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SUMMARY

Inferring molecular networks can reveal how genetic
perturbations interact with environmental factors to
cause common complex diseases. We analyzed genetic and gene expression data from seven tissues
relevant to coronary artery disease (CAD) and identified regulatory gene networks (RGNs) and their key
drivers. By integrating data from genome-wide association studies, we identified 30 CAD-causal RGNs
interconnected in vascular and metabolic tissues,
and we validated them with corresponding data
from the Hybrid Mouse Diversity Panel. As proof of
concept, by targeting the key drivers AIP, DRAP1,
POLR2I, and PQBP1 in a cross-species-validated,
arterial-wall RGN involving RNA-processing genes,
we re-identified this RGN in THP-1 foam cells and independent data from CAD macrophages and carotid
lesions. This characterization of the molecular landscape in CAD will help better define the regulation
of CAD candidate genes identified by genomewide association studies and is a first step toward
achieving the goals of precision medicine.
INTRODUCTION
Coronary artery disease (CAD) is a heritable complex disease
caused by the interactions of multiple genetic and environmental
risk factors that change the molecular landscape of vascular and
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metabolic tissues to accelerate atherosclerosis. Despite lifestyle
improvements and the successful targeting of CAD risk factors,
such as hypercholesterolemia (Samani and de Bono, 1996) and
hypertension (Bangalore et al., 2012), CAD still accounts for the
majority of cardiovascular diseases. In fact, the clinical manifestations of CAD and atherosclerosis—myocardial infarction (MI) and
stroke—are responsible for nearly 50% of all deaths globally
(Mensah et al., 2014). New research strategies are urgently
needed to battle CAD. One promising strategy is systems genetics (Barabási et al., 2011; Björkegren et al., 2015; Civelek and
Lusis, 2014; Schadt, 2009; Schadt and Björkegren, 2012), which
will help achieve a global understanding of how regulatory gene
networks (RGNs) act within and across tissues to cause CAD.
Such knowledge is central to tailor therapies to the specific molecular pathology of the individual patient (Collins and Varmus, 2015).
An important part of systems genetics is genome-wide association studies (GWASs), the predominant approach to genetic
analysis of complex diseases for the last decade, which have
led to the discovery of more than 150 genetic risk loci for CAD
alone (Deloukas et al., 2013; Peden and Farrall, 2011;). However,
these information-rich datasets have been analyzed only from
the perspective of single DNA variants and, therefore, are a
largely untapped resource to further elucidate the genetic basis
of complex diseases. We and others (Barabási et al., 2011; Björkegren et al., 2015; Civelek and Lusis, 2014; Schadt and Björkegren, 2012) propose to use systems genetics to integrate the
analyses of GWASs with functional genomic datasets where
the combined effects of many, sometimes subtle, genetic and
environmental influences are captured within molecular networks. In this study, we applied a systems genetics pipeline (Figures 1 and S1), including integrative multi-tissue, GWAS, and
cross-species analyses to robustly identify RGNs in CAD. In

Figure 1. Schematic Flow of Analytic Steps
(A) STAGE tissue sampling. The STAGE study was undertaken at the Karolinska University Hospital, Stockholm, Sweden. Patients eligible for coronary artery
bypass grafting were included, and seven metabolic and vascular tissues were biopsied during surgery. RNA samples were screened with Affymetrix Gene Chips
rendering expression values for 19,610 genes. DNA was screened for 909,622 SNPs (Experimental Procedures).
(B) Weighted gene co-expression network analysis (WGCNA) to generate tissue-specific and cross-tissue co-expression modules. Gene expression values
across all seven tissues were considered together to identify tissue-specific and cross-tissue co-expression modules. In the illustrated topological overlap matrix
(TOM, also in Figure 2A), rows and columns are genes expressed in specific tissues (i.e., the same gene may occur up to seven times), and the seven tissues are
intermixed. The diagonal indicates modules of highly co-expressed genes (Experimental Procedures).
(C) Module association with CAD phenotypes. To define modules of possible relevance for CAD, we sought both linear and nonlinear relationships between the
activity of the identified co-expression modules and four main CAD phenotypes as follows: (1) the extent of coronary atherosclerosis as assessed in preoperative
angiograms (atherosclerosis modules), (2) plasma measures of cholesterol (i.e., total, VLDL, LDL, or HDL cholesterol levels; cholesterol modules), (3) glucose
metabolism (i.e., fasting glucose, HbA1c, insulin, or pro-insulin; glucose modules), and (4) high-sensitivity C-reactive protein (CRP modules). Heatmap (left)
shows an example of how genes in a second-step clustering segregate the patients into two groups that differ phenotypically. Shown are examples of regression
plots (right) between individual eigengene values (x axis) and individual phenotypic values (y axis).
(D) Assessment of module causality with STAGE eQTLs and GWASs. Causal co-expression modules were sought by (1) assessing the associations of module
eQTLs (or of SNPs within ±500 kb of transcription start or end site if less than ten eQTLs) with CAD using CARDIoGRAM data and (2) the module contents for CAD
candidate genes identified by GWASs. The eQTLs were sought to match the tissue-specific gene expression (left); GWA genes are those mapped to regions of
genome-wide significant loci as exemplified in the Manhattan plot (right).
(E) Bayesian network reconstruction of RGNs and key driver analysis. Co-expression modules indicate correlations between genes without directions. In
contrast, inference of RGNs considers the causal roles of eQTLs, transcription factors, and CAD GWA candidate genes to construct directed gene-gene
connections. As a consequence, the hierarchical order among network genes can be determined, and the genes most essential for network regulation can be
identified in the form of key drivers.
(legend continued on next page)
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sum, we identified 30 CAD-causal RGNs harboring 59 CADrelated GWA candidate genes (Deloukas et al., 2013), whereof
26 RGNs were validated in corresponding gene expression
and phenotypic data from the Hybrid Mouse Diversity Panel
(HMDP) (Bennett et al., 2010). As proof of concept, key drivers
in CAD-causal RGNs active in both the human and mouse
atherosclerotic arterial wall (AAW) were further evaluated in a
THP-1 foam cell model (Figure 1G) and in independent data
from primary CAD macrophages and carotid lesions.
RESULTS
Inference of Co-expression Network Modules
In the first step of our analysis (Figure 1), we used weighted gene
co-expression network analysis (WGCNA) (Zhang and Horvath,
2005) to infer functionally related genes in the form of co-expression modules from 612 newly generated gene expression profiles from seven tissues—AAW and non-AAW (internal mammary
artery [IMA]), liver, skeletal muscle (SM), visceral fat (VF), subcutaneous fat (SF), and whole blood from the late-stage CAD
patients of the Stockholm Atherosclerosis Gene Expression
(STAGE) study (Hägg et al., 2009; Table S1; Figures 1A, 1B,
and S1). We identified 94 tissue-specific and 77 cross-tissue
modules (Figure 2A; Tables S2 and S3). The relevance of these
171 modules for CAD was reflected in the top ten biological processes and molecular functions according to gene ontology (Table S3; Supplemental Experimental Procedures). Moreover, we
found 2,467 genes previously related to CAD/atherosclerosis
(33%, p = 1.5 3 1024; Supplemental Experimental Procedures)
and 147 genes of 309 candidate genes proposed for risk loci
identified by GWASs (Table S4; GWA genes) for CAD (n = 33 of
53 GWA genes) (Deloukas et al., 2013), plasma lipids (n = 87 of
183), and measures of plasma glucose metabolism (n = 22
of 43), including type 2 diabetes (n = 45 of 98) (Welter et al., 2014).
To test the robustness of cross-tissue modules against the
contribution of gene expression in individual tissues, we
removed gene expression data from one tissue and re-clustered
the data. The 171 modules could largely be retrieved, except
when data from dominant tissues in cross-tissue modules
were removed (Supplemental Experimental Procedures).
Identification of Modules Associated with Main CAD
Phenotypes
In the third step of the analysis pipeline (Figures 1C and S1), we
used regression analysis and second-step clustering to identify
linear and non-linear associations between module gene expression and CAD phenotypes (Supplemental Experimental Procedures). We found 61 modules that were associated with at least
one of the following four major CAD phenotypes: (1) extent of coronary atherosclerosis as measured in preoperative angiograms

(Hägg et al., 2009) (resulting in 14 atherosclerosis modules); (2)
plasma levels of total cholesterol (TC), very-low-density lipoprotein (VLDL), low-density lipoprotein (LDL), or high-density lipoprotein (HDL) (29 cholesterol modules); (3) plasma glucose (fasting), HbA1c, insulin, or pro-insulin levels (14 glucose modules);
and (4) the inflammatory marker C-reactive protein (CRP) (15
CRP modules) (Figure 2B). Ten modules were associated with
more than one of the four phenotypes (Figure 2B; Table S2).
Manual analysis of the atherosclerosis-, cholesterol-, glucose-,
and CRP-associated modules suggested that, depending on
phenotype association, the modules were more likely to be tissue
specific (atherosclerosis, cholesterol, and CRP modules) or
cross-tissue (glucose modules). Moreover, some modules were
associated with more than one of the four major CAD phenotypes
(Supplemental Experimental Procedures).
Inferring Module Causality by Using GWAS of CAD
The associations between the 61 co-expression modules and the
four CAD phenotypes do not reveal whether the module activity alters the phenotypic values (causal) or is caused by changes in
phenotypic values (reactive). Therefore, in the fourth step of our
analysis (Figures 1D and S1), we assessed if the phenotype-associated modules were CAD causal or not. As in previous studies
(Emilsson et al., 2008; Foroughi Asl et al., 2015; Schadt and Björkegren, 2012), we defined causal modules as those containing
either of the following: (1) cis-acting expression quantitative trait
loci (cis-eQTLs) (or, if a module had <10 eQTLs, cis-located
SNPs) enriched in association with CAD according to CAD
GWAS (Deloukas et al., 2013; Figure 2B, column 2); or (2) one or
more CAD candidate genes (Brænne et al., 2015) already identified for CAD GWAS risk loci (Figure 2B, column 3; Table S4).
Using these definitions, we identified 30 CAD-causal modules
(Figure 2B): eight atherosclerosis modules (of 14), ten cholesterol
modules (of 29), five glucose modules (of 14), four CRP modules
(of 15), and three additional CAD-causal modules that were
associated with more than one of the four CAD phenotypes (Figure 2B). By integrating GWASs also for CAD risk factors (Welter
et al., 2014), we found that the 30 CAD-causal modules contained 59 unique GWA genes for CAD (n = 19), plasma cholesterol (n = 39), and glucose metabolism (n = 14, including type 2
diabetes GWA genes) (Table S4) and 42% CAD/atherosclerosis
genes (p = 1.2 3 105). Of the CAD-causal modules, 18 were also
causal for plasma cholesterol levels (n = 15) or glucose metabolism (n = 12), based on their eQTL risk enrichment or the presence of GWA genes (Table S2).
Inference of RGNs and Key Drivers from the Coexpression Modules
In the next step of the analysis (Figures 1E and S1), to define the
directions of edges between genes in the 30 CAD-causal

(F) Cross-species validation with the HMDP. Many metabolic and vascular processes are believed to be conserved between mice and humans. To
validate the human RGN modules, we related gene expression in corresponding mouse tissues to corresponding mouse phenotypes (Experimental
Procedures).
(G) The siRNA targeting of key drivers in THP-1 macrophages and foam cells. As proof of concept, we tested key drivers of the cross-species-validated
atherosclerosis RGN modules in human THP-1 monocytes differentiated into THP-1 macrophages and foam cells. First, to test key driver specificity in activating
the network module, we used custom microarrays to assess the response in network gene activity in THP-1 macrophages (left). Then we determined whether
siRNA targeting of the key drivers also affected THP-1 foam cell formation (right). (Bottom right) The same analytical flow is presented in a triangle, ranging from
WGCNA to THP-1 foam cells.
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Figure 2. Co-expression Modules Associated with CAD Phenotypes
(A) TOM of gene activity sorted according to co-expression within and across tissues forming co-expression modules. The TOM shows the 20% most strongly
co-expressed genes within and across tissues in 61 CAD-associated modules. Color-coded bars on the y axis and x axis indicate individual modules. The red
rectangle encompasses modules related to coronary atherosclerosis; the two green rectangles encompass the modules related to measures of plasma
cholesterol; the two blue rectangles encompass the modules related to measures of plasma glucose metabolism; and the two purple rectangles encompass the
modules related to plasma CRP. Overlapping rectangles reflect modules associated with more than one of the four main phenotypes. The yellow-red color code
(bottom right) indicates the strength of TOM associations (i.e., a weighted combination of direct co-expression and shared co-expression to other genes in the
network).
(B) The sixty-one modules (module ID/row) were associated with the extent of coronary atherosclerosis assessed in preoperative angiograms (first column, ATH);
plasma levels of total, VLDL, LDL, and HDL cholesterol and triglycerides (second column, CHOL); fasting glucose, HbA1c, insulin, or pro-insulin levels (third
column, GLUC); and CRP level (fourth column, CRP). The module-phenotype association was assessed by second-step clustering of the STAGE patients, based
on expression of module genes, and by correlating eigengene module values for each STAGE patient with phenotypic values; red colors indicate strength of
associations (log10(P)) (Experimental Procedures). The second and third columns indicate enrichment in disease association (risk) determined from the
CARDIoGRAM dataset of module eQTLs (RISK, from 1- to 9-fold, green) and the presence of established GWA genes for CAD (GWAS, from 1–6 GWA genes,
blue), respectively. (Right) The lengths of the horizontal bars indicate module size (i.e., gene numbers); the colors indicate the tissues where the module is active.

