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Abstract 
Expression quantitative trait loci (eQTLs) are used to inform the mechanisms of transcriptional regulation in eukaryotic cells. However, 
the specificity of genome-wide eQTL identification is limited by stringent control for false discoveries. Here, we described a method 
based on the non-homogeneous Poisson process to identify 125 489 regions with highly frequent, multiple eQTL associations, or ‘eQTL-
hotspots’, from the public database of 59 human tissues or cell types. We stratified the eQTL-hotspots into two classes with their distinct 
sequence and epigenomic characteristics. Based on these classifications, we developed a machine-learning model, E-SpotFinder, for 
augmented discovery of tissue- or cell-type-specific eQTL-hotspots. We applied this model to 36 tissues or cell types. Using augmented 
eQTL-hotspots, we recovered 655 402 eSNPs and reconstructed a comprehensive regulatory network of 2 725 380 cis-interactions among 
eQTL-hotspots. We further identified 52 012 modules representing transcriptional programs with unique functional backgrounds. In 
summary, our study provided a framework of epigenome-augmented eQTL analysis and thereby constructed comprehensive genome-
wide networks of cis-regulations across diverse human tissues or cell types. 

Keywords: eQTL-hotspots; non-homogeneous Poisson process; epigenome-augmented eQTL mapping; transcriptional programs; cis-
regulatory network 

INTRODUCTION 
Expression quantitative trait loci (eQTLs) provide many important 
clues to the regulatory programs of gene expression [1, 2], and 
facilitate the characterization of cis-elements and trans-acting 
factors [3–6]. Moreover, eQTLs serve as important instrumental 
variables for the trait-associated loci and help us better under-
stand the genetic background of complex human diseases [7–11]. 
An eQTL is usually a haplotype-block containing a series of single-
nucleotide polymorphisms (eSNPs) in linkage disequilibrium (LD), 
the genotype of which is associated with the transcript abundance 
of genes. Accordingly, the gene affected by an ‘eSNP’ are known as 
‘eGene’ [2]. 

By far, more than 4.2 million eQTL associations (2 006 095 eSNPs 
and 21 253 eGenes, P < 5.0×10−8 ) have been identified in different 

tissues or cell types, most of which are located in non-coding 
regions of the genome [12, 13]. Many more potential associations 
with statistical significance are still pending multiple-testing cor-
rection [12, 13]. Only a very small portion of eQTLs have been 
empirically verified for their function in transcriptional regulation 
[3]. In most cases, causal variants interrupt the binding of either 
proteins or non-coding RNAs to cis-regulatory elements, thus 
altering the transcriptional program [6, 14, 15]. Characterizing 
functional eQTLs has proven to be highly important for under-
standing the transcriptional regulation underlying the complex 
etiology of inheritable diseases [8–11, 16–18]. 

Although eQTLs inform transcriptional regulation directly, the 
known eQTLs are still not enough to fully explain the dynamics 
of transcriptional regulation [19]. First, the specificity of genome-
wide eQTL analysis is often limited due to the lack of statistical
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power and the stringent control of false positives [12]. Most of the 
eQTLs are identified by the statistical significance of associations 
in a cohort, of which the sample size is far smaller than that 
of the SNPs tested. Consequently, after correction for multiple-
testing errors, the results are sparsely located in the genome, 
representing few individual cis-regulatory events [1, 20–23]. Pre-
vious studies have described approaches for eQTL analysis by 
either incorporating additional allelic data or using LD to correct 
the multiple-testing errors. Nevertheless, these methods can only 
partially improve the specificity of the test [24]. Besides, eQTLs are 
highly specific to tissues or cell types. Tissue heterogeneity and 
sampling biases often confound eQTL analysis, thus hindering 
the discovery of new transcriptional programs [13]. In addition, 
performing eQTL analysis for each of the known cell types is 
technically challenging and costly [25]. 

As an alternative approach, most recent studies have used 
epigenomic features such as histone modification marks to iden-
tify regulatory elements, which are less burdened by multiple-
testing errors [26, 27]. However, chromatin immunoprecipitation 
sequencing (ChIP-Seq) can only be applied to a limited number 
of cells or tissues and hence cannot reveal the populational 
variation in the cistrome [26, 28]. In addition, the cis-regulatory 
elements are represented by peaks of ChIP-Seq, which are 
also subject to all experimenter biases and false discoveries 
[26, 27, 29, 30]. 

Here, we described a framework of augmented eQTL discovery 
by integrating epigenomic data to enhance the specificity of pan-
tissue eQTL mapping and thereby generated a comprehensive 
map of the cis-regulatory programs in 36 human tissues or 
cell types. We first defined pan-tissue eQTL-hotspots from 
limited, well-controlled, published eQTLs. Then, we retrieved the 
consensus signatures of genomic and epigenomic characteristics 
for the eQTL-hotspots, which were used to train a machine-
learning model to predict tissue or cell-type-specific hotspots. 
We validated the predicted hotspots for eQTL association 
strengths and known transcription regulation activities. Finally, 
we constructed comprehensive maps of the transcriptional 
programs of 36 tissue or cell types. 

