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Abstract

Coronary artery disease (CAD) is the leading cause of death worldwide. Recently, hundreds of genomic
loci have been shown to increase CAD risk, however, the molecular mechanisms underlying signals
from CAD risk loci remain largely unclear. We sought to pinpoint the candidate causal coding and non-
coding genes of CAD risk loci in a cell type-specific fashion. We integrated the latest statistics of CAD
genetics from over one million individuals with epigenetic data from 45 relevant cell types to identify
genes whose regulation is affected by CAD-associated single nucleotide variants (SNVs) via epigenetic
mechanisms. Applying two statistical approaches, we identified 1,580 genes likely involved in CAD,
about half of which have not been associated with the disease so far. Enrichment analysis and phenome-
wide association studies linked the novel candidate genes to disease-specific pathways and CAD risk
factors, corroborating their disease relevance. We showed that CAD-SNVs are enriched to regulate gene
expression by affecting the binding of transcription factors (TFs) with cellular specificity. Of all the
candidate genes, 23.5% represented non-coding RNAs (ncRNA), which likewise showed strong cell
type specificity. We conducted a proof-of-concept biological validation for the novel CAD ncRNA gene
IQCH-AS1. CRISPR/Cas9-based gene knockout of IQCH-AS1, in a human preadipocyte strain, resulted
in reduced preadipocyte proliferation, less adipocyte lipid accumulation, and atherogenic cytokine
profile. The cellular data are in line with the reduction of IJQCH-AS1 in adipose tissues of CAD patients
and the negative impact of risk alleles on its expression, suggesting /[QCH-AS1 to be protective for
CAD. Our study not only pinpoints CAD candidate genes in a cell type-specific fashion but also
spotlights the roles of the understudied ncRNA genes in CAD genetics.

Keywords: Coronary artery disease, epigenetics, genome-wide association studies (GWAS), Gene-
Based Association Test (GATES), SNP exploration and analysis using epigenomics data (SNEEP),
CRISPR/Cas9, and non-coding RNA genes.
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1 Introduction

The past 15 years have witnessed an explosion of genetic discoveries on common complex diseases,
mainly by genome-wide association studies (GWAS). For coronary artery disease (CAD), > 300 gene
loci have been associated with genome-wide significance'™, deepening the understanding of disease
pathology. Downstream to the genetic discoveries, a bigger challenge is to fill the gap between genetic
variants and disease risk. To tackle this, functional studies are indispensable to ultimately unveil related
molecular mechanisms and inform novel diagnostic and therapeutic developments. Importantly, GWAS
signals are most often found in non-coding regions of the genome, which indicates a major role for
altered gene regulation in the etiology”. In this respect, downstream causal genes, and cell types of
action need to be elucidated allowing us to pinpoint the biological mechanisms underlying CAD. To
date, efforts have been made to prioritize causal genes in CAD loci by various independent or joint
methods by assessing 1) biological plausibility, 2) rare coding variant(s) associated with CAD, 3) likely
pathogenic variant(s) relevant to CAD in ClinVar’, 4) evidence from cardiovascular (CV) drug(s), 5)
causality by Mendelian Randomization studies, 6) a protein-altering variant in high LD with the sentinel
CAD variant, 7) expression quantitative trait loci (¢QTLs) in a CAD-relevant tissue, and 8) CV-relevant
phenotypes in knockout mouse models'*¢. However, these methods were not able to prioritize target
genes for all the GWAS loci. Among these methods, eQTL analysis contributed the largest number of
candidate genes™*’, yet eQTLs might explain only a small fraction of GWAS heritability plausibly®.
More diverse functional genomic readouts beyond transcriptomics are urgently needed to identify
disease mechanisms. The epigenome regulates gene expression in cells and engages the response of
genetic variation to environmental changes. While sporadic studies have explored tissue-level

-1,9,10

chromatin states or epigenetic marks at CAD loci ™", epigenetics of CAD genetics is rather under-

investigated.

In the current study, we systematically investigate the cell type-specific epigenetic circuit of CAD
genetics by integrating the summary genetic statistics from over one million individuals with the
regulatory elements of 45 types of disease-relevant cell types and Hi-C information. We identified
candidate causal genes at CAD loci, which were not uncovered by reported methods. Beyond commonly
explored protein-coding candidate genes, our analyses allowed extensive examination of the CAD-
associated non-coding RNA (ncRNA) genes which were otherwise depreciated due to insufficient
sequencing depth in transcriptome-based causal gene prioritization. Furthermore, biological validation
was conducted on one of the novel long non-coding RNAs (IncRNA) to confirm the reliability of our

analysis and improve our knowledge of CAD mechanisms.
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90  Results
91 Cell type-specific annotation of CAD-associated SNVs

92  To explore epigenetic and cell type-specific effects of CAD genetics, we obtained the latest summary
93  genetic statistics of CAD GWAS from over one million human subjects' and bulk or single-cell
94  epigenetic data from 45 disease-relevant cell types (Fig. 1A)(Supp. Table 1&2). 47,635 CAD-associated
95  single nucleotide variants (SNVs) (< 1% FDR)' and 24,799 SNVs in LD (R*> 0.8) resulted in a total of
96 72,432 CAD-SNVsincluded in our analysis (Supp. Table 3). Based on Ensembl Variant Effect Predictor
97  (VEP)', the majority (67.1%) of CAD-SNVs were intronic variants and less than 10% were variants
98  likely with a stronger effect size, such as missense, UTR or splicing region SNVs (Fig. 1B). Beyond
99  the general annotation using VEP, we further investigated the intersection of CAD-SNVs with
100  epigenetics of the 45 cell types, which covered 12 cell lineages including lymphoid, hematological,
101 myeloid, erythroid, endothelial, myogenic, neuronal, adipogenic, fibroblast, hepatic, epithelial, and
102  mesenchymal cells. On average 121,376 cis-regulatory elements (CREs) per cell type were identified
103  and, in total, 1,243,265 CREs from the 45 cell types. On the one hand, we found that 0.71% (N = 8,864)
104  of all CREs contained a CAD-SNV and 0.34% (N = 4,233) a CAD-SNV affecting TF binding (TF-
105  SNV), suggesting that 47.89% of CREs with CAD-SNVs could regulate TF binding (Supp. Table 4).
106  In addition, CREs with CAD-SNVs shared across cell types were more likely to have a TF-SNV than
107  those unique to a cell type. On the other hand, 18.73% of CAD SNVs were located in CREs, 14.49%
108  intragenic, and 4.24% intergenic (Fig. 1C). Among the CAD-SNVs in CREs (N=13,563), 39.80% were
109  predicted to affect transcription factor binding (N = 5,397) (Fig. 1D). Vascular and immune cells were
110  the leading cell types having relatively large fractions of CRE- and TF-SNVs, such as endothelial cells
111 (ECs), smooth muscle cells (SMC), fibroblasts, T cells, monocytes, and neutrophils (Fig. 1E), in line
112 with their crucial roles in cardiovascular health. 957 TF-SNVs were located in CREs of neurons,

113 resonating with the roles of neuroimmune interfaces in atherosclerosis '%.
114  Integration of epigenetic data reveals novel CAD candidate genes.

