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How cells control gene expression with precision

— Enhanceraction  TFs or co-activator
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The cis-regulatory code remains a major unsolved problem

K TF binding site (TFBS)
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DNNSs can learn the cis-regulatory code from functional genomics data

Enhancer activity
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DNNs generalize to predict regulatory activity on new sequences

DNA sequence Genomic DNN Expression level
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Novakovsky et al., Nature Reviews Genetics, 2022



INPUT OUTPUT

Genomic —p DNN —» Biochemical

sequence activity
x = ATTCGC... y = 3.81

“Black box”

But we don’t yet understand why the model makes its predictions



INPUT OUTPUT

Genomic —p DNN —» Biochemical

sequence activity
x = ATTCGC... y = 3.81

“Black box”
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— J "Why does y = 3.81 for this sequence?”

But we don’t yet understand why the model makes its predictions



INPUT OUTPUT
Genomic —p DNN —» Biochemical
sequence activity

Attribution analysis
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Attribution maps help reveal which sequence features drive predictions



INPUT OUTPUT
Genomic —p DNN —»  Biochemical
sequence activity

Attribution analysis

Logo ATTTGACTCACAAGATAA(JC

B N A | Attribution
E I I ED N C | Map
@ EE_N EE EEEE 5 C
[ | ] | = [ | 11
AP-1
In silico mutagenesis (ISM) SmoothGrad ISM . Acm ,; ,\I -
SURSTEEST (3
Zhou et al., 2015 Smilkov et al., 2017 l"mi
Saliency maps DeepSHAP , o O
Simonyan et al., 2014 Lundberg et al., 2017 Saliency e TR T
Integrated gradients SQuID sQuiD + i ICA‘L _
Sundararajan et al., 2017 Seitz et al., 2024 e




INPUT OUTPUT
Genomic —p DNN —»  Biochemical
sequence activity
Attribution analysis
AP-1 motif GATA motif
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Attribution-based motifs reflect known TF binding sites
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INPUT
Genomic —p
sequence

DNN

Attribution analysis

AP-1 motif

GATA motif
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Attribution maps suggest a specific mechanistic hypothesis
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Attribution has helped uncover a diversity of regulatory motifs

DeepSTARR

Developmental enhancer (chraL:3,310,914-3,311,162)
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WT
map

Attribution maps don’t capture how mechanisms change

B WT sequence
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WT
map

Attribution maps don’t capture how mechanisms change

B WT sequence

@ "What kinds of binding sites are allowed?
2y "How will mutations change them?"
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Key mutations can rewire the underlying regulatory mechanism
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Regulatory mutations can drive evolution, disease, or dysfunction

Familial melanoma
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In a study by Horn et al., 70% of melanomas harbored one of two
specific mutations in the promoter region of TERT

Horn et al., Science, 2013
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We need a systematic way to uncover sequence—mechanism relationships
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SEAM

Systematic Explanation of Attribution-based Mechanisms
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SEAM Framework

I

local
in silico
mutagen.

I

1.

reference sequence

-“CGGTGACTCATGGA -
«+CAGTGACTGTTGGA -+
-CGGCGACTCATAGA -
--CGGTGAGTCATGGA -
«-CGTAGACGCATGGC -

---CGGTGCCTCATGGA ---

Generate in silico mutagenesis library

Local library {10% mutation rate, 100k sequences} and others
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SEAM Framework

XD cen
5 %

X, +--CGGCGACTCATAGA -
local compute
in silico X3 -CGGTGAGTCATGGA --- attribution
mutagen. x, ---CGTAGACGCATGGC - maps
Xy -*CGGTGCCTCATGGA ---

reference sequence

‘CGGTGACTCATGGA -+

CAGTGACTGTTGGA - @ m

1. Generate in silico mutagenesis library

Local library {10% mutation rate, 100k sequences} and others

2. Compute attributions maps

DeepSHAP, Saliency Maps
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SEAM Framework

Euclidean distance

reference sequence
' ' e [
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1. Generate in silico mutagenesis library
e Local library {10% mutation rate, 100k sequences} and others

2. Compute attributions maps
e DeepSHAP, Saliency Maps

3. Cluster attribution maps
e Hierarchical clustering



SEAM Framework

Euclidean distance Xo **CACATTCCGGTGACTCATGGATGAACT -
reference sequence x, € C,:
Msy 5 - CACATTCCGGTGACTTATCGAAGGACT -

