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ORIGINAL RESEARCH

Insights Into Causal Effects of Genetically 
Proxied Lipids and Lipid-Modifying Drug 
Targets on Cardiometabolic Diseases
Liwan Fu , PhD; Qin Liu, MM; Hong Cheng, MB; Xiaoyuan Zhao, MB; Jingfan Xiong, MB; Jie Mi , PhD

BACKGROUND: The differential impact of serum lipids and their targets for lipid modification on cardiometabolic disease risk is 
debated. This study used Mendelian randomization to investigate the causal relationships and underlying mechanisms.

METHODS: Genetic variants related to lipid profiles and targets for lipid modification were sourced from the Global Lipids 
Genetics Consortium. Summary data for 10 cardiometabolic diseases were compiled from both discovery and replication 
data sets. Expression quantitative trait loci data from relevant tissues were employed to evaluate significant lipid-modifying 
drug targets. Comprehensive analyses including colocalization, mediation, and bioinformatics were conducted to validate the 
results and investigate potential mediators and mechanisms.

RESULTS: Significant causal associations were identified between lipids, lipid-modifying drug targets, and various cardiometa-
bolic diseases. Notably, genetic enhancement of LPL (lipoprotein lipase) was linked to reduced risks of myocardial infarction 
(odds ratio [OR]1, 0.65 [95% CI, 0.57–0.75], P1=2.60×10−9; OR2, 0.59 [95% CI, 0.49–0.72], P2=1.52×10−7), ischemic heart dis-
ease (OR1, 0.968 [95% CI, 0.962–0.975], P1=5.50×10−23; OR2, 0.64 [95% CI, 0.55–0.73], P2=1.72×10−10), and coronary heart 
disease (OR1, 0.980 [95% CI, 0.975–0.985], P1=3.63×10−14; OR2, 0.64 [95% CI, 0.54–0.75], P2=6.62×10−8) across 2 data sets. 
Moreover, significant Mendelian randomization and strong colocalization associations for the expression of LPL in blood and 
subcutaneous adipose tissue were linked with myocardial infarction (OR, 0.918 [95% CI, 0.872–0.967], P=1.24×10−3; PP.H4, 
0.99) and coronary heart disease (OR, 0.991 [95% CI, 0.983–0.999], P=0.041; PP.H4=0.92). Glucose levels and blood pres-
sure were identified as mediators in the total effect of LPL on cardiometabolic outcomes.

CONCLUSIONS: The study substantiates the causal role of lipids in specific cardiometabolic diseases, highlighting LPL as a 
potent drug target. The effects of LPL are suggested to be influenced by changes in glucose and blood pressure, providing 
insights into its mechanism of action.
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Cardiometabolic diseases continue to be the 
primary reason for illness and death globally, 
resulting in roughly 18.6 million fatalities each 

year, constituting nearly a quarter of all deaths world-
wide.1,2 Predominantly, ischemic heart diseases, 

strokes, and hypertensive heart diseases are the 
leading causes of these deaths.3 Despite the potential 
for lifestyle modifications to mitigate the risk of these 
conditions,4,5 pharmacotherapeutic interventions are 
essential for maintaining cardiometabolic health in 
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high-risk individuals.6 Moreover, lipid levels are pivotal 
in the development of cardiometabolic diseases,7,8 al-
though findings from observational studies may be 
influenced by reverse causation or confounding vari-
ables. Recent advancements in pharmacotherapy 
targeting blood lipid metabolism have shown promise 
in the prevention and treatment of cardiometabolic 
diseases.9 Notably, therapies that modulate low-
density lipoprotein (LDL) cholesterol, such as mipo-
mersen targeting apoB (apolipoprotein B-100), and 
those affecting triglyceride levels, such as LPL (lipo-
protein lipase) and ANGPTL3 (angiopoietin-related 
protein 3), operate through distinct lipid metabolic 
pathways,10 suggesting varied impacts on cardiomet-
abolic outcomes.

The growing repository of genome-wide asso-
ciation studies (GWAS) data has bolstered the utility 
of Mendelian randomization (MR) in uncovering the 
impacts of adverse drug events and aiding drug re-
purposing.11 MR mirrors the structure of randomized 
controlled trials, assigning subjects based on genetic 
variants, thereby establishing a natural randomization 
akin to clinical trials.12 It can investigate the causal 
association of certain risk factors (referred yo as bio-
marker MR) or therapeutic drug targets (referred to 
as drug target MR) with the outcome.13 In drug target 
MR, genetic variants that encode protein targets via 
their respective genes can influence the expression of 
target genes, similar to the ways in which drugs exert 
their effects. These insights can anticipate the out-
comes of randomized controlled trials.14 For example, 
genetic mutations within the PCSK9 gene that lead to 
decreased LDL levels have been correlated with a de-
creased occurrence of coronary heart disease (CHD).15 
MR has become a pivotal tool in investigating the influ-
ence of drug targets on both neurological and cardio-
vascular diseases.16,17

The previous studies18–22 have some shortcom-
ings: (1) most of the mentioned studies are focused 
on ischemic heart diseases, CHD, and type 2 dia-
betes, and it is not known what impacts lipids and 
lipid-targeting drugs have on other cardiometabolic 
conditions; (2) lipid-drug targets influence the lipid 
levels through the gene expression, and if gene ex-
pression of lipid-drug targets is not included in the 
study, it is likely to lead to false associations.; and(3) 
administering lipid-lowering medications might ele-
vate the likelihood of type 2 diabetes18 and is associ-
ated with elevated body mass index.23 These factors 
collectively amplify the risk of cardiometabolic dis-
eases.24 Considerations of adiposity and glucose 
metabolism can significantly influence the selection 
of lipid-lowering therapies.23 Few studies have inves-
tigated the potential mediating effect of adiposity and 
glycemic traits between lipid-drug targets and car-
diometabolic diseases.

RESEARCH PERSPECTIVE

What Is New?
•	 Different serum lipids and lipid-modifying tar-

gets affect the risk of distinct cardiometabolic 
diseases differently, and a total of 11 cardiomet-
abolic diseases, 5 life course adiposity pheno-
types, 3 body compositions, 4 glycemic traits, 
and 2 blood pressure traits were included to 
comprehensively explore the relationship of lipids 
and lipid-modifying drug targets with cardiomet-
abolic diseases and the potential mechanisms.

•	 Significant effects of lipids and lipid-modifying 
drug targets on several cardiometabolic dis-
eases were found through the analysis of gene 
expression, glucose, and blood pressure.

•	 Lipoprotein lipase is a promising candidate drug 
target in preventing the risk cardiometabolic dis-
eases. The effects of lipoprotein lipase are sug-
gested to be influenced by changes in glucose 
and blood pressure. We should take care of glu-
cose and blood pressure when some drug tar-
gets are used.

What Question Should Be Addressed 
Next?
•	 What are the specific mechanisms through 

which different serum lipids and lipid-modifying 
drug targets influence the pathophysiology of 
distinct cardiometabolic diseases, particularly in 
relation to glucose metabolism and blood pres-
sure regulation?

•	 How can personalized treatment approaches, 
considering individual variations in lipid profiles, 
glucose, and blood pressure, optimize the use 
of lipoprotein lipase and other lipid-modifying 
drug targets to prevent cardiometabolic dis-
eases across different populations and life-
course adiposity phenotypes?