115  Based on the epigenetic data of the 45 cell types (Fig. 1E), we used two complementary approaches to
116  prioritize candidate genes for CAD, namely, the Gene-Based Association Test (GATES)" and the gene
117  prioritization using SNEEP'* (Methods). After assigning CREs to their target genes for each cell type'?,
118  both were applied. We obtained 1,387 genes with GATES and 503 genes with SNEEP resulting in a
119  total of 1,580 candidate CAD genes (Supp. Table 5). We compared our candidate genes with reported
120  CAD genes by other genetic studies and genes identified via GWAS-eQTL colocalization analysis'®
121  using genotyped transcriptome data of CAD-relevant tissue types from the Genotype-Tissue Expression
122  (GTEx)" and Stockholm-Tartu Atherosclerosis Reverse Network Engineering Task (STARNET)
123 projects'®. Out of 1,580 genes, 539 genes overlapped with reported CAD genes and 544 genes with
124  CAD eQTL genes in a total of 782 genes, namely, 49.49% of replication rate on genes from other studies
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Figure 1: Analysis outline and cell type-specific annotation of single nucleotide variants (SNVs) associated with
coronary artery diseases (CAD). (A) Overview of the project. GWAS of CAD! was combined with epigenome data
and predicted cis-regulatory element (CRE) to gene interactions for 45 cell types. Candidate CAD genes were identified
with a tool to annotate transcription factor (TF) SNVs (SNEEP'4) and a gene-based association test (GATES!?). The
results were supplemented with data of CAD patients, PheWAS analyses and the functional validation of a candidate
CAD gene. Created with BioRender.com. (B) Functional consequences of CAD-SNVs (p-value < 2.52E-5 and SNVs in
linkage disequilibrium) annotated with the Ensembl Variant Effect Predictor (VEP)!!. Only one consequence is
considered per variant. (C) Location of CAD-SNVs with respect to genes and CREs. (D) Venn diagram of the
intersection of CAD-SNVs, TF-SNVs and SNVs located in CREs of any cell type. (E) Overlap of CAD-SNVs and TF-
SNVs with CREs across cell types and grouped by lineage. Lineages sorted by average fraction of CREs with CAD-
SNVs. NK cell: natural killer cell; DC: dendritic cell; BFU erythroid: burst-forming unit erythroid; CFU erythroid:
colony-forming unit erythroid; CM: cardiomyocyte; EC: endothelial cell; SMC: skeletal muscle cell; FB: fibroblast.
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125  oranother method (Fig. 2A, Supp. Fig. 1A&1B). 798 genes were novel CAD candidate genes prioritized
126 by our epigenetics-GWAS integration (Supp. Fig. 1B). Gene set enrichment analysis showed /ipid
127  metabolism, and TGF beta, VEGFA, and interleukin 11 signaling to be the top pathways for CAD risk
128  mediated by the 1,580 candidate genes (Fig. 2B, Supp. Table 6), in line with known pathways for the
129  disease. Our analysis also pointed to an ncRNA-related pathway, ‘miRNA targets in ECM and
130  membrane receptors’, for CAD (Fig. 2B), which might represent a novel mechanism for the disease.
131 Our 1,580 candidate genes contained 1,208 protein-coding and 372 ncRNA genes (Fig. 2C, Supp. Fig.
132  1B). Our epigenetic integration identified the highest fraction of ncRNA genes compared to the other
133 three sources, including the well-known cardiovascular disease (CVD) ncRNAs CDKN2B-A4S1"" and
134  microRNA132 (MIR132)* (Fig. 2C, Supp. Fig. 1B&1E).

135  To illustrate the expression of candidate CAD genes across different cell types and tissues, we
136  determined their expression breadth in the IHEC EpiATLAS?, which measures in how many cell types
137  a gene is expressed (Fig. 2D). As expected, while most of the protein-coding genes were expressed
138  across many cell types, ncRNA genes showed mostly cell type-specific expression. The 503 genes
139  prioritized by SNEEP had an average of 4.5 CREs with TF-SNVs across all cell types (Fig. 2E). The
140  number of identified CAD genes via TF-SNVs varied per cell type (Fig. 2F). Myeloid and
141 haematopoetic progenitor cells had the highest number of genes regulated by TF-SNVs, although the
142  variation was quite large. Surprisingly, many genes (N = 503) were identified via TF-SNVs in different
143  cell types and without a strong indication of genetic linkage, suggesting a range of different regulatory

144  CAD-SNVs linked to the same gene (Fig. 2E).

145  Among the top 20 genes with the highest number of CREs containing TF-SNV, 10 were known CAD
146  genes, 15 were also identified by the GWAS-eQTL colocalization analysis, and 14 were conserved in
147  mice (Fig. 2G, Supp. Fig. ID&1E,). The top gene, SMG6 (Telomerase-binding protein EST1A), had 21
148  CREs with TF-SNVs mostly in blood and immune cells. SMG6 has been implicated with CAD through
149  SNVs that affect post-transcriptional RNA methylation**, by colocalization of eQTL data?' and TF
150  binding analysis®. To our knowledge, B3GNTS8 (Beta-1,3- N-Acetylglucosaminyltransferase 8) has not
151  been implicated in CAD yet. However, B3GNT proteins have been associated with diabetes and
152  processes of the immune system?, which are risk factors for CAD. One of the three ncRNA genes with
153  ahigh number of TF-SNV containing CREs is CDKN2B-AS1. CDKN2B-AS1 is located in the first ever
154  identified and still strongest CAD GWAS locus, the 9p21 locus*” . The candidate gene(s) at this locus
155  and their mechanisms of action for CAD have been challenging to investigate'**’. We found CDKN2B-
156  ASI as a candidate causal gene at this locus with 11 TF-SNVs in 10 different CREs which are mainly
157  active in immune cells (Supp. Fig 2, Supp. Table 15).