modules, we inferred RGNs including key drivers by Bayesian
network modeling, using transcription factors, eQTL genes, and
GWA genes as prior candidate regulators (Figures 3 and S2–
S5; Tables S5 and S6; Supplemental Experimental Procedures).
Of the RGNs inferred from the 30 CAD-causal modules,
eight associated with the extent of atherosclerosis (i.e.,
atherosclerosis modules) are shown in Figure 3. A nearly
SF-specific RGN related to steroid and lipid metabolism (n =
231 genes, including one liver and one AAW gene) contained
ten GWA genes identified for CAD, cholesterol, or glucose traits
(APOA1CAD,LDL,HDL,TC, ANGPTL3LDL,TC, HPRLDL,TC, LIPCHDL,TC,
LIPGHDL,TC, NPC1L1LDL,TC, PPP1R3BLDL,HDL,TC,insulin,glucose,
PROX1glucose, SLC2A2glucose, and TMEM195glucose). Of these
10 GWA genes, only APOA1 was a key driver; the other key
drivers were CYP4F2, F11, KLKB1, KMO, MYCL1, and
ZGPAT. This RGN also was highly enriched in association
with fasting glucose (8.0-fold, p < 3.3 3 10272) and TC (8.7-

fold, p < 1.0 3 10300) (Figure 3A). Another truly SF-specific
RGN, related to metabolic processes and oxidoreductase activity (n = 195 genes), contained as many as 15
GWA genes (ABCG5LDL,CAD,TC, ABCG8LDL,CAD,TC, ANXA9LDL,
APOA5LDL,HDL,CAD,TC-TG, APOC4LDL, CPS1HDL, CYP7A1LDL,TC,
FOXA2glucose, GCKRTC,glucose,insulin, HNF1ATC,LDL, HNF1BT2DM,
LPALDL,CAD,TC, NR0B2LDL,HDL, PLGCAD, and PCSK9LDL,CAD,TC).
Again, besides PLG, the key drivers of this network were not
these GWA genes; they were FOXA2, NR1I2, ONECUT2, and
UROC1 (Figure 3B).
Three CAD-causal atherosclerosis-related RGNs (Figures 3C,
3D, and 3H) were AAW specific. The first, an RGN (n = 131 genes)
enriched in immune system processes, contained the macrophage lipid and inflammatory regulators and GWA genes
APOECAD and NR1H3HDL as its key drivers, together with
CD80, E2F2, HCLS1, and PDE8B (Figure 3C). The second, an
RGN (n = 109 genes) also linked to HDL cholesterol levels,
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contained RNA-processing genes highly enriched in CAD association (2.1-fold, p < 1.0 3 10300) with seven key drivers (AIP,
DRAP1, MRPL28, PCBD1, POLR2I, PQBP1, and ZNF91) and
one GWA gene (ARF5T2DM) (Figure 3D). The third AAW-specific
RGN was small (n = 31 genes), even further enriched in CAD association (4.6-fold, p < 1.0 3 10300), and mainly contained
genes involved in inflammatory responses and the GWA gene
ADRA2Aglucose (Figure 3H).
The remaining three CAD-causal, atherosclerosis-related
RGNs contained genes from multiple tissues (Figures 3E–3G).
The first was dominated by AAW genes (n = 53/81), but it
had at least three genes active in all of the CAD-relevant tissues
except in blood. This RGN contained two GWA genes
(ABCA1HDL,TC and CETPLDL,HDL,TG-TC); was highly enriched in
association with CAD (3.8-fold, p < 8.8 3 1049), plasma triglyceride levels (5.3-fold, p < 2.3 3 10103), and fasting glucose
levels (1.9-fold, p < 5.6 3 1006); and had seven key drivers
(four in AAW and three in liver) with diverse functions, including
transmembrane signaling (Figure 3E). The second RGN was
smaller (n = 44 genes) and active across all tissues except liver
(Figure 3F). Besides the Chr9p21 risk locus GWA gene
CDKN2A (Welter et al., 2014) in VF, it had three additional VF
key drivers: CLDN4, CTNNAL1, and MYSM1. The third multitissue RGN (n = 37 genes), dominated by SF and AAW genes
(n = 12 and 22, respectively), was linked to HbA1c levels and
enriched in associations with CAD (4.1-fold, p < 3.4 3 1016),
HbA1c levels (3.3-fold, p < 6.8 3 1010), and insulin levels
(3.0-fold, p < 1.8 3 108) (Figure 3G). This RGN had three
key drivers (CLEC12A, CTSS, and FOLR3) implicated in cell
adhesion, cell-cell signaling, glycoprotein turnover, inflammation, and immune responses (e.g., antigen presentation). The
RGNs of the remaining 22 CAD-causal cholesterol, glucose,
and CRP modules (Figure 2B; Table S2) are shown in Figures
S2–S5; the characteristics and directions of gene-gene interactions of the remaining RGNs inferred from all 171 modules are
described in Tables S5 and S6.
The CAD GWA genes (Brænne et al., 2015) were included as
regulatory priors in the RGN inference. However, compared to
eQTLs and transcription factors, their role as transcriptional
regulators can be debated. Of 25 GWA genes in 17 of the 30
CAD-casual modules, 13 were identified as key driver genes.
To test whether the RGN topology and the identification of the
non-GWA key drivers were dependent on including GWA genes
as regulatory priors, we repeated the RGN inference without
these; 16 RGNs were re-identified and contained, on average,
89% of the same edges and 91% of the same non-GWA key
drivers (Supplemental Experimental Procedures).
Cross-Species Validation of CAD-Causal RGNs
Examples of the successful use of mouse models to study
atherosclerosis in relation to plasma levels of cholesterol (Björkegren et al., 2014; Skogsberg et al., 2008), glucose (Guo,
2014), and CRP (Kovacs et al., 2007) are many, suggesting
that some vascular and metabolic processes leading to CAD/
atherosclerosis are shared with humans. This might be particularly true for RGNs thought to be well conserved throughout
evolution (Hinman et al., 2003). Therefore, in the next step of
the pipeline (Figures 1F and S1), we tested the phenotypic associations of 26 of the 30 CAD-causal RGNs (Figures 3, S2, S3, and
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S5) against the HMDP (Bennett et al., 2010); the four CRP RGNs
(Figure S4) were not validated, as CRP was not assessed in
the HMDP.
The HMDP consists of up to 105 different strains of mice with
considerable phenotypic variation and global gene expression
from relevant tissues—such as aortic atherosclerotic lesions,
liver, heart (used for STAGE SM), and adipose tissue—as well
as phenotypic characteristics, similar to the STAGE study (Supplemental Experimental Procedures). In examining mouse orthologs of the 26 CAD-causal RGN genes (Table 1), we found that the
activity in three of seven CAD-causal, atherosclerosis-specific
modules (Figures 3D–3F) also segregated the 105 strains of
mice according to their extent of atherosclerosis. Similarly, three
of ten cholesterol-specific modules (Figures S2C, S2D, and S2F),
three of five glucose-specific modules (Figures S3A, S3C, and
S3E), and at least one phenotype in three modules associated
with multiple phenotypes (Figure S5) also segregated the 105
mice of the HMDP according to the corresponding mouse phenotypes (Table 1). Thus, 46% (12/26) of the CAD-causal RGNs/
modules were related to corresponding phenotypes in mice.
In addition, we used aortic root lesion eQTLs and SNP p values
from a GWAS of the extent of aortic root lesions in the HMDP
(Supplemental Experimental Procedures) to assess the extent
to which the three cross-species-validated, atherosclerosisspecific modules (Figures 3D–3F) also were causal for the mouse
atherosclerosis phenotype. The mouse eQTLs of orthologs of
genes in RGN 42 (Figure 3D), but not in RGN 58 (0.2-fold, p =
not applicable) and RGN 98 (0.0-fold, p = not applicable) (Figures
3E and 3F), were highly enriched in association with mouse
atherosclerosis (2.5-fold, p < 4.3 3 1084) and, thus, causal for
mouse atherosclerosis.
The Role of Cross-Species-Validated Atherosclerosis
RGNs in THP-1 Foam Cells
Foam cells form continuously throughout all stages of atherosclerosis development (Lusis, 2000) and, thus, may be affected
by CAD-causal RGNs related to the extent of human and mouse
atherosclerosis. Accordingly, in the final step of our analysis (Figures 1G and S1), we used differential gene expression and
cholesterol-ester accumulation measures (Supplemental Experimental Procedures) to examine the effects of small interfering
RNA (siRNA) silencing of key drivers in the three cross-species-validated CAD-causal atherosclerosis-related RGNs (Figures 3D–3F; modules 42, 58, and 98 in Table S2) in an in vitro
model of atherosclerosis. THP-1 cells differentiated into macrophages and incubated with acetylated LDL to generate foam
cells (Skogsberg et al., 2008). In RGN 42, which is enriched in
RNA-processing genes (Figure 3D), individual silencing of four
of seven key drivers (AIP, DRAP1, POLR2I, and PQBP1) specifically activated RGN 42 network genes in THP-1 macrophages
and reduced cholesterol-ester accumulation in THP-1 foam cells
(Table 2). In contrast, silencing of key drivers in RGNs 58 and 98
did not specifically activate genes in these RGNs (Supplemental
Experimental Procedures; Table S7).
Re-identification of RGN 42 in Independent Gene
Expression Data
Since RGN 42 was the sole RGN to emerge from the analysis
pipeline (Figures 1A–1G and S1), we used independent gene

(legend on next page)
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Table 1. RGN Modules Causally Related to CAD Segregating the STAGE Patients and up to 105 Strains of Mice of the HMDP According
to Similar Phenotypes
Module ID

STAGE Phenotype

STAGE Tissue

STAGE Combined
p Value

HMDP Phenotype

HMDP Tissue

HMDP Combined
p Value

Atherosclerosis modules
42 (Figure 3D)

coronary atherosclerosis

AAW

0.006

atherosclerosis

aorta

0.01

58 (Figure 3E)

coronary atherosclerosis

AAW

0.001

atherosclerosis

aorta

0.0007

98 (Figure 3F)

coronary atherosclerosis

AAW

0.03

atherosclerosis

aorta

0.005

Cholesterol modules
87 (Figure S2C)

plasma-cholesterol

SF

0.01

LDL/TC

adipose

0.008

95 (Figure S2D)

HDL cholesterol

VF

0.002

LDL cholesterol

adipose

0.009

100 (Figure S2F)

HDL cholesterol

SF

0.006

LDL cholesterol

adipose

0.0002

64 (Figure S3A)

pro-insulin

SF

7.0 3 1005

insulin

adipose

0.02

112 (Figure S3C)

pro-insulin

liver

0.0007

glucose

liver

0.001

140 (Figure S3E)

blood insulin

SF

2.0 3 1005

insulin

adipose

0.009

Glucose modules

Multi-phenotype modules
27 (Figure S5A)

LDL cholesterol

SF

0.006

LDL cholesterol

adipose

0.0001

36 (Figure S5B)

plasma-cholesterol

SM

5.0 3 1008

TC

heart

0.02

105 (Figure S5C)

blood insulin

SF

8.0 3 1005

insulin

adipose

0.02

AAW expression of mouse orthologs for genes in the STAGE atherosclerosis modules were tested against the extent of aortic root lesions in up to 105
strains of mice cross-bred with the ApoELeiden transgenic pro-atherogenic mouse model. Adipose tissue, heart, and liver expression of orthologs of
genes in the STAGE cholesterol and glucose modules were tested against corresponding phenotypes in up to 105 strains of wild-type mice. The extent
of human coronary atherosclerosis was assessed from coronary angiograms; mouse atherosclerosis was assessed by Oil-Red-O staining of the aortic
roots. The p values are combined from second-step clustering and eigengene module correlations in both STAGE and HMDP (Supplemental Experimental Procedures).

