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SUMMARY

We show improved accuracy in-silico of inference of gene-regulatory network (GRN) structure, resulting from
the use of an epigenomic prior network. We demonstrate important use-cases of our proposed methodology
by re-analyzing datasets from 12 different studies, including scRNA-seq, DNA methylation (DNAme), chro-
matin accessibility, and histone modification data. We find that DNAme data are very effective for inferring
the epigenomic prior network, recapitulating known epigenomic network structure found previously from
chromatin accessibility data. Furthermore, we find that inferring the epigenomic prior network from DNAme
data reveals candidate TF cis-regulations for around eight times as many genes, when compared with chro-
matin accessibility data. When our proposed methodology is applied to real datasets from human embryonic
development and from women at risk of breast cancer, we find patterns of differential cis-regulation that are
in line with expectations under appropriate biological models, and that may be used to propose hypotheses

about pre-cancerous epigenomic changes.

INTRODUCTION

Gene-regulatory network (GRN) models have been shown to
be effective at finding specific panels of transcription factors
(TFs) that are associated with cell-type identities and with
the progression of certain diseases (see for example'™).
These successful methods of GRN inference are typically
based on the target-gene approach®® (Equation 1), which
can find important structure in omic networks such as feed-
back loops.” Here, we propose an improvement to target-
gene GRN inference methodology that builds on our previous
work to infer networks from epigenomic data, such as DNA
methylation (DNAme) data,®° and using advanced regression
methods with scRNA-seq (single-cell RNA-seq) and multi-
modal data.'®"'? Our proposed methodology infers the GRN
using advanced regression methods with scRNA-seq (gene-
expression) data following the estimation of an epigenomic
prior network. The sequence of these operations is crucial.
We show that the accuracy of GRN inference from gene
expression data is much improved when using an epigenomic
prior network that has been inferred in advance. The epige-
nomic prior network provides a list of candidate TF regulators
that is specific to each target-gene, for subsequent refinement
with expression data. This contrasts with alternative strate-
gies, in which the GRN is estimated by combining networks
that have been inferred separately and independently from
gene expression data and from chromatin accessibility
data.”>® Importantly, with our proposed methodology, the
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gene-expression data can originate from a completely inde-
pendent source from the data that is used to infer the epige-
nomic prior network. This enables analyses specific to tissue
and cell-type, by making use of the wealth of genomic and
epigenomic data that is now publicly available."®

A gene-regulatory network (GRN) represents all the gene
targets of every TF in a specific cell type. Hence, GRNs are
important summaries of the genome-wide gene regulation
profile that characterizes a particular cellular identity. GRNs
have been inferred successfully using methods based on
random forests (such as GENIE3/GRNboost2°° as part of the
SCENIC/SCENIC+ pipelines'™), as well as alternative ap-
proaches based on mutual information'®'“~"” and recent exten-
sions.'® However, a genomic network that has been inferred only
from gene expression data (such as scRNA-seq data) is more
accurately referred to as a gene co-expression network, unless
data are included on the interactions between gene-products
and DNA."%"920 Hence, in order to infer GRNs, data must be
included in the inference procedure that allows more precise
inference about the interaction of the gene product of the regu-
lating gene (i.e., a TF) with the DNA near the regulated gene
(i.e., cis-regulation).”*""'? Such data often combine the DNA
location of cis-regulatory TF binding sites with epigenomic
measurements at those locations such as from chromatin
accessibility as assessed by ATAC-seq.?’ However, alternative
epigenomic data-sources include DNAme data, and ChiIP-seq
data for histone modifications such as H3K27ac, H3K4me3,
and K3K27me3.
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Biologically-realistic target-gene log-expression data (as
used in the DREAMA4/5 challenges) is simulated for each
target-gene conditional on expression-level of regulator

TFs in the known ground-truth network. This is repeated
for all genes, genome-wide, to generate the data-matrix.

>
>

The epigenomic prior network
defines a set of candidate TF
regulators specific to the target-
gene, including the true regulators
that are used to generate the
target-gene expression data.

Random-forests regression
as used in our proposed
methodology infers GRN
structure from a set of
candidate TFs that is
specific to each target-gene.

Random-forests regression
as used in GENIE3/Grnboost2
infers GRN structure from all <
candidate TFs, including the
true regulators but not specific
to each target gene.

In the target-gene approach to GRN inference,"® an
advanced regression method is used to model the response x;
(the expression-level of gene i, Graphical Abstract), as:

Xi = f(Xppprr;), €1), (Equation 1)

where PAP™ (i) are the candidate regulators of gene i, Xppprior ;)
is the vector of expression levels of these candidate regulators,
f is a (possibly non-linear) function, and e; is an error or noise
term. In our proposed methodology, the epigenomic prior
network consists of the candidate regulators of all p genes
genome-wide, PAP™ (i), i € {1, ..., p}, that are inferred from
epigenomic data in combination with TF motif-DNA sequence
matching (see Graphical Abstract). In our proposed method-
ology, we first estimate the set of candidate TF regulators
PAP™ (i) separately for each target-gene i from epigenomic
data. This is part of an inference procedure where the second
step uses advanced regression with gene-expression data to
infer the regulators of each i from the candidates provided by
PAP™(j) (Equation 1, Graphical Abstract). State-of-the-art
methods for target-gene GRN inference such as GENIE3/
GRNboost2*° (as part of the SCENIC/SCENIC+ pipelines’™)
do not use candidate sets of regulator TFs PAP™ (j) that are
specific to target-gene i. This makes it more difficult for the
advanced regression method to estimate f (Equation 1), because
the non-target-specific set of candidate TFs must be much
larger (of the order of 100 s or 1000 s) than the target-specific
sets (of the order of 10 s of TFs). Hence, we use the same type
of advanced regression (random-forests) as algorithms such as
GENIE3 and GRNboost2 do, but with the improvement that in
the advanced regression step to estimate f, we use much smaller
sets of candidate TFs PAP™®(j) that are specific to each target-
gene i. These target-specific candidate TF regulators PAP™ (i),
i € {1,...,p}, are encoded in the epigenomic prior network.

It is well known that changes in DNAme patterns precede
cancer formation®>?®: these pre-cancerous changes are
sometimes called “epigenomic field-defects”*>** or “epige-
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For all methods tested, random-
forests regression is used to infer
network structure from expression
data. The inferred network is

compared with the known ground-
truth network by AUC statistic.
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Figure 1. Biologically realistic gene-
expression data (as used in the DREAM4/5

2.3,0.1, ... challenge) was generated based on known
04 ground-truth network structure

4, ...

. The prior network provides target-specific lists of

candidate TF regulators, which were generated by
combining the list of true regulators defined by the
ground-truth network, with a random sample of
other regulators found in the ground-truth
network. Random forest regression was then
applied in two ways. Firstly, to the target-specific
lists of candidate regulators defined in the prior
network, as in our proposed methodology (see
Graphical Abstract). Second, to the full list of all
regulators in the prior network, i.e., not target-
specific as required in GENIE3/Grnboost2. The
findings are shown in Figure 2.

netic field cancerization.””®> We have
previously found that that unique epige-
nomic patterns distinguish cancer,?®
and can be used to predict clinical outcomes,”’ and it is
well established that DNAme patterns enable different tissues
and cell types to be distinguished from one another.”®
Changes in DNAme rates at regulatory DNA regions enable
changes in gene regulation®® and therefore allow changes of
phenotype,®° motivating the methodology we propose here
to systematically analyze genome-wide DNAme rates at puta-
tive binding sites of specific TFs. Recently, it has become
clear that a large amount of the observed variation in DNAme
patterns in bulk-tissue genomic data can be explained by the
variation in the proportion of cells from different lineages that
comprise the tissue sample.®>' Hence, bulk-tissue DNAme
data contain important information about the cell type compo-
sition of the tissue, and this finding can also be used as a clin-
ical biomarker, by tracking cells-of-origin of cancer.?>*? In the
methodology proposed here, we infer GRNs using DNAme
data from specific cell types (rather than from a mixture of
cells of different lineages), to allow inferences about the func-
tional effects of DNAme changes at cis-regulatory TF binding
sites. We use these cell-type-specific DNAme data to infer
genomic networks, showing how DNAme data can be used
to infer the structure of the epigenomic prior network.

