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ing sites have on their action remains limited.

Summary: To address this issue we trained a Deep learning model to predict

the effects of Single Nucleotide Polymorphisms (SNP) on transcription factor binding.
Allele specific binding (ASB) data from Chromatin Immunoprecipitation sequenc-

ing (ChIP-seq) experiments were paired with high sequence-identity DNA binding
Domains assessed in Protein Binding Microarray (PBM) experiments. For each transcrip-
tion factor a paired DNA binding Domain was selected from which we derived E-score
profiles for reference and alternate DNA sequences of ASB events. A Convolutional
Neural Network (CNN) was trained to predict whether these profiles were indicative

of ASB gain/loss or no change in binding. 18211 E-score profiles from 113 transcription
factors were split into train, validation and test data. We compared the performance

of the trained model with other available platforms for predicting the effect of SNP

on transcription factor binding. Our model demonstrated increased accuracy and ASB
recall in comparison to the best scoring benchmark tools.

Conclusion: In this paper we present our model SNPeBoT (Single Nucleotide Polymor-
phism effect on Binding of Transcription Factors) in its standalone and web server form.
The increased recovery and prediction accuracy of allele specific binding events could
prove useful in discovering non-coding mutations relevant to disease.
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Background

Regulation of gene expression is mediated in part by transcription factors (TF), these
proteins bind to sequence specific strands of DNA, thereby acting in concert with
enhancer, silencer or insulator elements to modulate the expression of associated genes.
The presence or absence of these TF lead to much of the differential gene expression
across an organism’s developmental stages [1], cell cycle [2] and cell types [3]. However,
SNP within TF binding sites can lead to local increase or decrease in TF binding affect-

ing gene expression and consequently causing disease [4, 5]. Therefore, the prediction
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of ASB may prove useful in elucidating disease etiology and processing Genome Wide
Association Study (GWAS) data. Tools already exist for predicting the effects of SNPs on
TF binding [6—8] including Deep learning based models [9]. However, many tools, while
relatively simple for experienced users, retain prohibitive installation or implementation
requirements for the general user. They may also require, in the case of deep learning
models, fine tuning before and therefore necessitate the generation of large amounts of
training data which isn’t always readily available to the user. Additionally, we show that
existing tools leave many ASB events unidentified. Increasing the number of SNPs that
can be identified as potentially altering gene expression regulation may lead to the dis-
covery of etiologically significant mutations. We have trained a PBM E-score based Con-
volutional Neural Network on ASB data to predict when a SNP results in TF gain, loss or
no-change in binding. Our model demonstrated an improved recovery of SNPs resulting
in changes to TF binding as well as accuracy with regards to MotifbreakR [6] and atSNP
[7]. We have made SNPeBoT available on a web server where it is freely available for use,
as well as provided a standalone version on github.

Implementation

Input/output

SNPeBoT supports 2 methods for retrieving predictions: a Webserver and a Standalone
package. We suggest that users install the standalone packages in cases where more than
15 SNPs are to be evaluated, for all other cases the web server provides the simplest
application of our predictor.