RESULTS 
Deriving eQTL-hotspots 
Despite being identified from specific tissues or cell types, most 
eQTLs act similarly by disrupting regulatory programs involving 
specific cis-elements and trans-factors. Here, we collected 
uniformly processed 127 574 148 cis-eQTL associations (6 936 091 
eSNPs, 33 338 eGenes, P < 0.05) from 59 tissues or cell types (51 
tissues and eight cell types) from eQTL Catalogue [13] (Table S1, 
Supplemental Methods). To control for false positives, we selected 
2 006 095 eSNPs with test P < 5.0 × 10−8 . We considered the 
occurrence of eSNPs following the non-homogeneous Poisson 
process (NHPP) [31] and determined the rate parameter, λi, for  
each moving window i. To account for the background rate of 
genetic variations in the genome, we defined each window by a 
genomic region encompassing 18 SNPs (Supplemental Methods). 

Based on the distribution of λi, we identified two distinct classes 
of genomic regions: the eQTL-hotspots were defined by λ ≥ 0.176 
(Supplemental Methods) and consisted of 125 489 regions (54– 
149 590 bp; Figure S1; Table S2), covering 20.2% of the genome 
but 79.4% of known eSNPs (n = 1 592 343); the rest of the genome 
were defined as non-hotspot regions (λ < 0.176). The extremely 
inactive regions with λ= 0 were defined as cold regions (Figure 1A; 

Supplemental Methods). Each eQTL-hotspot contained 4–629 
eSNPs with P < 5.0×10−8 , which were associated with 2–52 eGenes. 

The epigenomic characteristics of the 
eQTL-hotspots 
We retrieved nine known epigenomic marks for the eQTL-
hotspots from matched tissues or cell types, including H3K27ac, 
H3K4me1, H3K4me3, H3K9ac, H3K36me3, H3K27me3 and 
H3K9me3 [32]; chromatin accessibility (CA); and transcription 
factor binding site (TFBS) [26] (Figure 1B; Table S1; Supplemental 
Methods). For comparison, we used randomly sampled regions 
of the same lengths from the non-hotspot regions as the 
control (Supplemental Methods). As expected, the eQTL-hotspots 
showed strong tendencies of colocalizing with epigenomic marks 
associated with transcriptional activation, such as H3K27ac (P 
< 2.20 × 10−16 ) and  H3K4me1 (P < 2.20 × 10−16 ), which are 
indicative of enhancers and promoters [32]. Furthermore, eQTL-
hotspots displayed repellency to epigenomic marks associated 
with transcriptional repression, such as H3K27me3 (P = 0.076) 
and H3K9me3 (P < 2.20 × 10−16 ), which are commonly indicative 
of inactive genomic regions [32] (Figure 1B). 

eQTL-hotspots consisted of two distinct classes 
of cis-elements 
As we showed that the eQTL-hotspots colocalize with poised 
cis-elements, we investigated whether these eQTL-hotspots 
could be further stratified into subgroups with distinct genomic 
characteristics and surrogates for regulatory activities that 
involve the recognition and binding of specific DNA motifs by 
transcription factors [2]. We used 396 k-mers (k = 6,  Table S3) 
[33] to represent the genomic features of the eQTL-hotspots and 
performed kernel-PCA [34], followed by Leiden clustering [35] 
(Methods). As a result, the eQTL-hotspots were clustered into 
two categories, namely, hotspot-C1 (n = 105 820) and hotspot-C2 
(n = 19 669) (Figure 2A; Table S2). To obtain a non-hotspot control 
set, we randomly sampled fragments from the cold regions with 
the same length distribution, C0. 

To further characterize the two subtypes of eQTL-hotspots, we 
retrieved the consensus landscape [36] of nine epigenomic fea-
tures for hotspot-C1, hotspot-C2 and non-hotspot C0 (Figure 2B; 
Supplemental Methods). Notably, within 2.5 kb from the centers, 
hotspot-C1 and C2 each demonstrated distinct epigenomic land-
scapes and differed from those of the non-hotspot C0. Hotspot-
C2 showed the highest activity of the active marks (H3K27ac, 
H3K4me1, H3K4me3, H3K9ac and H3K36me3; CA; and TFBS) and 
relatively low activity of the repressive marks (H3K27me3 and 
H3K9me3). In addition, the signals of certain epigenomic features 
tended to peak at the center of hotspot-C2 and decline with 
distance. Hotspot-C1 showed a similar but moderate increase in 
active marks and a strong decrease in repressive marks. However, 
the landscapes of all features in hotspot-C1 are relatively flat and 
resemble those in the non-hotspot C0. In addition, we observed 
significant increase in GC content from C0 to hotspot-C1 and then 
C2 (Figure 2C). Coupled with the changes above, we also note the 
increased proportion of known eSNP–eGene pairs, and chromatin 
interactions (in situ Hi-C and Micro-C [37]) in hotspot-C1 to C2 
(Figure 2D and E; Figure S2, one-sided Wilcoxon rank-sum test). 

