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Abstract 

Dysfunction of regulatory elements through genetic variants is a central mechanism in the 

pathogenesis of disease. To better understand disease etiology, there is consequently a need 

to understand how DNA encodes regulatory activity. Deep learning methods show great 

promise for modeling of biomolecular data from DNA sequence but are limited to large input 

data for training. Here, we develop ChromTransfer, a transfer learning method that uses a 

pre-trained, cell-type agnostic model of open chromatin regions as a basis for fine-tuning on 

regulatory sequences. We demonstrate superior performances with ChromTransfer for 

learning cell-type specific chromatin accessibility from sequence compared to models not 

informed by a pre-trained model. Importantly, ChromTransfer enables fine-tuning on small 

input data with minimal decrease in accuracy. We show that ChromTransfer uses sequence 

features matching binding site sequences of key transcription factors for prediction. Together, 

these results demonstrate ChromTransfer as a promising tool for learning the regulatory 

code.  
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Introduction 

 

The human genome encodes hundreds of thousands of transcriptional regulatory elements, 

including enhancers, promoters, and silencers, that control how genes are expressed in any 

given cell in the human body (Andersson and Sandelin 2020; Field and Adelman 2020). 

Regulatory elements are short stretches of DNA that act as regulators of transcription via their 

ability to interact with key proteins, transcription factors (TFs), that can modulate the 

expression of genes (Spitz and Furlong 2012; Vaquerizas et al. 2009). Regulatory dysfunction 

may be caused by disruptions of the regulatory code, for instance through point mutations or 

structural variants affecting the chromatin accessibility of regulatory element DNA or binding 

of TFs (Bradner et al. 2017; Miguel-Escalada et al. 2015). Consequently, dysfunction of 

regulatory elements has emerged as a central mechanism in the pathogenesis of diseases 

(Zaugg et al. 2022). As a foundation for understanding cellular and disease programs, we 

therefore need to understand the regulatory code of the human genome. In essence, 

deciphering genetic variants-to-phenotype associations requires an understanding of how 

DNA codes for regulatory activities (Andersson and Sandelin 2020; Lappalainen and 

MacArthur 2021). 

The major challenge in understanding the regulatory code is its complexity. Only considering 

sequences matching known TF binding sequences, regulatory elements involve millions of 

possible sequences that can encode regulatory function, which can be interpreted differently 

across cell types. Therefore, experimentally testing every sequence or regulatory element in 

every cell type is not feasible. Instead, we will need to learn the underlying mechanisms and 

logic of regulatory elements by building computational models that can be applied to predict 

regulatory element activity. With an increasing amount of large-scale molecular data for 

regulatory activities readily available (Andersson et al. 2014; FANTOM Consortium and the 

RIKEN PMI and CLST (DGT) et al. 2014; Kundaje et al. 2015; Arner et al. 2015; Stunnenberg et 

al. 2016; Moore et al. 2020; Meuleman et al. 2020), we are now in a position to approach this 

challenge. 

Deep learning approaches show great promise for such a task, due to their ability to detect 

complex patterns within unstructured data (Ching et al. 2018; Eraslan et al. 2019), as 
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demonstrated by the ability of convolutional neural networks to learn novel features from 

DNA sequences (Avsec et al. 2021b; de Almeida et al. 2022; Janssens et al. 2022). The major 

obstacle for their use to derive the regulatory code is the requirement of large input data sets 

for training the models. Training on small input data may lead to overfitting and, as a 

consequence, non-generalizable interpretations. Learning efficiency and prediction accuracy 

can be improved through multi-task learning, in which multiple types of molecular signatures 

or the same type of measurement across multiple cell types or species (tasks) are modeled 

jointly through exploitation of commonalities and differences in the data for the different 

tasks (Eraslan et al. 2019). Such an approach has been successful in genomics, including 

modeling of chromatin accessibility, histone post-translational modifications, TF binding, and 

expression from DNA sequence alone (Avsec et al. 2021a; Kelley 2020; Kelley et al. 2018, 2016; 

Nair et al. 2019; Zhou et al. 2018). However, multi-task learning may lead to optimization 

imbalances (Chen et al. 2018), causing certain tasks to have a larger influence or even 

dominate the network weights, which may result in worse accuracy for weaker tasks or 

inefficacy to separate similar tasks (Avsec et al. 2021a).  

Transfer learning (Yosinski et al. 2014) has the potential to avoid the possible problems of 

optimization imbalances in multi-task learning or overfitting due to small data sets in single-

task learning. During transfer learning, a model is first trained on a problem with sufficiently 

large input data. The knowledge gained during the first stage is then used on a related or 

more specific problem for which input data may be smaller, using the features and network 

weights learnt in the first model as a basis for training a new model for the specific problem 

through fine-tuning. Transfer learning has been highly successful in biological image 

classification (Esteva et al. 2017; Zeng et al. 2015) and also shows great promise for training 

models from DNA sequences to predict 3D genome folding (Schwessinger et al. 2020), 

chromatin accessibility (Nair et al. 2019; Kim et al. 2021; Kelley et al. 2016; Lai et al. 2022), 

and TF binding (Zheng et al. 2021; Novakovsky et al. 2021). 

As a step towards establishing transfer learning for modeling the regulatory code, we here 

develop ChromTransfer, a transfer learning scheme for single-task modeling of the DNA 

sequence determinants of regulatory element activities (Figure 1A). ChromTransfer uses a 

pre-trained, cell-type agnostic model, that we derive from a large compendium of 

permissively defined regulatory elements from open chromatin regions (Figure 1B) across 
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human cell types, tissues, and cellular stages, to fine-tune models for specific tasks (Figure 

1C). We demonstrate improvements in performances with ChromTransfer for predicting cell-

type specific chromatin accessibility for all cell types considered compared to baseline models 

derived from direct modeling of individual cell types. We find that transfer learning minimizes 

overfitting, allowing fine-tuning of models with high predictive performances using only a 

small fraction of input data. Through feature importance analysis, we identify how 

ChromTransfer uses sequence elements to predict chromatin accessibility differently across 

cell types and match these elements to key TF binding site sequences. Our results 

demonstrate ChromTransfer as a promising tool for deciphering how DNA codes for 

regulatory activities from small input data. 

 

Results 

 

Transfer learning improves regulatory element prediction accuracy compared to direct 

learning 

As a basis for learning sequence features associated with chromatin accessibility, we 

considered the ENCODE compendium of 2.2 million representative DNase I hyper-sensitive 

sites (rDHSs, cell-type agnostic open chromatin regions, https://screen.encodeproject.org/) 

(Moore et al. 2020) (Figure 1B). The ENCODE rDHSs were assembled using consensus calling 

from 93 million DHSs called across a wide range of human cell lines, cell types, cellular states, 

and tissues, and are therefore likely capturing the great majority of possible sequences 

associated with human open chromatin. 

