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Abstract 

Background:  Apolipoprotein A-IV (apoA-IV) plays key roles in lipid metabolism, 
reverse cholesterol transport, and kidney function, yet its genetic determinants remain 
poorly defined. We conduct a genome-wide association study (GWAS) meta-analysis 
of apoA-IV concentrations measured by ELISA in 25,181 individuals and combine these 
with proteomic data from 33,995 UK Biobank participants (Olink platform), yielding 
a total sample of 59,176. We perform genetic correlations and colocalization analyses 
to explore links with lipid, renal, and other complex traits.

Results:  The GWAS identifies several novel loci to be associated with apoA-IV con‑
centrations (TDRD5, DPP4, MYL3, MORC1, MCUB, GATA4, ZPR1, UMOD, GLP2R, SLC38A10 
and APOE) besides two previously identified loci (APOA5-A4-C3-A1 cluster and KLKB1). 
Cross-platform comparison shows strong concordance of effect directions and magni‑
tudes, underscoring the robustness of findings across measurement techniques. Global 
genetic correlation reveals significant shared genetic architecture between apoA-IV, 
kidney function and HDL-cholesterol, while colocalization supports shared causal vari‑
ants with lipid, renal, and hematological phenotypes, suggesting biologically relevant 
pathways.

Conclusion:  These results provide a comprehensive overview of the genetic archi‑
tecture of apoA-IV and suggest mechanistic links to lipid metabolism, kidney function 
and blood-related traits. Our findings refine the role of apoA-IV as a potential biomarker 
and inform future epidemiological research.
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Background
Apolipoprotein A-IV (apoA-IV) is a 46 kDa glycoprotein primarily produced in entero-
cytes of the small intestine. It is secreted into the lymph as part of chylomicron par-
ticles during dietary fat absorption and subsequently enters the bloodstream in both 

^Christian Gieger is deceased.

We gratefully acknowledge the 
contributions of Prof. Christian 
Gieger, who passed away during 
manuscript revision and whose 
longstanding collaboration 
significantly contributed to this 
work.

*Correspondence:   
Florian.Kronenberg@i-med.ac.at

1 Institute of Genetic 
Epidemiology, Medical University 
of Innsbruck, Schöpfstrasse 3, 
6020 Innsbruck, Austria
Full list of author information is 
available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13059-026-04196-7&domain=pdf
https://orcid.org/0000-0003-2229-1120


Page 2 of 22Koller et al. Genome Biology          (2026) 27:307 

lipoprotein-bound and lipid-free forms [1–3]. ApoA-IV plays a central role in lipid 
metabolism as a component of high-density lipoproteins (HDL), very-low-density lipo-
protein (VLDL), and chylomicrons. Beyond its role in facilitating reverse cholesterol 
transport, apoA-IV influences satiety [3, 4], insulin secretion [4, 5], and inflammatory 
response [6, 7], experimental studies have further implicated apoA-IV in chylomicron 
lipolysis activation [8], cholesterol efflux [9, 10] and inhibition of LDL oxidation [11] and 
thrombosis [12]. Clinically, low apoA-IV levels have been associated with cardiovascular 
events [13–16], and elevated apoA-IV has emerged as an early biomarker of impaired 
kidney function [17–19], highlighting its relevance beyond lipid metabolism.

ApoA-IV is encoded by the APOA4 gene, located within the APOA5-A4-C3-A1 clus-
ter on chromosome 11q23 – a region of extensive linkage disequilibrium (LD) among 
apolipoprotein genes that collectively influence triglyceride and HDL metabolism [20]. 
While other lipid traits, particularly HDL cholesterol, have been widely studied, apoA-
IV has received less attention. In our previous genome-wide association study (GWAS) 
we identified significant loci for apoA-IV levels in/near APOA4 and KLKB1 [21], but 
the study was limited to a sample size of 13,813. Recent large-scale proteomics GWAS 
in more than 33,000 European participants from the UK Biobank (UKB) also identified 
additional loci (TDRD5/LAMC1, MCUB, the HLA region, GATA4, UMOD and APOE) 
linked to apoA-IV [22]. However, these findings were embedded in broader multi-pro-
tein analyses and lacked detailed investigation of apoA-IV’s genetic regulation.

In addition, little is known about the shared genetic architecture between apoA-IV 
and traits related to lipids, kidney function, or other blood-based biomarkers, thereby 
limiting insight into potential pleiotropic or causal mechanisms underlying metabolic 
and cardiovascular diseases.

To address these gaps, we conducted a GWAS meta-analysis of apoA-IV concentra-
tions in > 25,000 individuals based on ELISA measurements. To further enhance discov-
ery power and evaluate cross-platform robustness, we incorporated summary statistics 
from an independent proteomics GWAS in 33,995 individuals from the UKB using the 
Olink platform [22]. We further applied genetic correlation analyses to assess shared 
genetic architecture, as well as colocalization analyses to identify common causal vari-
ants underlying associated signals.

The specific aims of this study were to: 1) to identify genetic loci associated with 
apoA-IV levels; 2) assess consistency between ELISA- and Olink-based apoA-IV GWAS 
results; 3) explore genetic correlations between apoA-IV and traits of interest; and 4) 
pinpoint candidate genes and potential pleiotropic regions via colocalization and condi-
tional association testing. This integrative genomic approach provides new insights into 
the genetic regulation of apoA-IV and its potential relevance to lipid metabolism, kidney 
function, and blood-related traits.

Results
GWAS on 25,181 individuals based on ELISA‑measured apoA‑IV concentrations

Genome-wide association analyses were conducted in 25,181 individuals from six pop-
ulation-based studies, one kidney disease cohort, and one diabetes case–control study, 
with apoA-IV measured by ELISA. Baseline characteristics of each study are presented 
in Additional file 2: Table S2. ApoA-IV levels were lowest in the youngest cohort, the 
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Young Finns Study (mean = 13.12 mg/dL), and highest in the kidney-disease cohort 
GCKD (mean = 28.87 mg/dL).

