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Abstract

Previous studies have identified a large number of genetic variants affecting plasma levels of proteins, but little is known
about the non-genetic factors influencing plasma levels of proteins in diverse populations. We measured plasma levels of
2923 proteins, using Olink Explore platform, in 2006 participants (mean age=50.8 years; 62% female; mean body mass
index=23.9 kg/m?) in the China Kadoorie Biobank, without prior cardiovascular diseases. Linear regression analyses
were used to assess the associations of individual proteins with 37 major exposures across multiple domains (e.g., socio-
demographic, lifestyle, environmental, sample processing, reproductive factors, clinical measurements, and health-related
indices), adjusted for potential confounders and multiple testing. These were further replicated and compared with find-
ings in UK Biobank. Overall 31 exposures were associated with at least one protein, with age (n=1154), sex (n=827),
body mass index (n=869) showing the highest number of associations, followed by frailty index (n=597), systolic blood
pressure (n=479), random plasma glucose (7=387), ambient temperature (n=292), and hepatitis B surface antigen posi-
tivity (n=282), but with diet and physical activity showing little associations. Likewise, of the 2,923 proteins examined,
65% were associated with at least one exposure, with 25 proteins associated with >10 exposures, including five (CDH2,
ADGRE2, ADGRDI, ACY1, MEGF9) after mutual adjustments. The patterns of associations were similar after further
mutual adjustments for exposures examined but differed by sex, chiefly due to differences in lifestyle and reproductive
factors. Most of the observed associations were replicated in the Europeans. For the purpose of Open Access, the author
has applied a CC-BY public copyright license to any Author Accepted Manuscript version arising from this submission.
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Abbreviations
ACP5
ACRV1
ACY1
ADGRDI
ADGRE2
ALPP
BMI
CIQA
CAl4
CDHR2
CES1
CGA
CHAD
CHI3L1
CHRDL2
CKB
CK-BB

COL1Al
CRISP2
CSF3

CTRC
CTSV
CVD
CXCL17
DPP4
DPT
EDA2R

EDDM3B
EGFR

ELN
ERBB3
Exhaled CO
FABP4
FCGR3B

FGF21
FGF5
FSHB
GDF15
GGT1
GHR
GIP
HAVCRI1
HbAlc
HBsAg
HS6ST2
HSPB6
IGDCC4
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Tartrate-resistant acid phosphatase type 5
Acrosomal protein SP-10
Aminoacylase-1

Adhesion G-protein coupled receptor D1
Adhesion G protein-coupled receptor E2
ALPP alkaline phosphatase, placental
Body mass index

Complement C1q subcomponent subunit A
Carbonic anhydrase 14

Cadherin-related family member 2

Liver carboxylesterase 1

Glycoprotein hormones alpha chain
Chondroadherin

Chitinase-3-like protein 1

Chordin-like 2

China Kadoorie Biobank

Brain-type creatine kinase also known as
creatine kinase B-type

Collagen alpha-1(I) chain

Cysteine-rich secretory protein 2
Granulocyte colony-stimulating factor
receptor

Chymotrypsin-C

Cathepsin V

Cardiovascular disease

C-X-C motif chemokine 17

Dipeptidyl peptidase-4

Dermatopontin

Tumor necrosis factor receptor superfamily
member 27

Epididymal secretory protein E3-beta
Epidermal growth factor receptor
Elastin

Receptor tyrosine-protein kinase erbB-3
Exhaled carbon monoxide

Fatty acid-binding protein, adipocyte
Low affinity immunoglobulin gamma Fc
region receptor 11I-B

Fibroblast growth factor 21

Fibroblast growth factor 5

Follitropin subunit beta
Growth/differentiation factor 15
Glutathione hydrolase 1 proenzyme
Growth hormone receptor

Gastric inhibitory polypeptide

Hepeatitis A virus cellular receptor 1
Hemoglobin Alc

Hepatitis B virus surface antigen
Heparan-sulfate 6-O-sulfotransferase 2
Heat shock protein beta-6
Immunoglobulin superfamily DCC subclass

IGFBP2
IGFBP3
IGSF9
IHD
IL17D
ILIRN
INSL3
ITGBS
ITIH4
KLK3
KLK4
LAMP3

LEFTY2
LEP
LPL
LRP1

LTBP2

MAMDC4
MEGF9

MELTF
MSLN
MSRI1

NPX
PAEP
PLAT
PON2
pQTLs
PZP
QC
RELT

REN

RPG
RSPO1
SBP
SCGB3Al
SD

SDK2
SHBG
SNED1

SORCS2
SPESP1
SPINK6
SPINT3
STC2

member 4

Insulin-like growth factor-binding protein 2
Insulin-like growth factor-binding protein 3
Protein turtle homolog A

Ischaemic heart disease

Interleukin-17D

Interleukin-1 receptor antagonist
Insulin-like 3

Integrin beta-5

Inter-alpha-trypsin inhibitor heavy chain H4
Prostate-specific antigen

Kallikrein-4

Lysosome-associated membrane glycopro-
tein 3

Left-right determination factor 2

Leptin

Lipoprotein lipase

Low-density lipoprotein receptor-related
protein 1

Latent-transforming growth factor beta-
binding protein 2

MAM domain-containing 4

Multiple epidermal growth factor-like
domains protein 9

Melanotransferrin

Mesothelin

Macrophage scavenger receptor types I and
I

Normalized Protein eXpression

Glycodelin

Plasminogen activator, tissue type

Serum paraoxonase/arylesterase 2

Protein quantitative trait locus

Pregnancy zone protein

Quality control

Tumor necrosis factor receptor superfamily
member 19 L

Renin

Random plasma glucose

R-spondin-1

Systolic blood pressure

Secretoglobin family 3 A member 1
Standard deviation

Protein sidekick-2

Sex hormone-binding globulin

Sushi, nidogen and EGF-like domain-con-
taining protein 1

VPS10 domain-containing receptor SorCS2
Sperm equatorial segment protein 1

Serine protease inhibitor Kazal-type 6
Kunitz-type protease inhibitor 3
Stanniocalcin-2
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STX7 Syntaxin-7

SUSDS5 Sushi domain-containing protein 5

TEX101 Testis-expressed protein 101

TIMP4 Metalloproteinase inhibitor 4

TNFSF11 Tumor necrosis factor ligand superfamily
member 11

TNFSF13 Tumor necrosis factor ligand superfamily
member 13

VCAN Versican core protein

VWAL Von Willebrand factor A domain containing
1

WFDC12 WAP four-disulfide core domain protein 12

XG Glycoprotein Xg

Introduction

Deciphering the human proteome could enhance our under-
standing of health and disease aetiology [1]. Plasma pro-
tein levels, secreted or leaked from cells or organs, may be
affected by genetic and various non-genetic factors [2], and
systematic investigation of plasma proteins-exposure rela-
tionships could improve our understanding of human biol-
ogy and inform disease prevention and research strategies.
Traditionally, mass spectrometry has been used to mea-
sure plasma protein levels [3-5], but studies using this
method are often limited by small sample sizes and low
protein coverage [2]. In contrast, recent advances in affin-
ity-based technologies (e.g., Olink and SomaScan) have
enabled proteomics in large-scale population and clinical
studies, allowing comprehensive investigations of relation-
ships of plasma proteins with different health outcomes and
associated traits [2, 6, 7]. In particular, the Olink platform,
which utilises antibodies as reagents to bind target pro-
teins, has been widely used in epidemiological research due
to its high sample throughput, assay specificity and cost-
effectiveness [6]. Recently, the Olink Explore 3072 plat-
form was used to measure 2,923 plasma proteins in 54,219
participants in the UK Biobank [8], leading to many novel
associations between proteins, demographic and clinical
exposures and genetic factors [8]. It also replicated many of
well-established associations for specific proteins, such as
the associations between sex and LEP, and age and GDF15
[6-11]. Another affinity-based platform, SomaScan [7],
has also been used in population-based and clinical stud-
ies, revealing proteomic associations with both genetic and
non-genetic factors, such as age, sex, and adiposity [12—14].
Nevertheless, most previous proteomics studies investi-
gated a relatively small number of proteins or only a few
pre-selected exposures [15], without simultaneously con-
sidering a broader range of factors. Moreover, few have
investigated associations of plasma proteins with composite

indices (e.g., frailty) reflecting general lifestyle and health
[16-19], which could be useful in population-level screen-
ing and disease prevention. Furthermore, previous studies
typically focused on the discovery of protein quantitative
trait loci (pQTLs) [8, 12, 13] for Mendelian Randomisation
analyses and drug target discovery and validation [2], offer-
ing limited insights into the non-genetic factors influencing
circulating proteins. Finally, evidence suggests protein con-
centrations vary across populations [20], driven not only by
ancestry differences in the genetic architecture of the pro-
teome, but also by differences in non-genetic factors, includ-
ing environment. However, most large-scale proteomics
studies have been conducted in European populations, high-
lighting the lack of diversity in proteomics research.

Exposome-wide association studies investigate the influ-
ence of a variety of life-course exposures from external
and internal sources on phenotypic traits [21, 22]. When
combined with proteomics, this method can offer important
insights into the complex relationship between the expo-
some and proteome, as well as the biological mechanisms
of how non-genetic factors impact human health [23].
Therefore, to fill the evidence gap, the present study aims
to use the exposome-wide approach to [1] comprehensively
explore the exposure profiles of ~3,000 Olink proteins in
~ 2,000 Chinese adults in the CKB; [2] assess the consis-
tency of proteomic associations between the Chinese and
European populations; and [3] identify priorities for future
research.

