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Abstract

Background: Deep learning has proven to be a powerful technique for transcription
factor (TF) binding prediction but requires large training datasets. Transfer learning
can reduce the amount of data required for deep learning, while improving overall
model performance, compared to training a separate model for each new task.

Results: We assess a transfer learning strategy for TF binding prediction consisting of
a pre-training step, wherein we train a multi-task model with multiple TFs, and a
fine-tuning step, wherein we initialize single-task models for individual TFs with the
weights learned by the multi-task model, after which the single-task models are
trained at a lower learning rate. We corroborate that transfer learning improves
model performance, especially if in the pre-training step the multi-task model is
trained with biologically relevant TFs. We show the effectiveness of transfer learning
for TFs with ~ 500 ChIP-seq peak regions. Using model interpretation techniques, we
demonstrate that the features learned in the pre-training step are refined in the fine-
tuning step to resemble the binding motif of the target TF (i.e, the recipient of
transfer learning in the fine-tuning step). Moreover, pre-training with biologically
relevant TFs allows single-task models in the fine-tuning step to learn useful features
other than the motif of the target TF.

Conclusions: Our results confirm that transfer learning is a powerful technique for
TF binding prediction.

Keywords: Transfer learning, Deep learning, Transcription factor binding prediction,
Model interpretation

Background

A subset of human DNA-binding transcription factors (TFs) control gene expression
at the transcriptional level by recognizing and binding to specific sequence motifs
within cis-regulatory regions known as TF binding sites (TFBSs) [1]. The disruption of
TF genes and TFBSs is associated with rare genetic disorders [2, 3] and cancer [4, 5].
Therefore, delineating the regions to which TFs bind in the genome could indicate
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potential regulatory regions on which to focus analyses and help to broaden our under-
standing of how genes are regulated in health and disease.

Chromatin immunoprecipitation followed by sequencing (ChIP-seq) is an experimen-
tal assay that enables the identification of TF-bound regions in vivo at a resolution of a
few hundred base pairs (bp) [6]. These regions, known as ChIP-seq peaks, are expected
to be enriched for TFBSs. The ReMap database has compiled and uniformly repro-
cessed thousands of public ChIP-seq datasets [7, 8]. It provides access to millions of
ChIP-seq peaks related to the binding of approximately 800 human TFs in 602 different
human cell and tissue types. Based on ReMap, the UniBind database stores reliable
TEBS predictions from four different computational models, including position weight
matrices (PWMs; reviewed in [9]), for the ChIP-seq peaks of 231 human TFs in 315
different human cell and tissue types [10].

Despite large-scale data generation efforts by public consortia such as ENCODE [11],
delineating the binding regions of each human TF in the genome remains incomplete.
For instance, about 40% of human TFs have not been profiled by ChIP-seq, and only a
few, such as CTCF, have been profiled extensively in multiple biological contexts (e.g.,
across a range of cell and tissue types). To complement data generation efforts, deep
learning methods have become pervasive, as high quality and large-scale datasets have
drastically improved their performance (reviewed in [12]). A large training dataset is
fundamental to the success of deep learning methods; however, the amount of ChIP-
seq data for the majority of human TFs, if available, is small. For example, of the hu-
man TFs stored in ReMap, 381 (47.6%) have been profiled in only one cell or tissue
type, and 134 (16.7%) have less than 1000 annotated ChIP-seq peaks.

Transfer learning—reusing the information learned from a model developed for one
task as the starting point for a model on a second different, but related, task—has been
shown to reduce the amount of data required for training while improving overall
model performance for diverse applications (reviewed in [13]). In biology, transfer
learning has been successful in several areas, including: reconstructing gene regulatory
networks [14—16]; modeling gene expression from single-cell data [17-20]; or predict-
ing genomic features, including accessible regions [21], chromatin interactions [22],
and TFBSs [23, 24].

The current approach to transfer learning in the field of computer vision consists of
two steps: pre-training a model on a large dataset (e.g., ImageNet [25]) and fine-tuning
the model weights to suit a task of interest. The rationale is that in the pre-training
step, the model learns low-level image features such as lines or curves [26], which are
generalizable to the downstream task. For TF binding prediction, this translates into
pre-training a multi-task model with as much genomic data as possible to learn com-
mon DNA features (e.g., TF binding motifs), so that in the fine-tuning step, the down-
stream task can exploit these common features learned in the pre-training step while
focusing on learning novel features specific to that task. It is often unclear what charac-
teristics are responsible for the superior performance of transfer learning. For example,
the learning process could reveal common motifs in regulatory regions, simpler DNA
sequence composition properties (e.g., %GC content), or other features, some of which
might be novel to our understanding of TF binding specificity. Gaining insights into
how the learning process influences predictive performance would allow for a broader

adoption of transfer learning in genomics.
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In this study, we perform an in-depth assessment of transfer learning for TF binding
prediction. We corroborate the findings of Zheng and colleagues that transfer learning
improves model performance, especially for TFs with small training datasets [24]. We
show that transfer learning can perform well even when training with as few as 50
ChIP-seq peaks. We demonstrate that the benefit of transfer learning is greater when
pre-training with biologically relevant TFs. Using model interpretation techniques, we
observe that the features learned in the pre-training step are refined in the fine-tuning
step to resemble the motif of the target TF (i.e., the recipient of transfer learning in the
fine-tuning step), and pre-training with biologically relevant TFs allows the model to
learn useful features other than the motif of the target TF in the fine-tuning step, such
as the motifs of cofactors. Our results advocate for a broader adoption of transfer learn-
ing in bioinformatics-related deep learning studies.

Results

A sparse matrix of TF binding events across accessible genomic regions

Deep learning-based TF binding prediction can be treated as a binary classification task
wherein the ones and zeros (or positives and negatives) represent whether or not a TF
binds to a genomic region. It is common to define the regions a TF binds to as
the set of ChIP-seq peaks for that TF, with unbound regions being the ChIP-seq
peaks from other TFs or randomly selected genomic regions. Leaving aside the in-
trinsic challenges associated with ChIP-seq data generation and peak-calling [27],
there are limitations to adopting such definitions. For instance, many ChIP-seq
peaks lack the consensus motif of the profiled TF [28], while others are the conse-
quence of indirect or tethered binding events [29, 30], or appear in datasets for
unusually high numbers of other TFs [31-33], i.e., they may be artifacts. While
bound regions can be directly defined from the ChIP-seq data, the selection of un-
bound regions for use in deep learning models is more difficult. For example, the
%GC content, which is often an important contributor to model performance both
in vitro [34] and in vivo [24], varies between the set of peak regions of different
TFs [35]. Moreover, some classes of TFs are special: pioneer TFs can bind to nu-
cleosome regions, which have distinctive sequence characteristics [36] and are not
usually bound by non-pioneer TFs [37]. Thus, it is suboptimal to define the set of
unbound regions for a given TF based on the set of bound regions of other TFs.
The alternative approach of using randomly selected genomic regions as unbound
regions can result in the inclusion of a set of non-relevant regions, such as centro-
meres or telomeres. Furthermore, a region not bound by a TF in a certain cell or
tissue type could be bound by that same TF in a different biological context. Due
to the dependence of deep learning on high quality data [38], properties arising
from one or more of the aforementioned limitations could result in improperly fit-
ted models and, ultimately, mislead or inflate model performance.