158

159
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Figure 2: Characterization of candidate CAD genes. (A) Intersection of the candidate CAD genes, known CAD loci genes
and genes found via eQTL colocalization analysis'®. In the Venn diagram Coloc refers to the joint set of genes found via
GTEx!7” and STARNET!. (B) GO term enrichment of the candidate CAD genes. Shown are selected terms from the top 20
enriched terms of the KEGG database (without redundant terms and for Familial hyperlipidemia the adjusted p-value across
all five types was averaged). (C) Fraction of protein-coding and non-coding RNA genes among the gene sets from (A). (D)
Expression breadth of the candidate genes, separated by gene biotype. (E) Number of CREs per gene that has a TF-SNV,
separated by gene biotype. Only genes found via TF-SNVs are shown (N = 503). The CREs with TF-SNV were merged
across all cell types in which a gene had a CRE at its promoter and thus was considered active. (F) Number of candidate CAD
genes identified via TF-SNVs grouped by lineage and separated by gene biotype (boxplot center line mean, boxlimits inter-
quartile range, whiskers up to 1.5x inter-quartile range). (G) Heatmap of the top 20 genes ranked by the number of merged
CREs with TF-SNVs (as described for (E)). Additional evidence is added per gene (Supp. Table 5). Per cell type the number
of CREs with TF-SNVs is set to zero if the gene is not considered active in the cell type.
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160  Genetic signals pinpoint CAD-related transcription factors

161  As a large subset of CAD-SNVs appears to affect TF binding (Fig. 1D), we further studied the TFs
162  involved. The SNEEP-TF test was used to discover TFs that are more often affected by a CAD-SNV
163  than observed by chance (odds ratio > 5, Methods). This analysis was done for each of the 45 cell types
164  of epigenome samples and revealed 38 TFs (CAD-TFs), whose binding was changed by risk alleles of
165  CAD in at least one cell type (Fig. 3A, Supp. Table 7). Among the predicted CAD-TF target genes are
166  protein-coding and ncRNA genes and several are either known CAD GWAS genes or candidate CAD
167  genes. The binding of 26 TFs was affected in more than one cell type. Notably, the binding of the AP-
168 1 family TFs was only enriched for adipocytes, including BATF3, FOSB, and FOS, and the dimers
169  FOS::JUND, FOSL2::JUN, and FOS::JUN. While AP-1 family TFs fulfill a variety of functions, their
170  members have been specifically shown to be involved in differentiation and apoptosis in murine
171 adipocytes®. Zhao et al. found that the TFs of the AP-1 family regulate the known CAD genes SMAD3
172 and CDKN2B-AS1, which are also in our CAD candidate gene set’'. These data underline the role of
173  adipocytes or adipose tissues in CAD.

174  Further analysis using transcriptome data of disease-relevant tissues from controls and CAD patients of
175  the STARNET project'® revealed that the majority of CAD-TFs (N = 32) were differentially expressed
176  ininvestigated tissues (Fig. 3B, Supp. Table 8). Most TFs showed upregulation in CAD-relevant tissues
177  (Fig. 3C). CAD-SNVs regulating TF binding were also identified as eQTLs in CAD-relevant tissues,
178  constituting independent evidence of disease-relevant TFs. The TFs CTCFL, TFAP2E, and ZNF610
179  had the highest eQTL support and the eQTL genes were involved in pathways for CAD such as immune
180  response and inflammation, lipid metabolism, TGF beta signaling, and vascular remodeling pathway
181 (Fig. 3D, Supp. Table 9&10). Interestingly, the eQTL genes of CAD-SNVs regulating TCFLS5 binding
182  were enriched for innervation and synaptic transmission, a newly discovered pathway for CAD'.
183  Further, we observed that for several TFs, the target genes were dysregulated in CAD patients with
184  tissue specificity. For instance, target genes of TFAP2E are upregulated in the atherosclerotic aortic
185  root, but downregulated in fat, liver, and skeletal muscle (Fig. 3E). Similar tissue-specific effects of
186 other TFs were observed as well, including ZIC4, ZBTB33, MBD2, ZNF610, TCFL5 and ZFP14 (Supp.
187  Fig. 3).

188  Novel CAD candidate genes associated with cardiovascular risk factors

189  To investigate the relevance of the identified CAD candidate genes, we performed a phenome-wide
190  association study (PheWAS). The PheWAS datasets were obtained from the Common Metabolic
191 Diseases Knowledge Portal and included the latest GWAS summary genetic statistics of 29 traits of
192  CAD risk factors. We focused on the eQTLs of the candidate genes and extracted the eQTLs from
193  CAD-relevant tissue transcriptomes from GTEx'” and STARNET®. Based on the probability of
194  PheWAS-eQTL colocalization (Methods), we identified the phenotypic traits bridging our candidate
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Figure 3: CAD risk alleles affect TF binding. (A) Cell type-specific enrichment of CAD-TFs that are affected by binding to
TF-SNVs. Each TF regulates a different number of target genes. By the stacked barplots (left) the fraction of target genes
associated to CAD and the biotypes are visualized. Analysis of differential expression of CAD-TFs in all (B) or individual
STARNET tissues!® (C). (D) CAD-TFs with eQTI support (GTEx!7) and their associated biological processes and pathways.
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195  genes and CAD. In total, 1,219 candidate genes, including 1,052 protein-coding and 167 non-coding
196  genes, showed significant colocalization'® (PPH > 0.60) with at least one GWAS trait in a relevant tissue

197  type (Supp. Table 11).

198  Overall, CAD candidate genes demonstrated the highest frequency of associations with inflammatory
199  biomarkers (mainly immune cell counts) followed by lipid levels (mainly cholesterol and triglyceride
200 (TG) levels), both of which involved over 800 genes (Fig. 4A). Artery and adipose tissues, which play
201 essential roles in vascular and metabolic functions, exhibited the highest number of genes with
202  significant colocalizations, with 903 and 806 prioritized genes, respectively (Fig. 4A). By comparison,
203  liver, skeletal muscle, and blood revealed nearly equivalent gene counts with correspondingly 686, 681,
204  and 671 genes. Interestingly, 42 genes showed significant PheWAS-eQTL colocalization signals in
205  kidney cortex tissue, in line with the fact that chronic kidney disease is a risk factor for CAD*%. For the
206  novel CAD candidate genes (Fig. 4B), we observed similar patterns in comparison to all prioritized
207  CAD genes and known genes (Fig. 4A, Supp. Fig. 4), again, suggesting the reliability of the novel
208 genes.

