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Abstract

DNA is a complex molecule carrying the instructions an organism needs to develop, live and
reproduce. In 1953, Watson and Crick discovered that DNA is composed of two chains form-
ing a double-helix. Later on, other structures of DNA were discovered and shown to play
important roles in the cell, in particular G-quadruplex (G4). Following genome sequencing,
several bioinformatic algorithms were developed to map G4s in vitro based on a canonical
sequence motif, G-richness and G-skewness or alternatively sequence features including k-
mers, and more recently machine/deep learning. Recently, new sequencing techniques
were developed to map G4s in vitro (G4-seq) and G4s in vivo (G4 ChlP-seq) at few hundred
base resolution. Here, we propose a novel convolutional neural network (DeepG4) to map
cell-type specific active G4 regions (e.g. regions within which G4s form both in vitro and in
vivo). DeepG4 is very accurate to predict active G4 regions in different cell types. Moreover,
DeepG4 identifies key DNA motifs that are predictive of G4 region activity. We found that
such motifs do not follow a very flexible sequence pattern as current algorithms seek for.
Instead, active G4 regions are determined by numerous specific motifs. Moreover, among
those motifs, we identified known transcription factors (TFs) which could play important
roles in G4 activity by contributing either directly to G4 structures themselves or indirectly
by participating in G4 formation in the vicinity. In addition, we used DeepGa4 to predict active
G4 regions in a large number of tissues and cancers, thereby providing a comprehensive
resource for researchers.

Availability: https://github.com/morphos30/DeepG4.

Author summary

DNA is a molecule carrying genetic information and found in all living cells. In 1953,
Watson and Crick found that DNA has a double helix structure. However, other DNA
structures were later identified, and most notably, G-quadruplex (G4). In 2000, the
Human Genome Project revealed the widespread presence of G4s in the genome using
algorithms. To date, all G4 mapping algorithms were developed to map G4s on naked
DNA, without knowing if they could be formed in a given cell type. Here, we designed a
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different cell lines from ENCODE (http:/
hgdownload.soe.ucsc.edu/goldenPath/hg19/
encodeDCC/), and processed ATAC-seq bigwig
files for HaCaT cell line from GSE7668. We
downloaded processed ATAC-seq bigwig files from
ICGC cancer cohorts from https://gdc.cancer.gov/
about-data/publications/ATACseq-AWG. We
downloaded ChromHMM annotations for

ENCODE cell lines from http://hgdownload.cse.
ucsc.edu/goldenpath/hg19/encodeDCC/
wgEncodeBroadHmm/. We downloaded breast
cancer processed mutation data from ICGC BRCA-
US cohort from the portal https://dcc.icgc.org. We
downloaded position weight matrices for
transcription factor binding sites from the JASPAR
2018 database (http:/jaspar.genereg.net). DeepG4
is available at https:/github.com/morphos30/
DeepG4. All fasta files used for training and
predictions were also deposited. Performance
analyses of DeepG4 and DeepG4* presented in this
article can be obtained using a pipeline and a
docker available at https:/github.com/morphos30/
DeepG4ToolsComparison.
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novel artificial intelligence algorithm that could map G4 regions active in the cell from the
DNA sequence and chromatin accessibility. Moreover, we identified key transcriptional
factor motifs that could explain G4 activity depending on cell type. Lastly, we used our
new algorithm to map active G4 regions in multiple tissues and cancers as a comprehen-
sive resource for the G4 community.

Introduction

Deoxyribonucleic acid (DNA) is a complex molecule carrying genetic instructions for the
development, functioning, growth and reproduction of all known living beings and numerous
viruses. In 1953, Watson and Crick discovered that DNA is composed of two chains forming a
double-helix [1]. However, other structures of DNA were discovered later and shown to play
important roles in the cell. Among those structures, G-quadruplex (G4) was discovered in the
late 80’s [2]. G4 sequence contains four continuous stretches of guanines [3]. Four guanines
can be held together by Hoogsteen hydrogen bonding to form a square planar structure called
a guanine tetrad (G-quartets). Two or more G-quartets can stack to form a G4 [3]. The quad-
ruplex structure is further stabilized by the presence of a cation, especially potassium, which
sits in a central channel between each pair of tetrads [4]. G4 can be formed of DNA [5] or
RNA [6].