We annotated the two classes of eQTL-hotspots for enrichment 
of inferred chromatin states and cis-elements from previous 
studies (Figure 2F and G; Supplemental Methods) [27, 28, 32]. As 
a result, hotspot-C2 sites were significantly enriched for active 
TSS and enhancers as well as many bivalent chromatin states 
such as Bivalent Enhancer (12_EnhBiv) and Flanking Bivalent
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Figure 1. Derivation and quality assessment of eQTL-hotspots. (A) Schematic representation of the process for deriving eQTL-hotspots in the human 
genome. (B) The eQTL-hotspots showed significant colocalization with epigenomic marks of transcriptional activation but repellence to marks of 
transcriptional suppression. The tendency was evidenced by the fractions of eQTL-hotspots and non-hotspots intersecting each epigenomic mark. 
P-values were calculated using the permutation test. ∗, P < 0.05; ∗∗, P < 0.01; ∗∗∗, P < 0.001; ∗∗∗∗, P < 0.0001; ns, not significant. 

TSS/Enh (11_BivFlnk). Then, hotspot-C1 exhibited a significant 
depletion in bivalent chromatin states and moderate enrichment 
for active chromatin states. Our findings suggest that hotspot-
C2 are involved mainly in transcription starting and enhancer 
activities, especially in response to stimulation, whereas hotspot-
C1 involved inactive promoters. We also annotated the eQTL-
hotspots for ENCODE Registry of candidate cis-Regulatory Ele-
ments (cCREs) [ 27, 28]. As a result, hotspot-C2 were significantly 
enriched in promoter-like signature (prom, 9.47-fold) and proxi-
mal enhancer-like signature (enhP, 7.49-fold), whereas hotspot-C1 
were enriched in prom (1.35-fold) and enhP (1.38-fold) with lower 
magnitudes. Notably, hotspot-C1 are depleted in DNase-H3K4me3 
(K4m3), which is concordant with hotspot-C1 being the less 
active promoter (Figure 2F and G). In summary, eQTL-hotspots 
consist of two distinct classes with recognizable sequence 
characteristics that are coupled with highly unique epige-
nomic landscapes, chromatin states and potential regulatory 
roles. 

Development of E-SpotFinder, a 
machine-learning model for predicting tissue- or 
cell-type-specific eQTL-hotspots 
With the full characterization of hotspot-C1 and C2, we devel-
oped a classifier capable of identifying eQTL-hotspots specific 
to certain tissues or cell types (Figure 3A). Our training dataset 
consisted of 19 669 sites from hotspot-C2, 105 580 sites from 
hotspot-C1 (positive samples) and 125 489 sites from non-hotspot 
(C0, negative samples), where each site is represented by 406 
genomic and epigenomic features (Table S4). Subsequently, we 
trained a set of machine-learning models to classify hotspot-
C1, hotspot-C2 and non-hotspot (C0); from these models, we 
selected a gradient-boosted tree–based classification algorithm, 
XGBoost [38], which achieved the best performance in 10-fold 
cross-validation and named it E-SpotFinder (Figure 3B). The areas 

under the ROC curves (AUCs) of the validation were 0.81, 0.99 
and 0.78 for hotspot-C1, C2 and non-hotspot (C0), respectively 
(Figure 3C). Besides, for all the metrics, we used to evaluate the 
model; the best predictive performance was reached only when all 
three types of input features were used, namely, the GC content, 
the DNA sequence (k-mers) and the epigenomic marks (Figure 3D; 
Table S4). We employed SHAP (Shapley Additive exPlanations) 
analysis [39] to calculate the global impact of all 406 features 
on prediction results. As a result, the top 20 most important 
features were nine epigenomic marks, 10 k-mers and GC content, 
of which GC content was the most important feature, followed by 
H3K36me3 (Figure 3E). 

Next, we used E-SpotFinder to predict eQTL-hotspots from 
whole genomes in 36 tissues or cell types (31 tissues and five cell 
types). This analysis yielded an average of 57 370 (15 403–109 653) 
hotspot-C1 and 5992 (1086–12 507) hotspot-C2 in each tissue 
or cell type (Figure S3; Table S5). Notably, non-hotspots covered 
most of the genome (79.0–97.1%), while the predicted hotspot-
C1 and C2 covered 2.7–19.1% and 0.19–2.2%, respectively, of the 
genome. 