Web server

In order to make a prediction using the web server the user is required to submit an
input following the prompts of the website (Fig. 1). First, a unique job identifier will
be submitted followed by a selection of the format for the input SNPs. Three formats
are supported: (1) A reference and alternate DNA strand, tab separated, of 51 nucleo-
tides long each. If the sequence information beyond 7 bases up and downstream of the
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Fig. 1 Screenshot of the SNPeBoT website
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sequence midpoint is missing (a 15 bp sub-sequence at the center of each strand) pad-
ding may be added without affecting the prediction. (2) Variant call format (VCF) SNP
data where columns (in order) contain the following: chromosome number (eg. chrl),
Allele location (in hg38), an identifier for the SNP, reference allele, alternate allele. (3)
Reference Single nucleotide polymorphism IDs (RSIDs). Next, the user will select from
two prediction options: (1) Making a prediction of the effect of the SNP on a particular
TFE. In this case, the user will be able to input multiple SNPs, up to a limit of 15, and
additionally make a selection of the supported TFs in the webservice that must be tested.
SNPeBoT processes all information in the sequence format, thus vcf and rsid mutations
are first converted to sequences. Due to server constraints, extra memory and computa-
tion allotted to conversion means that users are limited to 15 and 1 mutation for vcf and
rsid inputs respectively. Or 2) Submitting a single SNP to predict the effect on multiple
TFs from a range selected out of a drop down menu. Finally, in both cases the user is
asked to select a p-value threshold for Find Individual Motif Occurrences (FIMO) [10]
within the post-hoc prediction filtration process and submit the job. Once the job is
done, the predictions will either appear on screen as “loss’, “gain’; or “no change” where
the SNP was predicted to cause the given TF to either decrease, increase or have no
effect on the binding of the TF. The user can also access the job by navigating to the jobs
window and searching for the jobs ids to retrieve the results.

Standalone

For the standalone version there are two required input files. The first file contains the
SNPs. This file should have three tab separated columns with the TF in the first column
followed by the reference and alternate sequences (each sequence is 51 bases long with
the allele of interest at the center). The second file should contain a single column with all
of the TFs to be tested (these must correspond with testable TFs). Once the bash script
is executed the program will run and write all predictions to a file (Results/{TF}_Output.
txt). The results will be displayed in two columns: the SNP Line column which shows
what line of the input file the predicted SNP came from and the prediction column
which yields predictions in the same format as the webserver. In the standalone package
a python script is available for the conversion of rsids and vcf SNPs to sequences. We
have provided more detailed instructions on the github regarding installation instruc-
tions and dependencies as well as the retrieval of E-scores data from Catalog of Inferred
Sequence Binding Preferences (CISBP) [11] or other available PBM experiments.

Model architecture and training data

Data

ASB training data was retrieved from chip-seq experiments compiled in ADASTRA
[12]. This dataset is composed of 327,642 ASB events. After filtering out ASB events
that may be occurring due to off-site effects (Non Concordant data) 34,374 data events
remain. Further filtering out of data that could not be assigned to a PBM TF DNA bind-
ing Domain (TF-DBD) as outlined in the Data Processing section. Additionally all dupli-
cated ASB points were removed to prevent train-test crossover and overfitting. This
resulted in 9215 ASB events, 4987 and 4228 ASB events for loss and gain respectively.
Control SNPs resulting in no change to TF binding were retrieved from the GTRD data
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used by ADASTRA. Thus, 8996 SNPs without significant ASB events were added to the
total training set, which then consisted of 18,211 data points (Fig. 2). E-score values and
TF Position Weight Matrix (PWM) were retrieved from the CISBP database.