It has previously been established that DNAme data are very
effective for GRN inference in combination with gene expression
data.®®* We have found that an epigenomic prior network (for
example based on DNAme data) is essential to achieve the
most accurate inference from the advanced regression methods
applied to gene expression data such as scRNA-seq data (see
Graphical Abstract and Figures 1, 2, and 6; Table 1). We show
that the epigenomic prior networks we infer recapitulate well-
validated TF cis-regulations of target genes obtained using the
widely used and well-validated software packages pycistar-
get"*% and RGT-HINT.®® We then infer GRNs from gene-
expression (scRNA-seq) data in combination with these
epigenomic prior networks, in the contexts of data from human
embryonic development, and from studies of women at risk of
breast cancer. We find GRNs characteristic of different lineage
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Figure 2. Results from GRN inference using
random-forest regression with biologically
realistic gene-expression data generated
from known ground-truth network structure
(A) Random-forests target-gene GRN inference
implemented as in our proposed methodology
(see Graphical Abstract). The prior network
structure provides a target-specific set of candi-
date regulators, from which random forest
regression chooses.

(B) Random forests target-gene GRN inference,
implemented with GENIE3. Random forests
regression infers the target regulators by choosing
from all candidate regulators that are found in the
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choices and disease at-risk states, with patterns of differential
gene-expression that are in line with expectations under appro-
priate biological models. However, we note that findings from
computational GRN inference remain hypotheses until they are
experimentally validated. Therefore, to give confidence that our
proposed methodology leads to verifiable inferences, we use
the most significant inferences from our methodology as case
studies, showing that they correspond to existing knowledge
that is well supported by previous studies.

RESULTS

Using prior network structure from epigenomic data
improves the performance of regulatory network
inference from gene expression data
We found that the epigenomic prior network allows the
advanced regression method (Equation 1) to make more accu-
rate predictions of gene regulations, in the context of biologically
realistic data generated from known network structure (Figure 1).
When there are fewer candidate regulators of a target gene, we
found improved accuracy (assessed by AUC) in identifying
known gene regulations, as shown in Figure 2. These results
are based on data generated from a known network structure,
which was simulated using realistic differential equations models
of chemical reaction kinetics®® (STAR Methods). We hence use
the AUC statistic to test how well the network edge strengths
found by advanced regression can predict the known ground-
truth network structure (that is not otherwise used in the network
inference). It can be seen from Figure 2 that there is an increase in
accuracy of GRN inference resulting from the reduction in the
number of candidate TF regulators that the advanced regression
method must choose from, from the order of 100 s or 1000 s
down to the order of 10 s. This reduction in the number of candi-
date regulators is enabled by the epigenomic prior network.
For each target gene, the epigenomic prior network defines
a list of candidate TF regulators of the target gene that are
specific to that target gene. This is based on whether the regu-
lation of the target by TF is physically realistic. The target-
gene specific list of candidate regulators is typically a few
10 s of TFs, making it much easier for the advanced regression
method to identify the correct TF regulators of the target-gene
(Figure 2A), than it would be from a much longer list of candi-
date TFs that is not target-specific, as required by GENIE3/

True number of regulators

15 20 2 30 prior network, i.e., not from a list that is specific to

each target gene.

GRNboost2 and similar.’*® With existing methods such as
GENIE3/GRNboost2, the full list of TFs (typically of the order
of 100 s or 1000 s of TFs) must be specified as candidate reg-
ulators of each target gene, meaning that it is much more chal-
lenging for those methods to find the true TF regulators of the
target gene (Figure 2B). Hence, the epigenomic prior network
allows greater accuracy of GRN inference from advanced
regression methods such as random forests,®” when used
with single-cell gene expression data in a target-gene GRN
inference procedure.”

Recapitulating known epigenomic network structure
using DNA methylation data
For the human embryonic development LIiCAT-seq (low-input
chromatin accessibility) dataset,*® we first verified whether TF-
motif cis-regulations that were found using RGT-HINT®* in previ-
ous work'? would also be discovered from the same LiCAT-seq
data by our proposed modified-lever-cistarget (MLC) method for
epigenomic prior network inference (STAR Methods). We found
170 TFs that were present in both analyses, and found that the
corresponding regulatory regions overlapped significantly for
168 out of these 170 TFs (Figure 3A). We also applied pycistar-
get'*** to the same LICAT-seq human embryonic development
dataset,® finding 124 significant TF motifs: a large number of
these 124 motifs found by pycistarget were also found to be sig-
nificant according to the MLC method (Figure 3B). Hence, we
were able to validate the TF-motif cis-regulatory inferences
found by MLC from the LiCAT-seq human embryonic develop-
ment dataset,®® in comparison with TF-motif cis-regulations
that were found from the same dataset using RGT-HINT*® in pre-
vious work,'? and also in comparison with inferences from the
pycistarget method, which is part of the SCENIC+ pipeline.®
Applying the MLC method to the LICAT-seq human embryonic
development dataset*® allows an epigenomic prior network to be
inferred. Equivalently, applying our proposed MethCorTarget
methodology (STAR Methods) to the DNAme human embryonic
development dataset™® allows an epigenomic prior network to
be inferred. These epigenomic prior networks inferred from
different epigenomic data sources are expected to contain over-
lapping and similar information. We verified this by testing
the overlap between the TF motif-gene cis-regulations inferred
by MLC as applied to the LiCAT-seq human embryonic de-
velopment dataset,®® and the cis-regulations inferred by
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Table 1. Results of the ablation study

t-statistic p-value
luminal progenitor WT 20.7 <0.001
luminal progenitor BRCAmut 13.5 <0.001
luminal mature WT 211 <0.001
luminal mature BRCAmut 13.6 <0.001
basal WT 19.3 <0.001
basal BRCAmut 6.52 <0.001
fibroblast type1 WT 214 <0.001
fibroblast type1 BRCAmut 11.4 <0.001
fibroblast type2 WT 34.6 <0.001
fibroblast type2 BRCAmut 26.3 <0.001

Significance-test p-values and t-statistics show that the z-scores calcu-
lated in the ablation study are significantly greater than 0 over all target
gene genome-wide, consistently across cell types and conditions,
demonstrating the added value of the epigenomic prior network to the
GRN inference.

MethCorTarget applied to the DNAme human embryonic devel-
opment dataset®’: we found a highly significant overlap, odds ra-
tioOR = 13.3 (12.9 —13.8) (p <0.001, Fisher’s exact test). This
large overlap between the lists of cis-regulations inferred from the
different data sources illustrates the interchangeability between
the epigenomic prior networks obtained for the same cell type
from DNAme data and from chromatin accessibility data. We
also note that epigenomic prior network structure inferred from
DNAme may be more useful in certain applications, because it
provides information about the regulation of more than eight
times as many genes (23575 regulated genes found by
MethCorTarget from DNAme data, compared to 2650 for MLC
from LiCAT-seq data).

Inferring gene-regulatory networks in epiblast and
primitive endoderm cells of the human embryo
Epiblast (Epi) and primitive endoderm (PrE, or hypoblast) cells
are the main cell types of the inner cell mass (ICM) of the blasto-
cyst of the human embryo at 5-7 dpf (days post fertilization).*
We have previously used ICM chromatin accessibility data to
inform inference of GRNs from scRNA-seq data in Epi and
PrE."” We found that our epigenomic prior network obtained
from DNAme data overlaps strongly with that obtained from
chromatin accessibility data, but covers a much larger number
of target-genes. We therefore proceeded to use the epigenomic
prior network obtained from DNAme data as a valid epigenomic
prior network to improve GRN inference from the human embry-
onic development scRNA-seq dataset.*’ We inferred GRNs from
scRNA-seq data as described (see Graphical Abstract and STAR
Methods) for both Epi and PrE cell types, using the scRNA-seq
dataset cell type definitions shown in Figures S1 and S2, and us-
ing the epigenomic prior network obtained from the DNAme hu-
man embryonic development dataset (ICM cells).*°

An example of cis-regulations inferred as part of the GRN for
Epi and PrE is shown in Figure 4. The GRN was inferred by
filtering candidate cis-regulations found as part of the epige-
nomic prior network from DNAme data for ICM cells, by variable
selection using advanced regression methods and scRNA-seq
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data for Epi and PrE (according to the procedure outlined in
the Graphical Abstract). Figure 4 shows DNAme rate profiles
for the 103 ICM cells (which include Epi cells and PrE cells) in
the DNAme human embryonic development dataset®® for the
SOX17 gene. The SOX17 gene is a well-known marker gene of
PrE cells in contrast with Epi cells,*” and hence we have used
it as an example here. In Figure 4, changes in the DNAme profile
are visible in regions corresponding to previously published and
validated LICAT-seq peaks, '>® as well as around regulatory re-
gions corresponding to the motifs of candidate TF-regulators of
SOX17. Figure 4B also shows how in epiblast cells, the epiblast
marker gene NANOG (Figures S1 and S3) negatively regulates
SOX17 (Figures S2 and S3), which is consistent with NANOG
maintaining Epi identity by repressing PrE identity.*> Hence,
this example demonstrates how findings from our proposed
methodology are in line with expectations under a well-known
biological model in human embryonic development. Also inter-
estingly, Figure 4 illustrates how the DNAme rates at these
regulatory regions are highly variable, a feature we note is also
of interest in understanding cancer formation and cancer predis-
position.”®?” There are well-established similarities between
gene-regulatory processes that have been observed in embry-
onic development and in cancer,** and we hypothesize that
phenotypic plasticity is represented by the variability in methyl-
ation rates that is visible in Figure 4 at CpG loci around the motifs
of the candidate TF cis-regulators of SOX77.

