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Abstract
Background

Transcriptional regulation is complex, requiring multiple cis(local) and trans acting mechanisms working
in concert to drive gene expression, with disruption of these processes linked to multiple diseases.
Previous computational attempts to understand the in�uence of regulatory mechanisms on gene
expression have used prediction models containing input features derived from cis regulatory factors.
However, local chromatin looping and trans-acting mechanisms are known to also in�uence
transcriptional regulation, and their inclusion may improve model accuracy and interpretation.

Results

We describe a computational framework to model gene expression for GM12878 and K562 cell
lines. This framework weights the impact of transcription factor-based regulatory data using multi-omics
gene regulatory networks to account for both cis and trans acting mechanisms, and the local chromatin
context. These prediction models perform signi�cantly better compared to models containing cis-
regulatory features alone. Models that additionally integrate long distance chromatin interactions (or
chromatin looping) between distal transcription factor binding regions and gene promoters also show
improved accuracy. As a demonstration of their utility, effect estimates from these models were used to
weight cis-regulatory rare variants for SKAT(sequence kernel association test) analyses of gene
expression.      

Conclusions

Our models generate re�ned effect estimates for individual transcription factors, allow characterization of
their roles across the genome, and provide a framework for integrating multiple data types into a single
model of transcriptional regulation.

Introduction
Dysregulation of transcription and gene expression has been linked to conditions such as diabetes[1],
different subtypes of cancer[2] and neurological[3], autoimmune[4] and developmental disorders[5].
However, due to the complexity of the process of transcriptional regulation in eukaryotes, the mechanistic
underpinnings of many of these diseases are yet unknown. Multiple regulatory mechanisms acting in
concert to control transcript abundance and gene expression have been identi�ed[6]. Databases such as
the Encyclopedia of DNA elements(ENCODE)[7], FANTOM5[8] and GEO[9] have provided researchers with
the opportunity to explore gene expression regulation using computational methods. These databases
contain information about the binding sites of transcription factors(TFs), coordinates of regulatory
elements such as promoters and enhancers as well as epigenetic markers, and changes in expression
patterns in response to external stimuli on a genome-wide level.
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Despite the availability of data and many potential computational modelling techniques[10], approaches
to date have been limited to predictions based on “local features”. These involve predicting gene
expression using observed transcription factor and histone modi�cation signal strengths as
predictors[10]–[14]; such models estimate the average in�uence of regulatory elements on expression of
autosomal genes. Early work conducted by Ouyang et al. built linear regression models to predict gene
expression in Embryonic Stem Cells (ESCs) using TF association strengths (ChIP-Seq intensity relative to
transcription start site) of 12 essential TFs and principal components to capture their “multi-
collinearity”[14]. Cheng et al.[13] and Zhang et al.[11] extended this work by including ChIP-seq data for
histone modi�cations overlapping transcription start and termination sites and applying support vector
regression. Schmidt et al. developed the TEPIC method to calculate TF-target gene(TG) a�nity scores
using a biophysical model of binding based on open chromatin assay data[12]; using a�nity scores as
input features, they used regularized linear regression models to predict gene expression. More recently,
deep learning models have become popular for this task[15]–[17], although inferring biologically relevant
information from these complex models has remained a challenge. All of these approaches have
produced prediction models with varying accuracy. Additionally, none of these models have accounted
for the in�uence of trans-acting factors, such as the expression levels of and the co-operative interactions
among TFs themselves.

Weighted gene regulatory networks(GRNs) attempt to �ll this gap by capturing information corresponding
to multiple cis and trans-acting transcriptional regulatory mechanisms in the form of edge-weights
between a regulator and its TG[18]. The Passing Attributes between Networks for Data Assimilation
(PANDA) algorithm generates such a GRN by extracting information from heterogeneous networks built
using multiple big “omics” data sources corresponding to different TF-based regulatory mechanisms[19].
Published approaches, except for a recent extension of the TEPIC framework[20], have also not yet
considered the impact of chromatin conformation on transcriptional regulation despite its increasing
availability from high throughput assays such as Hi-C[21]. Condensed chromatin within the cell is heavily
restructured during the process of transcription, leading to increased accessibility of gene promoters and
closer physical proximity of distal transcription machinery and enhancer elements[22].

In this study, we developed a computational framework to assess the impact of multiple cis and trans
regulatory mechanisms on gene expression using weighted PANDA GRNs, and to identify general
mechanisms in�uencing the regulation of gene expression. We predicted expression for genes in the
immortalized lymphoblastoid cell line GM12878 and the chronic myelogenous leukemia cell line K562.
Our prediction models estimate the linear in�uence of individual TFs on gene expression and characterize
their regulatory roles in the two cell lines. We compared the prediction performance of models built using
TF binding sites(TFBS) found within various regulatory elements such as introns, promoters and distal
regulatory regions, and further assessed the impact of long distance (> 1Kb) interactions between TF
binding distal regulatory elements and promoters on gene regulation by integrating Hi-C data into our
GRNs and prediction models. Finally, we applied our model estimates to a weighted analysis of rare cis-
regulatory variants in whole-blood. Our in-silico prediction framework has the �exibility of including
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datatypes from multiple heterogeneous sources for estimating the relative in�uence of multiple
regulatory mechanisms on gene expression. 

