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C-reactive protein (CRP) serves as a pivotal marker of systemic inflammation,
yet its genetic architecture has predominantly been explored within European
populations. Our multi-ancestry sequencing-based genome-wide association
study (seqGWAS) meta-analysis encompasses 447,369 Europeans, 10,389
Africans, 9685 Asians, and 9200 Hispanics in the discovery set, and 23,521
Europeans, 7160 Africans, 771 Asians, and 5178 Hispanics in the replication set.
We identify 113 independent association signals (Pyiscovery <5 % 107 and
Prepiication < 0.05), including 21 loci that passed the conditional analysis, among
which 3 are European-specific. Cross ancestry fine-mapping pinpoints 19 of 113
independent signals within the 95% credible set. Functional annotation reveals
significant enrichment in blood tissue, H3K27me3 histone marks, and exonic
regions. Leveraging the Polygenic Priority Score (PoPS) and gene-based ana-
lyses, we implicate 151 genes as potential regulators of CRP levels, 55 of which
have not been previously reported. Among these, 17 genes and four proteins
show causal evidence or strong colocalization with CRP-related pathologies.

C-reactive protein (CRP) is a key member of the acute phase reaction
protein (APRP) family and has been extensively investigated as a
biomarker for systemic inflammation. Accumulating evidence has
demonstrated that CRP levels are associated with a diverse range of
diseases, including cardiovascular diseases (CVDs)!, certain
malignancies*’, diabetes mellitus**, and immune-mediated dis-
eases (IMDs)°.

Genetic factors play a significant role in determining serum CRP
levels’. A previous genome-wide association study (GWAS) identified
266 independent loci based on SNP-array data from 575,531 individuals
of European descent®. However, array-based studies face several lim-
itations, particularly in capturing ancestral diversity and the

contribution of rare variants (RVs) with allele frequencies <0.01°.
Specifically, current GWAS struggles to fully characterize the human
genetic landscape due to limitations in available reference panels, such
as the 1000 Genomes Project, which has a limited sample size, and the
Haplotype Reference Consortium, which lacks sufficient ethnic diver-
sity. Furthermore, recent studies suggest that the missing heritability
of complex traits and diseases, as well as the identification of causal
variants, may be partly attributed to RVs'>". Array-based imputation,
however, is not well-suited to capture RVs, which constitute a sig-
nificant portion of human genetic variation>. Whole-exome sequen-
cing (WES) studies have identified significant protein-coding RVs,
which account for -2% of the human genome, in the context of
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complex traits and diseases” ™. In comparison to SNP arrays and WES,
whole-genome sequencing (WGS) offers a more comprehensive view
of the genome, allowing for the detection of both coding and non-
coding genetic variations and the exploration of complex genomic
regions that are challenging to genotype using traditional approaches,
showing efficiency for evaluation of RVs'®. Moreover, multi-ancestry
studies can enhance the power and fine-mapping resolution of GWAS,
thereby improving the prediction, prevention, diagnosis, and treat-
ment of complex traits and diseases across diverse populations”s,
Therefore, our multi-ancestry sequencing-based genome-wide asso-
ciation study can effectively overcome the aforementioned limita-
tions, providing a more comprehensive framework for the in-depth
exploration of CRP and its genetic underpinnings.

In the present study, we performed a large-scale multi-ancestry
sequencing-based genome-wide association study (seqGWAS) of CRP
leveraging data from UK Biobank (UKB) and the Trans-Omics for Pre-
cision Medicine (TOPMed) program, including Atherosclerosis Risk in
Communities Study (ARIC), Multi-Ethnic Study of Atherosclerosis
(MESA), Framingham Heart Study (FHS), Cleveland Family Study (CFS),
and Hispanic Community Health Study - Study of Latinos (HCHS-SOL)
as the discovery set, with All of Us (AoU) data serving as an indepen-
dent external replication set. Using the Polygenic Priority Score (PoPS)
and gene-based analyses, we identified 151 genes as potential reg-
ulators of CRP levels, 55 of which were not previously reported. Among
them, 17 genes and four proteins provided causal evidence or strong

colocalization with CRP-related pathologies. As the largest CRP seqG-
WAS to date, these findings advance our understanding of the genetic
basis of CRP and its involvement in complex diseases, while under-
scoring the need for more diverse genomic research to refine ancestry-
specific insights.

Results
Sequencing-based genome-wide association analysis of CRP
We undertook seqGWAS of CRP from seven cohorts (Supplementary
Methods, Fig. 1, Supplementary Fig.1). The UKB, ARIC, FHS, MESA, CFS,
and HCHS-SOL were used as the discovery set, and AoU was used as an
independent external replication set. Our multi-ancestry study of up to
513,273 participants comprised individuals of Hispanic (n=14,378),
Asian (n=10,456), African (n=17,549), and European ancestry
(n=470,890) (Supplementary Data 1). In the discovery set, we identi-
fied 70,437 genetic variants significantly associated with CRP levels in
European ancestry group (P< 5.0 x 10°°). Notably, by adopting a more
stringent significance threshold (5.0 x 107 vs. the previously used 5.0 x
1078), we identified an overlap of 238 loci from the 315 loci reported in
our prior study’®. In other ancestry groups, we identified 660 sig-
nificant associations in Asian populations, 635 in African populations,
and 1in Hispanic population (Supplementary Figs. 2-5, Supplementary
Data 2-5).