The meta-analysis of GWAS on inverse normal-transformed apoA-IV levels (adjusted 
for age, sex and the first four principal components) identified four independent sig-
nals reaching genome-wide significance (p < 5 × 10–08), shown in the Manhattan plot in 
Fig. 1a. These included three independent variants in or near the APOA4 gene and one 
conditionally independent variant at the KLKB1 locus (Table 1). The genomic inflation 
factor for the meta-analysis was λ = 1.013, indicating that population stratification was 
unlikely to have substantially influenced the results (λ per study ranged from 0.995 to 
1.018).

The strongest association was observed for rs2849167 (β = 0.121, p = 1.00 × 10–45) 
and rs9735326 (β = 0.136, p = 2.29 × 10–29) both located in the APOA5-A4-C3-A1 gene 
cluster as well as rs12721043 (β = −0.309, p = 8.37 × 10–15) in the APOA4 gene (regional 
plot shown in Additional file 1: Fig S1), supporting its role in apoA-IV regulation. For 
all three independent genome-wide significant variants in the APOA5-A4-C3-A1 clus-
ter, effect directions were mostly consistent across studies, with at most one study per 
variant showing an opposite effect. On the original scale, these SNPs corresponded to 
approximate changes in apoA-IV levels of 0.53, 0.62, and −1.26 mg/dL, respectively.

The fourth independent genome-wide significant lead variant, rs12331051, was 
located in the KLKB1 region on chromosome 4 (regional plot in Additional file 1: Fig 
S1, β = −0.07, p = 9.87 × 10–16), corresponding to a 0.26 mg/dL decrease in circulating 
apoA-IV levels per effect allele. The KLKB1 signal showed most significant single-study 
effect in the GCKD study, whose participants suffer from chronic kidney disease with 
pronounced elevations of apoA-IV concentrations, still several other cohorts contrib-
uted concordant evidence (visualized in a forest plot, Additional file  1: Fig S2). Over-
all, effect magnitudes were broadly similar across cohorts, albeit with wide confidence 

Fig. 1  Manhattan plot illustrating genome-wide autosomal associations for apoA-IV. The red line represents 
the threshold for genome-wide significance (p-value < 5 × 10−08). The x-axis gives the chromosomes, the 
y-axis shows the -log10 p-values of imputed SNPs. a shows the plot for the meta-analysis of all ELISA-based 
measurements of apoA-IV (n = 25,181) adjusted for age, sex, and four principal components (PCs). b shows 
the meta-analysis including the UKB summary statistics (Europeans only) in addition to those shown 
in plot (a) leading to a total of 59,176 individuals. Loci highlighted in red represent signals that reached 
genome-wide significance only through the increased power of the combined meta-analysis, but not in the 
UK Biobank dataset alone
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intervals in some smaller studies. Study-specific results for all lead SNPs are provided in 
Additional file 2: Table S3.

Most cohorts collected fasting blood samples, whereas KORA F3, AugUR, and GCKD 
primarily included nonfasting samples (Additional file  2: Table  S2). Stratified meta-
analyses comparing fasting and nonfasting cohorts revealed no consistent differences 
in effect estimates or directions across variants, a finding further supported by visual 
inspection of forest plots (data not shown), indicating that genetic associations were 
robust to variation in sample fasting status.

Sex differences in genetic regulation of apoA‑IV

Meta-analyses of sex-stratified GWAS per study were performed to explore poten-
tial sex-specific genetic effects. A Z-test comparing effect estimates between men and 
women identified one variant with significant sex-specific effects (p-value of differ-
ence = 2.44 × 10–09) for the variant rs149287788 near GSG1L (effect allele (A)), that 
showed a negative association with apoA-IV levels in men (β = −0.342), but a positive 
association in women (β = + 0.242). The minor allele frequency was similar in men and 
women (0.0086 vs. 0.0087, respectively), and sample sizes were well balanced between 
sexes (n = 10,951 vs. n = 10,910, respectively), supporting the robustness of the observed 
association. Imputation quality was consistently high across all contributing cohorts and 
study-specific analyses demonstrated consistent effect directions across cohorts (only 
exception: AugUR2 in men), indicating that the observed sex-specific association is not 
driven by a single study (visualized in a forest plot, Additional file 1: Fig S3), although 
replication in larger datasets will be important to further confirm these findings.

Additionally, the KLKB1 locus reached genome-wide significance only in men 
(p = 3.98 × 10–08 vs. p = 1.27 × 10–06 for the lead SNP at rs12331051), showing a stronger 
effect in males, however, the p-value of difference is not significant (pdiff = 0.59) and 
MAF, effect directions and magnitudes were similar between sexes for this variant 
(MAF = 0.44, β = −0.065 and standard error 0.0119 in men and MAF = 0.43, β = −0.057 
and standard error 0.0117 in women for the top hit at rs12331051).

Meta‑analysis with the UK Biobank summary statistics

To enhance statistical power and evaluate methodological consistency between plat-
forms, we combined our ELISA-based meta-analyzed GWAS results with published 
GWAS for UKB proteomics data (n = 33,995, European ancestry) derived from the 
Olink platform. The extended meta-analysis included 59,176 individuals (genomic infla-
tion λ = 1.036).

Conditional analysis using summary statistics (GCTA-COJO) identified 18 SNPs 
independently associated with apoA-IV levels (Table  2, Fig.  1b): The strongest signal 
originated from the APOA4 region (lead SNP rs1729407, p = 1.43 × 10–118), where sev-
eral conditionally independent SNPs were detected (regional plot shown in Additional 
file 1: Fig S4). Another strong signal was detected from the TDRD5 gene (rs150816167, 
p = 2.83 × 10–22). Additional conditionally independent variants in or near the follow-
ing genes were found: DPP4 (chr 2), MYL3 and MORC1 (chr 3), MCUB (chr 4), the 
HLA-DRA/HLA-DRB1/5 region (chr 6), GATA4 (chr 8), ZPR1 (chr 11), UMOD (chr 
16), GLP2R/SLC38A10 (chr 17), and APOE (chr 19). A comprehensive overview of 
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conditionally independent variants from each study is provided in Additional file  2: 
Table S4.