Differential regulation in epiblast and primitive
endoderm cells
Differentially regulating TFs were identified as follows. For each
TF, the differences in regulatory strength (measured by
random-forests importance gain) were tested in Epi compared
to PrE, for all genes the TF can regulate according to the epige-
nomic prior network. Figures 5A and 5B show that the differen-
tial regulation in Epi and PrE is characterized by consistent
upregulation of genes in PrE, whereas in Epi there is signifi-
cantly more downregulation of genes (p<0.001, two-sample
z-test of proportions). This follows from the differential expres-
sion analysis (comparing Epi with PrE, STAR Methods), where
the majority of genes were found to be upregulated in PrE, rela-
tive to Epi. We note that this is a feature of differential gene
regulation that we would expect to find if the epiblast can be
thought of as the default cell type at the lineage bifurcation of
the epiblast and hypoblast (primitive endoderm), as has been
shown recently in human embyros.*® In this case, specification
of the hypoblast/primitive endoderm should be characterized
by the activation in PrE of a characteristic GRN relative to Epi,
such as the differential regulation network shown in Figure 5.
In order to validate the targets of a specific differentially regu-
lating TF inferred by our proposed methodology, we re-analyzed
a Cut&Tag dataset of KLF4 binding to DNA, in naive and primed
human embryonic stem cells (hESCs).*® We found that the KLF4
targets we inferred overlapped highly significantly (Fisher’s exact
test) with those inferred with Cut&Tag in naive (i.e., 5-7 dpf)
hESCs, but not in primed hESCs (Figure 5C). We also tested
the enrichment of the TF targets of the differentially regulating
transcription factors shown in Figure 5, by comparison with
713 epiblast gene-sets defined and validated previously by
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Figure 3. Comparison of inferences by MLC

with RGT-HINT and pycistarget

(A) Tests of overlap of the DNA regions inferred as

regulated by 170 TFs in the inner cell mass (ICM)
according to both the modified-lever-cistarget

(MLC) method and the RGT-HINT method® (as
published previously'?). Bars show odds-ratios

(on a logarithmic scale), with whiskers showing
95% Cls. The corresponding significance p-vals
(Fisher’s exact test) are provided in Table S1.

(B) The 124 motifs inferred when the pycistarget

Density

software is applied to the same LiCAT-seq data
are tested for significance according to the MLC
method (z-test). The horizontal dashed line at a
density of 1 indicates the expected density for a
uniform distribution of p-values, which would be
expected if there were no correspondence be-
tween the TF-motif inferences from pycistarget
and MLC for this LiCAT-seq dataset. LICAT-seq is
low-input chromatin accessibility data.

luminal progenitor, mature luminal, and

basal cells inferred from DNAme data

E) :
Odds-ratio

domain-experts.’> We confirmed that there was significantly
more enrichment of these epiblast gene-sets among TF targets
differentially regulated in epiblast compared to primitive endo-
derm (p = 0.05, t test), i.e., when comparing the enrichment of
T60F targets in Figure 5A with the enrichment of those in
Figure 5B.

Breast cancer at-risk prior epigenomic network

Luminal progenitor, mature luminal, and basal cells are epithelial
cell subtypes that are thought to have important roles in breast
cancer,”” and we have previously developed and validated
DNAme cancer biomarkers based on definitions of these cell
types.?>*? We inferred epigenomic prior networks for each of
the cell types, luminal progenitor, mature luminal, basal, and fi-
broblasts, using MethCorTarget with the breast cancer at-risk
DNAme dataset,*® and using MLC with the breast cancer at-
risk H3K27ac ChlIP-seq dataset.”® We chose to validate the
DNAme epigenomic prior network against an epigenomic prior
network inferred from H3K27ac ChIP-seq data, because
H3K27ac is a histone modification that is associated with acti-
vated gene-regulatory regions of the DNA.*°*° We found a highly
significant overlap between the TF-gene regulations inferred by
MLC applied to the H3K27ac data and the regulations inferred
by MethCorTarget applied to the DNAme data in all cell types,
hence validating the inferred DNAme epigenomic prior networks.
The odds-ratios for the overlap between the gene regulations
inferred from H3K27ac data and DNAme data according to these
methodsare OR = 455 (44.8 — 46.2),0R = 45.7 (45.0 —
46.5), and OR = 43.2 (42.4 — 44.0), in luminal progenitor,
mature luminal, and basal cells (respectively); statistical signifi-
cance is p<0.001 (Fisher's exact test) for all cell types. We
also note that, interestingly, the epigenomic prior networks for

again show candidate TF cis-regulations
for at least eight times as many genes
(respectively, 34792, 34680, and 34021
genes) than for chromatin accessibility (H3K27ac) data (res-
pectively 4222, 4194, and 3597 different genes). Histograms
showing the numbers of target-gene regulations for each TF,
and the number of TF regulators for each target-gene, in the epi-
genomic prior networks for the breast cancer at-risk dataset, are
shown in Figure S5.

Breast cancer at-risk gene-regulatory network

inference and ablation study

Women who are carriers of a mutation in the BRCA7 (FANCS) or
BRCA2 (FANCD1 genes have a greatly increased chance of
suffering from breast cancer during their lifetime.>' Hence,
apparently healthy cells from BRCA17/2 mutation carriers are
likely to harbor pre-cancerous genomic changes, and insights
can be gained into how breast cancer develops by comparing
healthy cells from BRCA1/2 mutation carriers (BRCAmut) with
cells from BRCA1/2 wild-type (WT). Separately for BRCAmut
and WT, using the cell type-specific DNAme epigenomic prior
networks obtained from the DNAme breast cancer at-risk data-
set*® for luminal progenitor, mature luminal, and basal epithelial
cell subtypes, as well as fibroblast cells, we inferred GRNs as
described (STAR Methods) from the combined breast cancer
at-risk RNA-seq datasets,” > based on the definitions of these
cell types shown in Figure S4. We note that the fibroblast cells
that we have labeled “type 1” and “type 2” are likely to corre-
spond to (respectively) interlobular and lobular fibroblasts,
based on CD26 and CD105 expression (assessed here via
respectively DPP4 and ENG mRNA expression in scRNA-seq
data).*® Lobular fibroblasts share similarities with mesenchymal
stem cells; they support epithelial growth and morphogenesis,
and provide a specialized microenvironment for luminal epithelial
progenitors.”® Separately for each of these epithelial and
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Figure 4. Validating example of cis-regula-
tions inferred as part of the GRN for Epi
and PrE

(A) The DNAme profile of the cis-regulatory region
(+/— 5 kb) around the TSS (transcriptional start
site) of the SOX77 gene (used as a marker for
primitive endoderm cells in Figures S1-S3). Also
shown are regions corresponding to previously
published and validated LiCAT-seq peaks,'**®
and regulatory regions corresponding to motifs
of candidate TF regulators inferred as part of the
GRN. Mean DNAme rates are shown in black, and
those for individual cells are shown in gray; a non-
linear trend-line is calculated with LOESS
regression.

