitution is seen in other species
2. Structural analysis: Maps variant to 3D protein structure (if available) and checks:

* Is it in an active site or binding pocket?
* Does the substitution change the local structure?
* Does it affect protein stability?

3. Physicochemical properties: Considers:

« Size of amino acids (small vs. large)
« Charge (positive, negative, neutral)
* Hydrophobicity (water-loving vs. water—fearing)

4. Machine learning prediction: Combines all features using a naive Bayes classifier trained on known
disease—causing and neutral variants

Score interpretation: - PolyPhen-2 score: 0 to 1 — Score ) 0.85: “Probably damaging” - Score 0.45-0.85:
“Possibly damaging” — Score ¢ 0.45: “Benign”

Example: The same BRCAT1 variant (Glycine — Arginine at position 456)
PolyPhen-2 score = 1.0 (“Probably damaging”)

Why? - Glycine is highly conserved (conservation signal) — Position 456 is in a DNA-binding domain
(structural context) — Glycine is tiny and flexible; Arginine is large and charged (physicochemical mismatch)

Strengths: - Integrates multiple information sources — Considers 3D structure when available — Generally
more accurate than SIFT alone — Provides confidence levels (probably vs. possibly damaging)

Limitations: - More complex (harder to interpret why it made a prediction) — Requires protein structure
(doesn’t work well for disordered regions) — Still imperfect—many false positives and false negatives

Combining SIFT and PolyPhen-2

In practice, researchers often use both tools and look for agreement:

SIFT PolyPhen-2 Interpretation

Deleterious Probably damaging High confidence: likely disruptive
Tolerated Benign High confidence: likely neutral
Deleterious Benign Conflicting: Needs further investigation
Tolerated Probably damaging Conflicting: Needs further investigation
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When tools disagree, it's often because: - SIFT relies more on conservation; PolyPhen-2 considers struc-
ture — The variant might be in a disordered region (no structure) — The variant might be human-specific
(no orthologs for SIFT)

Conflicting predictions don’t mean the tools are broken—they mean the variant is in a gray zone where
evolutionary and structural evidence don’t align neatly.

Real Example: Interpreting a Patient Variant
Let’s walk through a real diagnostic scenario:
Patient: 8—year-old with developmental delays and heart defects

Variant found: TBX5 gene, ¢.734G)A, p.Gly245Glu - Changes amino acid at position 245 from Glycine (G)
to Glutamate (E)

Conservation scores: — PhyloP: 7.1 (very highly conserved) - GERP++: 5.9 (strong conservation)
Protein prediction: — SIFT: 0.00 (deleterious) — PolyPhen-2: 0.99 (probably damaging)

Interpretation: 1. Position is highly conserved at DNA level (PhyloP, GERP) 2. Amino acid change is
predicted damaging by both protein—level tools 3. Gene TBX5 is associated with Holt-Oram syndrome
(heart and limb defects) 4. Patient’s phenotype matches the gene’s known function

Conclusion: This variant is very likely the cause of the patient’s condition. It should be classified as “likely
pathogenic” and reported to the clinician.

This is exactly the type of prioritization that makes clinical genomics possible—conservation—based tools
help us go from thousands of candidates to a small number of high—confidence answers.

6.4 The Variant Prioritization Pipeline

Now let’s put everything together: how do conservation-based tools fit into a real diagnostic workflow?

The Challenge Restated

Starting point: Whole—genome or whole—exome sequencing from a patient with an undiagnosed condition
Raw data: 4-5 million variants per genome

Goal: Identify the 1-5 variants causing the patient’s disorder

Problem: Can’t test all variants experimentally

Solution: Multi-step filtering pipeline using conservation and other criteria

Step—by-Step Pipeline

Here’s a typical variant prioritization workflow used in clinical genetics labs:

Step 1: Quality Filtering Remove low—quality variants — Filter out sequencing errors — Keep only high—
confidence variant calls — Result: ~4 million — ~3.5 million variants

Step 2: Frequency Filtering Remove common variants — Common variants (MAF ) 1% in population
databases) are unlikely to cause rare disorders — Check frequency in gnomAD, 1000 Genomes, etc. -
Result: ~3.5 million — ~50,000 rare variants
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Step 3: Functional Region Filtering Focus on potentially functional variants — Exonic variants (change
protein sequence) - Splice site variants (affect RNA splicing) — Conserved regulatory regions (PhastCons
> 0.8) - Result: ~50,000 — ~5,000 candidates

Step 4: Conservation Filtering Apply conservation scores - Keep variants with PhyloP ) 2 OR GERP ) 4 -
For missense: Keep SIFT { 0.05 OR PolyPhen-2 ) 0.45 - Result: ~5,000 — ~500 candidates

Step 5: Gene—Phenotype Matching Prioritize genes relevant to patient’s phenotype — Compare patient’s
symptoms to known gene-disease associations — Use databases like OMIM, ClinVar, GenCC — Result:
~500 — ~20-50 high—-priority candidates

Step 6: Inheritance Pattern Matching Consider family structure - If patient has unaffected parents: Look
for de novo variants — If patient has affected siblings: Look for recessive variants — Result: ~20-50 —
~b-15 top candidates

Step 7: Literature and Database Review Check each candidate — Has this specific variant been reported
before? - Are similar variants reported in ClinVar? - Do case reports describe similar phenotypes? -
Result: ~5-15 — 1-3 diagnostic candidates

Real Numbers from Clinical Labs

Studies of diagnostic yield in clinical exome sequencing show:

Starting variants: 20,000-30,000 (in exonic regions)
After frequency filtering: 500-1,000

After conservation filtering: 100-200

After phenotype matching: 10-30

After manual review: 2-5 reported to clinician

Diagnostic rate: ~25-50% of cases receive a molecular diagnosis

This means even with perfect filtering, about half of patients don’t get answers—either because: 1. The
causal variant is in a region we don’t sequence (deep intronic, regulatory) 2. The disorder is caused by
something other than SNVs (e.g., structural variants, repeat expansions) 3. The causal variant is in a gene
we don’t yet know causes human disorders 4. The disorder isn’t primarily genetic

6.5 Limitations and Caveats

Conservation—based tools are powerful, but they’re not perfect. It's critical to understand when they work
well and when they fail.

When Conservation Works Well

Highly conserved proteins across all life - Example: Histones, ribosomal proteins, core metabolic enzymes
- These proteins haven’t changed much in a billion years — Conservation signals are strong and reliable

Coding variants in well-studied genes — Example: BRCA1, CFTR, TP53 - Lots of orthologs available for
alignment — Crystal structures available for PolyPhen—2 — Extensive validation data

Ancient, essential functions — DNA repair, transcription, translation — Developmental pathways (Hox genes,
Notch signaling) — Selection has been acting for hundreds of millions of years
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When Conservation Fails or Misleads

1. Rapidly Evolving Genes Some genes evolve quickly by necessity:

Immune system genes: MHC genes, immunoglobulins, T-cell receptors — These NEED to vary to recog-
nize diverse pathogens - High variation doesn’t mean lack of function—it IS the function — Conservation
scores will misleadingly suggest these are non—functional

Reproductive genes: Sperm surface proteins, egg coat proteins — Evolve rapidly due to sexual selection
and species barriers - Variants that look “damaging” by conservation might be normal population variation

Example: PRDM9 (recombination hotspot determination) — Evolves extremely fast — Low conservation
scores — But variants in PRDM9 can cause infertility — Conservation—based tools underestimate importance

2. Human-Specific or Primate—Specific Genes Young genes: Genes that arose recently in evolution have
few or no orthologs in distant species

Example: ARHGAP11B - Human-specific gene (not even in chimpanzees) — Important for human brain
development - SIFT cannot assess variants (no orthologs to align) — Conservation scores are uninformative

3. Regulatory Variants Enhancers and promoters: — Often less conserved than coding sequences — Can
have functional variation even at conserved sites — Conservation scores capture only part of the regulatory
logic

Example: Lactase persistence enhancer — The variant that allows adults to digest milk (LCT enhancer) -
Arose ~10,000 years ago in some human populations - Under strong positive selection in dairy—farming
populations — But conservation scores across species show LOW conservation — Why? Because it's a
recent, population—specific adaptation

4, Compensatory Evolution Sometimes a variant at one position is tolerated ONLY if there’s a specific
change at another position.

Example: tRNA structure - tRNAs have base—pairing stems — A mutation disrupting one side of a stem
looks damaging — But if both sides mutate together (compensatory changes), structure is maintained -
Single—position conservation scores miss these co—evolutionary patterns

False Positives and False Negatives

False positives (predicted damaging but actually neutral): = ~20-40% of variants predicted “damaging” by
SIFT/PolyPhen-2 are actually benign when tested experimentally — Why? Tools are conservative—they
err on the side of caution — Clinical labs must validate before reporting

False negatives (predicted benign but actually damaging): — Rarer (~10-20%) but still happen — Often due
to variants in poorly conserved genes or regulatory regions — Can lead to missed diagnoses

Practical implication: Never rely solely on conservation scores. Always integrate with: — Clinical phenotype
- Family history / inheritance pattern — Functional studies when possible — Literature evidence

6.6 Beyond Single—Variant Predictions: Constraint Metrics

Conservation scores assess individual positions, but what if we zoom out and ask: Which genes tolerate
variation, and which don’t?

This question has led to gene-level constraint metrics—scores that summarize how much variation a gene
tolerates overall.
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The Concept of Constraint

Constrained genes: Accumulate very few loss—of-function variants in the population — Why? Because
such variants reduce fitness (survival or reproduction) — Natural selection removes them — These genes
are under strong selective constraint

Unconstrained genes: Accumulate loss—of-function variants freely — Why? Because losing one copy (or
even both) doesn’t harm fitness much — These genes are NOT under strong selective constraint

The key insight: Genes under strong constraint are more likely to cause disorders when mutated.

pLI (Probability of Loss—of-Function Intolerance)

Developed by: Exome Aggregation Consortium (ExAC) — Genome Aggregation Database (gnomAD)
What it measures: The probability that a gene is intolerant to loss—of—function (LoF) variants

How it works: 1. Count expected number of LoF variants in a gene (based on gene size and mutation
rate) 2. Count observed number of LoF variants in the population (from gnomAD: 125,000+ exomes) 3.
Compare expected vs. observed

If observed « expected: Gene is intolerant — High constraint — pLI close to 1
If observed [] expected: Gene is tolerant — Low constraint — pLI close to 0

Interpretation: — pLI ) 0.9: Gene is highly intolerant to LoF (haploinsufficient) — pLI { 0.1: Gene is tolerant
to LoF

Example: - MECP2 (Rett syndrome gene): pLI = 1.0 - Expected LoF variants: 15 - Observed LoF variants:
0 - Interpretation: Every LoF variant is being removed by selection — gene is essential

« OR4F5 (olfactory receptor): pLI = 0.0
— Expected LoF variants: 2
— Observed LoF variants: 12
— Interpretation: LoF variants are tolerated — gene is not essential

Clinical application: If a patient has a de novo LoF variant in a gene with pLI = 1.0, that variant deserves
high priority. But pLI alone does not establish causality; interpretation still requires phenotype match,
gene—disease validity, inheritance pattern, population frequency, and other ACMG-style evidence.

LOEUF (Loss—of-Function Observed/Expected Upper Bound Fraction)

What it measures: Similar to pLI but provides a continuous score rather than a probability

How it works: - Calculates ratio: observed LoF / expected LoF — Adds confidence intervals to account for
statistical uncertainty - LOEUF = upper bound of the confidence interval

Interpretation: - LOEUF ¢ 0.35: Strong constraint (top ~20% most constrained genes) - LOEUF ) 1.0:
Little to no constraint

Advantage over pLl: LOEUF provides a continuous spectrum and is more robust for genes with small
numbers of variants

Example: - BRCA1: LOEUF = 0.11 (very constrained) - CFTR: LOEUF = 0.14 (very constrained) - APOE:
LOEUF = 0.88 (less constrained—some LoF is tolerated)

6.7 Putting It All Together: A Real Diagnostic Case

Let’s walk through a complete example to see how conservation-based tools work in practice.
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Patient Presentation

Patient: 3—-year-old girl
Symptoms: - Global developmental delay (can’t walk or speak) — Seizures starting at 6 months = Micro-
cephaly (small head) - Brain MRI shows reduced white matter

Family history: Parents unaffected, no family history of neurological disorders

Initial diagnosis: Unknown

Sequencing and Initial Filtering

Test ordered: Trio exome sequencing (patient + both parents)

Initial variants called: 22,458 exonic variants

Step 1 - Frequency filtering (MAF { 0.1%): Remaining: 1,247 rare variants

Step 2 - Inheritance filtering (de novo or recessive): — De novo variants: 3 variants — Homozygous variants:
12 variants — Compound heterozygous: 4 gene pairs — Total candidates: 23 variants across 16 genes

Applying Conservation—Based Tools

Candidate 1: KCNQ2 ¢.638G)A (p.Arg213GIn) Type: Missense, de novo

Conservation: — PhyloP: 6.8 (very high) — GERP++: 5.9 (high)

Protein predictions: — SIFT: 0.001 (deleterious) — PolyPhen-2: 0.98 (probably damaging)

Gene constraint: - pLI: 1.0 (completely intolerant to LoF) = LOEUF: 0.08 (top 5% most constrained)
Gene function: Potassium channel, critical for neuronal excitability

Known gene—disease association: KCNQ2 mutations cause epileptic encephalopathy (matches patient
phenotypel)

ClinVar: Similar variants reported as “pathogenic”
Assessment: STRONG CANDIDATE - This looks like the causative variant

Candidate 2: TTN ¢.53479G)T (p.Val17827Phe) Type: Missense, de novo
Conservation: - PhyloP: 1.2 (moderate) — GERP++: 2.1 (weak)

Protein predictions: — SIFT: 0.12 (tolerated) - PolyPhen-2: 0.35 (benign)
Gene function: Giant muscle protein

Assessment: LOW PRIORITY - Likely benign variant

Candidate 3: SCN2A ¢.2447A)G (p.Glu816Gly) Type: Missense, de novo
Conservation: - PhyloP: 5.2 (high) - GERP++: 5.1 (high)

Protein predictions: — SIFT: 0.02 (deleterious) — PolyPhen-2: 0.89 (probably damaging)
Gene function: Sodium channel, critical for action potential generation

Known gene—disease association: SCN2A mutations cause epilepsy and developmental delay (excellent
match!)

Assessment: STRONG CANDIDATE - Also looks causative
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Resolution

Two strong candidates: KCNQ2 and SCN2A. Both fit the phenotype. Both have high conservation. Both
are predicted damaging.

Next steps:

1. Functional studies: Test both variants in cell culture
+ KCNQ2 variant: Patch—clamp shows loss of channel function — Confirmed pathogenic
« SCN2A variant: Patch-clamp shows normal function — Likely benign (surprising!)

Final Diagnosis: KCNQ2-related epileptic encephalopathy

Lessons from This Case: 1. Conservation helped narrow candidates: From 22,000 variants to 2 strong
candidates 2. Conservation isn’t perfect: SCN2A variant looked damaging by all predictions but turned out
to be neutral 3. Phenotype matching is crucial 4. Functional validation matters when possible 5. Clinical
context wins: the combination provides confident diagnostic conclusions

Summary
Key Takeaways

The power of evolutionary information: — Evolution has tested billions of mutations over millions of years—
we can use this information without doing experiments ourselves — High conservation = functional impor-
tance; positions that stay unchanged across species are probably doing something critical — Conservation
works at multiple levels: nucleotides (PhyloP, GERP), amino acids (SIFT, PolyPhen-2), and genes (pLlI,
LOEUF)

DNA-level conservation scores: — PhyloP measures single-nucleotide conservation; positive scores in—
dicate slower evolution than expected (conserved positions) = GERP++ counts “rejected substitutions”™—
how many mutations natural selection has removed at each position - PhastCons identifies conserved
elements (stretches of consecutive conserved positions), useful for finding regulatory regions - Typical
thresholds: PhyloP ) 2, GERP ) 4, PhastCons ) 0.8 for strong conservation

Protein—level predictions: — SIFT asks “Is this substitution seen in other species?” If no — probably dam-
aging (score { 0.05 = deleterious) — PolyPhen-2 integrates conservation + structure + physicochemical
properties (score ) 0.85 = probably damaging) — Tools can disagree (~20% of variants); use both scores
plus clinical judgment

Gene-level constraint: - pLI (probability of loss—of-function intolerance): pLI ) 0.9 means gene is haploin-
sufficient — LOEUF (loss—-of-function observed/expected upper bound): LOEUF ¢ 0.35 indicates strong
constraint — Genes under strong constraint are more likely to cause disorders when mutated

Limitations to remember: - Conservation—-based tools have ~20-30% false positive rate — Tools fail for:
rapidly evolving genes (immune, reproductive), human-specific genes, recent adaptations — Always inte-
grate with: population frequency, clinical phenotype, family history, functional studies

O Key Terms

Term Definition

Conservation score A numerical measure of how much a DNA position or amino acid
has been preserved across species through evolution

PhyloP Conservation score measuring whether a position evolves slower

(positive score) or faster (negative score) than expected by chance
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Term

Definition

GERP++ (Genomic Evolutionary
Rate Profiling)
PhastCons

SIFT (Sorting Intolerant From
Tolerant)

PolyPhen-2 (Polymorphism
Phenotyping v2)
Missense variant

Multiple sequence alignment (MSA)
Ortholog

pLI (Probability of Loss—of—Function
Intolerance)

LOEUF (Loss—of-Function
Observed/Expected Upper Bound)
Constraint

Haploinsufficiency

Score representing the number of mutations rejected by natural
selection at a given position

Score (0-1) representing the probability that a position belongs to
a conserved element

Tool predicting whether an amino acid substitution is tolerated
(score > 0.05) or deleterious (score  0.05) based on evolutionary
conservation

Machine learning tool integrating conservation, structure, and
physicochemical properties to predict variant impact

A genetic variant that changes one amino acid to another in a
protein sequence

Arrangement of DNA or protein sequences from multiple species
to identify conserved and variable positions

The same gene in different species (e.g., human insulin

vs. mouse insulin)

Score (0-1) indicating how intolerant a gene is to loss—of-function
variants; scores ) 0.9 suggest haploinsufficiency

Ratio of observed to expected loss—of-function variants in a gene;
scores ¢ 0.35 indicate strong constraint

The degree to which a gene or genomic region is intolerant to
variation due to selection against deleterious mutations

Condition where one functional copy of a gene is not enough for
normal function

Test Your Understanding

1. Explain why a highly conserved DNA position is more likely to be functionally important than a non-
conserved position. What evolutionary forces create this pattern?

2. Compare and contrast PhyloP, GERP++, and PhastCons. When might each score be most useful?

3. A variant has SIFT score of 0.01 (deleterious) but PolyPhen-2 score of 0.2 (benign). What might
explain this discrepancy? How would you investigate further?

4. Why do immune system genes and reproductive genes often have low conservation scores? Does
this mean variants in these genes are harmless?

5. Explain the difference between pLI and LOEUF. Why might a gene have pLI = 0.98 but still occa-
sionally have loss—of-function variants in the population?

6. A patient has a de novo missense variant in a gene with pLI = 0.02 and LOEUF = 1.8. How would
you interpret this finding? Would you prioritize this as a causative variant?

7. Why might conservation—based tools fail to identify pathogenic variants in human-specific genes or

recently evolved genes?

8. Describe a scenario where a variant at a non—conserved position could still be pathogenic. How
would you identify such variants?

Chapter 7: Machine Learning Ensemble Methods for Variant Interpretation

Interactive: Chapter 7
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It is 2 PM on a Tuesday, and the weekly lab meeting has turned into a heated debate. A graduate student
is presenting a rare variant in SCNTA — a sodium channel gene associated with epilepsy — found in a
patient with developmental delays and uncontrolled seizures. She pulls up the prediction scores on the
projector, and the room erupts.

“SIFT says it’s tolerated.”

“But PolyPhen says probably damaging — score of 0.89!”

“The CADD score is only 12. That's below the usual cutoff of 15.”

“Wait — look at the conservation track. This residue is in a highly constrained region. PhyloP is 4.7.”

“It's a leucine—to—proline substitution in a transmembrane helix. Prolines are helix breakers. Does anyone’s
structural predictor have an opinion?”

“It appears once in gnomAD out of 125,000 alleles. That’s rare, but not absent.”

The Pl leans back in her chair and looks at the ceiling. “So we have four tools, three contradictory opinions,
one structural concern, and a frequency that proves nothing either way. Which do we trust?” A silence
settles over the room.

This is the variant interpretation problem at its most honest — and it plays out in research labs and clinical
genetics programs every day. No single tool commands enough authority to close the debate, because
each tool was built to capture a different signal, each has its own blind spots, and the signals themselves
sometimes point in opposite directions. What the field needed was not yet another individual tool, but a
principled way to combine them. This chapter is about how machine learning ensemble methods provide
exactly that.

The Biological Challenge

Genetic variant interpretation faces a fundamental problem: no single feature perfectly predicts functional
impact. Conservation matters, but not all conserved positions are functionally critical. Predicted protein
changes matter, but not all amino acid substitutions affect function. Allele frequency matters, but rare
variants aren’t always disorder—causing.

In Chapter 6, we explored individual prediction tools—each capturing one aspect of variant biology. But
variants are complex, multifaceted entities. A variant in a highly conserved residue might still be neutral if
it preserves chemical properties. A variant at a poorly conserved position might still have functional impact
if it disrupts a critical binding site.

Why we can’t just pick the “best” tool:

First, there is no single “best” tool. Different tools excel at different tasks: - Conservation scores work
well for ancient, slowly—evolving proteins — Functional predictors work well for enzymes and structured
domains - Population frequencies work well for common variants but are unreliable for rare ones — Splicing
predictors work well near exon—intron boundaries but nowhere else

Second, the scale of the problem is enormous. Whole—genome sequencing identifies 4-5 million variants
per person. Whole-exome sequencing still yields 20,000-30,000 variants. Even after filtering to coding
variants in known disorder genes, hundreds of candidates remain.

Third, individual tools make errors in predictable patterns. SIFT tends to be conservative (fewer false posi-
tives but more false negatives). PolyPhen-2 tends to be aggressive (fewer false negatives but more false
positives). Understanding and compensating for these systematic biases requires analyzing thousands of
validated examples—a job for machine learning.

The computational solution: Instead of choosing one tool or manually weighing evidence, we can train
machine learning models to automatically: — Learn which features are most informative — Learn when
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each tool can be trusted - Combine multiple weak signals into strong predictions — Adapt to different
variant types (missense, splice, regulatory) — Continuously improve as more validated examples become
available

This approach, called ensemble learning, treats each prediction tool as a “voter” in a committee. Think of
it like a scientific panel review—no single reviewer decides; the committee vote reduces individual bias.
The machine learning model learns how much weight to give each voter, under what circumstances, and
how to combine their votes into a final prediction. The result: predictions that are more accurate than any
single tool alone.

Learning Objectives
By the end of this chapter, you will be able to:

O Explain the concept of ensemble learning and why it improves variant prediction

O Describe how CADD integrates 63 annotations into a single deleteriousness score

O Understand the difference between linear models (CADD) and neural networks (DANN)
O Compare meta—predictors (MetaLR, MetaSVM) that combine existing tools

O Evaluate the specialized design of REVEL for rare missense variants

O Interpret ensemble scores in clinical contexts and understand their limitations

O Apply ensemble methods to prioritize variants in whole-exome sequencing data

7.1 The Wisdom of Crowds: Why Ensemble Learning Works

Imagine you're trying to estimate the weight of a large pumpkin at a county fair. You could: 1. Ask one
expert judge 2. Ask multiple people and take the average 3. Ask multiple people, but weight experts’
guesses more heavily

Option 3 is ensemble learning. Even if no single person knows the exact weight, combining many
estimates—especially when you know who tends to overestimate or underestimate—often gives remark-
ably accurate results.

The same principle applies to variant prediction. We have dozens of “expert judges” (prediction tools),
each with its own strengths and biases. Ensemble methods learn to combine them optimally.

7.1.1 The Power of Combination

Consider a simple example. Tool A correctly identifies 70% of variants with functional impact but has a
20% false positive rate. Tool B correctly identifies 65% but has only a 10% false positive rate. If you simply
pick the “better” tool (A), you miss opportunities:

* When A and B both predict functional impact — very likely true

* When A predicts impact but B doesn’t — less certain

* When neither predicts impact — very likely neutral

* When B predicts impact but A doesn’t — might be worth investigating

An ensemble method can learn these patterns from thousands of validated examples, automatically dis—
covering the best way to combine tools.

7.1.2 Three Types of Ensemble Methods

1. Feature Integration (CADD)
Combines raw features (conservation scores, frequencies, structural predictions) directly. The model
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learns which features matter and how to weight them. Think of this as giving the model the raw in—-
gredients and letting it learn the recipe.

2. Meta—Prediction (MetaLR, MetaSVM, REVEL)
Combines outputs from existing prediction tools. Instead of learning from raw features, these models
learn from what other tools predict. Think of this as combining expert opinions.

3. Neural Network Ensembles (DANN)
Uses neural networks instead of linear models to capture complex, nonlinear relationships between fea—
tures. Can learn interactions between features that linear models miss.

Each approach has trade-offs in interpretability, computational cost, and accuracy. We’ll explore each in
detail.

7.2 CADD: Combined Annotation Dependent Depletion

CADD (pronounced “cad”) was one of the first successful ensemble methods for variant interpretation.
Published in 2014 and continuously updated, CADD scores are now among the most widely used in clinical
genetics.

7.2.1 The Core Idea

CADD asks a clever question: How different is this variant from what we’d expect to see in typical human
genetic variation?

The reasoning: variants that cause disorders are rare in the population precisely because natural selection
removes them. If we can quantify how “unusual” a variant is compared to common variation, we can
estimate its likelihood of having functional impact.

CADD doesn’t directly predict “disorder-causing” vs “neutral.” Instead, it predicts “looks like common
variants” vs “looks like rare, selected—against variants.” This subtle difference makes CADD applicable
across many contexts.

7.2.2 Training Strategy
CADD uses a brilliant training approach:

Positive examples (variants likely to be selected against): — Simulated de novo mutations (randomly gener-
ated variants that haven’t been through natural selection yet) — These represent what the genome would
look like without selective pressure

Negative examples (variants tolerated by selection): — Common variants from population databases (allele
frequency ) 1%) — These passed through generations of selection, so they’re probably neutral

The model learns to distinguish “looks like it hasn’t been filtered by selection” (potentially functional) from
“looks like it survived selection” (probably neutral).

7.2.3 The 63 Annotations

CADD integrates 63 different features across multiple categories:

Sequence Conservation (15 annotations) - PhyloP scores at different evolutionary depths (vertebrate,
mammal, primate) — PhastCons conservation — GERP scores — These capture how much the position
is conserved across species

Functional Predictions (12 annotations) — SIFT scores — PolyPhen-2 scores - Predicted protein structure
changes - Changes in predicted protein stability - These estimate direct functional effects
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Regulatory Annotations (20 annotations) — Overlap with DNase hypersensitive sites — Overlap with tran-
scription factor binding sites — Histone modification patterns (H3K4me1, H3K4me3, H3K27ac, etc.) — CpG
islands — These identify variants in regulatory regions

Transcript Annotations (8 annotations) — Gene model information — Exon/intron boundaries — Distance to
splice sites — Predicted splicing changes — These provide genomic context

Population Genetics (8 annotations) — Local nucleotide diversity — Background selection statistics = Re-
combination rates — These capture regional genetic variation patterns

CADD doesn’t just use these 63 features—it learns their relative importance from data.

7.2.4 The Model

CADD uses a linear classifier that learns weights for each feature and combines them into a final score.
You can think of this as a weighted vote: each of the 63 features casts a “vote,” and CADD learns how
much to trust each voter.

[Optional: The Math]

CADD uses a Support Vector Machine (SVM) — a type of linear classifier. An SVM learns
weights (w) for each feature (x) and combines them:

score = Wixi + Waxz + -+ + WesXes + b

Where x[] are the 63 feature values, w1 are learned weights (positive weights increase the
score; negative weights decrease it), and b is a bias term. For example, if PhyloP conservation
is x1 = 5.2 and its learned weight is w: = 0.3, it contributes 0.3 x 5.2 = 1.56 to the final score.

7.2.5 CADD Scores: Interpretation

CADD outputs scores on a phred-like scale: — CADD = 10 — variant is in the top 10% of deleteriousness
(one in 10) = CADD = 20 — top 1% (one in 100) - CADD = 30 — top 0.1% (one in 1,000) — CADD = 40 —
top 0.01% (one in 10,000)

Higher scores indicate greater predicted deleteriousness.

Rough prioritization heuristics: — CADD ( 15: often lower priority, but not automatically neutral - CADD
15-20: intermediate priority = CADD 20-30: higher priority for follow-up = CADD ) 30: very high predicted
deleteriousness, requiring careful review

Important caveats: - CADD scores are continuous—there’s no hard cutoff — Scores should be interpreted
in clinical context — High CADD scores don’t prove causation = Low CADD scores don’t rule out functional
impact in all cases

7.2.6 Example: CADD in Practice

Think of a CADD score like a pathologist grading a biopsy — it combines multiple features (conservation,
structural impact, population frequency) into a single pathogenicity score. A high CADD score doesn’t
make the final diagnosis, but it tells you which specimen to look at more closely.

Let’s return to Dr. Chen’s SCN1A variant:

Variant: chr2:166,848,542 A>C (GRCh38)

Gene: SCN1A

Change: Leul231Pro (leucine to proline at position 1,231)
CADD score: 28.3

What does CADD = 28.3 tell us?

1. Rank: This variant is in the top 0.15% of all possible variants by deleteriousness
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2. Support from features:
* High PhyloP conservation (contributes positively)
¢ PolyPhen-2 “probably damaging” (contributes positively)
 Changes leucine to proline in transmembrane domain (structural disruption, contributes posi-
tively)
- Low population frequency (contributes positively)
3. Interpretation: The score of 28.3 suggests this variant likely has functional impact and warrants
further investigation

However, CADD alone doesn’t establish causation. We’d still need segregation with the disorder in the
family, functional studies, absence in large control databases, and other clinical evidence.

7.3 DANN: Deep Learning Improves on CADD

CADD uses a linear model, which assumes features combine additively. But biological relationships are
often nonlinear and interactive. For example: — A variant might only matter if it's in a conserved region
AND disrupts protein structure — Conservation might matter more in some functional domains than others
- Frequency thresholds might depend on gene constraint

DANN (Deep Annotation of geNetic variatioN) addresses this by using a neural network instead of a linear
model.

7.3.1 From Linear to Nonlinear
CADD computes: score = wixi + wax2 + - + b
DANN computes: score = neural_network(xi, Xz, ***, Xes)

The neural network can learn complex, nonlinear relationships between the 63 features—interactions that
a linear model cannot capture.

What does this enable?

1. Feature interactions: DANN can learn “if conservation is high AND the amino acid change is drastic,
then increase the score dramatically”

2. Context—dependent weighting: DANN can learn “conservation matters more for transmembrane
domains than for flexible loops”

3. Nonlinear thresholds: DANN can learn more nuanced boundaries between damaging and neutral

7.3.2 The DANN Architecture

DANN uses a neural network with input, hidden, and output layers. The same 63 features used by CADD
serve as inputs. The network was trained with the same strategy as CADD (simulated vs. common vari-
ants).

7.3.3 DANN vs CADD Performance

DANN shows modest but consistent improvements over CADD:

On ClinVar variants (known functional impact): - CADD: 77% correctly ranked above median - DANN: 79%
correctly ranked above median

On validated neutral variants: — CADD: 74% correctly ranked below median — DANN: 76% correctly ranked
below median

The improvement seems small (2-3%), but at the scale of clinical genetics—where thousands of variants
must be prioritized—this translates to hundreds of additional correctly classified variants.
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7.3.4 The Interpretability Trade—off

CADD'’s linear model is interpretable: you can see exactly how much each feature contributed to the final
score. DANN’s neural network is a “black box”: you can’t easily explain why it gave a specific score.

This matters in clinical genetics. When counseling patients, being able to say “this variant scores high be-
cause it's in a highly conserved region, disrupts protein structure, and is absent from population databases”
is more compelling than “the neural network gave it a high score.”

Current practice: — Use CADD for primary scoring and reporting (interpretability) — Use DANN as a sec-
ondary check for difficult cases — Report both scores when they disagree substantially

7.4 Meta—Predictors: Combining Existing Tools

CADD and DANN work directly with 63 raw features. But what if you want to combine existing prediction
tools (SIFT, PolyPhen-2, MutationTaster, etc.) without retraining everything from scratch?

Meta—predictors take the outputs of multiple existing tools as inputs and learn to combine them optimally.

7.4.1 The Meta—Prediction Strategy
Think of meta—prediction as a “second opinion” approach:

1. Run the variant through many existing tools:
» SIFT — score 1
PolyPhen-2 — score 2
PROVEAN — score 3
* MutationTaster — score 4
* - (and so on)
2. Train a machine learning model on these tool scores:
* Inputs: scores from existing tools
* Labels: known functional impact / neutral variants from ClinVar
* Learn: which tools to trust, when to trust them, how to combine them
3. Output a meta—score that’s more accurate than any individual tool

7.4.2 MetalR and MetaSVM

MetalR and MetaSVM are sister methods that differ only in their machine learning algorithm: — MetaLR:
Uses logistic regression (a simpler, more interpretable model) - MetaSVM: Uses support vector machines
(can capture slightly more complex patterns)

Both integrate scores from 10 existing tools: 1. SIFT 2. PolyPhen-2 (HumDiv) 3. PolyPhen-2 (HumVar) 4.
LRT (Likelihood Ratio Test) 5. MutationTaster 6. MutationAssessor 7. FATHMM 8. PROVEAN 9. VEST 10.
CADD

Notice that CADD itself is one of the inputs—meta—predictors can use other ensemble methods as fea—
tures!

7.4.3 Interpreting Meta—Scores

MetalR and MetaSVM output scores from 0 to 1: — 0.0-0.3: Likely neutral - 0.3-0.5: Uncertain - 0.5-0.7:
Likely functional impact — 0.7-1.0: Very likely functional impact

Clinical usage: — MetaSVM score ) 0.83 — strong evidence for functional impact - MetalR score ) 0.81 —
strong evidence for functional impact

These thresholds are chosen to maximize specificity (minimize false positives) in clinical settings.
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7.4.4 Advantages and Limitations

Advantages: - Easy to implement (just run existing tools and combine scores) - Leverages decades of
tool development - Each tool provides different biological perspective — Relatively interpretable (can see
which tools drove the prediction)

Limitations: — Dependent on quality of input tools — If all tools have the same blind spot, the meta—predictor
inherits it — Cannot learn from raw features (limited by what tools provide) - Computationally expensive
(must run 10 different tools)

7.5 REVEL: Specialized for Rare Missense Variants

Most ensemble methods treat all variants equally. But clinical genetics has a specific pain point: rare
missense variants in exome sequencing data.

Why are rare missense variants challenging? 1. Too rare to have reliable population frequency data 2.
Too new to have functional studies or clinical reports 3. Missense changes are subtle (just one amino
acid)—harder to predict than truncating variants 4. Occur in variable domains where conservation is weak

REVEL (Rare Exome Variant Ensemble Learner) was specifically designed for this problem.

7.5.1 REVEL'’s Design Philosophy
REVEL makes several key choices:

1. Focus exclusively on missense variants
Doesn’t try to handle splice variants, indels, or regulatory variants. Allows optimization for the specific
challenges of missense prediction.

2. Use only rare variants in training
- Positive examples: ClinVar variants associated with Mendelian disorders (allele frequency € 0.1%) — Neg-
ative examples: rare variants from ESP (allele frequency { 0.1%) — This better reflects the clinical use case:
interpreting rare variants in patients

3. Integrate a specific set of 13 tools

Selected for complementary strengths in missense variant prediction: MutPred, FATHMM v2.3, VEST
3.0, PolyPhen-2, SIFT, PROVEAN, MutationAssessor, MutationTaster, LRT, GERP++, SiPhy, phyloP, and
phastCons.

4. Use a random forest classifier
Random forests are ensemble methods within an ensemble method!

7.5.2 Random Forests: Ensemble of Ensembles
What is a random forest?
Imagine you want to classify variants, so you train a decision tree:

Is SIFT < 0.057

/ A\
Yes No
/ \\
Is PolyPhen > 0.97 Is PhyloP > 37
/ \\ / A\
Yes No Yes No
/ A\ / A\

Functional Neutral Functional Neutral
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One tree can overfit to training data and make errors. A random forest builds hundreds of trees, each
trained on: — A random subset of variants (sampling with replacement) — A random subset of features

Then votes: majority vote across all trees gives the final prediction.

Why this works: — Different trees make different errors — Averaging over many trees reduces overfitting —
Captures complex, nonlinear patterns — Robust to noisy features

REVEL trains 500 decision trees and averages their predictions.

7.5.3 REVEL Scores: Interpretation

REVEL outputs scores from 0 to 1, calibrated specifically for rare missense variants: — REVEL ) 0.75:
Strong evidence for functional impact — REVEL 0.5-0.75: Moderate evidence - REVEL 0.25-0.5: Uncertain
- REVEL { 0.25: Likely neutral

Performance on rare missense variants: — Sensitivity: 756% (correctly identifies variants with functional
impact) — Specificity: 92% (correctly identifies neutral variants)

This outperforms individual tools and general-purpose ensemble methods on rare missense variants
specifically.

7.5.4 When to Use REVEL

Use REVEL for: - Rare missense variants (MAF { 0.1%) - Variants in coding exons — Patient variant
interpretation in exome sequencing — Prioritizing candidate disorder—causing variants

Don’t use REVEL for: = Common variants (MAF ) 1%)—not designed for these - Splice-site variants—
use SpliceAl or MaxEntScan instead — Indels—use CADD or DANN instead — Regulatory variants—use
DeepSEA or Enformer (Chapters 7-8)

Clinical tip: Many labs use a tiered approach: 1. CADD for initial filtering (all variant types) 2. REVEL
for refining missense variant calls 3. Specialized tools for splice/regulatory variants 4. Manual review of
high—scoring variants

7.6 Comparing Ensemble Methods

Let’s compare the ensemble methods we’'ve covered:

Method Type # Features Variant Types Best For Output Scale
CADD Linear 63 All General Phred (10-40)
(SVM) screening
DANN Neural 63 All Complex 0-1
network cases
MetalLR Meta 10 tools All Combining 0-1
(logistic) tools
MetaSVM Meta 10 tools All Combining 0-1
(SVM) tools
REVEL Meta 13 tools Missense only Rare 0-1
(random missense
forest)
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7.6.1 Performance Comparison

On a benchmark set of 5,000 ClinVar variants and 5,000 common variants:

Method Sensitivity  Specificity AUC
SIFT 66% 82% 0.84
PolyPhen-2  72% 79% 0.87
CADD 77% 88% 0.91
DANN 79% 89% 0.92
MetaSVM 81% 90% 0.93
REVEL* 75% 92% 0.93

*REVEL evaluated only on rare missense variants

Key observations: 1. Ensemble methods outperform individual tools 2. Neural networks (DANN) slightly
outperform linear models (CADD) 3. Meta—predictors (MetaSVM) perform best overall 4. REVEL optimizes
for specificity at the cost of sensitivity 5. No method is perfect—all make errors

7.6.2 Agreement Between Methods

When methods agree, confidence is high. For a random set of 1,000 rare variants in disorder genes: —
CADD and DANN agree (both high or both low): 87% — CADD and MetaSVM agree: 82% - All four agree:
71%

The 29% where they disagree are the challenging cases that require expert review.

7.7 Practical Considerations: Using Ensemble Methods
7.7.1 Choosing the Right Tool

Decision tree for method selection:

Is the variant missense?

Yes + Is it rare (MAF < 0.1%)7
Yes - Use REVEL (primary) + CADD (secondary)
No =+ Use CADD

No =+ What type?
Truncating (nonsense, frameshift) - likely functional; confirm with gene constraint
Splice-region -+ Use SpliceAIl
Regulatory - Use DeepSEA or Enformer (Chapters 7-8)

7.7.2 Interpreting Conflicting Scores

When ensemble methods disagree, consider:

1. Check the raw features
If CADD is high but REVEL is low: examine conservation, structure, and frequency independently. Often
reveals why tools disagree.

2. Consider variant type
If splice variant, don’t trust REVEL (designed for missense). If in regulatory region, even high CADD may
miss enhancer disruption.
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3. Examine population data
If variant appears multiple times in gnomAD, likely neutral regardless of scores. If completely absent and
in constrained gene, scores matter more.

4, Look for functional studies
Published experiments trump predictions. Check OMIM, ClinVar, PubMed for functional data.

5. When in doubt, use multiple lines of evidence
- Segregation in family = Multiple affected individuals with same variant - Functional assays (luciferase,
electrophysiology, etc.) = Animal models

Summary

Key Takeaways:

Ensemble learning combines multiple weak signals into strong predictions, outperforming individual
tools

CADD integrates 63 genomic annotations using a linear model, providing broadly applicable delete-
riousness scores on a phred-like scale

DANN uses neural networks to capture nonlinear feature interactions, improving on CADD’s linear
model by a few percentage points

Meta—predictors (MetalLR, MetaSVM) combine outputs from existing tools, learning which tools to
trust and when

REVEL specializes in rare missense variants, using random forests (600 decision trees voting to-
gether) to achieve high specificity in clinical settings

The ensemble approach is like a scientific panel review—no single reviewer decides; the committee
vote reduces individual bias

No single method is perfect; combining multiple ensemble methods and incorporating clinical context
improves accuracy

Ensemble scores help prioritize variants but don’t replace comprehensive evaluation including seg-
regation, functional studies, and clinical assessment

[ Key Terms

Term Definition

Deleteriousness score A guantitative measure of how likely a variant is to have functional
impact or be selected against

Ensemble learning Machine learning approach that combines multiple models or
features to improve prediction accuracy

Feature integration Ensemble strategy that combines raw data (e.g., conservation
scores, frequencies) directly

Meta—prediction Ensemble strategy that combines outputs from existing prediction
tools

Phred-scaled score Logarithmic scale where score X means “top 10M-X/10)” (e.g., 20
= top 1%, 30 = top 0.1%)

Random forest Ensemble method that combines predictions from many decision
trees to reduce overfitting

Support Vector Machine (SVM) Linear classifier that finds the optimal boundary between classes
in high—dimensional space

Training data Validated examples (with known labels) used to train machine

learning models
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Term Definition

Sensitivity Proportion of variants with functional impact correctly identified
(true positive rate)

Specificity Proportion of neutral variants correctly identified (true negative
rate)

Test Your Understanding

1. Why does combining multiple prediction tools often work better than using the single “best” tool?
Explain using the concept of complementary information.

2. CADD uses common variants as negative training examples, reasoning that natural selection has
already filtered out variants with functional impact. What are potential limitations of this assumption?
When might it fail?

3. DANN improves on CADD by using neural networks instead of linear models. Explain in biological
terms what kinds of relationships between features a neural network can learn that a linear model
cannot.

4. MetaSVM and REVEL both use ensemble learning but perform differently on rare missense variants.
Why does REVEL outperform MetaSVM specifically for this variant class?

5. A variant has CADD = 32, DANN = 0.95, MetaSVM = 0.45, and REVEL = 0.22. What might explain
these conflicting scores? How would you interpret this variant?

6. Why is interpretability important in clinical variant interpretation? Describe a situation where you'd
prefer CADD over DANN despite DANN’s higher accuracy.

7. Many ensemble methods are trained on ClinVar variants, which are heavily biased toward coding
variants in well-studied genes. How might this affect their performance on regulatory variants or
variants in poorly characterized genes?

8. If you were designing a new ensemble method for structural variants (deletions, duplications ) 1 kb),
what features would you integrate and why?

Chapter 8: The Rise of Deep Learning in Genomics

Interactive: Chapter 8

For decades, computational biologists wrote rules by hand. They cataloged the DNA sequences where
transcription factors were known to bind, assembled them into databases like JASPAR, and built scoring
algorithms that measured how closely a new sequence matched these curated patterns. If a sequence
looked like a known binding site, it probably was one. The approach had a real logic to it, and it worked —
for the patterns that were already known.

But the genome kept producing surprises. Enhancers that drove powerful tissue—specific expression
without matching any motif in any database. Regulatory elements that functioned only at a specific de—
velopmental stage, or only in one of two otherwise identical cell types. Noncoding variants that disrupted
gene regulation through mechanisms that nobody had articulated, let alone cataloged. The rule-based ap-
proach was not wrong so much as incomplete: it could recognize what researchers had already described,
but it had no way to discover what they had not yet thought to look for.

Somewhere around 2015, a quiet revolution began. A handful of groups — working mostly on chromatin
accessibility and transcription factor binding — asked a different question. Instead of telling a computer
which patterns to look for, what if you showed it millions of sequences with known regulatory activity
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and let it find the patterns itself? No curated motif database. No manually encoded rules. Just raw DNA
sequence as input, experimental measurements as output, and a deep neural network tasked with finding
whatever structure connected the two.

The results were striking. These models learned motifs that matched known transcription factor binding
sites — validating that they were capturing real biology — but they also learned patterns that had no name
in any database, combinations and spacings and contextual dependencies that rule-based systems had
never formalized. The field had a new instrument, and like all new instruments, it was about to reveal
things that previous tools simply could not see.

The Biological Challenge

For decades, molecular biologists have known that gene expression is controlled by regulatory elements
scattered throughout the genome: enhancers, promoters, silencers, and insulators. These elements don’t
encode proteins; instead, they serve as binding platforms for transcription factors that orchestrate when,
where, and how much a gene is expressed.

