Downloaded from genome.cshlip.org on June 16, 2026 . Published by Cold Spring Harbor Laboratory Press

ENOME
ESEARCH

Iterative improvement of deep learning models using synthetic
regulatory genomics

André M. Ribeiro-dos-Santos and Matthew T. Maurano

Genome Res. 2025 35: 2539-2549 originally published online October 22, 2025
Access the most recent version at doi:10.1101/gr.280540.125

References This article cites 49 articles, 9 of which can be accessed free at:
http://genome.cshlp.org/content/35/11/2539.full.html#ref-list-1

Creative This article is distributed exclusively by Cold Spring Harbor Laboratory Press for the
Commons first six months after the full-issue publication date (see
License https://[genome.cshlp.org/site/misc/terms.xhtml). After six months, it is available
under a Creative Commons License (Attribution-NonCommercial 4.0 International),
as described at http://creativecommons.org/licenses/by-nc/4.0/.

Email Alerting  Receive free email alerts when new articles cite this article - sign up in the box at the
Service top right corner of the article or click here.

To subscribe to Genome Research go to:
https://genome.cshlp.org/subscriptions

© 2025 Ribeiro-dos-Santos and Maurano; Published by Cold Spring Harbor Laboratory Press


http://genome.cshlp.org/lookup/doi/10.1101/gr.280540.125
http://genome.cshlp.org/content/35/11/2539.full.html#ref-list-1
https://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.280540.125&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.280540.125.full.pdf
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cship.org on June 16, 2026 . Published by Cold Spring Harbor Laboratory Press

Method
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New York University Grossman School of Medicine, New York, New York 10016, USA

Deep learning models can accurately reconstruct genome-wide epigenetic tracks from the reference genome sequence alone.
But it is unclear what predictive power they have on sequence diverging from the reference, such as disease- and trait-asso-
ciated variants or engineered sequences. Recent work has applied synthetic regulatory genomics to characterized dozens of
deletions, inversions, and rearrangements of DNase | hypersensitive sites (DHSs). Here, we use the state-of-the-art model
Enformer to predict DNA accessibility and RNA transcription across these engineered sequences when delivered at their
endogenous loci. At a high level, we observe a good correlation between accessibility predicted by Enformer and experi-
mental data. But model performance is best for sequences that more resembled the reference, such as single deletions or
combinations of multiple DHSs. Predictive power is poorer for rearrangements affecting DHS order or orientation. We
use these data to fine-tune Enformer, yielding significant reduction in prediction error. We show that this fine-tuning retains
strong predictive performance for other tracks. Our results show that current deep learning models perform poorly when
presented with novel sequences diverging in certain critical features from their training set. Thus, an iterative approach in-
corporating profiling of synthetic constructs can improve model generalizability and ultimately enable functional classifi-
cation of regulatory variants identified by population studies.

[Supplemental material is available for this article.]

Most genetic associations with human diseases and traits lie
within noncoding regulatory DNA (Maurano et al. 2012).
Genome-scale methods to analyze the function of noncoding reg-
ulatory elements within their relevant context would improve our
ability for direct assessment of disease-associated variation.
Profiling of allelic transcription factor (TF) activity across multiple
cell and tissue types has shown that both genomic and tissue con-
texts modulate the penetrance of noncoding variants (Halow et al.
2021), but direct biochemical assessment of each variant in every
relevant cell type and state remains impractical.

An alternative approach is to train machine learning models
on reference genomic sequence and then apply them to genetic
variation data. Recent machine learning models including
gkmSVM (Lee et al. 2015), DeepSEA (Zhou and Troyanskaya
2015), Enformer (Avsec et al. 2021a), and BPNet (Avsec et al.
2021b) have demonstrated impressive performance in predicting
functional genomic signals such as expression and DNA accessibil-
ity from sequence alone. Those models were trained on large func-
tional genomic data sets (e.g., DNase-seq or CAGE) across a wide
variety of human and mouse cell and tissue types generated by large
projects such as ENCODE (Meuleman et al. 2020; The ENCODE
Project Consortium et al. 2020), the Roadmap Epigenomics
Mapping Project (Roadmap Epigenomics Consortium et al.
2015), and FANTOM (The FANTOM Consortium and the Riken
PMI and CLST (DGT) et al. 2014). Analysis of current models on in-
ter-individual genetic variation data has yielded littleimprovement
relative to more parsimonious approaches (Maurano et al. 2015;
Dey et al. 2020; Toneyan et al. 2022; Huang et al. 2023; Karollus
etal. 2023; Sasse et al. 2023). The opacity of the more complex mod-
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els reduces their contribution to mechanistic understanding and
could mask overfitting, resulting in degraded performance under
new circumstances. Furthermore, training sequence is universally
drawn from the human or mouse reference genomes, whose geno-
mic features can be highly correlated, particularly for long-range in-
teractions (Xi and Beer 2018; Whalen and Pollard 2019). Such an
approach limits the explored sequence space owing to constraints
imposed by evolution and could reduce model performance on
mutations and engineered sequences diverging significantly from
reference. In principle, genomic sequences from different species
(Kelley 2020; Cochran et al. 2022) or random sequence (de Boer
and Taipale 2024) could expand the sequence space for training.
Thus, the problem remains how to generate sufficient functional
data to reflect function at the endogenous genomic locus.

