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Understanding and designing regulatory DNA using
machine learning

Jacob Schreiber

Genomics and Computational Biology
UMass Chan Medical School
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first assembly of a human reference genome left us with ..

GAAAACAAGTACCATTTTCAACATTAACTGATGCCTTGGCTTCATGCTATAATGCCATGTTGTGTTTCACTATAACCTCAGAGTGA
ATGAAAGAGGAAAATGGAGCTAGT TGAAATTTCTGCCTAAACTAGCCAGAT TTTGAGACACTAAGT TATCTCAAATCAAGAAATCA
CCCTAATGAGAATTTCAATAACCTCAGGAATTTAAGGTGCATGCATCCCCCACCCCCCCCTTTTTTTTTTGAGACGTAGTCCCGCT
CTGTTGCCCAGGCTGGAGTACAGTGGLGCGATATCGGCTCACCACAACCTCTGCCTCCCAGGTTCAAGGGATTCTCCCGCCTCAGE
TTCCAGAGTAGCTGGGACTACAGACACCCACCACCATGCGTGGCTAATTTTTGTATTTTTAGTAGAGAGGGGGTTTCGCCATGTTG
GCCAGGCTGGTTTCAAACTCCTGACTTCAGGTGATCCGCCTGCCACGGCCTCCCAATTTACTGGGAT TACAGGGGTGGGCCACCGE
GCCCGGCCTTTTTCT TAAT T T TTAAAAATATTAAAGTTTTATCCCATTCCTGTTGAACCATATTCCTGATTTAAAAGT TGGAAACG
TeGTGAACCTAGAAGTATTTGTTGCTGGGTTTGTCTTCAGGTTCTGTTGCTCGGTTTTCTAGT TCCCCACCTAGTCTGGGTTACTC
TGCAGCTACTTTTGCATTACAATGGCCTTGGTGAGACTGGTAGACGGGATTAACTGAGAATTCACAAGGGTGGGTCAGTAGGGGGT
GTGCCCGCCAGGAGGGETGEGTCTAAGGTGATAGAGCCTTCATTATAAATCTAGAGACTCCAGGATTTTAACGTTCTGCTGRACTG
AGCTGGETTGCCTCATGTTATTATGCAGGCAACTCACTTTATCCCAATTTCTTGATACTTTTCCTTCTGGAGGTCCTATTTCTCTAA
CATCTTCCAGAAAAGTCTTAAAGCTGCCTTAACCTTTTTTCCAGTCCACCTCTTAAATTTTTTCCTCCTCTTCCTCTATACTAACA
TGAGTGTGGATCCAGCTTGTCCCCAAAGCTTGCCTTGCT T TGAAGCATCCGACTGTAAAGAATCTTCACCTATGCCTGTGATTTGT
GGGCCTGAAGAAAACTATCCATCCTTGCAAATGTCTTCTGCTGAGATGCCTCACACGGAGACTGOTAAGAAAGAAATTTATCCTTG
AAAGGCCAAGTTCCT TAAGGGAAAAGAGAGAAGGAGAGAGGGT TAAGGGATCATTTCCCTCTTGAGCAATGATGGACCATTACTAT
AAAGAAGTGTTATTATCAACTAATCCTCTGGAAACCCCTTTTTCCATTATAACTTGGTGGCACCTGCCCTTTGAACTATGTCCCAG
GTCTCAGGAGTGTGCATTGAGT TGAAGGACACAGAATTCGGCAGT TGAACAGTGTGCAGTAAGTTTGAGAACCTATGGGCT TAGGC
ATGGTGGAAACAAAAATGTATCGT TATAGT TAAATGAAGGTGATGTGTACATCTTCACATAGTGCTGGACACATGTGAATARATAG
CAGATTTATTGCTAATTAGCCAGAAGACCTAACGTCATAGCTCAGGGATGAGCATGATTTTGTTTTGCCAAAAATGGCATGELAAA



These assamblies were augmented with high-throughput assays measuring
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cell type-specific signals
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Sequence-based machine learning models can be trained to make predictions..