(B) Scatterplots of log expression levels of SOX17
and one of its regulators NANOG™® in Epi and PrE.

compared to WT, for all genes with
physical evidence that cis-regulation is
possible by that TF according to the
epigenomic prior network. Luminal
progenitor cells are hormone-receptor
negative cells that are known to be
the cell-of-origin of aggressive triple-
negative breast cancer (TNBC),"” and
BRCA1/2 mutation carriers are known
to harbor pre-cancerous changes in
DNAme profiles.?>?* Hence, cis-regula-
tory regions of target genes of signifi-
cantly diff-reg TFs in BRCA1/2 mutation
carriers (BRCAmut) compared to wild-

fibroblast cell-subtypes, we inferred GRNs from scRNAseq
data separately for BRCA1/2 wild-type (WT) and BRCA1/2
mutation carriers (BRCAmut).

We carried out an ablation study (Figure 6) using the combined
breast cancer at-risk dataset, to test the claim that the prior epi-
genomic network can significantly inform gene-regulatory
network inference. We calculated R? statistics to quantify how
much of the variation in target-gene expression is explained by
the TF regulators inferred for this gene target in our GRN. We
then compared these observed R? against a null distribution of
R?2 statistics which we call R?, which are generated by applying
our proposed GRN inference procedure to randomizations of the
epigenomic prior network. We hence use the observed R? with
the mean and standard-deviation of the null-distribution of A2
statistics to calculate a Z score for each target-gene. T-tests
show that genome-wide, these z-scores are significantly greater
than 0 (Table 1), consistently across cell-types and conditions,
demonstrating that the prior network significantly informs
gene-regulatory network inference.

Differential regulation in cells-of-origin of breast cancer

Significantly differentially regulating (diff-reg) TFs (Tables S3-S7)
were identified by testing the differences in regulatory strength
(measured by random-forests importance gain) in BRCAmut
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type (WT) in luminal progenitor cells
(Figures 7A and 7B; Table S3) may harbor
pre-cancerous alterations to DNAme profiles (methylomes).
Therefore, we verified the significance of the inferred diff-reg
TFs with respect to established knowledge, as follows. As an
example, we considered the most strongly hyper-regulating TF
in BRCAmut (compared to WT) in luminal progenitor cells
(Table S3), the TF regulator BACH1; other examples can be
found similarly. BACH1 has recently been shown to be ex-
pressed more highly in TNBC.®° Given the elevated risk of breast
cancer in BRCA1/2 mutation carriers, together with the knowl-
edge that luminal progenitors are the cell-of-origin of TNBC,
we would expect to see signs of increased regulation (hyper-
regulation) by BACH1 in luminal progenitors in BRCA1/2 muta-
tion carriers, as observed here. Corruption of the DNAme
architecture®® often precedes malignant transformation in cells
by providing an “epigenetically permissible environment,” also
known as an “epigenetic field defect,”?*** and hence pre-
cancerous alterations to the methylome can serve as prognostic
biomarkers.?> Therefore, the GRN inference methodology pro-
posed here could be used as a basis on which to develop
DNAme biomarkers of cancer early warning. Hence, we verified
the significance of gene targets of the inferred diff-reg TFs with
respect to established knowledge, as follows. As an example,
we looked in more detail at the gene found to be co-regulated
by the largest number of diff-reg TFs in BRCAmut (compared
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Figure 5. Validating example of differential
regulation inferred for Epi and PrE

(A) Epiblast (Epi) and (B) primitive endoderm (PE)
differential regulation networks. Large circles
indicate significantly differentially regulating tran-
scription factors (Table S2); green and red indi-
cate (respectively) significantly upregulated and
downregulated TFs and genes; significance level
is FDR p—val<0.05 (t test, Benjamini-
Hochberg adjustment).

(C) Overlap of KLF4 targets in our GRNs inferred
for 5-7 dpf Epi and PrE cells, with those inferred by
Cut&Tag in naive (i.e., 5-7 dpf) and primed hESCs;
bars show odds ratios (on a logarithmic scale),
with whiskers showing 95% Cls.

due to the repeated values present in a
bootstrap sample. As an alternative
approach, which is better suited to
random-forest regression, we estimated
the reproducibility or robustness score
as Pr(E|D) via the Bayesian boot-
strap.®*%* Figure 8 shows histograms of
10° bootstrap samples of target-gene
regression random-forests importance-
gains for the regulators of PRR7 shown
in Figure 7. The robustness or reproduc-
ibility score Pr(E|D) can then be cal-
culated as the fraction of the 10° boot-
strap samples of importance-gain that
are greater than the optimal threshold
(Figure S6), for a given TF regulation E

0.5

Primed vs.

5-7dpf PrE
1
1

Odds-ratio

to WT) in luminal progenitor cells, the gene PRR7 (Figure 7);
other examples can be found similarly. The PRR7 gene is
hypo-regulated in BRCAmut compared to WT, with inferred
regulation by 5 and 10 diff-reg TFs, respectively (Figure 7). The
PRR7 promoter has three CpGs annotated on the lllumina
450K DNAme microarray, and there are publicly available
TCGA reference data of this type for breast cancer (BRCA).%'
Therefore, we tested the prognostic significance of these three
CpGs in the TCGA BRCA data in a survival analysis (Cox regres-
sion adjusted for confounding due to sample cell-type heteroge-
neity and clinical covariates), finding that the methylation level of
two out of the three CpGs is significantly associated with patient
survival outcome (Figure 7; Table S8). As this gene is hypo-regu-
lated in the at-risk population (BRCA1/2 mutation carriers), we
would expect that promoter hypermethylation at this gene would
indicate poor prognosis, as observed here.

In previous work,'? we tested the robustness of the inferred
GRN by calculating a reproducibility or robustness score,
defined as an estimate of Pr(E|D) for network edge E and data-
set D.°? In that work,'> we used the bootstrap to estimate
Pr(E|D). However, we sometimes encountered computational
problems using this approach with random forest regression,

of target PRR7. However, not all the infer-
ences of regulators of PRR7 shown in
Figure 7 are found to be robust according
to the analysis shown in Figure 8. This is
firstly due to the high false-positive rate in network inference
based on observational data,®*°” which applies equally to other
state-of-the-art methods.”*%'2 It is also likely that in some
cases TF regulators of a target-gene have highly co-linear
expression levels. This co-linearity would often lead to only
one of these TF regulators being “selected” as a regulator by
advanced regression methods (such as random-forests and
penalized regression) that have been found to be most effective
in target-gene GRN inference.'* %2 As a result, true TF regula-
tors with co-linear expression values may at random not be
selected as a regulator, decreasing the corresponding estimate
of Pr(E|D). Calculating bootstrap estimates of Pr(E|D) is also
computationally intensive (the 10° samples in Figure took
21.2 h to generate on one core; compare with Figure S7), so it
would become too computationally costly to calculate Pr(E|D)
for all candidate gene-regulations, genome-wide. However,
this approach can still be used for a finer-grained assessment
of candidate gene-regulations, for possible further experimental
investigation. Hence, for a small subset of target-genes of
interest, we recommend calculating a robustness or reproduc-
ibility score according to a bootstrap estimate of Pr(E|D) as
proposed by Pe’er.®?
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Figure 6. Overview of the ablation study. As
in our proposed methodology (see Graph-
ical Abstract), separately for each target
gene, the epigenomic prior network defines
p candidate regulators

Random-forests regression is then used to
choose g<p of these p candidates, with the
expression of these p TFs as predictors and the
target-gene expression as the response. The R?
statistic quantifies the proportion of variance in
the target-gene expression that is explained
by the expression of these g inferred regulators,
in a linear model. A null-distribution is then
generated for comparison, by randomly selecting
p predictors from all those found in the epi-
genomic prior network (i.e., not target-specific),
then applying the rest of the procedure described
above to calculate a null-distribution R? statistic
in the same way (which we call R?). This

Calculate R? for a linear
regression model of
expression-levels of
the target gene on the
qinferred regulators.
—_—

Calculate R? for a linear
regression model of
levels of
the target gene on the
q inferred regulators.
—_—

randomization is repeated 100 times to obtain a null-distribution of R?. A Z score for the R? statistic for this target-gene is then calculated using the mean and

standard deviation of these 100 null-distribution samples of R2.