Xo - CGGTGACTCATGGA -
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Xy --CGGCGACTCATAGA -

. **CAGATGCCGCTGACTCTTGGAAGGACT
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1. Generate in silico mutagenesis library
e Local library {10% mutation rate, 100k sequences} and others

Compute attributions maps
e DeepSHAP, Saliency Maps

Cluster attribution maps
e Hierarchical clustering

Compile cluster statistics
e Sequence summary matrix

B W Db

»*CACATTCTGGTGTCACAAGGAAGGACT '



SEAM Case Studies — Local libraries

1. DeepSTARR
e DNN prediction: Enhancer activity measured using UMI-STARR-seq in Drosophila S2 cells

Model architecture Genome-wide TFs
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de Almeida et al., Nature Genetics, 2022



Drosophila enhancers (across the genome) WT MAP
Saliency maps




Drosophila enhancer
DeepSHAP

0.2

|
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Drosophila enhancer
DeepSHAP

0.2

|
50 nt

A

"Which motifs are present?
"What is biological signal?”
"What is noise?"
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Drosophila enhancer
DeepSHAP
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Sequence summary matrix
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Sequence summary matrix
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Sequence summary matrix
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Mismatches to WT (%)
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These results reflect the evolutionary dynamics of sequence space

L_L Mechanism 2

A
“( [5/ Mechanism 1

“““““ N &
\ %

Crutchfield and Nimwegen, The Evolutionary Unfolding of Complexity, 1999
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These results reflect the evolutionary dynamics of sequence space

L_L Mechanism 2

) / Critical mutation(s)
SRy @zi

“““““ N &
\ %

Crutchfield and Nimwegen, The Evolutionary Unfolding of Complexity, 1999
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Year Genomic DNN
2024 ChromBPNet
2024 CLIPNET
2021 DeepMEL2
2022 DeepSTARR
2021 Enformer
2024 ProCapNet
2022 ResidualBind
2019 SpliceAl

These findings are robust across genomic models and modalities

Data modality
ATAC-seq
PRO-cap-seq
ATAC-seq, ASCAVs

UMI-STARR-seq

ChlP-seq, DNase-seq, ATAC—seq...

PRO-cap-seq
ATAC-seq

RNA-seq

Genome
Human
Human (population)
Human
Drosophila
Human, mouse
Human
Human

Human
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SEAM Case Studies — Local libraries

2. ChromBPNet

e DNN prediction: ATAC-seq profiles of chromatin accessibility in the THP-1 human cell line
e Sequence: PPIF promoter, cross-validated using Variant-EFFECTS

Variant-EFFECTS

Predicted probabilities
. Variant Effects From Flow-sorting Experiments with CRISPR Targeting Screens

(1,000 bp)

[ |

| i
° = ; —_ 1.0
2 —H 0.0k M Lllll
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g [ |
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< .
= BeeH g Predlicntidolgg tc):ounts 7 gene expression
o u ] ) p

u 7.52

Benchénellrk sequence A %Xégljg
Input: 21 14-|ength sequence model acedracy measurement edits prediction
Output: {1000-length profile, scalar}

ChromBPNet — Pampari et al., bioRxiv, 2025 | Variant-EFFECTS — Martyn et al., Cell, 2025
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PPIF human promoter 50
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Model folds

o A WO DN

Background signals are robust to model fold and mutation rate

[0.015 | s

[oms . .

[oms i
[0015 oo
[oms

£

52



Model folds

Mutation rates
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Background signals are robust to model fold and mutation rate
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Recall: Drosophila enhancers
Saliency maps
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Rec;all: Drosophila enhancers WT CLUSTER - BG
Saliency maps
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Combinatorial-complete library
Raw PBM data — Badis et al., Science, 2009

Group-optimized library

DeepMEL?2 — Taskiran et al., Nature, 2024
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pip install seam-nn

e CPU/GPU-optimized e ReadTheDocs
e Colab examples e Dynamic GUI

[ README 5B MIT license

SEAM: systematic explanation of attribution-based
mechanisms for regulatory genomics

pypl package [0.5.2 | downloads | 18

SEAM

SEAM (Systematic Explanation of Attribution-based for Mechanisms) is a Python suite to use meta-explanations
to interpret sequence-based deep learning models for regulatory genomics data. For installation instructions,
tutorials, and documentation, please refer to the SEAM website, https://seam-nn.readthedocs.io/. For an extended

discussion of this approach and its applications, please refer to our paper:
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