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Abstract

Three-dimensional nuclear DNA architecture comprises well-studied intra-chromosomal ( cis)
folding and less characterized inter-chromosomal (¢rans) interfaces. Current predictive models
of 3D genome folding can effectively infer pairwise cis-chromatin interactions from the primary
DNA sequence but generally ignore trans contacts. There is an unmet need for robust models of
trans-genome organization that provide insights into their underlying principles and functional
relevance. We present TwinC, an interpretable convolutional neural network model that reliably
predicts trans contacts measurable through genome-wide chromatin conformation capture (Hi-
C). TwinC uses a paired sequence design from replicate Hi-C experiments to learn single base
pair relevance in trans interactions across two stretches of DNA. The method achieves high
predictive accuracy (AUROC=0.80) on a cross-chromosomal test set from Hi-C experiments
in heart tissue. Mechanistically, the neural network learns the importance of compartments,
chromatin accessibility, clustered transcription factor binding and G-quadruplexes in forming
trans contacts. In summary, TwinC models and interprets trans genome architecture, shedding
light on this poorly understood aspect of gene regulation.
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1 Introduction

The genetic information encoded in nuclear DNA is organized into a finely regulated 3D structure
that controls tissue- and disease-specific gene expression [1, 2, 3]. Cis folding is well understood and
comprises hierarchical structures such as DNA loops, topologically associating domains (TADs),
and active/inactive (A/B) compartments. Trans interfaces are less widely studied. Non-holocentric
chromosomes in higher eukaryotes occupy distinct domains in the interphase nucleus, referred to
as “chromosome territories” [4]. Chromosome territories limit the frequency of ¢rans interactions
compared to the “spaghetti” DNA fiber model [5]. However, these territories do not serve as strict
barriers. Certain loci can bypass these spatial restrictions, allowing interactions within different
nuclear compartments, such as mRNA and tRNA factories, polycomb domains, the nucleolus,
and nuclear speckles [6]. These interactions often involve specific loci crucial for gene regulation,
particularly in enhancer hubs [7], transcription factories [8, 9, 10], and splicing factories [11].

Advances in chromosome conformation capture methods, e.g., Hi-C [12], micro-C [13], ChIA-
PET [14], GAM [15], and SPRITE [16], enabled sequencing-based, high-throughput assays of chro-
matin interactions in many cell types and states. Although these technologies measure both cis
and trans DNA contacts, analytical methods have focused primarily on the patterns and functions
of cis genome folding. Notably, robust experimental measurement of trans contacts is challenging:
these contacts typically contribute to only 20-30% of all measured pairwise DNA interactions and
are spread across a much larger inter-chromosomal space (Fig. 1A). Thus, trans contacts data is
relatively sparse, and leveraging Hi-C data from biological replicates is crucial for identifying robust
trans contacts in the presence of inherent sparsity.

Machine learning methods can be leveraged to predict 3D genome folding and infer its underlying
principles, including sequence and locus specificity. A first class of models, exemplified by Akita
[17], DeepC [18], and Orca [19], learn to predict DNA contacts from DNA sequence alone and
are evaluated on held-out chromosomes in the same tissue or cell type. Such models can be used
to study the impact of sequence variations on DNA contacts within a tissue. A second class of
models, including Epiphany [20] and C.Origami [21], learn to infer DNA contacts by combining
DNA sequence with other epigenetic measurements like ATAC-seq, DNase-seq, or transcription
factor (TF) ChIP-seq. These models can predict contacts on held-out chromosomes and in new
tissue types, subject to the availability of the appropriate epigenetic data.

Both classes of models, however, are currently mostly restricted to predicting only cis contacts.
Generally, these models take as input a single DNA sequence and produce as output the corre-
sponding prediction of the contact frequencies for all pairs of genomic bins of a defined size within
the given DNA sequence. This design only allows for the prediction of contacts between proximal
pairs of DNA loci. Akita, for example, can only predict contacts at a resolution of 2048 basepair
(bp) within 1 mbp of one another. This restriction is reasonable for cis interactions because chro-
matin’s polymer properties result in most observed cis contacts occurring within a 1 mbp window.
However, extending such a model to capture all cis interactions requires a much larger receptive
field, i.e., providing chromosome length sequences as input to the model.

Furthermore, generalizing this single-sequence setup to predict trans interactions is nontrivial.
Currently, Orca is the only model that can be adapted to predict trans contacts: this is achieved by
concatenating two 128 mbp sequences from different chromosomes as input to the model, employing
a very large receptive field, and leveraging the model’s multi-resolution capabilities to zoom into
the center of the input for predictions at 512 kbp, 256 kbp, and 128 kbp resolutions. This approach
makes generating predictions for entire chromosome pairs at resolutions finer than 1024 kbp a
complex and computationally expensive task.

To address these challenges, we present TwinC, a convolutional neural network (CNN) model
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specifically designed to predict trans DNA-DNA contacts. TwinC takes as input two DNA se-
quences, making the prediction of trans contacts straightforward. Furthermore, motivated by the
extreme sparsity of typical trans contact maps, where even a single read-pair may be statistically
significant if observed repeatedly, TwinC uses replicate Hi-C measurements in a given tissue type
to determine whether a pair of DNA loci is repeatedly observed to interact (Fig. 1B). Accordingly,
TwinC frames trans contact prediction as a classification task with “contact” versus “no contact”
classes, in contrast to the regression setup of existing models. The TwinC code and trained model
are freely available under an Apache license at https://github.com/Noble-Lab/twinc.

