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Abstract

Background Insulin is known to be associated with a higher risk of coronary artery disease (CAD), but molecular
mechanisms remain unclear. This study aimed to explore protein-mediated pathways linking fasting insulin to CAD
using Mendelian randomization (MR).

Methods This MR study examined the association between fasting insulin and CAD using genome-wide associa-
tion study (GWAS) data from MAGIC and CARDIoGRAMplusC4D. To investigate underlying mechanisms, a two-step
proteome-wide MR analysis was conducted. First, associations of fasting insulin with 2940 circulating proteins were
assessed using GWAS of proteomics from UKB-PPP. Proteins affected by insulin were then analyzed for their associa-
tion with CAD risk. Proteins selected in both steps were considered as potential mediators. Sensitivity analyses to test
whether associations are robust to pleiotropy and replication using other GWAS data, including GWAS of proteomics
from deCODE and GWAS of CAD from FinnGen Biobank, were performed.

Results Genetically predicted insulin was associated with a higher risk of CAD (odds ratio 1.79, 95% confidence
interval 1.34 to 2.40). At a false discovery rate of 0.05, insulin affected 355 proteins, ten of which were both increased
by insulin and linked to a higher risk of CAD. After sensitivity and replication analyses, PLA2G7, GZMA, LDLR, AGRP,
and HHEX were identified as reliable mediators. Mediation analyses using non-pleiotropic instruments showed

that PLA2G7, GZMA, LDLR, and AGRP explained 19.50%, 6.91%, 19.31%, and 29.66% of insulin’s total effect on CAD,
respectively.

Conclusions This study identified five protein mediators linking insulin to CAD. These proteins could be considered
as potential targets to mitigate insulin-related cardiovascular risk, providing novel insights for drug repurposing.
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Background

Insulin is a key hormone regulating glucose metabolism.
As early as the 1980s, Reaven’s hypothesis indicated that
hyperinsulinemia arising from insulin resistance contrib-
uted to metabolic syndrome and hence involved in the
etiology of coronary artery disease (CAD) [1]. Later epi-
demiologic studies added to the evidence by showing that
high fasting insulin concentrations were associated with
increased CAD risk and mortality, such as the Busselton
study [2], the Helsinki study [3], and the Paris Prospec-
tive Study [4].

Despite insulin’s recognized role in CAD, the specific
mechanisms remain unelucidated. The physiological
function of insulin is usually seen in association with its
role in maintaining glucose homeostasis, but as a major
anabolic hormone, insulin also stimulates various meta-
bolic processes, such as the promotion of protein syn-
thesis [5]. Proteins, which are downstream products of
metabolic processes and modifiable targets for dietary
or pharmacological interventions, serve as critical bio-
markers and potential drug targets for diseases, including
CAD [6]. The use of proteins as intermediate pheno-
types could offer valuable insights into the mechanistic

pathways linking insulin to CAD. However, findings from
observational studies are often confounded by environ-
mental factors, limiting robust causal inference.

Mendelian randomization (MR) offers a powerful
approach to address this concern. By leveraging genetic
variants as instrumental variables which were randomly
allocated at conception, MR can infer causal relation-
ships that are less vulnerable to the influence of environ-
mental confounders [7], which are difficult to tackle in
traditional observational studies. For example, previous
observational studies have the limitation of unmeasured
confounding or residual confounding by BMI, health sta-
tus, or mediation uses [8—10]. Existing MR studies gave
supported evidence for the unfavorable associations of
insulin with cardiovascular events and its risk factors,
such as blood pressure and lipid profile [11-13], impli-
cating insulin’s broader pathophysiological effects, but
the mechanisms via proteins have not been clarified. The
availability of large GWAS of proteins provides us the
opportunity to comprehensively examine the mediating
role of proteins in the insulin-CAD relationship.

In this study, we first examined the association between
insulin and CAD risk using the latest genome-wide
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association study (GWAS) data. Then to explore the
molecular pathways underlying insulin’s effects, we con-
ducted a two-step proteome-wide MR analysis leveraging
GWAS of 2940 proteins from the UK Biobank Pharma
Proteomics Project (UKB-PPP). We aimed to identify
circulating proteins associated with fasting insulin and
explore the mediating proteins linking insulin to the risk
of CAD.

