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Transcriptional regulation, which involves a complex interplay between regulatory
sequences and proteins, directs all biological processes. Computational models of
transcription lack generalizability to accurately extrapolate to unseen cell types and
conditions. Here we introduce GET (general expression transformer), aninterpretable
foundation model designed to uncover regulatory grammars across 213 human fetal
and adult cell types"2. Relying exclusively on chromatin accessibility dataand sequence
information, GET achieves experimental-level accuracy in predicting gene expression

eveninpreviously unseen cell types®. GET also shows remarkable adaptability across
new sequencing platforms and assays, enabling regulatory inference across a broad
range of cell types and conditions, and uncovers universal and cell-type-specific
transcription factor interaction networks. We evaluated its performance in prediction
of regulatory activity, inference of regulatory elements and regulators, and
identification of physical interactions between transcription factors and found

that it outperforms current models* in predicting lentivirus-based massively parallel
reporter assay readout®. In fetal erythroblasts’, we identified distal (greater than
1Mbp) regulatory regions that were missed by previous models, and, in B cells, we
identified alymphocyte-specific transcription factor-transcription factor interaction
that explains the functional significance of aleukaemia risk predisposing germline
mutation®°, Insum, we provide a generalizable and accurate model for transcription
together with catalogues of gene regulation and transcription factor interactions,
allwith cell type specificity.

Transcriptional regulation constitutes a critical yet largely unresolved
domain that underpins diverse biological processes, including those
associated with human genetic diseases and cancers". Transcriptional
changesare orchestrated by a conserved regulatory machinery, includ-
ing transcription factors (TFs) that bind to regulatory sequences;
coactivators, mediators, and core transcriptional factors; and RNA poly-
merase Il (Polll)™2. Although different cell types may possess different
subsets of regulatory regions, the biochemistry of protein-protein and
protein—-DNA interactions remains largely the same across cell types
when epigenetic conditions are fixed. Clustering of known TF binding
site motifs" demonstrates significant homology in TF DNA-binding
domains, further reducing the combinatorial variability of regulatory
interactions. However, our understanding of transcription regula-
tion is often limited to specific cell types, and it is not clear how the
combinatorialinteraction of different TFs determines the diversity of

expression profiles observed across cell types. As an example, previous
expression prediction methods such as Expecto', Basenji2 (ref. 15)
and Enformer* are designed to make predictions on the training cell
types after they have been fine-tuned, hindering the generalizability
and utility of these models.

Recently, foundation models suchas GPT-4 (ref.16) and ESM-2 (ref.17)
have emerged as a transformative approach. With extensive pretraining
on broad and diverse datasets, foundation models provide a gener-
alized understanding of their training data, upon which specialized
adaptations can be built to address specific tasks or challenges. For
example, recent developmentsin single-cell foundation models such
as Geneformer'®, scGPT" and scFoundation® have demonstrated how
diverse transcriptome profiles canbe encoded in one model, enabling
various contextualized downstream tasks including cell type anno-
tation and perturbation prediction. However, no foundation model
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Fig.1| The GET model anditsapplications. a, Schematicillustration of GET.
Theinput of GET isapeak (accessible region) x TF (motif) matrix derived from
ahumansingle-cell (sc)ATAC-seq atlas, summarizing regulatory sequence
information acrossagenomiclocus of morethan2 Mbp. Through self-supervised
random masked pretraining of theinput dataacross more than200 cell types,
GETlearnstranscriptional regulatory syntax (p). GET is fine-tuned on paired
scATAC-seqand RNA-seq dataand learnsto transformtheregulatory syntax to
geneexpression, eveninleave-out celltypes (f-p).b, Schematicillustration of
downstream applications of GET. CRE, cis-regulatory element. ¢, Benchmark of
GET prediction performance onan unseen cell type (fetal astrocytes). Each point
representsagene. Colour represents normalized chromatin accessibility in

the TSS. Gene activity isascore widely used inmodernscATAC-seq analysis
pipelines®. Top correlated cell type is the training cell type whose observed gene
expression has the strongest correlation with fetal astrocyte (in this case, fetal
inhibitory neurons). Mean celltypeisthe mean observed gene expressionacross
training celltypes. Dashed linerepresents linear fits. Prediction is made for all
accessible TSSinastrocytes and averaged to genelevel. Schematicsinaandb
were created using BioRender (https://biorender.com).

of how transcription emerges from the chromatin landscape has yet
been explored.

Here we introduce the general expression transformer (GET), an
interpretable foundation model for transcriptional regulation. GET
learns transcriptional regulatory syntax from chromatin accessibility
dataacross 213 human fetal and adult cell types and accurately predicts
gene expressioninbothseenand unseen cell types (Fig.1a).In addition,

966 | Nature | Vol 637 | 23 January 2025

GET offers zero-shot prediction of reporter assay readout, outperforms
previous state-of-the-art modelsinidentifying cis-regulatory elements,
andidentifies previously unknown and known upstream regulators of
fetal haemoglobin. GET also provides rich cell-type-specific regula-
tory insights: using coregulation information predicted by GET, we
pinpointed potential motif-motifinteractions and constructed a struc-
tural interaction catalogue of human TFs and coactivators (Fig. 1b).
Using this, we identified a lymphocyte-specific TF-TF interaction
involving PAX5 and nuclear receptor family TFs and highlighted a pos-
sible disease-driving mechanism of a leukaemia-associated germline
variant that affects the binding of the PAXS5 disordered region to the
nuclear receptor domain.

Modelling cell-type-specific expression

The design philosophy of GET is rooted in the transcription regula-
tion mechanism. A local genomic region (approximately 2 Mbp) with
promoters and regulatory elements canbe characterized by how well
these elements bind different TFs and how accessible they are in specific
cell types. These features shape a chromatin environment (p(X)) that
governs how Polll drives expression at eachindividual element, which
can be approximated from RNA sequencing (RNA-seq) data. Using
an embedding and attention architecture? specifically designed for
the regulatory elements, we performed self-supervised pretraining
to allow GET to learn how the regions and features interact with each
otheracross diverse cell types. Specifically, by randomly masking out
regulatory elements, the model is trained to predict motif binding
scores and optionally accessibility scores in the masked regions. Sub-
sequently, Polll will read out the chromatin environment p(X) into
an expression £. A fine-tuning stage with the same architecture but
adifferent output head simulates this process (Fig. 1a and Extended
DataFig.1). This two-stage design makes it possible to use chromatin
accessibility data without paired expression measurement, greatly
improving the diversity of regulationinformationin the training data.
The pretraining of GET uses pseudobulk chromatin accessibility gath-
ered fromsingle-cell assay for transposase-accessible chromatin with
sequencing (scATAC-seq) data across 213 human fetal and adult cell
types**?. Of these, 153 cell types were coupled with expression data
acquired through either a multiome protocol or separate single-cell
RNA-seq experiments?? (Methods: ‘ATAC-seq data processing’ and
‘RNA-seq data processing’) and used for fine-tuning and evaluation.
Wefirst assessed GET’s ability to accurately predict gene expression
inunseen cell types in a setting where one cell type is left out during
the expression fine-tuning process. On left-out astrocytes and genes
with accessible promoters, the Pearson correlation between GET’s
predicted expression values and the observed expressionreached 0.94
(R*=0.88) (Fig.1c), inline with experimental accuracy across different
culture systems and biological replicates of human astrocytes? (Pearson
r=0.92-0.99, Extended Data Fig. 2a). GET’s performance surpassed that
of both transcription startsite (TSS) accessibility (r= 0.47, R*=-0.23)
and geneactivity score® (r=0.51, R? = -0.67), emphasizing the signifi-
cance of DNA sequence specificity and distal context information in
transcription regulation. Furthermore, GET outperformed top cor-
related cell type expression (r=0.83, R = 0.62) and mean expression
across training cell types (r=0.78, R = 0.53; Fig. 1c). GET also accurately
predicted expression log fold change between two cell types, even
when one of them was unseen (Extended Data Fig. 2b). Across a wide
range of fetal cell types evaluated, GET consistently outperformed
genome-wide prediction using Enformer’s cap analysis of gene expres-
sion (CAGE) output tracks and the training cell type mean expression
baseline (Extended Data Fig. 2c). We found that the pretraining stage
was crucial for leave-out cell type prediction accuracy, as GET with
only the fine-tuning stage suffered a significant performance drop
(Pearson r=0.6; Extended Data Fig. 2d). GET also outperformed sim-
pler machine learning approaches in both the leave-out cell type and
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leave-out chromosome evaluation settings when trained using the
same data and number of epochs (Extended Data Fig. 2e,f).

Generalizability

GET also showed generalizability to adult cell types when trained solely
onfetal data, withan average R? of 0.53 across diverse adult cell types,
surpassing the baseline (R?= 0.33) obtained using corresponding
fetal cell types for prediction (Extended Data Fig. 3a). Furthermore,
GET can be transferred to different sequencing platforms, including
10x multiome sequencing of lymph nodes (Extended DataFig. 3b,c) and
glioblastoma (GBM) tumour cells?® (Extended Data Fig. 3d-f), as well as
other experimental assays, including prediction of CAGE and chromatin
accessibility (Extended Data Fig. 4). Detailed analyses are provided
inthe Supplementary Information (‘Generalizability study of GET’).

Zeroshotregulatory activity prediction

Given the versatility of GET across diverse platforms and measure-
ments, we examined its capacity for zero-shot prediction of expression-
driving regulatory elements in unseen cell types. Lentivirus-based

readout (log,(RNA/DNA)); y axes show predicted expression (log,, transcripts per
million (TPM)). repr., repressive; quies., quiescent. Schematicinawas created
using BioRender (https://biorender.com).

massively parallel reporter assay (lentiMPRA) provides a robust mecha-
nism to test the regulatory activity of numerous genetic sequences
by integrating them into the genome, thereby circumventing the
limitations inherent to episomal MPRAs and ensuring relevant
biological readouts in hard-to-transfect cell lines®. This experimen-
tal assay was recently used to assess 226,243 sequences in the K562
cell line and enabled the creation of a comprehensive benchmark
dataset for evaluation of whether the GET model could identify
regulatory elements in a cell-type-specific context® (Fig. 2a). In an
insilico procedure akin to the lentiMPRA experiment, we used the
GET model fine-tuned on bulk ENCODE K562 OmniATAC chroma-
tin accessibility and expression data from NEAT-seq (sequencing of
nuclear protein epitope abundance, chromatin accessibility and the
transcriptome in single cells). Using the GET model, which had seen
no lentiMPRA data, we inferred the activity of the mini promoter in
the corresponding chromatin context and averaged over all inser-
tions to obtain a mean readout indicative of the regulatory activity
(Fig.2aand Methods: ‘LentiMPRA zero-shot prediction’). Overall, the
predicted readout distribution for different types of element matched
expectation (Supplementary Information: ‘Overall distribution of
GET-MPRA prediction’).
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Whenbenchmarking our model against Enformer, which was trained
on 486 tracks of functional K562 genomics data including TF and
histone modification chromatin immunoprecipitation followed by
sequencing (ChIP-seq), CAGE and chromatin accessibility measure-
ments, we found that our model made more accurate predictions and
scaled better overall (Pearson’s r = 0.55, slope = 0.63 when combined
with K562 accessibility signal, and Pearson’s r = 0.45, slope = 0.38 when
using only the expression prediction model, versus Enformer’s Pear-
son’s r = 0.44, slope = 0.14; Fig. 2b and Extended Data Fig. 5a), and its
predicted regulatory elements showed biologically meaningful enrich-
ment in histone marks and TF binding sites (Extended Data Fig. 5b-d
and Supplementary Information: ‘Enrichment analysis of GET-MPRA
prediction’). Enformer showed better correlations in enhancer and
repressed regions; this could be attributed to greater coverage of het-
erochromatin and vast numbers of functional K562 assaysinits training
data. GET also had significant advantages in terms of computational
cost. For this comparison, subsampling to 2,000 elements was required
to benchmark Enformer in 3 days, whereas using the same amount of
computing time allowed GET to screen all 226,243 elements (Supple-
mentary Information: ‘Computational cost comparison’).