In the discovery set, we performed seqGWAS cross-ancestry meta-
analysis. The genomic inflation factor A of the multi-ancestry meta-
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Fig. 1| Study workflow. Firstly, we acquired multi-ancestry data of WGS and CRP
from UKB, TOPMed, and AoU. Secondly, we executed unconditional and condi-
tional seqGWAS of CRP in six cohorts, AoU data serving as an independent external

replication set and further carried out a multi-ancestry fine-mapping analysis.
Finally, we conducted functional enrichment analysis, PoPS, gene-based, MR, and
colocalization analysis for European-ancestry.
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Fig. 2 | Genetic architecture of CRP. A Circle Manhattan plot. Genome-wide sig-
nificant hits at P<5.0 x 107 are presented for multi-ancestry meta-analysis (light
blue dots). Dark blue dots indicate 21 loci that passed the conditional analysis. The
Bonferroni-corrected significant two-sided P value of P<5.0 x 107°. B The blue in
the first 12 rows indicates that 21 signals have functional annotations. Where cis-
eQTLs or cis-pQTLs are defined as within a region of + 1 MB (FDR-g < 0.05), and

Beta of European Beta of European

CADD is defined as a score greater than 10. The last three rows indicated the level of
seqGWAS of ratios, conditional, and unconditional. C Scatterplot with the effect for
113 distinct signals from the meta-analysis, comparing the Discovery set vs. repli-
cation set, and European-ancestry vs. the other three ancestries (African-ancestry,
Asian-ancestry, and Hispanic-ancestry). The Bonferroni-corrected significant two-
sided P value of P<7.1 x 10°.

analysis was 0.997 (Supplementary Fig. 6). We identified 27,011 genetic
variants for CRP using a stringent threshold of P<5.0 x 107 in the
multi-ancestry meta-analysis (Fig. 2A, Supplementary Fig. 7). Of these,
2,320 were nominally associated (P<0.05 and same direction of
effect) with CRP in independent replication set. Using a distance-based
approach, we identified 113 distinct signals, we compared the effect
size, and moderate consistency was found in discovery and replication
(Pearson r=0.54, P=9.2 x10™°). We found a high consistency between
different ancestries (Pearson r=0.72~0.93) (Fig. 2C, Supplementary
Data 6, Supplementary Fig. 8). The variance of CRP explained by all
independent signals was 8.84%. Among the 113 distinct signals, 21
signals passed the conditionality test (log;oP / 10g10Pconditionar < 1.5 and
P onditionat < 5-0 % 107°, Fig. 2B). Of the 21 signals, three signals were
identified in Europeans distinctly (Supplementary Data 6). To elucidate
comprehensively these signals, we incorporated systematically various
forms of relevant evidence. Among the 21 signals identified, five were
rare and three were within the fine mapping 95% credible set. The
functional annotations of the loci included intronic, one missense
mutation variant (9:104831048:SG in ABCAI [3=-1.367, P=1.35 x 107",
MAF =0.0002]), 3’'UTR and SUTR. Notably, three deleterious variants
with Combined Annotation Dependent Depletion [CADD] > 10 were
identified, including the previously mentioned missense mutation
variant, along with the following two variants: 1:64745107:SG and
19:45882180:SG. In terms of expression quantitative trait Loci (eQTL)

and protein quantitative trait Loci (pQTL) analysis, we identified eight
significant cis-eQTLs and nine significant cis-pQTLs (Fig. 2B, Supple-
mentary Data 7).

Cross-ancestry credible set analysis of CRP-associated loci

Fine mapping across diverse ancestries promotes the discovery of
putative causal variants underlying CRP-associated genomic loci,
identifying 95% credible sets of variants based on the Sum of
Single Effects (SuSiE) framework. 19 out of 113 independent signals
were included in the 95% credible set. Five (4.4%) signals had
a single putative causal variant (posterior probability > 95%), one
(0.9%) signal had two variants within the 95% credible set, and 11 (9.7%)
signals had < 5 variants within the 95% credible set (Supplemen-
tary Data 8).

Functional enrichment analysis

After completing the association analysis, we used GWAS Analysis of
Regulatory or Functional Information Enrichment with LD correction
(GARFIELD) to assess the enrichment of our signals for cell-type-
specific regulatory and functional features, providing deeper insight
into the biological relevance of the association signals. Using GAR-
FIELD, we assessed the enrichment of our signals for chromatin
accessibility peak and DNase | hypersensitivity site, which showed
higher enrichment in both blood and fetal intestine (Fig. 3A,
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Fig. 3 | Functional enrichment analysis. The wheel plots display functional enrichment for associations with CRP within different types of functional annotation regions in
the ENCODE and Roadmap Epigenomics project: A Open chromatin peaks B Transcription factor footprints C Histone modifications D Chromatin segmentation states.