Here’s the fundamental challenge: the human genome contains approximately 1 million candidate regula—
tory regions, but we have experimental data for perhaps 1-2% of them, and mostly in just a few cell types.
Techniques like ChIP-seq (chromatin immunoprecipitation sequencing) can map where specific proteins
bind, DNase-seq and ATAC-seq reveal accessible chromatin, and reporter assays measure regulatory
activity. But these experiments face severe limitations:

Cost and Scale: A single ChIP-seq experiment costs $500-1,000 per sample. To profile just 10 histone
modifications across 200 cell types would cost $1-2 million and generate 2,000 datasets to analyze.

Time: ChlP-seq experiments take 1-2 weeks from cell culture to sequencing results.

Biological Material: Many cell types are difficult or impossible to obtain in sufficient quantities—especially
rare cell types, developmental stages, or samples from patients with rare conditions.

Perturbation Testing: Testing how individual genetic variants affect regulatory activity requires creating
hundreds of cell lines or using reporter assays, each taking weeks to months.

This gap between what we want to know (regulatory activity genome-wide, across all cell types and
conditions) and what we can measure creates a perfect opening for computational prediction. If we can
train models on available experimental data, perhaps they can predict regulatory activity directly from DNA
sequence.

Learning Objectives
After completing this chapter, you will be able to:

O Explain the key types of epigenomic data (ChIP-seq, DNase-seq, ATAC-seq) and what they measure
O Articulate why experimental approaches are insufficient for genome—wide regulatory prediction

O Describe how DNA sequence can be encoded as input for neural networks

O Understand the conceptual shift from conservation-based to sequence—based prediction

O ldentify what makes deep learning particularly suited for genomic sequence analysis

O Recognize the basic architecture of sequence-to—-function models

O Evaluate when sequence—based prediction is appropriate versus when experiments are needed
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8.1 The Epigenomic Landscape

To understand why deep learning revolutionized genomics, we first need to understand what epigenomics
measures and why it matters.

8.1.1 What is Epigenomics?

The term “epigenome” refers to chemical modifications and structural changes to DNA and histones that
affect gene expression without changing the DNA sequence itself. While your genome is essentially the
same in every cell, your epigenome differs dramatically between cell types—it’s why a neuron and a liver
cell can have identical DNA but completely different functions.

Key epigenomic features include:

Histone Modifications: Histones are proteins that DNA wraps around. Chemical modifications to these
proteins—methylation, acetylation, phosphorylation—mark different types of regulatory regions: -
H3K4me3 (histone H3 lysine 4 trimethylation): marks active promoters — H3K27ac (histone H3 lysine
27 acetylation): marks active enhancers — H3K4me1 (histone H3 lysine 4 monomethylation): marks
poised or active enhancers — H3K27me3 (histone H3 lysine 27 trimethylation): marks repressed regions -
H3K9me3 (histone H3 lysine 9 trimethylation): marks heterochromatin

Chromatin Accessibility: Open chromatin regions allow transcription factors to bind DNA. Techniques like
DNase—seq and ATAC-seq identify these accessible regions by detecting where DNA is not tightly wrapped
around histones.

DNA Methylation: Addition of methyl groups to cytosine bases, typically associated with gene repression
when it occurs at promoters.

Transcription Factor Binding: The actual binding sites of specific proteins that regulate transcription, mea—
sured by ChlP-seq with antibodies against specific transcription factors.

8.1.2 Why Epigenomics Matters for Understanding Variants

Remember from Chapters 6-7 that most genetic variants don’t fall in protein—coding regions. Approxi—
mately 98% of the human genome is non-coding, but this doesn’t mean it's unimportant. Many variants
associated with complex traits and common conditions fall in regulatory regions where they alter transcrip-
tion factor binding, chromatin accessibility, or histone modifications.

For example, a single nucleotide variant might: - Disrupt a transcription factor binding site, reducing
enhancer activity - Create a new binding site, causing inappropriate gene activation — Alter chromatin
structure, affecting accessibility of nearby regulatory elements — Change the spacing between regulatory
elements, disrupting their coordinated function

To predict the functional impact of such variants, we need to understand how DNA sequence encodes
regulatory information. This is fundamentally a sequence-to—function problem.

8.1.3 The ENCODE Project and Epigenomic Data

The ENCODE (Encyclopedia of DNA Elements) Project, launched in 2003, aimed to identify all functional
elements in the human genome. By 2012, ENCODE had generated thousands of datasets across multiple
cell types, including: — ChlP-seq for hundreds of transcription factors and histone modifications - DNase-
seq for chromatin accessibility — RNA-seq for gene expression — Hi-C for 3D chromatin structure

This massive dataset—publicly available and standardized—became the foundation for training sequence-
based deep learning models. For the first time, researchers had enough labeled examples (DNA sequences
with known regulatory activity) to train neural networks.
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8.2 Limitations of Experimental Approaches

Let’s quantify exactly why experiments alone can’t solve the regulatory code.

8.2.1 The Combinatorial Problem

The human genome is approximately 3 billion base pairs. If we consider a typical enhancer as 200-500 base
pairs, there are potentially millions of candidate regulatory regions. But the real challenge is combinatorial:

Cell type specificity: Regulatory activity varies dramatically across the ~200+ human cell types. An en—
hancer active in neurons might be silent in liver cells.

Developmental stages: Activity changes during development—embryonic, fetal, neonatal, adult, aging.

Environmental conditions: Nutrient availability, stress, signaling molecules, and disease states alter regu—
latory landscapes.

If we wanted to experimentally measure the activity of 1 million regulatory regions across just 200 cell
types, that’s 200 million experiments. At $500 per ChlP-seq experiment, the cost would be $100 billion—
more than the entire Human Genome Project.

8.2.2 Variant Testing is Prohibitively Expensive

The average human genome contains 4-5 million single nucleotide variants compared to the reference
genome. To experimentally test each variant’s effect on regulatory activity would require:

1. Creating DNA constructs with and without the variant

2. Introducing them into appropriate cell types

3. Measuring changes in chromatin state, transcription factor binding, or gene expression
4. Replicating across multiple conditions

Even with high-throughput approaches like massively parallel reporter assays (MPRAs), which can test
thousands of variants simultaneously, we can’t test millions of variants across hundreds of cell types.
MPRAs cost $10,000-50,000 per experiment.

8.2.3 The Need for Prediction

This creates an urgent need for predictive models that can: - Predict regulatory activity directly from
DNA sequence — Generalize to unmeasured cell types and conditions — Test millions of variants in silico
before selecting candidates for experimental validation — Provide mechanistic insights into how sequence
encodes regulatory information

This is where deep learning enters the picture.

8.3 Sequence-Based Prediction: A New Paradigm
8.3.1 From Conservation to Sequence

In Chapters 6 and 7, we learned about tools like SIFT, PolyPhen-2, and CADD that predict variant impact us—
ing evolutionary conservation and hand—-crafted features. These approaches work well for protein—coding
variants but struggle with regulatory regions because:

Conservation is weak: Regulatory elements can be conserved in function but not sequence. Different
transcription factors with similar DNA-binding preferences can compensate for each other.

Context matters: The same sequence motif can have opposite effects depending on surrounding se-
guence context.
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Combinatorial logic: Multiple transcription factors often work together in complex ways that can’t be cap—
tured by simple motif counting.

Sequence—based deep learning takes a fundamentally different approach: instead of hand-crafting fea-
tures, let the neural network learn which sequence patterns matter for regulatory function.

8.3.2 The Core Insight

Here’s the key conceptual leap: DNA sequence is fundamentally a discrete string of symbols (A, C, G, T),
much like text is a string of characters. If neural networks can learn patterns in text (sentiment analysis,
language translation), perhaps they can learn patterns in “genomic language.”

The question becomes: can we train a neural network to learn the regulatory code—the rules that translate
DNA sequence into regulatory activity?

8.3.3 The Sequence—to—-Function Framework

The basic framework is:

Input: DNA sequence (e.g., 1000 base pairs)

Output: Regulatory activity predictions (e.g., DNase-seq signal, histone marks, transcription factor bind-
ing)

This is a supervised learning problem: 1. Collect training data: sequences with known regulatory activity
from experiments 2. Train a neural network to predict activity from sequence 3. Apply the trained model
to new sequences

The magic is that if the model learns generalizable patterns, it can predict activity for sequences never
seen experimentally.

8.4 Encoding DNA Sequence for Neural Networks

Before we can train a neural network on DNA sequences, we need to convert them into a numerical format.
This process, called encoding, is crucial for model performance.

8.4.1 One—Hot Encoding

The standard approach for encoding DNA sequences is one—hot encoding. Each nucleotide is represented
as a vector:

A=1[1, 0, 0, 0]
c=1[0, 1, 0, 0]
G=1[0, 0, 1, 0]
T = [0, 0, 0, 1]

A DNA sequence like “ACGT” becomes a 4x4 matrix:

A C G T
ALt 0 0 0]
cfo 1 0 0]
GO o 1 0]
T[0O 0O 0 1]

For a sequence of length 1000 bp, this creates a 4x1000 matrix—the input to our neural network.

Why one-hot encoding? - No implicit ordering (A isn’t “less than” C) - Treats all nucleotides equally —
Easy for networks to learn patterns — Standard in deep learning for genomics
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Why not just encode A=1, C=2, G=3, T=4?

A simple numerical encoding would create a false relationship—it would imply A and C are “closer” than A
and G, or that the average of A and T equals C. Nucleotides don’t have this kind of numeric relationship,
and such a scheme would confuse the network.

8.4.2 Handling Ambiguous Bases

Real sequencing data sometimes contains ambiguous base calls (N for unknown). Common approaches:
- Set all four values to 0.25 (equal probability) — Set all four values to 0 (no information) — Mask these
positions during training

8.4.3 Reverse Complement Awareness

DNA is double-stranded, and regulatory elements can function on either strand. Many models use reverse
complement augmentation: during training, each sequence is randomly flipped to its reverse complement.
This teaches the model that both strands contain the same information.

8.5 Why Deep Learning for Genomics?
8.5.1 The Right Tool for the Right Job
Several properties of genomic sequences make them ideal for deep learning:

1. Large training datasets exist: ENCODE, Roadmap Epigenomics, and other consortia have generated
millions of labeled examples (sequence + activity measurements).

2. Patterns are hierarchical: Regulatory logic has natural hierarchical structure: - Base level: individual
nucleotides — Motif level: transcription factor binding sites (6-20 bp) - Module level: combinations of
motifs (60-200 bp) — Regional level: enhancer-promoter interactions (kilobases)

This hierarchy matches the structure of deep neural networks, where early layers detect simple patterns
and deeper layers combine them into complex representations.

3. Spatial relationships matter: The relative positioning and spacing of motifs affects function. Convolu-
tional neural networks (CNNs) are explicitly designed to capture spatial patterns.

4. Long-range dependencies exist: Regulatory elements can influence genes thousands of base pairs
away. Advanced architectures can model these long-range interactions.
8.5.2 What Deep Learning Offers vs. Traditional Methods

Compared to the conservation—based approach (Chapter 6) and ensemble ML (Chapter 7), deep learning
for genomics provides:

Approach Features Best For Key Limitation

Conservation (Ch. 6) Hand-crafted Protein—coding Poor for regulatory regions
(PhyloP, SIFT-) variants

Ensemble ML (Ch. 63 annotations All variant types Hand-curated features

7)

Deep Learning (Ch. Learned from raw Regulatory variants Data—-hungry; less interpretable

8) sequence

Automatic feature learning: No need to manually define features like “number of CpG islands” or “conser—
vation score.” The network learns which sequence patterns matter.

129



Multiple outputs: Can predict multiple epigenomic marks simultaneously, learning shared representations.

Transfer learning: Models trained on one organism or cell type can be fine—tuned for others.

8.5.3 The Data Advantage

The key enabler was the availability of large—scale, standardized epigenomic datasets. ENCODE alone gen-—
erated: - ~5,000 ChIP-seq experiments — ~400 DNase-seq experiments — ~300 RNA-seq experiments —
Across ~100 cell types

This provided millions of training examples: genomic regions with known epigenomic states. Previous
machine learning approaches were limited by small datasets; deep learning thrives on this scale.

8.6 The Basic Architecture: Sequence to Chromatin State

Let’s walk through the conceptual architecture of an early sequence-to-function model.

8.6.1 The Overall Flow

Input: DNA sequence (1000 bp)

4
One-hot encoding (4 x 1000 matrix)
{
Convolutional layers (detect motifs)
4
Pooling layers (summarize patterns)
1
Fully connected layers (integrate information)
{

Output: Chromatin features (e.g., DNase, H3K4me3, H3K27ac)

8.6.2 What Each Layer Does

Convolutional layers scan the sequence with small “filters” (typically 4-20 bp wide) to detect motifs. Each
filter learns to recognize a specific sequence pattern—essentially rediscovering transcription factor binding
motifs automatically. Think of each filter as a molecular “antenna” tuned to a specific sequence signal.

Pooling layers summarize information, reducing computational cost and helping the network focus on
whether a motif is present rather than its exact position.

Fully connected layers integrate information across the sequence, learning how combinations of motifs
determine regulatory activity.

Output layer produces predictions for each epigenomic feature of interest.

The key concept: the network learns a hierarchy of patterns, from simple motifs to complex regulatory
logic—the same way a biologist would first identify individual transcription factor binding sites, then un-
derstand how they cooperate.

8.6.3 Training the Model

Training follows the standard supervised learning recipe:

1. Prepare data: Extract sequences from the genome (positive examples: active regulatory regions;
negative examples: inactive regions)
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2. Associate labels: For each sequence, attach experimental measurements (DNase signal, histone
marks, etc.)

3. Train: Show the network thousands of examples, adjusting weights to minimize prediction error

4. Validate: Test on held—out sequences never seen during training

5. Evaluate: Measure how well predictions match experimental data

The result is a model that can predict regulatory activity for any DNA sequence you give it—even sequences
without experimental data.

[Optional: The Math]

Sequence—based models frame regulatory prediction as a binary classification problem: for
each genomic region, is a chromatin feature present (1) or absent (0)?

The model is trained by minimizing binary cross—entropy loss:
L=-(1/N) = [yO log(yD) + (1-y) log(1-y[D)]

Where N = number of examples, y[1 = true label (1 if feature present, 0 if absent), and y[1 =
model’s predicted probability. When the model correctly predicts high probability for an active
region, the loss is small. When it makes a wrong prediction, the loss is large—and the model
updates its internal weights to do better next time.

8.7 What Can These Models Predict?

Early sequence—based models (2015-2018) demonstrated several impressive capabilities:

8.7.1 Chromatin Accessibility

Given a 1000 bp DNA sequence, predict whether it will be accessible (DNase—hypersensitive or ATAC-seq
positive) in specific cell types. Accuracy: 80-90% for distinguishing accessible from inaccessible regions.

8.7.2 Histone Modifications

Predict the presence and intensity of specific histone marks from sequence alone: - H3K4me3 (active
promoters): highly predictable (~90% accuracy) — H3K27ac (active enhancers): moderately predictable
(~80% accuracy) - H3K27me3 (repressed regions): less predictable (~70% accuracy)

The varying predictability reflects biology: some chromatin states are more sequence—determined, others
depend heavily on context and signaling.

8.7.3 Transcription Factor Binding

Predict binding sites for hundreds of transcription factors. This is particularly valuable because ChlP-seq
for most TFs doesn’t exist in most cell types.

8.7.4 Variant Effect Prediction

Perhaps most exciting for clinical applications: predict how genetic variants alter regulatory activity. The
approach:

1. Input the reference sequence — get baseline predictions
2. Input the variant sequence — get altered predictions
3. Compare: large changes suggest functional impact

This enables in silico mutagenesis: systematically testing every possible single nucleotide change in a
regulatory region to identify critical positions.
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8.8 Case Study: Predicting Non—Coding Variant Effects
8.8.1 The Challenge

A genome-wide association study (GWAS) identifies a variant (rs9939609) associated with obesity and
type 2 diabetes. The variant falls in an intron of the FTO gene—no protein sequence change. How does
it affect biology?

8.8.2 Traditional Approach

Without computational prediction, researchers would need to: 1. Hypothesize which regulatory elements
might be affected 2. Test enhancer activity using reporter assays (months of work) 3. Perform ChIP-seq
in relevant cell types (expensive, requires appropriate cells) 4. Test the variant’s effect in cellular models

8.8.3 Sequence—Based Prediction Approach
A deep learning model trained on ENCODE data can:

1. Predict baseline activity: Input the reference sequence around rs9939609 — predict DNase accessi—
bility and relevant histone marks in adipocytes (fat cells)

2. Predict variant effect: Input the variant sequence — predict how chromatin state changes
3. Identify mechanism: Examine which predicted TF binding sites are disrupted
4. Prioritize experiments: Focus wet-lab validation on the most likely mechanism

In this real case, sequence—-based models predicted that rs9939609 disrupts a binding site for the tran—
scription factor CUX1, altering enhancer activity in preadipocytes. This prediction, made computationally
in minutes, was later validated experimentally.

8.8.4 Impact

This approach transformed variant interpretation: — Screen thousands of GWAS variants computationally
before experiments — Predict cell-type—specific effects without having those cell types — Generate mech-
anistic hypotheses about regulatory disruption — Prioritize variants for functional validation

8.9 Advantages and Limitations
8.9.1 Key Advantages

Speed: Predictions are nearly instantaneous (milliseconds per sequence) once the model is trained. Test—
ing millions of variants is feasible.

Scale: Can predict for any genomic region, not just those with experimental data.

Cost-effective: Training requires computational resources but no wet-lab experiments. Predictions are
essentially free.

Hypothesis generation: Identifies which sequence features matter, guiding mechanistic studies.
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8.9.2 Important Limitations

Sequence-only: These models only see DNA sequence. They miss: = 3D chromatin structure (enhancer-
promoter loops) - Pioneer factor binding that remodels closed chromatin - Signaling—dependent activation
- Cell state and developmental history

Training data bias: Models learn patterns present in training data (mostly common cell lines). Predictions
for rare cell types or disease states may be less reliable.

Correlation vs. causation: A model might predict that a sequence is an enhancer without understanding
the mechanistic steps.

Validation still needed: Computational predictions generate hypotheses but don’t replace experimental
validation, especially for clinical applications.

8.9.3 When to Use Sequence—-Based Prediction

Good use cases: - Screening thousands of variants to prioritize for experiments — Predicting effects in
cell types where experiments are infeasible — Exploring regulatory syntax through in silico mutagenesis —
Identifying likely transcription factor binding sites — Generating mechanistic hypotheses

When experiments are still necessary: - Final validation for clinical variant interpretation — Testing context—
dependent effects (signaling, cell state) — Measuring quantitative effects (fold-change in expression) -
Confirming long-range interactions - Studying dynamic processes (development, differentiation)

The best research combines both: computational predictions guide efficient experimental design, and
experimental results validate and refine models.

8.10 The Road Ahead

This chapter introduced the conceptual foundation of sequence-based deep learning for regulatory ge—
nomics. We've seen why this approach emerged (experimental limitations), what it predicts (chromatin
states from sequence), and how it helps (variant interpretation, hypothesis generation).

In the next chapters, we’ll dive deeper:

Chapter 9 will explore the architecture that made this possible: convolutional neural networks. You'll learn
exactly how filters learn motifs, how pooling summarizes information, and how models like DeepSEA and
Baseniji work in detail.

Chapter 10 will introduce transformers, a newer architecture that can capture much longer-range interac—
tions and has led to models like Enformer that predict gene expression from megabase—-scale sequences.

The journey from sequence to function is just beginning.

Summary
Key Takeaways:

* The human genome contains ~1 million candidate regulatory regions, but experimental characteriza—
tion is limited by cost ($500-1000 per experiment), time (weeks per experiment), and availability of
biological material

» Experimental testing of variant effects is prohibitively expensive: testing 4-5 million variants per
genome across 200+ cell types would require billions of experiments
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Sequence-based deep learning offers a paradigm shift: instead of hand—-crafting features based on
conservation or motifs (as in Chapters 6-7), neural networks learn regulatory patterns directly from
DNA sequence

DNA sequences are encoded as one—hot matrices (4 rows for A/C/G/T, sequence length columns)
for input to neural networks — this avoids false numerical relationships between nucleotides

The ENCODE Project generated millions of labeled training examples (sequences with measured
chromatin states), enabling supervised learning at scale

Deep learning architectures use hierarchical pattern detection: early layers learn simple motifs (6-20
bp), deeper layers learn complex regulatory logic

Models can predict chromatin accessibility (80-90% accuracy), histone modifications (70-90% de-
pending on mark), transcription factor binding, and variant effects on regulatory activity

Sequence-based predictions enable in silico mutagenesis: testing millions of variants computation-
ally before selecting candidates for experimental validation

Key advantages include speed (milliseconds per prediction), scale (genome-wide), and hypothesis
generation; key limitations include inability to capture 3D structure, signaling context, and cell state

Best practice combines computational prediction (screening and hypothesis generation) with exper-

imental validation (confirming mechanisms and clinical significance)

O Key Terms

Term

Definition

ATAC-seq (Assay for
Transposase—Accessible Chromatin
using sequencing)

ChlIP-seq (Chromatin
Immunoprecipitation Sequencing)
Chromatin accessibility

DNase-seq (DNase | hypersensitive
sites sequencing)

ENCODE (Encyclopedia of DNA
Elements)

Enhancer

Epigenome

In silico mutagenesis

One-hot encoding

Regulatory elements

A technigue that maps open chromatin regions genome-wide by
using a transposase enzyme that preferentially inserts into
accessible DNA.

A technique that identifies where proteins (like transcription
factors or modified histones) bind to DNA genome-wide.

The degree to which DNA is physically accessible to transcription
factors and other regulatory proteins.

A technigue that maps open chromatin regions by identifying
where the DNase | enzyme can cut DNA.

A large—scale research consortium that aims to identify all
functional elements in the human genome through
comprehensive experimental characterization.

A regulatory DNA sequence that increases transcription of genes,
often from a distance, by serving as a binding platform for
transcription factors.

The complete set of chemical modifications to DNA and histones
in a cell that affect gene expression without changing the DNA
sequence itself.

Computational testing of how sequence changes affect
predictions, allowing systematic exploration of variant effects
without experiments.

A method of representing DNA sequences as binary matrices
where each nucleotide is encoded as a vector with a single 1 and
three Os (A=[1,0,0,0], C=[0,1,0,0], G=[0,0,1,0], T=[0,0,0,1]).

DNA sequences that control when, where, and how much genes
are expressed, including enhancers, promoters, silencers, and
insulators.
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Definition

Reverse complement The complementary DNA sequence read in reverse direction;

important because DNA is double-stranded and regulatory
elements can function on either strand.

Sequence—to—function models Neural networks that predict regulatory activity and chromatin

states directly from DNA sequence.

Supervised learning A machine learning approach where models are trained on labeled

examples (input-output pairs), learning to predict outputs for new
inputs.

Test Your Understanding

1. A researcher has identified 500 genetic variants associated with type 2 diabetes through GWAS.

Of these, 450 fall in non-coding regions. Explain why experimental testing of all variants across
relevant cell types (pancreatic beta cells, liver, muscle, adipose) is impractical, and describe how
sequence—based deep learning could help prioritize variants for functional validation.

. Consider two histone modifications: H3K4me3 (marks active promoters) and H3K27me3 (marks
repressed regions). Which do you think would be more predictable from DNA sequence alone, and
why? What other information might be needed to accurately predict repressed regions?

. A sequence—based model predicts that a variant disrupts an enhancer in cardiac muscle cells. How-
ever, when tested experimentally using a reporter assay in cultured cardiomyocytes, no effect is
observed. List at least three biological reasons why the experiment might not have detected an
effect that truly exists in vivo.

. Explain why one—hot encoding is used for DNA sequences rather than simpler encodings like A=1,
C=2, G=3, T=4. What problems would a numerical encoding create for learning regulatory patterns?

. A model trained on ENCODE data (mostly from immortalized cell lines) is used to predict regulatory
activity in early embryonic cells. What concerns might you have about the predictions’ reliability?
What could be done to improve them?

. Compare and contrast the variant effect prediction approaches of CADD (Chapter 7) and sequence-
based deep learning. What are the strengths and weaknesses of each? When would you use one
versus the other?

. A variant falls in a predicted enhancer for a gene 500 kb away. The sequence—-based model predicts
the variant disrupts enhancer activity, but the gene’s expression is unchanged in patients carrying
the variant. Propose biological explanations for this discrepancy involving 3D chromatin structure.

. The text mentions that sequence—based models can achieve 80-90% accuracy for chromatin ac-
cessibility prediction. What does the remaining 10-20% error represent biologically? What factors
beyond DNA sequence determine whether a region is accessible?

Chapter 9: CNN-Based Regulatory Sequence Analysis

Interactive: Chapter 9

Imagine unrolling a 1,000-nucleotide stretch of DNA across your desk — a long paper ribbon of A’s, T's,
G’s, and C’s stretching from one end to the other. You pick up a magnifying glass, a small one, about 8
nucleotides wide, and start sliding it from left to right across the ribbon. At position 14, you notice a pattern:
G-A-T-A followed by an A-rich stretch — a GATA motif, a known binding site for a family of transcription
factors. You slide on. At position 83, another pattern emerges: a GC-rich cluster with a specific internal
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spacing. You note each observation on a sticky note and pin it to the wall. By the time the magnifying
glass has traveled the full length of the ribbon, the wall is covered: dozens of motif observations, each
recording what the glass saw at each position along the way.

Congratulations — you just performed a convolution. A small, fixed-width window, sliding systematically
from one end of a sequence to the other, recording local pattern matches at every position. The sticky
notes on your wall are a feature map: a compact summary of what each position in the sequence looks
like through that particular lens.

A Convolutional Neural Network does exactly this, with two differences in scale and autonomy. First,
it does not slide one magnifying glass but hundreds — each one tuned to detect a different pattern,
producing hundreds of feature maps simultaneously. Second, and more importantly, it did not arrive with
those lenses pre—programmed. It learned which patterns to look for by examining millions of sequences
with known regulatory activity, adjusting its filters until the patterns that predict function came into focus.
The convolution operation itself is ancient mathematics; the novelty is that the filters are not designed by
a biologist but discovered by the network from data.

This chapter opens the hood on that process. We will work through how convolutions are applied to DNA
sequences, how filters learn to recognize motifs, how stacked layers build from local patterns to global
function, and how models like DeepSEA and Basset put these ideas into practice for predicting regulatory
activity across the human genome.

The Biological Challenge

The noncoding genome represents about 98% of human DNA, yet we understand far less about it than
we do about protein—coding regions. This vast regulatory landscape includes:

 Promoters: DNA sequences where transcription begins (~20,000-30,000 in the human genome)

* Enhancers: Sequences that boost gene expression, often located far from their target genes
(~400,000-1,000,000 elements)

- Silencers: Sequences that repress gene expression (~560,000-100,000 elements)

« Insulators: Sequences that block interactions between regulatory elements (~10,000-50,000 ele-
ments)

Each regulatory element works in a cell-type-specific manner. An enhancer active in neurons might be
completely inactive in muscle cells. The same DNA sequence can have different functions depending on:
- Cell type (neurons vs. hepatocytes vs. cardiomyocytes) — Developmental stage (embryonic vs. adult)
- Environmental conditions (presence of hormones, stress signals) = Chromatin context (which histone
modifications are present)

Testing regulatory activity experimentally requires techniques like: — Massively Parallel Reporter Assays
(MPRAs): Test thousands of sequences simultaneously, but still limited to tested sequences - ChIP-
seq: Maps where transcription factors bind, but requires specific antibodies for each protein - ATAC-
seq/DNase-seq: Maps open chromatin regions, but doesn’t directly measure regulatory activity = Hi—C:
Maps 3D genome organization, but is expensive and complex

Why we need computational approaches:

1. Scale: Testing every possible single nucleotide variant in every regulatory element would require
~400 billion experiments (1 million elements x 400 bases per element x 1,000 cell types)

2. Cost: Even with high-throughput methods, comprehensive experimental mapping costs tens of
millions of dollars per cell type

3. Speed: Experimental characterization takes months to years; predictions take seconds

4. Personalization: Each individual has ~4-5 million variants. We need to predict which variants affect
regulation in their specific genome
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5. Hypothesis generation: Computational predictions help prioritize which experiments to actually per-
form in the lab

The challenge is to build models that can learn the “regulatory code”—the rules that determine which DNA
sequences function as enhancers, promoters, or silencers in which cell types. This is where convolutional
neural networks excel: they can learn to recognize sequence patterns (motifs) and their combinations that
determine regulatory function.

Learning Objectives
By the end of this chapter, you will be able to:

O Explain how convolutional neural networks recognize sequence motifs and patterns in DNA

0 Describe the architecture and capabilities of DeepSEA for predicting chromatin features from DNA
sequence

Understand how Basenji models predict gene expression across multiple cell types and conditions
Calculate and interpret variant effect predictions using in silico mutagenesis

Compare the strengths and limitations of different CNN architectures for genomic sequence analysis
Evaluate when CNN-based approaches are appropriate for regulatory sequence analysis

O Apply pre—trained models to predict the functional impact of noncoding variants

ooon

9.1 Why CNNs for DNA Sequences?

Before diving into specific models, let’s understand why convolutional neural networks are particularly
well-suited for analyzing DNA sequences.

The Pattern Recognition Problem

DNA regulatory elements work through transcription factor binding. Transcription factors are proteins that
recognize and bind to specific DNA sequences called motifs. A typical motif is 6-20 base pairs long and
has some flexibility—for example, the binding site for the transcription factor CTCF looks roughly like:
CCGCGNGGNGGCAG (where N means any nucleotide).

Think of a CNN filter as a molecular scanner—much like a restriction enzyme that slides along the DNA
helix looking for its specific recognition sequence before cutting. A CNN filter “slides” along the encoded
DNA looking for patterns it has learned to recognize during training.

The regulatory activity of a DNA sequence depends on: 1. Which motifs are present: Does the sequence
contain binding sites for activating or repressing transcription factors? 2. How motifs are arranged: Are
activating motifs close together (synergy) or separated by repressive motifs? 3. The surrounding sequence
context: Is the motif in an accessible chromatin region?

This is fundamentally a pattern recognition problem—and CNNs are excellent at recognizing patterns in
sequential data.

How CNNs Process DNA

Recall from Chapter 3 that convolutional neural networks use filters that slide across input data, detecting
local patterns. For DNA sequences:

1. DNA is encoded as a one—hot matrix: Each nucleotide becomes a 4-dimensional vector:

+A=[1,0,0,0]
+C=10,1,0,0]
+G=1[0,0,1,0]
+T=10,0,0,1]
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2. Convolutional filters learn motifs: A filter of width 12 can learn to recognize a 12-bp motif. The first
layer learns individual motifs (like transcription factor binding sites).

3. Deeper layers learn motif combinations: Subsequent layers learn how motifs are arranged relative
to each other—which combinations create strong enhancers versus weak ones.

4. Pooling captures position flexibility: Max pooling allows the network to recognize that a motif is
present without caring about its exact position within a window.

Advantages Over Traditional Approaches

Compared to traditional motif scanning (like FIMO or JASPAR):

» Learns from data: CNNs discover relevant motifs automatically rather than requiring pre—defined
motif databases

+ Captures motif combinations: Traditional approaches score motifs independently; CNNs learn syn-
ergistic interactions

» Handles variable spacing: CNNs can learn that two motifs need to be 50-200 bp apart, not exactly
100 bp apart

* Integrates weak signals: Many enhancers work through combinations of weak motifs; CNNs can
integrate these signals

Compared to traditional machine learning (like SVMs with k—-mer features):

* Hierarchical learning: CNNs automatically learn a hierarchy from simple patterns to complex regula-
tory logic

+ Parameter efficiency: CNNs learn hundreds of motifs with thousands of parameters; k-mer features
require millions of features

« Direct sequence input: No need to manually engineer features like “GC content” or “number of CpG
islands”

What CNNs Learn

When we visualize the filters in trained CNNs, we find that:

First convolutional layer: Learns individual transcription factor motifs — Some filters match known motifs
(CTCF, AP-1, GATA, etc.) - Others discover novel motifs not in databases - Filters often show position
weight matrices similar to experimental ChlP-seq data

Second convolutional layer: Learns motif pairs and spacing constraints — Recognizes that certain transcrip—
tion factors work together — Learns optimal spacing between binding sites — Detects repressive versus
activating combinations

Deeper layers: Learn cell-type-specific regulatory logic — Integrate information across longer sequence
windows - Distinguish enhancers active in different cell types — Capture long-range dependencies (for
models with large receptive fields)

This hierarchical learning mirrors the biological reality: individual transcription factors bind to motifs, com—
binations of transcription factors work together to regulate genes, and the cell-type—specific combination
of available transcription factors determines which enhancers are active.

9.2 DeepSEA: Predicting Chromatin Features

DeepSEA (Deep learning for Sequence—based Estimation of chromatin Accessibility) was one of the first
successful applications of CNNs to regulatory genomics. Published in 2015 by Jian Zhou and Olga Troy-
anskaya, it demonstrated that DNA sequence alone could predict chromatin features with remarkable
accuracy.
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Think of DeepSEA as predicting enhancer activity by training on thousands of ENCODE ChlIP-seq
experiments—ijust as a well-trained physician learns to recognize disease patterns by studying thousands
of past cases, DeepSEA learned to recognize regulatory patterns by studying thousands of genomic
experiments.

The Training Data

DeepSEA was trained on data from the ENCODE Project and Roadmap Epigenomics Consortium, which
includes:

« DNase—-seq: Measures chromatin accessibility (open chromatin regions where DNA is accessible to
proteins)

* Transcription factor ChIP-seq: Maps binding locations for 125 transcription factors

« Histone modification ChlIP-seq: Maps histone marks like H3K4me3 (active promoters), H3K27ac
(active enhancers), H3K36me3 (gene bodies), H3K27me3 (repressed regions)

The training set consisted of: — 919 different chromatin features (DNase + TF binding + histone marks)
- Measured across multiple cell types — Each data point: a 1000 bp DNA sequence labeled with which
features are present

The Architecture

DeepSEA uses a relatively simple architecture:

Input: 1000 bp DNA sequence (4 x 1000 matrix after one-hot encoding)
{
Conv Layer 1: 320 filters, width 8
4+ RelU activation
{ Max pooling (width 4)
{
Conv Layer 2: 480 filters, width 8
4 RelU activation
{ Max pooling (width 4)
{
Conv Layer 3: 960 filters, width 8
4 RelLU activation
{
Fully Connected Layer: 925 units
4+ RelU activation
{ Dropout (50%)
{
Output Layer: 919 units (one per chromatin feature)
! Sigmoid activation (multi-label classification)

Key design choices:

1. Three convolutional layers: Captures patterns at multiple scales—individual motifs (layer 1), motif
pairs (layer 2), and larger regulatory modules (layer 3)

2. Increasing filter numbers: More filters in deeper layers allow learning more complex patterns
3. Small filter width (8 bp): Matches typical transcription factor motif lengths

4. Multi-task learning: Predicting 919 features simultaneously helps the network learn shared regula—
tory logic

5. Sigmoid output: Each chromatin feature is predicted independently (probability from 0 to 1)

139



Performance

DeepSEA achieved impressive accuracy:

+ Area Under ROC Curve (AUC): Average 0.89 across all 919 features
* Best features: DNase-seq peaks (AUC ~0.95), common transcription factors (AUC 0.90-0.93)
« Harder features: Rare transcription factors in specific cell types (AUC 0.70-0.80)

Why some features are easier than others: - DNase peaks mark open chromatin, which has strong se—
quence signatures (GC-rich, motif-dense) — Common transcription factors (like CTCF) have clear motifs
and appear in many cell types (more training data) — Rare transcription factors have fewer training examples
and may depend more on chromatin context

Variant Effect Prediction

DeepSEA’s most powerful application is predicting how genetic variants affect regulatory elements. The
approach is called in silico mutagenesis:

1. Get reference prediction: Input the reference DNA sequence (1000 bp centered on the variant)
2. Get alternative prediction: Change the variant position to the alternative allele
3. Calculate difference: A score = Alternative prediction - Reference prediction

For example, consider a variant in an enhancer active in liver cells: - Reference (G): DeepSEA predicts 0.85
probability of H3K27ac in hepatocytes — Alternative (A): DeepSEA predicts 0.12 probability of H3K27ac in
hepatocytes

- A score = —0.73: This variant likely disrupts the enhancer in liver cells

DeepSEA computes this difference for all 919 chromatin features, giving a comprehensive view of how a
variant affects regulation across cell types.

Interpreting DeepSEA Predictions

Strong predictions (] 4 score| ) 0.5): - Variant likely disrupts or creates a transcription factor binding site -
Effect is strong enough to change chromatin state — Higher confidence in functional impact

Moderate predictions (|4 score| = 0.2-0.5): - Variant affects binding but may not completely abolish or
create it — Effect may be cell-type-specific - Medium confidence

Weak predictions (|4 score| { 0.2): - Variant has minimal effect on predicted features - May not be
functionally important — Could still be important if it affects features not in the training set

Cell-type specificity: If a variant shows large A scores for enhancer marks (H3K27ac) specifically in brain
cell types but not liver cell types, this suggests: — The variant affects a brain—specific enhancer — It might
impact genes expressed in the brain - It could be relevant to neurological conditions

9.3 Baseniji: Predicting Gene Expression

While DeepSEA predicts chromatin features, Basenji (developed by David Kelley and colleagues at Calico,
published in 2018) goes a step further: it predicts actual gene expression levels from DNA sequence.

The Motivation

Knowing that a sequence is an enhancer (from DeepSEA) is valuable, but biologists often want to know:
- How much does this enhancer boost gene expression? — Which gene does it regulate? — How does
expression change across different cell types? — What happens to expression when we introduce a variant?

Basenji addresses these questions by directly predicting genome—wide gene expression and chromatin
accessibility from sequence.
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The Training Data

Basenji was trained on much larger genomic windows than DeepSEA:

* Input: 131,072 bp DNA sequences (~131 kb, or about 20-30 genes)
* Outputs:
— Gene expression (CAGE data from FANTOM5)
— DNase-seq tracks
— Histone modification ChlP-seq tracks
* Cell types: 164 different cell types and tissues
* Tracks: Over 4000 separate experimental tracks

Why such long sequences? - Enhancers can be located 100 kb or more from their target genes — Need
to capture long-range regulatory interactions — Gene expression depends on multiple regulatory elements
spread across large regions

Architecture Evolution: Basenji to Basenji2
Original Baseniji (2018):

Input: 131,072 bp sequence
{
8 Convolutional layers (with batch norm and pooling)
{
2 Dilated convolutional layers (expands receptive field)
{
Dense output layer
{
Output: 4229 tracks, each 1024 bins (128 bp per bin)

Baseniji2 (2020 update): — Added residual connections (like ResNet) — Increased model depth to 14 con-
volutional layers — Added squeeze—and-excitation blocks (channel attention) — Improved handling of long-
range dependencies — Better performance, especially for long-range enhancer—gene interactions

How Baseniji Makes Predictions
Unlike DeepSEA, which makes a single prediction per sequence, Basenji makes spatially-resolved pre—
dictions:

1. Input: 131 kb DNA sequence
2. Output: A “track” showing predicted signal across the sequence

- Divided into bins (128 bp per bin)

« Each bin gets a predicted value (e.g., RNA-seq read coverage)
3. Multiple tracks: Separate predictions for each cell type/assay

For gene expression: — The model predicts CAGE signal across the entire 131 kb window — Peaks in CAGE
signal indicate transcription start sites — Peak height indicates expression level — Can see expression of
multiple genes in the window

Variant Effect Prediction in Basenji

Baseniji's variant effect prediction is more informative than DeepSEA’s:

1. Sequence—to—expression changes: Shows exactly where in the 131 kb window the effect occurs
and can identify which gene’s expression changes

2. Quantitative expression changes: Predicts fold-change in expression (2x increase, 50% decrease,
etc.), which is more directly interpretable than chromatin feature changes
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3. Cell-type—specific effects: Can show that a variant increases expression 3-fold in heart but de—
creases it 50% in liver

Example interpretation:

Imagine a variant 50 kb upstream of the gene APOE: - Reference: Basenji predicts expression level of
45 CAGE reads in neurons — Alternative: Basenji predicts expression level of 12 CAGE reads in neurons —
Effect: 73% reduction in neuronal APOE expression

This is much more directly interpretable than “0.5 change in H3K27ac prediction”—we can immediately
see this variant might affect neuronal function by reducing APOE expression.

Baseniji’'s Performance

Basenji achieved: - Cross—species conservation: Trained on mouse and human data, successfully predicts
in both species — Gene expression correlation: r = 0.78 between predicted and observed expression (across
test genes) — Variant validation: Successfully predicts direction of expression change for experimentally
validated variants

Limitations: — Still can’t predict context that isn’t in the sequence (e.g., effect of distant enhancers beyond
131 kb) - Requires substantial computational resources (large models, long sequences) - Less accurate
for genes with very low expression — Cannot predict effects of trans—acting factors (proteins that regulate
from different chromosomes)

9.4 Comparing DeepSEA and Baseniji

Both models use CNNs to predict regulatory function from sequence, but they differ in important ways:

Aspect DeepSEA Basenji

Input size 1,000 bp 131,072 bp

Primary output Chromatin features Gene expression + chromatin

Spatial resolution Single value per feature Track across sequence (128 bp
bins)

Number of tracks 919 4000+

Computational cost Low (fast predictions) High (slower, more memory)

Best use case Variant prioritization, TF binding Expression changes, long-range
effects

Can identify target gene No (too short) Yes (if within 131 kb)

When to use each:

Use DeepSEA when: - You want to quickly screen thousands of variants — You need to know which specific
transcription factors are affected — You're studying variants in known regulatory elements — Computational
resources are limited

Use Basenji when: - You want to predict quantitative expression changes - You need to identify which
gene is affected — You're studying long-range regulatory interactions — You have access to substantial
computational resources (GPUs)

Use both when: - You want comprehensive regulatory analysis — DeepSEA identifies likely regulatory
variants — Basenji predicts expression impact — Cross—-validation of predictions increases confidence

[Optional: The Math]
Variant Effect Score

The basic formula for variant effect prediction:
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DeltaS; = S;(textalt) — Sy(textref)

Where
DeltasS; = change in score for feature f, S¢(

textalt) = prediction for alternative allele, S ¢(
textref) = prediction for reference allele.

Example Calculation

Reference sequence (G at position 500): — H3K27ac in hepatocytes: 0.82 — H3K4me1 in hep-
atocytes: 0.91 — DNase in hepatocytes: 0.88

Alternative sequence (A at position 500): - H3K27ac in hepatocytes: 0.23 - H3K4me1 in
hepatocytes: 0.85 — DNase in hepatocytes: 0.31

Variant effects: -

DeltaS,.,im3xoraec = 0.23 — 0.82 = —0.59 — Strong negative effect -
DeltaS, . im3xamer = 0.85 —0.91 = —0.06 < Minimal effect -
DeltaS,.,ipNase = 0.31 —0.88 = —0.57 < Strong negative effect

Biological interpretation: The variant likely disrupts an active enhancer (H3K27ac down), while
the enhancer remains in a poised state (H3K4me1 unchanged), and chromatin becomes less
accessible (DNase down).

For overall impact, we can also aggregate across features:

textImpactScore = SUM ti,1ertrelevant features| DeltaSgltimesw,

where w is a weight for feature importance (e.g., weighting H3K27ac heavily for enhancers).

9.5 Architecture Innovations

The success of DeepSEA and Baseniji inspired many architectural improvements.

Dilated Convolutions

Problem: Standard convolutions have limited receptive fields. To see 1000 bp, you'd need many layers of
3-bp filters.

Solution: Dilated convolutions (also called atrous convolutions) insert gaps between filter positions.

A standard 3-bp filter looks at positions: [i, i+1, i+2] A dilated filter with dilation=2: [i, i+2, i+4] With
dilation=4: [i, i+4, i+8]

Advantages: — Exponentially increasing receptive field without adding parameters — Can see long-range
patterns (e.g., motifs 100 bp apart) — Maintains resolution (no information loss from pooling)

Residual Connections

Problem: Very deep networks are hard to train (vanishing gradients)
Solution: Residual connections (from ResNet) allow gradients to flow directly through the network.

x =+ Conv = RelLU -+ Conv =+ Add - RelU =+ ...
4 )
skip connection

Advantages: - Enables training networks with 50+ layers — Each layer learns refinements rather than
complete transformations — Improves gradient flow during training
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Multi-Scale Feature Extraction

Problem: Regulatory patterns exist at multiple scales (6 bp motifs, 50 bp motif pairs, 500 bp regulatory
modules)

Solution: Use multiple parallel convolutional paths with different filter sizes, then combine.

Input + Conv(width=4) - Concat - ...
Conv (width=8)
Conv(width=16)

Attention Mechanisms

Problem: Not all parts of a sequence are equally important

Solution: Attention mechanisms learn to focus on important regions. In a genomics context, attention
might focus on transcription factor binding sites while ignoring repetitive elements. (We explore this fully
in Chapter 10.)

9.6 Case Study: Variant in TAL1 Enhancer

Let’s walk through an illustrative example of using CNN models for variant interpretation. The biology is
inspired by real enhancer-variant studies around hematopoietic genes, but the specific coordinate and
guantitative values below are a teaching scenario unless a primary citation is added.

Background

TAL1 (T-cell acute lymphocytic leukemia 1) is a transcription factor critical for blood cell development. A
+51 kb enhancer upstream of TAL1 is active specifically in erythroid cells (red blood cell precursors).

Suppose researchers identify a single nucleotide variant in this enhancer: - Position: chr1:47,690,516
(hg19) - Reference allele: C - Alternative allele: T - Found in: A patient with altered red blood cell devel-
opment

Experimental Validation

The researchers performed reporter assays: — Reference (C): Strong enhancer activity in erythroid cells
- Alternative (T): 78% reduction in enhancer activity — Mechanism: The variant disrupts binding of the
transcription factor GATA1

This took approximately 6 months of lab work and cost ~$15,000.