Methods

The association of genetically predicted fasting insulin
with the risk of CAD

We examined the association of fasting insulin on
the risk of CAD using two-sample MR by applying
genetic instruments predicting insulin to the GWAS
of CAD. GWAS summary statistics for fasting insulin
were obtained from the Meta-Analysis of Glucose and
Insulin-related Traits Consortium (MAGIC) [14]. A
total of 151,013 individuals of European ancestry from
69 cohorts contributed to the meta-analysis of insulin
levels. Individuals with a physician’s diagnosis of diabe-
tes, reported use of diabetes-relevant medication(s), or
abnormal levels of fasting plasma glucose, 2-h plasma
glucose, or HbAlc were excluded from the analysis.
Measures for fasting insulin were taken from whole
blood in pmol/l and were corrected to plasma level
using the correction factor 1.13 [15]. Genetic associa-
tions were obtained from linear regression adjusting
for BMI, study-specific covariates (such as age and sex),
and principal components. GWAS summary statistics
for CAD were obtained from a GWAS meta-analysis
in CARDIoGRAMplusC4D (including UK Biobank),
which involved 122,733 cases and 424,528 controls, pri-
marily of European ancestry [16]. Prevalence and inci-
dence data on CAD were collected at the Assessment
Centre in-patient Health Episode Statistics (HES) using
the following ICD 10 codes: 121-125 and the follow-
ing Office of Population Censuses and Surveys Clas-
sification of Interventions and Procedures, version 4
(OPCS-4) codes: K40-K46, K49, K50, and K75, which
includes therapeutic operations on coronary artery.
Self-reported CAD was also included. The genetic asso-
ciations were obtained from logistic regression adjust-
ing for age, sex, the first 30 principal components, and
genotyping array.

Genetically predicted fasting insulin was defined as
fasting insulin levels proxied by genetic variants that
were strongly associated with fasting insulin concentra-
tions identified from GWAS. Specifically, genome-wide
significant (P<5x107%) and uncorrelated (r*<0.01) sin-
gle nucleotide polymorphisms (SNPs) were selected as
instrumental variables (IVs) for fasting insulin. We calcu-
lated the F-statistic using an established approximation
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to check the strength of each SNP [17]. A cut-off of 10
was used as a “rule of thumb” to distinguish between
strong and weak instruments. SNP with an F-statistic < 10
was removed from the I'Vs. In the main analysis, MR esti-
mates were derived from the meta-analysis of the Wald
estimates (genetic association with CAD divided by the
genetic association with fasting insulin) for each SNP,
using inverse variance weighting (IVW) with multiplica-
tive random effects [18].

To account for potential pleiotropy, we conducted sev-
eral sensitivity analyses. First, we used several MR meth-
ods with different assumptions, including MR-Egger,
weighted median, MR Robust Adjusted Profile Score
(MR-RAPS), and MR Pleiotropy RESidual Sum and
Outlier (MR-PRESSO) [19-22]. Second, we examined
the genetic associations of each genetic instrument for
insulin with the risk of CAD using GWASs from CAR-
DIoGRAMplusC4D, the FinnGen Biobank, and the UK
Biobank. We repeated the MR analysis by excluding those
SNPs associated with CAD directly at genome-wide sig-
nificance from IVs. Third, we also checked whether the
selected IVs for insulin were associated with potential
confounders using GWASs from the UK Biobank, includ-
ing Townsend index, education, smoking status, alcohol
drinking, physical activity, and BMI. We repeated the MR
analysis excluding those SNPs associated with any con-
founders at genome-wide significance from I'Vs.