209  For the top novel candidate genes ranked by their association strength with PheWAS traits, both protein-
210  coding and ncRNA genes were predominantly associated with inflammatory biomarkers and lipid levels
211 (Fig. 4C&4D). Our data indicated that ncRNAs could contribute to CAD independent of the host genes,
212 especially for the intergenic ncRNAs, such as LINC01132 and AC068138.1 (ENSG00000235070).
213  These two were also uniquely associated with lipid levels. However, none of the top ncRNA genes
214  showed conservation in mice. Interestingly, among the 167 ncRNA genes with PheWAS-eQTL

215  colocalization signals, eight were conserved in mice (Fig. 4E).
216  The novel gene IQCH-AS1 contributes to CAD via obesity-related phenotypes

217  To further validate our novel findings, we conducted a biological validation on a novel CAD candidate
218  gene, encoding a conserved IncRNA, IQCH-AS1. PheWAS-eQTL colocalization analysis suggested
219  IQCH-AS1 to be most significantly associated with obesity-related phenotypes including body mass
220 index (BMI) and waist-hip ratio (WHR) (Fig. 4E). The GWAS signals of BMI and WHR were
221 colocalized with IJQCH-4S1 eQTLs from adipose tissue, demonstrating that the roles of /JQCH-A4S1 in
222 this tissue might contribute to obesity and therefore increase the risk of CAD (Fig. 4F, Supp. Table 14).
223  We, therefore, studied the /JQCH-A4S1 functions in human Simpson-Golabi-Behmel Syndrome (SGBS)
224  preadipocytes and adipocytes. We first generated /QCH-AS1 knockout (KO) SGBS preadipocyte lines
225 by a dual CRISPR targeting strategy, which used two gene-specific single guided (sg) RNAs to target
226  the shared exon of the major /QCH-AS1 isoforms IQCH-ASI. The dual CRISPR excised 48bp of the
227  exon 13 and dramatically reduced the RNA level of IQCH-AS1 compared to the scrambled control line
228  (Fig. 5A&5B). By BrdU-based proliferation assay, we observed reduced proliferation of /QCH-AS1-
229 KO preadipocytes which might indirectly lead to hypertrophy of existing adipocytes in hyperlipidemic
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230  conditions due to reduced source of new adipocytes (Fig. 5C). IQCH-AS1-KO preadipocytes had
231 diminished differentiation efficiency indicated by less PPARG expression in the nuclei (Fig. 5D, Supp.
232 Fig. 5). Therefore the corresponding differentiated adipocytes showed less accumulation of TGs (Fig.
233  5E), which could lead to TG increase in the circulation due to diminished capacity of lipid storage by
234  adipocytes. Furthermore, IQCH-ASI-KO adipocytes released more proinflammatory cytokines
235  including pentraxin 3** and IL-18*, but fewer anti-inflammatory cytokines including IGFBP-3%,
236  Cripto-1°**7, VEGF*® and IL-10* (Fig. 5F). Our data from IQCH-ASI-KO preadipocytes and
237  adipocytes indicates the gene to be protective for CAD. Indeed, IQCH-ASI was downregulated in SAT
238 and VAT of atherosclerosis patients from STARNET'® cohorts compared to controls (Fig. 5G).
239  Furthermore, the BMI- and WHR- increasing alleles (e.g., rs3784699 C) at this locus were associated
240  with reduced IQCH-ASI expression (Fig. SH&SI). The biological experiments suggest the CVD
241 relevance of our novel gene, IQCH-AS1, which further supports the reliability of our epigenetics-GWAS
242  analysis.

243
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Figure 5: Atherogenic phenotypes induced by CRISPR-based knockout(KO) of IQCH-AS1. (A-B) Dual
CRISPR-KO of IQCH-AS1 perturbed the gene (A) and decreased the RNA levels of IQCH-AS1 (B) in SGBS-
preadipocytes. (C) KO of IQCH-AS1 reduced the proliferation of SGBS-preadipocytes indicated by fewer
BrdU+ cells. (D-E) IQCH-AS1-KO adipocytes had less PPARG expression (D) and decreased triglycerides
(TG) accumulation (E). PPARG was stained by the protein-specific antibody (green). Lipid droplets were
labeled by HCS LipidTOXTM Red neutral lipid stain (red), and DNA by DAPI (blue) (Supp Fig. 5). (F)
Proteome Profiler assay using cell culture medium identified differential cytokine release from IQCH-AS1-KO
adipocytes. (G) Expression of IQCH-AS1 was reduced in subcutaneous (SF) and visceral abdominal fat (VAF)
of atherosclerosis patients (n=568 in SF, n=531 in VAF) in comparison to control individuals (n=92 in SF,
n=103 in VAF). Center line is the median, dashed lines upper and lower quartiles. (H-I) rs3784699 C (the read
SNV in Fig. 4E), was associated with increasing body mass index (BMI) and waist-to-hip ratio (WHR) but
reduced IQCH-AS1 expression in adipose tissues. *,p<0.05. ****  p<0.0001. In (H) bars represent + standard
error.
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244 Discussion

245  Our current work interpreted population genetics of CAD using epigenetics of 45 disease-relevant cell
246  types. We showed that on average 1.04% of CREs from the cells contained CAD-SNVs and
247  approximately 50% of CAD-SNVs were located within CREs or TF binding sites of the 45 cell types
248  (Fig. 1). By GATES test and SNEEP analysis, we linked these CREs and TF binding sites with CAD-
249  SNVsto 1,580 candidate causal genes for the disease, including 1,208 protein-coding and 372 ncRNA
250  genes. CAD-associated ncRNA gene showed better cell type specificity than the protein-coding
251 counterpart (Fig. 2D). 792 of our candidate genes were also found by published studies or eQTL-based
252  methods ' and 798 were novel (Fig. 2). 542 out of 1,580 genes were regulated by the 38 TFs whose
253  bindings were regulated by CAD-SNVs (Fig. 3). Both the novel protein-coding and ncRNA candidate
254 genes showed similar PheWAS-eQTL colocalization patterns as the known candidates in terms of the
255  associated traits and eQTL tissue types (Fig. 4), suggesting the reliability of our novel CAD candidate
256  genes from epigenetics-GWAS integration. Our biological validation on one of the novel IncRNA
257  genes, IQCH-AS1, indicated that the loss of the IncRNA could lead to detrimental adipose function,
258  which was in line with its association with BMI and WHR, its downregulation in adipose tissue of CAD

259  patients and the eQTL correlation in the same tissues (Fig. 5).

260  Our work identified more candidate causal genes (N = 1,580) for CAD than the published studies (N =
261 1,286) or eQTL-based methods (N = 1,169)' !4’ Both the datasets and the statistical methodologies
262  differ our work from others, which could lead to improved discovery. First, we included epigenetic data
263  from 45 cardiovascular cell types, representing the most diverse cell groups investigated in CAD genetic
264  studies. Second, our analyses also appear to be more sensitive than the GWAS-eQTL colocalization
265  using GTEx and STARNET datasets, which identified 1,095 genes of nine CAD-relevant tissues in
266  total. Given these eQTLs were mapped using tissue-level data, the eQTL signals with small effect sizes
267  due to high cell specificity might be obscured in the bulk transcriptomic profiling. While future
268  systematic single-cell eQTL datasets could make up for the drawback, our integration of cell type
269  epigenetics has unveiled CAD candidate genes and CAD-TFs with high cellular specificity, such as
270  FLTI in dendritic cells and SLC2243 or the AP-1 family TFs in adipocytes. Third, we used two
271 complementary strategies, the GATES test and the SNEEP analysis, to prioritize CAD candidate genes.
272 The GATES test summarizes the significance of all SNVs in the gene region and thus considers SNVs
273  in coding and non-coding genic regions. The SNEEP analysis combines the prediction of TF-SNVs
274 with the occurrence in cell type-specific regulatory elements and is thus focused on the non-coding part
275  of the (epi)genome. That these tests draw their power from different statistical principles explains their
276  complementarity. It is noteworthy that the way the prioritization is done using SNEEP is more stringent
277  than in a previous application*'. A controlled randomization approach suggested the use of the
278  occurrence of at least two regulatory elements with TF-SNVs not in LD as a more stringent threshold