Avsec et al. (2021)

Pradiction al known Lafty1 enhancer
chr1:180924752-180825152



Sequence-izased machine learning models can be trained to make predictions..
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Sequence-izased machine learning models can be trained to make predictions..
and highlight nucleotides driving activity with attributions

Prediction at known Lafty1 enhancer
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The same iclea can then be used to design sequences with desired properties

Desired Output
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Understanding cis-regulatory elements at
single-cell resolution with DragoNNFruit
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lmiprovarraits in single-cell tech allow us to investigate continuous biological
processes such as cellular reprogramming

o _-s . Log Expression (tp10ok)
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Donor-derived
dermal fibroblasts Fibroblasts

Suraq Nair, Mo Ameen

Fibroblasts Gene expression from
harmonized parallel scRNA-

seq, not an exact mapping



lmiprovarnants in single-cell tech allow us to investigate continuous biological
processes such as cellular reprogramming

Q- - |
— I pre-/iP5
Donor-derived : .
demmal fibroblasts e !
Ao T i
K ] [!;,_.-:_,:.1' & _: l . High OSK
. ',ﬂ{.'__ D4 “E 31|28 Very High OSK
KOS Y.
Lo O] @ : High OSK
Sendal Virus : Very High OSK

Fibroblasts Gene expression from
| harmonized parallel scCRNA-

é ? seq, not an exact mapping




Mcest processes are driven by a complex interplay between cis- (sequence-
based) and trans- (protein- and other molecule-based) regulation
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High ectopic expression of OSKM trans-factors drive rapid
changes in active cis-regulation (specific sites that are bound)




However, most analysis pipelines involve clustering+pseudobulking the data
and treating it as a set of discrete states

« Fibroblast

* Fibroblast-like

« Fibroblast-like

* Fibroblast-like
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DragolVNiruit extends sequence-based modeling frameworks to single-cell

data

Cells

Loci




DragolNINITruit extends sequence-based modeling frameworks to single-cell
data
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CragoNNFruit accurately predicts accessibility as it changes across reprogramming

Observed Reads Cluster Pseudobulks
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Scme pezis appear to shift coordinates as proteins alter their binding
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Some sitas exhibit persistent accessibility but change their reasons why

Observed Reads Predicted Accessibility

chr3:197,480,781-197,483,781




Accessioility at the NANOG promoter is driven by the usual suspects..

chr12:7,789,855-7,790,035 Nanog Promoter
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Understanding cis-regulatory elements at Designing cis-regulatory elements using
single-cell resolution with DragoNNFruit Ledidi
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Inveriing ths normal machine learning paradigm to design sequences with
desired properties

Initial Sequence
ACGT




Ledici furns the edit design task into a simple optimization problem

Ledidi Weight Edited
Initial Sequence Matrix Sequence Ph:e-tr?mecj Brazen
achine Learning
ACGT ACGT ACGT Model
A
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|




Arinitie! test shows Ledidi can design edits predicted to greatly increase GATA binding

Ledidi + BPNet (GATA2)

15.0
12.5
10.0
7.5 — = - Original Predictions
3.0 ~ — - Desired Predictions

4.5

# Edited Sequences

0.0
1 2 3 4

Predicted Log Counts
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The number of edits is significantly lower than expected by precisely targeting regions
that are "poised” to become binding sites

Original

Ledidi

Attribution

(colored characters show edits)
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Ledici ~ar clasign edits yielding desired characteristics in a variety of settings

BPMet (GATAZ)
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Ledici ~itows multiple models to be used simultaneously for design

ML Models Predictions
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Ledidi =an use multiple DeepSTARR models to design cell type-specific enhancers

DeepSTARR
(0sC)

min Il - B +

Input Loss  On Target Off Target
Loss Laoss




Ledidi zan use multiple DeepSTARR models to design cell type-specific enhancers
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These designed enhancers intentionally exhibit a range of activities
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Ledidi zan uze multiple DeepSTARR models to design cell type-specific enhancers

i l Initial Activity Target Activity
—
P— l
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Ledici ~ar turn a weak S2-specific enhancer into an strong OSC-enhancer
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e car Lze multiple models to programmatically control which TFs drive accessibility