expression datasets to examine the extent to which it could be
re-identified in the following: (1) in-house global gene expression
datasets from primary blood macrophage samples (n = 36) and
carotid lesions (n = 25) isolated from patients before and during
carotid surgery, respectively (Hägg et al., 2009); and (2) datasets
generated by others from lipopolysaccharide-stimulated monocytes (n = 18) and macrophages (n = 18) from CAD patients
(Schirmer et al., 2009). Reassuringly, the 109 genes in RGN 42
were more strongly co-expressed than sets of 109 random
genes, especially in the carotid lesions (9.5-fold higher connectivity of RGN 42 genes than of genes in 10,000 random
sets, p < 1.0 3 10300) and also in macrophages (3.7-fold,
p = 6.2 3 10-37) (Hägg et al., 2009), CAD lipopolysaccharidestimulated monocytes (2.2-fold, p = 1.1 3 1013), and CAD
macrophages (2.0-fold, p = 1.1 3 1011(Schirmer et al., 2009;
Supplemental Experimental Procedures).
CAD-Causal Arterial Wall RGNs and Gene Connectivity
Finally, we analyzed the CAD phenotype-associated modules
outside the main analysis pipeline (Figures 1A–1G and S1).
First, we utilized a unique feature of the STAGE cohort, a nearly
atherosclerosis-free arterial wall sample (i.e., IMA), as an internal control for the AAW. When molecular networks reflecting

physiological events are challenged with the effects of genetic
and environmental disease perturbations, gene-gene connectivity increases for disease-relevant processes (Zhang et al.,
2013). Accordingly, to look for changes in connectivity in the
STAGE modules, we compared AAW (disease) and IMA
(healthy).
For the 13 AAW/IMA-specific or dominant modules associated
with CAD phenotypes (Figure 2B), we calculated the gain/loss in
module connectivity (Figure 4). Interestingly, all five arterial wall
modules with >2-fold increases in connectivity also were CAD
causal (Figure 4). Of the eight arterial wall modules with <2-fold
increases in connectivity (seven AAW and one IMA), only two
were CAD causal (both in AAW). In both of these, gene connectivity was already high in IMA (e.g., module 42, Figure 4). Thus,
CAD-causal modules appear to be characterized by high or
increased connectivity, whereas CAD-reactive modules either
do not change or lose connectivity in the arterial wall as CAD
develops.
To identify potential causes of the connectivity differences,
we analyzed cell type enrichment and transcription factor-binding site enrichment (Roider et al., 2009) for the seven CAD-causal
modules with >2-fold increases in connectivity (modules 20, 37,
42, 58, 69, 133, and 138) (Figure 4). For the cell type enrichment,

Figure 3. CAD-Causal RGNs Associated with Coronary Atherosclerosis
(A–H) Bayesian RGNs with key drivers inferred (Experimental Procedures) from CAD-causal modules (i.e., module eQTLs are risk enriched or contain CAD GWA
candidate genes) linked to extent of coronary atherosclerosis. Fold enrichment for CAD association was assessed for network eQTLs/SNPs using the
CARDIoGRAM dataset. The molecular process with the strongest functional enrichment assessed by gene ontology is indicated. KD, key driver; GWA genes,
total and CAD candidate genes identified in GWASs of CAD, plasma lipid/glucose levels, and type 2 diabetes.
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Table 2. Effects of siRNA Targeting of the AAW Key Drivers in RGN Module 42 (Figure 3D) on Network Gene Activity and CholesterolEster Accumulation in THP-1 Macrophages

Key Drivers in
Module 42

Effects of siRNA Inhibition of Key Drivers on Network Genes (n = 109)
in THP-1 Macrophages

Effects of siRNA Inhibition of Key Drivers on
CE Accumulation in THP-1 Foam Cells

Total Affected
Genes

Hyper-geometric
Test

Control
(Relative
CE Levels)

siRNA
(Relative
CE Levels)

Hyper-geometric
Test

Nominal p Value <0.05

Total Affected
Genes
FDR < 10%

CE Content
(% Relative
Control)

p Value

POLR2I

62

2.2 3 1006

59

1.0 3 1006

100 ± 48a

38 ± 24a

62

0.001

PQBP1

41

0.0002

24

0.002

100 ± 15a

69 ± 11a

31

7.0 3 1005

a

a

+49

0.02

70 ± 17a

30

0.0007

AIP

25

0.0005

9

0.003

100 ± 15

DRAP1

32

0.003

12

0.02

100 ± 15a

149 ± 81

MRPL28

15

0.03

1

0.44

–

–

–

–

PCBD1

13

0.03

0

1.0

–

–

–

–

ZNF91

24

0.07

0

1.0

–

–

–

–

All siRNA experiments achieved >80% gene silencing except for POLR2I (>50%). CE, cholesterol ester; FDR, false discovery rate; –, not tested.
a
Values are mean ± SD.

we examined 321 of 409 genes with matches in CTen (Shoemaker et al., 2012) that were responsible for the increased connectivity in these top five modules. CD14-positive monocytes
stood out with an enrichment score of 65 (CD33-positive myeloid
cells had the second highest enrichment score, 49), suggesting
that connectivity is increased by the infiltration and possibly differentiation of circulating monocytes into/in the atherosclerotic
plaque.
For the transcription factor-binding site enrichment, genes in
module 58 were enriched for binding sites of MEF2A, a transcriptional activator implicated in CAD (Bhagavatula et al., 2004;
Wang et al., 2013). Interestingly, among MEF2A’s target genes
were the first (CLEC2D) and fifth (CCRN4L) order key drivers in
module 58; CCRN4L has been linked to cardiovascular diseases
(Binns et al., 2009).

cross-tissue modules than of tissue-specific modules (mean
number of connections: 5.33 ± 1.73 versus 3.43 ± 2.04, p <
0.02; mean connectivity strength: 2.96 ± 0.98 versus 1.98 ±
1.20, p < 0.03). Notably, module 98 contained genes involved
in endopeptidase activity (Table S3) previously implicated in
atherosclerosis (Kugiyama et al., 1996), and one of its four key
drivers, CDKN2A, is a CAD candidate gene for the Chr9p21
risk locus (Welter et al., 2014; Table S2). Interestingly, the allelic
variation of the Chr9p21 risk SNP (rs4977574) was associated
with increased connectivity of the VF genes in module 98 (risk
genotype G/G, n = 20 STAGE patients; mean connectivity ±
SD, 2.34 ± 1.01), the non-risk heterozygotes (A/G, n = 47 STAGE
patients, mean connectivity 1.37 ± 0.33); and the non-risk homozygotes (A/A, n = 21 STAGE patients, mean connectivity 1.43 ±
0.34) (p = 0.002, Kruskal-Wallis test).

A Super-Network of 30 CAD-Causal RGNs
The second analysis we performed outside the main pipeline
(Figures 1A–1G and S1) was to identify a super-network of the
30 CAD-causal RGNs/modules by calculating the correlation
values between the module eigengenes (Supplemental Experimental Procedures; Langfelder and Horvath, 2007). We found
that all 30 CAD-causal RGNs/modules were interconnected
and together formed a super-network connected across all
seven tissues (r > 0.4, p < 0.05, Figure 5). Within this super
network, SF dominated with 13 modules, AAW with seven, and
SM and VF with four modules each; notably, blood and liver
had only one CAD-causal module each. Nine modules were connected only within a given tissue as follows: modules 14, 23, 148,
and 152 in SF; module 8 in VF; modules 89 and 99 in SM; and
modules 69 and 133 in AAW (Figure 5). In contrast, the cross-tissue modules 98 (dominated by VF genes including its key
drivers) and 113 (dominated by SF genes including its key
drivers) appeared to act as hub modules, mediating all but one
(module 27 in SF) connection from SM and liver (module 98)
and from SF (module 113) to the AAW (none of the CAD-causal
modules were identified in the IMA).
The notion that cross-tissue modules can serve as hubs in this
super-network of CAD-causal modules was reinforced by the
greater and stronger connectivity in the super-network of

DISCUSSION
In this study, we used systems genetics integrating the analysis
of (1) DNA genotypes and gene expression profiles in seven
CAD-relevant tissues from CAD patients (STAGE cohort) and
(2) CAD GWA datasets (primarily Coronary Artery Disease
Genome-wide Replication and Meta-analysis [CARDIoGRAM]).
Our findings provide a preliminary view of the regulatory landscape of causal molecular processes active within and across
a majority of tissues believed to be central to advanced CAD.
The identified RGNs included both established (Brænne et al.,
2015) and previously unreported CAD candidate genes in the
form of key drivers. These candidate genes participate in diverse
molecular processes and established pathways of atherosclerosis, cholesterol and glucose metabolism, and acute
inflammation, and they were regulated in both tissue-specific
and cross-tissue networks. Importantly, we found that nearly
half of the RGNs (where similar mouse phenotypes were available, 12/26, 46%) were evolutionarily conserved, as judged
from validation against the HMDP (Bennett et al., 2010). As proof
of concept, in one cross-species-validated, mouse atherosclerosis- and CAD-causal network active in AAW and involving
RNA-processing genes, four key drivers (AIP, DRAP1, POLR2I,
and PQBP1) specifically activated the same network genes
Cell Systems 2, 196–208, March 23, 2016 ª2016 The Authors 203

and affected THP-1 foam cell formation, and the entire network
also was re-identified in independent gene expression data from
both CAD macrophages and carotid lesions.
It is increasingly recognized that to defeat complex diseases
like CAD it is not sufficient to focus on individual DNA variants
or CAD candidate genes. In parallel, we need to use systems genetics to understand how these disease genes operate in complex regulatory networks (Schadt, 2009). In examining the 171
RGNs inferred from all STAGE modules (Figures 3 and S2–S5;
Tables S5 and S6) in greater detail, we found a good representation of established genes, pathways, and molecular functions in
CAD. For instance, these modules contained 147 of the 309
GWA genes thus far proposed for CAD and CAD risk factors,
such as lipid and glucose metabolism, including type 2 diabetes
(Table S4). Thus, our results should be useful in gaining a better
understanding of the tissue-specific or cross-tissue molecular
contexts of established CAD candidate genes identified by
GWASs. Our results will be particularly useful in providing clues
about their upstream regulations by key disease drivers, which
frequently were not the GWA genes themselves.
Although it is vital to identify individual CAD candidate genes in
the context of regulatory networks, RGNs do not act in isolation
but interact. Indeed, we identified a super-network containing all
30 CAD-causal RGNs across all the main CAD tissues. The tissue distribution of RGN interactions is significant, as it links a
good portion of disease-driving molecular processes in CAD,
including their relation to key metabolic risk factors (e.g., cholesterol and glucose metabolism), and it provides a preliminary
overview of the gene regulatory landscape in CAD. Mapping
the regulatory framework of complex diseases in this fashion
provides a starting point to assess the overall molecular status
of individual patients (Björkegren et al., 2015). In fact, more
detailed versions of regulatory maps like the one presented
here (Figure 5) are required to achieve the goals of precision
medicine.
Notably, most of the CAD-causal RGNs in this super-network
were active in nonhepatic peripheral organs, particularly SF (Figure 5); only one was in the liver. The paucity of hepatic modules/
RGNs and the unexpectedly high number of fat modules/RGNs
may be consistent with the emerging notion that key hepatic processes in cardiometabolic diseases are governed by metabolic
processes and gene expression activity in nonhepatic peripheral
tissues (Lomonaco et al., 2012). In fact, the connectivity map of
the super-network of CAD-causal modules suggests that causal
effects of metabolic processes in the SM and liver on the CADcausal modules of the AAW are largely mediated by a single
cross-tissue RGN primarily active in VF. This RGN also was
found to contain CDKN2A, a candidate gene for the well-established Chr9p21 CAD risk locus, as one of its four key drivers (Figure 5). Moreover, the connectivity of this RGN was found to be
associated with the allele frequency of the Chr9p21 CAD risk locus. Similarly, effects on the CAD-causal modules of the AAW of
the many RGNs identified in SF also were predominantly mediated by one cross-tissue module (Figure 5).
Although a systems genetics approach has the significant
advantage of simultaneously considering many genes (i.e.,
RGNs) in relation to disease, there are also challenges (Civelek
and Lusis, 2014). In brief, cell diversity in the tissue biopsies
can be a problem, as changes in gene activity also will reflect
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changes in cell type content. Furthermore, the inference of
causal (i.e., directed) RGNs from omics data can be hampered
by data noise, limited sample size, and the inherent limitations
of representing complex biological processes by statistical
models, which inevitably leads to false positives even among
the most significant predictions (Marbach et al., 2010). Thus,
as with gene-by-gene approaches, RGNs inferred from genetics
of gene expression studies must be examined and validated
extensively.
To this point, we validated three atherosclerosis-related RGNs
using an in vitro model of atherosclerosis (Skogsberg et al., 2008;
Figures 1 and S1, Step G). Silencing of the key drivers of RGN 42,
AIP, DRAP1, POLR2I, and PQBP1, which involve RNA processing, specifically reactivated RGN 42 genes in THP-1 macrophages and affected cholesterol-ester accumulation (i.e., foam
cell formation) (Table 2). Although none of these four key drivers
have been directly linked to CAD, atherosclerosis, or foam cell
formation, AIP affects the expression of peroxisome proliferator-activated receptors a and b (Sumanasekera et al., 2003a,
2003b) and, thus, may prevent foam cell formation via the
HDL/ABCA1 pathway (Chinetti et al., 2001) or the CD36 scavenger receptor pathway (Li et al., 2004). Similarly, DRAP1 represses TGF-b signaling by interfering with the binding of
FoxH1-Smad2/3/4 to its DNA targets during transcription (Iratni
et al., 2002). TGF-b signaling prevents foam cell formation by
activating ABC1 and reverse cholesterol transport (Kozaki
et al., 1997). POLR2I and PQBP1, however, have not even
been indirectly associated with atherosclerosis or foam cell formation, returning only 93 and 69 hits, respectively, in PubMed.
POLR2I encodes a subunit of RNA polymerase II, the polymerase responsible for synthesizing mRNA in eukaryotes and also
targeted by HIV-1 during lytic and latent viral stages (Nilson
and Price, 2011). PQBP1 is a key regulator of mRNA processing
and gene transcription. In fact, mutations in PQBP1 have been
reported in several X chromosome-linked intellectual disability
disorders, including Golabi-Ito-Hall syndrome (Sudol et al.,
2012). PQBP1 also may be linked to fat metabolism (Takahashi
et al., 2009), and, as a splicing factor, it alters fibroblast growth
factor signaling (Wang et al., 2013). The fact that RGN 42 is
related to RNA processing may be significant in view of the
gene-regulatory roles of noncoding RNAs in general (Mihailescu,
2015) and in CAD (Bronze-da-Rocha, 2014).
In summary, our identification of several high-hierarchy, evolutionarily conserved, strongly inherited risk-enriched, and reproducible RGNs is a breakthrough in our understanding of the molecular landscape causing CAD across tissues. Specifically, we
have shown for the first time that RNA-processing genes appear
central in causing CAD. Key regulatory genes in this and other
RGNs may be proven useful as targets for novel CAD therapies.
EXPERIMENTAL PROCEDURES
The STAGE Genetics of Gene Expression Study
In the STAGE study, 612 tissue samples were obtained during coronary artery
bypass grafting surgery from AAW (n = 73), IMA (n = 88), liver (n = 87), SM
(n = 89), SF (n = 72), and VF (n = 98) of well-characterized CAD patients
(Hägg et al., 2009). Fasting whole blood was obtained for isolation of DNA
(n = 109) and RNA (n = 105) and biochemical analyses. RNA samples were
used for gene expression profiling with a custom Affymetrix array (HuRSTA2a520709). Blood DNA was genotyped for 909,622 SNPs with the Affymetrix