Methods
Study population and design

The CKB is a prospective cohort study of >512,000 adults
who were recruited from 2004 to 2008 in 10 geographically
diverse areas [24, 25]. At baseline, detailed information was
collected from all participants using laptop-based ques-
tionnaires, including socio-demographic characteristics,
medical history, and lifestyle habits, in addition to physical
measurements including body composition and blood pres-
sure. Non-fasting (with time since the last meal recorded)
blood samples were also collected, processed, aliquoted,
and then stored in liquid nitrogen for future unspecified
research use.

Ethical approval were granted and maintained by the
relevant institutional ethical research committees in the
UK (Oxford Tropical Research Ethics Committee) and
China (China CDC, Chinese Academy of Medical Sciences
and Peking University). All participants provided written
informed consent.
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The present study utilised a case-subcohort design for
IHD, including 1,951 cases and 2,026 subcohort partici-
pants with no prior cardiovascular disease to minimize
biases arising from existing conditions’ effects on proteomic
profiles [26]. The subcohort participants were randomly
selected from 76,056 genotyped participants who were
unrelated, passed quality control, and their plasma samples
had not been previously reformatted. Random sampling was
conducted using a reproducible pseudo-random number
generation method (using the ‘sample’ function in R) [27].

Proteomic assays

The plasma samples of all 3,977 participants collected
at baseline were assayed using the Olink Explore 3072
platform, targeting 2,923 unique proteins. Samples were
retrieved from liquid nitrogen, thawed, and aliquoted into
96-well plates (including 8 wells per plate for external QC
samples) before being shipped to Olink laboratories in
Uppsala, Sweden (1,472 proteins) and Boston, USA (1,469
proteins) for proteomic profiling. Protein levels were nor-
malised by Olink to account for technical variations and
provided in the arbitrary Normalized Protein eXpression
(NPX) unit on a log2 scale. Six proteins were replicated
across panels and showed high correlations (»>0.8), so only
one measure per protein was retained. Details on individual
proteins are shown in eTable 1, with further assay informa-
tion previously described [26, 28].

Selected baseline characteristics

For the present analyses, a carefully selected set of 37 expo-
sures was included to represent key domains relevant to the
study objectives while avoiding collinearity of associated
exposures within the same domain and minimizing redun-
dancy. These 37 exposures were grouped into 6 broad cat-
egories (eTable 2), covering demographics (e.g., age, sex,
study area), lifestyle habits (e.g., alcohol, smoking, diet,
physical activity), environmental factors (e.g., outdoor
temperature, fasting time), health and wellbeing (e.g., prior
disease and mental health), clinical measures (e.g., BMI,
SBP, RPG) and female reproductive factors (e.g., age at
menarche, age at menopause, parity). We also computed
a lifestyle index (ranging from O to 5, with a higher score
indicating a healthier lifestyle) based on smoking, alcohol
intake, physical activity, dietary habits, and body shape,
which was previously developed in CKB and shown to be
associated with multiple chronic diseases and life expec-
tancy [17-19]. Similarly, a frailty index based on an accu-
mulation of age-related deficits was computed considering
medical conditions (based on self-reports of diagnosis by
a doctor or physical measurements), symptoms, signs, and

@ Springer

physical measurements, of which the procedure is described
in a previous publication [16, 29].

Statistical analyses

The main analyses were restricted to 2006 subcohort partici-
pants only (after excluding 20 participants with missing data
on outdoor temperature). The prevalence or mean values
of selected baseline variables were standardised to the age
(5-year groups), sex, and study area. Plasma protein levels
were standardized (i.e. values divided by their SD) and ana-
lysed as continuous variables. Linear regression was used to
examine the associations of individual baseline characteris-
tics with protein biomarkers, adjusting, in the main models,
for age, quadratic term of age, sex, study area (10 areas),
fasting time, quadratic term of fasting time, outdoor temper-
ature, quadratic term of outdoor temperature, and plate ID.
The quadratic terms were included to account for potential
non-linear associations with protein levels. To further assess
the independence of the observed associations with specific
exposures, we also included the most relevant exposure
variables (i.e., education, employment, income, ownership
index, alcohol consumption, smoking, food diversity score,
physical activity, BMI, SBP, self-rated health, diabetes, life
satisfaction, mental disorder, exhale CO), in the mutually
adjusted models (i.e., multivariable models including all
aforementioned covariates in the same regression model),
where appropriate. These variables were selected based on
their relevance, lower collinearity, and availability across
participants. For both the original (i.e., adjusted for age,
quadratic term of age, sex, study area, fasting time, qua-
dratic term of fasting time, outdoor temperature, quadratic
term of outdoor temperature, and plate ID) and mutually
adjusted models, when a particular variable or composite
variable was considered as the exposure of interest, neither
it nor the variables used to derive it were included in the
model. Additionally, we performed sex-specific analyses to
identify unique associations in females and males.

As many proteins and exposures are correlated, we fol-
lowed the approach by Gadd et al. (2023) to correct for
multiple testing [30]. Principal component analysis was
conducted in the subcohort for 2,923 unique proteins and
32 exposures measured in both sexes, identifying 834 and
21 PC’s, respectively, that explained 90% of the cumulative
variance (eFig. 2 and eTable 3). For overall and sex-specific
analyses, an additional five largely independent reproduc-
tive exposures (available only in females) were included,
resulting in a total of 26 exposures. Based on 834 protein
PC’s and 26 exposures, a Bonferroni-adjusted p-value
threshold was derived: (0.05/(834 x26)=2.305x 10 %)
and applied across all linear regression models. The same
Bonferroni-adjusted significance threshold was applied in
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the sex-specific analyses to ensure consistency and compa-
rability of results across all models. Complete-case analysis
(pairwise deletion) was used for the small number of vari-
ables with missing values (heating fuel [#=919], cooking
fuel [n=478], rapeseed oil [r=599], HBsAg+ [n=21], RPG
[n=20]).

We also undertook separate analyses of the same 2923
Olink proteins (Olink Explore 3072 platform) in approxi-
mately 35,000 Europeans from the UK Biobank to repli-
cate the main study CKB findings regarding key baseline
characteristics (i.e., age, sex, BMI, SBP, RPG and preva-
lent diabetes), with the exclusion of participants with prior
CVD or use of cholesterol-lowering medication [8]. Where
appropriate, analyses were adjusted for age, quadratic term
of age, sex, assessment centre, fasting time, quadratic term
of fasting time, and plate ID. Associations were deemed
replicated if they maintained a consistent direction of effect
sizes to those in the CKB cohort and met the predefined
significance threshold (p<2.305x 10°).

All statistical analyses were performed using R version
4.1.2 [31] and packages ‘tidyverse’, ‘stats’, ‘circlize’, and
‘ggplot2’.

Results

Among the 2,006 participants, the mean baseline age was
50.8 (SD 10.5) years, 62% were female and the mean BMI
was 23.9 (3.4) kg/m? (Table 1). Overall, 15% of participants
were regular alcohol drinkers (men: 37%; women 3%)
and 25% (men: 63%; women: 2%) were current smokers.
The prevalence of prior diseases was similar in males and
females, with 8% of participants having respiratory disease,
2% having kidney/liver disease or tested sero-positive for
HBsAg, and 6% having diabetes (self-reported or screen-
detected). Similar patterns with baseline characteristics
were observed in the full CKB cohort (eTable 4).

Among 37 baseline characteristics examined, 31 were
associated with at least one protein at the Bonferroni-
adjusted threshold in the main model (Table 1; Fig. 1 and
eTable 5). The four baseline characteristics that showed
the largest number of associations with proteins were age
(n=1154), sex (n=827) and BMI (n=869), and frailty index
(n=597). Likewise, of the 2,923 proteins examined, 1900
(65%) were associated with at least one exposure, with three
proteins (CDHR2, CK-BB, and PLAT) showing the most
associations with baseline characteristics (n=14), primar-
ily involving demographic factors and clinical measure-
ments (Fig. 2, eFig. 3). In the mutually adjusted model, the
patterns of associations were similar, although there was a
reduced number of significant associations for age (n="766),
sex (n=467), BMI (n=675), frailty index (n=573) and

other exposures (eTables 5, 6, 7 and 8). After mutual adjust-
ments, five proteins (CDH2, ADGRE2, ADGRDI1, ACY1,
MEGF9) remained to be associated with >10 exposures.

Of the 827 sex-related proteins (higher levels in females
for 259 and in males for 568 proteins), the strongest associa-
tions were with LEP, XG, FSHB, CGA, and PZP in females,
and with ACRV1, EDDM3B, INSL3, SPINT3, and KLK3
in males (Fig. 31.a). Among the top 50 sex-related proteins,
most were also associated with other exposures, chiefly age
(e.g., FSHB, CGA, XG, LEFTY2, RELT) and BMI (e.g.,
LEP, FABP4, CDHR2, APCS, CA14; Fig. 31.b). Addition-
ally, 77 sex-related proteins were not associated with other
exposures examined, of which 27 were uniquely associ-
ated with female sex (e.g., CSF3, MELTF, ITIH4, CTRC,
FCGR3B) and 50 with male sex (e.g., EDDM3B, TEX101,
CRISP2, HS6ST2, SPESP1; eTable 8). Among women,
some proteins were also associated with several reproduc-
tive factors (e.g. menopause status), the number of which
changed little in mutually adjusted models (eTable 6).