2 Results

2.1 TwinC, a twin convolutional neural network to predict trans genome folding

TwinC is a CNN model that predicts contact between two trans genomic loci from nucleotide
sequences (Fig. 1C, Supplementary Figure 1). The model takes two 100 kbp nucleotide sequences as
input and treats the task of predicting trans contacts as a classification task. Hence, TwinC outputs
a “contact score,” a scalar value between 0 and 1, where 0 indicates the absence of contact, and 1
indicates the presence of contact between the input sequences. The high sparsity of trans contacts
motivates the switch from the standard, regression-like framework to a classification setting. TwinC
solves the reliability issue raised by the sparsity of trans contacts by leveraging multiple biological
replicates to find reproducible contacts. The locus pairs consistently observed to be in contact
across multiple donors are assigned a positive class label, whereas those consistently not in contact
are assigned a negative class label. TwinC’s architecture comprises a 1D convolutional encoder and
a 2D convolutional decoder module. Both input sequences pass through the same encoder module
to generate latent embeddings that are input to the decoder module. The decoder module then
produces the contact score as output. This paired-sequence design allows TwinC to employ shorter
input DNA sequences and fewer model parameters. For example, with 6.5 M parameters, TwinC
is 3.5-fold smaller than the inter-chromosomal part of the Orca model with 22.5 M parameters.

2.2 TwinC accurately predicts reproducible trans contacts from nucleotide se-
quences in the human heart

We trained TwinC on Hi-C data from the left and right ventricles of the human heart, available
from the ENCODE consortium. For each ventricle, we downloaded Hi-C experiments from ten
human donors (Supplementary Table 1) and divided the donors into two groups, A and B. Robust
positive and negative classification labels were extracted from each group (Fig. 1B). Group A labels
were used to train TwinC, and group B labels were used to generate the upper bound of predictive
performance. To estimate this upper bound, true positive and false positive rates were computed
using labels from group A as ground truth and group B as predictions. These values represent the
reproducibility between the two donor groups.

TwinC’s training procedure aims to minimize the binary cross-entropy loss function between
the predictions and the targets. To avoid overfitting, we used five-fold validation, where in each
fold, we divided the human genome with 19/2/2 chromosomes in the train/validation/test sets.

Our evaluation suggests that TwinC accurately predicts whether a pair of trans DNA loci
participate in a robust contact. For predictions on test set chromosomes, TwinC achieves an
AUROC of 0.7956 and 0.7984 in the left and right ventricles of the human heart, respectively
(Fig. 1D-E). We compare TwinC to two competing methods. The first method, GC, is a simple
baseline where we use the GC content of the input sequence pair as the contact predictor. The
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second method, Donor Group B, is a control that represents an upper bound on the predictive
performance. TwinC substantially outperforms the GC baseline on the held-out set in the heart,
left and right ventricle (Fig. 1D-E). Furthermore, TwinC’s performance is close to the upper bound
in both tissues. In the heart left ventricle, TwinC achieves a true positive rate (TPR) of 0.4925,
only 0.0959 below the TPR of the upper bound, 0.5884, at the same false positive rate (FPR) of
0.0662 (Fig. 1D). Similarly, in the heart right ventricle, at the FPR of 0.0482, TwinC’s TPR of
0.4430 is only 0.0691 below the upper bound TPR of 0.5121 (Fig. 1E). Visually, TwinC captures a
variety of patterns observed in the experimental Hi-C data (Fig. 1F). Finally, despite the propensity
of smaller chromosomes to cluster together (Supplementary Figure 2A and 2B) [12], we found no
bias in TwinC’s performance with respect to chromosome length (Supplementary Figure 2C and
2D). These results showcase TwinC’s ability to accurately predict robust trans contacts present in
the ventricles of the human heart.

Notably, our training procedure is very efficient due to the small size of the TwinC model.
We can train TwinC at 100 kbp resolution in 18 hours using one NVIDIA L40 40 GigaByte (GB)
GPU. This training time represents a 26-fold reduction from Orca, where the third stage of the
Orca model, which generates trans predictions at 128 kbp finest resolution, was trained for 20 days
using a server with four NVIDIA Tesla V100 32 GB GPUs.

2.3 TwinC’s accuracy is comparable to Orca’s on the task of trans contact
prediction

To our knowledge, Orca is the only existing machine learning model capable of predicting trans
contacts from DNA sequences. Accordingly, we set out to directly compare the two models. To
enable a fair comparison, we implemented an alternate version of TwinC that mimics some of
Orca’s design choices. First, we designed a regression version of TwinC because Orca frames the
trans contact prediction task as a regression problem. Second, we modified TwinC to predict
trans contacts at 128 kbp resolution, corresponding to the finest resolution at which the Orca
model predicts trans contacts. Third, we trained the TwinC regression model on the H1 embryonic
stem cells (HIESC) cell line for which the trained Orca model is available, and we held out the
identical chromosomes as the Orca test set, chromosomes 9 and 10. We generated 100 samples of
256 mbp multichromosomal sequences from test chromosomes 9 and 10 using Orca’s pipeline, and
we repeated this sampling process ten times.

Comparing Orca’s and TwinC’s predictions to the held-out Hi-C data, we observe comparable
test set performance between the two methods. Specifically, following Orca’s evaluation, we com-
puted the Spearman correlation coefficient between normalized contact scores and predictions from

Figure 1 (preceding page): TwinC predicts reproducible trans contacts from nucleotide
sequences in the human heart. A, A genome-wide Hi-C contact map with a focus on cis
and trans contacts. B, The pipeline to extract labels using Hi-C contact maps from multiple
donors. We divide the donors into two groups, donor group A and donor group B. Donor group
A provides classification labels to train the TwinC model. Donor group B determines the upper
limit of reproducibility between two donor groups by checking the agreement with labels from
donor group A. C, Architecture of the TwinC model. D—E, ROC curves showing performance of
TwinC (yellow curve) along with reproducibility upper limit (purple dot) and GC content baseline
(red curve) in heart left ventricle (D) and right ventricle (E). F, Observed contact map (top) and
predicted contact score from TwinC (bottom) from test set chromosomes chr9 and chrl0 in heart
left ventricle.
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Figure 2: TwinC and Orca models perform at par on the task of trans contact predic-
tion. A, Scatterplot showing Spearman’s R between Orca predictions and Hi-C data on the x-axis
and Spearman’s R between TwinC predictions and Hi-C data on the y-axis. B, The left scatterplot
shows Hi-C data on the x-axis and Orca predictions on the y-axis. The right scatterplot shows
Hi-C data on the x-axis and TwinC predictions on the y-axis. The Hi-C data for A-B has been
normalized using the Orca pipeline. C-D are similar to A-B, except the Hi-C normalization has
been performed using the TwinC pipeline.
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the Orca and TwinC regression models for the HIESC cell line (Fig. 2). When the observed contact
data was normalized using Orca’s pipeline, both the Orca and TwinC models displayed similar cor-
relation across ten groups of 100 samples each (Fig. 2A TwinC’s R > Orca’s R, in 6/10 samples and
TwinC’s R < Orca’s R, in 4/10 samples) with good correspondence between normalized contact
score and predictions from both models (Fig. 2B). Alternatively, when the observed contact data
was normalized using TwinC’s pipeline, TwinC displays marginally better correlation than Orca
(Fig. 2C, TwinC’s R > Orca’s R, in 10/10 samples, p-value=0.128 using Wilcoxon rank-sum test,
Fig. 2D). These results suggest that TwinC performs comparably with the Orca model despite a
simpler design and substantially faster training time.