Data processing

A single SNP prediction must undergo multiple levels of processing to yield the input
features upon which the prediction is made. First the amino acid sequence of the TF
acting upon the SNP is retrieved. Then, the TF sequence is compared using BLAST [13]
against a database of TF-DBD sequences for which PBM experiments have been per-
formed. Any TF-DBD with 70% or more sequence identity with the query TF is selected
as a match. All TFs that did not pass the 70% sequence identity threshold for any of the
TE-DBD included in PBM experiments could not be included in the training or testing
of our model. These were excluded as no E-score profile would be generatable, hence
SNPeBoT will also not be able to make a prediction on any such TF. This preprocessing
step was handled by SBILib [14]. Next, reference and alternate sequences are retrieved
from the UCSC genome browser [15] or genopyc [16] for VCF or RSID input format
respectively. Subsequently, the PWMs for these TF-DBDs are scanned against both the
alternate and reference sequences using FIMO. For each DNA sequence the PWM with
the best scoring FIMO hit incorporating the mutated position is selected as the binding
PWM and has its top score stored for CNN input. PBM experiments included in the
CISBP database have measured the binding affinity of tested motifs against all permuta-
tions of 8 base length DNA sequences and assigned these an E-score, this means that in
an ASB, for every 8-mer that includes the SNP we can derive and E-score as long as the
relevant TF has a corresponding motif with PBM data.Therefore, the relevant TF-DBD
associated E-scores for all octamers incorporating the mutated position are retrieved,
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Fig. 2 Preprocessing stages of data. Each stage is labelled with the number of data points therein and color
coded for the presence of classes (gain, loss and no-change). The distribution of classes for train, validation
and testing data sets are (gain:2959, 10ss:2959, no-change:2959), (gain:129, l0ss:206, no-change:599),
(gain:1140, loss:1822, no-change:5438)) respectively
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yielding a total of 16 E-scores. Next, a sliding window averages the E-scores assigned to
each Nucleotide part of these octamers, 7 bases up and downstream of the mutated posi-
tion, yielding a total of 30 E-score averages (15 for the reference and alternate sequences,
respectively). These 30 scores and 2 Fimo hit scores were then transformed into a 8 x4
matrix for CNN input.

CNN model

We trained a CNN using Tensorflow [17]. The model takes as input a (8,4,1) feature
matrix. This is passed on to two initial 2D convolution layers and a pooling layer, fol-
lowed by a second set of 2 convolution and 1 pooling layer. Finally the data is flattened,
batch normalized and passed to 2 Dense layers with a final “softmax” activation function
producing a 3 class output. The output corresponds to the probability of each prediction
as “gain’, “loss”, and’no-change” in binding (see Fig. 3). The model underwent hyperpa-
rameter tuning using keras tuner [18] with the optimization objective being set to vali-
dation accuracy. The target parameters were our 2D convolutional layer filters as well
as the dense layer units. Additionally, kernel regularizers were applied to each layer. To
train the model, the dataset was split by selecting 70% of the smallest class count (gain)
and matching these with data from the remaining two classes to yield a balanced training
data set. From the test set a further split was made yielding a 10% 934 sample validation
set and a final test set of 8400 samples. All data was shuffled prior to the splits to ensure
unbiased class representation. The CNN model was applied to predict the outcome of
8400 test SNP consisting of 1140, 1822, 5438 ASBs for gain, loss and no change in tran-
scription factor binding respectively. In this testing data SNPs were allowed even when
they occurred in the training data set if the TF applied was unique (the TF-SNP pair-
ing did not occur in training). To measure performance on completely unseen SNP we
removed all seen SNPs regardless of TF and reran the prediction with our same model,
additionally performance was measured on SNPs bound by TF not included in the train-

ing data.
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Fig. 3 Diagram of SNPeBoT's CNN model architecture. Each layer in the model is labeled. The data shape at
the output of each layer is shown either within the layer figure or immediately after
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Post-hoc test

To distinguish between ASB directly influenced by DNA sequence variations and ASB
arising from indirect factors, such as chromatin accessibility or linkage disequilibrium,
we applied a post-hoc test. For each SNP the selected TF-DBD for both reference and
alternate sequence had their PWMs scanned with FIMO along the sequence at the site
of the mutation. SNPs without hits under a given p-value threshold for either the ref-
erence or the alternate sequence were labelled as no-change in binding. All remaining
ASB predictions were kept as predicted by the CNN. To find out how much of the infor-
mation from the final prediction came from the FIMO hits and how much came from
SNPeBoT we conducted a comparative study. The new predictor was applied to the same
testing data as before. Predictions were run first using SNPeBoT. Then FIMO was used
to scan for hits using several p-value thresholds along the same ASB sequences. The
hit count for both alternate and reference sequences were summed and compared. A
prediction was made based on the relative hit count between the 2 sequences. A higher
number of hits for the alternate sequence received a prediction of “gain” whereas lower
count resulted in a “loss” prediction and the same number of hits meant that there was
no-change in binding. The prediction accuracy and coverage for both methods was com-
pared across all p-value thresholds used in this test. The best performing threshold was
then used to test prediction accuracy and ASB recall when test data was grouped along
transcription factor families. Another test was conducted on Enhanced Yeast 1 Hybrid
(eY1H) experimental data [19] to measure prediction performance in the absence of off-
site effects and on in vitro data. And finally a supplementary test was conducted at a
p-value threshold of 0.001 on ASB events with testable TFs from the AlleleDB database
[20] to test for generalizability of predictions across different data sources (Supplemen-
tary Information).