Nonstandard Abbreviations and Acronyms

ABCG5	 ATP binding cassette subfamily 
G member 5

ABCG8	 ATP binding cassette subfamily 
G member 8

ANGPTL3	 angiopoietin-related protein 3
eQTL	 expression quantitative trait locus
HOMA-IR	 homeostasis model 

assessment-insulin resistance
LD	 linkage disequilibrium
LPL	 lipoprotein lipase
MR	 Mendelian randomization
MR-PRESSO	 Mendelian randomization 

pleiotropy residual sum and 
outlier
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In the present study, we propose that lipid-drug 
targets initially influence the expression of their corre-
sponding genes, leading to subsequent alterations in 
blood lipid levels. These changes are hypothesized to 
contribute to the development of various cardiometa-
bolic diseases. Additionally, adiposity, blood glucose, 
and blood pressure are posited to act as mediators 
in this relationship. Using newly available GWAS in-
formation alongside the drug-target MR method, we 
investigated how lipids and targets for lipid-lowering 
drugs might affect various cardiometabolic conditions.  
These conditions encompass myocardial infarction, 
atrial fibrillation, heart failure, stroke, type 2 diabetes, 
hypertension, varicose veins, deep vein thrombosis 
(DVT), pulmonary embolism (PE), ischemic heart dis-
eases, and CHD. This investigation aimed to elucidate 
unique cardiometabolic relationships with various lipid-
lowering drug targets. Complementary analyses em-
ploying genetic variants to assess tissue-derived gene 

expression levels, alongside colocalization and bioin-
formatics analyses, provided multifaceted evidence to 
enhance our understanding of these relationships.25 
Additionally, we assessed the genetic proxy impacts of 
targets for lipid-lowering drugs on life course adiposity, 
glycemic traits, and blood pressure, which are crucial 
in understanding the pathways linking therapeutic tar-
gets to cardiometabolic risk.

METHODS
Data Sources and Approval
In this study, we employed summary-level GWAS 
data as depicted in Figure  1 and followed the 
Strengthening the Reporting of Observational Studies 
in Epidemiology-Mendelian Randomization guidelines 
(detailed in Table S1).26 All data sources, as specified 
in Table S2, have obtained ethical approvals from their 

Figure 1.  Flow chart for the study design.
ABCG5 indicates ATP binding cassette subfamily G member 5; ABCG8, ATP binding cassette subfamily G member 8; ANGPTL3, 
angiopoietin-like 3; apoB, apolipoprotein B-100; apoC3, apolipoprotein C-III; CHD, coronary heart disease; DVT, deep vein thrombosis; 
GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; LDL-C, low-density lipoprotein cholesterol; LDSC, linkage 
disequilibrium score regression; LPL, lipoprotein lipase; MR, Mendelian randomization; PE, pulmonary embolism; PPI, protein–protein 
interaction networks.; TC, total cholesterol; and TG, triglyceride.
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respective institutional review boards and have been 
made publicly available. Consent was acquired from all  
participants engaged in these GWAS studies. Due to 
the nature of the summary-level data used in this MR 
analysis, no further ethical approval was necessary.

Code Available
The study codes can be accessed at https://​github.​
com/​Liwan-​Fu/​lipids-​drugs​.

Study Design
As depicted in Figure  1, our study used a 2-sample 
MR methodology using summary statistics derived 
from comprehensive GWAS analyses of lipid levels,27 
and cardiometabolic diseases,28–34 as well as variables 
like life course adiposity, body composition, glycemic 
traits, and blood pressure.33,35–40 Sources included 
the Global Lipids Genetics Consortium consortium, 
the UK Biobank study, the FinnGen study, the Genetic 
Investigation of Anthropometric Traits consortium, and 
the Meta-Analyses of Glucose and Insulin-Related 
Traits Consortium consortium, detailed in Table    S2. 
Initially, we calculated genetic correlations among lipid 
traits, targets for lipid-lowering drugs, and outcomes 
related to cardiometabolic outcomes including media-
tors such as adiposity, glycemic traits, and blood pres-
sure. Subsequent MR analysis assessed the effects of 
genetically inferred lipids and genetically inferred tar-
gets for lipid-lowering drugs on these outcomes. For 
genes associated with these pharmacologic targets 
that causally affect outcomes, we used data on ex-
pression quantitative trait loci (eQTL) from the GTEx-V8 
(Genotype-Tissue Expression project version 8)41 
to analyze the causal effects of gene expression on 
cardiometabolic outcomes within the MR framework.  
Additionally, colocalization analysis was conducted to 
assess whether genetic signals for a cardiometabolic 
trait and an eQTL could be driven by the same causal 
variant, thereby eliminating misleading signals due to 
complex linkage disequilibrium (LD) patterns.42 A medi-
ation MR analysis further examined whether the estab-
lished causal relationships were direct. Supplementary 
LD score regression and bioinformatics analyses were 
performed to provide insights into significant findings.

Data Sources of Lipids and Drug Targets
For the exposure data on serum lipids, we referenced 
the Global Lipids Genetics Consortium,27 using single-
nucleotide variants (SNVs) associated with triglyc-
erides (triglycerides), total cholesterol (TC), and LDL 
cholesterol at genome-wide significance levels (P value 
<5E-08). These genetic instruments were selected 
based on a stringent linkage disequilibrium clumping 
threshold (r2 < 0.001 and a maximum physical distance 

of 10 000 kb). To mitigate potential sample overlap bi-
ases, we used summary statistics excluding data from 
UK Biobank participants.

According to current dyslipidemia management 
recommendations, we chose prevalent lipid-reducing 
goals and promising therapeutic options like bile acid 
sequestrants, mipomersen, and antisense oligonucle-
otides aimed at apoC3 (apolipoprotein C-III) mRNA, 
and angiopoietin-like 3 (ANGPTL3) inhibitors, as de-
tailed in Table   S3.43,44 We used the DrugBank data-
base (https://​go.​drugb​ank.​com/​) along with multiple 
reputable reviews45–47 to identify genes associated 
with these pharmacologic targets, categorizing them 
as LDL-C target genes (ie, APOB, ABCG5, ABCG8, 
PCSK9, NPC1L1, and HMGCR) and triglyceride target 
genes (ie, ANGPTL3, APOC,3 and LPL).

Following methodologies established in prior stud-
ies,48,49 we chose SNVs situated within a range of ±100 
kb surrounding the target gene locations that were 
strongly correlated with triglycerides and LDL-C levels 
(P value <5E-08) based on findings from the Global 
Lipids Genetics Consortium.27 We assessed LD for 
these SNVs using the PLINK clumping approach. This 
analysis used the 1000 Genomes European refer-
ence panel, employing an (r2) threshold <0.20 and a 
physical distance limit of 250 kb. Due to the proxim-
ity of the genes responsible for ABCG8 (ATP binding 
cassette subfamily G member 8) and ABCG5 (ATP 
binding cassette subfamily G member 5), variants in 
these regions were analyzed jointly. Ultimately, this 
study encompassed 5 pivotal drug targets, specifical-
ly:apoB, the combined ABCG5 and ABCG8 complex, 
LPL, ANGPTL3, and apoC3, as listed in Table  S3. A 
positive control analysis confirmed the correlation of 
these targets with coronary artery disease, using ge-
netic data obtained from the consortium known as 
Coronary Artery Disease Genome Wide Replication 
and Meta-Analysis plusC4D.34 Relevant eQTL data, in-
dicating genetic variations linked to the levels of gene 
expression in tissues where target genes are highly ex-
pressed, were selected from GTEx-V841 using a false 
discovery rate approach (P value <0.05), and additional 
LD clumping techniques (r2 < 0.20).