To mitigate these limitations, which in turn could negatively impact on our assess-
ment of transfer learning, we restricted the selection of bound and unbound regions to
open regulatory regions of the genome. We constructed a sparse matrix describing the
binding of 163 TFs to 1,817,918 200-bp of DNase I hypersensitive sites (DHSs) in a cell
and tissue type-agnostic manner (Methods; Fig. 1). Each element in the matrix was
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Fig. 1 Two matrices of TF binding events across accessible genomic regions. The matrices, one more “sparse”
for training single-task models and the other “less sparse” for training multi-task models, summarize the binding
(from ReMap ChiP-seq peaks and UniBind TFBSs) of 163 TFs to 1,817,918 DHSs across 52 cell and tissue types,
with rows representing TFs and columns representing DHSs. For each TF-DHS pair in the matrix, a “1” indicates
that, according to both ReMap and UniBind, the TF binds to the DHS, and that the DHS is open (i.e, accessible),
a“0," that the DHS is open but that the TF does not bind to it, and a null sign ("d") indicates that there is
insufficient evidence to assign a one or a zero, for instance, if the DHS is closed (i.e, not accessible). Both
matrices have the same number of ones; however, they differ in the number of zeros and nulls. In the sparse
matrix, TF-DHS pairs wherein the DHS is open and the TF binds to it according to either ReMap or UniBind data
(not both) are assigned a null value; instead, in the less sparse matrix, they are assigned a zero value. DHS,
DNase | hypersensitive site; TF, transcription factor; TFBS, TF binding site

defined by a specific TF-DHS pair and could take one of three values: “1” (i.e., bound)
if the DHS was both accessible and bound by the TF in at least one cell or tissue type
in common, “0” (i.e., not bound) if the DHS was accessible but not bound by the TF in
any cell or tissue types in common, or “null” if the binding of the TF to the DHS could
not be resolved (e.g., the TF had not been profiled in a cell or tissue type with available
DHS data). The total number of ones, zeros, and nulls in the matrix was ~1.9 M, ~
51.7 M, and ~ 242.6 M, respectively. In addition, the number of ones for each TF varied
greatly, with 16 TFs having < 500 bound regions (Table S1).

The number of unresolved elements (> 80%) led to concerns regarding the sparsity of
the matrix and whether it had captured known TF-TF functional associations present
in ChIP-seq data [30]. We computed pairwise cosine similarities between the binding
vectors of all TFs as a measure of correlation (Methods). To ease interpretation, TFs
were sorted by their hierarchy in TFClass [39] and visualized on a heatmap (Fig. 2). As
expected, TFs with shared DNA-binding mechanisms (hereafter referred to as binding
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Fig. 2 Heatmap of pairwise cosine similarities between the binding vectors of 162 TFs (SMAD3 is excluded
because it had no bound regions). Homologous TFs from the same families form well-defined clusters
along the heatmap's diagonal. Highlighted with white arrows, an example of cooperativity for highly
correlated TFs from different families, namely GATA1, GATA2, SOX6, and TAL1, which are required for
erythropoiesis [40]. TEAD4 is also highly correlated with these four TFs (teal arrows), in accordance with
previous literature [41]

modes), such as homologs or overlapping members of dimeric complexes, formed well-
defined clusters along the heatmap diagonal. In contrast, away from the diagonal of the
heatmap, correlated points could indicate the cooperative binding between TFs from
different families, such as the erythropoietic TFs GATA1, GATA2, SOX6, and TAL1
[40], highlighted on the heatmap using white arrows. In agreement with previous litera-
ture [41], TEAD4 was also highly correlated with these four TFs (teal arrows). To fur-
ther support the presence of cooperative binding in the TF binding matrix, we
compared the binding vector similarities of TF-TF interacting pairs with different de-
grees of confidence from STRING [42]. On average, the binding vectors of the “highest
confidence” TF pairs exhibited a higher degree of similarity than the rest (0.141 vs.
0.063; Welch ¢ test, p value = 6.46e—09). We concluded that the TF binding matrix cap-
tured TF cooperativity and thus was well suited for our assessment of transfer learning.
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Transfer learning improves TF binding prediction

Zheng and colleagues recently applied transfer learning to identify distinctive context-
ual sequence characteristics of bound and unbound instances of TF motifs [24]. Their
transfer learning framework, named AgentBind, included a pre-training step, wherein a
multi-task model (hereafter referred to as multi-models) was trained on the DeepSEA
dataset [43], and a fine-tuning step, wherein single-task models (hereafter referred to as
individual models) for 38 individual TFs of the GM12878 cell line were trained after
previous initialization of the convolutional layers with weights from the multi-model.
AgentBind outperformed models trained from scratch (i.e., without transfer learning),
particularly for TFs with little ChIP-seq data. To corroborate these results, we imple-
mented a similar two-step transfer learning strategy for TF binding prediction
(Methods; Fig. 3A); however, in the fine-tuning step, both the convolutional and fully
connected layers (except the output layer) of individual models were initialized with
the multi-model weights, after which the training continued at a lower learning rate.
We trained a multi-model using the 50 TFs that maximized the number of common re-
solved regions (i.e., not null) in the TF binding matrix. Moreover, we trained individual
models, with and without transfer learning, for 49 of these TFs; ARNT was excluded
because it had <250 resolved regions left (i.e., non-overlapping with multi-model re-
gions). Transfer learning significantly improved model performance for 39 (79.6%) TFs
(Fig. 3B; Wilcoxon signed-rank test, p value = 1.91e-07), especially for TFs with small
training datasets, which is in concordance with the results from AgentBind. For the 10
cases where transfer learning was detrimental, the differences in model performance
compared to training from scratch were small (AAUCPR < 0.025; Table S2).

The pre-training step included data for all TFs, so for a more direct comparison, we
repeated the previous experiment with 99 additional TFs that had at least 250 bound
regions in the TF binding matrix and, importantly, had not been used to train the
multi-model. Again, transfer learning significantly improved model performance (Fig.
3C; Wilcoxon signed-rank test, p value = 2.92e-13) and was more beneficial for TFs
with small training datasets. Among the most notable examples was ATF4, with only
557 bound regions, which achieved an AUCPR of 0.941 (compared to 0.571 when train-
ing from scratch). However, transfer learning was detrimental for 15 (17.1%) TFs (Table
S2). By design of the TF binding matrix, the bound regions of each TF contained the
motif of that TF, while the unbound regions could or could not contain the TF motif.
This could make their classification too simple a task for the model. We therefore gen-
erated de novo PWMs for each TF to provide a more reliable baseline (Methods).
Overall, transfer learning performance was comparable to that of de novo PWMs
(0.845 vs. 0.856; Wilcoxon signed-rank test, p value = 0.667, NS); however, de novo
PWMs outperformed transfer learning for TFs with small training datasets (Fig. 3C).
Noteworthy, transfer learning reduced the variation in model performance resulting
from different data splits (i.e., the random assignment of data to different training, val-
idation and test sets), thereby increasing the overall robustness of the training process
(Fig. S1).