Supplementary Fig. 9A). Transcription-factor footprints and Tran-
scription factor binding sites were mainly enriched in blood and liver
(Fig. 3B, Supplementary Fig. 9B). Our signal shows enrichment in a
wide variety of histone modifications, including higher enrichment in
H3K27me3, H4K20mel, and H3K9ac (Fig. 3C). Chromatin segmenta-
tion states were mainly enriched in Transcription Start Site (TSS) and
ENHANCER (Fig. 3D). Genic annotation was mainly present in exon
regions and FAIRE enrichment was mainly located in liver (Supple-
mentary Fig. 9C, Supplementary Fig. 9D).

Identification of CRP-related genes

Gene-prioritization strategies can be placed into two broad categories:
locus-based and similarity-based methods. A similarity-based method
for gene prioritization, the Polygenic Priority Score (PoPS), has been
shown to improve gene prioritization. In our study, PoPS was lever-
aged to summary-level data of the European ancestry meta-analysis.
PoPS analysis of 113 distinct CRP-associated signals prioritized 107
candidate genes corresponding to 105 genetic signals (Supplementary
Data 9). Notably, PoPS focused only on the effect of common variants
(MAF >0.01). To capture the effects of rare and ultra-rare variants,
gene-based association studies were performed. After Bonferroni
correction, 32 unique protein-coding genes (Mask: LoF and missense
variants) and 18 unique ncRNAs (Mask: ncRNA exonic, ncRNA exonic-
splicing, and ncRNA splicing variants) were considered significant.
(P<1397 x 10°%, Fig. 4, Supplementary Figs. 10-11, Supplementary
Data 10).

Through comprehensive PoPS and gene-based analyses, we
identified 151 unique CRP-associated genes. Six genes were identified
by both methods, including ABCA1, APOE, FDFT1, GPR146, NEK7, and
SALLI. Previous studies have associated these genes with metabolic,
inflammatory, and cancers. For instance, ABCAI regulates mTORC1
activity by regulating cholesterol metabolism and is involved in aging
and inflammation®’. APOE, the product of APOE gene, plays a key role
in lipid metabolism, immune regulation, and neurology®-*%. FDFTI is a
key downstream target of the fasting response and may be involved in
colorectal cancer (CRC) cell glucose metabolism?. GPR146, encoded
by the GPR146 gene, activates the liver CAMP-PKA-CREB pathway and
regulates lipid metabolism*,

Mendelian randomization and Colocalization analyses

To explore the broader phenotypic implications of CRP-related genes,
we performed additional Mendelian randomization (MR) and coloca-
lization analysis involving 55 diseases that were associated with CRP.
Our multi-faceted analytical framework systematically integrated
diverse lines of evidence through seven complementary approaches:
(1) identification of genes with the highest polygenic priority score
(PoPS); (2) rare variant gene-based association analyses; (3) colocali-
zation analyses between 55 CRP-associated diseases and expression
quantitative trait loci (eQTLs); (4) colocalization analyses between
55 CRP-associated diseases and protein quantitative trait loci (pQTLs);
(5) Mendelian randomization analyses of 55 CRP-associated diseases
with eQTLs; and (6) Mendelian randomization analyses of 55
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CRP-associated diseases with pQTLs (7) identification of genes (Fig. 5A
Supplementary Data 11). The phenocode, along with the number of
cases and controls for each phenotype are delineated in Supplemen-
tary Data 12.

A total of 115 unique genes were encompassed in the eQTLs
databases (GTEx and eQTLGen), and 25 unique proteins were incor-
porated into the pQTLs databases (UKB pQTLs, deCODE pQTLs, and
Fenland pQTLs) for MR analyses. Through MR, we identified 33 can-
didate genes and 3 candidate proteins (FDR-g < 0.05, Fig. 5C, D, Sup-
plementary Fig. 12A-C, Supplementary Data 13-17). Among these
candidate genes and proteins, 12 genes and one protein were identified
as previously unreported. (Fig. 5B). For instance, PITPNM2, a gene with
pleiotropic effects, was causally associated with asthma, type 2 dia-
betes, atopic dermatitis, and allergic rhinitis, whereas NCF1 exhibited
causal associations with idiopathic thrombocytopenic purpura and
type 2 diabetes, with colocalization evidence further supporting its
link to type 2 diabetes. At the molecular level, PITPNM2, encodes a
membrane-associated phosphatidylinositol transfer protein that is
phosphorylated by the ELF4-regulated non-receptor tyrosine kinase
PTK2B, reinforcing the interdependence between receptor tyrosine
kinase (RTK) signaling and lipid dynamics®. Additionally, Lu W et al.
demonstrated that PITPNM2 plays a crucial role in T cell
development®, further underscoring its involvement in immune reg-
ulation. Similarly, NCFI is upregulated in liver macrophages and den-
dritic cells in individuals with metabolic dysfunction-associated
steatotic liver disease, as well as in murine models of steatohepatitis?,
suggesting its potential role in metabolic inflammation.