279  to avoid false positives (Supp Fig. 1C). Fourth, genetically regulated non-coding RNA genes were
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280  systematically explored, which increased our discoveries. Among our CAD candidate genes, 23.5%
281  were non-coding RNA genes, representing the highest ratio compared to reported candidate genes and

282  genes found via GWAS-eQTL colocalization analysis.

283  For the first time, microRNAs were prioritized as candidate genes for CAD by genetic analysis. This
284  was otherwise not possible by the population transcriptome-based method, given the existing genotyped
285  transcriptome datasets, such as GTEx and STARNET datasets, excluded short RNA from the profiling.
286  Interestingly, microRNA132 (MIR132), a therapeutic target in a Phase 2 clinical trial (NCT05350969)
287  for heart failure”?, was also exclusively underlined by our analysis (Supp Fig. 1E). Our analysis
288  suggested MIR132 might also play a role in CAD. Indeed, the CRE SNVs for this ncRNA gene were
289  not only from cardiac cells but also immune cells. CRE SNVs of MIR132 in immune cells could
290  contribute to CAD. In addition, 361 ncRNA coding genes were prioritized, among them only 14 were
291 conserved between humans and mice, which permits biological studies and therapeutic explorations
292 both in vitro and in vivo. In our functional validation experiments, we demonstrated the novel ncRNA,

293  JQCH-ASI, indeed was involved in CAD-relevant cellular functions.

294  Our diverse datasets and bioinformatic analyses might guide biological studies on gene functions. The
295  GATES test and SNEEP analysis using the latest CAD GWAS summary statistics and epigenetic data
296  from 45 cardiovascular cell types allowed pinpointing the candidate causal genes for the disease in a
297  cell type-specific manner. The result will facilitate the selection of the relevant cell types to study
298  candidate genes of interest. Our SNEEP analysis further indicated whether a TF could be involved in
299  regulating the candidate gene expression in CAD. Finally, based on the PheWAS analysis, disease-
300 relevant cellular phenotype(s) related to the candidate genes could be explored in the selected cell
301  type(s). For instance, IQCH-ASI was regulated by the CAD-SNVs mediated epigenetic changes in
302  stromal cells, mesenchymal stem cells, and adipocytes, all of which could affect adipose tissue function
303  and cardiovascular health. Further, our PheWAS analysis indeed suggested /QCH-AS1 to be associated
304  with BMI and WHR (Fig. 4D&4E). Therefore, as proof of concept, we knocked down IQCH-AS1 in
305  preadipocytes and adipocytes and showed that the gene affected preadipocyte proliferation and lipid
306  accumulation and therefore could play roles in obesity and CAD. Further molecular mechanisms shall

307  be examined to explore the therapeutic potential of this RNA.

308  Limitations exist in our study. First, our analysis can not differentiate the role of the microRNA genes
309  from the host genes. We therefore excluded microRNA genes in intragenic regions from our final
310  candidate gene list. Second, the collection of epigenome data consists of different assays (DNase-seq,
311  ATAC-seq, H3K27ac ChIP-seq) which can differ in the regulatory regions they uncover and in turn
312  determine which SNVs can be found via epigenome analysis. However, a uniformly assayed collection
313  for such a large collection of CAD-relevant cell types is not available. Third, the predictions for CRE-
314  gene interactions allow one CRE to be linked to multiple genes. In these cases, we assume all target

315  genes to be affected, although the effect might be limited to individual genes. We analyzed TFs whose
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316  binding sites are affected independently, despite TFs also functioning in a combinatorial manner*>*,

317  Systematic incorporation of TF cooperativity would require knowledge of all possible TF interactions,
318  which is not available. The prediction of TF-SNVs is based on TF binding motifs, which are imperfect

319  for annotating binding sites, but enable us to analyze such a large collection of cell types and TFs.

320  Nevertheless, our study created an inventory of CAD candidate genes regulated by genetically affected
321  epigenetics in a cell type-specific fashion. We prioritized novel candidate causal genes beyond existing
322  methods, including protein-, ncRNA- and microRNA-coding genes. We demonstrated the significance
323  of TFs in genetically regulated CAD risk. The results could lay the foundation for further biological

324  investigation and the therapeutic exploration of CAD candidate genes.
325

326 Methods

327  Collection of enhancer-gene interactions

328  Epigenome data indicating CREs (DNase-seq, ATAC-seq, and H3K27ac ChIP-seq) were collected for
329 45 cell types related to CAD (Supp. Table 1&2). For each cell type the set of candidate CREs was
330  defined as the peaks of the epigenome data. Most studies already provided peak annotations. For the
331  scATAC-seq data of Hocker et al.*, the bigWig files of the cell types were converted to BedGraph with
332  UCSC’s bigWig-ToBedGraph executable®, followed by MACS2’s bdgpeakcall function (v2.2.7.1)*
333  with a minimum length of 100 bp and signal cut-off of 0.004. The activity of the peaks was afterward
334  assessed by taking the average signal of the bigWig-files. For the peak files of all cell types, replicates
335  were merged and if the data was in genome version hgl9 they were lifted to hg38 with a Python
336  implementation of UCSC’s liftOver tool (v.1.1.13)*’. Handling of bed-files was done with pybedtools
337  (v0.8.1)*%. To predict CRE-gene interactions for each cell type the generalized ABC-score from the
338  STARE framework (v1.0.4)" was used, using the average Hi-C data from Gschwind et al. as chromatin
339  contacts’®. The maximum distance between CRE and a gene’s TSS was set to 2.5 MB. CREs
340  overlapping regions known to accumulate anomalous signals from sequencing experiments were
341  excluded’*2. All interactions surpassing a gABC-score of 0.02 were considered relevant. The command

342 was as follows:

343  STARE_ABCpp -b <peak file> -n <activity column> -a gencode.v38.annotation.gtf -w 5000000 -f
344  <ENCFF134PUN_avgHiC hg38/> -k 5000 -t 0.02 -x hg38-blacklist.v2.bed -o <output path>.