We implemented a ResNet (He et al. 2015) inspired deep neural network architecture with 

residual layers to classify chromatin accessibility (open/closed) from 600 bp DNA sequences 

centered at rDHSs (Figure 1C, upper panel). The network was used for cell-type agnostic 

modeling of chromatin accessibility versus sampled negative genomic regions (Methods). 

Training and hyperparameter tuning were carried out using 3-fold cross-validation. rDHSs 

located on chromosomes 2 and 3 were held out as the test set. The resulting model (herein 

referred to as pre-trained) was capable of distinguishing between open and closed chromatin 

with high accuracy (area under receiving operating curve (AUROC) of 0.94 and area under 
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precision-recall curve (AUPRC) of 0.90 for the out of sample test set; per-class test set F1 

scores of 0.93 and 0.80 for open and closed chromatin, respectively; Figure 1D,E). This 

demonstrates that DNA sequence is a major determinant of chromatin accessibility, in 

agreement with previous work (Kelley et al. 2016; Nair et al. 2019), and that the pre-trained 

model is able to capture the high sequence complexity in the input data. 

To examine how well the pre-trained model could be transferred to more specific prediction 

tasks with limited training data, we developed a new transfer learning procedure, 

ChromTransfer, and evaluated its ability to learn the sequence determinants of open 

chromatin regions unique to specific cell types (Figure 1A-C). We focused on rDHSs with cell-

type specific chromatin accessibility across six cell lines (defined as accessible sites unique to 

one cell line among the six considered cell lines; Figure 1B; GM12878: 31,740, K562: 36,769, 

HCT116: 20,018, A549: 14,112, HepG2: 31,211, MCF7: 39,461) together reflecting diverse 

biological cell types, each with its own key TFs (The ENCODE Project Consortium 2012). During 

transfer learning with ChromTransfer, the representations of the higher-order features in the 

convolutional blocks of the pre-trained model are re-trained to make them more relevant for 

the new data alongside training of newly added dense layers. In order to gradually adapt the 

pre-trained features to the new data, both the convolutional blocks and the dense layers are 

trained at a reduced learning rate (Figure 1C, lower panel; Methods). In this way, the pre-

trained model can be fine-tuned to capture the sequence determinants of chromatin 

accessibility in individual cell types. A similar approach was taken to fine-tune a general model 

to capture time-point specific chromatin accessibility during epidermal differentiation (Kim et 

al. 2021). 

ChromTransfer achieved high predictive performances for all cell lines (overall test set F1 

scores ranging between 0.73 and 0.86, AUROC ranging between 0.79 and 0.89, and AUPRC 

ranging between 0.4 and 0.74; Figure 1F; Supplementary Figure 1B; Supplementary Tables 1-

2). In comparison, the pre-trained model (without fine-tuning) demonstrated only a weak 

ability to predict cell-type specific chromatin accessibility (overall test set F1 scores ranging 

between 0.24 and 0.49; Supplementary Table 1), indicating that fine-tuning of the pre-trained 

model adapts the network weights to capture cell-type specific sequence elements. The 

largest improvement was observed for K562, having an increase in overall F1 score from 0.24 

for the pre-trained model (per class test set F1 score of 0.22 and 0.33 for closed and open 
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chromatin, respectively) to 0.86 for the fine-tuned model (per class test set F1 score of 0.91 

and 0.62 for closed and open chromatin, respectively). 

 

 

Figure 1: Transfer learning of the sequence determinants of regulatory elements using 
ChromTransfer. A: ChromTransfer is a transfer learning scheme for single-task modeling of 
the DNA sequence determinants of regulatory element activities. ChromTransfer uses a pre-
trained, cell-type agnostic model, derived from a large compendium of open chromatin 
regions to fine-tune models for predicting cell-type specific activities. B: Illustration of a 
genomic locus with DNase-seq signal across six cell lines along with called DHSs and the cell-
type agnostic rDHS compendium. The strategy for selection of positives, 600 bp sequences 
centered on all rDHSs (for pre-training) or cell-type specific DHSs (for fine-tuning) are shown. 
C: Model architecture (upper panel) and strategy for fine-tuning (lower panel). For network 
details, see Methods. D: ROCs for training/validation and the test set of the pre-trained model 
for rDHS classification. AUROCs are provided in parentheses. E: Precision recall curves (PRCs) 
for training/validation and the test set for the pre-trained model for rDHS classification. 
AUPRCs are provided in parentheses. F-G: Test set ROCs of the six fine-tuned models (F, 
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ChromTransfer) and the six binary class baseline models (G, direct training scheme) for 
classification of cell-type specific chromatin accessibility. AUROCs for each cell line model are 
provided in parentheses. H: Overall and per-class (positive: open chromatin, negative: closed 
chromatin) test set F1 scores for the fine-tuned and binary class baseline models of the six 
considered cell lines. F1 scores are also given in Supplementary Table 1. 

 

We next examined if transfer learning using ChromTransfer added any performance increase 

compared to a direct training approach. As baseline models, we trained the same ResNet-like 

network (Figure 1C, upper panel) ab initio using the same DNA sequences from cell-type 

specific open chromatin regions for each of the six cell lines either separately as a binary 

classification task (one model per cell type) or together with a multi-class classification output 

layer (one model for all six cell types). Hence, any performance differences observed for the 

binary class baseline models versus ChromTransfer models will reflect the absence of cell-

type agnostic pre-training of the convolutional layers on the rDHSs. Indeed, the fine-tuned 

models consistently outperformed the direct binary class training scheme (mean increase in 

overall test set F1 score of 0.13, ranging between 0.05 for K562 to 0.27 for MCF7; Figure 1G,H; 

Supplementary Figure 1B,C; Supplementary Table 1). The largest performance increase was 

observed for the positive class (open chromatin), with HCT116 and MCF7 binary class baseline 

models having very weak positive predictive performances (test set positive class F1 score of 

0 and 0.11, respectively). Similarly, the fine-tuned ChromTransfer models demonstrated 

consistent improvements in predictive performances over the multi-class baseline model 

(mean increase in overall test set AUROC of 0.15; Supplementary Table 3). 

We conclude that ChromTransfer’s pre-training of a cell-type agnostic model on the sequence 

determinants of chromatin accessibility followed by fine-tuning on individual cell-types 

consistently improves classification accuracy. 

