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Abstract 

Multiple la y ers of molecular determinants and mechanisms affect binding specificit y bet w een transcription f actors (TFs) and DNA. DNA 

sequence-based deep learning models using con v olutional neural networks (CNNs) and self-attention (SA) transf ormers ha v e impro v ed modeling 
accuracy and advanced our understanding of TF –DNA binding specificity through netw ork interpretation. Ho w e v er, the sy stematic e v aluation of 
various strategies for handling DNA sequence orientations in deep learning models—and their interpretation—remains underexplored, especially 
in the context of learning low-affinity binding site specificity. Using SELEX-seq data for eight Exd-Hox heterodimers in Drosophila , we compared 
canonical models with data augmentation and re v erse-complement w eight-sharing models. We f ound that re v erse-complement w eight-sharing 
CNN models and SA models trained with augmented data with re v erse complements outperf ormed other approaches in modeling binding 
specificity. In this w ork, w e e v aluated se v eral interpretation methods, including Gradient ∗input, Decon vNet, DeepLIFT, and in silico mutagenesis 
(ISM). Compared to other interpretation methods, ISM was less sensitive to model hyperparameter settings. In this work, we identified Exd-Ubx 
binding at low-affinity sites and suggested possible biophysical mechanisms. The findings of this study will be relevant for studying the functional 
role of low-affinity TF binding in gene regulatory mechanisms with possible implications on TF –DNA binding specificity guided protein design. 
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Introduction 

Transcription factor (TF) binding on specific DNA target sites
plays a crucial role in regulating gene expression. Unraveling
the mechanisms that govern TF –DNA binding specificity is
necessary to explain the precise gene expression patterns that
further determine cell fate [ 1 , 2 ] and developmental pattern-
ing [ 3 ] (i.e. Hox proteins in Drosophila [ 4 ]). TFs typically
bind to DNA motifs with 6 to 20 base pairs (bp) in length.
These motifs can appear numerous times in a genome, yet
fewer than 1% of these putative TF binding sites (TFBSs) are
functional in a cellular environment in vivo [ 5 –7 ] . Our current
understanding of TF –DNA binding specificity covers in vitro
biophysical determinants (i.e. DNA sequence context, cofac-
tor/cooperativity, and local DNA shape profiles) [ 8 –10 ] and
in vivo genome-wide determinants (i.e. chromatin accessibil-
ity, epigenetic marks, and 3D genome structure) [ 11 , 12 ]. 

Fortunately, comprehensive data have been generated
through high-throughput sequencing techniques for TF –DNA
binding (SELEX-seq for in vitro [ 13 ] and ChIP-seq for in
vivo TF –DNA binding [ 14 ]) and genome-wide profiles of epi-
genetic binding specificity determinants (DNase-seq/A T AC-
seq for chromatin accessibility [ 15 , 16 ], ChIP-seq for his-
tone modification patterns [ 17 ], and bisulfite sequencing for
DNA methylation). With these data, investigating the impor-
tance of a certain binding specificity determinant or inter-
play among multiple determinants has become both timely
and feasible for understanding TF –DNA binding mechanisms.
Because complex interactions occur in the nucleus (e.g. nu-
cleosome positioning, histone modifications, DNA modifica-
tions, cooperative binding, etc.), modeling TF –DNA binding
mechanisms through in vitro datasets provides a good entry
point. 

The simplest model to understand what DNA sequence
a TF prefers is to use a position weight matrix (PWM)
[ 18 ]. However, a PWM is insufficient to model the complex
TF –DNA readout mechanism because it does not consider
interdependency between nucleotide positions [ 19 ]. With the
availability of more high-throughput datasets [ 20 , 21 ], mod-
eling TF –DNA binding using machine learning models has
become a common approach [ 22 ]. Machine learning mod-
els developed to predict TF –DNA binding using either DNA
sequence, DNA shape features, or both can usually be fit-
ted into two major categories: explainable methods [e.g. L2-
regularized multiple linear regression (MLR)] and “black-
box” methods (e.g. deep learning models). 

Traditional explainable methods usually start with align-
ment of sequences to the canonical motif [ 23 ]. Sequence align-
ment allows traditional machine learning methods to learn the
importance of position-specific nucleotides within or around
the TFBS, using features such as DNA sequence and shape
[ 24 ]. However, sequence alignment sacrifices substantial in-
formation by considering only the most likely cognate TF-
BSs. Low-affinity sequences are usually discarded during this
process. This problem can be partially handled through de
novo motif discovery models that utilize complete sets of raw
sequences and learn a PWM or PWM-like matrix [ 25 , 26 ].
Most such models assume independent biophysical contribu-
tions of each nucleotide position to TF –DNA binding affini-
ties; thus, they are incapable of capturing higher-order depen-
dencies of nucleotides within TFBSs. Although k -mer-based
biophysical models consider higher-order dependencies [ 27 ,
28 ], this approach does not guarantee higher performance in 

modeling TF –DNA binding affinity, nor does it guarantee that 
interactions between non-adjacent nucleotides are captured.
Therefore, with TF –DNA binding data, each of these meth- 
ods has limitations in studying the importance of individual 
nucleotides in TFBSs, let alone in studying the interplay of 
different determinants of TF –DNA binding. 