Inspection of the forest plots revealed that almost all studies showed effects in the 
same direction (see exemplary forest plots for lead SNPs rs2849167 for the ELISA-based 
meta-analysis and rs1729407 for the combined meta-analysis in Additional file 1: Fig S5).

When evaluating the 18 variants identified in the extended meta-analysis for difference 
in platform-specific effect estimates (ELISA-based studies meta-analysis versus OLINK 
in UKB), we found no evidence for difference, except for two variants near APOA4 
(rs5110 and rs12721043 with pdiff < 0.05/18 (3.76 × 10–09 and 2.50 × 10–05, respectively). 
rs5110 was a variant that was not genome-wide significant in the meta-analysis (p-value 
of meta-analysis ≥ 5 × 10–08) but became significant after conditioning on other inde-
pendent variants (p-value of conditional analysis < 5 × 10–08).

Notably, neither the index variant in KLKB1 nor another variant in this locus did 
not reach genome-wide significance in this extended analysis (p-value: 4.80 × 10–07 for 
rs12331051). This attenuation is driven by the absence of an effect in the UKB dataset 
(β ± SE: −0.07 ± 0.009 in the ELISA-based studies vs. 0.003 ± 0.008 in the UKB, respec-
tively, with a pdiff of 1.34 × 10–09), as illustrated in Additional file 1: Fig S2. Consequently, 
this association observed in the ELISA-based analysis does not persist when UKB data 
are included (see Discussion).While the KLKB1 locus reached genome-wide significance 
only in the ELISA-based apoA-IV GWAS, other loci (e.g., DPP4, MYL3, MORC1, GLP2R 
and SLC38A10) reached genome-wide significance only in the combined analysis, high-
lighting the gain in statistical power.

Impact of kidney function and diabetes adjustment on lead SNPs

Adjustment for kidney function parameters was performed across all studies, using indi-
vidual-level data where available. In the ELISA-based studies, adjustment for eGFR was 
feasible in 25,139 out of 25,181 individuals and had minimal impact on the effect sizes 
and p-values of the four conditionally independent SNPs identified. No additional locus 
reached genome-wide significance following adjustment.

In addition, an approximate conditional analysis adjusting for either eGFR or UACR 
was conducted based on the total meta-analysis summary statistics (n = 59,176), which 
had no major effects on the main findings. Effect estimates for all independent lead 
SNPs remained stable and directionally consistent after accounting for kidney func-
tion. Notably, at the UMOD locus (lead SNP rs36060036), the p-value changed from 
5.88 × 10–12 to 4.77 × 10–09 after eGFR-adjustment, while the effect size remained stable 
(β = −0.052 adjusted for age and sex; β = −0.048 after additional adjustment for eGFR; 
and β = −0.053 after adjustment for UACR), indicating that only a small part of the asso-
ciation of the UMOD variant with apoA-IV levels is mediated by kidney function defined 
by eGFR or UACR. Similarly, additional adjustment for type 2 diabetes resulted in only 
modest attenuation or slight strengthening of selected associations, with no changes in 
effect direction and no variants losing genome-wide significance. Adjusted beta esti-
mates and p-values are presented in Additional file 2: Table S5.

To further assess whether observed associations were disproportionately driven by 
disease-enriched cohorts (GCKD, a chronic kidney disease cohort; DiaGene, a dia-
betes case–control study), leave-one-cohort-out meta-analyses were performed for 
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all lead variants. Effect directions remained consistent, and effect sizes and p-values 
did not materially change upon the exclusion of any single cohort from the combined 
meta-analysis including UK Biobank (Additional file  2: Table  S6). Heterogeneity met-
rics (Cochran’s Q and I2) for the top loci, together with pooled estimates omitting one 
cohort at a time, are also provided in Additional file 2: Table S6. In ELISA-based analyses 
only, attenuation was observed for two variants upon exclusion of GCKD (rs12331051 at 
KLKB1 and rs12721043 at APOA4), reflecting the larger contribution of this cohort to 
the ELISA-only meta-analysis.

Cross‑platform concordance of genetic associations

To assess the concordance between the GWAS results based on ELISA-measured 
apoA-IV and those from the UKB Olink proteomics platform, we evaluated both the 
overall correlation and consistency of effects for shared variants with p < 1 × 10–06 in 
at least one dataset. The Pearson correlation coefficient (r = 0.88, p < 2.2 × 10–16) fur-
ther confirmed a strong linear relationship between effect sizes from the two summary 
statistics, and 97% of SNPs showed concordant directions of effect. Using equivalence 
testing with a predefined margin of Δ = 0.33, more than 99% of the 2,110 shared SNPs 
were classified as statistically equivalent. The remaining seven variants did not meet 
the equivalence criterion and correspond to those showing the most pronounced 
cross-platform differences (visualized in Fig.  2, with these seven variants highlighted 
by color). Application of a more stringent margin (Δ = 0.1) reduced the proportion of 
equivalent variants to 83%, while still indicating substantial overall agreement between 
platforms. These results suggest that the two measurement platforms yield highly com-
parable genetic associations for apoA-IV levels, with differences only in a limited number 
of variants.