Identifying cis-regulatory elements

Through modelinterpretation techniques (Methods: ‘Modelinterpre-
tation’), we can efficiently derive region or motif contribution scores
for genes with accessible promoters across cell types, producing
results for virtually all genes in even less abundant cell types (approx-
imately 1,000 cells). Focusing on fetal erythroblasts, we leveraged
published genome base-editing data to investigate four known fetal
haemoglobin-regulating loci’ (BCL11A, NFIX, KLFI1 and HBGZ; the first
three of these are known to regulate fetal haemoglobin, and HBG2
encodes a fetal haemoglobin subunit; Fig. 3a).

Applying GET to fetal erythroblasts yielded insights into the regu-
lation of fetal haemoglobin. We rediscovered the central role of the
GATATF, which, throughits binding to anerythroid-specific enhancer,
orchestrates the expression of BCL11A, a known modulator of hae-
moglobin regulation?. GET also highlighted the role of the SOX fam-
ily of TFs in this enhancer, which have previously been linked to fetal
haemoglobin® but were not known to function through this specific
enhancer (Fig. 3b).

Examining all four loci—BCL11A, NFIX, KLF1 and HBG2—we bench-
marked GET against established models including Enformer?,
HyenaDNA?, DeepSEA*® and Activity-by-Contact (ABC)**2. GET out-
performed these counterparts, especially in detecting long-range
enhancer-promoter interactions (Fig. 3c,d and Extended Data
Fig. 6a-c). We also found that although enhancer chromatin acces-
sibility was predictive of regulatory activity for proximal enhancer-
promoter relationships, its precision diminished for long-range
interactions. Alternative evaluations using different functional
enhancer thresholds (top 10% or 25% of the experimental readout
HbFBase) reaffirmed the precision of GET in this scenario (Fig. 3d,
top). We also benchmarked the same task for the K562 cell line using
a CRISPR interference (CRISPRi)-based benchmark dataset from
ENCODE?? and reached a similar conclusion (Fig. 3d, bottom, and
Extended Data Fig. 6d).

Identifying upstreamregulators

GET can extract aggregated motif importance across cis-regulatory
elements for specific genes. For HBG2, BCL11A and NFIX, the top motifs
identified were consistent with their known transcriptional regulators
or haematopoietic TFs (Extended Data Fig. 7a), including NFY and
SOX motifs for HBG2 and KLF1 for BCL11A’. In addition, for NFIX, GET
highlighted TAL1, aknown GATA1binding partner and haematopoietic
factor®* that has not been linked directly to NFIX regulation.
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To determine downstream targets for specific regulators, we devel-
oped aninsilico analysis, taking the GATA motif as a case study. Using
the GET motif contribution matrix, we identified the top 10% of genes
influenced by the GATA motif. Notably, consistent with the role of
GATALl in erythroid development, the ‘hemopoiesis’ biological pro-
cess was enriched® (Fisher exact test, multiple hypothesis adjusted
P=7.6 x107*; Extended Data Fig. 7b and Methods: ‘Gene ontology
enrichment of top target genes of a regulator’) within this gene set.
Known erythroid-lineage TFs including KLF1, GATA1, TAL1 and IKZF1
werealso predicted to be regulated by the GATA motif>¢. Further analy-
sisof motifimportance across different cell types demonstrated alink
between motif contribution and target gene expression, supported
by a universal regulatory embedding (Supplementary Information:
‘Cross-cell-type motif contribution analysis’ and ‘Cross-cell-type
embedding analysis’, Extended Data Fig. 7c-g).

Finding coregulating TFs

Given the proficiency of GET in elucidating regulatory mechanisms
across diverse cellular contexts, we next investigated whether itlearned
TF-TF functional interactions implicitly. Using a cell-type-agnostic
gene-by-motif matrix (Methods: ‘Causal discovery of regulator inter-
action’), we considered the hypothesis that high correlation between
motif columns might represent common genomic targets between
different TFs. Indeed, TF pairs with correlation values in the top
decile were more likely to participatein the same biological functions
compared with those in the bottom decile (Extended Data Fig. 7h,
Kolmogorov-Smirnov test, P=6.78 x 107%?). For example, MBD2 and
MECP2, a high-correlation TF pair, both function as readers of DNA
methylation®?%,

Applying a causal discovery algorithm to the cell-type-agnostic
gene-by-motif matrix led to the discovery of known and previously
unknown motif-motif interactions (Fig. 4a, Methods: ‘Causal dis-
covery of regulator interaction’; examples shown in Extended Data
Fig. 7i, Supplementary Figs. 5 and 6, and Supplementary Informa-
tion: ‘Analysis of the GET causal network’). To quantitatively assess
the overlap with known physical interactions between TFs, we com-
pared the GET motif-motif interaction network using two different
approaches, GET Causal and GET Correlation, with the STRING v.11
database® (Methods: ‘Causal discovery of regulator interaction’).
Our results showed a precision (true positive rate) of 5.6% for random
chance. However, by selecting the top 1% (n =793 pairs) of causal or
correlation pairs from GET’s predictions, we achieved precisions of
25.2% and 15.9%, respectively (Fig. 4b), confirming the advantage of
our causal-discovery-based modelinterpretation approach. Asacom-
parison, arecent mass-spectrometry-based TF-TF interaction study*’
reported 30.4% precision with the top 1.25% (n = 990) pairs, whereas
a colocalization score computed from HepG2 ChIP-seq for 677 TFs
yielded a larger number of motif-motif interactions yet had slightly
lower precision and macro F1score than GET Causal. Furthermore,
GET Causal outperformed two accessibility-aware motif colocaliza-
tion baselines, computed either across cell types or in hepatocytes.
Thisreflectstheincompleteness of annotated TF-TF interactions and
highlights the value of GET-predicted motif pairs for identifying new
interactions.

GET catalogue of TF interactions

Having obtained the network of causal motifinteractions predicted by
GET, we next built astructural catalogue of the human TF interactome
using AlphaFold2 (ref. 41). We started by categorizing TF-TF inter-
actions into several different catalogues: direct interactions, which
included homodimers and intrafamily and interfamily heterodimers;
and cofactor-mediated interactions, which encompassed both coop-
erative and competitive binding (Extended Data Fig. 8a). Starting with
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the most straightforward intrafamily interactions, we firstacquired all
dimeric structure predictions of more than1,700 known human TFs and
found that AlphaFold seemed to reliably capture known dimer struc-
tures and potentially could be used to detectintrafamily heterodimers
(Methods: ‘AlphaFold benchmark on intrafamily binder prediction’,
Extended Data Fig. 9a,b).

We then questioned whether the disordered region in the struc-
ture could fold upon binding to partners. On the basis of the causal-
discovery-predicted TF-TF interactions, we sought toidentify poten-
tial structural interactions using AlphaFold2. We first focused on two
motif clusters with small numbers of member TFs, TFAP2/1 and ZFX,

language model; ABC Powerlaw, showing the activity-by-contact prediction
using fetal erythroblast ATAC and K562 Hi-C powerlaw; ATAC-seq data from
HUDEP-2, an erythroblast cellline; ATAC-seq data from fetal erythroblast cells,
usedinthe training of GET; and HiChIP-seq data from HUDEP-2, demonstrating
chromatininteractions. d, Benchmarking results comparing GET to other
methods for predicting enhancer-promoter pairs, including analysis of

distal (greater than100 kb) interactions. Top, erythroblast fetal haemoglobin-
regulating enhancer prediction. Bottom, K562 CRISPRi enhancer target
prediction; theareaunder the precision-recall curve (AUPRC) is shown.
Ablation of different GET prediction components (Jacobian, DNase, Powerlaw;
Methods: ‘Enhancer-gene pair prediction’) is also shownin the plot. Dataare
presented as mean values with 95% confidence intervals across random
bootstrapping (NV=1,000, 80% of the pairs). GWAS, genome-wide association
study. Schematicinawas created using BioRender (https://biorender.com).

which were among the largest out-degree motifs in the GET causal
network (Extended Data Fig. 7j). We segmented the TFAP2A and ZFX
proteins into four distinct structured or disordered domains on the
basis of the predicted local distance difference test (pLDDT) (Extended
DataFig.8b) and predicted the multimer structure of all pairwise com-
binations of these segments. Remarkably, the originally unstructured
ZFXintrinsically disordered region (IDR) (Extended DataFig. 8c) folded
into a well-defined multimeric structure when paired with TFAP2A
structured domains; this was mainly driven by electrostaticinteractions
(Extended Data Fig. 8d). Molecular dynamics simulations (Methods:
‘Molecular dynamics simulation’) suggested that the monomer IDR
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causal effect size by LINGAM, respectively. Node colour indicates community
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arealsomarked asinteractionsin STRING. The dashed lineindicates therandom
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Flat1.09%recall); and the round dot indicates the performance of a colocalization
scorecomputed from 677 HepG2 TF ChIP-seq (0.13 Macro F1at5.24%recall,
Methods: ‘Causal discovery of regulator interaction’).

had a more collapsed structure after 100 ns (Extended Data Fig. 8e)
and fewer interchain hydrogen bonds (Extended DataFig. 9c,d). Known
motifs of the two TFs shared acommon core (Extended Data Fig. 8f).
In a coimmunoprecipitation experiment (Extended Data Fig. 8g), we
were able to pull down ZFX using a TFAP2A antibody, whereas a nega-
tive control TF, SRF, showed no interaction with TFAP2A (Extended
DataFig. 9e, Methods: ‘TFAP2A coimmunoprecipitation’, and raw gel
image in Supplementary Fig.1).

In another example, the pair SNAI1 (Ebox/CACCTG) and RELA
(NFKB/1) showed a strong predicted interaction effect size, but the
absence of robust predicted structuralinteractions between the TFs led
us to explore cofactor-mediated interactions (Extended Data Fig. 8a,
bottom). Both of these TFs are known to physically interact with EP300
(ref. 39), and the predicted structures indicated electrostatic inter-
actions with the TAZ1 and TAZ2 domains of EP300 (Extended Data
Fig. 8h-j). This is consistent with findings of previous studies on the
electrostatic binding of the TFIDR to EP300 TAZ domains**™*,

We expanded our analysis to include a broader range of TF interac-
tions predicted by GET. We focused on the top 5% of predicted inter-
actionsineach cell type; this resulted in1,718 TF pairs (or 24,737 pairs
when considering individual protein segments). Using these data,
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we constructed a comprehensive structural catalogue of TF interac-
tions (Methods: ‘Causal discovery of regulator interaction’). Further
discussion and analysis of this catalogue can be found in the Supple-
mentary Information: ‘Analysis of the GET causal network’ (Extended
DataFig. 9f-h).

An IDR mutation alters TF coregulation

To demonstrate the utility of information provided by the GET Cata-
log, we performed a case study on PAXS, adriver TF of B cell precursor
acute lymphoblastic leukaemia (B-ALL). B-ALL is the most frequent
paediatric malignancy, and somatic genetic alterations (deletions,
translocations and mutations) in PAX5 occur in approximately 30%
of sporadic cases’. Whereas most PAXS somatic missense mutations
affect the DNA-binding domain (V26G or PSOR), G183S is a recurrent
familial germline mutation that confers an elevated risk of developing
B-ALL3, Somatic mutation of G183 and frameshift in anearby hotspot
arealso seenin patients with B-ALL*. Although the pLDDT plot of PAXS
highlighted G183 and the octapeptide domain as a small peak in the
entire IDR, its functional role has remained elusive (Fig. 5a).

To probe this, we first explored potential interaction pairs involv-
ing PAX5 (PAX/2 motif) in fetal Blymphocytes (CXCR5"). We identi-
fied interactions with several motifs, including E2F/2, RFX/1, MECP2,
ZSCAN3 and NR/3 (Fig. 5b). Subsequent exhaustive segmentinteraction
screening with AlphaFold Multimer revealed anew interaction between
the nuclear receptor domain of NR/3 TFs and the octapeptide domain
of PAXS; this was supported by AlphaFold3 (Fig. 5¢c). This interaction
was further corroborated by both positive affinity purification mass
spectrometry data for their paralogue PAX2-NR2C2 (ref.40) and a
study using BiolD proximity labelling followed by mass spectrometry
in mouse pre-B cells*. The binding interface of the PAX5 IDR and NR
domains showed hydrophobicity and, surprisingly, contained the G183
residue as well as aseries of serine residues linked by hydrogen bonds.
Thus, the glycine-to-serine mutation could potentially affect PAXS
interaction with the NR domain.