Data Sources of Cardiometabolic 
Diseases
This study incorporated 10 cardiometabolic end points 
including myocardial infarction, heart failure, atrial fibril-
lation, stroke, type 2 diabetes, varicose veins, hyperten-
sion, DVT and PE, ischemic heart diseases, and CHD. 
We used discovery and replication data sets to provide 
robust evidence. Summary-level data from major ge-
netic consortia29–32 and the UK Biobank study33 were 
acquired for the discovery data set concerning these 
end points with case numbers ranging from 4319 for 

https://github.com/Liwan-Fu/lipids-drugs
https://github.com/Liwan-Fu/lipids-drugs
https://go.drugbank.com/
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DVT and PE to 119 731 for hypertension. The GWAS 
data for the replication data set were obtained from 
the FinnGen consortium28 with case numbers ranging 
from 7988 for DVT and PE to 55 917 for hypertension. 
Detailed information regarding the data origins can be 
found in Table  S2. The UK Biobank and other GWAS 
data sets adjusted for birth year, genetic relatedness, 
sex, and the initial 4 genetic principal components. 
The analyses were performed using the R package 
“SAIGE,” accessible at https://​github.​com/​weizh​ouUMI​
CH/​SAIGE​. The comprehensive GWAS pipeline used 
by the UK Biobank is accessible at https://​data.​bris.​
ac.​uk/​data/​datas​et/​pnoat​8cxo0​u52p6​ynfae​keigi​. The 
FinnGen study, a collaborative initiative blending digital 
health records from Finnish health registries with geno-
type data from Finnish biobanks, details its methods 
at https://​www.​finng​en.​fi/​en. Statistical analyses used 
mixed-effects logistic regression, incorporating age, 
sex, 10 principal components, and genotyping batch 
as covariates for adjustment.

Data Sources of Life Course Adiposity, 
Glycemic Traits, and Blood Pressure
Life course adiposity data encompassed several met-
rics: childhood body mass index (BMI; n=39 620), birth 
weight (n=133 903), waist circumference adjusted for 
BMI (n=231 353), waist-to-hip ratio adjusted for BMI 
(n=210 082), and adult BMI (n=454 884). Additional 
body composition traits included body fat-free mass 
(n=454 850), body fat mass (n=454 137), and body fat 
percentage (n=454 633).33,36–38 The glycemic meas-
ures included fasting glucose levels, 2-hour glucose 
levels, fasting insulin levels, and homeostasis model 
assessment of insulin resistance (HOMA-IR). Blood 
pressure data, including systolic and diastolic meas-
urements, covered 757 601 individuals. Information 
about the data origins for these traits can be found in 
Table  S2.

Statistical Analysis
Mendelian Randomization Methods

This study followed the Strengthening the Reporting 
of Observational Studies in Epidemiology-Mendelian 
Randomization guidelines,26 employing traditional MR 
methods on the basis of 3 core assumptions for causal-
ity50: the relevance of genetic variants to the exposure, 
independence from confounders, and an exclusive 
pathway through the exposure to affect the outcome. 
Additionally, we consider essential criteria specific to 
drug-target MR, such as the localization of genetic 
variants near drug-regulating genes, the pathological 
relevance of the exposure as a disease marker, and 
robust associations with disease biomarkers. These 
conditions are crucial for interpreting the effects of 

genetic predispositions on clinical outcomes. Besides 
the fundamental principles of MR, certain assump-
tions, such as linearity between exposure and out-
comes and absence of interaction between exposure 
and mediators must also be satisfied.51 Of particular 
importance in drug-target MR are these considera-
tions: (1) genetic variants need to be situated within or 
adjacent to genes that regulate drug targets; (2) the 
exposure ought to act as an indicator of the disease 
and faithfully mirror the effects of interventions, such as 
LDL cholesterol and triglycerides; and (3) genetic vari-
ations should demonstrate a robust association with 
the disease biomarker, although this requirement is not 
essential for traditional MR analyses.11

One fundamental principle of MR is that genetic 
instruments affect the outcome exclusively via the 
exposure, thereby mitigating concerns of horizon-
tal pleiotropy.52 Horizontal pleiotropy occurs when 
genetic variants influence both the exposure and 
outcome through separate mechanisms (pleiotropy 
without correlation) or through a common genetic 
pathway (correlated pleiotropy).53 This study ad-
opted several complementary methods to account 
for horizontal pleiotropy assumptions. Primarily, the 
inverse variance-weighted method is employed for 
analysis.54 Additionally, the weighted median ap-
proach55 addresses potential horizontal pleiotropy; 
MR-Egger56 and MR pleiotropy residual sum and 
outlier (MR-PRESSO)57 methods assess pleiotropy 
by detecting horizontal pleiotropic effects that are 
uncorrelated with the genetic instruments’ associa-
tions with the outcome; the mode-based estimate58 
provides well-calibrated and not particularly biased 
results even if most instruments are deemed invalid.

In this study, methods including inverse variance-
weighted, mode-based estimate, weighted me-
dian, and MR-Egger were executed using the 
“MendelianRandomization” version 0.5.159 by default 
parameters. The MR-PRESSO analysis was con-
ducted using version 1.0 of its dedicated R package, 
accessible for download from https://​github.​com/​
rondo​lab/​MR-​PRESSO. The analysis involved 10 000 
simulations, providing a corrected estimate post 
outlier removal if the global test P value from MR-
PRESSO indicated statistical significance below the 
threshold of 0.05, alongside confirmation by a distor-
tion test.

Colocalization Analysis
Colocalization analysis evaluates whether 2 traits share 
a common genetic variant. In Bayesian colocalization 
analyses, priors are essential for guiding the inference 
process by incorporating prior knowledge or assump-
tions about the data. The primary priors typically used 
are:

https://github.com/weizhouUMICH/SAIGE
https://github.com/weizhouUMICH/SAIGE
https://data.bris.ac.uk/data/dataset/pnoat8cxo0u52p6ynfaekeigi
https://data.bris.ac.uk/data/dataset/pnoat8cxo0u52p6ynfaekeigi
https://www.finngen.fi/en
https://github.com/rondolab/MR-PRESSO
https://github.com/rondolab/MR-PRESSO
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1. Effect size priors: For each trait or phenotype, the 
effect size of genetic variants (eg, SNVs) is modeled 
using normal distributions, often centered at 0 with a 
large variance. This allows for a wide range of possible 
effect sizes. For example:

where � is the effect size and �2 is the variance.
2. Correlation priors: To assess whether 2 traits 

share the same causal variant, a prior is placed on 
the correlation between the effect sizes of SNVs for 
the 2 traits. This is commonly modeled using a Beta 
distribution:

where � and � determine the distribution’s shape, reflect-
ing beliefs about the correlation between traits.

3. Colocalization probability prior: A Beta distribu-
tion is often used to model the probability that 2 traits 
share a causal variant:

This reflects the belief that colocalization is equally 
likely or unlikely, unless prior evidence suggests oth-
erwise. These priors help inform the Bayesian model, 
guiding the posterior inference about shared genetic 
signals between traits.

Five hypotheses are tested: (1) H0: the variant shows 
no association with either phenotype; (2) H1: the vari-
ant exhibits association solely with the first phenotype; 
(3) H2: the variant shows association exclusively with 
the second phenotype; (4) H3: the variant is associ-
ated with both phenotypes; and (5) H4: the variant is 
strongly associated with both phenotypes.60 This anal-
ysis, conducted by the “coloc” package (version 5.2.2, 
available at https://​github.​com/​chr1s​walla​ce/​coloc​),60,61 
considers a posterior probability >0.8 for H4 as evi-
dence supporting colocalization. Genetic associations 
of gene expression for lipid-lowering drug targets with 
cardiometabolic outcomes were the inputs. Drug tar-
gets demonstrating robust colocalization (PP.H4 > 0.8) 
with cardiometabolic diseases are considered poten-
tial target genes.