G4s were found enriched in gene promoters, DNA replication origins and telomeric
sequences [5, 7]. Accordingly, numerous works suggest that G4 structures can regulate several
essential processes in the cell, such as gene transcription, DNA replication, DNA repair, telo-
mere stability and V(D)] recombination [5]. For instance, in mammals, telomeric DNA con-
sists of TTAGGG repeats [8]. They can form G4 structures that inhibit telomerase activity
responsible for maintaining length of telomeres and are associated with most cancers [9, 10].
G4s can also regulate gene expression such as for MYC oncogene where inhibition of the activ-
ity of NM23-H2 molecules, that bind to the G4, silences gene expression [11]. Moreover, G4s
are also fragile sites and prone to DNA double-strand breaks [12]. Accordingly, G4s are highly
suspected to be implicated in human diseases such as cancer or neurological/psychiatric disor-
ders [13-15].

Following the Human Genome project [16], computational algorithms were developed to
predict the location of G4 sequence motifs in the human genome [17, 18]. First algorithms
consisted in finding all occurrences of the canonical motif G3, Ny_; G3, N1_7 G3, N;_7 G3,, or
the corresponding C-rich motif (quadparser algorithm) [19, 20]. Using this canonical motif,
over 370 thousand G4s were found in the human genome. Nonetheless, such pattern matching
algorithms lacked flexibility to accomodate for possible divergences from the canonical pat-
tern. To tackle this issue, novel score-based approaches were developed to compute G4 pro-
pensity score by quantifying G-richness and G-skewness (G4Hunter algorithm) [21], or by
summing the binding affinities of smaller regions within the G4 and penalizing with the desta-
bilizing effect of loops (pqgsfinder algorithm) [22]. Recently, new sequencing techniques were
developed to map G4s in vitro (G4-seq) [23], and G4s in vivo (G4 ChIP-seq) [24] as regions of
few hundred bases. Machine and deep learning methods were proposed to predict such G4
regions, i.e. regions comprising the G4(s) along with flanking sequences. For instance, Quad-
ron—a machine learning approach—was proposed to predict G4s based on sequence features
(such as k-mer occurrences) from a region of more than 100 bases, and trained using in vitro
G4 regions with G4-seq [25]. By combining with regular expressions, Quadron could predict if
aregion was found in vitro, but also the exact location and stability value of G4(s) within the
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region. Other deep learning approaches had lower resolution for mapping G4s (around 200
bases), but they showed higher prediction performance. PENGUINN, a deep convolutional
neural network (CNN), was trained to predict G4 regions in vitro [26]. Another CNN,
G4detector, was also designed to predict G4 regions forming in vitro [27]. Thus, all current
approaches aimed to predict G4 regions forming in vitro, but were not designed to assess the
ability of G4 sequences to form in vivo (e.g. G4 activity).

Here, we propose a novel method, named DeepG4, aimed to predict cell-type specific active
G4 regions (regions that were mapped both in vitro and in vivo in a given cell type) from DNA
sequence and chromatin accessibility. DeepG4 implements a CNN which is trained using a
combination of genome-wide in vitro (G4-seq) and in vivo (G4 ChIP-seq) peak DNA
sequences, together with chromatin accessibility measures (e.g. ATAC-seq). For this purpose,
DeepG4 exploits the genomic context (a 201-base region) of a G4, which comprises the poten-
tial G4 forming sequence, but also other DNA motifs that may play a role in G4 activity. More-
over, adding chromatin accessibility, which is publicly available for most cell lines, tissues and
cancers, into the model allows to predict G4 regions that are active depending on the cell-type,
since it was previously shown that in vivo G4 peaks strongly colocalize (98%) with regions
identified by either FAIRE-seq or ATAC-seq, or both [28]. DeepG4 achieves excellent accuracy
at predicting cell-type specific active G4 regions (area under the receiver operating characteris-
tic curve or AUROC > 0.98). Moreover, DeepG4 identifies key DNA motifs that are predictive
of active G4 regions. Among those motifs, we found specific motifs resembling the G4 canoni-
cal motif (or parts of G4 canonical motif), but also numerous known transcription factors
which could play important roles in enhancing or inhibiting G4 activity directly or indirectly.
By mapping active G4 regions that encapsulate one or more potential G4s, DeepG4 represents
a complementary approach to existing algorithms based on regular expressions or propensity
scores, which can be further used to precisely localize the G4s within the active G4 regions.