(legend on next page)
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Figure 5. A Super-Network of CAD-Causal Modules
Eigengene associations (r > 0.4, p < 0.05) were used to link the 30 CAD-causal modules (Experimental Procedures). RGNs/modules (circles) are oriented according to dominating tissue-belonging of genes and are color coded accordingly. Numbers in circles are the module IDs. Circle size corresponds to the number
of RGN/module genes. Next to each box, the names of GWA genes in the RGNs/modules and related trait (in superscript) are indicated. TS, tissue-specific RGN/
module; CT, cross-tissue RGN/module; colored circle circumferences, phenotype associations; dotted lines, RGNs/modules that are reactive to indicated
phenotype; solid line, RGNs/modules that are causal for indicated phenotype (i.e., GWA gene[s] for the phenotype or eQTLs enriched with association for the
phenotype); orange, plasma cholesterol measures; blue, plasma glucose metabolism measures; purple, plasma CRP levels.
GenomewideSNP_6 array. The carotid lesion and CAD macrophage gene
expression data were generated with the same custom Affymetrix arrays
mentioned above (Shang et al., 2014).
Multi-tissue Weighted Gene Co-expression Network Reconstruction
WGCNA (Zhang and Horvath, 2005) was used to identify co-expression
network modules that simultaneously captured gene-gene relations within
and across tissues (Table S8), using the following most variably expressed
genes (SD > 0.5 across samples): 3,369 in AAW; 2,761 in IMA; 1,588 in liver;
2,492 in SM; 3,596 in SF; 5,215 in VF; and 1,891 in blood. In WGCNA, values
of b = 6 and b = 3 were used to weigh within-tissue and across-tissue correlations, respectively, to ensure that both tissue-specific and cross-tissue subnetworks, as well as whole networks, were scale free.
Associations of Modules and CAD Phenotypes
Module associations with four main CAD phenotypes (Results) were tested as
follows: (1) by a rank-sum test of the mean phenotype values of the two most
distinct patient subsets, defined by clustering the gene activity within each

module; and (2) by calculating Pearson correlations between phenotype and
module eigengene values (Langfelder and Horvath, 2007). Integrated p values
from both tests and from multiple measurements for each main phenotype
(e.g., TC, LDL, VLDL, and HDL for plasma cholesterol levels) were computed
with a weighted data integration method (Hwang et al., 2005) and corrected
for multiple testing by estimating a false discovery rate (FDR < 0.2) (Storey,
2002).
eQTL Enrichment for Risk Associations and CAD Candidate Genes
According to GWASs
To examine the extent to which modules were CAD causal, we used enrichment in inherited CAD association or GWAS candidate genes (Deloukas
et al., 2013). In brief, disease assocations of cis-eQTLs detected in the STAGE
patients (or, if the number of cis-eQTLs was less than ten, SNPs located
within ±500 kb of the transcription start or end site of each module gene)
were used to calculate fold enrichment and statistical significance compared
to 10,000 random SNP groups corrected for chromosome, gene density, and
major allele frequency (Foroughi Asl et al., 2015). CAD candidate genes (n = 53)

Figure 4. Differential Connectivity in Arterial Wall Modules with and without Atherosclerosis
Differential connectivity plots for AAW- and IMA-dominant, phenotype-associated modules. Each plot shows the adjacency values (weighted correlations)
between all pairs of module genes in IMA (lower triangle) and AAW (upper triangle). Modules are sorted from high to low according to module differential
connectivity (MDC) (ratios of sum of connectivity values in AAW to IMA). Red bars indicate CAD-causal modules. Green bars indicate non-causal modules.
MDC values >1 correspond to modules with a gain of connectivity in AAW versus IMA.
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were obtained from CARDIoGRAM. Similarly eQTL disease associations and
additional GWA candidate genes for CAD risk factors were computed using
additional GWASs (Supplemental Experimental Procedures) and data from
the HMDP.
RGN Reconstruction
Gaussian Bayesian networks were reconstructed for each module by
imposing a prior that only genes with eQTLs, transcription factors, or CAD
GWA genes could be parents of other genes. The Bayesian Information Criterion (BIC) was used to score models; a multiple-restart greedy hill-climbing algorithm, with edge additions, deletions, and reversals, was used to search
locally optimal models (Schmidt et al., 2007).
Key Driver Analysis and Validation
Key drivers were identified from the Bayesian networks as described previously (Zhang and Zhu, 2013), and they were validated by siRNA silencing in
THP-1 macrophages incubated with Ac-LDL to induce foam cell formation
(Table S9), as described previously (Skogsberg et al., 2008). Gene expression
data from siRNA-treated and control THP-1 cells were generated by Agilent
Human Custom Gene Expression Microarray 8315 and compared to assess
the effect of a key driver on its RGN, as described previously (Björkegren
et al., 2014).
Mouse Phenotype Associations
To validate the phenotype associations of CAD-causal modules, we assessed
the association of ortholog genes in corresponding mouse tissues and phenotypes in the HMDP (Bennett et al., 2010), using the same methods described.
Module Connectivity and Differential Connectivity
Total module connectivity was calculated as the sum of adjacency values (i.e.,
weighted correlation coefficients) between all pairs of genes in a module. Module differential connectivity between AAW and IMA was calculated as the ratio
of total module connectivity in AAW to total module connectivity in IMA.
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Supplemental Figure Legends
Figure S1. Related to Figure 1. Summary of Analytic Steps
(A) STAGE tissue sampling.
Rational for step: Although CAD occurs in the arterial wall, well established risk factors for CAD are primarily
caused by molecular defects reflected by gene expression in key metabolic organs, like the liver, skeletal muscle
and fat tissue.
Dataset: STAGE consists of seven vascular and metabolic tissues, which were sampled during coronary artery
bypass grafting from more than 100 patients, resulting in a total of 612 RNA samples from which gene expression
data was generated using custom Affymetrix array (HuRSTA-2a520709) from atherosclerotic arterial wall (AAW,
n = 73), internal mammary artery (IMA, n = 88), liver (n = 87), skeletal muscle (SM, n = 89), subcutaneous fat
(SF, n = 72), visceral fast (VF, n = 98) and fasting blood (n=105). Whole blood was also used for isolation of
DNA (n = 109) for genotype analysis using the Affymetrix GenomeWideSNP_6 arrays and for biochemical
analyses.
Outcome of this step: After normalization and quality control, expression levels for 19,610 unique genes across
612 tissue samples and genotype values for 530,222 autosomal SNPs across 109 individuals were available for
downstream analysis.
(B) Topological overlap matrix of multi-tissue co-expression network.
Rational for step: To capture functionally related genes from our multi-tissue gene expression dataset we
considered both intra- and inter-tissue connections.
Methods and statistical thresholds: Taking advantage of the fact that the seven tissues were sampled from the
same patients, the expression profiles of genes from different tissues can be directly compared. Weighted Gene
Co-expression Network Analysis (WGCNA) was therefore applied across all seven tissues to reconstruct multitissue co-expression modules from 20,912 variably expressed genes (standard deviation > 0.5) defined from all
tissues (AAW, n=3,369; IMA, n=2,761; liver, n=1,588; SM, n=2,492; SF, n=3,596; VF, n=5,215; blood, n=1,891).
Co-expression modules are groups of highly connected genes (from one or more tissues) in the topological overlap
matrix (TOM) (indicated by the colored bars on top and to the left of the matrix), which records the similarity
(white=low similarity, yellow=medium similarity, red=high similarity) between all pairs of gene expression
profiles.
Outcome of this step: 171 distinct co-expression modules were identified, of which 94 were tissue-specific and
77 were cross-tissue (i.e., contained genes from more than one tissue).
(C) Co-expression modules associations with CAD phenotypes.
Rational for step: To identify the co-expression modules out of the 171 that are associated with key CAD
phenotypes.
Methods and statistical thresholds: To define modules of possible relevance for CAD, linear and nonlinear
relationships (with eigengene module values and second-step clustering, respectively) were identified between the
co-expression modules and four main CAD phenotypes: (1) the extent of coronary atherosclerosis as assessed in
preoperative angiograms of the STAGE patients (i.e. stenosis score, segment area score; atherosclerosis modules),
(2) plasma measures of cholesterol (i.e., total, VLDL, LDL, or HDL cholesterol levels; cholesterol modules), (3)
glucose metabolism (i.e., fasting glucose, HbA1c, insulin, or pro-insulin; glucose modules), and (4) highsensitivity C-reactive protein; CRP modules). Heatmap (left) shows an example of how genes in a second-step
clustering segregate the patients into two groups that differ phenotypically. Shown are examples of regression
plots (right) between individual eigengene values (x-axis) and individual phenotypic values (y-axis). For each of
the four clinical phenotypes, the P-values for both statistical tests for all respective measurements were combined
into a single P-value using a weighted data integration method that maximizes the overall statistical power of the
combined tests over all modules. Last, to correct for multiple testing, a positive false discovery rate (FDR) was
estimated for each P-value (Storey, 2002) and an FDR threshold of 20% (corresponding to a nominal P-value
threshold of 0.03) was used to select phenotype-associated modules.
Outcome of this step: 61 out of 171 modules were associated with at least one CAD-phenotype.
(D) Assessment of module causality using eQTLs and GWAS.

