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Abstract 23 

Plasma proteomic signatures accurately predict disease risk, but our understanding of the mechanisms 24 

contributing to the predictive value of the proteome remains limited. Here, we characterized proteomic 25 

biomarkers of 19 age-related diseases, based on observational associations between 2,923 protein levels and 26 

incidence of these outcomes in the UK Biobank (N = 45,438). To identify the subset of these biomarkers that 27 

may represent causal drivers of disease, we first employed Mendelian Randomization (MR) and found that only 28 

8% of the protein-disease associations with genetic instruments showed suggestive evidence of causal 29 

relationships, and were more likely to pertain to only a single disease. We then tested the hypothesis that many 30 

proteomic biomarkers, particularly the non-causal proteins, are impacted by environmental factors that might 31 

independently affect disease risk and protein levels. We discovered that the vast majority (>90%) of proteins 32 

associated with diseases like lung cancer and COPD are also associated with smoking, and more than half of 33 

all disease-associated proteins tested in MR were associated with smoking. These proteins showed no evidence 34 

of causal effects on disease, suggesting their predictive value is as an environmental sensor. Given the sensitivity 35 

of the plasma proteome to smoking, we developed a proteomic score for smoking (SmokingPS) and 36 

demonstrated that the plasma proteome can serve as a quantitative index of smoking behavior and history. 37 

Extending this approach to alcohol intake phenotypes, our results generally suggest that many plasma proteins 38 

identified in observational associations are more likely to be readouts of environmental risk factors than disease-39 

specific signals. We conclude that the plasma proteome may provide critical objective biomarkers for quantifying 40 

the impacts of environmental risk factors on human health and disease. Our results have significant implications 41 

for implementing predictive plasma protein biomarkers in disease prevention, and can help guide interpretation 42 

of putative protein-disease associations as actionable therapeutic targets or quantitative indications of upstream 43 

exposures that represent potential intervention points.    44 
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Introduction 45 

Technological advances in high-throughput, broad-capture proteomic assays have highlighted the potential of 46 

leveraging plasma proteins for disease prediction, biomarker discovery, and therapeutic development. In the 47 

past few years, population-scale biobanks have used these assays to profile portions of the plasma proteome in 48 

thousands of individuals1–5. The UK Biobank Pharma Proteomics Project (UKB-PPP) generated one of the 49 

largest proteomic resources to date, with measurements of nearly 3,000 blood plasma analytes in more than 50 

54,000 UKB participants using the Olink Explore 3072 proximity extension assay6. Coupled with existing deep 51 

phenotyping data, UKB-PPP creates a unique opportunity to interrogate the links between the plasma proteome 52 

and a broad spectrum of diseases and disease-related traits. Indeed, studies have already leveraged this 53 

resource to identify thousands of associations between plasma protein levels and disease outcomes7–9. 54 

Proteomic predictors of incident disease, developed from these associations, outperform traditional clinical 55 

models and polygenic risk scores for a wide range of diseases7,8,10 (e.g. AUC > 0.8 for 92 diseases9).  56 

 57 

The ability of the plasma proteome to predict incident disease is promising for a range of clinical applications – 58 

for example building on ELISA (enzyme-linked immunosorbent assay) and other multiplex immunoassays for 59 

diagnostics and monitoring treatments11, as well as for patient stratification in clinical trials12 – but our 60 

understanding of what contributes to the predictive value of the circulating proteome remains limited. A few 61 

overlapping mechanisms could explain the widespread associations between plasma proteins and incident 62 

disease outcomes: (1) plasma proteins have direct causal effects on disease onset; (2) plasma proteins are 63 

impacted by disease processes that begin before disease diagnosis; and (3) plasma proteins are impacted by 64 

external factors, like environmental exposures, that both contribute to disease onset and affect protein levels.  65 

Gaining a deeper understanding of the specific roles of proteomic biomarkers in disease prediction has important 66 

implications for the potential clinical utility of these biomarkers.  67 

 68 

First, plasma proteins with causal effects on disease may be candidates for novel therapeutic targets. Several 69 

disease-specific studies have investigated the potential causal roles of plasma proteins, including for type II 70 

diabetes13, cardiometabolic diseases10,14,15, psychiatric disorders16,17, and gastrointestinal diseases18,19. 71 