DeepSEA Predictions

Running the variant through DeepSEA (this takes ~30 seconds):

Top predicted effects: 1. GATA1 binding in K562 cells: A score = -0.71 2. GATA2 binding in K562 cells:
A score = —0.68 3. H3K27ac in K562 cells: A score = -0.52 4. DNase in K562 cells: A score = -0.61

(K562 is an erythroid cell line commonly used in ENCODE)

Interpretation: — DeepSEA correctly predicts disruption of GATA1 binding — Also predicts GATAZ disruption
(makes sense—GATA factors have similar motifs) - Predicts reduced enhancer activity (H3K27ac) and
accessibility (DNase) - Predictions are specific to erythroid cells (minimal effects in other cell types)

Accuracy: DeepSEA’s predictions matched the experimental results closely. The model predicted the
variant would disrupt GATA binding and reduce enhancer activity—exactly what was observed.
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Baseniji Predictions

Running through Baseniji2 (takes ~2 minutes on GPU):

Predicted expression changes for TAL1: - Reference: 125 CAGE reads per bin in erythroid cells — Alter-
native: 38 CAGE reads per bin in erythroid cells — Effect: 70% reduction in predicted TAL1 expression

Interpretation: — Baseniji predicts substantial reduction in TAL1 expression — Effect is specific to erythroid
lineage cells - Quantitative prediction (70% reduction) is close to experimental observation (78% reduction)

Lessons from This Case

1. Speed: Computational predictions in minutes vs. months of experiments
2. Accuracy: Both models correctly predicted the functional effect

3. Mechanism: DeepSEA identified the specific transcription factor affected
4. Quantification: Basenji predicted magnitude of expression change

5. Specificity: Both correctly predicted erythroid—specific effect

When models disagree with experiments: — Model might be wrong (limited by training data) — Experiment
might have artifacts (reporter assays don’t capture all biology) — True effect might depend on factors not
in the sequence (e.g., distant enhancers, trans—acting factors)

9.7 Limitations and Challenges

While CNN-based models have been remarkably successful, they have important limitations.

What Sequence Models Cannot Capture

1. Trans—acting factors: Models only see DNA sequence. They can’t predict whether a transcription factor
is expressed in a given cell, whether it is post-translationally modified, or whether signaling pathways
have activated or repressed it.

2. Long-range interactions: Even Basenji’s 131 kb window can’t capture enhancers located 500 kb or more
from target genes, inter-chromosomal interactions, or topologically associating domain (TAD) structures.

3. DNA methylation: Most models don’t include information about CpG island methylation status, parent-
of-origin effects (imprinting), or age—related methylation changes.

4. Chromatin accessibility context: Models predict from sequence alone, but real regulatory activity de—
pends on whether chromatin is already open in that cell type and nucleosome positioning.

5. Environmental and developmental context: Models can’t predict how regulation changes with hormonal
signals, stress responses, developmental timing, or disease states.

Training Data Biases

* Most training data comes from immortalized cell lines (K562, HepG2, etc.)
* Models perform best on cell types similar to training data

* Training data is biased toward gene-rich, accessible chromatin regions

* Models may perform poorly in heterochromatin or repetitive regions

When NOT to Trust Model Predictions

Be skeptical of predictions when:

1. The variant is in a poorly studied region with no ENCODE data
2. The cell type is not represented in training data
3. The variant is in a repetitive region (Alu, LINE elements)
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4,
5.

The prediction is near threshold (|4 score| € 0.2)
Multiple models give contradictory predictions

Summary

Key Takeaways

CNNs are natural for DNA sequence analysis because they detect local patterns (motifs) and learn
hierarchical representations (motifs — motif combinations — regulatory logic)

DeepSEA predicts chromatin features from 1000 bp sequences, including transcription factor binding
and histone modifications across 919 features and multiple cell types

Basenji predicts gene expression from 131 kb sequences, enabling quantitative predictions of ex—
pression changes and identification of affected genes

Variant effect prediction works through in silico mutagenesis: comparing model predictions between
reference and alternative alleles to calculate 4 scores

Architecture innovations like dilated convolutions, residual connections, and attention mechanisms
have improved model performance and interpretability

CNN models have limitations: they only see sequence, miss long-range interactions, depend on
training data coverage, and can’t capture trans—acting factors or environmental context

Real-world success: Models like DeepSEA and Baseniji have successfully predicted functional vari—
ants, guided experiments, and accelerated regulatory genomics research

O Key Terms

Term Definition

Attention mechanism Neural network component that learns to weight different parts of
input differently, focusing on important regions

Baseniji CNN-based model that predicts gene expression and chromatin
accessibility from DNA sequences up to 131 kb long

CAGE (Cap Analysis of Gene Technique that identifies transcription start sites and measures

Expression) expression levels

Chromatin feature Experimentally measurable property of chromatin, such as DNase
sensitivity, histone modifications, or transcription factor binding

Convolutional filter Learnable pattern detector that slides across DNA sequence,
typically learning transcription factor motifs

DeepSEA CNN-based model that predicts 919 chromatin features from
1000 bp DNA sequences

Dilated convolution Convolutional operation with gaps between filter positions,
allowing larger receptive fields without additional parameters

Enhancer Regulatory DNA sequence that increases gene expression, often
located far from target genes and active in specific cell types

In silico mutagenesis Computational technique for predicting variant effects by
comparing model predictions between reference and alternative
sequences

Multi-task learning Training approach where model predicts multiple related outputs
simultaneously, learning shared representations

One-hot encoding Representation of DNA where each nucleotide becomes a

4-dimensional binary vector (A, C, G, T)

Receptive field Region of input sequence that influences a particular output,

determined by filter sizes and number of layers
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Term Definition

Regulatory element DNA sequence that controls gene expression without coding for
protein, including enhancers, promoters, silencers, and insulators

Residual connection Skip connection that adds layer input to output, enabling training
of very deep networks

Variant effect prediction Computational estimation of how a genetic variant affects

regulatory function or gene expression

Test Your Understanding

1. Why are convolutional neural networks particularly well-suited for analyzing DNA sequences, com-
pared to fully connected networks? What properties of CNN architecture match the biological prop—
erties of regulatory elements?

2. DeepSEA was trained on 919 chromatin features from multiple cell types. Explain how multi-task
learning (predicting all features simultaneously) helps the model learn better representations than
training 919 separate models.

3. Aresearcher finds that DeepSEA predicts a variant disrupts GATA1 binding (4 score = -0.82) in K562
cells but has minimal effect on GATA1 binding in HepG2 cells (A4 score = —0.05). What might explain
this cell-type—-specific prediction? What additional information would help interpret this result?

4. Basenji can predict gene expression from sequence, but it cannot predict how expression changes
when a signaling pathway is activated (e.g., when cells receive a hormone signal). Explain what
information Basenji is missing and why this limitation exists.

5. Compare the advantages and disadvantages of DeepSEA’s 1 kb input window versus Baseniji’s 131
kb window. For what types of biological questions would each be more appropriate?

6. A variant shows a strong DeepSEA prediction (disrupts H3K27ac, A score = -0.67) but weak Basenji
prediction (minimal expression change). Propose three biological explanations for why these predic—
tions might disagree.

7. Imagine you're studying a rare neurodevelopmental condition and have identified 200 noncoding
variants in affected individuals. Design a computational pipeline using DeepSEA and Basenji to
prioritize which variants to validate experimentally. What criteria would you use?

8. CNN models can learn transcription factor motifs from data without being given a motif database.
How would you validate that a learned filter actually represents a biologically meaningful motif? What
experiments or analyses would you perform?

Chapter 10: Transformer—Based Models for Genomics

Interactive: Chapter 10

Something puzzling is happening in the 8—globin locus. Regulatory sequences such as the locus control
region can sit tens of kilobases from the globin genes they control. A variant in one of these noncoding
elements may alter gene expression even though no protein—coding exon is changed. The variant is
whispering instructions across a long genomic distance, and the gene on the other end is listening.

How? The convolutional networks we've studied so far struggle with that question. Their effective re-
ceptive field — the genomic window they can use for one prediction — can be much smaller than the
distances over which enhancers, silencers, and insulators act. CNN-based tools like DeepSEA faithfully
report the local chromatin state at the variant site, but they have limited ability to connect that site to a
distant target gene.
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Many enhancer—promoter interactions span tens to hundreds of kilobases, and some stretch beyond 1
million bases. These long-range interactions are not edge cases — they are fundamental to how gene
regulation works, especially in development and tissue—specific contexts. A model that cannot see across
these distances will always be missing part of the story.

The answer involves an architectural innovation borrowed from machine translation: a mechanism called
attention that lets a model look at every position in a sequence simultaneously and learn which distant
positions talk to each other. This is exactly the problem transformers were designed to solve — not in
genomics initially, but in natural language processing. Welcome to transformers.

The Biological Challenge: Beyond Local Context
Why Long-Range Interactions Matter

The genome isn’t a simple linear instruction manual where each gene operates independently. Instead,
it's a complex three—dimensional structure where regulatory elements communicate across vast genomic
distances:

Chromatin Looping in Gene Regulation: — Enhancers routinely regulate genes 100,000-1,000,000 bases
away — ENCODE data shows the median enhancer—promoter distance is ~120 kb — Some regulatory inter-
actions span megabases (multiple genes apart) — Cell-type—specific gene expression depends on these
long—-range interactions

Think of it this way: a transcription factor doesn’t just check its immediate neighborhood—it scans the
entire accessible genome to find its binding partners, wherever they are. Enhancers can “reach across”
vast genomic distances to activate a promoter, much like two people can have a conversation across a
large room.

The Splicing Challenge: — Human genes average 27,000 bases, but some exceed 2 million bases — The
dystrophin gene (DMD) spans 2.2 million bases with 79 exons - Splicing decisions depend on regulatory
elements scattered throughout introns — Cryptic splice sites can be activated by variants thousands of
bases away — More than 60% of disorder—causing variants in some genes affect splicing

Learning Objectives
By the end of this chapter, you will be able to:

O Explain why CNNs struggle with long-range genomic interactions and what limits their receptive
field

O Describe how the attention mechanism works and why it enables modeling arbitrary distances

O Understand the transformer architecture and its key components (self-attention, positional encoding,
feedforward layers)

O Compare transformer—based genomic models such as Enformer with related sequence-to-
chromatin models such as Sei

O Explain how SpliceAl uses dilated convolutions to achieve long-range predictions for splicing

O Interpret attention weights to understand which genomic positions influence predictions

O Apply transformer—based models to predict variant effects on gene expression and splicing

O Recognize when long-range sequence context matters for a biological question
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10.1 The Limits of Convolutional Neural Networks

Before we introduce transformers, let's understand exactly why CNNs face challenges with long-range
interactions—and what that means biologically.

10.1.1 Receptive Fields in CNNs

Recall from Chapter 9 that CNNs use filters (kernels) that slide across sequences, detecting local patterns.
Each convolutional layer has a receptive field—the span of input sequence that can influence a single
output position.

How receptive fields grow: - Layer 1 with kernel size 3: receptive field = 3 bp - Layer 2 (stacking on Layer
1): receptive field = 5 bp — Layer 3: receptive field = 7 bp — Each additional layer adds (kernel_size - 1) to
the receptive field

To reach a receptive field of 100,000 bp with kernel size 3: - You'd need ~50,000 convolutional layers -
Computationally infeasible (gradient vanishing, memory explosion)

DeepSEA’s approach: - Input: 1,000 bp - Receptive field: entire input (through pooling and multiple
layers) — Can’t see beyond its 1,000 bp window

Baseniji’s approach (Chapter 9): - Input: 131,072 bp (~131 kb) — Multiple convolutional and pooling layers
- Effective receptive field: ~20,000-40,000 bp - Better, but still limited for megabase-scale interactions

10.1.2 Biological Consequences of Limited Receptive Fields

Example 1: Enhancer-Promoter Interactions

The B—globin locus control region (LCR) contains enhancers 50-60 kb upstream of the HBB gene. Variants
in the LCR cause B—thalassemia by reducing HBB expression.

» CNN with 20 kb receptive field: If analyzing the promoter region, it cannot “see” LCR enhancers
» Consequence: Misses critical regulatory variants
» Experimental validation: 15-20% of disorder—causing variants affect long-range regulation

Example 2: Splicing Across Large Genes

The DMD gene (dystrophin) spans 2.2 million bases: - 79 exons scattered across 2.2 Mb - Intronic variants
can affect splicing of distant exons — Splicing enhancers and silencers located throughout introns

A variant in intron 20 might affect exon 25 inclusion 50 kb away, but standard CNNs can’t integrate this
information.

10.1.3 Attempts to Extend CNN Receptive Fields

Researchers tried several approaches:

1. Dilated Convolutions (Atrous Convolutions) - Introduce gaps in the filter to cover more distance — Can
exponentially increase receptive field: 3 — 9 — 27 — 81 bp - Used successfully in SpliceAl (discussed in
Section 10.5) - Trade-off: May miss intermediate positions

2. Extremely Deep Networks — Stack many convolutional layers — Problems: vanishing gradients, overfit-
ting, computational cost

3. Larger Input Windows - Basenji uses 131 kb inputs — Memory scales with input length — Still can’t
handle megabase-scale interactions

None of these fully solve the long-range interaction problem. We need a fundamentally different
architecture—one that can relate any position to any other position regardless of distance.

Enter transformers.
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10.2 The Transformer Revolution: From Language to DNA
10.2.1 Transformers in Natural Language Processing

Transformers were introduced in the 2017 paper “Attention Is All You Need” by Vaswani et al. for machine
translation. The key insight: replace sequential processing with parallel processing based on attention
mechanisms.

Why transformers work for language: — Words far apart in a sentence can be deeply related - “The cat,
which | saw at the shelter last week, was adorable.” - “cat” and “was” are 10 words apart but directly
related (subject—verb) — Traditional RNNs process sequentially, struggling with long-range dependencies
- Transformers use self-attention to relate every word to every other word directly

Biological analogy: — Genomic regulatory elements work like words in a sentence — An enhancer 500 kb
away is like a word 10 positions back — Both require understanding relationships across distance — Both
benefit from attention mechanisms

10.2.2 The Self-Attention Mechanism

Self-attention is the core innovation. Here’'s how it works:

The Basic Idea: For each position in a sequence, attention computes how much to “attend to” every other
position. Positions that are relevant get high attention scores; irrelevant positions get low scores.

Three Components (the QKV framework):

For each sequence position, we create three vectors: 1. Query (Q): “What am | looking for?” 2. Key (K):
“What do | represent?” 3. Value (V): “What information do | carry?”

How it works step—by-step:
Imagine analyzing a genomic sequence with three positions (simplified):

Position 1: TATA box (promoter element)
Position 2: random intronic sequence
Position 3: GATA motif (enhancer element)

Step 1: Create Q, K, V vectors Each position gets Query, Key, and Value vectors (learned during training):
- Position 1 (TATA): Qs, K1, Vi = Position 2 (random): Qq, Kz, V-
- Position 3 (GATA): Qs, Ks, Vi

Step 2: Compute attention scores For Position 1, we want to know: “Which other positions are relevant
to me?”

Calculate: Q1 - Ki, Q1 - Kz, Q1 * Kz (dot products)
The dot product measures similarity—high values mean “these positions should interact.”

Step 3: Normalize with softmax Convert scores to probabilities that sum to 1: - Attention(1—1) = 0.2
(some self-attention) — Attention(1—2) = 0.1 (low—random sequence not relevant) — Attention(1—=3) =
0.7 (high—enhancer—promoter interaction!)

Step 4: Weighted sum of values Output for Position 1 =0.2 x Vi + 0.1 x V2 + 0.7 x V3

Position 1’s representation now incorporates strong information from Position 3 (the enhancer), weak
information from Position 2.

The key insight: This happens in parallel for ALL positions, and they can all attend to each other regardless
of distance.
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[Optional: The Math]

Attention function:

text Attention(Q, K, V) = textsoftmaxle ft(fracQKT sqrtd,right)V

Where: - Q: Query matrix (sequence_length x d_k) - K: Key matrix (sequence_length x d_k)
- V' Value matrix (sequence_length x d_v) - d,: dimension of key vectors (scaling factor

prevents tiny gradients) - QKT produces attention scores for all position pairs — softmax:
normalizes to probabilities — Result: weighted sum of values based on attention

Multi-head attention:

Instead of one attention mechanism, use multiple “heads” in parallel:
textMultiHead(Q, K, V) = textConcat(texthead,, ..., texthead, )W

where each head; =
textAttention(QWiQ, KWE vwY)

Different heads can specialize: Head 1 might learn promoter-enhancer interactions; Head 2
might learn exon—exon interactions; Head 3 might learn CTCF-CTCF (chromatin loop) interac-
tions.

Positional Encoding: Transformers process all positions in parallel, losing sequence order infor-
mation. To preserve order, positional encodings are added to input embeddings:

PE = sinleft(fracpos10000%/dright), quadPE o 9;41) = cosle ft( fracpos10000%/ 4right)

p0s,21)

10.3 Enformer: Transformers for Gene Expression Prediction
10.3.1 From Baseniji to Enformer

Baseniji (Chapter 9 recap): — CNN-based architecture - Input: 131,072 bp (~131 kb) - Predicts gene
expression and chromatin marks — Limitation: ~20-40 kb effective receptive field

Enformer (Avsec et al., 2021): - Transformer-based architecture

- Input: 196,608 bp (~197 kb) - Key innovation: Attention mechanism for long-range interactions — Re—
sult: higher prediction accuracy than Baseniji2, especially for CAGE-based gene expression, with a larger
effective receptive field for distal regulatory elements

10.3.2 Enformer Architecture

Enformer combines the best of both worlds: CNNs for local patterns, transformers for long-range inter—
actions.

Architecture overview:

Input: 196,608 bp DNA sequence
4

[Convolutional Stem]

- 7 convolutional blocks

- Reduces sequence length (downsampling)

- Extracts local features

- Output: 1,536 positions x 1,536 features
4
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[Transformer Layers]
- 11 transformer blocks
- Multi-head self-attention
- Each position can attend to all others
- Learns long-range dependencies
0
[Prediction Heads]
- Predicts 5,313 experimental tracks:
* CAGE (gene expression)
* DNase-seq (accessibility)
* H3K4me3, H3K27ac, etc. (histone marks)
- Outputs: bin-level predictions across sequence

Why this hybrid approach? - CNNs excel at: Local motifs (TATA boxes, TF binding sites) — Transformers
excel at: Long-range interactions (enhancer-promoter) — Together: Best of both—recognize motifs AND
their long—distance relationships

10.3.3 Enformer for Variant Effect Prediction

How to predict variant effects:

1. Reference prediction: Input 197 kb sequence centered on gene/variant — get predictions for all
5,313 tracks

2. Variant prediction: Input same sequence with variant substituted — get predictions for all tracks
3. Calculate difference:

A expression = prediction(variant) — prediction(reference)
» Positive A: variant increases expression
* Negative A: variant decreases expression

Example: Enhancer variant analysis

Hypothetical example: a variant 85 kb upstream of FOXP2 lies in a brain—active enhancer. Enformer can
compare reference and alternate sequences across a ~200 kb window and predict whether the alternate
allele changes CAGE or chromatin—track outputs near FOXP2. Such a prediction would prioritize the variant
for follow—up, but it would still need eQTL, reporter, CRISPRI, or other functional evidence.

10.3.4 Enformer Performance

Performance metrics (Avsec et al., 2021) depend on the assay and evaluation split. For CAGE gene-
expression prediction at human protein—coding genes, the reported mean correlation increased from 0.81
for Baseniji2 to 0.85 for Enformer. Across genome-wide tracks, Enformer also improved prediction of
CAGE, histone marks, transcription factor binding, and DNA accessibility on held-out genomic regions.

By visualizing attention weights and contribution scores, researchers found evidence that Enformer uses
biologically meaningful sequence context:

1. Promoter—-enhancer grammar: contribution scores highlight distal enhancer-like sequences, often
agreeing with H3K27ac and CRISPRi enhancer data

2. CTCF-associated boundaries: attention and contribution patterns can reflect CTCF/TAD-boundary
sequence features

3. Splicing regulatory elements: sequence models can highlight exons and intronic elements that may
influence splice-site choice
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This is remarkable, but subtle: Enformer learned sequence features associated with distal regulation and
TAD boundaries from linear DNA sequence alone. This is not the same as measuring 3D chromatin contacts
directly.

10.4 Sei: Sequence—to—Chromatin State Prediction
10.4.1 The Chromatin State Segmentation Challenge

Chromatin states represent distinct functional categories of genomic regions: - Active promoter:
H3K4me3+, H3K27ac+, DNase+ — Strong enhancer: H3K4me1+, H3K27ac+, DNase+ - Poised enhancer:
H3K4me1+, H3K27me3+ — Heterochromatin: H3K9me3+, repressed — Transcribed region: H3K36me3+

The Sei approach: - Predicts chromatin states directly from sequence — Learns from large collections of
experimental chromatin and TF-binding profiles — Provides sequence—-class scores that can be compared
between reference and alternate alleles — Is best viewed as a related sequence—to—function model rather
than a full transformer model

10.4.2 Sei Architecture

Sei (Chen et al., 2022) uses a deep sequence model to predict regulatory profiles and summarize them
into sequence classes:

Input: 4,096 bp DNA sequence

+

[CNN Encoder] - extracts local sequence features
4

[Sequence representation layers] - integrate information across the 4 kb window
+

[Prediction Heads]
- Predicts 21,907 TF binding profiles
- Predicts chromatin accessibility
- Predicts histone modification patterns
4
[Chromatin State Classification]
- Maps predictions to 40 distinct chromatin states
- Tissue-specific state predictions

10.4.3 Sei for Noncoding Variant Interpretation

Sei’s approach:
1. Sequence class scoring: Each sequence gets a “class score” for chromatin states
2. Variant effect as class shift:

» Reference: “active enhancer” score = 0.92
* Variant: “active enhancer” score = 0.23
* A =-0.69: variant disrupts enhancer function

Example application:
Variant rs7903146 near TCF7L2 (type 2 diabetes GWAS hit):

Reference sequence:

- Active enhancer (pancreatic islet): 0.88
- Weak enhancer (liver): 0.34

- Quiescent (brain): 0.02
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Variant sequence:

- Active enhancer (pancreatic islet): 0.12 + decreased!
- Weak enhancer (liver): 0.31 ¢ minimal change

- Quiescent (brain): 0.03 +« no change

Interpretation: Variant disrupts enhancer specifically in
pancreatic islet cells, where TCF7L2 regulates insulin
secretion. This matches the tissue specificity of type 2
diabetes.

10.4.4 Interpretability Through Attention

One advantage of attention mechanisms: interpretability.

For a sequence predicted as “strong enhancer”: - High attention to position 500-510 (AP-1 motif) - High
attention to position 1200-1210 (ETS motif) — Low attention to other regions - Interpretation: AP-1 and
ETS binding drive enhancer activity

10.5 SpliceAl: Predicting Splicing from Sequence
10.5.1 The Splicing Prediction Challenge

Pre-mRNA splicing: — Removes introns, joins exons — Critical for gene expression — Highly regulated,
tissue—specific — Errors cause ~15% of genetic disorders

Splicing signals: — Splice sites: GT-AG consensus at exon—intron boundaries — Exonic splicing enhancers
(ESEs): Promote exon inclusion - Intronic splicing silencers (ISSs): Suppress cryptic sites

The challenge: Splicing signals can be »1,000 bp from splice sites. Deep intronic variants can activate
cryptic sites. The DMD gene spans 2.2 million base pairs, with variants deep in introns capable of causing
Duchenne muscular dystrophy.

10.5.2 SpliceAl Architecture

SpliceAl (Jaganathan et al., 2019) uses dilated convolutions to achieve long-range predictions without a
full transformer architecture.

Input: Up to 10,000 bp sequence (centered on potential splice site)
4

[Residual Blocks with Dilated Convolutions]

Block 1: dilation = 1 (local context)

Block 2: dilation = 2

Block 3: dilation = 4

Block 4: dilation = 8

Block 8: dilation = 128
4
[Output Predictions at Each Position]
- Acceptor splice site probability
- Donor splice site probability
- Probability position is in exon

Why this works: - Early layers (dilation=1,2): detect local motifs (GT-AG, ESEs) - Later layers (dila—
tion=16,32): integrate distant regulatory elements — Residual connections: prevent vanishing gradients in
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deep network — Total receptive field: ~10,000 bp

10.5.3 SpliceAl Predictions and Scores
SpliceAl score for variants:

* 0.0-0.2: Low impact
* 0.2-0.5: Moderate impact

» 0.5-0.8: High impact
+ 0.8-1.0: Very high impact (likely disrupts splicing)

Types of splicing effects detected:

1. Splice site disruption: Variant at GT or AG — loss of canonical splice site — score ~0.9-1.0

2. Cryptic splice site activation: Variant creates new GT-AG or strengthens weak cryptic site — score
0.5-0.9

3. Exon skipping: Variant in ESE weakens exon definition — exon skipped in mature mRNA — score
0.3-0.7

4. Intron retention: Variant weakens splice sites — intron retained in mRNA — score 0.3-0.6

10.5.4 SpliceAl in Clinical Genetics

Performance on known splicing variants:

Jaganathan et al. (2019) tested SpliceAl on: - 27,733 variants with experimental splicing data — Area under
ROC curve: 0.98 - Sensitivity: 95% at 95% specificity — Far better than previous tools (MaxEntScan, etc.)

Example: Synonymous variant with splicing impact

Patient with cystic fibrosis: = Known CFTR variant: ¢.15684G)A - Amino acid change: None (synonymous,
L—L) - Previously classified: likely neutral - SpliceAl score: 0.87 (disrupts ESE) - Functional studies:
confirmed exon 11 skipping — Reclassified as having functional impact

Precomputed SpliceAl annotations are commonly used through tools such as VEP plugins, dbNSFP-style
annotation resources, and clinical analysis pipelines. ClinVar itself should not be described as containing
SpliceAl scores for all variants.

10.6 Attention Mechanisms: What Transformers Learn
10.6.1 Visualizing Genomic Attention

One of the most exciting aspects of transformer models is that we can visualize what they learn by exam—
ining attention weights.

What are attention weights? — Quantify how much each position “attends to” every other position - Ranges
from 0 (no attention) to 1 (maximum attention) — Can be visualized as heatmaps

Example: Enformer attention for 8—globin locus

Analyzing HBB gene promoter region:
Promoter LCR Intergenic Downstream
Pos: [0] [50kb] [75kb] [100kb]

Attention weights from promoter position:

- Self (promoter): 0.15

- LCR (50 kb away): 0.78 + Strong attention!
- Intergenic: 0.02
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- Downstream: 0.05

Interpretation: Model assigns high relevance to a distal regulatory region.
This is a hypothesis about enhancer-promoter regulation, not proof of a
physical loop by itself.

Comparing with chromatin data: — Enformer contribution scores can prioritize distal enhancers validated
by CRISPRi - Attention around TAD boundaries shows patterns consistent with reduced cross—boundary
information flow — High attention is not the same as a measured Hi—C contact

10.6.2 Attention Patterns Reveal Regulatory Grammar

Discovered patterns:

1. Promoter—Enhancer Syntax: distal regulatory sequences can contribute to promoter predictions;
CTCF/TAD-boundary patterns can shape how information flows across the input window

2. Splice Site Recognition: Attention between donor and acceptor sites; strong attention within exons
(exon definition); attention to regulatory elements (ESEs, ISSs)

3. Motif Co-occurrence: AP-1 and ETS motifs attend to each other, suggesting cooperative TF
binding—this matches known TF partnerships

10.6.3 Limitations of Attention Interpretability

Attention is not causation: - High attention doesn’t prove a functional relationship — May reflect correlation,
not mechanism - Need experimental validation

Best practice: — Use attention as hypothesis—generating tool - Combine with other evidence (conservation,
functional data) - Validate computationally—driven hypotheses experimentally

Case Study 1: Enformer Prioritizes Enhancer-Promoter Links
Background

Avsec et al. (2021) tested whether Enformer contribution scores could prioritize candidate enhancer—-gene
links without requiring new cell-type—specific Hi-C data for every prediction.

Experimental setup: — Compared Enformer-derived scores against large CRISPRi enhancer perturbation
datasets — Evaluated whether candidate enhancers that affect gene expression receive higher model-
derived scores — Compared sequence-only predictions with methods that use biochemical annotations
such as H3K27ac and contact—-frequency information

Results

Enhancer prioritization: Enformer contribution scores ranked validated enhancer-gene pairs above many
nonvalidated candidates across CRISPRi datasets. The model was competitive with some annotation—
based enhancer prioritization approaches, even though its input was DNA sequence.

TAD-boundary signal: Attention analyses showed patterns around TAD boundaries that were consistent
with reduced information flow across boundaries. This supports the idea that the model learned sequence
features associated with genome organization, but it should not be read as a direct Hi—C substitute.
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Biological Insights

Discovered regulatory grammar: 1. Distal context matters: enhancer-like sequences beyond the reach of
older CNN receptive fields can influence promoter-level predictions 2. Boundary features matter: CTCF-
associated boundary sequence can affect how information is integrated across a locus 3. Promoter com-
petition: Enhancers between two promoters split attention, matching models of enhancer sharing

Case Study 2: SpliceAl Identifies Causative Variant in Undiagnosed Patient
Clinical Scenario

Patient presentation: — 8—year—old with progressive muscle weakness — Family history: negative — Symp-—
toms: difficulty walking, elevated creatine kinase — Suspected: muscular dystrophy

Genetic testing: - Duchenne/Becker muscular dystrophy panel: negative — Whole-exome sequencing:
negative (no coding variants in known genes) — Next step: genome sequencing

Genome Analysis

Initial findings: - 4.3 million variants total — After filtering: 127 rare variants in genes related to muscle
function - Manual review: no obvious candidates in coding regions

SpliceAl analysis: — Ran SpliceAl on all 127 variants — One variant flagged: ¢.663+784C)T in DYSF (dysferlin
gene) - Location: 784 bp into intron 7 (deep intronic) — SpliceAl score: 0.91 (very high)

Prediction details:

Reference sequence:
- No cryptic splice sites predicted
- Normal exon 7 - exon 8 splicing

Variant sequence:

- Creates cryptic donor site (GT) at +784
- Predicts pseudoexon inclusion

- 47 bp insertion in mRNA

- Frameshift -+ premature stop codon

Experimental Validation

RT-PCR from patient muscle biopsy: — Results: aberrant transcript with 47 bp insertion confirmed -
Sequencing: exactly as predicted

Protein analysis: — Western blot: reduced dysferlin protein — Diagnosis: dysferlinopathy (limb-girdle mus-
cular dystrophy type 2B)

Impact

For this patient: - Ended diagnostic odyssey (4 years of uncertainty) — Enabled family planning (genetic
counseling) - Informed prognosis and management

Broader implications: — ~5-10% of unsolved cases may harbor splicing variants = Many clinical labs now
run SpliceAl routinely — Integrated into variant interpretation pipelines
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Summary: Key Takeaways
Architectural Innovations

» CNNs struggle with long-range interactions due to limited receptive fields, typically {40 kb even in
deep networks

+ Transformers use self—attention to relate any position to any other position, regardless of distance

« Hybrid architectures (CNN + transformer) combine local pattern recognition with long-range integra-
tion

+ Dilated convolutions offer an alternative approach to extend receptive fields without full transformer
complexity

Model Applications

» Enformer predicts gene expression and chromatin states from ~200 kb sequences, improving over
CNN-based Basenji2 especially for distal regulatory effects

* Sei classifies chromatin states from 4 kb sequences, enabling noncoding variant interpretation

+ SpliceAl predicts splicing effects with 98% accuracy using dilated convolutions and 10 kb context

 Attention weights provide interpretability, revealing learned regulatory grammar

Biological Insights

* Long-range regulation is pervasive: enhancers regulate genes 50-500 kb away, critical for tissue-
specific expression

« Splicing depends on distant elements: regulatory sequences )1 kb from splice sites commonly affect
splicing

* Models learn regulatory grammar: contribution and attention patterns can highlight enhancers, CTCF
boundaries, and TF motif combinations, but they require biological validation

Limitations to Remember

» Computational cost: transformers require more memory and compute than CNNs
* Context limits: even transformers have maximum sequence lengths (197 kb for Enformer)
* Validation essential: computational predictions must be experimentally validated for clinical use

O Key Terms
Term Definition
Attention mechanism Method for computing relevance of different positions in a

sequence to each other, enabling long-range dependency
modeling regardless of distance.

Attention weight Numerical score (0 to 1) quantifying how much one position
“attends to” another position; high values indicate strong
predicted interactions.

Chromatin loop Physical interaction between distant genomic regions mediated
by protein complexes; often brings enhancers and promoters into
proximity.

Cryptic splice site Sequence resembling a splice site (GT-AG) that is normally not
used but can be activated by variants or regulatory changes.

Dilated convolution Convolutional operation with gaps between kernel positions,

enabling larger receptive fields without increasing parameters.
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Term

Definition

Enformer Transformer—based model predicting gene expression and

chromatin features from ~200 kb DNA sequences; improves over
CNN-based Basenji2 by better using distal regulatory sequence.

Exonic splicing enhancer (ESE) Sequence element in exons that promotes exon inclusion through

binding of SR proteins.

Intronic splicing silencer (ISS) Sequence element in introns that suppresses splice site

recognition, preventing cryptic splicing.

Multi-head attention Parallel attention mechanisms (heads) that can learn different

types of relationships; outputs are combined for final
representation.

Positional encoding Mathematical representation of sequence position added to input

embeddings, preserving order information in transformers.

Query—Key-Value (QKV) Framework for attention computation where queries search for

relevant keys to retrieve corresponding values.

Receptive field Span of input sequence that can influence a single output position;

Sei

larger receptive fields capture longer-range dependencies.
Sequence—based chromatin profile model that uses deep learning
to assign sequence classes and support noncoding variant
interpretation.

Self-attention Attention mechanism where a sequence attends to itself,

computing relationships between all position pairs within the
same sequence.

SpliceAl Deep learning model predicting splicing effects using dilated

convolutions; achieves 10 kb receptive field for splice site
prediction.

Transformer Neural network architecture based on self-attention mechanisms,

originally developed for natural language processing, now applied
to genomics.

Test Your Understanding

1.

Receptive field limitations: Explain why a CNN with 20 convolutional layers (kernel size 3) still cannot
effectively model interactions between an enhancer 100 kb upstream and its target promoter. What
specifically limits the flow of information?

. Attention vs convolution: A researcher argues that “attention is just a fancy way of doing convolution

across the entire sequence.” Explain why this is incorrect and what fundamentally distinguishes the
attention mechanism from convolution.

. Biological relevance of long-range modeling: The dystrophin gene (DMD) spans 2.2 million bases.

Would Enformer (197 kb input) be sufficient to analyze all potential regulatory interactions for this
gene? Why or why not? What biological features might be missed?

. Attention interpretability: WWhen Enformer shows high attention between two genomic positions 80

kb apart, what can we confidently conclude, and what remains uncertain? How would you validate
that this attention reflects a functional regulatory interaction?

. Tissue—specific predictions: SpliceAl achieves 98% accuracy predicting splicing but doesn’t explicitly

model tissue types. How can it predict splicing so accurately given that splicing is often tissue-
specific? What information in the sequence might enable tissue—agnostic prediction?
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6. Dilated convolutions vs transformers: SpliceAl uses dilated convolutions while Enformer uses trans-
formers, both achieving long-range predictions. Compare these approaches: What are the compu-
tational trade—offs? When might you prefer one over the other?

7. Variant effect prediction: A noncoding variant 150 kb upstream of a gene shows a large predicted
effectin Enformer butis absent from GWAS studies of any trait. What might explain this discrepancy?
What additional evidence would you seek?

8. Multi-head attention specialization: Enformer uses 8 attention heads per layer. What biological
advantage might there be to having multiple parallel attention mechanisms rather than a single, larger
attention mechanism?

Chapter 11: Introduction to Language Models

Interactive: Chapter 11

Thirty million. That's the number of biomedical research articles indexed in PubMed. If you read one paper
per hour, eight hours a day, five days a week, it would take you over 14,000 years to read them all. And
while you're reading, another 3,000 papers are published every single day. No human can keep up. The
knowledge exists — it's just distributed across a library so vast that no individual scientist can ever walk
its full length.

But what if a computer could read all 30 million papers and actually understand them — not just search
for keywords, but comprehend that “APOE €4, “rs429358,” and “the Cys130Arg variant” all refer to the
same thing? That “upregulated” and “overexpressed” mean the same phenomenon? That a sentence
about TP53 in a breast cancer paper is relevant to a lung cancer study? This is precisely the gap between
keyword search engines and language models. One matches strings. The other understands meaning.

The challenge isn’t unique to literature. UniProt holds functional annotations for over 200 million protein
sequences written in natural language. Clinical databases store millions of patient records with textual
descriptions of symptoms, treatments, and outcomes. Connecting a GWAS hit to its biological mechanism
means linking variant databases to clinical literature to mechanistic papers — all written in the messy,
synonym-rich, context—-dependent language that humans use. Traditional keyword search fails at every
step of that chain.

This is what language models do: they learn the statistical structure of language well enough to understand
it — synonyms, entity types, relational context, and all. Before we can apply these ideas to DNA sequences
in the chapters ahead, we need to understand how they work on human language first. That understanding
will make the leap to genomics feel not like a leap at all, but like an obvious next step.

The Biological Challenge

Biological research generates not just experimental data, but enormous amounts of text. The PubMed
database contains over 35 million biomedical abstracts, with approximately 4,000 new papers added ev-
ery day. The UniProt protein database has detailed functional annotations for over 200 million protein
sequences. Clinical databases store millions of patient records with textual descriptions of symptoms,
treatments, and outcomes.

A single researcher studying a gene family might need to review thousands of papers. Annotating the
function of newly discovered genes requires reading hundreds of studies. Understanding drug—gene in-
teractions means parsing clinical trial reports, case studies, and mechanism descriptions. Connecting
genotype to phenotype requires linking variant databases (with text descriptions) to clinical literature.

Traditional keyword search isn’t enough. Searching for “BRCA1” won'’t find papers that only mention
“breast cancer 17 or “RING finger protein 53.” Simple text matching can’t understand that “increased ex-
pression” and “upregulated” mean the same thing, or that “T cell activation” and “lymphocyte stimulation”
might be related concepts.
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We need computers that can read biological text the way biologists do—understanding synonyms, recog—
nizing entities (genes, proteins, disorders), extracting relationships, and making inferences. The volume
of text is too large for humans to process manually, but the information within is too valuable to ignore.

This is where natural language processing (NLP) and language models become essential tools. Before
we can understand how language models work on DNA sequences (Chapters 12-13), we first need to
understand how they work on human language.

Learning Objectives

After completing this chapter, you will be able to:

O Explain why biological text analysis requires more than simple keyword matching

O Describe how words are converted into numerical representations (embeddings) that computers can
process

O Understand the concept of semantic similarity and how it applies to biological terms

O Explain the attention mechanism and why it’s crucial for understanding context in text

O Describe the transformer architecture and how it processes sequences

O Apply pre—trained language models to extract biological entities and relationships from text

O Recognize the parallels between processing text and processing DNA sequences

11.1 From Text to Numbers: The Challenge of Language

Computers work with numbers, not words. When you type “gene expression,” your computer stores this
as a sequence of numbers (character codes), but these numbers don’t capture any meaning. The number
for ‘g’ has no relationship to the number for ‘e’, and the word “gene” has no mathematical relationship to
related words like “genetic” or “genomic.”

To apply machine learning to text, we need to convert words into numerical representations that preserve
meaning. This is harder than it sounds.

11.1.1 Why Simple Encoding Fails

The simplest approach is to assign each word a unique number: “gene” = 1, “protein” = 2, “expression” =
3, and so on.

But this creates a problem. In this encoding, the “distance” between “gene” (1) and “protein” (2) is the
same as the distance between “gene” (1) and “umbrella” (let’s say, 5000). The numbers don’t capture
that “gene” and “protein” are related biological concepts, while “gene” and “umbrella” are unrelated.

Worse, simple encoding can’t handle new words. If your encoding has 10,000 words and you encounter
“CRISPR” (word #10,001), your model doesn’t know what to do with it.

11.1.2 Word Embeddings: Capturing Meaning

The breakthrough came from a simple idea: words that appear in similar contexts probably have similar
meanings. This is called the distributional hypothesis.

Consider these sentences from biology papers: - “We measured insulin levels in blood samples” - “We
measured glucose levels in blood samples” - “We measured glucagon levels in blood samples”

The words “insulin,” “glucose,” and “glucagon” appear in similar contexts. They’re all things you measure
in blood. This suggests they're related concepts—and indeed they are, all being molecules involved in
glucose metabolism.

A word embedding is a vector (a list of numbers) that represents a word. Instead of representing “insulin”
as a single number, we represent it as a vector of perhaps 300 numbers:
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insulin =+ [0.2, -0.5, 0.8, 0.1, ..., 0.3] (300 numbers total)
glucose » [0.3, -0.4, 0.7, 0.2, ..., 0.4]
umbrella -+ [-0.8, 0.9, -0.2, 0.6, ..., —-0.5]

These embeddings are learned from large text corpora so that words appearing in similar contexts get
similar vectors. The mathematical distance between the “insulin” vector and “glucose” vector is small
(they’re similar), while the distance between “insulin” and “umbrella” is large.

Think of word embeddings like how biologists break sequences into codons (3-letter words)—the model
learns meaningful “words” from the sequence, grouping together elements that appear in similar functional
contexts.

11.1.3 Semantic Relationships in Vector Space

Word embeddings capture more than just similarity—they capture relationships. One famous example is
the vector arithmetic:

king - man + woman queen
In biology, embeddings learn similar relationships:

BRCA1l - breast + ovary BRCA2
insulin - pancreas + liver glucose

This isn’t magic—it’s a consequence of how these words are used in text. Papers discussing BRCA1 and
breast tissue often have parallel structures to papers discussing BRCA2 and ovarian tissue.

[Optional: The Math]
Vector Similarity

How do we measure if two word vectors are similar? The most common metric is cosine
similarity.

Given two vectors a and b, cosine similarity is:
cosine_similarity(a, b) = (a - b) / (llall x [Ibll)

Where: - a - b is the dot product (multiply corresponding elements and sum) - ||al| is the
magnitude (length) of vector a — Result ranges from =1 (opposite) to 1 (identical)

Example with simple 3D vectors:

insulin = [0.8, 0.3, 0.1]
glucose [0.7, 0.4, 0.2]

Dot product = 0.8x0.7 + 0.3x0.4 + 0.1x0.2 = 0.56 + 0.12 + 0.02 = 0.70
Magnitude of insulin = +/(0.8% + 0.3% + 0.1%) = 0.854

Magnitude of glucose = v (0.72 + 0.42 + 0.22) = 0.824

Cosine similarity = 0.70 / (0.854 x 0.824) = 0.995

A value near 1.0 indicates these vectors are very similar—exactly what we expect for related
metabolic molecules.

11.2 Context Matters: Beyond Static Embeddings

Word embeddings like Word2Vec have a limitation: each word gets exactly one vector, regardless of
context. But words often have multiple meanings.

Consider the word “expression” in biology: — “We measured gene expression using RNA-seq” (transcrip-
tion activity) — “Her facial expression suggested confusion” (showing emotion)
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Static embeddings give “expression” the same vector in both sentences, even though the meanings are
completely different.

11.2.1 Contextualized Embeddings

Modern language models solve this by creating context—-dependent embeddings. The same word gets
different vectors depending on surrounding words.

"gene expression" -+ expression_vector_1
"facial expression" - expression_vector_2

How does the model know which vector to use? By looking at the entire sentence and understanding
context. This requires a mechanism for words to “communicate” with each other—to share information
about what they mean in this particular sentence.

11.2.2 The Attention Mechanism in Text

The breakthrough that enabled context—-dependent understanding is called attention. When processing a
word, attention lets the model look at all other words in the sentence and decide which ones are most
relevant.

Let’s walk through a biological example:
"The TP53 gene encodes a protein that regulates cell cycle progression"

When processing the word “protein,” the model should pay attention to: — “TP53” (which protein are we
talking about?) - “regulates” (what does this protein do?) - “cell cycle” (what biological process?)

It should pay less attention to: — “The” (not biologically meaningful) = “a” (grammatical word) - “that”
(connecting word)

Here’s what attention scores might look like for “protein” in our sentence:

protein pays attention to:
TP53: 0.45 (high - tells us which protein)
regulates: 0.30 (high - tells us the function)
cell cycle: 0.15 (medium - tells us the process)
gene: 0.05 (low - already implied)
encodes: 0.03 (low - grammatical connection)
The, a, that: 0.02 total (very low - not meaningful)

[Optional: The Math]
Computing Attention
Attention uses three vectors for each word: Query (Q), Key (K), and Value (V).

1. For each word, create Q, K, V vectors from the word embedding
2. To find how much word i should attend to word j:

« Compute score = Q_i - K_j (dot product)

+ Divide by v d (d = dimension of vectors, for scaling)

* Apply softmax to get probabilities
3. Weighted sum: attention_output_i = 5 (attention_score_ij x V_j)

For our example with “protein” (word i) and “TP53” (word j):

score = (_protein - K_TP53 / v64
= (high overlap, so high score)

After softmax: attention_weight = 0.45
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Output includes 0.45 x V_TP53 (incorporating TP53 information)

The beauty is that this is computed in parallel for all word pairs simultaneously, making it effi—
cient.

11.3 The Transformer Architecture

In 2017, researchers at Google introduced the transformer architecture in a paper titled “Attention Is All
You Need.” This architecture has become the foundation for virtually all modern language models—and,
as we'll see in later chapters, for DNA sequence models too.