Methods
All the published algorithms and datasets used in this study have been described in supplementary data.

De�ning Transcription Factor Binding Sites

We used three methods to de�ne the TFBS between the TFs and the TGs for both the cell types using
ChIP-seq data described in Supplementary Table S1 and Ensembl gene annotations from GrCh37 human
genome assembly:

1)Positional TFBS: We isolated all the ChIP-Seq peaks within a 50Kb window upstream of the TSS of the
longest transcript and downstream of the body of each protein coding TG. We then used the most distant
CTCF peaks to demarcate the cis-regulatory boundaries for these TFBS, as it is a well-known insulator
protecting the enhancers of TG gene from acting upon the promoters of another as shown in Figure1.[36].

2) FIMO TFBS: We applied the FIMO algorithm[37] from the latest release of the MEME-suite tools(v.5.1.1)
on the “Positional TFBS” data to �nd statistically signi�cant set of TFBS. We extracted genomic
sequence underneath the TF peak corresponding to each TFBS and the JASPAR(v.2020) based TF
position weight matrices(PWM) to �nd statistically signi�cant TFBS at the p-value threshold of 0.01.

3)TEPIC TFBS: We downloaded the TEPIC software (https://github.com/SchulzLab/TEPIC) along with
the position speci�c energy matrices(PSEMS) for all TFs[12]. We used these PSEMS, the Ensembl
Homo_sapiens.GRCh37.87.gtf annotation, and our prede�ned Positional TFBS to �nd a�nity scores for
TFs binding in the 50Kb window around each TG’s TSS.

Generating Gene Regulatory Network Weightings

We converted the unique TF-TG interactions obtained from each TFBS identi�cation method into
weighted(TEPIC) and unweighted (Pos ChIP-Seq and FIMO) adjacency matrices. We used these matrices,
along with BioGrid(v.3.5.188)[38], a method for de�ning protein-protein interactions (PPI), and cell-type
speci�c co-expression networks to generate three different PANDA outputs. After 25 iterations, we
obtained convergence by setting the threshold for Hamming’s distance at 0.001 and by using the value of
0.1 for α for each GRN.

Generating training and test data sets for the prediction models

We used four different input datasets, for each cell type, for our prediction models based on PANDA GRN
edgeweights (“Pos GRN”, “FIMO GRN”, “TEPIC GRN”) and TEPIC a�nity scores (“TEPIC”) as shown in
Figure 1. Using these matrices as inputs, we predicted the expression for independent datasets of
GM12878(ENCSR889TRN) and K562(ENCSR545DKY) using the linear regularized elastic net(ENET)

https://github.com/SchulzLab/TEPIC
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regression models. We used the python-based implementation of the ENET model from the scikit-learn
library to build the prediction models, setting the value of (the ratio between the lasso and ridge norms) at
0.5.

We used the log10-normalized FPKM(fragments per kilobase of transcripts per million) for TGs, that were
common among different input matrices described in Table 1 and also contained promoter Hi-C contacts
with distal TFBS, as the response vector for the ENET prediction models. Thus, the models contained
8,644 TGs for GM12878, and 9460 TGs for K562. We also applied our approach to 12,013 TGs for HepG2
for additional validation and generalization.

 We split the input feature matrix and the output expression vector into 80% training data and 20% test
data. We used the training data to train the ENET models, using 20-fold inner cross validation. We then
predicted the expression of the test set genes, using the learned ENET models and calculated mean
squared error(MSE) and Pearson’s correlation coe�cient(PCC) to measure the predictive performance for
the models. We repeated this process for 20 iterations as shown in Figure1.

Calculating TF average effect estimates

We calculated the average effect estimate for TF T using the following equation:

Here, is the set of random instances that we used to build our prediction models and is the effect
estimate of T  for instance . We only used the GM12878 and K562 Pos GRN prediction models in order to
calculate these estimates. We further divided the TFs based on these mean effect estimates using the
xtile function of R(v.3.4.2) into 5 roughly equal bins.

