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Abstract
Network analysis represents a powerful approach for untangling the relationships between complex
diseases. Here, we integrated information on physical contacts between common single nucleotide
polymorphisms (SNPs; MAF≥0.05) and expressed genes (TPM>0.1), with expression quantitative trait
loci (eQTL) data from whole blood to construct a blood-speci�c spatial gene regulatory network (GRN).
Using this GRN, we located the genes that are functionally affected by asthma-associated SNPs to
identify the asthma-speci�c module. We then expanded outwards to identify curated protein-protein
interactions occurring 1 to 4 edges away from the asthma module. The eQTLs spatially regulating the
identi�ed genes were used to interrogate the GWAS Catalog to identify enriched traits (hypergeometric
test; FDR≤0.05) within each of the 4 levels. This led to de novo identi�cation of traits both previously
reported (e.g., sarcoidosis and lung cancer) and unreported (e.g., disc-degeneration) to be multimorbid
with asthma, and pinpoints the variants and genes bridging asthma to the multimorbidities. Our
discovery approach identi�es signi�cantly enriched traits in the regulatory space proximal to a disease of
interest, in the tissue of interest, without a priori selection of the interacting diseases. The predictions it
makes expand our understanding of possible shared therapeutic targets, especially for diseases such as
asthma where no cure is currently available.

Introduction
Asthma is a complex in�ammatory airway disease characterized by reversible air-�ow obstruction and
airway remodeling (1–3). In 2019, an estimated 262 million cases of asthma were reported, and it was
associated with around 416 thousand deaths (4). Asthma is a heterogenous phenotype with a wide range
of interactions and presentations with other phenotypes (5). Multimorbidity with complex diseases (e.g.
eczema, mood disorders, and diabetes) has been previously reported suggesting the existence of shared
molecular pathways (6–9). Consistent with this, the genetics of asthma are complex and the functional
impacts of known asthma-associated variants are poorly understood (10). A large meta-analysis of
genome-wide association studies (GWAS) conducted by the Trans-National Asthma Genetic Consortium
(TAGC) identi�ed 878 SNPs in 18 loci as being associated with asthma (11). These loci were enriched for
enhancer marks, particularly in immune cell types, suggesting roles in immune regulation (11). The
speci�c causal mechanisms of disease-associated SNPs (da-SNPs) are, however, challenging to identify
and their association with the observed multimorbidity is yet to be elucidated (12). Identifying the
regulatory mechanisms that link asthma to its multimorbid conditions will have a signi�cant impact on
our understanding of disease-disease interactions and pave the way for potential novel therapeutic
approaches.

Assigning functions to da-SNPs is a di�cult undertaking because most da-SNPs fall in non-coding
regions and have small individual effect sizes (12). Moreover, expression quantitative trait loci (eQTL)
analyses have demonstrated that long-range regulatory interactions occur at a signi�cant number of loci,
making the conventional nearest-gene-approach for identi�cation of da-SNP functional targets
insu�cient (13–15). We have previously demonstrated the use of chromatin interaction (Hi-C) data
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coupled with eQTL analysis for the identi�cation of target genes whose regulation requires physical
interaction with the eQTL-tagged locus (16, 17). These spatially constrained gene regulatory networks
represent one way of assigning functions to da-SNPs by linking variants to the genes they regulate.

Network-based analysis provides an opportunity to investigate the inter-relationships of complex
polygenic diseases within network neighborhoods. As such, network-based analyses represent a possible
step-change in our ability to understand the multimorbidity, development, and therapeutic avenues for
pathologically related diseases (18–20). In network studies, the understanding that biologically similar
diseases segregate in modules within the same network neighborhood has been used in attempts to
identify conditions that are associated with asthma (20, 21). In such studies, a priori selection of the
interacting conditions enabled the identi�cation of: 1) overlapping genes between asthma and nine
immune-mediated diseases (20); and 2) coding genes that link diseases with recognized similarities (e.g.
chronic obstructive pulmonary disease (COPD) and asthma) (22). Unfortunately, these approaches
require a priori assumptions that limit investigations to conditions whose pathophysiological
relationships are clinically recognized.

