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SUMMARY
Large-scale proteomics studies can refine our understanding of health and disease and enable precision
medicine. Here, we provide a detailed atlas of 2,920 plasma proteins linking to diseases (406 prevalent
and 660 incident) and 986 health-related traits in 53,026 individuals (median follow-up: 14.8 years) from the
UK Biobank, representing the most comprehensive proteome profiles to date. This atlas revealed 168,100
protein-disease associations and 554,488 protein-trait associations. Over 650 proteins were shared among
at least 50 diseases, and over 1,000 showed sex and age heterogeneity. Furthermore, proteins demonstrated
promising potential in disease discrimination (area under the curve [AUC] > 0.80 in 183 diseases). Finally, inte-
grating protein quantitative trait locus data determined 474 causal proteins, providing 37 drug-repurposing
opportunities and 26 promising targets with favorable safety profiles. These results provide an open-access
comprehensive proteome-phenome resource (https://proteome-phenome-atlas.com/) to help elucidate the
biological mechanisms of diseases and accelerate the development of disease biomarkers, prediction
models, and therapeutic targets.
INTRODUCTION

With the population worldwide rapidly growing and aging, the

demand to enhance health and alleviate disease burden is on

the rise.1 The challenges of disease prevention and treatment

include the lack of reliable prediction models of individualized

risk and variation in efficacy and adverse effects of existing

treatments, which emphasizes the importance of precisionmed-

icine.2,3 Currently, the implementation of precision medicine

mainly focuses on identifying genomic underpinnings for human

diseases and has shown initial effectiveness.4–7 However, the

complex and uncertain regulatory processes in the transcription

and translation of genes obstructed the inference of causal

genes, thus limiting mechanistic understanding and drug

development based on genome-to-phenome associations.8–10

Proteins, the ultimate biological effectors for genetic and envi-
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This is an open access article under the CC BY-
ronmental risk of diseases, directly reflect the biological pro-

cesses and the pathophysiological changes in the human

body. Elucidating protein-disease relationships holds the prom-

ise to characterize the biological signatures of different health

states and disease conditions,11,12 facilitating precision medi-

cine with increased convenience and feasibility.

Technological advances in high-throughput proteomics have

provided a remarkable opportunity to systematically interrogate

the protein profiles of health states and diseases, facilitating

mechanistic understanding,13 biomarker identification,14 risk

prediction,15 early detection of adverse drug reactions,16 and

aging.17 Nevertheless, most current proteomics studies have

only focused on limited disease outcomes.18,19 While these

studies revealed some disease-specific proteomic changes,

the lack of a comprehensive human proteome-phenome atlas

also raises many questions. For example, are the associated
nuary 9, 2025 ª 2024 The Authors. Published by Elsevier Inc. 253
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proteins specific or shared among diseases and health-related

traits, and can those proteomic profiles facilitate biological clas-

sification of human diseases? How do those plasma proteins

contribute tominimally invasive assessment and tracking of hun-

dreds of diseases? Are those associated proteins causally

related to diseases, and do those causal proteins hold the poten-

tial to be therapeutic targets? Answering these questions is chal-

lenging, as the complexity of proteomics and phenomics has so

far impeded a profound knowledge of human disease and

health.

Here, we present a comprehensive atlas of proteome-phe-

nome associations (https://proteome-phenome-atlas.com/) by

systematically mapping 2,920 plasma proteins to the presence

and onset of 720 diseases and 986 health-related traits in

53,026 individuals. This atlas provides insights into shared and

characteristic biological mechanisms among diseases. The pro-

teomic profiles, coupled with machine learning, identify useful

biomarkers and prediction models for multiple health conditions

simultaneously. Through integrating protein quantitative trait

locus (pQTL) data, we illustrate the use of the atlas for causal

protein discovery and further drug target prioritization. Our

proteome-phenome atlas furnishes an extensive resource sup-

porting future research in screening, diagnosis, and treatment

of human diseases. The overall analytical workflow is presented

in Figures 1A and S1.

RESULTS

Population characteristics and phenotypes
We included 53,026 participants with an average age of 56.8

years, comprising 53.9% women and 93.7% white individuals

(Table S1). 2,920 proteins that satisfied quality control criteria

were included in the subsequent investigation (Table S2). Two

main categories of phenotypes comprising diseases and

health-related traits were included. Prevalent disease endpoints

were binary outcomes with more than 100 events before and at

blood collection. Incident disease endpoints were organized as

time-to-event data, withmore than 100 events after blood collec-

tion during a median of 14.8 years of follow-up (Tables S3 and
Figure 1. Summary of protein-disease association analysis results

(A) Schematic workflow of analyses. Data on plasma proteins and health-related tr

to UK electronic health records with detailed time of diagnosis spanning befor

sectional data and time-to-event data, respectively, to uncover proteomic profile

sights, utility in prediction and diagnosis, and drug target assessment. Created i

(B and C) Protein-disease associations revealed by (B) logistic regression and (C)

plotted (B, n = 60,942; C, n = 107,158). Filled dots refer to positive associations (h

ENT , ear, nose, and throat.

(D) Top three incident diseases with the largest number of significant associations

have the minimum p value for corresponding disease. CLL_EXALLC, chronic l

(controls excluding all cancers); BLOOD_IMMUNE, diseases of blood, blood-form

disorders of fluid, electrolyte, and acid-base balance; NAS, unspecified; SKIN

TUBULO, renal tubulo-interstitial diseases.

(E) Comparisons of number of significant associations in prevalent and incident

(F) Protein-disease pairs with inconsistent directions in associations with prevale

fidence interval (CI).

(G) Comparisons of number of significant associations in sex (top) and age (bottom

in longitudinal analysis, and the blue font represents that in cross-sectional analy

(H) Protein-disease pairs with inconsistent directions in sex (top) and age (bottom

See also Figure S1.
S4). Health-related traits contained continuous, binary, and or-

dered categorical variables processed by the PEACOK pack-

age20 (Table S5).

In total, we incorporated 406 prevalent disease endpoints, 660

incident disease endpoints, and 986 health-related traits. Preva-

lent diseases were then categorized into 14 chapters, among

which digestive diseases comprise the largest proportion

(17.2%) (Figure S2A). The average number of prevalent disease

cases per chapter varied between 286 and 865, with circulatory

diseases ranking the highest (Figure S2B). Incident diseases

were classified into 13 chapters (Figure S2A). The average num-

ber of incident disease cases per chapter varied between 483

and 1,508, of which circulatory diseases also ranked the highest

(Figure S2B). Traits were classified into 11 chapters according to

UK Biobank (UKB) paths, among which nuclear magnetic reso-

nance (NMR) spectroscopy-derived metabolomic profiles ac-

counted for the greatest proportion, amounting to 25.5% (Fig-

ure S2C). The average sample sizes for traits across chapters

varied from 17,880 to 49,267 (Figure S2D).

Atlas of protein-disease associations
We first sought to understand the relationship between circu-

lating levels of 2,920 proteins and 406 prevalent diseases and

660 incident diseases using logistic regression and Cox propor-

tional hazards regression models, respectively (STAR Methods).

We identified 60,942 protein-prevalent disease pairs that were

significantly correlated at a stringent Bonferroni-corrected

threshold of p < 4.21 3 10�8 (p < 0.05/[2,920*406]) (Figure 1B).

Furthermore, 107,158 significant protein-incident disease asso-

ciations were observed at a Bonferroni-corrected threshold of

p < 2.593 10�8 (p < 0.05/[2,920*660]) (Figure 1C). As expected,

well-established associations, including NTproBNP related to

death due to cardiac causes21 and GDF15 with diabetes,22

were among the most significant protein-prevalent disease as-

sociations. WFDC2 was linked to the risk of incident respiratory

diseases such as influenza and pneumonia, and GDF15 was

linked to certain infectious and blood system diseases, including

implicit sepsis and anemias, validating prior research23–26 and

confirming validity of our approach (Figure 1D). Notably, our
aits were collected at baseline (2006–2010), while data on diseases were linked

e and after baseline. Association analyses were performed based on cross-

s of diverse phenotypes, followed by an in-depth exploration of biological in-

n BioRender (BioRender.com/o97h873).

Cox regression, colored by disease chapter. Only significant associations were

azard ratios [HRs] > 1), while open dots indicate negative associations (HR < 1).

in each disease chapter, colored by disease chapter. The proteins on the bars

ymphocytic leukemia and small lymphocytic leukemia, excluding all cancers

ing organs, and immune system; T2D, type 2 diabetes; FLUIDELECTRO, other

_SUBCUTANEOUS, diseases of the skin and subcutaneous tissue; RENAL-

diseases.

nt and incident diseases, colored by disease. Error bar represents 95% con-

) subgroup analysis. The red font represents number of significant associations

sis.