To further verify the predicted eQTL-hotspots, we retrieved the 
consensus epigenomic landscape for three classes of predicted 
regions in each tissue or cell type. To this end, we focused on 
the three tissues (blood, iPSC and suprapubic skin) with complete 
feature sets, and we observed the epigenomic landscapes for 
hotspot-C1 and C2 highly consistent with those in the pan-tissue 
analysis (Figure 4A; Figure S4A and B). Among all 36 tissue or cell 
types, we observed a significant increase in GC content from the 
predicted non-hotspot C0 to hotspots-C1 and then C2 (Figure 4B; 
Figure S5). We also noticed a substantial increase in chromatin 
interaction [27] activity in the predicted hotspot-C1 and C2 in all 
of 12 tissues or cell types with published Hi-C data (Figure 4C; 
Figure S6). 

We annotated the predicted eQTL-hotspots for chromatin 
states and cCREs in each of the 36 tissues or cell types. Notably,
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Figure 2. Characterizing two distinct classes of eQTL-hotspots. (A) UMAP projection of the genomic features based on k-mers (k = 6) showing the two 
classes of eQTL-hotspots. (B) The consensus landscape of relevant epigenomic features of hotspot-C1, hotspot-C2 and non-hotspot (C0). The x-axis 
represents the genomic region of 2.5 kb on either side of the center of the segments of specific class, and the y-axis represents the signal values for 
an epigenomic mark. (C–E) The distributions of the GC content (C), log-transformed number of eSNP–eGene pairs per kilobase (D) and log-transformed 
signal of in situ HiC on H1-hESC per kilobase (E) in hotspot-C1, hotspot-C2 and non-hotspot (C0). P-values were calculated using the one-sided Wilcoxon 
rank-sum test. ∗, P < 0.05; ∗∗, P < 0.01; ∗∗∗, P < 0.001; ∗∗∗∗, P < 0.0001; ns, not significant. (F, G) Heatmaps demonstrate the fold of enrichment/depletion 
for chromatin states (F) and cCREs (G) across hotspot-C1, hotspot-C2 and non-hotspot C0. 

we found that the predicted hotspot-C2 and C1 exhibited highly 
consistent and conserved patterns of enrichment for specific 
chromatin states and cCREs, as we previously observed in pan-
tissue analyses ( Figure 4D and E; Figure S7). 

Taken together, using the epigenomic and genomic character-
istics of the pan-tissue eQTL-hotspots, we developed a machine-
learning model that can identify genomic regions with highly 
consistent epigenomic features in specific tissues or cell types, 
thereby inferring potential eQTL activities. 

Augmented eQTL-discovery by E-SpotFinder 
Typical eQTL mapping is based on the significance of genome-
wide associations and is thus burdened by multiple-testing errors 
[1, 12, 13, 20–23]. In contrast, with E-SpotFinder, we can segregate 
the genome into regions with distinct regulatory potentials. We 
first used eQTLs with allelic fold-change (aFC) [40], fine-mapping 

eQTLs [12] and GWAS SNPs [41] to benchmark the eQTL-hotspot-
C1 and C2 inferred by E-SpotFinder in 36 tissues or cell types. As a 
result, all three sets of benchmarks were significantly enriched 
in hotspot-C1 and C2 (Figure 5A–C). As for the folds of enrich-
ment, hotspot-C2 (eQTLs with aFC: 2.10–3.30-fold, fine-mapping 
eQTLs: 1.49–2.41-fold, GWAS SNPs: 2.08–2.38-fold) were strongly 
enriched for all benchmark sets, which is similar to that of enhP 
(eQTLs with aFC: 2.33–3.38-fold, fine-mapping eQTLs: 1.69–1.92-
fold, GWAS SNPs: 2.08–2.23-fold) but lower than that of prom. 
The enrichment is lower in hotspot-C1 (eQTLs with aFC: 1.40– 
1.90-fold, fine-mapping eQTLs: 1.37–2.08-fold, GWAS SNPs: 1.28– 
1.65-fold) but still significantly higher than that in CTCF, K4me3 
and enhD (except for ‘GWAS SNPs’). These data suggest that the 
predicted eQTL-hotspots show a high level of eQTL activity most 
resembling those of annotated enhancers. 

Next, we tried to recover more eQTLs from the predicted 
hotspots. We found that the distributions of the test P-values for

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae109#supplementary-data
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Figure 3. The performance evaluation of E-SpotFinder and the importance of input features. (A) Schematic depiction outlining the development of 
E-SpotFinder. (B) The prediction performance of four methods, XGBoost (XGBClassifier), random forest, decision tree, and ridge regression for eQTL-
hotspots-C1, hotspotC2 and non-hotspot (C0) based on 10-fold cross-validation. (C) The prediction performance of ESpotFinder for eQTL-hotspot-C1, 
hotspot-C2, and non-hotspot (C0) as shown by ROC curves. (D) The prediction performance of E-SpotFinder is compared among models based on each 
of three types of input features including GC content, k-mers, epigenomic marks and the combination of all. (E) The 20 most important input features 
for E-SpotFinder as determined by mean absolute SHAP values. 