Of the 1,154 age-related proteins, the strongest positive
associations were with EDA2R, ELN, LTBP2, CSCL17, and
GDF15, while the strongest negative associations were with
PAEP, CTSYV, SDK2, IGDCC4, and TNFSF11 (Fig. 3 1L.a).
Among the top 50 age-related proteins, most were also asso-
ciated with other exposures, chiefly sex (e.g., FSHB, CGA,
PAEP, CST3, SUSDS5) and BMI (e.g., DPT, HSPB6, FGF5,
MSR1, HAVCRI; Fig. 3 I1.b). Additionally, 168 age-related
proteins (e.g., ITGBS5, IL17D, TIMP4, SORCS2, TNFSF13)
were not associated with other exposures (eTable 8). In sex-
specific analyses, age was associated with 1,133 proteins in
males and 612 in females (Table 1; eFig. 4 I.a & IL.b). Of the
524 overlapping proteins in both sexes, nearly all (>95%)
associations were directionally consistent, but stronger in
females (r=0.62; eFig. 5). Among females, FSHB, ELN,
EDA2R, CXCL17, and LTBP2 showed the strongest posi-
tive associations with age, while PAEP, SDK2, CTSV,
IGDCC4 and STC2 showed the strongest negative associa-
tions (eFig. 4 L.a). Among males, EDA2R, ELN, LTBP2,
KLK4, and GDF15 showed the strongest positive associa-
tions, and EGFR, INSL3, IGFBP3, ERBB3, and TNFSF11
showed the strongest negative associations (eFig. 4 IL.a).
Among females the top age-related proteins were predomi-
nantly associated with menopause, while among males
they were mainly associated with clinical measurements
(i.e., BMI, SBP, and RPG), exhaled CO and current smok-
ing (eFig. 4 IL.b & 4 IL.b). Additionally, 394 and 352 age-
related proteins in females and males, respectively, were
not associated with other exposures (eTable 8). In overall
analyses, regular alcohol consumption and current smoking
were associated with 75 and 53 proteins (4 overlapping),
respectively, with MAMDC4, CHI3L1, VWAL, VCAN,
and FGF21 most strongly associated with alcohol drinking
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Table 1 Baseline characteristics of participants and their associations with Olink protein biomarkers

Characteristics Mean (SD) or percentage, %* No. of significant associa-
tions °
Female (n=1,247) Male (n=759) All (n=2,006) Female Male All
Demographics
Age, years 50.7 (10.2) 50.8 (11.0) 50.8 (10.5) 1133 612 1154
Sex - - - - - 827
Urban residents 52.0 48.6 50.6 224 185 359
Schooling (>9 years) 20.4 7.6 229 4 0 3
Employed 60.1 77.5 66.8 1 0 3
Household income (>¥20,000) 43.0 47.4 44.5 1 11
Ownership index ° 33(1.3) 3414 33(1.3) 0 29 15
Lifestyle
Regular alcohol drinker 2.6 37.2 15.3 0 53 75
Current smoker 2.3 63.3 253 5 47 53
Diet
Food diversity score ¢ 11.4 (3.3) 11.3(3.2) 11.3 (3.3) 0 0 1
Rapeseed oil 333 38.8 354 6 0 22
Physical activity, MET-hrs/day 20.5(13.2) 23.2(16.3) 21.4 (14.5) 1 0 3
0
Environmental
Outdoor temperature, °C 16.0 (10.6) 15.7 (10.9) 15.9 (10.7) 174 57 292
Clean heating fuel 453 443 45.0 0 0 1
Clean cooking fuel 49.9 36.0 44.8 1 0 0
Health and wellbeing
Self-rated health 8.5 8.2 8.3 0 0 3
Respiratory disease 8.3 8.0 8.2 0 2
Kidney/liver disease 2.1 2.5 2.2 0 2 0
HBsAg+ 2.2 2.5 2.3 198 45 282
Diabetes 7.0 5.8 6.5 217 39 340
Cancer 0.6 0.6 0.7 2 1 1
Life satisfaction 3.7 4.9 4.0 3.7 1 0 0
Mental disorder 1.1 1.5 1.2 1.1 0 0 0
Clinical measurements
BMI, kg/m> 24.0 (3.5) 23.7(3.3) 239334 576 353 869
Standing height, cm 154.5 (6.1) 165.8 (6.5) 158.7 (8.3) 6 0 18
SBP, mmHg 129.4 (22.2) 132.6 (19.9) 130.5(21.4) 295 80 479
DBP, mmHg 77.2 (10.6) 79.7 (11.6) 78.0 (11.1) 178 108 380
Heart rate, bpm 79.4 (11.4) 78.0 (11.9) 78.8 (11.6) 57 41 234
Exhaled CO, ppm 5.0(2.2) 11.7 (2.5) 7.5(2.3) 0 35 29
FEV1/FVC ratio 85.1(6.1) 84.9 (10.1) 85.0 (8.5) 0 1 1
RPG, mmol/L 6.1 (8.2) 5.9 (8.8) 6.0 (8.5) 254 84 387
Fasting time, hours 5.2(5.0) 5.0 (5.0) 5.1(5.0) 56 26 79
Reproductive factors
Age at menarche, years 15.4 (2.0) - 15.4 (2.0) 1 — 1
Age at menopause, years 39.2 (4.3) - 39.2 (4.3) 2 — 2
Post-menopausal 54.7 — 54.7 181 — 181
Parity 99.8 — 99.8 4 — 4
Age at first live birth, years 23.9(3.3) — 23.9(3.3) 0 — 0
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Table 1 (continued)

Characteristics Mean (SD) or percentage, %* No. of significant associa-
tions °
Female (n=1,247) Male (n=759) All (n=2,006) Female Male All
Lifestyle index ° 3.1(0.3) 2.2 (1.0) 2.8 (1.0) 99 126 342
Frailty index 0.1 (0.06) 0.1 (0.06) 0.1 (0.06) 279 102 597

# Baseline characteristics adjusted for age (10-year age groups) and study area (10 regions).
® Analyses are adjusted for age, age?, sex, study area, fasting time, fasting time?, outdoor temperature, outdoor temperature?® and plate ID, where

appropriate. Bonferroni (PCA) corrected p-value<0.05
¢ 6-point index of qualitative measures of living standards
424-point index of frequency of intake in 12 food groups

¢ 5-point index of low-risk lifestyle characteristics

fIndex derived from 28 variables of accumulation of health deficits and physical activity, on a scale from 0 to 1

BMI Body mass index; CO carbon-monoxide; SBP systolic blood pressure; DBP Diastolic blood pressure; FEVI/FVC Forced Expiratory Vol-
ume in 1 s / Forced Vital Capacity; HBsAg+ Hepatitis B virus surface antigen seropositive; MET: Metabolic Equivalent of Task; RPG random

plasma glucose
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Fig. 1 Exposure profiles with 2923 protein biomarkers in CKB, overall
and by sex. Three Miami plots are presented: one for female-specific
analysis, one for male-specific analysis, and one for overall analysis.
The x-axis represents baseline characteristics grouped by category,
while the y-axis shows the negative logarithm of the p-value (-log10
p-value) for the association between each exposure and protein bio-
markers. Each dot represents the -log10 Bonferroni corrected p-value
for these associations. For visualization purposes, -logl0 p-values
exceeding 25 are not displayed (indicated with arrow). Positive asso-

ciations are shown in red, negative associations in blue, and non-sig-
nificant associations in grey. Analyses are adjusted for age, age?, sex,
study area, fasting time, fasting time?, outdoor temperature, outdoor
temperature” and plate ID, where appropriate. BMI Body mass index;
CKB China Kadoorie Biobank; CO carbon-monoxide; SBP systolic
blood pressure; DBP Diastolic blood pressure; FEVI/FVC Forced
Expiratory Volume in 1 s/ Forced Vital Capacity; HBsAg+ Hepatitis B
virus surface antigen seropositive; RPG random plasma glucose
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Fig. 2 Exposure profiles by characteristics type of the top 25 protein
biomarkers with most associations, overall and by sex. The bar plots
show the number of baseline associated with the 25 most frequently
associated protein biomarkers based on Bonferroni-corrected p-values.
The analyses are presented separately for females, males, and overall.
The x-axis represents the protein biomarkers, while the y-axis indi-

and CXCL17, LAMP3, ALPP, MSLN and SCGB3A1 with
smoking (Table 1, eFigure 6). Among men, most of these
protein associations with alcohol (»=53) and smoking
(n=47) were significant (eFigure 7). Overall, outdoor tem-
perature was associated with 292 proteins (e.g., SNEDI,
SPINK6, LRP1, STX7, WFDC12), reducing to 174 in
female- and 57 in male-specific analyses (eFigs. 6 and 7).
Among clinical measurements, BMI was associated
with the largest number of proteins (869) followed by SBP
(n=479) and RPG (n=387; 274 overlapping with prevalent
diabetes; Table 1). In mutually adjusted models, the number
of significant associations was reduced (eTable 5, eTable 6),
especially for SBP (n=157) and RPG (n=>54). For BMI, the
strongest associations were with LEP, FABPA, IGFBP2,
CK-BB, and GHR (eFigure 8a). In sex-specific analyses,
BMI was associated with 576 proteins in females and with
353 in males, with similar strength of associations among
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cates the number of baseline characteristics associated with each pro-
tein. Bars are color-coded to represent different baseline characteristic
groups. Analyses are adjusted for age, age?, sex, study area, fasting
time, fasting time?, outdoor temperature, outdoor temperature’ and
plate ID, where appropriate