Sources of training data beyond the reference sequence are
limited by the scale of sequence amenable to manipulation, as
well as its relevance to the regulation architecture of the endoge-
nous locus. Massively parallel reporter assays (MPRAs) transiently
transfected plasmids or randomly integrated sequences with little
genomic context and thus cannot accurately model the effect of
surrounding regulatory sites at the endogenous locus (Kircher
et al. 2019; Kosicki et al. 2025). Large-scale CRISPR-Cas-based ge-
nome engineering strategies including saturation genomic editing
overcome the inability of MPRAs to reproduce accurate genomic
context (Findlay et al. 2014; Martyn et al. 2025). However, each
CRISPR guide provides control over a limited genomic range
(100-1000 bp). Thus, these approaches are more suited to the
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deletion of existing sequence than its rearrangement or the addi-
tion of novel sequence and are difficult to use for multistep engi-
neering of diploid cells. Training on allelic variation in
expression (Sasse et al. 2023), chromatin accessibility (Maurano
et al. 2015; Halow et al. 2021), or genome-wide association study
variants (Mostafavi et al. 2023) are limited by the standing genetic
variation and the effects of selection. A synthetic regulatory geno-
mic approach is uniquely able to uncover novel biology, and these
new technologies will move the field toward consideration of regu-
latory function at a locus scale.

Recent work applying synthetic regulatory genomics has
highlighted the influence of genomic context on enhancer func-
tion (Ribeiro-Dos-Santos et al. 2022; Brosh et al. 2023), as well as
the discrepancy between reporter assays and function at the en-
dogenous locus (Brosh et al. 2023). The Big-IN platform enables
targeted integration of large BACs upward of 160 kb into human
and murine embryonic stem cells, overcoming previous limita-
tions of scalability and portability across genomic loci and cellular
contexts (Brosh et al. 2021). Integration of a modular landing pad
(LP) enables subsequent recombinase-mediated cassette exchange
(RMCE) of large payloads and efficient positive/negative selection
for correct clones. Hundreds of different payloads have been deliv-
ered to these cell lines at multiple loci (Brosh et al. 2021, 2023;
Mitchell et al. 2021; Pinglay et al. 2022; Zhang et al. 2023;
Ordofiez et al. 2024). Compared with editing methods such as sat-
uration genome editing, synthetic regulatory genomics is not lim-
ited to derivatization of the reference sequence but can deliver a
nearly unlimited set of sequences.

Here, we explore the application of deep learning models to
predict regulatory features at loci engineered through synthetic
regulatory genomics. We evaluate the ability of these models to
predict the functional behavior of regulatory elements when sub-
ject to complex deletions and rearrangements. Further, we evalu-
ate the model prediction of functional genomics for novel
synthetic sequences and long-range regulatory element interac-
tion. Finally, we demonstrate the potential design for iterative im-
provement of such models by integrating synthetic regulatory data
set. Our work suggests a key role for synthetic regulatory genomics
in training future genomic deep learning models.

Results

Enformer performance predicting synthetic payloads

To probe the varied performance of deep learning models across
different regimes, we analyzed the Enformer model owing to its
high accuracy and wide receptive field that allows investigation
of large regulatory landscapes (Avsec et al. 2021a). Based on previ-
ous work showing that Enformer retains most of its predictive per-
formance with shorter input windows (Karollus et al. 2023), we
adapted the published Enformer model to use flexible input and
output lengths to enable capturing relevant regulatory elements
while maintaining high computational efficiency, as well as out-
putting predictions for large synthetic payloads (Methods). We
confirmed the adapted model produces nearly identical results to
the published version, including at different input window sizes
(Supplemental Figs. S1, S2).

We then evaluated the predictive power of Enformer on syn-
thetic sequences related to the reference genome but differing in
significant aspects. We started with a published analysis that dis-
sected the Sox2 locus in mouse embryonic stem cells (mESCs)
(Brosh et al. 2023). Eighty synthetic payloads were delivered,

replacing either the full 143 kb locus or 43 kb locus control region
(LCR) required for Sox2 expression in mESCs, and included multi-
ple categories of variation, such as deletions, duplications, rear-
rangements, inversions, and surgical TF site deletions (Fig. 1A).
As the published Enformer model did not include CAGE
predictions in mESCs (Avsec et al. 2021a), we trained Enformer
on publicly available CAGE data produced at Riken (Methods) (Sup-
plemental Fig. S3). We then predicted transcription at the Sox2
transcription start site (TSS) for the synthetic payloads (Supple-
mental Fig. S4A). However, comparison with measured expression
showed no correlation, and in particular, Enformer did not predict
the effect of deleting the LCR, which should result in total ablation
of Sox2 expression in mESCs (Li et al. 2014; Zhou et al. 2014). We
focused on the 70 payloads delivered replacing the LCR. We pre-
dicted DNA accessibility at the LCR for each payload using
Enformer and summed the accessibility at the LCR DNase I hyper-
sensitive sites (DHSs) 19-28 as a proxy for the overall LCR activity
(Supplemental Tables S1, S2). Predicted LCR accessibility showed
a good correlation with experimentally measured Sox2 expression,
confirming that accessibility can serve as a good proxy for expres-
sion in this context (Fig. 1B).

To evaluate our accessibility prediction approach on a differ-
ent locus and cell type, we analyzed a series of enhancer deletions
and relocations at the o-globin locus (Supplemental Table S1) char-
acterized in mouse embryonic body-derived erythroid cells (Fig.
1C; Blayney et al. 2023). Starting in mESCs, one o-globin allele
was deleted using CRISPR-Cas9, whereas the other was engineered
to support subsequent delivery of engineered hemoglobin alpha
(Hba) payloads ranging up to 85 kb through recombinase-mediat-
ed genomic replacement (RMGR). Enhancer deletions and reloca-
tions were then engineered with CRISPR-Cas9. We verified that
Enformer accessibility predictions matched the previously pub-
lished experimentally measured ATAC-seq tracks (Supplemental
Fig. S5). Similarly to the predictions on the Sox2 data set, the
sum of predicted accessibility of all five enhancers (Supplemental
Table S2) presented a good correlation to experimentally measured
Hba expression (Fig. 1D).