eSNP–eGene pairs within hotspot-C1 and C2 deviated from those 
of non-hotspots, which allowed for a less stringent correction of 
P-values at the FDR of 0.001 [ 42] (Figure 5D; Figure S8; Table S6). 
By applying refined thresholds of P-values for hotspot-C1 and 
C2, 164–97 347 eSNPs were recovered in each tissue or cell 
type, those SNPs were located in 103–32 266 predicted eQTL-
hotspots (Table S6). We used a set of fine-mapping eQTLs [12] to  
evaluate various eSNP calling schemes, including ours and those 
based on genome-wide ranking and thresholding of the P-values 
(Supplemental Methods). As a result, we found that eSNP–eGene 
pairs based on hotspots exhibited greater enrichment (6.01–35.22-
fold) for fine-mapping eQTLs across all 36 tissues or cell types 
than did any of the genome-wide methods (Figure 5E, one-sided 
Wilcoxon rank-sum test). Similarly, eSNPs based on hotspots also 
exhibited the highest enrichment for GWAS risk loci [41] across  
36 tissues or cell types compared to the genome-wide mapping 
methods, exhibiting an average of 2.43-fold (1.95–3.20-fold) of 
enrichment (Figure 5F, one-sided Wilcoxon rank-sum test). To 
summarize, we described an augmented eQTL analysis based on 
hotspots predicted by E-SpotFinder. 

Reconstruction of the cis-regulatory networks 
based on augmented eQTLs 
By obtaining a total of 1 347 945 recovered eSNP–eGene pairs in 
addition to the existing data, we now have a range of eGenes (1– 
33) associated with the eSNPs in each eQTL-hotspot (Table S6). 
We consider the majority of these eQTL-hotspots to be potential 
cis-regulatory elements. Therefore, hotspots targeting the same 
eGene are likely involved in the same regulatory program. In 
this study, we constructed interaction networks among eQTL-
hotspots based on the commonality of eGenes. Two hotspots were 

connected if their corresponding eGene sets exhibited a simi-
larity corresponding to a Jaccard index (JI) > 0.2 (Figure 6A). The 
threshold of the JI was determined based on alignment with the 
Hi-C signal across 12 tissues or cell types (Figure S9A and B, one-
sided Wilcoxon rank-sum test). The threshold of JI also showed 
significant concordance with known promoter–promoter (P-P), 
enhancer–promoter (E-P), and enhancer–enhancer (E-E) [43] inter-
actions across 36 tissues or cell types (Figure S9C–E, one-sided 
Wilcoxon rank-sum test). The resulting interaction network of 
eQTL-hotspots consisted of 116 238 nodes and 2 725 380 edges 
corresponding to cis-associations across the 36 tissues or cell 
types. 

We also noticed that within the network, edges between 
hotspot-C2 were strongly enriched for P-P interactions (8.02– 
41.67%); and E-P interactions were primarily enriched in C2-C2 
edges (0–4.36%) and C1-C2 edges (0–1.83%) (Figure 6B, one-sided 
Wilcoxon rank-sum test). These findings are consistent with the 
potential chromatin states of hospot-C1 and C2. Furthermore, 
the interaction network can also reveal unknown cis-regulatory 
events. 

In addition, the edges of the network represent interactions 
within specific tissues or cell types. The pairwise similarity of 36 
subgraphs consisting only of tissue- or cell-type-specific edges, 
strongly correlates with the tissue origins, which is consistent 
with the findings in the GTEx study [12, 23] (Figure 6C). 

We focused on a set of network modules that were extracted 
using network clustering (Leiden) [35]. Based on our previous find-
ings, these modules represent a series of cis-regulatory interac-
tions that act on the same set of eGenes and hence are surrogates 
for specific transcription programs (TPs). We identified a total 
of 52 012 such modules from 36 tissues or cell types (Figure 6D; 
Supplemental Methods), which we named TP-modules, or TPMs.
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Figure 4. Characterizing predicted tissue- or cell-type-specific eQTL-hotspots. (A) The consensus landscape of relevant epigenomic features of predicted 
eQTL-hotspot-C1, hotspot-C2 and non-hotspot (C0) in blood. The x-axis represents the genomic region of 2.5 kb on either side of the center of the 
segments of the specific class, and the y-axis represents the signal values for an epigenomic mark. (B) The distributions of GC content in predicted eQTL-
hotspots in blood and (C) the distributions of Hi-C signal in adrenal gland in hotspot-C1, hotspot-C2 and non-hotspot (C0). P-values were calculated 
using the one-sided Wilcoxon rank-sum test. ∗, P < 0.05; ∗∗, P < 0.01; ∗∗∗, P < 0.001; ∗∗∗∗, P < 0.0001; ns, not significant. (D, E) Heatmaps demonstrate the 
fold of enrichment/depletion for chromatin states (D) and cCREs (E) in hotspot-C1 and C2 across 36 tissues or cell types. 