300 overlapping proteins (r=0.97; Table 1 and eFig. 4b).
The leading BMlI-related proteins demonstrated similar
profiles, with >90% of them also associated with age, sex,
prevalent diabetes, and other clinical measurements in over-
all and sex-specific analyses (eFigs. 8b, 9 L.b & IL.b).
Overall, prevalent diabetes and HBsAg positivity were
associated with 340 and 282 proteins, respectively (Table 1),
with more associations in females than males (217 vs. 39 and
198 vs. 45, respectively; Table 1 and eFig. 7 h). These were
reduced to 212 proteins for prevalent diabetes but increased
to 292 for HbsAg positivity in the mutually adjusted mod-
els (eTables 5, 6). Other health-related measures, includ-
ing self-rated health and prior cancer, were associated with
fewer than three proteins. For females, post-menopause was
associated with 181 proteins, with the strongest positive
associations being with FSHB, CGA, DPP4, CHAD, and
COLI1AL and the strongest inverse associations with PAEP,
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Fig. 3 Sex- and age-associated protein biomarkers and their associa-
tions with other exposures. a and ¢ represent the associations of sex
and age, respectively, with protein biomarkers. The x-axis represents
the effect size of the association between sex or age and the protein
biomarkers, while the y-axis indicates the —logl10 p-value. Red dots
denote positive Bonferroni corrected associations, blue dots denote
negative Bonferroni corrected associations, and grey dots denote non-
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ated protein biomarkers, respectively, and their associations with other
exposures. The width of the ribbons is inversely proportional to the

CHRDL2, SDK2 and C1QA, and RSPO1 (eFig. 10a). Addi-
tionally, the top menopause-related proteins were predomi-
nantly associated with age (eFig. 10b).

Lifestyle index was associated with 342 proteins (e.g.,
IGSF9, VWA, LEP, GGTI1, CESl) in overall analyses,
and with 126 and 99 proteins in male- and female-specific
analyses (Table 1; Fig. 41.a, eFig. 11 L.a & Il.a), which was
reduced to 188 proteins overall in the mutually adjusted
model. Most of these proteins were also associated with the

p-value, indicating the strength of the association (smaller p-values
correspond to wider ribbons). The colors of the ribbons represent dif-
ferent baseline characteristic groups. The top protein biomarkers that
are not associated with other exposures are not presented in the figure
Analyses are adjusted for age, age?, sex, study area, fasting time, fast-
ing time?, outdoor temperature, outdoor temperature’ and plate ID,
where appropriate. BMI Body mass index; CO carbon-monoxide; SBP
systolic blood pressure; DBP Diastolic blood pressure; HBsAg+ Hepa-
titis B virus surface antigen seropositive; RPG random plasma glucose

individual components of the index, particularly age, sex
and clinical measurements, with alcohol and smoking being
particularly notable among males (Fig. 41.b, eFig. 11 L.b &
1L.b).

Overall, the frailty index was associated with 597 pro-
teins (e.g., IGSF9, CDHR2, IL1RN, CES1, FABP4), with
300 (50%) proteins overlapping with the lifestyle index,
albeit in opposite directions (r=-0.91; Table 1; Fig. 4c I1.a).
In the mutually adjusted model, there was only a small
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reduction in the number of significant proteins (#=573). In
sex-specific analyses, 102 and 279 proteins were associated
with frailty index in females and males, respectively (eFig.
13 I.a & Il.a). Many of the frailty index-related proteins
were also associated with individual components of the
index, including age, sex, clinical measurements, and prior
diseases, with similar patterns in men and women (Fig. 4
IL.b, eFig. 12 1.b & 12 IL.b).

In UKB participants (mean age 57 [SD 8.1], 55%
female), 1,871 proteins were significantly associated with
sex, 1,659 with age, 2,144 with BMI, 1,658 with SBP, 702
with RPG, and 1,302 with prevalent diabetes (Fig. 5). Over
90% of the significant associations in CKB were replicated
in UKB, except of RPG, which had a lower (~80%) repli-
cation rate. However, >95% of RPG associations in CKB
were replicated in UKB using HbA lc (eFig. 13). Moreover,
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overlapping significant proteins in CKB and UKB showed
high correlations (> 0.80) in effect sizes, with >95% being
directionally consistent. In sex-specific analyses, there were
similar patterns and replication rates between the two popu-
lations (eFig. 14).

Discussion

In this exposome-wide analysis of Olink proteins in Chi-
nese adults, we identified a large number of associations
between various exposures and levels of ~3,000 proteins.
In particular, age, sex, BMI and frailty index each showed
significant and apparently independent associations with
plasma levels of 450—750 proteins. A range of other expo-
sures including: socio-demographic, environmental factors,
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clinical measurements, health-related traits, and composite
lifestyle and health indices, were also associated with levels
of modest numbers of proteins. Many proteins were asso-
ciated with multiple exposures, including 25 that showed
associations with >10 exposures. We also observed differ-
ences in proteomic-exposure associations between females
and males, and replicated>90% of proteomic associations
with key exposures in the European populations.

A large number of proteins in our study showed associa-
tions with several different exposures, including some that
remained associated with > 10 exposures even after adjust-
ments for relevant covariates. These proteins may reflect the
general and pervasive impact of the exposome on human
health, as reflected by their biological functions. For exam-
ple, CDHR?2 is involved in the surface structure of epithelial
cells, which are present in various human organs and related
to cancer aetiology [32, 33]. Both ADGRE2 and ADGRD1
are adhesion G protein-coupled receptors involved in cell
adhesion and signalling, with ADGRE?2 particularly impli-
cated in inflammatory responses of immune system cells
[34, 35]. ACY1 is an enzyme that plays a key role in pro-
tein breakdown and amino acid salvage, and its deficiency
has been linked to metabolic imbalance and developmental
delays [36, 37]. Finally, MEGF?Y is a transmembrane protein
involved in cell adhesion and signalling, with evidence sug-
gesting its role in neurodevelopment [38].

Among all exposures investigated, age yielded the most
significant associations with plasma protein levels. The pro-
tein most strongly and positively associated with age was
EDA2R, a member of the tumour necrosis factor receptor
superfamily [39]. EDA2R is involved in cell signalling and
tissue development, and its gene expression has been previ-
ously linked to ageing in plasma, muscle, and lung tissues
[40—42]. Older age was also associated with higher levels
of ELN, a protein making up elastic fibres in various human
organs, including the skin, heart, and blood vessels [43—
46]. Consistent with this finding, we also found a positive
association between older age and higher levels of LTBP2,
a component of micro-fibrils that interact with ELN [47].
Many age-related proteins were also significantly associ-
ated with other exposures. For example, higher levels of
CXCL17, a protein involved in homeostasis at mucosal bar-
riers and inflammatory response in respiratory diseases [48,
49], were associated with older age, smoking, and amount
of exhaled CO in our study.

Our analyses in the main and mutually adjusted models
demonstrated marked sex differences in plasma levels of
proteins, including many involved in human reproductive
processes, such as FSHB, which regulates follicular growth
in females [50, 51], and ACRV1, EDDM3B, and TEX101,
which are involved in spermatogenesis in males [52-54].
We replicated the well-known finding of elevated LEP

levels in females, a protein released by adipocytes regulat-
ing appetite and metabolism, which has been related to sex
differences in body fat percentage/distribution [8, 10, 11].
Moreover, we found elevated levels of the XG protein in
females, an antigen that defines the Xg blood group [55, 56].
Historically, the Xg blood group has received less research
attention, but its strong associations with sex, age, and BMI
in our study suggest a need for further investigation into
its role in health and disease actiology. Many of the sex-
associated proteins were also independently associated with
other exposures, including FSHB, which was also associ-
ated with age. Additional analysis revealed this association
was primarily driven by female sex, since FSHB regulates
the growth of ovarian follicles and elevated FSHB levels are
an indicator of menopause [57, 58].

Our analyses also replicated several exposure-protein
associations previously reported in Europeans. For exam-
ple, BMI was associated with 675 proteins in the mutually
adjusted model, including known associations of higher
BMI with higher levels of LEP (regulating energy balance)
[59] and FABP4 (lipid transporter in adipocytes) [60]. Other
proteomic associations with clinical measurements included
higher SBP and lower REN levels (part of the renin-angio-
tensin system that regulates blood pressure and fluid bal-
ance) [61] and higher RPG and lower LPL levels (involved
in lipid metabolism by breaking down triglycerides) [62].
Consistent with previous study findings, we found certain
behavioural factors may also be associated with plasma
protein levels, such as smoking, associated with higher
CXCL17 levels (involved in inflammatory response in
respiratory diseases) [48, 49] and alcohol drinking, asso-
ciated with higher CHI3L1 levels (involved in inflamma-
tory response and liver fibrosis) [63]. However, we found
little association of diet and physical activity with plasma
levels of proteins. Sample collection factors, including out-
door temperature and fasting time, were also significantly
and independently associated with 253 and 83 proteins,
respectively. For example, higher outdoor temperature was
associated with higher SPINK6 levels (maintaining skin
homeostasis and restricting influenza activation) [64, 65],
and shorter fasting time was associated with higher GIP lev-
els (stimulating insulin secretion) [66]. These factors may
confound exposure-protein associations and should be con-
sidered in analyses. Future blood-based studies should also
collect relevant information to enhance the robustness and
reliability of analyses.