We then investigated predictive performance for individual
TF recognition sequences identified within Sox2 LCR DHSs
23-24 (Brosh et al. 2023). We used Enformer to perform an in silico
scanning deletion analysis of those DHSs replacing 16 bp with N's
(Fig. 2A). The accessibility predictions correctly identified two re-
gions identified as essential in the experimental analysis.
However, Enformer completely missed a key cluster of TF recogni-
tion sequences (TF sites 23.5-23.8) (Fig. 2A), which experimental
deletion analysis showed to be essential (Brosh et al. 2023).
Furthermore, published analysis has shown that DHSs 23 and 24
have positive synergy, in that the activity of one DHS is greatly in-
creased by the presence of another DHS in superadditive fashion
(Brosh et al. 2023). Enformer predicted no synergy between
DHSs 23 and 24 as deletions in one DHS were predicted to have
no effect on accessibility of the neighboring DHS (Fig. 2A). We
compared Enformer predictions to specific payloads harboring sin-
gle and multiple TF site deletions or mutations within DHSs 23
and 24. Although Enformer predicted the activity payloads with
fully disabling deletions, its worst prediction was for the
DHS23-DHS24 pair, and it overestimated the activity of medi-
um-effect TF site deletions (Fig. 2B), suggesting it had difficulty
quantitatively predicting the relationship between multiple TF
sites. Finally, the CAGE model failed to predict an effect for any de-
letions (Supplemental Fig. S4B). Thus, although deep learning
models can recapitulate gross features of synthetic sequences
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Figure 1. Assessment of Enformer performance on synthetic sequences. (A) Schematic of Sox2 locus showing DNase-seq in mouse embryonic stem cells
(mESCs) and Enformer prediction-engineered CAST/B6 mESCs harbor a Big-IN landing pad (LP) replacing one allele of the Sox2 LCR for delivery of multiple
synthetic payloads (Brosh et al. 2023). Locus control region (LCR) is highlighted in gray. DHSs are indicated by blue boxes. DHS deletions are indicated by
dashed boxes. (B) Sox2 expression was characterized by allele-specific gQRT-PCR. Each point represents experimentally measured Sox2 expression and
Enformer prediction of a synthetic payload (N=70). Engineered Sox2 allele expression was scaled between zero (ASox2) and one (WT). LCR activity
was measured as the summed accessibility over all LCR (DHSs 19-28) in mESC_C]J7. (C) Schematic of hemoglobin alpha locus showing DNase-seq of mouse
fetal liver (mfLiver), Enformer predictions, and hemoglobin alpha locus engineering strategy by CRISPR-Cas9 editing and characterization using qRT-PCR
(Blayney et al. 2023). Enhancers R1-R4 are indicated by blue boxes. Deleted regions are represented by dashed boxes. (D) Hba expression of the resulting
cells was profiled by gRT-PCR, normalized to Hbb, and scaled as a proportion of WT expression. Each point represents experimentally measured Hba ex-
pression and Enformer prediction of an enhancer configuration (N=17). Hba expression was measured by qRT-PCR, normalized to Hbb, and scaled as a
proportion of WT expression. Predicted enhancers (R1-R4) activity was measured as the sum of maximum predicted accessibility at enhancers R1 to R4.

Blue lines indicate linear regressions (B,D).

derived from genomic reference sequence, their performance has
gaps, most notably the synergy among neighboring regulatory
elements.

Finally, to explore performance of deep learning models on
sequences even further diverged from the reference genome, we
investigated a synthetic “backward” sequence in which the
HPRT1 gene sequence was reversed but not complemented
(Camellato et al. 2024). This synthetic sequence shares many fea-
tures with the native HPRT1 (e.g., base composition, homopoly-
mer runs, and other short repeats) but disrupts higher-order
features such as coding sequence and TF recognition sites (except

palindromes). mESCs were engineered to replace the endogenous
mouse Hprtl locus with three synthetic payloads ranging from
95 kb to 101 kb (Fig. 3A): (1) HPRT1 containing the native human
sequence, (2) SynHPRT1R containing its reversed but not comple-
mented sequence, and (3) SynHPRT1R"*“PS wherein all CpG sites
were removed (Supplemental Table S1). For the HPRT1 payload in
native hESCs, Enformer correctly predicted activity at two experi-
mentally observed DHSs (Fig. 3B). We then compared Enformer
predictions to experimentally measured DNA accessibility
(ATAC-seq) in mESCs for all three payloads (Fig. 3C). The HPRT1
payload only showed accessibility by ATAC-seq at the gene
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delivered in place of the Sox2 LCR, and profiled for expression (Brosh et al. 2023). Difference between measured (closed circle) and predicted (open circle)
accessibility is shown by a line and colored by direction of difference. Predicted expression was scaled to WT using a linear regression fitted to all payload

examples in Figure 1B.

promoter, and both the reversed payloads (SynHPRT1R and
SynHPRT1R™“PS) showed no accessibility at all. In comparison,
Enformer predicted false-positive peaks in both HPRTI and
SynHPRT1R"“PS payloads, and it predicted above background ac-
cessibility throughout SynHPRT1R (Fig. 3C). The false-positive
peaks in HPRT1 corresponded to peaks observed in the experimen-
tal data for hESCs but not mESCs, suggesting that the same se-
quence behaves differently in the two cellular contexts and that
the Enformer predictions do not accurately reflect the mESC
trans-regulatory environment. These SynHPRTIR false positives
might be related to sequence CpG content, because they were ab-
sent in SynHPRT1R™*“PS. These results reinforce model limita-
tions when assessing novel synthetic sequences.