Mediation Analysis
To ascertain whether the direct association between 
drug targets and cardiometabolic diseases exists, we 
investigated the connections involving genetically prox-
ied targets of lipid-lowering drugs and potential media-
tors—namely, life course adiposity, glycemic traits, and 
blood pressure—using MR analyses. By exploring the 
exposure-mediator-outcome pathway, we identified 
possible mediation effects for significant mediators. For 

an accurate assessment of the direct impact of genetic 
lipid drug targets on cardiometabolic disease risks, we 
applied the Two-Step Cis-MR method, ensuring ad-
justment for intermediary variables.62 This approach 
mitigates the bias introduced by strong LD correlations 
among genetic variants, a common occurrence in cis-
MR analyses.62 We evaluated the indirect impacts of 
genetic proxy lipid drug targets on cardiometabolic 
diseases and the mediated proportions using the 
Product of Coefficients approach, with indirect effect 
SEs calculated using the Delta method.51

Statistical Test and Criterion Used in This 
Study
The main analysis employed the inverse variance-
weighted method, supplemented by sensitivity assess-
ments via the weighted median, mode-based estimate, 
MR-Egger, and MR-PRESSO methods. Associations 
were considered statistically significant if they showed 
nominal significance (P≤0.05) and were consistent across 
sensitivity analyses. Results were considered robust if 
they remained statistically significant after Bonferroni 
correction for multiple comparisons (0.05/10=0.005 for 
cardiometabolic diseases; 0.05/14=0.00357 for media-
tors) and if there was no evidence of significant plei-
otropy. Pleiotropy was assessed using the MR-Egger 
test, where results were considered free of significant 
pleiotropic effects if the Egger intercept term had a P 
value ≥0.05, or if the MR-Egger regression P value was 
<0.05. However, the MR-Egger method was excluded 
from drug-target MR analyses to avoid potential viola-
tions of the Instrument Strength Independent of Direct 
Effect assumption by instruments from the same gene 
region.63 Genetic proxies for drug targets exhibited low 
linkage disequilibrium, with r2 values <0.2. For signifi-
cant MR findings related to the drug target, we applied 
stricter LD thresholds (r2 < 0.01 and r2 < 0.001) to ensure 
the robustness of our findings. The LD relationship be-
tween genetic variants was computed via the LDmatrix 
Tool, and adjustments for LD structure were incorpo-
rated in both the inverse variance-weighted method and 
sensitivity analyses. F-statistics were computed to eval-
uate the potential for bias from instruments with weak 
explanatory power, and statistical power was evaluated 
using the “mRnd” tool, a method designed to assess 
the power of MR studies. The analysis was conducted 
by simulating different sample sizes and effect sizes to 
determine the likelihood of detecting a true association 
given the study’s design and available data. The power 
calculations accounted for factors such as the number 
of genetic instruments used, the strength of these in-
struments, and the expected causal effect sizes. Based 
on these simulations, the results indicated that the study 
had sufficient power to detect associations with an ef-
fect size greater than a certain value, with a power of 

� ∼ N

(

0, �2
)

� ∼ Beta(�, �)

P(colocalization) ∼ Beta(1, 1)

https://github.com/chr1swallace/coloc
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calculated value (%) at the significance level of 0.05. For 
example, when the outcome is a binary variable, the 
sample size is 140 000, the type I error rate is 0.05, the 
proportion of cases is 0.2, and the odds ratio (OR) value 
is 0.82 or 1.18, the power value can reach 0.8. Similarly, 
when the outcome is a continuous variable, the sample 
size is 140 000, the type I error rate is 0.05, the regres-
sion coefficient between the exposure and outcome 
variables is 0.07, and the proportion of variance in the 
exposure variable explained by SNVs is 0.01, the power 
value can reach 0.75. We employed both discovery data 
set and replication data set to ensure that the analysis 
is adequately powered to detect meaningful genetic as-
sociations in the main context of the study. Effect esti-
mates, including ORs for cardiometabolic diseases and 
regression coefficients for mediators, were standard-
ized to represent the impact of a 1-mmol/L change in 
lipid levels, corresponding to specific mg/dL values for 
LDL, triglycerides, and TC. The eQTL data were nor-
malized based on the SD of gene expression per each 
additional effect allele.

We conducted all statistical analyses using 2-sided 
tests within R (version 4.1.0), specifically using the fol-
lowing packages: LdlinkR,64 coloc,65 locuscomparer,42 
MendelianRandomization,59 and MR-PRESSO.57 The 
code for this study is publicly available at Liwan-Fu/
lipids-drugs on GitHub.

Bioinformatics Analysis
Bioinformatics analyses were conducted to elucidate the 
biological mechanisms underlying lipid and lipid-drug 
target interactions. Genome-wide genetic correlations 
between LDL-C, TC, triglycerides, and cardiometabolic 
diseases were estimated using LD score regression.66 
Analyses for pathway enrichment, encompassing both 
Gene Ontology and Kyoto Encyclopedia of Genes and 
Genomes,67,68 were conducted to identify biological pro-
cesses potentially associated with drug-target genes. 
The network of protein–protein interactions for lipid-drug 
targets was built using the STRING database, available at 
https://​string-​db.​org/​, with a minimum confidence score 
of 0.4, a maximum of 20 interactors, and default settings 
for other parameters.69 Results from the protein–protein 
interactions network were visualized using Cytoscape 
(V3.10.1)70 and supplemented by analyses conducted 
on GeneMANIA (https://​genem​ania.​org/​)71 with detailed 
data set information available elsewhere.71 For bioinfor-
matics analyses, we deemed a significant adjusted P 
value threshold of <0.05 after applying multiple testing 
corrections using the false discovery rate method.

RESULTS
We tested for the effects on these outcomes (myo-
cardial infarction, atrial fibrillation, heart failure, stroke, 

type 2 diabetes, hypertension, varicose veins, DVT, 
PE, ischemic heart diseases, and CHD) and we report 
the ones that were significant in the results discussion.

Lipid Traits and Cardiometabolic Diseases
In this research, we identified instrumental variables for 
lipid traits: 80 SNVs for LDL, 87 SNVs for TC, and 55 
SNVs for triglycerides, as detailed in Table    S4. The 
discovery data set revealed significant associations:

LDL levels correlated with increased risks of myo-
cardial infarction (OR, 1.51 [95% CI, 1.35–1.67], 
P=4.38×10−14), heart failure (OR, 1.15 [95% CI, 1.08–
1.22], P=5.91×10−6), ischemic heart diseases (OR, 
1.024 [95% CI, 1.018–1.03], P=2.34×10−16), and CHD 
(OR, 1.011 [95% CI, 1.008–1.015], P=8.50×10−13; 
Figure 2A and Table S5). These findings were corrobo-
rated in a replication data set (Figure 2B and Table S6).
Genetic predisposition to triglycerides was linked with 
heightened risks of myocardial infarction (OR, 1.30 
[95% CI, 1.17–1.44], P=4.31×10−7), heart failure (OR, 
1.15 [95% CI, 1.08–1.23], P=2.57×10−5), hypertension 
(OR, 1.03 [95% CI, 1.01–1.05], P=6.24×10−4), isch-
emic heart diseases (OR, 1.02 [95% CI, 1.01–1.03], 
P=1.41×10−9), and CHD (OR, 1.01 [95% CI, 1.005–
1.013], P=3.86×10−6; Figure 2A and Table S5). Again, 
replication data set results supported these associa-
tions (Figure 2B and Table S6).
TC enhancements were significantly correlated with in-
creased risks of myocardial infarction (OR, 1.47 [95% 
CI, 1.32–1.64], P=5.45×10−12), heart failure (OR, 1.15 
[95% CI, 1.08–1.22], P=8.12×10−6), ischemic heart dis-
eases (OR, 1.024 [95% CI, 1.018–1.03], P=9.09×10−17), 
CHD (OR, 1.012 [95% CI, 1.009–1.015], P=4.26×10−13), 
and a decreased risk of type 2 diabetes (OR 0.87 [95% 
CI, 0.79–0.96], P=4.64×10−3; Figure 2A and Table S5). 
Replication data set findings confirmed these relation-
ships (Figure  2B and Table  S6). Additional investiga-
tion into the causal impact of genetic predisposition to 
lipids on adiposity throughout life, glycemic traits, and 
blood pressure is illustrated in Figure 3A and detailed 
in Table S7.