Materials and methods

G4 data

We downloaded G4 ChIP-seq data for HaCaT, K562 and HEKnp cell lines from Gene Expres-
sion Omnibus (GEO) accession numbers GSE76688, GSE99205 and GSE107690 [24, 28, 29].
For every cell line, replicates were mapped to hg19 and merged for peak calling using macs2
with default parameters (https://pypi.org/project/ MACS2/). We downloaded G4P ChIP-seq
(similar to G4 ChIP-seq) peaks already mapped to hg19 for A549, H1975, 293T and HeLa-S3
cell lines from GEO accession number GSE133379 [30]. We used peaks from both replicates
(when there were two available replicates). We downloaded processed G4-seq peaks mapped
to hgl9 from GEO accession number GSE63874 [23]. We used G4-seq from the sodium (Na)
and potassium (K) conditions. No filtering step was performed on peak selection.

Active G4 sequences

We defined positive DNA sequences (active G4 region sequences) as forming both in vitro
and in vivo G4s as follows. We only kept G4 ChIP-seq peaks overlapping with G4-seq peaks.
We then used the 201-bp DNA sequences centered on the G4 ChIP-seq peak summits.

As negative (control) sequences, we used sequences randomly drawn from the human
genome with sizes, GC content (% GC), and repeat content (tandem repeat number from Tan-
dem Repeat Finder mask from hgl9 genome) similar to those of positive DNA sequences
using genNullSeqs function from gkmSVM R package (https://cran.r-project.org/web/
packages/gkmSVM).
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Chromatin accessibility
We downloaded processed DNase-seq bigwig files for different cell lines from ENCODE ([31],
and processed ATAC-seq bigwig files for HaCaT cell line from GSE7668. We downloaded pro-

cessed ATAC-seq bigwig files from ICGC cancer cohorts from https://gdc.cancer.gov/about-
data/publications/ ATACseq-AWG [32].

ChromHMM annotations

We downloaded ChromHMM annotations for ENCODE cell lines from http://hgdownload.
cse.ucsc.edu/goldenpath-hgl9/encodeDCC/wgEncodeBroadHmm/ [33].

BRCA cancer mutations

We downloaded breast cancer processed mutation data from ICGC BRCA-US cohort from
the portal https://dcc.icgc.org.

JASPAR DNA motifs

We used position weight matrices (PWMs) for transcription factor binding sites from the JAS-
PAR 2018 database (http://jaspar.genereg.net).

DeepG4 model

DeepG4 is a feedforward neural network composed of several layers illustrated in Fig 1. DNA
sequence is first encoded as a one-hot encoding layer. Then, a 1-dimension convolutional
layer is used with kernels to model DNA motifs. A local average pooling layer is next used.
Then, the global max pooling layer extracts the highest signal from the sequence. Dropout is
used for regularization. A dense layer then combines the different kernels and the activation
sigmoid layer allows to compute the score between 0 and 1 of a sequence to be an active
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Fig 1. DeepG4 model architecture. Here, one-hot encoding is a numerical encoding of a 201-bp DNA sequence as a 201 x 4 matrix where each column
corresponds to a DNA letter (A, C, G or T), and for instance, a value of one in the first column corresponds to a letter A in the sequence at a given position.
For one-hot encoding, colored cells indicate ones, while white cells indicate zeroes.

https://doi.org/10.1371/journal.pcbi.1009308.g001
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G4. The model is described in details in Subsection Results and Discussion, Deep learning
approach.

Best hyperparameters including the number of kernels (900), kernel size (20 bp), kernel
activation (relu), pool size (12 bp), drop-out (0%), epoch number (20), number of neurons
in the dense layer (100) and the optimizer choice (rmsprop) were selected by Bayesian optimi-
zation [34]. In S1 Fig, we illustrated how changing the hyper-parameters influenced the
accuracy.

DNA motifs from DeepG4

The first layer of DeepG4 contains kernels capturing specific sequence patterns similar to
DNA motifs. In order to obtain DNA motifs from the first layer (convolutional layer) of
DeepG4, we proceeded as follows (see S2 Fig). For a given kernel, we computed activation
values for each positive sequence. If a positive sequence contained activation values above 0
(motif hits), we extracted the sub-sequence having the maximum activation value (best motif
hit sequence). The set of sub-sequences was then used to obtain a position frequency matrix
(PFM) by computing the frequency of each DNA letter at each position for the kernel.