Driven by the observation that transfer learning benefited TFs with small training
datasets in particular, we sought to explore the minimum training dataset size required
for effective transfer learning. We focused on five TFs from five different families:
HNF4A (a nuclear receptor), JUND (a basic leucine zipper), MAX (a basic helix-loop-
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Fig. 3 Transfer learning improves TF binding prediction. A The transfer learning strategy used in this study
consists of two steps: pre-training a multi-task CNN with multiple TFs (top) and fine-tuning a single-task
CNN, initialized with the weights of the pre-trained multi-task CNN, for one TF (bottom). The CNN
architecture is similar to those of Basset [57] and AI-TAC [58]: three convolutional layers, each with ReLU
activation, batch normalization, and max-pooling, followed by two fully connected layers and one output
layer. Models were trained with one-hot encoded, 200-bp long DNA sequences, and their reverse
complements. B Performance of individual models trained with (blue boxes) and without (red boxes)
transfer learning for the 50 TFs from the pre-training step. The performance of each TF on the multi-model
is provided as baseline (yellow boxes). C Quantification of the effect of training dataset size on model
performance. TFs (dots) are plotted with respect to the size of their training dataset (x-axis) and
performance of their individual models trained with (blue) and without (red) transfer learning (y-axis). The
performance of de novo PWMs (black stars) is provided as a baseline for each TF. AUCPR, area under the
precision-recall curve; CNN, convolutional neural network; PWM, position weight matrix; ReLU, rectified
linear units; TF, transcription factor; TL, transfer learning

helix factor), SPI1 (a tryptophan cluster factor), and SP1 (a C2H2 zinc finger). Of these,
JUND, MAX, and SP1 were among the 50 TFs used to train the multi-model. For each
TF, we trained individual models, with and without transfer learning, by randomly
downsampling to 5000, 1,000, 500, 250, 125, and 50, bound and unbound regions from
the TF binding matrix. We repeated the downsampling process five times to ensure the
robustness of the results. Transfer learning was effective when downsampling to just
500 bound/unbound regions (Fig. 4 for HNF4A; Figs. S2, S3, S4 and S5 for the
remaining TFs), which was concordant with the previous result for ATF4. For JUND
and MAX, transfer learning was effective when downsampling to as few as 50 bound/
unbound regions (Figs. S2F and S3F). This could be explained by the use of data for
both TFs in the pre-training step. However, for SP1, which had also been used to train
the multi-model, transfer learning was no longer effective when downsampling below
500 bound/unbound regions (Fig. S5C). We attributed this result to the poor perform-
ance of SP1 in the multi-model (AUCPR = 0.796 vs. 0.882 and 0.866 for JUND and
MAX, respectively; Table S2), suggesting that the multi-model could not correctly learn
the binding features of SP1, which in turn would result in an inadequate set of weights
with which to initialize the individual model in the fine-tuning step.

Finally, since the TF binding matrix aggregated data across 52 cell and tissue types,
we wondered if that would have an impact on transfer learning. We focused on
GM12878 and K562 cells, which covered the largest number of TFs in the matrix.
Using resolved regions in both GM12878 and K562 cells, we pre-trained a multi-model
for 50 TFs common to both cell types, but only using matrix values from GM12878
cells (i.e., the multi-model was not trained using data from K562 cells). GM12878-
specific resolved regions (i.e., regions resolved in GM12878 but not in K562 cells) and
K562-specific resolved regions were held-out for fine-tuning. Using the held-out data,
we then trained individual models, with and without transfer learning, for 35 of the 50
TFs used in the pre-training step (15 TFs were discarded because they had <250 re-
solved regions left non-overlapping with multi-model regions). We additionally trained
individual models (with and without transfer learning) for 76 TFs with resolved regions
in either GM12878 cells (2), K562 cells (55), or both (19). Pre-training and fine-tuning
on the same or on different cells did not impact transfer learning (Welch ¢ test, p value
= 0.202, NS; Fig. S6A); however, individual models pre-trained and fine-tuned in the
same cells benefited from transfer learning significantly more (Welch ¢ test, p value =
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0.029; Fig. S6B), although differences were small (0.166 vs. 0.134). We attributed this to
the poorer performance of individual models trained from scratch on GM12878 cells
compared to those trained on K562 cells for the 35 multi-model TFs (average AUCPR
= 0.656 vs. 0.713; Wilcoxon signed-rank test, p value = 0.001; Fig. S6D). Taken to-
gether, these results suggest that aggregating the data in a cell and tissue type-agnostic
manner did not introduce any bias during the construction of the TF binding matrix.

Biologically relevant prior knowledge improves transfer learning

TFs from the same family often have highly similar DNA-binding specificities [44];
hence, we hypothesized that the presence in the pre-training step of TFs with the same
binding mode as the target TF could have a positive effect on transfer learning per-
formance. The JASPAR database of TF binding profiles includes a hierarchical cluster-
ing that groups TFs based on the similarity of their DNA-binding profiles [45]. We
relied on this grouping as the source of binding modes (Table S3). Focusing on the set
of TFs whose performance worsened with transfer learning, we found that the binding
modes of the most extreme cases (AAUCPR > 0.025), namely MEF2A, MEF2C,
HOXB13, TBX21, and TFAP2A, differed from those of the 50 TFs used to train the
multi-model, suggesting that the inclusion in the pre-training step of TFs with relevant
binding modes could be beneficial. This observation was further supported by review-
ing the remaining TFs; TFs with the same binding mode as a TF from the pre-training
step benefited from transfer learning significantly more (Welch ¢ test, p value = 0.035;
Fig. 5).

We hypothesized that the presence in the pre-training step of other biologically rele-
vant prior knowledge, such as cofactors, or functional partners from STRING, could
also have a positive effect on transfer learning performance (Methods). We defined co-
factors as pairs of TFs whose binding was positively correlated. We focused on the

Page 9 of 25
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train the multi-model (yellow dots), TFs with the same binding mode as a multi-model TF (blue dots), and
TFs with different binding modes than multi-model TFs (red dots). B AAUCPRs for TFs used to train the
multi-model (yellow boxes), TFs with the same binding mode as a multi-model TF (blue boxes), and TFs
with different binding modes than multimodel TFs (red boxes). AUCPR, area under the precision-recall
curve; AAUCPR, AUCPR from transfer learning - AUCPR from training from scratch; BM, binding mode; TF,
transcription factor