2.4 TwinC learns the importance of chromatin accessibility in the formation of
trans contacts

A key goal in studying chromatin 3D architecture is to characterize the relationship between local
chromatin structure and long-range chromatin contacts. We hypothesized that local chromatin
accessibility is implicated in the co-localization of trans loci to facilitate regulatory processes like
transcription in RNA factories [22]. Therefore, we designed a set of experiments to use TwinC to
assess the impact of accessible DNA sequences on predicted trans contacts. The procedure uses
ATAC-seq experiments to identify open chromatin regions, inserts or deletes the corresponding DNA
sequences, and then uses TwinC to predict the resulting changes in trans contacts. Specifically, the
first experiment consists of four steps. First, we downloaded ATAC-seq experiments in heart left
and right ventricles from ENCODE and identified all peak regions therein. Second, we used TwinC
to predict contact scores for all pairs of 100 kbp genomic loci between one test set chromosome pair,
chr9 and chr10. Third, we ranked these locus pairs by the predicted contact score and designated
two subsets, the top 10% and the next 30% of locus pairs (Fig. 3A). Fourth, for each top-10% locus
pair, we moved all of its ATAC-seq peak sequences into the corresponding positions in a randomly
selected locus pair from the next-30% set (Fig. 3B, illustration). We then compared the predicted
TwinC contact score for these locus pairs before and after the substitution.

The results of this experiment show that TwinC connects chromatin accessibility to trans con-
tacts. Overall, when we insert ATAC-seq peak sequences into a randomly selected pair of loci, we
observe an almost uniform increase in the predicted contact score: 98.16% scores increase, with a
mean increase of 0.0855 in the predicted contact score (Fig. 3B, scatterplot). We also repeated this
experiment in the reverse direction, replacing ATAC-seq peaks in the top 10% set with correspond-
ing sequences from the next 30% set (Fig. 3C, illustration). Again, we observed a marked shift in
the predicted contact scores, but in the opposite direction (Fig. 3C, scatterplot). Together, these
two results indicate that chromatin accessibility plays a role in TwinC’s trans contact predictions.
As a corollary, this observation suggests that accessibility is a key feature of chromatin involved in
strong trans contacts.

2.5 TwinC’s predictions differ systematically in A versus B compartments

Given the importance of A/B compartment structure in chromatin 3D architecture, we next in-
vestigated the distribution of reproducible contacts in A versus B compartments. First, we used
POSSUMM [23] to assign A/B compartment labels based on the five heart left ventricle Hi-C ex-
periments in our test set. For robustness, loci for which only three out of five experiments agreed
on the compartment label were omitted. Using these compartment labels, we then segregated our
trans contact labels into AA, AB/BA and BB compartment types (Fig. 3D). This analysis showed
that trans contacts between A compartments are most frequent, followed by contacts between B


https://doi.org/10.1101/2024.09.16.613355
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.09.16.613355; this version posted September 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

A

100 KB genomic region A1 100 KB genomic region B1

Replace sequences in Next
30% with peak sequences

1. Predict inter-chromosomal
contact scores for two test
chromosomes using TwinC

:

Next 30%

[z}
from Top 10%
i ATAC-seq peaks o PR
e 100KB sequence
pair from the Top Ll LU LLLLLL L LLLLLLLLLLLLLLLL
10% set ACC..GTA AACC..CCGG TTCGC.,.GAACCC
100KB sequence l l 1
| pair from the Next LLLILLIILLILLIILII]  LLLLUL LU LU LU
< { Top 10% 30% set

Addition .
@ 1. B1. -
§ 00 Score increase (1): 98.16% § 00 Score increase (1): 7.83% s
05 Score decrease (1): 1.84% o8 core decrease (1): 92.17%<%
Twin modules with : 82 0.80 8 20.80
tied ters [z D@
| —~ B L B x
9 @ H £% &8
> o S 2 0.60 S 20.60
< > 2. Flatten the predicted 8a S g
matrix and rank by the 3 Z 32 4
predicted contact score B % 0.40 8E0.40
HiE LN 1| R Y £ E .
chr9 chr 10 o2& O R
[ ae
© 0.20 20.20
D £ °
Interaction Types (AUROC) 0.10 0.20 0.30 0.40 — 0.40 0.60 0.80 1.00
Contact AA: 0.76 Predicted contact score (Next 30%) Predicted contact score (Top 10%)
No Contact AB/BA: 0.65 c
BB: 0.56
1.0 0.34 095 0.84 1.0 >
g ,I,
© 08 ©08 Vil
i 0.66 8 v
$06 206 gs 100 KB genomic region A1 100 KB genomic region B1
£ =3 /' Replace peak sequences in
k] 0.4 § 04 o’ ;I'op 13% :\gig:ysequences
S e v ATAC-seq peaks S
S =3 4 T
8 0.2 0.16 F02| 100KB sequence
= 0.05 v pair from the Top  dulalalalalalel b LLLLLLLLLL  LLLLLLLLLLLLLLLLLLL
0.0 - 0.0¥ 10% set
AA AB/BA BB 00 02 04 06 08 10 100KB sequence  TCT..ATA GGGG..CCAA AAACG..TTTGCC
Interaction Type False Positive Rate pair from the Next
30% set
0.80 . - - 0.80 - - - 0.80 - - -
Score increase (1): 94.75% Score increase (1): 61.92% Score increase (1): 49.14%
Score decrease (1): 5.25% Score decrease (i): 38.08% Score decrease (1): 50.86%
0.60

o
o
o

Predicted AA contact score
(After ATAC-seq peak insertion)
=}
IS
o

I
N
(=]

0.40

o
N
=)

Predicted AB/BA contact score
(After ATAC-seq peak insertion)

0.10

0.15
Predicted AA contact score
(Before ATAC-seq peak insertion)

0.20 0.