Deep learning models, especially those using CNNs, have 
become increasingly popular for predicting TF –DNA bind- 
ing [ 29 , 30 ], largely because they are alignment-free meth- 
ods that can take raw sequences as input, ensuring that no 

reads are discarded. They capture non-linear dependencies be- 
tween nucleotides within TFBSs, excel in modeling binding 
accurately, and have high computational scalability. Despite 
their superiority in many aspects, deep learning models have 
limitations in interpretability. Methods have been proposed 

to improve interpretability through gradient-based backprop- 
agation methods [ 29 , 30 ], DeepLIFT [ 31 ], or in silico muta- 
genesis (ISM) [ 32 , 33 ], and previous work has applied these 
methods to study TF –DNA binding [ 34 ]. Alternatively, self- 
attention (SA)-based deep learning models can offer a pow- 
erful and interpretable alternative approach for predicting 
TF –DNA binding. The attention mechanism inherently high- 
lights key sequence motifs and interactions, providing insights 
into the sequence determinants of TF binding affinity. SA mod- 
els have proven useful for multiple tasks in computational 
biology, including predicting the DNA binding specificity of 
proteins [ 35 –37 ]. Yet no systematic analysis has been per- 
formed to identify the method of choice in achieving the most 
robust interpretability for the task of predicting TF –DNA 

binding. 
Through sequence-level interpretability, deep learning mod- 

els may provide additional insights on low-affinity TF bind- 
ing. Studies investigating the binding specificity of low-affinity 
TFBSs have gained increasing attention due to their criti- 
cal role in fine-tuning gene regulation [ 38 , 39 ]. Unlike high- 
affinity binding sites, which strongly attract TFs and are 
typically well-characterized, low-affinity sites bind TFs more 
weakly and are often poorly predicted by most PWM mod- 
els [ 40 , 41 ]. By utilizing different interpretation methods,
we asked the question if deep learning models can provide 
more accurate quantification and mechanistic understand- 
ing of TF recognition across a broader range of binding 
affinities. 

In this work, we developed a series of deep-learning models 
to study the binding mechanisms of TFs on unaligned SELEX- 
seq data for eight Exd-Hox heterodimers. We reviewed dif- 
ferent strategies for handling reverse-complement strands for 
CNN models and showed how they can be used to improve 
model robustness. In addition to CNN models, we evalu- 
ated SA models to see if the attention mechanism improves 
TF –DNA binding prediction accuracy and interpretability.
Next, we studied the robustness of different network interpre- 
tation methods to obtain unit-resolution importance matrices.
In a case study, we recovered phenotypic evidence of Exd-Ubx 

binding at low-affinity TFBSs within the shavenbaby ( svb ) en- 
hancer in Drosophila to achieve binding specificity [ 42 ]. Our 
study provides a systematic approach to building sensitive and 

consistent deep learning models, together with robust inter- 
pretation methods, to explain phenotypic evidence caused by 
genetic variation and cell type-specific binding events. 
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aterials and methods 

ELEX-seq and input data augmentation methods 

e collected round-3 SELEX-seq data from dataset
SE65073, generated by Abe et al. [ 43 ]. We used the 14-mer
ata for modeling, following the same procedure as described
n Abe et al. [ 43 ]. Specifically, for each Exd-Hox heterodimer,
he dataset contains a large number of 14-bp DNA sequences
nd their corresponding relative binding affinity, with values
etween 0 and 1. A summary of the sample size for each
ataset is provided in Supplementary Table S1 . We refer
o these datasets as “raw data” or “SELEX-seq data.” We
efer to the 14-bp DNA sequences in these datasets as “raw
equences” or “SELEX-seq sequences.”

When training models, raw data are often preprocessed by
ata augmentation techniques. We refer to the dataset used
or model training as “input data.” In this work, we stud-
ed different methods of DNA-specific data augmentation for
onstructing the input data: i.e. “Raw, ” “Double, ” and “RC-
ugmented.” The “Raw” approach was the baseline, in which
o data augmentation was performed, and the raw SELEX-
eq sequences and their relative binding affinity were used di-
ectly as input data for models. In the “Double” approach, we
dded the reverse-complement sequence of each raw SELEX-
eq sequence into the dataset and assigned it the same relative
inding affinity as in the original SELEX-seq sequence. After
he data augmentation step, input data for model training had
wice the number of sequences as in the SELEX-seq data. The
RC-augmented” approach involved modification of the se-
uences. We extended all SELEX-seq sequences by adding the
everse-complement sequence and padding 10 Ns in between.
nput data consisted of 38-bp DNA sequences and their rela-
ive binding affinity (Fig. 1 A and B). 

ligned datasets and MLR with L2 regularization 

o build an MLR model, sequences need to be aligned. First,
e constructed the “Aligned” dataset by adopting the ap-
roach in Abe et al. [ 43 ]. We aligned all sequences in the
aw SELEX-seq data based on the Exd-Hox heterodimer mo-
if TGA YNNA Y. Sequences that do not contain the motif or
ontain more than one core motif were not included in the
nalysis. In a second approach, we constructed a dataset using
op-Down Crawl [ 23 ], a motif-free alignment method aiming
o remove as few reads as possible. We call this dataset “TDC-
ligned.” Top-Down Crawl does not rely on regular expres-
ion or reduced sequence representation such as PWM-based
pproaches and keeps > 98% of the raw data. 

The aligned sequences are then one-hot encoded and used
s the predictor X. The L2-MLR model fits ˆ y = Xw by mini-
izing the loss function: 

L = ‖ y − Xw ‖ 2 2 + λ‖ w ‖ 2 2 , 

here the second term penalizes large weights. We determined
he Ridge penalty coefficient λ with 10-fold cross validation. 

odel architecture and training process of CNN 

odel 

ur goal was to provide a systematic framework for model
valuation and interpretation, and to focus less on model per-
ormance. For this reason, we aimed to keep the model archi-
ecture simple and retained only crucial designs of each model
ype. For CNN-raw, CNN-RC-augmented, and CNN-double,
we designed models f (x ) to predict the relative binding affin-
ity of input sequence input _ s , using the following operation
types: 

f ( input _ s ) = σ ( Dens e W 

(
pool ( rec t b ( con v M 

( input _ s ) ) ) 
)
) . 