A total of 116 unique genes were covered in the eQTLs databases
(GTEx and eQTLGen), and 27 unique proteins were included in the
pQTLs databases (UKB pQTLs, deCODE pQTLs, and Fenland pQTLs) in
colocalization analyses. We identified 32 candidate genes and 9 can-
didate proteins (posterior probability of colocalization >0.8) through
colocalization (Fig. 5C, D, Supplementary Fig. 12A-C, Supplementary
Data 18-19). Among these candidate genes (proteins), 13 candidate
genes and four candidate proteins were identified as previously
unreported. For example, Colocalization evidence for SNX17 was
detected in type 2 diabetes, gout, atopic dermatitis, Crohn’s disease,
and allergic rhinitis. BCL3 was associated with ischemic heart disease
and myocardial infarction based on colocalization, and MR evidence

also supports its association with myocardial infarction. SNXI7 is a
cargo adaptor critical for maintaining the homeostasis of various cell
surface proteins involved in processes such as cell migration, adhe-
sion, nutrient supply, and cell signaling®. BCL3 directly interacts with
and modulates several key signaling pathways, including DNA damage
repair, WNT/beta-catenin, AKT, TGF[3/SMAD3, and STAT3, all of which
are crucial for cancer initiation, metastatic progression, and the
treatment of solid tumors®.

Discussion

In this study, we conducted a large-scale and multi-ancestry seqGWAS
meta-analysis for CRP. We used WGS and phenotypic data from the
UKB, ARIC, MESA, FHS, CFS, and HCHS-SOL for association analysis,
conditional analysis, and functional analysis. The stability of our
association results was further supported by AoU data as an inde-
pendent replication set. A cross-population fine-mapping analysis was
performed to identify the credible set of causal variants associated
with CRP. In addition, we employed GARFIELD, PoPS, and gene-based
analyses to link CRP-associated variants to functional annotations, cell
types and genes. Finally, to investigate the wider phenotypic implica-
tions of CRP-related genes, we conducted further MR and colocaliza-
tion analyses for 55 diseases linked to CRP.

In the multi-ancestry meta-analysis, we identified 113 distinct sig-
nals. Among these, 21 were classified based on conditional analysis,
and three were identified as European-specific. One notable finding is
the missense mutation 9:104831048:SG (CADD =25), located at locus
9q31.1 (ATP Binding Cassette Subfamily A Member 1[ABCAI]), which is
annotated in ClinVar with clinical significance of pathogenic. ABCA1
was similarly reported in the genetic study of CRP by Said et al. &
ABCALI functions as a cholesterol efflux pump in the cellular lipid
removal pathway. Senescence was associated with the upregulation of
the cholesterol exporter ABCA1, which is rerouted to the lysosome,
inducing lysosomal microdomains rich in mTORC1 scaffold com-
plexes. This metabolic shift maintains mTORCI activity to support the
expression of the pro-inflammatory senescence-associated secretory
phenotype®™. In addition, we also found a significant association
between ABCAI and CRP in gene-based analysis. The prioritized gene
for potential pathogenic variant 19:45882180:SG (CADD =19.27) is
Glucose-dependent insulinotropic polypeptide receptor (GIPR). This
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gene encodes a G-protein-coupled receptor for gastric inhibitory
polypeptide (GIP), a peptide hormone that plays a crucial role in
metabolic functions by binding and activating its cognate receptor,
which has been implicated in the pathogenesis of type 2 diabetes and
obesity®. In our study, we also found MR and colocalization evidence
supporting the association between G/PR and type 2 diabetes.
Among the 113 independent signals, 19 were included in the 95%
credible set. Serum CRP, an acute-phase protein mainly produced by
the liver, and the functional enrichment analysis of transcription-factor
footprints, chromatin accessibility peaks, DNase I hypersensitivity
sites, and transcription factor binding sites revealed that our signal is
primarily enriched in the blood and liver tissue. At the same time, the
analysis of histone modifications revealed significant enrichment in
H3K27me3, a prevalent histone methylation modification mediated by
the EZH2 subunit of the PRC2 complex. Recent studies have indicated

that H3K27me3 was associated with the occurrence and development
of various tumors. For example, studies in breast cancer through
single-cell epigenome, transcriptome and lineage analyses have shown
that H3K27me3 was a proxy for cancer cell evolution during initial
chemotherapy damage®, in gastric cancer, due to the absence of
H3K27me3, cancer-associated fibroblasts (CAFs) secretes a variety of
stem cell niche factors, including CAF-secreted WNT5A, which inhibits
the growth and migration of cancer cells®. In colon cancer, DDB1 and
CUL4 associated factorl (DCAFI) stimulate the growth of cancer cells
by mediating H3K27me3 through the protein accumulation and
enzyme activity of EZH2*.

We mapped CRP signals to 151 genes by PoPS and gene-based
analysis. Among these 151 genes, 55 were previously not reported. A
total of six genes were identified by both methods and were supported
by previous reports, including ABCA1, APOE, FDFTI, GPR146, NEK7, and
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Fig. 5 | Plot of MR and colocalization analysis of CRP-associated diseases.