Functional annotation and database lookup: loci associated with diverse biological 

pathways

In addition to the lead signal at the APOA4 locus, several variants identified in our 
GWAS have been previously associated with other phenotypic traits. According to 
the Common Metabolic Diseases Knowledge Portal (CMDKP, https://​hugea​mp.​org/ 
accessed March 13, 2025), many lead variants showed genome-wide associations with 
lipid traits (e.g., HDL-C, LDL-C, triglycerides), kidney function (e.g., eGFR, cystatin 
C), and inflammatory or hematological parameters (e.g., C-reactive protein, blood cell 
traits). Notable overlaps included lipid-related signals near APOE, MCUB, MORC1, 
MYL3, and GLP2R; kidney-related associations at UMOD, DPP4, and GATA4; and 
immune-related signals near DPP4, HLA-DRB5, and GATA4. These findings informed 
the selection of phenotypes for downstream genetic correlation and colocalization 
analyses.

Gene-based testing with MAGMA identified several significant genes beyond the well-
known and already highlighted APOA5-A4-C3-A1 cluster, the HLA region, and UMOD, 
including SIK3, PAFAH1B2, MTTP, and MSRA (Additional file  1: Fig S6). Additional 
file 2: Table S7 lists all 45 protein-coding genes (out of the 20,043 tested) that reached 
genome-wide significance based on the MAGMA gene-based test (P < 2495 × 10–06), 
with genes newly identified by the gene-based analysis (i.e., not previously highlighted in 

https://hugeamp.org/
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the SNP-based meta-analysis) shown in bold. A total of 18 lead SNPs were identified via 
GCTA-COJO conditional analysis, compared to 34 lead SNPs from FUMA’s LD-based 
clumping. The smaller number of signals from GCTA-COJO reflects its more stringent 
definition of independence based on conditional modeling, in contrast to the pairwise 
LD-based approach applied in FUMA. Of these 34 SNPs (shown in Additional file  2: 
Table S8), around 57% are located within intronic regions, followed by intergenic (26.3%) 
and untranslated or regulatory regions (Additional file 1: Fig S7).

A gene expression heatmap is provided in Additional file  1: Fig S8, showing log₂-
transformed average expression levels across tissues, with genes ordered by hierarchical 
clustering. Tissue-specific expression analysis using the GENE2FUNC module in FUMA 
(GTEx v8, 30 general tissue types) revealed enrichment of the prioritized genes among 
upregulated genes (especially in liver, and kidney), suggesting tissue-specific functional 
relevance. However, these enrichments did not remain significant after correction for 
multiple testing.

Pathway enrichment analysis using Reactome showed significant overrepresenta-
tion of genes involved in lipoprotein metabolism, including plasma lipoprotein assem-
bly, clearance, and remodeling, largely driven by APOA4, APOA1, APOC3, APOE, and 
MTTP. GWAS Catalog enrichment revealed substantial overlap with loci previously 

Fig. 2  Scatterplot of effect size (β) comparison between ELISA and Olink Assay based on GWAS results 
on inverse normal-transformed apoA-IV levels. Each point represents a SNP that is shared between both 
datasets and had a p-value < 1 × 10–06 in at least one of the datasets. The x-axis shows the β estimates 
from the ELISA-based analysis, while the y-axis displays the β estimates from the Olink-based analysis. The 
dashed diagonal line (black) represents the expected trend if the effect sizes were identical between the 
two methods. SNPs not meeting the equivalence criterion (equivalence margin of 0.33 × the phenotypic 
variance) are highlighted in blue. When applying a more stringent equivalence margin (Δ = 0.1), more than 
80% of variants remain significantly equivalent; variants not meeting this stricter criterion are indicated 
in dark grey. The dashed regression line represents the best-fit linear regression model between the two 
datasets, capturing the overall trend of the β-comparison
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associated with lipid traits, as well as cardiometabolic and neurological phenotypes, 
including Alzheimer’s disease and cognitive function, again predominantly involving 
apolipoprotein genes (APOA1, APOA4, APOC3, APOC1, and APOE). Further details are 
provided in Additional file 1: Fig S6, showing results of gene-based analyses and func-
tional annotations.

Global genetic correlation

The LDSC approach indicated that apoA-IV shares an overall genetic architecture with 
eGFR based on cystatin C (eGFRcys), eGFR based on creatinine (eGFRcrea), and HDL-
C. After Holm-Bonferroni correction for multiple testing, all three traits showed sig-
nificant genome-wide genetic correlations with apoA-IV (adjusted p = 0.001, 0.035, 
and 0.046, respectively). The correlations were positive for HDL-C and inverse for both 
eGFR measures, as expected. The observed genetic correlations represented the strong-
est associations among all traits examined and showed small-to-moderate magnitudes 
(rg = − 0.22, − 0.19, and 0.14 for eGFRcrea, eGFRcys, and HDL-C, respectively). The full 
correlation matrix displaying genome-wide genetic correlations rg is shown in Fig. 3.

Colocalization analysis

Using data from the same phenotypes and traits of interest, colocalization analy-
ses (using marginal summary statistics) revealed evidence of shared genetic signals 
(H4 > 0.8) between apoA-IV levels and 13 phenotypes across eight genes (Fig. 4). Most 

Fig. 3  Global genetic correlation between apoA-IV and traits of interest according to LDSC. Significant 
genetic correlations after Holm-Bonferroni correction for multiple testing (adjusted p < 0.05) are highlighted 
with asterisks. Abbreviations: Hem = hemoglobin; SHBG = sex hormone-binding globulin
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notably, lipid-related traits (HDL-C, LDL-C, and triglycerides) colocalized with apoA-
IV at four loci: APOE, MCUB, GLP2R, and MORC1, supporting the known involvement 
of apoA-IV in lipid metabolism. In addition, several colocalizations were observed with 
kidney function traits, particularly at the UMOD and TDRD5 loci (eGFRcrea, eGFRcys, 
and serum urate). Colocalizations with metabolic traits were also observed at multiple 
genes. BMI and HbA1c colocalized at GLP2R and GATA4, and sex-hormone binding 
globulin (SHBG) colocalized at GATA4 and MCUB. Additionally, vitamin D colocalized 
at GATA4, TDRD5, and APOE, suggesting potential links between apoA-IV and broader 
endocrine or metabolic regulation. Additionally, hematological parameters such as neu-
trophil and erythrocyte counts showed colocalizations with DPP4, MCUB and APOE. 
No colocalization signal was detected for the APOA4 cluster, although SNPs within that 
cluster are also associated primarily with HDL-C. These SNPs are not in LD with the 
apoA-IV top hits though, indicating distinct genetic architectures. Exemplary colocali-
zation plots illustrating strong pleiotropy at the APOE locus and no evidence for main 
signal colocalization at the APOA4 locus are shown in Additional file 1: Fig S9.