Additional gene regulatory elements analyses

We generated additional TFBS datasets by extracting TF peaks overlapping TG intronic regions, promoter
regions (5Kb upstream of the TSS) as well the ones present in distal region beyond the promoter
(Supplementary Figure S11A). The number of corresponding TFBS and TF-TG interactions for each cell-
type representing these regions is provided in Table 1 and Supplementary TableS2. In order to get the
intronic regions for each TG, we �rst obtained the exonic regions corresponding to all the transcripts for a
given TG and then subtracted them from the regions spanning the respective transcript lengths using
bedtools(Supplementary Figure S11B). We added the TFBS present in the intronic regions to the
positional ChIP-Seq TFBS dataset to create the intronic TFBS dataset for each cell-line. We used TF-TG
interactions based on these additional TFBS datasets to create motif-based adjacency matrices and used
them to build additional PANDA GRNs, which we ultimately used to predict gene expression for TGs
common between the models we were comparing.
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Generating Hi-C Weightings

We accessed Hi-C data for K562(GSM1551620) with 5Kb resolution and for GM12878(GSM1551688)
with 1Kb resolution. We de�ned the promoter as the 5Kb region upstream of the TSS of the longest
transcript for each gene. We normalized the Hi-C interactions using the Knight Ruiz(KR) normalization
and created sparse contact matrices for both cell types. We calculated the number of contact points
between each TF peak within a gene’s distal regulatory region and its promoter using bedtoolsv.2.27.1.
We then calculated the HiC adjusted edge-weights between each TF and TG using the following formula:

Here, is the Hi-C adjusted edge weight between TF and TG , is the number of ChIP-seq peaks
corresponding to in the regulatory region of , is the set of peaks corresponding to in the regulatory region
of and is the number of KR normalized contacts made by peak with the promoter of . We used the
MinMax scaling function of the scikit-learn library to scale the mean contacts within the (0,0.99) range.
Thus, if the TF did not contain any peaks interacting with a gene’s promoter, the would be equal to 1 and
the maximum value for would be 1.99. We generated the cell type speci�c “Hi-C DP” motif adjacency
matrix using these scaled interactions. We then extracted all the promoter-based TF-TG interactions that
were down-weighted to 1.0, or were found to have no Hi-C interactions, in the “Hi-C DP” matrix and gave
them maximum weight of 2.0 to create the cell-type speci�c “Hi-C UP” adjacency matrix. We created two
new GRNs using these adjacency matrices as motif networks along with the cell-type speci�c PPI and co-
expression data to build prediction models following the work�ow described in Figure 1.

QBiC-Pred-GRN rare variant association analysis.

We followed the work�ow shown in Supplementary Figure S13 for the rare variant analysis. We generated
GM12878 GRN utilizing the intronic TFBS for motif network and HiC up weighting scheme described
previously. We then �t the ENET models using TF-TG edgeweight features from this GRN, and used the
learned models to compute average TF effect estimates based on equation (1). For the initial discovery
analysis, we used the depression genes and networks(DGN) data set, which contains genotypes and RNA-
seq data for 922 individuals of European descent[40].We further imputed variant genotypes using 1000
genomes reference panel and the University of Michigan imputation server[39], [40]. We extracted rare
variants at a minor allele frequency(MAF) threshold of 1%(N ≈ 9.4M variants) and overlapped them with
the GM12878 intronic TFBS.

Out of the 149 TFs, we were able to �nd trained QBiC-Pred models for 59 TFs We scored these variants
using the o�ine version of the QBiC-Pred software[25] which we downloaded from the github repository
(https://github.com/vincentiusmartin/QBiC-Pred). We used the p-value threshold of 0.0001 to identify the
variants signi�cantly impacting the TFBS we identi�ed 118,789 rare variants that were present within
their binding sites.
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We merged the z-score obtained from the QBiC-Pred algorithm and the TF effect estimates for each rare
variant present within the TFBS for each TG using the following sets of equations.

Here, is the QBiC-Pred z-score for variant signi�cantly impacting the peak region(TFBS) , which is a
subset of all the peak regions TF within the regulatory/intronic regions of TG . is the average ENET effect
estimate obtained from the learned ENET models for TF and is the scaled QBiC-Pred z-score for variant
corresponding to TF binding cis-regulatory/intronic regions for TG . is the merge score for variant for each
TG computed by averaging the scaled z-scores for all the TFs present within the cis-regulatory/intronic
regions of TF ( ). We also computed aggregate QBiC-Pred z-scores for each variant present within all the
TFBS for each TG without utilizing the average effect estimates. In other words, we simply removed the
effect estimate ( ) from the set of equations described above. We scaled both aggregated z-scores and
merge scores within the range [-1,1] and used them for weighting the variants.

We used the R implementation of the SKAT algorithm [24](v 2.0.0) in order to �nd association between
these sets of variants and the TG expression levels normalized by HCP(hidden covariates prior). We used
the merge scores and QBiC-Pred aggregated z-scores as variant weights for the SKAT kernel matrices and
�t the models for 11,650 TGs using 74 additional biological and technical covariates provided within the
DGN dataset.

For replication analysis, we utilized the Genotype-Tissue Expression(GTEx) dataset containing whole
genome sequencing and RNA-seq data for 369 individuals[26] (Supplementary Figure S13). We repeated
the analysis done for the DGN dataset to extract and score variants and then performed SKAT using the
normalized expression of TGs that were found signi�cant in the DGN analysis and whose expression
values were present in the GTEx dataset(N = 388). For GTEx analysis, we utilized the 65 covariates
provided within the dataset to �t the SKAT model.