Convolutional layer ( con v M 

) used a set of motif scanners
with parameters M to scan a one-hot encoded matrix ( 4 × N)
of sequence s . Each scanner was a 4 × m matrix. This step was
followed by a rectification step, in which a shift b was added
to the output of each motif scanner, and ReLU was applied
as an activation function. Afterward, we applied a max pool-
ing layer with window size p , followed by a fully connected
dense layer with a dropout design. Finally, a sigmoidal func-
tion was applied to generate the final prediction of the relative
binding affinity, a value between 0 and 1. Formally, the afore-
mentioned layers were defined as: 

rec t b (con v M 

( s k ) ) = ReLU 

⎛ 

⎝ 

4 ∑ 

i =1 

m −1 ∑ 

j=0 

M i, j s i, j+ k + b 1 

⎞ 

⎠ 

pool ( x k ) = max 

({
x kp , x kp+1 , · · · , x kp + p −1 

})
Dens e w 

( x ) = W x + b

σ ( x ) = sigmoid ( x ) = 

1 

1 + e −x 
. 

We defined the sum of the mean squared error (MSE)
and scaled L1 and L2 penalizations on the convolution filter
weights as the loss function: 

L = 

1 

N 

N ∑ 

i =1 

(
y i − f ( x i ) 

)2 + λ1 ‖ M ‖ 1 + λ2 ‖ M ‖ 2 2 , 

where λ1 and λ2 are weight penalization factors. We used the
Adam gradient-based optimization algorithm [ 44 ] to update
parameters, with a learning rate of λ3 . 

Besides CNN-raw, CNN-RC-augmented, and CNN-
double, we also implemented a special architecture described
by Shrikumar et al. [ 45 ]. This was a reverse-complement
weight-sharing CNN model (named here “CNN-RC”)
that treated s and s ′ equally by scanning s ′ through a
“constrained scanner” rather than an independent scan-
ner ( Supplementary Fig. S1 ). The “constrained” scanner
ensured that the reverse complement of a channel at in-
dex i was present at index 3 − i , the input channel for the
reverse-complement residue. Moreover, a weighted sum layer
following the pooling layer was added to learn a positional
weight for each channel separately and to combine the posi-
tionally weighted channel output [ 45 ]. Therefore, for a given
sequence s , the CNN-RC model computed a binding score
f (s ) using the following five operation types: 

f ( s ) = Dens e W 2 ( Weighted _ su m W 1 

(
pool ( rec t b ( con v M 

( s ) ) ) 
)
) . 

When training CNN models, we split the SELEX-seq
data randomly into the training set (80%) and the test set
(20%) and used R 

2 as the test performance metric. We ini-
tiated the hyperparameter search by sampling nine sets of
( λ1 , λ2 , λ3 ) ( Supplementary Table S2 ), and used a three-fold
cross-validation to determine the best hyperparameter set. We
closely monitored the training process to ensure that this setup
did not invoke overfitting. Finally, we applied the same archi-
tecture and hyperparameters to train models for all TFs, re-
spectively. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
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Figure 1. Strategies for handling input data and evaluating models. ( A ) Strategies of constructing training dataset from sequences and relative affinity in 
SELEX-seq data. ( B ) Summary table of strategies used by seven models. ( C ) Workflow of model training and interpretation for convolutional neural 
networks (CNNs) and self-attention (SA) models. 
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Model architecture and training process of SA 

models 

For S A-raw, S A-RC-aug, and S A-double, we designed mod-
els f (x ) to predict the relative binding affinity of an input se-
quence input _ s using the following operation types: 

f ( s ) = σ
{
Dens e w 3 

[
pool 

(
S A w 2 ( PosEnc ( Dens e w 1 [ s ] ) ) 

)]}
. 

The first layer Dens e W 1 mapped the one-hot encoded
DNA sequence ( 4 × l) into an embedding vector of higher
dimension ( d model × l ) . Next, we implemented the PosEnc
layer as used in classical transformer models (using the sin
and cos functions), which pre-computed positional encoding
and added it to the embedding vector, enabling the down-
stream SA layer to be aware of positions of residues in
the sequence. Next, the SA layer S A W 2 was applied to the
positionally encoded vector, where W 2 was composed of

 V , W Q 

, W K εR 

d model ×d model . A global average pooling layer
was performed by averaging over the sequence dimension to
generate a vector of size ( d model × 1 ) , representing aggregated
information for the input sequence. Lastly, another Dense
layer followed by a sigmoidal function was introduced to out-
put a single value between 0 and 1 as the predicted relative
binding affinity . Formally , the aforementioned layers were de-
fined as: 

h = Dens e W 1 ( s ) = W 1 s + b 1 

h 

′ = PosEnc 
(
h 

) = h + posenc 
(
h 

)
, 

where posenc (h ) i, 2 k = sin ( i 

10 000 
2 k 

d model 

) , posenc (h ) i, 2 k +1 =
cos ( i 

10 000 
2 k 

d model 

) , i was the position index in the sequence, k

indexed the feature dimension, and d model was the embedding
size. 

h SA 

= SA 

(
h 

′ ) = softmax 

( 

Q K 

T √ 

d k 

) 

V, 
where Q = h 

′ W Q 

, K = h 

′ W K , V = h 

′ W V , and d k = 

d model 
n head 

was the dimension of key vectors. 

h pool = 

1 

l 

l ∑ 

i =1 

h SA,i 

and y = σ ( W 3 h pool + b 3 ) . 
For the loss function, we used the MSE metric: 

L MSE = 

1 

N 

N ∑ 

i =1 

(
y i − f ( x i ) 

)2 
. 