Each kernel PFM was then trimmed by removing low information content positions at
each side of the PFM (threshold >0.9). PFMs whose size were lower than 5 bases after trim-
ming were removed. PWMs were next computed from PFMs assuming background probabil-
ity of 0.25 for each DNA letter as done in JASPAR.

Because many PWMs from DeepG4 were redundant, we used the motif clustering program
matrix-clustering from RSAT suite (http://rsat.sb-roscoff.fr/) with parameters: median,
cor = 0.6, ncor = 0.6. We used PWM cluster centers as DNA motifs for further analyses.

DeepG4 implementation and sequence availabity

DeepG4 was implemented using Keras R library (https://keras.rstudio.com/). DeepG4 is avail-
able at https://github.com/morphos30/DeepG4. All fasta files used for training and predictions
were also deposited.

Performance analyses of DeepG4 and DeepG4*

Performance analyses of DeepG4 and DeepG4* presented in this article can be obtained using
a pipeline and a docker available at https://github.com/morphos30/DeepG4ToolsComparison.

Results and discussion

Deep learning approach

Our computational approach, called DeepG4, for predicting active G4 regions is schematically
illustrated in Fig 2. In the first step (Fig 2A), we retrieved recent genome-wide mapping of in
vitro G4 peak human sequences using G4-seq data [23] and of in vivo G4 peak human
sequences using G4 ChIP-seq data [24]. Both methods mapped G4 regions at the resolution of
few hundred base pairs, within which the exact locations of the G4s are unknown. By overlap-
ping G4 ChIP-seq peaks with G4-seq peaks, we could identify a set of G4 peaks that were
formed both in vitro and in vivo, and which we considered as “active G4 regions”. Moreover,
we retrieved accessibility mapping data (DNase-seq / ATAC-seq) for the corresponding
regions from the same cell line as the G4 ChIP-seq data.

In the second step (Fig 2B), we extracted the DNA sequences from active G4 regions (posi-
tive sequences). As negative sequences, we used sequences randomly drawn from the human
genome with sizes, GC, and repeat contents similar to those of positive DNA sequences. For
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both positive and negative sequences, we computed the corresponding average chromatin
accessibilities. Positive and negative sequences, together with average chromatin accessibility
values, were then used to train our deep learning classifier called DeepG4. DeepG4 is a feedfor-
ward neural network composed of several layers. The DNA sequence (left input) is first
encoded as a one-hot encoding layer. Then, a 1-dimension convolutional layer is used with
900 kernels (also called filters) and a kernel size of 20 bp to capture weighted DNA motifs pre-
dictive of active G4 regions. The optimal number of kernels and kernel size were determined
by Bayesian optimization. A local average pooling layer with a pool size of 12 bp is next used
(pool size selected by Bayesian optimization). This layer is important: it allows to aggregate
kernel signals that are contiguous along the sequence, such that a G4 sequence can be modeled
as multiple contiguous small motifs containing stretches of Gs. For instance, a G4 sequence
can be defined by two contiguous motifs GGGNNNGGG separated by 5 bases, yielding the
canonical motif GGGNNNGGGNNNNNGGGNNNGGG. Then, the global max pooling layer
extracts the highest signal from the sequence for each kernel, and is concatenated with the
average chromatin accessibility value (right input). Dropout is used for regularization. A dense
layer then combines the different kernel signals. The activation sigmoid layer allows to com-
pute the score between 0 and 1 of a sequence to be an active G4 region.

In the third step (Fig 2C), we used DeepG4 to predict the G4 region activity (score between
0 and 1) for a novel DNA sequence and its corresponding chromatin accessibility. We split the
sequence set (set of positive and negative sequences) from HaCaT cell line (from GEO
GSE76688 accession) into a training set to learn model parameters, a validation set to optimize
hyper-parameters by Bayesian optimization and a testing set to assess model prediction accu-
racy. For this purpose, we computed the receiver operating characteristic (ROC) curve and the
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area under the ROC (AUROC), as well as the precision-recall (PR) curve and the area under
the PR (AUPR). DeepG4 motifs are extracted from the convolutional layer.