) subgroup analysis, colored by disease. Error bar represents 95% CI.
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results also unveiled protein-disease associations that have not

been reported before. The top associations were mainly found in

incident genitourinary diseases such as chronic kidney disease,

containing both previously reported protein biomarkers27 and

unreported ones with high hazard ratios (HRs) including NBL1

(HR[95% confidence interval (CI)] = 17.055[15.566–18.686],

p < 1 3 10�300), COLEC12 (HR [95% CI] = 16.320[14.985–

17.774], p < 1 3 10�300), and others. Furthermore, we found

1,977 associations that were protective for both prevalent and

incident diseases (Data S1). Among these proteins, EGFR ex-

hibited the most extensive and significant protective effects, im-

pacting 90 diseases. The largest protective effect was on hyper-

tensive renal disease (odds ratio [OR][95% CI] = 0.020[0.009–

0.044], p = 5.97 3 10�23; HR[95% CI] = 0.166[0.109–0.253],

p = 6.50 3 10�17), supporting the pivotal role of EGFR signaling

in kidney damage28 (Data S1).

We then compared the protein rankings and direction of asso-

ciation between prevalent and incident diseases. Most protein-

disease links were concurrently observed in both analyses (Fig-

ure 1E). We ranked the proteins based on their p values and

calculated the number of diseases in which each protein had a

first-place ranking. Among the top ten proteins with the highest

number of first-place rankings, six were shared between preva-

lent and incident diseases (GDF15, WFDC2, NTproBNP, CHGA,

COL9A1, and IGFBP4), indicating that the important proteins

change both before and after disease onset (Data S1). Further-

more, the majority of protein-disease associations demon-

strated consistent effects between prevalent and incident dis-

eases, while 27 proteins exhibited different effects on prevalent

diseases and incident diseases (Figure 1F). For instance, pa-

tients with prevalent type 2 diabetes (T2D) displayed higher

DSG2, ART3, and KLB levels (OR[95% CI] = 2.415[1.982–

2.943], 1.527[1.313–1.776], and 1.282[1.188–1.384], respec-

tively), while those proteins were identified as protective factors

for incident risk of T2D (HR[95% CI] = 0.586[0.527–0.652], 0.734

[0.676–0.796], and 0.879[0.844–0.915], respectively). As an

example, DSG2, which is involved in cell adhesion and signaling,

may initially protect islet cells and aid insulin secretion, but its

elevated levels as T2D progresses might indicate a compensa-

tory response to insulin resistance (Data S1). Thus, convergent

protein-prevalent and protein-incident disease associations

might highlight an important role across disease stages, whereas

divergent associations provide additional insight into protein

function in disease pathogenesis.

In sensitivity analysis, 80.5% of protein-prevalent disease and

74.9% of protein-incident disease associations remained signif-
Figure 2. Summary of protein-trait association analysis results and ple

(A) Protein-trait associations, colored by trait category. Only significant associat

while open dots indicate negative associations (b < 0).

(B and C) Proportion of shared and specific significant associations in (C) sex an

(D) Shared proteins between ALT and incident T2D. Proteins with top ten p va

transferase; T2D, type 2 diabetes.

(E and F) Shared proteins between (E) urate and gout and (F) creatinine and chro

effect sizes in traits and diseases.

(G) Shared proteins between cognitive function traits and incident dementia subty

one trait.

(H) Shared proteins between mental health traits and incident psychiatric disord

played. The shade of color represents the magnitude of p values.
icant (Bonferroni-corrected to 2,920 proteins at p < 1.713 10�5)

when restricting the controls and further adjusting for comorbid-

ity status for each prevalent and incident disease endpoint

(STAR Methods). Meanwhile, additionally adjusting for age2,

age*sex, age2*sex, and the first 10 genetic principal components

(PCs) resulted in minimal changes in protein-disease associa-

tions, with 99.9%of protein-prevalent disease and 75.8%of pro-

tein-incident disease associations remaining significant. We per-

formed subgroup analyses by sex and age (middle-aged: <60

and elderly: R60 years). More than half of the associations re-

mained significant and exhibited consistent effect directions

with the main analysis. Meanwhile, sex-specific associations

were revealed, with 37,979 and 22,911 found in protein-incident

and protein-prevalent disease associations, respectively (Fig-

ure 1G). The majority of associations maintained consistent di-

rections across subgroups, and only 18 associations exhibited

divergent effect directions in subgroups (Figure 1H).

Atlas of protein-trait associations
We next investigated the associations between proteins and 986

health-related traits. We identified 554,488 significant protein-

trait associations involving 2,707 proteins and 782 traits after

Bonferroni correction (p < 1.71 3 10�8) (Figure 2A). Findings in

the protein-trait association analysis may further support the

identified protein-disease associations. For instance, we found

that GDF15 and CDCP1 exhibited the most significant associa-

tions with cognitive function traits. Notably, GDF15 (b[95%

CI] = 14.464[12.423–16.506], p = 9.32 3 10�44) and CDCP1 (b

[95% CI] = 7.997[6.248–9.745], p = 3.29 3 10�19) were both

risk proteins for reaction time, providing additional evidence of

their positive correlations with neuropsychiatric disorders

observed in the protein-disease association analyses. In the

sensitivity analysis adjusting for more covariates, 99.3% of the

initially identified associations remained significant (STAR

Methods).

In subgroup analysis, over 70% protein-trait associations re-

mained significant. Protein associations with cognitive function

and mental health-related traits presented higher subgroup

specificity (Figures 2B and 2C). The directions of the shared as-

sociations across subgroups were largely consistent, except

for 235 proteins that showed different effect directions by sex

and 164 proteins by age (Data S1). For instance, OXT, a neuro-

peptide involved in social behavior and health,29 showed a pos-

itive effect on testosterone levels in females (b[95% CI] = 0.136

[0.104–0.169], p = 2.72 3 10�16) while negative in males (b[95%

CI] = �0.204[�0.240 to �0.167], p = 8.06 3 10�28).
iotropy among diseases and traits

ions are plotted (n = 554,488). Filled dots refer to positive associations (b > 0),

d (D) age subgroup analysis for traits.

lues or effect sizes in both ALT and T2D were labeled. ALT, alanine amino-

nic kidney disease. The displayed proteins are those with top 30 p values and

pes. The displayed proteins are those significant with at least one disease and

ers. Only proteins associated with more than five diseases or traits were dis-
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The landscape of pleiotropy in protein-phenotype
associations
Considering that the vast majority of proteins exhibited multi-

phenotypic associations, we then focused on pleiotropic proteins

due to their potential as prospective clinical targets.30 There were

434 proteins (26.3%= 434/1,648) linking to over 50 prevalent dis-

easesand649proteins (32.2%=649/2,013) linking toover 50 inci-

dent diseases,whichencompassedwell-studiedoneswith versa-

tile biological functions, such as GDF15, WFDC2, and tumor

necrosis factor (TNF) family (Data S1). GDF15 was associated

with themostdiseases, containing 205prevalent and397 incident

diseases, generally acting as a risk factor except for three incident

diseases (respiratorydiseasesaffecting the interstitium, disorders

of magnesium metabolism, and peripheral artery disease). The

TNF family, whichmainly involves in inflammation and cellular dif-

ferentiation,31 had pronounced pleiotropy among various dis-

eases. For instance, EDA2R, a type III transmembrane protein of

this family, showed associations with incident circulatory system

diseases (n = 54), followed by musculoskeletal (n = 43), digestive

(n = 35), and endocrine (n = 35) systemdiseases. Additionally, this

proteinwas closely linked to infectious diseases, with a p value as

high as 6.923 10�266 for implicit sepsis.

In protein-trait associations, 365 proteins exhibited more than

300 significant associations. Notably, GDF15, similar to its high

ranking with protein-disease pleiotropy, ranked second for pro-

tein-trait associations, boasting a substantial 428 associations.

The majority of its most significant associations were with NMR

metabolomics, especially lipid metabolites. Our observations

were consistent with existing literature that has reported potential

mechanisms by which GDF15 influences appetite, food intake,

and gastric emptying,22 and subsequently affecting lipid meta-

bolism. These results suggested an extensive role of GDF15

involving in the pathogenesis of lipid-related outcomes encom-

passing circulatory, endocrine, and metabolic diseases.32–34

We then investigated whether specific proteins influenced

certain diseases and disease-related traits simultaneously,

focusing on three chapters including metabolic diseases and

NMR metabolomics, dementia and cognitive function, and psy-

chiatric diseases and mental health. We found specific proteins

that exhibited a protective association with the disease aswell as

a favorable effect on the trait. For instance, IGFBP2 was corre-

lated with lower levels of alanine aminotransferase (ALT) (b

[95%CI] =�3.746[�3.909 to�3.583], p < 13 10�300), and lower

risk of T2D (HR[95% CI] = 0.621[0.593–0.650], p = 1.693 10�93)

(Figure 2D). IGFBP2 is a known biomarker of insulin sensitivity35

and was confirmed as a protective protein for T2D in a longitudi-

nal cohort.36,37 Given that elevated levels of ALT have been

genetically linked to an increased risk of T2D,38,39 our observa-

tion revealing IGFBP2’s favorable effect on ALT may further

consolidate its protective role in T2D. Other metabolites and

related diseases were also found to have overlap proteins,

including urate and gout, and creatine and chronic kidney dis-
Figure 3. Biological functions of the disease-associated proteins

(A) The results of Reactome pathway enrichment analysis classified by chapters o

chapter.

