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ABSTRACT

G-quadruplexes (G4s) are secondary structures abundant in DNA that may play regulatory roles in
cells. Despite the ubiquity of the putative G-quadruplex sequences (PQS) in the human genome, only
a small fraction forms secondary structures in cells. Folded G4, histone methylation and chromatin
accessibility are all parts of the complex cis regulatory landscape. We propose an approach for G4
formation prediction in cells that incorporates epigenetic and chromatin accessibility data. The novel
approach termed epiG4NN efficiently predicts cell-specific G4 formation in live cells based on a local
epigenomic snapshot. Our architecture confirms the close relationship between H3K4me3 histone
methylation, chromatin accessibility and G4 structure formation. Trained on A549 cell data, epiG4NN
was then able to predict G4x formation in HEK293T and K562 cell lines. We observe the dependency
of model performance with different epigenetic features on the underlying experimental condition of
G4 detection. We expect that this approach will contribute to the systematic understanding of

correlations between structural and epigenomic feature landscape.
INTRODUCTION

DNA and RNA are capable of forming multiple conformations of secondary structures, including G-
quadruplexes (G4s). G4 structures may be implicated in important biological processes, including
replication, transcription (1-3), telomere maintenance (2, 4, 5), RNA processing and translation (6-9).
G4-forming sequences are found in the promoters of genes related to cancer, such as VEGF (10),
bcl-2 (11), c-kit (12, 13), KRAS (14). G4 structures are attractive drug targets (15, 16) and it is

important to predict their formation in live cells.

The first G4 prediction approaches were based on biophysical knowledge that a DNA motif with 4
runs of at least 3 guanines separated by loops of 1 to 7 nucleotides is likely to fold into a G4, and the
first search of such patterns in the human genome resulted in more than 380,000 matches (17, 18).
As topological diversity of confirmed G4s was expanded, for example, G4s with long loops (19), G4s

with bulges (20) and G4s with missing guanines (21-23), algorithms for search and prediction of G4

1


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

evolved to accommodate the diversity of motifs as well. Novel whole-genome searches include inter-
molecular G4s formed between the two DNA strands (24), and slightly mismatched sequences (25).
Further approaches incorporated contextually enhanced prediction, such as G-runs continuity coupled
with loop size (26), and nucleotide content bias (27, 28). Recently, new experimental methods for G4
detection have emerged. A polymerase stop assay lllumina sequencing method was developed that
allowed to detect over 525,000 G4s in purified nuclear DNA in vitro, or more than 710,000 G4s with a
G4-stabilising ligand (29). In cellulo G4 detection methods include G4 chromatin immunoprecipitation
sequencing (ChIP-seq) methods that use structure-specific antibodies to detect G4 formed in cellular
cultures (30-32) and tumor xenografts (33), and G4 detection with cleavage under targets and
tagmentation (CUT&Tag) technique (34, 35). The numbers of reported G4s vary greatly between the

experimental methods and cell types (Table 1).

Table 1. Reported DNA and RNA G4 formed in vitro, in cells and in patient tissue samples.

GEO ID Study Source Method Cell, tissue type / No G4 peaks

experimental

conditions
GSE76688 (31) HaCaT BG4 ChlIP-seq epidermal 19,021
GSE76688 (31) NHEK BG4 ChIP-seq epidermal 3,131
GSE99205 (36) HaCaT BG4 ChlIP-seq epidermal 11,539
GSE107690 (37) K562 BG4 ChlIP-seq blood 8,955
GSE152216 (33) Patient breast cancer samples qG4 ChIP-seq breast 26,000+
GSE133379 (32) HEK293T G4P ChIP-Seq kidney 40,790
GSE133379 (32) A549 GA4P ChlIP-Seq lung 123,274
GSE133379 (32) H1975 G4P ChIP-Seq lung 152,072
GSE133379 (32) Hela G4P ChlIP-Seq uterus 17,787
GSE178668 (35) HEK293T G4-CUT&Tag kidney 17,888
GSE178668 (35) HEK293T G4-ChlP-seq kidney 9,202
GSE173103 (38) HaCaT G4-CUT&Tag epidermal 10,000+
GSE173103 (38) HEK293T G4-CUT&Tag kidney 10,000+
GSE181373 (34) K562 G4-CUT&Tag blood 21,312
GSE181373 (34) u20S G4-CUT&Tag bone 35,452
GSE63874 (29) in vitro G4-seq in vitro, K* 525,908
GSE63874 (29) in vitro G4-seq in vitro, K*, PDS 716,311
GSE77282 (39) in vitro rG4-seq (RNA) in vitro, K* 3,383
GSE77282 (39) in vitro rG4-seq (RNA) in vitro, K*, PDS 11,367
- This report in silico Regular expression GRCh37/hg19 2,105,837

search

Methods for G4 detection in cells imply G4 detection ex vivo or in situ. The former means that the
cells are fixed and chromatin is fragmented before it is enriched with a specific antibody, usually BG4
(30, 31, 36). The latter means that BG4 antibody permeates the plasma and nucleus membranes and
tethers Tn5 transposase for tagmentation (35, 38), or another small antibody, G4P, is expressed
endogenously for a subsequent ChlP-seq experiment (32). Only a fraction of resulting G4s overlap in
the same cell line using two different types methods — about 30-60% (35), or 45% (38). The divergent

numbers of G4 formed in different types of cells and detected with different approaches suggest the

2


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

need for exploration of the biological causes. Predictive models for G4 formation based on these
experimental data have been implemented: Quadron (40) and PENGUINN (41) trained on in vitro
DNA G4 data, DeepG4 (42) with an additional feature of local chromatin accessibility for G4 prediction
in cells, and G4RNA screener (43) trained on experimental RNA G4 data. To date, only DeepG4
implemented actual cellular context for G4 formation prediction, however, only the G4s that are
formed both in vitro and in cells were selected. A significant portion of weaker G4s not folded in vitro
that might play important regulatory roles in cells were, therefore, excluded from the training data.
Excluding weaker G4s might inherently lead to higher accuracies too, as lower experimental scores
for these G4s are likely related to finer biological features. Additionally, chromatin accessibility profile
was the only feature used. The roles of open chromatin, histone and DNA chemical modifications in
G4 formation is being discovered recently (31, 35, 37, 38, 42). Leveraging multiple epigenomic
features to predict G4 formation in cells and determining the importance of these features may
provide novel insights into G4 formation mechanisms and their regulatory roles.