Two-step proteome-wide MR analysis to identify protein
mediators

Data sources

We obtained genetic associations for 2940 circulating
protein levels from the UK Biobank Pharma Proteom-
ics Project (UKB-PPP) [23]. The UK Biobank (UKB)
is a large-scale biomedical database with genetic and
health data from over 500,000 UK participants aged
40-69, with a median follow-up of 11.1 years [24]. UKB-
PPP, involving 54,219 participants from UKB, aimed
to expand proteogenomics, creating a comprehensive
protein quantitative trait locus (pQTL) database to aid
biomarker and drug discovery [23]. Circulating levels of
2940 proteins were measured from blood plasma sam-
ples across eight protein panels (2940 available), includ-
ing cardiometabolic, cardiometabolic II, inflammation,
inflammation II, neurology, neurology II, oncology, and
oncology II. Genetic associations with these proteins
were derived using linear regression, adjusting for age,
age’, sex, age X sex, age’x sex, batch, UKB center, UKB
genetic array, time between blood sampling and meas-
urement, and the first 20 genetic principal components.
We used GWAS data from the discovery cohort which
were restricted to participants of European ancestry
(n=34,557).
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Two-step MR analysis
In step 1, we performed a two-sample MR analysis to
assess the causal associations of fasting insulin with
2940 proteins using the genetic instruments for insu-
lin obtained from the above analysis. IVW method was
used in the main analysis. A false discovery rate (FDR) of
5% was used as the threshold. The results of insulin with
2940 proteins were visualized using volcano plots. In step
2, for proteins affected by fasting insulin identified in step
1, we used cis- and trans-pQTL variants that were signifi-
cant (P<5x107%) and uncorrelated (+*<0.01) as genetic
instruments for the identified proteins and examined
their associations with the risk of CAD. IVW was used
in the main analysis. Wald ratio was used if only one SNP
was available. MR Steiger directionality test was used to
infer the causal direction between exposure and outcome
by comparing the total proportion of variance explained
by all genetic instruments in each trait. The test was
implemented using the “mr_steiger” function in the
“TwoSampleMR” package. When instruments account
for a greater proportion of variance in the exposure than
in the outcome (P value for Steiger test<0.05), this sup-
ports a causal direction from exposure to outcome [25].
We used heatmaps to visualize the proteins affected by
fasting insulin and the associations between these pro-
teins and CAD risk. Proteins mediating the positive effect
of fasting insulin on CAD were identified based on the
following criteria: (1) increased by insulin and also ele-
vated CAD risk or decreased by insulin and simultane-
ously reduced CAD risk and (2) robust in the sensitivity
analyses and validation analyses.

Sensitivity analyses

For the proteins met the criteria (1), we conducted sev-
eral sensitivity analyses. First, we repeated two-step MR
analyses using weighted median, MR-PRESSO, MR-
RAPS, and MR-Egger methods to detect the directional
consistency of effects. Second, we removed SNPs asso-
ciated with outcome (CAD) directly at genome-wide
significance in any of the CARDIoGRAMplusC4D, the
FinnGen Biobank, or the UK Biobank and repeated the
two-step MR. Third, we removed SNPs associated with
Townsend index, education, smoking status, alcohol
drinking, physical activity, or BMI in the UK Biobank at
genome-wide significance and repeated the two-step MR.
Fourth, for protein mediators, we examined the genetic
associations of each genetic instrument with all other
proteins in the UKB-PPP, using a significance threshold
of P<1.7x107'! (5x1078/2923 unique proteins). We
repeated the analyses only using non-pleiotropic pQTLs
(i.e, pQTLs associated with no other proteins) as IVs.
Additionally, following a previous MR study [26], we also
used less stringent criteria (i.e., pQTLs associated with
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fewer than 5 or 7 proteins) to select IVs. Fifth, we rep-
licated the analyses using cis-pQTLs, i.e., SNPs located
within £ 500 kb of the gene encoding the protein [6], as
IVs for each protein; we also used the more stringent
threshold P<1.7x 107! to select genetic instruments for
each protein. Proteins passed sensitivity analyses were
included in validation analyses.

Validation analyses

Several validation analyses were performed to check
whether the insulin-protein-CAD associations could
be replicated. First, to address concerns that adjust-
ing BMI for fasting insulin may lead to possible collider
bias, we used genetic instruments for insulin unadjusted
for BMI from another MAGIC effort, including 108,557
participants of European ancestry [27], and repeated
the MR analyses of insulin with CAD and proteins. Sec-
ond, we used GWAS summary statistics from different
data sources. Specifically, we obtained genetic associa-
tions with proteins from deCODE genetics, conducted in
35,559 Icelanders [28]. We also obtained genetic associa-
tions with the risk of CAD from FinnGen Biobank, which
involved 21,012 CAD cases and 197,780 controls.