(B) Comparison between the results of Gene Ontology (GO) biological process

outcomes met the threshold of false discovery rate (FDR) < 0.05. The shared (to
ease (Figures 2E and 2F). The fluid intelligence score and various

types of dementia shared significant proteins such as NEFL and

GDF15 (Figure 2G), further supporting the close relationships be-

tween these proteins and cognitive function. Mental disorders

like anxiety disorders, depression, and mood disorders, along

with mental health-related traits, also exhibited substantial

protein similarities, including TNFRSF10A, GDF15, IGFBP4,

WFDC2, and others (Figure 2H). Notably, IGFBP4 has been iden-

tified as a blood biomarker of mood disorders,40 corroborating

our findings.

Biological function of the disease-associated proteins
To refine our understanding of how the identified proteins partic-

ipate in human diseases, we conducted a series of functional

enrichment analyses of the identified proteins. Among the 660

incident diseases, 539 showed significant enrichment in at least

one Reactome pathway, and the specific enriched pathways for

each disease can be found on our website. Pathways related to

the immune system were mostly enriched across human dis-

eases, especially in the infectious and parasitic diseases and

diseases of the blood and blood-forming organs, circulatory sys-

tem, and respiratory system (Figure 3A). Specifically, the binding

of TNFs to their physiological receptors was the most frequent

pathways related to the immune system that participated in

over half of diseases across various systems except for the ner-

vous system. This is consistent with the broad pleiotropy of TNF

family member proteins found in our protein-prevalent disease

and protein-incident disease associations, emphasizing the

important role of inflammation in human health. Pathways

related to metabolism of proteins, including post-translational

phosphorylation and regulation of insulin-like growth factor,

were also enriched in a considerable proportion of diseases.

Comparison of biological pathways between different dis-

eases refined our understanding of similarities and heterogeneity

in disease pathophysiology. For example, we found that proteins

related to Alzheimer’s disease (AD) and vascular dementia (VaD)

were enriched in shared pathways related to the nervous system,

which included synapse maturation, neuron projection regener-

ation, intermediate filament organization, positive regulation of

Schwan cell proliferation, and regulation of axon diameter (Fig-

ure 3B). Meanwhile, AD-specific pathways were mostly related

to lipid metabolism, including regulation of lipid transport across

the blood-brain barrier and intermediate-density lipoprotein par-

ticle clearance, while VaD-specific pathwayswere related to car-

diac muscle, including the adenylate cyclase-activating adren-

ergic receptor signaling pathway and positive regulation of

relaxation of cardiac muscle.

Disease clusters with characteristic biological features
We applied hierarchical clustering based on magnitudes of pro-

tein-disease associations (i.e., HRs) and grouped the 660 dis-

eases into 40 clusters (Table S6). As expected, diseases with
f incident diseases, colored by the frequency of the item ranking top ten in each

(BP) enrichment of proteins related to dementia in AD and VaD. All of these

p) and specific (bottom) pathways are displayed.
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Figure 4. Characteristic biological features of 40 disease clusters and selected examples

(A) Proteomic classification of 660 diseases into 40 clusters. The heatmap shows the enrichment of GO BP gene sets in disease clusters detected by gene set

enrichment analysis. Color of heatmap indicates the mean value of pathway scores for diseases in this cluster. Asterisk* depicts pathways differently regulated

between one cluster and others (FDR < 0.01).

(B–D) Examples of clusters 1, 39, and 30 show the disease composition, multimorbidity situation, proteins associated with multimorbidity in this cluster, and a

cluster’s specific characteristic pathways in (A). The text in the upper left corner records the specific diseases included in this cluster. The volcano plot

shows the multimorbidity-associated proteins, which were detected by ordinal regression with the number of incident diseases in this cluster as outcome.

(legend continued on next page)
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similarities were grouped and exhibited characteristic biological

features (Figure 4A). For example, cluster 1 included fibrosis

and cirrhosis of liver and its complications, such as portal hyper-

tension and esophageal varices (Figure 4B). These disorders

were primarily enriched in protein modification by small

protein removal, alcohol metabolism, and pathways involving

the nervous system and cell morphogenesis, suggesting

the potential mechanisms including deubiquitination,41 alcohol

consumption,42 and epithelial-mesenchymal transition43 and its

impact on the nervous system.44 Cluster 39, comprising of sub-

types of non-Hodgkin lymphoma, was characterized by path-

ways including B cell activation (Figure 4C). Cluster 32, which

mainly included neurological complications resulting from dia-

betes (Table S6), shows a substantial impact on pathways

involving the nervous system (Data S1).

Clusters 10, 11, and 12 were distinct from others, as most

pathways were downregulated, especially in cell cycle, cellular

component organization, metabolic processes, localization,

signaling, and autophagy. These pathways were associated

with diseases in these clusters, like neurodegenerative dis-

eases,45–47 aortic aneurysm,48 and obesity.49,50 Intriguingly,

cluster 11, including carcinoma in situ of the breast and other dis-

eases common in women, showed downregulated pathways,

which may indicate gene expression being reversed at different

disease stages,51 and further research is needed to elucidate the

mechanisms.

Pathways involving immune system, cell development,

response to stimulus, and cell activation exhibited consistent

changes across most clusters (Figure 4A), which might be acti-

vated in most disorders.52–60 Despite the consistent directional

changes, different magnitudes of pathway scores among clus-

ters imply cluster specificity. It is noteworthy that Figure 4A

emphasized pathway significance through inter-cluster compar-

isons. Certain pathways, if consistent across most diseases,

were not highlighted, even if they might be upregulated in spe-

cific diseases.

Intriguingly, 60% of clusters contained diseases from more

than one disease category. Taking cluster 30 as an example

(Figure 4D), it included diseases from the blood and blood-

forming system, nervous system, respiratory system, musculo-

skeletal system, and connective tissue. Its characteristic

pathways included protein transport, cell cycle processes, small

GTP hydrolase (GTPase)-mediated signal transduction, cata-

bolic processes, autophagy, and amide biosynthetic processes.

This provides preliminary biological insights for re-understand-

ing disease classification from biological profiles.

We calculated the multimorbidity status of each cluster, that

was, the number of incident diseases in each cluster for each in-

dividual (STAR Methods). Then, ordinal regression models were

applied to investigate the proteins associated with multimorbid-

ity level (Table S7). For 36 clusters, more than half of proteins

associated with multimorbidity level also significantly correlated

with at least one disease within the cluster in the longitudinal
Bonferroni-adjustment (0.05/[2,920 proteins*40 clusters]) was applied. The circ

occurring diseases during follow-up, reflecting the multimorbidity situation of dise

between this cluster and others, which were adapted from (A).

See also Tables S6 and S7.
analysis. This reflects the similar biological characteristics of dis-

eases within the cluster from a population perspective and high-

lights the importance of the shared proteins.

Proteins contribute to disease diagnosis and prediction
By modeling the disease risk for each endpoint, we investigated

the diagnostic and predictive value of proteins, demographics,

and their integration (Tables S8 and S9). For disease prediction,

the protein-based model demonstrated good areas under the

curve (AUCs) exceeding 0.80 for 92 diseases (13.9% = 92/660)

across 13 disease categories, with most found in endocrine

and metabolic (n = 18 out of 42) and circulatory (n = 17 out of

65) diseases (Figure 5A). Of particular note, the protein-based

model yielded excellent predictions (AUCs > 0.9) for 9 diseases,

e.g., T2D with peripheral circulatory complications (AUC = 0.974

[0.963–0.982]), hypertensive renal disease (AUC = 0.951[0.934–

0.967]), chronic nephritic syndrome (AUC = 0.925[0.899–

0.946]), dialysis (AUC = 0.923[0.894–0.950]), and background

diabetic retinopathy (AUC = 0.919[0.905–0.933]) (Table S8).

The protein-based model showed significantly better accuracies

than the demographic model in predicting 361 (54.7% = 361/

660) specific diseases. Particularly in the prediction for

diabetic nephropathy, coeliac disease, and hyperparathyroid-

ism, the protein-based model (AUCs: 0.829�0.885) demon-

strated remarkable superiority over the demographic-based

model (AUCs: 0.541�0.616) but performed comparably to the

model integrating both proteins and demographics (AUCs:

0.829�0.887, pDelong test > 0.05). When predicting diseases like

constipation and diaphragmatic hernia, the protein-based

model performed significantly better than the demographic

model (pDelong test < 1 3 10�4), although the AUC improvement

(z0.02) was modest. Furthermore, adding plasma proteins to

demographics substantially improved the predictive accuracies

for 417 (63.2%) diseases with pDelong test < 0.05 against demo-

graphic-based models (Table S8).