Enformer does not accurately model distal promoter—enhancer
regulation

Previous reports have shown that activation of Sox2 by its LCR de-
creases with enhancer-gene distance (Zuin et al. 2022). We tested
whether Enformer was able to replicate the LCR-Sox2 distance-de-
pendence curve by simulating placement of the Sox2 LCR at 10 kb
intervals both downstream from and upstream of the Sox2 promot-
er. For each placement, we predicted the mESC CAGE at the Sox2
promoter and DNase-seq signal at the promoter and LCR (Fig.
4A). We found that predicted accessibility remained mostly un-
changed and was independent of enhancer-gene distance (Fig.
4B; Supplemental Fig. S6). To evaluate the impact of genomic dis-
tances in a different sequence context, we flanked the Sox2 proxi-
mal region with two copies of SynHPRT1R"*“P¢ (upstream and
downstream) and again evaluated the impact of inserting the
whole Sox2 LCR at 10 kb intervals (Fig. 4C). This experiment yield-
ed similar results, in that Enformer did not predict a significant dis-
tance effect (Fig. 4D). In contrast to predictions at the endogenous
locus, the presence of the LCR at any position in SynHPRT1R"°CPS
was predicted to increase Sox2 promoter accessibility above the
ALCR background. Thus, Enformer incorrectly predicts no effect

A mESC i L . i
DNase-seq Hprt ——— 10kb
Parental —— — |
LP-Hprt loxM Big-IN Landing Pad loxP
mESC
(1) Big-IN Delivery (RMCE)
(2) Accessibility profiling (ATAC-seq)
B resc HPRT1
3
DNase-seq [H7_hESC] l
0 N A N
3
Enformer [H7_hESC] l
ok N
C nmesc HPRT1
r_——m/—/—//————mo—mr oo —p
3
ATAC-seq
HPRT1] o - o
inmESC| 3
Enformer l
: i . 1

SynHPRTIR [ Fmrmrmrmemem— —— ————]
inmESC | ATAC-seq
Dl 0
. 3_
f!lpped Enformer
coordinates 0 baw ks e » R

P I S ——

inmESC | ATAC-seq

e {0
flipped and En&:rmer
centered o
coordinates - A s
Figure 3. Limited predictive performance on novel synthetic sequences.

(A) Schematic of mouse Hprt1 locus and synthetic payload profiling strategy
(Camellato et al. 2024). mESC DNase-seq is shown at top. mESCs were en-
gineered to replace their Hprt1 locus with Big-IN LP, which was used to
deliver three synthetic payloads: human HPRTT locus, SynHPRT1R (reversed
but not complemented human HPRTT locus), and SynHPRT1R"“P¢
(SynHPRT1R with all CpG removed) payloads. Engineered cells were charac-
terized by ATAC-seq. (B) Schematic of human HPRT1 locus. Shown is DNase-
seq of human H7_hESC and corresponding Enformer prediction. (C) ATAC-
seq and Enformer accessibility predictions for engineered mESCs. Shown
synthetic payloads (HPRT1, SynHPRT1R, and SynHPRT1R"“P<) profiled
and predicted accessibility. Schematics of each synthetic payload are shown
above the accessibility tracks. Reversed payloads (SynHPRT1R and
SynHPRT1R™°“PC) are flipped horizontally, and SynHPRT1R"*“P< was cen-
tered to match HPRTT coordinates. Enformer false-positive predictions are
highlighted in gray.
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of distance between the Sox2 promoter and LCR, inconsistent with
the experimental data. This is consistent with other reports that
existing transformer models do not effectively model long-range
interactions despite their wide receptive fields (Karollus et al.
2023).

High-level Enformer predictions depend on background
sequence properties

This lack of distance dependence contrasts with a prior report that
Enformer predicts a key role for enhancer-promoter distance
(Toneyan and Koo 2024). To explore this apparent inconsistency,
we reproduced the effect of the position of their 74 candidate en-
hancers on CAGE signal at their target promoter in K562 cells. We
built a virtual sequence for each enhancer-promoter pair by ex-
tracting a 196,608 bp window centered at the targeted gene TSS
from the human reference genome. We randomly shuffled dinu-
cleotides within the targeted region sequence and restored the
TSS block (defined as the central 5 kb region). We then generated
a series of virtual sequences by inserting the candidate enhancer in
10 kb intervals from the TSS. The TSS CAGE signal was measured
for each TSS-enhancer position by averaging the signal of 10 ran-

dom dinucleotide shuffles. Consistent with the published analy-
sis, all promoter-enhancer pairs showed a steep reduction of
CAGE signal with increasing TSS-enhancer distance (Supplemen-
tal Fig. S7A).