A Heatmap displaying functional evidence for CRP-related genes (The amount of
evidence >3). Columns 2 and 3 represent PoPs and geneset tests, included based on
significant threshold criteria. Columns 4 to 6 represent colocalization and MR
evidence, indicating the association of genes with at least one CRP-related disease.
Column 7 specifies whether CRP-related genes have been previously reported in
the literature and genes that have not been reported are included. B Forest plots of
the candidate genes and proteins that have not been previously reported in Men-
delian randomization (MR) analyses incorporating expression quantitative trait loci
(eQTLs) and protein quantitative trait loci (pQTLs). Samples from GTEx (N =800);
eQTLGene (N =31,684); Fenland (N=10,708) were included in the analyses. The
x-axis represents OR (95% CI). The points are the odd ratio (OR) estimates from the
MR analyses, and the error bars are the 95% confidence intervals. C eQTLGene
eQTLs. D GTEx eQTLs. Statistical tests were two-sided. The red horizontal line
denotes the FDR-g of MR < 0.05 or posterior probability of colocalization >0.8. The
upper figure represents MR, and the lower figure represents colocalization (black
represents genes that are both significant in MR and colocalization, light gray
represents genes that are only significant in MR or colocalization, where red

represents genes that have not been previously reported and are both significant in
MR and colocalization, and light gray represents genes that have not been pre-
viously reported and are only significant in MR or colocalization). AA Alopecia
areata, ACD Allergic contact dermatitis, AD Atopic dermatitis, AP Allergic purpura,
AR Allergic rhinitis, AS Ankylosing spondylitis, AU Allergic urticaria, Bullouse Bul-
louse disorders, GB Guillain-Barre syndrome, Hepatitis Autoimmune hepatitis, HPT
Hypothyroidism, ID Immunodeficiency with predominantly antibody defects, ITP
Idiopathic thrombocytopenic purpura, Lichen Lichen planus, MG Myasthenia
gravis, MS Multiple sclerosis, NV Necrotizing vasculopathies, PA Pernicious anemia,
PBC Primary biliary cirrhosis, PR Polymyalgia rheumatica, PST Psoriatic and
enteropathy arthropathies, RF Rheumatic fever, SD Sarcoidosis, Sicca Sicca syn-
drome, SLE Systemic Lupus erythematosus, UC Ulcerative colitis, Ml Myocardial
infarction, T1D Type 1 diabetes, T2D Type 2 diabetes, HF Heart failure, IHD Ischemic
heart disease STR stroke, Lung ca Lung cancer, BRCA Breast invasive carcinoma,
CRC Colon adenocarcinoma, HNSC Head and neck squamous cell carcinoma, HCC
Hepatocellular carcinoma, KIPAN Pan-kidney cohort, NHL Non-Hodgkin’s lym-
phomas, ESCA Esophageal carcinoma, STAD Stomach adenocarcinoma, COPD
chronic obstructive pulmonary disease.

SALLI. The aforementioned genes are closely associated with meta-
bolism, inflammation, and cancer. For example, ABCAI was identified
as the disease-causing gene for Tangier disease (TD) — a rare genetic
disorder characterized by severe reductions in HDL and a high inci-
dence of premature CVD* . A growing body of research has linked
apolipoprotein E (APOE) to various neurodegenerative proteino-
pathies and broader age-related brain changes, including neuroin-
flammation, energy metabolism failure, loss of myelin integrity and
increased blood-brain barrier permeability. These findings have
potential implications for longevity and resilience to pathological
protein aggregates. Several therapeutic strategies targeting APOE have
demonstrated efficacy in preclinical studies and hold promise for
translation into clinical trials”’. FDFTI exerts its tumor inhibitory
function by downregulating the AKT/mTOR/HIF1a signaling pathway>.
MR and colocalization analysis revealed extensive associations
between CRP candidate genes and related phenotypes. For instance,
we observed a causal association between Phosphatidylinositol
Transfer Protein Membrane Associated 2 (PITPNM2) and four diseases
(asthma, type 2 diabetes, atopic dermatitis, and allergic rhinitis).
PITPNM2 is most highly expressed in late double-negative and double-
positive thymocytes and is downregulated following positive selec-
tion. It plays a key role in both T cell antigen receptor {3 selection and
positive selection in thymocytes. Additionally, PITPNM2 supports the
survival of mature T cells in the periphery®. B-cell lymphomas 3 (BCL3)
has been linked to ischemic heart disease and myocardial infarction
through colocalization, and Mendelian randomization (MR) evidence
further supports its association with myocardial infarction. Recent
findings from the past decade suggest that, in addition to its well-
established role as a co-factor in Nuclear Factor Kappa B signaling, the
BCL3 protein also influences cancer progression and therapy resis-
tance through distinct mechanisms. These mechanisms involve pro-
tein modifications and interactions with alternative oncogenic players,
including myelocytomatosis, Wingless-related integration site (WNT)/
B-catenin, and Signal Transducer and Activator of Transcription 3%.
BCL3 was identified as a key transcription factor in a study of inflam-
matory transcriptome features associated with cardiovascular events
in psoriasis®.

Our work has several strengths. First, through pooling multiple
population-scale and multi-ethnic WGS datasets, this is the largest
seqGWAS for CRP so far. We identified genetic associations for CRP
and conducted independent external replication, including rare var-
iants and protein-coding variants that were ignored by previous
GWASs. Second, we considered functional enrichment involving var-
ious tissues and histone modifications. Third, potential causal rela-
tionships were investigated through multiple approaches, such as
SuSiEx, PoPS, gene-based, MR, and colocalization.