G4 existence in the epigenetic context DNA G-quadruplexes are over-represented in gene
promoters and are thought to be involved in gene regulation at the transcription level. More than 40%
of gene promoters in the human genome contain G4 forming motifs (44), and their structural
properties make them attractive drug targets for diseases involving dysregulation of gene transcription
(15). Folded G4s were confirmed to be highly enriched in gene promoters in cells more than in any
other region (31), with some studies showing that most folded G4s are, in fact, located in the promoter
regions in cells (35). Both G4s formed in cells (31) and gene promoters are associated with open
chromatin (45, 46), aiding the accessibility for transcription machinery. Open chromatin was indeed
found to contain 85.8% of G4 in HaCaT cells and 97.2% in NHEK cells (31), whereas we found that
for A549 cells G4 data (32), only 6.6% of G4s intersected with peaks from ATAC-seq experiment,
likely driven by a higher number of G4 peaks reported in A549. It has been hypothesized that G4
formation promotes transcription factor docking by keeping the DNA double helix open (47-49) and
allows re-initiation of transcription. Therefore, G4s are likely to be located in accessible chromatin
regions due to the local regulatory roles, but the ways G4s are related to accessible chromatin and
epigenetic marks are highly complex (Fig. 1). Recently, evidence of high colocalization of other
epigenetic marks, such as histone modifications, with G4 formation became available (35). H3K4me3
was found to be the most correlated to G4 formation in HEK293T cells, as measured by G4 ChIP-seq,
followed by H3K4me2, H3K4me1 and chromatin accessibility by ATAC-sequencing (35). Additionally,
active G4s are present in CpG island (CGls) regions depleted in cytosine methylation (37, 38) and
inhibit methylation of DNA (37). CGI methylation patterns, in turn, mediate binding of specific families
of transcription factors that have preference for either methylated or hypomethylated CGI (50),
therefore leading to transcriptional regulation via epigenetic modifications. Another mechanism of G4
involvement in cellular processes regulation through epigenetic marking is the G4 involvement in DNA
replication. It was demonstrated that G4 formed during DNA replication leads to epigenetic instability
due to failure of copying the chromatin repressive marks (51). Additionally, G4 are known to recruit

histone modification agents (52, 53) and chromatin remodelling proteins (54). The interplay between
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folded G4s and epigenetic marks is evident, however, it is still not sufficiently explored for G4

formation prediction.
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Figure 1. G4 involvement in the epigenetic regulation. G4s are colocalized with gene promoters, open chromatin and
certain epigenetic marks (such as H3K4me3), are able to recruit chromatin remodelling proteins and histone modification
agents, and prevent CpG islands from cytosine methylation. Additionally, G4 may arrest the copying of the chromatin

repressive marks, leading to epigenetic instability.

While the correlations of accessible chromatin and some epigenetic marks hint the relative
importance of these features for G4 formation, our goal is to use machine learning to develop a model
that can predict G4 formation in cells and rate the importance of these features for G4 formation. Five
histone modification marks (H3K4me1, H3K4me3, H3K9me3, H3K27ac, H3K36me3) and chromatin
accessibility (ATAC-seq) were selected for training and evaluation. We aim to predict weaker G4s
formed in cells along with stable G4s. We focus our predictions on a broad set of putative quadruplex
sequences found in the human genome according to the latest motif definitions (see Materials and
Methods) and infer the putative quadruplex sequence (PQS) formation probability in cells. The
developed approach is designed to transfer the learned features to predict G4 in unseen types of cells
based on the underlying sequence and local epigenetic snapshot.

MATERIAL AND METHODS

G4 input preparation for epiG4NN model. PQS sequences were found with a regular expression
search using python re package in the hg19/GRCh37 human genome assembly, retrieved from the
UCSC Genome Browser (http://genome.ucsc.edu/). We broadened the existing definitions of G4 and
used the following regular expressions: [Gs:L1-12]3+G3s+ — canonical G4 pattern with extended loop
length; [GNo-1GNo.1GL13]3+GNo-1GNo-1G — bulged G4 pattern with possible G-run breaks; [G1-2N1-
2]7+G1.2 — irregular G4 pattern, where L is any of {A, T, C, G} and N is any of {A, T, C}. A total number

of guanines greater or equal than 12 was required to avoid two-layered G4. The search was
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performed on both strands. We filtered the redundant and nested G4s by only considering distinct
sequences separated by at least one nucleotide. The overlapping sequences were not merged. The
first encountered motif from the 5 end of the overlapping group is considered. A total of 2,105,837 G4
were found for the three types (Supplementary Figure 1). PQS sequences were then padded to 1000
nt and one-hot-encoded for training as follows: A=[1, 0, 0, 0], T=[0, 1, 0, 0], C=[0, 0, 1, 0], G=[O0, 0, 0,
1], N=[0, 0, 0, 0]. For each PQS, the respective G4 score was found from the experimental dataset by
overlapping the PQS motif with experimental peaks and taking an average of the
continuous .bedgraph signal. If there is no signal corresponding to the PQS coordinate, the score was
set as 0.0. G4 labels for training were obtained from the G4P ChlIP-seq study with GEO accession
number GSE133379 for A549 and HEK293T cell lines. The upper 5 percentiles of the normalized
experimental scores were characterized as “positive” class, and the rest of PQS as “negative”
(Supplementary Figure 2). As a result, more than 105,000 PQS were classified as positive for A549 —
a slightly more conservative number of peaks as compared to the number of peaks determined in the
downstream analyses in the original study (32). A549 cell data were selected for training, and
HEK293T for independent evaluation. For HEK293T, upper 2 percentiles were used to match the
originally reported number of called peaks (more than 40,000). For additional evaluation and analyses,
pre-processed G4 peaks for HeLa (GSE133379), HaCaT (GSE76688) and K562 (GSE107690) were

used.

Chromatin accessibility and epigenetic marks data preparation. Epigenetic information is
generally preserved across tissues in species, especially for cell cultures with common progenitor
cells (55), therefore, using G4 data and epigenetic data from different studies of the same cell line is
possible. We used histone 3 lysine residue 4 methylation and trimethylation, histone 3 lysine 9 and
lysine 36 residues trimethylation, histone 3 lysine 27 residue acetylation, and nucleosome availability
as epigenetic marks for our experiments. We retrieved H3K4me1, H3K4me3, H3K9me3, H3K27ac,
H3K36me3 ChlP-seq datasets and ATAC-seq dataset for A549 cells, and H3K4me3, H3K27ac ChlP-
seq for HEK293T from the Encyclopedia of DNA elements (ENCODE) (56) Reference Epigenome
project with accession codes ENCFF633KDT, ENCFF021UDY, ENCFF474QYY, ENCFF126BYV,
ENCFF053BXF, ENCFF735UWS, and accession codes ENCFF315TAU, ENCFF186KMN,
respectively. ATAC-seq signal for HEK293T was retrieved from GEO project with accession code
GSM3905877. For K562 cells, we used ENCODE projects with accession codes ENCFF252GZ0O for
ATAC-seq, ENCFF929TPH for H3K4me3, and ENCFF488FYZ for H3K27ac. If the data were
originally mapped to hg38, they were lifted over to hg19 using UCSC liftOver tool with a chain
downloaded from the UcCsC genome browser
(https://hgdownload.soe.ucsc.edu/goldenPath/hg38/liftOver/). We filtered out regions with no full
coverage of any of the features to ensure continuous data availability for every PQS. All epigenetic
data were normalized to a range of values [0, 1]. We then created input arrays of 1000-nt epigenetic
profiles for each PQS with bedtools intersect command-line tool. Genomic tracks were visualized with

pyGenome Tracks tool(57).


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Model architecture. epiG4NN architecture is based on a ResNet (58) — neural network class with
residual convolutional layers and dilation. We designed our architecture as sequential convolutional
towers of 4 residual blocks each, where each residual block contains batch normalization (x2),
rectified linear unit (ReLU) activation (x2), and convolutional layer with 32 kernels and variable kernel
size (x2) (Supplementary Figure 3). We constructed a model with only sequence input (G4NN) as a
baseline for epiG4NN. Model inputs are arrays of shape [1000, 4] for G4NN, sequence-based model,
and arrays of shape [1000, 5] for epiG4NN. The first four rows of the input are the one-hot-encoded
sequences, and the last row is the normalized epigenetic feature. Output of each residual unit is
added to the penultimate layer through a 1D convolution with hidden state of size 32, therefore
implementing skip, or residual, connections between units for better convergence and avoidance of
vanishing/exploding gradients problem (58). Classification objective for this model is single-class,
single label binarized probability of G4 formation. We performed a search for optimal hyperparameter
set by training a grid of models with various hyperparameters. The optimal parameters were selected
based on the performance of the model on the validation dataset during training: K= 3, W =[11, 11,
15], D = [1, 4, 10], where K is the number of convolutional towers, Wi is the convolutional filter width in

the ™ residual block, D; is the dilation rate of the " residual block.