Tovalidate the interaction between PAX5 and NR/3-motif-containing
proteins, we selected candidate NR/3 TFs by assigning priority to all
TFsinthe NR/3 motif family on the basis of their expressionin15B-ALL
PAX wild-type (PAX-WT) patient samples in a longitudinal study. We
found the highest expressed NR/3 TFs to be NR4Al and NR2C2, with
NR2C2showingless variable expression across patients. We performed
proximity labelling assay using PAX5-WT and the PAX5 G183S mutant
linked to abiotin ligase in the B-ALL REH cell line. Analysis of proteins
biotinylated by their proximity to the PAX5-BiolD fusions identified
the nuclear corepressor NCOR1 (a previously described PAXS5 inter-
actor*®*°), NR2C2 (an NR/3-motif-containing nuclear corepressor)
and NRIP1 (a nuclear-receptor-interacting protein). This experiment
showed aclearinteraction between PAX5and NR2C2, consistent witha
previous report*®*’, whereas NR4Alshowed no interaction with PAXS.
NR3C1, a NR/20 motif TF that was predicted by GET to interact with
NR/3 but not PAX/1, showed no interaction with PAX5. Notably, the
presence of the G183S mutation resulted in an increased interaction
between PAX5and NR2C2 (Fig.5d,e, Extended DataFig.10 and raw gel
image in Supplementary Fig. 2).

To determine whether the PAX/2 and NR/3 motifs coregulated
genes, we examined the top 10,000 promoters predicted to be most
influenced by these motifs. Our analysis identified aset of 2,570 genes
commonly regulated by both (Extended Data Fig.11a); theseincluded
surface markers such as CD19 and CD79B, as well as known oncogenes
thathavebeenimplicatedin B-ALL, includingMYC, CEBPD and LMO2,
although these oncogenes were also predicted to be strongly repressed
by IKZF1 (IKAROS tumour suppressor, with ZNF143 motif) and were not
highly expressed. Enrichment analysis showed over-representation of
genes involved in lymphocyte activation and genes affected by PAX5
perturbation during B cell differentiation (Extended Data Fig. 11b),
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by acancer-associated germline variant. a, pLDDT plot for PAXS, showing
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of PAX/2.PAXS5is the most highly expressed TF with a PAX/2 motif. The colour
scheme follows that of Fig. 4a. ¢, AlphaFold3-predicted multimer structure
of PAXSIDR and NR2C2 NR domain showing contacts around G183 (B, back;

f, front). The blue-yellow surface at the back represents hydrophilicity-
hydrophobicity, respectively. Blue-red strands in the front show low-high

consistent with previous work on the G183S mutation®*°"°, On the
other hand, the genesthat were specifically regulated by PAX/2 or NR/3
were enriched in neuronal pathways and the cell cycle, respectively
(Extended DataFig.11c,d).

Toinvestigate the effects of the PAX5 G183S mutation on transcrip-
tional programs of NR/3-and PAX5-regulated genes, we examined 141
sporadic childhood B-ALL samples, including four familial B-ALL sam-
ples with PAX5 G183S germline variants. We first selected only CDKN2A
loss cases (n=20) to match with familial cases (n = n, biallelic mutations,
loss of PAX5-WT and CDKN2A). We further stratified the patients into
two groups to perform two different comparisons: PAX5-WT (n=10)
versus PAX5 loss (n =10) as anegative control; and PAX5 G183S (n=4)
versus PAXS5 loss-of-function cases (for instance, PAX5 PSOR, PAX5
loss, n=12) to define the G183S-specific transcriptome signature. The
analysisidentified a specific transcriptional program associated with
the G183S mutation (Extended Data Fig. 11e). To evaluate whether this
specific transcriptional program was relevant to PAX5-NRinteraction,
we performed further gene set enrichment analysis and found enrich-
ment in the PAX5-loss-associated differential expression genes (fold
enrichment: 1.22, P=1.5x 107, hypergeometric test with Benjamini-
Hochberg correction) with predicted PAX5 targets and no significant

prediction confidence.d, Detection of NCOR1, NRIP1, NR3Cland NR2C2
PAXS5-interacting proteinsinstreptavidin-enriched eluates (enrichment) from
PAX5-WT, PAX5G183S and RHOA WT-BiolD-expressing B-ALL REH cell lines
andintotal protein lysates (1% input) using proximity labelling assays. Three
independent experiments with similar results. Arepresentative experiment s
shown. GAPDH was used as aloading controlin the same gel. Raw gel images are
inSupplementaryFig.2. e, Quantification of PAX5-NR2C2interactionin the
streptavidinimmunoprecipitation shownind. Dataare presented asmean
valueswiths.d. aswell as total NR2C2-normalized values.

enrichment in NR/3-regulated and PAX5 + NR/3-regulated genes, as
expected. However, the PAX5-G183S-specific differential expression
genes showsignificant enrichmentin NR/3-and PAX5 + NR/3-regulated
genes (fold enrichment: 1.41and 1.35; P=1.05 x 10 and 1.57 x 1078,
respectively). Moreover, we found that this mutant specific differential
expression gene set was also enriched among the genes activated in
ProB cells (fold enrichment: 1.57, P=2.2 x107%), including well-known
functionally relevant genes such as CD19, EBF1, BACH2 and PML
(Extended Data Fig. 11f).

Discussion

In this study, we introduce GET, a state-of-the-art foundation model
specifically engineered to decipher mechanisms governing transcrip-
tional regulation across awide range of human cell types. By integrating
chromatin accessibility dataand genomic sequence information, GET
achievesalevel of predictive precision comparable with experimental
replicates in leave-out cell types. Furthermore, GET demonstrates
exceptional adaptability across an array of sequencing platforms and
assay types, as well as non-physiological cell types such as tumour
cells. Through interpretation of the model, we identified long-range
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regulatory elements in fetal haemoglobin and their associated TFs.
Collecting regulatory information from all 213 cell types and syner-
gizing TF-TF interactions deduced through GET with protein struc-
ture predictions, we constructed the publicly accessible GET Catalog
(https://huggingface.co/spaces/get-foundation/getdemo). Using the
PAXS gene as a case study, we illustrated the utility of the catalogue in
identifying functional variants in disordered protein domains that
were previously difficult to study.

Current limitations of GET include areliance primarily on chromatin
accessibility data, bounded resolution to distinguish between TF homo-
logues that have very similar motifs, and training on only coarse-grained
cellstatesand region-level sequenceinformation. Future enhancements
to GET couldinvolve the incorporation of multiple layers of biological
information, including but not limited to nucleotide-level regulator
footprints™**¥, three-dimensional chromatin architecture®®**, and
regulator expression profiles or single-cell embeddings'®2°. Future
iterations of GET could incorporate more diseased, perturbed or treated
cell states and abroader range of assays, including those that directly
measure TF binding, histone modifications and Polll activity, to provide
amore holistic view of the regulatory landscape.

Multiplexed nucleotide-level perturbations or randomizations will
be instrumental in calibrating GET for precise prediction of the func-
tionalimpact of non-coding genetic variants. Determining the effects
of non-coding variants in modulation of gene expression and disease
susceptibility remains an important area of exploration. Integrating
genomic variants into the GET framework will enable more accurate
prediction of theirimpact on gene regulation, resulting ininsightsinto
the genetic basis of complex traits and diseases. Inaddition, the kinetics
of generegulation, reflecting the temporal changesin transcriptional
activity in response to developmental cues or environmental stimuli,
isanother dimension of complexity that could be integrated into the
model. Asin our PAX5-NR2C2 example, other types of information such
as TF expression in specific cell types or protein-protein interaction
datacould help to further narrow down specific TFs within motif-motif
interaction networks predicted by GET. With our efficient fine-tuning
framework, comparative interpretation analysis using pretrained and
fine-tuned GET could be used to identify important regulatory regions
or motifs driving cell state changes. Generative models built upon GET
could be developed and used to design megabase-scale enhancer arrays
and engineer cell-type-specific TFs or their interaction inhibitors for
targeted therapeutic interventions. Collectively, GET represents a
pioneering approach in cell-type-specific transcriptional modelling,
with broad applicability in the identification of regulatory elements,
upstream regulators and TF interactions.
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Methods

ATAC-seq data processing

Pseudobulk. To determine the chromatin accessibility score for each
region, we used the scATAC-seq count table and cell annotation table
from eachrespective study. To aggregate single cells into ‘pseudobulk
celltypes’, we used the Louvain clustering results from each study. Log
count per million (logCPM) was used for each pseudobulk. The annota-
tions of each cluster were used to determine the biological cell type.
Empirically, we set a threshold of more than 600 cell counts to ensure
adequate sequencing depth for selected cell clusters. Acomprehensive
table of pseudobulk cell types used during the training process canbe
found in Supplementary Table 1.

In summary, we used ATAC-seq and expression data from
refs.1,2,22. Intotal, the dataset encompassed 1.3 million single nuclei.
The datawere only presented in pseudobulked format. All cell types
were primary cell types from normal tissue. No disease states were
includedinthe pretraining dataset. Weincorporated further datasets
in downstream tasks such as K562 and zero-shot analysis in tumour
cells.

Cell-type-specific accessible region identification. For identification
of cell-type-specific accessible regions, the peak calling results from
the original studies of each dataset were used to obtain a union set of
peaks. Subsequently, tocompilealist of accessible regions specific to
each celltype, wefiltered out peaks with no counts.

In the context of the human fetal and adult chromatin accessibility
atlas, we used the peak set produced by Zhang et al.?, incorporating the
fetal chromatin accessibility atlas originally published by Domcke et al.".
Wealso trained a version of the fetal-only GET model using the original
peak calling and cell type annotation from Domcke et al.}, resulting
in comparable expression prediction and regulatory analysis perfor-
mance. For the10x multiome data, we used the provided peak fragment
count matrix. For the K562 NEAT-seq and bulk chromatin accessibil-
ity data, a more permissive version of peaks was called using MACS2
(ref. 60), and different logCPM cutoffs were applied to the resulting
peaksettoselectaccessibleregions. This accessibility-based data aug-
mentation enhances the diversity ofinput dataand fine-tunes the GET
model for data from a single cell type.

Accessibility features. Inthis study, the chromatin accessibility score
for a specific genomic region was defined by the count of fragments
located within that region for a given cell type pseudobulk. To enhance
the generalizability of the model, these counts were further normalized
through thelogCPM procedure. Specifically, let ¢ be the total fragment
countinapseudobulk,andletc;bethe fragment countinregioni.Then,
the accessibility score s;can be computed as:

C;
5= logw(?' + 1), t= Z o
l

For most of the regulatory analysis, the binary ATAC version of the
GET model was used to comprehensively evaluate the regulatory
influences exerted by TFs. In both the training and inference phases
of this specific model version, the accessibility scores were uniformly
set to1if the region was identified as a chromatin accessibility peak.
This equates to assuming binary chromatin accessibility states in the
studied scenario.

Motif features. To calculate the motif binding score within a specific
genomicregion, the corresponding sequence was scanned against the
hg38 reference genome, using 2,179 TF motif position weight matrices
previously compiled by Vierstra et al."”® (accessible at https:/www.
vierstra.org/resources/motif _clustering). For the scanning process,
the MOODS tool was used with default threshold®.

More specifically, to represent sequence information while miti-
gating feature redundancy, a specialized motif scoring process was
implemented. Building on Vierstra’s research, we categorized these
2,179 motifs into 282 motif clusters, a classification determined by
position weight matrix similarity. Using this established clustering
definition, we eliminated redundant nucleotide-level motif matches,
retaining only the match with the highest score within overlapping
matches belonging to the same motif cluster. Subsequently, the scores
of all non-overlapping motif matches within each motif cluster were
summed, yielding one cumulative score for each of the 282 clusters.
As afinal step, motif binding scores for all regions within a given cell
type were determined and subjected to min-max normalization across
regions. This normalization facilitates model generalization and the
training process, ensuring that each motif cluster’s scoreis processed
inastandardized manner.