Phenome-wide studies across many diseases and phenotypes have also investigated the causal basis of 72 

protein-disease associations20,21. These studies have identified putative drug targets such as SCARA5 for 73 

cardioembolic stroke15 and IL1RL1 for inflammatory bowel diseases20. 74 

 75 

On the other hand, non-causal plasma proteins may serve as biomarkers for monitoring disease onset and 76 

progression. For example, a study on plasma proteomic biomarkers of dementia found that abundances of 77 

certain predictive proteins began changing years before diagnosis22. Non-causal plasma proteins may also 78 
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potentially help monitor impacts of changes in lifestyle and other environmental factors on disease risk. Previous 79 

work has speculated that the plasma proteome captures environmental effects7,23, and a handful of studies 80 

investigating factors contributing to the variance of individual proteins have found that environmental exposures 81 

can explain a substantial portion of variability in the levels of certain proteins24,25. However, major gaps remain 82 

in understanding how modifiable factors contribute to the utility of the overall proteome as disease predictors. In 83 

particular, few studies to date have simultaneously evaluated putatively causal proteins alongside other 84 

mechanisms that may explain the predictive value of non-causal associations. In this study, we aimed to conduct 85 

a comprehensive characterization of the relationships between plasma proteins and key disease outcomes in 86 

order to delineate proteins as potential therapeutic targets or non-causal biomarkers of environmental risk 87 

factors. 88 

 89 

Utilizing blood proteomic data available from a subset of the UKB-PPP cohort (N = 45,438, see Methods), we 90 

investigated an expanded set of associations between 2,923 unique proteins and 23 age-related incident disease 91 

outcomes (see study design in Figure 1). We first applied Mendelian Randomization (MR) to partition the 92 

disease-associated proteomic biomarkers into those with potential causal roles across diseases (i.e. drivers) vs. 93 

non-causal roles (i.e. predictors). Next, we examined the impacts of smoking on the plasma proteome because 94 

of its large environmental effect on disease risk. Integrating the MR and smoking analyses, we identified that a 95 

large proportion of protein predictors are exposure-associated and likely play no causal role in disease 96 

pathogenesis. To further evaluate the sensitivity of the plasma proteome to smoking, we developed a proteomic 97 

score for smoking, and tested this score alongside smoking status and other clinical biomarkers in disease 98 

prediction models. By replicating this proteomic score in an external dataset (FinnGen), we highlight the 99 

objective, quantitative, and generalizable nature of environmental risk quantification enabled by proteomics. 100 

Finally, we confirmed the generality of this paradigm by developing and testing an additional proteomic score for 101 

alcohol intake, which is nearly entirely independent from the smoking protein score. 102 

 103 
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 104 
Figure 1. Study design for characterizing proteomic biomarkers of disease. a, We tested for associations 105 
between 2,923 plasma proteins measured in a subset of UKB-PPP participants and 23 incident disease 106 
outcomes using Cox proportional hazards (PH) models. We refer to the proteins in the significant protein-disease 107 
associations as biomarkers. b, To better understand the protein-disease associations identified in (a), we took 108 
two approaches. First, we identified which of the protein-disease associations were likely causal by applying two-109 
sample Mendelian Randomization (MR) using protein quantitative trait loci (pQTLs) as genetic instruments and 110 
disease GWAS that did not utilize UKB data; we refer to the putatively causal proteins as drivers. Second, we 111 
identified proteins that are likely not causal themselves but instead reflect the effects of disease-related 112 
exposures, by identifying proteins that were significantly associated with smoking but lacking evidence from MR; 113 
we refer to these proteins as exposure-associated predictors. c, We trained a LASSO regression model on the 114 
subset of UKB-PPP participants with smoking status data to develop a protein score for smoking (SmokingPS). 115 
We demonstrated that the SmokingPS accurately captures quantity and frequency of smoking and used 116 
SmokingPS to predict disease incidence.  117 
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Results 118 

Plasma proteins are widely associated with incident disease  119 

Previously, we tested associations between levels of 1,468 plasma proteins, measured in UKB-PPP participants, 120 

and 23 incident diseases over a 15-year follow-up period using Cox proportional hazards (PH) models. In this 121 

study, we expanded these analyses to include associations with an additional 1,455 proteins (total proteins = 122 

2,923), measured in the same individuals. Details on the plasma protein measurements, QC procedures, and 123 

UKB-PPP sample have been described previously6 (see also Methods). We found 9,308 significant associations 124 

between 2,122 proteins and 22 of the 23 incident disease outcomes, adjusting for age and sex variables 125 