Statistical Evaluations

We used R v.3.4.2  to perform all the statistical analyses in our study. Assuming a non-normal distribution
of the PCC and MSE produced by the prediction models, we used the Wilcoxon rank sum test to compare
medians of these performance measures for different models. We used the gseapy package in python for
Gene Ontology(GO) enrichment analyses. We divided the TFs into 5 bins (quintiles) based on their
average effect estimates and ran the enrichment analysis for GO Biological Processes (GO BP) and GO
Molecular Functions (GO MF) terms using all cell-type speci�c TFs as background. We speci�cally looked
for signi�cant enrichment terms (adjusted p-value < 0.05) for each bin for both the GO categories. We
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then extracted the top 5 signi�cant enrichment terms for each bin (provided in Supplementary TablesS6C
and S6D) based on their p-values and plotted them in Supplementary Figure S10.

Results
Accounting for trans acting mechanisms in addition to cis regulatory mechanisms improved gene
expression prediction signi�cantly.

We built gene expression prediction models using information from GRNs, applying TF-TG edge-weights
from these networks as predictors, under the hypothesis that accounting for trans-acting mechanisms
would improve model accuracy. We then compared our results to those obtained from using TF-TG
a�nity scores calculated based on cis-regulatory features using the TEPIC algorithm. The work�ow for
our approach is provided in Figure 1. The number of TFs, TGs and TFBS corresponding to different ChIP-
seq processing algorithms for both cell lines is provided in Table 1. All validation results within the HepG2
cell-line are shown in the supplementary section and in Supplementary Figure S1.

Table 1: Number of TFs, TGs and TFBS obtained from different ChIP-seq processing algorithms for
GM12878 and K562 cell lines. All the ChIP-seq data for the analysis was downloaded from the ENCODE
database. We have also included the TFBS and interactions identi�ed for latter analysis.

  GM12878 K562

  TFs TGs TFBS Unique TF-
TG Pairs

TFs TGs TFBS Unique
TF-TG
Pairs

Pos ChIP-
Seq

149 17,106 4,209,133 1,216,272 309 18,190 11,614,248 2,372,274

FIMO 85 16,850 2,444,195 714,167 110 18,173 7,349,429 1,138,823

TEPIC 80 11,784 - 517,226 86 10,239 - 880,554

Promoter 149 11,509 458,959 276,138 308 15,668 1,293,933 681,847

Distal 149 16,964 3,750,174 1,128,079 309 18,152 10,320,315 2,312,490

Intronic 149 17,106 5,896,338 1,378,129 309 18,224 14,764,766 2,820,604

We created binary (binding/no-binding) TF-TG adjacency matrices using the positional and FIMO TFBS.
For the TEPIC based adjacency matrix, we used a�nity scores as weights. We combined these matrices
with PPI data and cell type speci�c co-expression to �t a GRN using the PANDA algorithm. We �t four
models using elastic-net based regularized linear regression (ENET) for each cell line. The �rst three
models (FIMO GRN, Pos GRN, TEPIC GRN) used the edge weights from the respective GRN as input
features to predict expression for test set TGs. The fourth model (TEPIC) used only TF-TG a�nity scores
without GRN information. Predictive performance was measured using mean-squared error (MSE), and
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Pearson’s correlation coe�cient (PCC) between predicted and observed expression values within a 5-fold
cross-validation framework repeating for 20 iterations.

We built the GRNs using motif networks derived from CTCF boundary de�ned cis-regulatory TFBS(Figure-
1). We observed that models using such GRNs performed statistically signi�cantly better than or similar
to those built using a 50Kb window to de�ne the cis-regulatory regions of the TGs (Supplementary Figure
S2A). Furthermore, the model performance for GRNs built using binary adjacency matrices for motif
networks was comparable to those utilizing a weighted motif network based on the number of TFBS for
each TF-TG interaction (Supplementary Figure S2B).

As shown in Figure 2 and in Supplementary Figure S1, GRN based prediction models containing cis and
trans regulatory mechanisms were more accurate than models built using only cis-regulatory TF-TG
TEPIC a�nity scores. Speci�cally, the median PCC for TEPIC GRN based models was higher compared to
that of TEPIC for GM12878 (0.42 vs. 0.30, p=1.45e-11 2A), K562(0.30 vs. 0.28, p=3.50e-2 2C) while the
median MSE for the former was lower than that for the latter for GM12878(0.83 vs. 0.91, p = 4.35e-10
2B), K562 (0.91 vs. 0.93, p=3.26e-02 2D). Additionally, we achieved a statistically signi�cantly better
prediction performance while using the GRNs constructed from TFs, for which we could calculate TEPIC
a�nity scores, used in the original TEPIC paper for each cell-line compared to TEPIC a�nity scores as
shown in Supplementary Figure S3. These results generalized to the HepG2 cell-line as well
(Supplementary Figure S1).