Rational for step: To identify whether phenotype-associated co-expression modules are causal (upstream) or
reactive (downstream) to CAD.
Methods and statistical thresholds: Candidate causal co-expression modules were identified by assessing (1) the
associations of module eQTLs (or of SNPs within ±500 kb of transcription start or end site if < 10 eQTLs) with
CAD using the CARDIoGRAM GWA dataset and (2) the module contents for CAD candidate genes identified by
GWAS. Only eQTLs that matched the tissue-specific gene expression (left) were considered; GWA genes are
those mapped to regions of genome-wide significant loci as exemplified in the Manhattan plot (right).
Outcome of this step: 30 out of 61 phenotype associated modules were identified as CAD-causal using this
method.
(E) Bayesian gene network reconstruction and key driver analysis.
Rational for step: As co-expression modules are based on correlations between genes without directions, we
sought to define the regulatory gene networks (RGNs) that contain information of directions of gene-gene
interactions.
Methods and statistical thresholds: Linear Gaussian Bayesian networks were separately reconstructed for each
module by imposing a prior that only traits with eQTLs, transcription factors or CAD GWA candidate genes were
allowed to be regulators of other traits. The Bayesian Information Criterion (BIC) was used to score models; a
multiple-restart greedy hill-climbing algorithm, with edge additions, deletions, and reversals, was used to search
locally optimal models; and a consensus regulatory gene network (RGN) was reconstructed by averaging over
locally optimal models. Using these directed RGNs, the hierarchal order among network genes was determined,
and the genes most essential for network regulation (i.e. key drivers) were identified.
Outcome of this step: Bayesian networks were reconstructed and analyzed for the 30 CAD-causal phenotypeassociated modules.
(F) Cross-species validation using gene expression and phenotype data in mice.
Rational for step: The successful use of mouse models to study CAD-related phenotypes like lipids and glucose
metabolism and atherosclerosis suggests RGNs may be evolutionary conserved between species.
Methods and statistical thresholds: To validate and further filter the 30 CAD-causal RGNs, we assessed CADrelated mouse phenotype-eigengene correlations using gene expression levels for mouse orthologs to the human
module genes in corresponding mouse tissues using the hybrid mouse diversity panel (HMDP) dataset.
Outcome of this step: Out of 26 CAD-causal RGNs associated with the extent of atherosclerosis, plasma levels of
cholesterol or glucose (the CRP phenotype was not available in the HMDP and was therefore not validated), 12
CAD-causal RGNs were validated using the HMDP datasets, of which 3 for extent of atherosclerosis (RGNs 42,
58, 98).
(G) siRNA targeting of key drivers in THP-1.
Rational for step: Foam cell formation is central to all steps of atherosclerosis development. We therefore sought
to validate the key drivers of the three cross-species-validated atherosclerosis-causal RGN modules (RGNs 42, 58,
98) using siRNA in human THP-1 monocytes differentiated into macrophages and incubated with acetylated-LDL
to form foam cells.
Methods and statistical thresholds: First to test whether the network modules are active in THP-1 macrophages,
we screened THP-1 macrophage RNA isolated after siRNA targeting of the key drivers using custom microarrays
(left). Then if a KD was found to specifically activate its RGN in the THP-1 macrophages, it was also assessed
whether siRNA targeting of this key drivers affected THP-1 foam cell formation in vitro as measured by
cholesterol-ester accumulation (right).
Outcome of this step: Only RGN 42 with four of its key drivers (AIP, DRAP1, POLR2I, and PQBP1) were found
active in THP-1 macrophages and affect foam cells formation.
Figure S2. Related to Figure 2 and 3. RGNs of Cholesterol Modules Causally Related to CAD

RGNs including key drivers and main functional enrichments inferred from genes in each of the ten cholesterol
modules found to be causal for CAD are shown (Panels A-J).
(A) MODULE 20: This AAW-specific LDL-related and immune process enriched RGN (n = 205) was found to
contain 5 GWA genes (ALOX5HDL,TC, LIPACAD, LILRB2HDL, MAFBLDL,TC, and UBASH3BHDL) whereof LIPA was
also a key driver along with CD86, PTAF, IFNR8, IKZF1, VAV1 and SPI1.
(B) MODULE 47: This near blood-specific (besides one hepatic gene: SIRPB1), total plasma cholesterol-related
RGN (n = 100) was found to contain the GWA genes GUCY1A3CAD, GUCY1B3CAD, ADRA2AF.glucose and
GRB14insulin. OF these, GUCY1A/B3 were also key drivers together with ABLIM3, GFI1B, LY6G6F, MFAP3L,
PTCRA and TAL1 primarily involving coagulation and vasodilation processes. The regulatory eQTLs of this RGN
were also found to be highly enriched in association with levels of LDL (2.4 fold, p = 3.8 x 10-18) and HbA1c (2.7
fold, p = 3.5 x 10-26).
(C) MODULE 87: This SF dominated, CAD-association enriched RGN (n = 57) also with arterial wall genes (8
from the AAW and 1 from IMA) involving immune response genes, related to total plasma cholesterol levels had
one GWA gene (CR2T2DM) and with the key drivers CHRNA3, PRSS16 and SPRR1B individually implicated in
nicotine dependence (Greenbaum et al., 2009), insulin dependence (Cheunsuk et al., 2002) and induction of
apoptosis (Gleyzer and Scarpulla, 2013), respectively.
(D) MODULE 95: This immune process-related, CAD association-enriched RGN (n = 52) was found active in VF
with the key driver KLF1.
(E) MODULE 99: This SM-specific LDL-cholesterol related RGN (n = 49) contained the GWA gene LPLCAD and
the key drivers ASB15, IRX5 (counteracts CXCL12 known to protect against myocardial infarction) and IRF6
regulating genes involved in lipid and lactate processing as well as ubiquitin-proteasome system for the
degradation of proteins.
(F) MODULE 100: The SF-specific, HDL-related RGN (n = 47) found to be entirely dominated by the key driver
MESP1, previously implicated in congenital heart disease (Lahm et al., 2013).
(G) MODULE 111: This SF dominated RGN (n = 41) containing 4 liver genes enriched with genes related
vascular smooth muscle contraction with the key drivers, C22orf34 and HOXD3 together with the GWA gene
EDNRACAD. Whereas EDNRA is a potent vasoconstrictor, HOXD3 overexpression in mice has shown to induce
cell adhesion genes like intergrins (Hamada et al., 2001).
(H) MODULE 138: The AAW-specific HDL-cholesterol related RGN (n = 30) was found to contain the GWA
CAD gene TRIB1CAD as a key driver together with NR4A2 and SIK. The latter key drivers are a steroid-thyroid
hormone-retinoid receptor linked to Parkinson and a serine/threonine-protein kinase involved in various processes
including regulation of gluconeogenesis and lipogenesis. TRIB1 is believed to interact and regulate the activation
of MAP kinases.
(I) MODULE 152: This RGN was generally enriched with genes involved in regulating cell death. The SF-specific,
LDL-related RGN (n = 26) contained 2 key drivers SOX10 and FHL5 with high-hierarchical regulatory roles in
embryonic development enriched with genes involved in collagen and extracellular matrix rearrangement.
(J) MODULE 156: This small SM-specific LDL-cholesterol and plasma insulin related RGN (n = 24) containing
the GWA gene, KIAA1462CAD with yet unknown function and the key drivers, DDX60 and MAN1A1 with antivirus and glycosyl hydrolases functions, respectively.
Figure S3. Related to Figure 2 and 3. RGNs of Glucose Modules Causally Related to CAD
RGNs including key drivers and main functional enrichments inferred from genes in each of the five glucose
modules found to be causal for CAD are shown (panels A-E).
(A) MODULE 64: This multi-tissue pro-insulin related RGN (n = 62/78) dominated by SF genes (n = 34) but
present in all tissues (with at least 2 genes) was found to have the highest enrichment for CAD-association (12.7
fold, p < 1.0 x 10-300). This RGN was also found to contain 3 GWA genes whereof PLTPHDL, STAB1HDL and
CDKN2ACAD (also found as a key driver in the VF RGN of Figure 3F and a candidate gene for the chr9 GWA
locus) is together with key 3 drivers CLEC10A, FOXD1 and SIX2 regulating innate immune response and
regulation of T-cell proliferation genes among others.

(B) MODULE 69: This pro-insulin related but AAW near-specific RGN (n = 72) including the key drivers genes
CEBPA, HMGA1 and GAS7 was found to contain genes involved in apoptosis.
(C) MODULE 112: This small multi-tissue, pro-insulin-related RGN (n = 22/40) dominated by liver genes was
found to contain the well-established CAD GWA genes, LDLRCAD,TC,LDL and CETPTC,TG,LDL,HDL and the less
known C9orf47 together with PRINS (a non-coding stress induced transcript associated with psoriasis) , and key
drivers EMR1 and HCG27, the latter also indicated as a CAD GWA gene (Davies et al., 2012). This RGN was also
enriched in CAD-association (2.9 fold, p = 2.7 x 10-19) and in association with plasma HDL (2.5 fold, p = 6.3 x 1012
) and triglycerides (3.3 fold, p = 1.4 x 10-24) levels and contained genes generally involved in trans-membrane
signaling (e.g., clathrin-coated endocytic vesicle transport) and complement components.
(D) MODULE 129: This SF-specific, pro-insulin related RGN (n = 32) was found to contains genes involved in
organ morphogenesis and the key drivers IRX3, IRX5 and SHOX. IRX3 has been associated with the FTO gene
and susceptibility for obesity (Smemo et al., 2014), IRX5 gives rise to sever developmental disorders and SHOX to
short stature (Sawada et al., 2015).
(E) MODULE 140: a small multi-tissue pro-insulin and insulin-related RGN (n = 21/30) dominated by VF genes
with the CAD GWA gene LIPA (also a key driver in the RGN of Figure S2A) as its only key driver regulating
genes involved in carboxylic ester hydrolase activity.
Figure S4. Related to Figure 2 and 3. RGNs of CRP Modules Causally Related to CAD
RGNs including key drivers and main functional enrichments inferred from genes in each of the four CRP
modules found to be causal for CAD are shown (panels A-D).
(A) MODULE 8: This large VF-specific, CRP-related RGN (n = 324) containing 8 GWA genes (BCL11AT2DM,
GRB14insulin, LIPGHDL,TC, LOC55908HDL, LPACAD,LDL,TC, LRP4HDL, TMEM195glucose, TTC39BHDL,TC) involved genes
in tissue development (Table S2) and has 18 key drivers (CDH1, TTC39B, KLF5, TP63, TEF, HOXA4, IRF6,
SALL2, BCL11A, TRIM29, ISL1, OBSCN, FOXG1, HOXD8, HOXB3, VASN, GSC, and HOXA5)
(B) MODULE 89: This SM-specific, CRP related RGN (n = 56) was found enriched in CAD association (2.8-fold).
Genes in this network and their key driver AEBP1 involved extracellular matrix organization (Table S3).
(C) MODULE 90: This VF-specific, CRP-related RGN (n = 56) was found enriched in CAD association (2.7-fold)
and contain 1 GWA genes (CELSR2LDL,TC) to involving genes regulating angiotensin levels in blood (Table S3).
The key drivers of this network are IRX5, HOXB8, PAX3 and SHOX2.
(D) MODULE 148: This near SF-specific RGN (n = 27 and 1 from AAW) was found enriched in CAD association
(2.7-fold) and involve genes related to leukocyte migration. The key drivers were RAC2 and EAF2.
Figure S5. Related to Figure 2 and 3. RGNs of Modules Causally Related to CAD and Associated with
Several CAD Phenotypes
RGNs including key drivers and main functional enrichments inferred from genes in each of the three CAD-causal
modules found to be associated with more than one of the four CAD phenotypes are shown (panels A-C).
(A) MODULE 27: A multi-tissue insulin- and LDL cholesterol-related RGN (n = 165/166) dominated by SF genes
(A) was highly enriched in CAD/MI risk (6.6 fold, p = 1.2 x 10-145) and type-2 diabetes (3.7 fold, p = 4.5 x 10-34).
In addition, this RGN contains 2 GWA genes, GUCY1B3CAD (also a key driver in the SM RGN in Figure S2B) and
SOX17 LDL,TC both found to be key drivers together with TAL1 (also a key driver in the SM RGN in Figure S2B),
TBX2, HEY1, HOXD1, MEOX2 and SOX7 regulating genes in vascular development/angiogenesis.
(B) MODULE 36: This SM-specific, total plasma cholesterol- and fasting glucose- related RGN (n = 137) was
found to contain 5 GWA candidate genes (EDNRACAD, FLT1CAD, GUCY1B3CAD (a key driver in Figure S2B and
S5A), HHEXT2DM, and SOX17 LDL,TC (a key driver in FigureS5A)) whereof FLT1 also was identified as a key
driver together with FL1, LDB2, MECOM, TAL1 (also a key driver in Figure S2B and FigureS5A) and TBX2 (also
in FigureS5A) involving genes in vascular angiogenesis, trans-endothelial leukocyte migration and endothelial
integrity and development.
(C) MODULE 105: This SF-specific, insulin- and CRP- related RGN (n = 44) containing one GWA gene,
VAMP8CAD also identified as a key driver together with CD86 (also a key driver in the AAW-specific RGN in
Figure S2A) and RNASE6 regulating genes involved in immune system processes.