0.15

Predicted AB/BA contact score
(Before ATAC-seq peak insertion)

10 0.20

Predicted BB contact score
(After ATAC-seq peak insertion)

o
o
o

°
>
(=]

o
N
o

0.10 0.15 0.20
Predicted BB contact score

(Before ATAC-seq peak insertion)


https://doi.org/10.1101/2024.09.16.613355
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.09.16.613355; this version posted September 23, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

compartments, with A-to-B contacts occurring least frequently.

Subsequently, we performed two experiments to investigate the difference in TwinC’s predictions
by compartment type. First, we segregated positive and negative locus pairs into three categories
(AA, AB/BA, BB) and separately calculated test set receiver operating characteristic (ROC) curves
for each category (Fig. 3E). We observe a striking trend: AA compartment contacts are easiest
to predict from DNA sequences (AUROC: 0.76), followed by AB/BA contacts (AUROC:0.65),
with BB contacts being the most difficult to predict (AUROC: 0.56). This result suggests that
sequence-specific elements mediate AA contacts, whereas BB contacts may rely on other layers of
regulation.

Second, we repeated the ATAC-seq peak insertion experiment described above but focused
separately on AA, AB/BA and BB contacts. Once again, we observed a marked difference in
TwinC’s behavior in these three settings. For AA contacts, inserting peak regions from sequences
with higher contact scores to sequences with lower contact scores led to a uniform increase in
their contact score (Fig. 3F), similar to what we observed previously in our aggregate analysis.
However, when focusing on AB/BA and BB compartment contacts, this effect disappears; instead,
the effect of the peak insertion leads to a nearly equal distribution of positive and negative changes
in the predicted contact score (Fig. 3G-H). Together, these results indicate that contacts within
the gene-rich A compartment depend more strongly upon accessible sequence elements than in the
B compartment, which aligns with current models of these two compartments [24, 25].

2.6 TwinC finds transcription factors implicated in trans contacts

Aggregation of RNA polymerase II transcription initiation complexes in nuclear space is known to
form transcription factories [26]. However, the role of individual TFs in these trans clusters is yet
to be comprehensively characterized. Sequence-to-activity models like TwinC can contribute to
this characterization task by quantifying the effect of TF motifs on trans contacts. To that end, we
designed an experiment to quantify the importance of individual TF motifs for TwinC’s predictions
(Fig 4A). We focused on 55,393 pairs of loci with the highest predicted contact scores from TwinC,

Figure 3 (preceding page): TwinC learns the importance of chromatin accessibility in the
formation of trans contacts. A, Pipeline for generating a list of locus pairs from the test set
chromosomes (chr9 and chrl0), ranked by their predicted contact score. In the ranked list locus
pairs, we designate two sets, top-10% and next-30%, which contain 10% and 30% of the locus pairs,
respectively. B, Top illustration shows the experiment where DNA sequences corresponding to all
ATAC-seq peaks in a random locus pair from the top-10% set are inserted into a random locus pair
in the next-30% set. The bottom-left scatterplot shows the predicted contact score for the next-30%
set before inserting peak sequences (x-axis) and after inserting the peak sequences (y-axis). C, The
bottom illustration shows the reverse experiment, where DNA sequences from a random locus pair
in the next-30% set are inserted in positions corresponding to all ATAC-seq peaks in a random locus
pair from the top-10% set. The top-right scatterplot shows the predicted contact score for the Top
10% with peak sequences intact (x-axis) and without the peak sequences (y-axis). D, The stacked
Bar plot showing the fraction of contacts versus no contact 100 kbp bin pairs in trans A-to-A (AA),
A-to-B or B-to-A (AB/BA) and B-to-B (BB) bin pairs. E, ROC curve showing TwinC'’s test set
performance when predicting contacts based on compartment type: AA (Blue Curve), AB/BA
(Yellow Curve) and BB (Red Curve). F-H The scatterplots show predicted contact score before
insertion of ATAC-seq peaks from sequence pairs with higher predicted contact score (x-axis) and
after insertion of these peaks (y-axis) for AA (F), AB/BA (G) and BB (H) compartment contacts.
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and we used Integrated Gradients [27] to find per-base importance scores across all sequences
within this set. We then examined the distribution of importance scores associated with a set of
1022 TF motifs derived from two sources, one downloaded from the JASPAR database and the
second derived from the ChromBPNet model. Using the Mann-Whitney U test on the distribution
of median importance scores associated with occurrences of each TF motif and a corresponding
shuffled decoy motif, we identified 112 TFs that TwinC finds necessary for trans contacts (Fig. 4B,
Supplementary Table 2).

Our list of trans contact TFs includes several expected classes of motifs. For example, CTCF,
with an adjusted p-value of 3.09 x 1073% | is a known regulator of cis genome architecture, essential
for the formation of enhancer-promoter loops and enriched at TAD boundaries [28, 29, 30]. Previous
studies provide specific instances of CTCF-mediated trans interactions, including Igf2/H19 and
Wsb1/Nfl loci [31] and in X chromosome inactivation in mammals [32, 33, 34, 35, 36]. Our results
indicate a widespread prevalence of CTCF motifs in trans interactions. In addition, we observe the
enrichment of several members of the ATF [37], TBX [38], RUNX [39], GATA [40], KLF/SP [41],
ETS [42], IRF [43] and STAT [44] families of proteins, which are known to have key roles in cell
types found in the heart, such as cardiomyocytes, endothelial cells, cardiac fibroblasts, macrophages
and lymphocytes.