Benchmarking

The same ASB chip-seq data used for the post-hoc tests was then applied to two estab-
lished tools for prediction of ASBs: MotifbreakR [6] and atSNP [7]. Both tools are
available as R packages and were installed with all necessary dependencies. For both
MotifbreakR and atSNP we followed the provided vignette tutorials. In MotifbreakR
each transcription factor had its PWMs queried from MotifDB and predictions on the
SNPs were made for these PWMs scoring with the relative entropy method at a thresh-
old of 107* Because MotifbreakR doesn’t select a PWM to apply to each SNP we fre-
quently retrieve multiple predictions per SNP, corresponding to the various PWMs for
the given TF. To overcome this ambiguity, we summed all the allele differences for each
prediction per SNP. Thus we were left with a single prediction of either “loss” or “gain”
depending on whether the sum was positive or negative. All SNPs that did not yield a
significant prediction were assigned as “no change” predictions. For atSNP, TFs publicly
available PWMs from the CISBP database were downloaded. For each SNP-PWM pair
the change in affinity scores were calculated and assigned a p-value by atSNP. The p-val-
ues underwent multiple test adjustments using Storey’s q-value with the qvalue package
[21]. We applied a qval_rank lower than 0.05 to retrieve effect predictions. This pro-
duced multiple predictions per SNP as it did with MotifbreakR, reflecting the number of
PWMs per TF, for which we employed the same approach as before to retrieve a single
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prediction. Prediction accuracy and coverage were calculated for both MotifbreakR and
atSNP as well as SNPeBoT on a 3-class basis (gain, loss or no change). We then pro-
ceeded to measure performance for all three predictors with varying parameters altering
the FIMO threshold for SNPeBoT and the PWM only method as well as the qval_rank
for atSNP and motifbreakR thresholds. Next the area under the receiver operating char-
acteristic curve was calculated for all three classes of predictions at their best performing
threshold (based on accuracy of predictions). Due to the nature of Receiver Operating
Characteristic ROC curve generation we were limited to classes that received a probabil-
ity measure, since no-change classifications for atSNP and motifbreakR were any cases
that did not return significant predictions. To generate class probability measures we
converted prediction outputs to a range between 0 and 1 and attributed the complemen-
tary probability to the non predicted ASB class. We used resulting binary class probabili-
ties to generate ROC curves for all benchmarking predictors, for full class ROC curves
and further methodology information please refer to the SNPeBoT web server info page.

Results and discussion

We subjected SNPeBoT to multiple rounds of testing and benchmarking beginning with
the initially trained CNN. Holdout testing of the CNN model prior to inclusion of the
post-Hoc filter achieved 81% accuracy at 62% ASB recall with no distinction applied
between the TFs for which predictions were made. Next we wanted to tighten our strin-
gency on controlling for any possible information leakage between training and testing.
When predictions were run on unseen SNPs regardless of the TF, the model achieved
an accuracy of 80% with a 61% ASB recall rate. Accuracy and ASB recall when predict-
ing on TFs not included in training for any SNPs was 83%. The maintenance of predic-
tion performance even on this data seems to indicate that the model is able to generalize
quite well from the training data and make accurate predictions even on completely new
data. The performance of the CNN was improved by the implementation of a post-hoc
filter. The highest accuracy SNPeBoT implementation (85%), while outperforming the
CNN only based predictions on that measure, yielded a lower ASB recall rate (55%) than
it. However, five SNPeBoT thresholds managed to produce results either matching or
exceeding both metrics of prediction (Fig. 4). We believe that the inclusion of the post-
hoc filter is justified by this increase in performance.