In this study, we constructed a spatial gene regulatory network (GRN) comprised of genes that are
expressed in whole blood and whose transcript levels are associated with spatially constrained eQTLs
involving all common SNPs (MAF≥0.05). Using this GRN network we located the genes that are
functionally affected by asthma-associated SNPs. Translation of the blood regulatory network into a
protein-protein interaction network (PPIN) enabled the identi�cation of proteins that interact with the core
asthma gene network. We subsequently identi�ed sub-networks that are separated by 1-4 edges away
from the asthma disease module and identi�ed the complex traits that are enriched within those
modules. This agnostic approach enabled us to de novo identify diseases that are associated with
asthma such as systemic lupus erythematosus (SLE), sarcoidosis, and lung cancer. These disease have
been previously observed to be multimorbid with asthma (23–26). We also identi�ed traits that are
proximal to the asthma disease module whose association with asthma are yet to be con�rmed (e.g., disc
degeneration and hip circumference). Collectively, our results demonstrate the utility of spatial GRNs in
the de novo identi�cation of complex traits that are associated with a disease of interest.

Materials And Methods
Data sources

Expression levels of genes expressed in whole blood, measured in median transcripts per million
(TPM; Supplementary Data 1), were obtained from GTEx (https://gtexportal.org/home/datasets/
GTEx_Analysis_2017-06-05_v8_RNASeQCv1.1.9_gene_median_tpm.gct.gz, 15/3/2021). 

All variants genotyped from whole blood samples were downloaded from GTEx
(https://gtexportal.org/home/datasets/GTEx_Analysis_2017-06-
05_v8_WholeGenomeSeq_838Indiv_Analysis_Freeze.lookup_table.txt, 4/01/2021). 

https://gtexportal.org/home/datasets/%20GTEx_Analysis_2017-06-05_v8_RNASeQCv1.1.9_gene_median_tpm.gct.gz
https://gtexportal.org/home/datasets/GTEx_Analysis_2017-06-05_v8_WholeGenomeSeq_838Indiv_Analysis_Freeze.lookup_table.txt
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Single nucleotide polymorphisms (SNPs) and their associated traits were downloaded from the
GWAS Catalog (https://www.ebi.ac.uk/gwas/docs/�le-downloads/, 18/06/2021). 

Gene biotype information was obtained from GENCODE (http://ftp.ebi.ac.uk/pub/databases/
gencode/Gencode_human/release_26/gencode.v26.annotation.gtf.gz, 05/06/2021). 

gnomAD was used to retrieve gene-level constraint metrices (Supplementary Data
2; https://gnomad.broadinstitute.org/downloads#v2-constraint/
gnomad.v2.1.1.lof_metrics.by_gene.txt, 11/01/2021). 

Gene start and end positions were obtained from GTEx
(https://gtexportal.org/home/datasets/gencode.v26.GRCh38.genes.gtf, 17/02/2021). 

Cell type speci�c eQTLs were obtained from DICE (https://dice-database.org/downloads/,
09/02/2021). 

GRCh38.p13 is the human genome build used in this study.

Identi�cation of the whole blood spatial gene regulatory network (GRN)

The CoDeS3D pipeline (https://github.com/Genome3d/codes3d-v2) (27) was used to identify spatial
eQTLs. In brief, Hi-C data was downloaded and Hi-C libraries constructed for four primary blood cell lines
(Supplementary Data 3), as described in Rao et al. (28). The same restriction enzymes used to prepare
the libraries (HindIII and MboI) were used to digitally digest the GRCh38 genome into DNA fragments.
SNPs (MAF ≥0.05) present within whole blood samples (GTEx (15)) were used to interrogate the Hi-C
libraries for interactions captured between a DNA fragment overlapping a gene (as de�ned by gencode
v.26) and the DNA fragment containing the queried SNP (Fig. 1). Only SNP-gene interactions captured in
more than one Hi-C cell line replicate were included in downstream analysis. SNP-gene pairs were then
tested to identify eQTLs within whole blood (GTEx (15)). The GTEx eQTL calculator was used to identify
spatial trans-eQTLs. Finally, multiple testing correction (Benjamini-Hochberg) was performed and spatial
eQTLs with an adjusted p-value ≤0.05 were selected as being signi�cant. A SNP that: 1) physically
contacts; and 2) is at least partially associated with the transcription level of the interacting gene, is
termed a spatial eQTL, while the gene is termed a spatial eGene. Spatial cis-eQTLs regulate genes that
are <1 Mb away from the eQTL on the same chromosome, while trans-intrachromosomal eQTLs regulate
genes that are >1 Mb away on the same chromosome. Trans-interchromosomal spatial eQTLs regulate
genes that reside on different chromosomes.