 

Transfer learning allows for fine-tuning on small training data without overfitting  

The weak class performances for some cell line models with the direct training scheme 

(baseline models; Figure 1H; Supplementary Table 1) indicates that training of the network 

architecture on these data sets is not capable of generalizing to the test data. Indeed, 

examination of the learning curves (Figure 2A) showed clear signs of overfitting to the training 
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data, with early stopping only after a few epochs and limited convergence between validation 

and training losses. Further examination revealed that the direct training scheme for the 

binary class baseline models could not properly calibrate class probabilities (lack of external 

calibration; Figure 2C; Supplementary Figure 2). In contrast, the ChromTransfer-derived fine-

tuned models showed no signs of overfitting (Figure 2B,D).  

The stable performances of ChromTransfer’s fine-tuned models without indications of 

overfitting prompted us to investigate how small training datasets could be used without a 

major decline in predictive performance. To this end, we performed a bootstrap analysis in 

which we subsampled the training data for HepG2-specific chromatin accessibility to different 

fractions (1% to 75%, 10 bootstraps per target) of the original training data and re-ran the 

fine-tuning of the pre-trained model on the resulting data (Table 1). Remarkably, we observed 

only a marginal decrease in predictive performance (decrease in mean overall test set F1 score 

of 0.05) on the original test data when using as low as 5% of the training data (3,733 input 

sequences, among which 1,283 were positive training examples; Figure 2E). With only 1% of 

the training data (747 sequences, 257 positives), we observed a slightly larger reduction 

(mean overall test set F1 score of 0.67) and more variation (test set overall F1 score standard 

deviation of 0.12) in performances. Still, the models fine-tuned on 1% of the training data 

outperformed both the pre-trained model (overall test set F1 score of 0.49) and the binary 

class baseline model derived from the direct training scheme (overall test set F1 score of 

0.60). 
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Figure 2: Transfer learning minimizes overfitting and enables training on small data sets. A-
B: Learning curves (binary cross-entropy, loss) for training and validation data for the HepG2 
binary class baseline model (direct training scheme; A) and fine-tuned model (ChromTransfer; 
B) for 3-fold cross-validation (partitions 0, 1, 2). C-D: Calibration curves  displaying the 
observed fraction of positives (vertical axes) across 10 bins of predicted probabilities of 
positive class (horizontal axes) for unseen test set data (external calibration) for each of the 
six binary class baseline models (direct training scheme; C) and the six fine-tuned models (D; 
ChromTransfer). The number of samples in each predicted probability bin and the bin ranges 
for each cell line and model are shown in Supplementary Figure 2. E: Overall F1 scores on test 
set data for HepG2 models fine-tuned after bootstrapping training data (1% to 75% of original 
training data). The overall F1 score of the original HepG2 fine-tuned model is included for 
reference. Error bars show standard deviations (10 bootstraps). For exact values, see Table 1. 

 

Taken together, we conclude that ChromTransfer allows for accurate sequenced-based 

modeling of chromatin accessibility using small input data sets while being robust towards 

overfitting. This suggests that ChromTransfer-derived models capture the regulatory code for 

chromatin accessibility.  
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Sample (%) Sample 
(size of 
training) 

mean F1 
negative 

sd F1 
negative 

mean F1 
positive 

sd F1 
positive 

mean F1 
overall 

sd F1 
overall 

1 % 747 0.65 0.22 0.68 0.03 0.67 0.12 

5 % 3733 0.76 0.01 0.72 0.01 0.74 0.01 

10 % 7467 0.77 0.01 0.71 0.04 0.74 0.02 

15 % 11201 0.76 0.02 0.73 0.01 0.75 0.01 

20 % 14935 0.77 0.01 0.74 0.01 0.75 0.01 

25 % 18668 0.77 0.01 0.74 0.02 0.75 0.01 

50 % 37366 0.79 0.01 0.76 0.01 0.77 0.01 

75 % 56005 0.80 0.01 0.77 0.01 0.79 0.01 

100 % 74673 0.82 - 0.75 - 0.79 - 

 

Table 1: ChromTransfer allows fine-tuning on small input data. Mean overall and per-class 
(positive: open chromatin, negative: closed chromatin) F1 scores on test set data for HepG2 
models fine-tuned after bootstrapping training data (1% to 75% of original training data, 10 
bootstraps). The overall F1 score of the original HepG2 fine-tuned model (100%) is included 
for reference. Bootstrap sample sizes refers to the total number of training examples, 
including both positive and negative examples. Standard deviations (sd) across bootstrap 
estimates are included. 
 

Feature importance analysis reveals the importance of TF binding site sequences for the 

fine-tuned models 

To investigate the underlying sequence patterns used by ChromTransfer when making 

predictions, we performed feature importance analysis using gradient × input (Eraslan et al. 

2019; Shrikumar et al. 2019). We specifically focused on how the importance of individual 

base pairs had changed during fine-tuning. To this end, we focused on 27,940 and 35,179 

positive predictions by the HepG2 and K562 fine-tuned models, respectively. HepG2 cells are 

derived from a hepatocellular carcinoma, while K562 cells are of erythroleukemia type. These 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/


 11 

two cell lines are therefore expected to have highly different regulatory activities and active 

TFs. 

Feature importance analysis revealed both increased and decreased importance for individual 

base pairs in the fine-tuned HepG2, compared to the pre-trained model. This is exemplified 

by increased importance of sequences at putative binding sites for HNF4A and HNF4G (Figure 

3A), hepatocyte nuclear factors, and CEBPA and CEBPD (Figure 3B), CCAAT/enhancer-binding 

proteins (CEBPs), all of critical importance for hepatocyte function and differentiation (Akai 

et al. 2014; Hayhurst et al. 2001). In contrast, we observed a decreased importance for 

sequences matching binding sites of non-hepatocyte TFs, for instance OLIG2, NEUROD2 and 

TAL1-TCF3 (Figure 3C). OLIG2 and NEUROD2 are important for the central nervous system and 

neurodevelopment (Takebayashi et al. 2000; Olson et al. 2001) while TAL1-TCF3 is required 

for early hematopoiesis (Hoang et al. 2016), and neither are likely to be important for 

hepatocytes. This indicates that transfer learning can refocus on relevant sequence elements 

important for the task at hand. 