For disease diagnosis, the protein-based model showcased

high AUCs surpassing 0.80 for 124 (30.5% = 124/406) diseases

across 14 disease categories, with diseases of circulatory (n = 26

out of 37) and endocrine and metabolic (n = 12 out of 15) consis-

tently showing good performance for disease diagnosis. In addi-

tion, the protein-based model achieved excellent AUCs

beyond 0.9 for the diagnosis of 36 diseases, especially in type

1 diabetes (T1D), diabetic maculopathy, chronic kidney disease,

T2D, hypertensive renal disease, myocardial infarction, and

background diabetic retinopathy (AUCs: 0.952�0.975) (Fig-

ure 5B). These results underscored the superior discriminative

performance of the protein-based model when compared with

the demographic-based model (AUCs in demographic-based

models: 0.684�0.840, pDelong test=8.94 3 10�90�8.95 3 10�15)

(Table S9). Regarding the diagnosis of diseases like nerve, nerve

root and plexus disorders, genitourinary diseases, and soft tis-

sue disorders, the protein-based model performed significantly

better than the demographic model (pDelong test < 1 3 10�3),
ular plot shows the proportion of individuals with different numbers of co-

ases in this cluster. The bar plot shows pathways that are significantly different
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Figure 5. Contribution of proteins to disease prediction and diagnosis

(A and B) The discriminative performances of proteins in (A) prediction and (B) diagnosis (quantified by AUCs) based on three models: protein, demographic, and

protein + demographic. Error bars represent the min-max, box ranges represent SD, and hollow circles represent mean values. Diseases with any AUCs < 0.5

derived from protein-only, demographic-only, or integrated models were excluded from the plot as they were considered uninformative. Specifically, 45 and 24

diseases were excluded for (A) (prediction) and (B) (diagnosis), respectively. AUC, area under the curve.

(C and D) Stacked bar chart of protein roles in (C) predicting and (D) diagnosing diseases, colored by disease chapter. Numbers above the bars represent the

number of diseases in which the importance of this protein ranked first.

See also Tables S8 and S9.
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although the AUC improvement (z0.03) was modest. Further-

more, the protein-based model outperformed the demographic

model in diagnosing 218 (53.7% = 218/406) specific diseases

(pDelong test < 0.05). Upon integrating plasma proteins into the

demographic models, a notable enhancement in diagnostic

accuracy was observed across 253 (62.3%) diseases with

pDelong test < 0.05 (Table S9).

For prediction and diagnosis, the added value of demo-

graphics on top of proteomics was not significant for 305

(46.2% = 305/660) and 185 (45.6% = 185/406) diseases respec-

tively, such as interstitial lung disease, coeliac disease, and idio-

pathic pulmonary fibrosis. This suggests that substantial parts of

the discriminatory information on demographicsmight be shared

with proteomic data.61 In addition, the demographic- and pro-

tein-based models exhibited poor performance (AUC < 0.5) in

a small number of diseases (<5%) like benign neoplasms and

diseases of sense organs, skin, and subcutaneous tissues

(Data S1).

We calculated the importance of the plasma proteins in pre-

dicting and diagnosing diseases (Tables S8 and S9). This facili-

tated the identification of key discriminators (top 30) associated

with each condition. The protein GDF15 attracted our attention

due to its pivotal role in both predicting and diagnosing multiple

diseases. Specifically, GDF15 stood out as the predictive protein

with the highest ranking (top 1) among the largest number of dis-

eases (n = 200). Following GDF15 were EDA2R, NTproBNP,

COL9A1, and NEFL, each claiming the top position in 21, 19,

15, and 14 diseases, respectively (Figure 5C). As for disease

diagnosis, GDF15 also emerged as the top-ranked protein

across the largest number of diseases (n = 40), followed by

PAEP, CHGA, REN, and COL9A1, which secured the top posi-

tion among 27, 20, 20, and 15 diseases, respectively (Figure 5D).

In addition, among the top ten proteins with the highest number

of first-place rankings, five (i.e., GDF15, WFDC2, NTproBNP,

EDA2R, and PAEP) overlapped between diagnosis and predic-

tion models, emphasizing their favorable discriminative perfor-

mance in both diagnosing and predicting diseases. Interestingly,

six proteins (i.e., GDF15, WFDC2, NTproBNP, NEFL, COL9A1,

and GFAP) among the top ten proteins in prediction models

were also ranked at the top ten in protein-incident disease ana-

lyses, indicating consistency in the identification of disease bio-

markers of Cox models and machine learning approaches.

Potential causal proteins of diseases
Taking advantage of extensive genetic information in UKB, we

investigated whether the proteins associated with prevalent

and incident diseases played causal roles in disease processes

or were a consequence of a disease, clarifying which can

contribute to the understanding of disease pathogenesis and

the establishment of potential drug targets. Mendelian random-
Figure 6. Summary of potential causal and consequential proteins

(A) Stacked bar chart of potential causal proteins, colored by disease chapter. Nu

(B–D) Significant results of the MR analysis for (B) GDF15 and autoimmune diseas

colored by disease chapter. Data are all represented as OR ± 95% CI.

(E) Stacked bar chart of proteins that can be a consequence of certain diseases

(F–H) Significant results of the MR analysis for diseases and (F) PLAUR, (G) EDA
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ization (MR) analysis was conducted for the significant protein-

disease associations using pQTL data and genome-wide associ-

ation study (GWAS) summary data of diseases. In cis-MR

analysis using cis pQTL as ‘‘exposure’’ and disease GWAS as

‘‘outcome,’’ 178 protein-prevalent disease and 185 protein-inci-

dent disease pairs demonstrated potential causal relationships

that attained an FDR-corrected p value less than 0.05 (equal to

p < 1.63 3 10�4 and p < 9.55 3 10�5, respectively). The trans-

MR analysis also identified 198 and 199 potential causal pairs

from protein-prevalent disease and protein-incident disease as-

sociations, respectively. After excluding redundant pairs and

pairs that were also significant in reverse MR (STAR Methods),

we determined 474 unique potential causal protein-disease

pairs, among which seven proteins showed ten or more potential

causal pairs, including SEMA3F (n = 15), SERPINF1 (n = 14), and

PCSK9 (n = 12) (Figure 6A).

These results provided causal evidence for the established

protein-disease associations and found relevant genetic vari-

ants. For instance, GDF15, the protein with pleiotropic effects,

was causally associated with several autoimmune diseases,

including ulcerative colitis and rheumatoid arthritis (Figure 6B).

An autoimmune pleiotropic SNP, rs4728142,62 was associated

in trans with higher plasma levels of GDF15, supporting the

hypothesis that GDF15 may contribute to the pathogenesis of

autoimmune diseases, extending our prior epidemiological evi-

dence.63 In addition, the majority (52.7% = 250/474) of causal

proteins were identified in diseases of the circulatory system

and endocrine and metabolic diseases, with hypertension

ranking at the top (n = 20) (Figure 6C). Protein FURIN showed

the most significant association with hypertension (OR = 1.438,

95% CI = [1.347–1.536], p = 1.57 3 10�27), followed by angina

pectoris, coronary heart diseases, and ischemic heart diseases

(Figure 6D), which was in line with recent findings on the role of

FURIN in cardiovascular diseases.64 Full results of MR analyses

are available on our website.

In addition to offering clues for pathogenesis of diseases

through investigation of potentially causal associations, we iden-

tified 4,014 disease-protein pairs where protein changes were

possibly a consequence of certain diseases (Figure 6E). The

higher plasma level of PLAUR was found to be associated with

18 diseases across six systems (Figure 6F), among which seven

were liver diseases such as fibrosis and cirrhosis of the liver. Dur-

ing the progression of liver fibrosis, PLAUR, the urokinase plas-

minogen activator surface receptor, engages in the inflammatory

response, vascular homeostasis, and immune regulation,65

which is also reflected by the significant associations between

plasma PLAUR levels and leukocyte count (b = 0.103, p < 1 3

10�300) and CRP (b = 0.073, p < 1 3 10�300) in our study. Inter-

estingly, we found that EDA2R and GDF15 might also be a

consequence of diseases including liver cirrhosis, chronic
mbers above the bars represent the number of causally associated diseases.

es, (C) proteins and hypertension, and (D) FURIN and cardiovascular diseases,

, colored by disease chapter.

2R, and (H) GDF15. Data are all represented as OR ± 95% CI.
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Figure 7. Drug target validation, repositioning, and identification

(A) Enrichment of proteins with the druggable genome. Data are all represented as OR ± 95% CI in the Fisher’s exact test.