Supplemental Tables (in Word Format)
Table S1. Related to Figure 1. Basic Characteristics of the STAGE Patients

Plasma cholesterol (mmol/L)

Plasma triglycerides (mmol/L)

Total

4.09 ± 1.01

Total

1.39 ± 0.73

VLDL

0.32 ± 0.25

VLDL

1.03 ± 0.67

HDL

1.50 ± 0.29

HDL

0.16 ± 0.05

LDL

2.10 ± 0.79

LDL

0.25 ± 0.09

Patients (n)

109

C-reactive protein (mg/L)

8.8 ± 2.93

Age (years)

66 ± 8

HbA1c

5.24 ± 1.41

Gender (male)

98 (90)

Diagnoses and therapies

BMI (kg/m2)

27 ± 3.7

Hypertension

70 (64%)

Waist/hip ratio (m)

0.94 ± 0.06

Beta-blockers

96 (88%)

Hyperlipidemia

81 (74%)

Blood pressure (mm Hg)
Systolic

141 ± 19

Lipid lowering

93 (85%)

Diastolic

80 ± 9.1

Diabetes mellitus

24 (22%)

7 (6%)

Insulin

10 (9%)

Smokers

Values are mean ± SD or n (% of all STAGE patients)

Table S7. Related to Table 2. Absence of effects of siRNA targeting of the atherosclerotic arterial wall key
drivers in RGN module 58, 98 (Figure 3E, 3F) on network gene activity in THP-1 macrophages

Effects of siRNA inhibition of key drivers on networks genes
(n = 109) in THP-1 macrophages
Total
Total
affected
Hyperaffected
Hypergenes
geometric test
genes
geometric test
Key drivers in
module 58

Nominal P-value < 0.05

FDR < 10%

CCRN4L

2

0.89

0

1.00

GAPT

5

0.18

2

0.13

GRAMD4

7

0.09

0

1.00

HAND2

6

0.60

0

1.00

KLF6

8

0.98

0

1.00

PNLDC1

4

0.21

0

1.00

CTNNAL1

4

0.95

1

0.20

MYSM1

2

0.94

0

1.00

Key drivers in
module 98

Table S8. Related to Experimental Procedures. Genotype and Global Gene Expression Data Generated of
the STAGE patients

AAW
IMA
Liver
SM
SF
VF

AAW

IMA

Liver

SM

SF

VF

Blood

73 (68)

57

59

57

48

62

65

68

70

58

77

77

87(77)

71

56

77

75

61

78

76

61

60

98(88)

87

88(79)

89(78)

72(63)

Blood
105(102)
The STAGE study comprises a total of 121 patients with global gene expression data from up to 7 tissues whereof
109 also were genotyped (for type of data see above). The main diagonal of the table shows the numbers of
samples with global gene expression data and in brackets the number of samples with both gene expression and
genotype data). The off-diagonal numbers indicate the common number of gene expression samples between all
pairs of tissues.

Table S9. Related to Table 2. siRNA and TaqMan Assays and the Degree of siRNA Inhibition

Gene Symbol

siRNA ID

TaqMan Assay ID

siRNA inhibition (%)

AIP

s225075

Hs00610222_m1

82

MRPL28

s20749

Hs00371771_m1

86

DRAP1

s20787

Hs01012815_g1

88

ZNF91

s15141

Hs00602754_mH

68

PCBD1

s10091

Hs00165396_m1

81

POLR2I

s10818

Hs01042086_g1

53

PQBP1

s19619

Hs00172888_m1

84

GAPT

s47439

Hs01937345_s1

79

HAND2

s18132

Hs00232769_m1

74

GRAMD4

s23149

Hs00411719_m1

71

PNLDC1

s45854

Hs00542944_m1

61

CCRN4L

s24550

Hs00232597_m1

83

KLF6

s3376

Hs00810569_m1

86

CTNNAL1

s16628

Hs00972098_m1

87

MYSM1

s41641

Hs00419622_m1

53

siRNA and TaqMan assays used to silence genes and measure the degree of gene silencing of THP-1 macrophages.

Supplemental Table Legends (in Excel Format)
Table S2. Related to Figure 2 and Experimental Procedures. Co-Expression Module Summary Table
Main characteristics of the 171 co-expression modules identified from the STAGE study are shown.
Atherosclerotic (AAW) and non-atherosclerotic arterial wall [i.e., internal mammary artery (IMA)], liver, skeletal
muscle (SM), visceral fat (VF), subcutaneous fat (SF), and blood. TS, tissue-specific, CT, cross-tissue. Statistical
thresholds for calling module i) associations with the 4 CAD phenotypes, ii) module eQTL enrichments in
association with CAD and CAD risk factors and iii) definitions of GWA candidate genes are described above.
Table S3. Related to Figure 2, 3 and Experimental Procedures. Top-Ten Biological Processes and Molecular
Functions for Module 1 to 171
Up to ten biological processes and molecular GO annotations are given for each set of module genes. Some
modules lacked annotations in GO and are thus not listed.
Table S4. Related to Figure 2 and 3. Candidate Genes of Genome Wide Significant Loci Identified by
GWAS
CAD and other candidate genes are obtained from the CARDIoGRAM GWAS meta-analysis study and the
GWAS Catalogue.
Table S5. Related to Figure 5 and Experimental Procedures. Characteristics of Genes of the RGNs Inferred
from the 171 Modules
Table shows tissue belonging of RGN genes and whether they are an eQTL (identified from the STAGE patients),
TF, key driver of the RGN or a candidate gene identified by GWAS. Module 114 and 137 has no RGN since they
do not have any of TF/eQTL/CAD candidate genes (see section on "Bayesian Regulatory-Gene Network
Reconstruction" above).
Table S6. Related to Figure 3 and Experimental Procedures. Connectivity of RGN Genes Inferred from
Module 1 to 171
Source and target genes of all RGNs with interaction score, is the frequency of occurrence of an edge across
multiple runs of the bayesian network search algorithm. Module 114 and 137 has no RGN since they do not have
any of TF/eQTL/CAD candidate genes (see section on "Bayesian Regulatory-Gene Network Reconstruction"
above).

Supplemental Experimental Procedures
The STAGE Genetics of Gene Expression Study
In the STAGE study, seven vascular and metabolic tissues of well-characterized CAD patients were sampled
during coronary artery bypass grafting surgery (Hägg et al., 2009). Eligible patients gave written consent to
participate (Dnr 004-02). Exclusion criteria were other severe systemic diseases. Tissue samples were obtained
from atherosclerotic arterial wall (AAW), internal mammary artery (IMA), liver, skeletal muscle (SM),
subcutaneous fat (SF), and visceral fat (VF) and stored at –80 ˚C in RNAlater (Ambion). In brief and as previously
described (Hägg et al., 2009), AAW was obtained from 1–3 puncture biopsies of the atherosclerotic aortic root
(Nafakhi et al., 2015) made in CABG to allow ligating the proximal ends of the vein grafts. Non-atherosclerotic
arterial wall was from the internal mammary artery ((IMA) routinely used as the anastomosis for the left anterior
descending (LAD) artery). With some margin the IMA is dissected free on the inside of thorax next to the sternum,
and the distal end was used for RNA isolation. For reasons still largely unknown (Otsuka et al., 2013) advanced
lesions do not develop in the internal mammary artery, which apart from early “fatty streak” lesions, remains
largely atherosclerosis-free. In the STAGE study, the absence of atherosclerotic lesions was confirmed by
macroscopic and occasional microscopic examinations of internal mammary artery samples before RNA isolation.
In random control biopsies, Oil-Red-O lipid staining followed by microscopic examination again revealed no
atherosclerotic lesions, although fatty streaks were at times observed. Subcutaneous fat was obtained from the
initial incision longitudinal to the sternum, skeletal muscle from the m. rectus cranial section, visceral fat from
pericardial fat, and the liver through a small incision in the diaphragm (Ethical approval #002-04, Karolinska
Hospital). Patients were examined, and fasting blood (for DNA, RNA isolations, and biochemistry) was obtained
preoperatively. DNA samples were obtained from blood and together with RNA samples isolated with Qiagen
Mini/Midi-Kit (Ambion). DNA from 109 patients with sufficient quantities and qualities (≥ 1 µg, 1.7 > 260/280 >
1.9 with Nanodrop, Agilent) were genotyped with the GenomeWideSNP_6 array (Affymetrix). Allele frequencies
for 909,622 single nucleotide polymorphisms (SNPs) were determined with the Birdseed algorithm in Affymetrix
Power Tools (v 1.14.2); 530,222 autosomal SNPs with call rates of 100% and minor allele frequency > 5% and in
Hardy-Weinberg equilibrium (p >
were used for downstream analysis (the “QC SNP set”) (Foroughi Asl et
al., 2015). Custom-made HuRSTA-2a520709 arrays (Affymetrix) were used for gene expression profiling of total
RNA samples (≥5 µg, 1.95 > 260/280 > 2.05 with Nanodrop, Agilent) from 121 patients (AAW, n = 73; IMA, n =
88; liver, n = 87; SM, n = 89; SF, n = 72; VF, n = 98 and blood, n = 105) according to the manufacturer’s
instructions. Robust multi-array average was used for background subtraction, normalization, and summarizing of
raw microarray data (Affymetrix Power Tools, v 1.14.2). A custom-made Chip Description File (CDF) was used
to match 381,707 probes on the array to 19,610 probe sets for unique genes (to avoid cross-hybridization between
alternative transcripts) according to the hg19 human genome assembly.
Phenotypic measurements (mostly standard plasma measures) were collected as previously described (Hägg et al.,
2009). To determine the extent of atherosclerosis, all CABG patients underwent preoperative biplane coronary
angiography (Judkins technique). Angiograms were evaluated with QCA techniques (Medis). The left and right
coronary arteries and their branches were divided into segments (Austen et al., 1975). Each segment was measured
during end-diastole. Two scores were calculated:
(1) The stenosis score measures the stenosis in each patient and calculates the percentage diameter stenosis
(%DS), the reduction in lumen diameter caused by the plaque (see figure below). Stenosis was categorized as mild
or severe, as shown below. A total occlusion is 100 %DS. The score is calculated as 1 x #mild stenosis + 2 x
#severe stenosis.

(2) The segment area score measures the amount of atherosclerosis in all the vessels in a patient. The
measurement is the total percentage of plaque area in a segment (see figure below). To be able to get obtain a final
score, the average percent stenosis over all the segments is calculated.

Cross-Tissue Weighted Gene Co-Expression Network Construction
First, the most variably expressed genes with standard deviation > 0.5 were selected, resulting in 3,369 (AAW),
2,761 (IMA), 1,588 (liver), 2,492 (SM), 3,596 (SF), 5,215 (VF) and 1,891 (blood) genes per tissue. Next, we used
the weighted gene co-expression network analysis (WGCNA) method (Zhang and Horvath, 2005) to construct
cross-tissue (CT) co-expression gene networks. WGCNA constructs an adjacency matrix A between every pair of
expression traits, defined by Aij = |Cij|β, where Cij is the Pearson correlation coefficient between traits i and j, and β
is a parameter determined in such a way that the resulting network is approximately scale-free. In a CT network,
each expression trait corresponds to gene-tissue pair (Dobrin et al., 2009; Zhang et al., 2013). The Pearson
correlation coefficient between two traits in different tissues can be calculated using the subset of patients who
donated samples from both tissues (the number of available samples in each tissue as well as subsets of samples
available in each pair of tissues are shown in Table S8).
In doing so, a signiﬁcant difference between the distribution of tissue-speciﬁc (TS) and CT correlation
coefﬁcients was noted, with the latter shifted towards lower absolute values. As a result, when we ﬁtted a single
value of β to the entire correlation coefﬁcient matrix C, the TS networks were, as expected, scale-free with
sufficient total strength of connectivity (with recommended default value β = 6, the average scale-free fit score for
TS networks was R2 = 0.80 and the average total TS connectivity (= sum of adjacency values) per gene 54.10).
However, the CT networks were not found to be scale-free and had insufficient total strength of connectivity
(average R2 = 0.66 and average total CT connectivity = 0.73, i.e. less than one CT edge per gene on average). Here,
R2 is the fitting index of the linear model which regresses log P(k) on log(k), where k ranges over the degree (total
strengths of connections) values in the network and P(k) is the frequency distribution of k. As a result, when using
a single value of β, the total network was scale free (R2 = 0.89), but with weak average total connectivity (76.45).
To correct for this systematic bias, we modiﬁed the WGCNA procedure and defined
Aij = {
The parameters β1 and β2 were determined independently to allow obtaining scale-free TS and CT networks.
We found that values of β1 = 6 and β2 = 3 produced approximate scale-free TS (average R2 = 0.80 and average
total TS connectivity 54.10, as before) and CT networks (average R 2 = 0.75 and average total CT connectivity =
17.00, i.e. > 20-fold more cross-tissue edges compared to uniform β = 6) for all tissues and tissue pairs. Using β1 =
6 and β2 = 3, the total network remained scale-free (R2 = 0.88), with a significantly improved average total
connectivity (164.40). Considering in each tissue the genes with standard deviation > 0.5 resulted in an adjacency
matrix A of size 20,912×20,912 with values Aij ranging from 0 to 1.
Finally, we extracted modules out of the co-expression network following the standard WGCNA protocol.
Speciﬁcally, the adjacency matrix was transformed to a topological overlap matrix (Ravasz et al., 2002); coregulated genes were grouped by average linkage hierarchical modeling of the topological overlap matrix; and a
dynamic tree cut algorithm was used to cut the modeling dendrogram into gene modules (Langfelder et al., 2008).
This procedure partitioned the 20,912 expression traits into 171 modules with at least 20 gene expression traits; 94
modules were TS (i.e., contained expression traits from only one tissue) whereas 77 modules were CT (i.e.,
contained expression traits from at least two different tissues) (Table S2).
To test the robustness of the identified modules, we repeated the co-expression analysis seven times, each time
removing gene expression data from one tissue. For each tissue, we then compared the gene content of the original
modules (excluding genes from the removed tissue) to that of the new modules, finding for each original module
the new module with the highest percentage overlap. Reassuringly, the original modules that did not contain any
genes from the removed tissue were re-identified in the new sets of modules with high fidelity, regardless of