(Bonferroni-adjusted P-value < 0.05/(23*2923) = 7.44 x 10-7) (Supplementary Table 1). The number of 126 

associations ranged from 1 association each for ALS, multiple sclerosis, colorectal cancer, and major depressive 127 

disorder to 1,653 and 1,798 for liver disease and type 2 diabetes, respectively; brain/CNS cancer showed no 128 

significant protein associations (Extended Data Fig. 1). 129 

 130 

  131 
Extended Data Fig. 1. Number of associations between plasma proteins and 22 incident disease 132 
outcomes. 9,308 significant associations involving 2,122 proteins and 22 incident disease outcomes are shown 133 
(Bonferroni-adjusted P-value < 7.44 x 10-7). (MS = multiple sclerosis; MDD = major depressive disorder; 134 
Colorectal = colorectal cancer; ALS = amyotrophic lateral sclerosis; GYN = gynecological cancers; CYS = cystitis; 135 
Breast = breast cancer; Prostate = prostate cancer; PD = Parkinson’s disease; SCZ = schizophrenia; ENDO = 136 
endometriosis; AL = Alzheimer’s dementia; VD = vascular dementia; LUP = systemic lupus erythematosus; 137 
LUNG = lung cancer; IBD = inflammatory bowel disease; RA = rheumatoid arthritis; ST = ischemic stroke; COPD 138 
= chronic obstructive pulmonary disease; IHD = ischemic heart disease; LIV = Liver disease; T2D = Type 2 139 
diabetes)  140 
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A small subset of proteins have causal effects on disease 141 

To identify which subset of the thousands of protein-disease associations discovered represent potentially causal 142 

relationships, we applied two-sample Mendelian Randomization (MR). 19 of the 23 disease outcomes that we 143 

tested in the Cox PH models had suitable GWAS summary statistics for MR, as they did not include UKB data 144 

which was used to identify genetic instruments (Supplementary Table 2). These diseases are the focal set for 145 

subsequent analyses. We leveraged the catalog of protein quantitative trait loci (pQTLs) that were previously 146 

mapped to these proteins6 to first subset to proteins with robust genetic instruments. To minimize potential 147 

biases, we restricted genetic instruments to cis-pQTLs, and retained the proteins with F-statistics > 10 and that 148 

passed Steiger filtering. Ultimately, 2,907 of the significant protein-disease pairs (involving 782 unique proteins) 149 

had genetic instruments and were tested for causality via MR (Supplementary Table 3).  150 

 151 

Only 225/2,907 protein-disease pairs (8%) showed suggestive evidence for causality (P-value < 0.05) (Figure 152 

2a). In additional sensitivity tests for horizontal pleiotropy using MR-Egger26, we found that 9 of the 225 nominally 153 

significant protein-disease pairs may have pleiotropic genetic instruments (Supplementary Table 4), and thus 154 

further validation of these pairs may be needed. Overall, these cis-MR analyses did not reveal causal roles for 155 

the majority of the proteins identified in observational associations, indicating that the vast majority of protein-156 

disease associations likely cannot be explained by causal effects of the protein on disease onset.  157 

 158 

Among the 225 protein-disease pairs, we replicated known causal relationships such as proprotein convertase 159 

subtilisin/kexin type 9 (PCSK9) and ischaemic heart disease27, and apolipoprotein E (APOE) and Alzheimer’s 160 

disease28. Other protein-disease pairs with significant causal associations in this study and prior evidence for 161 

causality included tumor necrosis factor receptor superfamily member 6B (TNFRSF6B) and inflammatory bowel 162 

disease (IBD)29, peptidylglycine alpha-amidating monooxygenase (PAM) and type 2 diabetes30, and transforming 163 

growth factor beta 1 (TGFB1) and ischaemic heart disease31. Sortilin1 (SORT1) had robust and significant 164 

evidence for causal effects on type 2 diabetes in this study and its potential causal role has not been previously 165 

identified.  166 

 167 

We assessed the disease specificity of causal drivers identified in MR compared to the non-causal, disease-168 

associated predictors. We found that hundreds of non-causal predictor proteins were associated with multiple 169 

diseases in the Cox PH models; several were associated with 9 or more diseases (e.g., amphiregulin (AREG), 170 

ribonuclease A family member k6 (RNASE6), and CUB domain-containing protein 1 (CDCP1)). The diseases 171 

associated with these highly non-specific proteins are involved in a broad range of mechanisms and pathways 172 

(Figure 2b). In contrast, most of the causal driver proteins (172/198, 87%) were associated with 1 disease. On 173 
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average, this group of proteins was associated with 1.1 diseases, while the disease-associated proteins lacking 174 

MR support were associated with an average of 3.5 diseases. 175 

 176 

 177 
Figure 2. Comparison of proteins involved in observational vs. causal associations across diseases. a, 178 
Counts of proteins significantly associated with diseases in Cox PH models and that also had genetic instruments 179 
(N = 782 proteins involved in 2,907 protein-disease pairs). Diseases with more than 20 significant protein 180 
associations are shown. Counts of the subset of these proteins showing suggestive evidence of causality from 181 
MR analyses (P-value < 0.05) are indicated by darker blue bars. b, Counts of proteins associated with 1 to more 182 
than 10 diseases in the Cox PH models vs. MR tests. All proteins shown here are involved in the 2,907 protein-183 
disease pairs that were significant in Cox PH models and had genetic instruments. Light blue bars represent 184 
non-causal predictors; dark blue bars represent causal drivers. Inset shows 27 proteins significantly associated 185 
with 8 or more diseases in the Cox PH models (IBD = inflammatory bowel disease; LUP = systemic lupus 186 
erythematosus; RA = rheumatoid arthritis; ST = ischemic stroke; LUNG = lung cancer; COPD = chronic 187 
obstructive pulmonary disease; T2D = Type 2 diabetes; LIV = Liver disease; IHD = ischemic heart disease, 188 
Breast = breast cancer; Colorectal = colorectal cancer; VD = vascular dementia).  189 