Our multi-ancestry sequencing-based meta-analysis maximized
the ability to detect CRP-associated signals across ancestral popula-
tions. However, the frequency of ancestry-specific variants is generally
low*’, the power to detect ancestry-specific variants is still limited by
the sample size available within each ancestral group. Therefore, we
focused on multi-ancestry rather than ancestry-specific signals. The
statistical methods we employed, including the additive random
effects model and inverse variance fixed effects model, effectively
account for genetic heterogeneity between populations. Hetero-
geneity is more likely to limit discovery rather than introduce false
positives*®. Furthermore, incomplete sampling of non-European
ancestries have led to underrepresentation of these populations in
genomic studies*. Non-European ancestries are underrepresented in
genomic studies, which constrains the effectiveness of GARFIELD
functional enrichment, PoPS, gene-based, MR, and colocalization
analyses in these populations. Therefore, future research should place
greater emphasis on increasing the representativeness of non-
European ancestry samples to enable a more comprehensive assess-
ment of genetic variation across diverse populations. With the con-
tinuous advancement of global genomic research, expanding sample
sizes from all ancestries will enhance the capacity and precision of
ancestry-specific studies and improve the fine mapping of signals in
multi-ancestry meta-analyses, ultimately increasing the general-
izability and accuracy of the research findings.

In conclusion, our multi-ancestry seqGWAS study contributes
insights into the genetic determinants of CRP, which enhance our
understanding of the mechanisms underlying CRP thus laying a
foundation for future research by informing functional genomics
experiments. Ultimately, this knowledge could guide the development
of interventions for a range of complex diseases such as cardiovascular
diseases, cancers, and immune-mediated disorders, broadening the
scope of potential therapeutic targets.

Methods

Study population of the C-reactive protein WGS

In this multicenter study, we performed seqGWAS across several
cohorts from the UK Biobank (UKB) WGS-500k project and TOPMed as
a discovery set. We collected CRP and WGS data from the Athero-
sclerosis Risk in Communities Study (ARIC), the Multi-Ethnic Study of
Atherosclerosis (MESA), the Framingham Heart Study (FHS), the Cle-
veland Family Study (CFS), and the Hispanic Community Health Study
- Study of Latinos (HCHS-SOL) in TOPMed. The All of Us (AoU) WGS
data was used as an independent external replication. The study
population comprised 470,890 individuals of European ancestry,
17,549 individuals of African ancestry, 10,456 individuals of Asian
ancestry, and 14,378 individuals of Hispanic ancestry. Details regarding
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the population characteristics and genotype data are provided in
Supplementary Methods. All the data analyses in UKB were performed
on DNAnexus Research Analysis Platform (RAP) under application
92675. All studies were approved by the corresponding institutional
review boards (Supplementary Methods).

Quality control for the whole-genome sequencing data

The whole-genomes of 490,640 UKB participants were sequenced to
an average coverage of 32.5x (>23.5x per individual) using Illumina
NovaSeq 6000 sequencing machines. Initial quality control was per-
formed by deCODE and Wellcome Sanger, which included sex dis-
cordance, contamination, unresolved duplicate sequences, and
discordance with microarray genotyping data checks. 1,037,556,156
SNPs and 101,188,713 indels were called using GraphTyper*. A large
majority of variants, 1,025,188,151 (98.80%) SNPs and 97,190,353
(96.05%) indels were reliable (AAscore > 0.5 and <5 duplicate incon-
sistencies). We further processed the jointly called genotype data in
Hail v0.2, where multiallelic sites were first split and normalized. Var-
iants were then filtered based on low allelic balance (ABHet <0.175,
ABHom <0.9), low quality-by-depth normalized score (QD <6), low
phred-scaled quality score (QUAL<10) and high missingness (call
rate <90%).

TOPMed'’s Freeze 9 includes more than 80 different studies with
about 158,000 samples with whole-genome sequencing (WGS), which
targeted a mean depth of at least 30x (paired-end, 150-bp reads) using
lllumina HiSeq X Ten instruments was carried out over several years at
six sequencing centers. All sequences were remapped to the hs38DH
1000 Genomes build 38 human genome reference, incorporating
decoy sequences, using BWA-MEM algorithm*. Variant discovery and
genotype calling were conducted in a unified manner across TOPMed
studies for all samples within each freeze, employing the GotCloud
pipeline to ensure comprehensive analysis**.

The WGS library in the All of Us dataset is constructed using the
PCR Free Kapa HyperPrep kit, followed by sequencing on the Illumina
NovaSeq 6000. Primary QC includes library quantification via qPCR,
pooling for sequencing, and removal of non-conforming samples. Data
are processed on the Illumina DRAGEN platform with GRCh38dh
reference alignment, generating high-resolution QC metrics at each
analysis stage. Predefined QC measures ensure rigorous control,
including coverage thresholds (>30x), genome coverage (=90% at
20x), and contamination limits (<1%)*. The Allele Count/Allele Fre-
quency (ACAF) threshold dataset was used in the analysis, which
included variants with population-specific allele frequency AF >1% or
population-specific allele count AC>100, in any computed ancestry
subpopulations. The remaining rare variants were extracted from the
Hail VariantDataset (VDS).