o/ [T TFs with a different BM than multi-model TFs

same pentad of TFs from the previous section (i.e., HNFA4, JUND, MAX, SPI1, and
SP1). For each TF, we pre-trained five different multi-models with five TFs with the
same binding mode as the target TF, five cofactors of the target TF, five TFs with the
same binding mode as the target TF but whose binding was not correlated with it (i.e.,
non-cofactors), five functional partners of the target TF from STRING, and five ran-
domly selected TFs. Cofactors, functional partners from STRING, and randomly se-
lected TFs were restricted to have different binding modes than the target TF. To avoid
any confounding effects related to the training dataset size, all models were trained with
a similar number of regions: ~ 70,000 for multi-models and ~ 2000 for individual
models. Furthermore, to set an upper performance limit for each pre-training strategy,
we repeated the analysis by replacing one of the five TFs, with which we pre-trained
the multi-model, by the target TF. As expected, pre-training with the target TF resulted
in better transfer learning. Moreover, when the target TF was included in the multi-
model, we did not observe any significant differences between the five pre-training
strategies (Kruskal-Wallis H test, Bonferroni adjusted p values = NS; Fig. 6). In contrast,
when the target TF was not included in the multi-model, pre-training with either TFs
with the same binding mode as the target TF or with cofactors were the best strategies:
both achieved effective performance levels for four out of five TFs (except for SP1).
Interestingly, using non-cofactors with the same binding mode as the target TF during
pre-training led to slightly worse performance, suggesting that cofactors could play an
important role in TF binding prediction. Of the five TFs analyzed, SP1 was a notable
outlier: not only did it show the worst performance levels overall, but when it was not
included in the multi-model, pre-training with other Kriippel-like zinc fingers sharing
the same binding mode as SP1 performed worse than pre-training with randomly se-
lected TFs (Fig. 6E). To confirm whether these observations were general to this family
of TFs, we repeated the experiment with another Kriippel-like zinc finger, EGR1. We
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Fig. 6 Biologically relevant transfer learning improves model performance. Transfer learning performance
for the target TFs HNF4A (A), JUND (B), MAX (C), SPIT (D), SP1 (E), and EGR1 (F), from multi-models pre-
trained with five TFs with the same binding mode as the target TF (dark blue boxes), five cofactors of the
target TF with a different binding mode than the target TF (light blue boxes), five non-cofactors with the
same binding mode as the target TF (white boxes), five functional partners of the target TF from STRING
with a different binding mode than the target TF (yellow boxes), and five randomly selected TFs with a
different binding mode than the target TF (red boxes), with (left) and without (right) the presence of the
target TF in the pre-training step. AUCPR, area under the precision-recall curve; BM, binding mode; TF,
transcription factor

obtained results more in line with the other four TFs (Fig. 6F), suggesting that SP1 was an
isolated case. Finally, to ensure that these results were not biased by our choice of model
architecture, we repeated the previous experiment using the hybrid architecture with con-
volutional and recurrent layers of DanQ [46], obtaining similar results (Fig. S7).

Next, we tested whether focusing on a few biologically relevant TFs, rather than pre-
training with a large dataset, would be a more effective transfer learning strategy. For
each category of biologically relevant information (i.e., binding modes, cofactors and
functional partners from STRING), we pre-trained two different multi-models for each
of the pentad TFs with either five biologically relevant TFs, or “burying” the same five
TFs in 45 TFs drawn from the original multi-model, each with a different binding mode
than the target TF. For this set of experiments, the target TF was not included in the
pre-training step, and we fixed the training dataset sizes of multi-models and individual
models to ~ 40,000 and ~ 2000 regions, respectively. Furthermore, we used cofactors
and functional partners from STRING with and without sharing the same binding
mode as the target TF. We observed that pre-training with just five biologically relevant
TFs led to only slightly better performance levels (Fig. 7).

The pentad TFs had a sufficiently large number of bound regions that we down-
sampled; hence, we wondered whether TFs with less bound regions would behave simi-
larly. For each of the pentad TFs, we selected two additional TFs with the same binding
mode and within the following ranges of bound regions: <1000 positives or 1000—
10,000 positives. For each of these 15 TFs (the five “pentad” TFs plus the 10 newly se-
lected), we trained individual models using transfer learning from two different multi-
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Fig. 7 Pre-training with a few biologically relevant TFs only offers a slight advantage over a multi-model
pre-trained with a large number of TFs. Transfer learning performance for the target TFs HNF4A (A), JUND
(B), MAX (C), SPI1 (D), and SP1 (E): on the right, from multi-models pre-trained with five TFs with the same
binding mode as the target TF (dark blue boxes), five cofactors of the target TF with a different binding
mode than the target TF (light blue boxes), five functional partners of the target TF from STRING with a
different binding mode than the target TF (yellow boxes), and the best cofactors and functional partners
from STRING of the target TF regardless of their binding mode (dotted light blue and yellow boxes,
respectively); on the left, from “burying” each group of five biologically relevant TFs among 45 TFs drawn
from the original multi-model, each with a different binding mode than the target TF. The performance of
de novo PWMs (black stars) is provided as a baseline for each TF. AUCPR, area under the precision-recall
curve; BM, binding mode; PWM, position weight matrix; TF, transcription factor

models pre-trained with either five TFs with the same binding mode as the target TF,
or five randomly selected TFs with different binding modes than the target TF. Each
multi-model was trained both with and without the target TF included in the pre-
training step. Unlike the above set of experiments, this time, we did not perform down-
sampling. In general, pre-training with the target TF resulted in better transfer learning
performance (Fig. 8); however, for TFs with large datasets, this effect was less obvious.
In addition, pre-training with a biologically relevant multi-model improved transfer
learning performance, even when the target TF was present in the multi-model, espe-
cially for TFs with < 10,000 positives. Similar results were obtained when the experi-
ment was repeated, but using longer input sequences (Figs. S8 and S9), as well as pre-
training using five cofactors (Fig. S10). Finally, except for KLF9 and ZNF740, both zinc
fingers, and SREBF2, which only had ~ 41.2 training and ~ 5.4 test sequences per data
split (and hence should be considered an outlier), biologically relevant transfer learning
performed similar than or better to de novo PWMs (Figs. 8 and S8, S9 and S10).

Interpretation of the transfer learning mechanism

In an attempt to understand the mechanism of transfer learning, we converted the filters
from the first convolutional layer of the original multi-model to PWMs and compared
them using Tomtom [47] to TF binding profiles from JASPAR (Methods; Fig. 9A). As ex-
pected, the majority of filters (55%) had significant similarities to known JASPAR profiles
(Tomtom g value < 0.05; Table S4). Focusing on HNF4A, which had not been used in the
pre-training step, we found that four of the multi-model filters were refined in the fine-
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Fig. 8 The use of relevant binding mode information in the pre-training step improves model performance
for TFs with small training datasets, regardless of their presence in the multi-model. Transfer learning
performance for three target TFs with the same binding mode, but different number of bound regions,
from each of the following five families: A HNF4A, NR2C2, and VD2R (nuclear receptors); B JUND, ATF7, and
NFE2L1 (basic leucine zippers); C MAX, MNT, and SREBF2 (basic helix-loop-helix factors); D SPI1, ETV4, and
ERG (tryptophan cluster factors); and E SP1, KLF9, and ZNF740 (C2H2 zinc fingers). For transfer learning,
multi-models were pre-trained with five TFs with the same binding mode as the target TF (dark blue
boxes), or five randomly selected TFs with a different binding mode than the target TF (red boxes), with
(left) and without (right) the presence of the target TF in the pre-training step. The training dataset size of
each multi-model is indicated with diamonds (secondary y-axis). The number of bound regions for each TF
is shown between parenthesis. AUCPR, area under the precision-recall curve; BM, binding mode; TF,
transcription factor

tuning step to resemble the motifs of HNF4A (Fig. 9B). We also observed that an in-
creased number (six) of filters became similar to the motifs of HNF4A after using transfer
learning compared to training from scratch (three; Table S4). Moreover, using transfer
learning, the individual model of HNF4A was able to learn the two distinct binding modes
of HNF4A represented by the JASPAR profiles MA0114.4 and MA1494.1. Similar obser-
vations were made for SPI1, which was also not present in the pre-training step (Fig. 9B;
Table S4). Taken together, these findings suggest that weights from the pre-training step
provided a better initialization for convolutional filters in the fine-tuning step, wherein
they were refined to resemble the binding motif of the target TF. This would, in turn, ex-
plain the increased performance of transfer learning compared to training from scratch.
To confirm that the refinement of convolutional filters in the fine-tuning step was respon-
sible for the improvement in model performance by transfer learning, we applied an alter-
native fine-tuning strategy: we froze the convolutional layers of the pre-trained multi-
model and trained only on the fully connected layers (i.e., no refinement of convolutional
layer filters was allowed). Doing so resulted in poorer model performance, particularly for
TFs that were not present in the multi-model (Table S5), further supporting the import-
ance of filter refinement in the fine-tuning step.