whether they were tissue specific or cross tissue [median overlap percentages ranging from 0.82 (after removing
SF) to 0.93 (after removing liver)]. As expected, overlap percentages were lower for the original cross tissue
modules containing genes from the removed tissue [median overlap percentages ranging from 0.38 (after
removing SM) to 0.65 (after removing liver)], and this was particularly true for cross tissue modules dominated by
(i.e. contributing the highest number of module genes) the removed tissue [median overlap percentages ranging
from 0.05 (after removing VF) to 0.53 (after removing SF)]. Taken together, this analysis demonstrates that crosstissue co-expression network construction identifies co-expression modules that contain genes from subsets of
tissues in a manner that is robust against the inclusion or exclusion of data from other tissues, thus supporting the
notion that cross-tissue modules reflect bona fide interactions between molecular processes operating in these
tissues.
Phenotype Association with Co-expression Modules
To identify modules associated with clinical phenotypes of the STAGE patients, we adopted a multi-step
procedure. First, to account for the complexity of the phenotypes of interest (i.e., the extent of atherosclerosis, and
plasma metabolism of cholesterol, glucose and systemic inflammation), we considered multiple clinical
measurements: For extent of coronary atherosclerosis, we considered two measurements, stenosis score and
segment area scores that were determined in preoperative coronary angiograms as described above (Hägg et al.,
2009). For plasma cholesterol and glucose metabolism, we considered four measurements each; plasma, LDL,
HDL and VLDL cholesterol levels and HbA1c, blood insulin, proinsulin and fasting blood glucose, respectively.
For systemic inflammation we only assessed high sensitive plasma C-reactive protein (CRP) levels. Second to
detect both linear and stepwise relations between module expression levels and these 4 main CAD measurements,
we used two statistical tests: (i) for a given co-expression module, patients who donated samples to all tissues
represented in the module were divided using K-means into the two most distinct patient sets based on the
expression levels of the expression traits in that module, and the extent to which quantitative measurements
differed between patients in each set was assessed using a ranksum test; (ii) we tested for a non-zero Pearson
correlation between the level of the clinical measurement and the ﬁrst principal component of the data matrix
formed by the expression levels of all traits in a given module for the patients who donated samples to all tissues
represented in that module (the “module eigengene” (Langfelder and Horvath, 2007)). Next, for each of the four
clinical phenotypes, we combined the P-values for both statistical tests for all respective measurements (i.e., 2 x 2
= 4 P-values (for extent of coronary atherosclerosis), 2 x 4 = 8 P-values (for both plasma cholesterol and glucose
metabolism), 2 x 1 = 2 P-values (CRP)) into a single P-value using a weighted data integration method that
maximizes the overall statistical power of the combined tests over all modules (Hwang et al., 2005). Last, to
correct for multiple testing, we estimated a positive false discovery rate (FDR) for each P-value in the resulting
171-by-4 table of module-phenotype associations using Storey’s method (Storey, 2002). A FDR threshold of 20%
(corresponding to a nominal P-value threshold of 0.03) was used to determine true module-phenotype associations.
The individually most significant clinical measurement for each phenotype association was recorded and the
association was retained only if the P-value for this measurement was also less than the 0.03 threshold. All
computations were performed using the softwares R and Matlab.
Eight of the 14 atherosclerosis modules were dominated by genes from AAW, three from SF, two from VF,
and one from SM. Two of the eight AAW-dominated modules were cross-tissue modules (not tissue-specific).
Two atherosclerosis modules were also cholesterol modules (modules 37 and 130, both also associated with LDL).
There were no combined atherosclerosis/glucose or atherosclerosis/CRP modules. Of 29 cholesterol modules, 26
were dominated (> 90%) by genes from one tissue (SF, VF, SM, or liver). Twenty of the 29 modules were related
only to cholesterol. Besides the two modules that were also atherosclerosis modules, two cholesterol modules were
also glucose modules and four were also CRP modules. One module was a combined cholesterol, glucose, and
CRP module (module 160, related to insulin) (Figure 2B, Table S2).
Ten of the 14 glucose modules were related only to glucose (Figure 2B, Table S2). There was one combined
glucose and CRP module (module 105). Six glucose modules were cross-tissue. All 15 CRP modules were tissuespecific; 9 were associated only with CRP (Figure 2B, Table S2). The CRP module most strongly associated with
CRP (module 144) was dominated by liver genes (28/29). The other CRP modules were largely present in SM, SF,
or VF. In support of the notion that the 61 phenotype-associated modules were more CAD/atherosclerosis-relevant,
1296 previously identified CAD/atherosclerosis-related genes appearing at least once in at least one of the 61
modules represented a higher fraction of the total number of genes than in the 171 modules (40% vs. 33%, p = 1.9
x 10-29).
Assessments of Module Causality Based on Content of CAD Candidate Genes or Enrichment of Module
eQTLs in Disease Association According to GWAS
According to the central dogma in molecular biology and as understood in the context of systems genetics,
variation in regulatory regions of the genome causes variation in gene expression (RNA expression) that is

propagated to downstream genes in signaling pathways that in turn affect other biochemical pathways (Schadt et
al., 2005; Schadt, 2009). With this in mind, we defined “CAD-causal” modules as those either containing one or
more of the 53 CAD candidate genes mapped to genome-wide significant (p < 1.0 x 10-8) loci for CAD or modules
containing cis-acting expression quantitative trait loci (henceforth “eQTLs”) of module genes that were enriched
for association with CAD (p < 0.05) using the SNP summary dataset of the case-control CARDIoGRAM metaanalysis of genome-wide associations studies (GWAS) (Deloukas et al., 2013).
A CAD GWAS SNP is considered causal for CAD for two reasons: (1) because the incidence of CAD is
significantly higher among individuals with risk alleles than in those without risk alleles and (2) because genetic
variation must precede (be “upstream” of) gene expression and phenotypic variation (the occurrence of CAD
cannot alter an individual’s genomic sequence), consistent with the basic theme of the central dogma.
Consequently, following the GWAS field, we assume that genes in a locus found to be of genome-wide
significance for CAD (“CAD candidate genes according to GWAS” or in short “CAD GWA genes”) are key genes
that cause CAD (i.e., are upstream of CAD) rather than being regulated by CAD (downstream of or reactive to
CAD).
However, for other expression traits, the situation is more complicated: CAD can alter gene expression levels (i.e.,
reactive gene expression or “downstream” gene expression changes), but gene expression can also alter CAD (i.e.,
causal gene expression or “upstream” gene expression). In other words, if an expression trait (i.e., module)
correlates with a phenotype, such as the extent of atherosclerosis, the correlation can reflect either a causal relation,
in which gene expression affects the phenotype, or a reactive relation, in which the phenotype alters gene
expression. So, when a gene has a cis-eQTL in its regulatory region, it is reasonable to assume that genetic
variation at the cis-eQTL causes changes in expression, which in turn alters the phenotype. Thus, gene expression
regulated by eQTLs is unlikely to be reactive. Furthermore, we also considered the enrichment of module eQTLs
with inherited risk for CAD according to GWAS, as described (Zhong et al., 2010). Thus, we could ascertain
whether a module was causal both from its content of eQTLs and from the enrichment of eQTLs in association
with CAD, and thus also indicated to be causal for CAD specifically.
Concretely, the set of eQTLs used to match module genes was that previously calculated from the STAGE cohort
(Foroughi Asl et al., 2015). After matching individual eQTLs to module genes, each set of module eQTLs was
first expanded using the 1000 Genomes to include SNPs in strong LD (r 2 > 0.9). The enrichment of CAD
association (p < 0.05) according to the CARDIoGRAM meta-analysis dataset of the resulting expanded SNP set
was then compared to the average enrichment of CAD association in 10,000 randomized, equal sized and
chromosomal distributed SNP sets from the same data. The fold-enrichment was calculated by comparing the
number of disease associated SNPs (
) in the expanded SNP set with the average number of disease̅
associated SNPs in the 10,000 random set (
). As the null distributions approximately followed a normal
distribution, we defined Z-statistics as follow:
̅
√

∑

|

̅

|

The P-values were calculated from ( , standard normal cumulative probabilities (Zhong et al., 2010;
Foroughi Asl et al., 2015). For modules with less than 10 eQTLs, we instead mapped SNPs of the GWA dataset to
a region of ± 500kb of the transcription start or end site of a gene. Next, for G genes in a module, Pg for each gene
using S mapped SNPs (
) the CAD association P-value for each gene was calculated using
Simes’ combination test (Peng et al., 2010) as following:
,
where k is the rank of sorted PS. The enrichment of CAD association (p < 0.001) was then calculated as
described for eQTLs above.
Using summary datasets for GWAS of plasma levels of CAD risk factors, the same procedures as described for
the case-control CARDIoGRAM meta-analysis dataset above, were used to assess i) GWA candidate genes and ii)
module eQTL enrichments for associations with CAD risk factors (Teslovich et al., 2010; Dupuis et al., 2010;
Soranzo et al., 2010; Strawbridge et al., 2011; The Wellcome Trust Case Control Consortium, 2007). Similarly,
for modules found to be associated with the corresponding STAGE and mouse phenotypes (see section on
"Module validation using the Hybrid Mouse Diversity Panel” below), we assessed the mouse eQTLs enrichment
in association (p < 0.05) with the extent of mouse aortic root lesion using data from this GWAS of the Hybrid

Mouse Diversity Panel (HMDP) (Bennett et al., 2010). The mouse eQTLs used for this analysis were determined
from comparing SNP variation with gene expression in the aortic root lesion of the HMDP. The module eQTL
enrichment in association with extent of mouse aortic root lesion (p < 0.05) was calculated as described above.
To test if the risk enrichment scores could be inflated by LD between SNPs belonging to the same gene set
defined by each module, we repeated the risk enrichment analysis by adding an LD pruning step after expanding
the starting eSNP set using LD statistics. SNPs were pruned in a pairwise fashion every 100 kb at steps of 5 SNPs
with a r2 threshold of 0.9. Of the 18 CAD-associated modules that had eSNPs or SNPs that were enriched with
heritable risk according to CARDIoGRAM GWAS (see “risk” column in Figure 2B), 17 were also found to be
enriched after adding the pruning step (all except module 113). In addition, no new modules were found to be
risk-enriched after adding the pruning step.
Bayesian Regulatory-Gene Network Reconstruction
Bayesian regulatory-gene networks (RGNs) were inferred taking into account eSNP and other prior information to
derive the most probable causal interactions from undirected co-expression associations. Brieﬂy, given a directed
acyclic graph (DAG) G between N expression traits, the joint distribution of their expression levels xi (i = 1,...,N)
is assumed to take the form
p (x1, . . . . . . , xN | G) = ∏

(

{

}),

where Pai denotes the set of parent nodes of node i in the graph G. We further assume that the RGN is a linear
Gaussian network (Koller and Friedman, 2009) such that the conditional distributions are given by
p(
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where
(µ;σ 2) denotes a normal probability distribution with mean µ and standard deviation σ. The
parameters αi, βi,j and σi are to be determined along with the graph structure G.
Given a dataset D = (xim)im of expression levels for N traits in M samples, assumed to be drawn independently
from the distribution (1), the likelihood of observing the data given a DAG G is given by
p (D | G) = ∏

∏

(

).