We reasoned that the contrast with the Sox2 distance analysis
might be related to the choice of background sequences. Thus, we
repeated the experiment using 10 randomly generated background
sequences based on the dinucleotide content of Syn HPRT1R™*“PS,
In this context, we observed a selective distance response on TSS
CAGE signal, with many DHS relocations producing little to no
impact on TSS CAGE signal (Supplemental Fig. S7B). We con-
firmed all promoter/enhancer pairs were still expressed in this
background (Supplemental Fig. S7C). Thus, we observed complete-
ly different responses depending on the sequence context. To
more specifically attribute this context dependence to sequence
features, we investigated the nucleotide composition at the endog-
enous loci used. We found that sites with G+C content <47%
showed the same distance dependence regardless of context,
whereas the sequences that differed when tested in Syn-
HPRT1R™“P¢ all had G+C >47% (Supplemental Fig. S7D). Nota-
bly, the human and mouse reference genomes, as well as
SynHPRT1R™“PS, all had lower G+C (41%, 42%, and 38%,

Genome Research 2543
Wwww.genome.org


http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280540.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280540.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280540.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280540.125/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280540.125/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cshlp.org on June 16, 2026 . Published by Cold Spring Harbor Laboratory Press

Ribeiro-dos-Santos and Maurano

respectively), suggesting the in silico distance dependence is dis-
rupted by a mismatch in nucleotide composition. This highlights
the importance of background generation strategy and the impact
of key genome sequence parameters such as G+C content on eval-
uation of model predictions.

Deep learning models struggle to predict cell type—selective DHSs

Current deep learning models are trained to predict multiple regu-
latory tracks (i.e., cell types) at the same time (Kelley et al. 2016,
2018; Avsec et al. 2021b). We reasoned that this multitask strategy
could favor detection of pervasive regulatory sites present across
multiple cell types to the detriment of more cell-selective features
(Schreiber et al. 2020; Kathail et al. 2024). We compared peaks
called from Enformer-predicted accessibility against matching ex-
perimental DNase-seq peaks. Peaks were partitioned according to
their activity across 141 cell and tissue types from reference
DNase-seq data sets that included 105 human tracks and 36 mouse
tracks (Supplemental Table S3). This analysis showed that tissue-
specific peaks were highly enriched for false positives, whereas
true positives tended to be constitutively active sites (Fig. 5A,B).
Enformer presented increasingly higher positive predictive values
(PPVs) with decreasing tissue specificity (Fig. 5C). Similar trends
were observed when investigating mESC promoter, CTCF, and
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Figure 5. Enformerfavors detection of shared regulatory sites. (A-C) Peak-calling comparison between
mESC_CJ7, H7_hESC, GM12878, and K562 DNase-seq and their respective Enformer predictions (for de-
tails, see Methods). Peaks were binned according to the proportion of cell types represented in a collec-
tion of mouse (N=36) and human (N =105) reference DNase-seq data sets (Supplemental Table S3).
Peaks are classified as true positive (TP) when found in both reference DNase-seq and Enformer predic-
tions, as true negative (TN) when not found in either, as false positive (FP) when found only in Enformer
predictions, and as false negative (FN) when found only in reference DNase-seq. A 25.6 kb input window
was used for predictions. (A) Total number of peaks colored by category. (B) Relative proportion of cat-

egories per bin. (C) Positive predictive value (PPV) per bin.

non-CTCF sites (Supplemental Fig. S8), suggesting the lack of sen-
sitivity to cell type-selective sites is not limited to particular classes
of genomic regulatory elements. The relatively low proportion of
false-positive sites among the more cell type-specific sites suggests
that some of them can be explained by features bleeding through
from other training tracks.

Fine-tuning on synthetic regulatory genomic data sets
improves predictive performance

We then developed a fine-tuning strategy to improve model per-
formance through incorporation of synthetic regulatory genomic
data sets. We added a new independent output layer that uses the
baseline Enformer feature extraction trunk to predict Sox2 expres-
sion (Fig. 6A). The new output layer is composed of a self-attention
layer to capture relevant features independently of position and a
dense layer to combine the resulting signal into a single expression
prediction value. This allowed us to fine-tune Enformer internal
feature extraction without affecting mouse or human regulatory
track heads. We evaluated three configurations of the new output
self-attention layer: SingleHead 64/64, SingleHead 64/128, and
MultiHead 64/64 (for details, see Methods). They all presented
similar performances, and any can be considered an adequate
architecture.

For training, we sampled from dif-
ferent windows centered on the experi-
mentally assessed payloads inserted to
replace the endogenous Sox2 LCR in the
mouse reference genome (Methods)
(Fig. 6B; Supplemental Fig. S9). To assess
whether our results were sensitive to
overfitting from training and evaluating
our model on the same collection of
payloads, we developed a more conserva-
tive training strategy that randomly
partitioned payloads into independent
training and validation data sets (Supple-
mental Fig. S9C). Training 10 batches of
models using this partitioned strategy
produced similar results to the full data
set training, but with higher variance ow-
ing to the reduced numbers of payloads
per category (Supplemental Fig. S10).
Thus, we employed the model trained
with the full data set for all subsequent
analysis.

Across payload categories, fine-
tuned models outperformed baseline
Enformer predictions, especially for com-
plex sequence modification such as DHS
ordering and inversion (Fig. 6C). To con-
firm performance of the fine-mapped
model on a held-out test set, we analyzed
a second data set composed of 86 syn-
thetic payloads, including further Sox2
DHS combinations, TF deletions and
relocations, and combinations of DHS
from Sox2, Nanog, Salll, and Prdm14
(Ordofiez et al. 2025). Analysis showed
similar improvements (Fig. 6D). When
comparing baseline and fine-tuned
genome-wide accessibility predictions,
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Figure 6.