345
346 Identification of TF-SNVs and CAD-TFs

347  The GWAS summary statistic was downloaded from a recently published study for coronary artery
348  disease'. Similar to Aragam et al., a 1% FDR cutoff was applied to extract those SNV significantly
349  associated with CAD (p < 2.52E-5). SNVs in linkage disequilibrium (LD) were determined based on
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350  the pre-computed dataset from SNiPA®, where the European cohort and an LD threshold > 0.8 were
351  used. The lead and proxy SNVs were lifted to hg38 using the Python package liftover*’. The resulting
352 72,432 SNVs are used in the following analyses (Supp. Table 3).

353  The SNEEP software (version v1.0)* was applied for the identification of TF-SNVs (Supp. Table 4),
354  disease genes, and disease-associated TFs. Based on the beta coefficient given in the summary statistic
355  (denoted as beta) the alleles were ordered in such a way that SNEEP compares the CAD-risk allele

356  against the non-risk allele.

357  TF-SNVs were predicted for each of the 45 cell types individually. From the 72,432 lead and proxy
358  SNVs, those not overlapping with the cell type-specific enhancer-gene interactions were excluded.
359  Further, these interactions were used to associate the TF-SNVs to cell type-specific target genes. As TF
360 motifs, 817 non-redundant human motifs from JASPAR (version 2022)54, HOCOMOCO®, and Kellis
361 ENCODE motif database™ were used (publicly available at: https:/github.com/Schulzlab/SNEEP/).

362  Further, 500 background analyses were performed based on randomly sampled SNVs. Whenever
363  possible the random SNVs were derived with SNPsnap®’*® to ensure random SNVs were most similar
364  tothe original ones in terms of minor allele frequency (MAF), distance to the nearest gene, gene density,
365 and SNVs in LD. However, for less than 5% of all lead and proxy SNVs, SNPsnap failed since the LD
366  structure of the SNV could not be derived. In such a case the corresponding random SNV with a similar
367 MAF was sampled from the dbSNP database®. The following SNEEP command was performed per
368  cell type:

369  differentialBindingAffinity multipleSNPs - 0.5 -C 0.001 -f
370  <celltypeSpecificEnhancerGenelnteractions merged> -r <celltypeSpecificEnhancerGenelnteractions>
371  -g <geneld geneName.txt> -j 500 -1 <seed> <combined motif set> <snvFile> <hg38.fa>

372  <estimatedScalesPerMotif 1.9.txt>.

373  To explore genes significantly affected by the analyzed SNV, the randomly sampled SNVs were linked
374  to target genes using the cell type-specific enhancer-gene interactions. Next, it was counted per gene
375  how many non-LD TF-SNVs in different CREs were observed in the random data. Based on the
376  resulting cell type-specific background distribution over all genes, a FDR corrected p-value was
377  derived. Overall cell types observing at least two non-LD TF-SNVs were significant (FDR < 0.01),
378  suggesting that the associated target genes are highly affected by the CAD-SNVs (Supp. Fig. 1C).

379  Based on the background analysis, 38 cell type-specific TFs were derived that are more often affected
380 by the analyzed SNVs than expected on a random background control (Supp. Table 7). Therefore, for
381 each TF an odds ratio was computed given the numbers of how often a TF’s binding site was
382  significantly affected by the analyzed SNVs in comparison to the random SNVs. The analysis was done
383  as described by Baumgarten et al.'* (see Star Methods Section, eQTL analysis of this paper). CAD-TFs
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384  are defined as those TFs with more than five TF-SNVs, an odds ratio > 5 in at least one of the analyzed

385  cell types, and an open promoter region in the same cell type.
386  Functional consequences of CAD-SNVs with VEP

387  For the functional annotation of variants the Variant Effect Predictor (VEP) from Ensembl (v111.0)"
388  was used with the *pick’ option to get one consequence per variant. The distance to consider up- or
389  downstream variants was set to zero. Categorical colors were taken from the colorcet Python package,

390  based on Glasbey et al.%.
391 Gene-based test

392  Inaddition to SNEEP the gene-based association test GATES'® was applied to identify CAD-associated
393  genes. For each gene, all SNVs from the CAD GWAS summary statistic' (lifted to hg38) that overlap
394  the genes’ bodies were considered. The gene body was defined as annotated in the GENCODE’s®' v38

395  gtf-annotation including exons and introns. To determine the LD structure for all pairs of SNVs

396 associated with a gene, PLINKs® functionality (http:/pngu.mgh.harvard.edu/purcell/plink/, version
397  1.07) to look up pair-wise LD correlation (R2) was used:

398  plink-1.07-x86_64/plink --noweb --bfile
399  alkesgroup.broadinstitute.org/LDSCORE/GRCh38/plink_files/<chromosome> --snps <list_rsIDs> --12
400  --matrix --1d-snp-list <gene> --out <gene>.txt.

401

402  The LD score data from PLINK was downloaded from
403  https://alkesgroup.broadinstitute.org/LDSCORE/GRCh38/ in March 2022. The SNVs for which the
404  pair-wise LD score could not be derived were excluded. Next, GATES was computed for each gene
405  with SNVs in the gene body. The resulting p-values were FDR-corrected with the Benjamini-Hochberg
406  procedure®. The implementation for GATES was taken from the R package COMBAT® and slightly
407  adapted.

408  Defining candidate CAD genes and adding further evidence

409  We combined the results of the TF-SNV analysis and the gene-based association test to define a joint
410  setof candidate CAD genes. All genes from the SNEEP analysis that had at least two non-LD TF-SNVs
411  in different CREs in at least one cell type in which the gene was also active were considered candidate
412  CAD genes. A gene was considered active in a cell type if a peak called on the epigenetic signal
413  overlapped any of the gene’s promoters (= 200 bp, Supp. Table 5). For the GATES test, a gene had to
414  have at least 10 SNVs in its gene body, be open in any cell type, and have an FDR < 2.5%. Specific
415  genes were excluded from all gene sets and not considered as potential candidate CAD genes, all based
416  on GENCODE’s® v38 gene annotation: pseudogenes, genes that are not yet experimentally confirmed

417  (labelled as TEC), miRNAs that are located completely in the gene body of other genes on the same
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418  strand and genes which share their 5° TSS with other genes. Overall, 17,732 genes from the annotation
419  were excluded (Supp. Table 5).