Model training and evaluation. Training data from A549 dataset were split into train and test
subsets, where the test set contains all the PQS that belong to chromosomes 17, 3, 5, 7, 9, and train
set — all PQS that belong to chromosomes 2, 4, 6, 8, 10-22, X, Y. The models were trained with batch
size of 64 and a constant learning rate of 0.001 with Adam stochastic gradient descent optimizer
method based on adaptive estimation of lower-order moments (59). Upon initialization, model weights
are filled with random numbers. At each ftraining iteration, binary cross entropy loss function is
minimized over the target train labels. Output labels are determined via sigmoid function applied to
the ultimate logit. Due to the large number of input data samples, chromosome data were input
gradually and training on one chromosome from the train set constituted a full iteration. Training then
continued with the next chromosome, to a total of 19 iteration steps in one epoch. Optimal
hyperparameters were determined from the performance of the sequence-only model on the
validation dataset, as determined by accuracy, and applied to all the other models. Most of PQS had
zero scores, therefore, the classes are highly imbalanced and are contributing unequally to the
metrics and loss, with low probability class (unfolded G4) skewing the metrics. This problem was
addressed by implementing balanced class weights for the optimizer: weighti =
Nsamples/(Nciassesfrequencyi), resulting in weights 0.35 and 35.69 for negative and positive classes. We
evaluated the models on withheld test samples using accuracy and area under the receiver operating
characteristic curve (AUROC) to determine class separability. AUROC x-axis depicts false positive
rate (FPR), and y-axis depicts true positive rate (TPR), defined as FPR = FP/(FP+TN) and TPR =
TP/(TP+FN). However, these metrics are not optimal for imbalanced classification problems, therefore
we additionally evaluate areas under the precision-recall curve (AUPRC) to determine precision and
recall of positive G4 samples. Precision (P) and recall (R) are defined as follows: P = TP/(TP+FP), R
= TP/TP+FN), where TP is true positives, FP is false positives, and FN is false negatives. Training
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and evaluation were performed using TensorFlow (v2.4.0) using python keras API. Respective python

scripts can be found at https://github.com/anyakors/epiG4NN.
RESULTS

Quadruplex-forming motif definition broadening. Early approaches to defining G4-forming
motifs used regular expressions of type [Gs:L17]5+Gs+ (17, 18, 60) and yielded around 376,000
putative G4s. Many G4s forming in vitro still did not adhere to this limited definition (29), including G4s
with missing guanines (21-23), G4s with ultra-long loops (19), bulged G4s (20) and G4s with runs of
irregular length (61), to name a few. Later search efforts considered variable numbers of guanines in
the run (62), bulges and mismatches (“imperfections”) (25, 26), longer loops of up to 12 nucleotides
(29), G-rich sequences considering cytosine bias (27), and duplex stem-containing loops (63). As the
goal of this work is to define a set of G4 motifs for training that covers a significant part of the in vivo
formed peaks, we limit ourselves to a few simple definitions. We broadened the existing definitions of
G4 and used the following regular expressions: [Gs+L1-12]3+G3+ — canonical G4 pattern with extended
loop length, similarly to (29); [GNo-1GNo-1GL1-3]3+GNo-1GNo.-1G — G4 pattern with possible bulges, with
restrictions as described in (20); [G12N12]7+G12 — irregular G4 pattern alike those studied in (61).
These three definitions do not aim to exhaustively cover the G4 motif repertoire, and only selects a
representative set of G4 motifs for training. A total of 2,105,837 G-quadruplex motifs were determined
after filtering (see Materials and Methods), where 907,845 instances are bulged G4s, 652,908 are

irregular G4s, and 545,084 are canonical G4s with extended loop length.

G4 colocalizes with accessible chromatin and chromatin marks in cells. We interrogated the
mean profiles of five epigenetic marks and chromatin accessibility genome-wide at active G4 loci in
A549 cells (32) (Fig. 2). Mean normalized signals of H3K4me1, H3K4me3, H3K9me3, H3K27ac,
H3K36me3 histone modifications, and ATAC-seq signal were centered and plotted at PQS motifs with
GA4P ChlP-seq peaks. H3K4me3, H3K27ac and ATAC-seq profiles displayed positive association of
epigenetic mark occupancy with the G4 peaks, while H3K4me1, H3K9me3 and H3K36me3 marks
demonstrated the opposite trend. H3K4me1, H3K9me3 and H3K36me3 exhibit a dip at G4 sites
compared to the genome-wide background level, while H3K4me3, H3K27ac and ATAC-seq
demonstrate peaks at G4 sites compared to background level (Fig. 2b). Heatmap analysis (Fig. 2c) of
the top 6,000 profiles of each mark revealed that H3K4me3, H3K27ac and open chromatin (ATAC-
seq) signals contribute the highest number of informative profiles as well. The profiles were sorted by
average intensity and plotted from highest to lowest. H3K4me1, H3K9me3 and H3K36me3 have most
of profiles with close-to-zero intensity, while H3K4me3, H3K27ac and ATAC-seq enrich more than six

thousand profiles (Fig. 2d).
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Figure 2. Genome-wide profiles of epigenetic mark occupancy at G4 sites. a) Unlike in vitro conditions, in cells G4s are
formed in the chromatin context with possible epigenetic chemical modifications, such as histone 3 lysine residue 4 methylation
and tri-methylation (H3K4me1, H3K4me3), and others. b) Mean distribution of normalized H3K4me1, H3K4me3, H3K9me3,
H3K27ac, H3K36me3 and ATAC-signal (chromatin accessibility) in the 6000 nt vicinity of active G4 loci in A549 cells. The
profiles are normalized to have a maximum of 1.0. Mean genome-wide background levels are shown with dashed line. c)
Density heatmaps of the H3K4me1, H3K4me3, H3K9me3, H3K27ac, H3K36me3 and ATAC-signal in the 250 nt vicinity of
active G4 loci in A549 cells. Top 6,000 profiles sorted by signal intensity are shown. d) Rate of decrease of epigenetic signal for

the top 6,000 profiles at active G4 sites.

Recently, similar results were reported for histone mark enrichment in mouse embryonic stem cells
(38), where high confidence G4 CUT&Tag peaks overlapped with open chromatin, H3K4me3 and
H3K27ac peaks, whereas H3K4me1 and H3K9me3 exhibited a local minimum. Active G4, H3K4me2
and H3K4me3 peaks followed by H3K27ac and open chromatin densely occupy gene promoter
regions in HEK293T cells in another study (35). It was confirmed earlier that folded G4s are enriched
at gene promoter regions characterized by open chromatin (31). Therefore, H3K4me3, and H3K27ac
histone modifications and open chromatin (ATAC-seq) signal are good candidates to inform the G4
prediction in cells. We aim to extract the informative signal from both the epigenetic landscape and
the PQS sequence with a neural network termed epiG4NN and compare it with the baseline G4NN

that only uses the DNA sequence.
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Figure 3. epiG4NN is a ResNet-based architecture directly incorporating raw DNA sequence and local epigenetic profiles
for G4 prediction in cells. a) epiG4NN training objective is to predict putative G4 sequence (PQS) formation in cells, including
those G4 not found in vitro. b) PQS sequence with immediate flanks to a total of 1000 nt is taken for input and stacked with the
normalized array of the given epigenetic feature. The architecture is based on 12 residual convolutional blocks with dilation.