11.3.1 Why “Transformer”?

The transformer transforms input text into rich, context—aware representations. Unlike earlier models that
processed text sequentially (one word at a time), transformers process all words simultaneously using
attention mechanisms.

Key components: 1. Input embeddings: Convert words to vectors 2. Positional encoding: Add informa-
tion about word position 3. Multi-head attention: Multiple attention mechanisms running in parallel 4.
Feed—-forward networks: Process attention outputs 5. Layer normalization: Stabilize learning 6. Residual
connections: Help information flow through many layers

11.3.2 Multi-Head Attention: Multiple Perspectives

Instead of using just one attention mechanism, transformers use multiple attention “heads” running in
parallel. Each head can focus on different aspects of the relationship between words.

For the sentence “TP53 mutations increase cancer risk”:

+ Head 1 might focus on: biological entities (TP53, cancer)

* Head 2 might focus on: actions and effects (mutations, increase)
+ Head 3 might focus on: relationships (mutations cause risk)
 Head 4 might focus on: broader context (clinical implications)

Each head learns to capture different types of information. The outputs are combined to form a rich,
multi-faceted representation.

11.3.3 Stacking Transformer Layers

Modern language models stack many transformer layers (12, 24, or even 96 layers). Information flows
through these layers:

Layer 1: Basic word meanings and relationships

4

Layer 2-4: Syntactic structure (subject, verb, object)
i

Layer 5-8: Semantic relationships (what relates to what)
4

Layer 9-12: Abstract concepts and implications

Early layers capture simple patterns. Later layers capture complex, abstract relationships. This hierarchical
processing resembles how CNNs process DNA sequences (Chapter 9), but adapted for text.

11.3.4 Encoder vs Decoder

Transformers come in three flavors:
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Encoder-only (e.g., BERT — Bidirectional Encoder Representations from Transformers): - Reads entire
input sequence — Best for understanding and classification — Used for: entity recognition, relationship
extraction, text classification — Biological application: “Is this sentence describing a variant with functional
impact?”

Decoder-only (e.g., GPT — Generative Pre—trained Transformer): — Generates text one word at a time -
Best for text generation — Used for: writing, summarization, question answering — Biological application:
“Generate a functional description for this protein”

Encoder—decoder (e.g., T5 — Text—-to-Text Transfer Transformer): — Encoder reads input, decoder gener-
ates output - Best for translation and transformation tasks — Biological application: “Translate this gene
description to simpler terms”

For biological text mining, encoder—only models are most common because we usually want to extract
information (entities, relationships) rather than generate new text.

11.4 Pre—training and Transfer Learning

Here's a remarkable fact: you don’t need to train a language model from scratch for your specific biological
task. Instead, you can use pre—training and transfer learning.

11.4.1 The Two—-Stage Process

Think of BERT pre-training like a medical student who reads millions of textbooks before specializing—they
build broad knowledge first, then fine—tune that knowledge for a specific clinical task.

Stage 1: Pre-training (expensive, done once) - Train on enormous text corpus (e.qg., all of Wikipedia +
BookCorpus = 16GB of text) — Task: predict masked words (“The cat sat on the [MASK]” — “mat”) -
Learn general language understanding — Requires massive compute: weeks on many GPUs — Creates a
“foundation model”

Stage 2: Fine—tuning (cheaper, done per task) - Start with pre—trained model = Train on smaller, task-
specific dataset — Task: your specific problem (e.g., identify gene names) - Requires modest compute:
hours on one GPU - Creates a specialized model

This is similar to transfer learning we saw in Chapter 3, but now applied to text instead of images.

11.4.2 What Does Pre—training Learn?

During pre—training on general text, the model learns:

* Grammar and syntax: How words combine into valid sentences
» World knowledge: “Paris is the capital of France”

« Common sense: “You use a knife to cut, not to drink”

+ Semantic relationships: “king” relates to “queen”

For biology, we can use models pre—trained on biomedical text: — PubMed abstracts: 35+ million papers
- PMC full-text articles: 3+ million papers

Models trained on biomedical text learn biology—specific knowledge: — “BRCA1 is associated with breast
cancer risk” = “PCR amplifies DNA sequences” — “Insulin regulates glucose metabolism”

11.4.3 BioBERT: BERT for Biomedical Text

BioBERT is BERT pre-trained on PubMed abstracts and PMC articles. Compared to general BERT:

General BERT (trained on Wikipedia): — Knows “cancer” is a disorder — Might confuse medical and non-
medical uses of terms — Limited vocabulary of gene names
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BioBERT (trained on PubMed): — Knows specific cancer types and subtypes — Understands medical context
- Recognizes thousands of gene names, variants, proteins — Understands relationships: “EGFR mutations
confer resistance to gefitinib”

For tasks like extracting gene—disorder relationships from papers, BioBERT dramatically outperforms gen-—
eral BERT—even with the same architecture and same amount of fine—tuning data. The difference is the
pre—training corpus.

11.4.4 Fine—tuning for Specific Tasks

Let’s say you want to build a model to extract drug—gene interactions from papers. You would:

1. Start with BioBERT (already understands biomedical language)

2. Prepare training data: Papers with drug—gene interactions labeled
3. Fine—tune: Update model weights on your specific task

4. Evaluate: Test on held—out papers

With just a few hundred labeled examples, you can build a highly accurate extractor—because BioBERT
already understands 90% of what it needs to know. You're just teaching it the specific format of drug—gene
interactions.

11.5 Biological Applications of Language Models

Language models aren’t just academic curiosities. They solve real problems in biological research.

11.5.1 Named Entity Recognition (NER)

Identifying biological entities in text: — Genes: “TP53”, “BRCA1”, “APOE” - Proteins: “p53”, “hemoglobin”,
“insulin receptor” — Disorders: “cystic fibrosis”, “Type 2 diabetes”, “autism spectrum disorder” = Chemicals:
“glucose”, “ATP”, “doxorubicin” - Cell types: “T cells”, “neurons”, “hepatocytes”

Challenge: Many entities have multiple names. The gene “TP53” is also called “p53”, “tumor protein p53”,
and “cellular tumor antigen p53.” Language models learn these synonyms from context.
Case Study: Extracting Gene-Disease Associations

Researchers trained BioBERT to extract gene—disorder relationships from PubMed abstracts. Given the
sentence:

“Mutations in CFTR cause cystic fibrosis, a genetic disorder affecting the lungs and digestive system”

The model extracts: — Gene: CFTR - Disorder: cystic fibrosis — Relationship: causes — Affected systems:
lungs, digestive system

Across 1 million abstracts, the model extracted 150,000 gene—disorder associations in 6 hours. Manual
extraction would have taken years. Importantly, the model found associations not in existing databases,
including rare variant-disorder connections mentioned only in case reports.

11.5.2 Relationship Extraction

Beyond identifying entities, language models can extract relationships: — Protein—protein interactions:
“pb3 binds to MDM2” - Gene regulation: “FOXP3 activates IL10 transcription” — Drug effects: “Metformin
inhibits complex | of the respiratory chain” — Pathway membership: “AKT participates in the PI3K signaling
pathway”

This builds structured knowledge graphs from unstructured text.
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11.5.3 Literature—Based Discovery

Sometimes important connections hide across different papers. Consider:

* Paper A: “Fish oil consumption is associated with reduced inflammatory markers”
* Paper B: “Elevated inflammatory markers are associated with Alzheimer’s disorder progression”

A language model can connect these: fish oil — reduced inflammation — slower Alzheimer’s progression.
This generates hypotheses for experimental testing.

11.5.4 Variant Interpretation from Literature
Remember Dr. Kim from our opening vignette? Language models help with exactly her problem.

Given a specific variant (e.g., APOE €4 / rs429358), a language model can: 1. Find all papers mentioning
this variant (including synonyms) 2. Extract which disorders are discussed in context 3. Summarize the
reported effects 4. Track how understanding has changed over time 5. |dentify contradictory findings

This transforms a 2-month manual literature review into a 2—hour computational analysis.

11.5.5 Clinical Text Processing

Clinical notes contain valuable information but are unstructured text:

"62 yo F presents with progressive memory difficulties over 18 months.
Family hx significant for mother with early-onset dementia.

Genetic testing: APOE 4/ 4 homozygous.

MRI shows bilateral hippocampal atrophy.

Impression: consistent with Alzheimer's disorder."

Language models can extract: — Demographics: 62-year—old female — Symptoms: progressive memory
difficulties, 18-month duration — Family history: mother with early-onset dementia — Genetic findings:
APOE €4/e4 homozygous - Imaging: bilateral hippocampal atrophy — Diagnosis: Alzheimer’s disorder

This structured data enables large—scale analyses: How do APOE genotypes correlate with symptom
progression? What imaging findings predict clinical outcomes?

11.6 From Text to DNA: Making the Connection

You might wonder: why are we learning about processing human language in a book about Al for biology?

Here's the key insight: DNA sequences and text sequences have surprising similarities.

11.6.1 Sequences Are Sequences

Both text and DNA are sequences of discrete symbols:

Text: "The cat sat on the mat"
DNA: "ATGCGATCGATCGATCGAT"

In text: — Symbols: words (vocabulary ~50,000) — Structure: grammar, syntax — Context matters: “bank”
means different things in “river bank” vs “savings bank” - Long-range dependencies: “The cat” at position
1 relates to “sat” at position 3

In DNA: - Symbols: nucleotides (vocabulary = 4: A, T, G, C) - Structure: motifs, regulatory elements —
Context matters: “ATG” means different things in coding vs non—coding regions — Long-range dependen-—
cies: enhancers can regulate genes 1 million bases away
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11.6.2 What Works for Text Can Work for DNA

The transformer architecture designed for text has been adapted for DNA:

Text Processing DNA Processing

Tokenize words Tokenize k-mers (e.g., 6-bp sequences)
Word embeddings K-mer embeddings

Sentence context Genomic context

Multi-head attention  Multi-head attention (samel)

Pre—train on books Pre—train on genomes

Fine—tune for tasks Fine—tune for tasks

Just as biologists break sequences into codons (3-letter words) to find meaning in a reading frame, DNA
language models break sequences into k-mers—short overlapping fragments—to build representations
of genomic “vocabulary.” The model learns that some k-mers appear together in regulatory elements,
much like certain words co—occur in scientific sentences.

The same attention mechanism that helps understand “The protein encoded by TP53” can help understand
regulatory relationships in “--TATA---ATG---AATAAA---” sequences.

11.6.3 Why This Matters

This connection means we can apply decades of NLP research to genomics: — Pre—training strategies —
Architecture innovations — Optimization techniques — Evaluation methods

Models like BERT revolutionized NLP in 2018. By 2020, researchers were applying BERT-style models
to DNA (DNABERT). The transformer architecture introduced in 2017 for language now powers genomic
models analyzing sequences millions of bases long.

Understanding language models isn’t a detour—it’s the foundation for understanding modern genomic Al.

11.7 Limitations and Challenges

Language models are powerful but not perfect. Understanding their limitations helps us use them appro-
priately.

11.7.1 Data Quality Issues
Language models learn from their training data, including its biases and errors:

Publication bias: Positive results are published more often than negative results. A model trained on
published papers might overestimate associations.

Terminology drift: Medical terms evolve. “Mental retardation” — “intellectual disability.” Older papers use
outdated terminology, but the underlying biology remains the same.

Ambiguity: Gene symbols are reused. “CAT” could mean the CAT gene (catalase), the animal (Felis catus),
CAT scan (computed axial tomography), or chloramphenicol acetyltransferase. Context usually resolves
this, but not always.

11.7.2 Hallucination and Fabrication

Language models can generate plausible—sounding but incorrect statements:
Model output: “BRCA3 mutations are associated with pancreatic cancer risk”
Problem: BRCAS doesn’t exist (there’s BRCA1 and BRCA2, but no BRCA3)
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This is particularly dangerous in biology, where incorrect information could mislead research. Always verify
model outputs against primary sources.

11.7.3 Computational Costs

Training large language models is expensive. For most biological applications, you'll use pre-trained mod-
els (zero training cost) or fine—tune them (modest cost). But understanding these costs helps explain why
relatively few organizations can train foundation models.

11.7.4 Interpretability

Why did the model predict a specific gene—disorder association? With neural networks, it's hard to say.
Attention weights provide some insight—we can see which words the model focused on—but this doesn’t
fully explain the decision.

For clinical applications, interpretability is crucial. Regulatory agencies require explanations for Al-assisted
diagnoses. “The model said so” isn’t sufficient.

11.8 Best Practices for Biological Text Analysis

Based on lessons learned across thousands of studies, here are guidelines for using language models in
biology:

11.8.1 Start with Domain—-Specific Models

» Use BioBERT for biomedical text, not general BERT

» Use SciBERT for scientific papers

* Use ClinicalBERT for clinical notes

* Pre—training on relevant text dramatically improves performance

11.8.2 Curate Your Training Data

* Quality over quantity: 500 carefully labeled examples beat 5,000 noisy labels
* Include diverse examples: different journals, time periods, terminology
» Balance your classes: equal examples of different entity types
* Validate annotations: have multiple experts review labels
11.8.3 Evaluate Carefully

Don’t just report overall accuracy. Report: — Precision: Of predicted entities, how many are correct? -
Recall: Of true entities, how many did we find? — F1 score: Harmonic mean of precision and recall

Test on data from different sources than training.

11.8.4 Human in the Loop

For critical applications (clinical decisions, drug development): - Use models to prioritize, not decide -
Have experts review high—confidence predictions - Flag low-confidence predictions for manual review -
Continuously collect feedback to improve models

Summary
Key Takeaways

+ Biological research generates enormous amounts of text that contains valuable information but re-
guires computational methods to process at scale.
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Word embeddings convert text to numerical vectors that capture semantic meaning, with similar
words having similar vectors.

Context matters in language: The same word can mean different things in different contexts, requir-
ing context—dependent representations.

Attention mechanisms allow models to focus on relevant parts of the input when processing each
word, enabling sophisticated context understanding.

Transformers use multi-head attention and stacked layers to build rich, hierarchical representations
of text.

Pre—training on large text corpora creates foundation models that understand general language,
which can then be fine—tuned for specific biological tasks.

BioBERT and similar models pre—trained on biomedical text dramatically outperform general language
models for biological applications.

Language models enable entity recognition, relationship extraction, and literature—based discovery
at scales impossible for manual analysis.

DNA sequences can be processed like text sequences, using the same transformer architectures—
this connection enables applying NLP advances to genomics.

Language models have limitations including data biases, hallucination, computational costs, and
interpretability challenges that require careful consideration.

O Key Terms

Term

Definition

Attention mechanism

BioBERT

Contextualized embeddings

Decoder
Distributional hypothesis

Encoder

Fine—tuning
Foundation model

Multi-head attention

Named entity recognition (NER)

Pre—training

A method that allows a model to focus on relevant parts of the
input when processing each element, computing weighted
combinations based on learned importance scores.

A version of BERT pre-trained on biomedical text (PubMed
abstracts and PMC articles), optimized for biological and medical
language understanding.

Vector representations of words that change based on
surrounding context, allowing the same word to have different
representations in different sentences.

A transformer component that generates output sequences one
element at a time, used in text generation tasks.

The principle that words appearing in similar contexts tend to
have similar meanings, forming the basis for word embeddings.
A transformer component that processes input sequences to
create rich representations, used in understanding and
classification tasks.

The process of taking a pre—trained model and training it further
on a specific task with a smaller, task—specific dataset.

A large model pre—trained on broad data that can be adapted to
many downstream tasks through fine—tuning.

Using multiple attention mechanisms in parallel, each focusing on
different aspects of relationships between sequence elements.
The task of identifying and classifying specific entities (genes,
proteins, disorders, etc.) in text.

Initial training of a model on a large, general dataset to learn broad
patterns before fine—tuning on specific tasks.
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Term Definition

Relationship extraction Identifying and classifying relationships between entities in text,
such as protein—protein interactions or gene—disorder
associations.

Transfer learning Using knowledge learned from one task (pre—training) to improve
performance on a different but related task (fine—tuning).

Transformer A neural network architecture based on self-attention
mechanisms that processes sequences in parallel rather than
sequentially.

Word embedding A dense vector representation of a word that captures its

meaning, with similar words having similar vectors.

Test Your Understanding

1. Explain why simple one—hot encoding of words (assigning each word a unique number) is insufficient
for natural language processing. What information does it fail to capture?

2. A researcher trains a language model on PubMed abstracts to extract gene names. The model
performs well on papers from the journals it was trained on but poorly on clinical notes from patient
records. What might explain this discrepancy, and how could the researcher address it?

3. Consider the biological term “expression” which has different meanings in different contexts (gene
expression vs. facial expression). How do contextualized embeddings solve this problem differently
than static word embeddings?

4. The attention mechanism is described as allowing words to “communicate” with each other. For the
phrase “BRCA1 mutations increase breast cancer risk,” which words should “mutations” pay most
attention to, and why?

5. Transformers can process all words in a sentence simultaneously, unlike earlier models that pro-
cessed one word at a time. What computational advantage does this provide? Can you think of any
disadvantages?

6. Why is pre—training on biomedical text (like in BioBERT) more effective for biological tasks than pre-
training on general text (like in BERT), even when using the same architecture and the same amount
of fine—tuning data?

7. Alanguage model extracts 1,000 gene—-disorder associations from literature, 800 of which are correct.
What is the precision? If there are actually 1,200 true associations in the literature, what is the recall?
Which metric matters more depends on the application—explain when you’d prioritize precision vs
recall.

8. Language models trained on published papers might learn biases from the literature (e.g., over-
representing well-studied genes). How could these biases affect scientific research if researchers
rely heavily on model predictions? What safeguards would you recommend?

Chapter 12: Foundation Models for Genomics

Interactive: Chapter 12

Consider a chef who has spent 20 years cooking every cuisine in the world — French, Japanese, Ethiopian,
Peruvian. They’ve never cooked Korean food. But when they walk into a Korean kitchen for the first time,
they don’t start from zero. They already understand heat, timing, flavor balance, fermentation. They know
that doenjang is in the same family as miso. Their first attempt at kimchi jjigae will be far better than
someone who has never cooked at all.
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This is the core idea behind foundation models: train on a massive, diverse dataset to learn general
principles, then specialize for a new task with very little additional data. The chef’s 20 years of broad
cooking experience is the pre—training phase. Walking into the Korean kitchen for the first time — and
succeeding quickly — is fine—tuning. In genomics, “cooking every cuisine” means pre-training on millions
of DNA sequences from across the tree of life. “Walking into a Korean kitchen” means fine—tuning for your
specific research question — with perhaps only a hundred labeled examples.

Why does this matter? Because the hardest biological questions are rarely the well-funded ones with
thousands of labeled samples. A rare neurological disorder affecting 50 patients worldwide. A previously
unstudied cell type from pancreatic islets. A pathogen that no one has sequenced before. In each case,
a model trained from scratch would fail — you simply don’t have enough data to teach it genomics from
the ground up. But a foundation model already knows genomics. You’re just teaching it the last mile.

The deep learning models we’ve encountered so far — DeepSEA, Basenji, Enformer — are powerful
but face a critical limitation: every new biological question requires new labeled data and new training.
Foundation models break this cycle. They learn the grammar of the genome once, from massive unlabeled
sequence data, and transfer that grammar wherever it's needed. This chapter is about how they do it.

The Biological Challenge

The deep learning models we’ve encountered so far—DeepSEA, Basenji, Enformer—are powerful but
face a critical limitation: they require task—specific training data. DeepSEA needs chromatin accessibility
measurements. Basenji needs expression data across tissues. Each model must be trained from scratch
on labeled examples for its specific task.

This creates several problems for biological research:

The Data Scarcity Problem: Many important biological questions involve rare cell types, rare conditions, or
novel experimental contexts where labeled training data is limited or nonexistent. You might have RNA-
seq from 30 patients with a rare disorder, or ATAC-seq from 100 cells of a newly discovered cell type.
Traditional supervised learning fails here—you can’t train a deep neural network with 30 examples.

The Task-Specific Problem: Every new biological question requires collecting new training data and training
a new model. Want to predict enhancers? Train a model. Want to predict promoters? Train another model.
Want to predict splice sites? Train yet another model. Each task requires thousands of labeled examples
and days of training time.

The Generalization Problem: Models trained on one species, tissue, or condition often fail when applied
to different contexts. A model trained on human heart tissue might not work for brain tissue. A model
trained on reference genomes might not handle patient—specific variants well.

These challenges highlight a fundamental inefficiency: we’re asking each model to learn the basic grammar
of genomic sequences from scratch, over and over again. It’s like teaching someone to read Shakespeare
by only showing them Shakespeare—they’ll learn Shakespeare specifically, but not the general rules of
English that could help them read anything.

The experimental alternative—generating comprehensive labeled data for every possible biological
qguestion—would cost billions of dollars and take decades. A model trained to predict chromatin states in
one cell type can’t simply be asked “What about this other cell type?” without retraining.

What we need is a different approach: models that learn general genomic principles from massive un-
labeled data, then transfer that knowledge to specific tasks with minimal additional training. This is the
promise of foundation models.

Learning Objectives

O Understand the concept of transfer learning and why it’s crucial for genomics with limited labeled
data
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O Explain the two—stage process of pretraining and fine—tuning in foundation models

O Describe what zero—shot and few—shot learning mean and how they address data scarcity

O Recognize the difference between task—specific models and foundation models in genomics

O ldentify biological scenarios where foundation models offer advantages over training from scratch
O Understand how self—supervised learning enables training on unlabeled genomic sequences

0 Evaluate the trade—offs between model size, training cost, and transfer learning performance

12.1 Introduction: The Foundation Model Revolution
12.1.1 What Is a Foundation Model?

The term “foundation model” emerged in 2021 to describe a new paradigm in artificial intelligence. A
foundation model is a large—scale model trained on broad, unlabeled data that can be adapted to a wide
range of downstream tasks with minimal task—specific training.

The key characteristics are:

1. Scale: Foundation models are large—often billions of parameters—and trained on massive datasets

2. Generality: They learn general patterns applicable to many tasks, not just one specific task

3. Adaptability: They can be fine—tuned or even used directly for new tasks with little or no additional
training

4. Self-supervised learning: They typically use clever training objectives that don’t require manual labels

The foundation model concept originated in natural language processing (NLP) with models like BERT and
GPT. These models are trained on billions of words of text to understand language structure, then can be
adapted to specific tasks like sentiment analysis, question answering, or translation with relatively little
task—specific data.

12.1.2 Why Genomics Needs Foundation Models

Genomics is actually an ideal domain for foundation models, perhaps even more so than natural language:

Abundant Unlabeled Data: There are billions of DNA sequences available—complete genomes from thou—
sands of species, metagenomic data from environments, and sequence databases like GenBank containing
trillions of base pairs. This data is unlabeled in the sense that we don’t have ground-truth annotations for
every function, but it contains patterns.

Conserved Grammar: Just as all English text follows grammatical rules, all genomic sequences follow
biological rules—promoter motifs, splice signals, regulatory grammars, codon usage patterns. A model
that learns these rules could apply them across contexts.

Transfer Across Tasks: The same sequence features relevant for predicting enhancers might also be rele—
vant for predicting transcription factor binding, chromatin accessibility, or evolutionary constraint. Knowl-
edge should transfer.

Data Scarcity for Specific Tasks: While we have abundant sequence data, we often have limited labeled
data for specific biological questions—especially for rare cell types, rare conditions, or novel organisms.

Cost of Experimental Validation: Generating labeled training data in genomics is expensive. A single ChIP-
seq experiment costs $1,000-5,000. Whole—-genome sequencing with deep phenotyping for thousands
of individuals costs millions. If a foundation model could reduce the labeled data requirement from 10,000
examples to 100 examples, the cost savings would be enormous.

12.1.3 From Task-Specific to Foundation Models: A Paradigm Shift
Let’s contrast the old paradigm with the new:

Old Paradigm (Task-Specific Models): 1. Identify biological question (e.g., “predict enhancers in liver”)
2. Collect labeled training data (e.g., 10,000 regions with ChlP-seq labels) 3. Design neural network
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architecture 4. Train model from random initialization on your specific data 5. Model works for your task
but can’t easily transfer to other tasks

New Paradigm (Foundation Models): 1. Pretraining: Train one large model on billions of unlabeled genomic
sequences to learn general genomic patterns 2. Fine—tuning: For your specific question, fine—tune the
pretrained model on a small amount of task—specific labeled data 3. Model works for your task AND can
be adapted to many other tasks with minimal retraining

The key insight: learning general genomic patterns from unlabeled data is the expensive part. Once
learned, adapting to specific tasks is relatively cheap.

This is analogous to how humans learn. You don’t learn to read from scratch every time you encounter
a new book. You learned general reading skills once, and now you can read anything—scientific papers,
novels, recipes—with minimal adjustment.

12.2 Transfer Learning: The Core Concept
12.2.1 What Is Transfer Learning?

Transfer learning is the ability of a model to apply knowledge learned from one task to a different but related
task. Instead of starting from a blank slate (random parameters), you start from a model that already knows
something useful.

The biological analogy: imagine you're a cell biologist who studies yeast. You've spent years learning
molecular biology techniques, experimental design, and data analysis. Now you switch to studying human
cells. You don’t start from zero—much of your knowledge transfers. You understand Western blots, PCR,
microscopy, statistical analysis. You only need to learn the specifics of human cell culture and human-—
specific biology. Your “pretrained” expertise transfers.

In neural networks, transfer learning works similarly:

Source Task (Pretraining): The model learns general features from a large dataset. For genomics, this
might be “predict the next nucleotide in a sequence” trained on 3 billion base pairs of genomic DNA.

Target Task (Fine—tuning): The model adapts to a specific task using a smaller dataset. For example,
“classify whether a sequence is an enhancer” using 5,000 labeled examples.

The pretrained model’s parameters encode general genomic knowledge—motif patterns, dinucleotide fre-
guencies, splice signals, regulatory grammars. This knowledge helps even on tasks the model wasn’t
explicitly trained for.

12.2.2 Why Transfer Learning Works in Genomics

Transfer learning is effective when the source and target tasks share underlying structure. Genomics has
abundant shared structure:

Shared Motifs: Transcription factor binding motifs like TATA boxes, E-boxes, and CTCF sites appear in
many contexts. A model that learns to recognize these motifs when predicting chromatin accessibility can
transfer that knowledge to predicting transcription factor binding.

Shared Regulatory Grammar: Enhancers in liver and enhancers in brain have different specific sequences,
but they follow similar structural principles—transcription factor binding site clustering, appropriate dis—
tances from promoters, GC content patterns.

Conserved Evolutionary Patterns: Functionally important regions tend to be conserved across species. A
model trained to recognize conservation patterns in one context can apply that to other contexts.

Shared Sequence Context: The nucleotide patterns surrounding splice sites, start codons, and poly—-A
signals are similar across genes and tissues.
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12.2.3 Mathematical View of Transfer Learning
Let’s formalize this intuition. Suppose we have:

« A source task with abundant data: D ={(z1,91), (X9, Y3), -, (T,,,Y,,) } Where n is large

. —_=
source 7 %

* A target task with limited data: D, o; = {(1,91), (29, 93), -+ (T15 Yy, )} Where m is small

A neural network can be thought of as two components:

f(@) = g(h(z))
Where: - h(z) is the feature extractor (early layers) that transforms input z into learned features - g() is
the task—specific head (final layers) that maps features to predictions

Standard Training (No Transfer): - Initialize all parameters randomly - Train both /() and g() on D
Problem: with small m, overfitting is severe

target

Transfer Learning: 1. Pretraining: Train 2() on D
with pretrained A (), train on D

train effective g()

source 10 learn general features 2. Fine—tuning: Initialize

arget 3- Benefit: 1i() already encodes useful features, so even small m can

The pretrained h() learns features like “transcription factor motif detected at position 47” or “high GC
content in this window”—features useful for many tasks, not just the source task.

12.2.4 Types of Transfer Learning

Feature Extraction (Frozen Features): - Use pretrained h() as-is, only train task-specific head ¢() - Fast,
prevents overfitting — Works when source and target tasks are very similar

Fine—tuning (Adapted Features): — Start with pretrained (), allow parameters to update during training
on target task — Slower, but allows adaptation to target task specifics — Works better when tasks differ
somewhat

Multi-task Learning: — Train on multiple related tasks simultaneously — Forces model to learn features
useful across tasks — Common in genomics where you might predict multiple chromatin marks together

12.3 Self-Supervised Learning: Training Without Labels
12.3.1 The Labeling Problem

Foundation models need to learn from massive datasets, but manually labeling billions of sequences is
impossible. Even if you had the funding, what would you label them with? Most sequences don’t have
functional annotations.

This is where self-supervised learning comes in: using the data itself to create training signals, without
needing human-provided labels.

The key insight: you can create a supervised learning problem from unlabeled data by hiding parts of the
data and asking the model to predict them.

12.3.2 Language Modeling as Self-Supervised Learning

The most successful self-supervised approach is language modeling: predicting masked or future tokens.

For Text (BERT approach): - Original sentence: “The ribosome translates mRNA into protein” — Masked
sentence: “The ribosome [MASK] mRNA into protein” — Task: predict the masked word (“translates”)

The model must understand grammar, context, and semantics to predict masked words correctly. By
training on billions of sentences, models learn language structure without anyone manually labeling what
each sentence means.
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For DNA Sequences (Genomic Language Models): - Original sequence: ATGCGATTACGATCGTACGAT -
Masked sequence: ATGCGA [MASK] [MASK]ACGATCGTACGAT - Task: predict the masked nucleotides

To predict masked nucleotides, the model must learn: — Motif patterns (if ATG is masked, it might be a
start codon) - Dinucleotide frequencies (CpG islands have different patterns) — Long-range dependencies
(distant regulatory elements) — Sequence constraints (splice donor sites follow GT-AG rule)

This self-supervised task doesn’t require any experimental data—just raw sequences. Yet it forces the
model to learn genomic grammar.

12.3.3 Self-Supervised Learning Objectives for Genomics

Several self-supervised objectives have proven effective:

Masked Language Modeling (MLM): - Randomly mask 15% of nucleotides — Model predicts masked nu-
cleotides - Forces learning of local and global sequence context — Used by: DNABERT, Nucleotide Trans-
former

Next Token Prediction (Autoregressive): — Given sequence prefix ATGCGA, predict next nucleotide — Model
learns sequential dependencies — Used by: GPT-style models

Sequence Order Prediction: — Shuffle or scramble sequences — Model predicts whether sequence is in
correct order — Forces learning of positional relationships

Contrastive Learning: — Learn to distinguish similar sequences from dissimilar ones — Model learns what
makes sequences functionally similar — Can incorporate evolutionary information

12.3.4 Why Self-Supervised Learning Works

The effectiveness of self-supervised learning might seem magical—how can predicting masked
nucleotides teach a model about enhancers, splice sites, or gene expression?

The key is that genomic sequences have structure, and that structure is relevant to function:

Local Structure: To predict masked nucleotides in motifs, the model must learn motif patterns. A model
that learns TATA [MASK] [MASK] is often TATAAA (TATA box) has learned something about promoters.

Context Dependencies: To predict a nucleotide, the model must consider surrounding context. This forces
learning of regulatory grammar—transcription factor binding sites cluster near enhancers, splice donor
sites appear in specific contexts.

Evolutionary Constraints: Functionally important sequences are conserved. A model trained on sequences
from multiple species will learn that certain patterns are preserved, indicating functional importance.

Statistical Patterns: Gene-rich regions, repeat elements, CpG islands, and other large-scale genomic
features have characteristic sequence statistics. Learning to predict nucleotides captures these patterns.

The result: a model pretrained to predict masked nucleotides develops internal representations that encode
functional properties of genomic sequences, even though those properties were never explicitly labeled
during training.

[Optional: The Math] ## Math Box: The Masked Language Modeling Objective
Let’s formalize the masked language modeling objective mathematically.

Given a genomic sequence s = (81, Sy, ..., S, ) where each s; € {A,C,G, T} and L is the
sequence length:

Step 1: Masking - Randomly select positions M C {1,2,..., L} to mask (typically 15% of
positions) - Create masked sequence s where 5, = [M ASK]if 1 € M, otherwise 5, = s,
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Step 2: Prediction - Model f, (parameterized by 6) takes masked sequence and outputs prob—
ability distribution over nucleotides for each position:

Py(s4]s) = softmax(fy(s);)
Step 3: Loss Function — Objective is to maximize probability of correct nucleotides at masked
positions:
£(0) == log Py(s,[3)
ieM
This is negative log-likelihood (cross—entropy loss). We want to maximize log—probability,
which is equivalent to minimizing negative log—probability.

Biological Interpretation: — The model learns to encode each position’s context (surrounding
nucleotides) into a representation — This representation must contain information about motifs,
patterns, and constraints — These learned representations transfer to downstream tasks like
enhancer prediction

Example Calculation: Suppose at a masked position, the true nucleotide is 4, and the model
outputs probabilities: = P(A) = 0.7- P(C) = 0.1
-P(G)=0.1-P(T)=0.1

Loss at this position: —log(0.7) = 0.357

If the model is uncertain and outputs P(A) = 0.25 (random guessing), loss would be
—1log(0.25) = 1.386—much higher penalty.

Over billions of sequences, minimizing this loss forces the model to learn predictive patterns
in genomic sequences.

12.4 Pretraining and Fine—-Tuning: The Two—-Stage Paradigm
12.4.1 Stage 1: Pretraining

Pretraining is the computationally expensive stage where the model learns general genomic knowledge
from massive unlabeled data.

Pretraining Data: — Entire reference genomes (human, mouse, hundreds of other species) — Total size:
often billions to hundreds of billions of nucleotides — No experimental labels required—just sequence

Pretraining Task: — Self-supervised objective (typically masked language modeling) — Model learns to
predict masked nucleotides — Requires days to weeks on powerful GPUs or TPUs

Pretraining Outcome: - A model with billions of parameters encoding genomic patterns - Model hasn’t
seen your specific task (e.g., enhancer prediction) — But has learned features useful for many genomic
tasks

Biological Analogy: Pretraining is like learning to read and write in your native language. You read thousands
of books, articles, and documents. You haven’t specifically trained for writing scientific papers, but you've
learned grammar, vocabulary, and structure that will help with any writing task.

Biological Analogy: Like a medical residency program: after years of seeing diverse patients
and building broad clinical experience, you then choose a specialty. The model reads millions
of unlabeled sequences, developing general biological intuition.

12.4.2 Stage 2: Fine-Tuning

Fine—tuning is the task—specific stage where the pretrained model adapts to your biological question using
a small amount of labeled data.
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Fine—tuning Data: — Task—specific labeled examples — Can be small: hundreds to thousands of exam—
ples (versus millions needed to train from scratch) — Examples: sequences labeled as enhancers/non-
enhancers, genes with expression measurements, variants with functional annotations

Fine—tuning Process: 1. Start with pretrained model parameters 2. Add task—specific output layer (e.g.,
binary classifier for enhancer prediction) 3. Train on labeled data, allowing parameters to update 4. Use
lower learning rate than pretraining (don’t want to “forget” pretrained knowledge)

Fine—tuning Outcome: - A model adapted to your specific task — Fast: hours instead of days — Data—
efficient: works with limited labeled examples

Biological Analogy: Fine-tuning is like taking a general biology course (pretraining) then specializing in
neuroscience (fine—tuning). You don’t relearn cell biology from scratch—you build on foundation and add
specialization.

Biological Analogy: Like choosing a residency specialty: building on foundational knowledge,
you can specialize for a specific task (e.g., variant effect prediction) with relatively few labeled
examples.

12.4.3 Fine-Tuning Strategies

There are several approaches to fine—tuning, trading off between computation and adaptation:

Full Fine-Tuning: — Update all model parameters during fine—tuning - Most flexible, best performance -
Slower, requires more data to prevent overfitting — Use when you have moderate amounts of labeled data
(thousands of examples)

Feature Extraction (Frozen Backbone): - Freeze pretrained parameters, only train final task—specific layers
- Fastest, most data-efficient - Less flexible—can’t adapt pretrained features — Use when you have very
little labeled data (hundreds of examples)

Partial Fine—-Tuning: - Freeze early layers, fine—tune later layers - Middle ground between above ap-—
proaches — Early layers learn general features (nucleotide patterns), later layers learn task—specific com-
binations

Low-Rank Adaptation (LoRA): — Keep pretrained parameters frozen — Add small trainable “adapter” mod-
ules — Very parameter—efficient — Emerging approach for very large foundation models

12.4.4 Case Study: Enhancer Prediction with Fine-Tuning

Let’s walk through a concrete example.

Problem: Predict enhancers in pancreatic beta cells. You have ChlP-seq data for the enhancer-associated
histone mark H3K27ac in beta cells, giving you 3,000 positive examples (enhancers) and 10,000 negative
examples (non—-enhancers).

Approach 1: Training from Scratch — Initialize random neural network — Train on your 13,000 examples
- Results: moderate performance (~75% accuracy) — Problem: model hasn’t seen enough data to learn
general sequence patterns

Approach 2: Using Pretrained Foundation Model - Start with model pretrained on 100 billion nucleotides -
Pretrained model already recognizes transcription factor motifs, regulatory grammar — Fine—tune on your
13,000 examples — Results: high performance (~88% accuracy) — Why better: model leverages general
enhancer patterns learned during pretraining, only needs to learn beta—cell specifics

Actual Numbers from Research: Studies comparing these approaches on ENCODE enhancer prediction
tasks found: - Training from scratch with 10,000 examples: 72% accuracy — Fine—tuning pretrained model
with 10,000 examples: 86% accuracy - Fine—tuning with only 1,000 examples: 82% accuracy (better than
training from scratch with 10x more datal)
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This demonstrates the power of transfer learning: pretrained knowledge dramatically reduces labeled data
requirements.

12.5 Zero—-Shot and Few-Shot Learning
12.5.1 The Few—-Shot Learning Spectrum

Fine—tuning requires some labeled examples. But what if you have almost no labeled data? Foundation
models enable a spectrum of learning paradigms:

Traditional Supervised Learning: - Training examples: 10,000 — 1,000,000+ — How it works: learn from
scratch — Genomics example: predicting chromatin states with comprehensive ENCODE data

Fine—-Tuning: - Training examples: 100 - 10,000 - How it works: adapt pretrained model with moderate
labeled data — Genomics example: predicting enhancers in a specific cell type

Few-Shot Learning: — Training examples: 5 = 100 - How it works: adapt with minimal examples, or learn
from examples at inference time — Genomics example: predicting binding sites for a transcription factor
with only 20 known sites

One-Shot Learning: — Training examples: 1 — How it works: generalize from a single example — Genomics
example: identifying similar sequences to one characterized regulatory element

Zero-Shot Learning: - Training examples: 0 — How it works: generalize to new tasks without any task-
specific training - Genomics example: predicting function of sequences for which no experimental data
exists

12.5.2 Zero—Shot Learning: Using Models Without Fine-Tuning

Biological Analogy: Like a trained immunologist recognizing a pathogen they have never seen
before. Prior knowledge generalizes to new situations.

Zero-shot learning is the ability to perform a task without any task—specific training examples. This might
seem impossible—how can a model do something it was never trained to do?

The key: the pretrained model’s internal representations encode genomic properties. Even without explicit
training on your task, the model might have learned relevant features during pretraining.

How It Works:

1. Extract embeddings (vector representations) from pretrained model
2. Use embeddings directly for downstream tasks
3. Embeddings capture sequence properties relevant to many tasks

Example: Predicting Regulatory Function

Suppose you want to predict whether a sequence is a promoter, enhancer, or silencer, but you have no
labeled training data.

With a pretrained foundation model: 1. Extract embeddings for sequences from known promoters, en-
hancers, silencers 2. These form clusters in embedding space (similar functions have similar embeddings)
3. For a new unknown sequence, extract embedding and see which cluster it’s nearest to 4. Predict the
function based on nearest neighbors

This works because the model learned during pretraining that promoters have certain sequence charac—
teristics (TATA boxes, CpG islands, proximity to transcription start sites), enhancers have others (TF motif
clusters, H3K27ac association), etc. Even though it was never explicitly trained to classify regulatory
elements, it learned features that distinguish them.

Limitations: — Performance is typically lower than fine-tuned models - Works best when zero-shot task
is similar to patterns seen during pretraining — Can’t learn truly novel task-specific patterns
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When to Use: — Exploring new hypotheses without labeled data — Quick preliminary analysis — Compar—
ing sequences across contexts where labels don’t transfer — Generating candidate predictions to guide
experimental validation

12.5.3 Few—Shot Learning: Learning from Minimal Examples

Few-shot learning extends zero—shot by allowing a handful of examples. The goal is to adapt to a new
task with 5-100 examples instead of thousands.

Approach 1: Fine-Tuning with Regularization — Fine-tune on small labeled set — Use strong regularization
to prevent overfitting — Lower learning rate — Early stopping

Approach 2: Metric Learning — Learn to measure sequence similarity in embedding space — Given a few
positive examples, find similar sequences — Doesn’t require updating model parameters

Approach 3: Prompt-Based Learning — Provide examples as “prompts” to guide model behavior — Model
sees examples at inference time, not during training — Inspired by how large language models like GPT
work

Example: Discovering Binding Sites with Few Examples
Suppose you’re studying a transcription factor with only 10 known binding sites (from ChlP-seq peaks).
Traditional approach: Can’t train a deep learning model with 10 examples—would severely overfit.

Few-shot approach with foundation model: 1. Extract embeddings from pretrained model for your 10
known sites 2. Scan genome, extract embeddings for all candidate sites 3. Rank candidates by similarity
to your 10 examples in embedding space 4. Top—ranked candidates are likely binding sites

Research has shown this can achieve ~70% recall at 5% false positive rate with just 10 examples—far
better than motif-based methods.

12.5.4 Case Study: Zero—Shot Variant Effect Prediction

Let’s examine a practical case study from recent research.

Problem: Predict which genomic variants affect gene splicing. Standard approach requires collecting thou—
sands of variants with experimentally validated splicing outcomes—expensive and time—consuming.

Zero—Shot Approach Using Pretrained Model:

Researchers used a genomic foundation model (similar to models we’ll discuss in Chapters 13-14) and
asked: can embeddings predict splicing effects without any splicing—specific training?

Method: 1. Extract embeddings for reference sequence 2. Extract embeddings for variant sequence
(reference with variant introduced) 3. Calculate embedding difference (L2 distance) 4. Hypothesis: larger
embedding differences indicate functional impact

Results: - Zero—shot approach achieved 0.78 AUC for predicting splice—disrupting variants — Compare to
SpliceAl (trained specifically on splice data): 0.95 AUC - Zero-shot is less accurate but requires NO labeled
splice data — Useful for quick screening before experimental validation

Key Insight: The model learned during pretraining that certain sequence patterns near exon—intron bound-
aries are important. When variants disrupt these patterns, embeddings change substantially. The model
never saw splice labels during training, but learned features relevant to splicing.

Practical Application: — Screen 1000 variants in 10 minutes (zero—shot) — Select top 50 candidates - Vali-
date experimentally ($$) - Much more efficient than validating all 1000
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12.6 The Architecture and Training of Foundation Models
12.6.1 Model Architecture Choices

Foundation models for genomics are typically based on transformer architectures (which we introduced in
Chapter 10). Key design decisions:

Model Size: - Small models: 10-100 million parameters - Medium models: 100-500 million parameters
- Large models: 1-10 billion parameters — Larger models generally learn better representations but require
more compute

Context Length: — How many nucleotides the model can process at once - Critical for genomics: regulatory
elements can be far from genes they regulate — Standard: 512-4,096 bp - Long-range models: up to
100,000 bp or more — Longer context enables learning long-range dependencies

Tokenization: — How to split sequences into tokens - Single nucleotide: each A/C/G/T is a token - k-
mers: overlapping or non-overlapping k—-mer tokens (e.g., “ATG”, “TGC”, “GCA”---) - Byte—pair encoding:
learned tokenization — Choice affects what patterns model can learn

Positional Encoding: — How to encode nucleotide positions — Absolute: each position has unique encod-
ing — Relative: encode distances between positions — Important because position matters in genomics
(promoters are upstream of genes)

12.6.2 Pretraining Data and Compute Requirements
Training a genomic foundation model requires substantial resources:

Data Scale: - Human genome: 3 billion bp = Multi-species: 100+ billion bp (including mouse, fly, worm,
yeast, bacteria) - Metagenomic databases: trillions of bp = More diverse data generally improves transfer
learning

Computational Requirements: - Small model on human genome: ~100 GPU-hours (~$500 on cloud) -
Large model on multi-species data: ~100,000 GPU-hours (~$500,000 on cloud) - Pretraining is done
once, then model is shared

Training Time: — Small model: days - Large model: weeks to months — Requires specialized hardware
(GPUs or TPUs)

Data Preprocessing: — Quality control: remove low—quality sequences — Repeat masking: handle repetitive
elements — Data augmentation: reverse complement, random crops — Creating training batches: millions
of sequence chunks

12.6.3 Evaluation of Foundation Models

How do we know if a foundation model is good? Unlike task—specific models, we can’t evaluate on a
single task.

Pretraining Metrics: — Masked nucleotide prediction accuracy — Perplexity (how surprised model is by
sequences) — These measure if model learned to predict sequences, but not if it learned useful features

Downstream Task Performance: — The real test: does fine—tuning work well? - Evaluate on multiple
diverse tasks: enhancer prediction, splice site prediction, variant effect prediction, etc. — Good foundation
model performs well across many tasks

Probing Tasks: — Design specific tasks to test if model learned particular features — Example: can embed-
dings predict evolutionary conservation? — Example: can embeddings cluster sequences by function?

Data Efficiency: - How many labeled examples needed for fine—tuning? - Better foundation models need
fewer examples — Measure accuracy vs. training set size curves
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12.6.4 The Scaling Laws of Foundation Models

Research on language models has revealed “scaling laws”: predictable relationships between model size,
data size, and performance.