The annotation of the 213 cell types used in pretraining followed the
original cell type classification provided in the fetal and adult acces-
sibility atlases"?* This classification was achieved through clustering
of ATAC-seq count profiles, with subsequent labelling on the basis of
the expression of known marker genes. The comprehensive list of tis-
sues and cell types, along with their annotations, can be found at the
Human Cell Atlas (http://catlas.org/humanenhancer/#!/cellType). The
original atlas included 222 fetal and adult cell types but was further
filtered to remove cell types with low sequencing coverage (number of
cellsless than 600). This approach ensured that our model was trained
across diverse cellular contexts while ensuring enough coverage inthe
chromatin accessibility pseudobulk tracks. The data were not further
balanced or curated.

Input data. GET is designed to capture the interaction between dif-
ferent regions and regulators. To facilitate this, we needed each input
sampleto containacertainnumber of consecutive accessibleregions,
mimicking the ‘receptive field’ of an RNA Polll. Through previous experi-
ments, we found that theideal equivalent genome coverage is around
or more than 2 Mbp, a range in which most of the chromatin contact
happens. As a result, on the basis of our current data prepossessing
pipeline, we chose to use 200 input regions per training sample. We
used non-overlapping sampling during the pretraining and a sliding
window approach during fine-tuning. The stride of the sliding window
was set to halfthe number of regions in one sample (that is, 100 peaks
per step for samples with 200 peaks).

This number of regions per sample was selected to achieve a bal-
ance between computational efficiency and the need to encompass
arepresentative sample of the regulatory landscape for each cell
type. It isimportant to note that the actual genomic span covered by
these 200 peaks could vary depending on several factors, including
cell-type-specific variations in chromatin accessibility, the threshold
applied during peak calling and the chromosomal distribution of the
peaks. In the context of the uniformly processed datasets covering
fetal and adult cell types, we have observed that 200 peaks typically
correspond to a genomic range of approximately 2-4 Mbp. This esti-
mationwas derived from the understanding that the human genome,
withiits roughly 3 billion base pairs, yields about 150,000 accessible
peaks when analysed comprehensively. Therefore, a subset of 200
peakswould, onaverage, represent agenomic span of2-4 Mbp, given
thedistributionand density of peaks across different cell types. Inthe
training of our main model, the borders were entirely dependent on
the boundary of sampled peaks; no other priors were used. Sampling
was performed independently in each chromosome starting fromthe
beginning of the chromosomes.

RNA-seq data processing

Cell type matching. For experiments encompassing multiomics,
the correspondence between accessibility and expression was inher-
ently determined through cell barcodes. In pseudobulk cases, where
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accessibility and expression were assessed independently, cell type
annotations were used to facilitate the mapping. Specifically, the fetal
expression atlas from Cao et al.” was used for fetal cell types, whereas
adult data were extracted from Tabula Sapiens®. When several ATAC
pseudobulk shared the same cell type annotation, identical expression
labels were assigned. This compromise was necessitated by the current
dearth of multiome sequencing data, a situation expected to change
dramatically in the near future.

Expression values. Toimprove training stability, we log-transformed
the expression values as log;,(TPM +1). To overcome the problem of
most sScCRNA-seq quantification being at gene level, not transcriptlevel,
we mapped the gene expression to accessible regions using the follow-
ingapproach:ifaregion overlapped with agene’s TSS, the gene’s expres-
sionvalue was assigned to thatregion as alabel; if aregion overlapped
with multiple genes’ TSS, the expression values of the corresponding
genes were summed, and the sum was used as the label of that region;
ifaregiondid not overlap with any TSS, the corresponding expression
label was setto O.Further, ifa promoter had very low accessibility (for
instance, an accessibility CPM (aCPM) less than 0.05), we also set the
corresponding expression value to 0. Finally, each regulatory element
was assigned to an expression target value.

Expression values were allocated to each region within our input.
Owing to the limitations of poly(A) scRNA-seq data, only aggregated
mRNA levels could be captured, resulting in values that were not reflec-
tive of the nascent transcription rate more closely tied to regulatory
events. Nonetheless, these values provided valuable cell-type-specific
information. The process begins by intersecting the input region list
with GENCODE v.40 transcript annotation to pinpoint promoters,
followed by assignment of logCPM values to regions corresponding
to these promoters. All remaining regions are assigned a value of 0.
Although this does not perfectly representall transcription events hap-
peninginacell, we believe the zero label on the non-promoter region
helps to deliver informative negative labels to the model.

Input target. In alignment with the 200 x 283 input matrix, the target
inputis a200 x 2 matrix, symbolizing the transcription levels of the
corresponding 200 regions across both positive and negative strands.

Model architecture

The GET architecture consists of three parts: (1) aregulatory element
embedding layer (RegionEmb); (2) regulatory-element-wise atten-
tion layers (Encoder); and (3) a linear output layer as the expression
prediction head, or, alternatively, other output heads. GET takes 200
regulatory elements, each with 282 motif binding scores and option-
ally one accessibility score asaninput sample. As aresult, the input is
a200 x 283 matrix. When we choose to not use the quantitative acces-
sibility score, we set the values in the 283-th column to 1.

We feed the sample into the RegionEmb layer to generate the regu-
latory element embedding with a dimension of 768 for each peak. As
we do not want to lose information in the input of the original regula-
tory element, we apply a linear layer to capture the general informa-
tion in the different classes of TF binding sites. To learn the cis- and
trans-interactions between regulatory elements and TFs, we apply 12
Encoder layers with a multihead attention (MHA) mechanism on the
regulatory element embeddings.

Suppose N, d, and d, denote the number of heads, the depth of val-
ues and the depth of keys, respectively. The output from each head h
is computed as

X WyX'w)"
Jdy

where W, W € R4, W, € R™*P>*% are learnable linear transfor-
mations.

O, = softmax[ ](X’W,,),

Then, we concatenate the output from each head h for the
regulatory-element-wise attention block. The layer normalization
(LN), feed-forward network (FFN) and residual connections are finally
used togenerate the output for each layer. Thus, the mechanism behind
the regulatory-element-wise attention block can be summarized as:

z;=MHA(LN(z,_y)) +z,_1; ;= FFN(LN(z))) + z;,

where z}, z,_; denote the intermediate representation in the block [,
z,_;denotes the output from the block/—1,LNis the layer normalization
and FFN is the feed-forward network. We apply two linear layers with
aGELU activation layer in the feed-forward network layer.

The GET architecture is similar to the state-of-the-art model
Enformer*. However, the following changes helped us to improve upon
and exceed the performance of that model: GET uses the regulatory
elementembeddinglayer to capture the general information of regu-
latory elements in the different classes of TF binding site. Moreover, a
masked regulatory element mechanism was used to learn the general
cis-and trans-interactions betweenregulatory elements and TFs from
different human cell types. Specifically, arandom set of positions was
uniformly selected to mask out with a mask ratio of 0.5.

Similar to the Vision-Transformer-based Masked Autoencoders®,
we replaced the regions in the selected positions with a shared but
learnable [MASK] token; the masked input regulatory element is
denoted by X™3¢d = (x, M, [MASK]), where X = {x}2,is the input sam-
ple with nregulatory elements. The training goal is to predict the
original values of the masked elements M. Specifically, we take masked
regulatory element embeddings X ™*? as input to GET, while asimple
linear layer is appended as the prediction head. Therefore, the overall
objective of self-supervised training can be formulated as:

L :E[ Z _ Iogp(x,-leaSked)J,

ieM
where x; denotes the masked region to be predicted.

Training scheme

We conducted pretraining in the large-scale single-cell chromatin
accessibility data. Then we fine-tuned the pretrained model on the
paired chromatin accessibility-gene expression data with the same
Poisson negative log-likelihood loss function as Enformer*.

The GET implementation is based on the PyTorch framework. For
the first training stage, we applied AdamW as our optimizer with a
weight decay of 0.05 and a batch size of 256. The model was trained
for 800 epochs with 40 warmup epochs for linear learning rate scaling.
We set the maximum learning rate to 1.5 x 107*. The training usually
takes around a week for a cluster with 16 V100 GPUs. For the second
fine-tuning stage, we used AdamW®* as our optimizer with a weight
decay of 0.05 and a batch size of 256. The model was trained for 100
epochs, which completes in around 8 h using eight A100 GPUs. Infer-
ence for all genes in a single cell type takes several minutes, making it
possible to perform large-scale screening.

Training details

We include a more detailed description of the optimization hyperpa-
rameters, computation infrastructure and convergence criteria used
inthe development of the model in the section below.

Pretraining phase.

1. Computationinfrastructure: the pretraining of our model was con-
ducted using 16 NVIDIA V100 GPUs or eight A100 GPUs, reflecting the
computationaldemands of our training dataset and the complexity
of the model architecture.

2. Epochs and duration: the model underwent 800 epochs of training,
which spanned approximately 1week. This extensive training period
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was essential for the model to learn the regulatory grammar from
chromatin accessibility dataacross awide array of human cell types.
3. Learning rate: a base learning rate of 1 x 10~ together with cosine
scheduler and linear annealing warmup in the first epoch.
4.Maskratio: 0.5.
5. Optimizer: AdamW with weight decay of 0.05.

Fine-tuning phase.

1. Computational infrastructure: similar to the pretraining phase,
fine-tuning was performed on eight NVIDIA A100 GPUs, ensuring
consistency in computational resources.

2. Epochs and duration: the fine-tuning process was shorter, consist-
ing of 100 epochs, and completed inaround one day. This phase was
crucial foradapting the pretrained model to specific gene expression
prediction tasks.

3. Learning rate: A base learning rate of 1 x 10 together with a cosine
scheduler and linear annealing warmup in the first epoch.

4. Optimizer: AdamW with weight decay of 0.05.

5. Early stopping: to optimize performance and prevent overfitting,
we used early stopping on the basis of validation loss, enabling us
to select the best model checkpoints for subsequent evaluation.

Parameter-efficient fine-tuning. GET provides an option to per-
form parameter-efficient fine-tuning over any specific layer through
low-rank adaptation (LoRA)®*. This is commonly used to adapt toa
new assay or platform; we apply LoRA to the region embedding and
encoder layers, while doing full fine-tuning on the prediction head.
This markedly reduces 99% of the parameters.

Model evaluation

Cross-cell-type prediction. We validated the cross-cell-type prediction
performance beyond astrocytestoinclude abroader range of cell types.
Thebenchmark was performed on fetal cell types with a variable length
peak set defined in the original fetal accessibility atlas'. This compari-
sonincludes quantitative ATAC GET (n = 3), binarized ATAC GET, linear
probing of the Enformer CAGE output tracks trained on the Basenji®
training set and inferred genes in the Basenji test set, and a training cell
type mean expression baseline. We used Pearson correlation, Spearman
correlation and R*to evaluate prediction performance in all settings.

Benchmarking against supervised approaches. We have imple-
mented comparisons with the following methods on the task of
expression prediction when leaving out chromosome 11 and leav-
ing out astrocytes, using the same input data as GET. The following
parameters were used in our implementation.

1. MLP: three linear layers separated by ReLU (layer dimensions: 283
input, 512,256, two output); SoftPlus was used for output activation.

2. CNN: three Convld layers (layer dimensions: 283 input, 128, 64, 32,
3 kernel size) followed by FC(32, 512) » ReLU > FC(512, 2); SoftPlus
was used for output activation. We used the same optimizer and pa-
rameters as used in GET (base learning rate:1x 107, cosine scheduler,
linear annealing warmup, AdamW optimizer with weight decay of
0.05).

3. CatBoost: we used CatBoostRegressor with loss function Multi-
RMSE for 1,000 iterations (learning rate: 1 x 107%).

4.SVM: we used scikit-learn Support Vector Regression with epsilon
0.2, linear kernel and max iterations 1,000. MultiOutputRegressor
was used to handle two-dimensional output.

5. Random forest: we used scikit-learn RandomForestRegressor with
ten estimators and max depth 10. MultiOutputRegressor was used
to handle two-dimensional output.