Mediation analyses
Mediation analyses were conducted for protein mediators
selected from two-step MR and robust in the sensitivity
analyses and validation analyses. We used the product of
coefficients method to obtain the indirect effect, i.e., the
effect of fasting insulin on the risk of CAD via the media-
tor. Specifically, we multiplied the causal effect of insulin
on the protein from step 1 MR with the direct effect of
the protein mediator on the CAD derived from multivar-
iable MR using the IVW method. To account for poten-
tial pleiotropy, we only used non-pleiotropic pQTLs (i.e.,
pQTLs associated with no other proteins) as genetic
instruments for protein mediators. The delta method was
used to calculate the standard error (SE) and 95% CI of
the indirect effect [29]. The proportion mediated was cal-
culated by dividing the indirect effect by the total effect.
All statistical analyses were performed using R (Foun-
dation for Statistical Computing, Vienna, Austria;

Table 1 Univariable MR analyses of genetically predicted fasting
insulin with the risk of CAD

Method OR 95% Cl P value

VW 1.7933 (1.34, 2.40) 8.16E—05
MR-Egger 1.4530 (0.59, 3.56) 4.19E-01
Weighted median 2.2690 (1.80, 2.86) 298E—-12
MR-RAPS 1.9246 (142, 2.60) 2.03E-05
MR-PRESSO 2.1087 (1.68,2.64) 1.78E-07
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version 4.3.1). MR analyses were performed using
the “TwoSampleMR, “MendelianRandomization,’
“MRPRESSO;” and “mr.raps” R packages; figures were
created using “forestplot,” “ggplot2,” “ggVolcano,” “Com-

RColorBrewer,” and “gridEx-

» o«

plexHeatmap,
tra” R packages.

» o«

circlize,

Ethics statement

This study used only published summary data from
studies involving human participants, with written
informed consent and approval by their respective
institutional ethics review committees. No additional
ethical approval was required. Written informed con-
sent was obtained from all individual participants for
each of the studies included in the analysis and can be
found in the original publications.

Results

The effect of fasting insulin on the risk of CAD

Forty-four SNPs were identified as genetic instru-
ments for fasting insulin (Additional file 1: Table S1).
Based on F-statistic, all these SNPs were considered
as strong instruments. Univariable MR analysis using
IVW showed that genetically predicted fasting insulin
was associated with a higher risk of CAD (OR 1.79, 95%
CI 1.34 to 2.40, P value 8.16 x107°). In the sensitivity
analyses, the significant association was robust to the
weighted median, MR-RAPS, and MR-PRESSO method
(Table 1). rs998584 was associated with CAD directly
in CARDIoGRAMplusC4D (Additional file 2: Fig. S1),
and the result was unchanged after removing rs998584
(OR 1.72, 95% CI 1.30 to 2.28, P value 1.63x107%).
rs1260326, rs10865959, rs13280813, rs7012814,
rs7903146, and rs12454712 were related to alcohol
drinking and BMI in the UK Biobank (Additional file 2:
Fig. S2), and the significant association remained after
removing these SNPs (OR 2.24, 95% CI 1.76 to 2.86, P
value 1.02x 10719),

Protein mediators on the associations of fasting insulin
with CAD

After accounting for FDR, fasting insulin was associated
with 355 circulating levels of proteins, including 97 pro-
teins in the cardiometabolic panel, 112 proteins in the
inflammation panel, 70 proteins in the neurology panel,
and 76 proteins in the oncology panel (Fig. 1). Detailed
results of insulin with 2940 proteins are shown in the
Additional file 1: Table S2.

As shown in Fig. 2, among these 355 proteins affected
by insulin, 17 proteins were shown to be associated with
the risk of CAD after accounting for FDR, including
ZHX2,CD164L2, PLA2G7, GZMA, LDLR, AGRP, GAST,
KRTS8, SCRIB, MICB, CCL4, PTPRC, CPXM2, CSF2,
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CD5, HHEX, and STAB2 (detailed results are presented
in Additional file 1: Table S3). Genetic predicted fasting
insulin was associated with a higher circulating level of
these 17 proteins. Ten proteins (PLA2G7, GZMA, LDLR,
AGRP, GAST, CCL4, PTPRC, CPXM2, CD5, and HHEX)
also showed a positive association with the risk of CAD
(Fig. 3). Steiger test supported the causal direction for
these insulin-proteins and proteins-CAD associations
(Additional file 1: Table S4). These ten proteins met the
criteria (1) for mediating the positive effects of insulin on
CAD and were included in the following sensitivity anal-
yses and validation analyses.