epiG4NN outputs a normalized probability of G4 formation.

epiG4NN is a new hybrid model leveraging different epigenetic marks. We developed
epiG4NN, a hybrid sequence and epigenetic context-based model for prediction of G4 formation in
cells. epiG4NN is a neural network model that consists of stacks of convolutional layers with skip
connections for better training convergence (58). Convolutional networks (CNNs) are a class of deep
learning methods that achieved significant breakthroughs in the genomic predictions (64—67).
Convolutional kernels slide along the inputs and extract input features, passed on to the next layers.
CNNs allow for hierarchical representation of features through learning the patterns in the input
sequence without explicit feature engineering. For inputs, we used putative quadruplex-forming
sequences (PQS) and different auxiliary arrays of processed epigenetic marks aligned to PQS:
histone 3 lysine 4 residue mono-methylation (H3K4me1), histone 3 lysine 4, 9, and 36 residues ftri-
methylation (H3K4me3, H3K9me3, H3K36me3), histone 3 lysine 27 residue acetylation (H3K27ac),
and chromatin accessibility (ATAC ChlP-seq data). Each epigenetic feature was tested independently
(Fig. 3). Comparisons were made with a sequence-based model G4NN with the same architecture
and hyperparameters (number of residual stacks, convolutional kernel properties, learning rate, batch
size). We trained our models on A549 G4 data from a RHAU-derived antibody G4P-ChIP-seq
experiment (32) and subsequently evaluated on both A549 withheld test samples and unseen
HEK293T and K562 cell data.

Accurate G4 formation prediction in cells based on epigenetic features with epiG4NN. Upon
optimization of hyperparameters, the best epiG4NN architecture was determined. We trained six
epiG4NN models (epiG4NN-H3K4me1, epiG4NN-H3K4me3, epiG4NN-H3K9me3, epiG4NN-H3K27ac,
epiG4NN-H3K36me3, epiG4NN-ATAC) on A549 cell data (32) along with the baseline sequence-only
G4NN. Different epigenetic marks and ATAC-seq signal were used for training by independently
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stacking each normalized epigenetic feature array with the one-hot-encoded sequence, hence
expanding the transverse dimension of the encoded sequence from 4 to 5 (Fig. 3). Both area under
the receiver operating characteristic (AUROC) and area under the precision-recall curve (AUPRC)
were used as quality measures of the model. AUROC measures the separability of the positive and
negative classes, where a score of 1 means perfect ability of the model to distinguish between
classes. However, AUROC may be skewed by an imbalance of number of samples in classes.
AUPRC measures the trade-off between precision and recall, and AUPRC of 1 means high precision
and high recall. The class imbalance problem exists in G4 training data. We found about 2,100,000 of
potential G4 motifs, while only about 105,000 of them are formed in A549 cells. Accuracy and
AUROC metrics are, therefore, not sensitive enough for training and evaluation in this problem.
Instead, AUPRC can be used as characteristic for the G4 prediction objective. Previously, the
maximum AUROC of 0.988 and AUPRC of 0.309 were reported for the problem of G4 prediction in
cells (42). Here, we achieve an AUROC of 0.996 and an AUPRC of 0.907 (Fig. 4) for the epiG4NN-
H3K4me3 model on the A549 unseen chromosome set. In accordance with the widely accepted fact
that G4 generally colocalize with accessible chromatin regions (31), our models performance rating
support the importance of open chromatin (epiG4NN-ATAC, AUROC = 0.993, AUPRC = 0.837), and
the epigenetic mark of active enhancers, H3K27ac (epiG4NN-H3K27ac, AUROC = 0.991, AUPRC =
0.838) for G4 formation. epiG4NN-H3K4me1 gave an intermediate improvement in the prediction
(AUROC = 0.984, AUPRC = 0.693), whereas epiG4NN-H3K9me3 and epiG4NN-H3K36me3 gave
only moderate improvements (AUROC = 0.984, AUPRC = 0.686 and AUROC = 0.982, AUPRC =
0.673, respectively) compared to sequence-based G4NN (AUROC = 0.983, AUPRC=0.668).
Combining two best predictive features only resulted in a marginal performance improvement (see

Supplementary Note 1).

Receiver Operating Characteristic Precision-Recall curve

1.0
go8qf (area = 0.983) Sequence (area = 0.668)
% 06 4 i —— (area =0.984) 5 —— H3K4me1 (area = 0.693)
2 (area=0.996) | @ H3K4me3 (area = 0.907)
é 0.4 4 —— (area = 0.984) ;_é —— H3K9me3 (area = 0.686)
) —— (area =0.991) —— H3K27ac (area = 0.838)
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Figure 4. epiG4NN improves G4 formation prediction in cells on held-out A549 test samples by using epigenetic features
for training, as measured by receiver operating characteristic and precision-recall curves. Receiver operating characteristic (left)
and precision-recall (right) curves of the baseline G4NN model (dashed gray) and epiG4NN-H3K4me1, epiG4NN-H3K4me3,
epiG4NN-H3K9me3, epiG4NN-H3K27ac, epiG4NN-H3K36me3, epiG4NN-ATAC models. Areas under the receiver operating

characteristic curve (AUROC) and under the precision-recall curve (AUPRC) are shown in the legend.

epiG4NN predicts G4 formation in unseen cell lines. Populations of G4s in cellular context are
shared between cell lines or formed uniquely in some cells. We compared the pre-processed G4
peaks obtained from HEK293T, HaCaT, HelLa cells using G4P ChIP-seq (32), K562 cells using BG4
ChIP-seq (37), and K562 cells using CUT&Tag (34) with G4 peaks detected in A549 cells with G4P
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ChiIP-seq (32). A549 and Hela cell lines are epithelial-like cells derived from lung and uterus,
respectively, whereas HaCaT are keratinocytes; HEK293T are derived from kidney cells, and K562
are lymphoblast cells. G4P ChIP-seq and CUT&Tag methods detect G4s in situ, while BG4 ChIP-seq
detects G4s ex vivo. We found that only 53% of HaCaT, 76% of HEK293T, 60% of K562 (BG4 ChlIP-
seq), 38% of K562 (CUT&Tag) and 82% of HeLa G4 peaks are common with A549. To assess how
well our model performs on different cell types with distinct underlying epigenetic landscapes, we
additionally carried out model evaluation on HEK293T (G4P ChlP-seq) and K562 (CUT&Tag) cell
lines. As epiG4NN was trained on G4 peaks from A549 cells obtained with G4P ChiIP-seq, we only
used data from in situ G4 detection experiments to exclude possible technical variability. We selected
the three best models as tested on A549 unseen samples (epiG4NN-H3K4me3, epiG4NN-ATAC,
epiG4NN-H3K27ac) together with the baseline sequence-only model G4NN and measured their
performance on new cell lines with AUROC and AUPRC (Fig. 5). epiG4NN-H3K4me3 showed the
best performance with both HEK293T (AUPRC = 0.836) and K562 (CUT&Tag) (AUPRC = 0.838) cell
data, followed by epiG4NN-ATAC for K562 (CUT&Tag) and epiG4NN-H3K27ac for HEK293T.
epiG4NN-ATAC, however, performed slightly worse than sequence alone for HEK293T.