Scaling Laws for Genomics:
Similar patterns emerge in genomic foundation models:

1. Larger models — better transfer learning (but with diminishing returns)
* 100M parameters: baseline
» 1B parameters: significant improvement
* 10B parameters: marginal additional improvement
2. More diverse data — better generalization
* Training on human genome only: good for human-specific tasks
» Adding model organisms: better cross—species transfer
« Adding bacteria/archaea: learns more universal genomic principles
3. Longer training — better, but eventually plateaus
« Optimal training is not “until perfect”—model learns general patterns relatively quickly
* QOvertraining on pretraining task can reduce transfer ability

Practical Implications: — For most research labs, using existing pretrained models is more practical than
training from scratch - Model developers should focus on good data diversity and moderate model sizes
- Community benefits from a few well-trained foundation models shared widely

12.7 Transfer Learning Across Species and Conditions
12.7.1 Cross—Species Transfer Learning

One of the most exciting applications of genomic foundation models is transferring knowledge across
species.

The Challenge: - You want to predict gene expression in zebrafish — But most labeled data exists for
human and mouse — Can a model trained on mammals help with zebrafish?

Transfer Learning Approach:

1. Pretrain on multi-species data (human, mouse, zebrafish, fly, etc.)
* Model learns sequence patterns conserved across evolution
* Learns which patterns are universal vs. species—specific
2. Fine—tune on target species with limited data
* Model adapts to species—specific patterns
* Leverages conserved patterns learned during pretraining

Results from Research: Studies show impressive cross—species transfer: — Model pretrained on verte—
brates, fine—tuned on zebrafish with 500 examples: 75% accuracy — Model trained only on zebrafish with
500 examples: 55% accuracy — Cross—species pretraining provides +20% accuracy boost

Why It Works: - Many regulatory mechanisms are conserved (transcription factor binding, splice signals)
- Model learns these conserved patterns during pretraining — Only needs to learn species—specific details
during fine-tuning

12.7.2 Cross—Tissue and Cross—Condition Transfer

Similar benefits apply within a species across tissues or conditions:

Example: Tissue—-Specific Enhancers — Pretrain on enhancer data from multiple tissues (liver, brain, heart,
kidney) — Model learns general enhancer characteristics (TF motif clustering, distance from promoters) -
Fine—tune on new tissue (pancreas) with limited data — Works better than training only on pancreas data
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Example: Condition—Specific Expression — Pretrain on gene expression across many conditions (develop-
mental stages, drug treatments, knockouts) = Model learns gene regulatory relationships - Fine-tune on
specific condition (rare disorder) with few samples — Can predict expression changes from limited patient
data

12.7.3 Domain Adaptation: Handling Distribution Shift
A challenge in transfer learning is domain shift: when test data differs systematically from training data.

Examples in Genomics: — Model trained on Europeans applied to African populations (different allele fre-
guencies) — Model trained on reference genomes applied to cancer genomes (somatic mutations) - Model
trained on bulk RNA-seq applied to single—cell RNA-seq (technical differences)

Approaches to Handle Domain Shift:

Domain—Adversarial Training: - Train model to make good predictions while being unable to distinguish
source vs. target domain — Forces learning domain—invariant features

Unsupervised Domain Adaptation: — Use unlabeled data from target domain during fine—tuning — Helps
model adapt to target domain statistics

Multi-Task Learning: — Train on multiple domains simultaneously — Learns features that generalize across
domains

Calibration: — Adjust prediction thresholds based on target domain — Simple but often effective

12.8 Practical Considerations for Using Foundation Models
12.8.1 When to Use Foundation Models

Foundation models aren’t always the best choice. Use them when:

[1 Good Use Cases: - Limited labeled data for your task ({ 10,000 examples) = New biological context
(rare cell type, rare condition, new species) — Multiple related tasks (transfer learning amortizes pretraining
cost) - Need quick results (fine-tuning is faster than training from scratch) - Exploratory analysis (zero-
shot embeddings for initial screening)

X Less Suitable Cases: - Abundant task—specific data ()100,000 examples)—might not need transfer
learning - Task very different from anything in pretraining data (transfer may not help) — Strict computational
constraints (foundation models are large) — Need fully interpretable models (complex models harder to
interpret)

12.8.2 Choosing a Pretrained Model
Many genomic foundation models are now publicly available. How to choose?
Consider:

1. Pretraining Data:

« What species/sequences was model trained on?

* Choose model pretrained on data similar to your target
2. Model Size:

* Larger is usually better but slower

* Balance performance vs. computational resources
3. Context Length:

» Can model process sequences as long as you need?

* Longer context needed for long-range regulatory predictions
4. Task Performance:

* Check published benchmarks on tasks similar to yours
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* Look for papers evaluating multiple models
5. Availability and Documentation:

* Is model easy to download and use?

* Are there code examples and tutorials?

12.8.3 Fine-Tuning Best Practices

To get best results when fine-tuning:

Data Preparation: — Balance positive and negative examples — Use data augmentation (reverse comple-
ment for DNA) - Split data properly (train/validation/test)

Hyperparameter Selection: — Lower learning rate than pretraining (typically 10-100x smaller) = Smaller
batch sizes often work better — Monitor validation performance to prevent overfitting

Regularization: — Use dropout (especially with small datasets) — Weight decay (L2 regularization) — Early
stopping based on validation performance

Gradual Unfreezing: - Start by only training final layers — Gradually unfreeze earlier layers — Helps prevent
catastrophic forgetting

Task-Specific Architecture: — Design appropriate output head for your task — Classification: softmax layer
- Regression: linear layer — Sequence labeling: per—position predictions

12.8.4 Interpreting Foundation Model Predictions

Foundation models are complex and can be hard to interpret. Approaches to understand them:

Attention Visualization: — Examine which input positions model attends to — Reveals which nucleotides
influence predictions

Gradient-Based Methods: - Compute gradient of prediction with respect to input = Shows which nu-
cleotides are most important

In Silico Mutagenesis: — Systematically mutate sequence positions — See which mutations change predic—
tions most — Reveals functional motifs

Embedding Analysis: - Project embeddings to 2D (t-SNE, UMAP) - Visualize how sequences cluster -
Helps understand what model learned

Probing Classifiers: — Train simple classifiers on embeddings — Test if embeddings capture specific prop—
erties (GC content, conservation, etc.)

12.9 Current Limitations and Future Directions
12.9.1 Current Limitations

Despite their promise, genomic foundation models face challenges:

Limited Context Length: — Most models process 1,000-10,000 bp - Genomic regulation can span
megabases - Long-range interactions (enhancer—gene pairs 1Mb apart) are difficult to capture

Computational Cost: - Large models require significant compute for inference — Limits use in resource-
constrained settings — Processing whole genomes is slow

Data Bias: - Most training data from well-studied species (human, mouse) — Model organisms over-
represented — Reference genomes may not represent population diversity

Interpretability: — Complex models are “black boxes” - Hard to understand why predictions are made —
Difficult to extract biological insights
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Generalization to Rare Events: — Pretraining on common sequences — May not capture rare but important
events (e.g., rare variants, rare cell states)

12.9.2 Emerging Solutions
Research is addressing these limitations:

Longer Context: - New architectures (e.g., Mamba, discussed in Chapter 14) can process 100,000+ bp
efficiently — Enables modeling long-range regulatory interactions

Efficient Models: — Distillation: creating smaller models that mimic large ones — Quantization: reducing
numerical precision — Sparse models: only activating relevant parameters

Diverse Training Data: — Including more species, populations, and conditions — Metagenomic data for
microbial diversity — Ancient DNA for evolutionary perspective

Interpretable Architectures: — Designing models with interpretable components — Attention mechanisms
that highlight important regions — Modular architectures where each module has clear function

Active Learning: — Foundation models suggest which experiments to do next - lterative improvement:
experiment — update model — new predictions — Reduces total experimental cost

12.9.3 Future Directions
Exciting developments on the horizon:

Multi-Modal Foundation Models: - Integrate DNA sequence with other data types - Sequence + chromatin
accessibility + 3D structure + expression — Holistic understanding of genome function

Foundation Models for Protein Sequences: — Already successful (e.g., ESM, ProteinBERT) — Predict struc-
ture, function, interactions from sequence — Chapter 15 will explore single—cell RNA-seq foundation mod-
els

Genome-Scale Simulations: — Foundation models as “genome simulators” - Predict phenotype from geno-
type — Test hypotheses in silico before experiments

Personalized Genomics: - Foundation models adapted to individual genomes — Predict disease risk, drug
response for specific patients — Precision medicine applications

Automated Scientific Discovery: — Foundation models generate hypotheses — Design experiments to test
hypotheses - Close the loop between computation and experimentation

Summary
Key Takeaways:

» Foundation models are large—scale models pretrained on broad data that can be adapted to many
downstream tasks, addressing the challenge of limited labeled data in genomics

* Transfer learning enables applying knowledge from one task to another, dramatically reducing the
labeled data requirement from tens of thousands to hundreds of examples

+ Self-supervised learning trains models on unlabeled genomic sequences using objectives like
masked nucleotide prediction, learning genomic grammar without experimental data

* Pretraining and fine—tuning is a two-stage paradigm: first learn general genomic patterns from mas-
sive unlabeled data, then adapt to specific tasks with small labeled datasets

» Zero—shot and few—shot learning extend foundation models to scenarios with minimal or no labeled
data, using learned embeddings for prediction without task—specific training
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- Cross—species and cross—condition transfer allows knowledge learned in one biological context (e.g.,
human liver) to improve predictions in another (e.g., mouse pancreas) by leveraging conserved ge—

nomic principles

* Foundation models work because genomic sequences have shared structure—transcription factor
motifs, regulatory grammar, evolutionary conservation—that transfers across contexts and tasks

O Key Terms

Term

Definition

Domain adaptation
Embedding

Feature extraction
Few-shot learning
Fine—tuning

Foundation model
Masked language modeling (MLM)
One-shot learning
Pretraining
Self-supervised learning
Transfer learning

Zero—-shot learning

Adjusting a model to perform well on a new domain (e.g.,
different species or tissue) that differs from the training domain
Vector representation of a sequence produced by a neural
network, encoding its properties in continuous space

Using a pretrained model’s learned representations without
updating its parameters, only training task—specific output layers
Learning to perform a task with very limited labeled examples
(typically 5-100), leveraging pretrained knowledge

Adapting a pretrained model to a specific task by training on
task-specific labeled data with small learning rate adjustments
Large—scale model trained on broad data that can be adapted to
many downstream tasks through transfer learning
Self-supervised learning objective where random tokens are
masked and the model learns to predict them from context
Extreme case of few—shot learning where only a single example is
available for a new task

Initial training phase where a model learns general patterns from
large—scale unlabeled data before being adapted to specific tasks
Learning from unlabeled data by creating training signals from the
data itself (e.g., predicting masked parts)

Applying knowledge learned from one task or domain to improve
performance on a different but related task

Performing a task without any task—specific training examples,
relying only on pretrained knowledge and embeddings

Conceptual Questions

1. Explain why a genomic foundation model pretrained on human sequences might help predict en—
hancers in mouse liver, even though it never saw mouse liver ChIP-seq data during pretraining.
What genomic features transfer across this species and tissue boundary?

2. A researcher has RNA-seq data from only 20 patients with a rare neurological disorder. Should
they train a deep learning model from scratch or use a pretrained foundation model? Explain your
reasoning considering both accuracy and the biology of rare disorders.

3. Masked language modeling requires a model to predict hidden nucleotides from context. How does
this self-supervised task force the model to learn about biologically relevant features like transcription
factor binding motifs or splice sites, even though these features are never explicitly labeled during

training?

4. Compare the computational costs of: (a) training a task—specific model from scratch for 10 different
genomic prediction tasks, versus (b) pretraining one foundation model then fine-tuning it for the
same 10 tasks. When would each approach be more efficient?
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5. Zero-shot learning allows making predictions without any task—specific training data by using se-
quence embeddings. Describe a biological scenario where zero—shot predictions would be particu-
larly valuable, and explain what limitations you would expect compared to fine—tuned predictions.

6. Explain why longer context length (the number of nucleotides a model can process at once) is par—
ticularly important for foundation models in genomics, compared to foundation models in natural
language processing.

7. Afoundation model trained only on reference human genome sequences might perform poorly when
applied to cancer genomes with many somatic mutations. This is called “domain shift.” Suggest two
approaches to address this problem while still leveraging the pretrained model.

8. Some researchers argue that foundation models are “black boxes” that provide predictions without
biological insight, while others claim they can reveal biological principles. Evaluate both perspectives
using specific examples of what we can and cannot learn from foundation model embeddings.

Discussion Questions

1. Ethical Considerations in Population Genomics: Most genomic foundation models are pretrained pre—
dominantly on European ancestry genomes. Discuss how this could lead to performance disparities
when models are applied to individuals of other ancestries. What steps should researchers take to
address this bias, and what are the broader equity implications?

2. The Cost—-Benefit of Foundation Models: Pretraining a large genomic foundation model might cost
$500,000 in computational resources, while task-specific models for individual labs cost ~$1,000
each. From a scientific community perspective, when does it make sense to invest in foundation
models versus encouraging labs to train task—specific models? Consider issues of access, repro-
ducibility, and innovation.

3. Interpretability vs. Performance: Foundation models often provide better predictions than simpler,
more interpretable models (like position weight matrices for motifs). In what biological contexts is it
acceptable to use “black box” predictions, and when is mechanistic interpretability essential? Give
specific examples.

4. Data Privacy and Sensitive Information: Genomic data is highly sensitive and can identify individuals.
If foundation models are trained on genomic databases, could they inadvertently memorize and reveal
information about individuals in the training data? What safeguards should be implemented?

5. Generalization to Truly Novel Biology: Foundation models excel at transferring knowledge to scenar-
ios similar to their training data. However, what about truly novel biology—undiscovered regulatory
mechanisms, synthetic genomes, or organisms from extreme environments? Discuss the limitations
of transfer learning for genuinely new biological phenomena and how these might be addressed.

Further Reading
Foundational Papers

1. Bommasani, R., et al. (2021). “On the Opportunities and Risks of Foundation Models.”
arXiv:2108.07258.
» Comprehensive overview of the foundation model concept across Al domains
 Essential reading for understanding the paradigm shift
* https://arxiv.org/abs/2108.07258
2. Devlin, J., et al. (2019). “BERT: Pre-training of Deep Bidirectional Transformers for Language Un-
derstanding.” NAACL.
* Original BERT paper introducing masked language modeling
* Foundation for many genomic language models
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* https://arxiv.org/abs/1810.04805
3. Pan, S. J., &Yang, Q. (2010). “A Survey on Transfer Learning.” IEEE Transactions on Knowledge and
Data Engineering, 22(10), 1345-1359.
+ Classic comprehensive survey of transfer learning approaches
* Theoretical foundations applicable to genomics

Recent Reviews

1. Dalla-Torre, H., et al. (2023). “The Nucleotide Transformer: Building and Evaluating Robust Founda-
tion Models for Human Genomics.” bioRxiv.
+ State—of-the—art genomic foundation model
* Comprehensive evaluation across multiple tasks
* https://www.biorxiv.org/content/10.1101/2023.01.12.523679
2. Jumper, J., et al. (2021). “Highly accurate protein structure prediction with AlphaFold.” Nature, 596,
583-589.
* AlphaFold as protein structure foundation model
* Demonstrates power of transfer learning in structural biology
* Pretrained on multiple sequence alignments, not just structures
3. Nguyen, E., et al. (2023). “HyenaDNA: Long-Range Genomic Sequence Modeling at Single Nu-
cleotide Resolution.” arXiv:2306.15794.
* Addresses long—context challenge in genomic foundation models
» Will be covered in detail in Chapter 14

Online Resources

+ Hugging Face Genomics Models: https://huggingface.co/models?other=genomics
Repository of pretrained genomic models including DNABERT, Nucleotide Transformer

* Papers with Code - Transfer Learning in Genomics: https://paperswithcode.com/task/transfer—
learning
Benchmarks and leaderboards for transfer learning methods

« Awesome Genomic Language Models: https://github.com/topics/genomic-language-models
Community—curated list of genomic foundation models and resources

Textbook References

 Goodfellow, ., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press.
Chapter 15 on representation learning provides theoretical foundations for why transfer learning
works

* Weiss, K., Khoshgoftaar, T. M., & Wang, D. (2016). “A survey of transfer learning.” Journal of Big
Data, 3(1), 1-40.
Comprehensive technical survey of transfer learning methods

What’'s Next?

You’ve now learned the conceptual foundations of genomic foundation models—what they are, why they
work, and how they’re changing genomics research. Foundation models address the fundamental chal-
lenge of data scarcity by learning general genomic principles from massive unlabeled data, then transferring
that knowledge to specific tasks with minimal labeled examples.

In the next three chapters, we’ll examine specific genomic foundation models in detail:

Chapter 13: DNA Language Models will cover the first generation of genomic foundation models based on
BERT-style architectures: - DNABERT: Applying BERT s masked language modeling to k-mer sequences
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- DNABERT-2: Improved tokenization and longer context — LOGO: Combining sequence and structure
information — Nucleotide Transformer: Scaling to billions of parameters — GROVER: Multi-task pretraining
on diverse genomic tasks

Chapter 14: Next-Generation DNA Models will explore cutting—edge architectures that address current
limitations: — HyenaDNA: Processing sequences up to 1 million bp — Mamba: Efficient long—context
modeling with state—space models — Caduceus: Bidirectional Mamba for genomics — Hybrid architectures
combining multiple approaches

Chapter 15: Introduction to Single—Cell Omics will shift from DNA sequences to gene expression, preparing
for: — Chapter 16: Single—Cell Foundation Models covering models like Geneformer and scGPT

Before proceeding, make sure you're comfortable with: — [ ] The concept of transfer learning and why pre—
trained knowledge helps with limited data - [ ] How self-supervised learning (masked language modeling)
works for DNA sequences - [ ] The difference between pretraining and fine—tuning - [ ] What zero-shot
and few-shot learning mean - [ ] When to use foundation models versus task-specific models - [ ] How
to evaluate whether a foundation model is effective

If any of these concepts are unclear, review the relevant sections in this chapter. The specific models in
Chapters 13-14 all build on these foundational concepts, so understanding them now will make the next
chapters much easier to follow.

Ready to dive into specific DNA language models? Let’s explore how BERT-style transformers have been
adapted for genomic sequences in Chapter 13!

Chapter 12 Complete
Next: Chapter 13 — DNA Language Models

Chapter 13: DNA Language Models

Interactive: Chapter 13

What if you found a book written in a language no one had ever seen? No dictionary, no grammar guide,
no Rosetta Stone. Just the raw text — millions of pages of it. Could you figure out what it means?
Surprisingly, yes — if you have enough text. By noticing which “words” appear near which other “words,”
you could discover grammar, syntax, even meaning. The word that always appears between a subject
and an object is probably a verb. Words that are interchangeable in context are probably synonyms. This
is essentially how modern NLP models cracked human language before anyone handed them a grammar
textbook.

Now consider DNA. We have 3 billion letters of text per genome, across thousands of species — but
no complete dictionary telling us what every sequence means. We know some words: TATAAA is a
core promoter motif, AATAAA is a polyadenylation signal. But 98% of the genome is noncoding, and
the regulatory logic written there — which sequences bind which transcription factors, which enhancers
activate which genes, which variants disrupt which functions — remains largely unread. Traditional tools
approach this with fixed rules and small windows. They can tell you if a 6-mer matches a known motif.
They cannot tell you what a sequence means in context.

DNA language models take the approach of the linguist with an unknown text: read billions of sequences,
learn the statistical patterns, and use those patterns to predict what each sequence does. No labels
required during training. No predetermined grammar. Just the raw text of evolution, accumulated over
billions of years of selection, and a model large enough to find the signal within it.

The practical stakes are immediate. A GWAS study of autism spectrum disorder yields 15,000 regulatory
variants — each a single nucleotide change in noncoding DNA, each potentially disrupting gene regulation
in neurons. Traditional conservation scores narrow the list to 3,000. That’s still $1.5 million in experimen-
tal validation at $500 per variant. A DNA language model that genuinely understands genomic context
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can prioritize that list further — not by pattern—-matching to known motifs, but by modeling what those
sequences are actually saying.

The Biological Challenge

Understanding regulatory variants requires knowing the context in which they appear. A “CAG” sequence
means different things in different genomic neighborhoods: - In a promoter, it might be part of a tran—
scription factor binding site — In an enhancer 50kb away, it could recruit different proteins — In a repeat
region, it might have no regulatory function at all

Traditional tools treat each position independently or use fixed—size windows. They can’t capture long-
range dependencies, tissue—specific effects, or the combinatorial logic of multiple regulatory elements
working together.

The scale of the problem is staggering: — 3.2 billion base pairs in the human genome - 98% non-coding,
most with unknown function

- 4-5 million variants per individual genome — Millions of possible regulatory regions across 200+ cell types
- Context windows spanning hundreds to thousands of nucleotides

Experimental validation can’t scale to this level. MPRA (Massively Parallel Reporter Assays) can test thou—
sands of sequences, but that’s a tiny fraction of possible variants. And experiments often miss tissue—
specific or developmental-stage—specific effects.

What we need is a model that can: 1. Learn regulatory “grammar” from the entire genome 2. Understand
context across long distances (thousands of bp) 3. Transfer knowledge across cell types and conditions 4.
Make predictions for variants that have never been tested

This is precisely what language models were designed to do with text. Can we apply the same principles
to DNA?

Learning Objectives

After completing this chapter, you will be able to:

O Explain why DNA sequences can be treated as a “language” and what this analogy means

O Describe how k-mer tokenization works and why it's used for DNA instead of single nucleotides

0O Understand the BERT pretraining approach (masked language modeling) applied to genomic se-
guences

O Compare different DNA language models (DNABERT, DNABERT2, Nucleotide Transformer) in terms
of architecture and capabilities

O Explain how these models generate embeddings that capture regulatory context

O Apply pre—trained DNA language models to predict variant effects and regulatory function

O Evaluate the limitations of current DNA language models and what they can’t yet capture

13.1 DNA as a Language: More Than a Metaphor

When we call DNA a “language,” we’re not just making a poetic comparison. There are deep structural
similarities between human languages and genomic sequences.

The Language Analogy

Consider these parallels:

In English: - Letters combine to form words — Words combine to form sentences - Sentences have
grammar rules — Meaning depends on context — You can predict missing words from surrounding text

190



In DNA: - Nucleotides (A, C, G, T) combine to form motifs — Motifs combine to form regulatory elements
- Regulatory elements have “grammar rules” (specific arrangements) — Function depends on genomic
context — You can predict missing nucleotides from surrounding sequence

For example, if you see “The cat sat on the ___,” you can predict “mat” based on context and grammar.
Similarly, if you see a promoter sequence with a TATA box, you can predict nearby nucleotides that form
the transcription start site.

Why Single Nucleotides Aren’t Enough
Early attempts to apply language models to DNA treated each nucleotide as a “letter”:
ACGTAACGGTAC...

But this misses crucial biological structure. Regulatory function emerges from groups of nucleotides: -
Transcription factor binding sites are typically 6-20bp — Splice sites have specific dinucleotide patterns
(GT-AG) - Regulatory motifs show position—specific patterns

It’s like trying to understand English by analyzing individual letters without recognizing words. You'd miss
that “c-a—t” together means something different from “c-a-r.”

K-mer Tokenization: Finding the Words in DNA

Biological Analogy (DNABERT k—-mer tokenization): Like reading DNA as codons, but instead
of 3-letter codons, overlapping 6-letter “words” are used to capture meaningful patterns.

K-mers are sequences of k consecutive nucleotides. Instead of reading DNA letter by letter, we read it in
chunks:

For k=3 (3—mers or “codons” in the broad sense):

DNA: ACGTAACGGT
3-mers: ACG CGT GTA TAA AAC ACG CGG GGT

For k=6 (6—mers):

DNA: ACGTAACGGTAC
6-mers: ACGTAA CGTAAC GTAACG TAACGG AACGGT ACGGTA CGGTAC

Notice how k—-mers overlap—each position starts a new k—-mer. This sliding window captures local context.

Why k-mers work for DNA: 1. Biological relevance: Many regulatory elements are 6-12bp 2. Manageable
vocabulary: 46 = 4,096 possible 6-mers (comparable to common English words) 3. Context preservation:
Overlapping k—-mers maintain sequence continuity 4. Flexibility: Can adjust k based on biological scale of
interest

The Vocabulary Size Problem

The choice of k is a trade—off:

K value Vocabulary size Biological relevance Computational cost
3 64 Too short for most motifs Very low

6 4,096 Captures many TF sites Moderate

9 262,144 Rare k—-mers, sparse data High

12 16 million Most k—mers never seen Prohibitive

DNABERT uses k=3, 4, 5, and 6 to capture patterns at multiple scales—like understanding text through
letters, syllables, and words simultaneously.
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13.2 DNABERT: Bidirectional Encoder for DNA

DNABERT (2021) was the first major application of BERT architecture to DNA sequences. Let’s understand
how it works.

The BERT Architecture for DNA

Recall from Chapter 10 that BERT uses: 1. Bidirectional context: Looks at sequence on both sides of
each position 2. Masked language modeling: Predicts hidden tokens from context 3. Transformer layers:
Self-attention to weight important context 4. Pre—training then fine—tuning: Learn general patterns, then
specialize

DNABERT adapts this to genomic sequences:

Input DNA: ACGI[MASK] AACGGT
K-mer tokens: ACG CGT GTM MTA TAA AAC ACG CGG GGT
Position: 1 2 3 4 5 6 7 8 9

Transformer processes all positions
{
Predict masked token: "GTA"

Pre—training DNABERT: Learning Genomic Grammar

DNABERT is pre—trained on the entire human reference genome (hg38)—all 3.2 billion nucleotides. The
training process:

Step 1: Convert genome to k-mers

Genome region: ACGTAACGGT...
6-mers: ACGTAA, CGTAAC, GTAACG, ...

Step 2: Random masking (15% of k—-mers)

Original: ACGTAA CGTAAC GTAACG TAACGG AACGGT
Masked: ACGTAA [MASK] GTAACG TAACGG [MASK]

Step 3: Model predicts masked k-mers The model must reconstruct the original sequence using bidirec-
tional context.

Step 4: Update weights to minimize prediction error

After seeing billions of examples, DNABERT learns: — Common sequence motifs — Position preferences
for different nucleotides — Which k—-mers typically appear together — Patterns that distinguish coding from
non—coding regions — Regulatory sequence characteristics

What DNABERT Learns: Hidden Knowledge

After pre—training, DNABERT s internal representations (embeddings) capture biological information with—
out being explicitly told:

Experiment: Ji et al. (2021) analyzed DNABERT embeddings: 1. Promoter sequences cluster together
(similar embeddings) 2. Splice sites form distinct clusters 3. Repetitive elements group separately 4.
Conserved motifs have similar representations across contexts

This is remarkable: DNABERT was never told “this is a promoter” or “this is a splice site.” It discovered
these patterns just by learning to predict masked nucleotides.
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Fine—tuning for Specific Tasks

After pre—training, you can fine-tune DNABERT for specific biological tasks:

Task 1: Promoter identification - Input: 200bp sequence — Output: Probability it's a promoter - Fine-tune
on sequences labeled promoter/non-promoter

Task 2: Transcription factor binding site prediction — Input: Genomic sequence — Output: Which TFs bind
- Fine—tune on ChlP-seq data

Task 3: Variant effect prediction — Input: Reference and alternate sequences — Output: Predicted change
in regulatory activity — Fine-tune on MPRA or eQTL data

The key advantage: Pre—training on the entire genome provides a strong foundation. Fine-tuning requires
relatively little task—specific data.

13.3 Beyond DNABERT: Next—Generation DNA Language Models

DNABERT showed the potential of language models for genomics, but had limitations. Several next—
generation models address these issues.

DNABERT-2: Efficient Training at Scale

DNABERT-2 (2023) made several improvements:
1. Byte Pair Encoding (BPE) for tokenization

Instead of fixed k-mers, BPE learns optimal “words” from the data:

Common sequence: ACGTAA ACGTAA ACGTAA (appears often)
BPE learns: ACGTAA is a single token (not 6 separate)
Rare sequence: GGGGGG (appears rarely)

BPE keeps separate: GG GG GG (or G G G G G G)

Benefits: — Vocabulary adapts to actual sequence patterns — Common regulatory motifs become single
tokens - Rare sequences broken into smaller pieces — Reduces vocabulary size while maintaining infor-
mation

2. More efficient context use

DNABERT used fixed overlapping k-mers, so a 512-token input covered a fixed nucleotide span.
DNABERT-2 uses BPE tokens of variable length, so the nucleotide span depends on the sequence and
tokenization. In practice, this can cover several kilobases rather than a fixed 512 bp window, but it should
not be described as a universal 10 kb receptive field.

This captures: — More local regulatory context than fixed k—-mer tokenization — Multiple regulatory elements
in one sequence — Broader genomic context

3. Multi-species pre—training

DNABERT-2 trains on genomes from multiple species: — Human, mouse, rat, zebrafish, fruit fly, worm,
yeast

This helps the model learn: - Evolutionarily conserved patterns — Functional elements that persist across
species — Universal regulatory “grammar”

Performance improvements: — 21x faster training than DNABERT — Better accuracy on benchmark tasks
- More efficient fine—tuning
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Nucleotide Transformer: Scaling Up
Nucleotide Transformer (2023) takes a different approach: scale up model size and training data.

Architecture: — Reported model family scales up to billions of parameters — Trained on diverse genomes
across many species — Uses large—scale unlabeled DNA sequence for self-supervised learning

Key insight: Larger models trained on more diverse data capture more nuanced patterns.
Novel feature: Cross—species embeddings

Because it trains on many species, Nucleotide Transformer can: - Identify functionally equivalent se—
guences across species — Predict regulatory function in species with limited data — Find conserved ele-
ments that aren’t obvious from alignment

Example:
Human enhancer: ACGTAAGGCTAG. ..
Mouse ortholog: ACTTAAGGCCAG. .. (60% identity)

Zebrafish element: GCGTAAGGCTGC... (45% identity)

Nucleotide Transformer embeddings show these sequences are functionally similar
despite sequence divergence

LOGO: Language of Genomes in One
LOGO (2024) addresses a fundamental limitation: previous models treat all genomic regions equally.

The problem: - Promoters have different “grammar” than enhancers — Coding regions follow different
rules than non—-coding — Repetitive elements have unique patterns

LOGO'’s solution: Multi-task pre—training

During pre-training, LOGO simultaneously learns: 1. Masked language modeling (predict hidden nu-
cleotides) 2. Region type classification (promoter, enhancer, exon, etc.) 3. Chromatin state prediction
(active, repressed, etc.) 4. Conservation scoring

Architecture:

Input sequence - LOGO encoder

{
{ 4 4
MLM head Region head Chromatin head
{ 4 4

Predict k-mer Promoter? H3K27ac?

Advantages: - Single model learns multiple types of biological information — Embeddings are enriched
with regulatory annotations — Better transfer learning across tasks — More interpretable representations

13.4 GROVER: Learning a Genomic Vocabulary from Sequence
GROVER (Genome Rules Obtained Via Extracted Representations, 2024) takes yet another approach: in-

stead of starting from fixed k—-mers, it learns a frequency—balanced vocabulary for the human genome
using byte—pair encoding (BPE).
The Context Problem

Many previous models had a fixed token window: — DNABERT: 512 nucleotides - DNABERT-2: variable
nucleotide span because BPE tokens have variable length
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But biological context works at multiple scales: - Local (10-100bp): TF binding site patterns — Medium (1-
10kb): Promoter—proximal elements — Long-range (10-100kb): Enhancer-promoter loops — Chromosomal
(>1Mb): Topologically associated domains (TADs)

GROVER’s Sequence-Only Strategy

GROVER trains a BERT-style model on human genome sequence using a BPE vocabulary selected by
next—k—-mer prediction. The key idea is that a useful DNA vocabulary should not simply list every possible
6-mer; it should group common sequence patterns while still preserving informative rare patterns.

What the paper reports: — GROVER uses the human genome sequence as its pretraining source — The
selected BPE vocabulary has variable-length DNA tokens - Token embeddings encode sequence con-
tent, frequency, token length, and repeat-related patterns — Region—level embeddings relate to functional
genomic annotations after training

What GROVER does not do in its core pretraining setup: - It does not use Hi-C contact maps as a pre-
training signal — It should not be described as a direct 3D genome model — It does not by itself prove
enhancer—promoter physical interactions

Example application: Variant effect in 3D context

Variant at position X in enhancer
L
GROVER embedding of enhancer
4
Compare to embeddings of potential target promoters
4
Prioritize hypotheses about which regulatory grammar changed

To make this a 3D genome analysis, GROVER embeddings would need to be combined with external
chromatin—contact or perturbation data.

[Optional: The Math] ## Math Box: Attention Mechanisms in DNA Language Models

All modern DNA language models use attention mechanisms to weigh important context. Let’s
break down how this works.

Self-Attention for Sequence Context

Given a sequence of k-mer embeddings, attention computes how much each position should
“attend to” every other position.

Input: Sequence embeddings

Position: 1 2 3 4 5
K-mer: ACGT CGTA  GTAA TAAC  AACG
Embedding: e e e e e

For each position i, compute attention to every position j:
Step 1: Create Query, Key, Value matrices

Query = Wq x e
Key = Wk x e
Value = Wv x e

Step 2: Compute attention scores

score , = Query - Key / vd
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Where d is the embedding dimension (typically 768). Division by v d prevents scores from
getting too large.

Step 3: Apply softmax to get attention weights
attention , = exp(score,) / I exp(score, )

This normalizes attention across all positions (sums to 1).
Step 4: Weighted sum of values

output = ¥ attention, x Value

Biological interpretation: — High attention between positions suggests the model is using in—-
formation from both positions — Attention patterns can generate hypotheses about regulatory
interactions — Attention alone does not prove a functional or physical interaction

Example: Splice site prediction

For a sequence near a splice donor site:

Position: ...EXON | GT | INTRON...

Attention pattern shows:

- GT dinucleotide attends to upstream exonic sequence

- GT attends to downstream intronic elements
- Less attention to distant positions

This matches biological reality: splice site recognition depends on nearby exonic/intronic con-
text.

Multi-Head Attention
DNA language models use multiple attention heads (typically 12):

Head 1 might learn: TF binding motifs Head 2 might learn: GC content patterns
Head 3 might learn: Repeat structures Head 12 might learn: Conservation patterns

Each head can specialize in different types of patterns. The model combines all heads to get
a rich representation.

Mathematical formulation:
MultiHead(Q,K,V) = Concat(head , head, ..., head) x Wo

where head = Attention(QWq, KWk, VW v)

13.5 Comparing DNA Language Models

Let’s compare the major DNA language models:

Model Year Scale Training Data Context Key Feature
DNABERT 2021 BERT- Human genome fixed k—-mer Early DNA BERT
scale window model
DNABERT- 2023 117M Multi-species genomes  variable BPE Efficient BPE
2 reported span tokenization
Nucleotide  2023/2024 up to Many genomes across varies by Scaling and
Trans— billions of species checkpoint cross—species
former parame-— training
ters
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Model Year Scale Training Data Context Key Feature

LOGO 2024 model- Sequence plus task— Multi-task sequence
specific functional annotations dependent learning

GROVER 2024 12-layer Human genome BPE token Frequency-balanced
BERT- sequence window genomic vocabulary
style

Performance on Standard Tasks

There is no single leaderboard that ranks all DNA language models across all genomic tasks. Performance
depends on: - The downstream task (promoter detection, TF binding, variant effect prediction, splice site
prediction) — The benchmark split and species — Whether the model is used zero—shot, with probing, or
after fine—tuning — Whether task—specific experimental annotations are included

General trends: - DNA language models often outperform simple motif or conservation baselines after
task—specific fine—tuning — Larger and more diverse pretraining can help, but architecture and data quality
matter as much as parameter count - Multi—species training can improve generalization for some tasks —
Longer context helps only when the biological signal actually depends on distal sequence

Computational Requirements

Training these models from scratch is expensive:

Model type Pretraining cost Fine—tuning cost Inference cost
Small BERT-style  Moderate Low to moderate Low

DNA model

Efficient BPE Moderate Low to moderate Low

model

Billion—-parameter  Very high Moderate to high Moderate

model

Long—context High, especially for long Task—dependent Moderate to high
model windows

Good news: You don’t need to train from scratch! Pre—trained models are publicly available. You only pay
for fine—tuning on your specific task.

Storage requirements: — Pre-trained model weights: 500MB - 10GB - Fine-tuned checkpoint: 500MB -
10GB - Inference: Can run on single GPU (even laptop with smaller models)

13.6 Using DNA Language Models in Practice

Let’s walk through how you’d actually use these models for real biological questions.

Step 1: Choose Your Model

Decision tree:

Need maximum accuracy? — Nucleotide Transformer (but slower)
Need speed and efficiency? — DNABERT-2

Working with non—coding variants? — LOGO or GROVER

Limited computational resources? — DNABERT
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Multiple species analysis? — Nucleotide Transformer or DNABERT-2

Step 2: Prepare Your Sequences

DNA language models expect specific input formats:
# Example: Preparing sequences for DNABERT

from transformers import AutoTokenizer

# Load pre-trained tokentizer
tokenizer = AutoTokenizer.from_pretrained("zhihan1996/DNABERT-2-117M")

# Your sequence
sequence = "ACGTAACGGTACGTA"

# Tokentize
tokens = tokenizer(sequence, return_tensors="pt")
# Now ready for model input

Key considerations: — Sequence length: Must match model’s expected input (pad or truncate) — Tokeniza—
tion: Different models use different strategies (k-mer vs BPE) — Strands: Some models expect sequences
in a specific orientation

Step 3: Extract Embeddings or Make Predictions
Option A: Get embeddings for downstream analysis
from transformers import AutoModel

# Load pre-trained model
model = AutoModel.from_pretrained("zhihan1996/DNABERT-2-117M")

# Get embeddings
embeddings = model (**tokens).last_hidden_state

# Shape: [batch_stize, sequence_length, embedding dim/

# embedding_dim ts typically 768

Option B: Fine—tune for specific prediction

from transformers import AutoModelForSequenceClassification
# Load model with classification head

model = AutoModelForSequenceClassification.from_pretrained(

"zhihan1996/DNABERT-2-117M",
num_labels=2 # Binary classification

# Fine-tune on your labeled data
# (training loop code here)

# Make predictions on new sequences
predictions = model (**tokens)
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Step 4: Interpret Results

For embeddings: - High cosine similarity = functionally similar sequences - Cluster analysis reveals reg—
ulatory element types — Dimensionality reduction (t-SNE) visualizes patterns

For predictions: — Probability scores indicate confidence — Can compare reference vs alternate allele —
Attention weights show which parts of sequence are important

Case Study 13.1: Teaching Scenario — Prioritizing Noncoding Variants in Autism

Background: GWAS studies of autism spectrum disorder identified 102 genomic regions associated with
the condition. But each region contains dozens to hundreds of variants. Which ones are actually functional?

Important note: The workflow below is a teaching scenario showing how a DNA language model could be
used. The specific validation rates, allele frequencies, and variant sequence are illustrative unless replaced
with a primary study citation.

Approach:
Researchers used DNABERT-2 to prioritize candidate variants:

Step 1: Fine—tune on brain regulatory data — Downloaded ENCODE data for fetal brain (H3K27ac, ATAC-
seq) - Labeled sequences as “active enhancer” or “background” - Fine—tuned DNABERT-2 to predict
enhancer activity

Step 2: Predict variant effects — For each GWAS variant, create two sequences: — Reference allele se—
guence — Alternate allele sequence — Pass both through model - Calculate difference in predicted enhancer
probability

Step 3: Validate predictions — Top 50 variants selected for MPRA in neural progenitor cells - 38 of 50
showed significant regulatory activity (76% validation rate) - Random selection from GWAS: only 12%
validation rate

Key finding: One variant in an enhancer near CHDS8 (a known autism-associated gene):

Reference: ...ACGTAACG[G]TACGTA... (predicted: 0.82 active enhancer)
Alternate: ...ACGTAACG[A]JTACGTA... (predicted: 0.23 active enhancer)

This single nucleotide change disrupts a predicted CTCF binding site, reducing enhancer activity by 60%
in MPRA validation.

Clinical significance: In a real study, this final step would require independent genetic association, segre-
gation or de novo evidence where appropriate, phenotype matching, and functional validation. DNABERT-
2-style prioritization can nominate candidates, but it cannot establish clinical causality on its own.

Case Study 13.2: Pan—-Species Regulatory Element Discovery

Background: Many species lack extensive epigenomic data. Can we use language models trained on
well-studied species to predict regulatory elements in unstudied species?

Approach:

Researchers can use Nucleotide Transformer-style embeddings to predict regulatory elements across
species with limited annotations:

Step 1: Train on multi-species data — Human, mouse, and many other species — No specific regulatory
annotations — Just masked language modeling on raw sequences

Step 2: Test on species with limited data — Zebrafish: Only 500 enhancers experimentally validated —
Chicken: Only 300 promoters characterized — Frog: Very limited functional data
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Step 3: Make predictions — Extract embeddings for candidate regions — Cluster embeddings from different
species — Sequences that cluster with known human enhancers — predicted enhancers

lllustrative results:

Zebrafish predictions: — 1,200 novel enhancer predictions — Validated 150 random subset in transgenic
assays — 82% showed enhancer activity (vs 45% for conservation—based predictions)

Cross—species conservation without alignment:

Human enhancer: ACGTAAGGCT. ..
Mouse ortholog: ACTTAAGGCC. .. (65% identity)
Zebrafish prediction: GCGTAAGGCA... (52} identity, no detectable alignment)

A1l three have similar Nucleotide Transformer embeddings
-+ Functionally equivalent despite sequence divergence

Impact: This approach illustrates why multi-species pretraining is useful: embeddings can nominate
candidate regulatory elements in species where epigenomic assays are sparse. Actual discovery claims
should cite the specific benchmark or experimental validation study.

13.7 Limitations and Challenges

Despite impressive performance, DNA language models have important limitations.

Challenge 1: Context Length Limitations

Most models still can’t capture very long-range interactions: - Enhancers can be 1Mb away from target
genes — TADs span megabases — Some regulatory effects depend on entire chromosomal context

Current limits: — DNABERT: fixed k-mer windows - DNABERT-2: variable BPE spans, often several
kilobases depending on sequence — GROVER: BPE token windows learned from human genome sequence,
not a direct 100 kb 3D-context model — Long—-context models such as HyenaDNA and Caduceus are
needed for megabase-scale sequence windows

Biological reality: — Many enhancer—promoter loops: »100kb — Some regulatory interactions: »1Mb

Challenge 2: Cell Type Specificity

DNA language models learn from DNA sequence alone (mostly). But: — Same sequence has different
function in different cell types — Regulatory activity depends on which TFs are expressed — Chromatin
state varies by developmental stage

Example:

Sequence X in embryonic stem cells: Active enhancer

Same sequence in liver cells: Inactive/repressed

DNA language model only sees sequence - Can't distinguish

Partial solutions: — LOGO incorporates chromatin state annotations — Combine sequence models with ex—
ternal Hi-C, ATAC-seq, ChIP-seq, MPRA, or perturbation data — But still limited compared to experimental
data

Challenge 3: Structural Variants

Current models work well for SNVs (single nucleotide variants) but struggle with: - Insertions/deletions
»10bp - Inversions — Duplications
- Translocations
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Why? - Models trained on reference genome - Structural variants change sequence context dramatically
- Hard to tokenize sequences with large indels

Challenge 4: Interpretation

DNA language models are still “black boxes”: — Why does changing A—G reduce enhancer activity? -
Which transcription factors are affected? — What's the mechanism?

Attention visualization helps but is limited:

High attention between positions 45 and 67
-+ But what does this mean biologically?

-+ Which proteins bind there?

-+ How does this affect gene expression?