When training the SA models, we split SELEX-seq data ran- 
domly into the training set (80%) and test set (20%) and 

used R 

2 as the test performance metric. For model archi- 
tecture and training parameters, we first performed a grid 

search with varying values of learning rate, batch size, embed- 
ding dimension, numbers of SA layers, and attention heads 
( Supplementary Table S3 ). We roughly trained the model for 
30 epochs and selected the most stable and best-performing 
training parameters to further investigate model architecture 
differences. We then thoroughly trained SA-raw models with 

varying numbers of attention layers and attention heads and 

selected the setup that almost always performed the best 
across all TFs ( nlayer = 2 and nhead = 8) ( Supplementary 
Table S4 ). We closely monitored the training process to ensure 
that this setup did not invoke overfitting. Finally, we applied 

the same architecture and training setups to train models for 
all TFs. 

Interpretation methods to obtain the unit-resolution 

importance logo 

Interpretation methods vary in underlying principles and 

were implemented separately (Fig. 1 C). DeepLIFT for 
CNN models was implemented according to its GitHub 

version v0.6.6.2-alpha. Gradient-based backpropagation 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
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ethods were implemented through Keras built-in functions
or CNN models (DeconvNet [ 30 ] and Gradient ∗input [ 31 ]),
nd through the pytorch built-in autograd method for SA
odels (Gradient ∗input). The SHAP framework for SA mod-

ls was implemented with the GradientExplainer method
sing the shap package in Python [ 46 , 47 ]. We reported two
ets of SHAP results, using either all zeros or the training set
s the background sequence. 

ISM was implemented as follows. First, we computed
he predicted binding affinity of each original sequence f (s ) .
hen, for every position s i , we mutated it into one of the other
ossible nucleotides b j ε{ A, T, C, G } as sequence ˆ s . Second,
e calculated f ( ̂ s ) and finally defined �s i j = ( f ( ̂ s ) − f (s ) ) ·
ax ( f ( s ) , f ( ̂ s ) ) . The second term in the product was used to
verride no binding and highlighted the magnitudes of change
n strong binding. When interpreting the importance of a se-
uence of length larger than l (e.g. the svb enhancer), we
dopted a sliding window approach: at each position i , we
eport the model prediction using the subsequence from the
 

th and the ( i + 13 ) th position. 
For all above-mentioned methods, derived scores were in a
atrix of size 4 × l, with each element representing the im-
ortance of each nucleotide at each position in predicting the
inding affinity of the sequence s . For visualization purposes,
nly the importance level corresponding to the residue in se-
uence (e.g. the importance of adenine will be visualized at
osition 1 if the first nucleotide of s is A) will be visualized
n the unit-resolution importance logo (the PWM-like logo).
raphics were generated with the software seq2logo [ 48 ]. 
To compare interpretation method consistency across mul-

iple sequences, we used the top-105 high affinity binding se-
uences (all with relative binding affinity > 0.7) containing the
GA TTT A T core motif from the Exd-Ubx SELEX-seq data.
or each sequence s , each interpretability method g, and each
yperparameter set f h (for each model architecture, we have
hree sets of hyperparameter sets, noted as f 1 , f 2 , f 3 ), we de-
ived the importance vector g( f h (s ) ) . We then calculated three
air-wise Pearson correlation coefficients between the impor-
ance vectors: c 1( g, s ) = corr [ g ( f 1 (s ) ) , g ( f 2 (s ) ) ] , c 2( g, s ) =
orr [ g ( f 1 (s ) ) , g ( f 2 (s ) ) ] , and c 3( g, s ) =
orr [ g ( f 2 (s ) ) , g ( f 3 (s ) ) ] . We then calculated the aver-
ge of these pair-wise correlations, denoted as c ( g, s ) =
verage ( c 1( g, s ) , c 2( g, s ) , c 3( g, s ) ) , for all 105 sequences and
ll three interpretability methods. The resulting 105 values
or each interpretability method is plotted in a violin plot,
nd the same analysis was also performed using Spearman’s
ank correlation. 

yrimidine-purine (YR) base-pair encoding for 
ligned high- and low -af finity TFBSs 

o visualize high- and low-affinity TFBSs highlighted by the
equence-based CNN models, 14-mer SELEX-seq data for
xd-Ubx were first aligned. In each raw DNA sequence, each
otif scanner highlighted a motif that had the largest value at

he convolution layer. Because different motif scanners derived
ifferent sets of aligned motifs, only the one with the largest
nformation content was used for visualization. Here, the in-
ormation content was calculated using the R S AT matrix-
lustering tool [ 49 ]. The sequence-based CNN model used
ere was CNN-RC-augmented with its best-performing hy-
erparameter setting. After alignment, aligned motifs in se-
uences with the highest 10 000 and lowest 10 000 binding
affinities were used for visualization. Both the PWMs and YR
logos were plotted with WebLogo 3 [ 50 ]. 