Improved model prediction by incorporating synthetic regulatory genomics data. (A) Enformer fine-tuning architecture. (B) Data set augmen-

tation and training strategy. (C,D) Predictive performance of baseline and fine-tuned Enformer models on training (C) Brosh et al. (2023) and held-out test
(D) Ordoriez et al. (2025) sets. Expression was estimated either by summing the maximum predicted accessibility of all LCR DHS (accessibility) or by taking
directly from the new output head (expression). MSE, mean-squared error. Results presented for overall data set and payload categories containing more
than two payloads. Horizontal dotted lines show baseline performance. (E) Experimental and predicted mESC DNase-seq at the Jph3 locus. Shown is
DNase-seq of the prediction target (mESC_C]7), a technical replicate, an independent cell line (MESC_E14), and accessibility predictions made with base-
line and fine-tuned Enformer models. (F,G) Genome-wide predictive performance showing experimental mESC replicates to indicate maximum perfor-
mance. Error bars indicate +1 SD. (F) Mean correlation (r) with the prediction target mESC_CJ7 at peaks. Peak signal was measured as the maximum at
bins overlapping each hotspot. (G) Mean peak-calling accuracy from predicted signal.

fine-tuning eliminated several baseline false positives (Fig. 6E).
Genome-wide assessment of mESC accessibility predictions dem-
onstrated that fine-tuned models presented higher peak correla-
tion to source DNase-seq and higher peak-calling accuracy (Fig.

6F,G). Predictions from the fine-tuned Enformer retained high pre-
dictive performance across multiple assay categories (Supplemen-
tal Fig. S11). The final tuning step for Enformer was toward the
human data set (Avsec et al. 2021a), which may have slightly
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favored detection of human regulatory features. Fine-tuned predic-
tions outperformed baseline for all mouse assays and showed only
minimal performance decay against human assays (Supplemental
Fig. S12). The fine-tuned model showed no improvement in pre-
dicting distance effects, suggesting the potential for future work
to explicitly incorporate distance effects when training new mod-
els (Supplemental Fig. S13). Our results demonstrate a unique ap-
proach to iteratively improve the predictive performance of
pretrained deep learning models through incorporation of high-
yield synthetic regulatory assay data.

Discussion

We showed that Enformer has good performance modeling basic
aspects of synthetic regulatory data at both Sox2 and Hba loci,
but it fails to capture DHS synergy and was only partially sensitive
to TF site deletions. For sequences (i.e., SynHPRT1R) that were
more diverged from the reference used to train Enformer, the mod-
el performed poorly. We found Enformer unable to effectively
model long-range regulation of Sox2 transcription, consistent
with previous reports that predictive performance falls off rapidly
distal to the target TSS (Avsec et al. 2021a; Karollus et al. 2023;
Toneyan and Koo 2024). The architecture of Enformer penalizes
feature interaction proportionally to the distance between ele-
ments, which may contribute to this shortcoming. Further, long-
range interactions are relatively uncommon and thus will not be
favored during training (Karollus et al. 2023). This highlights the
limitations imposed by a limited training sequence space and pos-
es caveats to future analysis of novel sequences.

We generally found better predictive performance using pre-
dictions for DNA accessibility, even when the experimental data
measured expression. In particular, Enformer CAGE predictions
showed overall poor performance on the distal regulatory ele-
ments we tested. The mESC CAGE output head performed as
well as those from the Enformer paper (Supplemental Fig. S3),
but it is possible that CAGE predictions in mESCs could be further
optimized. Our results suggest that accessibility provides a useful
intermediate more amenable to prediction, at least in the context
of distal enhancer perturbations. This is consistent with other ob-
servations that predictions of DNA accessibility are more effective
than those for CAGE for promoter-distal regulatory elements
(Karollus et al. 2023; Martyn et al. 2025). However, there is the pos-
sibility that this strategy overlooks differences between molecular
function on the level of DNA accessibility and transcription. For
example, although we used Sox2 expression data to fine-tune
Enformer, we only evaluated predictive performance on DNA ac-
cessibility. Although the focus on DNA accessibility was supported
by our earlier analysis, we did not show directly that fine-tuning
makes more accurate gene expression predictions. For models
like Enformer that are trained to predict both DNA accessibility
and transcription, it remains to be seen whether the model has a
deep understanding of the distinct underlying biomolecular pro-
cesses involved or whether a core understanding based on regula-
tory sequence motifs underpins superficial differences that tailor
the output to a specific genomic track. Our work suggests that dif-
ferent model architectures and training data may be needed to pre-
dict local effects of functional variants versus identification of
their target genes.

Multitask training to predict multiple regulatory genomic as-
says across different cell and tissue types enables information shar-
ing between the different contexts (Kelley et al. 2018). However,
performance remains limited by the training sequence space.

Here we demonstrated that predictive power is related to the de-
gree of DHS activity across multiple cell and tissue types, consis-
tent with previous reports (Kathail et al. 2024). Broadly active
sites across regulatory assays and cell types are favored during
training because prediction errors for such features are weighed
more strongly. Thus, correlation structures among genomic fea-
tures can impede model training (Whalen et al. 2022). Simply ex-
panding the number of training tasks has limited benefit as the
sequence space explored remains the same (Schreiber et al. 2020;
Kathail et al. 2024).

Deep learning models are promising tools to expand our un-
derstanding of regulatory genomics and to interpret variant func-
tional impact (Zhou and Troyanskaya 2015; Avsec et al. 2021a,b).
However, our results show they are currently limited by the limited
scope of their training sequences, which largely reflect the refer-
ence genome. We argue that deep learning models would benefit
from training on functional characterization of regulatory ele-
ments that have been systematically deleted, reordered, inverted,
and perturbed by disease- and trait-associated variation. An itera-
tive training strategy in which these results feed into model devel-
opment, which in turn directs future experimental exploration,
would allow systematic exploration of disease- and trait-relevant
sequence space and improve model performance across contexts.
As a proof of concept of this strategy, our results showed that
fine-tuning improved prediction performance across all payload
categories and improved genome-wide prediction performance,
cleaning many false-positive signals and producing higher peak-
calling accuracy. Thus, synthetic regulatory genomics and ma-
chine learning are highly complementary in genomics’ dual status
as both a “big data” science and an experimental science to
uniquely permit pushing the limits of model knowledge while
maintaining generality through iterative large-scale testing of
model predictions.