DISCUSSION

In this work, we have shown in silico that the accuracy of inference
of GRN TF-gene cis-regulations is improved when epigenomic
prior network structure is used in combination with advanced
regression methods and gene-expression data. Furthermore, we
have shown that DNAme data can be used successfully and effec-
tively to estimate epigenomic prior network structure. There is a
wealth of existing and publicly available DNAme datasets for a
wide range of tissue types that can now be leveraged using our
proposed methodology to improve inference of gene-regulatory
processes.'® This contrasts with novel ATAC-seq datasets that
are expensive to generate, and are currently less numerous in
the public domain. However, as the availability of single-cell
ATAC-seq data and of matched single-cell ATAC-seq and RNA-
seq data increases, it will be interesting to see how our proposed
methodology may be complemented and enhanced by the addi-
tion of single-cell chromatin accessibility data. For example, we
note that single-cell ATAC-seq data are typically very sparse.
Therefore, a large number of cis-regulatory regions would be ex-
pected to have low coverage in such data, and particularly in these
regions the, the DNAme epigenomic prior network may provide
useful complementary information.

We have also shown that with real data from well-studied con-
texts, the most significant findings from our methodology are
well supported by existing literature. This gives confidence that
our methodology will provide verifiable inferences in new con-
texts. However, we also emphasize that novel findings from
computational GRN inferences remain hypotheses until they
are experimentally validated. Further investigation of the differ-
entially regulating transcription factors and their targets shown
in Figures S8 and S7; Tables S3-S6, may allow gene-regulatory
processes to be identified that are important to the oncogenic
potential of these cell-types in BRCA1 (FANCS) and BRCA2
(FANCD1) mutation carriers, as well as giving clues about
possible pharmacological interventions. For example, Figure 7
shows how the methodology proposed here can be used to
identify CpG loci that show altered methylation levels prior to
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cancer formation in at-risk tissues and populations. Hence,
testing the DNAme rate of CpGs in at-risk individuals in certain
cis-regulatory regions of tumor suppressor genes or oncogenes,
identified by the methodology proposed here, could provide
important early-warning biomarkers of cancer or of cancer pre-
disposition. However, further work will be required to systemat-
ically find and then validate all the examples of changes in
DNAme patterns that may be discovered with our proposed
methodology, and that are associated with changes in the TF
cis-regulation of specific genes that precede the onset of
disease.

Limitations of the study

Previous advanced methods for GRN inference, such as
GENIES,” inferred GRNs based only on gene expression data.
By including TF motif-DNA matches along with epigenomic
data such as DNAme data, we make our GRN inferences more
physically realistic. However, chromatin state (such as histone
modifications), as well as the interaction of co-factors, and
sequence context, all play an important part in determining
gene regulation. Therefore, future development of our methodol-
ogy will incorporate a wider range of omics and sequence data to
further refine the GRN inferences. While we have shown that our
proposed methodology is effective in the context of datasets of a
wide range of sizes from the very different contexts of human
embryonic development, healthy individuals at-risk of breast
cancer, and individuals with advanced breast cancer, we
acknowledge that this methodology remains untested outside
of these contexts. Future work planned, includes expanding
our proposed methodology in a tailored way to a wide range of
other applications. This will include making a wide range of epi-
genomic prior networks available for different cell types.

RESOURCE AVAILABILITY

Lead contact
Requests for further information and resources should be directed to and will be
fulfilled by the lead contact, Thomas Bartlett (thomas.bartlett. 10@ucl.ac.uk).
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A lum-proa- B lum-prog; BRCA-mut Figure 7. The gene-target PRR7 was found
u prog; WT ® prog to have the largest number of regulations

by differentially regulating (diff-reg) TFs of
all genes, genome-wide

It is hence used as a case-study building on
known, published results.

(A and B) show the differential-regulation networks
for luminal-progenitor cells for WT and BRCAmut
(respectively). i.e., the part of the inferred GRNs
containing differentially regulating (diff-reg) TFs (t
test, adj — p<0.05) and differentially expressed
target-genes (LIMMA, adj—p<0.05). TFs and
target genes are shown with large and small cir-
cles, respectively.

(C and D) show the part of the GRN containing the
/ target-gene PRR7 and its inferred diff-reg TF
./ regulators, in WT and BRCAmut, respectively.

(E) Survival analysis (Cox regression adjusted for
confounding by cell-type heterogeneity and clin-
ical covariates) based on the TCGA BRCA data-
set,® for one of he three CpGs (cg23403350) that
are annotated to the PRR7 promoter on the Illu-
mina 450 K DNAme microarray (two of these three
CpGs, ¢g23403350 and cg04110559, are signifi-
cantly associated with survival outcome,

C lum-prog; WT D lum-prog; BRCA-mut

Table S8).
E o
~ —— ¢g23403350 methylation rate < median
—— ¢g23403350 methylation rate > median
B
> ©
? n=129
T © | n=128
o ©
3
5
2 o] AR (95%Cl) p-value
i ©g23403350 methylation |1.59 (1.2 - 2.12) 0.001
8 o | [Age 1.65 (1.12 - 2.41) 0.01
O S 1|AJCC Stage (III-IV vs. I-I1) [3.83 (1.72 - 8.54) 0.001
o Fibroblast fraction 0.239 (0.004 - 15.6) 0.502
Fat cell fraction 1.19 (0.037 - 38.7) 0.921
g J |Immune cell fraction 0.744 (0.04 - 13.8) 0.842
0 5 10 15
Time after diagnosis / years
Materials availability ® The human embryonic development LiCAT-seq dataset is available
This study did not generate new materials. from the NCBI Sequence Read Archive (SRA): SRP163205.
® The breast cancer at-risk DNAme (bisulphite-seq), and H3K27ac (ChIP-
seq) datasets are available from European Genome Phenone Archive:
Data and code availability EGAS00001000552.
® This article analyzes existing, publicly available data, accessible as ® The human embryonic development single-cell RNA-seq dataset is
follows. available from ArrayExpress: E-MTAB-3929.
® The human embryonic development DNAme dataset is available from ® The breast cancer at-risk single-cell RNA-seq datasets are available
the Gene Expression Omnibus (GEO): GSE81233. from the Gene Expression Omnibus (GEO): GSE161529, GSE174588,
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Figure 8. Distributions of bootstrap samples of random-forests importance-gains for the inferred regulators of PPR7
As shown in Figure 7, for (A) BRCAmut and (B) WT. A GRN edge would be inferred from data if the importance-gain is greater than the optimal thresholds shown.

GSE195665, GSE198732, GSE180878, and ArrayExpress: EMTAB
13664, EMTAB9841.

The breast cancer invasive carcinoma (BRCA) DNAme dataset
and associated demographic information is available from TCGA®':
TGCABRCA.

The Cut&Tag KLF4 binding in hESCs dataset is available from Gene
Expression Omnibus: GSE167988.

The TF-motif DNA-sequence match rankings are available from:https://
resources.aertslab.org/cistarget/.

All original code implementing the epigenomic prior network construc-
tion, GRN inference, and differential cis-regulatory analysis, with
required data files for the human embryonic development datasets
are available from https://zenodo.org/records/17253602, and with
required data files for the breast cancer at-risk datasets from https://
zenodo.org/records/17255982.

Any additional information required to reanalyze the data reported in this
article is available from the lead contact on request.
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Deposited data

Human embryonic development DNAme dataset
Human embryonic development LiCAT-seq dataset
Breast cancer at-risk DNAme (bisulphite-seq),

and H3K27ac (ChIP-seq) datasets
Human embryonic development

single-cell RNA-seq dataset

Breast cancer at-risk single-cell RNA-seq dataset
Breast cancer at-risk single-cell RNA-seq dataset
Breast cancer at-risk single-cell RNA-seq dataset
Breast cancer at-risk single-cell RNA-seq dataset
Breast cancer at-risk single-cell RNA-seq dataset
Breast cancer at-risk single-cell RNA-seq dataset
Breast cancer at-risk single-cell RNA-seq dataset
Breast cancer invasive carcinoma (BRCA) DNAme
dataset and associated demographic information

Cut &Tag KLF4 binding in hESCs dataset

TF-motif DNA-sequence match rankings database

https://www.ncbi.nIm.nih.gov/
geo/query/acc.cgi?acc=GSE81233

https://www.ncbi.nlm.nih.gov/sra/
?term = SRP163205

https://ega-archive.org

https://www.ebi.ac.uk/biostudies/
arrayexpress/studies/E-MTAB-3929

https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE161529

https://www.ncbi.nIim.nih.gov/geo/
query/acc.cgi?acc=GSE174588

https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE195665

https://www.ncbi.nim.nih.gov/geo/
query/acc.cgi?acc=GSE198732

https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE180878

https://www.ebi.ac.uk/biostudies/
arrayexpress/studies/E-MTAB-13664

https://www.ebi.ac.uk/biostudies/
arrayexpress/studies/E-MTAB-9841

http://www.cbioportal.org/study/
summary?id=brca_tcga
https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE167988

https://resources.aertslab.org/cistarget/

Gene Expression Omnibus
GSE81233

NCBI Sequence Read Archive
SRP163205

European Genome-Phenome
Archive EGAS00001000552

ArrayExpress
E-MTAB-3929

Gene Expression Omnibus
GSE161529

Gene Expression Omnibus
GSE174588

Gene Expression Omnibus
GSE195665

Gene Expression Omnibus
GSE198732

Gene Expression Omnibus
GSE180878

ArrayExpress EMTAB13664
ArrayExpress EMTAB9841
TCGA BRCA

Gene Expression Omnibus

GSE167988
hg38_screen_v10

Software and algorithms

R scripts implementing the epigenomic prior network
construction, GRN inference, and differential

cis-regulatory analysis, with required data-files for the

human embryonic development datasets.