Next, we applied DeepLIFT [48] and TF-MoDISco [49] in an attempt to understand
the role of cofactors in transfer learning. Briefly, DeepLIFT quantifies the importance
to the model prediction of each nucleotide in a given genomic sequence, while TF-
MoDISco clusters “important” nucleotides from different genomic sequences into
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Fig. 9 Model interpretation elucidates the transfer learning mechanism. A TF motif representations learnt in the first
convolutional layer of the original multi-model of 50 TFs. Filters (dots) are plotted with respect to their information
content (x-axis) and overall influence (y-axis). The color-scale reflects the Tomtom similarity of a given filter to a TF
profile from the JASPAR database. When applicable, the name of the most significant TF is shown. Filters 60 and 92
correspond to the JASPAR profiles for ESRRA and NR2C2 (shown in bold), respectively, and are highlighted with
dotted line circles. B Transfer learmning fine-tunes the filters learned in the pre-training step to resemble the binding
motif of the target TF. Specific positions (black triangles) from filters 60 and 92 (highlighted above) are refined in the
fine-tuning step to resemble the JASPAR profiles for HNF4A and SPI1, respectively. C Learning the motifs of cofactors
contributes to the predictive capacity of the model. Using DeepLIFT importance scores from a JUND model initialized
with the weights of a multi-model pre-trained with five cofactors, TF-MoDISco recovers the motifs of two of the
cofactors, CEBPB and SP1, as well as the JUND motif

motifs. We show an analysis of transfer learning for JUND from two different multi-
models pre-trained on either five cofactors with a different binding mode than JUND
(CEBPB, MAFF, MAFG, NFIC, and SP1) or five TFs from five different families whose
binding was not correlated with JUND (CTCF, EBF1, MXI1, NFYA, and TCF3). Data
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for JUND was not present in the pre-training step. The three motifs generated by TEF-
MoDISco for the cofactor model corresponded to the canonical JASPAR profiles of
CEBPB and SP1, both of which were among the cofactors used to train the multi-
model, as well as JUND (Fig. 9C). For the second model trained on five unrelated TFs,
TF-MoDISco identified five motifs, none of which corresponded to the canonical JUND
motif. Taken together, these results suggest that the model used the presence of CEBPB
and SP1 motifs to aid in the prediction of JUND binding.

Finally, to further confirm the central role of convolutional layers, particularly filters,
in the transfer learning process, we focused on the 10 TFs from Fig. 8 with an inter-
mediate (1000-10,000) and small (< 1000) number of bound regions. We trained indi-
vidual models with transfer learning wherein we transferred the weights of either the
first or all three convolutional layers (i.e., we did not transfer the weights from the fully
connected layers). Doing so only slightly worsened performance compared to the ori-
ginal transfer learning strategy, particularly when we transferred all three convolutional
layers (Fig. S11). We also explored the importance of convolutional filters by initializing
individual models with a combination of non-redundant profiles from the JASPAR
database and de novo PWMs (Methods). As previously reported [46], filter initialization
with JASPAR profiles, and in our case de novo PWMs, improved model performance
compared to training from scratch; however, performance was inferior to that of trans-
fer learning (Fig. S11).

Discussion

In this study, we have demonstrated how incorporating prior knowledge via transfer
learning can improve TF binding prediction in deep learning methods, with notable
benefits for TFs with scarce experimental binding data. We constructed a large data
matrix of TF binding events through the combination of DNA accessibility with experi-
mental and computational TF binding information to define TF-bound and unbound
regions with high confidence. Using this matrix, we implemented a two-step transfer
learning approach for TF binding prediction that first draws data from a large number
of TFs to learn the general properties of regulatory regions and, second, exploits these
properties to generate a specific deep learning model for a single TF. We introduced
methods that allowed us to study the learned properties in the deep learning models,
providing insight into the transfer learning mechanism. We confirm not only the bene-
fits of including binding data from homologs of the target TF into the first step of
transfer learning (consistent with studies predating deep learning [50]), but also the im-
portance of including cofactors. Finally, when focusing specifically on TFs for which ex-
perimental binding data is scarce, we show that transfer learning is routinely successful
in generating a deep learning model from only 500 experimental regions, and in a few
extreme cases, it can be successful from as few as 50 regions.

While other studies have reported similar findings about the benefits of transfer
learning for TF binding prediction [23, 24], we demonstrate that the effectiveness of
transfer learning depends largely on the functional association between the target TF
and those included in the pre-training step. We show improvements when pre-training
with TFs that have the same binding mode as the target TF compared to pre-training
with randomly selected TFs. Similar benefits are observed for other biological categor-
ies such as cofactors or, to a lesser extent, functional partners from STRING. However,
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for TFs with large datasets, if the target TF is included in the multi-model, then trans-
fer learning performance is similar for biologically relevant and randomly selected pre-
training sets of TFs. For TFs with small training datasets, there is a greater difference
(ie., transfer learning performance is higher) between pre-training with biologically
relevant or randomly selected TFs, even when the target TF is included in the multi-
model. One possible explanation is that if a TF has enough training examples, then the
model can infer its binding without any additional aid (from cofactors or binding mode
information). In contrast, when the target TF has few bound regions (relative to other
TFs), their inclusion in the multi-model stage will result in the inability of the model to
learn relevant features of the target TF for subsequent fine-tuning. In this situation, the
inclusion of biologically relevant information (e.g., cofactors) may be of benefit.

The idea of using biologically relevant prior knowledge of the target TF in the pre-
training step is enticing; however, it can be challenging to do so: training a separate
multi-model for each TF is computationally expensive. Furthermore, obtaining prior
knowledge for a specific TF could prove difficult. For instance, it may not be straight-
forward to identify cofactors for a TF with few ChIP-seq peaks, as its binding vector
may not correlate well with those of other TFs. Binding mode information may be un-
available for new TFs or for TFs from families with fewer members. Lastly, the STRING
data available for some TFs could be of low confidence. With these limitations, one
might consider pre-training a larger multi-model with most, if not all, of the existing
binding modes. Such a multi-model would be pre-trained with the best representative
TF (i.e., the TF with the largest training dataset) from each binding mode, would be
more generalizable to other TFs, and would avoid having to pre-train a separate multi-
model for each specific case. While our findings, particularly those from the experiment
wherein we “buried” five biologically relevant TFs in 45 additional TFs, show that in
most cases pre-training on a few biologically relevant TFs results in better transfer
learning, the generalized approach with 50 TFs contributing to the multi-model per-
formed nearly as well. Optimizing the size and properties of the pre-training dataset to
maximize binding mode diversity is likely to be a fruitful avenue of future research.