In addition to individual exposures, we identified novel
associations between many plasma proteins and two com-
posite measures reflecting general lifestyle and health
(i.e., lifestyle index and frailty index). The indices showed
opposing associations with some proteins, including IGSF9,
IGFBP2, and SHBG. IGSF9 and IGFBP2 are implicated in
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{ Fig. 5 Associations of six selected key baseline characteristics with
protein biomarkers in CKB and UKB. In CKB, analyses were adjusted
for age, agez, sex, study area, fasting time, fasting time?, outdoor tem-
perature, outdoor temperature’ and plate ID, where appropriate. In
UKB, analyses were adjusted for age, agez, sex, assessment centre,
fasting time, fasting time?, season, and plate ID, where appropriate.
BMI Body mass index; CKB China Kadoorie Biobank; SBP systolic
blood pressure; UKB UK Biobank; RPG Random plasma glucose

multiple cancers and are considered potential diagnostic or
prognostic markers and treatment targets [67-72]. SHBG, a
liver-produced protein that regulates sex hormones [73] is
associated with metabolic and reproductive system disor-
ders [74-77]. As expected, many proteins associated with
the two indices also showed associations with individual
exposures, especially BMI, SBP, and RPG. Sex differ-
ences were also observed in proteomic associations with the
two indices. For example, lifestyle index showed stronger
inverse associations with GGT1 (a liver function marker)
[78, 79] and CXCL17 (involved in lung function) [48, 49]
in males than females, which may be due to the higher
prevalence of alcohol drinking and smoking in males than
females (37.2% vs. 2.6% and 63.3% vs. 2.3%, respectively)
in CKB and the general Chinese population [80-82].

Apart from leveraging an East Asian population, the main
strengths of this study include the large number of proteins
assayed, the wide range of exposures considered simultane-
ously, and the exclusion of participants with prior cardio-
vascular disease to reduce bias from pre-existing conditions.
Consequently, the findings are most directly generalizable
to adults free of cardiovascular disease. Additionally, we
examined potential sex differences in protein-exposure
associations, revealing potential novel findings to inform
future research. Nevertheless, the study also had limitations.
First, although it is the largest proteomics study in East
Asians to date, power was limited for rare binary exposures
(e.g., liver disease, cancer, and mental disorder), but was
adequate (> 80%; Cohen’s d=0.3) for binary exposures with
prevalence above 25% and high (>95%; Cohen’s >=0.023)
for continuous exposures. Nonetheless, the study’s findings
provide valuable insights in a hypothesis-generating con-
text, although limited power precluded more detailed sub-
group analyses beyond sex-specific comparisons. As such,
the smaller number of males compared to females might
explain fewer significant associations in males observed
in our analyses. Second, the cross-sectional study design
and lack of repeated measures prevent confirmation of the
direction of observed associations. Third, despite extensive
adjustment for key covariates to minimise confounding,
residual confounding may still persist. Fourth, recall bias
in self-reported variables, such as prior diseases and diet,
may have affected some associations. However, recall bias
is likely to be limited, as three resurveys (~5 years apart),
each involving~25,000 randomly selected participants

from the full CKB cohort, included~15,000 individuals
who participated in all three, enabling longitudinal com-
parisons that suggest good consistency in self-reported data
[24, 25]. Therefore, findings should be interpreted with cau-
tion, and future studies incorporating longitudinal data and
using genetic approaches (e.g., Mendelian Randomisation)
are required to clarify causality. Finally, the lack of similar
datasets with proteomics data prevented the replication of
our findings in independent East Asian cohorts. However,
the findings in the current study are also broadly consis-
tent with a study using~7,000 proteins measured by the
SomaScan platform in the same sample [83]. A number of
top associations were found in both platforms, such as the
association between sex and LEP, as well as the association
between frailty index and SHBG [83]. The SomaScan study
also offers complementary information to the current study,
as it covered proteins unique to the SomaScan platform and
assessed the influence of other platform-specific factors,
such as data normalisation procedures and dilution factors
[83]. In addition, over 90% of associations with sex, age,
BMI, SBP and diabetes-related exposures were replicated
in UK Biobank, supporting generalisability of our findings
using the same Olink platform.

Overall, the present study in Chinese adults demon-
strated a large number of proteomic associations across a
diverse range of exposures, particularly sex, age, adipos-
ity, and frailty indices. We also identified sex differences
in proteomic associations with various exposures, mainly
reflecting differences in reproductive processes and life-
style habits between females and males. Future studies from
diverse cohorts are still required to replicate our findings,
which may guide biomarker discovery when combined with
clinical studies. Future analyses using penalisation methods,
such as LASSO and elastic net, may be beneficial for build-
ing prediction models and reducing the high dimensionality
of the exposome and proteomic data [83]. The integration
of genetic data with proteomics, such as Mendelian Ran-
domisation and colocalization analyses, can also confirm
the causal relevance of these associations and explore bio-
logical mechanisms linking exposures to specific proteins.
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25-01311-z.

Acknowledgements The chief acknowledgment is to the participants,
China Kadoorie Biobank project staff, staff of the China CDC and its
regional offices for access to death and disease registries. The Chinese
National Health Insurance scheme provided electronic linkage to all
hospital admissions.

Author contributions AIl, BW, RC, DAB, ZC conceived and designed
the study. Al conducted the statistical analyses and Al and BW wrote
the first draft of the manuscript. LL, and ZC as the members of China
Kadoorie Biobank Steering Committee, designed and supervised the

@ Springer


https://doi.org/10.1007/s10654-025-01311-z
https://doi.org/10.1007/s10654-025-01311-z

A. lona et al.

overall conduct of the study, including obtaining funding for the study.
All other authors provided critical revision to the manuscript for im-
portant intellectual content. A, BW, DAB and ZC are the guarantors
of this work and take responsibility for the integrity and accuracy of
the data analysis. DAB and ZC supervised the work.

Funding The funding body for the baseline survey was the Ka-
doorie Charitable Foundation, Hong Kong, China and the fund-
ing sources for the long-term continuation of the study include UK
Wellcome Trust (202922/Z/16/Z, 104085/Z/14/Z, 088158/Z/09/Z),
Chinese National Natural Science Foundation (81390540, 81390541,
81390544), and the National Key Research and Development Program
of China (2016YFC0900500, 2016YFC0900501, 2016YFC0900504,
2016YFC1303904). Core funding was provided to the CTSU, Uni-
versity of Oxford, by the British Heart Foundation, the UK Medical
Research Council, and Cancer Research UK. The long-term follow-
up was funded in part by the UK Wellcome Trust (212946/Z/18/Z,
202922/7/16/Z, 104085/Z/14/Z, 088158/Z/09/Z). The proteomic as-
says were supported by BHF (FS/18/23/33512), Novo Nordisk, Olink,
SomaScan and NDPH. Analyses using UK Biobank data were per-
formed using data from this application number 50474.

Data availability In CKB, non-genetic data (e.g., baseline, resurveys,
biomarkers, and disease follow-up) are released periodically to bona
fide researchers. Details of the CKB Data Sharing Policy, data release
schedules and data request application procedures are available at
www.ckbiobank.org. All queries about data access can be made to
ckbaccess@ndph.ox.ac.uk

Declarations
Competing interests All authors declare no competing interests.

Ethical approval The China Kadoorie Biobank complies with all the
required ethical standards for medical research on human subjects.
Ethical approvals were granted and have been maintained by the rel-
evant institutional ethical research committees in the UK and China.

Consent to participate All participants provided written informed
consent.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence and your intended
use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright
holder. To view a copy of this licence, visit http://creativecommons.o
rg/licenses/by/4.0/.

References

1. Smith LM, Agar JN, Chamot-Rooke J, et al. The human pro-
teoform project: defining the human proteome. Sci Adv.
2021;7(46):eabk0734. https://doi.org/10.1126/sciadv.abk0734.

2. Suhre K, McCarthy MI, Schwenk JM. Genetics Meets pro-
teomics: perspectives for large population-based studies. Nat Rev

@ Springer

13.

14.

16.

17.

18.

Genet. 2021;22(1):19-37. https://doi.org/10.1038/s41576-020-02
68-2.

Domon B, Aebersold R. Mass spectrometry and protein analysis.
Science. 2006;312(5771):212—-7. https://doi.org/10.1126/science.
1124619.

Keshishian H, Burgess MW, Specht H, et al. Quantitative, mul-
tiplexed workflow for deep analysis of human blood plasma
and biomarker discovery by mass spectrometry. Nat Protoc.
2017;12(8):1683-701. https://doi.org/10.1038/nprot.2017.054.
Tognetti M, Sklodowski K, Muller S, et al. Biomarker candi-
dates for tumors identified from Deep-Profiled plasma stem
predominantly from the low abundant area. J Proteome Res.
2022;21(7):1718-35. https://doi.org/10.1021/acs.jproteome.2c00
122.

Assarsson E, Lundberg M, Holmquist G, et al. Homogenous
96-plex PEA immunoassay exhibiting high sensitivity, specific-
ity, and excellent scalability. PLoS ONE. 2014;9(4):€95192. http
s://doi.org/10.1371/journal.pone.0095192.