ROC, K562 G4-CUT&Tag PRC, K562 G4-CUT&Tag
1.0 1.0 9
L 0.8 0.8 +
©
4 c -
_2 0.6 X 0.6 [
08_ 04 4 ------ (area = 0.794) E oad4| N\ | Sequence (area = 0.581)
[} / —— (area =0.854) —— ATAC (area = 0.738)
= 0.2 —— (area =0.807) 0.2 —— H3K27ac (area = 0.604)
| (area = 0.906 H3K4me3 (area = 0.838)
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T T T T T T T T T T
000 025 050 0.75 1.00 0.00 025 050 0.75 1.00
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T T T T T T T T T T
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Figure 5. epiG4NN predicts G4 formation in unseen cell lines. Receiver operating characteristics and precision-recall
curves for epiG4NN evaluation of G4 formation prediction: a) in K562 cells obtained with an in situ CUT&Tag experiment (34), b)
in HEK293T cells obtained in an in situ G4P ChlP-seq experiment (32), all evaluated with G4NN (sequence-only, gray dashed
line) and epiG4NN-ATAC, epiG4NN-H3K27ac, and epiG4NN-H3K4me3. Areas under the receiver operating characteristic

curve (AUROC) and under the precision-recall curve (AUPRC) are shown in the legend.

Model learned from in situ data cannot predict ex vivo data well. Additionally, we tested
another K562 cell line G4 dataset obtained with the ex vivo BG4 ChlP-seq method. Given the same

epigenetic profile and the same sequence motifs as for the K562 (CUT&Tag) data, with a different set
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of G4 peaks to predict, epiG4NN-H3K4me3 and epiG4NN-H3K27ac models were only able to perform
marginally better than the G4NN baseline in terms of AUROC and AUPRC; epiG4NN-ATAC resulted
in a slightly better evaluation (AUROC = 0.909, AUPRC = 0.342) (Fig. 6). The underlying
technical/experimental condition difference between BG4 ChIP-seq and CUT&Tag methods of G4
detection in cells, therefore, makes the transfer of learned features challenging. The features learnt
from one experimental condition may differ from the features in other conditions, resulting in poor

cross-method model performance.

ROC, K562 BG4 ChIP-seq PRC, K562 BG4 ChIP-seq
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Figure 6. epiG4NN has compromised performance in an ex vivo G4 dataset. epiG4NN-ATAC, epiG4NN-H3K27ac, and
epiG4NN-H3K4me3 models were evaluated on BG4 ChlP-seq data of K562 cells with receiver operating characteristics and
precision-recall curves. Areas under the receiver operating characteristic curve (AUROC) and under the precision-recall curve
(AUPRC) are shown in the legend.

An example of differential epiG4NN prediction. The first intronic region of the human GRHL3
gene, located on the chromosome 1, contains a few PQS, where one PQS is formed in both
HEK293T and A549 cell lines, while the other PQS is formed in HEK293T cells but not in A549 cells
(32) (Fig. 7). We created pseudo-genomic tracks that demonstrate the formation of these PQS using

epiG4NN-H3K4me3 and making point predictions for each nucleotide in the region of interest.

GGCGGCGGCCCGGGCGGCGCGGGGGTCCTGCGG

chr1:24,646,963-24,651,213
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Figure 7. epiG4NN predicts universally and differentially formed G4 in the GRHLS3 first intron region. Genome tracks, from
top to bottom: 1) RefSeq transcripts; PQS detected in hg79 with bioinformatic motif search, plus strand: yellow, minus strand:
blue; 2) in vitro detected G4 peaks (G4-seq in K*) (31), plus strand: green, minus strand: not detected; 3) A549 predictions with
epiG4NN-H3K4me3 and G4 peaks detected with G4P ChlP-seq (32); 4) HEK293T predictions with epiG4NN-H3K4me3 and G4
peaks detected with G4P ChiIP-seq (32). PQS numbered 3 has a peak in both HEK293T and A549 cells, while PQS number 5
has a peak in HEK293T only. PQS number 5 is highlighted, and its sequence is shown.
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We found seven PQS corresponding to GRHLS3 intron 1 region (Fig. 7), where four PQS are found
on the plus strand (numbered 1, 3, 5, and 7), and three PQS on the minus strand (numbered 2, 4, and
6). We additionally refer to the in vitro data. Interestingly, only one in vitro formed G4 on the plus
strand was matching the region, and it did not overlap with any of the PQS maoitifs. In cells, A549 G4P
ChiIP-seq data has one G4 peak corresponding to PQS number 3 and HEK293T has two peaks
corresponding to PQS numbers 3, 5 (Fig. 7). epiG4NN-H3K4me3 captures the difference between the
H3K4me3 features in A549 and HEK293T cell lines given the same sequence of the G4 motif and
predicts unique formation of the PQS number 5 in HEK293T, while PQS number 3 is predicted in both
cell lines. Previously reported DeepG4 model only used G4 forming both in cells and in vitro for
training and testing (42). The lack of matching in vitro peak highlights the importance of prediction in

cells irrespective of the G4 formation in vitro.

epiG4NN-H3K4me3 exhibits a promoter and enhancer bias. Certain histone marks are known
to be enriched in open chromatin, gene enhancer, and promoter regions of the genome (68).
H3K4me3 is an “active” histone mark thought to play a role in transcription (69, 70) and is marking
gene promoters (71), while H3K27ac is marking gene enhancers (72). To test whether our model is
biased towards these regions, we extracted G4 overlapping gene promoters (73) and cell-specific
enhancers for A549 and HEK293T cell lines (74), and evaluated the region-specific performance of
epiG4NN-H3K4me3. Evaluation revealed overall better AUPRC scores for enhancer and promoter
regions compared to random regions (Fig. 8) together with the fact that a greater proportion of G4 is
formed in promoter regions. Ubiquitous formation of G4 in the promoter regions was indeed
experimentally confirmed previously (31, 54, 75). A significantly lower proportion of the G4 is formed
in the enhancer regions (Fig. 8d), and even less so in the random regions (Fig. 8f), while the quality of

prediction drops the most drastically for random regions in HEK293T cell lines.
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Figure 8. Promoter-enhancer bias in the epiG4NN prediction quality. a), c), e) precision-recall curves for epiG4NN-

H3K4me3 in promoters, enhancers, and random regions in A549 (left-out chromosome set) and HEK293T (unseen) cells,
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respectively. b), d), f) proportions of formed G4, experimental and predicted, in promoters, enhancers, and random regions in
A549 and HEK293T cells.

DISCUSSION

Genome-wide G4 prediction methods are important for understanding G4 biology and for targeting
such structures. Recent progress in chromatin immunoprecipitation methods was applied to G4
detection, and multiple experimental G4 datasets were reported. However, the discrepancies between
G4 formed in different cells and experiment types pointed to the need for understanding G4 formation
in cells. The vast body of cellular epigenetic data allows to attribute G4 formation in cells to specific
cellular features. So far, little is known about the correlations between G4 formation and such cellular
data. Here, we demonstrate a novel approach, epiG4NN, that comprises of a hybrid deep neural
network that uses cellular epigenetic features and DNA sequence for G4 prediction in genomic DNA.
Compared to previously published methods, epiG4NN achieves unprecedented precision and recall in
G4 prediction in unseen cell lines. Additionally, epiG4NN allows to rate the relevance of H3K4mef1,
H3K4me3, H3K9me3, H3K27ac, H3K36me3 and chromatin accessibility signals to G4 prediction
problem.