R scripts implementing the epigenomic prior network
construction, GRN inference, and differential
cis-regulatory analysis, with required data-files

for the breast cancer at-risk datasets.

R (programming language)
Python (programming language)
Gene Net Weaver (software)

COMBAT (software, part of SVA package)

BWA (software)
MACS2 (software)
Bismark (software)

https://zenodo.org/records/17253602

https://zenodo.org/records/17255982

R Foundation
Python Software Foundation

https://doi.org/10.1093/biocinformatics/
btr373

https://doi.org/10.1093/biostatistics/
kxj037

https://arxiv.org/abs/1303.3997
https://doi.org/10.1186/gb-2008-9-9-r137
https://www.bioinformatics.babraham.ac.uk

Human embryonic
development datasets.

Breast cancer at-risk datasets.

Versions 4.1-4.3
Version 3.10
Version 3.1

Version 3.50

Version 0.7
Version 2.2.9.1
Version 0.22.3
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METHOD DETAILS

Epigenomic prior network construction

To obtain the candidate TF cis-regulators of a particular gene, we build on established methods called lever®® and cistarget.> Those
methods examine whether the association between TF binding motifs and cis-regulatory DNA sequences corresponds to the asso-
ciation between sample-specific observations and the same cis-regulatory DNA regions, such as open chromatin (as inferred from
ATAC-seq or LICAT-seq data). Lever®® and cistarget®" approach this as a prediction problem: i.e., does the matching of TF motif and
DNA sequence at a particular location predict epigenomic patterns (such as open chromatin) that are observed at that location. In
lever®® and cistarget,®" the accuracy of this prediction is measured by the AUC (area under receiver-operator curve) statistic. The
AUC statistic can be calculated from the area under the curve that plots the true-positive rate against the false-positive rate, as
the classification threshold is decreased from infinity to zero; i.e., the receiver-operator curve. Equivalently, the AUC statistic can
be calculated by a linear transformation of Somers’ D statistic by the transformation AUC = (D +1)/2,°° where D € [~ 1,1]. Som-
ers’ D statistic can also be thought of as equivalent to a correlation coefficient between a continuous variable (the prediction) and a
binary variable (the ground-truth). If the correlation coefficient p € [— 1, 1] is a measure of association between two binary variables,
then D € [—1,1] can be thought of as an analogous measure of association between a binary variable and a continuous variable.
From the perspective of the AUC statistic, the binary variable corresponds to a representation of the true class y) € {0, 1} for rank-
ingsr € {1,...,R}, and the continuous variable x") is used to predict that class, where a value of the AUC statistic close to 1 indicates
that high rankings mostly correspond to a true class of 1.

In MethCorTarget, we use the absolute Spearman correlation coefficient to assess whether the average DNAme rate yl.(’) € [0,1]
for sample j € {1,...,n} at cis-regulatory region r € {1,...,R} corresponds to the closeness of the match x,(') between TF motif
| € {1,...L} and the DNA sequence at that region, where correlation coefficientp,j(x,(r),y/(’)) is calculated overr € {1,...,R}. In modi-
fied lever-cistarget (MLC), we equivalently use Somers’ D to assess whether the presence of open chromatin (assessed by LiCAT-
seq or H3K27ac) at a cis-regulatory region corresponds to the closeness of the match between the TF motif and the DNA sequence at
that region. After calculating p;; (for a given DNAme sample j) or D;; (for other epigenomic data sample j) for TF motif /, we apply the
Fisher transform to obtain approximately standard Gaussian-distributed variables z;; ~ M(0,1),°/ € {1,...L},j € {1,...,n}, for L
TFs and n samples (assuming the distributional assumptions also hold sufficiently well for D), and then calculate corresponding
p-values from a standard Gaussian distribution. We then retain TFs in the subsequent analysis if the corresponding z-test leads
to p-value p;; < 0.1, noting that this threshold provides optimum identifiability of network structures.”’ We also note that this p-value
threshold might result in many false-positives for a large number of TFs, but that many of these would be expected to be filtered out in
the next step in the GRN inference using gene expression data with advanced regression methods. The aim of the epigenomic prior
network is to identify candidate regulators of a target-gene, which are then chosen from by the advanced regression method as it is
applied to gene-expression data. We refer to this method of epigenomic prior network inference as MLC (modified-lever-cistarget)
when the method calculates Somers’ D from chromatin accessibility data (or similar), and we refer to this method as MethCorTarget
when the method calculates the Spearman correlation coefficient p from DNAme data.

Histograms showing the numbers of target-gene regulations for each TF, and the number of TF regulators for each target-gene, in
the epigenomic prior networks for the breast cancer at-risk dataset, and for the human embryonic development dataset, are shown in
Figure S5.

Gene-regulatory network inference

Gene-regulatory network (GRN) inference was carried out to infer TF-gene regulations by modeling the expression of each target-gene
as a (possibly non-linear) combination of the expression of a set of candidate regulators (Equation 1).* The target-gene approach to
GRN inference” uses advanced regression methods such as random forests regression,’” and recently the xgboost implementation of
random forests as gradient-boosted trees,*” to model the expression level of a particular ‘target’ gene (the response), conditional on
the expression levels of a set of other genes (predictors, such as TFs), Equation 1. The target-gene approach to GRN inference is best
known in the context of GENIE3® and GRNboost2.° In GENIE3 and GRNboost2, the set of candidate regulators corresponds to all the
TFs in the dataset of interest, or to some other pre-specified list of candidate regulators that importantly is the same for all target-
genes. In our proposed methodology, we use the epigenomic prior network to first infer a specific set of candidate TF regulators
that can be different for each gene (see Graphical Abstract). This improves the accuracy of inference by the advanced regression
method (Figure 2), because when using advanced regression such as random forests for variable selection, the advanced regression
only needs to choose from 10s of candidate cis-regulating TFs. These 10s of candidate cis-regulators correspond to epigenomic prior
information about possible interactions of the TF with the cis-regulatory DNA of the target-gene. This contrasts with the full list of 100s
or 1000s of TFs that would need to be specified genome-wide when using GENIE3® and GRNboost2,° as part of the SCENIC/SCENIC+
pipeline.'~ Finally, we construct the GRN by combining the local target-gene network model fits genome-wide, with each gene taking
a turn as the response variable in the advanced regression, i.e., as the target-gene.” In the final GRN, we infer network edges using
optimised thresholds on the random-forests importance-gain in each target-gene model fit. We estimated optimal thresholds based
on a maximum-AUC criterion in data with known ground-truth network structure, for relevant values of sample size n and number of
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parents in the network p (Figure S6). The practitioner is free to choose the threshold as a user parameter, based on considerations of
the downstream analyses. We choose to set the threshold as the lower-quartile of the optimal AUC value conditional on sample size n
and number of parents in the network p. This lower choice of threshold ensures that false-negatives are reduced at the price of addi-
tional false-positives, which is preferred for two reasons. Firstly, further downstream validation will be used, mitigating any increase in
false-positives. Secondly, downstream we analyze aggregations of gene regulations, which also makes the downstream analyses
more tolerant to false-negatives, as their effect is mitigated when aggregated with true positives (Figure S6).