Genetic instruments for these ten proteins are pre-
sented in Additional file 1: Table S5. Eight proteins
(PLA2G7, GZMA, LDLR AGRP, CCL4, PTPRC, CPXM2,
and CD5) had both cis-pQTLs and trans-pQTLs, while
GAST and HHEX had trans-pQTLs only. In the sensitiv-
ity analyses, MR-Egger, weighted median, MR-RAPS, and
MR-PRESSO gave directionally consistent estimates with
results from two-step MR using IVW, except for the asso-
ciation of insulin with CPXM2 using MR-Egger method
(Additional file 1: Table S6). Associations of genetic
instruments for ten proteins with the risk of CAD are
shown in Additional file 2: Figs. S3—S12. After removing
SNPs associated with CAD directly, associations of insu-
lin with these ten proteins, as well as PLA2G7, GZMA,
LDLR, AGRP, GAST, CCL4, CPXM2, and HHEX with
CAD, remained significant (Additional file 1: Table S7).
Associations of genetic instruments for ten proteins with
potential confounders, i.e., Townsend index, education,
smoking status, alcohol drinking, physical activity, or
BM]I, are shown in Additional file 2: Figs. S13-S22. After
removing SNPs associated with confounders, except for
insulin with CPXM2, all associations remained signifi-
cant (Additional file 1: Table S8). The number of proteins
associated with each genetic instrument for these pro-
teins are shown in Additional file 1: Table S5. When using
IVs associated with no other proteins, the associations
of all proteins except for CD5 and HHEX with the risk
of CAD remained. The association of HHEX with CAD
remained when using IVs associated with fewer than 7
proteins (Additional file 1: Table S9). When we restricted
the analyses to cis-pQTLs, we found consistent direc-
tions of associations of PLA2G7, GZMA, AGRP, CCL4,
CPXM2, and CD5 with CAD, despite with wider confi-
dence intervals (Additional file 1: Table S10). For LDLR,
only one cis-pQTL was identified (rs41307025) and it
was unavailable in the CARDIoGRAMplusC4D. When
using pQTLs at P<1.7x 107! as IVs, the causal effects
of PLA2G7, GZMA, LDLR, AGRP, GAST, and HHEX
on the risk of CAD remained significant, while those of
CCL4, PTPRC, CPXM2, and CD5 did not (Additional
file 1: Table S10).
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Fig. 1 Volcano plot on the associations of genetically predicted fasting insulin with 2940 proteins using the inverse-variance weighted method.
A Volcano plot of insulin with proteins in cardiometabolic panel. B Volcano plot of insulin with proteins in inflammation panel. C Volcano plot
of insulin with proteins in neurology panel. D Volcano plot of insulin with proteins in oncology panel. The x-axis represents beta estimates,

and the y-axis represents —log10(P) values from MR analyses. Red dots represent proteins associated with fasting insulin with FDR < 5% and beta > 0;
blue dots represent proteins associated with fasting insulin with FDR < 5% and beta < 0. Gray dots represent proteins that failed to pass FDR=5%.

The most significant 50 proteins are labeled with their names

We included PLA2G7, GZMA, LDLR, AGRP, GAST,
and HHEX, which passed the sensitivity analyses in the
validation analyses. Results of validation analyses are

shown in Table 2. When using 12 genetic instruments

predicting insulin unadjusted for BMI (Additional file 1:

Table S11), the associations of insulin with CAD, GZMA,
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Fig. 2 Heatmap for the effects of insulin-affected proteins on the risk of CAD using the inverse-variance weighted method. A Heatmap for proteins
in the cardiometabolic panel. B Heatmap for proteins in the inflammation panel. C Heatmap for proteins in the neurology panel. D Heatmap

for proteins in the oncology panel. The inner circle presented the associations of fasting insulin with 355 proteins selected from step 1 MR. The
outer circle presented the associations of these insulin-affected proteins with the risk of CAD derived from step 2 MR. Significance is marked with *
for FDR < 5%

LDLR, and HHEX remained significant. The deCODE  consistent estimates with those using data from UKB-
genetics consortium provided GWAS summary statistics ~ PPP, and the associations of PLA2G7 with CAD, insulin
only for PLA2G7, GZMA, LDLR, and AGRP. Replication =~ with GZMA, and GZMA with CAD remained signifi-
analysis using data from deCODE showed directionally  cant. In replication analysis using GWAS data of CAD
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Fig. 3 Insulin-proteins-CAD associations selected from two-step MR

from FinnGen Biobank, except for GAST, all associations
were directionally consistent with results using data from
CARDIoGRAMplusC4D, and the associations of insulin
with CAD, and PLA2G7, GZMA, LDLR. and AGRP with
CAD remained significant. We therefore excluded GAST
from mediators.