Candia J, Daya GN, Tanaka T, Ferrucci L, Walker KA. Assess-
ment of variability in the plasma 7k SomaScan proteomics assay.
Sci Rep. 2022;12(1):17147. https://doi.org/10.1038/s41598-022-
22116-0.

Sun BB, Chiou J, Traylor M, et al. Plasma proteomic asso-
ciations with genetics and health in the UK biobank. Nature.
2023;622(7982):329-38. https://doi.org/10.1038/s41586-023-06
592-6.

Conte M, Giuliani C, Chiariello A, Iannuzzi V, Franceschi C,
Salvioli S. GDF15, an emerging key player in human aging. Age-
ing Res Rev. 2022;75:101569. https://doi.org/10.1016/j.arr.2022.
101569.

Hickey MS, Israel RG, Gardiner SN, et al. Gender differences in
serum leptin levels in humans. Biochem Mol Med. 1996;59(1):1—
6. https://doi.org/10.1006/bmme.1996.0056.

Saad MF, Damani S, Gingerich RL, et al. Sexual dimorphism
in plasma leptin concentration. J Clin Endocrinol Metab.
1997;82(2):579-84. https://doi.org/10.1210/jcem.82.2.3739.
Ferkingstad E, Sulem P, Atlason BA, et al. Large-scale integra-
tion of the plasma proteome with genetics and disease. Nat Genet.
2021;53(12):1712-21. https://doi.org/10.1038/s41588-021-0097
8-w.

Pietzner M, Wheeler E, Carrasco-Zanini J, et al. Mapping
the proteo-genomic convergence of human diseases. Science.
2021;374(6569):eabj1541. https://doi.org/10.1126/science.abjl5
41.

Goudswaard LJ, Bell JA, Hughes DA, et al. Effects of adipos-
ity on the human plasma proteome: observational and Mendelian
randomisation estimates. Int J Obes (Lond). 2021;45(10):2221-9.
https://doi.org/10.1038/s41366-021-00896-1.

Pang Y, Kartsonaki C, Lv J, et al. Associations of adiposity, Cir-
culating protein biomarkers, and risk of major vascular diseases.
JAMA Cardiol. 2021;6(3):276-86. https://doi.org/10.1001/jamac
ardio.2020.6041.

Fan J, Yu C, Guo Y, et al. Frailty index and all-cause and cause-
specific mortality in Chinese adults: a prospective cohort study.
Lancet Public Health. 2020;5(12):e650—60. https://doi.org/10.10
16/S2468-2667(20)30113-4.

Lv J, Yu C, Guo Y, et al. Adherence to a healthy lifestyle and
the risk of type 2 diabetes in Chinese adults. Int J Epidemiol.
2017;46(5):1410-20. https://doi.org/10.1093/ije/dyx074.

Sun Q, Yu D, Fan J, et al. Healthy lifestyle and life expectancy at
age 30 years in the Chinese population: an observational study.
Lancet Public Health. 2022;7(12):€994-1004. https://doi.org/10
.1016/S2468-2667(22)00110-4.

The China Kadoorie Biobank Collaborative Group. Healthy life-
style and life expectancy free of major chronic diseases at age 40


https://doi.org/10.1038/s41576-020-0268-2
https://doi.org/10.1038/s41576-020-0268-2
https://doi.org/10.1126/science.1124619
https://doi.org/10.1126/science.1124619
https://doi.org/10.1038/nprot.2017.054
https://doi.org/10.1021/acs.jproteome.2c00122
https://doi.org/10.1021/acs.jproteome.2c00122
https://doi.org/10.1371/journal.pone.0095192
https://doi.org/10.1371/journal.pone.0095192
https://doi.org/10.1038/s41598-022-22116-0
https://doi.org/10.1038/s41598-022-22116-0
https://doi.org/10.1038/s41586-023-06592-6
https://doi.org/10.1038/s41586-023-06592-6
https://doi.org/10.1016/j.arr.2022.101569
https://doi.org/10.1016/j.arr.2022.101569
https://doi.org/10.1006/bmme.1996.0056
https://doi.org/10.1210/jcem.82.2.3739
https://doi.org/10.1038/s41588-021-00978-w
https://doi.org/10.1038/s41588-021-00978-w
https://doi.org/10.1126/science.abj1541
https://doi.org/10.1126/science.abj1541
https://doi.org/10.1038/s41366-021-00896-1
https://doi.org/10.1038/s41366-021-00896-1
https://doi.org/10.1001/jamacardio.2020.6041
https://doi.org/10.1001/jamacardio.2020.6041
https://doi.org/10.1016/S2468-2667(20)30113-4
https://doi.org/10.1016/S2468-2667(20)30113-4
https://doi.org/10.1093/ije/dyx074
https://doi.org/10.1016/S2468-2667(22)00110-4
https://doi.org/10.1016/S2468-2667(22)00110-4
http://www.ckbiobank.org
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1126/sciadv.abk0734

Associations of 2923 Olink proteins with demographic, lifestyle, environmental and health characteristics in...

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

in China. Nat Hum Behav. 2023;7(9):1542-50. https://doi.org/10
.1038/541562-023-01624-7.

Sjaarda J, Gerstein HC, Kutalik Z, et al. Influence of genetic
ancestry on human serum proteome. Am J Hum Genet.
2020;106(3):303—14. https://doi.org/10.1016/j.ajhg.2020.01.016.
Vineis P, Robinson O, Chadeau-Hyam M, Dehghan A, Mud-
way I, Dagnino S. What is new in the exposome? Environ Int.
2020;143:105887. https://doi.org/10.1016/j.envint.2020.105887.
Wild CP. Complementing the genome with an exposome: the
outstanding challenge of environmental exposure measurement
in molecular epidemiology. Cancer Epidemiol Biomarkers Prev.
2005;14(8):1847-50. https://doi.org/10.1158/1055-9965.Epi-05-
0456.

Argentieri MA, Amin N, Nevado-Holgado AJ, et al. Integrating
the environmental and genetic architectures of aging and mortal-
ity. Nat Med. 2025;31(3):1016-25. https://doi.org/10.1038/s4159
1-024-03483-9.

Chen Z, Chen J, Collins R, et al. China kadoorie biobank of 0.5
million people: survey methods, baseline characteristics and
long-term follow-up. Int J Epidemiol. 2011;40(6):1652—66. https
://doi.org/10.1093/ije/dyr120.

Chen Z, Lee L, Chen J, et al. Cohort profile: the kadoorie
study of chronic disease in China (KSCDC). Int J Epidemiol.
2005;34(6):1243-9. https://doi.org/10.1093/ije/dyil 74.

Yao P, Iona A, Kartsonaki C, et al. Conventional and genetic asso-
ciations of adiposity with 1463 proteins in relatively lean Chinese
adults. Eur J Epidemiol. 2023;38(10):1089—103. https://doi.org/1
0.1007/s10654-023-01038-9.

Venables WN, Ripley BD. Modern applied statistics with S. 4 ed.
Springer New York, NY; 2002.

Wang B, Pozarickij A, Mazidi M, et al. Comparative studies of
2168 plasma proteins measured by two affinity-based platforms
in 4000 Chinese adults. Nat Commun. 2025;16(1):1869. https://d
0i.0rg/10.1038/s41467-025-56935-2.

Hoogendijk EO, Afilalo J, Ensrud KE, Kowal P, Onder G, Fried
LP. Frailty: implications for clinical practice and public health.
Lancet. 2019;394(10206):1365-75. https://doi.org/10.1016/S014
0-6736(19)31786-6.

Gadd DA, Hillary RF, Kuncheva Z, et al. Blood protein assess-
ment of leading incident diseases and mortality in the UK bio-
bank. Nat Aging. 2024;4(7):939—48. https://doi.org/10.1038/s43
587-024-00655-7.

Team RC. R: A Language and Environment for Statistical Com-
puting. Published online 2022. http://www.r-project.org/index.ht
ml

Pinette JA, Mao S, Millis BA, Krystofiak ES, Faust JJ, Tyska
MJ. Brush border Protocadherin CDHR2 promotes the elonga-
tion and maximized packing of microvilli in vivo. Mol Biol Cell.
2019;30(1):108-18. https://doi.org/10.1091/mbc.E18-09-0558.
Berx G, van Roy F. Involvement of members of the Cad-
herin superfamily in cancer. Cold Spring Harb Perspect Biol.
2009;1(6):a003129. https://doi.org/10.1101/cshperspect.a00312
9.

Stacey M, Chang GW, Davies JQ, et al. The epidermal growth
factor-like domains of the human EMR2 receptor mediate cell
attachment through chondroitin sulfate glycosaminoglycans.
Blood. 2003;102(8):2916-24. https://doi.org/10.1182/blood-200
2-11-3540.

Hamann J, Aust G, Arag D, et al. International union of basic and
clinical pharmacology. XCIV. Adhesion G protein-coupled recep-
tors. Pharmacol Rev. 2015;67(2):338—67. https://doi.org/10.1124/
pr.114.009647.

Sommer A, Christensen E, Schwenger S, et al. The molecu-
lar basis of aminoacylase 1 deficiency. Biochim Biophys Acta.
2011;1812(6):685-90. https://doi.org/10.1016/j.bbadis.2011.03.0
05.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

SI.

52.

53.