Challenge 5: Training Data Bias

Models learn patterns from training data: — Mostly human reference genome - Over-represented: Well-
studied genes, disease—associated regions — Under-represented: Repetitive regions, heterochromatin,
rare cell types

Consequence: - Predictions may be better for well-studied regions — Novel regulatory mechanisms may
be missed - Population diversity not fully captured

13.8 Future Directions
Where are DNA language models heading?

1. Longer Context Windows

Approaches in development: - Sparse attention (only attend to subset of positions) — Hierarchical and
long—context architectures - Memory—augmented transformers

Goal: Handle entire chromosomes (100+ million bp) in single model

2. Multi-Modal Integration

Combining DNA sequence with other data: — Sequence + chromatin state — Better cell-type predictions
- Sequence + 3D structure — Accurate enhancer—promoter links — Sequence + gene expression — Causal
variant identification — Sequence + protein binding — Mechanistic understanding

Example architecture:

DNA sequence -+ Language model - Embeddings
4

H3K27ac signal -+ CNN - Embeddings - Fusion - Prediction
T

ATAC-seq data + CNN -+ Embeddings -

3. Foundation Models for Genomics

Building truly general-purpose models: - Pre—train on all available genomic data (sequence + annotations)
- Single model for all downstream tasks — Zero-shot learning for new cell types/species — Few-shot
learning with minimal fine—tuning

This is the approach of recent models like: — Enformer (sequence + epigenomics) — Evo (7B parameters,
130kb context) - HyenaDNA (discussed in Chapter 14)
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4. Evolutionary Understanding

Models that explicitly learn evolutionary constraints: — Train on multiple sequence alignments - Learn
which changes are tolerated vs deleterious — Predict fitness effects of variants — Understand compensatory
mutations

b. Generative Models

Current models are discriminative (classify/predict). Future models may be generative: — Design new
regulatory elements — Optimize sequences for desired function — Generate synthetic promoters/enhancers
- Create variants with predicted effects

Potential application:

Input: "Design an enhancer active in T cells but not B cells"
Model generates: Novel sequence meeting these criteria
Validate in MPRA

Summary
Key Takeaways:

* DNA sequences can be treated as a language, with k-mers as “words” and regulatory elements as
“grammar”

* BERT-style masked language modeling successfully learns regulatory patterns from genomic se-
quences without explicit labels

« K-mer tokenization (3-mers to 6-mers) captures biologically relevant motifs while keeping vocabu-
lary manageable

* Pre—training on large genomic datasets creates embeddings that capture regulatory context, pro-
moter identity, splice sites, and conservation patterns

« DNABERT (2021) pioneered DNA language models; DNABERT-2 improved efficiency with BPE tok-
enization and multi-species training

* Nucleotide Transformer scaled DNA language modeling to very large, multi—species training corpora
for cross—species regulatory element discovery

» LOGO uses multi-task learning to integrate sequence and functional annotations; GROVER learns a
frequency—-balanced genomic vocabulary from sequence

« Fine-tuning pre—trained models requires relatively little task—specific data (hundreds to thousands
of examples vs millions for training from scratch)

* DNA language models consistently outperform traditional conservation and motif-based methods
for variant effect prediction

* Major limitations include context length constraints, cell-type specificity, structural variant handling,
and mechanistic interpretability

* Future directions include longer context windows, multi-modal integration, and generative models
for sequence design

O Key Terms

Term Definition

Attention mechanism Method for the model to weight important sequence context,
computing how much each position should “attend to” every
other position

BERT (Bidirectional Encoder Model architecture that processes sequences in both directions

Representations from Transformers) simultaneously

Byte Pair Encoding (BPE) Tokenization method that learns optimal “words” from data based

on frequency
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Term Definition

Context window Maximum input span a model can process at once; depending on
tokenization, this may be measured in tokens rather than directly
in base pairs

Embedding Numerical vector representation of a sequence that captures its
biological properties

Fine—tuning Adapting a pre—trained model to a specific task with limited
task—specific data

Foundation model Large pre—trained model that can be adapted to many
downstream tasks

K-mer Sequence of k consecutive nucleotides used as a token (e.g.,

6—-mer = ACGTAA)

Masked language modeling (MLM)  Training objective where the model predicts randomly hidden

tokens from surrounding context

Multi-head attention Using multiple attention mechanisms in parallel, each learning
different types of patterns

Pre—training Training a model on large unlabeled datasets to learn general
patterns before fine—tuning

Self-attention Mechanism allowing each position in a sequence to attend to all
other positions

Tokenization Converting raw DNA sequence into discrete units (tokens) for
model input

Transfer learning Using knowledge learned from one task (pre—training) to improve

performance on another task (fine—tuning)

Zero—shot learning Making predictions on new tasks without any task-specific

training examples

Conceptual Questions

1.

Why is k-mer tokenization more appropriate for DNA than single—nucleotide tokenization? What
biological properties make k-mers useful units?

. DNABERT learns that promoter sequences cluster together (have similar embeddings) without being

explicitly told which sequences are promoters. Explain how masked language modeling enables this
unsupervised learning of biological function.

. Compare the trade-offs between DNABERT (smaller, human—genome-focused model) and Nu-

cleotide Transformer (larger, multi-species model family). In what scenarios would you choose each?

A researcher wants to predict the effect of a variant in an enhancer 500kb from its target gene.
Which DNA language model(s) from this chapter would be most appropriate, and why? What are
the limitations?

Explain why DNA language models generally outperform conservation—based methods (like GERP++)
for variant effect prediction, even though conservation scores use evolutionary information across
species.

. If you fine-tune DNABERT on enhancer data from liver cells, can you use it to predict enhancers in

brain cells? Why or why not? What additional information would help?

Attention weights in DNA language models often show high attention between positions that are far
apart in sequence. What biological interactions might this represent? Give specific examples.

. LOGO uses multi—task pre—training (masked language modeling + region classification + chromatin

state prediction). Why does learning multiple tasks simultaneously improve performance compared
to learning each task separately?
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Discussion Questions

1. Ethical considerations: DNA language models can predict regulatory effects of variants, but these
predictions aren’t perfect. How should we handle cases where a model predicts high functional
impact for a variant, but clinical geneticists are uncertain? Who should make the final decision about
variant interpretation?

2. Data representation: These models are trained primarily on human reference genomes and
well-studied populations. How might this bias affect predictions for variants common in under-
represented populations? What steps could be taken to address this?

3. Mechanistic understanding vs. prediction accuracy: DNA language models can achieve high accuracy
without explaining how a variant causes its effect. Is this acceptable for clinical use? When is
mechanistic understanding essential vs. when is accurate prediction sufficient?

4. Resource allocation: Training large DNA language models can require substantial GPU infrastructure
and engineering time. Is this a good use of research funding compared to funding experimental
validation studies? How should the field balance computational vs. experimental approaches?

5. Generalization limits: Current models work well for SNVs in regulatory regions but struggle with
structural variants and coding sequences. Should we develop specialized models for each variant
type and genomic context, or pursue a single “universal” model? What are the trade—offs?

Further Reading
Foundational Papers

DNABERT (2021) Ji, Y., Zhou, Z., Liu, H., & Davuluri, R. V. (2021). DNABERT: pre-trained Bidirectional
Encoder Representations from Transformers model for DNA-language in genome. Bioinformatics, 37(15),
2112-2120. - Original DNA language model paper - Introduces k—-mer tokenization for genomics — Shows
pre—training + fine—tuning paradigm works for DNA

Nucleotide Transformer (2023) Dalla-Torre, H., Gonzalez, L., Mendoza—-Revilla, J., et al. (2024). The Nu-
cleotide Transformer: building and evaluating robust foundation models for human genomics. Nature
Methods. - Massive multi-species model — Demonstrates value of scale — Cross—species regulatory
element prediction

DNABERT-2 (2023) Zhou, Z., Ji, Y., Li, W., et al. (2023). DNABERT-2: Efficient Foundation Model and
Benchmark for Multi-Species Genome. arXiv preprint. — Improves efficiency with BPE tokenization -
Multi-species pre—training - More efficient tokenization and benchmarking

GROVER (2024) Sanabria, M., Hirsch, J., Joubert, P. M., et al. (2024). DNA language model GROVER
learns sequence context in the human genome. Nature Machine Intelligence. - Uses BPE to learn a
genomic vocabulary — Shows that sequence-only pretraining captures token and region-level structure

Recent Reviews

DNA Language Models for Variant Effects (2023) Benegas, G., Batra, S. S., & Song, Y. S. (2023). DNA
language models are powerful predictors of genome-wide variant effects. PNAS, 120(44), €2311219120.
- Demonstrates genome-wide variant—effect prediction with sequence language models — Useful for un—
derstanding zero-shot scoring

Language Models for Biological Research (2024) Simon, E., Swanson, K., & Zou, J. (2024). Language
models for biological research: a primer. Nature Methods, 21, 1422-1429. - Broader view of language
models in biology — Covers adaptation strategies and limitations
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Online Resources

Hugging Face Model Hub - Genomics Models https://huggingface.co/models?pipeline_tag=feature-
extraction&search=dna - Pre-trained DNA language models — Easy-to-use interfaces -— Community
contributions

Nucleotide Transformer GitHub https://github.com/instadeepai/nucleotide—transformer — Code and pre-
trained weights — Tutorials and examples — Multi-species applications

DNABERT Documentation https://github.com/jerryji1993/DNABERT - Original DNABERT code - Fine-
tuning examples - Benchmark datasets

Textbook Chapters

Deep Learning for Life Sciences Ramsundar, B., Eastman, P., Walters, P., & Pande, V. (2019). Chapter 8:
Language Models. In Deep Learning for the Life Sciences. O’Reilly Media.

Biological Sequence Analysis Durbin, R., Eddy, S. R., Krogh, A., & Mitchison, G. (1998). Biological Se-
guence Analysis: Probabilistic Models of Proteins and Nucleic Acids. Cambridge University Press. — Clas—
sic text on sequence models - Mathematical foundations — HMMs vs. modern approaches

What's Next?

In Chapter 14: Next—Generation DNA Models, we’ll explore even more advanced architectures that push
beyond the transformer paradigm:

* HyenaDNA: Long—convolution architecture for million—nucleotide contexts
* Mamba: State space models for efficient long-range dependencies
* Caduceus: Bidirectional state space models specifically for DNA

These models address key limitations of current transformers: - [0 Context windows up to 1 million base
pairs — [ More efficient training and inference — [] Better capture of long-range regulatory interactions

Prerequisites for Chapter 14: - [ ] Understand transformer self-attention (Chapter 10) — [ ] Familiar with
DNA language model applications (this chapter) - [ ] Comfortable with trade-offs between model com-
plexity and performance - [ ] Basic understanding of computational complexity (quadratic vs. linear)

Coming up: We’ll see how alternative architectures can capture chromosome-scale context while remain—
ing computationally tractable—opening new possibilities for understanding long-range gene regulation
and structural variant effects.

[Continue to Chapter 14: Next-Generation DNA Models —]

This chapter is part of “Al for Biologists: From Genomic Variants to Cellular Models”
Licensed under CC BY-NC-SA 4.0

Chapter 14: Next—Generation DNA Models

Interactive: Chapter 14

Start with a single nucleotide — an A at one position in the genome. Now zoom out to 100 bases: you
see a transcription factor binding motif. Zoom to 1,000: an exon boundary with splice signals. Zoom to
10,000: a complete gene with its promoter. Zoom to 100,000: an entire regulatory domain with enhancers,
insulators, and their target genes interacting across vast distances. Zoom to 1,000,000: a topologically
associating domain where the 3D folding of chromatin determines which enhancers can reach which
promoters. At every scale, new biology emerges. The genome is not a flat string of letters — it is a deeply
hierarchical document, and understanding it requires reading at multiple resolutions simultaneously.
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But until recently, most Al models could only see a few hundred to a few thousand bases at a time —
like trying to understand a city by looking through a keyhole. The transformer models from the previous
chapter are powerful, but they carry a fundamental computational burden: their attention mechanism has
guadratic complexity. Double the sequence length and the computation quadruples. Increase it tenfold
and the computation increases a hundredfold. At 1 million base pairs, the attention matrix alone would
require a terabyte of GPU memory. The biology demands scale. The architecture forbids it.

This collision between biological necessity and computational constraint has driven a new wave of archi—-
tectural innovation. Researchers have asked: what if we could capture long—range dependencies without
computing all pairwise attention? What if the architecture scaled linearly with sequence length instead
of quadratically? The answer has come from an unlikely direction — state space models and convolution
operators originally developed for signal processing, now repurposed to read DNA at scales transformers
cannot reach.

This chapter is about models that finally open the door: HyenaDNA, Mamba, and Caduceus. They rep—
resent not just engineering improvements but a genuine expansion in what questions genomics Al can
ask.

The Biological Challenge

The human genome contains regulatory elements that operate across vast genomic distances. Enhancers
can regulate genes located hundreds of thousands of base pairs away. Topologically associating domains
(TADs) span megabase—-scale regions. Structural variants can affect expression of genes located far from
the breakpoint. Understanding these long-range interactions requires analyzing DNA sequences at scales
that were previously computationally prohibitive.

Standard Transformer models face a fundamental limitation: their attention mechanism has quadratic
complexity—the computational cost scales with the square of the sequence length. This means:

» 10,000 bp sequence: 100 million attention computations
+ 100,000 bp sequence: 10 billion attention computations (100x increase)
* 1,000,000 bp sequence: 1 trillion attention computations (10,000x increase)

This quadratic scaling creates practical barriers: — Memory requirements: A 1 million bp sequence requires
1TB of GPU memory just for attention — Training time: Models become too slow to train on long sequences
- Inference cost: Analyzing genome-wide variants becomes economically infeasible — Limited context:
Models can only “see” a few thousand bases at once

Traditional solutions involve breaking long sequences into short chunks and losing long-range information.
But what if we could design architectures that scale linearly with sequence length while maintaining the
ability to capture long-range dependencies?

This chapter explores next—generation DNA models that overcome the quadratic complexity barrier: Hye—
naDNA (using convolution—-based operators), Mamba (using state space models), and Caduceus (bidi-
rectional Mamba for DNA). These models represent a fundamental shift in how we approach genomic
sequence analysis.

Learning Objectives

After completing this chapter, you will be able to:

O Explain why Transformer models have quadratic complexity and how this limits genomic analysis
O Describe the key architectural innovations that enable linear-time sequence modeling

O Compare the tradeoffs between attention—based and state space—based models for DNA

O Understand how convolutional operators can approximate attention at lower computational cost
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O Apply long—context DNA models to analyze regulatory variants and structural variation
O Evaluate when to use Transformer models versus next—generation architectures
O Interpret results from models that analyze sequences at megabase scale

14.1 The Quadratic Complexity Problem
Understanding Attention Complexity

Let’s make the computational challenge concrete. In a Transformer, every position in the sequence attends
to every other position. For a sequence of length L:

* Number of attention pairs: L x L = L.
- Each attention computation: Involves vector operations (dot products, softmax)
« Total complexity: O(L?) for attention mechanism

Let’s calculate what this means for real genomic sequences:

Example: BRCA1 gene region (100,000 bp) - Attention pairs: 100,000? = 10,000,000,000 (10 billion) -
Memory for attention matrix: ~400 GB (using float32) — This exceeds typical GPU memory (16-80 GB)

Example: Chromosome 21 (46 million bp) — Attention pairs: 46,000,0002 (] 2 x 10 (2 quadrillion) = Mem-
ory required: ~8 petabytes — Clearly impossible on current hardware

Why Can’t We Just Use Short Sequences?

You might ask: why not analyze DNA in short chunks? This approach has several limitations:

1. Lost long-range interactions: Enhancers regulating distant genes are missed

2. Structural variant context: Large deletions or duplications span boundaries

3. Haplotype information: Phasing requires analyzing linked variants across distances
4. TAD structure: Topologically associating domains require chromosome—scale context
5. Splicing patterns: Alternative splicing depends on distant regulatory signals

Consider this real example: The IRF6 gene (associated with cleft lip/palate) has an enhancer located
200,000 bp away. Variants in this enhancer affect gene expression, but analyzing gene and enhancer
separately misses their functional relationship.

Previous Attempts at Solutions

Before next—generation models, researchers tried several approaches:

Sparse Attention (e.g., Longformer, BigBird) — Only attend to nearby positions and a few global positions
- Problem: May miss important long—range interactions — Still has significant memory requirements

Sliding Windows — Analyze DNA in overlapping chunks — Problem: Arbitrary boundaries, no true long-range
integration — Post—hoc merging of predictions is challenging

Hierarchical Models - First encode local regions, then attend over region summaries — Problem: Local
encoding may lose important details — Still limited in maximum context

None of these approaches fundamentally solved the quadratic complexity problem while maintaining full
access to long-range sequence information.
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14.2 HyenaDNA: Convolution—-Based Long—Range Modeling
The Core Innovation

Biological Analogy (HyenaDNA long context): Instead of reading in short 512 bp windows, the
entire genomic locus (100 kb) can be read at once — distant enhancer-promoter relationships
are not missed.

HyenaDNA replaces the attention mechanism with a convolutional operator that can be computed ef-
ficiently using the Fast Fourier Transform (FFT). The key insight: convolutions can capture long-range
dependencies through their filter design, and FFT makes them computationally efficient.

The model uses what the authors call the Hyena operator, which combines: 1. Data-dependent gating (like
attention’s value mechanism) 2. Long convolution filters (capturing long-range patterns) 3. FFT-based
computation (achieving linear complexity)

Complexity comparison: - Standard Attention: O(L? - HyenaDNA: O(L log L)

For L = 1,000,000, this means: — Attention: ~1 trillion operations = HyenaDNA: ~20 million operations
(50,000x fewerl)

Architecture Details
The Hyena operator works in three steps:

Step 1: Projection Input sequence X — Three parallel projections (similar to Q, K, V in attention): — Query
projection: X_g — Key projection: X_k
- Value projection: X_v

Step 2: Long Convolution Instead of attention scores, use learned convolutional filters: - Filters can have
length up to 1 million positions — Can in principle capture sequence patterns separated by hundreds of
kilobases — Computed efficiently using FFT

Step 3: Gating Combine projections with element-wise operations: — Output = X_v ® Conv(X_k) ® X_q -
® denotes element-wise multiplication — This provides data—dependent mixing like attention

Training HyenaDNA

HyenaDNA was pretrained on the human reference genome using: - Context length: up to 1 million to—
kens/base positions in the long—context setting — Training objective: nucleotide-level language modeling
rather than BERT-style 6-mer masked—token prediction — Tokenization: single—nucleotide resolution, pre—
serving SNP-level changes — Model sizes: multiple checkpoints, from small models to larger long—context
variants

The key advantage: training on megabase—scale sequences allows the model to learn truly long-range
genomic patterns.

What HyenaDNA Learned

Analysis of the trained model and downstream tasks suggests it can capture sequence patterns across
much longer windows than standard attention models:

Long-range sequence context: — regulatory motifs separated by long distances - repetitive—element
structure across large regions — sequence composition and motif organization at scales beyond typical
transformer windows

Regulatory element interactions: - candidate enhancer—promoter pairs separated by long genomic dis—
tances — CTCF binding site relationships — Locus control regions and gene clusters
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Repetitive element patterns: — Long interspersed nuclear elements (LINEs) - Short interspersed nuclear
elements (SINEs) — Tandem repeat organization

[Optional: The Math] ## Math Box: FFT and Convolution
Why FFT Makes Convolution Fast

A convolution between sequence X (length L) and filter H (length K) requires: - Direct compu-
tation: O(L x K) operations — FFT-based computation: O(L log L + K log K)

For long filters (K (1 L), the FFT approach is dramatically faster.
The Convolution Theorem: Convolution in time domain = Multiplication in frequency domain
Conv(X, H) = IFFT(FFT(X) FFT(H))

Where: - FFT: Fast Fourier Transform (O(L log L)) - ®: Element-wise multiplication (O(L)) -
IFFT: Inverse FFT (O(L log L))

Total complexity: O(L log L) instead of O(L?

For genomic sequences: - L = 1,000,000 bp - Direct convolution: 1 trillion operations = FFT
convolution: 20 million operations

Biological interpretation: This is like analyzing all possible enhancer—promoter pairs simultane—
ously, but at a fraction of the computational cost of checking each pair individually.

14.3 State Space Models: Mamba and S4
Introduction to State Space Models

State space models (SSMs) represent a different approach to sequence modeling, inspired by control
theory. Instead of attention or convolution, they maintain a hidden state that evolves as it processes the
sequence.

Key concept: At each position, the model: 1. Updates its hidden state based on previous state and current
input 2. Produces an output based on the hidden state 3. The state can “remember” information from
distant positions

Think of it like a cell integrating signals over time: - The cell's current state depends on all previous signals
- But it doesn’t need to store every past signal explicitly — It maintains a compressed representation of
history

The S4 Model

The Structured State Space (S4) model introduced efficient parameterization of state space models. The
core equations:

h(t+1) = A x h(t) + B x x(t) # State update
y(t) = C x h(t) # Output

Where: - h(t): Hidden state at position t — x(t): Input at position t — y(t): Output at position t — A, B, C:
Learned parameter matrices

Key innovation: S4 uses structured matrices (HiPPO initialization) that make the model stable for very long
sequences.

Complexity: O(L) for sequence length L
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Mamba: Selective State Space Models

Biological Analogy (Mamba / state space models): Like simultaneously holding short-term and
long—term memory while reading a genome — processed efficiently without the computational
cost of attention.

Mamba improves upon S4 by making the state space parameters data—dependent. Instead of fixed A, B,
C matrices, Mamba computes them based on the input:

B(t) = Linear_B(x(t)) # Input-dependent
C(t) = Linear_C(x(t)) # Input-dependent
A(t) = Softplus(Linear_A(x(t))) # Input-dependent discretization

Why this matters for DNA: - Model can selectively remember important features (like TFBS) — Can ignore
repetitive or uninformative regions — Adapts its processing to sequence content

Think of it like a researcher scanning a chromosome: - Slow down and pay attention at regulatory regions
- Quickly skip through repetitive elements — Adjust memory capacity based on information density

Mamba’s Computational Advantages
Mamba achieves linear complexity while maintaining long—range capability:

1. Memory efficiency: No attention matrix needed

2. Fast inference: Single sequential pass through sequence
3. Long context: Can process 1M+ bp sequences

4. Parallel training: Uses efficient parallel scan algorithms

Compared to Transformers: — Speed: 5x faster inference — Memory: 10x less GPU memory — Context:
100x longer sequences

14.4 Caduceus: Bidirectional Mamba for DNA
The Directionality Problem

Both strands of DNA are biologically meaningful: — Forward strand: 5’ to 3’ - Reverse strand: 3’ to 5
(reverse complement)

Transcription factor binding sites can appear on either strand. Genes can be encoded on either strand.
Regulatory elements work regardless of orientation.

Problem: Standard Mamba processes sequences in one direction (left to right). This creates an asymmetry
that doesn’t reflect biological reality.

Caduceus Architecture

Caduceus solves this by using bidirectional Mamba layers:

Approach 1: RC-Augmentation — Process sequence in forward direction — Also process reverse comple—
ment — Average or concatenate the two representations

Approach 2: BiMamba Layers — Simultaneously process in both directions — Mix information from both
directions at each layer — More parameter—efficient than separate models

The BiMamba block:

# Forward pass
h_fwd = Mamba(x, direction='forward')
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# Reverse pass
h_rev = Mamba(x, direction='reverse')

# Mix
output = h_fwd + h_rev # or learnable combination

Caduceus Training

Caduceus uses a family of bidirectional and reverse—complement-aware MambaDNA blocks. Reported
checkpoints vary in size and context length, so the safest description is architectural rather than a single
fixed recipe: - Architecture: bidirectional Mamba-style blocks with reverse-complement equivariance in
the DNA-specific variants — Context length: designed for long-range DNA sequence modeling — Objective:
sequence language modeling and downstream fine—tuning - Key design goal: treat forward and reverse—
complement DNA consistently

Performance Comparison

On genomic benchmarks, Caduceus-—style models are designed to test whether bidirectionality and
reverse—complement equivariance improve long-range DNA modeling. Reported gains are benchmark-
dependent, so use the points below as qualitative expectations:

Regulatory element prediction: — Can match or exceed transformer baselines on some tasks — Can use
longer contexts with lower memory pressure than full attention - Is especially relevant when strand sym-—
metry matters

Variant effect prediction: — Can be applied to promoter and regulatory variants — Can test whether distal
sequence context improves variant—effect prediction — Still requires task—specific validation

Downstream fine—tuning: — Potentially cheaper than full-attention transformers for long windows — Useful
for comparing architecture choices on the same genomic benchmark — Requires careful train/test splits
to avoid sequence leakage

14.5 Comparing Next—Generation Models
HyenaDNA vs Mamba vs Caduceus

Let’s compare the three architectures:

Feature HyenaDNA Mamba Caduceus

Core mechanism Long convolution State space model Bidirectional SSM
Complexity O(L log L) o) o)

Max context 1™ bp 1M+ bp 1™ bp

Directionality Bidirectional (conv) Unidirectional Explicitly bidirectional
Training speed Fast Very fast Very fast

Inference speed Very fast Very fast Very fast

Memory usage Low Very low Very low

When to Use Each Model

HyenaDNA: — Best for: Analyzing repeated patterns across long distances — Advantages: FFT efficiency,
interpretable filters — Use cases: Repetitive element analysis, chromatin domains

Mamba: - Best for: Fast inference on very long sequences - Advantages: Truly linear complexity, lowest
memory — Use cases: Genome-wide scanning, real-time analysis
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Caduceus: - Best for: Tasks requiring strand symmetry — Advantages: Explicit bidirectionality, strong
performance — Use cases: TFBS prediction, splicing analysis, general genomics

Still use Transformers when: - Context length { 10,000 bp (quadratic complexity manageable) - Need
interpretable attention weights — Task benefits from explicit pairwise comparisons — Have existing Trans—
former infrastructure

14.6 Long—Context Applications
Application 1: Structural Variant Analysis

Structural variants (SVs) like large deletions, duplications, and inversions affect genomic regions spanning
thousands to millions of base pairs. Traditional short-read sequencing struggles with SVs, and traditional
models can’t analyze their full context.

Case example: Analyzing a 500 kb deletion

Using Caduceus with TM bp context: 1. Encode sequence with deletion and flanking regions 2. Model
captures: — Disrupted TAD boundaries — Lost enhancer—promoter contacts — Affected gene expression
patterns — Compensatory regulatory changes

This enables: - Predicting phenotypic impact of SVs - Identifying pathogenic deletions — Understanding
dosage sensitivity — Prioritizing SVs for experimental validation

Application 2: Enhancer—-Promoter Prediction

Many regulatory variants lie in enhancers located 100-500 kb from their target genes. Long—context
models can analyze enhancer and promoter simultaneously.

Example workflow: 1. Input: 200 kb region containing enhancer and gene 2. Model identifies: — Enhancer
boundaries — Promoter location — CTCF insulator positions — Chromatin looping probability 3. Variant effect
prediction: - Test variant in enhancer — Predict change in gene expression — Account for 3D genomic
context

Real example: The BCL11A enhancer (controlling fetal hemoglobin) is 62 kb from the gene. Variants in
this enhancer affect hemoglobin levels in sickle cell disorder. Long-context models can directly model
this regulatory relationship.

Application 3: Haplotype Analysis

Haplotypes—the specific combination of variants inherited together—matter for complex traits. Analyzing
haplotype structure requires looking at variants across 100s of kb.

Using HyenaDNA for haplotype analysis: 1. Input: Personal genome sequence spanning 500 kb 2. Model
identifies: — Haplotype blocks (regions of linkage) — Recombination hotspots — Compound heterozygous
combinations 3. Applications: — Pharmacogenomics (drug response haplotypes) — Risk prediction (com-
bined variant effects) — Evolutionary history

Application 4: Locus—Wide Association

Genome-wide association studies (GWAS) identify variants associated with traits. But the causal variant
often differs from the detected variant due to linkage disequilibrium (LD). Long—context models can analyze
entire associated loci.

Approach: 1. Input: 1 Mb region around GWAS signal 2. Model evaluates: - Every variant’s functional
impact — Regulatory context — Gene targets — Epistatic interactions 3. Output: Prioritized causal variant
list
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Example: The FTO locus associated with obesity spans 500 kb. The causal mechanism involves an en—
hancer regulating IRX3 and IRX5, not FTO itself. Long—context analysis identified this distant regulatory
relationship.

Teaching Scenario: Analyzing Noncoding Variants in Neurodevelopmental Disorders

Background: Dr. Martinez’'s team studies autism spectrum disorder (ASD) and has whole-genome se-
guencing data from affected individuals and unaffected controls. Previous analyses focused on coding
variants, but ~98% of the genome is noncoding. Many noncoding variants with functional impact may be
missed due to limited analytical context.

Research Question: Can long—context models identify noncoding variants affecting neurodevelopment by
analyzing regulatory regions in their full genomic context?

Approach: 1. Data preparation: — Extracted all rare noncoding variants (MAF ¢ 0.1%) - Identified 125,000
candidate regulatory variants — For each variant, extracted 500 kb genomic context

2. Model application (using Caduceus):
* Analyzed each variant in 500 kb context window
* Predicted impact on:
— Nearby gene expression
— Chromatin accessibility
— Transcription factor binding
— Long-range regulatory interactions
3. Prioritization:
» Ranked variants by predicted functional impact
» Considered gene targets expressed in brain
 Evaluated enrichment in ASD cases vs. controls

lllustrative results: - Identified 47 high—confidence noncoding variants enriched in ASD cases — 23 variants
located in enhancers »100 kb from target genes — Would have been missed by standard 5-10 kb context
windows - Top hit: Enhancer 380 kb from SHANKS gene

Example validation plan: Selected top 10 variants for CRISPR—based validation: — Created deletions of
enhancer regions in neural progenitor cells - Measured target gene expression changes - 7/10 showed
significant expression changes (70% validation rate) — Much higher than previous noncoding validation
rates (20-30%)

Biological insight in the teaching scenario: The SHANK3 enhancer variant disrupts a binding site for MEF2C,
a transcription factor crucial for synapse development. The variant reduces SHANK3 expression by 40%
in neurons. This mechanism was only discoverable by analyzing the enhancer in its full chromosomal
context.

Impact: — Long—context models enable noncoding variant interpretation — Identifying distant regulatory re—
lationships requires 100 kb context — Provides new therapeutic targets (MEF2C pathway) — Demonstrates
importance of analyzing full genomic context

Reference note: This case study is a hypothetical synthesis based on principles from: — Morrow et
al. (2021) “Noncoding variants in neurodevelopmental disorders” (hypothetical synthesis) - Real SHANK3
biology from Leblond et al. (2014) Nature Genetics

Teaching Scenario: Predicting Chromatin Structure at Megabase Scale

Background: Chromatin is organized into topologically associating domains (TADs)—megabase—-scale re-
gions where DNA interactions are enriched. TAD boundaries are marked by CTCF binding sites and often
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disrupted in cancer. However, predicting TAD structure from sequence alone has been challenging be-
cause TADs span 0.5-2 Mb.

Research Question: Can a long—context sequence model be paired with a contact-prediction head to
predict TAD boundaries and chromatin compartments from megabase—-scale regions?

Approach: 1. Training data: - Hi-C contact maps from 30 cell types (ENCODE) - Shows which genomic
regions physically interact — Resolution: 10 kb bins across genome

2. Model training:
* Input: 1 Mb DNA sequence
* Output: Predicted contact probability for all pairs
» Architecture: long—context sequence encoder with contact prediction head
* Loss: Mean squared error on contact frequencies
3. Validation:
» Tested on held—out cell types
» Compared to experimental Hi-C
* Measured TAD boundary prediction accuracy

lllustrative results: - Achieved 0.82 correlation with experimental Hi—-C — Correctly identified 76% of TAD
boundaries - Predicted tissue—specific chromatin organization - |dentified CTCF sites critical for TAD for—
mation

Variant Effect Prediction: Applied model to analyze structural variants: - 500 kb deletion removes TAD
boundary — fusion of adjacent TADs - Predicts abnormal enhancer—promoter contacts - Validated in cancer
genomes with known rearrangements

Biological Insights: 1. TAD boundaries enriched for: — Convergent CTCF motifs — Housekeeping genes -
GC-rich sequences 2. Cell-type—specific TADs driven by: — Tissue—specific enhancers - Variable CTCF
binding strength — Cohesin recruitment sites

Clinical Relevance: - Predicted impact of structural variants on 3D genome - Identified variants disrupting
TAD boundaries in developmental disorders — Enables interpretation of noncoding SVs

Limitations: — Requires training on expensive Hi—C data — Cell-type specificity not fully captured — Some
long-range interactions still missed

Reference note: This scenario is inspired by approaches from: — Schwessinger et al. (2020) Nat Commun
- “DeepC predicts chromatin interactions” - Zhou et al. (2022) Nat Methods - “Deep learning predicts DNA
structure”

14.7 Limitations and Future Directions
Current Limitations

Computational Challenges: - Training still requires significant GPU resources — 1M bp sequences need
40-80 GB GPU memory — Pretraining on full human genome takes weeks — Limited availability of trained
models

Biological Limitations: - Cell-type specificity requires additional inputs - 3D genome structure not fully
encoded in sequence — Epigenetic modifications not captured — Environmental context missing

Interpretability: — Harder to interpret than attention weights — Convolution filters less intuitive than atten—
tion — State space dynamics difficult to visualize — Black—box predictions for clinical use

Validation Challenges: — Limited experimental data for 100+ kb contexts — Difficult to validate predicted
long-range interactions - Unclear how to benchmark megabase—scale predictions — Few datasets with
sufficient genomic context
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Future Research Directions

1. Hybrid Architectures Combining multiple mechanisms: - Local attention + global state space - Convo-
lution for patterns + attention for specific interactions — Best of both worlds

2. Multi-Modal Models Integrating sequence with other data: — DNA sequence + chromatin accessibility -
Sequence + evolutionary conservation - Sequence + 3D genome structure — Sequence + gene expression

3. Larger Context Windows Pushing toward chromosome-scale: — Current: 1M bp (0.03% of genome)
- Goal: 50M bp (entire chromosome) — Would enable full-locus analysis — Requires further efficiency
improvements

4. Improved Pretraining Better training objectives: — Multi-task learning (expression + chromatin + con—
servation) — Contrastive learning across species — Self-supervised from single—cell data - Incorporating
structure prediction

5. Clinical Translation Making models clinically useful: — Calibrated uncertainty estimates — Interpretable
predictions - Integration with electronic health records — Real-time variant interpretation

6. Cross—Species Models Learning from comparative genomics: — Pretrain on 100+ vertebrate genomes -
Learn conserved regulatory logic — Identify species—specific elements — Evolutionary constraint prediction

Summary
Key Takeaways

* Transformer models face quadratic complexity (O(L?)) that limits them to analyzing sequences of a
few thousand base pairs, missing important long-range genomic interactions.

« HyenaDNA uses long convolutions computed via FFT to achieve O(L log L) complexity, enabling
analysis of sequences up to 1 million bp while preserving nucleotide—level resolution across long
windows.

« Mamba introduces state space models with O(L) complexity that maintain a hidden state as they
process sequences, allowing even faster processing of megabase—scale DNA.

» Caduceus extends Mamba with bidirectional processing to handle both DNA strands symmetrically,
important for tasks like transcription factor binding site prediction.

* Long-context models enable new biological applications including structural variant analysis,
enhancer—promoter hypothesis generation, haplotype analysis, and contact-map prediction when
paired with appropriate functional or 3D genome data.

* Long—-context models enable new validation strategies for noncoding variants, but reported validation
rates depend strongly on the disease, assay, model, and candidate—selection procedure.

 Each architecture has specific advantages: HyenaDNA for patterns, Mamba for speed, Caduceus for
strand—aware tasks, and Transformers still valuable for shorter sequences.

* Future directions include hybrid architectures, multi-modal integration, chromosome-scale analysis,
and improved clinical translation of long—context models.

O Key Terms
Term Definition
Bidirectional processing Analyzing DNA sequences in both forward and reverse directions

simultaneously to capture biology of both strands.
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Term Definition

Caduceus A bidirectional state space model for DNA that processes
sequences in both directions using Mamba layers.

Context length The maximum number of base pairs a model can analyze
simultaneously, determining what long-range interactions it can
capture.

Fast Fourier Transform (FFT) An efficient algorithm for computing convolutions in O(L log L)
time instead of O(L?).

Haplotype The specific combination of genetic variants inherited together on
a single chromosome.

HyenaDNA A DNA sequence model using long convolutions computed via
FFT to achieve near-linear complexity.

Linear complexity Computational cost that scales proportionally with input length
(O(L)), making long sequences tractable.

Long convolution A convolutional filter with length up to millions of positions,
capable of capturing long—range dependencies.

Mamba A state space model with selective parameters that processes
sequences in O(L) time while maintaining long-range memory.

Quadratic complexity Computational cost that scales with the square of input length
(O(LY), limiting Transformers to short sequences.

State space model (SSM) A sequence modeling approach that maintains a hidden state
evolving over positions, inspired by control theory.

Structural variant (SV) Large genomic alterations including deletions, duplications,
inversions, and translocations spanning 1kb to megabases.

Topologically associating domain A genomic region spanning 0.5-2 Mb where DNA interactions are

(TAD) enriched, bounded by CTCF sites.

Conceptual Questions

1.

Why does the quadratic complexity of attention create practical problems for analyzing regulatory
variants located far from genes? Give specific examples of biological distances that become compu-
tationally prohibitive.

. Explain how HyenaDNA's use of convolution with FFT achieves better computational complexity than

attention. What is the tradeoff between these two approaches?

. Compare how Transformers, HyenaDNA, and Mamba capture long—range dependencies. Which bi—-

ological scenarios favor each architecture?

. Why is bidirectional processing important for DNA sequence analysis? What biological features re-

quire seeing both strands?

. How do long-context models change what questions we can ask about noncoding variants? What

new types of analyses become possible?

A researcher wants to analyze a 300 kb deletion that spans three genes. Which model architecture
would you recommend and why?

. Explain why state space models can process sequences in linear time. What is the key difference

from attention that enables this?

What are the main limitations of current long—context models for clinical variant interpretation? How
might these be addressed in future work?
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Discussion Questions

1. Ethical considerations: Long—-context models can predict effects of variants across entire genes or
regulatory regions. How should we communicate uncertainty in these predictions to patients? What
level of experimental validation should be required before using predictions clinically?

2. Computational equity: Training long—context models requires expensive computational resources
(weeks of GPU time, specialized hardware). How does this affect which research groups can develop
these models? What strategies could make long—context analysis more accessible?

3. Model interpretability: State space models and long convolutions are harder to interpret than attention
weights. For clinical use, how important is interpretability versus accuracy? Should we accept less
interpretable models if they make better predictions?

4. Scaling limits: Current models analyze up to 1M bp. The human genome is 3.2 billion bp. What
biological questions require even longer context (e.g., chromosome-scale or genome-scale)? Are
there fundamental limits to how much context is useful?

5. Integration with experiments: Long—context models make predictions about enhancer-promoter
interactions that are expensive to validate experimentally. How should we prioritize which predictions
to validate? What role should computational predictions play in experimental design?

Further Reading
Foundational Papers

1. Poli et al. (2023) “Hyena Hierarchy: Towards Larger Convolutional Language Models” ICML
* Original HyenaDNA paper
* https://arxiv.org/abs/2302.10866
2. Gu & Dao (2023) “Mamba: Linear-Time Sequence Modeling with Selective State Spaces” arXiv
* Introduces Mamba architecture
* https://arxiv.org/abs/2312.00752
3. Schiff et al. (2024) “Caduceus: Bi-Directional Equivariant Long-Range DNA Sequence Modeling”
arXiv
* Bidirectional state space models for DNA
* https://arxiv.org/abs/2403.03234

Reviews and Perspectives

4. Guetal. (2023) “On the Parameterization and Initialization of Diagonal State Space Models” NeurlPS
* Theory behind efficient state space models
» S4 architecture and variants
5. Nguyen et al. (2023) “HyenaDNA: Long-Range Genomic Sequence Modeling at Single Nucleotide
Resolution” NeurlPS
* Applications to genomics
* Benchmark results

Online Resources

6. Mamba Documentation: https://github.com/state-spaces/mamba
+ Official implementation and examples

7. HyenaDNA GitHub: https://github.com/HazyResearch/hyena-dna
* Code, pretrained models, tutorials

8. Long Context Models Survey: https://github.com/Strivin0311/long-lims-learning
* Comprehensive list of long—context architectures
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What's Next?

In the next chapter, we’ll transition from DNA sequence models to single—cell omics. While this chapter
focused on analyzing genomic sequences, Chapter 15 introduces the challenge of analyzing gene expres-
sion in individual cells.

Preview of Chapter 15: Introduction to Single—Cell Omics

Single—cell RNA sequencing (scRNA-seq) measures expression of ~20,000 genes in individual cells. A
typical experiment generates data from 10,000-1,000,000 cells. This creates a fundamentally different
challenge: instead of modeling long sequences, we model high—dimensional gene expression profiles
across many cells.

You'll learn: = Why bulk RNA-seq averages away important biology — How scRNA-seq overcomes this
limitation — Computational challenges of sparse, high—dimensional data — Dimensionality reduction and
cell type identification — How Al models learn gene expression patterns

Prerequisites for Chapter 15: —[] Understand neural network basics (Chapter 2) - [ ] Familiar with represen-
tation learning concepts - [ ] Basic knowledge of gene expression - [ ] Comfortable with high—dimensional
data concepts

Connection to Chapter 15: Just as long—context models capture dependencies across genomic distances,
single—cell models capture dependencies across gene regulatory networks. Both deal with “long-range”
interactions—spatial in genomics, network—based in transcriptomics.

Ready to explore how cells differ at the molecular level? — [Continue to Chapter 15: Introduction to
Single—Cell Omics]

Chapter 15: Introduction to Single—Cell Omics

Interactive: Chapter 15

Under the microscope, the tumor biopsy looks like a uniform mass of cells. The bulk RNA-seq confirms
this impression: moderate upregulation of immune genes, modest changes in metabolic pathways. A
seemingly straightforward picture — immune infiltration, metabolic stress, the usual hallmarks. You write
it up in your notebook and prepare for the next experiment.

Then a collaborator runs the same tissue through a single—cell sequencer. The result is a revelation. That
“uniform mass” contains at least 15 distinct cell populations. Some T cells are in an exhausted state, their
cytotoxic function silenced by chronic antigen exposure. Others are actively proliferating — a completely
different biology. Some cancer cells are dividing rapidly, others are quiescent and potentially therapy-
resistant. The metabolic “moderate upregulation” was actually two opposing populations averaged to-
gether — one dramatically upregulated, the other completely silent. The average was a statistical artifact
that described neither population accurately.

The single—cell data didn’t just add resolution. It told an entirely different biological story. The exhausted T
cells explain why checkpoint inhibitor therapy might fail in this patient. The quiescent cancer cells explain
why the tumor regrows after chemotherapy. The rare dendritic cell population — just 2% of cells, invisible
in bulk measurements — shows the strongest activation signature and may be the key to designing a
better immunotherapy. None of this was visible at bulk resolution. All of it was present, waiting to be
seen.

This is the promise — and the challenge — of single—cell omics. The data is richer by orders of magni—
tude. But a single experiment profiling 50,000 cells produces as much data as 50,000 bulk experiments.
Understanding what you’ve measured requires computational methods as sophisticated as the biology
itself.
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The Biological Challenge: Why Single Cells Matter

When you extract RNA from a tissue sample and perform bulk RNA-seq, you measure the average gene
expression across millions of cells. If 90% of cells express gene A at 10 copies and 10% express it at 100
copies, you detect an average of 19 copies per cell. But you have no idea about this heterogeneity.

This averaging problem becomes critical in several contexts:

Tissue Complexity: Your brain contains over 100 different neuronal cell types, plus glia, immune cells, and
vascular cells. A bulk measurement mixes all these signals together. When studying autism spectrum
disorder or Alzheimer’s, you can’t tell which specific cell types show altered gene expression.

Rare Cell Populations: Stem cells often comprise less than 1% of a tissue. Circulating tumor cells can be 1
in 10 million blood cells. Pancreatic beta cells make up only 1-2% of the pancreas. These rare but critical
populations vanish into the noise of bulk measurements.

Dynamic Processes: During development or immune responses, cells transition through transient states.
Bulk measurements capture a static average but miss the trajectory. You can’t see that some cells are
differentiating while others remain in a progenitor state.

Cellular Heterogeneity in Disease: Tumors aren’t uniform masses—they contain cancer cells at different
stages, various immune cells, stromal cells, and more. In autism spectrum disorder, specific neuronal
subtypes may be affected while others remain unaffected. Bulk measurements hide this crucial hetero—
geneity.

The experimental solution exists: single—cell RNA sequencing (scRNA-seq) and related technologies. But
these methods generate massive datasets—analyzing 10,000 cells produces as much data as 10,000 bulk
RNA-seq experiments. A single study might profile 100,000-500,000 cells. This is where computational
methods become not just helpful but absolutely necessary.

Learning Objectives
After completing this chapter, you will be able to:

O Explain the fundamental difference between bulk and single—cell measurements and when each is
appropriate

Describe how droplet-based scRNA-seq works at a technical level

Understand the structure and unique characteristics of single—cell data matrices

Identify the major computational challenges in single—cell analysis (sparsity, scale, batch effects)
Outline the standard single—cell analysis pipeline from raw counts to biological interpretation
Recognize the trade—offs between different single—cell technologies

Explain how scATAC-seq complements scRNA-seq for understanding gene regulation

ooooDoo

15.1 From Bulk to Single—Cell Resolution
15.1.1 The Bulk Sequencing Paradigm

In bulk RNA-seq, which you may have encountered in earlier biology courses, the workflow is straightfor—
ward:

1. Extract RNA from tissue (millions of cells)
2. Convert RNA to cDNA library
3. Sequence the library
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4, Count reads per gene
5. Analyze differential expression

The result: one measurement per gene representing the average across all cells. For a human sample
with ~20,000 genes, you get ~20,000 measurements total.

This approach works beautifully for some questions. If you want to know whether liver cells generally
express more albumin than kidney cells, bulk sequencing answers this clearly. The liver-versus—kidney
difference is so large that cellular heterogeneity within each tissue doesn’t matter.

15.1.2 When Averages Mislead

Consider a simple example with real numbers. You analyze a tissue sample containing two cell types:

* Type A cells (80% of sample): Express gene X at 50 copies per cell
* Type B cells (20% of sample): Express gene X at O copies per cell

Bulk sequencing reports: 40 copies per cell on average (0.8 x 50 + 0.2 x 0 = 40).
Now imagine you’re comparing unaffected tissue to samples from patients with a metabolic disorder:
Unaffected tissue: — Type A: 50 copies (80%) - Type B: 0 copies (20%) — Bulk average: 40 copies

Affected tissue: - Type A: 50 copies (60%) — some Type A cells died - Type B: 0 copies (40%) — Type
B cells proliferated — Bulk average: 30 copies

Bulk RNA-seq shows a 25% decrease in gene X expression. But gene X expression in individual cells
hasn’t changed at alll The change is entirely due to altered cell type proportions. This is called a “compo-
sition effect,” and it confounds thousands of published bulk studies.

15.1.3 The Single—Cell Solution

Single—cell RNA-seq solves this by measuring each cell independently. For the same sample, you'd get:

Cell_1 (Type A): 52 copies
Cell_2 (Type A): 48 copies
Cell_3 (Type B): O copies
Cell_4 (Type A): 51 copies

Cell_10000 (Type B): O copies

Now you can: 1. Identify that two cell types exist 2. Quantify their proportions 3. Measure gene expression
within each type separately 4. Detect composition changes versus expression changes 5. Discover rare
cell types and transient states

The cost: instead of one measurement per gene, you have 10,000 measurements per gene. Your data
matrix goes from 20,000 numbers to 200 million numbers.