Sequencing-based genome-wide association analysis of CRP
REGENIE (v3.2.6) was used for association analysis of CRP levels across
all autosomes*. REGENIE is a toolkit developed for genome-wide
association tests using machine-learning method for fitting a whole-
genome regression model in biobank-level datasets. CRP was rank-
based inverse-normal transformed after adjustment for age, sex, and
the top 10 genetic principal components. For the replication set,
additional correction was applied to the CRP measurement method.
Referring to the approach described by Li et al. */, we defined a list of
associated loci (“top hits”) for CRP based on a distance-based criterion:
within each chromosome, variants P< 5.0 x 10™*¢ were identified, the
variant with the smallest P-value was selected within a+500 KB win-
dow. This process was repeated recursively until no additional variants
with P<5.0 x 107 remained.

Multi-ancestry genome-wide Meta-analysis
We utilized the SNP effect estimates and standard errors for each
SNP-CRP site pair from the candidate list in the meta-analysis.

Inverse-variance fixed effect (FE) meta-analysis based on the data sets
with the same ancestry was performed on the cleaned files using
METAL®.

The trans-ethnic meta-analysis was performed using the additive
random effects (RE) model of DerSimonian-Laird*°, implemented the*
modified METAL of Min et. al. (https://github.com/explodecomputer/
random-metal). The variance explained was calculated for the variants
within the top hits of the multi-ancestry seqGWASs results using the

x MAF, (1-MAF,) x 82 . .
W ,where } is the sum, MAF; is the MAF

formula’: 31
of associated variant i, §; is the absolute effect estimate of the corre-
sponding variant i and var is the variance of natural log CRP levels

obtained from Said S et al. study®.

Conditional analysis

We selected 113 independent signals based on the distance criterion. For
conditional analysis using REGENIE, we included 315 independent CRP-
associated signals reported in previous study®. To determine whether
the above-reported sentinels correspond to the same nearby signal
from our results, we conditioned our CRP signals on the previously
reported nearby sentinels. Following the definition of a signal proposed
by Shrine et al. *', we compared the original P-value with the conditional
P-value of our signals to determine whether the reported sentinel pre-
dominantly explains our CRP signal. Specifically, we classified our signal
as being explained by a previously reported signal if there was sub-
stantial attenuation, defined by a log;oP / 10€10Pconditiona: Tatio > 1.5 and
P onditionar> 5.0 X 107°). The Combined Annotation Dependent Depletion
(CADD) of signals was derived from Schubach et al. *.

Cross-population fine-mapping analysis

SuSiEx*® extends the single-population fine-mapping model, Sum of
Single Effects (SuSiE)*, by integrating population-specific GWAS
summary statistics and linkage disequilibrium (LD) reference panels
from multiple populations. Using the SuSiE framework, each single
effect is coupled with the assumption that the causal variants are
shared across populations. SuSiEx was conducted on the CRP-
associated genomic loci to identify likely causal variants. The result-
ing variants of each locus to the identification of likely causal variants.
The resulting variants of each loci constitute the smallest list of var-
iants that cumulatively have a >95% probability of encompassing cau-
sal variants. For the LD reference panel, 10,000 Europeans were
randomly sampled from the UK Biobank (UKB), whereas for African
and Asian populations, the complete datasets from the UKB were uti-
lized, while for the Hispanic population, the HCHS-SOL dataset was
used to maximize the robustness of ancestry-specific analyses.

Genomic regulatory and functional enrichment analysis

We used GWAS Analysis of Regulatory or Functional Information
Enrichment with LD correction (GARFIELD)> with default parameters
to perform functional annotations, covering regions including DNase |
hypersensitivity hotspots, open chromatin peaks, transcription-factor
footprints and formaldehyde-assisted isolation of regulatory elements,
histone modifications, chromatin segmentation states, genic annota-
tions and transcription-factor binding sites. Based on European meta-
analysis (to make the analysis more computationally feasible, only
variants with P< 0.1 were included), we applied GARFIELD to DNase |
hypersensitivity hotspots annotation across 424 cell lines and primary
cell types from ENCODE and Roadmap Epigenomics, deriving enrich-
ment estimates at CRP-genotype association P-value thresholds of
P<1.0x1073 P<1.0x107, P<1.0 x 107 and P<5.0 x 10°°.

Polygenic Priority Score for gene prioritization
Polygenic Priority Score (PoPS) is a similarity-based gene prioritization
method that uses extensive set of bulk and single-cell expression
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datasets, curated biological pathways and predicted protein-protein
interactions'. For each locus, the gene with the numerically highest
PoPS score was determined to be the PoPS-prioritized gene. In our
study, we used Polygenic Priority Score v.0.2 (https://github.com/
FinucaneLab/pops), incorporating summary statistics from European-
specific meta-analysis and a reference panel of 10,000 randomly
selected Europeans from the UKB. We gave priority to genes for all
autosomal CRP signals within a 500-kb (+250 kb) window centered on
the sentinel and identified the top-prioritized genes in the region. For
the signals lacking prioritized genes within the 500-kb window, we
extended the search to a 1-MB (+500 kb) window.

Gene-set association analysis

To evaluate the impact of rare (minor allele frequency [MAF] <0.01)
and ultra-rare variants (minor allele count [MAC] <10), we performed
gene-level collapsing analysis. In constructing the mask, functional
annotations and alternative allele frequency (AAF) cutoff values below
1% were used.