G4 predictions with DeepG4

We then evaluated the prediction performance of DeepG4. In term of AUROC, DeepG4
obtained excellent predictions of active G4 regions from HaCaT cells on the testing set (Fig
3A; AUROC = 0.988). On an independent ChIP-seq experiment done with the same cell line
(from GEO GSE99205 accession), prediction performance of DeepG4 also showed very high
accuracy (AUC = 0.986; Fig 3A). We then evaluated the ability of DeepG4 trained on one cell
line (HaCaT) to predict G4s in another cell line (e.g. K562). We first browsed the genome
where G4 regions were mapped by ChIP-seq as active in K562. For instance, we looked around
the oncogene KRAS known to be regulated by a G4 in its promoter (Fig 3B). ChIP-seq mapped
one active G4 region in the promoter of KRAS, which was also predicted with high score by
DeepG4 (score > 0.95). On the left side of KRAS, another active G4 region was mapped exper-
imentally within CASC1 gene and was also predicted by DeepG4. On another locus, ChIP-seq
mapped three main active G4 regions, located inside the genes C50rf28 (TMEM267), C50rf34
and PAIP1 (Fig 3C). These three regions were also predicted as active G4 regions with high
score (score > 0.95). DeepG4 also mistakenly predicted with medium score two other regions
within C5o0rf34 (score = 0.6, red stars), which were not mapped by ChIP-seq.

Overall, DeepG4, which was trained using HaCaT cell line data, could well predict in other
cell lines. For instance, the AUROC was very high for HEKnp (AUROC = 0.97; Fig 3D). For
K562, HeLaS3 and H1975, AUROCs were also very good (K562: AUROC = 0.963; HeLaS3:
AUROC = 0.948; H1975: AUROC = 0.948), except for 293T and A549, which presented good
but slightly lower accuracy (293T: AUROC = 0.921; A459: AUROC = 0.912). We then evalu-
ated predictions over the whole genome in an unbiased way. For this purpose, we split the
genome into 200-base bins, and evaluated DeepG4 ability to discriminate between bins corre-
sponding to active G4 regions (tens of thousands of bins) and other bins (millions of bins).
Despite this highly imbalanced data, DeepG4 showed good prediction accuracy as measured
by AUPR for HaCaT (AUPR = 0.291, independent experiment), K562 (AUPR = 0.309), 293T
(AUPR = 0.176), A549 (AUPR = 0.124) and H1975 (AUPR = 0.129) (Fig 3E). For some cell
lines, predictions were less good (HEKnp: AUPR = 0.019; HeLaS3: AUPR = 0.08).

We previously hypothesized that chromatin accessibility could help to produce cell-type
specific predictions. To verify this assumption, chromatin accessibility was removed from
DeepG4 model (yielding an alternative model called DeepG4*). Removing chromatin accessi-
bility significantly lowered cell-type specific prediction accuracy. For instance, the AUROC
of HaCaT (independent) was 0.939 for DeepG4* as compared to 0.986 for DeepG4, which
represented an important difference (Fig 3F). We also found a large difference for HEKnp
(DeepG4*, AUROC = 0.854; DeepG4, AUROC = 0.970). In terms of accuracy and false discov-
ery rate (FDR) metrics, DeepG4* performed slightly less well than DeepG4 (Fig 3H). Regard-
ing genome-wide predictions, removing chromatin accessibility also significantly lowered
prediction performance (Fig 3G). For instance, for HaCaT (independent), we obtained an
AUPR of 0.120 with DeepG4* and an AUPR of 0.291 with DeepG4. Regarding accuracy met-
ric, DeepG4* performed less well than DeepG4, but slightly better in term of FDR (Fig 3I). We
also assessed predictions on promoters to distinguish the promoters with active G4 regions
from the promoters without active G4 regions. DeepG4* performed less well than DeepG4 in
term of AUPR and accuracy, but slightly better in term of FDR (Fig 3J).