For image recognition, deep learning models tend to learn simple and basic features
in the first layers (lines, curves, etc.), whereas more complex and resolved features
emerge at deeper layers. Therefore, it is commonplace to train new models by taking
big pre-trained models (multi-models in our case) and freezing the initial layers, focus-
ing the fine-tuning onto the deeper layers. We demonstrate that such an approach does
not work for TF binding, as it is likely that the main features, such as TF binding mo-
tifs, are already learned in the first convolutional layers.

We have not explored the impact of the learning rate on transfer learning perform-
ance. Often, a small learning rate is applied when one uses a pre-trained model based
on a CNN. However, an extremely low learning rate makes it challenging for the model
to learn new features. In contrast, with high learning rates, weights from the pre-
trained model can be ignored, resulting in the loss of the prior knowledge. In this study,
when fine-tuning individual models, we used a learning rate 10 times lower than that
used to train multi-models. Further exploration of the impact of learning rate on re-
solving motifs from the data may be a focus of future studies. As for the learning rate,
the batch size parameter should also be explored as recent studies have highlighted its
impact on model performance and transfer learning efficacy [51, 52].
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Our work demonstrates that transfer learning improves TF binding prediction, par-
ticularly when data is limited. As our goal was neither performance optimization rela-
tive to other methods nor computational efficiency, there remains opportunity for
innovation in transfer learning strategies for both TF binding prediction and, more

broadly, for motif analysis across bioinformatics.

Conclusions

Existing deep learning frameworks readily allow the transfer of learned properties be-
tween models within the same architecture, overcoming the computational cost and re-
ducing the amount of training data required. This study is a demonstration of one
approach to improving the performance of deep learning models for TF binding predic-
tion via transfer learning through the incorporation of field-/domain-specific informa-
tion. Our results advocate for a broader adoption of such focused transfer learning
strategies in deep learning, particularly for biological sequence analysis.

Methods

TF binding matrices

We built two TF binding matrices (i.e., data structures containing information
about TF binding events, not motif models), one more sparse for training individ-
ual models and the other (less sparse) suitable for training multi-models. The
matrices aggregate the binding data of 163 TFs for 1,817,918 accessible genomic
regions across 52 cell and tissue types, with rows representing TFs and columns
representing accessible genomic regions (Fig. 1). As the source of TF binding
events, we used ChIP-seq peak summits from ReMap 2018 [7] and PWM-based
TFBS predictions from UniBind [10]. We used the track of ENCODE DHS peak
clusters from the UCSC Genome Browser [53, 54] as the accessible genomic re-
gions. Regions were resized, from an average length of ~217bp to 200 bp around
the center of each DHS cluster using bedtools slop [55]. Data was matched by cell
and tissue type. For the sparse matrix (i.e., for training individual models), each
element (i.e, a TF-DHS pair) was assigned one of three values: “1” (i.e., bound) if
the region was accessible (i.e., DHS positive) and overlapped with both ReMap (i.e.,
ChIP-seq peak positive) and UniBind (i.e., TFBS positive) in at least one matched
cell or tissue type, “0” (i.e., unbound) if the region was accessible but did not over-
lap with both binding features of the TF in any matched cell and tissue type, or
“null” if the binding of the TF to the region could not be resolved. A null value
indicated insufficient evidence to determine if the region was or was not bound by
the TF: the region may not be accessible (i.e., DHS negative) in any matched cell
or tissue type for which the TF binding had been profiled, or it may be accessible
but only overlap with one type of binding feature of the TF (i.e., ReMap-peak or
UniBind motif, but not both). For the less sparse matrix (i.e., for training multi-
models), unresolved elements (i.e., null), wherein the region was accessible but only
overlapped with one type of binding feature of the TF (not both), were instead
assigned a value of 0 (i.e, unbound) to make it suitable for size reduction when
training multi-models.
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Cosine similarity

The binding vector of a TF was given by the row in the sparse matrix corresponding to
that TF. For a pair of TFs, the cosine similarity between their binding vectors was com-
puted using scikit-learn [56]. Unresolved regions of either TF were removed from both

vectors prior to calculation.

Model architecture
We adapted the CNN architecture from Basset [57] and AI-TAC [58] for TF binding
prediction:

e 1st convolutional layer with 100 filters (19 x 4), batch normalization, ReLU
activation, 0% dropout, and max pooling (3 x 3);

e 2nd convolutional layer with 200 filters (7 x 1), batch normalization, ReLU
activation, 0% dropout, and max pooling (3 x 3);

e 3rd convolutional layer with 200 filters (4 x 1), batch normalization, ReLU
activation, 0% dropout, and max pooling (3 x 3);

e 1st fully connected layer with 1000 nodes, batch normalization, ReLU activation,
and 30% dropout;

e 2nd fully connected layer with 1000 nodes, batch normalization, ReLU activation,
and 30% dropout; and

e Fully connected output layer with 1, 5, or 50 outputs (depending on the model).

For DanQ [46], we used the following specifications:

e 1st convolutional layer with 320 filters (26 x 4), ReLU activation, 20% dropout, and
max pooling (13 x 13);

e 2 bi-directional LSTM layers with hidden state size 320 and 50% dropout;

e Ist fully connected layer with 925 nodes and ReLU activation; and

e Fully connected output layer with 1, 5, or 50 outputs (depending on the model).

Both architectures were implemented using the PyTorch framework [59].

Transfer learning

We implemented a two-step transfer learning strategy similar to that used in Agent-
Bind [24]. In the pre-training step, we trained a multi-model. In the fine-tuning step,
we initialized the model of the target TF by transferring all of the layers learned by the
multi-model, except the output layer. We then trained the initialized model of the tar-
get TF with a 10-fold lower learning rate (i.e., 0.0003). Unless otherwise specified, in
the fine-tuning step, we trained the entire model including the convolutional and fully
connected layers.

To train multi-models, we used the less sparse matrix. We extracted a slice of the
matrix containing the row vectors of all TFs included in the multi-model. Any column
vectors containing unresolved elements were removed. Then, we randomly split the re-
gions into training (80%), validation (10%), and test (10%) sets using scikit-learn. The
training and validation sets additionally included the reverse-complement of each
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region. We trained the model using the Adam optimizer [60]. We applied one-hot en-
coding to convert nucleotides into 4-element vectors (i.e., A, C, G, and T), set the
learning rate to 0.003 and batch size to 100, and used an early stopping criteria to avoid
overfitting when the model performance on the validation set did not improve. Se-
quences with Ns were discarded.

Individual models were trained in a similar way, but using the sparse matrix. The
number of bound versus unbound regions for all TFs was imbalanced. For example,
one of the most abundant TFs in the matrix, CTCF, had 1,656,242 resolved regions of
which < 5% were bound. To deal with the imbalance, we downsampled the set of un-
bound regions to a 50:50 ratio while accounting for the %GC content distributions be-
tween bound and unbound regions. To ensure the robustness of our results, each
individual model was trained five times with different, randomly generated training/val-
idation/test splits. To avoid overfitting, there was no overlap between the regions used
in the pre-training and fine-tuning steps within the same experiment.