6. Linear regression: we opted to use linear regression instead of logistic
regression because our setting aligns better with regression than
classification. We used scikit-learn LinearRegression and MultiOut-
putRegressor with default parameters.

Leave-out-chromosome evaluation. We performed a leave-one-
chromosome-out benchmarkacross all chromosomes and found that
the performance remained consistent across chromosomes, condi-
tioned on the same sequencing platform and data sources. We found
an average Pearson correlation of 0.78 (minimum: 0.73, maximum:
0.84) onfetal astrocytes. We also extended our evaluation of leave-out
chromosomes to tumour cells from patients with IDH1 wild-type GBM
from the Human Tumor Atlas Network. We performed fine-tuning of
the base GET model on tumour cells from a single patient (case ID:
C3L-03405) and evaluated performance on each leave-out chromo-
some. This evaluation showed an average Pearson correlation of 0.75
(minimum: 0.68, maximum: 0.81) on leave-out chromosomes.

For K562 OmniATAC prediction, we performed leave-one-
chromosome-out prediction for all 22 autosomes, finding an average
Pearson correlation of 0.81 (minimum: 0.72, maximum: 0.84). For K562
CAGE prediction, we used GET to predict K562 CAGE (FANTOMS5 sample
ID: CNhs12336). We note that this comparison privileges Enformer,
which was trained extensively on CAGE tracks, including K562 (track
ID: 4828 and 5111), whereas GET needed to be transferred to the new
assay. Here we evaluated fine-tuned GET against Enformer predictions
summed across the two CAGE output tracks for a leave-out peak set
across chromosome 14. We selected chromosome 14 because it did
notappearinthe public Enformer checkpoint’s training or validation
set. Pretrained GET was fine-tuned in three ways.

1. BATAC LoRA from BATAC pretrain: in this setting, the base model
was trained on the fetal and adult atlases with binarized ATAC signal.
In the fine-tuning, the ATAC data were binarized.

2. QATAC LoRA from BATAC pretrain: in this setting, the base model
was trained on the fetal and adult atlases with binarized ATAC signal.
In the fine-tuning, we used the original aCPM for ATAC signal.

3. QATAC LoRA from QATAC fine-tuned: in this setting, the base model
was theleave-out astrocyte RNA-seq prediction model trained onthe
fetal accessibility and expression atlas. In the fine-tuning, we used
the original aCPM for ATAC signal.

These experiments leveraged LoRA parameter-efficient fine-tuning
toachievessignificant gainsin time and storage complexity. Onasingle
RTX3090 GPU, all fine-tuning converged within 30 min, resultingina
3 MB K562-CAGE-specificadaptor that could be merged into the base
model.

Leave-out-motif evaluation. To explore the impact of omitting motifs
in the input features, we used K562 scATAC-seq data from ENCODE
(accession: ENCFF998SLH) and evaluated the ATAC prediction per-
formance when holding out randomly selected motifs. We first called
peaks with MACS2 with a threshold of ¢ = 0.05. Then, we merged this
peak set with the union peak set fromthe fetal pretraining data, keeping
the peaks with at least ten counts in K562. For fine-tuning computa-
tional efficiency, we used LoRA parameter-efficient fine-tuning of the
binary ATAC checkpoint pretrained on fetal and adult ATAC data with
a200-regionreceptive field (the pretrained checkpoint used for motif
analysis in Fig. 4 and onward).

Weexplored holding outrandomly selected1, 2,3, 4,10 and 20 motifs.
For each motif, we checked whether a peak’s binding score was larger
than the top 20% scores in its score distribution across the genome.
Duringthe training stage, if a peak had any of the leave-out motifs pass-
ing this threshold, we set all input motif features of that peak as well
as the observation aCPM to zero. In this approach, these ‘knockout’
peaks do not contribute to the loss. During the evaluation stage, we
calculated Pearson and Spearman correlations of aCPM only on these
knockout peaks with the original observed aCPM. For example, when
there was only one leave-out motif CTCF, we were in effect be training
with about the top 20% of peaks that had low CTCF binding scores on
the training chromosomes, assuming evenly distributed binding sites
across chromosomes. Similarly, we were evaluating with 20% of peaks



with higher CTCF binding scores in the test chromosomes. In these
experiments, we evaluated on held-out chromosome 14.

In general, GET showed robust performance when leaving out one
to ten motifs. The performance was degraded heavily when using 20
motifs with a top 20% cutoff for each motif independently, owing to
removal of most of the training data.

Platform transfer prediction. When transferring to anew sequencing
platform, many domainshifts need tobe addressed. These include but
are not limited to the following.

1. Sequencing depth: lower depth will lead to fewer captured peaks;
itwill also affect the signal-to-noise ratio in the accessibility quan-
tification.

2. Peak calling threshold and software.

3. Technical bias due to differentlibrary construction and sequencing
methods.

4. Biological differences.

Owingtothesebiases, itis difficult to directly apply amodel trained
onone dataset to a new platform without fine-tuning. Thus, for anew
dataset with multiple cell types available, we took aleave-out cell type
approach to fine-tuning. For a dataset of sorted cell types where only
one cell type was available, we used leave-out chromosome training.

Transfer to new datasets. The primary challenge in adapting our mod-
eltonew dataliesin ensuring compatibility between the input spaces
of the training and new datasets. Variations in cell types, sequencing
technologies and preprocessing pipelines can result in substantially
different ATAC peak sets, potentially leading to incompatible input
and embedding spaces. To address this, we developed a strategy to
create a compatible peak set by combining new and training peak
sets. When overlaps occur between training and new peaks, we as-
sign priority to the training peak set coordinates. Unique peaks from
the new data are incorporated as they are. We used a uniform peak
calling pipeline to maintain consistent peak lengths (for instance,
400 bp in the fetal-adult atlas) across training and new datasets.
The comprehensive coverage of our fetal-only/fetal-adult peak set
(1.3 M peaks) typically results in new, unseen peaks contributing
less than 10% of the total peaks. This approach has demonstrated
promising transferability to various data types, including SHARE-seq
data of perturbed human embryonic stem cells and 10x multiome
GBM data.

For example, we tested a ‘one-shot’ fine-tuning procedure using a
single patient sample from a new dataset of patients with GBM. We
then assessed the performance of this fine-tuned model against the
pretrained ‘zero-shot’ model on 16 held-out patient samples. To ensure
robust evaluation, we excluded two patients from this analysis to serve
asaseparatetestset for assessing fine-tuning stability. The results were
promising: fine-tuning on asingle tumour patient sample enabled GET
toachieve aPearson correlation exceeding 0.9 when predicting expres-
sion for held-out patients, whereas zero-shot performance reached a
0.67 Pearson correlation. This demonstrates the model’s strong gen-
eralization capabilities and its potential for rapid adaptation to new
datasets with minimal further training. As the availability of ATAC-seq
and multiome data continues to grow, more comprehensive reference
peak sets, such as the ENCODE DHS index" and cPeaks®, will further
facilitate the adaptation of the GET model to an even broader range of
cell types and experimental conditions.

Transfer to new assays. Here we show results for transfer of pretrained
GET to different functional genomics assays. For K562 bulk ATAC pre-
diction, we collected ENCODE OmniATAC-seq data for K562 (ENCS-
R483RKN). After calling peaks using MACS2 with default parameters,
we computed thelog(aCPM) by counting Tn5insertionslocated inside
the peak and filtered out the peaks withlog(aCPM) less than 0.03. The

remaining peaks and corresponding aCPM were used for motif scanning

and prediction. We performed leave-one-chromosome-out fine-tuning

using 200 peaks per input sample. The base checkpoint was trained

on the fetal and adult atlas with the binarized ATAC setting and 200

peaks perinput sample. LoORA was used for all layers. Each fine-tuning

took around 160 s to complete eight epochs, after which the model
started to overfit. Pearson correlation was collected at eight epochs
for all fine-tuning. For CAGE prediction, we collected the K562 CAGE

(CNhs12336) BAM file from FANTOMS and used bedtools to extract

alignment countsin peaks called from ENCODE K562 scATAC-seq data

(ENCFF998SLH). Fine-tuning was performed using 200 peaks per input

sample in three settings, depending on how ATAC information was

used in conjunction with motif features, plus the base model used for
fine-tuning.

1. BATAC from BATAC pretrain: in this setting, the base model was
trained on the fetal-adult atlas with binarized ATAC signal; in the
fine-tuning, we used binarized ATAC.

2. QATAC from BATAC pretrain: in this setting, the base model was
trained on the fetal-adult atlas with binarized ATAC signal; in the
fine-tuning, we used the original aCPM ATAC signal.

3. QATAC from QATAC fine-tuned: in this setting, the base model was
the leave-out-astrocyte RNA-seq prediction model trained on the
fetal accessibility and expression atlas. We further fine-tuned this
model using quantitative ATAC signal.

Dataset considerations. Overall our results indicate that certain
intrinsic cellular characteristics may contribute to the observed
variations in model performance. We demonstrate that GET can be
applied and extended to non-physiological cell types and states and
captures cell-type-specific transcription information. Beyond the
intrinsic biological differences between cell types, we believe the fol-
lowing factors could also affect performance when generalizing to new
datasets.

1. Celltyperarity and library size: rare cell types often have smaller data
libraries, which can limit the model’s learning potential and affect
the accuracy of predictions.

2. Celltype purity and heterogeneity: the dynamic and heterogeneous
nature of certain cell types, such as stem cells, and the precision of
identificationand classification of cell types canintroduce variability
ingene expression profiles, complicating the prediction task.

Modelinterpretation

In this study, we conducted thorough model interpretation analyses
to ensure that GET learns useful regulatory information and offers
valuable biological insights. Below, we outline the method used to
interpret GET.

Model used for interpretation. We trained two GET models on data

with or without quantitative accessibility:

1. Quantitative ATAC model: accessibility scores are set to the
log,o(CPM) of Tn5 insertions in the given accessible region.

2. Binary ATAC model: accessibility scores for all regions are set to 1;
the model focuses solely on motifs in accessible regions.

In our analysis and regulatory interpretation, we primarily used
the binary ATAC model. This approach offersimproved attribution to
sequence features, ensuring that the model does not overly depend on
accessibility signal strength as asurrogate for sequence characteristics.

Feature attribution methods. We used multiple feature attribution
methods in different analyses and provided all options to users in our
packages. More specifically, the gradient of the model’s output with
respecttotheinputfeatures, represented by the vector Vf(x), measures
how much the model output (expression) will change when we change
asmallamount of the input along a dimension (for instance, a certain
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motifinacis-regulatory region). The generalization to multiple outputs
in the context of neural network feature attribution extends to the
Jacobian matrix Sj= %, where f;is the ith output, representing the
transcription level on either the positive or negative strand, and x; is
the,jth input feature, comprising scanned and summarized binding
scores for 282 TF motif clusters and an extra dimension for accessibil-
ity scores. This formulation enables computation of the Jacobian
matrix, which is vital for understanding the influence of individual
features on the transcription levels.

Enhancer-gene pair prediction. We restricted the benchmark dataset
to either the fetal erythroblast peak set or K562 DNase peak set for a
fair comparison. To obtain an enhancerimportance score for each gene
from GET, we used the #’s-norm of the region embedding layer Jaco-
bianand weighted it with the aCPM of each region as the GET Jacobian
score. This procedure could potentially be improvedin the future, for
example, by using a random genomic background as the baseline for
the Jacobian calculation and other interpretation methods such as
Integrated-Gradients® or DeepLIFT®. However, we believe the current
benchmark dataset size for this task s still limiting compared with the
genome scale (10* measured pairs versus 10° to 10’ required measure-
ments of genome-wide enhancer-promoter interaction). Thus, we
leave the systematic optimization of this task for future work. Other
scores used in this study were as follows.

1. ABC: we computed ABC Powerlaw by multiplying the powerlaw
function in the official ABC repo with y =1.024238616787792 and
scale =5.9594510043736655, values that were trained on K562 Hi-C
dataand provided in the same repo.