Together, these findings underscore the pleiotropic nature of apoA-IV and suggest 
that shared genetic architecture underlies its involvement in lipid metabolism, metabolic 
traits, kidney function, and selected hematological/metabolic parameters.

Discussion
In this large-scale GWAS of ELISA-measured apoA-IV levels, we identified four 
genome-wide significant loci, including three within the APOA5-A4-C3-A1 gene 
cluster and one at the KLKB1 locus. Meta-analysis including UK Biobank Olink data 
extended these findings to 18 conditionally independent signals, highlighting several 
novel loci involved in lipid metabolism, kidney function, and inflammation. Strong 
cross-platform consistency and genetic correlations with traits such as HDL-C and 
eGFR support the robustness and biological relevance of these associations. Colocaliza-
tion analyses revealed widespread shared genetic architecture with a broad spectrum 

Fig. 4  Positive colocalization signals between apoA-IV-associated loci and other phenotypes, depicting 
phenotypes with strong colocalization signals (posterior probability for shared causal variant, H4 > 0.8) at 
genes identified in the apoA-IV GWAS
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of traits, consistent with systemic pathways influencing apoA-IV as a potential down-
stream marker. However, the absence of colocalization at the APOA4 locus itself 
suggests that this signal likely reflects a locus-specific, primary effect on apoA-IV reg-
ulation rather than secondary consequences of polygenic, system-wide metabolic dif-
ferences. Together, these findings provide new insights into the genetic regulation of 
apoA-IV and lay the foundation for understanding its broader physiological relevance 
in human health and disease.

Although apoA-IV is increasingly recognized for its regulatory roles in lipid metabo-
lism, satiety, and glucose homeostasis, much of the current evidence is based on animal 
models or small-scale studies conducted decades ago [3, 4, 6, 23]. Large-scale human 
data remain limited and are often derived from disease-specific cohorts, such as indi-
viduals with chronic kidney disease, thereby restricting broader applicability [19, 24, 25]. 
The strongest evidence supports a role for apoA-IV in kidney disease across different 
stages, with higher apoA-IV levels consistently associated with reduced kidney function 
[17, 18, 24, 26, 27].

To date, only one GWAS has investigated apoA-IV concentrations measured via 
ELISA, conducted previously by our group and involving overlapping study popula-
tions [21]. In that GWAS, five population-based cohorts (n = 13,813) and two replica-
tion cohorts (n = 2,267) were analyzed using 1000 Genomes imputation reference panel 
with the following conditionally independent lead SNPs: rs1729407 (near APOA4, 
p = 6.77 × 10−44), rs5104 (in APOA4, p = 1.79 × 10−24) and rs4241819 in the KLKB1 
gene (p = 5.6 × 10−14), respectively [21]. A follow-up Mendelian randomization study 
based on this GWAS suggested potential causal links between apoA-IV and HDL-C, 
and potential reverse causality between apoA-IV and both, eGFR and triglycerides [28]. 
However, disentangling the contribution of HDL-C and LDL-C to apoA-IV from that of 
triglycerides posed a challenge [28].

Platform‑specific effects and interpretation of complex loci

With the availability of UK Biobank proteomic data (including almost 3,000 different 
proteins) from > 30,000 European UKB participants measured via the Olink platform, 
plasma proteomic GWAS have expanded considerably [22]. Although several addi-
tional loci, such as NPHS2, LAMC1, and C3orf85, achieved genome-wide significance 
in the GWAS on apoA-IV by Sun et al., their effect sizes were relatively small, further 
emphasizing APOA4 as the primary genetic regulator of apoA-IV [22]. The strong con-
cordance between ELISA- and Olink-based GWAS results for apoA-IV underscores the 
robustness of these genetic associations. Despite discrepancies in a few variants, both 
approaches revealed largely consistent effect directions and magnitudes, supporting the 
reliability of cross-platform findings.

Building on this concordance, combining results from both platforms in a meta-
analysis appears justified. Although ELISA and Olink differ in assay chemistry, the 
inverse normal-transformation applied across cohorts and the overall consistency 
of genetic effect estimates indicate that both approaches capture a shared underly-
ing genetic signal. Sensitivity analyses using random-effects models produced highly 
similar results (Additional file 2: Table S4). As expected, a small number of variants 
with substantial between-study heterogeneity and stronger effects in the large UKB 
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cohort showed attenuated effect estimates and lost significance under the random-
effects model, reflecting the reduced influence of the largest study compared with 
the fixed-effect analysis. This likely reflects both the accommodation of between-
study heterogeneity and the reduced relative influence of the UK Biobank cohort 
when individual ELISA studies were modeled separately rather than combined prior 
to meta-analysis.Collectively, these findings support the use of a fixed-effect model 
for the primary meta-analysis while acknowledging inherent technical differences 
between measurement platforms.