420  Additional evidence and data were gathered for the candidate CAD genes (Supp. Table 5). It was
421 checked whether the candidate genes were also identified in other types of analyses. A manually curated
422 list of known CAD loci genes was generated, comprising 1,286 genes (after removing the excluded
423  genes) and which is based on previously published work combining the following criteria: 1) the
424  biological plausibility, 2) rare coding variant(s) associated with CAD, 3) likely pathogenic variant(s)
425  relevant to CAD in ClinVar’, 4) evidence from effective cardiovascular (CV) drug(s), 5) significant
426  causality by Mendelian Randomization studies, 6) a protein-altering variant in high LD with the sentinel
427  CAD variant, 7) expression quantitative trait loci (€QTLs) in a CAD-relevant tissue, and 8) a CV-
428  relevant phenotype in knockout mouse models'*®. Gene names were mapped to Ensembl IDs with the

65-67

429  help of my MyGene.info

430  Further, it was added whether a gene was also found via colocalization analysis with eQTL data from
431 GTEx'” and the STARNET studies'® or among candidate CAD genes from a recent publication that
432  focused on endothelial cells'’. In addition, it was tested whether the candidate CAD genes are co-
433  expressed with known CAD loci genes. To do so, a co-expression analysis was performed using gene
434  expression profiles of 9,662 GTEx RNA-seq samples'’. For each candidate CAD gene, the top 100 co-
435  expressed protein-coding genes were derived using the Spearman correlation coefficient as a similarity
436  metric. Applying Fisher’s exact test, 74 candidate CAD genes were significantly co-expressed with
437  known CAD loci genes (FDR < 0.05). The expression breadth was determined based on RNA-seq data
438  from the IHEC EpiATLAS (1,555 samples, https://ihec-epigenomes.org/epiatlas/data/) and calculated

439  as the fraction of cell types/tissues (N = 58, metadata column ’harmonized sample ontology
440  intermediate’, metadata version 1.1) in which a gene had an expression of > 0.5 transcripts per million.
441  An expression breadth of 1 means that a gene is expressed in all cell types/tissues. If a gene is conserved
442  in mouse was based on the annotated orthologues from BioMart® (confidence > 0). To also account for
443  IncRNAs, a Reciprocal Best BLAST Hit® was performed (sequence version GRCm39 for mouse and
444  GRCh38 for human). The human IncRNA sequences were aligned to the mouse genome (forward) and
445  the process was repeated the other way around (reverse). If a human gene had a reciprocal best match
446  without duplicate alignments, it was considered to be conserved in mice. Overlap of gene sets were
447  visualized with UpSet plots’”’. All GO term enrichment tests were done with g:Profiler’s Python package
448  (v.1.0.0)"". For the enrichment test of the candidate CAD genes (Fig. 2B), all genes active in any cell
449  type and not part of the set of excluded genes were used as background. As background for the TF target

450  genes, all genes active in any cell type were used.

451 Differential expression of CAD-TFs in CAD patient data
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452 The differential expression data for the atherosclerotic aortic root, liver, subcutaneous fat, skeletal
453  muscle, and visceral fat tissues between 600 individuals with CAD and 250 CAD-free controls were
454  estimated using the DESeq2”* R package and sourced from the supplementary materials of the
455  STARNET consortium study'®" (Supp. Table 8). Genes with an adjusted p-value of < 0.01 and an
456  absolute log2FC > 0.3 are defined as differential. 34 out of 38 CAD-TFs were available in the
457  STARNET data set (Fig. 3B&3C). The expression of the target genes (log2FC) of TFs TFAP2E, ZIC4,
458 ZBTB33, MBD2, ZNF610, TCFLS5, and ZFP14 was extracted for the tissues in which the TF was
459  differentially expressed. Using a one-sided Wilcoxon-rank sum test (R function Wilcox. test, alternative
460 = greater), it was derived whether the target genes expression differs between the tissues. Significant

461  differences (p-value < 0.05) are labeled with an * in Figure 3E.
462  eQTL support for CAD-genes

463  The eQTL data for 49 tissues and cell types was downloaded from the GTEx'” portal (version 8). Only
464  the eQTLs linked to known CAD GWS genes or candidate CAD genes were kept. Additionally, it was
465  filtered whether the eQTL was found in a CAD-relevant tissue included in the GTEx data (aorta,
466  coronary artery, mammary artery, tibial artery, visceral and subcutaneous adipose tissues, whole blood,
467  heart atrial appendage and left ventricle, kidney cortex, liver, skeletal muscle, spleen, and tibial nerve).
468  For each CAD-TF, the TF-SNVs from the cell types the CAD-TFs were identified in were gathered.
469  The fraction of eQTLs supporting the TF-SNVs linked to target genes was computed (Fig. 3D right
470  panel, Supp. Table 9).

471 GWAS sources and eQTL datasets for colocalization analysis

472  The 29 GWAS datasets of CAD-relevant traits or diseases were full-genome summary statistics from
473  publicly available studies (Supp. Table 12). eQTLs of artery (aorta, coronary, mammary, tibial), adipose
474  tissues (visceral, subcutaneous), blood, heart (atrial appendage, left ventricle), kidney cortex, liver,
475 skeletal muscle, spleen, and tibial nerve, were obtained from STARNET!" and GTEx'’ v8 datasets. The
476  STARNET dataset was obtained via collaboration and the GTEx dataset was accessed via the dbGaP
477  platform.

478  GWAS-eQTL colocalization analysis with COLOC

479  COLOC represents a Bayesian approach that estimates the posterior probabilities between a given

480  GWAS signal and a given QTL'"*7%;
481 HO: Neither has a significant association in the region
482  HI1: Only the GWAS trait has a significant association in the region

483  H2: Only the QTL trait has a significant association in the region
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484  H3: Both GWAS and QTL traits have a significant association in the region, but the variants are
485  different

486  H4: Both GWAS and QTL traits have a significant association and share the variants in the region

487  For each CAD candidate gene, we obtained eQTL SNVs from GTEx and STARNET studies with p-
488  value < 0.01. These SNVs were used to test the colocalization with the GWAS associations of the 29
489  datasets. GWAS SNVs with p-value < 5e-8 were selected for the analysis. To estimate the posterior
490  probability of GWAS-eQTL colocalization we used the coloc R package and ran the coloc.abf function.
491 GWAS and eQTL datasets with the effect sizes, allele frequencies, and sample sizes were used as inputs.
492  Significant colocalizations were defined by PPH4 > 0.60, indicating shared association signal and
493  variants between GWAS and eQTL (Supp. Table 11). Top genes were selected based on their GWAS
494  association strength, with priority given to the lowest GWAS p-values and the highest number of

495 colocalized traits.

496  Mapping cis regulated eQTL and gene expression in adipose tissue

497  RNA sequencing and blood genotyping for STARNET subcutaneous fat (SF) and visceral fat (VAF)
498 tissues were performed as described'®”*. Bulk RNAseq and genotyping data were processed for quality
499  control, genotyping data imputation, expression normalization, and cis-regulated expression
500  quantitative trait loci (eQTLs) inferral'®". Results of cis regulated eQTL for SNV 153784699 and
501  IQCH-ASI gene expression in SF and VAF were plotted using ggplot2 in R.