Model performance

Model performance was evaluated using the area under the precision-recall (AUCPR)
curve calculated with scikit-learn. To calculate the performance of a TF in the multi-
model (Fig. 3B), we used the predictions on the test sequences by the output node in
the multi-model corresponding to that TF.

Pre-training with biologically relevant TFs

The pentad TFs used in the analyses (i.e., HNFA4, JUND, MAX, SP1, and SPII)
belonged to the following binding modes: 2 and 4 (HNF4A), 1 and 18 (JUND), 7
(MAX), 34 (SP1), and 16 (SPI1). At least five additional TFs in the sparse matrix shared
one or more binding modes with a pentad TF. For multi-models trained with the target
TF, we randomly selected four other TFs sharing one or more binding modes with the
target TF (five when training without the target TF).

To identify potential cofactors based on correlated binding, we computed pairwise
cosine similarities between the binding vectors of 162 TFs (SMAD3 was removed be-
cause it did not have any bound regions in the sparse matrix). For a given TF, we
sorted the remaining 161 TFs by cosine similarity and removed those sharing one or
more binding modes with it. Out of the remaining TFs, we selected the top five for
multi-model training. If the multi-model was trained with the target TF, we only se-
lected the top four TFs. When focusing on the best cofactors in Fig. 7, we kept all TFs
after sorting. Similarly, to select TFs with low binding correlation that shared one or
more binding modes with the target TF, we removed those with different binding
modes than the target TF after sorting the TFs by cosine similarity and selected the
bottom five TFs. Again, when training the multi-model with the target TF, only the
bottom four TFs were selected.

The STRING database stores known and predicted protein-protein interactions, and
provides a confidence score for the interactions; we used version 11.0 [42]. We defined
the functional partners of a TF as its set of interactors from STRING. To pre-train with
prior knowledge from STRING-based associations, we sorted the functional partners of
the target TF by confidence score and removed those that shared one or more binding
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modes with it. The top five TFs were selected for pre-training (the top four if pre-
training with the target TF). As with selecting the best cofactors, when focusing on the
best functional partners from STRING in Fig. 7, we kept all TFs.

Finally, to pre-train on random TFs, we randomly selected five TFs (or four if pre-
training with the target TF) with different binding modes than the target TF.

Model interpretation

To interpret the performance of the original multi-model, we converted each of the
100 filters from the first convolutional layer to PWMs, as in AI-TAC. For each filter,
we constructed a position frequency matrix (PFM) from all 19-mers (i.e., DNA se-
quences of length 19) that activated that filter by > 50% of its maximum activation
value in all correctly predicted regions. PFMs were then converted to PWMs using
scripts from [58], and the background uniform nucleotide frequency was set to 0.25.
The resulting PWMs were compared to vertebrate profiles from the JASPAR 2020
database using Tomtom (version 5.0.5) [47].

The influence of each filter in the multi-model was obtained by “silencing” that filter
and computing the impact on the model’s predictive capacity. Silencing was achieved
by setting the activation values of the filter across all samples in the batch to zero. The
resulting output was passed through the remaining layers of the model to obtain the
prediction values after silencing. Using this approach, we computed the average influ-
ence value for each filter in the model by averaging the square of the differences be-
tween the actual and silenced predictions.

We generated DeepLIFT [48] importance scores with 10 reference sequences for each
positively predicted sample in the test set using the Captum library [61]. To obtain mo-
tifs from DeepLIFT importance scores, we used TF-MoDISco [49] with default settings.

De novo PWMs

For each TF and for each data split, we generated five de novo PWMs by applying
STREME (version 5.3.0) [62] on the set of training sequences. We set the fraction of se-
quences held-out for p value computation to 0 (option --hofract), the maximum PWM
length to 21 bp (i.e., the length of CTCF profile as reported in JASPAR, which was the
longest in our dataset; option --maxw), and the number of output PWMs to 5 (option
--nmotifs). We then computed sum occupancy scores (i.e., the sum of probabilities ob-
tained from sliding the PWM along the forward and reverse complementary strands of
a sequence [44]) on the set of test sequences using PWMScan (version 1.1.9) [63]. Per-
formance of the top de novo PWM (i.e., motif 1 in the STREME output) was evaluated
by means of AUCPR.

Initialization with JASPAR profiles and de novo PWMs

Filter weights of individual models were initialized with 50 non-redundant JASPAR
profiles (Table S6), as well as 10 de novo PWMs (i.e., the five de novo PWMs from
STREME in the forward and reverse complementary orientations); the remaining filters
were initialized normally. To obtain the set of 50 non-redundant JASPAR profiles, we
started by randomly selecting one profile per binding mode, for a total of 111 profiles.
We then computed pairwise similarities between the 111 profiles in the forward and
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reverse complementary orientations using Tomtom and randomly selected 50 dissimi-
lar profiles (i.e., all vs. all Tomtom g values > 0.05). PWMs were converted to filter
weights following specifications from the DanQ manuscript: We resized PWMs to 19
bp and then subtracted 0.25 from the probability of each nucleotide at each position.
Previously, JASPAR profiles were reformatted to PWMs using Biopython [64].
Abbreviations

AUCPR: Area under the precision-recall curve; BM: Binding mode; ChIP-seq: Chromatin immunoprecipitation followed
by sequencing; CNN: Convolutional neural network; DHS: DNase | hypersensitive site; NS: Non-significant; PFM: Position

frequency matrix; PWM: Position weight matrix; TL: Transfer learning; TF: Transcription factor; TFBS: Transcription factor
binding site
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Additional file 1: Fig. S1. Performance variance (i.e, o; y-axis) by means of AUCPR of individual models trained
with (blue) and without transfer learning (red) is plotted with respect to the size of the training dataset (x-axis) for
148 TFs. AUCPR = area under the precision-recall curve; TF = transcription factor; TL = transfer learning.

Additional file 2: Fig. S2. Performance of JUND models trained with (blue boxes) and without (red boxes)
transfer learning on 5,000 (A), 1,000 (B), 500 (C), 250 (D), 125 (E), and 50 (F), bound and unbound regions. Each
model was trained five times with different random initializations to ensure the robustness of the results. AUCPR =
area under the precision-recall curve; TF = transcription factor; TL = transfer learning.

Additional file 3: Fig. S3. Performance of MAX models trained with (blue boxes) and without (red boxes)
transfer learning on 5,000 (A), 1,000 (B), 500 (C), 250 (D), 125 (E), and 50 (F), bound and unbound regions. Each
model was trained five times with different random initializations to ensure the robustness of the results. AUCPR =
area under the precision-recall curve; TF = transcription factor; TL = transfer learning.

Additional file 4: Fig. S4. Performance of SPIT models trained with (blue boxes) and without (red boxes) transfer
learning on 5,000 (A), 1,000 (B), 500 (C), 250 (D), 125 (E), and 50 (F), bound and unbound regions. Each model was
trained five times with different random initializations to ensure the robustness of the results. AUCPR = area under
the precision-recall curve; TF = transcription factor; TL = transfer learning.

Additional file 5: Fig. S5. Performance of SP1 models trained with (blue boxes) and without (red boxes) transfer
learning on 5,000 (A), 1,000 (B), 500 (C), 250 (D), 125 (E), and 50 (F), bound and unbound regions. Each model was
trained five times with different random initializations to ensure the robustness of the results. AUCPR = area under
the precision-recall curve; TF = transcription factor; TL = transfer learning.