Through our experiments on the A549, HEK293T and K562 data, we show that supplementing
epigenetic data improves learning, as compared to sequence-based model G4NN with the same
architecture and number of parameters. We demonstrate that epiG4NN-H3K4me3, epiG4NN-
H3K27ac and epiG4NN-ATAC considerably outperform G4NN. H3K4me3 is the strongest predictor of
the G4 formation in our experiments on A549 and HEK293T (G4P ChIP-seq (32)) and K562 cell data
(CUT&Tag (34)), followed by ATAC-seq and H3K27ac signals. We found that the optimal epigenetic
predictor for cell lines depends on the experimental condition of the underlying data. Independent
evaluation of epiG4NN on G4 data obtained with G4P ChIP-seq (32) and CUT&Tag (34) showed that
H3K4me3 is a good predictor of G4 formation for the G4 detected in situ, while open chromatin is the
only predictor for ex vivo type of experiment (K562 data, BG4 ChlP-seq (37)) that improves over the
sequence-only prediction. This likely reflects the different approach behind the experimental datasets:
K562 cells in BG4 ChIP-seq were fixed and chromatin was fragmented before it reacted with a G4
specific antibody, while A549 cells were subjected to a G4P knock-in and the antibody was expressed
natively. It is not clear how fragmentation and purification of DNA affects G4 formation, and features
learned by the model trained on in situ data do not seem to translate to another class of G4 detection
experiment. The finding that ATAC-seq improves G4 predictions efficiency is in line with a previous
report (42), while H3K4me3 was found to be highly colocalized with G4 sites in other recent studies
(35, 38). Additionally, we have demonstrated that only H3K4me3, H3K27ac and open chromatin
signals contribute to a large number of active G4 sites, while H3K4me1, H3K9me3 and H3K36me3
are largely depleted. The key difference between epiG4NN and previously reported models lies in the
usage and comparison of multiple epigenetic marks or features for contextual prediction of G4

formation in cells. We achieve a better performance in G4 prediction and demonstrate relative
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importance of different epigenetic features. We additionally retrained the previously reported model
DeepG4 (42) on our data to compare the model architectures, and obtained an AUROC or 0.981 and
an AUPRC of 0.644 for the A549 left-out test samples (Supplementary Fig. 5), demonstrating that our
architecture may be more suitable for this task. Additionally, unlike DeepG4 — the only other model
predicting DNA G4 in cells reported so far — we employ a full snapshot of the local epigenetic profile,
in contrast with a single average value for a given G4 motif region. We show that our model can
reproduce peak signatures from two different cell lines, A549 and HEK293T, where a PQS is formed
differentially. Our model, however, suffers from a prediction accuracy bias in the random regions as
compared with gene promoter or enhancer regions. We believe that epiG4NN can contribute to study

the roles of chromatin marks on the sequence-structure dependence.
DATA AVAILABILITY

Data preparation and epiG4NN training scripts are available in the GitHub repository
(https://github.com/anyakors/epiG4NN).

SUPPLEMENTARY DATA
Supplementary Data are available at NAR online.
ACKNOWLEDGEMENT

The authors thank Jasraj Singh for his help in preparing the scripts for epigenetic data pre-

processing.
FUNDING

Nanyang Technological University (NTU Singapore) grants (to A.T.P.). Funding for open access

charge: Nanyang Technological University.
CONFLICT OF INTEREST

The authors have no competing interests to declare.

15


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

REFERENCES

1. Lipps,H.J. and Rhodes,D. (2009) G-quadruplex structures: in vivo evidence and function. Trends
Cell Biol., 10.1016/j.tcb.2009.05.002.

2. Rhodes,D. and Lipps,H.J. (2015) Survey and summary G-quadruplexes and their regulatory roles
in biology. Nucleic Acids Res., 10.1093/nar/gkv862.

3. Paeschke,K., Capra,J.A. and Zakian,V.A. (2011) DNA Replication through G-Quadruplex Motifs Is
Promoted by the Saccharomyces cerevisiae Pif1 DNA Helicase. Cell, 10.1016/j.cell.2011.04.015.

4. Sundquist,W.I. and Klug,A. (1989) Telomeric DNA dimerizes by formation of guanine tetrads
between hairpin loops. Nature, 10.1038/342825a0.

5. Gomez,D., Lamarteleur,T., Lacroix,L., Mailliet,P., Mergny,J.L. and Riou,J.F. (2004) Telomerase
downregulation induced by the G-quadruplex ligand 12459 in A549 cells is mediated by hTERT
RNA alternative splicing. Nucleic Acids Res., 10.1093/nar/gkh181.

6. Kumari,S., Bugaut,A., Huppert,J.L. and Balasubramanian,S. (2007) An RNA G-quadruplex in the 5'
UTR of the NRAS proto-oncogene modulates translation. Nat. Chem. Biol.,
10.1038/nchembio864.

7. Arora,A., Dutkiewicz,M., Scaria,V., Hariharan,M., Maiti,S. and Kurreck,J. (2008) Inhibition of
translation in living eukaryotic cells by an RNA G-quadruplex motif. RNA, 10.1261/rna.1001708.

8. Huang,H., Zhang,J., Harvey,S.E., Hu,X. and Cheng,C. (2017) RNA G-quadruplex secondary
structure promotes alternative splicing via the RNA-binding protein hnRNPF. Genes Dev.,
10.1101/gad.305862.117.

9. Bugaut,A. and Balasubramanian,S. (2012) 5-UTR RNA G-quadruplexes: Translation regulation
and targeting. Nucleic Acids Res., 10.1093/nar/gks068.

10. Guo,K., Gokhale,V., Hurley,L.H. and Sun,D. (2008) Intramolecularly folded G-quadruplex and i-
motif structures in the proximal promoter of the vascular endothelial growth factor gene. Nucleic
Acids Res., 36, 4598—4608.

11. Dexheimer,T.S., Sun,D. and Hurley,L.H. (2006) Deconvoluting the structural and drug-recognition
complexity of the G-quadruplex-forming region upstream of the bcl-2 P1 promoter. J. Am. Chem.
Soc., 128, 5404—-5415.

12. Hsu,S.T.D., Varnai,P., Bugaut,A., Reszka,A.P., Neidle,S. and Balasubramanian,S. (2009) A G-
rich sequence within the c-kit oncogene promoter forms a parallel G-quadruplex having
asymmetric G-tetrad dynamics. J. Am. Chem. Soc., 131, 13399-13409.

13. Phan,A.T., Kuryawyi,V., Burge,S., Neidle,S. and Patel,D.J. (2007) Structure of an unprecedented
G-quadruplex scaffold in the human c-kit promoter. J. Am. Chem. Soc., 129, 4386—4392.

14. Cogoi,S. and Xodo,L.E. (2006) G-quadruplex formation within the promoter of the KRAS proto-
oncogene and its effect on transcription. Nucleic Acids Res., 34, 2536—2549.

15. Balasubramanian,S., Hurley,L.H. and Neidle,S. (2011) Targeting G-quadruplexes in gene
promoters: A novel anticancer strategy? Nat. Rev. Drug Discov., 10.1038/nrd3428.

16. Collie,G.W. and Parkinson,G.N. (2011) The application of DNA and RNA G-quadruplexes to
therapeutic medicines. Chem. Soc. Rev., 10.1039/c1cs15067g.

17. Huppert,J.L. and Balasubramanian,S. (2005) Prevalence of quadruplexes in the human genome.

16


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Nucleic Acids Res., 10.1093/nar/gki609.

18. Todd,A K., Johnston,M. and Neidle,S. (2005) Highly prevalent putative quadruplex sequence
motifs in human DNA. Nucleic Acids Res., 33, 2901-2907.