Construction of the blood protein-protein interaction network (PPIN)

eGenes that were expressed in whole blood (TPM >0.1 and ≥6 reads in a minimum of 20% of tested
samples) were identi�ed by querying the GTEx Catalog (accessed 15/3/2021). These eGenes were used
to interrogate the STRINGdb package (29) (v. 2.2.2) for potential protein-protein interactions having a
medium con�dence score of ≥ 0.700 (Supplementary Data 4). The sources used as evidence of
interaction include text-mining, experiments, databases, co-expression, and genomics context prediction

https://www.ebi.ac.uk/gwas/docs/file-downloads/
http://ftp.ebi.ac.uk/pub/databases/%20gencode/Gencode_human/release_26/gencode.v26.annotation.gtf.gz
https://gnomad.broadinstitute.org/downloads#v2-constraint/%20gnomad.v2.1.1.lof_metrics.by_gene.txt
https://gtexportal.org/home/datasets/gencode.v26.GRCh38.genes.gtf
https://dice-database.org/downloads/
https://github.com/Genome3d/codes3d-v2
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channels i.e., fusion, neighborhood, and gene co-occurrence. Conversions between Ensemble gene
identi�ers and Ensemble protein identi�ers were performed using the biomaRt (30) package.

Construction of disease-speci�c modules

383 asthma-associated SNPs were identi�ed using a keyword search for the exact term “Asthma” in the
GWAS Catalog (v1.0.2, 18/06/2021; Supplementary Data 5). The asthma-associated SNP set was then
used to subset the asthma GRN (Supplementary Data 6) and PPIN (Supplementary Data 7) from the
larger blood GRN and PPIN, respectively. The resulting sub-network represented the asthma (“+0” level)
PPIN. Cytoscape was used to visualize the asthma PPIN (31). The same process was repeated for acute
lymphoblastic leukemia (ALL) using ALL-associated SNPs obtained using a keyword search for “Acute
lymphoblastic leukemia (childhood)” (Supplementary Data 8).

Identi�cation of traits that are proximal to the asthma and ALL disease modules using the blood PPIN

The disease-speci�c modules (asthma and ALL) were expanded to include curated protein interactions
(STIRNG) that fall between 1 and 4 edges from the core disease network. For example, �rst-neighbor
blood PPIN proteins share 1 edge (i.e., directly interact) with the disease-speci�c “+0” PPIN and form the
PPIN on the “+1” level. Similarly, second-neighbor proteins share 1 edge with proteins on the “+1” level
(and a maximum of 2 edges with the core disease PPIN) and form the “+2” PPIN (excluding proteins
found on the “+0” and the “+1” level). eQTLs that regulate the expression of the protein encoding genes
on each of the levels were subsequently identi�ed by querying the blood GRN. eQTLs for the protein
encoding genes on the +1, +2, +3, or +4 levels were queried against the GWAS Catalog (v1.0.2,
18/06/2021) to identify traits that had been associated with these variants through GWAS. The
hypergeometric distribution test was used to identify enrichment of traits at each level. Multiple testing
correction was done and traits with an adjusted Benjamini-Hochberg (32) p-values ≤0.05 were
considered to be signi�cantly enriched.

Gene Ontology analysis 

Gene Ontology (GO) enrichment was performed using the g:GOSt module of the R package g:Pro�ler (33).
The eGenes within the asthma GRN were tested for enrichment within reactome pathways (34), biological
process, cellular compartment, and molecular function GO terms. Multiple testing correction was
performed (Benjamini-Hochberg) (32) and adjusted p-values ≤0.05 were deemed signi�cant. 