Results 

The CNN and SA models outperform the MLR 

model in quantifying a large spectrum of binding 

affinities 

To investigate differences between traditional statistical ma-
chine learning methods and CNN-based/SA-based models in
the modeling of in vitro TF –DNA binding affinity, we trained
all models using the raw SELEX-seq data of eight Exd-Hox
heterodimers: Exd-Lab, Exd-Pb, Exd-Dfd, Exd-Scr, Exd-Antp,
Exd-Ubx, Exd-AbdA, and Exd-AbdB (see the “Materials and
methods” section; Supplementary Table S1 ). These Exd-Hox
TF heterodimers regulate the segment-specific development
of the Drosophila embryo along its anterior-posterior axis.
The datasets contain DNA sequences with a large spectrum
of relative binding affinities. Different binding mechanisms of
Exd-Hox protein complexes have been previously discovered
through quantitative modeling and experimental validation.
For instance, the high-affinity binding sites of these Exd-Hox
proteins are three closely related sequences: Exd-Lab and Exd-
Pb prefer TGA TTGA T, Exd-Dfd and Exd-Scr prefer TGAT-
T AA T, and Exd-Antp, Exd-Ubx, Exd-AbdA, and Exd-AbdB
prefer TGA TTT A T [ 13 ]. Meanwhile, homotypic low-affinity
binding sites at the svb enhancer were found to contribute to
the binding specificity of Exd-Ubx [ 42 ]. These data provided a
valuable resource to evaluate the ability of quantitative mod-
els to unravel binding mechanisms. 

We first trained an MLR model with L2 regularization
(ridge penalty) using this dataset. The MLR model assigns
weights specific to nucleotide positions; thus, it requires an
alignment step. The alignment step required for the MLR
model largely reduced the number of sequences that could be
used in training, resulting in fewer than 42% of raw sequences
in the SELEX-seq dataset (Fig. 2 A and Supplementary Table
S1 ). We further investigated the alignment step using the three
low-affinity binding sites on the svb enhancer ( Supplementary
Fig. S2 ): CTGATTTGTTGA (Site 1), CCGATAAAAAAT (Site
2), and A T AA TTTGT AGT (Site 3). W e searched for the occur-
rence of all 8-mer subsequences (i.e. for Site 1, we searched
for CTGA TTTG, TGA TTTGT, GA TTTGT, A TTTGTTG, and
TTTGTTGA) in the SELEX-seq dataset. We found that more
than half of the SELEX-seq reads that contained a match were
dropped (Fig. 2 B and Supplementary Figs S3 and S4 ). 

In contrast, the CNN and SA models can process raw
data without requiring sequence alignment due to their archi-
tectural advances (i.e. convolutional layer and position em-
bedding with the attention mechanism). We carefully trained
a CNN model and an SA model using the entire SELEX-
seq raw dataset, namely CNN-raw and SA-raw (loss curve
shown in Supplementary Figs S5 and S6 ). The CNN and SA
models significantly outperformed the MLR model in mod-
eling the relative binding affinities of all eight Exd-Hox het-
erodimers (Fig. 2 C). Despite similar distribution of relative
binding affinity before and after the sequence alignment step
( Supplementary Fig. S7 ), to control for the effect of train-
ing sample difference, we also trained CNN-raw and SA-
raw on the same dataset as used for the MLR model (mod-
els named CNN-aligned and SA-aligned). Both the CNN and

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
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Figure 2. The CNN and SA models outperform the MLR model. ( A ) Bar plot showing percentage of reads retained after the read alignment step required 
by MLR models. ( B ) Abundance of low-affinity site subsequences in original SELEX-seq and aligned dataset. Each dot represents one match of the 
subsequence on the x -axis to one sequence in the SELEX-seq data. The central line shows the median, the box spans the interquartile range, and the 
whisk ers e xtend to data points within 1.5 × IQR from the quartiles (with individual points be y ond sho wn as outliers). ( C ) B o x plots comparing model 
performances of the MLR and CNN/SA models. 
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SA models outperform MLR ( Supplementary Fig. S8 and
Supplementary Table S5 ). 

Additionally , we trained MLR, CNN-raw , and SA-raw on
the TDC-aligned dataset that was aligned using Top-Down
Crawl [ 23 ] with 98% of the raw data considered (see the “Ma-
terials and methods” section) and observed the same result
( Supplementary Table S5 ). 

Strategies of input data augmentation affect model 
performance 

Owing to their double-stranded nature, DNA sequences are
a special type of input data that have two-directional (5 

′ to
3 

′ ) strands of sequence representing the same molecule, which
poses a challenge for model design. Ideally, a biologically rele- 
vant model should generate the same output for an input DNA 

sequence and its reverse-complement sequence. One solution 

is to design models with a special architecture that can accom- 
modate this characteristic, enforcing the same output for any 
sequence and its reverse-complement sequence. Another solu- 
tion is to apply DNA-specific input data augmentation strate- 
gies. 

To systematically evaluate the effect of input data aug- 
mentation strategies on model performance and model con- 
sistency, we first trained CNN-RC [ 45 ], a CNN-based 

model with a special architecture design to enforce identi- 
cal outputs for the forward and reverse-complement strands 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
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 Supplementary Fig. S1 ). Next, we trained three CNN mod-
ls with the same architecture using three input augmenta-
ion strategies. CNN-raw was trained with the raw SELEX-
eq dataset. For CNN-double, the reverse-complement se-
uence was added to the training dataset, with the relative
ffinity value being identical to the original sequence in the
ELEX-seq data. The RC-augmented strategy used extended
equences as input, where the reverse-complement sequence
as appended to the original sequence, with Ns padded in be-

ween (Fig. 1 A). We also trained three SA models with these
ata augmentation strategies: S A-raw, S A-RC-augmented, and
A-double. 