Mediation analyses

PLA2G7, GZMA, LDLR, AGRP, and HHEX were
robust in sensitivity analyses and validation analyses
and were identified as reliable mediators. However,
when using non-pleiotropy pQTLs (i.e., pQTLs asso-
ciated with no other proteins) as IVs, the association
of HHEX with CAD was not statistically significant;
therefore, we removed HHEX from mediation analy-
ses. Results of multivariable MR are shown in Addi-
tional file 1: Table S12. Mediation analyses showed via
protein mediators, insulin had a positive indirect effect
on the risk of CAD. The mediation proportions of
PLA2G7, GZMA, LDLR, and AGRP are 19.50%, 6.91%,
19.31%, and 29.66%, respectively (Table 3).

Discussion

Our findings, together with previous observational
and MR studies [5, 11-13, 30], support a causal posi-
tive association of fasting insulin with the risk of CAD.
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Direction Beta (95% Cl) P value
Insulin => MICB —— 0.28 (0.14, 0.42) 1e-04
MICB -> CAD [ ] -0.02(-0.03, -0.01)  7e-04
Chsum-cote - —=— 0m@M.060 se0s
CCL4 -> CAD a 0.07 (0.03, 0.11) 6e-04
CisunspreR = 052034070) 2008
PTPRC —> CAD -0 0.18 (0.08, 0.28) 6e-04
Cinsuin>cPxv2 —m— 022(007,087) 5003
CPXM2 —> CAD ] 0.03 (0.01, 0.05) 9e-04
Chsuinscsf2 - . 025(009,041) 3008
CSF2 —> CAD ] -0.07 (-0.11,-0.03)  1e-03
Insulin —> CD5 —— 0.35 (0.14, 0.56) 1e-03
CD5 —-> CAD - 0.16 (0.06, 0.25) 1e-03
Insulin -> HHEX —a— 0.41(0.16, 0.66) 2e-03
HHEX -> CAD —— 0.35 (0.14, 0.56) 1e-03
Insulin —> STAB2 —u— 0.58 (0.35, 0.82) 1e-06
STAB2 —> CAD L} -0.05 (-0.08, -0.02)  2e-03

—
08 o
Beta with 95% CI

Using proteomics in the MR analysis, we found 355 pro-
teins affected by fasting insulin and identified PLA2G?7,
GZMA, LDLR, AGRP, and HHEX as potential media-
tors linking insulin to CAD. Genetically predicted fasting
insulin increased the levels of proteins PLA2G7, GZMA,
LDLR, AGRP, and HHEX and these proteins were associ-
ated with a higher risk of CAD, with replication of these
findings in different data sources. Mediation analysis
supported the mediating role of PLA2G7, GZMA, LDLR,
and AGRP, adding evidence to the biological mechanisms
behind the effects of insulin on CAD.

Existing evidence showed that insulin accelerates ath-
erosclerosis development possibly by inhibiting lipolysis
and increasing the synthesis of cholesterol, phospholip-
ids, and triglyceride, which results in the accumulation of
lipids and attraction of inflammatory cells in the vascu-
lar wall [30]. In this study, we identified PLA2G7 as an
actionable mediator of the effect of insulin on the risk
of CAD. PLA2G?7 is a phospholipase involved in phos-
pholipid catabolism during inflammatory and oxidative
stress responses. In vitro experiment has shown that
insulin acts as a positive regulator of PLA2G7 activity
[31]. Our findings provide genetic evidence supporting
a link between insulin and PLA2G7 levels in humans,
though the causality requires further experimental vali-
dation. Observational studies and MR studies using
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Table 2 Validation analysis for significant insulin-protein-CAD
associations

Beta 95% Cl P value

Genetic instruments for insulin unadjusted for BMI from MAGIC®

Insulin— CAD 0.6074 (0.08,1.13) 240E-02
Insulin— PLA2G7 0.2148 (—0.26,0.69) 3.80E-01
Insulin — GZMA 04018 (0.08,0.72) 1.38E—-02
Insulin— LDLR 0.7640 (0.23,1.30) 5.25E-03
Insulin— AGRP 0.2822 (-=0.15,0.72) 2.02E-01
Insulin— GAST 0.1846 (=0.17,0.54) 3.10E-01
Insulin—HHEX 0.5575 (0.24,0.88) 6.10E—-04
Genetic associations with proteins from deCODE®