One notable difference emerged at the KLKB1 locus. This locus reached a clear 
genome-wide significance in our ELISA-based meta-analysis, consistent with ear-
lier findings [21], but did not achieve genome-wide significance in the Olink-based 
UK Biobank dataset [22]. Several factors may contribute to this discrepancy, including 
methodological differences such as antibody specificity, sample handling, and fasting 
status, as well as biological variation arising from the coexistence of multiple molecu-
lar forms of apoA-IV. Moreover, KLKB1 encodes plasma kallikrein, a calcium-sensitive 
protease involved in the processing and modification of plasma proteins, making it 
plausible that KLKB1 variants alter structural or post-translational features of apoA-IV 
and thereby affect its detectability in a platform-dependent manner. Importantly, we 
speculate that such effects might be limited to loci like KLKB1 that modify apoA-IV’s 
biochemical state, and not to loci that mainly influence total apoA-IV abundance (e.g., 
APOA4), which may explain why the discrepancy is observed only at KLKB1. Whether 
specific modified forms of apoA-IV and other structural alterations might be less reliably 
detected via the Olink technology, remains to be determined. Ultimately, given the lim-
ited information available on the Olink antibodies and the absence of direct comparisons 
of identical samples across platforms, the underlying cause of this discrepancy cannot be 
conclusively determined. Thus, the complete absence of genome-wide significance for 
the KLKB1 locus in the UK Biobank likely reflects both technical and biological differ-
ences, underlining the importance of contextual interpretation in cross-platform genetic 
studies. Still, identified discrepancies in the KLKB1 locus require further investigation.

Moreover, several variants within the HLA region reached genome-wide significance 
in our combined meta-analysis. However, this region is highly polymorphic, exhibits 
complex linkage disequilibrium, and presents known challenges for genotyping accuracy 
[29, 30]. These signals were driven almost exclusively by the UKB dataset with very broad 
confidence intervals in most ELISA-based studies, none reached nominal significance 
(p < 2.1 × 10–03) in the ELISA-based cohorts. Given the known issues of genotyping and 
imputation in this region, as well as its structural variability, these associations should 
be interpreted with caution [29, 30]. Biologically, the signal may suggest an immune-
metabolic link involving apoA-IV, but independent replication is required to draw firm 
conclusions.

Finally, the observed sensitivity of the UMOD locus to kidney function adjust-
ment provides important insights into the relationship between renal physiology and 
apoA-IV regulation. The top signal at rs36060036 in UMOD identified in our apoA-IV 
meta-GWAS is in strong linkage disequilibrium with rs12917707, a well-characterized 
uromodulin variant, suggesting a shared genetic basis, which is further supported by 
colocalization analysis. Uromodulin, encoded by UMOD, is the most abundant protein 
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in normal urine and is secreted exclusively by cells in the thick ascending limb of the loop 
of Henle, highlighting its role for tubular function. It is involved in salt handling, and uri-
nary tract defense, with genetic variants at this locus strongly associated with chronic 
kidney disease and kidney biomarkers [31]. Although the UMOD association signal was 
slightly attenuated after adjustment for eGFR, it remained genome-wide significant, sug-
gesting that kidney function partly mediates this association, yet an independent effect 
on apoA-IV beyond filtration function is evident. These findings emphasize the impor-
tance of adjusting for renal parameters in apoA-IV-related analyses.

Broader functional relevance and pleiotropic genetic links of apoA‑IV‑associated loci

The cross-trait overlap observed in our GWAS highlights a multifaceted role for apoA-
IV, extending beyond lipid transport. Several loci, including those near APOE, MCUB, 
MORC1, and MYL3, were associated with lipid traits, aligning with apoA-IV’s estab-
lished function in lipid metabolism. For example, GATA4 variants are associated with 
triglyceride levels in humans, and experimental studies in mice show that hepatic 
GATA4 regulates triglyceride homeostasis [32–34]. Associations near UMOD, DPP4, 
and GATA4 with renal markers (e.g., eGFR, creatinine, cystatin C) support previous 
findings of an inverse relationship between apoA-IV and eGFR [17, 19]. Importantly, in 
an earlier study from our group, we further reported that in individuals with nephrotic 
syndrome, but not in others, serum apoA-IV correlates positively with serum albumin. 
This suggests that impaired tubular reabsorption increases urinary apoA-IV excre-
tion, thereby lowering circulating apoA-IV levels compared to individuals without pro-
nounced tubular dysfunction [27].

Additional loci, notably DPP4, GATA4, and HLA-DRB5, were associated with immune 
and inflammatory phenotypes, including blood cell traits and C-reactive protein levels. 
The significant associations within the HLA region, though driven predominantly by 
the UKB data, raise the possibility of immune-metabolic crosstalk involving apoA-IV. 
The association of GATA4 with both lipid and hematological traits further supports a 
broader systemic role.

Gene-based and functional annotation analyses further supported these pleiotropic 
links, with significant enrichment in liver and kidney tissues, emphasizing the organ-
specific relevance of apoA-IV-associated loci. We observed enrichment of genes related 
to lipid traits and metabolism, with overlaps involving cardiovascular risk factors, kidney 
function, and neurological traits such as Alzheimer’s disease. Together, these findings 
point to broader systemic roles for apoA-IV, potentially bridging metabolic and neuro-
degenerative pathways.

To the best of our knowledge, this study represents the largest GWAS on apoA-
IV concentrations to date. All ELISA-based studies were processed using a fully 
harmonized workflow across phenotype curation, genotyping, and analysis, and 
employed a standardized GWAS pipeline (nf-gwas [35]), ensuring maximum compa-
rability and methodological consistency. In this project, apoA-IV levels were inverse 
normal-transformed to enhance comparability. This project incorporated eight 
well-characterized cohorts, mostly population-based, with careful consideration of 
heterogeneity. Although apoA-IV concentrations are known to be influenced by fast-
ing status, our stratified analyses showed no systematic differences in genetic effect 
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estimates between fasting and nonfasting cohorts. This observation is consistent with 
recent reports suggesting that fasting status has minimal impact on protein quantita-
tive trait locus discovery and supports the robustness of our findings across heteroge-
neous sampling conditions [22].