While the top three and bottom three ranked TFs, based on their average ENET effect estimates, did not
change in our TEPIC GRN models compared to the TEPIC models, 33 of the 80 for GM12878 and 38 of 86
K562 had a change of rank greater than 10 positions (SupplementaryTablesS3). TFs that improved in
rank were associated with transcriptional activation, and those that decreased in rank were associated
with transcriptional repression. Thus, capturing trans-acting regulatory mechanisms in their cellular
context produces better predictions of gene expression and a better understanding of the relative
importance of TFs in the transcription process. Results from all analyses (median measures, p-values
and TF ranks) are provided in Supplementary Tables S4A – S4I and S5A-B.

Performance of all GM12878 based models was better overall compared to those obtained from the other
two cell lines. This observation was true even when the Pos GRN models were constructed using a
common set of TFs among the three cell-lines (Supplementary Figure S4A-B). Moreover, these models
also performed the best when used to predict cross-cell type TG expression (Supplementary Figure S5C-
D). Furthermore, the GM12878 Pos GRN also contained the highest proportion of literature annotated TF-
TG interactions of the three cell-lines (Supplementary Figure S6). Thus, GM12878 GRNs were capturing
the most accurate regulatory information between TFs and TGs and the models based on them were
explaining the most variance in the gene expression trait. We hypothesized that this may have occurred
due to the better estimates of the expression correlation network in the GM12878 line. To explicitly test
this, we examined the in�uence of co-expression networks over the TF-TG regulatory relationships learned
by the PANDA GRN by replacing them with networks built using identity matrices to build prediction
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models (Supplementary FigureS7). The models built using motif and co-expression information
performed statistically signi�cantly better compared to those built using just motif information or motif
and PPI information, illustrating the importance of having a robust co-expression dataset for generating
the GRN weights.

Pos GRN models for GM12878 and K562 had the best performance of all models tested. This could be
due to over�tting caused by the higher number of TF features in these models. To test this, we restricted
the analysis to GRNs built using the same number of TFs. The performance of Pos GRN in this restricted
analysis was similar to that of FIMO GRN for all cell-lines (Supplementary Figure S4). Furthermore, in this
sensitivity analysis we found that TEPIC GRN-based models were the most accurate for K562 and HepG2.
In other words, when restricted a common set of TFs, TEPIC a�nity scores were able to capture more
regulatory information between TFs and TGs in comparison to simple positional ChIP-seq data and
statistically de�ned FIMO-based TFBS for K562 and HepG2. Thus, the difference in performance of TF
binding assessed by the three methods is either due to the speci�c collection of TFs assayed for a
particular cell-type or just biological differences between the cell-types.

Expression prediction highlights the regulatory roles of transcription factors

Transcription factors may in�uence gene expression as core activating factors, as responsive factors to
environmental stimuli, or as repressors. ENET regression models allow for this heterogeneity by linearly
combining two penalizing terms, LASSO(L1) and Ridge(L2), that identify the most in�uential
features(TFs) and shrink the weights of lesser features by either reducing them to 0 (L1) or to a very
small number (L2). We examined the in�uence of the hyper-parameter α, which controls the ratio between
the two terms in ENET models, on the prediction performance of genes for each cell type. As shown in the
Supplementary Figure S8, moving towards a higher value of α improved the gene expression with a
plateau at 0.5 after which improvement was not signi�cant. This indicates a balance between a sparse
regulatory model where certain TFs have large effects on gene regulation, and a distributed regulatory
model where multiple TFs contribute small effects.

Using an α of 0.5 (balancing L1 and L2 penalties) and equation (1), we averaged the feature weights of
149 TFs(GM12878) and 309 TFs(K562) for the Pos GRN models �t for 20 iterations, which are shown in
Figure 3 and in Supplementary Tables S6A and S6B.

For some collections of correlated TFs, collinearity was reduced in the learned models by shrinking effect
estimates of some TFs close to zero (in the range [-0.01, 0.01]) (Supplementary Figure S9), as such these
TFs may be representative of larger TF complexes. Histograms in Figure 3 show 5 roughly equal bins
created using mean effect estimates. The overall range of the mean effect estimates for both cell types,
as well as the ranges within each bin, are provided in Supplementary TableS7.  We performed a GO
enrichment analysis for TFs in each bin and reported the top 5 enrichment terms for biological processes
and molecular functions in the Supplementary Tables S6C and S6D and in Supplementary Figure S10 for
both cell types. We observed that as we moved from positive to negative TF effect coe�cients (bin 5 to
bin 1), the corresponding GO terms changed from re�ecting transcriptional activation to those indicating
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transcriptional repression. Thus, we could derive functions of unannotated TFs based on the bins in
which they are placed. For instance, K562 bin 1 contained MYNN(βK562 = -0.0059) whose function is
largely unknown. However, based on its placement in the bin containing strong repressors such as
CBX1(βK562 = -0.0188), HDAC6(βK562 = -0.0045) and BMI1(βK562 = -0.0341), we predict its function is
related to transcriptional repression. Similarly, bin 5 for both K562 and GM12878 contained TFs related to
core promoter activity and positive gene expression regulation such as TAF1(βGM12878 = 0.6334),
TBP(βGM12878 = 0.2142), ELF1(βGM12878 = 0.2249), POLR2A(βK562 = 0.1123), POLR2G(βK562 = 0.0233),
CHD1(βK562 = 0.0492)and MYC(βGM12878 = 0.1481). Relatively lesser known TF ZZZ3(βGM12878 = 0.1359;
βK562 = 0.0375), which was also present in that bin may most likely play a similar transcriptional
activation role. We also note that TFs with mean effect estimates very close to or equal to zero were
present in bin 2 for GM12878 and in bins 2 and 3 for K562. These TFs were enriched for cofactor activity,
and their functional annotations re�ected their roles as secondary TFs that required binding of the
primary TFs to the DNA in order to exert their in�uence. Thus, analyzing the prediction models and
characterizing TFs based on their effect estimates enables us to hypothesize about the transcriptional
regulatory roles of lesser known TFs.