Methods

Enformer model

The published Enformer model is hosted in the kaggle repository
(https://www kaggle.com/models/deepmind/enformer) cited by
Avsec et al. (2021a). This model, referred to here as Avsec2021, re-
quires a 393,216 bp input sequence and outputs predictions for
the central 114,688 bp region (Supplemental Fig. S1A).

Our model implementation was based on an equivalent mod-
el hosted at the DeepMind GitHub repository (https://github.com/
google-deepmind/deepmind-research/tree/master/enformer) and
pretrained weights from Google storage (gs://dm-enformer/mod-
els/enformer/sonnet_weights/). Based on previous work showing
that Enformer retains most of its predictive performance with
shorter input windows (Karollus et al. 2023), we employed an
adapted version lacking an internal cropping layer to allow a flex-
ible input sequence size, instead of the fixed 196,608 bp, and to
generate predictions for the whole input (Supplemental Fig.
S1B). We compared the Avsec2021 version to our adapted model
with decreasing input sizes (196,608 bp, 114,688 bp, and 25,600
bp). We selected 10 114,688 bp sites containing at least one
mESC_CJ7 hotspot V1 (FDR 0.01) and predicted their mESC_CJ7
DNase-seq density using all four implementations (Supplemental
Fig. S1C). We found no significant prediction deviations between
the Avsec2021 version and our adapted versions (Supplemental
Fig. S1D,E). Furthermore, we found high correlation in predicted
DNase-seq for delivered Sox2 payloads using 25,600 bp and
196,608 bp windows (Supplemental Fig. S2).
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Enformer predictions throughout the paper were measured as
the mean of 10 1 bp strides (5 bp downstream and upstream) un-
less otherwise noted. Predicted accessibility and CAGE signal
were measured as the maximum signal across all bins overlapping
the promoter or DHSs as described. Synthetic sequences used for
prediction are included in Supplemental Data S1.

Synthetic regulatory biology data sets
Sox2

Expression data were previously published: see Supplemental
Table S4 of Brosh et al. (2023) and work by Ordofiez et al.
(2025). Briefly, engineered allele Sox2 expression was measured
by qRT-PCR using allele-specific primers. The fold-change was cal-
culated as 22CTICAST-BS] and scaled to yield expression values rang-
ing from zero (ASox2) to one (WT). Previously published DNase-
seq data were taken from ENCODE: DS13320 (mESC_CJ7) and
DS21450 (mESC_E14) (Vierstra et al. 2014).

When employing Enformer to predict mESC_CJ7 DNase-seq
signal of these payloads, virtual sequences were built by replacing
either the full 143 kb Sox2 locus or 43 kb LCR in the mouse refer-
ence genome (mm10) (Supplemental Table S1) with the synthetic
payload sequence. Predictions were generated for a 196,608 bp
window centered at the payload insertion site (Supplemental
Table S2).

Hba

Expression data were previously published: see Figures 5A and 6,
B-D (Blayney et al. 2023). Engineering was performed in mESCs
(mDist cells derived from mESC_E14), and expression was mea-
sured in embryonic body-derived erythroid cells. Hba expres-
sion in engineered cells was profiled by qRT-PCR, normalized to
Hbb, and scaled to a proportion of WT expression. Previously pub-
lished embryonic liver DNase-seq data were taken from ENCODE:
DS20937 (mfLiver-F3) (Vierstra et al. 2014) and ATAC-seq of
engineered cells from the NCBI Gene Expression Omnibus
(GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession num-
ber GSE219056.

We employed Enformer to predict accessibility of those five
enhancers (R1-R4) (Supplemental Table S1) in mouse embryonic
liver (mfLiver-F3) as a proxy for Hba expression. Different enhanc-
er configurations were generated by deleting and relocating R1-R4
enhancers on the mouse reference genome (mm10). Predictions
were generated for a 25.6 kb window centered around the R1-R4
enhancers.

HPRTIR

ATAC-seq data were previously published: BS15734A, BS15738A,
and BS21951A were taken from GEO (GSM8001814, GSM8001
817, and GSM8001825, respectively) (Camellato et al. 2024).
Previously published DNase-seq data were taken from ENCODE:
DS13320 (mESC_CJ7) and DS18873 (H7_hESC) (Thurman et al.
2012; Vierstra et al. 2014; Meuleman et al. 2020).

Virtual sequences were built by replacing the mouse Hprtl
locus (Supplemental Table S1) in the mouse reference genome
(mm10) with each of the three payloads. Accessibility in
mESC_CJ7 was predicted in a 393,216 bp window centered at
the Hprt1 locus. We similarly predicted human HPRT1 locus acces-
sibility in human H7_hESC.