Results

The whole blood spatial GRN is enriched for genes
intolerant to loss of function (LOF)
SNPs (MAF≥ 0.05) within the GTEx dataset (n=40x106) were downloaded (dbGaP accession:
phs000424.v8.p2; approved project number: #22937) and screened for spatial eQTLs in whole blood
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(Fig. 1) using the CoDeS3D algorithm (27). The resulting whole blood GRN is comprised of 1,713,885
spatial eQTLs (1,077,379 SNPs and 14,871 eGenes expressed in whole blood). Of those, 1,634,655 eQTLs
are cis-acting (eQTL-eGene are separated by <1Mb), 67,014 are trans-intrachromosomal (eQTL-eGene pair
are separated by ≥1Mb on the same chromosome), and 12,216 are trans-interchromosomal spatial
eQTLs (eQTL-eGene pair are located on different chromosomes; Supplementary Figs. 1a and 1b). eGenes
regulated in cis have signi�cantly more (p <0.0001) eQTL interactions than those regulated through trans-
interchromosomal and trans intrachromosomal interactions (mean ± SD, 126 ± 2.4, 9.8 ± 1.3 and 4.1 ±
0.9, respectively) and eGenes that are subject to trans-intrachromosomal regulation have signi�cantly
more (p <0.0001) eQTLs than eGenes regulated by trans-interchromosomal eQTLs (Fig. 2a). eGenes
whose transcript levels are associated with cis-acting eQTLs also have signi�cantly (p <0.0001) higher
expression levels than those regulated in trans (Fig. 2b). Notably, we observed that eGenes associated
with trans-acting eQTLs tend to be enriched for genes that are intolerant to loss of function (LOF)
mutations, as estimated by the LOEUF score (35) (Fig. 2c).

Gene regulation patterns in mammalian systems have a strong developmental component. Therefore, we
hypothesized that cis and trans-regulatory elements would be involved in the �ne-tuning and regulation of
transcript levels for most genes expressed in blood. Notably, of the genes expressed in whole blood
(median TPM >0.1), 13,674 were associated with spatial eQTLs, while 5,415 genes were not
(Supplementary Fig. 1c). There was no signi�cant difference between the expression levels of protein-
coding eGenes and non-eGenes. However, eGenes were signi�cantly more intolerant to LOF than protein
coding non-eGenes (Supplementary Figs. 1d and 1e). Correlating the number of spatial eQTLs against the
number of GTEx SNPs per chromosome shows chromosomes 4, 8, 9, 13 and 18 to have fewer spatial
eQTLs than expected and chromosomes 6, 17 and 19 to have more spatial eQTLs than expected, with
chromosome 6 having the greatest deviation from the prediction (Fig. 2d).

The human leucocyte antigen (HLA) region in chromosome 6 has a spike of spatial eQTL-eGene
interactions

We observed that chromosome 6 was enriched for spatial eQTL-eGene interactions –given the number of
variants that are mapped to the chromosome. There was a notable enrichment of cis interactions in gene-
dense regions across Chromosome 6, when compared to gene-poor regions (Fig. 3a). We observed that
there was a signi�cant increase in cis-interactions about the major histocompatibility locus (chr6:
29690551, 33102442) on chromosome 6, this is the most gene-dense region across chromosome 6
(Fig. 3b), and it has a well-recognized role in immune responses. The HLA locus aligns with a near 2-fold
increase in the ratio of eQTL-eGene interactions to SNPs in whole blood (Fig. 3c). This spike in whole
blood eQTLs across the HLA locus was not observed in other tissues (i.e., left ventricular and adult brain
cortical tissues; Supplementary Fig. 2). Tissue-speci�c spikes in ratios of eQTL-eGene interactions to
SNPs were also observed within other chromosomes in other tissues (Supplementary Fig. 2a-c), including
chromosomes that were depleted for eQTLs within whole blood (Supplementary Fig. 2b).

Related immune cell types share similar cell speci�c gene regulatory networks
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Whole blood contains subsets of different nucleated cell types. Therefore, we obtained cell type-speci�c
cis-eQTL data to determine the relative contributions of the different cell classes to the whole blood GRN.
The Database of Immune Cell Expression, Expression of quantitative trait loci and Epigenomics (DICE)
(see methods; Data Sources) contained 1,189,347 unique cis-acting eQTLs from across 15 immune cell
types. These include innate immune cell types (natural killer cells [NK], classical monocytes, and non-
classical monocytes [M2 cells]), naïve adaptive immune cells (naïve B, naïve CD4+ T cells, activated naïve
CD4+ T cells [CD4_stim], naïve CD8+ T cells, activated naïve CD8+ T cells [CD8_stim], and naïve TREG

cells), and CD4+ T memory subtypes (Memory TREG, TH1, TH 1/17 [TH star], TH17, TH2,, and follicular
helper T cells [TFH]) (36). 19.41% of the 1,713,885 spatial eQTLs within our whole blood GRN were also
identi�ed within DICE (DICE spatial eQTLs) (Fig. 4a). Of those, 14,418 spatial eQTLs were shared across
all 15 cell types. The normalized effect sizes of the shared spatial eQTL-eGene pairs were used to identify
the correlating immune cell types (Fig. 4b). Moreover, unsupervised hierarchal clustering of the
normalized effect size of the 14,418 shared spatial eQTLs identi�es distinct cell type clusters sharing
similar spatial gene regulatory pathways in whole blood (Fig. 4c).