2. Enformer: we used Enformer’s contribution score (gradient x input)
with background normalization, following the normalization pro-
cedure described by Gschwind et al.,

3. HyenaDNA: we used the largest pretrained model available through
Hugging Face (context length: 1 Mbp). To score enhancer-gene
pairs, we performed in silico mutagenesis by knocking down the
enhancer element (that is, setting each base pair in the enhancer
regionto the unknown nucleotide Ninthe vocabulary set) and com-
paring against the wild-type likelihood of observing the promoter
sequence.

4. DeepSEA: nucleotide-level DeepSEA results were retrieved directly
from the original publication and averaged over each peak.

Allscoresinthisbenchmark (ABC, Enformer, GET, HyenaDNA, Deep-
SEA and DNase/ATAC) were further normalized across each gene’s +100
peaks to make them comparable across genes.

Recent studies have highlighted the dominantimportance of one-
dimensional genomic distance in governing CRISPRi enhancer knock-
out effects (for instance, Gschwind et al.®). In this benchmark, most
methods include a component of genomic distance. For example,
Enformer incorporates exponential decay in its positional encodings.
HyenaDNA incorporates a sinusoidal positional encoding over the
DNA sequence, and our benchmarking results follow an exponen-
tial decay from the TSS (Fig. 3c; NFIX). We have also extended
GET toincorporate distance information. In particular, we designed
asimple DistanceContactMap module for GET to convert the pair-
wise one-dimensional distance map between peaks to a pseudo-
Hi-C contact map. DistanceContactMap is a simple three-layer two-
dimensional convolutional neural network (kernel size: 3) with
log, (pairwise distance + 1)as input and SCALE-normalized observed
contact frequency as output. A Poisson negative log-likelihood loss
was used to train the model. We trained DistanceContactMap with
the same K562 Hi-C data (ENCFF621AlY) used for training ABC Pow-
erlaw, resultingin a 0.855 Pearson correlation, which mostly captured
the exponential decay in contact frequency. We termed the prediction
of this model ‘GET Powerlaw’. The other two scores shown in Fig. 3d
are defined as follows:

1. GET (Jacobian, DNase/ATAC, Powerlaw) = GET Jacobian + aCPM x GET
Powerlaw;
2. GET (Jacobian, Powerlaw) = GET Jacobian x GET Powerlaw.

This model could be improved in future work by taking GET region
embeddings as further input and learning to predict cell-type-specific
three-dimensional contacts.

LentiMPRA zero-shot prediction. The experimental procedure
involves designing alibrary of lentivirus vectors that contain both
desired sequence elements and amini promoter. The vector israndomly
insertedintothe genome through viralinfection; the regulatory activ-
ity is then measured through sequencing and counting the log copy
number of transcribed RNAs and integrated DNA copies.

To simulate this approach using GET, we first collected the
sequence element library and constructed the vector sequence for
insertion, including both the regulatory sequences and mini pro-
moters. We then followed the same data preprocessing procedure
to get the motif scores of the inserted elements. For each element,
we performed insilico insertion by summing its motif score with an
existing region on the genome. The +100 regions centred around the
insertion region were then used as an input sample for GET to make
expression predictions. The mean predicted expression (log,,(TPM))
was multiplied by the mean predicted accessibility as the predicted
regulatory activity. For each region, we performed 600 insertions
across the genome to match the experimental insertion count. We
used the GET model fine-tuned on K562 NEAT-seq data to perform
the inference. In total, in silico lentiMPRA of all 200,000 elements
in K562 took around 5 days.

For Enformer, we performed the same analysis, with the only differ-
encebeingthat weintegrated the vector sequence to arandom position
onthegenomeand collected a196,608 bp sequence centred around the
insertion site. Enformer is trained on 5,313 human epigenome tracks,
with 486 experiments specifically for K562. To compute the regulatory
activity, we selected the output from the K562 CAGE track, whichis a
quantitative and nucleotide-level map of the 5’ regions of transcripts.
Followingthe practice of the original study, we used the average output
ofthethreebinsinthe centre of the sequence as the predicted expres-
sion for a sample. Each element was also inserted into 600 random
genome locations to compute the final averaged regulatory activity.
We were only able to perform these experiments for 1,000 enhancers
and 1,000 non-enhancer elements owing to the time complexity of
Enformer inference. The comparison with GET was performed on the
same set of elements.

We sstratified the K562 lentiMPRA elements (approximately 200,000)
by overlapping the annotated 15ENCODE ChromHMM states computed
from histone mark and other ChIP-seq data for K562. We selected the
elements overlapping with states ‘12 EnhBiv’, ‘6 EnhG” and ‘7 Enh’ as
enhancers, and those overlapping with ‘13 ReprPC’, 14 ReprPCWKk’ and
‘15 Quies’ as repressive and quiescent regions.

Identifying important regions and regulators. We first gathered
inference samples across the genome by producing 200-region win-
dows centred around each gene’s promoter. Given a specific gene g
onstrands € {0, 1}, the expression value can be inferred using the GET
modelfapplied toaninput matrix X € R”", where r denotes the num-
ber of regions, and m includes motifs and (optionally) accessibility
features:

E=f(X)
E,=Elr//2,s],

where[-]is the index-selection operator and s is the strand of the
gene.

The Jacobian matrix (tensor) Jy € R™2*"™™ of f at the point (£, X)
evaluates how each output dimension will change when each input



dimension changes by a small quantity. We specifically pick the output
dimension and strand that correspond to the given gene, represented
by Vge R™™
Vg=J[r//2,s]
OE
jX - &~
The feature (motif) importance vector v, € R™is obtained by mul-

tiplying the gradient element-wise with the original input and sum-
marizing across regions:

vg=2 (VgoX)i,:],
i=1

where © signifies the element-wise or Hadamard product. As the
gene-by-motif matrix is mostly used for feature-feature interaction
analysis, we use the X with quantitative ATAC signal even when we infer
Jy usingabinary ATAC model. This facilitates study of the relationship
between regulators and observed chromatin accessibility.

The cell-type-specific genome-wide gene-by-motif matrix for cell
typec, V. is acquired by concatenating the v, across the genome. The
same process can be applied to different cell types.

Similarly, the regionimportance vector [, € R"is given by:

m
L= (VgoX):jl.
Jj=1
In practice, we use the /,-norm of the Jacobian of the region embed-

dingwithrespectto output for calculating the regionimportance score
astheembeddingscore distributionis less skewed than the input motif
bindingscore, potentially making the Jacobian more comparable across
regions. The per-regionJacobianscoreis normalized by the maximum
score per gene to make scores comparable across genes with different
expression levels.

Gene ontology enrichment of top target genes of aregulator. Using
the gene-by-motif matrix V,, we can choose a TF or motif (in our case,
GATA) and ask which genes will be mostly affected by this TF by iden-
tifying the largest entries in the motif column. We chose the top 1,000
genes and performed gene ontology enrichment analysis using
g:Profiler with the default g SCS multiple hypothesis testing correction.
We filtered the results using term size (gene number in a term defini-
tion) greater than 500 and less than1,000. Terms with adjusted Pvalue
less than 0.05 were retained as significant terms. We further selected
TFsinthe ‘Hemopoiesis’ term with expression log,,(TPM > 1) for visu-
alization against the GATA motif'score.

TF and target gene correlation. In this analysis, we sought to elucidate
the relationships between TFs and expression of their target genes
across different cell types. Gene-by-motif files were aggregated and
organized into a unified structure comprising genes, motifs and corre-
sponding cell features. We identified the target genes for each TF within
predefined motif clusters and computed the mean expression levels
ofboththetarget genesand the corresponding TFs. To avoid potential
artifactsinthe expression measurement caused by experimental batch
effects, we analysed both adult and fetal cell types, and fetal cell types
only, and found similar results. The analysis was performed iteratively
for all TFs within the motif clusters specific to fetal cell types.

Regulatory embedding. GET is configured using a cross-cell-type
architecture to extract the regulatory context for genes spanning
various celltypes, embedding them within ashared high-dimensional
space. Wecollected the embedding of each gene after each transformer
block of GET. The embedding of agene gis defined as the embedding
vector of the promoter in the output of the ithblock. The embedding
contains both promoterinformation and information from surround-
ing regions owing to the attention mechanism. In general, the deeper

the layer, the more its space is dominated by the expression output
(Supplementary Fig.4). tsne-cudawas used to visualize the embedding
owingto datasize. Louvain clustering was performed on the embed-
ding space to colourize the visualization. Resolution was arbitrarily
chosen to keep the cluster number around 10 and close to the UMAP
density. For cell-type-based subsampling, UMAP® was used instead
for visualization for better visual separation between clusters.

We computed the embeddings in two different settings: the cell-
type-specific setting, in which each dot is a gene embedding from a
specific cell, and the cell-type-agnostic setting, in which each dotis a
gene embedding randomly sampled fromall cell types; 50,000 embed-
dings were sampled inthe second case to make the UMAP computation
feasible.

Causal discovery of regulator interaction. We performed pair-
wise Spearman correlation using the gene-by-motif matrix in both
cell-type-specific and cell-type-agnostic settings. Input x gradient
scores were used to construct the matrix for computational efficiency.
For the cell-type-specific settings, allgenes with promoter overlap with
open chromatin peaks in each cell type were used in the correlation
calculation. Causal discovery was performed on the gene-by-motif
matrix using LINGAM®. For the cell-type-agnostic settings, 50,000
genes were randomly sampled from all cell types, and the resulting
matrix was subjected to the LINGAM algorithm implemented in the
Causal Discovery Toolbox Python package with default parameters.

To benchmark the predicted causal edges in the cell-type-agnostic
setting, we downloaded the known physical interaction subnetwork
from the STRING v.11database® and keptinteractions with acombined
scoregreater than400 as the ground truth label. As the pairs predicted
by GET were on the motif cluster level, we mapped the physical inter-
actions between TFs on to the motif clusters on the basis of the motif
cluster annotation. The resulting motif-motif physical interaction
network was then compared with our prediction to calculate the pre-
cision. We also downloaded and compiled all significant interactions
determined by mass spectroscopy*’ and mapped them to motif-motif
interactions for comparison. For comparison with ChlP-seq colocaliza-
tion, we acquired colocalization results between ChIP-seq tracks for
677 TFsinHepG2 from TF Atlas. The method for calculating colocaliza-
tionis documented in the ChlP-Atlas repo. Each ChIP-seq peak set was
stratified into three tiers (high, mid and low). Then, for a pair of TFs P1
and P2, we checked colocalization between every tier pair and assigned
scores witha preference for high-high colocalization (score = 9).If the
strong binding peaks of P1overlapped with strong binding peaks of P2,
the P1-P2interaction was considered to be more robust thanin the case
in which the P1strong binding sites only overlapped with the P2 weak
binding sites. We present the colocalizations stronger than mid-mid
interactions (score > 4) in Fig. 4b, as these represent the more reliable
interactions. Astronger cutoff (score > 9, keeping only high-highinter-
actions) reduced the performance toa0.097 macro Flscore at 2% recall.

For comparison withmotif colocalization, we collected the GET input
matrix (accessible-region-by-motif) for hepatocytes or concatenated
the input matrix across all fetal and adult cell types. Pairwise Pearson
correlation was computed across all collected regions, resulting in a
score for every pair of motifs. For the cell-type-specific motif-motif
interactionsinthe GET catalogue, we performed causal discovery using
the gene-by-motif matrix for all cell types. Interactions with the top
5% absolute effect size were retained in the final database. For each
interaction, we performed structural analysis between the two TFs
with the highest expression in the corresponding cell types.

Structural analysis

AlphaFold benchmark on intrafamily binder prediction. We classi-
fiedaTF asanintrafamily binder if any two membersinits TF family had
aknown physical interaction annotated in the STRING v.11 database,
on the basis of the hypothesis that if a TF can bind as a heterodimer,
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it should also have the potential to bind as a homodimer owing to
sequence and structure similarity (although the dimerization affin-
ity might be different). We thus used AlphaFold to predict the hypo-
thetical homodimer structures of all known TFs and tried to predict
whether a TF could be an intrafamily binder using AlphaFold-based
metrics. We used several different AlphaFold-based metrics, including
mean_plddt (average pLDDT score across all residues), pAE (predicted
aligned error across all interchain interactions), pDockQ (predicted
DockQ metric using interface pLDDT) and pDockQ x pAE. We found
that pDockQ x pAE led to the best area under the receiver operating
characteristic curve (0.69) and area under the precision-recall curve
(0.41) when classifying intrafamily binder TFs.