Desired Output
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Understanding cis-regulatory elements at
single-cell resolution with DragoNNFruit
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Designing cis-regulatory elements using
Ledidi
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Ledici ~ar <lasign edits yielding desired characteristics in a variety of settings
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Ledici al.owis multiple models to be used simultaneously for design
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Ledici *urns the edit design task into a simple optimization problem

ledidi loss = input_loss * A + output_loss

Ledidi Weight Edited
Initial Sequence Matrix Sequence P"e'tr:?'“‘-'ﬂ Frozen
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DragoldNIruit extends sequence-based modeling frameworks to single-cell
data

Accessibility Model
Residual Block xB
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cell Representation [ I Key Point 1: Once dragonnfruit is
trained it literally produces a model
for each cell and do anything a
{pseudo-)bulk model can do.
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MCBH

Motivation

In many scientific problems we want to model the dynamic evoluti
(e.g. cells) over time
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MCB

| Inference of Dynamics & Structu




How can we address both problems jointly?

with the ones that do having limitations



MCBH

Challenges

There are still significant challenges for addressing the problems of mod
dynamics and inferring the network structure of these systems
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§ Simulation Free Training (flow +

SF2M (Tong et al, 2024) infers dynamics from noisy snapshots by |
population flow

I



MCBH

StructureFlow (our method)

However, Tong et al. doesn’t exactly address this joint learning task, or mode

Liapizm(0) = By » o [[[00 () — 00 (x|2)||? + M2)||s?(x) —



How well does this work?




BN StructureFlow scales better to larger sys

5% sparse 20% sparse 40
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MCBH

StructureFlow can be trained efficiently

5% sparse 20% sparse
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MCBH

Il - Simulated Biological Systems

Joint Trajectory Inference and GRN inference on small, curated, s
systems, each representing common gene regulatory mechanics
Data generation with BoolODE (Pratapa et al., 2020)
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MCB

| 11 - Simulated Biological Systems
(Structure Learning)

Joint Trajectory Inference and GRN inference on small syntheti

< GRN inference measures AP and AUROC of the recovered gr
True Grap

ground truth
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MCB

| 11 - Simulated Biological Systems
(Structure Learning)
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MCB

| 11 - Simulated Biological Systems
(Trajectory inference)

StructureFlow (ours) Referen

Observational Knockout g7 Observational

|
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MCBH

Il - Simulated Biological Systems
(Trajectory inference)

- Trajectory inference measures W2 and MMD, where one tim
hidden from the model during training

TF CY LL HSC (Curated)
Wal MM Wal MMD] Wl MMD) Wal MMD, Wal
[SF:"M (ODE) 0.76 2002 0132001 J052£001 0QI52000 0852004 0092001 0672001 0082000 03800
|SE-’}'—'M (SDE) 0.79£002 0072001 0532001 0062000 1LI12005 0132001 0642001 0022000 045200
RF 1.03 2000 0072000 (076000 0052000 1192000 0102000 0722000 0022000 081204
StructureFlow (ODE) | 0.79 2001 0132000 0572001 0142000 0B3£0.02 0.19£001 0682001 007£000 03700
StructureFlow (SDE) | 082002 008+£001 (059001 0062000 1052003 0122001 0662001 0022000 042200
Top in Bold

Second

in Blue




Real Data (Renge, CRISPR KO

Multi-marginal dataset (4 time-points) of iPSCs with CRISPR in
(knockouts) for 23 transcription factors (Tokumasu et al., 2023
- Higher dimensionality (103 genes)

- Downside: ground truth network is a subset, experimental e

ko
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Il - Real Data (Renge, CRISPR KO

- Gene Regulatory Network Inference Results

B RENGE BN RF B StructureFlow
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Il - Real Data (Renge, CRISPR KO

- Trajectory Inference performance (prediction of unseen time

Average
Wal MMD/|
[SF]°M (ODE) 5.75+£0.09 0.019 £ 0.004
[SF|?M (SDE) 6.13+0.11 0.018 + 0.004
RF 6.53+£0.06 0.018 £+ 0.004

STRUCTUREFLOW (ODE) 5.63+0.04 0.020 £+ 0.004
STRUCTUREFLOW (SDE) 5.94 £0.04 0.019 £ 0.004

Top in Bold
Second in Blue




Conclusion & Future Work

This is still a hard (and unsolved) problem!