All seven models achieved high accuracies in predicting the
elative binding affinity of Exd-Hox heterodimers (Fig. 3 A).
or the data input augmentation strategies, the CNN-double
nd CNN-RC-augmented models outperformed CNN-raw;
A-RC-augmented performed similarly to SA-raw; SA-double
erformed better than SA-raw; and both CNN-double and
A-double showed comparable performance to CNN-RC (Fig.
 A and Supplementary Table S5 ). Albeit statistically signif-
cant, the data augmentation strategies provide only lim-
ted accuracy improvement. Next, we evaluated the consen-
us of each model in predicting the relative binding affin-
ty for the test data sequence and the corresponding reverse-
omplement sequence. By design, CNN-RC and models us-
ng the RC-augmented strategy will output the same value
or the constructed sequence, the test data, and its reverse
omplement sequence ( Supplementary Fig. S9 ). When com-
aring model architectures, we observed that CNN-raw gave
 more consistent prediction than SA-raw (Fig. 3 B). Moreover,
NN-double and SA-double both showed improved agree-
ent when compared to CNN-raw and SA-raw (Fig. 3 B), in-
icating that the “double” data augmentation strategy can
e helpful when training general-purpose DNA deep learn-
ng models without a special design to handle reverse comple-
entarity. For the RC-augmented strategy, we also evaluated

n alternative approach of constructing the input sequence to
he model. We applied the RC-augmented operation on the
everse-complemented sequence of the raw data. We observed
hat SA-double shows improved consistency (Fig. 3 B). 

Overall, CNN-RC showed the best model consistency and
ighest performance. Therefore, to further study model inter-
retability methods and the binding specificity of low-affinity
FBSs, we chose the CNN-RC model as a benchmark and the
A-double model as a complement. 

SM is less sensitive to hyperparameters and 

odel architecture 

fter obtaining models with good performance, it is indispens-
ble to interpret these models and extract important informa-
ion that can further provide biological insights. We investi-
ated four interpretation methods that aim to calculate a unit-
esolution importance matrix, where positive values in the ma-
rix indicate that a small change to a nucleotide at a certain
osition will increase the predicted binding affinity (Fig. 1 C).
First, we investigated the sensitivity of these interpretation
ethods to changes in hyperparameter settings. This choice
as motivated by the observation that different combinations
f learning rates could result in models with comparable per-
ormance ( Supplementary Tables S6 and S7 ). Due to random
actors (e.g. dropout techniques used during training), mod-
ls trained with different sets of hyperparameters will prob-
ably stand out in performance and be selected for interpre-
tation in different experiments. To provide valid interpreta-
tion results, an interpretation method is supposed to show
a similar unit-resolution importance matrix for a given se-
quence while interpreting models of similar performance. We
investigated the robustness of different interpretation meth-
ods with CNN-RC models built using Exd-Ubx SELEX-seq
data. The sequence used to visualize the unit-resolution im-
portance matrix was TGA TTT A T (high-affinity TFBS for Exd-
Ubx). As anticipated, interpretation methods mostly displayed
positive and high importance scores for each nucleotide in
TGA TTT A T (Fig. 4 ). However, while interpreting TGATT-
T A T with models based on different hyperparameters, De-
convNet [ 30 ], Gradient ∗input [ 31 ], and DeepLIFT [ 31 ] oc-
casionally showed negative weights for the TG or TA bp
steps. In contrast, ISM outputs highlighted TGA TTT A T con-
sistently (Fig. 4 ). Although DeconvNet and Gradient ∗input
have been successfully applied to image classification prob-
lems, which have continuous data as input, they might not
be suitable for gradient-based backpropagation methods to
handle the sparse data type of one-hot encoding DNA se-
quences. In a sparse space, taking gradients requires more cau-
tion than in a continuous space because a minor distortion
in input in different directions might result in very different
changes in output. We observed similar results when we ap-
plied ISM, Gradient ∗input, and SHAP to SA-raw; namely, ISM
is the least sensitive to different hyperparameters used during
model training ( Supplementary Fig. S10 ). To test if this ob-
servation is generalizable to different sequences, we quanti-
fied the similarity of importance matrices derived from mod-
els trained with different hyperparameter sets and evaluated
this similarity across a large set of sequences (see the “Ma-
terials and methods” section). We also observed that ISM
gives the most consistent importance matrices (Fig. 4 B and
Supplementary Fig. S11 ). 

Recovery of functional Exd-Ubx binding at 
low -af finity binding sites 

A widespread assumption is that TFs bind to high-affinity se-
quences with the lowest free energy that is most favorable
for binding. Studies almost always use known cognate TF-
BSs or PWMs to infer both in vitro and in vivo TFBSs. Yet
recent evidence suggests that TFs bind to TFBSs with a spec-
trum of binding affinities both in vitro and in vivo [ 42 , 51 –54 ].
Crocker et al. showed that Exd-Ubx binds specifically to three
low-affinity sites on the svb enhancer [ 42 ]. Moreover, Crocker
et al. found that replacing these low-affinity sites with high-
affinity sequences led to non-specific binding of other Hox TFs
and caused a phenotypic change in Drosophila melanogaster
[ 42 ]. In this study, we trained deep learning models that used
not only sequences containing cognate TFBSs but also those
with lower affinities. Next, we evaluated whether our deep
learning models and model interpretation method could reca-
pitulate known characteristics of functionally important low-
affinity binding sites used by Exd-Ubx to achieve specificity. 