502  Cell culture and adipogenic differentiation

503  Human Simpson-Golabi-Behmel Syndrome (SGBS) preadiocytes, a non-immortalized preadipocyte
504  cell line, were provided by Dr. Daniel Tews and Prof. Martin Wabitsch, and cultured in DMEM/F-12
505  (#11330057, ThermoFisher, Waltham, USA) supplemented with 10% FBS (#S0615, Sigma Aldrich,
506  St. Louis, Missouri, USA) and 100 U/ penicillin/streptomycin (#15140122, ThermoFisher, Waltham,
507 USA)at 37 °C in 5% CO,. Cell differentiation was performed as described previously’’.

508  CRISPR/Cas9 plasmids and virus infection

509  SgRNA sequences for lentiviral plasmid construction were designed using the online tool available at’,
510 Two complementary oligonucleotides were synthesized: 5’-CACCG-[sgRNA sequence-3]’ and 5’-
511 CAAA-[reverse complement of sgRNA]-C-3’. As described previously”, two sgRNAs targeting the
512  shared exon of all transcripts were delivered via lentivirus into SGBS-preadipocytes. Exon 13 of IQCH-
513  ASI was specifically targeted using a dual CRISPR strategy, resulting in a 48 bp frameshift deletion.
514  The sgRNAs were carried by the LentiCRISPR v2 (#52961, Addgene, Watertown, USA), and cells
515  were selected with 2 pg/mL puromycin for 5 days to remove non-infected cells. The positively targeted

516  cells were then expanded in culture and subsequently passed for further analysis.
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517  Amplification polymerase chain reaction (PCR) and Real-time PCR(RT-qPCR)

518  Total RNAs were isolated from cells using TRIzol reagent, and an amount of 3 pg of RNA was used in
519 10 pl reaction volume to digest DNA using the Maxima H Minus cDNA Synthesis Master Mix
520 (#15606029, ThermoFisher, Waltham, USA) following the manufacturer's instructions. PCR
521 amplification was performed with Q5 High-Fidelity 2X Master Mix (#M0492L, New England Biolabs,
522  Massachusetts, USA) using 750 ng of cDNA template on a thermal cycler. The PCR products were
523  electrophoresed using 1% agarose in 1xTBE buffer at 120 V for 45 min, with GAPDH as an internal
524  control (Supp. Table 13). For RT-qPCR, SYBR Green probes (#95074-012, VWR International,
525  Radnor, Pennsylvania, USA) were used to detect the target genes and 60 ng cDNA was used as the
526  template. GAPDH was used as an internal control. Reactions were performed on a ViiA 7 Real-Time
527  PCR System (ThermoFisher, Waltham, USA). Expression levels were reported as 2-DCt values (Supp.
528  Table 13).

529  Lipid extraction and triglycerides measurement

530  As described previously”, the SGBS adipocytes were first washed twice with PBS, and then detached
531 by scraping. Lipids were extracted using a chloroform mixture (2:1, v/v), followed by overnight drying
532  in a fume hood. The dried lipid residue was resuspended in 100 pL of 1% Triton X-100 in absolute
533  ethanol and incubated for 1 hour with constant rotation. After incubation, the suspension was dried in a
534  SpeedVac for 30 minutes, the residue was then resuspended in 100 pL of PBS with 1% Triton X-100.
535  To measure lipid content, a 3 pL aliquot of the suspension was taken, and lipid triglycerides were

536  measured using a triglyceride determination kit (#TR0100, Sigma Aldrich, St. Louis, USA).
537 Immunofluorescence staining

538  Cells were washed with PBS and fixed in ice-cold methanol at -20 °C for 15 min. After PBS washing,
539  cells were blocked for 1h at room temperature with PBS containing 5% m/v BSA. Cells were incubated
540  overnight at 4 °C with rabbit anti-PPARgamma primary antibody (1:200 dilutions) (#2443S, Cell
541 Signalling Technology, Danvers, USA). After PBS washing, Donkey anti-rabbit IgG Highly Cross-
542  Adsorbed Secondary Antibody (#a32790, ThermoFisher, Waltham, USA) and HCS LipidTOXred
543  neutral lipid stain (#H34476, ThermoFisher, Waltham, USA) were applied. Cells were then mounted
544  with a DAPI mounting buffer (#62248, ThermoFisher, Waltham, USA). Fluorescence signals were
545  visualized by the THUNDER imaging system (Leica, Wetzlar, Germany).

546  Cell proliferation assay

547  The BD Pharmingen™ APC BrDU Kit (#552598, BD Biosciences, Franklin Lakes, USA) was used

548  following the manufacturer’s protocol. Cells were treated with 10 umol/L BrdU for 24 hours, then were
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549  collected, fixed, and permeabilized using the kit. BrdU incorporation was assessed with a BD
550  LSRFortessa™ Cell Analyzer (BD Biosciences, Franklin Lakes, USA). The recorded events were gated
551  using forward- (FSC-A) and side-scatter (SSC-A) adopted to the cell type. Then, single cells were gated,
552  using FSC-A versus forward scatter height (FSC-H). Finally, within the single cell population, BrdU"
553  population was identified. Unstained control samples were used as negative control of the fluorescence
554  and to set the gate BrdU" cells. Gating was applied to exclude doublets and flow cytometry data were
555  analyzed using FlowJo (version 10.8.2, RRID: SCR 008520).

556  Proteome Profiler Human XL Cytokine Array

557  Cytokines released from control and IQCH-AS-KO adipocytes were analyzed using the Proteome
558  Profiler Human XL Cytokine Array (R&D Systems, Minneapolis, MN, USA). Specifically, cells for
559  the assay were cultured for 24 h in a serum-free medium. Mediums were first collected and enriched
560  five times by vacuum centrifuge, then incubated with a biotinylated detection antibody cocktail on a
561  nitrocellulose membrane. After washing, the membrane was incubated with streptavidin—horseradish
562  peroxidase. Cytokine signals were detected with the ImageQuant 800 imaging system (Amersham
563  Biosciences, Amersham, UK). Cytokine signal density was quantified using dot plot analysis in the
564  ImageQuant TL software and then normalized by subtracting the background intensity. The normalized

565  signal density was compared between control and /QCH-AS1-KO adipocytes.

566  Statistical analysis

567  Normality of datasets, excluding cytokine arrays, was assessed using the Kolmogorov-Smirnov or
568  Shapiro-Wilk test. Data conforming to a normal distribution were analyzed using two-tailed unpaired
569  t-test. Results are presented as mean + SEM. For the analysis of cytokine array data, multiple unpaired
570  t-tests were employed. The false discovery rate was controlled at 5% using the Benjamini-Hochberg
571 correction for multiple comparisons®. Statistical calculations were conducted using GraphPad Prism

572 10 (GraphPad Software, La Jolla, CA; RRID: SCR_002798).
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