Benchmarking results

Next, we measured how SNPeBoT performed compared to other available predictors
at 9 different thresholds. Our goal in measuring performance across multiple thresh-
olds was to broaden the scope of testing to ensure that tools were compared at their
highest capability. To test how much additional information SNPeBoT returned on
top of PWMs we added a fourth predictor which based its classification of ASBs solely
on comparison of binding scores of PWMs. SNPeBoT consistently outperformed this
PWM-only method regardless of threshold in accuracy while simultaneously yield-
ing higher ASB recall rates. This indicates that there is some information added
by SNPeBoT which remains hidden from a scanning of affinity changes by FIMO.
When grouping the TF by family, SNPeBoT vyields a range of results (Fig. 5) with
the best results produced by bZIP and HLH families. For a full list of families and
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Fig. 4 ASB Recall vs Accuracy for Benchmarking Tests of SNPeBoT (blue), FIMO/PWM approach (purple),
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Fig. 5 Barplot showing the Accuracy and ASB recall rate for SNPeBoT when test data is grouped along TF
families, with 8 of the families shown here

performances please refer to the Supplementary material (S. Figure 7). Benchmarking
results using atSNP and motifbreakR were such that for any threshold result of these
existing tools a threshold can be found for SNPeBoT that produced higher accuracy
and ASB recall values (Fig. 4). To compare results at peak performance we selected
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Table 1 Table of prediction accuracy of all three predictors at their respective best performing
(accuracy) threshold levels. Rows represent the expected (true) labels for each point and the
columns the predicted labels

Expected SNPeBoT motifbreakR atSNP
gain 709 88 370 603 9 541 391 187 578
lost 209 944 594 13 842 978 208 598 1027
no-change 319 301 5151 239 274 4945 143 156 5143
gain lost no-change gain lost no-change gain lost no-change

True Positive Rate

True Positive Rate

- — gain (AUC = 0.88)
- loss (AUC = 0.83)

— gain (AUC = 0.72)
0ss (AUC = 0.72)
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Fig. 6 Binary Receiver Operating Characteristic Curves for best scoring thresholds of all three tested tools. A)
SNPeBoT B) atSNP C) motifbreakR D) The averaged curves all A-C displayed together

for each tool the results for the threshold at which it was most accurate. When these
were compared, SNPeBoT yielded both the highest accuracy as well as ASB recall rate
(Table 1). On a binary basis, considering only predictions of gain and loss, SNPeBoT
has a higher Area Under the Curve than either atSNP or motifbreakR both on an indi-
vidual class basis and when averaged across classes (Fig. 6). We believe that there are
several possible explanations for the improvement of our model upon the baseline
models compared against. These models represent the state of the art approach for
predicting SNP effects on TF binding which employ PWMs. PWMs themselves may
be calculated from binding sequences measured from in vivo experiments or from
in vitro experiments such as PBM. When a PWM is measured from these experi-
ments the nucleotide relevance at each position is calculated while assuming statis-
tical independence from all other positions within the binding site. This will lead to
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loss of information concerning TF binding effect linkage of nucleotides at varying
positions. We believe that by applying a deep learning method directly to the Raw
binding data, (E-scores), SNPeBoT is able to rescue some of this information which is
lost during PWM calculation, and therefore sees an improvement in the accuracy of
prediction. Secondly, SNPeBoT applies a rudimentary method for selecting the motif
whose PBM data is to be used for prediction. Since each TF can have multiple differ-
ent motifs, tools that do not discriminate between each, such as the baseline models
measured, may be introducing noise into their predictions. Should the user desire to
investigate any given ASB binding prediction further, we have provided instruction in
the Supplementary Information on how they might do so. We believe that the greater
coverage of ASB events predicted by SNPeBoT with small gains in accuracy may be a
significant improvement in the field. For example, SNPeBoT would be notably useful
in applications where an emphasis is placed on the large number of SNPs retrieved
and the predictions can be supplemented with additional experimental data control-
ling for false positive predictions. Additionally, the availability of SNPeBoT in a web
server provides an ease of use facilitating quick filtration of potential ASB that may
then be followed up with additional experimental confirmation.