Among the TPMs, 8938 (17.18%) exclusively consisted of 30 401 
eQTL-hotspots of recovered eSNPs (recovered TPM, Figure 6D; 
Table S7). We identified 11–232 highly interconnected TPMs from 
each tissue or cell type (highly connected TPM, Table S7). Notably, 
17.88% of the TPMs are tissue-specific, with their edges present in 
not more than 10% (n = 4)  [44] of the tissues or cell types (tissue-
specific TPM, Table S7). However, only 0.05% of these TPMs are 
tissue-shared, with their edges present in more than 90% (n = 32) 
[44] of the tissues or cell types (tissue-shared TPM, Table S7). 

We further annotated the TPMs to identify potential trans-
acting factors, including transcription factors [26, 45], and non-
coding RNAs [46]. Notably, in TPMs where certain transcription 
factors were overrepresented, we observed significant correla-
tions between the binding activities of the transcription factors 
and eGene expression levels (Figure 6E and F; Figure S10A–C). For 
example, in blood, IRF4 is represented in seven TPMs, of which the 
scaled expression levels of the eGenes are significantly correlated 
(Pearson’s R = 0.84, P = 0.037) with IRF4 binding activities in the 
hotspots. Among these eGenes, ACY3 (TPM 1033) was previously 
annotated as a target gene of IRF4 [47] (Figure 6E). Similarly, 
MYC is represented in 11 TPMs in suprapubic skin. MYC bind-
ing activity was correlated with the expression of the eGenes 
in these TPMs (Pearson’s R = 0.66, P = 0.026), including some 
notable targets of MYC (CD151 in TPM 1470 and AEN in TPM 1501) 
[47] (Figure 6F). 

In summary, we developed a framework of epigenome-
augmented eQTL analysis and prioritized genomic regions with 
regulatory potential. Based on this framework, we constructed 

a genome-wide cis-regulatory network and suggested new 
transcription programs. 

DISCUSSION 
Genome-wide mapping of eQTLs has yielded a plethora of genetic 
variants that are involved in transcription regulation and con-
tributed to a better understanding of the etiology of complex 
diseases [8–11, 16–18]. However, eQTL studies always face the 
dilemma of the control of Type I (false discovery) and Type II 
errors (statistical power). Most of the current studies tend to use 
stringent adjustment of test P-values to ensure that the resulting 
loci are empirically verifiable regulatory elements [3, 6, 10, 12]. 
Nevertheless, for many more associations that did not meet the 
significance criteria, questions remain about whether these asso-
ciations represent true biology or random effects. 

Recent studies, such as QTLtools [48], FastQTL [20] and  
EPISPOT [49], have used computational models to enhance the 
sensitivity and specificity in QTL discovery. Many of these models 
leverage epigenomic features to prioritize variants with promising 
functional impacts [49]. Nevertheless, annotations based on 
epigenomic features are subject to substantial non-specific 
variations such as sampling, environmental and sequencing 
biases, let alone cell types and tissues [50–52]. Other studies, have 
focused on individual loci associated with multiple responses, 
or ‘hotspots’ [49, 53, 54]. Inspired by previous studies, our 
approach aimed to identify genomic regions with highly frequent, 
multiple eQTL associations, namely, ‘eQTL-hotspot’. Our study

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae109#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae109#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae109#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae109#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbae109#supplementary-data
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Figure 5. Augmented eQTL identification by refined thresholding for P-values in tissue- or cell-type-specific hotspots. The fold of enrichment for three 
benchmark sets in seven types of genomic regions defined by cCREs (CTCF: CTCF-only, K4m3: DNase-H3K4me3, enhD: distal enhancer-like signature, 
enhP: proximal enhancer-like signature, prom: promoter-like signature) and eQTL-hotspots (C1 and C2) were compared across 36 tissues or cell types. 
(A) eQTLs with allelic fold change (aFC), (B) fine-mapping eQTLs and (C) GWAS SNPs. (D) A Q-Q plot illustrates the deviation of the distributions of the 
original association test P-values for eSNPs in hotspot-C1 and C2 against C0 (expected) in blood. The x-axis represents the −log10P of non-hotspot (C0) 
as ‘expected’, and the y-axis represents the observed −log10P. The dashed lines correspond to −log10FDR and with a slope equal to 1, the FDR was set 
to 0.001 (Methods). The y-coordinate of the intersection point of the quantiles of the observed P-values indicates the refined thresholds for significant 
eSNP associations. (E) The fold of enrichment for fine-mapping eQTL associations in the eSNP–eGene pairs based on four different calling schemes. (F) 
The fold of enrichment for GWAS SNPs in eSNP sets based on four different calling schemes. Each colored dot represents a tissue or cell type; P-values 
were calculated using the one-sided Wilcoxon rank-sum test and were adjusted using ‘bonferroni’. •, adjusted P < 0.1; ∗, adjusted P < 0.05; ∗∗, adjusted 
P < 0.01; ∗∗∗, adjusted P < 0.001; ∗∗∗∗, adjusted P < 0.0001; ns, not significant. Hotspot: eSNPs defined within each type of hotspot by refined thresholds; 
Same ranking, WG: eSNPs defined by the same number of top-ranking SNPs in the whole genome as that defined by hotspots; Empirical threshold, WG: 
eSNPs defined by the whole genome, empirical thresholds of 5.0 × 10–8; FDR < 0.001, WG: eSNPs defined by the whole genome thresholds corresponding 
to the same level of FDR (0.001). 

utilized well-curated eQTL databases from various tissues or 
cell types. We consider that the occurrence of significant genetic 
associations across tissues or cell types follows the NHPP, which 
is governed by locus-specific parameters, λ. Our data suggest that 
in multiple normal tissues or cell types, there are thousands of 
such hotspots of highly active eQTL associations. To account for 
genetic conservation, we estimated λ based on DNA segments 
with an equal number of SNPs. 