Lipid-Lowering Drug Targets and 
Cardiometabolic Diseases
Genetic instrumental analysis identified several SNVs 
linked to lipid-lowering drug targets, including 15 within 
the APOB gene, 12 within APOC3, 3 within ANGPTL3, 
7 within ABCG5/ABCG8, and 15 within the LPL gene, 
as detailed in Table S8. Notably, we observed correla-
tions indicating increased risk of coronary artery dis-
ease for all targets except ANGPTL3, validating the 
genetic instruments used (Table S9).10,72 These instru-
ments demonstrated robustness with F statistics rang-
ing from 34.2 to 916.1 (F > 10), confirming their reliability 
for further analysis (Table S8).

https://string-db.org/
https://genemania.org/
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Figure 2.  Forest plots illustrating causal effects of genetically proxied lipids and lipid-lowering drug targets on 
cardiometabolic diseases in the main analysis.
Causal association between a 1-mmol/L (LDL-C, 38.7 mg/dL; triglycerides, 88.9 mg/dL; TC, 41.8 mg/dL; >170 000 subjects) change in 
the lipid level with cardiometabolic risk (>360 000 subjects) in the discovery data set (A), cardiometabolic risk (>180 000 subjects) in 
the replication data set (B). Causal association between a 1-mmol/L (LDL-C, 38.7 mg/dL; triglycerides, 88.9 mg/dL; >170 000 subjects) 
change in the lipid levels of 5 lipid-lowering drug targets with cardiometabolic risk (>360 000 subjects) in the discovery data set (C), 
cardiometabolic risk (>180 000 subjects) in the replication data set (D). Data are displayed as odds ratio with 95% CI (error bars).  
Entries with larger than P value threshold for statistical significance after Bonferroni correction (0.005 for cardiometabolic diseases in 
discovery data set and 0.05 for cardiometabolic diseases in replication data set) are drawn with a hollow point. ABCG5 indicates ATP 
binding cassette subfamily G member 5; ABCG8, ATP binding cassette subfamily G member 8; ANGPTL3, angiopoietin-like 3; apoB, 
apolipoprotein B-100; apoC3, apolipoprotein C-III; CHD, coronary heart disease; DVT, deep vein thrombosis; LDL-C, low-density 
lipoprotein cholesterol; LPL, lipoprotein lipase; OR, odds ratio; PE, pulmonary embolism; TC, total cholesterol; and TG, triglyceride.
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The study also examined genetic correlations with 
SNVs of drug targets (Table S10), leading to compre-
hensive main and sensitivity analyses to assess causal 
effects on cardiometabolic diseases. Significant find-
ings across both discovery and replication data sets 
included (Figures 2C, 2D, Tables S11 and S12) are dis-
cussed next.

Genetic proxies indicative of an LPL increase, 
similar to reducing triglycerides by 1 mmol/L (equiv-
alent to 88.9 mg/dL), significantly lowered the risk of 
myocardial infarction (OR, 0.65 [95% CI, 0.57–0.75]; 
P=2.60×10−9), atrial fibrillation (OR, 0.87 [95% CI, 
0.80–0.94]; P=4.49×10−4), heart failure (OR, 0.83 [95% 
CI, 0.75–0.91]; P=1.18×10−4), type 2 diabetes (OR, 0.65 
[95% CI, 0.58–0.73]; P=1.11×10−12), hypertension (OR, 
0.983 [95% CI, 0.973–0.994]; P=2.51×10−3), ischemic 
heart diseases (OR, 0.968 [95% CI, 0.962–0.975]; 
P=5.50×10−23) and CHD (OR, 0.980 [95% CI, 0.975–
0.985]; P=3.63×10−14).

ApoB inhibition was linked to protective effects 
against myocardial infarction (OR, 0.75 [95% CI, 

0.66–0.86]; P=2.59×10−5) and ischemic heart diseases 
(OR, 0.985 [95% CI, 0.980–0.991]; P=6.26×10−7), 
whereas apoC3 inhibition correlated with reduced 
myocardial infarction risk (OR, 0.80 [95% CI, 0.73–
0.89]; P=2.69×10−5).

Replication analyses were similar with discovery 
analyses and were both 2-sample MR, and the data 
in replication cohort were independent with the dis-
covery data sets for both exposure and outcomes. 
The results in discovery data set were mostly cor-
roborated by the replication cohort, with some varia-
tions observed in the effects of apoB and apoC3 on 
myocardial infarction. Moreover, the alternative MR 
approaches showed consistency in findings, except 
for the causal associations of LPL with atrial fibrillation 
and heart failure, where 1 MR method failed to achieve 
nominal significance (Table S11). In summary, through 
drug target MR analysis, we observed causal effects of 
apoB and apoC3 on myocardial infarction and of LPL 
on myocardial infarction, type 2 diabetes, ischemic 
heart diseases, hypertension, and CHD, as validated 

Figure 3.  Forest plots illustrating causal effects of genetically proxied lipids and lipid-lowering drug targets on mediators 
(life course adiposity, glycemic traits, and blood pressure, more than 37 000 subjects) in the main analysis.
Causal association between a 1-mmol/L (LDL-C, 38.7 mg/dL; triglycerides, 88.9 mg/dL; TC, 41.8 mg/dL; >170 000 subjects) change in 
the lipid level with mediators (A), and causal association between a 1-mmol/L (LDL-C, 38.7 mg/dL; triglycerides, 88.9 mg/dL; >170 000 
subjects) change in the lipid levels of 5 lipid-lowering drug targets with mediators (B). Data are displayed as beta with 95% CI (error 
bars). Entries with larger than P value threshold for statistical significance after Bonferroni correction (0.0036 for mediators) are 
drawn with a hollow point. ABCG5 indicates ATP binding cassette subfamily G member 5; ABCG8, ATP binding cassette subfamily G 
member 8; ANGPTL3, angiopoietin-like 3; apoB, apolipoprotein B-100; apoC3, apolipoprotein C-III; BMI, body mass index; HOMA-IR,  
homeostatic model assessment for insulin resistance; LDL-C, low-density lipoprotein cholesterol; LPL, lipoprotein lipase; TC, total 
cholesterol; TG, triglyceride; WC, waist circumference; and WHR, waist-to-hip ratio.
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across discovery and replication data sets as well as 
sensitivity MR analyses.

Correlation Between Drug Targets 
for Lowering Lipids and Life Course 
Adiposity, Glycemic Traits, and Blood 
Pressure
For continuous outcomes, we used “β” to represent the 
causal effects of drug targets on outcomes. Figure 3B 
illustrates the causal effects (β) of 5 genetically deter-
mined lipid-lowering drug targets on life course adipos-
ity, glycemic traits, and blood pressure. Specifically, 
genetic enhancement of LPL was associated with sig-
nificant protective effects on fasting glucose (β, −0.05 
[95% CI, −0.074 to −0.026], P=4.72×10−5), HOMA-IR 
(β, −0.116 [95% CI, −0.191 to −0.042], P=2.24×10−3), 
and systolic blood pressure (β, −0.627 [95% CI, 
−0.986 to −0.267], P=6.38×10−4; Table  S13). ApoC3 
mimicry also significantly reduced systolic (β, −0.786 
[95% CI, −1.285 to −0.287], P=2.01×10−3) and diastolic 
blood pressure (β, −0.414 [95% CI, −0.667 to −0.162], 
P=1.31×10−3; Table  S13). After Bonferroni correction, 
additional drug targets like ABCG5/ABCG8, apoB, and 
ANGPTL3 exhibited no significant impact on these 
traits.

Gene Expression and Cardiometabolic 
Diseases
Investigating the relationship between genetic variants 
that lower triglycerides levels in the LPL and APOC3 
genes, alongside genetic variants related to LDL in the 
APOB gene, significant correlations with certain car-
diometabolic diseases were observed. These variants, 
expressed predominantly in whole blood and subcu-
taneous fat tissues, served as instrumental variables 
for further analysis. Despite using the GTEx-V8 data-
base,41 no significant loci related to the APOB gene in 
whole blood tissue were found, and all genetic variants 
of APOC3 expression in these tissues did not meet the 
threshold for statistical significance (P≤0.05 following 
correction for false discovery rate; Table S14).