To investigate the properties shared by TFs enriched in trans contacts, we systematically as-
sessed three properties of each TF: expression of the TF gene in heart ventricles, evolutionary
conservation of the TF gene, and the presence of intrinsically disordered regions (IDRs) within the
TF protein. We find the trans contact TF's are highly expressed (Fig. 4C) compared to a control set
of TF's not enriched in trans contacts. However, there is no significant difference between the two
groups in terms of evolutionary conservation and intrinsically disordered regions (Supplementary
Figure 3A-D). Previous studies have shown that TFs must maintain a delicate balance between
disorder, which can facilitate protein-protein interactions, and evolutionary selective pressure for
stable structures [45, 46]. Our results suggest that TFs implicated in trans contacts may regulate
their targets through higher expression but not necessarily differences in conservation or disorder
in protein structure than non-enriched TFs.

Finally, we observed several G-rich motifs in the trans TF set, including some TFs, such as SP1,
that bind to G-quadruplexes (G4s) [47]. G4s are secondary structures in guanine-rich nucleotide
sequences implicated in modulating transcriptional activity [47]. We used two approaches to test
the hypothesis that G4s are implicated in trans contacts. First, we used quadparser to search for
G4-motifs in our test set [48]. In parallel, we downloaded G4 coordinates from the G4-seq protocol

Figure 4 (preceding page): TwinC finds transcription factors enriched in trans contacts.
A, Schematic showing the process of defining TFs enriched in trans contacts and non-enriched
TFs using median importance score distributions of individual TF motifs and their shuffled decoys.
B, Box plot showing means of median importance score distributions of enriched TF motifs (left,
n=112) and non-enriched TF motifs (right, n=492). Per Base importance scores were generated
using Integrated Gradients on the top 10% sequence pairs in the test set based on predicted contact
score in the heart left ventricle. C, Box plot showing gene expression (TPM) of enriched TF's (left,
n=113) and non-enriched TFs (right, n=447) in heart left ventricle. D, Paired boxplot showing
the number of G-quadruplex motifs in predicted contact (contact score > 0.5, in purple) and in
predicted no contact (contact score < 0.5, in green) test set sequence pairs for three sources of G4
regions: computational G4 calls from quadparser and two G4-seq experiments. All p-values are
from the right-tailed Mann-Whitney U test.
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in the HEK293T cell line [49, 50, 51, 52]. Next, we separated the test set into contact (predicted
contact score > 0.50) and no-contact (predicted contact score < 0.50) groups. Subsequently, we
counted the number of G4 motifs overlapping with each sequence pair in both sets. We found
significant enrichment of G4 motifs in the contact versus no-contact group using both approaches
(Fig. 4D). In parallel, we found that the G4 motif counts derived from quadparser and G4-seq are
reasonable predictors of trans contacts, with AUROC ranging from 0.638 to 0.655 (Supplementary
Figure 3). While several studies have linked enhanced G4 formation with increased transcription
activity [53, 47|, our results suggest that proximity of G4-rich sequences in trans can be a potential
mode of G4-mediated gene regulation.

3 Discussion

TwinC is a sequence-based CNN that learns to predict trans Hi-C contacts. Unlike existing ap-
proaches that predict all pairs of Hi-C contacts within a single genomic sequence, TwinC adopts
a paired-sequence approach, predicting the contact frequency between two input sequences. In
this regression setup, this approach results in a computationally efficient model with 3.5-fold fewer
parameters, 26-fold faster training, and comparable predictive performance to the previous state-
of-the-art Orca model. Due to extreme sparsity in trans contacts, TwinC moves away from the
regression setup of predicting the frequency of Hi-C contacts to a classification setup where robust
positive and negative labels are extracted from multiple replicate experiments. In this classifica-
tion setup, TwinC achieves an AUROC of 0.7956 and 0.7984 in the heart left and right ventricles,
respectively. Furthermore, TwinC’s TPR is close to the donor-based upper bound of predictive
performance at the same FPR. Our results show the effectiveness of our paired-sequence approach
in simplifying the architecture, training and inference of sequence-based 3D genome architecture
models.

Using sequence substitution experiments, we showed that substituting ATAC-seq peak sequences
from locus pairs with higher predicted contact scores to locus pairs with lower scores leads to
an increase in contact score for the latter and vice versa. Furthermore, this effect is specific
to A-to-A compartment contacts and disappears in B-to-B compartment contacts. Therefore,
TwinC finds the sequence context of A compartment-specific accessible regions significant for trans
contact formation and suggests that B-to-B compartment contacts may be regulated through other
mechanisms. For example, previous studies have shown that B compartments overlap highly with
Lamin-associated domains [23]. Therefore, the nuclear lamina may also contribute to their inter-
chromosomal organization [54, 55].

TwinC finds 112 TF motifs implicated in trans contacts, using importance scores from Inte-
grated Gradients combined with TF motifs from JASPAR and ChromBPNet. These trans contact
TFs are highly expressed in the heart ventricles, and their motifs are highly predictive of trans
contacts. Our list of TFs includes CTCF and several members of the ATF, TBX, RUNX, GATA,
KLF/SP, ETS, IRF and STAT families of proteins, among others. Although previous studies have
shown specific instances of CTCF-mediated trans interactions, our study suggests that the CTCF
motif has a more widespread presence in trans contacts. Similarly, we have shown that the TFs
TwinC finds to be enriched in trans contacts are highly expressed and functional in the heart,
with their misregulation often implicated in cardiovascular diseases. However, the specific roles of
these TFs in forming trans contacts have not yet been comprehensively characterized. Our study
offers potential trans contact TF candidates for future studies looking into heart-specific or tissue-
agnostic trans 3D genome architecture. TwinC also finds that G4s are enriched in trans contact.
G4s are known to bind to transcription factors to enhance or repress transcription, and our study
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indicates that the proximity of G4-rich sequences in trans may be implicated in this regulation.
However, more investigation is needed to establish the exact role of G4s, if any, in the formation
of trans contacts.

In the current study, we applied TwinC to trans contacts, but this approach could also signif-
icantly simplify models for cis contacts. One future direction is to model cis and trans contacts
together in one model using this approach. Such joint modeling can reveal the unified regulatory
landscape of the 3D nuclear architecture. Furthermore, the sparsity of trans contacts due to the
read coverage of Hi-C experiments is a major limitation for modeling trans interactions at finer
resolution than 100 kbp. As higher coverage Hi-C experiments become more readily available,
modeling interactions between chromosomes at finer resolution may reveal a fine-grained picture of
trans nuclear regulation.