Tylki-Szymanska A, Gradowska W, Sommer A, et al. Aminoacyl-
ase 1 deficiency associated with autistic behavior. J Inherit Metab
Dis. 2010;33(Suppl 3):S211-4. https://doi.org/10.1007/s10545-0
10-9089-3.

Brandt-Bohne U, Keene DR, White FA, Koch M. MEGF9: a
novel transmembrane protein with a strong and developmen-
tally regulated expression in the nervous system. Biochem J.
2007;401(2):447-57. https://doi.org/10.1042/bj20060691.

Cai Z, Deng X, Jia J, Wang D, Yuan G. Ectodysplasin a/ecto-
dysplasin A receptor system and their roles in multiple diseases.
Front Physiol. 2021;12:788411. https://doi.org/10.3389/fphys.20
21.788411.

Bilgic SN, Domaniku A, Toledo B, et al. EDA2R-NIK signal-
ling promotes muscle atrophy linked to cancer cachexia. Nature.
2023;617(7962):827-34. https://doi.org/10.1038/s41586-023-06
047-y.

Chiara Barbera MRLD, Romeo M, Mapelli S, Bolis M. Increased
expression of Ectodysplasin A2 receptor EDA2R is the most
remarkable and ubiquitous aging-related transcriptional hall-
mark. Published Online August. 2021;4. https://doi.org/10.2120
3/RS.3.RS-774469/V 1.

de Vries M, Faiz A, Woldhuis RR, et al. Lung tissue gene-expres-
sion signature for the ageing lung in COPD. Thorax. 2017. https:
//doi.org/10.1136/thoraxjnl-2017-210074.

Duca L, Blaise S, Romier B, et al. Matrix ageing and vascu-
lar impacts: focus on Elastin fragmentation. Cardiovasc Res.
2016;110(3):298-308. https://doi.org/10.1093/cvr/cvw061.
Fonck E, Feigl GG, Fasel J, et al. Effect of aging on Elastin func-
tionality in human cerebral arteries. Stroke. 2009;40(7):2552—-6.
https://doi.org/10.1161/STROKEAHA.108.528091.

Tsamis A, Krawiec JT, Vorp DA. Elastin and collagen fibre micro-
structure of the human aorta in ageing and disease: a review. J R
Soc Interface. 2013;10(83):20121004. https://doi.org/10.1098/rsi
£.2012.1004.

Weihermann AC, Lorencini M, Brohem CA, de Carvalho CM.
Elastin structure and its involvement in skin Photoageing. Int J
Cosmet Sci. 2017;39(3):241-7. https://doi.org/10.1111/ics.1237
2.

Fujikawa Y, Yoshida H, Inoue T, et al. Latent TGF-beta binding
protein 2 and 4 have essential overlapping functions in microfibril
development. Sci Rep. 2017;7:43714. https://doi.org/10.1038/sre
p43714.

Burkhardt AM, Maravillas-Montero JL, Carnevale CD, et al.
CXCL17 is a major chemotactic factor for lung macrophages. J
Immunol. 2014;193(3):1468-74. https://doi.org/10.4049/jimmun
0l.1400551.

Choreno-Parra JA, Thirunavukkarasu S, Zuniga J, Khader SA.
The protective and pathogenic roles of CXCL17 in human health
and disease: potential in respiratory medicine. Cytokine Growth
Factor Rev. 2020;53:53-62. https://doi.org/10.1016/j.cytogfr.202
0.04.004.

McGee EA, Hsueh AlJ. Initial and Cyclic recruitment of ovarian
follicles. Endocr Rev. 2000;21(2):200-14. https://doi.org/10.121
0/edrv.21.2.0394.

Polyzos NP, Neves AR, Drakopoulos P, et al. The effect of poly-
morphisms in FSHR and FSHB genes on ovarian response: a
prospective multicenter multinational study in Europe and Asia.
Hum Reprod. 2021;36(6):1711-21. https://doi.org/10.1093/humr
ep/deab068.

Barrachina F, Battistone MA, Castillo J, et al. Sperm acquire
epididymis-derived proteins through epididymosomes. Hum
Reprod. 2022;37(4):651-68. https://doi.org/10.1093/humrep/dea
c015.

Schiza CG, Jarv K, Diamandis EP, Drabovich AP. An emerging
role of TEX101 protein as a male infertility biomarker. EJIFCC.
2014;25(1):9-26.

@ Springer


https://doi.org/10.1007/s10545-010-9089-3
https://doi.org/10.1007/s10545-010-9089-3
https://doi.org/10.1042/bj20060691
https://doi.org/10.3389/fphys.2021.788411
https://doi.org/10.3389/fphys.2021.788411
https://doi.org/10.1038/s41586-023-06047-y
https://doi.org/10.1038/s41586-023-06047-y
https://doi.org/10.21203/RS.3.RS-774469/V1
https://doi.org/10.21203/RS.3.RS-774469/V1
https://doi.org/10.1136/thoraxjnl-2017-210074
https://doi.org/10.1136/thoraxjnl-2017-210074
https://doi.org/10.1093/cvr/cvw061
https://doi.org/10.1161/STROKEAHA.108.528091
https://doi.org/10.1161/STROKEAHA.108.528091
https://doi.org/10.1098/rsif.2012.1004
https://doi.org/10.1098/rsif.2012.1004
https://doi.org/10.1111/ics.12372
https://doi.org/10.1111/ics.12372
https://doi.org/10.1038/srep43714
https://doi.org/10.1038/srep43714
https://doi.org/10.4049/jimmunol.1400551
https://doi.org/10.4049/jimmunol.1400551
https://doi.org/10.1016/j.cytogfr.2020.04.004
https://doi.org/10.1016/j.cytogfr.2020.04.004
https://doi.org/10.1210/edrv.21.2.0394
https://doi.org/10.1210/edrv.21.2.0394
https://doi.org/10.1093/humrep/deab068
https://doi.org/10.1093/humrep/deab068
https://doi.org/10.1093/humrep/deac015
https://doi.org/10.1093/humrep/deac015
https://doi.org/10.1038/s41562-023-01624-7
https://doi.org/10.1038/s41562-023-01624-7
https://doi.org/10.1016/j.ajhg.2020.01.016
https://doi.org/10.1016/j.envint.2020.105887
https://doi.org/10.1158/1055-9965.Epi-05-0456
https://doi.org/10.1158/1055-9965.Epi-05-0456
https://doi.org/10.1038/s41591-024-03483-9
https://doi.org/10.1038/s41591-024-03483-9
https://doi.org/10.1093/ije/dyr120
https://doi.org/10.1093/ije/dyr120
https://doi.org/10.1093/ije/dyi174
https://doi.org/10.1007/s10654-023-01038-9
https://doi.org/10.1007/s10654-023-01038-9
https://doi.org/10.1038/s41467-025-56935-2
https://doi.org/10.1038/s41467-025-56935-2
https://doi.org/10.1016/S0140-6736(19)31786-6
https://doi.org/10.1016/S0140-6736(19)31786-6
https://doi.org/10.1038/s43587-024-00655-7
https://doi.org/10.1038/s43587-024-00655-7
http://www.r-project.org/index.html
http://www.r-project.org/index.html
https://doi.org/10.1091/mbc.E18-09-0558
https://doi.org/10.1101/cshperspect.a003129
https://doi.org/10.1101/cshperspect.a003129
https://doi.org/10.1182/blood-2002-11-3540
https://doi.org/10.1182/blood-2002-11-3540
https://doi.org/10.1124/pr.114.009647
https://doi.org/10.1124/pr.114.009647
https://doi.org/10.1016/j.bbadis.2011.03.005
https://doi.org/10.1016/j.bbadis.2011.03.005

A. lona et al.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Tang A, Yan Q, Sun L, et al. Developmental expression of ACRV 1
in humans and mice. Andrologia. 2012;44(1):16-22. https://doi.o
rg/10.1111/J.1439-0272.2010.01095.X.

Moller M, Lee YQ, Vidovic K, et al. Disruption of a GATA 1-bind-
ing motif upstream of XG/PBDX abolishes Xg(a) expression and
resolves the Xg blood group system. Blood. 2018;132(3):334-8.
https://doi.org/10.1182/blood-2018-03-842542.

Tippett P, Ellis NA. The Xg blood group system: a review. Trans-
fus Med Rev. 1998;12(4):233-57. https://doi.org/10.1016/s0887
-7963(98)80001-1.

Burger HG. Diagnostic role of follicle-stimulating hormone (FSH)
measurements during the menopausal transition—an analysis of
FSH, oestradiol and inhibin. Eur J Endocrinol. 1994;130(1):38—
42. https://doi.org/10.1530/eje.0.1300038.

Burger HG. The endocrinology of the menopause. Maturitas.
1996;23(2):129-36. https://doi.org/10.1016/0378-5122(95)0096
9-8.

Obradovic M, Sudar-Milovanovic E, Soskic S, et al. Leptin and
obesity: role and clinical implication. Front Endocrinol (Laus-
anne). 2021;12:585887. https://doi.org/10.3389/fendo.2021.585
887.

Furuhashi M, Saitoh S, Shimamoto K, Miura T. Fatty Acid-Bind-
ing protein 4 (FABP4): pathophysiological insights and potent
clinical biomarker of metabolic and cardiovascular diseases. Clin
Med Insights Cardiol. 2014;8(Suppl 3):23-33. https://doi.org/10.
4137/CMC.S17067.