Training Enformer on mESC CAGE data

Previously published mESC CAGE tracks CNhs14104 and
CNhs14109 were taken from the FANTOM website at https://

fantom.gsc.riken.jp/5/datafiles/reprocessed/mm10_latest/basic/mo
use.timecourse. nCAGE/ (Fraser et al. 2015), and GSM3852792,
GSM3852793, and GSM3852794 were taken from GEO series
GSE132191 (Bonetti et al. 2020). We trained a new output head
that employs the Enformer trunk to predict these five new mESC
CAGE tracks. The output head was trained, evaluated, and tested
on random 25.6 kb genomic intervals using a Poisson negative
log-likelihood loss function. Training and evaluation data sets
were composed of 469,585 intervals from the mouse reference ge-
nome (mm10) randomly assigned in a 9:1 ratio to each data set, re-
spectively. We used Adam optimizer from TensorFlow with a
learning rate of 0.0005 and otherwise default settings to train for
20 epochs, each visiting 1600 intervals in batches of four. Only
the new output head weights were updated during training while
preserving weights for the Enformer trunk.

The resulting model performance was evaluated by measur-
ing Pearson’s correlation of CAGE signal (log(1 +x) transformed)
between the original and predicted CAGE signals at nine ~5.7
Mb genomic intervals of interest (Supplemental Table S1;
Supplemental Fig. $3) in nonoverlapping 196,608 bp blocks. We
also measured the Pearson’s correlation of seven other CAGE tracks
from baseline Enformer at the same intervals (FANTOM:
CNhs10466, CNhs10469, CNhs10471, CNhs10474, CNhs11297,
CNhs12107, and CNhs13511; Enformer index: 6601, 6604,
6606, 6609, 6823, 6830, and 6937). GSM3852792 was selected as
representative for further analysis in mESCs. Predictions used a
196,608 bp input window.

Enformer fine-tuning

To fine-tune Enformer using the Sox2 LCR synthetic payload data
set, we added a new output head to Enformer to predict Sox2 ex-
pression based on the Sox2 LCR sequence. The new head employs
a self-attention layer to capture relevant features from the
Enformer prediction trunk independently of position. The result-
ing signal is combined into a scalar prediction of Sox2 expression
by a fully connected layer using a softplus activation function
(Fig. 6A).

Here we evaluated three configurations of the self-attention
layer by varying the internal key/value matrix sizes and the num-
ber of independent attention projections (or heads). SingleHead
64/64 applies a single projection of 64 key and value matrices;
SingleHead 64/128 applies a single projection of 64 key and 128
value matrices; and MultiHead 64/64 applies four independent
projections of 64 key and value matrices.

Synthetic payload sequences of Brosh et al. (2023) and
Ordofiez et al. (2025) were expanded to 1280 entries by striding
1 bp at a time up to £+640 bp upstream and downstream through
a 25.6 kb focal region centered at the Sox2 LCR (Supplemental
Fig. S9A). We included all the Brosh et al. (2023) payloads (n=
70) during both training and evaluation. Forty-eight strides from
the Brosh et al. (2023) data set were sampled to train the three
fine-tuned model configurations, and another 48 strides were sam-
pled for evaluation (Fig. 6B; Supplemental Fig. S9B). For the 86 pay-
loads in the held-out test Ordoniez et al. (2025) data set, 32 strides
were sampled as a testing data set.

In parallel, we trained models with the Brosh et al. (2023) pay-
loads partitioned into training and evaluation data sets to avoid
data leakage. Payloads were randomly assigned into a training or
validation data set in a 3:1 ratio for 10 independent batches.
Models were trained and their performance evaluated using each
batch training and validation data set (Supplemental Fig. S9C).
Performance was averaged across training batches. Retrained mod-
els presented similar results to full data set training, but higher var-
iance likely attributable to the reduced size of the training sets.
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For both strategies, fine-tuning was conducted using only the
baseline Enformer trunk and the new output head. This strategy al-
lows us to adjust Enformer internal feature extraction based on our
synthetic data set, while preserving mouse and human prediction
heads. We employed the Adam optimization algorithm with a
learning rate of 107> to fine-tune the models for 10 epochs, each
visiting 400 sequences at time in batches of 4 sequences.
Training error was measured by mean-squared error (MSE).

Predictions for performance comparisons were made using a
25.6 kb input window. Expression was estimated directly from
the new output head and indirectly by summing predicted acces-
sibility of all LCR DHSs in mESC_CJ7. For comparison, accessibility
estimates were scaled to match measured expression using a linear
regression fitted with the training data set. Predictions were aver-
aged across all payload strides and error measured by MSE across
synthetic payloads (Supplemental Table S1).

Genome-wide predictive performance

Genome-wide evaluations were conducted by comparing experi-
mental DNase-seq results to baseline and fine-tuned models for
eight selected tracks (Supplemental Table S4). For each selected
track, we evaluated predictions at 2000 randomly selected 25.6
kb regions from autosomes containing at least one hotspot V1
(FDR 0.01) for the selected track. Within those regions, peaks
were identified as continuous runs of DNase-seq density or predic-
tion values above the track cutoff and >128 bp. The track signal
cutoff was established by calculating the signal 95th percentile at
2000 random 128 bp sites within the targeted regions. A final col-
lection of evaluated sites was generated by merging peaks called for
all DNase-seq assays (selected track, technical replicate, and oth-
ers), the baseline, and fine-tune predictions and combining it to
nonoverlapping random sites used to the signal cutoff. Activity
across cell types and tissues was estimated by annotating the num-
ber of tracks with overlapping hotspots V1 (FDR 0.01) among a col-
lection of reference mouse (N =36) and human (N=105) ENCODE
DNase-seq tracks (Supplemental Table S3).

Software availability

Code for training Enformer on new cell types and for fine-tuning
Enformer is available at GitHub (https://github.com/mauranol
ab/finetune-enformer) and as Supplemental Code. Weights for
the fine-tuned Enformer and mESC CAGE predictions are available
at Zenodo (https://doi.org/10.5281/zenodo.13363228).
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