Most eQTL associations are cell-specific, although there are 
exceptions [12]. Based on the limited functional evidence, the 
causal variants of eQTLs interrupt with a cis-element and thus 
alter the transcription program of the target genes [3, 55]. Never-
theless, the interruption of a transcription program may occur in 
cis, in trans or even between cells; hence, the biological background 
of eQTLs in tissue is usually complicated by many conditions 
[3, 56]. Our analysis is based on the NHPP, which considers the 
eSNPs reported in each independent study as a random point 
process [31]. By integrating eQTL data from different independent 
studies at a pan-tissue level, and thresholding for significance, 
our analysis was less affected by tissue-specific conditions and 
biases. Our findings revealed that multiple variants located in 
a confined locus (eQTL-hotspot), typically an LD block, demon-
strate highly frequent eQTL activities in multiple tissues or cell 
types, which imply conserved transcription programs. Indeed, the 

eQTL-hotspots were characterized by a consensus landscape of 
relevant epigenomic marks, which informed the identification 
of genomic regions with similar regulatory potentials in specific 
tissues or cell types. 

In most regulons, trans-acting proteins, such as transcription 
factors, recognize and bind to cis-elements with conserved 
sequence motifs and histone marks, thus initiating transcription 
[57, 58]. Therefore, in the process of transcriptional programming, 
proteins, cis-elements and transcriptional activity are highly 
specific. In this study, eQTL-hotspots were considered as 
potential cis-elements, and the variability of the sequence context 
provided critical information for the underlying transcriptional 
programming. We reported two distinct classes of eQTL-hotspots 
characterized by distinct genomic and epigenomic features. 
In the characterization, eQTL-hotspot-C2 showed colocalized 
with chromatin states and cCREs related to active TSS and 
enhancers, while hotspot-C1 is less active and correspond to 
inactive promoters. 

Identification of cis-elements is key to understanding gene 
expression regulation [59]. However, individual eQTL data are 
too sparse to reveal the landscape of cis-elements [13], whereas 
epigenomic marks lack specificity [26]. Our study combined 
multiple sparse eQTL data to define eQTL-hotspots and thereby 
retrieved highly specific genomic and epigenomic signatures for
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Figure 6. Reconstruction of the cis-regulatory networks using inferred eQTL-hotpots. (A) Two eQTL-hotspots are considered to be interacted if the 
corresponding eGene sets show a JI > 0.2. (B) The fractions of three types of interactions (P-P, E-P and E-E) are presented at the edges corresponding to 
C1-C1, C1-C2 and C2-C2 across 36 tissues or cell types. Each colored dot represents one tissue or cell type. See Figure 5 for the legend of tissue colors. 
P-values were calculated using the one-sided Wilcoxon rank-sum test, and were adjusted using ‘bonferroni’. •, adjusted P < 0.1; ∗, adjusted P < 0.05; ∗∗, 
adjusted P < 0.01; ∗∗∗, adjusted P < 0.001; ∗∗∗∗, adjusted P < 0.0001; ns, not significant. (C) Heatmaps demonstrate the similarity of cis-regulatory networks 
among 36 tissues or cell types. Tissues are ordered by agglomerative hierarchical clustering. (D) The distribution of the total number of TPMs in different 
tissues or cells. (E, F) The significant positive correlation between transcription factor binding activities within TPM hotspots and the scaled expression 
of the corresponding eGenes as demonstrated by IRF4 in blood (E) and MYC in suprapubic skin (F). Each dot represents one TPM. The x-axis represents 
the average binding activity of the transcription factor in TPM, while the y-axis represents the average of Z-score scaled eGene expression in TPM. The 
eGenes of known targets of IRF4 and MYC are labeled. 

the prediction of potential cis-elements at the whole genome level. 
This study provides an alternative approach to accurately depict 
the regulatory landscape based on existing data. Furthermore, 
it ought to be mentioned that the hotspots identified by pan-
tissue eQTL activity do not necessarily represent those tissue-
or cell-type-specific cis-element but offer distinct genomic and 
epigenomic signatures that help to identify more specific eQTLs. 