To systematically evaluate sequence elements important for the two fine-tuned models, we 

overlaid the feature importance scores with predicted binding sites from the JASPAR 2022 

motif database (Castro-Mondragon et al. 2022) and associated each predicted TF binding site 

with the max corresponding score (Methods). Examination of the distributions of the feature 

importance scores for individual TFs versus all TFs considered confirmed the individual 

observations above, with overall high importance for HNF4A and CEBPA in the HepG2 model 

(Figure 3D,E) and low importance for OLIG2 (Figure 3F), while these rank differences were not 

observed for the pre-trained model. In-silico mutagenesis (ISM) delta scores were in large 

agreement with the feature importance scores derived from gradient × input (Supplementary 

Figure 3). 
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Figure 3: Feature importance analysis reveals TFs important for cell-type specific chromatin 
accessibility of regulatory elements. A-C: Feature importance scores (gradient × input, upper 
panels) at example loci overlapping JASPAR 2022 predicted TF binding sites (lower panels), 
highlighting increased importance of base pairs at putative binding sites for HNF4A/G (A) and 
CEBPA/D (B), and decreased importance of base pairs at those for NEUROD2, OLIG2, and 
TAL1-TCF3 heterodimer. (C). D-F: Empirical cumulative distribution functions (ECDF, vertical 
axes) of feature importance scores (gradient × input, horizontal axes) associated with 
predicted binding sites of HNF4A (D), CEBPA (E), and OLIG2 (F) in fine-tuned and pre-trained 
models. ECDFs for that of predicted binding sites for all other TFs not overlapping target TFs 
(HNF4A, CEBPA, or OLIG2) are shown for comparison. G: Kolmogorov-Smirnov (K-S) test 
statistics (D statistics) for feature importance scores (gradient × input) associated with 
predicted binding sites of each considered TF in the HepG2 (horizontal axis) and K562 (vertical 
axis) fine-tuned models. TFs are colored according to a KS D statistic calculated from the 
differences between the importance of TFs for the two models based on their association 
with gradient × input scores. Only TFs with Benjamini-Hochberg adjusted FDR < 0.001 are 
shown. TFs of biased importance for HepG2 and K562 models are highlighted with red and 
blue ellipses, respectively. 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/


 13 

 

Based on these observations, we calculated Kolmogorov-Smirnov (K-S) rank statistics (D 

statistics) to examine differences between the importance of TFs for the models based on 

their association with gradient × input scores. This analysis revealed major differences 

between the two fine-tuned models. CEBPs were ranked among the most important TFs for 

HepG2 cells, while GATA factors, critical for the development and maintenance of the 

hematopoietic system (Gao et al. 2015), were ranked among the most important TFs for K562 

cells (Supplementary Figure 4). Furthermore, both CEBP and GATA factors displayed increased 

importance in the respective fine-tuned models compared to the pre-trained model 

(Supplementary Figure 5).  

Direct comparison between the two fine-tuned models (Figure 3G) highlighted GATA factors 

(K562), CEBPs (HepG2), and HNF4A (HepG2), alongside Forkhead box proteins, DPB, HLF, 

NFIL3, and TEF (HepG2) as the most discerning TFs for the two cell lines. Although PAR bZIP 

(proline- and acid-rich basic region leucine zipper) TFs NFIL3, DBP, TEF, and HLF all recognize 

similar binding site sequences, similar to the ambiguity between HNF4A and HNF4G and that 

of CEBPA and CEBPD (Castro-Mondragon et al. 2022), making it hard to predict actual TF 

binding, they are all of relevance for hepatocyte function (Mueller et al. 1990; Cowell and 

Hurst 1996). FOS-JUN heterodimer binding site sequences were, on the other hand, found 

important for both cell lines (Figure 3G; Supplementary Figure 4), and had an increased 

importance compared to the pre-trained model (Supplementary Figure 5). 

These results demonstrate that transfer learning from a pre-trained model derived from a 

large compendium of DHSs based on cell-type specific regulatory elements with 

ChromTransfer does not only yield improved prediction accuracy, but also reveals the 

underlying sequence elements of relevance for the regulatory elements, indicating that 

ChromTransfer has a large potential to further our understanding of the regulatory code. 

 

Discussion 

 

The major challenge in understanding the regulatory code is its complexity. Only considering 

sequences matching known TF binding sequences, regulatory elements involve millions of 
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possible sequences that can encode regulatory function, which can be interpreted differently 

across cell types. Therefore, experimentally testing every sequence or regulatory element in 

every cell type is not feasible. Instead, we will need to learn the underlying mechanisms and 

logic of regulatory elements by building computational models that can be applied to predict 

regulatory element activity.  

Understanding the regulatory code will be transformative for the field, ultimately allowing 

direct interpretation of disease-associated genetic variants, fine-mapping of risk alleles, and 

a direct interpretation of cell types involved in disease etiology. However, computational 

modeling of the regulatory code has been hampered by the requirement of large data sets 

for training, especially for deep learning (Ching et al. 2018; Eraslan et al. 2019), and failure to 

meet this requirement may lead to non-generalizable models. We here establish a transfer 

learning scheme, ChromTransfer, that exploits available large-scale data sets for training of a 

general sequence model of regulatory elements that can be fine-tuned on a specific problem 

for which only a small amount of data is available or can be generated. As a proof-of-concept, 

we demonstrate that this approach is insensitive to overfitting, even at minuscule data sizes, 

allowing accurate modeling of the sequence determinants of cell-type specific chromatin 

accessibility. In contrast, using the same network architecture trained ab initio on the same 

data failed to produce generalizable results, indicating that transfer learning is required for 

such a modeling task, at least with the current network architecture. We note that the 

amount of data required for fine-tuning will depend on the complexity of the prediction task 

at hand. A higher sequence complexity underlying cell-type specific chromatin accessibility, 

enabling binding of different proteins alone or in combinations, likely explains why transfer 

learning for this task still requires larger training data than learning the binding of individual 

TFs from sequence (Novakovsky et al. 2021).   

For ease of validation, we here focused on well-studied cell lines with known master 

regulatory TFs. Feature importance analysis using gradient × input revealed binding site 

sequences for these key TFs to be most important for predicting cell-type specific chromatin 

accessibility, which were further supported by in-silico mutagenesis. Although our analysis 

shows promise, establishing the regulatory code will require broad analysis across multiple 

cell types and more in-depth modeling of different regulatory activities, e.g., enhancer versus 

promoter function (Andersson and Sandelin 2020), as well as context and stage-specific 
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activities. We expect that such efforts should be feasible with ChromTransfer. ChromTransfer 

models may, for instance, enable investigations of the mechanisms underlying dynamic 

activities during development and in response to cellular stimuli. Such questions are 

frequently limited to few data points, tasks which are suitable for transfer learning. We 

further acknowledge that further work on model interpretation is needed to arrive at a 

sequence code for regulatory activity. Recent developments to this end (Shrikumar et al. 

2019; Avsec et al. 2021b; de Almeida et al. 2022; Taskiran et al. 2022) show great promise, 

and we expect that integration of such analyses with the transfer learning scheme of 

ChromTransfer will be important for future efforts to understand the regulatory code. 