Insulin— PLA2G7 0.1600 (=0.07,0.39) 1.64E-01
PLA2G7 — CAD 0.0928 (0.03,0.15) 3.18E-03
Insulin —GZMA 0.2102 (0.01,041) 3.62E—-02
GZMA— CAD 0.0631 (0.02,0.10) 2.92E-03
Insulin—LDLR 0.0921 (=0.11,0.30) 3.79E-01
LDLR— CAD 0.0406 (=0.19,0.28) 7.34E-01
Insulin— AGRP 0.1909 (-=0.05,043) 1.15E-01
AGRP— CAD 0.0033 (—0.03,0.04) 845E—-01
Genetic associations with CAD from FinnGen Biobank®

Insulin— CAD 0.6754 (0.31,1.04) 2.66E—04
PLA2G7 — CAD 04107 (0.25, 058) 1.14E-06
GZMA— CAD 0.0988 (0.01,0.18) 247E-02
LDLR— CAD 0.2185 (0.12,032) 342E-05
AGRP — CAD 0.2667 (0.06,0.47) 1.19E-02
GAST— CAD -0.1784 (—0.30,—0.05) 5.36E—-03
HHEX — CAD 0.2962 (-=0.02,061) 6.73E-02

@ Genetic association with proteins and CAD were obtained from UKB-PPP and
CARDIoGRAMplusC4D, respectively

b Genetic association with insulin and CAD were obtained from MAGIC and
CARDIoGRAMplusC4D, respectively

€ Genetic association with insulin and proteins were obtained from MAGIC and
UKB-PPP, respectively

Table 3 Mediation analyses of protein mediators in the
association of fasting insulin with the risk of CAD

Protein Indirect effect of insulin on CAD Mediation
via protein (beta (95% CI))® proportion (% (95%
an®
PLA2G7 .11 (0.04,0.19) 19.50% (6.79%, 32.20%)
GZMA 04 (0.01,0.07) 6.91% (2.19%, 11.63%)
LDLR .11 (0.01,0.21) 19.31% (2.45%, 36.17%)
AGRP .17 (0.03,0.31) 29.66% (5.68%, 53.62%)

@ Beta and its 95% Cl of indirect effects were obtained using the product of
coefficients method and the delta method

b The mediation proportions were calculated as indirect effect divided by the
total effect
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different genetic instruments showed PLA2G7 were
positively associated with proatherogenic lipids and the
risk of coronary heart disease, expected to be a potential
therapeutic target for coronary atherosclerosis, which is
consistent with our results [32, 33]. However, evidence
from RCTs with consistent results is lacking; exploring its
efficacy especially in hyperinsulinemia populations or in
patients with type 2 diabetes may be warranted.

We also found that insulin may elevate the risk of CAD
by increasing circulating levels of LDLR. LDLR is a cell
surface glycoprotein with the ability of binding and up
taking of plasma low-density lipoprotein (LDL) particles
[34]. Consistent with our findings, insulin was found to
be a stimulant of LDLR, associated with increased expres-
sion of LDLR [35]. Circulating LDLR is thought to be a
product of LDLR shedding from the cell surface. Existing
experimental and epidemiological studies showed that
elevated circulating levels of LDLR were associated with
poor lipid profiles and a higher risk of atherosclerosis and
CAD, suggesting that alteration of LDLR shedding can
emerge as a target to treat dyslipidemia [36-38]. Insulin
may facilitate this process and increase LDLR levels in
circulation, thereby promoting CAD.