19. Guédin,A., Gros,J., Alberti,P. and Mergny,J.L. (2010) How long is too long? Effects of loop size on
G-quadruplex stability. Nucleic Acids Res., 38, 7858-7868.

20. Mukundan,V.T. and Phan,A.T. (2013) Bulges in G-quadruplexes: Broadening the definition of G-
quadruplex-forming sequences. J. Am. Chem. Soc., 10.1021/ja310251r.

21. Cerofolini,L., Amato,J., Giachetti,A., Limongelli,V., Novellino,E., Parrinello,M., Fragai,M.,
Randazzo,A. and Luchinat,C. (2014) G-triplex structure and formation propensity. Nucleic Acids
Res., 42, 13393-13404.

22. Li,X.M., Zheng,K.W., Zhang,J.Y., Liu,H.H., He,Y. De, Yuan,B.F., Hao,Y.H. and Tan,Z. (2015)
Guanine-vacancy-bearing G-quadruplexes responsive to guanine derivatives. Proc. Natl. Acad.
Sci. U. S. A., 10.1073/pnas.1516925112.

23. Heddi,B., Martin-Pintado,N., Serimbetov,Z., Kari,T.M.A. and Phan,A.T. (2016) G-quadruplexes
with (4n - 1) guanines in the G-tetrad core: Formation of a G-triad-water complex and implication
for small-molecule binding. Nucleic Acids Res., 10.1093/nar/gkv1357.

24. Kudlicki,A.S. (2016) G-quadruplexes involving both strands of genomic DNA are highly abundant
and colocalize with functional sites in the human genome. PLoS One, 11, 1-12.

25. Varizhuk,A., Ischenko,D., Tsvetkov,V., Novikov,R., Kulemin,N., Kaluzhny,D., Vlasenok,M.,
Naumov,V., Smirnov,l. and Pozmogova,G. (2017) The expanding repertoire of G4 DNA
structures. Biochimie, 135, 54—62.

26. Hon,J., Martinek,T., Zendulka,J. and Lexa,M. (2017) pgsfinder: an exhaustive and imperfection-
tolerant search tool for potential quadruplex-forming sequences in R. Bioinformatics, 33, 3373—
3379.

27. Bedrat,A., Lacroix,L. and Mergny,J.L. (2016) Re-evaluation of G-quadruplex propensity with
G4Hunter. Nucleic Acids Res., 44, 1746-1759.

28. Beaudoin,J.D., Jodoin,R. and Perreault,J.P. (2014) New scoring system to identify RNA G-
quadruplex folding. Nucleic Acids Res., 42, 1209-1223.

29. Chambers,V.S., Marsico,G., Boutell,J.M., Di Antonio,M., Smith,G.P. and Balasubramanian,S.
(2015) High-throughput sequencing of DNA G-quadruplex structures in the human genome. Nat.
Biotechnol., 10.1038/nbt.3295.

30. Biffi,G., Tannahill,D., McCafferty,J. and Balasubramanian,S. (2013) Quantitative visualization of
DNA G-quadruplex structures in human cells. Nat. Chem., 10.1038/nchem.1548.

31. Hansel-Hertsch,R., Beraldi,D., Lensing,S. V., Marsico,G., Zyner,K., Parry,A., Di Antonio,M.,
Pike,J., Kimura,H., Narita,M., et al. (2016) G-quadruplex structures mark human regulatory
chromatin. Nat. Genet., 10.1038/ng.3662.

32. Zheng,K.W., Zhang,J.Y., He,Y. De, Gong,J.Y., Wen,C.J., Chen,J.N., Hao,Y.H., Zhao,Y. and
Tan,Z. (2020) Detection of genomic G-quadruplexes in living cells using a small artificial protein.
Nucleic Acids Res., 10.1093/nar/gkaa841.

33. Hansel-Hertsch,R., Simeone,A., Shea,A., Hui, W.W.I., Zyner,K.G., Marsico,G., Rueda,O.M.,

17


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Bruna,A., Martin,A., Zhang,X., et al. (2020) Landscape of G-quadruplex DNA structural regions
in breast cancer. Nat. Genet., 52, 878-883.

34. Hui,W.W.l.,, Simeone,A., Zyner,K.G., Tannahill,D. and Balasubramanian,S. (2021) Single-cell
mapping of DNA G-quadruplex structures in human cancer cells. Sci. Rep., 11, 1-7.

35. Li,C., Wang,H., Yin,Z., Fang,P., Xiao,R., Xiang,Y., Wang,W., Li,Q., Huang,B., Huang,J., et al.
(2021) Ligand-induced native G-quadruplex stabilization impairs transcription initiation. Genome
Res., 31, 1546-1560.

36. Hansel-Hertsch,R., Spiegel,J., Marsico,G., Tannahill,D. and Balasubramanian,S. (2018) Genome-
wide mapping of endogenous G-quadruplex DNA structures by chromatin immunoprecipitation
and high-throughput sequencing. Nat. Protoc., 10.1038/nprot.2017.150.

37. Mao,S.Q., Ghanbarian,A.T., Spiegel,J., Martinez Cuesta,S., Beraldi,D., Di Antonio,M., Marsico,G.,
Hansel-Hertsch,R., Tannahill,D. and Balasubramanian,S. (2018) DNA G-quadruplex structures
mold the DNA methylome. Nat. Struct. Mol. Biol., 25, 951-957.

38. Lyu,J., Shao,R., Kwong Yung,P.Y. and Elsasser,S.J. (2022) Genome-wide mapping of G-
quadruplex structures with CUT&Tag. Nucleic Acids Res., 50, E13.

39. Kwok,C.K., Marsico,G., Sahakyan,A.B., Chambers,V.S. and Balasubramanian,S. (2016) RG4-seq
reveals widespread formation of G-quadruplex structures in the human transcriptome. Nat.
Methods, 10.1038/nmeth.3965.

40. Sahakyan,A.B., Chambers,V.S., Marsico,G., Santner,T., Di Antonio,M. and Balasubramanian,S.
(2017) Machine learning model for sequence-driven DNA G-quadruplex formation. Sci. Rep., 7,
1-11.

41. Klimentova,E., Polacek,J., Simecek,P. and Alexiou,P. (2020) PENGUINN: Precise Exploration of
Nuclear G-Quadruplexes Using Interpretable Neural Networks. Front. Genet., 11, 1-7.

42. Rocher,V., Genais,M., Nassereddine,E. and Mourad,R. (2021) DeepG4: A deep learning
approach to predict cell-type specific active G-quadruplex regions. PLoS Comput. Biol., 17, 1-15.

43. Garant,J.M., Perreault,J.P. and Scott,M.S. (2017) Motif independent identification of potential
RNA G-quadruplexes by G4RNA screener. Bioinformatics, 33, 3532-3537.

44. Huppert,J.L. and Balasubramanian,S. (2007) G-quadruplexes in promoters throughout the human
genome. Nucleic Acids Res., 35, 406—413.

45. Yuan,G.C,, Liu,Y.J., Dion,M.F., Slack,M.D., Wu,L.F., Altschuler,S.J. and Rando,O.J. (2005)
Molecular biology: Genome-scale identification of nucleosome positions in S. cerevisiae.
Science (80-. )., 309, 626—630.

46. Tsui,K., Dubuis,S., Gebbia,M., Morse,R.H., Barkai,N., Tirosh,l. and Nislow,C. (2011) Evolution of
Nucleosome Occupancy: Conservation of Global Properties and Divergence of Gene-Specific
Patterns. Mol. Cell. Biol., 31, 4348—4355.