(B) Comparison of the cis-MR findings with information on target-indication pairs in DrugBank and Therapeutic Target Database. The left panel is the pairs

identified from the cis-MR for the significant protein-prevalent disease associations, while the right panel is that for protein-incident disease associations. The

numbers above the bars represent the number of validated, repurposing, and unestablished pairs that belonged to each category. The unestablished pairs are

pairs in which proteins do not have established drugs. The content in the left box is an example of a validated protein-disease pair and the drug that targets this

protein, while the content in the right box is an example of a repurposing pair.

(C) The safety, causality, and druggability of potential targets. The box lists examples of druggable protein-disease pairs with safety = 1, showing five examples

with the strongest positive and negative causality as indicated by odds ratios.

See also Table S10.
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obstructive pulmonary disease (COPD), and chronic kidney dis-

ease (Figures 6G and 6H), reflecting the pathology in certain

organs.66

Drug target validation and repositioning
Given that plasma proteins are the major source of drug targets,

we sought to mine our identified disease-associated proteins for

promising targets in future drug development. Among the 1,648

prevalent disease-associated and 2,013 incident disease-asso-

ciated proteins, 1,029 (62.4%) and 1,124 (55.8%) overlapped

with the druggable genome reported by Finan and colleagues,67

respectively. Moreover, the set of genes encoding these dis-

ease-associated proteins was enriched for druggable genes

(ORs of 1.74 for prevalent diseases and 1.32 for incident

diseases). In Figure 7A, we showed the enrichment results of

disease-associated proteins classified according to disease
category. The considerable overlap between these disease-

associated proteins and druggable genes (especially for tier 1,

which included efficacy targets of approved small molecules

and biotherapeutic drugs as well as clinical-phase drug candi-

dates) suggested the substantial potential for translating our

findings into therapeutic opportunities of various diseases.67

Previous studies have highlighted the opportunities of using

genetics for drug development and repositioning.68,69 Therefore,

we further compared those with causal evidence from cis-MR

analysis to target-indication pairs in two drug databases, namely

DrugBank70 and Therapeutic Target Database.71 Of 171 protein-

prevalent disease pairs and 170 protein-incident disease pairs

with causal evidence, 32% (54 pairs) and 22.4% (38 pairs)

had approved or clinical trial drugs, respectively (Figure 7B;

Table S10). For example, dozens of drugs (e.g., captopril, ena-

laprilat, and fosinopril) targeting ACE have been approved to
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treat hypertension. In addition, we discovered 37 repurposing

opportunities for 25 established drug targets, such as BSG for

depression.

Safety is also a key aspect of target assessment and drug

development.72 Using an open-access database (AD Knowl-

edge Portal73,74), we evaluated the safety of 123 potential targets

prioritized by cis-MR analysis. Ten targets (e.g., EPHA2) have the

lowest risk (with drug in phase IV trial; safety scale of 1). Six tar-

gets (e.g., MMP12) have lower risk (no major issues found from

gene expression or genetic or pharmacological profiling, but

they have not been extensively tested in humans; safety scale

of 2). Twenty-six targets (e.g., SEMA3F) have potential risks

(with two or fewer of high off-target gene expression, cancer

driver, essential gene, associated deleterious genetic disorder,

human phenotype ontology [HPO] phenotype associated gene,

or black box warning on clinically used drug; safety scale of 3).

Seventy-six targets (e.g., BSG) have probable risks (with more

than two of high off-target gene expression, cancer driver,

essential gene, associated deleterious genetic disorder, HPO

phenotype associated gene, or black box warning on clinically

used drug; safety scale of 4). Five targets (e.g., F10) are poten-

tially unsafe in humans (with on-target adverse drug reactions

and withdrawn drug; safety scale of 5) (Figure 7C; Table S10).

Notably, our cis-MR findings prioritized 26 unestablished poten-

tial therapeutic targets with favorable safety profiles (safety scale

% 3) for future drug development.

Interactive webtool enables in-depth exploration of
proteome-phenome atlas
To facilitate in-depth exploration of detailed results in this study,

we developed an interactive webtool that provides effortless ac-

cess to all summary statistics. Structured into four distinct sec-

tions, the webtool covers epidemiological associations (associ-

ation analysis between proteins with diseases and traits),

biomedical insights (enrichment analysis), diagnosis and predic-

tion (discriminative analysis), and genomic associations (MR

analysis). The web tool offers a comprehensive resource for

future research on the role of proteins in the pathogenesis,

screening, diagnosis, and treatment of human diseases, which

can be accessed at https://proteome-phenome-atlas.com/ un-

der the CCBY-NC-ND 4.0 license (for non-commercial use

only). We provide selected examples to further highlight the sci-

entific opportunities arising from this resource in Data S1. In

particular, we identified that (1) BSG is likely involved in the up-

stream mechanisms leading to depression supported by causal

evidence and the existing anti-BSG antibody, named meplazu-

mab, can facilitate the timely execution of foundational experi-

ments to validate this finding; and (2) the importance of proteins

including GDF15 and EDA2R in diagnosing and predicting

comprehensive human diseases.

DISCUSSION

The role of proteomics in categorizing and predicting health and

disease represents an effective and rich biologically relevant

resource to implement precision medicine. Existing studies

have previously been limited to individual diseases. Here, we

have performed the largest plasma proteomics investigation on
266 Cell 188, 253–271, January 9, 2025
a comprehensive collection of health and disease phenotypes

in 53,026 individuals, revealing a total of 168,100 protein-disease

associations and 554,488 protein-trait associations. Critically,

the capacity for disease diagnosis and prediction models based

on plasma proteins showcased markedly superior or compara-

ble performance compared with established demographic vari-

ables across about 70% of disease endpoints. In addition, by

combining pQTL data, we determined 474 potential causal pro-

teins that overlapped with the druggable genome, thus providing

promising therapeutic targets and extended applications for ex-

isting drugs. Our findings are publicly available, which we expect

will help guide the development of future clinical diagnosis, pre-

diction, and intervention strategies.

While previous studies have explored the phenotypic conse-

quences of proteins, they have mainly been limited in scale,

focusing on individual diseases and genetic associations.12,75,76

This study is distinguished by a systematic integration of the

comprehensive health and disease profiles and an in-depth

investigation on disease discrimination performance capacity,

causality, and the potential for therapeutic application of the

identified proteins. Furthermore, the traditional disease classifi-

cation strategy usually depends on similar clinical symptoms

and phenotypic traits, overlooking the shared molecular etiol-

ogy.77 Through clustering diseases based on their proteomic

profiles, we contribute to a reexamination of the boundaries

and subtypes of disorders by anchoring the convergence of dis-

eases in their shared biological properties. Connecting biologi-

cally related diseases could help explain why seemingly unre-

lated symptoms occur simultaneously in patients and further

aid in mechanistic understanding and effective therapeutics.76

By implementing an analytical approach that incorporates

comprehensive health-related phenotypes and assessing their

associations with plasma protein levels uniformly, proteins ex-

hibiting multiple significant associations were identified. Key

proteins identified include those with broad hazardous effects

like GDF15 and with protective effects such as EGFR. These

findings shedmechanistic light by anchoring on potential shared

biological pathways explaining common comorbid presenta-

tions and overlaps between disease phenotypes. More impor-

tantly, these proteins hold the opportunity to become ideal

markers of systemic health status and common therapeutic tar-

gets for multi-disease. Moreover, we demonstrated that the

shared associations were minimally confounded by comorbidity

status, which remained largely significant in the sensitive anal-

ysis systematically correcting comorbidity status and restricting

participants with comorbidities. Furthermore, the heterogeneity

of protein effects merits additional focus. For instance, we

show that protein DSG2 exhibited opposite directions of impact

on prevalent and incident T2D. Very little is known about the pre-

cise biological mechanisms of these proteins, while our findings

suggest potentially divergent roles during disease pathogenesis.

Our deep ‘‘omics’’ profiling of multi-disease outcomes sug-

gests the promising diagnostic and predictive capabilities of

plasma proteomics across a spectrum of diseases. Herein we

highlight the potential for a real-world application of proteomics.

Blood proteomics, which can be obtained through a single blood

sample, shows potential both as a diagnostic supportive tool and

in refining multi-disease risk estimation. Enhanced prediction

https://proteome-phenome-atlas.com/
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and diagnosis, even sometimes by a modest improvement, can

lead to earlier disease detection, better patient stratification, and

more effective personalized treatment plans, thus contributing to

better health outcomes and more efficient healthcare delivery.

Leveraging proteomic profiling as a single-domain and readily

accessible assay is not only clinically relevant but further allows

a more holistic mechanistic understanding of human disease

susceptibility.61 This not only streamlines diagnostic procedures

but also opens promising avenues for proactive disease preven-

tion and personalized interventions.