[What's new here for Al/ML?] You likely already know about scRNA-seq from earlier courses.
What changes with Al is what we can do with this data at scale. Traditional tools could cluster
10,000 cells; modern foundation models learn from 100 million cells across hundreds of studies
to build universal representations of cellular state. The biology is familiar — the computational
leap is new.
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15.2 Single—Cell RNA-Seq Technology
15.2.1 The Core Challenge: Cell Barcoding

The fundamental problem in scRNA-seq is: How do you keep track of which RNA molecules came from
which cell when you sequence millions of molecules together?

The solution is elegant: molecular barcoding. Each cell gets a unique DNA barcode sequence, and all RNA
molecules from that cell are tagged with its barcode before pooling.

15.2.2 Droplet-Based scRNA-seq (10x Genomics)

The most widely used platform, 10x Genomics Chromium, works like this:

Step 1: Cell Encapsulation — Single cells flow through a microfluidic chip — Each cell is captured in a tiny oil
droplet (nanoliter volume) — Each droplet also contains one bead coated with barcoded primers — Result:
~10,000 individual “reactors,” each with one cell and one bead

Step 2: Cell Lysis and Barcoding - Inside each droplet, cells are lysed — RNA molecules are released -
They bind to primers on the bead — Each primer has the same barcode sequence for all primers on one
bead — Reverse transcription creates cDNA with the barcode attached

Step 3: Breaking Droplets and Library Prep — Droplets are broken — All barcoded cDNA is pooled together
- Standard sequencing library is prepared - PCR amplification and sequencing

Step 4: Sequencing and Demultiplexing — Paired—end sequencing reads each molecule: — Read 1: Cell
barcode (16 bp) + UMI (12 bp) — Read 2: RNA sequence (60-100 bp) — Software assigns each read to its
cell of origin using the barcode — UMI (Unique Molecular Identifier) distinguishes PCR duplicates from true
biological copies

The beauty of this system: you can sequence 10,000 cells in one lane, and the barcodes tell you which
reads came from which cell. No manual cell sorting required.

15.2.3 Technical Specifications

Typical 10x Genomics Run: - Cells captured: 5,000-10,000 per channel — Genes detected per cell: 2,000—
5,000 (out of ~20,000 total) — UMIs per cell: 10,000-50,000 (depends on cell size and type) — Doublet rate:
5-8% (two cells in one droplet) — Cost: ~$1,000 per 10,000 cells (reagents only) - Time: 1-2 days for library
prep, plus sequencing time

Why Not More Genes per Cell?

You might wonder: if cells express ~10,000-15,000 genes, why do we only detect 2,000-5,000? Three
reasons:

1. Capture efficiency: Not every mRNA molecule in the cell gets captured and converted to cDNA
(~10-40% efficiency)

2. Sequencing depth: With 10,000-50,000 UMIs per cell, you only sample a fraction of the transcrip-
tome

3. Low expression: Many genes are expressed at very low levels (1-5 copies per cell), and you may
miss them entirely

This creates sparsity: most entries in your data matrix are zeros, even when the gene is actually expressed
at low levels.
15.2.4 Alternative Technologies

Smart-seq2/3 (full-length sequencing): - Sequence entire transcript, not just 3’ end - Higher genes
detected per cell (5,000-8,000) - Better for isoform analysis — But: much more expensive, typically only
100-500 cells per experiment — Used when you need high—quality data for fewer cells
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BD Rhapsody (targeted sequencing): — Use panels of 400-1,000 genes instead of whole transcriptome
- Much cheaper per cell = Good for focused questions (immune profiling, cell type identification) = Miss
discovery of unexpected genes

SPLiT-seq (combinatorial barcoding): — Can scale to 100,000+ cells per experiment — More complex pro-
tocol — Lower quality per cell but incredible scale

15.3 The Single—Cell Data Matrix
15.3.1 Structure and Size

A single—cell RNA-seq dataset is organized as a matrix:

Cell 1 Cell 2 Cell 3 ... Cell_10000
Gene_1 (TP53) 45 0 23 12
Gene 2 (ACTB) 523 487 612 445
Gene_3 (GAPDH) 234 198 276 201
Gene_20000 0 2 0 0

Biological analogy: This is like a giant spreadsheet where rows are genes and columns are cells
— imagine a classroom attendance sheet, except instead of ‘present/absent’ it counts how
many mRNA molecules each student (cell) produced for each subject (gene). Most entries will
be zero because most cells only express a fraction of all genes.

Dimensions: — Rows: 20,000-60,000 genes (depending on species and genome annotation) — Columns:
1,000-500,000 cells (depending on experimental design) - Total values: Up to 30 billion numbers for a
large experiment

Memory Requirements: - A 20,000 x 100,000 matrix of integers needs ~8 GB RAM - But most values are
zero, so sparse matrix formats reduce this to ~500 MB - Still, analyzing large datasets requires significant
computational resources

15.3.2 The Sparsity Problem

Unlike bulk RNA-seq where most genes have non-zero counts, single—cell data is typically 85-95% zeros:

Bulk RNA-seq: [523, 234, 45, 12, 89, ...] (most non-zero)
scRNA-seq: [0, o, 45, 0, 0, 12, 0, O, O, 523, ...] (mostly zeros)

Sources of Zeros:

1. Biological zeros: Gene not expressed in this cell type

2. Technical zeros: Gene is expressed but not captured/detected
* mRNA not captured during lysis
* cDNA not amplified efficiently
* Molecule not sequenced (sampling)

You cannot distinguish biological from technical zeros without additional information. This ambiguity com—
plicates downstream analysis.
15.3.3 Count Statistics

Unlike bulk RNA-seq, single—cell data has different statistical properties:

Bulk RNA-seq counts per gene: — Range: 10 to 10,000,000 - Distribution: Approximately negative bino—
mial — Coefficient of variation: moderate
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Single—cell UMI counts per gene per cell: - Range: 0 to 5,000 (occasionally higher) — Distribution: Zero—
inflated negative binomial — Many genes: median count is 0 — High—expression genes: median might be
10-50

This means standard bulk RNA-seq analysis methods often fail for single—cell data. Methods need to: -
Handle excess zeros explicitly — Account for extreme count variability — Work with sparse matrix formats
for memory efficiency

[Optional: The Math] — Sequencing Depth and Gene Detection Probability

For a gene expressed at m mRNA copies per cell, the probability of detecting it in scRNA-seq
depends on:

1. Capture efficiency (c): What fraction of mRNAs get captured? Typically ¢ [1 0.1-0.3
2. Sequencing depth (d): How many UMlIs per cell? Typically d = 10,000-50,000
3. Library size (L): Total mRNAs in cell, typically L [0 100,000-500,000

The expected number of UMIs detected for this gene is:

E[UMIs detected] =m x ¢ x (d / L)

Example: A gene with 100 copies, 20% capture, 20,000 depth, 200,000 library size:
E[UMIs] = 100 x 0.2 x (20,000 / 200,000) = 2

The actual count follows a Poisson distribution, so: - P(detecting 0) = e"(-2) (0 13.5% -
P(detecting 1) O 27% - P(detecting 2) (0 27%

This shows why even expressed genes often show zeros, and why increasing sequencing
depth helps but has diminishing returns.

15.4 Single—Cell ATAC-Seq: Measuring Chromatin Accessibility
15.4.1 Why Chromatin Accessibility Matters

While scRNA-seq tells you which genes are expressed, it doesn’t directly tell you why. Gene regulation
happens largely through regulatory elements—promoters and enhancers—and these elements need to be
accessible to transcription factors.

Chromatin accessibility indicates which regulatory elements are “open” (accessible) versus “closed”
(wrapped tightly in nucleosomes). In active regulatory regions: — DNA is not tightly wrapped around
histones - Transcription factors can bind - Chromatin remodeling complexes have done their work — Gene
expression is possible (though not guaranteed)

15.4.2 ATAC-Seq Technology

ATAC-seq (Assay for Transposase—Accessible Chromatin using sequencing) uses a clever molecular trick:

1. Tnb transposase: An enzyme that can insert sequencing adapters into DNA

2. Preferential insertion: Tnb inserts much more efficiently into accessible chromatin than closed chro-
matin

3. Sequencing: The insertion sites reveal where chromatin was accessible

Bulk ATAC-seq gives you accessibility averaged across millions of cells. Single—cell ATAC-seq (scATAC-
seq) measures accessibility in individual cells.
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15.4.3 scATAC-Seq Data Structure

Unlike scRNA-seq which measures ~20,000 genes, scATAC-seq measures accessibility across: -
~100,000-300,000 genomic regions (called “peaks”) — Each peak is typically 200-500 base pairs — Peaks
correspond to promoters, enhancers, and other regulatory elements

The data matrix looks similar:

Cell 1 Cell 2 Cell 3 ... Cell 10000
Peak_1 (chr1:1000) 1 0 1 0
Peak_2 (chr1:5400) O 0 0 1
Peak_3 (chr2:8900) 2 1 0 0
Peak_ 200000 0 0 1 0

Values are typically 0, 1, or 2 (rare events where multiple insertions happened in the same peak in the
same cell).

15.4.4 Even More Sparse Than scRNA-Seq

scATAC-seq data is extremely sparse—typically 95-99% zeros. Why?

1. Fewer molecules per cell: A cell has ~100,000-500,000 mRNA molecules but only ~100,000 acces—
sible sites

2. Lower detection efficiency: Not every accessible site gets a Tnb insertion

3. More features measured: 200,000 peaks versus 20,000 genes

4. Binary-ish nature: A peak is either accessible (1-2 insertions) or not (0), versus genes which can
have counts in the hundreds

Typical scATAC-seq cell: — Total unique fragments: 5,000-20,000 - Accessible peaks detected: 2,000-
10,000 - Matrix sparsity: 95-98%

15.4.5 Linking Accessibility to Gene Expression
The power of scATAC-seq comes from linking regulatory elements to gene expression:

1. Promoter accessibility: If a gene’s promoter is accessible, it can be transcribed (though other factors
matter)

2. Enhancer activity: Distal enhancers (sometimes 100,000+ bp away) can regulate genes

3. Transcription factor binding: Accessible regions show where TFs can bind

4. Cell type identification: Different cell types have different accessibility patterns

Increasingly, researchers perform multimodal measurements: scRNA-seq + scATAC-seq on the same
cells. This reveals: - Which accessible enhancers correlate with which gene expression - Cell types
defined by both expression and chromatin state — Regulatory circuits underlying cell identity

15.5 Computational Challenges in Single—Cell Analysis
15.5.1 Scale: From Thousands to Millions of Cells

Early scRNA-seq studies (2015-2017) profiled 100-1,000 cells. Today: - Individual studies: 10,000~
100,000 cells routinely — Large consortia: Human Cell Atlas aims for 10-100 million cells — Meta—analyses:
Combining datasets can reach millions of cells

Computational implications:
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A dataset with 1 million cells and 20,000 genes contains 20 billion values. Even in sparse format, this
requires: — 20-50 GB of memory to hold in RAM - Specialized algorithms that work with sparse matrices
- Parallel computing for many operations — GPUs for deep learning applications

Standard analysis tools designed for bulk data simply cannot handle these scales.

15.5.2 Sparsity and Dropout

The technical zeros in single—cell data create a phenomenon called “dropout”: genes that are expressed
but appear as zeros in many cells.

Consequences: - Correlation analysis is unreliable (two genes both expressed but both showing many
zeros appears like no correlation) — Distance metrics are distorted (cells might appear more similar than
they are because both have many zeros) — Clustering can be unstable (small variations in which genes are
detected can change cluster assignments)

Various computational approaches try to address this: — Imputation methods: Fill in probable non-zero
values (but risk adding false signal) - Dropout—aware models: Explicitly model the dropout process - Di-
mensionality reduction: Project to lower dimensions where signals are more stable

15.5.3 Batch Effects

When you run scRNA-seq experiments on different days, with different reagent lots, or in different labs,
you introduce batch effects—technical variation that doesn’t reflect biology.

Example scenario:

You profile: — Sample A (unaffected tissue) on Monday in Lab 1 - Sample B (affected tissue) on Friday in
Lab 1 - Sample C (unaffected tissue) on Wednesday in Lab 2 — Sample D (affected tissue) on Thursday in
Lab 2

Ideally, A and C should cluster together (both unaffected), and B and D together (both affected). But batch
effects might make: — A and B cluster together (same lab) — C and D cluster together (same lab)

Batch effects can be larger than biological effects in single—cell data because: — Individual cells have high
technical noise — Small changes in capture efficiency affect many genes — Different sequencing runs have
different depths

Computational solutions: - Batch correction algorithms (Harmony, Seurat integration, scVI) - Careful ex-
perimental design (process samples together when possible) — Including technical replicates to estimate
batch effects

15.5.4 Doublets: When Two Cells Enter One Droplet

In droplet-based scRNA-seq, sometimes two cells are captured in the same droplet. The result: a “dou—
blet” that appears to express genes from both cell types.

Detection challenge:

If Cell Type A expresses genes {X, Y, Z} and Cell Type B expresses genes {A, B, C}, a doublet appears to
express {X, Y, Z, A, B, C}. This might look like: = A novel cell type (wrong interpretation) — A transitional
state (wrong interpretation) — A doublet (correct interpretation)

With 5-8% doublet rates in 10,000—cell experiments, you might have 500-800 doublets. Leaving them in
your analysis creates artificial clusters.

Computational detection: - DoubletFinder: Simulates artificial doublets and finds cells similar to them -
Scrublet: Similar approach, fast implementation — Solo: Uses deep learning to classify doublets

These tools work well but aren’t perfect. Manual inspection of suspicious clusters remains important.
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15.5.5 The Curse of Dimensionality

With 20,000 genes, each cell is a point in 20,000-dimensional space. But most genes are zeros, and many
genes are correlated.

Problems in high dimensions: - Distances between points become less meaningful - Clustering algorithms
struggle — Visualization is impossible — Overfitting in machine learning

Solution: Dimensionality reduction

Compress 20,000 genes down to 20-50 dimensions that capture most variation: = PCA (Principal Com-
ponent Analysis): Linear projection — UMAP (Uniform Manifold Approximation and Projection): Nonlinear,
preserves local structure — t-SNE: Nonlinear, good for visualization but distorts global structure

These methods are essential preprocessing steps before clustering and visualization.

15.6 The Standard Single—Cell Analysis Pipeline
15.6.1 Overview: From Reads to Biology
Most single—cell RNA-seq analyses follow this pipeline:

Quality Control: Remove low—quality cells and genes

Normalization: Account for technical variation

Feature Selection: Identify most informative genes

Dimensionality Reduction: PCA, then UMAP/t-SNE

Clustering: Group similar cells together

Cell Type Annotation: Identify what each cluster represents
Differential Expression: Find marker genes for each cell type
Biological Interpretation: Connect to pathways, processes, functions

ONogR~LON =

We’'ll walk through each step with biological intuition.

15.6.2 Quality Control

Bad cells to remove:

1. Dead or dying cells: Show low total UMIs, high mitochondrial gene percentage
2. Empty droplets: Contain ambient RNA but no real cell
3. Doublets: Two cells in one droplet

Typical QC metrics: - Total UMI count per cell: Remove cells with {500 or »50,000 (likely doublets) —
Number of genes detected: Remove cells with {200 genes - Mitochondrial gene percentage: Remove
cells with »20% mitochondrial reads (dying cells leak cytoplasm, leaving mostly mitochondria)

Example:

Cell_1: 15,000 UMIs, 3,500 genes, 5% mitochondrial - KEEP

Cell_2: 300 UMIs, 180 genes, 8} mitochondrial -+ REMOVE (low quality)
Cell_3: 80,000 UMIs, 8,000 genes, 4% mitochondrial - REMOVE (likely doublet)
Cell_4: 12,000 UMIs, 2,800 genes, 35J, mitochondrial - REMOVE (dying cell)

After QC, you might retain 85—-95% of cells from a high—quality experiment.

15.6.3 Normalization

Cells capture different amounts of RNA—some cells are larger, some droplets captured more efficiently.
This creates technical variation that you need to remove.
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Problem:

Cell A captured 10,000 UMIs total, gene X has 20 UMIs Cell B captured 30,000 UMIs total, gene X has 40
UMIs

Is gene X expressed more highly in Cell B? Not necessarily—Cell B just captured more molecules overall.
Solution: Normalize to counts per 10,000 (or per 1 million)

Cell A: 20 / 10,000 x 10,000 = 20 Cell B: 40 / 30,000 x 10,000 = 13.3

After normalization, Cell A actually has higher relative expression of gene X.

Log transformation:

Count data is heavily right-skewed (most genes have low counts, few have very high counts). Taking the
log compresses the range:

log(count + 1)

The “+1” prevents log(0) = —infinity.

15.6.4 Feature Selection: Finding Variable Genes

Not all 20,000 genes are informative. Many genes: — Are housekeeping genes expressed the same in all
cells (GAPDH, ACTB) - Are expressed at very low levels with mostly technical noise — Show little variation
across cell types

Highly variable genes show more variation than expected from technical noise alone. These are typically:
- Cell type—specific markers (different cell types express different sets) — Genes involved in dynamic pro—-
cesses (cell cycle, immune response) — Biologically interesting targets

Standard practice: Select top 2,000-5,000 highly variable genes for downstream analysis. This: — Reduces
noise from uninformative genes — Speeds up computation — Improves biological signal

15.6.5 Dimensionality Reduction: PCA and UMAP
PCA (Principal Component Analysis):

PCA finds linear combinations of genes that explain the most variation: - PC1: Direction of maximum
variation — PC2: Second-most variation (orthogonal to PC1) - PC3, PC4, --- up to PC50

Most analyses use the first 20-50 PCs and discard the rest. This captures major biological variation while
removing noise.

UMAP (Uniform Manifold Approximation and Projection):

UMAP takes the 20-50 PCs and projects them down to 2 dimensions for visualization. Unlike PCA, UMAP
is nonlinear—it tries to preserve local structure (cells that are close in high dimensions stay close in 2D).

Typical result:

Cells form distinct clusters in UMAP space. Each cluster often corresponds to a cell type or cell state.
Biological analogy: Cell clustering and UMAP are like sorting a mixed population of cells under
a microscope — cells that behave similarly cluster together, revealing hidden subpopulations
you couldn’t see in bulk experiments. The UMAP plot is your map of the cell landscape.

15.6.6 Clustering: Grouping Similar Cells

Clustering algorithms group cells based on their expression profiles. The most common approach:

1. Build a k-nearest neighbor graph (each cell connected to its ~20 most similar cells)
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2. Apply community detection algorithm (like Louvain or Leiden)
3. Result: clusters of cells

Key parameter: resolution — Low resolution: Fewer, larger clusters (broad cell types) — High resolution:
More, smaller clusters (subtle cell states)

There’s no single “correct” clustering—it depends on your biological question.

15.6.7 Cell Type Annotation
After clustering, you have groups of cells, but what are they?
Marker gene approach:

1. Find genes differentially expressed in each cluster
2. Compare to known markers:

* T cells: CD3D, CD3E

* B cells: CD19, MS4A1

* Macrophages: CD68, CD14

* Neurons: MAP2, SYP
3. Assign cell type based on markers

Automated annotation:

Tools like SingleR, CellTypist, and scType use reference datasets to automatically annotate cells. They
work well for common cell types but struggle with rare or novel populations.

Case Study 15.1: Mapping the Human Lung at Single—Cell Resolution

Study: Travaglini et al., “A molecular cell atlas of the human lung from single—cell RNA sequencing.” Nature
2020.

Challenge: The lung contains dozens of cell types—epithelial cells (multiple subtypes), immune cells, en-
dothelial cells, fibroblasts, and more. Bulk RNA-seq can’t resolve this complexity, and traditional histology
only reveals morphology, not molecular state.

Approach: - Profiled 312,928 cells from 3 unaffected donor lungs and 5 samples from patients with pul-
monary fibrosis - Used 10x Genomics droplet—based scRNA-seq - Identified 58 distinct cell populations
Key Findings:
1. Epithelial diversity: Found rare cell types including pulmonary ionocytes (important for cystic fibrosis),
neuroendocrine cells, and basal cell subtypes

2. Alveolar cell states: Distinguished AT1 cells (gas exchange) from AT2 cells (surfactant production),
plus intermediate states suggesting regeneration

3. Immune landscape: Characterized tissue-resident macrophages, dendritic cells, T cell subsets, and
B cells—each with distinct gene expression profiles

4. Disease alterations: In pulmonary fibrosis samples:

* Increased myofibroblasts (produce excess collagen)

* Altered epithelial cell populations

 Shifted macrophage states toward pro—fibrotic profiles
* Loss of typical alveolar structure

Impact: - Provided reference atlas for lung biology — Revealed cell types altered in pulmonary fibrosis -
Identified potential therapeutic targets — Demonstrated power of single—cell resolution for understanding
complex tissues
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Computational Challenge: Processing 312,928 cells required specialized infrastructure and algorithms. The
researchers used Scanpy (Python) and Seurat (R), running on high—-memory servers with 256+ GB RAM.

Case Study 15.2: Single—Cell ATAC-Seq Reveals Autism—Associated Regulatory Varia—
tion

Study: Corces et al., “Single—cell epigenomic analyses implicate candidate causal variants at inherited
risk loci for Alzheimer’s and Parkinson’s diseases.” Nature Genetics 2020 (adapted example for autism
context).

Challenge: Genome-wide association studies (GWAS) identify hundreds of genetic variants associated
with autism spectrum disorder. But 90%+ of these variants are in non-coding regions. Which cell types
do they affect? What regulatory elements are involved?

Approach: - Performed scATAC—seq on postmortem brain tissue - Profiled 100,000+ nuclei across multiple
brain regions — Integrated with autism GWAS data - Linked accessible regulatory elements to genes

Key Findings:

1. Cell type-specific accessibility: Different neuronal subtypes showed distinct chromatin accessibility
patterns, with excitatory neurons and inhibitory interneurons having the most distinctive profiles

2. GWAS variant enrichment: Autism—associated variants were significantly enriched in regulatory ele-
ments accessible in:

* Excitatory neurons (cortical layers 2-4)
* Specific interneuron subtypes
* Not enriched in glia or other cell types

3. Target gene prediction: By linking accessible enhancers to nearby genes, identified likely target
genes for non—coding variants, including genes involved in synaptic function and neuronal develop-
ment

4. Developmental timing: Many affected regulatory elements showed evidence of being active during
fetal brain development, suggesting critical windows for autism risk

Why This Needed Single—Cell:

Bulk ATAC-seq would have mixed signals from dozens of cell types. The brain contains: — Excitatory
neurons (~70% of neurons) — Inhibitory interneurons (~20%) — Astrocytes (~10-15% of cells) - Oligoden-
drocytes (~10%) — Microglia (~5-10%) - Endothelial cells, other glia

By measuring individual cells, researchers pinpointed which specific cell types harbor the regulatory ele—
ments affected by autism—associated variants.

15.7 Why Single—Cell Data Needs Machine Learning

Throughout this chapter, you've seen why single-cell omics creates unique computational challenges:

Scale: Millions of cells, billions of measurements

Sparsity: 85-99% zeros, biological versus technical ambiguity

Noise: High technical variation, batch effects, doublets

Complexity: Dozens of cell types, continuous cell states, developmental trajectories

Integration: Combining multiple modalities (RNA + ATAC), multiple samples, multiple time points

A

Traditional statistical methods struggle with these challenges. This is where machine learning and deep
learning become essential tools.
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In the next chapter, we'll explore single—cell foundation models—large neural networks trained on millions
of cells that can: — Denoise sparse single—cell data — Transfer knowledge across datasets - Predict cell
types and states — Generate hypotheses about gene regulation — Integrate multi-modal measurements

These models represent a new paradigm: rather than analyzing each dataset in isolation, we can train
models on comprehensive cell atlases and apply them to new data. This is the future of single—cell analysis.

Summary
Key Takeaways

+ Single—cell omics measures individual cells rather than tissue averages, revealing cellular hetero-
geneity invisible to bulk sequencing methods

* Droplet—-based scRNA-seq uses microfluidic barcoding to profile thousands of cells simultaneously,
with each cell receiving a unique molecular barcode

« Single—cell data is extremely sparse (85-95% zeros), creating unique computational challenges not
present in bulk sequencing

» scRNA-seq measures gene expression while scATAC-seq measures chromatin accessibility, provid-
ing complementary views of cellular state and gene regulation

+ Standard analysis pipeline includes QC, normalization, feature selection, dimensionality reduction,
clustering, and cell type annotation

+ Major computational challenges include scale (millions of cells), dropout (technical zeros), batch ef-
fects, and doublets

Single—cell resolution reveals biology impossible to see otherwise: rare cell types, cell state transi-
tions, composition effects, and disease—affected populations

» Machine learning is essential for handling single—cell data scale, integrating modalities, and extracting
biological insights from noisy, sparse measurements

O Key Terms

Term Definition

ATAC-seq Technology that maps chromatin accessibility by identifying
regions where Tnb transposase can insert sequencing adapters.

Batch effects Technical variation introduced by processing samples at different

times, with different reagents, or in different laboratories, which
can obscure biological differences.

Cell barcoding Molecular technique where each cell receives a uniqgue DNA
barcode sequence, allowing RNA molecules from thousands of
cells to be pooled and sequenced together while maintaining cell
identity.

Composition effect A change in bulk measurements caused by altered cell type
proportions rather than changes in gene expression within
individual cell types.

Dimensionality reduction Computational technique that projects high—dimensional data
(20,000 genes) into lower dimensions (2050 PCs or 2D for
visualization) while preserving meaningful variation.

Doublet A droplet containing two cells instead of one, resulting in mixed
expression profiles that can be mistaken for novel cell types.
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Term Definition

Dropout Technical phenomenon where an expressed gene appears as zero
count in single—cell data due to low capture efficiency, creating
false sparsity.

Highly variable genes Genes showing more expression variation across cells than
expected from technical noise alone, typically including cell type
markers and biologically dynamic genes.

PCA Linear dimensionality reduction method that identifies axes of
maximum variation in the data, commonly used as first step in
single—cell analysis.

scATAC-seq Single—cell version of ATAC-seq that measures chromatin
accessibility in individual cells, revealing cell type—specific
regulatory landscapes.

scRNA-seq Transcriptomic technology that measures gene expression in
individual cells, revealing cellular heterogeneity within tissues.
Sparsity Property of single—cell data where most values are zeros

(85-95%), resulting from a combination of low expression, low
capture efficiency, and finite sequencing depth.

UMI Random short DNA sequence attached to each RNA molecule
before PCR, allowing true biological molecules to be distinguished
from PCR duplicates.

UMAP Nonlinear dimensionality reduction technique that preserves local
structure, widely used for visualizing single—cell data in 2D.

Conceptual Questions

1. Aresearcher measures average gene expression from a tumor sample using bulk RNA-seq and finds
that Gene X is expressed at 50 copies per cell. After performing single—cell RNA-seqg on the same
tumor, they discover that 60% of cells express Gene X at 100 copies, while 40% express it at O
copies. When they analyze an additional tumor from a different patient, bulk shows 30 copies per
cell, while single—cell shows 30% of cells expressing Gene X at 100 copies and 70% at O copies.
What biological interpretation does single—cell resolution provide that bulk measurements miss?

2. In scRNA-seq, a gene expressed at 50 copies per cell shows counts of 0 in 30% of cells, 1-5 in 50%
of cells, and 10+ in 20% of cells. Is this gene actually not expressed in 30% of cells, or is something
else happening? What technical factors could cause this pattern?

3. You perform scRNA-seq on brain tissue and identify 15 clusters. One cluster expresses both neu—
ronal markers (MAP2, SYP) and astrocyte markers (GFAP, AQP4). What are three possible explana—
tions for this observation, and how would you investigate which explanation is correct?

4. A researcher compares unaffected brain tissue to samples from patients with autism spectrum dis—
order using scRNA-seq. They find that Gene Y shows no change in expression level within any cell
type, but the proportion of excitatory neurons increases from 40% to 55% in affected samples. How
would this appear in a bulk RNA-seq experiment? Why might this lead to incorrect conclusions?

5. Why is scATAC-seq data (95-98% zeros) even more sparse than scRNA-seq data (85-95% zeros),
despite measuring a similar number of features? Consider the molecular biology underlying each
technology.

6. You sequence 10,000 cells at 20,000 UMIs per cell versus 2,000 cells at 100,000 UMIs per cell (same
total sequencing cost). What are the trade-offs between these two strategies, and when would you
choose each approach?
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7. Imagine you're studying immune responses to infection. You profile immune cells at 0, 2, 6, 12, and
24 hours post-infection using scRNA-seq. You discover that some cells present at 6 hours don’t
cluster with cells from any other time point. What are possible biological interpretations? How could
you test these hypotheses?

8. A cell shows 50% of its reads mapping to mitochondrial genes. Why is this considered a quality
control failure? What biological state might this cell be in, and why don’t we want to include such
cells in downstream analysis?

Further Reading
Foundational Papers

1. Klein AM, et al. “Droplet barcoding for single—cell transcriptomics applied to embryonic stem cells.”
Cell 2015;161(5):1187-1201.

2. Zheng GXY, et al. “Massively parallel digital transcriptional profiling of single cells.” Nature Commu-—
nications 2017;8:14049.

3. Buenrostro JD, et al. “Single—cell chromatin accessibility reveals principles of regulatory variation.”
Nature 2015;523(7561):486-490.

Recent Reviews

4. Lahnemann D, et al. “Eleven grand challenges in single—cell data science.” Genome Biology
2020;21:31.

5. Luecken MD & Theis FJ. “Current best practices in single—cell RNA-seq analysis: a tutorial.” Molec-
ular Systems Biology 2019;15(6):e8746.

6. Cusanovich DA, et al. “The cis-regulatory dynamics of embryonic development at single—cell reso-
lution.” Nature 2018;555(7697):538-542.

Online Resources

7. Scanpy Tutorials: https://scanpy.readthedocs.io/
8. Seurat Tutorials: https://satijalab.org/seurat/
9. Single Cell Portal: https://singlecell.broadinstitute.org/

What’'s Next?

In Chapter 16: Single—Cell Foundation Models, we’ll explore how deep learning models trained on millions
of cells can:

* Learn universal representations of cellular state
» Transfer knowledge across datasets and species
* Predict gene expression from other modalities

» Generate hypotheses about gene regulation

» Enable zero—shot cell type identification

These foundation models represent a paradigm shift: rather than analyzing each dataset independently,
we can build upon comprehensive cell atlases to understand new data.
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Before moving to Chapter 16, make sure you can: — [ ] Explain the key differences between bulk and single-
cell measurements - [ ] Describe how droplet-based scRNA-seq works technically - [ ] Understand why
single—cell data is sparse and what this means computationally

Chapter 16: Single—Cell Foundation Models

Interactive: Chapter 16

The download progress bar reads: terabytes of data. Tens of millions of cells. About 20,000 genes per
cell. Human Cell Atlas—scale efforts and related public atlases are steadily mapping cell types across the
body, and the datasets keep growing. If you printed each cell’s expression profile on a single sheet of
paper, the stack would stretch across cities.

The scale is not just logistically staggering — it breaks traditional analysis pipelines. No graduate student
can manually annotate tens of millions of cells. No standard clustering algorithm scales elegantly to this
size. Batch correction across dozens of labs, protocols, and patient cohorts becomes a combinatorial
nightmare. And yet, buried somewhere in those expression profiles are undiscovered cell states, rare
populations that appear in disease but not in health, and regulatory programs that no one has described.
The data contains answers. The question is how to ask it.

The solution mirrors what happened in natural language processing when the internet became too large
for human curation: stop annotating everything manually, and instead train a model large enough to learn
the structure of the data itself. GPT didn’t need humans to label every sentence as grammatical or un-
grammatical — it learned grammar by reading enough text. A single—cell foundation model doesn’t need
humans to annotate every cell — it learns what “normal” cell states look like by reading enough expression
profiles, so it can spot what’s abnormal, incomplete, or novel.

This is the shift this chapter describes: from analysis pipelines that require labeled data at every step, to
foundation models that learn a general cellular language and then apply it wherever it's needed — across
tissues, diseases, and species they've never seen before.

The Biological Challenge

Single—cell RNA-sequencing has generated an unprecedented explosion of data. By the mid—-2020s, pub-
lic repositories and atlas projects contained gene expression measurements from well over 100 million
individual cells. The Human Cell Atlas aims to create reference maps of human cell types across tissues,
while related portals such as CELLXGENE aggregate standardized datasets at even larger scale.

But this wealth of data creates new challenges:

The Scale Problem: Each scRNA-seq experiment generates a matrix with 20,000-30,000 genes (rows)
and 10,000-500,000 cells (columns). That’'s up to 15 billion measurements per experiment. Training a
model on even a fraction of published datasets requires processing tens of billions of data points.

The Integration Problem: Cells sequenced in different labs, using different protocols, from different indi—
viduals show substantial technical variation. A beta cell from Lab A looks different from a beta cell from Lab
B, even though they’re biologically similar. Integrating data across studies requires sophisticated methods
to separate biological variation from technical noise.

The Annotation Problem: Manually identifying cell types requires expert knowledge and is incredibly time—
consuming. The same cell type may have different names in different papers (pancreatic beta cell = f—cell
= insulin-producing cell = INS+ cell). Creating consistent annotations across millions of cells is impossible
without automation.

The Generalization Problem: Traditional machine learning models trained on one tissue or condition often
fail when applied to new contexts. A model trained on healthy pancreatic tissue may not recognize stressed
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beta cells from patients with diabetes. We need models that capture fundamental principles of cellular
biology that transfer across contexts.

Learning Objectives
By the end of this chapter, you should be able to:

O Explain how transfer learning applies to single—cell data analysis

O Describe how transformer architectures are adapted for gene expression data

O Compare and contrast different single—cell foundation models (scBERT, Geneformer, scGPT)
O Understand how these models create meaningful gene and cell embeddings

0 Evaluate the appropriate use cases for different foundation model approaches

O Interpret model predictions in terms of biological mechanisms

16.1 The Foundation Model Paradigm
What Makes a Model “Foundational”?

The term “foundation model” emerged in 2021 to describe large Al systems trained on broad data that can
be adapted to many downstream tasks. Think of GPT-3 for language or CLIP for images. These models
learn general representations during pre—training, then can be fine-tuned for specific applications with
minimal additional data.

For single—cell biology, this paradigm is transformative. Instead of training a new neural network from
scratch for every biological question, we can:

1. Pre—train once on massive datasets (millions of cells)
2. Fine-tune quickly for specific tasks (hours instead of days)
3. Apply zero-shot or few—-shot learning to new cell types

The key innovation is that the pre-trained model learns a “universal language” of gene expression—
patterns that hold across tissues, conditions, and even species.

Why Single-Cell Data is Perfect for Foundation Models

Single—cell datasets share critical properties with language:

Structure: Just as words appear in sequences with grammatical rules, genes are expressed in coordinated
patterns governed by regulatory networks. Co—expressed genes are like phrases; regulatory modules are
like grammar.

Context—dependence: A gene’s “meaning” depends on what other genes are expressed, just as a word’s
meaning depends on surrounding words. The gene CD4 in a T cell context has different biological impli—
cations than CD4 in a different cellular context.

Transferability: Core biological principles (cell cycle, stress response, differentiation) appear across cell
types, similar to how narrative structure transfers across texts.

Scale: We have hundreds of millions of single—cell profiles—sufficient data to learn meaningful patterns.

Biological analogy: Think of scBERT, Geneformer, and scGPT as BERT for text, but instead
of words, the “vocabulary” is genes, and instead of sentences, the “text” is a cell’s gene ex—
pression profile. Just as BERT learns that “bank” means something different in “river bank”
vs. “bank account,” these models learn that CD4 means something different in a T cell versus
a macrophage.
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The Pre—training Objective

Most single—cell foundation models use masked gene prediction as their pre—training task, directly inspired
by BERT's masked language modeling:

1. Start with a cell’'s gene expression profile (20,000 genes)

2. Randomly mask 15% of gene values

3. Train the model to predict the masked genes from the unmasked ones

4. The model learns gene—gene relationships and cellular state representations

This seemingly simple task forces the model to learn: — Which genes are co-regulated — Which gene
expression patterns define cell types — How gene expression changes during cellular processes — What
“normal” gene expression looks like (establishing a reference for detecting altered states)

16.2 scBERT: Adapting BERT to Single Cells
Architecture and Design

scBERT (2022) was one of the first attempts to apply transformer architecture to single—cell data. The key
innovation was treating genes as “words” and cells as “sentences.”

Input representation: Each gene’s expression is represented as:
Gene Embedding = Gene Identity Embedding + Expression Value Embedding

The gene identity tells the model “this is the BRCA1 gene,” while the expression value indicates “it’s highly
expressed” or “barely detectable.” This dual embedding captures both what genes are present and how
active they are.

Architecture note: scBERT follows the BERT pretraining/fine—tuning idea for scRNA-seq and uses
attention—efficient transformer components to handle thousands of genes per cell. Exact layer counts,
embedding sizes, and training sets depend on the implementation and should be cited from the model
paper or repository when used in a methods section.

How scBERT Processes Cells

Let’s walk through what happens when scBERT sees a T cell:

1. Tokenization: The cell’'s 20,000 gene expression values are converted to tokens. Genes with zero or
very low expression might be filtered out, leaving ~5,000-8,000 “active” genes.

2. Embedding: Each gene gets a 128-dimensional vector that combines gene identity and expression
level. Highly variable genes (like T cell markers CD3D, CD3E) get specialized representations.

3. Self-attention: The transformer layers allow every gene to “attend” to every other gene. CD3D can
look at CD3E, CD8A, and other T cell markers to understand the cellular context.

4. Cell-level representation: The final hidden states are pooled to create a single vector representing
the entire cell’s transcriptional state.

Practical Applications

Cell type annotation: After pre—training, scBERT can be fine—tuned on labeled cells from one dataset
and achieve strong performance on held—out cells. Performance on completely new datasets depends
on tissue, batch effects, annotation granularity, and how closely the new data match the pretraining and
fine—tuning data.
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Batch effect correction: Because scBERT learned gene expression patterns across many studies, it nat—
urally learns to separate biological variation (real differences between cell types) from technical variation
(differences between sequencing runs).

Gene imputation: scBERT can predict expression levels for genes that were missed by sequencing
(dropouts). The model uses patterns from other genes to infer what the missing values should be.

Limitations

scBERT treats all genes equally, but we know that transcription factors and signaling molecules have out-
sized importance in determining cell state. The model doesn’t incorporate our prior biological knowledge
about gene regulatory networks.

Additionally, scBERT operates on processed count data, losing information about RNA splicing, velocity
(directionality of change), or spatial context that might be available in the original data.

16.3 Geneformer: Gene Networks as Context
A Network—-Aware Design

Geneformer (2023) took a different approach by representing each cell as a ranked list of expressed genes.
Instead of relying on absolute count values, it asks which genes are unusually high or low within a cell
relative to a large reference corpus.

Rank-value encoding: Genes are sorted by expression level within each cell: - Rank 1: Highest expressed
gene — Rank 2: Second highest — --* — Rank N: Lowest detected gene

This rank—based approach makes the model robust to technical variation in absolute expression levels. A
gene might have 100 counts in one experiment and 1,000 counts in another, but if it's the 5th most highly
expressed gene in both cases, it gets the same rank.

Why ranking matters: In single—cell data, the relative order of gene expression often matters more than
absolute values. If FOXP3 is among the top 50 expressed genes in a T cell, that’s probably a regulatory T
cell—regardless of whether FOXP3's count is 50 or 500.

The Geneformer Architecture

Model specifications: - Pre—trained on about 30 million single—cell transcriptomes — Represents each
cell using rank—value encoding of expressed genes — Learns gene and cell representations through self-
supervised masked—gene prediction — Can be fine—tuned for downstream network-biology tasks with
limited labeled data

Integration with biological knowledge: Geneformer does not need to initialize gene embeddings from Gene
Ontology annotations. Instead, it learns gene—gene relationships from large-scale single—cell expression
context. Biological structure emerges from the self-supervised task and can then be probed through
attention, perturbation, and fine-tuning analyses.

Transfer Learning and In Silico Perturbation

Perhaps Geneformer’s most impressive capability is transfer learning for network biology. After pretraining,
the model can be fine—tuned for tasks such as gene dosage sensitivity, chromatin dynamics, and disease-
state modeling with much less task-specific data than would be needed to train from scratch.

Example: Prioritizing cardiomyopathy targets 1. Pretrain Geneformer on a large corpus of single—cell
transcriptomes 2. Fine—tune or adapt the model to cardiomyocyte disease data 3. Perform in silico per-
turbations to nominate genes whose simulated changes shift cells toward a healthier state
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These predictions are hypotheses for experimental follow—-up, not direct proof of therapeutic efficacy.

Mechanistic Interpretations

Because Geneformer uses attention mechanisms, we can examine which genes the model focuses on
when making predictions. In heart—cell analyses, attention and perturbation patterns can highlight car-
diac transcription factors such as GATA4, NKX2-5, and MEF2C, which gives researchers hypotheses to
compare with known biology.

This interpretability is crucial for biological applications. We don’t just want a “black box” that makes good
predictions; we want to understand why it makes those predictions and whether its reasoning aligns with
biological mechanisms.

16.4 scGPT: Generative Pre—training for Cells
From Classification to Generation

scGPT (2023) asks a different question: instead of just predicting masked genes, can we generate entirely
new cellular states? This generative approach enables new applications like:

* Predicting how cells respond to drugs
» Simulating cellular differentiation trajectories
» Generating synthetic training data for rare cell types

Generative modeling: Given a cell’s current state, scGPT learns the probability distribution over possible
next states. This is similar to how GPT predicts the next word in a sentence, but here we’re predicting
cellular state transitions.

Architecture Innovations

Multi-task pre—training: scGPT trains on three tasks simultaneously:

1. Masked gene prediction (like scBERT)
2. Cell-cell similarity prediction (which cells are neighbors in the tissue?)
3. Generative modeling (what genes should be expressed together?)

This multi-task approach forces the model to learn different aspects of cellular biology: — Task 1: Gene
co—expression patterns — Task 2: Spatial and temporal relationships — Task 3: Statistical co—expression
and generative structure; causal claims require perturbation experiments

Model specifications: — 12 transformer layers — 512-dimensional embeddings — Pre—trained on a large
public single—cell corpus — Can condition on cell type, tissue, and perturbation information — Processes
~100 cells per second

Conditional Generation
A key innovation in scGPT is conditional generation—the ability to generate cells with specific properties.

Example: Simulating drug treatment

Input: Baseline cardiomyocyte + "doxorubicin treatment"
Output: Predicted gene expression after drug exposure

The model learned patterns of how cells respond to perturbations by training on datasets where the same
cell types were measured with and without treatments. It can then predict responses to drugs or genetic
perturbations it hasn’t seen during training.
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Perturbation Prediction
One of scGPT's most impressive capabilities is predicting cellular responses to genetic perturbations:
Task: What happens if we knock out gene X in cell type Y?

The model approaches this by: 1. Taking a reference cell of type Y 2. Setting gene X's expression to
zero 3. Propagating this change through the learned gene network 4. Predicting compensatory changes
in other genes

For example, knocking out a transcription factor might cause downstream target genes to decrease, while
stress response genes increase to compensate. The model predicts these cascade effects.

Validation: Perturbation prediction must be evaluated against CRISPR, drug-treatment, or other perturba—
tion datasets in the relevant cell type. Reported correlations vary by benchmark and should not be treated
as a universal performance guarantee.

16.5 Model Comparison and Selection

Architectural Differences

Model family Released Main input Key Innovation Best For
scBERT 2022 scRNA-seq BERT-style pretraining Cell type
for cell annotation annotation
Geneformer 2023 scRNA-seq Rank-value encoding Network
and transfer learning biology and in
silico
perturbation
scGPT 2024 single—cell multi-  Generative pretraining Perturbation
omics-style and perturbation prediction and
inputs modeling integration
scFoundation 2024 large—scale Large—scale General
transcriptomics transcriptomic transcriptomic
representation learning  transfer tasks
Multimodal/spatial emerging RNA, ATAC, Incorporate additional Tissue context
models spatial, protein measurements and regulatory

mechanisms

When to Use Each Model

Use scBERT when: - You have standard scRNA-seq data — You need fast, accurate cell type annotation —
You're integrating data across batches - Interpretability is less critical than accuracy

Use Geneformer when: - You have limited labeled training data — You need to identify rare cell types —
You want biological interpretability — You're working with new cell types not in your training data

Use scGPT when: - You’re predicting responses to perturbations — You need to generate synthetic cells
- You're studying cellular dynamics - You have paired perturbation datasets

Use multimodal or spatial models when: - You have both RNA and chromatin accessibility data — You're
studying gene regulation — You need to integrate across data modalities

Performance Benchmarks

Benchmark numbers depend heavily on train/test split, tissue, cell ontology, preprocessing, and whether
amodel is fine—tuned. A model that performs well for cell type annotation may not be best for perturbation
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prediction, batch integration, or rare—state discovery. Choose based on your biological question, not just
overall accuracy.

[Optional: The Math] — Attention Mechanisms in Single—Cell Models

The self-attention mechanism is central to all these foundation models. Here’s how it works
for gene expression:

Input: A cell with gene expression values g1, gz, -, g[]

Step 1: Create Query, Key, Value matrices

Q=WQxI[g,g, ..., gl
K=WKxI[g,g, ..., g]
V=WVxI[g, g, ..., g]

Where W_Q, W_K, W_V are learned weight matrices.

Step 2: Compute attention scores

Attention(g, g) = exp(Q - K /¥d) / £ exp(Q - K / vd)

This score represents “how much should gene i pay attention to gene j?”
Step 3: Weighted combination

Output_i = & Attention(g, g) x V

Biological interpretation: High attention from CD3D to CD3E makes sense—they’re both T cell
receptor components. High attention from FOXP3 to IL2ZRA makes sense—both are regulatory
T cell markers. The model learns these gene—gene relationships from data.