We introduce an (efficient) method for jointly inferring networ
and dynamics (with a single model and end-to-end optimizatio

Still some limitations and things to improve ... future work?
- We don’t think the model is learning true causal relationship
- Still challenging to systematically select good hyperparamet

i

Second in Blue
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Il - Simulated Biological Systems

Joint Trajectory Inference and GRN inference on small, curated, s
systems, each representing common gene regulatory mechanics
Data generation with BoolODE (Pratapa et al., 2020)
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StructureFlow can be trained efficiently

5% sparse

20% sparse

104 - i
— - = P L — ,.-""f
W - - — "
{ului 'r_,_..-"""-. / ‘r..“_._....-"'" #.'__..-“' _-.'___--
E - _J_..-—f"'ﬂ - _,.-“’ff -
F_F']-D} e J— — Sy i il
=
"% 101 e
= R = [ (R — et e R .

(i]
30 25 50 100 200 500 10 25 50 100 200 500 10 25
System Size

System Size

== StructureFlow == NGM-MODE ReferencefFitting




MCB

. nsanjana@nygenome.ong

-~ 148 emaits found All secounts = schedule a mealing (o discus Al
& Compose

Noville Sanjana
B inbox ki - Automatic reply Re: scheduls & meating 1o discus Al

AT

Al across biohogy

EasyChair MLC - ' Automatic reply Ra: Al company meeting?
slurm

Mail ) )
o Naoville, Gamze, Marcin, Dan

| | some personal news
.
Key Point 2:|
can be E'n"f“i 0 daknowles@nygenome
Meville, Marcin, Rahul, Dan, Gamze



MCB

Key Point 2:
can be anyth
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s | STAGED:

e | A Multi-Agent Neural Network for Learning
s Cellular Interaction Dynamics

Jodio F. Rocha®, Ke Xu, Xingzhi Sun, Ananya Krishna, Dhananjay Bhaskar,

u Blanche Mongeon, Morgan Craig, Mark Gerstein, Smita Krishnaswamy
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STAGED:
A Multi-Agent Neural Network for Learning
Cellular Interaction Dynamics

Jodo F. Rocha*, Ke Xu, Xingzhi Sun, Ananya Krishna, Dhananjay Bhaskar,
Blanche Mongeon, Morgan Craig, Mark Gerstein, Smita Krishnaswamy
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Transcriptomics Data
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MCBRLab :
Single Cell Data

55'51EI‘I'! with latent structure
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rajectories in the data

PHATE visualization
PHATE wvisualization
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rajectories in the data
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Gene Dynamics
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Gene Regulatory Networks

Node A Node B

Granger
Causality  Node Node C

Node D
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Spatial Transcriptomics Data

+ Spatial Transcriptomics: Gives
information on both the space and
gene-level.
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Spatial Transcriptomics Data: Hierarchical Graphs
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lime evolving Spatial Transcriptomics Data

Colly
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STAGED
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Spatio-Temporal Agent-Based Graph Evolution Dynamics (STAGED)

. Agent Based Learning
Tumor Microenvironment

G @ T, - Il

Level 1: Cell-cell communication (agents talking)
+ Level 2: Gene regulatory networks (within each cell)
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High-level Architecture

Graph Attention

e Metworks
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Better dynamics inference

Graph Attention
Networks
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Biological Prior I: Ligand Receptor Pairs

Graph Attention
MNetworks
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Better dynamics inference

Graph Attention
Networks
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Biological Prior |Il: Agent-based learning

Grapgh Attention
Metworks
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Better dynamics inference

Graph Attention
Networks
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Biological Prior Il: Agent-based learning

Gragh Attention
Metworks
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UE:HELY T htaining the cell-cell interactions from
attention

Graph Attention
Networks

Spatial neighborhoods — Attention mechanism — Gene dynamics

Each agent in STAGED is a cell-type—specific model composed of a
graph attention network (GAT) and a neural ODE.
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Preliminary Results
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Simulating Oscillatory Dynamics

Mimicking oscillatory dynamics

STAGED can accurately
capture these dynamics,
shown here one cell type
for a subset of genes.
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Results — Real Data