Santos RAS, Oudit GY, Verano-Braga T, Canta G, Steckelings
UM, Bader M. The renin-angiotensin system: going beyond
the classical paradigms. Am J Physiol Heart Circ Physiol.
2019;316(5):H958-70. https://doi.org/10.1152/ajpheart.00723.2
018.

Wu SA, Kersten S, Qi L. Lipoprotein lipase and its regulators: an
unfolding story. Trends Endocrinol Metab. 2021;32(1):48-61. htt
ps://doi.org/10.1016/j.tem.2020.11.005.

Wang S, Hu M, Qian Y, et al. CHI3L1 in the pathophysiol-
ogy and diagnosis of liver diseases. Biomed Pharmacother.
2020;131:110680. https://doi.org/10.1016/j.biopha.2020.110680.
Meyer-Hoffert U, Wu Z, Kantyka T, et al. Isolation of SPINK6 in
human skin: selective inhibitor of Kallikrein-Related peptidases.
J Biol Chem. 2010;285(42):32174-81. https://doi.org/10.1074/jb
¢.M109.091850.

Wang D, Li C, Chiu MC, et al. SPINK6 inhibits human airway
Serine proteases and restricts influenza virus activation. EMBO
Mol Med. 2022;14(1):e14485. https://doi.org/10.15252/emmm.2
021144385.

Seino Y, Fukushima M, Yabe D. GIP and GLP-1, the two incre-
tin hormones: similarities and differences. J Diabetes Investig.
2010;1(1-2):8-23. https://doi.org/10.1111/j.2040-1124.2010.000
22.X.

Han Y, Fu Y, Shi Q, et al. The ALDH2, IGSF9, and PRDM16
proteins as predictive biomarkers for prognosis in breast cancer.
Clin Breast Cancer. 2023;23(3):e140-50. https://doi.org/10.1016/
j-clbc.2022.12.009.

Huang D, Liu Q, Zhang W, et al. Identified IGSF9 association
with prognosis and hypoxia in nasopharyngeal carcinoma by bio-
informatics analysis. Cancer Cell Int. 2020;20:498. https://doi.or
2/10.1186/s12935-020-01587-z.

Kendrick ZW, Firpo MA, Repko RC, et al. Serum IGFBP2 and
MSLN as diagnostic and prognostic biomarkers for pancreatic

@ Springer

70.

71.

72.

73.

74.

75.

76.

71.

78.

79.

80.

81.

82.

83.

cancer. HPB (Oxford). 2014;16(7):670-6. https://doi.org/10.111
1/hpb.12199.

Li T, Forbes ME, Fuller GN, Li J, Yang X, Zhang W. IGFBP2:
integrative hub of developmental and oncogenic signaling net-
work. Oncogene. 2020;39(11):2243-57. https://doi.org/10.1038/
s41388-020-1154-2.

Liu Y, Wang H, Zhao X, et al. Targeting the Immunoglobulin
IGSF9 enhances antitumor T-cell activity and sensitivity to Anti-
PD-1 immunotherapy. Cancer Res. 2023;83(20):3385-99. https:/
/doi.org/10.1158/0008-5472.CAN-22-3115.

Zhang B, Hong CQ, Luo YH, et al. Prognostic value of IGFBP2
in various cancers: a systematic review and meta-analysis. Cancer
Med. 2022;11(16):3035-47. https://doi.org/10.1002/cam4.4680.
Simo R, Saez-Lopez C, Barbosa-Desongles A, Hernandez C,
Selva DM. Novel insights in SHBG regulation and clinical impli-
cations. Trends Endocrinol Metab. 2015;26(7):376-83. https://do
i.org/10.1016/j.tem.2015.05.001.

Brand JS, van der Schouw YT, Testosterone. SHBG and car-
diovascular health in postmenopausal women. Int J Impot Res.
2010;22(2):91-104. https://doi.org/10.1038/ijir.2009.64.
Fortunati N, Catalano MG, Boccuzzi G, Frairia R. Sex Hormone-
Binding Globulin (SHBG), estradiol and breast cancer. Mol Cell
Endocrinol. 2010;316(1):86-92. https://doi.org/10.1016/j.mce.20
09.09.012.

Perry JR, Weedon MN, Langenberg C, et al. Genetic evidence
that Raised sex hormone binding Globulin (SHBG) levels reduce
the risk of type 2 diabetes. Hum Mol Genet. 2010;19(3):535-44.
https://doi.org/10.1093/hmg/ddp522.

Wei S, Schmidt MD, Dwyer T, Norman RJ, Venn AJ. Obesity and
menstrual irregularity: associations with SHBG, testosterone, and
insulin. Obes (Silver Spring). 2009;17(5):1070-6. https://doi.org/
10.1038/0by.2008.641.

Conigrave KM, Davies P, Haber P, Whitfield JB. Traditional
markers of excessive alcohol use. Addiction. 2003;98(Suppl
2):31-43. https://doi.org/10.1046/j.1359-6357.2003.00581.x.
Conigrave KM, Degenhardt L], Whitfield JB, et al. CDT, GGT,
and AST as markers of alcohol use: the WHO/ISBRA collabora-
tive project. Alcohol Clin Exp Res. 2002;26(3):332-9.

Chan KH, Wright N, Xiao D, et al. Tobacco smoking and risks
of more than 470 diseases in china: a prospective cohort study.
Lancet Public Health. 2022;7(12):e1014-26. https://doi.org/10.1
016/S2468-2667(22)00227-4.

Im PK, Wright N, Yang L, et al. Alcohol consumption and
risks of more than 200 diseases in Chinese men. Nat Med.
2023;29(6):1476-86.  https://doi.org/10.1038/s41591-023-0238
3-8.

Millwood 1Y, Im PK, Bennett D, et al. Alcohol intake and cause-
specific mortality: conventional and genetic evidence in a pro-
spective cohort study of 512 000 adults in China. Lancet Public
Health. 2023;8(12):€956-67. https://doi.org/10.1016/S2468-266
7(23)00217-7.

Heinze G, Wallisch C, Dunkler D. Variable selection - A review
and recommendations for the practicing statistician. Biom J.
2018;60(3):431-49. https://doi.org/10.1002/bimj.201700067.

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.


https://doi.org/10.1111/hpb.12199
https://doi.org/10.1111/hpb.12199
https://doi.org/10.1038/s41388-020-1154-2
https://doi.org/10.1038/s41388-020-1154-2
https://doi.org/10.1158/0008-5472.CAN-22-3115
https://doi.org/10.1158/0008-5472.CAN-22-3115
https://doi.org/10.1002/cam4.4680
https://doi.org/10.1016/j.tem.2015.05.001
https://doi.org/10.1016/j.tem.2015.05.001
https://doi.org/10.1038/ijir.2009.64
https://doi.org/10.1016/j.mce.2009.09.012
https://doi.org/10.1016/j.mce.2009.09.012
https://doi.org/10.1093/hmg/ddp522
https://doi.org/10.1093/hmg/ddp522
https://doi.org/10.1038/oby.2008.641
https://doi.org/10.1038/oby.2008.641
https://doi.org/10.1046/j.1359-6357.2003.00581.x
https://doi.org/10.1016/S2468-2667(22)00227-4
https://doi.org/10.1016/S2468-2667(22)00227-4
https://doi.org/10.1038/s41591-023-02383-8
https://doi.org/10.1038/s41591-023-02383-8
https://doi.org/10.1016/S2468-2667(23)00217-7
https://doi.org/10.1016/S2468-2667(23)00217-7
https://doi.org/10.1002/bimj.201700067
https://doi.org/10.1111/J.1439-0272.2010.01095.X
https://doi.org/10.1111/J.1439-0272.2010.01095.X
https://doi.org/10.1182/blood-2018-03-842542
https://doi.org/10.1182/blood-2018-03-842542
https://doi.org/10.1016/s0887-7963(98)80001-1
https://doi.org/10.1016/s0887-7963(98)80001-1
https://doi.org/10.1530/eje.0.1300038
https://doi.org/10.1016/0378-5122(95)00969-8
https://doi.org/10.1016/0378-5122(95)00969-8
https://doi.org/10.3389/fendo.2021.585887
https://doi.org/10.3389/fendo.2021.585887
https://doi.org/10.4137/CMC.S17067
https://doi.org/10.4137/CMC.S17067
https://doi.org/10.1152/ajpheart.00723.2018
https://doi.org/10.1152/ajpheart.00723.2018
https://doi.org/10.1016/j.tem.2020.11.005
https://doi.org/10.1016/j.tem.2020.11.005
https://doi.org/10.1016/j.biopha.2020.110680
https://doi.org/10.1074/jbc.M109.091850
https://doi.org/10.1074/jbc.M109.091850
https://doi.org/10.15252/emmm.202114485
https://doi.org/10.15252/emmm.202114485
https://doi.org/10.1111/j.2040-1124.2010.00022.x
https://doi.org/10.1111/j.2040-1124.2010.00022.x
https://doi.org/10.1016/j.clbc.2022.12.009
https://doi.org/10.1016/j.clbc.2022.12.009
https://doi.org/10.1186/s12935-020-01587-z
https://doi.org/10.1186/s12935-020-01587-z

	﻿Associations of 2923 Olink proteins with demographic, lifestyle, environmental and health characteristics in middle-aged Chinese adults
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Study population and design
	﻿Proteomic assays
	﻿Selected baseline characteristics
	﻿Statistical analyses

	﻿Results
	﻿Discussion
	﻿References