 

Methods 

 

Data used for modeling of regulatory sequences 

We considered the ENCODE compendium of 2.2 million rDHSs (Moore et al. 2020) as positives 

for training a cell-type agnostic neural network (pre-trained model) the sequence 

determinants of chromatin accessibility. The rDHSs were originally derived from 93 million 

DHSs called by ENCODE (Moore et al. 2020) and the Roadmap Epigenomics (Kundaje et al. 

2015) projects from hundreds of human biosamples, including cell lines, cell types, cellular 

states, and tissues, and was originally used as an entry point for in the ENCODE Registry of 

candidate cis-regulatory elements (cCREs, described at https://screen.encodeproject.org/). 

For each rDHS, we extracted the plus strand 600 bp sequence (GRCh38) centered on the rDHS 

midpoint. 600 bp was used to make sure that sequences influencing regulatory activity and 

chromatin accessibility contained within a central open chromatin site (150-300bp) as well as 

within flanking nucleosomal DNA (150-200bp) were captured (FANTOM Consortium and the 

RIKEN PMI and CLST (DGT) et al. 2014; Meuleman et al. 2020). To ensure that the pre-trained 

model was not biased towards any of the specific cell lines considered beforehand, all rDHSs 

with called accessibility in any of the considered six cell lines (described below) were removed 

before training of the pre-trained model. This is not necessary for the modeling purpose per 

se, but was done to test ChromTransfer’s ability to fine-tune the pre-trained model to new, 

unseen data. Negatives were derived from tiling the genome (GRCh38) in 600 bp non-
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overlapping windows using BedTools (Quinlan and Hall 2010), followed by removal of any 

region that overlapped gaps in the GRCh38 genome assembly or manually curated ENCODE 

blacklist regions (ENCFF356LFX) (Amemiya et al. 2019; The ENCODE Project Consortium 

2012), or those within 300 bp of rDHSs. 

For modeling of cell-type specific chromatin accessibility (fine-tuning), we considered human 

cell lines A549, HCT116, HepG2, GM12878, K562, and MCF7. The chromatin accessibility of 

each rDHSs in each of these cell lines were quantified as described elsewhere (Moore et al. 

2020). In summary, ENCODE BigWig signals were aggregated in each rDHS for each replicate 

of the cell line, followed by a global Z-score transformation of the log10-transformed signal 

aggregates. Z-scores were binarized into closed/open using a threshold of 1.64. Finally, rDHSs 

were considered open if they were called open in any replicate of the cell line. We defined 

positives for each cell line as rDHSs that were only accessible in that cell line among the six 

cell lines considered (GM12878: 31,740, K562: 36,769, HCT116: 20,018, A549: 14,112, HepG2: 

31,211, MCF7: 39,461), while negatives (GM12878: 81,805, K562: 103,995, HCT116: 62,389, 

A549: 78,725, HepG2: 54,995, MCF7: 91,122) were sampled from the positives of the other 

cell lines and the rDHSs used for pre-training (positive:negative ratio ranging between 1:2.5 

and 1:3.5). 

 

Neural network architecture, training and hyperparameter tuning of the pre-trained model 

We implemented a ResNet (He et al. 2015) inspired neural network, visualized in Figure 1C 

(upper panel). The neural network model uses as input one-hot-encoded DNA sequences (A 

= [1,0,0,0], C = [0,1,0,0], G = [0,0,1,0], T = [0,0,0,1]) of 600 bp to predict closed (negative) or 

open (positive) chromatin as output. The neural network consists of a 1-dimensional 

convolutional layer with 64 hidden units and a kernel size of 25, followed by a residual block 

with 32 hidden units and a kernel size of 20, 3 merged blocks without residual connections 

with 32 hidden units and a kernel size of 15, another residual block with 64 hidden units and 

a kernel size of 10, another 3 merged blocks without residual connections with 64 hidden 

units and a kernel size of 5, two 1-dimensional convolutional layers with 64 hidden units each 

and a kernel size of 10 and 5, global average pooling and two dense layers with 512 and 128 

nodes. Batch normalization and dropout (0.1) were applied after each layer. The activation 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/


 17 

function ReLU (Agarap 2019) was used in all layers except the last, in which a sigmoid 

activation function was used to predict the final class (negative or positive). 

rDHSs located on chromosomes 2 and 3 were only used as the test set and rDHSs from the 

remaining chromosomes were used for training and hyperparameter tuning with 3-fold cross-

validation. Hyperparameters were adjusted to yield the best performance on the validation 

set. The neural network model was implemented and trained in Keras (version 2.3.1, 

https://github.com/fchollet/keras) with the TensorFlow backend (version 1.14) (Abadi et al. 

2016) using the Adam optimiser (Kingma and Ba 2017) with a learning rate of 0.001, batch 

size of 256, and early stopping with a patience of 15 epochs. Both pre-trained and fine-tuned 

models (see below) were trained on a Linux SMP Debian 4.19.208-1 x86_64 machine using 

NVIDIA Quadro RTX 6000 cards with 24 GB of VRAM. 

 

Training and hyperparameter tuning of the fine-tuned models 

For fine-tuning of the pre-trained model, the trained convolutional blocks of the pre-trained 

model were transferred to a new model and the last two dense layers of the network were 

adjusted to 1024 and 32 nodes, respectively, and added anew. Batch normalization and 

dropout (0.1) were applied after each layer. As in the pre-training phase, rDHSs from 

chromosomes 2 and 3 were only used as a test set for the fine-tuned models. The regions of 

the remaining chromosomes were used for training and tuning of the hyperparameters with 

3-fold cross-validation. The hyperparameters were tuned to give the best performance in the 

validation set. In order to gradually adapt the pre-trained features to the new data, both the 

convolutional blocks and the dense layers are trained with a considerably lower learning rate 

(0.000005). Training was performed with a batch size of 128 and early stopping with a 

patience of 10 epochs. Time per epoch was 142s (2ms/sample) for a total ~82K samples 

(A549) and 60 epochs (142 minutes,  average of the 3 cross validation models). 

 

Training and hyperparameter tuning of the binary and multi-class baseline models 

For training and fine-tuning of the binary class baseline models we used the same architecture 

as when training the pre-trained model (see above), but adjusted the last two dense layers 

before the output layer of the network to 1024 and 32 nodes, respectively. As in the pre-
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training and fine-tuning phases, rDHSs from chromosomes 2 and 3 were only used as a test 

set for the baseline models. The regions of the remaining chromosomes were used for training 

and tuning of the hyperparameters with 3-fold cross-validation. The hyperparameters were 

tuned to give the best performance in the validation set. Training was performed with a 

learning rate of 0.001, batch size of 128, and early stopping with a patience of 10 epochs. 