Yale scHOOL OF MEDICINE



MCBRLab

Microglia during Alzheimer’s disease

Regulatory programs in microglia during Alzheimer's disease
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Simulations using simulated GRNs

A Gene Regulstory Metwork B 1 s g L C 1
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Spatially resolved stochastic simulation of gene expression dynamics in a
randomly constructed gene regulatory network (GRN) using GillesPy2.
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Next Steps

- Use small simulation of GRNs
Improve benchmarking and simulations
- Apply Multi-Agent RL techniques

- Application to new cancer data
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Next Steps

- Use small simulation of GRNs
Improve benchmarking and simulations
- Apply Multi-Agent RL techniques

- Application to new cancer data
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MIOFlow
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MIOFlow models continuous population dynamics by learning optimal
transport-driven flows in a manifold-aware latent space to interpolate
between static data snapshots.
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Motivation

¢ Why perturbation response matters?
¢ Current challenge: FMs often don't outperform simple baselines.

o Key gap: we don't understand which part (embeddings, downstream models,
datasets) drive performance.

A systemaltic comparison of
computational methods for expression
forecasting

ﬁmﬁ-!ﬁrnlng based gcné pcﬁt.irlﬁatlun effect
prediction does not yvet outperform simple linear
baselines \
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Al X WEET-188 (107 BT ey ‘

choice of metric, and especially for simple metrics like mean squared emor, it is uncommaon for '
expression forecasting methods to out-perform simple baselines, Our platform will serve as a
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Motivation

¢ Why perturbation response matters?
e Current challenge: FMs often don't outperform simple baselines.

o Key gap: we don't understand which part (embeddings, downstream models,
datasets) drive performance.

PT———— A systematic comparison of
Dccp !earning based g':“': perturhatlun effect computational methods for expression
prediction does not yvet outperform simple linear :
baselines forecasting
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choice of metric, and especially for simple metrics like mean squared emor, it is uncommaon for
expression forecasting methods to out-perform simple baselines, Our platform will serve as a




Goal

¢ What makes an embedding useful for perturbation response?

1.

We fix the perturbation response model to decouple embeddings from downstream
predictors.

We study a diverse collection of modalities and representation learning strategies.

We utilize simple metrics (e.g., L2), but also more biologically interpretable scoring
methods.




1 AN LA YR S S e il pll g -

Pseudobulk

Task 1: Gene Expression Prediction

Perturbation
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Methods: Problem Formulation

Data

Perturbation
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GSEA (GO)

L1

Task 2: GO Term Prediction




0O
Methods: Embeddings Benchmarked
e Categories
o Baselines: Random, No Change, PCA, Train Mean, Idealized
s No Change: Predict the expression of control cells
s ldealized: Embeddings obtained by fitting PCA on all pseudobulk data (train + test)
s Random: Embeddings drawn at random from a Gaussian distribution
Expression FMs: AIDO.Cell (3M/10M/100M), scGPT, Geneformer, scPRINT, Transcriptformer
o M=: AIDO.ProteinlF, ESM2, AIDO.StructureTokenizer, STRING-S5PACE
o AIDO.DNA

MNetwork embeddings: STRING (network, NBFNet, WaveGC)
o Prior Knowledge: GenePT (GO BP/CC/MF/NCBI+UniProt), GenotypeVAE

e Stress Diversity

o Expression, sequence, structure, prior knowledge
) )




Datasets
e K-562[1]

o |lymphoblast from individual with chronic myelogenous leukemia
o 1534 perturbations
e RPE1[1]
o retinal pigment epithelial cell from a healthy individual
o 1752 perturbations
e Jurkat [2]
o T cell from individual with leukemia
o 1752 perturbations
e Hep-G2[2]
o epithelial cell from an individual with hepatocellular carcinoma
o 1752 perturbations

[1] Replogle, J. M. et al. Mapping information-rich genolype-phenotype landscapes with genome-scale Perurb-seq. Cell 185, 2559-2575.28 (2022)
[2] Madig., A ef al. Transcriptome-wide analysis of differential expression in perturbation atlases. Nal. Genel. 5T, 1228-1237 (2025).