Immune cell types sharing similar asthma GRN suggests their shared regulatory roles in the etiology of
asthma

We used asthma-associated SNPs to identify the asthma GRN within the whole blood GRN. The asthma
GRN consists of 302 eQTL-eGene interactions between 122 eQTLs and 132 eGenes (Supplementary Data
6). Gene ontology enrichment analysis of the asthma-associated eQTL-targeted eGenes identi�ed
enrichment within immune-related biological processes (Supplementary Fig. 3a). Similarly, analysis of
molecular functions and reactome pathways identi�ed enrichment in immune-related processes and in
lipid metabolism (e.g., linoleoyl-CoA desaturase activity, carnitine transmembrane transporter activity, and
linoleic acid (LA) metabolism etc.; Supplementary Figs. 3b and 3c). Lastly, we hypothesized that cell-
speci�c asthma GRNs (curated by integrating eQTL data from DICE) could identify inter-cellular
associations that are informative of asthma development. We thus performed unsupervised hierarchal
clustering of the z-score-transformed normalized effect size of all asthma-associated spatial eQTL-eGene
interactions in the 15 immune cells from DICE. This identi�ed immune cell clusters sharing related
asthma spatial GRNs such as TH17, TH2, and Memory TREG cells suggesting their potential similar
regulatory roles in the etiology of asthma (Fig. 5a).

The blood GRN identi�ed conditions that are multimorbid with asthma

We hypothesized that the asthma-associated eQTL-targeted genes interacted with each other as part of a
biological process. Therefore, we translated the asthma spatial GRN into an asthma PPIN that consisted
of 89 proteins (nodes) having 63 connections (edges) (Fig. 5b and Supplementary Data 7). The asthma
PPIN included HLA proteins and other proteins previously reported to be associated with asthma e.g.,
PDCD1 (82, 83), PRKCQ (37), GSDMA (38) and GSDMB (39).
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Various complex traits such as airway hyperresponsiveness, metabolic syndrome, and impaired lung
function have been identi�ed as multimorbid conditions in asthma patients suggesting the existence of
shared molecular pathways contributing to their development (40). Therefore, we identi�ed the proteins
that are interacting with the asthma PPIN and used them to determine the traits that are proximal to
asthma in regulatory space. This was achieved by identifying the proteins within the blood PPIN that are
connected to the asthma PPIN by less than 4 edges. The 1,963 interacting proteins that were in the �rst
interacting level (+1 edge from the core asthma PPIN) within the extended asthma PPIN were regulated
by 186,436 eQTLs within the blood GRN. In the +2 level, 525,136 eQTLs targeted transcript levels for
5,534 eGenes. In the +3 level, 246,626 eQTLs targeted transcript levels for 2,113 eGenes. Finally, in the
“+4” level, 31911 eQTLs targeted transcript levels for 256 eGenes. Querying the GWAS Catalog (v1.0.2,
18/06/2021) identi�ed 13 enriched (hypergeometric test; FDR≤0.05) traits in the “+1” level, 1 trait in the
“+2” level, 5 traits in the “+3” level and 4 traits in the “+4” level (Fig. 6; Supplementary Data 9 and 10).

The same analysis was repeated using the ALL PPIN which consisted of 8 proteins having 4 edges.
Expanding four levels away from the ALL PPIN identi�ed 250 proteins on the +1 level, 3,536 +2 proteins,
4,764 +3 proteins and 1,275 +4 proteins. Enrichment analysis (hypergeometric test; FDR≤0.05) of the
eQTLs regulating the expression of the genes on each of the 4 levels identi�ed 39 enriched GWAS traits in
the +1 level, 13 traits in the +2 level, 5 traits in the +3 level and 8 traits in the +4 level (Supplementary
Fig. 4).