The present study offered two major advances in the field. 
First, by integrating pan-tissue eQTLs and epigenomic data, we 
retrieved a set of eQTL-hotspots with distinct genomic and epige-
nomic signatures. The results provided insight into the epige-
nomic landscape of eQTLs and were highly consistent with the 
up-to-date knowledge of cis-elements involved in gene expres-
sion. Then, by augmented eQTL-analysis and the corresponding 
interaction map, we provided a comprehensive view of the cis-
regulatory map of gene expression in normal tissues or cell types, 

which serves as a foundational knowledge base for advancing 
future studies on transcriptional regulation. 

Nevertheless, the current study is based on post hoc analysis of 
existing eQTLs and epigenomic data and hence is subject to all 
biases in the original studies, such as the sensitivity of ChIP-seq 
data [29, 30] and the sampling biases in the original eQTL studies 
[12, 13]. Moreover, trans-eQTLs, which represent a major class of 
genetic regulation of gene expression [60, 61], were not included in 
the current study because of poor representation in the database. 
Other QTLs related to transcription activities, such as methylation 
QTLs [62] and splicing QTLs [13], were also excluded. However, the 
current method can also be applied to these QTLs when larger 
databases are available in the future. Finally, the current NHPP 
model was based on test significance only. Prompted by previous 
studies, our future model can incorporate more statistics, such as 
effect size, response types, allele frequency and LD among SNPs.
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In summary, we described an analytical framework of 
augmented eQTL mapping and thereby performed genome-wide 
identification of cis-elements in different tissues or cell types, 
and reconstrued a comprehensive interaction map of the poised 
cis-elements, which contributed to a better understanding of the 
dynamics of transcriptional regulation. 

METHODS 
The classification of eQTL-hotspots 
To classify eQTL-hotspots, we first identified hotspot-specific k-
mers through a sequence comparison between the hotspots and 
their surrounding regions. Using bedtools shuffle, we generated 
random genomic locations in hotspots’ surrounding regions that 
resemble actual hotspots of the same size. Subsequently, we 
generated sequences for both the hotspots and random genomic 
locations based on the hg38 using bedtools getfasta [63]. We 
generated six bases k-mers count matrix Seekr [33] and performed  
a two-sided Wilcoxon rank-sum test to identify the k-mers that 
counts exhibited significant differences (FDR-adjusted P < 0.05) 
between the hotspots and random genomic locations. We then 
conducted permutation tests to calculate expected values for k-
mers with fold changes ≥1.5 or ≤0.9 (Figure S11). Expected values 
in the random genomic locations were determined based on 1000 
random datasets. We also used the permutation test to calculate 
empirical P-values. 

Next, we conducted hotspot-specific k-mers dimensionality 
reduction using kernel principal component analysis (kpca) with 
rbfdot kernel [34]. Then we selected the top three principal com-
ponents (PCs) with the largest variation as features (Figure S12). 
We selected 50 neighbors for each hotspot using the R hnsw_knn 
package [64], and constructed a graph using the R igraph package 
[35]. 

Finally, we effectively classified the hotspots in the graph using 
the Leiden algorithm implemented through the R cluster_leiden 
package with a resolution of 0.00002 [35]. 

Refining new thresholds of significant eQTLs in 
hotspots 
We generated Q-Q plots for each tissue or cell type using test P-
values for eSNP–eGene pairs that were randomly sampled from 
hotspot-C1, C2 and pan-tissue non-hotspot (C0). We used test P-
values from hotspot-C1 and C2 as observed values and the test 
P-values from non-hotspot (C0) as expected values. To establish 
the significance thresholds for eSNP–eGene pairs in hotspot-C1 
and C2, we identified them as the y-coordinates of the intersection 
points between the curves and a line characterized by an intercept 
of −log10FDR and a slope of 1, where the FDR was set at 0.001 
[42]. The coordinates of the intersections were determined by 
fitting polynomial regression to the hotspot-C1 and C2 curves, 
respectively. 

Key Points 
• We used the non-homogeneous Poisson process to ana-

lyze a consortium of eQTL datasets and thus identified 
125 489 eQTL-hotspots with highly frequent, pan-tissue 
eSNP activities. 

• We stratified the eQTL-hotspots into two classes based 
on the genomic features and further characterized these 

eQTL-hotspots for regulatory potential by distinct epige-
nomic signatures and the selective enrichment of anno-
tated cis-elements. 

• We developed ‘E-SpotFinder’, a machine learning model 
trained by the consensus genomic and epigenomic fea-
tures of eQTL-hotspots and capable of inferring genomic 
regions with high regulatory potential in specific tissues 
or cell types. 

• We established an augmented eQTL mapping based on 
‘E-SpotFinder’ predicted segments of the genome and 
with refined P-value adjustment for eQTL, thus recov-
ering 655 402 eSNPs, which strongly enriched for gene-
expression regulation activity. 

• We generated a comprehensive cis-regulatory map span-
ning 36 unique human tissues or cell types and identi-
fied modules of transcriptional programming associated 
with specific transcription factors that influence the 
expression of genes. 
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