We found previously'? that advanced regression methods as part of the target-gene approach to GRN inference perform best with
normalisation methods such as FPKM and TPM. In this work, we chose to use CPM normalisation rather than FPKM or TPM normal-
isation, because inferences from advanced regression with the random forests method should not be affected by monotonic trans-
formations of the data, such as scaling by gene length. In comparison with that previous work, '> we also chose to use random forests
regression’? (xgboost implementation®’) rather than mutual information, for three reasons as follows: (1) The computational efficiency
of xgboost®”) makes it feasible to use xgboost with large, modern single-cell datasets such as the breast cancer at-risk dataset we
analyze in this work. This contrasts with the much smaller number of cells in the human embryonic development dataset, where cell
numbers are restricted due to the very precious and restricted nature of the source material; (2) In our previous work'? we used the
GENIE3 implementation® of target-gene GRN inference with random-forests,”? but in this work we have have shown a clear improve-
ment over GENIE3 on synthetic data by using prior network structure (Figure 2), noting that GENIE3 does not use prior network struc-
ture that is tailored to each target-gene; (3) In this work we have based our epigenomic prior network inference methods on the
lever®®/cistarget®* approach, which is also used together with random forests’” as part of the well validated scenic’ pipeline. On
the other hand our previous work'? used RGT-HINT®® to infer candidate TF-gene cis-regulations.

QUANTIFICATION AND STATISTICAL ANALYSIS

LiCAT-seq data processing
For the human embryonic development LICAT-seq dataset,® the DNA loci of cis-regulatory TF motifs corresponding to open chro-
matin were inferred as part of an earlier study'? (with alignment to the GRCh38 reference human genome), and were reused in this
work. These TF motif footprints at open chromatin were originally inferred from the human embryonic development LiCAT-seq data-
set available from the NCBI Sequence Read Archive (SRA) under accession number SRP163205, from the URL https://www.ncbi.
nim.nih.gov/sra/?term=SRP163205.

The TF-motif footprints at open chromatin were originally obtained using rgt-hint v0.13.0°° with TF binding models from
HOCOMOCO and JASPAR,® finding 433270 candidate cis-regulations identified over 13950 different genes by 894 different TFs.

We applied pycistarget and modified-lever-cistarget (MLC) to the downstream peak-calls (54425 peak-calls genome wide) for the hu-
man embryonic development LICAT-seq dataset®® for comparison. When applied to these peak-calls, pycistarget returned 124 signif-
icant TF motifs across 39298 distinct genomic regions. The MLC method found 549 significant TF motifs, matched across 27280 distinct
genomic regions (z-test, p < 0.1, we note that many false positives generated in this step are expected to be removed by the subsequent
GRN inference with gene-expression data). For MLC, candidate cis-regulations at these 27280 genomic regions were inferred from the
closest gene promoters (< 5kb, according to Ensemble 1077%). This lead to a epigenomic prior network for the human embryonic devel-
opment LICAT-seq dataset, representing 21381 candidate cis-regulations of 2650 different genes by 270 different TFs.

H3K27ac ChIP-seq data processing

For the breast cancer at-risk H3K27ac ChlP-seq dataset,’® raw fastq files of unaligned sequencer reads for purified cell samples for
the cell types luminal progenitor, mature luminal, and basal from each of 3 women (aged 22, 37 and 41), were downloaded from EGA
(the European Genome-phenome Archive, https://ega-archive.org), under accession number EGAS00001000552. ChIP-seq reads
were aligned to the GRCh38 (hg38) reference human genome assembly from Ensembl 109’ using the Burrows-Wheeler Alignment
(BWA) software’® (with default settings). Significant ChlP-seq peaks (FDR-adj p < 0.05) were then called using the callpeak function
from the macs?2 software’®’” (with default settings), resulting in three sets of peak calls per cell type. Applying MLC to these data for
the cell types luminal progenitor, mature luminal, and basal, lead to (respectively) 583, 591, and 595 significant TF motifs matched
across 25706, 27668, and 22570 genomic regions (z-test, p<0.1, we note that many false positives generated in this step are
expected to be removed by the subsequent GRN inference with gene-expression data). For each genomic region, candidate cis-reg-
ulations were inferred from the closest gene promoters (< 5kb, according to Ensemble 1077°), also requiring that the candidate cis-
regulation should be observed at this significance level in a majority of the samples for that cell type. This lead to a epigenomic prior
network for each of the cell types luminal progenitor, mature luminal, and basal, representing (respectively) 142766, 142237, and
110513 candidate cis-regulations of 4222, 4194, and 3597 different genes, by 282, 285, and 277 different TFs.

DNAme bisulphite-seq data processing

For the human embryonic development DNAme dataset,?® CpG read-count data tables summarising bisulphite-seq libraries (alighed
to the hg19 reference human genome) for 103 human ICM cell samples (inner cell mass, comprising epiblast and primitive endoderm
cells, one library per cell sample), were downloaded from from the Gene Expression Omnibus (GEO) under accession number
GSE81233, from the URL:

e3 iScience 29, 115165, April 17, 2026


https://www.ncbi.nlm.nih.gov/sra/?term=SRP163205
https://www.ncbi.nlm.nih.gov/sra/?term=SRP163205
https://ega-archive.org

iScience ¢? CellPress
OPEN ACCESS

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE81233.

For the breast cancer at-risk DNAme dataset,*® bisulphite-seq DNAme data for purified cell samples donated by 3 women (aged
22, 37 and 41, one library per cell type for each woman) for luminal progenitor, mature luminal, basal, and stromal (fibroblast) cells,
were downloaded from EGA (the European Genome-phenome Archive, https://ega-archive.org), under accession number
EGAS00001000552. The downloaded raw sequencer reads were aligned to the GRCh37 (hg19) reference human genome assembly
from Ensembl 104,”® and methylated and unmethylated reads were counted at CpG sites, using the Bismark software’® (with default
settings).

To generate the epigenomic prior networks from these DNAme datasets, MethCorTarget was applied to the raw methylated and
unmethylated bisulphite-seq counts, as follows. First, the methylated and unmethylated counts were aggregated over all candidate
TF-motif binding regions that were mapped by at least 10 reads in total, leading to an average DNAme rate for each candidate TF-
motif binding region, for each sample (i.e., bisulphite-seq library). The average methylation rates over the samples were then calcu-
lated for all TF-motif binding regions, for only those regions with data for at least 3 cells in the human embryonic development dataset,
and for only those regions with data for the majority of samples in the breast cancer at-risk dataset. We note that DNAme data are
typically quite noisy, but by averaging the methylation rates over TF binding regions, we mitigate some of the effect of this noise, as
shown previously.®°

We used MethCorTarget to test the correlation of the ranking of the TF-motif DNA sequence matches for each binding region, with
the average methylation rates over the binding regions calculated as above. We applied MethCorTarget in the same way for ICM cells
of the human embryonic development dataset, and for the cell types luminal progenitor, mature luminal, basal, and stromal (fibro-
blast) cells of the breast cancer at-risk dataset. For ICM cells, MethCorTarget found 868 significant TF motifs matched across
95122 genomic regions. For luminal progenitor, mature luminal, basal, and stromal (fibroblast) cells, MethCorTarget found (respec-
tively), 826, 780, 747, and 771 significant TF motifs matched across 206076, 201359, 195211, and 200102 genomic regions (z-test,
p <0.1; we note that many false positives generated in this step are expected to be removed by the subsequent GRN inference with
gene-expression data). For each genomic region, candidate cis-regulations were inferred from the closest gene promoters ( < 5kb) to
the motif-matched TFs (according to Ensemble 1077%). This lead to a epigenomic prior network for ICM representing 417320 candi-
date cis-regulations of 23575 genes by 375 TFs. It also lead to a epigenomic prior network for each of the cell types luminal progen-
itor, mature luminal, basal, and stromal (fibroblast) representing (respectively) 1035073, 946625, 920222, and 991998 candidate cis-
regulations of 34792, 34680, 34021, and 34623 mRNA transcripts, by 413, 370, 382, and 387 TFs.

For plotting the bisulphite-seq reads aligned to hg19 on hg38 (GRCh38) co-ordinates, the liftover package in R was used to convert
CpG loci from the hg19 coordinates to hg38. We note that comparisons between LiCAT-seq data aligned to hg38 co-ordinates and
DNAme data aligned to hg19 co-ordinates were at the level of unique identifiers for cis-regulatory regions in the TF-motif DNA-bind-
ing database, mitigating alignment errors and loss of data that could arise during coordinate conversion.