Limitations of this study include the European ancestry of participants, which may 
limit the generalizability of the findings to other ethnic groups. The participating 
cohorts comprised mainly population-based studies but also included a chronic kidney 
disease cohort (GCKD) and case–control study of individuals with and without diabetes 
(DiaGene), which may contribute to heterogeneity in phenotype distributions. However, 
leave-one-cohort-out analyses indicated that the observed associations were not dispro-
portionately driven by any single study. Moreover, apoA-IV exists in multiple molecu-
lar forms (lipid-bound, lipid-free, or post-translationally or structurally modified) which 
may be differentially detected by ELISA versus Olink technology. Robust fine-mapping 
was limited by the meta-analytic design and the lack of cohort-specific LD informa-
tion, and definitive causal inference would require harmonized individual-level data or 
study-specific LD matrices. Finally, although Mendelian randomization (MR) represents 
a potential approach to assess causal relationships with renal and cardiometabolic traits, 
several methodological challenges (including limited suitable cis-instruments, extensive 
pleiotropy, and partial sample overlap with large outcome GWAS) currently complicate 
robust causal inference. A comprehensive MR framework would therefore be better 
addressed in a dedicated follow-up study.

Conclusions
Our cross-platform GWAS meta-analysis significantly advances the understanding 
of the apoA-IV genetics by identifying multiple robust and novel loci associated with 
lipid metabolism, kidney function, and systemic traits. By integrating ELISA measure-
ments with Olink proteomic data from the UK Biobank in over 59,000 individuals, we 
show strong concordance of genetic effects across platforms, supporting the reliability 
and biological validity of apoA-IV quantification. This methodological comparison high-
lights the importance of cross-platform validation in an era of large-scale proteomics 
and highlights apoA-IV’s potential as both a biomarker and a potential mediator of car-
diometabolic disease. Future studies should focus on functional validation of identified 
key loci and explore clinical implications of apoA-IV across diverse populations.

Methods
Study populations

All studies were carried out in accordance with approved guidelines and in compli-
ance with the Declaration of Helsinki and relevant national and EU regulations. Written 
informed consent was obtained from all participants in all included studies, and all stud-
ies possess ethical approval from local or institutional ethics committees. Detailed study 
information is provided in the Supplemental Materials (Additional file  1). There is no 
known sample overlap between any of the cohorts included in this meta-analysis.
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Measurements of apolipoprotein A‑IV

ApoA-IV was measured in serum or plasma via ELISA in eight cohorts (KORA F3, 
KORA F4 [36], AugUR [37, 38], the GCKD study [39, 40], CoLaus [41], Young Finns 
Study [42], DiaGene [43], Rotterdam [44, 45]) at the Institute of Genetic Epidemiology, 
Innsbruck, Austria, using a standardized protocol [17, 46]. Briefly, a double-antibody 
enzyme-linked immunosorbent assay (ELISA) was applied, using an affinity-purified 
polyclonal rabbit anti-human apoA-IV antibody for both coating and detection (the lat-
ter conjugated to horseradish peroxidase). Calibration was based on a standard with 
known apoA-IV concentrations, and each assay included four internal controls across 
concentration ranges to ensure consistency across studies [46]. Quality control proce-
dures included close monitoring of intra-assay and inter-assay variability to maintain 
high measurement precision.

Genome‑wide association study and GWAS meta‑analysis

Cohort-specific genotyping, imputation, and quality control (QC) procedures are sum-
marized in Additional file 2: Table S1. All studies were imputed using the Haplotype Ref-
erence Consortium (HRC) reference panel. Variants with low imputation quality scores 
(INFO score < 0.3) were excluded.

GWAS were performed separately in each cohort using the REGENIE-based Next-
flow pipeline nf-gwas (available at https://​genepi.​github.​io/​nf-​gwas/) [35]. Genotype 
data were quality controlled with standard steps (using default parameters unlessstated 
otherwise) in the Nextflow pipeline before the association analysis with REGENIE [47]. 
The REGENIE algorithm involves two steps: (1) a whole-genome regression model to 
account for population structure and relatedness, using LD-pruned genotyped vari-
ants (window size: 1000 variants, step size: 100 variants, r2 < 0.9) and (2) single-variant 
association testing conditioned on predictions from step 1 [47]. Analyses were based 
on HRC-imputed dosages using linear regression models in an additive model. ApoA-
IV concentrations were inverse normal-transformed to enable comparability across 
cohorts, and β-estimates of lead SNPs were also reported on the original scale. Covari-
ates included age, sex, and the first four principal components (PCs). Extended mod-
els were further adjusted for estimated glomerular filtration rate (eGFR) and urinary 
albumin-to-creatinine ratio (UACR), due to the established relationship between kidney 
function and apoA-IV levels [17]. Sex-stratified GWASs were performed to account for 
known sex differences in apoA-IV concentrations [17].

All ELISA-based studies followed a harmonized workflow using the same pipeline 
and parameter settings. Statistical significance for variant-level (GWAS) associations 
was defined as p < 5 × 10−08. Phenotype data processing and post-GWAS analyses were 
conducted in R version 4.4.1 (R Foundation for Statistical Computing, Vienna, Austria), 
unless otherwise stated. Meta-analysis of summary statistics from the ELISA-based 
cohorts (n = 25,181) was conducted using METAL [48] (fixed-effect inverse-variance 
weighted) with heterogeneity assessed via I2 statistics. Within each locus, the most sig-
nificant variant (top hit; defined by lowest p-value) was selected as the initial input for 
conditional analyses. Conditional analyses were conducted using GCTA-COJO [49] 
within ± 250 kb regions (p-value cutoff = 5 × 10–08; collinearity cutoff = 0.9), with the 
GCKD cohort as reference for the LD structure. Variants that showed conditionally 

https://genepi.github.io/nf-gwas/
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independent associations with apoA-IV concentrations were considered lead SNPs. 
To account for potential between-study heterogeneity, we re-evaluated lead SNPs with 
high heterogeneity in the fixed-effect meta-analysis (I2 > 50%) using a random-effects 
model implemented in the metafor R package (method = REML). For each conditionally 
independent lead SNP, the proportion of variance explained was estimated as r2 = β2/
(β2 + n × SE2), where β is the effect estimate, SE its standard error, and n the sample size. 
To assess the robustness of association signals to cohort composition, leave-one-cohort-
out meta-analyses were conducted by sequentially excluding each cohort and re-running 
inverse-variance weighted meta-analysis for all lead variants. Between-study heteroge-
neity was summarized using Cochran’s Q statistic and I2.