Discussion
Untangling the relationships between complex phenotypes can prove elusive because the molecular and
biological mechanisms that in�uence their presentation interact across multiple levels of biological
information. In this study, we performed a de novo discovery analysis of conditions that are multimorbid
with asthma using a whole blood spatial GRN. In effect, the whole blood GRN acted as a Rosetta stone
connecting the asthma-associated SNPs with eQTLs from an extended set of curated protein-protein
interactions. Thus, we were able to use molecular interactions to identify genetic variants that affect traits
known to be multimorbid with asthma as well as other traits having an uncon�rmed association with
asthma. Our de novo discovery approach can be applied to other complex polygenic disorders and will
help to identify known and unknown interacting phenotypes, thereby providing information on the genetic
variation and biological mechanisms that are potentially responsible for the interaction.

This study is not without limitations. Primary amongst them is that associations can only be identi�ed
for traits previously investigated in GWAS studies. An additional consequence of this limitation is that not
all variations will be represented due to GWAS participants being primarily of European ancestry (41).
Second, our method relies on regulatory connections having known protein interactions. eQTLs whose
target genes do not form protein-protein interactions, or those forming unknown interactions, will thus be
missed by our analysis. The third limitation is that the blood GRN is not dynamic, i.e., it represents a
snapshot in time of the captured interactions and is thus subject to change. Fourth, our analysis
combines information across multiple levels of biological organization that do not originate from the
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same biological samples (i.e., eQTL data from GTEx, Hi-C datasets, population studies [GWAS], and
protein-protein interaction). Notwithstanding these limitations, the ability to discover multimorbid traits de
novo through described molecular pathways and by integrating resources across biological levels
provides a potential step-change in our ability to identify why and how genetic variation contributes to
complex phenotypes.

Asthma is a complex in�ammatory airway disease whose features include airway remodeling and
respiratory obstruction (1, 3). Consistent with these observations, we identi�ed genetic variants that are
associated with forced expiratory volume (FEV) and forced vital capacity (FVC) related phenotypes, which
characterize respiratory functions, as being directly connected to protein encoding genes that are affected
by asthma-associated SNPs. In addition, we also observed direct connections to proteins that are
targeted by eQTLs associated with conditions such as Alzheimer’s disease (AD), blood protein levels (i.e.
interleukin-18 (IL-18) (42), macrophage in�ammatory protein-1b (MIP-1b) (43, 44) and 90K protein (45,
46), etc.), SLE, and sarcoidosis, all of which are conditions known to be multimorbid with asthma. For
instance, metanalysis studies report an increased risk for the development of SLE in asthmatics (pooled
odds ratio (OR): 1.37; 95% CI 1.14–1.65; I2 = 67%) (23). Additionally, the genetic risk of sarcoidosis, which
is a granulomatous multisystem disease of unknown etiology and pathology that predominantly affects
the lungs (47, 48), had signi�cant pleiotropy with the genetic risk of asthma (R2=2.03%; p=8.89×10−9)
(26). These �ndings suggest a potential role played by the remaining identi�ed traits in the multimorbidity
of asthma.

The strength of the network approach we outlined is that it provides molecular insights for interactions
between asthma multimorbidities. For example, despite reported links between asthma and an increased
risk for AD (hazard ratio (HR): 2.62; 95% CI 1.71–4.02) (49), there are no known mechanisms through
which this could occur. Our analysis, however, implicates 19 genes and 56 eQTLs in the asthma-AD
multimorbid interaction. These include ERCC1 (spatially regulated by the AD-associated eQTL,
rs55923289), which interacts with both KAT5 and XRCC6 in the asthma PPIN. While no population
studies associate ERCC1 with AD, ERCC1 mutant and knockout mice were reported to present with age-
dependent neuronal pathology and cognitive decline (50, 51). Moreover, AD patients were reported to
have decreased mRNA levels of ERCC1 compared to healthy controls suggesting its role in AD pathology
(52). Similarly for lung cancer, the risk of its development increases in adults with active asthma (HR
1.29; 95% CI 0.95–1.75) (24). This could be mediated through mechanisms such as chronic
in�ammation, which is associated with higher risk of developing cancer (53), structural and functional
changes of the lungs caused by chronic asthma exacerbations e.g., thickening of the bronchial wall,
�brosis, and formation of scar tissue (54, 55), and asthma-associated molecular disruptions that
contribute to the development of lung cancer (22). Consistent with this, our �ndings implicate 13 genes,
which are spatially regulated by 24 eQTLs, as contributors to the observed multimorbidity. One of those is
the amino peptidase CTSH produced by lung macrophages and is spatially regulated by the lung cancer-
associated eQTLs rs4886591, rs11639372, and rs28408315. CTSH interacts with 8 different asthma
eGenes (TNFSF4, HLA-DRB5, HLA-DQA2, HLA-DQB2, CHIT1, HLA-DRB1, HLA-DQA1 and HLA-DQB1) and
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has been previously associated with lung cancer (61). Interestingly, CTSH was found to be overexpressed
in both smoking lung cancer patients (63) and asthmatics (62). Collectively, our results identify the
potential regulatory mechanisms contributing to the observed asthma multimorbidity and we propose
that this should be subjected to further empirical investigation.