We first applied CNN-RC models for Exd-Ubx, Exd-Scr,
and Exd-Lab to the 74-bp wild-type (WT) svb enhancer se-
quence (Fig. 5 A) and performed ISM interpretation to ob-
tain the unit-resolution contribution scores. In general, we ob-
served that a larger number of nucleotides were disfavored
by Exd-Lab and Exd-Scr than by Exd-Ubx. Most nucleotides
in Sites 1 –3 contributed negatively to Exd-Scr binding. In

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
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Figure 3. Comparison of performance achieved by seven models. ( A ) Box plots showing the performance of all models in predicting binding affinity for 
eight Exd-Hox complexes using SELEX-seq datasets. P -values of one-sided paired t-tests are shown in the plot (with the alternative hypothesis that the 
model on the left side achie v es less accuracy than the model on the right side). The central line shows the median, the box spans the interquartile range, 
and the whiskers extend to data points within 1.5 × IQR from the quartiles (with individual points beyond shown as outliers). ( B ) Comparisons of 
predicted relative affinity for given sequences and corresponding reverse-complement sequences with CNN models (upper row) or SA models (lower 
row) trained with raw data (left column), using “RC-augmented” as the input data strategy [middle column, with y -axis showing the predicted relative 
binding affinities of R Caug(R C(sequence))], and using “double” as the input data strategy (right column). 

Figure 4. Comparison of four interpretation methods. ( A ) Models with similar performance ( R 

2 ranges from 0.980 to 0.985) but with slightly different 
hyperparameter configurations were used to interpret three high-affinity TFBSs for Exd-Hox heterodimers. DeconvNet, Gradient ∗input, and in silico 
mutagenesis (ISM) were implemented with CNN-RC models based on Exd-Ubx SELEX-seq data. DeepLIFT was implemented with CNN-double 
because the DeepLIFT implementation is currently not compatible with CNN-RC models. Each row represents a specific hyperparameter configuration 
during model training. ( B ) Violin plot showing the comparison of consistency between different model interpretation methods (SHAP, Gradient ∗input 
(GTI), and ISM), as measured by the average pairwise Pearson correlation coefficient between the importance scores derived from models trained with 
different hyperparameters, across 105 different sequences. 
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addition, even though Sites 1 –3 were low-affinity TFBSs for

Exd-Hox heterodimers, the WT sequence showed the most
positive contribution to Exd-Ubx when compared to other
heterodimers, especially on Site 1 (Fig. 5 B). 

Next, we asked whether our CNN-RC model could reca-
pitulate the reduced binding specificity of Exd-Ubx on the
mutated sequences. In Crocker et al., one striking observation
was that when low-affinity Sites 1 –3 were replaced by higher-
affinity TFBSs, the svb enhancer was also recognized by other
Exd-Hox heterodimers [ 42 ]. For example, Exd-Scr started to
bind when the relative binding affinity increased above around
0.25, according to the embryo images (Fig. 4 of Crocker et al.
[ 42 ]). When we applied our CNN-RC model of Exd-Ubx, we
observed increased binding affinity across the svb enhancer for
all seven mutations ( Supplementary Fig. S12 ). In accordance
with the findings of Crocker et al. [ 42 ], we likewise observed 

an increased relative binding affinity of Exd-Scr on the mu- 
tated sequences (Fig. 5 C). We observed the same results when 

we performed these predictions with the SA-double models for 
Exd-Ubx and Exd-Scr ( Supplementary Fig. S13 ). 

After recovering the in vivo phenotypic evidence, we exam- 
ined the possible mechanism behind the binding specificity of 
Exd-Ubx at low-affinity binding sites. Three classes of high- 
affinity TFBSs (TGATT G AT for Exd-Lab, TGATT A AT for 
Exd-Scr, and TGATT T AT for Exd-Ubx) only differed at the 
underlined nucleotide position, and Exd-Ubx specifically fa- 
vored a pyrimidine at that position. It has been shown that 
pyrimidine (Y) –purine (R) stacking at YR bp steps is par- 
ticularly weak compared to other bp steps and can cause 
cross-strand steric clashes [ 55 ], which can reduce local DNA 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqag027#supplementary-data
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Figure 5. R eco v ery of binding specificity of Exd-Ubx to svb enhancer. ( A ) Illustration of three lo w-affinity Ubx binding sites on svb enhancer adapted 
from Crocker et al. [ 42 ]. ( B ) Unit-resolution importance matrix of the 74-bp WT sequence of svb enhancer, based on CNN-RC models trained with 
Exd-Lab, Exd-Scr, and Exd-Ubx SELEX-seq data, using ISM as model interpretation method. ( C ) Line plots illustrate fold change of predicted relative 
binding affinity of Exd-Scr due to mutations introduced to WT svb enhancer. Mutated sequences are as shown in panel (A). ( D ) PWM and YR (R = A or 
G; Y = C or T) logos for high- and low-affinity TFBSs of Exd-Ubx heterodimer. 
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tability [ 56 ]. Moreover, fluctuating flexibility in the local he-
ical conformation of DNA can lead to infrequent events of
p opening, thus exposing buried groups for interactions with
roteins [ 57 ]. After encoding high-affinity TFBSs of Exd-Hox
eterodimers into YR representations, we found that only
xd-Ubx had two YR bp steps (underlined in YR RYY YR Y)
ompared to Exd-Scr and Exd-Lab. To examine whether YR
tacking can explain why Exd-Ubx binds specifically to low-
ffinity TFBSs, we used thoroughly trained CNN models to
lign SELEX-seq probes (see the “Materials and methods”
ection), selected 10 000 probes each with lowest and high-
st binding affinities, and visualized these probes in YR rep-
esentations. Although the DNA sequence preference at posi-
ion 2 was different between high- and low-affinity TFBSs, the
reference for purine versus pyrimidine identities was always
RR YYYR Y for Exd-Ubx (Fig. 5 D). Based on these observa-

ions, we suggest that YR stacking might be a driving force
or Exd-Ubx to bind to DNA, whereas the functional groups
f DNA nucleotides fine-tune high-affinity TFBSs and differ-
ntiate them from low-affinity TFBSs. 