UK Biobank GWAS

To increase discovery power and enable cross-platform comparison, we included sum-
mary statistics from the publicly available UK Biobank proteomics GWAS (https://​www.​
synap​se.​org/​Synap​se:​syn52​361547). Genotyping, imputation, and quality control for UK 
Biobank data have been described previously [50], and details specific to the proteom-
ics GWAS using the Olink platform were reported by Sun et al. [22] Briefly, GWAS was 
conducted using REGENIE v2.2.1 across > 2,900 proteins measured by proximity exten-
sion assay (PEA). Step one used high-quality genotyped variants (MAF > 1%, MAC > 100, 
call rate > 99%, HWE p > 10–15), followed by linear regression (step two) with leave-one-
chromosome-out predictions. Variants were further filtered by INFO score > 0.7 and 
MAC > 50 to reduce false signals. Protein levels were inverse-rank normalized (includ-
ing values below the detection limit), and association models were adjusted for age, sex, 
sampling batch, genotyping array, blood sampling time, and the first 20 PCs [22, 50]. 
Our study included only UK Biobank participants of European ancestry (n = 33,995).

Meta‑GWAS of ELISA‑ and Olink‑derived apoA‑IV data

In addition to our ELISA-based meta-GWAS (n = 25,181), we performed an extended 
meta-analysis using METAL [48] (fixed-effect inverse-variance weighted) incorporat-
ing the UKB Olink dataset (n = 33,995, Europeans only), resulting in a combined total 
of 59,176 participants. To account for kidney function in the full meta-analysis, includ-
ing UK Biobank data where individual-level eGFR and UACR measurements were una-
vailable, we applied a summary-statistics-based conditional analysis as described by Wu 
et al. [51]. This method uses GWAS summary statistics and trait covariance estimates 
to approximate the joint model and thus efficiently adjust for kidney function without 
requiring individual-level data. To validate the adjustment approach, results based on 
summary statistics were compared with those derived from individual-level data where 
available. All meta-analyses and post-GWAS analyses were conducted based on the 
GRCh37/hg19 reference genome.

Concordance between ELISA‑ and Olink‑based GWAS results

To assess overall cross-platform consistency, we compared GWAS results for all SNPs 
shared between both datasets. Variants with MAF > 0.01 reaching p < 1 × 10–06 in at 
least one GWAS were included. Statistical similarity of effect sizes was evaluated using 

https://www.synapse.org/Synapse:syn52361547
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equivalence testing, applying a predefined equivalence margin of 0.333 times the phe-
notypic variance. As a more stringent sensitivity analysis, a smaller margin (Δ = 0.1) was 
additionally applied. Directional consistency and overlap of 95% confidence intervals 
(95% CI) were also evaluated. A scatter plot of β-estimates, including 95% CIs, was gen-
erated to visualize agreement, with both a line of identity (slope = 1) and a linear regres-
sion line to detect systematic bias.

While equivalence testing was applied to evaluate global cross-platform concordance, 
differences in effect estimates for specific variants, including conditionally independent 
loci, were assessed using z-tests to compute pdiff values using the following equation: 
(βUKB − βELISA)/

√

SE
2

UKB
+ SE

2

ELISA
 . Multiple testing was addressed using Bonferroni 

correction based on the number of variants tested.

Post‑GWAS analyses

Visual quality control included QQ-plots and Manhattan plots, generated using cus-
tom R script. Unless otherwise stated, only variants with MAF > 0.001 were included 
in post-GWAS analyses. Locus regions were defined as ± 250 kb around the condition-
ally independent lead SNP of each region, where a genome-wide significant association 
was found and regional plots of the loci were generated using the LocalZoom platform 
(available at: https://​statg​en.​github.​io/​local​zoom/) [52]. Functional mapping and gene 
annotation of associated loci were performed using the UCSC Genome Browser [53] 
as well as using the FUMA platform (v1.5.2), available at https://​fuma.​ctglab.​nl. [54]. 
The SNP2GENE function was used to perform gene mapping based on positional and 
eQTL annotations, and gene-based association analysis via MAGMA (v1.08). Subse-
quent biological interpretation was carried out using the GENE2FUNC module, which 
includes tissue-specific expression analysis (GTEx v8), gene-set enrichment (MsigDB), 
and overlap with genes reported in the GWAS Catalog. Additional lookups of condi-
tionally independent SNPs were done using the Common Metabolic Diseases Knowl-
edge Portal (SCR_020937, available at: https://​hugea​mp.​org/ accessed March 13, 2025), 
which aggregates genetic association data across metabolic traits and diseases. Moreo-
ver, the FinnGen result browser was also used for this purpose (https://​resul​ts.​finng​en.​
fi/ accessed June 10, 2025), which includes summary statistics for 2,469 traits based on 
500,348 individuals. For sex-stratified analyses, we assessed sex-specific differences in 
genetic effects using a Z-test to compare effect sizes [55] between men and women in 
ELISA-based apoA-IV GWAS. Information on further post-GWAS analyses, including 
genetic correlation (Linkage Disequilibrium Score Regression [56, 57]) and colocaliza-
tion analyses [58] as well as included summary statistics [51, 59–65] is provided in the 
supplemental materials.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s13059-​026-​04196-7.

Additional file 1: Supplemental information on study populations and additional post-GWAS analyses as well as Figs. 
S1-S9.

Additional file 2: Tables S1-S8.
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