Our primary focus was on rare and ultra-rare protein-coding var-
iants (loss-of-function (LoF) and missense variants) and non-coding
variants (ncRNA exonic, ncRNA exonic-splicing, and ncRNA splicing
variants). For each gene-level collapse, we report the association P-
value derived using the ACAT-O method, implemented in REGE-
NIE (v3.2.6).

All association analyses were adjusted for covariates, including
age, sex, and the top 10 principal components (PCs), to account for
potential confounding factors and mitigate population stratification.
P-values from different datasets were aggregated using the Aggre-
gated Cauchy Association Test (ACAT)*°. Bonferroni correction was
used to determine genome-wide significance thresholds for gene-level
associations (0.05 /35,790 =1.397 x 107%, 18,949 protein-coding genes
and 16,841 ncRNAs).

Identification of eQTLs and pQTLs Mendelian randomization
and colocalization of priority genes and CRP-related diseases
Data sources. To investigate the broader phenotypic implications of
the prioritized genes associated with CRP, we examined their links to
55 diseases' "%, including 37 immune-mediated diseases (IMDs), 9
types of cancers, 4 cardiovascular diseases (CVDs), as well as non-
insulin-dependent diabetes mellitus, chronic obstructive pulmonary
disease (COPD), obesity, depression, and schizophrenia. Summary
statistics for these diseases were available from the FinnGen Con-
sortium’s summary results (R11 release)*’. For colocalization analysis,
two blood eQTL and three pQTL resources were used: GTEx V1O
(N=800 and 13,903 genes)*’, eQTLGen (N=31,684 and 19,942
genes)®, UK Biobank pQTLs (N=233,995 and 2911 proteins)®?, deCODE
pQTLs (N=35449 and 4719 proteins)®, and Fenland pQTLs
(N=10,708 and 4979 proteins)®*.

Mendelian randomization and colocalization. For the selection of
instrument variables (IVs), we retained SNPs identified based on the
presence of significant cis-eQTLs or cis-pQTLs within a region of +1 MB.
For eQTLs databases, significant eQTLs were defined as specified by the
respective data source. In the case of pQTLs databases, the Benjamini-
Hochberg procedure was applied to control the false discovery rate
(FDR) at 5%. To minimize correlated horizontal pleiotropy, we retained
SNPs independent of each other (LD window: 1IMB, R? < 0.01 in 1000 G).
To quantify the statistical power of the eQTLs (pQTLs), the strength of
SNPs was evaluated by F-statistics, where an F-statistic thresholds > 10 of
IV indicates sufficient statistical strength®. If any IVs had F-statistics <10,
we considered those to have limited power (potentially causing weak
instrument bias®® and removed these from the MR). The presence of
pleiotropy was further investigated using MR-PRESSO®” and MR-Egger
method®® to estimate the potential effect of pleiotropy®”. For MR-
PRESSO P value<0.05 or MR-Egger intercept P value<0.05, we

considered these gene (protein)-disease signals as influenced by hor-
izontal pleiotropy. We also applied Cochran’s Q test to estimate the
potential heterogeneity of MR estimates (P value < 0.05). Genes (pro-
teins) with horizontal pleiotropy and heterogeneity were excluded from
any of the follow-up analyses. MR Steiger test of causality directionality
was performed using ‘directionality_test’ function in TwoSampleMR
package™ to filter reverse causation. The Wald ratio (only one IV was
available) and the inverse variance weighted (two or more IVs were
available) method were used to estimate MR effects””>. A 5% FDR cor-
rection threshold was applied to correct for multiple testing. The coloc
package” was employed for colocalization analysis.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Data are available in a public, open access repository. deCODE
Genetics is available from: https://www.decode.com. Fenland cohort
is available from: https://www.omicscience.org/apps/pgwas/. UK
Biobank data is available from: https://www.ukbiobank.ac.uk/. All of
Us data is available from: https://allofus.nih.gov/. Finngen R11 release
data is available from: https://www.finngen.fi/ GTEx data is available
from: https://www.gtexportal.org/home/ eQTLGen data is available
from: https://www.eqtlgen.org/phasel.html The dbGaP accessions
for TOPMed cohorts are as follows: Atherosclerosis Risk in Com-
munities study (ARIC), https://www.ncbi.nlm.nih.gov/projects/gap/
cgi-bin/study.cgi?study_id=phs001211.v5.p4 and phs000280.v8.p2.
Multi-Ethnic Study of Atherosclerosis (MESA), https://www.ncbi.nlm.
nih.gov/projects/gap/cgi-bin/study.cgi?study id=phs001416.v4.p1l
and phs000209.v13.p3. Framingham Heart Study (FHS), https://
www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=
phs000974.v6.p5 and phsO00007.v34.p15. Cleveland Family Study
(CFS), https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?
study_id=phs000954.v4.p2 and phs000284.v2.pl. Hispanic Com-
munity Health Study - Study of Latinos (HCHS-SOL), https://www.
ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=
phs001395.v2.p1 and phs000810.v2.p2. The Source Data file is pro-
vided at https://zenodo.org/records/15099550.

Code availability
All software programs used in the study are publicly available and
described in the Methods and Reporting Summary.
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