Conditions that have been identi�ed in our analysis but were not reported to be associated with asthma,
or their association with asthma is inconclusive, include disc degeneration, hip circumference (56, 57),
mean arterial pressure, blood pressure related to alcohol consumption, and leprosy. Of those, we predict
that traits found closer to the asthma PPIN (e.g., disc degeneration identi�ed in the +1 level) to have
stronger relationships with asthma. TAP1 is one of the genes that we identi�ed to be modulating the
interaction between the asthma PPIN (through interactions with HLA-B) and disc degeneration-associated
eQTLs (11 eQTLs). TAP1 mediates the unidirectional translocation of peptide antigens across the
endoplasmic reticulum for loading into MHC I molecules (58). Interestingly, previous studies report it to be
associated with lumbar disc degeneration (59), asthma, and other in�ammatory conditions such as
rhinitis and dermatitis (60). Moreover, “TAP binding” was one of the enriched molecular functions of the
asthma PPIN proteins (Supplementary Fig. 3b). These �ndings suggest potential increased risks for
asthma-disc degeneration multimorbidities mediated through genes involved in in�ammatory pathways
such as TAP1. Asthma multimorbidities were also reported for traits found in the “+3” level including
glycated hemoglobin levels (61), plasma-free amino acid levels (62), and linoleic acid (63, 64), as well as
traits found in the “+4” level such as circulating chemerin levels (65). Thus, while proximity of the
identi�ed traits to the asthma module suggests stronger associations with asthma, higher level
associations could also contribute to the risk of multimorbidity.

To further demonstrate the applicability of our approach to other complex disorders, we used it to identify
the conditions that are proximal to ALL in regulatory space. Some of the conditions that we identi�ed
were previously reported to be associated with ALL (e.g., nephropathy, asthma (OR = 1.43, 95% CI: 1.10,
1.85) (66), disc degeneration (67), etc...) Drug associations were found to be common contributors to the
observed multimorbidity. For instance, anticancer treatment in ALL has been associated with kidney
function decline (68) and administration of immunosuppressive agents in systemic sclerosis patients
has been associated with increased risk of hematological cancer (69). For disc degeneration, 90% of
children with ALL are reported to have decreased bone mineralization, a contributor to disc degeneration
(67, 70). Our analysis implicates 9 eQTLs and 3 eGenes in the disc degeneration-ALL multimorbidity
including HLA-DQB2. While no population studies associate HLA-DQB2 with disc degeneration, its
signi�cant enrichment has been characterized by unique lower back pain DNA methylation signatures in
human T cells (71). These �ndings demonstrate the utility of our approach in identifying multimorbidities
of various complex diseases.

The whole blood GRN we constructed integrated common genetic variants, chromatin interactions and
eQTL data. This network provides insights that expand beyond the identi�cation of multimorbidity. Firstly,
the spatially regulated protein-coding genes (median TPM >0.1) within the GRN are not statistically
different in their expression levels (mean ± SD, 29.5 ± 330.5) from protein coding genes that are not
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spatially regulated (mean ± SD, 203.1 ± 5597.3). Yet, protein coding genes that are regulated distally (in
trans), are statistically more intolerant to LOF (p <0.0001) when compared to protein coding genes that
are expressed but not included in the GRN. Secondly, we identi�ed a spike in eQTL-eGene interactions
within the HLA region (6p21.3) in the whole blood GRN. This spike was speci�c to blood and was not
present in the other tissues that were tested. This observation is consistent with the relative importance of
this region in immune processes (e.g. regulation of in�ammation, innate and adaptive immunity, antigen
processing and presentation, autoimmunity, and the complement system (72)). The observation that
tissue-speci�c spikes were observed at other chromosomal locations possibly highlights loci that are
important for features speci�c to those tissue.