A major challenge of observational studies investigating dis-

ease-associated proteins is identifying the causal proteins that

can motivate therapeutic target discovery. To achieve this, we

integrated pQTL and disease GWAS data to perform prote-

ome-by-phenome MR, which offers a data-driven approach to

drug discovery using population-level data.78,79 Using pQTLs

as genetic instruments for thousands of proteins, we evaluated

the potential effects of modifying protein levels on hundreds of

disease phenotypes and quantified the strength of evidence for

causation. Our cis-MR findings showed a partial consistency

with established target-indication pairs in two drug databases,

such as ACE for hypertension, confirming the idea that geneti-

cally supported targets are more likely to be successful in

drug development.69 Moreover, the discovery of unestablished

target-disease associations suggests potential drug repurpos-

ing opportunities. For example, we observed an association be-

tween depression and BSG, a protein that has been a clinical

trial target for the treatment of liver cancer and graft-versus-

host disease. Furthermore, in addition to validating the potential

for repurposing known targets, our findings also offered insights

into identifying promising and safe therapeutic targets (e.g.,

FCRLB, IFNLR1, and SEPTIN8), whichmay provide directive sig-

nificance for future drug development.

Our proteomics atlas holds several future directions. While

we have unveiled the detailed protein-disease and protein-

trait associations, initiating basic experiments in animals or

humans is warranted to explore the specific mechanisms by

which proteomics and diseases are linked. This research rep-

resents one of the largest proteome-phenome studies to date.

As the population biobanks containing comprehensive spec-

trum of health data keep mounting, we aspire to validate our

findings such as the pleiotropy of EDA2R from large prospec-

tive external cohorts, especially more diverse biobanks.

Meanwhile, it is anticipated to obtain far more biological infor-

mation by expanding proteomic coverage to encompass cell

and organ-specific splice isoforms and posttranslational mod-

ifications. Moreover, the drug targets supported by genetic

evidence, such as BSG for depression, carry a superior likeli-

hood of success,80 which potentially constitutes an attractive

source for drug discovery programs. Surveillance of patients

for markers in the future may help to monitor the efficacy of

drug interventions and guide individualized treatments.

Finally, reforming the taxonomy of human diseases based

on biological molecular signatures is paramount for patient

enrollment in future clinical trials and for the implementation

of precision medicine.77

In summary, our study symbolizes major strides toward

achieving a comprehensive understanding of the plasma prote-
omic atlas for human health and disease, with clinically action-

able insights to integrate the advantages of the proteome across

disease diagnosis, prediction, and treatment. Moving forward,

the research community will benefit from this open-access pro-

teomics atlas to allow a deeper understanding of disease patho-

genesis and promote the effective development of biomarkers,

predictive models, and therapeutic targets.
Limitations of the study
Several limitations of this study should be acknowledged. First,

our current findings rely on proteomic data from plasma sam-

ples. Although more than 2,000 proteins enter the bloodstream

through secretion, cell damage, or cell death, which could inform

organ aging status9 and health and disease status of different or-

gans,17,75 assessing the role of protein levels from diseased tis-

suemay providemore insight into disease pathogenesis. Further

combination with large-scale proteomic data from other tissues

will be able to reveal the effects of tissue-enriched or tissue-spe-

cific proteins on relevant diseases and traits. Second, the co-

morbidities might confound the results of protein-disease asso-

ciations.81 However, such comorbidities are common and often

difficult to eliminate in population-based studies, particularly in

multi-disease analyses.20,61,80,82,83 Sensitivity analysis was per-

formed on each disease with rigorous quality controls, which

suggested that most associations remained significant, demon-

strating the robustness of the current analytical approach. Third,

we performed GWAS of 75 diseases (for which no summary sta-

tistics were provided by the FinnGen study) using UKB subjects

without proteomic data. These MR findings need to be validated

by using disease GWAS from other sources in future research.

Furthermore, since prevalent disease information may be

collected before baseline protein data, causal effects from the

two-sample MR analysis should be interpreted cautiously.

Finally, the individuals included in this study were predominantly

white Europeans. The insufficient sample size of other ancestries

in the UKB limits the power of extending the current discoveries

to the whole populations, emphasizing the necessity of further

proteomic studies in large-scale non-European ancestral

cohorts.
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(jianfeng64@gmail.com).

Materials availability
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Data and code availability

d All results of protein-disease associations, protein-trait associations, en-

riched biological pathways, prediction and diagnosis performance, and

genetic associations have been deposited through an interactive portal

(https://proteome-phenome-atlas.com/) and are publicly available as

the date of publication. UKB data are publicly available to bona fide re-

searchers upon application at http://www.ukbiobank.ac.uk/using-the-

resource/. The main data used in this study were accessed from the

UKB (https://biobank.ndph.ox.ac.uk/) under application numbers
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able, as listed in the key resources table. The analysis code of this study
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Other

code This paper https://github.com/jasonHKU0907/
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Data assessed in this study were extracted from the UKB, a population-based cohort of around 500,000 participants aged 40–69

years at baseline. The participants were enrolled from 2006 to 2010 in 22 recruitment centers across the UK. The UKBiobank Pharma

Proteomics Project (UKB-PPP) conducted blood-based proteomic profiling in a randomized subset of UKB participants. In this

study, individuals missing over 20% of proteomics data were excluded, resulting in a final sample of 53,026 participants who had

a median follow-up of 14.8 years until November 2023. The study was conducted following the Declaration of Helsinki, and all study

participants provided informed consent. Demographic characteristics are shown in detail in Table S1.

METHOD DETAILS

Disease definition
The diagnosis data in the UKBwere linked to UK electronic health records, and disease were ascertained and classified according to

the International Classification of Diseases (ICD)-10 codes (Tables S3 and S4). These codes were extracted from hospital inpatient

records (category 2000, fields 41270 and 41280). Prevalent and incident diseases were respectively defined as events that occurred

before and after the date of participants’ baseline visits, the same time that blood samples and other clinical information were

collected. The incident disease outcomes are processed as time-to-event data. Participants with a prevalent event of a disease

were excluded from the analysis for that incident disease. Participants’ follow-up period commenced on the date of their initial visit

and concluded upon the earliest occurrence of disease diagnosis, death, or the final available date from hospital inpatient records

(November 2023), whichever occurred first.

We utilized the FinnGen disease endpoints code (https://www.finngen.fi/) and adhered strictly to FinnGen’s guidelines for quality

control (QC). This included pre-defined conditions based on sex or age, as well as control exclusions for particular diseases. Detailed

QC criteria can be found in Tables S3 and S4. Notably, several diseases originally coded with two decimal places were rounded to

one decimal due to the availability of only one decimal in the ICD-10 codes provided by UKB. In our analysis of incident events, in-

dividuals diagnosed with the disease prior to the baseline were excluded, while for prevalent events, those diagnosed during follow-

up were similarly excluded. For each disease, controls were defined for the rest of participants without that disease. Furthermore, we

excluded endpoints with fewer than 100 cases, resulting in a total of 660 incident and 406 prevalent disease endpoints for the study

population with proteomic data available.

Health-related trait
The UKB resource includes physical measures such as eye and body composition measures, questionnaire data about diet, physical

activities, lifestyle, living environment and health status, as well as blood and urine assays. Although these are not disease endpoints
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based on hospital inpatient records, they are closely related to human health status by reflecting disease incidence and progression,

being risk factors for diseases, and others. To process these trait phenotypes, we parsed the UKB data of traits collected at baseline

with codes basically from PEACOK (https://github.com/astrazeneca-cgr-publications/PEACOK) R package,20 a updated version of

the PHESANT package.86 Variables algorithmically defined by UKB were ultimately categorized into one of the three data types:

continuous, categorical, and binary. The utilized parameters for each type of variable are provided in the Data S2.

After merging with participants with protein data, variables with sample sizes less than 10,000 were excluded. A minimum of 50

cases or controls were required for a binary trait to be studied. In total, we studied 453 continuous traits, 331 ordered categorical

traits, and 202 binary traits. To allow for more delineated chapter-based analyses, each trait has been assigned to its corresponding

secondary or tertiary UKB path manually. Chapter mappings for each trait are shown in Table S5.

Proteomics
The UKB-PPP consortium conducted the generation of blood-based proteomic data. Blood samples were collected in EDTA vacu-

tainers, and promptly centrifuged at 2500g for 10 minutes at 4�C to separate the plasma. The plasma samples were preserved at

-80�C before being transported on dry ice to Olink Analytical Services in Sweden. Subsequently, samples underwent quantification

of 2,923 unique proteins, utilizing the Olink Explore� Proximity Extension Assay and next-generation sequencing.87 Stringent quality

control (see details in biobank.ndph.ox.ac.uk/ukb/ukb/docs/PPP_Phase_1_QC_dataset_companion_doc.pdf) was implemented to

ensure themeasurement of proteins across four panels encompassing cardiometabolic, inflammation, neurology, and oncology pro-

teins. To control for batch effects and technical variabilities and to enhance the accuracy of measuring low-abundance proteins,

Normalized Protein eXpression (NPX) values transforming from raw protein values were utilized, following previous practice88–90

and the suggestions of Olinkmanufacturer.87 Further details regarding sample selection, processing, and quality control are provided

in previous publications.90,91 In our study, we included a collective of 2,920 proteins after excluding those with missing data of over

50%. A list of all proteins included in this study can be found in Table S2.