4 Methods

4.1 Hi-C data

In this work, we analyze Hi-C data from the left and right ventricles of the human heart (Sup-
plementary Table 1). The data was downloaded from the ENCODE Consortium and contains ten
samples each from the heart’s left and right ventricles from 20 different donors, with read coverage
varying between 2.5 to 6 billion reads. Each Hi-C experiment produces a matrix (“contact map”),
where each row and column corresponds to a fixed-size genomic locus called a “bin.” We refer to
the size of these bins as the “resolution” of the Hi-C experiment. The value in the contact map at
position (7, j) is the number of read pairs found as evidence of contact between bins i and j. The
downloaded Hi-C datasets were already normalized using SCALE, a variant of the Knight-Ruiz
(KR) matrix balancing algorithm.

4.2 Hi-C labels

Trans Hi-C contact maps suffer from sparsity along with biological and technical biases. To address
these issues, we formulate the task of predicting trans contacts from nucleotide sequence as a binary
classification task, where the positive class consists of pairs of trans genomic loci in contact, and the
negative class consists of pairs of loci with no contact. To define the positive and negative sets of
contacts, we randomly segregate ten replicate Hi-C matrices into two groups, with five experiments
in the “labels” set and five in the “predictions” set. We subjected the “labels” set of matrices to
a three-step pipeline to obtain class labels. The first step aims to eliminate bins with extremely
large or small total counts because these counts can represent technical artifacts. To do so, we sum
all five Hi-C experiments into a single matrix and then remove the top 0.1% and bottom 1% bins,
ranked by total genome-wide trans contact counts. We remove these same bins from the five Hi-C
experiments in the prediction group. The second step identifies robust contacts between pairs of
trans bins to use as positive labels. Therefore, we identify contacts in the labels group observed
with > ¢ count in > m experiments and label these contacts as positives. The third step identifies
robust no-contact locus pairs to use as negative labels. In this step, we iterate over all pairs of
chromosomes and remove empty rows and columns from their pairwise contact map because these
bins never interact with any bin from the second chromosome. This operation leaves us with trans
loci with some potential for interaction. We then find contacts with < j count in > n experiments,
and we label these contacts as negatives.

Thus, assigning positive and negative labels to a set of contact maps requires specifying five
parameters: the bin size and the four thresholds listed above (i, m, j and n). To set these
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parameters, we systematically vary the five parameters to select their optimal values, generating
an ROC curve for each parameter set by using the assigned positive/negative labels as ground
truth and the contact counts from the prediction experiment as predictions. We selected the five
parameters based on the corresponding AUROC values and selected a bin size of 100 kbp, and the
four selected parameters are i =2, m =3, j =1 and n = 4.

4.3 Chromosome-level training, validation and test sets

We perform five-fold cross-validation and, in each fold, divide the 23 human chromosomes into
training, validation and test sets of 19, 2 and 2 chromosomes, respectively and excluded the Y
chromosome and mitochondrial DNA from our analysis. Trans contact maps were computed only
between chromosomes within a set to avoid information leakage between the training, validation
and test sets. The train, validation and test set sizes for different folds are listed in Supplementary
Table 3 for the heart left ventricle and Supplementary Table 4 for the heart right ventricle samples.
We store the nucleotide sequence from the GRCh38 version of the human genome as a one-hot-
encoded memory map of size 3,088,286,401 x 4, where each row corresponds to a genomic position
and each column corresponds to a nucleotide (A =1, C =2, G =3, T =4).

4.4 TwinC architecture

TwinC is a convolutional neural network that predicts trans contacts between two genomic loci
from their nucleotide sequences. The input to the model is two one-hot-encoded, 100 kbp nucleotide
sequences. Both input sequences pass through the same encoder, whose architecture is derived
from the Akita [17] and Orca [19] models. The encoder consists of ten non-linear and ten linear 1D
convolutional blocks, where each convolutional block consists of two 1D convolutional layers, each
followed by a batch normalization layer (Supplementary Figure 1). Each linear convolutional block
starts with a max-pooling layer, and a ReLLU activation function follows each batch normalization
layer in the non-linear convolutional block. The embeddings produced by the encoder are then
concatenated and input to a decoder module modeled after Akita and Orca. The decoder consists
of 19 non-linear and 19 linear 2D convolutional blocks, where each convolutional block consists of
two 2D dilated convolutional layers, each followed by a batch normalization layer (Supplementary
Figure 1). Like the encoder module, a ReLU activation function follows each batch normalization
layer in the non-linear convolutional block. The output from the model is a contact score between
0 and 1. The TwinC model is implemented using the PyTorch framework.

4.5 TwinC training and evaluation

Formally, TwinC has two input matrices, X! and X2, and one label vector, Y, where X' =
{of, 2, . 2}, X2 = {22, 22,...,22}, and Y = {y1,¥9,...,Yn}. o} and 22 represent two one-hot-
encoded sequence matrices, each of size 100,000 x 4, representing two nucleotide sequences from
different chromosomes, and y; is a scalar with a binary value of 0 for the absence of a Hi-C contact
and 1 for the presence of a Hi-C contact between le and x?, as determined using the procedure in
Section 4.2. YV represents the predictions from the TwinC model , where Y = {91,92,---,9n}- The
TwinC neural network, represented by function g, produces each prediction g; = g(a:},xf) The
training procedure optimizes a binary cross-entropy loss function:

(Y, ¥) = 3 [y -log i+ (1) -los(1 — ) (1)
=1
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We use the PyTorch implementation of the Adam Optimizer for the training process. The initial
learning rate of the optimizer is set to 1 x 1072 with (3, f2) = (0.9,0.999) and no weight decay.
The training data is input to the TwinC model in batches of size 16, and the model is trained for
a maximum of 10 epochs. We evaluate the average precision on the validation data after every 200
batches of training data, and we save the current model if it achieves a better average precision
than the previous best model. Because our training data are too large to fit into GPU memory, we
customize the PyTorch DataGenerator object to generate training examples dynamically. This pro-
cedure involves uniformly sampling pairs of genomic loci from all training chromosomes, extracting
the corresponding input sequences from a sequence memory map, and labels from a binary torch
array. This optimization allows us to run TwinC on a single L40 GPU with 40 GB GPU memory.