We have presented an approach that identi�es multimorbid conditions of the disease of interest without
the need for a priori selection of the interacting phenotypes. The molecular connections we have
identi�ed in this study represent high-value targets for subsequent investigation into asthma
development, multimorbidity, and future therapeutic development.

Data Availability
The whole blood spatial gene regulatory network is available in �gshare with the identi�er
10.17608/k6.auckland.17067953.v1. The left ventricle spatial gene regulatory network is available in
�gshare with the identi�er 10.17608/k6.auckland.18593432.v1. The adult brain cortex spatial gene
regulatory network is available in �gshare with the identi�er 10.17608/k6.auckland.18592811.v1.

Code Availability
All data analysis was performed using R version 4.0.1 (73) and RStudio version 1.3.959 (74). Scripts used
for data analysis are available at https://github.com/Genome3d/asthma_multimorbidities.
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Figure 1

Study overview. i) Hi-C captured SNP-gene physical interactions in primary blood immune cells. ii)
identi�cation of SNP-Gene pairs having eQTL associations (GTEx v8). iii) Translation of the blood spatial
gene regulatory network into a PPIN. iv) locating the asthma disease module within the blood PPIN. v)
expanding four edges away from the asthma PPIN to identify neighboring PPIN in each of the four levels.
vi) hypergeometric test to identify traits enriched in the four expanded PPINs.  
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Figure 2

Characteristics of the blood GRN. Mean (red line), median (black line), and standard deviation of A)
number of spatial eQTLs per gene grouped by interaction type and B) gene expression grouped by
interaction type. C) Tolerance to loss of function of spatial eGenes grouped by interaction type. D)
Correlation of blood GRN eQTLs and all variants genotyped from whole blood samples obtained from
GTEx v8. NS, not signi�cant, t test (****P <1 × 10−4).
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Figure 3

Tissue-speci�c spike of eQTL-eGene interactions in the HLA region of chromosome 6 in whole blood. A)
Proportion of spatial eQTL-eGene interactions across chromosome 6 grouped by type B) Gene density
across chromosome 6. C) Ratio of blood GRN eQTL-eGene interaction to SNPs genotyped in
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chromosome 6; G-banding ideogram of chromosome 6 is shown below. D) magni�ed view of B showing
the position of eGenes in the HLA region. A sliding window of 100 Mb was used for all plots.

Figure 4

Spatial eQTL-eGene interactions shared across immune cell types show immune cell clusters having
similar spatial gene regulatory pathways. A) Venn diagram of blood GRN eQTL-eGene interactions and all
DICE eQTL-eGene interactions. B) Correlation matrix of eQTL-eGene interactions shared between DICE
and the blood GRN. Stronger correlations are represented with darker shades of red. C) Heatmap of Z-
score-transformed normalized effect size of eQTL-eGene interactions shared between DICE and the blood
GRN showing spatial blood GRN eQTLs as rows and DICE cell types as columns. In both B and C, only
DICE cell types sharing eQTL-eGene interactions were included.
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Figure 5

Immune cell types sharing similar asthma GRNs suggest their potential shared regulatory roles in the
etiology of asthma. A) Unsupervised clustering of z-score transformed normalized effect size of all
asthma-associated spatial eQTL-eGene interactions (rows) and DICE immune cell types sharing eQTL-
gene interactions (columns). B) Asthma protein-protein interaction network (only proteins having edges
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are illustrated). Node color corresponds to the type of regulation. Visualization was done using Cytoscape
(version 3.8.2).

Figure 6

Blood GRN de novo identi�es conditions that are multimorbid with asthma. GWAS traits enriched in each
of the four expanded PPIN neighbors of the asthma disease module. Circle size indicates the number of
eQTLs, and circle color indicates statistical signi�cance. FEV1; forced expiratory volume in the �rst
second, FVC; Forced vital capacity, COPD; chronic obstructive pulmonary disease.  
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