Covariates
Within this study, covariates were selected on the basis of (1) demographic variables, including age, sex, ethnicity (classified as

White, Asian, Black, andmixed and others), and Townsend deprivation index (TDI); and (2) potential factors associated with themea-

surement of plasma proteins, including time fasted at blood collection, season of sample collection (classified as summer/autumn

and winter/spring), sample age (time from sampling to protein measurement), body mass index (BMI), and smoking status (classified

as never, former, and current). The median values were employed to impute covariates with missing values in smoking status,

ethnicity, TDI, time fasted at blood collection, and BMI.

Statistical analysis
The analytical methods used in this paper are elaborated in detail in the next section. Corresponding code can be found in the key

resources table.

QUANTIFICATION AND STATISTICAL ANALYSIS

Associations of proteins with diseases
Cross-sectional analysis was performed for prevalent diseases using logistic regression models, adjusting for the covariates listed

above. The logistic regression models were performed utilizing the statsmodels (v0.13.1) in a Python environment (v3.9.16). The sig-

nificant associations were defined by the ones that passed a stringent Bonferroni correction (p < 0.05/[2,920*406]). For incident dis-

eases, we applied a longitudinal study design, using Cox proportional hazardsmodels with the same covariate adjustments to inves-

tigate the relationship between baseline plasma protein levels and risks of incident diseases. The longitudinal data for incident

diseases refer to disease diagnosis data that are collected from baseline to the end of follow-up, which is processed as time-to-event

data as described in ‘Disease definition’. We then applied a stringent Bonferroni correction (p < 0.05/[2,920*660]) to evaluate signif-

icant associations for each outcome. The p values and directions of odds ratios (ORs) and hazard ratios (HRs) for the significant as-

sociations are displayed in Figures 1B and 1C. The specific p values, ORs, HRs, confidence intervals (CIs), and sample sizes can be

found in our website. The Cox proportional hazards models were executed using the "CoxFitter" function provided by the lifelines

(v0.27.4) and were implemented within a Python environment (v3.9.16).

Associations of proteins with traits
Diverse regression models were utilized according to the variable type of health-related traits. A linear regression model was lever-

aged for the analysis of continuous traits. A logistic regressionmodel was used for binary traits. The proportional odds logistic regres-

sion model was employed for ordered categorical traits. Importantly, all regression models were adjusted with the covariates

mentioned above. We used multiple testing corrected threshold of p < 1.71 3 10-8 (P<0.05/[2,920*approximately 1,000 traits]) to

define significant associations. The significant associations and corresponding p values and direction of b are displayed in Figure 2A.

The specific p values, b, standard errors, and sample sizes can be found in our website. These regression models were conducted by

the ‘lm’, ‘glm’ and the ‘polr’ function from the R package ‘MASS’ (v4.2.0).
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Sensitivity analysis
To further investigate the influence of comorbidity, we conducted a sensitivity analysis with rigorous quality controls as follows. In

cross-sectional analysis, for each prevalent disease, individuals diagnosed with any diseases from the same disease category

were removed from the control group and the model was additionally adjusted with the baseline multimorbidity of the other disease

categories. In longitudinal analysis, for each incident disease, anyone diagnosed with diseases from the same disease category

before baseline was removed and we further excluded, from the control group, participants who had incident diseases from the

same disease category; in addition, baseline multimorbidity of the other disease categories were adjusted in Cox models. The

adjusted multimorbidity, defined as 14 binary variables based on 14 disease categories (Tables S3 and S4), each represented

whether an individual diagnosed with any disease belonged to that specific category before baseline. Moreover, to enhance robust-

ness and reliability, we conducted a sensitivity analysis that additionally adjusted for age2 age*sex, age2*sex, and the first 10 genetic

principal components (PCs). Bonferroni correction (p < 0.05/2,920) was applied to define significant association. Full results can be

accessed on our website.

Subgroup analysis
Furthermore, to ascertain whether the associations between proteins and health phenotypes exhibited variations across different

individual characteristics, we executed subgroup analyses stratified by sex and age (middle-aged: <60 and elderly: R60 years).

The same set of regression models were employed in subgroup analyses. Sex-stratified subgroup analyses were conducted by ac-

commodating all the aforementioned covariates except for sex, while age-stratified subgroup analyses were accomplished by con-

trolling for all the previously mentioned covariates. We applied a stringent Bonferroni correction (for prevalent diseases, p < 0.05/

[2,900*406*2]; for incident diseases, p < 0.05/[2,900*660*2]; for traits, p < 0.05/[2,900*1000*2]) to evaluate significant associations

for each phenotype. The ORs, HRs and CIs of several significant associations are displayed in Figure 1H, while full results including

sample sizes can be found in our website.

Pathway enrichment analysis
To explore the biological insights, pathway and enrichment analyses were first performed using disease-associated proteins for

prevalent diseases and incident diseases. For each disease, enrichment analyses on Gene Ontology (GO) biological process (BP)

terms and Reactome pathways were conducted. Notably, for diseases without significant proteins, we utilized the top 30 proteins

with the smallest P values for the pathway enrichment analysis. The ClusterProfiler R package (v4.10.0)92 was employed to uncover

over-represented biological processes based on the GO database. Then, Reactome pathway enrichment analysis was performed

using the ReactomePA R package (v1.47.0).93 The heatmap in Figure 3A contains the frequency of the Reactome enrichment

item ranking top ten by FDR in each disease chapter. Specific pathways and corresponding P values and Fold enrichment can be

found in our website. Since multiple pathways were examined concurrently in a single disease, the Benjamini-Hochberg method

was implemented to account for multiple testing. False discovery rate (FDR) < 0.05 was established as the statistical significance

threshold.

Clustering analysis
Hierarchical clustering was employed to group incident diseases (n = 660) based on the magnitude of associations (hazard ratios

generated from Cox proportional hazards models) of all analyzed plasma proteins. Each incident disease was represented by the

hazard ratios and a condensed distance matrix (6603 2,920) was then formed using such disease-protein associations. The hazard

ratios were pre-normalized before the analysis. The Ward’s linkage was employed during clustering. The dendrogram and heatmap

were computed, allowing diseases to cluster on the foundation of plasma protein association profiles. The cluster of each disease can

be found in Table S6. Clustering analysis was implemented through "hierarchy" function in Scipy (v1.9.0) in Python.

Gene set enrichment analysis (GSEA)
To further uncover the biological features of disease clusters, we conducted GSEA94 to find pathway changes among the 40 disease

clusters. To determine the normalized pathway enrichment score for each individual disease, we initially ranked proteins based on

the Z-values generated in Cox models. Then, the ranked list was submitted to GSEA using R package clusterProfiler (v4.10.0)92 and

GO BP gene sets (subcategory in C5, MSigDB database v2023.2.Hs) with at least 10 overlapping genes. The top 10 pathways that

were significant in any disease after FDR adjustment were kept. To further elucidate the biological features of disease clusters, we

performedWilcoxon ranked-sum tests to identify pathways differently regulated between one cluster and the others. Specifically, we

compared the pathway enrichment scores of diseases in one cluster against the scores of all other clusters. The top five pathways for

each cluster are shown in Figure 4A and the heatmap contains the average of normalized pathway enrichment score in each cluster.

P values were adjusted using the Benjamini-Hochberg method.

Ordinal regression models
To determine themultimorbidity level of each disease cluster in the population, we summed the number of incident diseases for each

person into ordinal variables.95 Figures 4B–4D provide themultimorbidity level for three example disease clusters. Ordinal regression

models were then employed to investigate proteins associated withmultimorbidity in each cluster. Themodels were adjusted for age,
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sex, ethnicity, TDI, smoking status, BMI, fasting time, season, and sample age. Participants with any specific disease in the cluster at

baseline and missing values for covariates were excluded from the analyses for this cluster. Bonferroni-adjustment (0.05/[2,920 pro-

teins*40 clusters]) was applied. The results for ordinal regression are recorded in Table S7.

Prediction and diagnostic modelling
For each disease, two models, a prediction model and a diagnostic model, were developed using a machine learning algorithm,

named light gradient boosting machine (LightGBM). Specifically, the prediction model (number of diseases=660) aimed to determine

whether a baseline healthy participant would develop a certain disease (predicted as class 1) or stay healthy (predicted as class 0),

and any individuals who had prevalent diagnosis of that disease were excluded. As for diagnostic model (number of diseases = 406),

it aimed to discriminate whether a participant had experienced or is currently experiencing a certain disease (predicted as class 1)

versus those who have not (predicted as class 0). The models were established based on the top-30 important proteins (z 1% of all

2,920 proteins), which was determinate based on information gain, an inherent algorithm within the LightGBM, that measured the

extent to which a specific protein can impact the model. We calculated the protein importance using information gain, an inherent

algorithm with LightGBM, that measured the extent to which a specific protein can impact the model.