Genetic variations affecting APOB expression in 
subcutaneous adipose tissue and LPL levels observed 
in both whole blood and subcutaneous adipose tis-
sues were used as instruments for further studies. 
An increase of 1 SD in adipose tissue APOB expres-
sion was identified to a modest rise in the likelihood 

of ischemic heart disease (OR, 1.002 [95% CI, 1.001–
1.004]; P=4.70×10−3; Table S15). Conversely, an eleva-
tion of 1 SD in LPL expression within adipose tissue 
correlated with reduced chances of myocardial infarc-
tion (OR, 0.788 [95% CI, 0.679–0.915]; P=1.70×10−3) 
and CHD (OR, 0.991 [95% CI, 0.983–0.999]; P=0.041), 
and similar protective effects were found for LPL ex-
pression in blood tissue against myocardial infarction 
(OR, 0.918 [95% CI, 0.872–0.967]; P=1.24×10−3), isch-
emic heart disease (OR, 0.995 [95% CI, 0.993–0.997]; 
P=5.02×10−5), and CHD (OR, 0.997 [95% CI, 0.995–
0.998]; P=1.95×10−5; Table S15). The findings remained 
stable under more stringent linkage disequilibrium 
thresholds (r2 < 0.01 and r2 < 0.001; Table S16).
Colocalization analyses were conducted to determine 
whether genetic variations affecting the expression of 
APOB and LPL in pertinent tissues and cardiometa-
bolic diseases share causal SNVs. A common causal 
variant linking LPL expression in blood tissue with my-
ocardial infarction was highly probable (PP.H4=0.99; 
Figure 4A and Table S17). Furthermore, the presence 
of LPL expression in subcutaneous fat tissue showed 
a shared causal variant with ischemic heart disease 
and CHD, with posterior probabilities indicating strong 
colocalization (ischemic heart disease: PP.H4=0.93; 
CHD: PP.H4=0.92) as shown in Figures 4B, 4C, and 
Table  S17. However, the colocalization for APOB ex-
pression related to myocardial infarction, ischemic 
heart disease, and CHD was less significant (myocar-
dial infarction: PP.H4=0.09; ischemic heart disease: 
PP.H4=0.08; CHD: PP.H4=0.02; Table  S17). Causal 
variants (rs80302977 and rs147729680) were linked 
with LPL expression in relevant tissues and cardiomet-
abolic diseases, suggesting these associations are not 
affected by different SNVs that are in LD.

Mediation Analysis
The established role of life course adiposity, glycemic 
traits, and blood pressure as risk factors for cardiomet-
abolic diseases suggested these factors likely mediate 
the effects of LPL on cardiometabolic risks including 
myocardial infarction, ischemic heart disease, and 
CHD. A 2-stage MR analysis delineated the pathways 
connecting LPL expression to these diseases. Notably, 
causal relationships were identified between LPL and 
fasting glucose, HOMA-IR, and systolic blood pressure 
(Figure 3B and Table S13). The indirect impact of LPL 
on myocardial infarction via systolic blood pressure was 

Figure 4.  Illustration of the colocalization results.
Genetic colocalization between eQTL of LPL in blood tissue (n=670) and GWAS of myocardial infarction (n=171 875) (A). Genetic 
colocalization between eQTL of LPL in subcutaneous adipose tissue (n=581) and GWAS of major CHD event (n=361 194) (B). Genetic 
colocalization between eQTL of LPL in subcutaneous adipose tissue (n=581) and GWAS of ischemic heart diseases (n=361 194) (C). 
The labeled SNV is the lead SNV, and other SNVs are colored according to their LD with the lead SNP. CHD indicates coronary heart 
disease; eQTL, expression quantitative trait loci; GWAS, genome-wide association study; LD, linkage disequilibrium; LPL, lipoprotein 
lipase; and SNV, single nucleotide variant.
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quantified at 0.974 (95% CI, 0.961–0.988; P=1.96×10−4; 
Figure 5A). Adjusting for systolic blood pressure, the di-
rect impact of LPL on myocardial infarction decreased, 
suggesting partial mediation by systolic blood pressure 

reduction (Table S18). Reducing levels of fasting glu-
cose modestly mediated the effects of LPL on CHD 
(mediation proportion, 2.76% [95% CI, 0.127%–6.04%]; 
Figure  5B) and ischemic heart disease (mediation 
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proportion, 2.71% [95% CI, 0.25%–5.55%]; Figure 5D). 
Additionally, systolic blood pressure also mediated 
the association between LPL enhancement and both 
ischemic heart disease and CHD, with direct effects 
quantified in subsequent analyses (Figure 5C,  5E).

Bioinformatics Analysis
The genetic correlation between lipid traits and car-
diometabolic conditions like ischemic heart disease, 
myocardial infarction, and CHD was investigated by 
employing LD score regression, indicating a moderate 
to high significant correlation, except for TC with myo-
cardial infarction (Figure  6A). Gene Ontology enrich-
ment and Kyoto Encyclopedia of Genes and Genomes 

enrichment analyses were employed to explore the 
interactions between genes and biological terms, as 
well as the relationships between genes and functional 
pathways. Notably, the pathways of most significance 
within the biological process category were related to 
cholesterol homeostasis. In the cellular component 
category, drug target genes were enriched in the li-
poprotein particle. Key pathways identified by Kyoto 
Encyclopedia of Genes and Genomes enrichment 
analysis included metabolic pathways involving cho-
lesterol, fat absorption, and activation of PPARs (per-
oxisome proliferator-activated receptors; Figure  6B). 
These drug target genes are primarily involved in 
cholesterol and fat metabolism, as well as the PPAR 
signaling pathways. Using the STRING database, we 

Figure 5.  Mediation analysis detecting the effect of LPL on myocardial infarction (n=171 875), major CHD event (n=361 194), 
and ischemic heart diseases (n=361 194) via potential mediators under a 2-step MR analysis framework.
“Direct effect” suggests the effect of LPL on myocardial infarction, major CHD event, and ischemic heart diseases after adjusting for 
the mediator (systolic blood pressure (n=757 601) [A, C, E] or fasting glucose (n=200 622) [B, D]). “Indirect effect” suggests the effect of 
LPL on myocardial infarction, major CHD event, and ischemic heart diseases through the mediator (systolic blood pressure [A, C, E] or 
fasting glucose [B, D]). CHD indicates coronary heart disease; LPL, lipoprotein lipase; MR, Mendelian randomization; OR, odds ratio.

Figure 6.  Bioinformatics analysis for lipids and lipid drug targets.
A, LDSC evaluates genetic correlation between lipids and CHD, IHD, and MI. B, KEGG enrichment results for lipid drug targets. C, GO 
enrichment results for lipid drug targets. D, PPI network built with STRING. E, PPI network built with GeneMANIA. ABCG5 indicates 
ATP binding cassette subfamily G member 5; ABCG8, ATP binding cassette subfamily G member 8; ANGPTL3, angiopoietin-like 3; 
apoB, apolipoprotein B-100; apoC3, apolipoprotein C-III; CHD, coronary heart disease; GO, Gene Ontology; GO_BP, GO analysis for 
biological process; GO_CC, GO analysis for cellular component; GO_MF, GO analysis for molecular function; IHD, ischemic heart 
diseases; KEGG, Kyoto Encyclopedia of Genes and Genomes; LDL-C, low-density lipoprotein cholesterol; LDSC, linkage disequilibrium 
score regression; LPL, lipoprotein lipase; MI, myocardial infarction; PPAR, peroxisome proliferator-activated receptor; PPI, protein–
protein interaction networks; TC, total cholesterol; and TG, triglyceride.
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constructed a network of these 6 drug target genes 
that was then visualized in Cytoscape. Figure 6D illus-
trates the relationships between the 6 drug targets and 
20 other proteins within a protein–protein interactions 

network. For the GeneMANIA-derived protein–protein 
interactions network (Figure  6E), besides the 6 pri-
mary drug targets, it includes 20 potentially interact-
ing genes, exhibiting physical interactions (56.84%), 
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pathways (26.36%), coexpression (9.41%), and colocal-
ization (7.39%). The functional analysis of this network 
aligns with earlier enrichment studies, highlighting the 
involvement of these genes in the assembly of active 
LPL and LIPC lipase complexes and in regulating lipid 
homeostasis and glycerolipid metabolism.