Time per epoch was 142s (2ms/sample) for a total ~82K samples (A549) and 100 epochs (236 

minutes,  average of the 3 cross validation models).  

Lastly, we trained a multi-class model as an additional baseline model, using the same 

architecture of the fine-tuned and binary class baseline models, except for the output layer, 

which was changed to a fully connected layer with 7 units (one for each cell line and one for 

the universal negative class). The model was trained for 50 epochs on the concatenation of 

cell-line specific fine-tuning datasets. Due to differences in class frequencies when compared 

to the binary classification models, performance of the multi-class model was evaluated via 

the class balance agnostic ROC curve metric (AUROC).  

 

Bootstrap analysis and evaluation of overfitting 

To examine the impact of training data size on model fine-tuning, we performed a bootstrap 

analysis using HepG2 training data. The original training data of 74,673 input sequences were 

subsampled to target sizes of 1%, 5%, 10%, 15%, 20%, 25%, 50%, and 75% in 10 bootstraps 

each, followed by fine-tuning of the pre-trained model (as above). For each bootstrap, the 

overall and per-class F1 scores for the test set (chromosome 2 and 3) were calculated and the 

mean and standard deviations of F1 scores were reported for each target size. 

Overfitting of the models was evaluated by inspection of the cross-validation and training 

accuracies using learning curves of the validation and training losses (binary cross-entropy). 

We further evaluated the disagreement between observed and predictive probabilities by 

inspection of calibration curves on the test data (external calibration). 
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Feature importance analysis 

To investigate the sequence elements underlying the predictions of the pre-trained model 

and the K562 and HepG2 fine-tuned models, we calculated feature importance scores as the 

dot product between the input DNA sequence gradients (with respect to the output neuron) 

and the one-hot encoding of the sequence (gradient × input). For comparison with the pre-

trained model, feature importance scores were derived from the 27,940 and 35,179 positive 

predictions (from training and test data) of the HepG2 and K562 models respectively. For 

comparison between the K562 and HepG2 fine-tuned models, we considered the union 

(62,689) of positive predictions. 

Since gradient × input scores may have problems to correctly estimate the importance of 

sequence elements for making predictions in case of multiple occurrences in the same input 

sequence (Eraslan et al. 2019; Shrikumar et al. 2019), we evaluated their agreement with 

delta scores derived from in-silico mutagenesis (ISM). For computational reasons, we limited 

the ISM calculations to true positives (from training and test data) of the HepG2 and K562 

fine-tuned models. For each input sequence and base pair, we calculated the max difference 

in output probability (ISM delta score) after mutating the original nucleotide to any of the 

other three nucleotides. Nucleotides within the original input sequences important for 

positive predictions of a model will yield a negative ISM delta score (decrease in positive 

prediction score) in contrast to gradient × input scores of important sequences that will be 

positive. Validation of gradient × input scores by ISM delta scores were performed for the 

HepG2 model by correlating the feature importance scores associated with predicted TF 

binding sites (see below) of CEBPA, HNF4A, and FOS-JUNB heterodimer.  

 

Model interpretation using predicted TF binding sites 

To systematically evaluate sequence elements important for the two fine-tuned models, we 

analyzed the gradient × input and ISM delta scores with respect to predicted binding sites 

from the JASPAR 2022 motif database (derived from motif scanning; P < 1e-5) (Castro-

Mondragon et al. 2022) using R (version 4.0.3) (R Core Team 2022). Results were plotted using 

ggplot2 (version 3.3.5) (Wickham 2016) and Gviz (version 1.34.1) (Hahne and Ivanek 2016). 

Predicted TF binding sites were imported and overlaid rDHS regions using rtracklayer (version 
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1.55.4) (Lawrence et al. 2009) and GenomicRanges (version 1.42.0) (Lawrence et al. 2013). 

Each predicted TF binding site was associated with the maximum gradient × input score (or 

minimum in-silico mutagenesis delta score) across the contained base pairs. Only TFs with at 

least 100 predicted binding sites across all considered rDHSs were considered.  

The importance of each TF for each model was evaluated through rank-based enrichments of 

the importance scores of its predicted rDHS-associated binding sites versus the importance 

scores of non-overlapping predicted binding sites of all other TFs. Evaluation was carried out 

using both manual inspection of the associated empirical cumulative distribution functions 

and, more systematically, using the Kolmogorov-Smirnov test. For visualization purposes, we 

changed the sign of the resulting D statistic if the average ranks of the scores for the predicted 

binding sites of a TF were smaller than the average ranks of all other non-overlapping binding 

sites. Only TFs with significant deviation from the null hypothesis of no difference in rank 

(Benjamini-Hochberg adjusted FDR < 0.001) were plotted. 

 

Code availability  

Code for modeling, feature attribution analysis and model interpretation performed in this 

study, as well as trained models are publicly available on GitHub: 

https://github.com/anderssonlab/ChromTransfer/ (v1.1). The repository has been archived 

at Zenodo (https://doi.org/10.5281/zenodo.7528544). 

 

Acknowledgements 

We thank members of the Andersson lab and Winther lab for rewarding discussions. This work 

was supported by funding from the Novo Nordisk Foundation [grants NNF18OC0052570, 

NNF20OC0059796, NNF21SA0072102 to R.A. and NNF20OC0062606 to O.W.]. M.H. was 

supported by the Helmholtz Association under the joint research school "Munich School for 

Data Science - MUDS". 

 

 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/


 21 

Author contributions 

M.S. and R.A. conceived the project; M.S. and M.H. performed machine learning and feature 

attribution analysis with support from O.W., A.M., and R.A.; R.A. performed downstream 

model interpretation analyses; R.A. supervised the project; R.A. wrote the manuscript with 

input from M.S., M.H., A.M., and O.W.; all authors reviewed the final manuscript. 

 

References 

Abadi M, Agarwal A, Barham P, Brevdo E, Chen Z, Citro C, Corrado GS, Davis A, Dean J, 
Devin M, et al. 2016. TensorFlow: Large-Scale Machine Learning on Heterogeneous 
Distributed Systems. ArXiv160304467 Cs. http://arxiv.org/abs/1603.04467 (Accessed 
October 27, 2021). 

Agarap AF. 2019. Deep Learning using Rectified Linear Units (ReLU). ArXiv180308375 Cs 
Stat. http://arxiv.org/abs/1803.08375 (Accessed October 27, 2021). 

Akai Y, Oitate T, Koike T, Shiojiri N. 2014. Impaired hepatocyte maturation, abnormal 
expression of biliary transcription factors and liver fibrosis in C/EBPα(Cebpa)-
knockout mice. Histol Histopathol 29: 107–125. 