RNA-seq data processing
The human embryonic development RNA-seq dataset”' was downloaded from ArrayExpress under accession number EMTAB3929,
from URL

https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-3929.

After quality control and filtering to retain cells from embryos at 5-7 days post-fertilisation, data for 20407 features (RNA transcripts)
in 1258 samples (cells) were identified for use in downstream GRN inference.

The breast cancer at-risk RNA-seq datasets®” >® have been analyzed together in combination previously,®” and hence are referred
to here as the combined breast-cancer at-risk dataset, and were downloaded from (respectively) the Gene Expression Omnibus
(GEO) under accession numbers GSE161529, GSE174588, GSE195665, GSE198732, GSE180878, and ArrayExpress under
accession numbers EMTAB13664, EMTAB9841, from (respectively) URLs

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE161529

https://www.ncbi.nIm.nih.gov/geo/query/acc.cgi?acc=GSE174588
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE195665
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE198732
https://www.ncbi.nIm.nih.gov/geo/query/acc.cgi?acc=GSE180878
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-13664
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-9841.

After quality control and filtering to retain data from healthy pre-menopausal nulliparous women, data for 19995 features (RNA tran-
scripts) in 70725, 65786, and 57906 samples (cells) from (respectively) 11 BRCA1 (FANCS) mutation carriers, from 5 BRCA2
(FANCD1) mutation carriers, and from 18 BRCA1 (FANCS) and BRCA2 (FANCD1) wild-type volunteers, were identified for use in
downstream GRN inference.

Quiality control was carried out as follows, to retain only high-quality samples (cells) and features (RNA transcripts). For both the
human embryonic development dataset and the combined breast cancer at-risk dataset, samples (cells) were retained by filtering out
any cells with non-zero counts for fewer than 750 RNA transcripts, filtering out cells for which the most highly expressed transcript
excluding MALAT1 account for at least 10% of the total counts, filtering out cells for which at least 10% of the total counts correspond
to transcripts encoding mitochondrial proteins, filtering out cells for which at least 50% of the total counts correspond to transcripts

iScience 29, 115165, April 17,2026  e4



https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE81233
https://ega-archive.org
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-3929
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE161529
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE174588
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE195665
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE198732
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE180878
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-13664
https://www.ebi.ac.uk/biostudies/arrayexpress/studies/E-MTAB-9841

¢? CellPress iScience
OPEN ACCESS

encoding ribosomal proteins, and filtering out doublets.®’ For the human embryonic development dataset, features were filtered out
if they have non-zero counts in fewer than 10 samples (cells), noting the smaller sample size and greater read-depth for this dataset.
For the combined breast-cancer at-risk dataset, RNA transcripts were filtered out if they have non-zero counts in fewer than 100 cells.
For the combined breast cancer at-risk dataset, the COMBAT software® was used to control batch effects while combining
datasets.

After quality control, differential expression analysis was carried out using the limma software®® from the edgeR package®" in R,
with significance level set according to false discovery rate-adjusted p <0.05. Separately after quality control, hypervariable mRNA
transcripts were identified for dimensional reduction, visualisation, and clustering, following the principle of selecting genes with the
greatest biological variability.2> We use an estimator of the amount of biological variability compared to technical variability (i.e., over-
dispersion®) in each mRNA feature i € {1,...,p}, defined here as logV;/logm; where V; and m; are (respectively) the empirical vari-
ance and mean for feature i. We note that there is currently no consensus on the best-practice for selecting the most informative
features using models of overdispersion, and that the best solution is likely to depend both on the downstream processing and
on as the datasets that are analyzed.?*®° The top 2000 mRNA features were retained in this way for the breast cancer at-risk dataset,
and the top 5000 mRNA features were retained for the embryonic development dataset (recognising that more features are needed
for estimating the Laplacian eigenspace as this dataset contains many fewer cell samples).

The Laplacian eigenspace (LE) is the basis for the visualisations and clustering shown in Figures S1-S4, and is estimated as the
subspace of the data defined by the eigendecomposition of the graph-Laplacian representation of the datapoints,”® according to the
eigenvectors that correspond to the eigenvalues that explain at least 1% of the total variance of the data, after removing the mean
component. The single-cell data for the specific cell types analyzed in the GRN inference are identified from the LE with unsupervised
learning by fitting a Gaussian mixture model in the Laplacian eigenspace (GMM-LE clustering),’*°' as shown in UMAP projections®
from the LE®® that appear in Figures S1, S2, and S4.

For the human embryonic development dataset, the epiblast cells used in the GRN inference are the same ones that we used in
previous work,? identified as cluster 5 in Figure S1; the identifiers for these Epi cells from the original study that generated those
data®' are listed in Table S9. GMM-LE clustering was then applied hierarchically to cluster 2 from Figure S1, resulting in 37 primitive
endoderm (PE) cells identified as cluster 4 in Figure S2; the identifiers for these PrE cells from the original study that generated these
data*' are listed in Table S10. The 68 and 37 Epiand PrE cells (respectively) are validated in Figure S3 by the expression levels of known
Epi marker genes NANOG and KLF17 and PrE marker genes GATA4 and SOX17,'? and are used as representative samples of gene-
expression profiles of those cell types in the GRN inference. For the breast cancer at-risk dataset, we previously identified 5531 luminal
progenitor, 2535 mature luminal, and 3913 basal cells,”° which are identified as clusters 1, 2, and 8, respectively in Figure S4. These cell
samples are then used as representative examples of gene-expression profiles of those cell types in the GRN inference.

DNAme bulk microarray data processing

Bulk-tissue lllumina 450K DNAme microarray data for 257 breast cancer invasive carcinoma (BRCA) samples with matched
clinical data were downloaded from the TCGA repository (The Cancer Genome Atlas),®’ and were preprocessed as follows. Raw
DNAme idat data files were loaded in R and background-corrected and normalised with BMIQ.%® Probes were removed if they
had <95% coverage across samples, and any remaining probes with detection p — value > 0.05 were replaced by k-NN imputation,
with k = 5.

Cut&Tag dataset
Previously-published*® Cut&Tag KLF4-target peak-calls (p < 0.01) were downloaded for naive (two replicates) and primed (one repli-
cate) human embryonic stem cells (hESCs), from the Gene Expression Omnibus (GEO) under accession number GSE167988.

TF-motif databases
The rankings for the matches of TF-motif to DNA sequence location for human, that we used with pycistarget, MLC (modified-lever-
cistarget) and MethCorTarget, are based on 32765 unique TF motifs that were originally collated from 29 different motif databases as
part of the SCENIC+ package,® and were downloaded under the filenames
hg38_screen_v10_clust.regions_vs_motifs.rankings.feather (for the motif rankings) and
motifs-v10nr_clust-nr.mgi-m0.001-00.0.tbl (for the TF-motif matches), from the URL:
https://resources.aertslab.org/cistarget/

Synthetic data generation

Synthetic gene expression data was generated, corresponding to known ground-truth GRN structure. These data were generated
using the ‘gene netweaver’ software,”* which uses realistic differential-equations models to simulate the data according to models
of chemical reaction kinetics; this software was used previously to generate data for the DREAM4 and DREAMS5 network inference
challenges®® that were originally won by GENIE3.® Using gene-net weaver, we generated 300 synthetic gene-expression profiles
based on known GRN structure. These 300 synthetic gene-expression profiles were then analyzed equivalently to 300 normalised
single-cell libraries sequenced at high depth. The number of synthetic data samples, the maximum synthetic network size, and
the number of candidate regulators of each target gene, were determined by the constraints of the data generating process.
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Deconvolution of bulk DNA methylation data

Sample fractions of epithelial cells, fibroblasts, immune cells and fat cells were estimated for the TCGA BRCA bulk DNAme
microarray data using the ‘Epidish’ package in R*'. We note that only the fractions of fibroblasts, immune cells and fat cells were
used to adjust for sample cell-type fraction due to build-in redundancy in these estimates (i.e., the epithelial, fibroblast, immune,
and fat fractions sum to 1 by definition).

Software

Downstream analyses were carried out in R (versions 4.1-4.3), except for the application of pycistarget to the LiCAT-seq data, which
used Python version 3.10 and pycistarget version 1.0.
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