These results thus demonstrated the ability of DeepG4 to accurately predict cell-type spe-
cific active G4 regions from DNA sequences and chromatin accessibility. Moreover, results
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Fig 3. Prediction performance of DeepG4 to predict active G4 regions (regions where G4s form both in vitro and in vivo). A) Prediction
performance of DeepG4. The model was trained and evaluated using HaCaT cell data. Predictions were evaluated on the testing set of
sequences (same experiment as training set), but also on an independent set of sequences (from a different ChIP-seq experiment). Receiver
operating characteristic (ROC) curve and area under the ROC curve (AUROC) were plotted. B) Genome browser of HaCaT-trained DeepG4
predictions and G4 ChIP-seq around KRAS gene in K562 cells. C) Genome browser of HaCaT-trained DeepG4 predictions and G4 ChIP-seq
around C5o0rf34 gene in K562 cells. D) Prediction performance of DeepG4 trained using HaCaT data and evaluated on other cell lines. E)
Genome-wide prediction performance of DeepG4 trained using HaCaT data and evaluated on other cell lines. Predictions are computed for
every 200-b bins of the genome. Area Under the Precision-Recall curve is plotted (AUPR). F) Prediction performance of DeepG4* trained
using HaCaT data and evaluated on other cell lines. DeepG4”* is identical to DeepG4 except that chromatin accessibility is not used as input.
G) Genome-wide prediction performance of DeepG4* trained using HaCaT data and evaluated on other cell lines. H) Comparison of
DeepG4 and DeepG4* prediction performances, in terms of accuracy and false discovery rate (FDR) metrics. I) Comparison of DeepG4 and
DeepG4* genome-wide prediction performances, in terms of accuracy and false discovery rate (FDR) metrics. J) Comparison of DeepG4 and
DeepG4* promoter prediction performances, in terms of AUPR, accuracy and false discovery rate (FDR) metrics.

https://doi.org/10.1371/journal.pchi.1009308.g003
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also revealed the importance of incorporating chromatin accessibility into DeepG4 for cell-
type specific predictions.

Identification of important motifs from DeepG4

The first layer of DeepG4 convolutional neural network encapsulated kernels that encoded
DNA motifs predictive of active G4s. Hence, we extracted from the first layer the kernels and
converted them to DNA motif PWMs to better understand which motifs were the best predic-
tors of G4 activity. DeepG4 identified 900 motifs, many of them were redundant. To remove
redundancy, we clustered the motifs using RSAT matrix-clustering program and kept the clus-
ter motifs (also called root motifs in the program) for subsequent analyses. Cluster motifs
could be divided into two groups: a group of de novo motifs and a group of motifs that resem-
bled known TFBS motifs. To distinguish between these two groups, we used TomTom pro-
gram (MEME suite) which mapped the cluster motifs to JASPAR database. DeepG4 motifs
matching JASPAR were considered as known TFBS motifs, while motifs that did not match
were classified as de novo motifs.

We first assessed the ability of DeepG4 motifs to predict active G4 regions. Hence, we com-
puted DeepG4 cluster motif variable importances using random forests and found strong pre-
dictors (Fig 4A). In order to visualize the cluster motifs on a map, we used multi-dimensional
scaling (MDS), where we also plotted the original kernel motifs used to build the cluster
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Fig 4. DNA motifs identified by DeepG4. A) Variable importances of DeepG4 cluster motifs, as estimated by random forests. Clustering of DeepG4
kernel motifs was done by RSAT matrix-clustering program to obtain cluster motifs. B) Multidimensional scaling (MDS) of DeepG4 motifs. As an input,
matrix-clustering correlation matrix between kernel motifs was used. C) Logos of cluster motifs with highest variable importances. D) Number of kernel
motifs containing one or more GG+ stretches. A GG+ stretch is defined as a stretch of 2 or more Gs in the motif consensus sequence. E) Number of kernel
motifs containing G stretches depending on stretch length. F) Average profiles measuring the enrichment of cluster motifs centered around active G4
regions or canonical G4 motifs.

https://doi.org/10.1371/journal.pcbi.1009308.9004
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motifs. We found that the first MDS component reflected the guanine stretch length (higher at
the right side), while the second component represented the G content (higher at the bottom)
(Fig 4B).

Many strong predictors were de novo motifs which ressembled the G4 canonical motif or
parts of the canonical motif. For instance, cluster 1 comprised 4 stretches of GG+, thus almost
forming a canonical G4 motif (Fig 4C). Cluster 2 comprised three stretches of GG+, could
thus be considered as three quarters of a canonical G4 motif. We then counted GG+ stretches
(stretches of 2 or more guanines) from the kernel motifs and found that many kernel motifs
contained more than one GG+ stretch (Fig 4D). Moreover, the guanine stretches were of vary-
ing lengths, ranging from one G up to 5 Gs (Fig 4E). Among the best predictors, we also found
several motifs corresponding to known TFBS motifs (Fig 4C). For instance, the third best pre-
dictor, cluster 3, almost perfectly matched FOS motif MA0476.1 (q-value = 2 x 107'°). Other
strong predictors, such as cluster 4, matched KLF5 motif MA0599.1 (q-value = 0.09). It was
very interesting to observe that such motif corresponding to one half of a canonical G4 motif
also matched a known TFBS motif, which supported the complex interplay between G4s and
TFBS protein binding [35].