For comparison purposes, we established models by utilizing participants’ clinical-demographic information, namely, age, sex,

ethnicity, TDI, BMI, systolic blood pressure, and status of smoking and alcohol consumption. Furthermore, an integrated model

was established by combining proteins and clinical-demographic data. We then compared the discriminative performance between

protein-based model versus demographic-based model. In addition, we also explored the additive values of proteins by comparing

the demographic-based model versus integrated model. We examined the significance through DeLong test.

Models were trained and optimized through a nested leave-one-region-out cross-validation strategy. Specifically, the data was

partitioned into 10 folds based on the geographical locations of participants’ recruitment centers. The geographical locations

included East Midlands, London, North-East, North-West, Scotland, South-East, South-West, Wales, West Midlands, and Yorkshire

and Humber. Each time, nine folds of data (training set) were used to develop models, including proteins selection, hyperparameters

tuning and model training, and the rest one was used as a testing set. After 10 iterations, all folds of data were used as testing sets,

and they were aggregated for evaluation. A bootstrap samplingmethodwith replacement, iterated 1,000 times, was applied to report

the median and 95% confidence intervals of the areas under the curve (AUCs), accuracy, sensitivity, specificity, precision, Youden

index, and F1 score. The optimal hyperparameter was tuned within the training set, and it was performed using a random partitioned

fivefold cross-validation through grid search within a hyperparameter space of 100 candidate combinations. Notably, the testing test

was kept untouched andwasmerely used for evaluations. The AUCs, top 30 important proteins, and P values of DeLong test for each

disease are reported in Figure 5 and Tables S8 and S9. Model development and evaluations were implemented through lightgbm

(v3.3.2) and scikit-learn (v1.0.2) under Python (v3.9.16).

Mendelian randomization (MR)
Instrumental selection

Instruments to proxy for changed protein abundance were variants associated in cis (within 1Mb of the transcription start sites) and in

trans, separately, at genome-wide significance (p < 5 3 10-8) extracted from the protein genome-wide association study (GWAS)

summary statistics.90 Instruments to proxy for disease incidence were variants at p < 5 3 10-8 extracted from the disease GWAS

summary statistics. Most of the disease GWAS were from the FinnGen study release DF9 (https://www.finngen.fi/en/access_

results)84 and the remaining disease GWAS (for which no summary statistics were provided by the FinnGen study) were calculated

using generalized linear mixed models (GLMM) with Genome-wide Complex Trait Analysis (GCTA,85 v1.94.0) (https://yanglab.

westlake.edu.cn/software/gcta/#fastGWA-GLMM) in the subset of British White participants without protein data from the UKB.

Linkage disequilibrium clumping (r2 < 0.01) was conducted using the European 1000 Genomes Project phase 3 as the reference

panel. We removed instruments associated with more than five proteins to minimize pleiotropic effects and instruments with an

F-statistic of less than 10 to reduce weak instrument bias.

Mendelian randomization

For significant protein-disease associations identified in the epidemiological analysis, the genomic associations were further

explored using bidirectional two-sampleMR analysis with instruments of proteins and diseases. TheWald ratio was used to estimate

MR effects if only a single instrument was available and the inverse variance weighted (IVW) method was used if two or more instru-

ments were available. We defined two kinds of relationship between proteins and diseases, as detailed in results.96 First, a protein

was causally associated with a disease, which is evidenced by a significant association (defined by FDR < 0.05) identified in the pro-

tein-to-disease direction as well as an insignificant association revealed in the disease-to-protein direction. Second, the altered

plasma level of a protein was a consequence of a disease, as evidenced by a significant association in the disease-to-protein direc-

tion while insignificant in the protein-to-disease direction. In Figures 6B–6D, we reported examples of potentially causal associations

and their ORs and 95% CIs. In Figures 6F–6H, we showed examples of associations where the change of protein levels might result

from the incidence of diseases. Results for all examined associations are reported in our website. The ‘‘TwoSampleMR’’ R package

was used to conduct MR analysis (R v4.2.0).
Cell 188, 253–271.e1–e5, January 9, 2025 e4

https://www.finngen.fi/en/access_results
https://www.finngen.fi/en/access_results
https://yanglab.westlake.edu.cn/software/gcta/#fastGWA-GLMM
https://yanglab.westlake.edu.cn/software/gcta/#fastGWA-GLMM


ll
OPEN ACCESS Resource
Enrichment of proteins with druggable genome
Previously, Finan et al. constructed an updated compendium of druggable genomes to validate drug targets and accurately match

disease indications, which incorporated 4,479 genes.67 The research categorizes druggable gene sets into three tiers based on their

drug development pipeline. The 1,427 genes corresponding to efficacy targets of clinical-phase drug candidates, approved bio-

therapeutics, and small-molecule drugs are in tier 1. The 682 genes corresponding to targets of drug-like compounds and those

closely related to known drug targets are in tier 2. The 2,370 genes corresponding to druggable genes not incorporated in the afore-

mentioned two tiers, as well as extracellular or secreted proteins less similar to approved drug targets, are in tier 367 We separately

evaluated whether proteins screened by Cox regression models and logistic regression models overlapped with druggable genome

genes (4,479 genes). Fisher’s exact test was employed for the enrichment analysis and the related calculations were performed in R

v.4.3.1. The numbers of disease-associated proteins overlapped with druggable genome and ORs and 95% CIs of enrichment anal-

ysis are shown in Figure 7A.

Drug target validation and repositioning
Utilizing the GREP (Genome for REPositioning drugs) software,97 we performed an enrichment analysis of the proteins prioritized by

cis-MR in the drug targets of clinical indications categorized by disease chapter and captured potentially repositionable drugs. In-

formation on approved drug targets or clinical trial targets was collected from two publicly accessible and regularly updated data-

bases, DrugBank70: https://www.drugbank.ca/ and Therapeutic Target Database71: https://db.idrblab.net/ttd/. The validated, repur-

posing and unestablished protein-disease pairs are listed in Table S10 and the counts are shown in Figure 7B.

Safety assessment
Agora, an AD Knowledge Portal results browser (https://agora.adknowledgeportal.org/),73,74 was employed to perform safety

assessment of protein targets. Targets were placed into buckets ranked according to therapeutic antibody feasibility, safety and

small molecule drug development preferences, with the safety of targets being categorized into six levels (1: lowest risk, 2: lower

risk, 3: potential risks, 4: probable risks, 5: potentially unsafe in humans, and 6: unknown). Smaller bucket numbers were generally

considered to be more beneficial for successful drug development. The safety scale of 123 potential targets identified by cis-MR

analysis can be found in Table S10.

ADDITIONAL RESOURCES

We developed an interactive webtool to provide effective access to the results (https://proteome-phenome-atlas.com/), which is

described in results section ‘‘interactive webtool enables in-depth exploration of proteome-phenome atlas’’.
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Supplemental figures

Figure S1. Analytical workflow, related to Figure 1

First, we included 53,026 participants with available proteomics and phenotype data. Specifically, we extracted data of 2,920 proteins, 406 prevalent disease

endpoints, 660 incident disease endpoints, and 986 traits for the main analysis. The associations between plasma proteins and diseases were investigated with

logistic regression models (prevalent diseases) and Cox models (incident diseases), separately. The associations between proteins and traits were investigated

with linear regression models (continuous traits), logistic regression models (binary traits), and proportional odds logistic regression models (ordered categorical

traits), separately. Subgroup analyses for different sex and age (middle age: 39–59 years; the elderly, R60 years) were conducted. Second, we investigated

insights into disease biology provided by the protein-disease associations. Third, we investigated the protein contribution for disease discrimination. The pre-

diction and diagnosis efficacy of identified proteins were estimated based on three models (i.e., the protein-only model, the demographics-only model, and the

integrated model), and the DeLong test was used to compare the performance of the three models. Finally, we investigated the potential causal relationship

between proteins and diseases. For the causal proteins, we estimated their potential value as therapeutic targets.
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Figure S2. Distribution and sample sizes of the included phenotypes, related to Figure 1

(A) The percentage of prevalent and incident diseases assessed in the study classified by ICD-10-based chapter.

(B) The mean number of cases for each prevalent and incident disease stratified by ICD-10-based chapter. Bars represent the min-max range of the case

numbers.

(C) The percentage of health-related traits assessed in the study classified by UKB-based chapter.

(D) The mean number of cases per trait stratified by chapter. Bars represent the min-max range of the case numbers.
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