Protein sequence segmentation. pLDDT from AlphaFold is a reli-
able protein domain caller owing to its accurate structure prediction
performance. We segmented each TF protein sequence into low and
high pLDDT regions. Empirically, we found that 80% (recall) of known
DNA-binding domains could be easily identified using high pLDDT
regions plus a high ratio of positively charged residues. More spe-
cifically, we first computed smoothed pLDDT using a ten-amino-acid
moving-average kernel and then normalized the score by dividing
by the maximum. After that, any region that had asmoothed pLDDT
scorelessthan 0.6 was defined asalow pLDDT region. Iftwo low pLDDT
regions were close (less than 30 amino acids), they were merged into
one.Anyregionthatwasnotalow pLDDT region waslabelled asahigh
pLDDT region.

Multimer structure prediction. LocalColabFold and ColabFold were
used to predict multimer structures with the AlphaFold Multimerv.2.3
model. For homodimer prediction, we used all five models with three
recycles. For our large-scale interaction screening, we used model
3 with three recycles for each prediction. The pAE and pLDDT were
stored for downstream analysis. pDockQ was calculated using code
from FoldDock™.

If the multimer structure had a newly appearing peak, we treated
it as evidence of potential interaction. pAE, pDockQ and ipTM were
further checked to assess the confidence of the interaction. After Alpha-
Fold3 wasreleased, we reperformed structure prediction for full-length
PAX5-NR2C2sequences andidentified the same PAX5G183-NR domain
interaction.

Molecular dynamics simulation. Theinitial configuration was prepared
from the AlphaFold predicted PDB file. The Amber99SB-dispersion
(a99SBdisp) force field was used for system parameterization. A cubic
simulation box was defined with a box size of 1 nm. Subsequently, the
system was solvated using the TIP4P water model through the solvate
module. To neutralize the system and generate physiological ion con-
centrations, sodium (Na*) and chloride (CI") ions were added using the
genion module. The energy minimization terminated upon reaching
amaximum force below 1,000 k] mol™ nm™. Each minimization itera-
tion used a step size of 0.01and was configured to run for amaximum
0f 50,000 steps. The systemwas then equilibrated intwo steps: firstin
the NVT (constant number, volume, temperature) ensemble and thenin
the NPT (constant number, pressure, temperature) ensemble for 100 ps
of simulation time. A100 ns production run was then performed, and
trajectories and energy profiles were stored for subsequent analysis. All
configs of these are available at the Proscope repo (https://github.com/
fuxialexander/proscope).Inour analysis, we found that the per-residue
pLDDT scores for ZFX, IDRand TFAP2A in the multimer structure were
correlated strongly with residue instability, as measured by root mean
squared distance, consistent with the results of previous studies indicat-
ing that AlphaFold implicitly learns protein folding energy functions.

Structure visualization. ChimeraX was used to visualize the predicted
structures.

Biological experiments

Celllines. HeLacells (CCL-2) and REH cells (CRL-8286) were purchased
from ATCC. Celllines purchased from a certificated cell line bank were
not further authenticated. All cell lines tested negative for mycoplasma.
No commonly misidentified cell lines were used in the study.

TFAP2A coimmunoprecipitation. HeLa cells were cultured in DMEM
(Gibco, catalogue no. 11965) supplemented with 10% defined fetal
bovine serum (HyClone, SH30070), at 37 °C and 5% CO,. HeLa cell
protein lysates were generated with 0.5% NP-40 lysis buffer (50 mM
Tris-HCI, 150 mM NaCl, 0.5% NP-40) with a phosphatase and protease
inhibitor cocktail (Sigma-Aldrich, PPC1010). Samples were incubated
with 5 pg agarose-conjugated TFAP2A primary antibody (Santa Cruz
Biotechnology, sc-12726 AC) overnight at 4 °C before being runin
Laemmli loading buffer (BioRad, 1610737). Proteins were separated
on 10% Tris—glycine gels (ThermoFisher, XP00100), transferred to
polyvinylidene fluoride membranes (Immobilon-P, IPVHO0010) and
probed with primary antibodies against TFAP2A (ABclonal, A2294,
1:750), ZFX (ThermoFisher, PA5-34376,1:500) and 3-actin (Santa Cruz
Biotechnology, sc-47778,1:10000), followed by chemiluminescence
detection. A repeat experiment was performed for coimmunoprecipi-
tation negative controls, which were probed with primary antibodies
against SRF (Abclonal, A16718,1:750) and -actin (Cell Signaling Tech-
nology, 4967,1:10000), followed by chemiluminescence detection.

Proximity labelling assay to detect PAX5-NR2C2 interactions.
We initially cloned PAX5-WT and the PAX5 G183S mutant into the pC
DNA3.1-MCS-13Xlinker-BiolD2-HA (Addgene, catalogue no. 80899)".
After verification, we subcloned PAX5-WT-13Xlinker-BiolD2-HA and
PAX5-G183S-13Xlinker-BiolD2-HA into the pCDH-GFP-puro vector
(System Bioscience, CD513B-1). We transduced the REH B-ALL cell
line (ATCC, CRL-8286) with pCDH-PAX5-WT-13Xlinker-BiolD2-HA-GFP
and with pCDH-PAX5-G183S-13Xlinker-BiolD2-HA-GFP and selected
transduced cells with puromycin (1 pg ml™) to generate stable cell
lines. The proximity labelling assay was performed following previ-
ously published methods™ 7. Briefly, REH stable cell lines with control
vector pCDH-13Xlinker-BiolD2-HA-GFP, pCDH-PAX5-WT-13Xlinker-
BiolD2-HA-GFP and pCDH-PAX5-G183S-13Xlinker-BiolD2-HA-GFP
were incubated with 100 pM biotin (Sigma-Aldrich, B4501) for 24 h.
We collected the cells, washed them twice in cold phosphate-buffered
saline and incubated them for 50 min on ice with occasional vortex-
ing in lysis buffer (150 mM NaCl, 10 mM KCI, 10 mM Tris-HCI pH 8.0,
1.5 mM MgCl, 0.5% IGEPAL) supplemented with protease and phos-
phataseinhibitors (Life Technologies, catalogue no. 78443) and 63 U
of benzonase (Sigma-Aldrich, catalogue no. 70746-3). Proteins were
clarified by centrifugation at 21,000g for 15 min at 4 °C. We performed
total protein quantification using a Pierce BCA Protein Assay kit (Ther-
moFisher Scientific, catalogue no. 23225) and incubated 1 mg of total
protein extract with100 pl of magnetic streptavidin beads (Dynabeads
MyOne Streptavidin C1, Life Technologies, catalogue no. 65002) ona
rotator at4 °C overnight toisolate biotinylated proteins. We washed
the beads twice with lysis buffer, once with 1 M KCI, once with 0.1M
Na,CO;, once with 2 M urea 10 mM Tris-HCL pH 8.0, and twice again
with lysis buffer. Biotinylated proteins were eluted by boiling in 4x
protein loading buffer supplemented with 2 mM biotin and 50 mM
dithiothreitolat 95 °Cfor 10 min. Biotinylated proteinsin total protein
extracts or immunoprecipitates were detected by western blotting
using standard protocols and the following antibodies: streptavi-
din-HRP antibody (Life Technologies, catalogue no. S911, 1:1000),
anti-PAXS5 (Cell Signaling, catalogue no. 8970, 1:500), anti-HA (Cell
Signaling, catalogue no. 3724, 1:1000), anti-NR2C2 (Cell Signaling,
catalogue no. 31646, 1:500), anti-NCOR1 (Cell Signaling, catalogue
no.5948,1:500), NRIP1-HRP (Santa Cruz Biotechnology, sc-518071,
1:200) and NR3C1 (Cell Signaling, catalogue no.12041,1:500). Proteins
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were detected using a Li-Cor Odyssey OFC instrument and quantified
using the GelAnalyzer 23.1software.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Precomputed regulatory inference results, preprocessed data, and
structure predictions can be viewed at the GET website (https://
huggingface.co/spaces/get-foundation/GET). The full processed
data and inference results are provided in a public AWS S3 bucket
at s3://2023-get-xf2217/get_demo. Bulk RNA-seq data for patients
with B-ALL published in our previous study were acquired from the
Sequence Read Archive (PRJNA534488). Human TF protein interac-
tion networks were downloaded from supplementary data of G6os
etal.*’. Fetal accessibility datawere downloaded from https://descartes.
brotmanbaty.org/bbi/human-chromatin-during-development/, adult
accessibility data from http://catlas.org/humanenhancer/, fetal
expression atlas data from https://descartes.brotmanbaty.org/bbi/
human-gene-expression-during-development/, adult expression
atlas data from Tabular Sapiens (https://figshare.com/articles/data-
set/Tabula_Sapiens_release_1_0/14267219/5)”*, HUDEP-2 HiChIP data
from the Gene Expression Omnibus (GEO; GSE157311), erythroblast
base-editing benchmark data from https://github.com/YichaoOU/
ABE_NonCoding_functional_score/blob/master/per_A_base_score/
comparison_to_CADD_DeepSEA_GERP/Editable_A_scores.combined.
scores.csv, K562 NEAT-seq data from GEO (GSE178707), K562 omniATAC
data from ENCODE (ENCSR483RKN), K562 scATAC-seq data from
ENCODE (ENCFF998SLH), K562 CRISPRi benchmark data from https://
github.com/EngreitzLab/CRISPR_comparison/blob/main/resources/
crispr_data/EPCrisprBenchmark_ensemble_data_GRCh38.tsv.gz, K562
lentiMPRA quantification from ENCODE (ENCFF348WYK), K562 CAGE
from FANTOMS (CNhs12336), HTAN GBM data from GEO (GSE240822)
and astrocyte bulk RNA-seq data from GEO (GSE147870).

Code availability

Code for pretraining, fine-tuning, data preprocessing and analysis,
and the demo website, has been made available at GitHub (https://
github.com/GET-Foundation). Code and accompanying data for
figures in this study are available at Zenodo (https://doi.org/10.5281/
zeno0do.13357634)”. The pretrained models are provided in a public
AWS S3 bucket at s3://2023-get-xf2217/get_demo/checkpoints.
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Extended DataFig.1|Architecture of GET. The GET model uses chromatin
accessibility datato predict gene expression. Input data consists of DNA
sequences from ATAC-seq peaks, represented as (B, R, L*, 4), where Bis batch
size,Risnumber of regions, L*is variable sequence length, and 4 represents the
four DNA bases. Motif mapping performed offline to the model converts
sequences toamotifmatrix (B, R, M), where Mis the number of motifs. The
quantitative ATAC signal can optionally be includedin M. The RegionEmb layer
projects the motif matrix to alatent space (B, R, D), where Dis the latent
dimension. Thisembeddingis then processed by 12 Transformer encoder
layers. The model outputis generated by a projection layer followed by a
SoftPlus activation, producinga (B, R, O) tensor, where O isthe output channel.
Fouroutput heads areillustrated: MaskHead: Predicts masked motif matrix
elements during pretraining (O = (R/2, M)). ExpHead: Predicts stranded gene
expressionasloglp(TPM) (O =2). ATACHead: Predicts peak accessibility as
loglp(CPM) (O =1). CAGEHead: Predicts peak CAGE signal as loglp(CPM) (O =1).
Themodelarchitecture enables flexible processing of regulatory genomic data,
capturing complexinteractionsbetween regulatory elements and transcription
factors to predict various genomic features and gene expression levels.
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Extended DataFig.2|GET model performance and benchmarking. a. Pearson
correlation of gene expressionbetween biological replicates and across different
culture systems for human astrocytes. b. Scatterplots showing predicted vs.
observedlogfold change (log FC) in gene expressionbetween different cell type
pairs. Top row compares erythroblast subtypes and hepatocytes. Bottom row
compares enteric neuronsto erythroblasts and astrocytes. Pearson correlations
and R?valuesare provided for each comparison. c. Comparison of Pearson
correlation between predicted and observed gene expressionin left-out cell
types for different models and baselines. Quantitative ATAC: GET model with
quantitative ATAC and motifinput. Training cell type mean: Mean expression
value acrossalltraining cell types. Enformer LP: Linear probing of Enformer

CAGE header outputs. Binarized ATAC: GET model with only motifinput.