In addition to proteins relevant to lipid metabolism,
we also found three novel proteins GZMA, AGRP, and
HHEX affected by fasting insulin and associated with
an increased risk of CAD. GZMA is the most abundant
protease in the cytotoxic granules of killer cells and pos-
sesses pro-inflammatory activity [39]. GZMA is impli-
cated in several inflammatory diseases, and early studies
have reported its elevation in murine atherosclerotic
plaques, potentially due to the increased inflamma-
tion and immune system overactivity it induces [40, 41].
While direct evidence on how insulin influences GZMA
is lacking, previous studies have shown significant cor-
relations between insulin and the secretion or activity
of cytotoxic T cells and NK cells, the primary producers
of GZMA, suggesting that insulin may indirectly affect
GZMA levels [42, 43]. Interestingly, AGRP is a neuro-
peptide produced in the hypothalamic arcuate nucleus
and is well-known for its potent orexigenic effects [44].
Activation of AGRP neurons leads to decreased energy
expenditure, weight gain, and increased blood pressure,
indicating its potential role in cardiovascular regulation
[45]. AGRP neuron function is regulated by various hor-
mones, including insulin, and in turn, efferent signals
from AGRP neurons modulate insulin action on hepatic
glucose production [46, 47]. The identification of this
mediator may improve the understanding of the neu-
ral actions of insulin. We also identified HHEX linking
insulin to CAD. HHEX is reported to be a diabetes gene
whose expression is required for §-cell maintenance and
islet function [48]. And mutations in HHEX gene were
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found to be associated with abnormalities of cardiac and
vascular development [49]. However, this finding should
be interpreted with caution, as the genetic instruments
for HHEX are only from trans-pQTLs, some of which are
highly pleiotropic, and genetic instruments for HHEX
were not available in other datasets for replication. Drug
targets developed against these proteins may offer new
therapeutic strategies for CAD, particularly in popula-
tions at high risk for diabetes. However, to our knowl-
edge, no relevant clinical trials have been conducted to
explore this potential.

This is the first study using MR analyses and proteomics
to explore the mechanisms via proteins of insulin’s effect
on CAD. By identifying proteins involved in lipid metab-
olism, such as PLA2G7 and LDLR, along with three novel
proteins—GZMA, AGRP, and HHEX—as mediators,
this study provides novel insights for the development
of targeted therapies against the cardiovascular disease
risk associated with high insulin. Despite the novelty,
we acknowledge several limitations. First, MR estimates
may be less precise since the genetic instruments capture
only a small proportion of variance. To address this, we
used GWAS summary statistics from large consortia or
meta-analyses and performed replication analyses when
available. Second, MR relies on three key assumptions,
i.e., the relevance, independence, and exclusion-restric-
tion assumption [7], which may be subject to violation.
To satisfy the relevance assumptions, we only used strong
instruments for fasting insulin or proteins. There is a con-
cern that trans-pQTLs are more likely to have pleiotropic
effects. However, the directions of associations are con-
sistent when using cis-pQTLs, despite with wider con-
fidence intervals. This is possibly due to the less genetic
instruments and therefore lower power. Moreover, we
obtained consistent associations when using a range of
sensitivity analyses, including using different analytic
methods robust to pleiotropy, excluding pleiotropic SNPs
associated with outcome (CAD) or potential confound-
ers, limiting instruments to those associated with none
or few other proteins, applying a more stringent signifi-
cance threshold (P<1.7x107'!) to select instruments,
and replication analyses using different independent data
sources with different confounding structures. Third,
sample overlap may bias two-sample MR results. How-
ever, a simulation study suggested that MR results from
overlapping samples in large cohorts like the UK Biobank
are valid [50]. And we also used data from the Icelanders
and FinnGen Biobank which does not overlap to validate
our results. Fourth, although the protein mediators in
this study were strictly selected, it is possible that some
other protein mediators were not selected due to the lack
of statistical significance [51]. And we cannot rule out the
possibility that other unmeasured proteins are involved
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in the mechanism of insulin effects. Further studies in
larger sample sizes and larger proteomics datasets would
be needed, but we used by far the largest dataset avail-
able. To increase the validity, we also conducted several
replication analyses and only included the proteins that
remained after replication as mediators. Fifth, we only
used data from people of European ancestry consider-
ing population stratification might confound MR esti-
mates, so the findings cannot be generalizable to other
populations. Future studies assessing the effects in non-
European populations, like East Asians, are needed, but
we cannot find large GWAS of proteins with comparable
sample sizes in non-European populations by far. Lastly,
the mediation proportion, such as 6.91% for GZMA, is
modest. However, it offers valuable insights into the bio-
logical mechanisms linking fasting insulin to CAD and
should not be underestimated. In addition, the roles of
epigenetic and environmental factors in mediating insu-
lin’s effects also warrant investigation in future studies.

Conclusions

In conclusion, we found 355 proteins affected by fasting
insulin and identified PLA2G7, GZMA, LDLR, AGRP,
and HHEX as key mediators on the pathway from insu-
lin to CAD. These findings offer new insights into the
biological mechanisms linking insulin to CAD and sug-
gest potential therapeutic targets for mitigating insulin-
related cardiovascular risk by modulating the specific
proteins identified. Further research is needed to validate
these findings, and caution is advised in their clinical
application.
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