Accounting for chromatin interactions between TFBS and gene promoters improves expression prediction

In order to determine the effect of TF binding within different regulatory regions on gene expression, we
built prediction models using GRNs containing TFBS found in those regions and calculated their
predictive performance. We �rst analyzed TFBS within the promoter regions (5Kb upstream of the TSS of
the genes), intronic TFBS, and distal ones present outside these areas as shown in Supplementary Figure
S11. The promoter region near the TSS of the gene is important for transcription initiation and regulation
and it contains binding sites for pivotal pioneer TFs such as TAFs, POL2 subunits, and TBP. As expected
(Figures 4A,4B and the Supplementary Tables S4A- S4I), the median PCC and MSE for the promoter TFBS
based ENET models were signi�cantly better than that of the ones containing the distal TFBS alone for
GM12878(MSE p = 3.26e-02; PCC p =2.92e-04), K562(MSE p =3.75e-02, PCC p = 3.26e-02). Also, models
containing intronic TFBS performed signi�cantly better than those without (Figures 4C, 4D) with respect
to median MSE (GM12878 p = 4.72e-04) and median PCC(GM12878 p = 1.33e-08; K562 p = 2.45e-02).
The results corresponding to the HepG2 cell-line re�ected similar predictive patterns (Supplementary
Figure S1).

We next used Hi-C data corresponding to GM12878 and K562 in order to capture long distance
interactions between distal TF binding and gene promoters. We used the motif adjacency matrices and
weighted them based on the number of normalized Hi-C contacts between TF peaks and TG promoters
for both cell lines using equation (2) as shown in Figure 5A. Prediction models including Hi-C adjusted
distal TFBS were signi�cantly more accurate compared to the ones built using normal distal TFBS as
shown in Figure5B and Supplementary TablesS4A – S4I with regards to both PCC(GM12878 p =7.33e-03;
K562 p = 2.00e-06) and MSE(GM12878 p = 1.43e-03; K562 p =5.61e-03) for both cell types.
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Next, we expanded this weighting scheme to include promoter TFBS. As promoters are regions of high
TFBS activity (as seen in our models, Figure 4A and 4B), we expected a high degree of Hi-C contact points
within promoter regions. Unexpectedly, these models performed signi�cantly worse; we observed a large
number of promoter TFBS (59% for GM12878 and 90% for K562) that showed no evidence of within-
promoter contacts, and using this weighing approach effectively down-weighted promoter TF-TG
interactions (Hi-C DP). We therefore also considered an approach that applies the maximum Hi-C weight
to all promoter TFBS (Hi-C UP), shown in Figure 5A. These Hi-C UP based prediction models signi�cantly
outperformed all the other models for both cell types as shown in Figure 5C and Supplementary Figure
S12. Thus, Hi-C data added important regulatory information to our models capturing the effect of long
distance interactions between TFs binding to distal regulatory elements and the TG promoter.

Weighting rare variants using GRN derived effect estimates enriches the SKAT based identi�cation of
signi�cant TGs

Determining the impact of rare non-coding variants on TG regulation is a major challenge in the �eld of
human genetics[23]. Here, we present the utility of our GRN based ENET models for weighting rare
variants within kernel-based association tests to improve their power. We used the DGN dataset[43]
containing HRC-imputed variant genotypes and RNA-seq from the whole blood of 922 individuals in order
to perform SKAT[24] based rare variant analysis(Supplementary Figure S13). We generated a PANDA
GRN for GM12878 based on intronic TFBS motif network weighted using HiC-UP weighting scheme
described earlier and then used it to build ENET prediction models and subsequently derived average TF
effect estimates. We extracted approximately 9.4 million rare SNPs(MAF < 0.01) from the DGN dataset
and scored them based on their impact on TF binding intensity using the QBiC-Pred algorithm[25]. By
merging this score with the average effect estimates of the corresponding TFs, based on equations (3)
and (4), we created a variant scoring metric representing the estimated average effect of a base-pair
change on TF-TG regulation. We used these merged scores to perform SKAT for the normalized
expression of TGs in the DGN dataset. We compared the performance of this model to that obtained from
aggregated QBiC-Pred z-scores, representing the effect of rare variants on TF-binding alone. As shown in
Supplementary Figure S14A, both SKAT models were able to detect 175 common TGs at the multiple
hypothesis correction signi�cance threshold of p-value < 4.18e-06. Merge score based SKAT model was
able to detect 158 unique TGs while z-score based model detected 56 unique TGs at this threshold. We
also performed a replication analysis using the whole blood sequencing and expression data from 369
individuals within the GTEx dataset[26]. We were able to replicate 32% of the TGs uniquely identi�ed by
merge score based SKAT model (p-value < 0.05), while only 21% of the TGs uniquely identi�ed by the
QBiC-Pred z-score SKAT model replicated (Supplementary Figure S14B). We have provided the results
from all the SKAT models in Supplementary Tables S8A-S8C. Thus, utilizing TF-TG regulatory information
learned from our GRN framework for weighting rare variants enriched the identi�cation of TGs, which
would have been missed if we had only utilized variant in�uence over TF binding.