Amemiya HM, Kundaje A, Boyle AP. 2019. The ENCODE Blacklist: Identification of 
Problematic Regions of the Genome. Sci Rep 9: 9354. 

Andersson R, Gebhard C, Miguel-Escalada I, Hoof I, Bornholdt J, Boyd M, Chen Y, Zhao X, 
Schmidl C, Suzuki T, et al. 2014. An atlas of active enhancers across human cell 
types and tissues. Nature 507: 455–461. 

Andersson R, Sandelin A. 2020. Determinants of enhancer and promoter activities of 
regulatory elements. Nat Rev Genet 21: 71–87. 

Arner E, Daub CO, Vitting-Seerup K, Andersson R, Lilje B, Drablos F, Lennartsson A, 
Rönnerblad M, Hrydziuszko O, Vitezic M, et al. 2015. Transcribed enhancers lead 
waves of coordinated transcription in transitioning mammalian cells. Science 347: 
1010–1014. 

Avsec Ž, Agarwal V, Visentin D, Ledsam JR, Grabska-Barwinska A, Taylor KR, Assael Y, 
Jumper J, Kohli P, Kelley DR. 2021a. Effective gene expression prediction from 
sequence by integrating long-range interactions. Nat Methods 18: 1196–1203. 

Avsec Ž, Weilert M, Shrikumar A, Krueger S, Alexandari A, Dalal K, Fropf R, McAnany C, 
Gagneur J, Kundaje A, et al. 2021b. Base-resolution models of transcription-factor 
binding reveal soft motif syntax. Nat Genet 53: 354–366. 

Bradner JE, Hnisz D, Young RA. 2017. Transcriptional Addiction in Cancer. Cell 168: 629–
643. 

Castro-Mondragon JA, Riudavets-Puig R, Rauluseviciute I, Berhanu Lemma R, Turchi L, 
Blanc-Mathieu R, Lucas J, Boddie P, Khan A, Manosalva Pérez N, et al. 2022. 
JASPAR 2022: the 9th release of the open-access database of transcription factor 
binding profiles. Nucleic Acids Res 50: D165–D173. 

Chen Z, Badrinarayanan V, Lee C-Y, Rabinovich A. 2018. GradNorm: Gradient 
Normalization for Adaptive Loss Balancing in Deep Multitask Networks. 
http://arxiv.org/abs/1711.02257 (Accessed July 7, 2022). 

Ching T, Himmelstein DS, Beaulieu-Jones BK, Kalinin AA, Do BT, Way GP, Ferrero E, 
Agapow P-M, Zietz M, Hoffman MM, et al. 2018. Opportunities and obstacles for 
deep learning in biology and medicine. J R Soc Interface 15: 20170387. 

Claringbould A, Zaugg JB. 2021. Enhancers in disease: molecular basis and emerging 
treatment strategies. Trends Mol Med 27: 1060–1073. 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/


 22 

Cowell IG, Hurst HC. 1996. Protein-protein interaction between the transcriptional repressor 
E4BP4 and the TBP-binding protein Dr1. Nucleic Acids Res 24: 3607–3613. 

de Almeida BP, Reiter F, Pagani M, Stark A. 2022. DeepSTARR predicts enhancer activity 
from DNA sequence and enables the de novo design of synthetic enhancers. Nat 
Genet 54: 613–624. 

Eraslan G, Avsec Ž, Gagneur J, Theis FJ. 2019. Deep learning: new computational 
modelling techniques for genomics. Nat Rev Genet 20: 389–403. 

Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, Thrun S. 2017. Dermatologist-
level classification of skin cancer with deep neural networks. Nature 542: 115–118. 

FANTOM Consortium and the RIKEN PMI and CLST (DGT), Forrest ARR, Kawaji H, Rehli 
M, Baillie JK, de Hoon MJL, Haberle V, Lassmann T, Kulakovskiy IV, Lizio M, et al. 
2014. A promoter-level mammalian expression atlas. Nature 507: 462–470. 

Field A, Adelman K. 2020. Evaluating Enhancer Function and Transcription. Annu Rev 
Biochem 89: 213–234. 

Gao J, Chen Y-H, Peterson LC. 2015. GATA family transcriptional factors: emerging 
suspects in hematologic disorders. Exp Hematol Oncol 4: 28. 

Hahne F, Ivanek R. 2016. Visualizing Genomic Data Using Gviz and Bioconductor. Methods 
Mol Biol Clifton NJ 1418: 335–351. 

Hayhurst GP, Lee Y-H, Lambert G, Ward JM, Gonzalez FJ. 2001. Hepatocyte Nuclear 
Factor 4α (Nuclear Receptor 2A1) Is Essential for Maintenance of Hepatic Gene 
Expression and Lipid Homeostasis. Mol Cell Biol 21: 1393–1403. 

He K, Zhang X, Ren S, Sun J. 2015. Deep Residual Learning for Image Recognition. 
ArXiv151203385 Cs. http://arxiv.org/abs/1512.03385 (Accessed September 16, 
2021). 

Hoang T, Lambert JA, Martin R. 2016. SCL/TAL1 in Hematopoiesis and Cellular 
Reprogramming. Curr Top Dev Biol 118: 163–204. 

Janssens J, Aibar S, Taskiran II, Ismail JN, Gomez AE, Aughey G, Spanier KI, De Rop FV, 
González-Blas CB, Dionne M, et al. 2022. Decoding gene regulation in the fly brain. 
Nature 601: 630–636. 

Kelley DR. 2020. Cross-species regulatory sequence activity prediction. PLOS Comput Biol 
16: e1008050. 

Kelley DR, Reshef YA, Bileschi M, Belanger D, McLean CY, Snoek J. 2018. Sequential 
regulatory activity prediction across chromosomes with convolutional neural 
networks. Genome Res 28: 739–750. 

Kelley DR, Snoek J, Rinn JL. 2016. Basset: learning the regulatory code of the accessible 
genome with deep convolutional neural networks. Genome Res 26: 990–999. 

Kim DS, Risca VI, Reynolds DL, Chappell J, Rubin AJ, Jung N, Donohue LKH, Lopez-
Pajares V, Kathiria A, Shi M, et al. 2021. The dynamic, combinatorial cis-regulatory 
lexicon of epidermal differentiation. Nat Genet 53: 1564–1576. 

Kingma DP, Ba J. 2017. Adam: A Method for Stochastic Optimization. ArXiv14126980 Cs. 
http://arxiv.org/abs/1412.6980 (Accessed October 27, 2021). 

Kundaje A, Ernst J, Yen A, Heravi-Moussavi A, Zhang Z, Amin V, Schultz MD, Sarkar A, Wu 
Y-C, Pfenning A, et al. 2015. Integrative analysis of 111 reference human 
epigenomes. Nature 518: 317–330. 