Using Bayes’ theorem we can therefore write the likelihood of observing G given the data D as
P (G | D) =

(

(

,

where P(G) is the prior probability of observing G and Z is a normalization constant. Expression traits with cisacting eQTLs or known transcription factors (TFs) are more likely to act as causal regulators of other expression
traits and this information can be encoded in the prior probability P(G) to reconstruct causal networks (Zhu et al.,
2004). Here we imposed a hard prior that only expression traits with eQTLs, GWAS candidate genes or known
TFs are allowed to be parents of any other traits (i.e. P(G) = 0 if G contains an edge having a non-eQTL, non-TF
or non-GWAS gene as its source node, and constant otherwise). A locally optimal DAG was then found starting
from a random graph by randomly adding, removing and reversing edges until the likelihood no longer improves.
Maximum-likelihood values for the model parameters α, β and σ are learned along with the graph structure by
linearly regressing a node on its current parents.
Because it is computationally and statistically infeasible to reconstruct RGNs with 20,912 nodes (total number
of expression traits in the co-expression network) with a hundred samples or less, we imposed an additional
constraint in the structure prior P(G), where traits were imposed to take their parent nodes from among traits with
which they share a co-expression module. This prior effectively breaks down the ‘large’ problem of reconstructing
a DAG on the entire set of traits to a set of independent ‘small’ problems of reconstructing a DAG for each coexpression module, and signiﬁcantly reduces the number of parameters to be estimated from the data.
Here we employed the Bayesian Information Criterion (BIC) to score models and a multiple restart greedy hillclimbing algorithm, using edge additions, deletions, and reversals to search locally optimal DAGs for each coexpression module (Schmidt et al., 2007).
Algorithm parameters were set to solve 25*N2 regression problems during each run of the search algorithm,
where N is the number of traits in a module. A final consensus causal network was constructed by considering all
edges that appeared in 30% or more of the locally optimal DAGs found during each run of the search algorithm.
The consensus network was made acyclic by iteratively removing the weakest supported edge from every cycle in
the network. Consensus networks for each module are provided in Table S6.

Key Driver Analysis
Key drivers—the key regulators, or upstream genes, in a gene network—were identified according to a published
method (Zhang and Zhu, 2013). In its simplest form, the key driver of a RGN is its most highly connected
regulator gene, the one with the highest number of outgoing edges. However, a gene that regulates one or more
highly connected regulators is in fact more influential than the downstream regulators, even if it is not highly
connected itself. Therefore, the key driver analysis considers how many network genes can be reached from a
given regulator in up to H+1 steps, where H is the parameter of the method. Here we used the value H=1 (i.e.,
considering direct neighbors and two-step neighbors), the default value in the key driver software.
GWA genes were included as candidate regulatory priors due to their established relevance for CAD (Braenne
et al., 2015), but compared to eQTLs and transcription factors their role as direct or indirect transcriptional
regulators can be debated. Therefore, we re-ran the Bayesian network inference excluding GWA genes as
candidate regulators (i.e., “priors”) for the 17 CAD-causal modules (8, 14, 20, 23, 27, 36, 37, 47, 64, 98, 99, 105,
111, 112, 138, 140, 156) that contained at least one GWA gene. We then compared the topology (i.e., percentage
of overlapping edges) and non-GWA (i.e., eQTL genes and transcription factors) key drivers between the original
and new RGNs. Reassuringly, for 16 out of 17 modules, the RGNs were highly conserved with a mean edge
overlap percentage of 89% [ranging from 77% (module 105) to 100% (module 64, 112)] and a mean percentage of
non-GWA key drivers rediscovered as key drivers in the new RGN of 91% [ranging from 50% (module 138) to
100% (modules 14, 20, 27, 37, 64, 99, 105, 111, 112 and 156)]. The only RGN that did not follow this pattern was
RGN 140, whose sole key driver in the original analysis was LIPA, a GWA gene regulating 16 of 21 genes in this
RGN. In the analysis without GWA genes as candidate regulators, RGN 140 contained only 4 edges between 5
genes with no key drivers identified (note that this is consistent with the other modules, in the sense that the
absence of non-GWA key drivers is conserved in this RGN). Taken together, inference of RGNs and identification
of key drivers is highly robust against the inclusion or exclusion of GWA genes as prior candidate regulators,
suggesting that the main regulatory role in these RGNs is played by the non-GWA key driver genes.
Module Validation Using the Hybrid Mouse Diversity Panel
We used the Hybrid Mouse Diversity Panel (HMDP) (Bennett et al., 2010) with global gene expression data from
RNA samples isolated from atherosclerotic aortic root, liver and fat deposit samples in 105 different strains of
mice with different susceptibility to disease phenotypes. For each STAGE CAD-causal co-expression module (i.e.,
the 30 modules that were significantly associated to at least one CAD phenotype, and had significant risk variant
enrichment or contained at least one GWA candidate gene, cf. Figure 1), we considered its mouse ortholog genes,
and assessed the association between their expression levels in the mouse tissue matching the human tissue
dominating the STAGE module (i.e., the tissue with the highest number of expression traits in that module) and
the clinical trait(s) in mouse matching the human trait(s) associated to that module. Identically to the human
clinical phenotype association procedure (see above), we represented the mouse phenotypes of interest (aortic
atherosclerosis, and levels of plasma cholesterol and glucose) by multiple clinical measurements (for aortic
atherosclerosis only one measurement, aortic lesion; for plasma cholesterol four measurements, total cholesterol,
LDL cholesterol, HDL cholesterol, and LDL plus VLDL cholesterol; for glucose four measurements, glucose,
insulin, glucose to insulin, and triglyceride), and combined the P-values for each measurement for two statistical
tests (sample clustering and eigengene correlation) into a single combined P-value. Since mice do not have CRP,
CRP-associated CAD-causal modules could not be validated.
siRNA of THP-1 Macrophages Incubated with Acetylated-LDL
Monocytes of the human monocytic cell line THP-1 were plated in six-well culture dishes (Becton Dickinson)
containing 10% fetal calf serum (FCS)-RPMI-1640 medium supplemented with penicillin (100 U/mL) and
streptomycin (100 µg/mL) (PEST) and induced to differentiate into macrophages with phorbol 12-myristate 13acetate (PMA) (50 ng/mL) (Sigma-Aldrich) for 72 hours. For each key driver, cells were transfected with siRNAs
(Ambion, Life Technologies, Table S9), using Lipofectamine 2000 according to the manufacturer's instructions
(Invitrogen), in medium without FCS, PEST, and PMA. Two days after transfection, siRNA-targeted macrophages
and mock-treated controls (nonspecific siRNA) were incubated with AcLDL (50 µg/mL) for 48 hours in 1% FCS
medium with PEST. Thereafter, the cells were examined for effects on the expression of the module genes (see
section Gene Expression Measurements and Hypergeometric Testing for Network Specificity) and CE
accumulation (see section Lipid and Protein Measurements).
AcLDL was prepared as described (Basu et al., 1976). The samples were dialyzed against PBS at 4°C. AcLDL
protein concentration was determined by the Bradford method. LDL was isolated from the plasma of healthy
donors by sequential ultracentrifugation (Redgrave and Carlson, 1979).
Gene Expression Measurements and Hypergeometric Testing for Network Specificity

For differential expression analyses and to determine the degree of silencing by siRNA (Table S9), total RNA
samples were isolated from the targeted THP-1 foam cells with the RNeasy Mini-kit (Qiagen) and concentrations
determined by NanoDrop (Thermo Scientific). The degree of siRNA silencing was determined by TaqMan
analyses (Table S9). cDNA was synthesized from 0.4 g of total RNA with Superscript III (Invitrogen). Diluted
cDNA was amplified by real-time PCR with 1xTaqMan universal PCR master mix (Applied Biosystems)
according to the manufacturer’s protocol. Assay-On-Demand kits with corresponding primers and probes from
Applied Biosystems were used (Table S9); samples were normalized with the comparative Ct method. mRNA
expression profiles of targeted THP-1 foam cells were generated with Agilent Human Custom Gene Expression
Microarray 8x15K, containing the 3 module genes (in total 245 unique genes from the modules 42, 58 and 98)
(spotted in triplicate), according to the manufacturer’s instructions. Quantile normalization method was used to
normalize the data and differentially expressed genes were identified by maintaining P-value (< 0.05) and FDR (<
10%) with the Benjamini-Hochberg procedure (Benjamini and Hochberg, 1995) through the ‘limma’ package in R.
The probability that a key driver was specific for its network rather than not affecting it more than expected by
chance, or affecting all three networks indiscriminately, was calculated by using hypergeometric distribution Pvalues in R with the expression of all module genes as background.
Lipid and Protein Measurements
Lipids from siRNA-targeted THP-1-derived foam cells were isolated by extraction with hexane/isopropanol (3:2)
at room temperature for 1 hour and then with 0.5 ml of chloroform for 15 min (Christoffersen et al., 2006). The
lipids were dried and re-suspended in isopropanol with 1% Triton-X-100 (Sigma-Aldrich). The lipid content of the
foam cells was determined by enzymatic assays using the Infinity kit for total cholesterol (Thermo Scientific) and
a kit for free cholesterol (Wako Chemicals). After lipid extraction, proteins were extracted from the same wells by
incubation with 0.5 M sodium hydroxide for 5 hours at 37C. Protein concentration was determined by the
Bradford method. CE accumulation in the targeted THP-1 foam cells was calculated as total cholesterol – free
cholesterol/protein concentration, relative to control.
Module 42 Connectivity in Independent CAD-Related Gene Expression Data
To assess the module connectivity of module 42 in independent data, we first used a cohort of 39 carotid surgery
patients. For these patients, primary blood macrophage samples (n = 36) and tissue samples from carotid lesions (n
= 25) were obtained and processed as previously described (Hägg et al., 2009). Total RNA was profiled on the
same custom-made HuRSTA-2a520709 Affymetrix arrays and normalized using the same CDF file as the STAGE
samples (see above). Additionally we used online available global gene expression data (GEO: GSE9820) from
lipopolysaccharide-stimulated primary monocyte (n=18) and macrophage (n=18) samples isolated from CAD
patients (Schirmer et al., 2009). To assess module connectivity, we compared the total connectivity (sum of
adjacency values, i.e. weighted correlation coefficients using scaling parameter beta = 6) of the module 42 genes
in the macrophage and carotid lesion samples to the total connectivity of 10000 random gene sets of the same size.
We confirmed that the random connectivities were normally distributed and used their Z-score and P-values from
the normal distribution to test if the real connectivity value deviated significantly from the random ones.
Module Differential Connectivity
Module differential connectivity (MDC) between AAW and IMA was calculated as the ratio of total module
connectivity (sum of adjacency values, i.e. weighted correlation coefficients using scaling parameter beta = 6,
between all pairs of module genes) in AAW to total module connectivity in IMA. MDC was also calculated for VF
genes in module 98 between groups of the STAGE patient according to the allelic distribution of the Chr9p21 risk
SNP (rs4977574).
Reconstruction of A Super Network of CAD-Causal Modules
We constructed a super-network of the 30 CAD-causal modules by calculating the Pearson correlation
(considering common samples between module pairs) between all “module eigengenes” (Langfelder and Horvath,
2007), and keeping all edges with absolute correlation threshold, r > 0.40 and p < 0.05.
Functional Enrichment of Co-Expression Modules Using Gene Ontology
We used Bingo (Maere et al., 2005) to assess the enrichment of gene ontology (GO) molecular functions,
biological processes and cellular component among co-expression modules, using the Fisher exact test, and the
Benjamini-Hochberg FDR method (Benjamini and Hochberg, 1995) to correct for the number of functional
categories tested (GO data-version: 2014-01-29). The top 10 enriched biological processes and molecular
functions are given in Table S3.
Candidate Genes Identified by GWAS

We used 53 genes proposed as CAD candidate genes for genome-wide significant risk loci (p < 1.0 x 10-8) in the
case-control CARDIoGRAM GWAS meta-analysis study (Deloukas et al., 2013) (Table S4). We also used
candidate genes proposed in GWAS for measures of plasma cholesterol (183 genes) and glucose (43) metabolism
(i.e., GWAS linking SNPs to continuous phenotypic variables), and for Type 2 Diabetes (i.e., case-control GWAS)
(62 genes) (Table S4) as listed in the GWAS Catalogue (Hindorff et al.). As for CAD candidate genes, only the
GWA genes for these metabolic traits with genome-wide significance (p < 1 x 10-8) were selected.
Known CAD/Atherosclerosis Genes
5606 published CAD and atherosclerosis related genes were used to validate the identified modules in relation to
current understanding of CAD/atherosclerosis genes. The 5606 genes were obtained as the union of 4275 genes
obtained from the Cardiovascular Gene Annotation group through QuickGO (Binns et al., 2009), 2667 genes from
(Hägg et al., 2009), 1718 genes from (Skogsberg et al., 2008), 204 genes from (Osborne et al., 2009), and the 53
CAD candidate genes (Deloukas et al., 2013).
Transcription Factor Genes in Co-Expression Modules
542 transcription factor (TF) genes (Table S5) were identified in the 171 co-expression modules using the
functional annotation table (version January, 2014) of the DAVID bioinformatics resource (Huang et al., 2009).
Genes were considered TFs if belonging to any of the following gene ontologies: ‘transcription activator activity’,
‘transcription co-activator activity’, ‘transcription factor binding’, ‘transcription repressor activity’, ‘transcription
regulator activity’, ‘transcription cofactor activity’, ‘transcription co-repressor activity’.
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