Discussion
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In this study, we developed a modelling framework to predict gene expression within two cellular contexts
using gene regulatory networks to capture the trans effect of cooperativity and co-regulation on cis
regulatory factors relative to their TGs. Our approach explained more variance in gene expression
compared to models built using TF-TG a�nity scores for cis-regulatory features alone. The prediction
models for the HepG2 and K562 cell lines were signi�cantly less accurate than for GM12878. One of the
reasons for this observation could be the markedly smaller sample size of the PANDA expression data for
K562 and HepG2 relative to GM12878 (9 and 8 vs 462). In fact, the prediction performance of GRNs
containing motif and co-expression information was comparable to those containing information
corresponding to all three datasets for all the cell-lines. Thus, having a more extensive co-expression
dataset is essential to estimate accurate TF-TG regulatory relationships, which ultimately leads to better
prediction models. The dearth of expression datasets for the K562 and HepG2 cell-lines could be
potentially alleviated by using more robust scRNA-seq instead of total RNA-seq datasets. However, we
also realize that another explanation for the superior performance of the GM12878 based models could
be bias (technical or happenstance). This bias may have led to GM12878 models containing TFs
essential for transcriptional regulation resulting in a better capturing of variance in the gene expression
trait.

We further estimated the in�uence of individual TFs on gene expression outcomes based on their effect
coe�cients learned from our models. This led to a ranked list of activating and repressive factors
in�uencing transcriptional regulation in both cell lines, including classi�cations of TFs with previously
unknown effects. We observed substantial changes to the ranking of TFs relative to analyses using cis-
factors alone, illustrating the importance of accounting for the cellular context in interpreting TF effects.
While TFs with the strongest and the weakest effects were roughly the same between our baseline TEPIC
model and the model overlaid with GRN weights, many TFs with activating and repressive properties
show stronger effect estimates after accounting for information captured by the GRN.

As expected, we observed that the highest ranking TFs are crucial for transcriptional initiation and
activation, falling within promoter regions of a majority of protein coding genes. The process by which
transcriptional machinery forms at the promoter regions of genes has been extensively studied[27] .
Promoter TFBS based models were also signi�cantly more accurate at predicting gene expression than
models using distal TFBS alone. These results validate our modeling strategy, as these �ndings are
consistent with observations from previous studies[13], [28], and further highlight the important role that
promoter regions play in regulating gene expression.

Hi-C data was useful for characterizing long distance interactions between distal TFBS and the gene's
promoter. Integrating this data into the PANDA GRNs improved the prediction performance of the models
when scaled relative to promoter TFBS. This improvement was also observed in the recently published
extension of the TEPIC framework[20].We observed signi�cant improvement in both cell lines despite
differences in Hi-C resolution (1Kb for GM12878 and 5Kb for K562), however the resolution difference
may account for the greater improvement in prediction for GM12878 relative to K562.
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Our results also indicate that intronic TFBS provide signi�cant prediction power to the models. There are
two likely explanations for this observation. First, introns may bind regulatory TFs or splicing factors that
alter the rate of transcription. Previous studies looking at the role of �rst introns in regulating transcription
in C.elegans found genome wide occurrence of TFBS in these regions are important in driving gene
expression[29], [30]. Second, introns could house alternate promoters for a gene, as noted by analyses of
GTEx and FANTOM datasets[31]. For our analyses, we used the upstream TSS of the longest transcript to
de�ne gene promoter regions.

Finally, we utilized the TF-TG regulatory information learned from our GRN based framework in order to
weight rare variants. This weighting approach led to a signi�cant improvement in power of kernel based
SKAT models to detect signi�cant associations with TG expression relative to using weights capturing TF
binding a�nity alone. While we used QBiC-Pred to score TF binding a�nity, multiple other scoring
approaches could also be used within the framework. These analyses demonstrate the utility of our
models for annotating otherwise di�cult to characterize regulatory variants.