We then assessed the enrichment of DeepG4 cluster motifs around active G4 regions and
around canonical G4 motifs (Fig 4F). Motifs ressembling G4 canonical motif or parts of it,
such as clusters 1 and 2, were enriched at both active G4 regions and canonical G4 motifs, thus
representing actual G4 structures. But other motifs that were very different from the G4
canonical motif, such as cluster 3, were strongly enriched at active G4 regions, but depleted at
the exact location of canonical G4 motifs. Interestingly, cluster 3 was enriched close to the
canonical G4 motifs (around 300 bp, framed in green), suggesting that cluster 3 (FOS motif
MAO0476.1) did not participate directly to the G4 structure, but could act in the vicinity to sup-
port G4 activity. Conversely, we also found a motif composed mainly of T's (poly(T) tract), the
cluster 5 motif, which was depleted in active G4 regions, but which was at the same time
enriched in the vicinity of canonical G4 motifs (framed in blue). This suggests that such poly
(T) motif could inhibit the activity of G4 motifs by acting in the vicinity.

These observations revealed the important role of TFBS motifs that could act directly in G4
activity as part of G4 structure, as previously shown for SP1 in vitro [36], or could participate
indirectly to support or inhibit G4 activity in the vicinity of G4s such as FOS motif (AP-1
complex).

Genome-wide predictions in tissues and cancers

Using DeepG4, we could map active G4 regions genome-wide in many different tissues and
cancers for which no G4 ChIP-seq experiments were available, but for which we could find
publicly available chromatin accessibility data (ATAC-seq or DNase-seq). Hence, we made the
mapping available on the DeepG4 Github repository as a resource for the G4 community.

We first browsed the genome at known oncogenes and looked at predicted active G4
regions (Fig 5A). In MYC, we predicted many active G4 regions in the promoter but also in
the exons and introns. Predicted G4 activity was rather stable and did not vary across the tis-
sues and cancers. In another gene, FUS, we found that the promoter contained an active G4
region that was very stable across tissues and cancer (left side), but we also could identify
another G4 region toward the transcription end site (TES, right side) that was not predicted to
be active in tissues, but predicted to be active in some cancers (framed in red), in particular in
MESO (Mesothelioma), UCEC (Uterine Corpus Endometrial Carcinoma) and BLCA (Bladder
Cancer), and inactive in some other cancers including GBM (Brain Cancer) and LGG (Brain
Lower Grade Glioma) (Fig 5B). Thus, DeepG4 could identify regions of variable G4 activity.
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Fig 5. Genome-wide prediction of active G4 regions in tissues and cancers. A) Genome browser of DeepG4 predictions at MYC
and FUS genes in tissues and cancers. B) Relationship between DeepG4 predicted G4 activity and the amount of mutations,
depending on the mutation class. Cancer cohort abbreviations (e.g. MESO) are detailed in S1 Table. C) Annotations of predicted
stable and variable active G4 regions. D) Mutation rates in BRCA breast cancer depending on predicted G4 region activity.

https://doi.org/10.1371/journal.pchi.1009308.g005
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Opverall, only a minority of predicted G4 regions varied across the tissues and cancers (around
10%). When we annotated these regions and compared with stable G4 regions, we observed
that 29% of stable G4 regions located within promoters, whereas only 16% of variable G4
regions colocalized with promoters (Fig 5C). Instead, we found variable G4 regions in intronic
and intergenic regions. We further explored the role of variable G4 regions by using annota-
tions from ENCODE in multiple cell lines from ChromHMM tool [33]. We found that
variable G4 regions were enriched at strong enhancers as compared to stable G4 regions

(p =0.011, Fig 5D), and we also found a near-significant enrichment at insulator regions

(p = 0.063, Fig 5D) in agreement with previous studies showing enrichment near CTCF at 3D
domain (topologically associating domain, TAD) borders [37].

Since G4s are known mutagenic regions when unresolved, we then looked at the link
between G4 activity and mutation rates in BRCA breast cancer (Fig 5E). We found a strong
positive link between high G4 activity and SNP and small indel mutation rates, meaning that
when G4s were formed in vivo they had a higher chance of yielding mutations and therefore
this suggests that the chromatin landscape could greatly influence G4 impact on genome insta-
bility at a local scale.