4.6 TwinC regression architecture

TwinC frames the trans contact prediction as a classification problem. In contrast, Orca solves
a regression problem. Therefore, to enable a comparison between the two models, we implement
a version of the TwinC model to solve the regression task. The TwinC regression model takes
as input two sequences, each of length 640 kbp, and produces a 5 x 5 contact map output at
128 kbp resolution. TwinC regression follows the same encoder-decoder design as the classification
model. The encoder consists of eight 1D convolutional block pairs, each consisting of a linear block
followed by a non-linear block. Similarly, the decoder consists of 19 2D convolutional block pairs,
each consisting of a linear block followed by a non-linear block.

4.7 TwinC regression training and evaluation

The TwinC regression model has two inputs, R' and R?, and one target matrix, T, where R! =
{ri,rd, ook}, R?2 = {r},r3,...,r2}, and T = {t1,t2,...,t,}. 7} and r? represent two one-hot-
encoded sequence matrices, each of size 640,000 x 4, representing two nucleotide sequences from
different chromosomes, and t; is a 5 x 5 matrix representing the log normalized observed-over-
expected trans contact map summarizing interactions between ril and r? at 128 kbp resolution. T
represents the predictions from the TwinC regression model , where T = {t1,t2,...,t,}. The TwinC
regression neural network, represented by function h, produces each prediction ¢; = h(ril, r?) The
training procedure minimizes a mean squared loss function:

UT,T) = L > (ti— 1) (2)

i=1

TwinC regression is implemented using the PyTorch library. We use the Adam optimizer for the
training process with an initial learning rate of 9 x 10=% with (81, 82) = (0.9,0.999) and no weight
decay. Other training details of the TwinC regression model are identical to the classification
model, described in Section 4.5.

4.8 Micro-C data processing

To enable comparison between the TwinC and Orca models, we download micro-C data in the
H1ESC cell line, the same dataset that Orca was trained on, from the associated zenodo entry
(https://zenodo.org/records/6234936). The downloaded data also included two trained Orca
models and trans expected matrices at 32 kbp resolution from the HIESC cell line. The micro-C
dataset was already normalized using the Knight-Ruiz (KR) matrix balancing algorithm. Subse-
quently, to mitigate the impact of sparsity and technical artifacts, we filter bins from the training
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set in two steps. In the first step, we remove the top and bottom 0.01% bins ranked by total
genome-wide trans contact counts from the training data. In the second step, we iterate over all
pairs of chromosomes and remove empty rows and columns from their pairwise contact map be-
cause these bins never interact with any bin from the second chromosome. Then, we compute the
observed-over-expected (o/e) trans contact ratios by dividing the observed contact frequency by
the expected trans contact frequency over all chromosomes. Finally, we transform the o/e con-
tact frequency using a natural log. We train and evaluate the TwinC regression model on the
H1ESC micro-C dataset. Our train/validation/test split is identical to the one used by Orca: hu-
man chromosomes 9 and 10 are held out for testing, chromosomes 1 and 3 are used for validation,
and the remaining 19 chromosomes are in the training set. We exclude the Y chromosome and
mitochondrial DNA from our analysis.

4.9 Orca evaluation

Orca is a convolutional neural network that jointly predicts cis and trans contacts at multiple
resolutions. Orca’s architecture comprises a multi-resolution hierarchical three-level encoder and a
multi-level cascading decoder. The first level encoder takes 1 mbp sequences as input and predicts
a 1000 x 1000 cis contact map at 1 kbp resolution. The second level encoder takes as input
32 mbp sequences and predicts a series of increasingly coarse-grained 250 x 250 cis contact map
predictions at five resolutions from 4 kbp to 64 kbp. Trans interactions are allowed only at the
third level, where the encoder takes an input sequence of 256 mbp and produces predictions at four
resolutions from 128 kbp to 1024 kbp. To predict trans contacts, Orca randomly samples sequence
segments between 64 mbp and 128 mbp from Orca’s test set chromosomes (chr9 and chrl0). The
samples are generated till a total length of 256 mbp has been sampled. The final sequence segment
is truncated if the total length exceeds 256 mbp. The order of the sampled sequence segments
is shuffled. Orca also takes loess-smoothed empirical expected scores at different resolutions as
input. For cis contacts, the expected score at a genomic distance is the average normalized contact
score across all chromosomes. The expected trans score is a scaler representing the genome-wide
average normalized contact score. Therefore, Orca’s sampling process also makes a composite
expected score matrix for four resolutions (128 kbp, 256 kbp, 512 kbp, 1024 kbp) composed of
the cis expected matrix for each sampled sequence segment and a constant value that fills the
expected matrix to represent interactions between sampled trans sequence segments. The 256 mbp
multichromosomal input is then passed through the third-level Orca model, and trans positions in
the predicted contact map are identified using the composite expected matrix. We follow the steps
outlined in the Orca manuscript and the provided Python code to generate trans predictions. One
hundred samples of 256 mbp multichromosomal input sequences and distance encoding matrices
are generated using Orca’s code. Multiscale predictions for each input are produced by zooming
in to the center of the 256 mbp sequence. The sampling process is repeated ten times, and we
evaluate the Orca model at 128 kbp, its finest resolution for ¢rans predictions.

4.10 Compartment calling

To identify A and B compartments, we ran the POSSUMM [23] tool on five donor Hi-C experiments
at 100 kbp resolution. POSSUMM returns the first four eigenvectors for every chromosome based
on PCA of the corresponding cis Hi-C contact map, using GC content to ensure that positive
eigenvalues correspond to GC-rich regions of the genome. To avoid “compartments” that correspond
to entire chromosome arms, we additionally use ATAC-seq data in left and right heart ventricles
for validation. The ATAC-seq counts are averaged at 100 kbp resolution, and their correlation with
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the first eigenvector by POSSUMM is computed. We select the first eigenvector if it correlates
well with ATAC-seq data (PCC > 0.30). Otherwise, the second eigenvector is selected. The first
eigenvector passes the ATAC-seq validation in four out of five experiments. Once the eigenvectors
from all five donors are generated, the compartment type for a given 100 kbp bin is decided by
majority vote. For robustness, locus pairs resulting in a 3-to-2 vote are discarded.