Generalizability

Finally, we wanted to test SNPeBoT’s predictive ability when applied to a novel data
type. SNPeBoT achieved a prediction accuracy on eY1H data of 70% with an ASB
Recall of 56%, when considering only cases where the model predicted ASB (gain or
loss) it achieved 88% accuracy. This decrease in performance for SNPeBoT when pre-
dicting eY1H as compared to ChIP-seq data was unexpected as off-site effects such
as chromatin accessibility and protein—protein interactions do not contribute to TF
binding in these experiments. However, low accuracy for this test was caused by a
large number of false negatives. It is possible that SNPeBoT’s training on ChIP-seq
data and overcompensation for negatives therein is causing this heavy overprediction
of negatives in the in vitro data set which contained only SNPs resulting in change of
TF binding.

Implications and potential extensions

We believe that SNPeBoT opens the door to further development by incorporat-
ing information important to TF binding other than the target sequence such as the
sequence environment and protein interaction landscape [22]. Furthermore, while tools
such as SNPeBoT relying on data from PBM, PWM, ChIP-seq, or Systematic Evolution
of Ligands by Exponential enrichment (SELEX) information for training or use are lim-
ited by data availability, recently our lab has shown with ModCRE that statistical poten-
tials calculated from modeled TF-DNA interactions are valid approximations for PBM
derived E-scores [23]. Thereby we intend to apply the methods of SNPeBoT to ModCRE
where information of Protein interaction can be incorporated and the reliance on exper-
imental data for the generation of predictions can be shed. Finally, SNPeBoT provides
a perfect opportunity to test the significance of GWAS associations to disease etiology.
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Conclusion

SNPeBoT improves upon the predictive accuracy of existing tools analysing the effects
of SNPs on TF binding when applied to TF with PBM data. The increase in Allele spe-
cific Binding events recovered may yield insight into previously undiscovered regula-
tory mechanisms underlying human disease. Furthermore, the ease of implementation
ensures that SNPeBoT is usable to as many researchers as may be interested.

Availability and requirements
Project name
SNPeBoT.

Project home page
Webserver: (https://snpebot.upf.edu/), Standalone: (https://github.com/structuralbioin
formatics/SNPeBoT).

Operating system(s)
Platform independent.

Programming language
Python3, shell, html.

Other requirements
(Standalone) SBILib, fimo (MEME package), dssp, genopyc 2.6.3, tensorflow 2.13.0, mat-
plotlib 3.8.2, jsonpickle 3.0.2.

License
MIT.

Any restrictions to use by non-academics
None.

Abbreviations

ASB Allele specific binding

AUC Area under the curve

ChiP-seq  Chromatin immunoprecipitation sequencing
CISBP Catalog of inferred sequence binding preferences
CNN Convolutional neural network

eYTH Enhanced yeast 1 hybrid

FIMO Find individual motif occurrences

GWAS Genome wide association study

PBM Protein binding microarray

PWM Position weight matrix

ROC Receiver operating characteristic

RSID Reference single nucleotide polymorphism ID
SELEX Systematic evolution of ligands by exponential enrichment
SNP Single nucleotide polymorphism

SNPeBoT  Single nucleotide polymorphism effect on binding of transcription factors
TF-DBD Transcription factor DNA binding domain
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TF Transcription factor
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