DISCUSSION
In this study, we have analyzed genetic variations linked 
to lipids such as LDL-C, triglycerides, and TC, along 
with lipid-targeted medications including APOB, LPL, 
ANGPTL3, ABCG5/ABCG8, and APOC3 and a spec-
trum of cardiometabolic conditions encompassing my-
ocardial infarction, heart failure, stroke, atrial fibrillation, 
type 2 diabetes, ischemic heart disease, hypertension, 
varicose veins, DVT and PE, and CHD using extensive 
GWAS data. Our MR analyses sought to elucidate the 
causal impacts of lipid concentrations, as well as lipid-
drug targets on these cardiometabolic conditions and 
their mediators (birth weight, BMI, waist circumference 
adjusted for BMI, childhood BMI, waist-to-hip ratio 
adjusted for BMI, body fat percentage, mass, fat-free 
mass, fasting insulin, fasting glucose, 2-hour glucose, 
HOMA-IR, and systolic and diastolic blood pressure). 
The findings suggest that higher genetically proxied 
concentrations of LDL, triglycerides, and TC are caus-
ally linked to myocardial infarction, ischemic heart dis-
eases, and CHD. Furthermore, our drug-target MR 
analysis indicated that an increase in LPL is causally 
linked with various outcomes encompassing myocar-
dial infarction, atrial fibrillation, heart failure, ischemic 
heart diseases, hypertension, type 2 diabetes, CHD, 
HOMA-IR, fasting glucose, and systolic blood pres-
sure; with apoB and apoC3 specifically linked to myo-
cardial infarction and apoC3 also correlated with both 
systolic and diastolic blood pressure.

Public Health and Clinical Implications
Our research elucidates the significant influence of dys-
lipidemia on the incidence of cardiometabolic diseases, 
including hypertension, diabetes, and cardiovascular 
diseases, which pose serious public health challenges 
globally.73 Evidence from prior studies underscores the 
intricate connection between dyslipidemia and a clus-
ter of cardiometabolic risk factors such as glucose dys-
regulation and increased adiposity.73 There is robust 
support for the effectiveness of lipid-lowering therapies 
in reducing the incidence of cardiometabolic events, 
especially among individuals with established cardio-
vascular conditions.74 Information obtained from the 
Cholesterol Treatment Trialists’ Collaboration indicates 
that every 1 mmol/L decrease in LDL (approximately 40 
mg/dL) corresponds to a 20% decrease in cardiovas-
cular disease events,75 which has prompted a change 

in clinical guidelines toward more stringent lipid targets. 
The identification and validation of lipid targets are cru-
cial for both understanding the pathogenesis of dys-
lipidemia and implementing effective interventions to 
reduce cardiometabolic disease prevalence. Our find-
ings propose that LPL acts as a viable pharmacologi-
cal target for managing myocardial infarction, ischemic 
heart diseases, and CHD. The lipid-lowering effect of 
LPL, confirmed through our bioinformatics analysis, 
underscores its role in mitigating cardiometabolic dis-
ease risks. Mediation analyses indicate that this protec-
tive benefit is partially mediated through the regulation  
of fasting glucose, and further investigation indicates 
that systolic blood pressure may also mediate the rela-
tionship between LPL activity and cardiometabolic out-
comes. In summary, a more nuanced understanding 
of the relationships between dyslipidemia and cardio-
metabolic traits can inform clinical strategies, enhance 
individual health outcomes, and alleviate the economic 
burden on health care systems.

Comparison With Related Studies
Observational data have consistently demonstrated 
there is a connection between elevated levels of LDL 
and a heightened risk of CHD and stroke mortality. Our 
study reinforces this link by establishing a causal con-
nection between CHD and elevated LDL levels, sup-
ported by multiple genetic instruments. In contrast, an 
analysis of more than 14 000 individuals included in 
the National Health and Nutrition Examination Survey 
spanning 2 decades identified a higher likelihood of 
death from any cause in people with LDL levels <70 
mg/dL, compared with those with levels ranging from 
100 to 129.9 mg/dL, after accounting for demographic 
variables and concurrent health conditions.76 However, 
such observational findings could be influenced by 
confounding factors, including unadjusted subclinical 
conditions. Additionally, a breadth of evidence from 
observational,77 genetic,19,78 interventional79 studies 
supports the causality of LDL-C in the pathogenesis 
of CHD. Recent genetic research further implicates 
triglycerides80,81 as a causal factor in cardiometabolic 
diseases. A synthesis of data from many studies uni-
formly demonstrated a direct causal association be-
tween increased LDL concentrations and a heightened 
risk of cardiometabolic diseases.82,83 Particularly in 
European populations, MR studies have consistently 
shown that genetic variations linked with decreased 
LDL levels are correlated to a reduced risk of cardio-
metabolic conditions, offering a solid foundation for 
targeted preventive strategies.84,85 These studies also 
noted a dose-dependent correlation between LDL lev-
els and the risk of cardiometabolic diseases, assessing 
the impact of each LDL associated genetic variant.83 
Compared with these studies, our research used >200 
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genetic instruments to provide robust evidence that 
lipids—including LDL, TC, and triglycerides—not only 
LDL, have causal effects on a variety of cardiometa-
bolic diseases, each with distinct impacts. It is crucial 
to note that total cholesterol comprises LDL and HDL, 
plus a small contribution from very LDL. The interpre-
tation of its causal association with CHD is primarily 
influenced by LDL, as it contains the majority of the 
cholesterol found in plasma.

Current advancements in therapeutic develop-
ment are marked by several promising treatments 
aimed at significantly reducing triglycerides con-
centrations.86,87 This direction is partly informed by 
genetic findings that rare loss-of-function variations 
within the LPL gene are correlated with elevated 
triglycerides concentrations and an increased risk 
of cardiometabolic diseases. Similarly, mutations 
in APOC3 and ANGPTL3, which influence LPL ex-
pression, are also associated with variations in tri-
glycerides concentrations and the susceptibility to 
cardiometabolic disorders.20,88–90 Despite these ge-
netic associations, it remains uncertain whether inter-
ventions targeting the LPL pathway to reduce plasma 
triglycerides levels will concretely diminish the risk of 
such diseases. Our research suggested that targeting 
the LPL gene to lower triglycerides levels could sig-
nificantly reduce the risk of several cardiometabolic 
diseases, including ischemic heart disease, myocar-
dial infarction, atrial fibrillation, heart failure, type 2 
diabetes, hypertension, and CHD. Gene expression 
analyses in various tissues and colocalization stud-
ies provided robust evidence that targeting LPL has 
causal effects on myocardial infarction, ischemic 
heart diseases, and CHD. Moreover, drugs that lower 
triglycerides by targeting LPL were observed to be 
correlated not only with decreased cardiometabolic 
risk but also with lower HOMA-IR, fasting glucose 
levels, and systolic blood pressure. These findings 
align with previous studies.10,72,91 Mediation analysis 
indicates that the protective effects of LPL activation 
against ischemic heart disease, myocardial infarc-
tion and CHD are partially mediated by reductions 
in fasting glucose and systolic blood pressure, sug-
gesting these factors as potential mediators in the  
amelioration of cardiometabolic conditions. Recent 
MR analyses offered evidence that reducing type 2 
diabetes risk through pathways related to LPL is via-
ble.91 Additionally, our research identified apoC3 as a 
factor causally linked with myocardial infarction and 
blood pressure, marking it as a significant risk marker 
for cardiometabolic diseases because of its pivotal 
role in lipid metabolism.92 High apoC3 levels result 
in increased triglycerides concentrations through an 
accumulation of VLDL3 and chylomicrons. The litera-
ture supports our findings that apoC3 affects the risk 
of cardiometabolic diseases.90,93,94