4.11 Chromatin accessibility sequence substitution experiments

To assess the impact of local chromatin accessibility on trans contacts, we perform two experiments.
The first experiment involves inserting ATAC-seq peak sequences into sequence pairs that are less
likely to form contacts, and the second experiment involves removing ATAC-seq peak sequences
from sequence pairs that are more likely to be in contact with the nucleus. For the first experiment,
TwinC predictions on the test set chromosomes (chr9 and chrl0) are first ranked by the predicted
contact score. From this list, we identify two subsets: the top 10% and the next 30% of locus
pairs. Next, we downloaded IDR-ranked peaks from 29 ATAC-seq experiments in the ENCODE
portal (Supplementary Table 5), which contain 15 BED files from the heart’s left ventricle and 14
BED files from the right ventricle. The peaks are merged and sorted into a single BED file per
tissue using bedtools. Subsequently, a random locus pair from the top 10% and the next 30% sets
are selected. For each such pair, ATAC-seq peaks are intersected with the two 100 kbp regions
corresponding to the locus pair from the top 10% set. Next, we insert sequences corresponding
to such peaks from the locus pair from the top 10% set into identical positions in the locus pair
from the next 30% set. Then, TwinC predicts the contact score of the modified sequence pairs
from the next 30% set. For the second experiment, we perform the reverse sequence replacement
operation: replacing the peak sequences in a locus pair from the top 10% set with identical length
sequences from the same index position in a locus pair from the next 30% set. TwinC predictions
are generated for the modified input sequence pairs from the top 10% set.

4.12 Finding enriched transcription factors using Integrated Gradients

We identify TFs implicated in trans contacts in five steps. First, we compile a set of 1022 TF
motifs, which includes tissue-specific and tissue-agnostic motifs. This set consists of 821 human
TF motifs from the JASPAR database (Supplementary Table 6) and 191 TF motifs generated
by applying ChromBPNet [56] and TF-MoDisco [57] to heart ATAC-seq data (Supplementary
Tables 7-10). The data comprises pseudobulk ATAC-seq datasets covering four cell populations
in the human heart ventricles: cardiomyocytes, smooth muscle cells, fibroblasts and endothelial
cells. Four ChromBPNet models predict chromatin accessibility from these four datasets using
DNA sequences as input. Importance scores are generated for each cell population using the
interpretation method DeepLIFT, and then TF-MoDisco extracts the top 38 to 67 TF motifs in
each of the four cell types (Supplementary Tables 7-10). The JASPAR and ChromBPNet motifs
are combined to produce a set of 1022 motifs for subsequent analysis. Second, we extract the
top 10% (55,393) test set sequence pairs, ranked by their TwinC predicted contact score, and use
FIMO [58] with a p-value threshold of le-5 to identify motif occurrences within accessible peaks
present in these regions. Fifteen ATAC-seq experiments are merged to obtain the accessible peaks
in the heart left ventricle (Supplementary Table 5). Similarly, peak coordinates from 14 ATAC-
seq experiments are merged to extract accessible peaks in the heart right ventricle (Supplementary
Table 5). Third, we generate a background set of motif occurrences by shuffling the columns of each
motif and searching with FIMO against the same set of accessible regions. Fourth, we use Integrated
Gradients to compute per-base importance scores for each motif occurrence in the foreground and
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background sets, assigning the median importance score to each occurrence. Fifth, we test the
hypothesis that the median importance scores are higher among the real versus background motif
occurrences using a right-tailed Mann-Whitney U test, including Benjamini-Hochberg correction
with o = 0.01.

4.13 RNA-seq expression

We downloaded processed RNA-seq data in 435 heart left ventricle samples from the GTEx portal
[59]. The table contains TPM counts for human genes processed with the GRCh38 gene annotations.
Using the right-tailed Mann-Whitney U test, we evaluate the expression difference between TFs
enriched and not enriched in ¢rans contacts.

4.14 Intrinsically disordered regions

To find the intrinsically disordered regions (IDR), we download the amino acid sequences for all
TFs from Uniprot (https://www.uniprot.org/proteomes/UP000005640). Subsequently, we use
IUPRED3 [60] to predict per-base IDR scores and the number of globular domains for each TF. A
per-base IDR score is also generated for every TF using ANCHOR2 [61]. We use the right-tailed
Mann-Whitney U test to evaluate the difference in average IDR score and the number of globular
domains between TFs enriched and not enriched in trans contacts.

4.15 G-quadruplexes

We adopt two approaches to find G-quadruplexes in the test set sequence pairs. First, we use
Quadparser, a computational tool, to find the G4 consensus motif, Ga+ N1_7G3+ N1_7G34 N1_7G34,
where G represents guanine, and N represents any nucleotide. We use the Quadparser implemen-
tation from the bioinformatics-cafe repository to carry out the motif search (https://github.
com/dariober/bioinformatics-cafe/tree/master/fastaRegexFinder). Second, we obtain G4
coordinates in HEK293T cell lines in BED format from four experiments (GEO accession IDs:
GSE63874, GSE110582, GSM3003539, GSM3003540). Next, we overlap the G4 coordinates ob-
tained using Quadparser and G4-seq with the test set sequence pairs and count the number of
G4 instances within each pair. Subsequently, we divide the test set sequence pairs into contact
(predicted contact score > 0.5) and no-contact (predicted contact score < 0.5) groups and compare
G4 motif enrichment in the two groups using the right-tailed Mann-Whitney U test. Finally, we
used the G4 motif counts to predict trans contacts. We computed AUROC using motif counts as
the predicted score and the observed binary labels from the test set as the ground truth.

Data availability

All data used in this study is publicly available, with accession numbers provided in the supple-
mentary tables.

Software availability

The TwinC code and trained model are available under an Apache license at https://github.
com/Noble-Lab/twinc.
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