Additional file 6: Fig. S6. (A) Performance of transfer learning models trained on either GM12878 (blue boxes) or
K562 cell data (red boxes). (B) Performance difference (i.e., AAUCPR) of individual models trained with and without
transfer learning on either GM12878 or K562 cell data. Performance of individual models trained with (C) and
without (D) transfer learning on either GM12878 or K562 cell data for 35 multi-model TFs, as well as for 76 add-
itional TFs with resolved regions in either GM12878 cells (2), K562 cells (55), or both (19; i.e., GM12878/K562 TFs). (E)
Performance difference of individual models trained with and without transfer learning on GM12878 or K562 cell
data for the previous TF categories. Transfer learning models were pre-trained using data from GM12878 cells.
AUCPR = area under the precision-recall curve; AAUCPR = AUCPR from transfer learning - AUCPR from training
from scratch; TL = transfer learning; TF = transcription factor.

Additional file 7: Fig. S7. Transfer learning performance using the model architecture of DanQ [46] for the target
TFs HNF4A (A), JUND (B), MAX (C), SPI1 (D), and SP1 (E), from multi-models pre-trained with five TFs with the same
binding mode as the target TF (dark blue boxes), five cofactors of the target TF with a different binding mode than
the target TF (light blue boxes), five non-cofactors with the same binding mode as the target TF (white boxes), five
functional partners of the target TF from STRING with a different binding mode than the target TF (yellow boxes),
and five randomly selected TFs with a different binding mode than the target TF (red boxes), with (left) and with-
out (right) the presence of the target TF in the pre-training step. AUCPR = area under the precision-recall curve;
BM = binding mode; TF = transcription factor.

Additional file 8: Fig. S8. Transfer learning performance using 500-bp long sequences for three target TFs with
the same binding mode, but different number of bound regions, from each of the following five families: (A)
HNF4A, NR2C2, and VD2R (nuclear receptors); (B) JUND, ATF7, and NFE2L1 (basic leucine zippers); (€) MAX, MNT,
and SREBF2 (basic helix-loop-helix factors); (D) SPI1, ETV4, and ERG (tryptophan cluster factors); and (E) SP1, KLF9,
and ZNF740 (C2H2 zinc fingers). For transfer learning, multi-models were pre-trained with five TFs with the same
binding mode as the target TF (dark blue boxes), or five randomly selected TFs with a different binding mode than
the target TF (red boxes), with (left) and without (right) the presence of the target TF in the pre-training step. The
training dataset size of each multi-model is indicated with diamonds (secondary y-axis). The number of bound re-
gions for each TF is shown between parenthesis. The performance of de novo PWMs (black stars) is provided as a
baseline for each TF. AUCPR = area under the precision-recall curve; BM = binding mode; PWM = position weight
matrix; TF = transcription factor.

Additional file 9: Fig. S9. Transfer learning performance using 1,000-bp long sequences for three target TFs with
the same binding mode, but different number of bound regions, from each of the following five families: (A)
HNF4A, NR2C2, and VD2R (nuclear receptors); (B) JUND, ATF7, and NFE2L1 (basic leucine zippers); (€) MAX, MNT,
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and SREBF2 (basic helix-loop-helix factors); (D) SPI1, ETV4, and ERG (tryptophan cluster factors); and (E) SP1, KLF9,
and ZNF740 (C2H2 zinc fingers). For transfer learning, multi-models were pre-trained with five TFs with the same
binding mode as the target TF (dark blue boxes), or five randomly selected TFs with a different binding mode than
the target TF (red boxes), with (left) and without (right) the presence of the target TF in the pre-training step. The
training dataset size of each multi-model is indicated with diamonds (secondary y-axis). The number of bound re-
gions for each TF is shown between parenthesis. The performance of de novo PWMs (black stars) is provided as a
baseline for each TF. AUCPR = area under the precision-recall curve; BM = binding mode; PWM = position weight
matrix; TF = transcription factor.

Additional file 10: Fig. S10. Transfer learning performance for three target TFs with the same binding mode, but
different number of bound regions, from each of the following five families: (A) HNF4A, NR2C2, and VD2R (nuclear
receptors); (B) JUND, ATF7, and NFE2L1 (basic leucine zippers); (C) MAX, MNT, and SREBF2 (basic helix-loop-helix
factors); (D) SPI1, ETV4, and ERG (tryptophan cluster factors); and (E) SP1, KLF9, and ZNF740 (C2H2 zinc fingers). For
transfer learning, multi-models were pre-trained with five cofactors with different binding modes than the target
TF (light blue boxes), or five randomly selected TFs with a different binding mode than the target TF (red boxes),
with (left) and without (right) the presence of the target TF in the pre-training step. The training dataset size of
each multi-model is indicated with diamonds (secondary y-axis). The number of bound regions for each TF is
shown between parenthesis. The performance of de novo PWMs (black stars) is provided as a baseline for each TF.
AUCPR = area under the precision-recall curve; BM = binding mode; PWM = position weight matrix; TF = transcrip-
tion factor.

Additional file 11: Fig. S11. Performance of individual models trained with and without transfer learning for two
target TFs with the same binding mode, but different number of bound regions, from each of the following five
families: (A) NR2C2 and VD2R (nuclear receptors); (B) ATF7 and NFE2L1 (basic leucine zippers); (€) MNT and SREBF2
(basic helix-loop-helix factors); (D) ETV4 and ERG (tryptophan cluster factors); and (E) KLF9 and ZNF740 (C2H2 zinc
fingers). For transfer learning, multi-models were pre-trained with five TFs with the same binding mode as the tar-
get TF, and individual models were fine-tuned using three different initialization strategies: transferring the weights
from the first convolutional layer (white boxes); transferring the weights from all convolutional layers (light blue
boxes); or transferring the weights from both the convolutional and fully connected layers (except the output layer;
dark blue boxes). Individual models without transfer learning were trained from scratch (red boxes) or after
initialization using JASPAR profiles and de novo PWMs (yellow boxes). The number of bound regions for each TF is
shown between parentheses. The performance of de novo PWMs (black stars) is provided as a baseline for each TF.
AUCPR = area under the precision-recall curve; PWM = position weight matrix; TL = transfer learning; TF = tran-
scription factor.

Additional file 12: Table S1. Total number of ones, zeros and nulls in the sparse matrix for the 163 TFs used in
this study.
Additional file 13: Table S2. Performance for 148 TFs on the original multi-model of 50 TFs, as well as on indi-

vidual models trained with and without transfer learning. An empty value for multi-model performance indicates
that the TF was not used to train the multi-model.

Additional file 14: Table S3. List of TF binding modes used in this study.
Additional file 15: Table S4. Tomtom similarities of TF profiles from the JASPAR database to the first
convolutional layer filters of the original multi-model of 50 TFs, the individual models of HNF4A and SP1, trained

with and without transfer learning, and the individual models of JUND trained with transfer learning from multi-
models pre-trained on either five cofactors or five random TFs as well as trained from scratch.

Additional file 16: Table S5. Transfer learning performance for 148 TFs with and without freezing of the
convolutional layers.

Additional file 17: Table S6. List of 50 non-redudant JASPAR profiles used to initialize convolutional filter
weights.
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