GET with finetuning shows the highest correlation at 0.94. d. Ablation study

of GET pretraining on leave-out astrocytes, showing superior performance of
finetuning the pretrained model when compared against randomiinitialization
andbaselines. e. Comparison of GET to baseline machine learning models

(CNN, MLP, CatBoost, SVMRegression, RandomForest, and LinearRegression)
onleave-out-chromosome1land leave-out-astrocyte prediction performance
(R?,Pearson correlation, Spearman correlation). f. Radar plot showing leave-one-
chromosome-out finetuning performance (R? Pearson correlation, Spearman
correlation) of GET in fetal astrocytes.
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Extended DataFig. 3 | Transferlearning adapts GET to new platforms and
celltypes.a.GET trained on fetal cell types generalizes to adult cell types
without retraining, outperforming the most correlated cell type baseline.

X axis shows R?score between GET predictioninadult cell types and observed
expression in the most similar fetal cell types. Y axis shows R?score between
GET prediction and observed expressionin the adult cell type. b. Schematic
illustration of transferring GET to alymph node 10x multiome dataset.
c.Finetuned GET accurately predicts expressionin training and leave-out
evaluationlymph node cell types. d. Schematic showing the application of GET
inthe zero-shot setting to predict gene expression from glioblastoma (GBM)

—— Pearson
—— Spearman

patientsamples (top) and inthe one-shot setting after being finetunedona
single GBM patient sample and used to predict gene expression for an
extended cohort of GBM patients. e. Pearson correlation scores for GET
expression prediction on GBM cells (n =16 samples) comparing tumor cells,
macrophages, and oligodendrocytes for zero-shot and one-shot (finetuned)
settings. f. Radar plot showing leave-one-chromosome-out finetuning
performance (R?, Pearson correlation, Spearman correlation) of GETinone
GBM tumor sample.Schematicsinbandd created using BioRender (https://
biorender.com).
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with quantitative ATAC (“QATAC LoRA from QATAC fetal finetune” and “QATAC
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b. Performance of GET on ATAC prediction. GET performance for K562 and
Astrocyte ATAC compared against Enformer’s predictions for DNase on K562
and Astrocyte output tracks. c. GET performance for K562 bulk OmniATAC,
showingleave-one-chromosome-out Pearson correlation for allautosomes.
d.GET performance for K562 scATAC, showing leave-out-motif analysis for
randomlyselectedl,2,3,4,10, or 20 motif features fromthe training set and
evaluating on peaks with the left-out motifs (Methods: Model evaluation).
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Extended DataFig.5|Ablation and enrichmentanalysis of GET-MPRA. ENCODEKS562 ChIP-seqdata.d. Transcription factor binding site enrichment
a.Scatter plotof lentiMPRA readout versus GET-MPRA prediction (top), analysis of promoter (Top) and peak (Bottom) elements respectively using
observed ATAC signal (middle) and sum of GET-MPRA prediction and observed ENCODEKS562 ChlP-seq data. Fisher exact test was performed. Testswith a
ATACsignal (bottom).b.Promoter (top) or ATAC peak (bottom) elements are p-value <0.05are shown. Color shows logl0 (Fold enrichment). For transcription
gated into four sub-categories, respectively, based on high (+) orlow () in factors, the variance of fold enrichment across four groups was calculated, and
Prediction (cutoff=1) or Observation (cutoff=0.5). c. Histone mark enrichment thetop 50 TFsare visualized.

analysis of promoter (top) and peak (bottom) elements respectively using
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Extended DataFig.7 | Regulatory analysis with GET. a. Predicted top three
regulators (motifs) for BCL11A, NFIX, and HBG2. Similar sequence patterns are
highlighted with color shades. b. GATA downstream targets inferred by GET
(top 10% motif score) show functional enrichmentin ‘hemopoiesis’. Scatterplot
shows predicted gene expression (X axis) and GATA-motif score (Y axis) for
GATA-targeted genes with predicted expression larger than1. All transcription
factorsamongthese genes are labeled in the plot, where those involvedin
Hemopoiesis are highlighted inred. c. Workflow to collect and visualize the
cross-cell-typeregulatory embedding, showing a tSNE visualization of the
resultingembedding space colored by Louvain clustering. d. Subsampled first
layer embeddings from fetal astrocyte (blue) and two fetal erythroblast cell
typesare visualized with UMAP (yellow and brown). e. Louvain clustering of
subsampled embeddingin paneld.f. Gene ontology enrichment of genesin
cluster2,showing astrocyte-relevant terms and astrocyte marker genese.

g.NFIA, GLI3. X axis shows adjusted -log10 P-value from one-sided Fisher’s
exacttest.g. GET motif contribution Z-score (red means higher score compared
toother clusters) for each cluster. Note that cluster 2 has elevated NFl/1and
NFI1/2 motifs, which correspond to the NFI family transcription factors. h. Top
correlated motif pairs have significantly larger functional similarity. X-axis is
cosine similarity computed on term (motif clusters) frequency-inverse
document (Gene Ontology biological process) frequency (transcription
factor-IDF) matrix. i. Example causal neighbor graph showing interactions
(edges) between motifs (nodes). Edge weights representinteraction effect size.
Edge directions mark causal direction. Blue and red edge colors mark negative
and positive estimated causal effect sizes by LINGAM, respectively. Node color
marks community detected on the full causal graph. In-community edges are
marked by reduced saturation. j. Out-degree distribution across cell-type-
specific causal networks.
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Extended DataFig. 8 |Structural properties of GET causal network.
a.Catalogs of TF-TF interactions. Directinteractions include homodimers,
intra-family heterodimers, or inter-family heterodimers. Cofactor-mediated
interactions may include both cooperative and competitive binding. b. pLDDT
plotfortheIDR (intrinsically disordered region) and DBD (DNA-binding domain)
for TFAP2A and ZFX. c. Predicted monomer structure of ZFX. d. Predicted
multimer structure of TFAP2A structured domains and ZFX IDR. Red and

blue color marks negative and positive electrostatic surfaces, respectively.
e.Molecular dynamics simulation (100 ns) of TFAP2A-ZFXIDR (red) and ZFX
IDR monomer (purple). Collapsed structurein ZFX IDRmonomer is highlighted
inrectangle.f.Sequencelogo of ZFXand TFAP2A transcription factor binding

motifs. g. Immunoblot detection of TFAP2A, ZFX, and B-ACTIN from HeLa
celllysates subjected to co-immunoprecipitation using a TFAP2A antibody.
B-ACTINservesasaloading controlinthe same gel. Abbreviation: Pre, HeLacell
lysate prior to bead incubation; Post, HeLa cell lysate after bead incubation; IP,
immunoprecipitated proteins. B, empty lane. Two independent experiments
wererepeated with similar results. A representative result was shown. Raw gel
imageisinSupplementary Fig. 1. h-j. Prediction of structural interactions
between SNAILN-terminal and EP300 TAZ2 domain, SNAI1N-terminal and
EP300 TAZ1domain,and RELA C-terminaland EP300 TAZ1domain.Red and
blue color marks negative and positive electrostatic surfaces, respectively.
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Extended DataFig. 9 |Additional structural analysis of GET causal
network. a. Prediction performance of “intra-family binder” transcription
factors using different multimer structure prediction confidence scores.
(Left) ROC curve with X axis showing false positive rate and Y axis showing true
positiverate. (Right) PR curve with X axis showing recalland Y axis showing
precision.mean plddt: Average predicted Local Distance Difference Test
(pLDDT) scoreacrossallresidues. pae: Predicted Aligned Erroracross all
inter-chaininteractions. pdockq: Predicted DockQ metricusinginterface
pLDDT. pdockq pae:Multiplication of pDockQ and pAE.b. Comparison of
AlphaFold 2 predicted TFAP2A dimer structure (pink) with crystal structure
of TFAP2A (yellow)-DNA (green) complex. c. Change innumber of hydrogen
bondsin TFAP2A-ZFXIDR complex or ZFX IDR monomer across simulation
trajectory.d. Correlation between pLDDT and residue root mean square
deviation (RMSD) across the simulation trajectory of ZFXIDR in the complex
structure. Visualized in scatter plot (top) and line plot across the protein
sequence (bottom). Yellow and blue shadesin the line plot highlight beta
sheetsoralphahelices. e. Upper panel show AlphaFold3-based structure
prediction between SRFIDR with its DNA-binding domain (133-230aa)

AF2-predicted EP300-mediated interaction

removed and full length TFAP2A, demonstrating no clear interactions between
these two proteins and low prediction confidence for SRF IDR, indicating its
highly disordered structure. Color represents pLDDT (red is high, blueis

low; left) or chains (pink, purple, green; right). Lower micrographs show
immunoblot detection of SRFand B-ACTIN from HeLa cell lysates subjected to
co-immunoprecipitationusinga TFAP2A antibody. B-ACTIN serves as aloading
controlinthe same gel, as well as asample processing control for Extended
DataFig.7g.SRF and -ACTIN both show nointeractions with TFAP2A as
determined by co-immunoprecipitation. Abbreviations: Pre, HeLa cell lysate
priortobeadincubation; Post, HeLa cell lysate after bead incubation; IP,
immunoprecipitated proteins; B, empty lane.Raw gelimageisin Supplementary
Fig.1.f. Predicted multimer structure of EGR1IDR-ZFX IDR. g. Predicted
multimer structure of ZEB1 C-terminal and ESRINR domain. h. Distribution of
GET Causal Absolute Effect Size (Y axis) against AlphaFold2-derived EP300-
mediated motif-motifinteraction potential (X axis); Mann-Whitney U test P-value
9.73e-3; Fisher exact test P-value 7.3e-3 (one-sided, odds ratio=1.57) with GET
Causal cutoffat 95% percentile over all motif-motif pairs. Box plot showing
medianandinterquartilerange.
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Extended DataFig.10|Validation experiments for proximity labellingassay  blotanalysisusinganti-PAX5and anti-HA antibodies. c. Fusion protein

inB-ALLREH cellline. a. Detection of biotinylated proteinsin REH cell line quantification from panelb. d. Detection of biotinylated proteinsinwhole
transduced with PAX5 WT-linker-BiolD (PAX5WT) and PAX5 G183S-linker-BiolD celllysates (input; 1% of total protein lysate) and Streptavidin-enriched eluates
(PAX5 G183S) fusion proteins by western blot analysis using streptavidin-HRP. (Enrichment) by streptavidin-HRP staining. GAPDH was used asaloading
Expression of RHOA WT-linker-BiolD is used as specificity control (RHOAWT). controlinthesame gel. Raw gelimages arein Supplementary Fig. 1.

b. Detection of PAX5and RHOA BiolD-fusion proteins in REH cells by western
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Extended DataFig.11|PAX5G183S drives aPAX5-NR2C2 coregulated PAX/2-specific (blue) target genes using gene ontology biological processes.
transcriptional program. a. Venndiagram of identified PAX/2 and NR/3 e.Heatmap with the specific transcriptional program for the cases with the
specificand common regulatory targets using GET gene-by-motifimportance germline PAXS5 G183S mutation. f. Enrichment analysis for differentially
matrix. b. Enrichment analysis (-log 10 adjusted p-value from one-sided Fisher expressed genes between PAX5 wild type vs. PAX5loss (left) and PAXS5 G183S vs.
exact test) using B-cell associated gene sets in Shah etal.® (top) and biological other PAX5alterations (CNV loss, PBOR). *indicates statistical significance from
process gene ontology gene sets (bottom). Results for the PAX/2-NR/3common  one-sided hypergeometric tests. Benjamini-Hochberg adjusted P-values: PAXS:
genesareshowninthis figure. c. Gene enrichment analysis of NR/3-specific 6.34e-3 (left); NR/3:4.24e-30; PAX5+NR/3: 6.28e-18; ProB_Activated: 8.86e-3
(orange) and PAX/2-specific (blue) target genes using published B cell related (right).

gene sets®. d. Gene enrichment analysis of NR/3-specific (orange) and
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