47. Du,Z., Zhao,Y. and Li,N. (2008) Genome-wide analysis reveals regulatory role of G4 DNA in gene
transcription (Genome Research (2008) 18 (233-241)). Genome Res., 18, 516.

48. Smestad,J.A. and Maher,L.J. (2015) Relationships between putative G-quadruplex-forming
sequences, RecQ helicases, and transcription. BMC Med. Genet., 16, 1-14.

49. David,A.P., Margarit,E., Domizi,P., Banchio,C., Armas,P. and Calcaterra,N.B. (2016) G-

18


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

quadruplexes as novel cis-elements controlling transcription during embryonic development.
Nucleic Acids Res., 44, 4163—4173.

50. Yin,Y., Morgunova,E., Jolma,A., Kaasinen,E., Sahu,B., Khund-Sayeed,S., Das,P.K., Kivioja,T.,
Dave,K., Zhong,F., et al. (2017) Impact of cytosine methylation on DNA binding specificities of
human transcription factors. Science (80-. )., 356.

51. Sarkies,P., Reams,C., Simpson,L.J. and Sale,J.E. (2010) Epigenetic Instability due to Defective
Replication of Structured DNA. Mol. Cell, 40, 703-713.

52. Hirschi,A., Martin,W.J., Luka,Z., Loukachevitch,L. V. and Reiter,N.J. (2016) G-quadruplex RNA
binding and recognition by the lysine-specific histone demethylase-1 enzyme. Rna, 22, 1250-
1260.

53. Saha,D., Singh,A., Hussain,T., Srivastava,V., Sengupta,S., Kar,A., Dhapola,P., Dhople,V.,
Ummanni,R. and Chowdhury,S. (2017) Epigenetic suppression of human telomerase (hTERT) is
mediated by the metastasis suppressor NME2 in a G-quadruplex— dependent fashion. J. Biol.
Chem., 292, 15205-15215.

54. Lago,S., Nadai,M., Cernilogar,F.M., Kazerani,M., Moreno,H.D., Schotta,G. and Richter,S.N.
Promoter G-quadruplexes and transcription factors cooperate to shape the cell type-specific
transcriptome. Nat. Commun., 10.1038/s41467-021-24198-2.

55. Almouzni,G. and Cedar,H. (2016) Maintenance of epigenetic information. Cold Spring Harb.
Perspect. Biol., 8.

56. Davis,C.A., Hitz,B.C., Sloan,C.A., Chan,E.T., Davidson,J.M., Gabdank,l., Hilton,J.A., Jain,K.,
Baymuradov,U.K., Narayanan,A.K., et al. (2018) The Encyclopedia of DNA elements (ENCODE):
Data portal update. Nucleic Acids Res., 46, D794—-D801.

57. Lopez-Delisle,L., Rabbani,L., Wolff,J., Bhardwaj,V., Backofen,R., Griining,B., Ramirez,F. and
Manke,T. (2021) pyGenomeTracks: reproducible plots for multivariate genomic datasets.
Bioinformatics, 37, 422—-423.

58. He,K., Zhang,X., Ren,S. and Sun,J. (2016) Deep residual learning for image recognition. Proc.
IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit., 2016-Decem, 770—778.

59. Kingma,D.P. and Ba,J.L. (2015) Adam: A method for stochastic optimization. 3rd Int. Conf. Learn.
Represent. ICLR 2015 - Conf. Track Proc.

60. Eddy,J. and Maizels,N. (2006) Gene function correlates with potential for G4 DNA formation in the
human genome. Nucleic Acids Res., 34, 3887—3896.

61. Maity,A., Winnerdy,F.R., Chang,W.D., Chen,G. and Phan,A.T. (2020) Intra-locked G-quadruplex
structures formed by irregular DNA G-rich motifs. Nucleic Acids Res., 48, 3315-3327.

62. Kikin,O., D’Antonio,L. and Bagga,P.S. (2006) QGRS Mapper: A web-based server for predicting
G-quadruplexes in nucleotide sequences. Nucleic Acids Res., 34, 676—682.

63. Lim,K.W., Jenjaroenpun,P., Low,Z.J., Khong,Z.J., Ng,Y.S., Kuznetsov,V.A. and Phan,A.T. (2015)
Duplex stem-loop-containing quadruplex motifs in the human genome: A combined genomic and
structural study. Nucleic Acids Res., 10.1093/nar/gkv355.

64. Jaganathan,K., Kyriazopoulou Panagiotopoulou,S., McRae,J.F., Darbandi,S.F., Knowles,D.,
Li,Y.l., Kosmicki,J.A., Arbelaez,J., Cui,W., Schwartz,G.B., et al. (2019) Predicting Splicing from

19


https://doi.org/10.1101/2023.03.28.534555

bioRxiv preprint doi: https://doi.org/10.1101/2023.03.28.534555; this version posted March 29, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Primary Sequence with Deep Learning. Cell, 10.1016/j.cell.2018.12.015.

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

66. Xu,J., McPartlon,M. and Li,J. (2021) Improved protein structure prediction by deep learning
irrespective of co-evolution information. Nat. Mach. Intell., 3, 601-609.

67. Chan,A., Korsakova,A., Ong,Y.S., Winnerdy,F.R., Lim,K.W. and Phan,A.T. (2021) RNA alternative
splicing prediction with discrete compositional energy network Association for Computing
Machinery.

68. Beacon,T.H., Delcuve,G.P., Lopez,C., Nardocci,G., Kovalchuk,l., van Wijnen,A.J. and Davie,J.R.
(2021) The dynamic broad epigenetic (H3K4me3, H3K27ac) domain as a mark of essential
genes. Clin. Epigenetics, 13, 1-17.

69. Park,S., Kim,G.W., Kwon,S.H. and Lee,J.S. (2020) Broad domains of histone H3 lysine 4
trimethylation in transcriptional regulation and disease. FEBS J., 287, 2891-2902.

70. Howe,F.S., Fischl,H., Murray,S.C. and Mellor,J. (2017) Is H3K4me3 instructive for transcription
activation? BioEssays, 39, 1-12.

71. Barski,A., Cuddapah,S., Cui,K., Roh,T.Y., Schones,D.E., Wang,Z., Wei,G., Chepelev,l. and
Zhao,K. (2007) High-Resolution Profiling of Histone Methylations in the Human Genome. Cell,
129, 823-837.

72. Zhang,T., Zhang,Z., Dong,Q., Xiong,J. and Zhu,B. (2020) Histone H3K27 acetylation is
dispensable for enhancer activity in mouse embryonic stem cells. Genome Biol., 21, 1-7.

73. Harrow,J., Frankish,A., Gonzalez,J.M., Tapanari,E., Diekhans,M., Kokocinski,F., Aken,B.L.,
Barrell,D., Zadissa,A., Searle,S., et al. (2012) GENCODE: The reference human genome
annotation for the ENCODE project. Genome Res., 10.1101/gr.135350.111.

74. Gao,T., He,B., Liu,S., Zhu,H., Tan,K. and Qian,J. (2016) EnhancerAtlas: A resource for enhancer
annotation and analysis in 105 human cell/tissue types. Bioinformatics, 32, 3543-3551.

75. Shen,J., Varshney,D., Simeone,A., Zhang,X., Adhikari,S., Tannahill,D. and Balasubramanian,S.
(2021) Promoter G-quadruplex folding precedes transcription and is controlled by chromatin.
Genome Biol., 22, 1-14.

20


https://doi.org/10.1101/2023.03.28.534555