Conclusion

In this article, we propose a novel deep learning method, named DeepG4, to predict active G4
regions from DNA sequence and chromatin accessibility. The proposed method is designed to
predict active G4 regions i.e. regions that are detected both in vitro and in vivo, unlike previous
algorithms that were developed to predict G4s forming in vitro (naked DNA). For this pur-
pose, our method exploits the genomic context of G4s, which comprises the G4(s) as well as
other motifs in the vicinity that may play a role in G4 activity (i.e. transcription factor motifs).
Moreover, adding chromatin accessibility into the model allows to predict active G4 regions
depending on the cell type. Our novel method which maps active G4 regions in a cell-type spe-
cific manner at 201-bp resolution is complementary to existing algorithms based on regular
expression (e.g. quadparser) and scores (e.g. G4Hunter), which map the exact location of
potential G4 forming sequences and propensities. Moreover, DeepG4 provides a useful tool
for mapping active G4 regions for cell lines, tissues and cancers for which no experimental
data are available to date. Therefore, DeepG4 comprehensive predictions in tissues and cancers
will represent a useful resource for the G4 community.

DeepG4 uncovered numerous specific DNA motifs predictive of active G4s. Many motifs
resembled the canonical G4 motif (G3, N;_7 G5, N;_7 G, N;_; G3,) or even parts of it. Most
notably, many motifs corresponded to half or 3/4 of the canonical motif. The combination of
these G4 parts, which is captured by DeepG4 as a deep neural network, brings flexibility in G4
modeling. Strikingly, some motifs completely or partly matched known TFBS motifs including
KLF5 motif MA0599.1 and FOS (AP-1) motif MA0476.1, suggesting that they could contribute
directly to G4 structures themselves or participate indirectly in G4 activity in the vicinity
through the binding of transcription factors. In line with this result, it was previously found
that G4s are enriched in the vicinity of the architectural protein CTCF at 3D domain (topolog-
ically associating domain, TAD) borders [37]. Moreover, it has been shown that SP1 binds to
G4s with a comparable affinity as its canonical motif [36], and that G4s are TF hubs [35]. It
was also surprising to find a poly(T) motif (cluster 5 motif) depleted in active G4 regions but
enriched in the vicinity of canonical G4 motifs, suggesting that such motif could inhibit the
activity of canonical G4 motifs in its vicinity.

In addition, we used DeepG4 to predict active G4 regions genome-wide in many tissues
and cancers, thereby providing a resource for the chromatin and G4 community. Interestingly,
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we identified two types of active G4 regions, those stable across tissues and cancers, and those
less frequent that are variable. We found that variable active G4 regions are located within
intronic and intergenic regions, and could act as enhancers and insulators, unlike stable G4
regions that are more enriched in promoters.

There are several limitations of the proposed approach. First, one limit of DeepG4 (as well
as the other existing machine/deep learning methods) is that it requires a region of several
hundred bases, thereby restricting the resolution of G4 mapping. Once an active G4 region is
mapped, methods such as G4Hunter or pqgsfinder have to be used to identify the exact position
of the G4(s) within the region. Our model could be improved by adding novel neural layers in
order to find as well the exact location of potential G4 sequences. Second, DeepG4 does not
process the DNA sequence in a strand-specific manner, thus a given motif could be redun-
dantly encoded in both strands within the convolutional layer. However, post-processing of
DeepG4 motifs using methods such as matrix-clustering alleviates such problem by mapping
complementary motifs (same motifs on different strands) to each other to merge them into
cluster motifs. Third, the prediction performance of DeepG4 strongly depends on existing
datasets that are limited, potentially inaccurate and biased, especially regarding in vivo map-
ping. Once more techniques for in vivo G4 mapping will be developped, DeepG4 will need to
be retrained in order to improve prediction accuracy. Moreover, since DeepG4 was trained
based on human data, predictions on non-mammalian genomes are expected to be less accu-
rate. Fourth, DeepG4 is limited to predict active G4s but a similar approach could be used to
predict any active non-B DNA structure using permanganate/S1 nuclease footprinting data
[38].

Supporting information

S1 Fig. Prediction accuracy estimated from the validation set depending on hyper-parame-
ters, as found from Bayesian optimization. For each hyper-parameter, the optimum is
marked as a red triangle.

(TIF)

S2 Fig. Extraction and processing of DNA motifs from DeepG4 convolutional layer.
(TIF)

S1 Table. Cancer cohort abbreviations from ICGC project.
(TIF)
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