Lai B, Qian S, Zhang H, Zhang S, Kozlova A, Duan J, Xu J, He X. 2022. Annotating 
functional effects of non-coding variants in neuropsychiatric cell types by deep 
transfer learning. PLOS Comput Biol 18: e1010011. 

Lappalainen T, MacArthur DG. 2021. From variant to function in human disease genetics. 
Science 373: 1464–1468. 

Lawrence M, Gentleman R, Carey V. 2009. rtracklayer: an R package for interfacing with 
genome browsers. Bioinforma Oxf Engl 25: 1841–1842. 

Lawrence M, Huber W, Pagès H, Aboyoun P, Carlson M, Gentleman R, Morgan MT, Carey 
VJ. 2013. Software for Computing and Annotating Genomic Ranges. PLOS Comput 
Biol 9: e1003118. 

Meuleman W, Muratov A, Rynes E, Halow J, Lee K, Bates D, Diegel M, Dunn D, Neri F, 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/


 23 

Teodosiadis A, et al. 2020. Index and biological spectrum of human DNase I 
hypersensitive sites. Nature 584: 244–251. 

Miguel-Escalada I, Pasquali L, Ferrer J. 2015. Transcriptional enhancers: functional insights 
and role in human disease. Curr Opin Genet Dev 33: 71–76. 

Moore JE, Purcaro MJ, Pratt HE, Epstein CB, Shoresh N, Adrian J, Kawli T, Davis CA, 
Dobin A, Kaul R, et al. 2020. Expanded encyclopaedias of DNA elements in the 
human and mouse genomes. Nature 583: 699–710. 

Mueller CR, Maire P, Schibler U. 1990. DBP, a liver-enriched transcriptional activator, is 
expressed late in ontogeny and its tissue specificity is determined 
posttranscriptionally. Cell 61: 279–291. 

Nair S, Kim DS, Perricone J, Kundaje A. 2019. Integrating regulatory DNA sequence and 
gene expression to predict genome-wide chromatin accessibility across cellular 
contexts. Bioinformatics 35: i108–i116. 

Novakovsky G, Saraswat M, Fornes O, Mostafavi S, Wasserman WW. 2021. Biologically 
relevant transfer learning improves transcription factor binding prediction. Genome 
Biol 22: 280. 

Olson JM, Asakura A, Snider L, Hawkes R, Strand A, Stoeck J, Hallahan A, Pritchard J, 
Tapscott SJ. 2001. NeuroD2 is necessary for development and survival of central 
nervous system neurons. Dev Biol 234: 174–187. 

Quinlan AR, Hall IM. 2010. BEDTools: a flexible suite of utilities for comparing genomic 
features. Bioinforma Oxf Engl 26: 841–842. 

R Core Team. 2022. R: A Language and Environment for Statistical Computing. 
https://www.R-project.org/. 

Schwessinger R, Gosden M, Downes D, Brown RC, Oudelaar AM, Telenius J, Teh YW, 
Lunter G, Hughes JR. 2020. DeepC: predicting 3D genome folding using megabase-
scale transfer learning. Nat Methods 17: 1118–1124. 

Shrikumar A, Greenside P, Kundaje A. 2019. Learning Important Features Through 
Propagating Activation Differences. ArXiv170402685 Cs. 
http://arxiv.org/abs/1704.02685 (Accessed February 2, 2020). 

Smith E, Shilatifard A. 2014. Enhancer biology and enhanceropathies. Nat Struct Mol Biol 
21: 210–219. 

Spitz F, Furlong EEM. 2012. Transcription factors: from enhancer binding to developmental 
control. Nat Rev Genet 13: 613–626. 

Stunnenberg HG, Hirst M, Abrignani S, Adams D, de Almeida M, Altucci L, Amin V, Amit I, 
Antonarakis SE, Aparicio S, et al. 2016. The International Human Epigenome 
Consortium: A Blueprint for Scientific Collaboration and Discovery. Cell 167: 1145–
1149. 

Takebayashi H, Yoshida S, Sugimori M, Kosako H, Kominami R, Nakafuku M, Nabeshima Y. 
2000. Dynamic expression of basic helix-loop-helix Olig family members: implication 
of Olig2 in neuron and oligodendrocyte differentiation and identification of a new 
member, Olig3. Mech Dev 99: 143–148. 

Taskiran II, Spanier KI, Christiaens V, Mauduit D, Aerts S. 2022. Cell type directed design of 
synthetic enhancers. 2022.07.26.501466. 
https://www.biorxiv.org/content/10.1101/2022.07.26.501466v1 (Accessed July 28, 
2022). 

The ENCODE Project Consortium. 2012. An integrated encyclopedia of DNA elements in the 
human genome. Nature 489: 57–74. 

Vaquerizas JM, Kummerfeld SK, Teichmann SA, Luscombe NM. 2009. A census of human 
transcription factors: function, expression and evolution. Nat Rev Genet 10: 252–263. 

Wickham H. 2016. ggplot2: Elegant Graphics for Data Analysis. Springer International 
Publishing. 

Yosinski J, Clune J, Bengio Y, Lipson H. 2014. How transferable are features in deep neural 
networks? In Advances in Neural Information Processing Systems, Vol. 27 of, Curran 
Associates, Inc. 
https://proceedings.neurips.cc/paper/2014/hash/375c71349b295fbe2dcdca9206f20a

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/


 24 

06-Abstract.html (Accessed July 7, 2022). 
Zaugg JB, Sahlén P, Andersson R, Alberich-Jorda M, de Laat W, Deplancke B, Ferrer J, 

Mandrup S, Natoli G, Plewczynski D, et al. 2022. Current challenges in 
understanding the role of enhancers in disease. Nat Struct Mol Biol 29: 1148–1158. 

Zeng T, Li R, Mukkamala R, Ye J, Ji S. 2015. Deep convolutional neural networks for 
annotating gene expression patterns in the mouse brain. BMC Bioinformatics 16: 
147. 

Zheng A, Lamkin M, Zhao H, Wu C, Su H, Gymrek M. 2021. Deep neural networks identify 
sequence context features predictive of transcription factor binding. Nat Mach Intell 3: 
172–180. 

Zhou J, Theesfeld CL, Yao K, Chen KM, Wong AK, Troyanskaya OG. 2018. Deep learning 
sequence-based ab initio prediction of variant effects on expression and disease risk. 
Nat Genet 50: 1171–1179. 

 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2022.08.05.502903doi: bioRxiv preprint 

https://doi.org/10.1101/2022.08.05.502903
http://creativecommons.org/licenses/by-nc-nd/4.0/