iscussion 

F –DNA binding specificity is affected by many molecular de-
erminants, such as DNA sequence and shape [ 43 , 58 ], co-
actors and cooperative binding [ 13 , 59 , 60 ], and epigenetic
marks [ 11 , 61 , 62 ]. Deep learning models with different ar-
chitectures have improved the accuracy of modeling TF –DNA
binding specificity and provided effective solutions to limita-
tions in traditional motif discovery [ 32 , 35 –37 , 63 –67 ]. These
models are usually alignment-free methods that can capture
non-linear dependencies between TFBS nucleotides. However,
interpretability is challenging compared to traditional ma-
chine learning methods such as MLR or boosting. The contri-
bution of nucleotide importance at each nucleotide position
within the TFBS can be derived by gradient-based backprop-
agation methods [ 29 , 30 ], DeepLIFT [ 31 ], or ISM [ 32 , 33 ].
Still, we faced two problems while applying sequence-based
deep learning models in understanding the binding specificity
of Exd-Hox heterodimers in Drosophila . The first challenge
was how to handle the orientation of DNA sequences, and
the second was the choice of interpretation method. 

To solve the first problem, we took advantage of high-
quality SELEX-seq data for eight Exd-Hox heterodimers from
Drosophila that covered a large spectrum of binding affinity
values. These homologous TFs have been well-documented
to utilize varied binding mechanisms, such as the interplay
of DNA base and shape readout [ 43 ], cofactors [ 13 ], and
the occupancy of clusters of low-affinity TFBSs [ 42 ]. We first
trained four sequence-based CNN models: CNN-raw, CNN-
R C-augmented, CNN-double, and CNN-R C. The first three
used the same underlying CNN model, but their input was
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constructed differently (see the “Materials and methods” sec-
tion). CNN-RC used the same input as CNN-raw but had a
special weight-sharing layer that forced a sequence and its
reverse-complement sequence to be treated the same. In the
results, the CNN-RC model had higher consistency in terms
of providing identical predicted binding affinity for the two
sequence orientations. CNN-RC had a minor drawback of
needing additional preprocessing to obtain the orientation in
which a TF really binds, whereas the canonical models could
output the orientation with a larger predicted binding affinity.
In addition, we trained three SA-based models: SA-raw, SA-
double, and S A-RC-augmented (S A-RC was not implemented
due to the special implementation of CNN-RC). SA-double
performed similarly to CNN-RC and provided insight into
how attention mechanisms can be used in predicting TF –DNA
binding. 

To solve the second problem, we evaluated four net-
work interpretation methods that are widely used in im-
age classification and applications in DNA sequence anal-
ysis: Gradient ∗input [ 31 ], DeconvNet [ 30 ], DeepLIFT [ 31 ],
and ISM. After obtaining unit-resolution importance matri-
ces for high-affinity TFBSs of Exd-Ubx, we found that the
ISM method was the least sensitive to different model train-
ing hyperparameters. While there can be an argument made
that models trained with different hyperparameters can learn
distinct internal representations and some variation in model
interpretation is expected, the aim of this work was to pro-
vide another possible perspective—if interpretation methods
can uncover consistent meaningful biological signals. 

We also recovered the in vivo binding specificity of Exd-
Ubx on the svb enhancer, which can be beneficial for the
future design of potential TFBSs in vivo . We stress that the
sequence-based CNN models were built with 14-mer SELEX-
seq data, which are assumed to have one TFBS in each 14-
mer. While interpreting in vivo DNA sequences containing
multiple TFBSs due to cooperativity, mutation of one TFBS
could be compensated by other TFBSs and does not necessar-
ily reduce binding. In this case, other interpretation methods
might be applicable. We also visualized attention maps using
the SA model for Ubx with the WT and mutated sequences
on the svb enhancer. We observed similar patterns for high-
affinity sequences that contained a TGA TTT A T site. In con-
trast, the low-affinity sequence tended to have more spread-
out SA ( Supplementary Fig. S14 ). However, the attention maps
are sequence-specific, and these observations may not be ex-
tended as a general conclusion for all sequences. Finally, visu-
alizing attention maps is not directly comparable to the model
interpretation methods that we studied. SA scores only mea-
sure interaction and do not indicate feature importance such
as methods like ISM. Nevertheless, SA design can be very use-
ful for studying long-range interactions and cooperativity be-
tween TFs, especially with datasets consisting of long genomic
sequences and spaced motifs for multiple TFs. 

Our approach has several limitations. One limitation is that
we performed all our analyses only on datasets from eight
homeodomain SELEX-seq experiments. These data do not
represent all TF families and/or all experimental platforms.
Different TFs may have different DNA readout mechanisms,
and the model that performs best for homeodomains may not
perform well for another TF family. Different experimental
approaches may generate data with different biases or vari-
ance and have different sensitivities. The best hyperparame-
ter can be dramatically different for different data. The sec-
ond limitation is that the sequence length in the dataset was 
only 14 bp, which is not an ideal length for SA models. The 
sequence length also eliminates the need for a deeper CNN 

model, as a suitable filter length and shallower model are suf- 
ficient to locate the motif and predict the relative binding affin- 
ity. 

In summary, we proposed and identified potential solutions 
to two problems in quantifying TF –DNA binding specificity: a 
strategy to handle sequence orientation and a proper network 

interpretation method. Taking advantage of SELEX-seq data 
for eight Exd-Hox heterodimers and in vivo binding evidence 
on the svb enhancer in Drosophila , we found that the CNN- 
RC model, combined with the ISM interpretation method, is a 
good combination to investigate TF –DNA binding specificity.
The method can be used to study low-affinity TF binding sites.
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