Explanations and Implications
LDL is recognized as an apoB-containing, cholesterol-
rich lipoprotein, playing a critical role in cholesterol deliv-
ery to the arterial intima. The permeability of the arterial 
wall facilitates the entry of several lipoproteins, com-
pounded by elevated lipoprotein levels in plasma and 
increased blood pressure.95 Within the subendothelial 
space, macrophage-derived foam cells phagocytose 
oxidized, aggregated, or otherwise modified LDL, con-
tributing to atherosclerosis and, subsequently, car-
diometabolic diseases. ApoB-containing lipoproteins, 
primarily consisting of triglycerides and cholesterol, 
are metabolized by LPL, which hydrolyzes triglycerides 
from these particles, transforming triglyceride-rich very 
LDL into triglyceride-depleted LDL particles that are 
cleared from the plasma via hepatic LDL receptors. All 
lipoproteins containing apoB and measuring <70 nm 
in diameter, such as remnants of triglyceride-rich very 
LDL and LDL particles, have the potential to perme-
ate the endothelial barrier and potentially accumulate 
within arterial walls,96 where their lipid content can 
induce inflammatory responses and promote athero-
sclerotic plaque formation.21

Triglyceride levels are largely influenced by LPL 
activity, which is associated with the surface of mi-
crovascular endothelial cells.97 Genetic variations 
that reduce LPL activity can increase triglyceride-rich 
lipoprotein particle levels,97 Conversely, studies fo-
cusing on genetics have consistently shown height-
ened cardiometabolic events in individuals carrying 
specific genetic variants that enhance the action 
of LPL inhibitors, such as apoC3 and ANGPTL3. 
ANGPTL3,20,88–90 mainly synthesized in the liver, pri-
marily functions to suppress LPL and endothelial li-
pase, affecting the breakdown of phospholipids in 
lipoproteins, especially within HDL particles.98 Our 
bioinformatics analysis has identified key genes pri-
marily involved in cholesterol metabolism, fat diges-
tion, and absorption. Although various medications, 
including omega-3 fatty acids, thiazolidinediones, 
fibrates, and metformin, can modulate pharmacolog-
ical activity affecting LPL, they do not primarily target 
LPL activation. Given the pivotal function of LPL in 
lipid processing, there is increasing interest in devel-
oping novel therapeutics that directly activate LPL, 
such as compounds 50F10 and C10d.99 Our findings 
not only associate LPL activation with a reduction in 
cardiometabolic disease risks but also link it to de-
creased fasting glucose levels and systolic blood 
pressure, underscoring its potential in therapeutic 
strategies. Given the pivotal role of LPL in improving 
cardiometabolic health, our investigation, alongside 
previous pharmacological and genetic studies,72,85,100 
underscored a substantial clinical necessity for the 
development of drugs that enhance LPL activity.
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Strengths and Limitations
Several notable strengths are evident in this study: It 
includes a substantial cohort of cardiometabolic dis-
ease cases and uses dual independent data sets for 
validating outcomes. Colocalization and mediation 
analyses add analytical rigor. The implementation of 
MR minimizes residual confounding and reduces the 
risk of false negatives in extensive GWAS. Previous 
work established robust genetic statistics and used 
MR methodologies to ascertain causal relationships 
between risk factors and chronic diseases, further re-
ducing confounding effects.101–110 To the best of our 
knowledge, this study represents a pioneering effort 
to integrate MR analysis with colocalization and me-
diation analysis. This approach aims to elucidate the 
causal relationships between genetically proxied lipids 
and the targets of lipid-modifying pharmaceuticals, 
using genetic summary data and eQTL data. The large 
pool of SNVs used as instrumental variables enhances 
the statistical power of our interpretations, although 
some weak associations may be overlooked. Genetic 
variants used to simulate drug effects allows for causal 
inferences with minimal confounding from traditional 
epidemiological factors, akin to random allocation in 
randomized controlled trials.111 Prior research sup-
ports that MR design can refine the design and inter-
pretation of clinical trials, particularly those involving 
lipid-modifying agents.112 Design of positive controls 
and diverse sensitivity assessments within the drug-
target MR framework lend additional credibility to our 
findings.

The study also acknowledges several limitations. 
First, the inclusion of primarily individuals of European 
descent might restrict applicability across diverse eth-
nic populations. Second, despite extensive sensitivity 
analyses for validating MR assumptions, the indepen-
dence of instruments from undetected confounding 
factors could not be directly assessed. Although ger-
mline instruments are less susceptible to confounders, 
minimizing population stratification is essential to ad-
dress concerns about the violation of independence 
assumptions within a 2-sample MR framework.113 
Notably, sensitivity analyses help check for major vi-
olations of assumptions, but unless there is contrary 
evidence, they do not reliably identify all significant vio-
lations. Therefore, choosing an analysis method based 
solely on a test, when the power of that test is unknown, 
is not appropriate. If the power to detect specific vio-
lations cannot be determined, the confidence in the 
results should be greatly diminished. Additionally, test-
ing to identify the final model is generally not a good 
approach. Tests should address scientific questions, 
not guide the choice of analysis method. Using robust 
methods as the primary approach helps avoid this 
issue. Therefore, multiple sensitivity analyses, including 

mode-based estimation and MR-PRESSO, should be 
used and reasonably interpreted with caution. Third, 
MR is constrained by the limitations of the originating 
data sources, such as the representativeness of the 
UK Biobank for the broader UK or European popu-
lations.114 Fourth, confounding by LD could influence 
observed effects, though consistent findings across 
different LD thresholds, supported by colocalization 
analyses, suggest minimal influence. Fifth, the study 
focused solely on the on-target effects of specific drug 
targets without assessing potential off-target effects. 
Sixth, genetic variations illustrate how lifelong alter-
ations in lipid levels affect cardiometabolic risks, con-
trasting with the shorter-term effects of lipid-lowering 
medications.6 Seventh, the influence of environmental 
factors on genetic risks for cardiometabolic diseases 
might introduce bias into effect estimates.6 Eighth, 
because lipid levels were considered the focal bio-
markers, only the effects of lipid modification on car-
diometabolic diseases were assessed, excluding other 
pharmacological impacts. Lastly, it is clinically perti-
nent to determine whether lipid-modifying therapeu-
tic targets manifest consistent effects across different 
baseline lipid levels, a question that may be addressed 
by developing nonlinear methodologies for drug-target 
MR analyses.

CONCLUSIONS
In summary, our study elucidated the causal relation-
ships between genetically proxied lipid levels and major 
cardiometabolic diseases such as myocardial infarc-
tion, ischemic heart diseases, and CHD. The results 
underscore LPL as a favorable candidate for targeted 
drug development, pivotal in the pathogenesis and 
progression of cardiometabolic disorders. The regu-
latory role of LPL in triglyceride metabolism, possibly 
mediated by factors like fasting glucose and systolic 
blood pressure, may be a part of the underlying mech-
anism. Genetic variations in LPL affect the expression 
of critical genes, suggesting potential biological mech-
anisms that could substantiate the observed causal ef-
fects and support our hypothesis. Additional research 
is necessary to validate these mechanisms thoroughly 
and evaluates the potential of LPL activators in both 
basic and clinical research settings for cardiometabolic 
diseases.
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