The most direct comparison of predictive performance for our models against published methods is the
TEPIC method, which we outperformed. Other approaches have included either more complex modeling
techniques or additional histone modi�cation data to improve model performance[11], [13]. Non-linear
prediction models such as support vector regression or multi-layer perceptrons applied within our
framework may capture more complex interactions among TFs and improve performance. It also remains
unclear to what extent the epigenetic context in�uences the effect a transcription factor has on gene
expression. Zhang et al. have demonstrated some redundancy between histone modi�cation and TF
binding intensities with respect to gene expression prediction[11]. Thus, inclusion of both histone
modi�cation data and TF binding as predictors could diminish the effect of individual TFs, clouding the
interpretation of our predictions. 

At present, our approach is limited by the availability of ChIP-seq data. Although large scale efforts such
as the ENCODE consortium have produced binding data for a large number of TFs in different cell types,
this number is still small compared to the actual TFs being expressed in a cell at any given time[32] . This
dearth in data availability is due to the di�cult and expensive nature of the ChIP-seq experiments
themselves[33]. One way to potentially incorporate histone modi�cation and chromatin accessibility data
is through the imputation of TF binding not directly measured by ChIP-seq experiments for a given
cellular context through techniques like DeepSEA or FactorNet[34], [35]. In future work, these TF binding
predictions could supplement the set of inputs to our GRN-based framework to produce better models. 

Conclusion
The modelling approach, we have presented here, has multiple applications for studying general factors
in�uencing gene expression. Our models provide an approach for annotating the regulatory structure of a
given gene in a tissue or cell-type speci�c manner, for ranking TFs in order of their likely impact on gene
expression, and for clustering genes based on their weighted regulatory features. Our framework also
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allows for the inclusion of additional functional genomics mechanisms, such as higher resolution
chromatin interaction data, to evaluate their effect.  As our understanding of chromatin accessibility and
conformation grows, the framework can also be used to better de�ne the cis-regulatory window
surrounding a gene, which can be useful for eQTL mapping and other downstream analyses.  Finally,
prioritizing TFs relative to gene expression allows for better prioritization of genetic variants and their
in�uence on nearby gene expression traits. More generally, our approach provides a roadmap for
integrating multiple “omics” data sources and assembling fundamental aspects of transcriptional
regulation into a coherent portrait of gene expression.
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Figures

Figure 1

Work�ow for building prediction models using multi-omics GRNs. ChIP-seq data for 153 TFs(GM12878)
and 382 TFs(K562) having peaks passing the optimal IDR threshold de�ned by ENCODE were mapped to
the regulatory region of each gene to de�ne TFBS. The most distant CTCF peaks within a 50Kb window
upstream and downstream of the gene body were used to demarcate regulatory boundaries. Statistically
signi�cant TFBS from these regions were identi�ed by FIMO and TEPIC based TF-TG a�nity scores were
calculated. PANDA GRNs were then generated using weighted and unweighted adjacency matrices. PPI
data from BioGRID corresponding to TFs for each cell lines and cell line speci�c co-expression were
obtained from GEUVADIS(GM12878) and ENCODE(K562). Elastic Net(ENET)-based regularized regression
models were built from the resulting input features to predict log FPKM values(gene expression) of
independent datasets for the two cell lines.
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Figure 2

GRN based prediction models outperform those built using TEPIC a�nity scores. A and B correspond to
prediction performance for 20 random sets of 1729 GM12878 TGs while C and D were obtained from
1892 K562 TGs. Prediction performances for models corresponding to different inputs were compared
using Wilcoxon rank sum test (***-p < 0.0001,**-pvalue < 0.001, *-pvalue<0.05, ns-not signi�cant)
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Figure 3

Mean ENET effect estimates re�ect the important functional roles of various TFs. Histograms of the
average effect estimates for calculated for A) 309 K562 TFs and B) 149 GM12878 TFs 3 using the “Pos
GRN” ENET models. We also created 5 bins(quintiles) based on the effect estimates, which are color
coded in the histogram.
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Figure 4

Intronic and Promoter TFBS are important for predicting gene expression. A)PCC and B) MSE obtained
from the expression prediction of GM12878 and K56 TGs using models built from GRNs containing
promoter and distal TFBS. C) PCC and D) MSE produced by models predicting expression for GM12878
and K562 TGs built using GRNs containing intronic TFBS vs. those built without them. The non-intronic
TFBS input weights were derived from Pos GRN for both cell types.

Figure 5

HiC data is capable of capturing the effect of long distance interactions between TF binding within distal
TFBS and gene’s promoter on gene expression. A) We used the cell-line speci�c Hi-C data to weight the
distal TF-TG interactions in the motif adjacency matrix. We also down-weighted or up-weighted the
interactions with the promoter TFs which would have been missed otherwise due to the low resolution
nature of Hi-C data. B) We predicted expression of GM12878 and K562 TGs using distal TFBS based
GRNs with and without HiC data integration in order to evaluate its predictive value for the models. C
shows the predictive performance of the models using GRNs containing HiC normalized motif edges
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based on the Hi-C UP weighting scheme compared to those built using unweighted binary motif network
without HiC information.
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