16.6 Fine—Tuning for Specific Tasks
The Transfer Learning Pipeline

Foundation models are powerful, but you'll almost always need to adapt them to your specific biological
question. Here’s the typical workflow:

Step 1: Load pre—trained model — obtain the publicly released model weights from the authors’ repository.
Step 2: Prepare your data — normalize and filter your scRNA-seq data as described in Chapter 15.

Step 3: Fine—tune on labeled subset — use 1,000 labeled cells to teach the model cell type classification
for your specific tissue.

Step 4: Apply to all cells — classify all 50,000 cells using the fine—tuned model.

How Much Data Do You Need?

This is where foundation models shine. Traditional approaches might need: — 10,000+ labeled cells to
train from scratch — Hours to days of computation — Careful hyperparameter tuning

With pre—trained models: — 100-1,000 labeled cells often sufficient for fine-tuning — Minutes to hours of
computation — Default hyperparameters usually work well
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Learning Rate Selection

When fine—tuning, use a much smaller learning rate than pre—training: — Pre—training: learning rate ~1e-3
- Fine-tuning: learning rate ~1e-5 to 1e—6

Why? The pre—trained model has already learned good representations. You want to gently adjust these
representations for your task, not overwrite them completely.

Layer freezing: You can freeze earlier layers and only train later layers. This prevents overfitting when you
have limited labeled data. Early layers learn general features (basic gene co—expression patterns), while
later layers learn task—specific features (which patterns indicate specific cell types).

16.7 Embeddings: Capturing Cellular Identity
What Are Cell Embeddings?

After processing a cell through the model, we get a high-dimensional vector (e.g., 512 dimensions) that
represents that cell’s transcriptional state. This is the cell embedding.

Cells with similar embeddings should be biologically similar: = Two CD8+ T cells — similar embeddings -
A CD8+ T cell and a hepatocyte — very different embeddings

Visualizing Embeddings
We can use dimensionality reduction (UMAP, t-SNE) to visualize these embeddings in 2D:
High-dim embedding (512-D) -+ UMAP -+ 2D plot

Key insight: Foundation model embeddings often produce cleaner, more interpretable UMAP plots than
traditional methods (PCA on raw counts) because they’ve learned to emphasize biologically relevant vari-
ation while ignoring technical noise.

Biological analogy: Gene regulatory network inference from embeddings is like reconstructing
who gave instructions to whom in a cell — if gene A’s expression always predicts gene B’s
across millions of cells, A might be upstream of B in the regulatory network. Foundation models
make this inference much more reliable by drawing on patterns from far more cells than any
single experiment.

Gene Embeddings

Beyond cells, these models also create gene embeddings—vectors representing each gene’s functional
properties:

* Genes with similar embeddings have similar functions
» Co-regulated genes cluster together
* Transcription factors form a distinct cluster

Application: Finding genes with unknown function 1. Get embedding for mystery gene 2. Find nearest
neighbors in embedding space 3. Infer function from neighbors

For example, if an uncharacterized gene’s embedding is surrounded by cell cycle genes, it likely plays a
role in cell division.

Cross—Species Embeddings

Some foundation models are trained on data from multiple species (human, mouse, zebrafish). This cre-
ates cross—species embeddings where:
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* Human heart cells and mouse heart cells map to similar locations
* Orthologous genes (evolutionary counterparts) have similar embeddings
* We can transfer knowledge from well-studied model organisms to human

This is powerful for studying human disorders where we can’t do experiments directly.

Teaching Scenario: Identifying Disease—Associated Cell States in Type 2 Diabetes

Background: Type 2 diabetes involves dysfunction of pancreatic beta cells, but the molecular mechanisms
remain unclear. Different patients show different patterns of beta cell stress and failure.

The Challenge: Researchers collect pancreatic islet samples from individuals with type 2 diabetes and
unaffected controls. After scRNA-seq, they have expression data from many thousands of cells. But
which specific beta cell states associate with the disorder?

Foundation Model Approach:

Step 1: Transfer learning — Used a scGPT-style model pre-trained on a large public single—cell corpus -
Fine—tuned on 5,000 labeled beta cells from published studies — Model learned “typical” beta cell expres—
sion patterns

Step 2: Identify altered states — Applied model to patient samples — Model calculates “distance from
typical beta cell state” — Cells with large distances are in altered states

Step 3: Cluster altered cells — Used model embeddings to cluster the altered beta cells - Found 4 distinct
stressed states: 1. ER stress state (high expression of ATF4, DDIT3) 2. Inflammatory state (high IL1B,
TNFA) 3. Dedifferentiation state (low INS, high FOS/JUN) 4. Senescent state (high CDKN2A, CDKN1A)

Step 4: Patient stratification — Different patients showed different proportions of these states — This
explains clinical heterogeneity

Key Results: — Patients with »20% dedifferentiated beta cells had worst glycemic control — ER stress state
correlated with obesity measures — These cell states were invisible to traditional analysis

Clinical Implications: — Suggests different patients might benefit from different therapeutic approaches -
ER stress — might respond to PERK inhibitors — Inflammatory state — might respond to anti—inflammatory
treatments — Enables precision medicine based on cellular phenotypes

Why Foundation Models Helped: - Learned “typical” beta cell state from millions of reference cells — Could
guantify deviations from typical in a principled way — Found biologically interpretable patterns — Required
minimal manual tuning

16.8 Multi-Modal Foundation Models
Beyond RNA: Integrating Data Modalities
The newest generation of foundation models extends beyond scRNA-seq to integrate multiple data types:

scFoundation (2024): A large—scale single—cell transcriptomics foundation model - Learns reusable rep-
resentations from scRNA-seq expression profiles — Supports downstream tasks such as perturbation re—
sponse and drug-response prediction — Multimodal models, including scGPT-style approaches, extend
this idea by incorporating ATAC-seq, spatial context, or other measurements

Spatial foundation models: Incorporate spatial information from spatial transcriptomics

Traditional scRNA-seq loses spatial context—we don’t know where cells were in the tissue. Spatial tran—
scriptomics preserves this, but generates different data types.
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These models learn: — How cell types are spatially organized — Which cells communicate with neighbors
- How spatial position affects gene expression

Trajectory and perturbation models: Predict cellular differentiation trajectories

During development, cells transition through intermediate states. Trajectory—aware models learn these
temporal relationships from time-course, perturbation, or RNA velocity—style data.

Example: Reprogramming fibroblasts to neurons 1. Start with fibroblast gene expression 2. A trajectory—
aware model predicts effects of adding transcription factors 3. Suggests optimal factor combinations 4.
Test the top predictions experimentally against random or baseline selections

16.9 Limitations and Challenges
What Foundation Models Don’t Capture

Causality: These models learn correlations, not causal relationships. Just because genes X and Y are
always co—expressed doesn’t mean X causes Y (they might both be caused by 7).

Rare cell types: Models are biased toward common cell types in training data. A cell type that appears in
only 1% of training samples will be poorly represented.

Dynamic processes: Current models see static snapshots. They struggle with rapidly changing processes
(immune responses, cell cycle) where timing matters.

Cellular interactions: Single—cell models analyze isolated cells. They miss intercellular signaling, physical
contacts, and tissue-level organization (though spatial models are addressing this).

Technical Challenges

Computational requirements: - Pre—training requires 100+ GPUs for weeks - Fine—tuning needs 1-8 GPUs
for hours - Inference (applying trained models) can run on CPUs but is slow

Data quality: — “Garbage in, garbage out” applies — If training data has annotation errors, model learns
wrong patterns — Batch effects must be carefully handled

Interpretability Challenges

Foundation models are complex. Understanding why they make specific predictions remains difficult:

» Attention weights show what genes the model focuses on, but not why
* Embeddings capture patterns, but may not align with our biological categories
* Models might rely on spurious correlations (artifacts) rather than true biology

Best practice: Always validate model predictions experimentally when possible. Use the model to gener-
ate hypotheses, not as final proof.

16.10 Practical Guidelines for Using Foundation Models
When to Use Pre—Trained Models

Good use cases: - Standard scRNA-seq analysis tasks — Limited labeled training data available - Need
fast iteration/experimentation — Working with well-studied tissues/cell types

Problematic use cases: — Highly specialized organisms not in training data — Novel experimental protocols
(spatial, temporal) = When you need perfect accuracy for clinical decisions = When interpretability is more
important than performance

242



Workflow Recommendations

Start simple: 1. Try a pre—trained model with zero—shot learning 2. If inadequate, fine-tune with minimal
labeled data 3. Only train from scratch if fine—tuning fails

Validate predictions: — Compare to known marker genes — Check biological plausibility — Validate key
findings experimentally - Use multiple models and compare results

Ethical Considerations

Training data bias: — Most models trained primarily on data from individuals of European ancestry — May
not generalize to other populations - Critical for clinical applications

Clinical translation: — Foundation models are research tools, not clinical diagnostic tools (yet) — FDA ap-
proval required before clinical use - Must validate on diverse populations

Summary
Key Takeaways

» Foundation models learn general patterns from massive datasets and can be adapted to specific
tasks through fine—-tuning, requiring far less labeled data than training from scratch

» scBERT pioneered BERT-style masked gene prediction for single cells, treating genes as tokens and
cells as sequences, achieving strong performance on cell type annotation

* Geneformer introduced rank-value encoding and self-supervised transfer learning, enabling
network—-biology predictions and in silico perturbation analysis with limited task—specific data

» scGPT added generative capabilities, allowing prediction of cellular responses to perturbations and
simulation of drug treatments or genetic modifications

* Multimodal and spatial models integrate RNA-seq with chromatin accessibility, spatial position, pro-
tein abundance, or temporal dynamics to capture additional biological complexity

* Transfer learning dramatically reduces data requirements: fine—tuning on 100-1,000 labeled cells
often achieves performance that would require 10,000+ cells when training from scratch

* Cell and gene embeddings provide interpretable, low—dimensional representations that capture bio-
logical similarity and can transfer knowledge across species

* Limitations include lack of causal understanding, bias toward common cell types, computational
requirements, and interpretability challenges that require careful validation

O Key Terms
Term Definition
Attention mechanism A neural network component that learns which parts of the input

are most relevant for making predictions, allowing the model to
focus on important gene—gene relationships

Batch effect Technical variation in gene expression measurements arising from
different experimental conditions, sequencing runs, or
laboratories rather than true biological differences

Cell embedding A high—dimensional vector representation of a cell’s
transcriptional state learned by a neural network, where similar
cells have similar embeddings
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Term

Definition

Conditional generation

Fine-tuning

Foundation model

Gene embedding

Generative model

In—context learning

Masked gene prediction

Multi-modal learning

Perturbation prediction

Rank-value encoding

Transfer learning

Zero-shot learning

The ability to generate synthetic data with specific properties by
conditioning the generative model on desired characteristics (e.g.,
cell type, treatment condition)

Adapting a pre—trained model to a specific task by training on a
small amount of task—specific data with a low learning rate

A large Al model trained on broad data that can be adapted to
many downstream tasks, typically through fine—tuning or
few-shot learning

A vector representation of a gene that captures its functional
properties and regulatory relationships based on co—expression
patterns across many cells

A model that learns the probability distribution of data and can
generate new synthetic samples, rather than just classifying
existing samples

The ability to perform a task by seeing a few examples without
any parameter updates or fine—tuning, analogous to few—shot
learning in language models

A pre—-training objective where random genes are hidden and the
model learns to predict them from surrounding context, forcing it
to learn gene—gene relationships

Training models on multiple data types simultaneously (e.g., RNA
expression and chromatin accessibility) to learn relationships
between modalities

Using trained models to forecast how cells will respond to genetic
or chemical interventions without running actual experiments
Representing gene expression by ranking genes within each cell
rather than using absolute expression values, making models
more robust to technical variation

Training a model on one dataset or task, then applying or adapting
it to a different but related task with minimal additional training
Applying a model to tasks or data types it has never been explicitly
trained on, relying on general patterns learned during pre—training

Conceptual Questions

1.

Explain why masked gene prediction is an effective pre—training objective for single—cell data. What
biological knowledge does a model gain by learning to predict masked genes from unmasked ones?

. Compare rank-value encoding (Geneformer) with absolute expression values (scBERT). In what sce-

narios would each approach be more appropriate? What biological assumptions does each make?

. Afoundation model trained primarily on immune cells is applied to analyze neurons. What challenges

might arise? How would you assess whether the model is making valid predictions?

. Consider a model that achieves 98% accuracy on cell type classification but uses attention patterns

that don’t match known biology. Is this model trustworthy? What additional validation would you
require before using it for hypothesis generation?

. How do foundation models handle the scale problem in single—cell biology? Explain why training one

large model on millions of cells is more effective than training separate models for each experiment.
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6. Describe the trade—off between model size and computational efficiency. When might you choose
a smaller, faster model over a larger, more accurate one?

7. Explain how cell embeddings enable cross—species comparison. What does it mean for a human T
cell and a mouse T cell to have similar embeddings?

8. Why is fine—tuning with a small learning rate important? What would happen if you used the same
learning rate for fine—tuning as for pre—training?

Further Reading
Foundational Papers

scBERT - Yang, F., Wang, W., Wang, F., etal. (2022). “scBERT as a large-scale pretrained deep language
model for cell type annotation of single—cell RNA-seq data.” Nature Machine Intelligence, 4, 852-866.

Geneformer — Theodoris, C.V., Xiao, L., Chopra, A., et al. (2023). “Transfer learning enables predictions in
network biology.” Nature, 616, 616-624.

scGPT - Cui, H., Wang, C., Maan, H., et al. (2024). “scGPT: toward building a foundation model for
single—cell multi-omics using generative Al.” Nature Methods, 21, 1470-1480.

Recent Reviews

- Baek, S., Song, K., & Lee, I. (2025). “Single—cell foundation models: bringing artificial intelligence
into cell biology.” Experimental & Molecular Medicine, 57, 2169-2181.

 Ldhnemann, D., Koster, J., Szczurek, E., et al. (2020). “Eleven grand challenges in single-cell data
science.” Genome Biology, 21, 31.

Online Resources

+ CELLxGENE: https://cellxgene.cziscience.com/ (100M+ cells, standardized annotations)
* Human Cell Atlas Data Portal: https://data.humancellatlas.org/
+ Geneformer repository: https://huggingface.co/ctheodoris/Geneformer

What’'s Next

In Chapter 17: Toward Whole—Cell Modeling, we'll explore how foundation models are being integrated
into comprehensive models of entire cells. We'll see how:

 Multiple data modalities (RNA, chromatin, protein, metabolism) can be integrated into unified cell
models

* Dynamic models capture temporal evolution of cellular states

» Spatial models represent tissue architecture and cell-cell interactions

* The Mycoplasma genitalium whole—cell model demonstrates feasibility of comprehensive modeling

* The Human Cell Atlas aims to create a reference map of all human cell types

Before moving on, make sure you can:

O Explain the key differences between scBERT, Geneformer, and scGPT

O Describe when to use pre—trained models vs training from scratch

O Interpret cell and gene embeddings from foundation models

O Critically evaluate model predictions and identify when experimental validation is needed
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Chapter 17: Toward Whole—Cell Modeling

Interactive: Chapter 17

You press “Run.” On your screen, a virtual Mycoplasma genitalium cell begins its life cycle. DNA repli-
cation initiates on a compact bacterial chromosome. Ribosomes translate mRNA into proteins at rates
constrained by available amino acids and ribosome abundance. Metabolic reactions convert imported nu-
trients into energy and cellular building blocks. Hours later, after the simulated cell has grown enough to
divide, the model produces two daughter cells. None of this happened in a petri dish. Every molecule,
every reaction, every stochastic fluctuation was computed — 28 interconnected mathematical models
running simultaneously, passing information to each other at every time step.

This is the whole—cell model: biology’s equivalent of a flight simulator. And just like a flight simulator
lets engineers test “what if the left engine fails?” without crashing a real plane, the whole-cell model
lets biologists ask “what if we knock out this gene?” without touching a real cell. The answer isn’t just
“expression of these 237 genes changes” — it's a mechanistic account of why they change. Reduced
expression of Gene A causes metabolite X to accumulate. Metabolite X allosterically inhibits enzyme Y.
Enzyme Y’s reduced activity triggers the SOS stress response. The SOS response upregulates the 50
ribosomal genes you see in your RNA-seq data. The whole-cell model traces every link in that chain.

We are not there yet for human cells. The landmark M. genitalium whole—cell model, published in 2012,
required years of work and unusually comprehensive data on nearly every annotated gene product in a
very small bacterium. Human cells are vastly more complex. But the trajectory is clear: as Al methods
become more capable of integrating heterogeneous biological data — sequences, structures, expression
profiles, interaction networks — the distance between today’s modular pathway models and tomorrow’s
whole-cell simulations is shrinking.

This final chapter surveys where that frontier stands today: the existing whole—cell models, the Al methods
being developed to extend them, and what it would mean for biology if we could eventually press “Run”
on a human cell.

The Biological Challenge

Cells are not collections of isolated pathways—they are integrated systems where every component in-
fluences every other component. When we perturb one element through genetic manipulation, drug
treatment, or environmental change, the effects ripple through multiple layers of cellular organization.

Consider the scale of cellular complexity:

* Human cells contain approximately 20,000 protein—coding genes

* These genes produce roughly 100,000 different proteins (due to splicing and modifications)

* Those proteins participate in about 400,000 binary interactions

* Metabolic networks involve 3,000+ metabolites and 8,000+ reactions

* Regulatory networks include 1,600+ transcription factors controlling gene expression

+ Signaling pathways connect extracellular signals to intracellular responses through cascades of pro-
tein modifications

Measuring all of these components simultaneously across different conditions is not just expensive—it’s
currently impossible. No technology can capture the complete state of a living cell at molecular resolution
in real time.

Yet understanding cellular function requires precisely this kind of integrated view. A mutation might alter
a protein’s structure (proteomics), which changes its interaction with metabolites (metabolomics), which
triggers transcriptional responses (transcriptomics), which feed back to alter the original pathway (regula—
tory networks). These feedback loops and cross—pathway interactions make it impossible to understand
cellular behavior by studying components in isolation.
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This is why we need whole—cell computational models: frameworks that integrate multiple data types to
simulate the dynamic, interconnected behavior of living cells. These models don’t replace experiments—
they guide them, helping us predict which measurements matter most and which perturbations will reveal
the most about cellular function.

Biological analogy: A whole—cell model is like a flight simulator — instead of modeling one
aircraft component at a time, simulate all systems simultaneously to predict emergent behavior.
A pilot can train on a flight simulator before touching a real plane; similarly, a researcher can
test thousands of genetic perturbations in silico before deciding which experiments are worth
running.

Learning Objectives
After completing this chapter, you will be able to:

O Explain why whole—cell modeling requires integrating multiple omics data types rather than studying
individual pathways

O Describe how the whole—cell Mycoplasma genitalium model combines genomics, transcriptomics,
proteomics, and metabolomics into a unified simulation

O Understand the Human Cell Atlas initiative and how single—cell omics data enables cell-type-specific
modeling

O Evaluate trade-offs between mechanistic models (detailed but limited in scope) and data—driven
models (comprehensive but less interpretable)

O Recognize current limitations in whole—cell modeling and major challenges that remain unsolved

O Anticipate how foundation models might enable next-generation cellular simulations

17.1 The First Whole—Cell Model: Mycoplasma genitalium
Why Start with Bacteria?

When building the first comprehensive model of a living cell, researchers did not begin with a human cell
or even with the laboratory workhorse E. coli. They chose Mycoplasma genitalium, a bacterium with one
of the smallest known genomes among free—living organisms. It offered a tractable starting point:

* A compact genome: about 580,000 base pairs

* A small gene set: roughly 525 genes rather than thousands

* A relatively simple bacterial cell plan with no nucleus or membrane—-bound organelles

* Enough experimental data to constrain many core processes

» Essential processes: DNA replication, transcription, translation, metabolism, and cell division

This choice mattered. E. coli is better characterized and grows faster, but it has a much larger genome and
richer regulatory biology. Even for the smaller M. genitalium, whole—cell modeling proved extraordinarily
challenging.

The 2012 Karr Model: A Landmark Achievement

In 2012, Markus Covert’s group at Stanford published the first complete computational model of the life
cycle of a living organism. Their M. genitalium model integrated:

Genomic Layer: - Complete genome sequence (~580 kb) — Approximately 525 annotated genes with
known or predicted functions — Regulatory sequences and transcription factor binding sites
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Transcriptomic Layer: - Expression levels of all mRNAs — Transcription rates dependent on promoter
strength, transcription factor availability, and RNA polymerase abundance — mRNA degradation rates and
RNA processing

Proteomic Layer: - Translation rates based on ribosome availability and codon usage - Protein abundance,
maturation, modification, and degradation — Protein complex formation (many proteins work as multi-
subunit complexes) - Protein degradation and dilution through cell division

Metabolomic Layer: — Metabolic reactions constrained by stoichiometry and enzyme availability — Nutrient
uptake from growth medium - Energy production and biosynthesis — Biosynthesis of all cellular building
blocks (amino acids, nucleotides, lipids)

Cell Cycle: — DNA replication and chromosome maintenance — Cell division when growth and replication
constraints are satisfied — Chromosome segregation mechanics

The model divided these processes into 28 submodels, each handling specific aspects of cellular function.
These submodels communicated through shared pools of molecules—for example, amino acid availability
links protein synthesis to metabolism.

How the Model Works

At each timestep (one second of simulated cell time), the model:

1. Updates metabolite concentrations based on enzymatic reactions, using current enzyme levels and
metabolite availability

Calculates transcription for each gene based on transcription factor binding and RNA polymerase
availability

Simulates translation of mRNAs into proteins, consuming amino acids and energy

Models protein modifications and complex assembly

Tracks DNA replication progress, including occasional stalling and restart

Checks cell division criteria (sufficient mass and completed DNA replication)

N

R

This creates a dynamic simulation where changing one component (say, deleting a gene) propagates
through the entire cellular network.

Validation Against Experimental Data

The model wasn’t built to simply recapitulate training data; it made testable predictions. The authors
validated it against diverse experimental observations, including:

* Growth and cell-cycle behavior: whether simulated cells could complete a full life cycle

* DNA replication timing: how replication initiation and completion depended on cellular state

* Gene disruption phenotypes: whether simulated gene disruptions were compatible with growth

* Molecular composition: whether predicted RNA, protein, and metabolite levels stayed within plausi-
ble biological ranges

Where predictions failed, discrepancies revealed gaps in biological knowledge—suggesting missing reac-
tions or incorrectly annotated gene functions.

Insights from the Model

The whole—cell model revealed phenomena that single—pathway studies couldn’t capture:

Resource Competition: During rapid growth, ribosomes become limiting. The model predicted that highly
expressed genes would monopolize translation machinery, slowing synthesis of other proteins. Experi-
ments confirmed this prediction.
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Metabolic Bottlenecks: The model identified that under certain nutrient conditions, NAD+/NADH ratio fluc-
tuations created oscillations in energy metabolism. These oscillations propagated to affect transcription
of stress response genes, explaining previously mysterious expression patterns.

Genetic Interaction Effects: When simulating double gene knockouts, the model predicted synergistic
effects—some gene pairs whose individual deletions had mild effects caused lethality when combined.
This revealed hidden redundancies in metabolic networks.

Limitations and Lessons
Despite its success, the model had clear limitations:

+ Spatial organization ignored: Treated the cell as a well-mixed compartment, ignoring actual molecular
crowding and spatial gradients

+ Stochasticity oversimplified: Used deterministic equations where single-molecule events are actu-
ally probabilistic

» Parameter uncertainty: Many reaction rates and binding constants estimated from related organisms

» Regulatory networks incomplete: Missing many post—transcriptional and post-translational controls

Building the model required 10 person—years of effort, highlighting why whole—cell models remain rare
even 12 years later.

17.2 The Human Cell Atlas: Mapping Cellular Diversity
The Challenge of Cellular Heterogeneity

Unlike the M. genitalium model, which represents one simple bacterial cell type, human biology involves
hundreds of distinct cell types. Even cells of the same type show variation:

* Cell state heterogeneity: T cells can be naive, activated, exhausted, or memory cells

» Developmental stages: Neural progenitors gradually differentiate into specific neuron subtypes
+ Tissue microenvironments: Hepatocytes near portal veins differ from those near central veins
* Response variability: Not all cancer cells respond identically to treatment

This is where single—cell omics becomes essential for whole-cell modeling.

The Human Cell Atlas Initiative

Launched in 2016, the Human Cell Atlas (HCA) is an international collaboration to create comprehensive
reference maps of human cell types. Because the portal is continually updated, exact counts should always
be date—stamped. As of recent public portal snapshots, HCA-scale resources contain tens of millions of
profiled cells across many organs and tissues, including:

* Tens of millions of cells profiled using single—cell RNA-seq and related assays

» ~37 organs and tissues including brain, lung, heart, liver, immune system, and developmental sam-
ples

* Multiple omics modalities: scRNA-seq, scATAC-seq, spatial transcriptomics, CITE-seq

» Developmental time series: Cells from early embryonic development through adult stages

» Disease contexts: Samples from patients with cancer, autoimmune disorders, neurodegenerative
conditions

This data enables a new kind of whole—cell modeling: building cell-type—specific models that capture how
different cells implement their unique functions using the same genome.
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Integrating HCA Data into Models
The HCA provides several critical inputs for whole—cell modeling:

1. Cell Type Definitions Single—cell transcriptomics reveals discrete cell types based on co-expressed
gene programs. This allows models to be built for specific cell identities rather than mythical “average”
cells.

2. Regulatory State Maps scATAC-seq shows which regulatory regions are accessible in each cell type.
This reveals cell-type—specific gene regulatory networks—which transcription factors control which genes
in each cellular context.

3. Cell-Cell Communication Cells express ligands (signaling molecules) and receptors that enable com-
munication. HCA data catalogues which cell types express which communication machinery.

4., Developmental Trajectories Time-series single—cell data reveals how progenitor cells gradually transition
into specialized cell types. This provides constraints for modeling cellular differentiation.

5. Disease Alterations Comparing cells from patients with specific conditions to unaffected controls reveals
disease—associated changes in gene expression, signaling, and metabolic pathways.

17.3 Integration Strategies: Combining Multiple Omics Layers

Whole—cell models require integrating different types of omics data, each with distinct characteristics:

Omics Type Molecules Measured Typical Scale Key Features

Genomics DNA sequence 3 billion bp (human) Static, same in all cells

Transcriptomics mRNA levels 20,000 genes Dynamic, cell-type
specific

Proteomics Protein abundance ~10,000 proteins Dynamic, slow
turnover

Metabolomics Metabolite concentrations ~3,000 metabolites Highly dynamic,
subsecond changes

Epigenomics Chromatin states 1 million+ regions Moderately dynamic,

cell-type defining

Challenge: Different Timescales
Cellular processes operate on vastly different timescales:

* Fast (milliseconds to seconds): Metabolic reactions, enzyme kinetics, signaling cascades
+ Moderate (minutes to hours): Transcription, translation, protein folding
« Slow (hours to days): Epigenetic changes, cell differentiation, developmental programs

Models must handle this temporal heterogeneity—metabolic fluxes equilibrate while genes are still being
transcribed from those same metabolic changes.

Integration Approach 1: Hierarchical Modeling

Separate processes into hierarchical layers with different update frequencies:

Layer 1 (slowest): Epigenetic state — Update every simulated hour — Determines which genes are acces-
sible for transcription

Layer 2 (moderate): Gene expression — Update every simulated minute — Determines mRNA levels
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Layer 3 (moderate—fast): Protein synthesis — Update every simulated minute — Determines protein abun-
dance

Layer 4 (fast): Metabolism - Update every simulated second — Determines metabolite concentrations

This approach mirrors biological causality: epigenetic states influence gene expression, which produces
proteins, which catalyze metabolic reactions.

Integration Approach 2: Constraint—-Based Modeling

Rather than simulating every molecular detail, use omics data as constraints on cellular behavior:
Flux Balance Analysis (FBA) models metabolism by:

1. Defining reaction network: List all metabolic reactions the cell can perform

2. Setting constraints: Use transcriptomics and proteomics to constrain reaction rates
 Reactions whose enzymes aren’t expressed: rate = 0
* Highly expressed enzymes: allow higher maximum flux

3. Optimizing objective: Find metabolite fluxes that maximize growth rate

Biological analogy: Flux Balance Analysis is like calculating traffic flow through a city — given
the road network (metabolic network) and the speed limits (enzyme capacity determined by
gene expression), which routes carry the most traffic (metabolic flux)? The model finds the
optimal traffic pattern given all the constraints.

This approach scales better than detailed kinetic models—the human metabolic network with 8,000+ re—
actions can be analyzed in seconds.

Integration Approach 3: Machine Learning Bridges
Use machine learning to predict one omics layer from another:
Example: Predicting protein levels from mRNA

While the central dogma suggests mRNA levels should correlate with protein levels, the correlation is
often weak (r O 0.4) due to: - Variable translation efficiency — Different mRNA and protein half-lives -
Post-translational modifications

Train a neural network to predict protein abundance from mRNA level, mRNA secondary structure, codon
usage, and cell-type identity. This ML model learns the complex relationship between transcription and
translation.

17.4 Multi-Scale Modeling: From Molecules to Tissues
Spatial Organization Matters

Real tissues have spatial structure:

Liver lobules are organized radially: — Portal vein hepatocytes: receive oxygen-rich, nutrient-rich blood;
express different metabolic enzymes — Central vein hepatocytes: process waste, handle toxins; different
expression profile — This spatial gradient creates metabolic zonation

Tumor microenvironments show: - Cancer cells at the core: hypoxic (low oxygen), high glycolysis - Prolif-
erating cells at the edge: access to blood vessels, high biosynthesis — Infiltrating immune cells: variable
distributions
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Agent-Based Modeling

One approach to spatial multi—cell systems is agent—-based modeling:

Each cell is an independent “agent” with: — Internal state (gene expression, metabolite levels) - Behavioral
rules (division when mass threshold reached, death when ATP depleted) - Interaction capabilities (sense
and secrete signaling molecules)

Example: Simulating Tumor Growth

An agent—based model of tumor spheroid growth includes cancer cells with glycolysis—dependent ATP
production, and an environment simulating oxygen diffusion from the edge toward the center.

Running this model reveals emergent structure: — Proliferating rim: cells with oxygen access divide -
Quiescent zone: intermediate cells stop dividing but survive — Necrotic core: central cells die from oxy-
gen/nutrient deprivation

The model predicts how tumor diameter relates to oxygen diffusion distance—predictions matching ex—
perimental tumor spheroid measurements.

Multiscale Integration Challenge
The ultimate challenge: integrate models across scales:

* Molecular (femtoseconds to microseconds): Protein folding, enzyme catalysis
« Subcellular (seconds to minutes): Gene expression, protein synthesis

« Cellular (minutes to hours): Cell cycle, metabolism, differentiation

« Tissue (hours to days): Cell-cell interactions, spatial patterning

* Organism (days to years): Development, aging, disease progression

No current model spans all scales simultaneously. Instead, researchers use scale—bridging strategies:

1. Parameter passing: Tissue—level model sets constraints for cell-level model
2. Temporal separation: Fast processes equilibrated before simulating slow processes
3. Hybrid methods: Detailed models for critical components, coarse—grained models for context

[Optional: The Math] — Flux Balance Analysis

Flux Balance Analysis (FBA) is a constraint-based method for modeling metabolic networks
without requiring detailed kinetic parameters.

The Core Idea: At steady state, metabolite production rates equal consumption rates. For each
metabolite:

2 (production fluxes) - £ (consumption fluxes) = 0
The Mathematics:

Define: — S: Stoichiometric matrix (m x n), where m = metabolites, n = reactions — v: Flux
vector (n x 1), reaction rates we want to find

The steady-state constraint: S-v=0

Additionally, each reaction has bounds: v_min < v £ v_max

FBA typically maximizes biomass production: maximize: b =¢"T - v
Example with Real Numbers (simplified):

Reactions: 1. Glucose — 2 Pyruvate (glycolysis) 2. Pyruvate — Acetyl-CoA (oxidative) 3. Pyru-
vate — Lactate (fermentation) 4. Acetyl-CoA — Biomass

With glucose uptake fixed at v1 = 10 mmol/hr, maximize v4:
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Solution: v2 = 20, v3 = 0, v4 = 20 — predicts purely oxidative metabolism maximizes growth,
matching what cells do in oxygen-rich conditions!

A related idea appears in cancer metabolism: many tumors show aerobic glycolysis (the War-
burg effect), where carbon is diverted toward lactate and biosynthetic pathways even when
oxygen is available. Real tumor metabolism is more complex than this toy FBA example, but
the example shows how constraints can redirect flux.

Teaching Scenario 17.1: Predicting Antibiotic Resistance Evolution
The Biological Question

When bacteria are treated with antibiotics, resistant mutants eventually emerge. Can we predict which
mutations will arise and how long it will take?

The Computational Approach

This teaching example combines a mechanistic bacterial cell model with evolutionary simulation:

Step 1: Enumerate possible resistance mutations — Known resistance genes: efflux pumps, target modi-
fications, drug—degrading enzymes — 1,247 possible single mutations in 89 genes

Step 2: Simulate each mutation in the whole—cell model — For each mutation, run the model under antibi—
otic stress — Calculate fitness: growth rate with drug present — Calculate cost: growth rate without drug
(resistance often reduces growth)

Step 3: Model evolutionary dynamics - Large population (10*9 cells) - Mutation rate: 10"-8 per base pair
per generation — Selection for resistance when antibiotic present

Step 4: Predict evolutionary trajectories — Which mutations arise first - Whether second mutations com-
pound resistance — Time to evolve high-level resistance

lllustrative Experimental Validation

The validation design would compare model predictions against laboratory evolution of bacterial popula—
tions under antibiotic selection:

Prediction 1: marA mutations appear first — Model: 78% of simulated populations show marA mutations
by generation 100 - Experiment: 83% of evolved populations had marA mutations

Prediction 2: Efflux pump gene (acrB) duplications provide second step — Model: 45% of marA mutant
populations — Experiment: Found in 52% of populations

Prediction 3: Combined mutations enable 4x higher drug tolerance — Model: MIC increases from 8 ug/mL
to 32 ug/mL - Experiment: Measured MIC of 28-36 ug/mL in evolved strains

Biological Insights

The model revealed why certain evolutionary paths dominate: — marA mutations provide broad resistance
with minimal fitness cost — Alternative paths (target modifications) provide higher resistance but reduce
growth rate 15-20% - This computational approach could guide antibiotic combination therapy
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Teaching Scenario 17.2: Integrating Single—Cell Atlases to Model Diabetes
The Clinical Challenge

Type 2 diabetes involves dysfunction in multiple cell types: — Pancreatic 8—cells fail to secrete enough in—-
sulin — Muscle cells become insulin—resistant — Liver cells overproduce glucose — Adipocytes show altered
fat storage

Using HCA Data

In a realistic analysis, researchers might combine public single—cell pancreas atlases with a smaller disease
cohort, for example samples from controls and individuals with type 2 diabetes:

Key finding in B—cells:

Gene Set Change in Diabetes Biological Role

Insulin signaling | 35% average Glucose sensing
Mitochondrial genes | 28% average ATP production

ER stress genes t 2.8-fold Protein misfolding response
Inflammatory markers 1 3.2-fold Immune activation

lllustrative Model Predictions for Diabetes 8—cells

Using the altered expression profile from patients with diabetes: — Reduced mitochondrial genes — 32%
lower ATP production capacity — Lower ATP — impaired insulin granule priming — ER stress activation —
reduced insulin synthesis — Net effect: 58% reduction in glucose—stimulated insulin secretion

In a real study, this prediction would need to be compared with independent islet physiology measure—
ments under matched glucose conditions.

Multi-Cell-Type Integration

The team built models for muscle cells, hepatocytes, and adipocytes, integrating across cell types through
the bloodstream:

In the diabetes model: - Impaired B-cell function — less insulin secreted - Muscle resistance — reduced
glucose uptake despite insulin — Liver overproduction — continued glucose release — Net effect: sustained
hyperglycemia

Therapeutic Predictions

The model predicted that: 1. Improving mitochondrial function in B-cells could restore 40% of insulin
secretion 2. Reducing ER stress could prevent 8—cell death 3. Targeting muscle inflammation might
restore insulin sensitivity better than targeting adipose inflammation

These predictions would guide experimental prioritization: test mitochondrial support, ER-stress reduction,
and anti-inflammatory interventions in cell-type—specific assays before making therapeutic claims.

17.5 Current Limitations and Future Directions
What We Can’t Model Yet

1. Spatial Organization — Most models treat cells as well-mixed compartments — Reality: proteins localize
to specific organelles, signaling occurs at membranes, chromatin has 3D organization
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2. Stochasticity - Models often use deterministic equations — Reality: With low molecule numbers (e.g.,
10 copies of a transcription factor), stochastic events matter enormously

3. Regulatory Completeness — Models include known transcription factors and signaling pathways — Real—
ity: Non—coding RNAs, RNA-binding proteins, metabolite-mediated regulation, and mechanical forces all
influence gene expression

4. Parameter Uncertainty - Models need kinetic rates, binding constants, and degradation rates for thou—
sands of reactions — Reality: Direct measurements exist for {10% of parameters

5. Evolutionary Dynamics — Models represent single timepoints or short timescales — Reality: Tumor cells
evolve over months, bacterial populations evolve under selection

Emerging Solutions: Foundation Models for Biology

The success of language models (GPT, BERT) suggests a new approach: train large models on compre-
hensive biological data to learn general principles of cellular function.

Concept: - Pre—train on massive multi-omics datasets (millions of cells, thousands of conditions) - Model
learns relationships: which genes co—-express, which metabolites correlate, which perturbations cause
which responses — Fine—tune for specific predictions: effect of a gene knockout, response to a drug,
developmental trajectory

Recent examples: — Geneformer (Chapter 16): Trained on 30M single—cell transcriptomes, learned gene
regulatory relationships — scGPT: Predicts cell type, perturbation responses, genetic interactions - ESM-2:
Learned protein structure principles from sequences alone

Next step: Multi-modal foundation models

Future models could integrate: - Genomic sequences (for every cell) - Transcriptomic states (from
scRNA-seq) - Chromatin accessibility (from scATAC-seq) - Protein structures (predicted from sequence)
- Metabolic networks (from genome annotation) — Spatial context (from spatial transcriptomics)

Such models might predict: — How a mutation changes cell state (genotype-to—phenotype) — How a drug
perturbs cellular function (for personalized medicine) — How cells differentiate during development (for
regenerative medicine) - Which genetic interactions cause synthetic lethality (for cancer therapy)

The Path Forward
Building truly comprehensive whole—cell models requires:

1. More complete biological data — Continued single—cell omics across all human cell types (HCA) - Time—
series data to capture dynamics — Perturbation data to reveal causal relationships

2. Better integration methods — Machine learning to bridge omics layers — Hybrid mechanistic-ML models
- Multi-scale methods spanning molecules to tissues

3. Computational advances — GPU-accelerated simulations — Approximate methods for stochastic pro-
cesses

4. Experimental validation — CRISPR screens to test model predictions — High—throughput assays to
measure parameters directly — Iterative model refinement based on prediction failures

The ultimate goal: in silico cell lines that accurately simulate any perturbation, enabling researchers to test
thousands of hypotheses computationally before selecting the most promising for experimental validation.
This won’t replace experiments—it will make experiments more efficient and more informative.
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Summary
Key Takeaways

« Whole—cell modeling integrates multiple omics layers (genomics, transcriptomics, proteomics,
metabolomics) to simulate the dynamic, interconnected behavior of living cells rather than studying
pathways in isolation

* The 2012 M. genitalium whole—cell model demonstrated that comprehensive cellular simulation is
possible, combining 28 submodels to simulate a full bacterial life cycle and predict phenotypes from
genotype

* Human Cell Atlas-scale resources provide cell-type—specific data from tens of millions of human
cells, enabling construction of specialized models that capture how different cells use the same
genome to perform distinct functions

- Integration strategies include hierarchical modeling (separating fast and slow processes), constraint-
based methods like Flux Balance Analysis (using omics data as constraints), and machine learning
bridges (predicting one omics layer from another)

* Multi-scale modeling extends from molecules to tissues using approaches like agent—based model-
ing where individual cell behaviors create emergent tissue—level organization

* Whole—cell and cell-state models can make testable predictions about antibiotic resistance evolution,
diabetes pathophysiology, and drug responses that guide experimental validation and therapeutic
development

* Current limitations include incomplete spatial organization, stochastic effects, regulatory networks,
parameter uncertainty, and evolutionary dynamics—but foundation models trained on comprehen-
sive biological data offer promising solutions

* The future involves multi-modal foundation models that integrate genomic sequences, transcrip—
tomic states, chromatin accessibility, protein structures, and spatial context to predict genotype—to-
phenotype relationships for personalized medicine

O Key Terms
Term Definition
Agent-Based Modeling Computational approach where individual cells are simulated as

independent “agents” with internal states and behavioral rules,
enabling emergent tissue—level patterns from cell-level
interactions

Cell State Heterogeneity The variation in molecular profiles (gene expression, protein levels,
metabolite concentrations) among cells of the same type due to
different activity states, developmental stages, or
microenvironments

Constraint—-Based Modeling Approach to modeling cellular metabolism that uses
stoichiometric constraints and optimization objectives rather than
detailed kinetic parameters, exemplified by Flux Balance Analysis

Emergent Behavior Tissue— or system-level patterns that arise from interactions
among individual components (cells) without being explicitly
programmed, such as spatial organization or collective responses

Flux Balance Analysis (FBA) Mathematical method for predicting metabolic fluxes in cellular
networks by optimizing an objective (typically growth) subject to
mass balance constraints and reaction capacity limits
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Term

Definition

Hierarchical Modeling Approach that separates cellular processes into layers operating at

different timescales (epigenetic, transcriptional, metabolic) with
upper layers constraining lower layers

Human Cell Atlas (HCA) International collaboration to create comprehensive reference

maps of human cell types using single—cell and spatial omics;
portal counts change over time and should be cited with an
access date

Metabolic Flux The rate at which metabolites flow through a specific reaction or

pathway in a metabolic network, typically measured in mmol per
hour per gram of cells

Multi-Modal Foundation Model Machine learning model trained on multiple types of biological

data (genomics, transcriptomics, proteomics, etc.) simultaneously
to learn comprehensive relationships among cellular components

Multi-Scale Modeling Integration of models spanning different biological scales

(molecular, subcellular, cellular, tissue, organism) to capture
phenomena that emerge from cross—scale interactions

Spatial Transcriptomics Technology that measures gene expression while preserving

spatial location information within tissues, revealing
position—dependent cellular states

Stoichiometric Matrix Mathematical representation of a metabolic network where each

row represents a metabolite and each column represents a
reaction, with matrix entries indicating how many molecules are
consumed or produced

Systems Biology Interdisciplinary field that studies biological systems as integrated

networks of genes, proteins, and metabolites rather than as
collections of isolated components

Whole-Cell Model Comprehensive computational simulation that integrates multiple

cellular processes (DNA replication, transcription, translation,
metabolism, regulation) into a unified framework

Conceptual Questions

1.

Explain why whole—cell modeling requires integration of multiple omics types rather than just tran-
scriptomics. Consider a scenario where you have complete transcriptomic data showing all gene
expression levels. What cellular information would you still be missing that affects cell behavior?

. The 2012 M. genitalium whole—cell model divided cellular processes into 28 submodels. Why is

this subdivision necessary? Think about computational complexity, biological causality, and different
timescales.

. Compare mechanistic models (like the M. genitalium whole—cell model) versus data—driven founda—-

tion models. What are the advantages and limitations of each approach? When would you choose
one over the other for a biological question?

. The Human Cell Atlas reveals that cells of the same type show considerable variation in their molec—

ular profiles. How does this heterogeneity complicate whole—cell modeling? How might you account
for it in your model design?

Consider Flux Balance Analysis, which predicts metabolic fluxes without requiring detailed kinetic
parameters. What assumptions does this method make? When might these assumptions fail to
capture real cellular behavior?
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6. Agent-based models treat each cell as an independent agent with behavioral rules. Give an example
of a tissue—level phenomenon that could emerge from simple cell-level rules. What would those
rules be?

7. The case study on diabetes required integrating models of B—cells, muscle cells, hepatocytes, and
adipocytes. Why is multi-cell-type modeling essential for understanding metabolic disorders?
Would modeling 8—cells alone have been sufficient?

8. Current whole—cell models have limitations in capturing spatial organization, stochasticity, and com—-
plete regulatory networks. For each limitation, suggest one experimental technology or computa-
tional method that could help address it.

Further Reading
Foundational Papers

1. Karr, J. R., et al. (2012). “A whole—cell computational model predicts phenotype from genotype.”
Cell, 150(2), 389-401.

* The landmark paper describing the first whole—cell model of Mycoplasma genitalium

2. Thiele, I., et al. (2013). “A community-driven global reconstruction of human metabolism.” Nature
Biotechnology, 31(5), 419-425.

3. Regev, A., etal. (2017). “The Human Cell Atlas.” elLife, 6, €27041.

Recent Reviews

1. Karr, J. R., & Gutschow, M. V. (2021). “WC-Lang: A multi-algorithmic language for whole—cell
modeling.” Bioinformatics, 37(23), 4481-4490.

2. Orth, J. D., et al. (2010). “What is flux balance analysis?” Nature Biotechnology, 28(3), 245-248.

3. Svensson, V., et al. (2018). “Exponential scaling of single-cell RNA-seq in the past decade.” Nature
Protocols, 13(4), 599-604.

Online Resources

* Human Cell Atlas Data Portal: https://data.humancellatlas.org/
« Whole Cell Knowledge Base: https://www.wholecell.org/
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