Many protein-disease associations are driven by smoking 190 

Given the widespread sharing of non-causal predictor proteins across diverse diseases, we next tested the 191 

hypothesis that these proteins broadly associate with incident disease due to their associations with 192 

environmental risk factors, and thus reflect environmental impacts without directly causing disease. Previously 193 

developed proteomic scores for the incident disease outcomes showed better or similar prediction performance 194 

compared to models comprised of age, sex, and other lifestyle factors, including BMI, alcohol intake, social 195 

deprivation, educational attainment, physical activity, and smoking status7, pointing to a potential role of the 196 

plasma proteome in partially capturing the effects of these risk factors. For lung cancer and COPD specifically, 197 

we observed that incremental models with disease proteomic scores had minimal improvement beyond smoking 198 

status (Extended Data Fig. 2). Previous literature, including studies using small, targeted microarrays, suggests 199 

that smoking may alter plasma protein levels32,33. Thus, we further investigated the relationship between the 200 
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plasma proteome and smoking, a well-known environmental risk factor with large effects on many common 201 

complex diseases34. 202 

 203 

To first gauge the overall effects of smoking on the plasma proteome, we characterized the relationships between 204 

self-reported smoking status and the 2,923 proteins measured in the UKB-PPP cohort, adjusting for age and sex 205 

variables. 1,673 proteins (57%) were significantly associated with smoking status (Bonferroni-adjusted P-value 206 

< 1.7 x 10-5) (Supplementary Table 5). 30 proteins measured in the Olink panel mapped to 21 plasma proteins 207 

previously found to be associated with smoking32 (Supplementary Table 6), and all were significantly associated 208 

with smoking in these analyses. 209 

  210 

We then evaluated the effects of smoking on the disease-associated proteins specifically. All 178 proteins 211 

associated with lung cancer in the Cox PH models were significantly associated with smoking, as were between 212 

82-97% of proteins associated with all other diseases examined (Figure 3a), a notable enrichment beyond the 213 

proportion of all measured plasma proteins associated with smoking. Additionally, we found that all proteins 214 

associated with 8 or more diseases in the Cox PH models were smoking-associated, compared to smaller 215 

proportions of the more disease-specific proteins (Figure 3b).  216 

 217 

After adjusting for self-reported smoking status in the Cox PH models, 8,326 out of 9,308 (89%) protein-disease 218 

pairs remained significant (Supplementary Table 7). Lung cancer showed the most substantial drop in the 219 

number of associated proteins after adjustment (from 324 to 33 proteins, representing a 90% decrease); COPD 220 

also showed a large decrease (from 1,501 to 1,250 proteins, representing a 17% decrease). Of note, most of 221 

the remaining lung cancer-associated proteins (28/33, 85%) had significantly attenuated hazard ratios after 222 

smoking adjustment (Wald test, p-value < 0.05), with a mean attenuation of 48.3% of the |𝑙𝑜𝑔(𝐻𝑅)|. Taken 223 

together, these results indicate that although adjusting for smoking status yields large attenuations in the number 224 

of associated proteins for some diseases, basic measures of smoking may fail to capture the full effects of 225 

smoking in protein-disease associations.    226 

 227 

Given the clear biological impacts of smoking, we then sought to systematically distinguish causal driver proteins 228 

from exposure-associated predictor proteins, focusing on the 782 disease-associated proteins with valid genetic 229 

instruments. We found that the vast majority of these proteins (N=640) were significantly associated with smoking 230 

status. Moreover, most of these smoking-associated proteins (N=469) showed no evidence for causal effects on 231 

disease from the cis-MR analyses (Figure 3c). Several proteins (N=171) were both associated with smoking 232 

and nominated by MR, indicating that these proteins may represent (or be correlated with) causal mediators 233 

between smoking and incident disease. 234 
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 235 

Another group of disease-associated proteins were neither associated with smoking nor showed evidence for 236 

causality (Figure 3c). The majority of proteins in this group (86/115, 75%) were associated with 1 to 3 diseases 237 

in the Cox PH models, potentially representing a group of proteins enriched for non-causal, disease-specific 238 

predictors tagging incident disease processes. For example, 5 proteins in this group were associated with only 239 

COPD, including a transmembrane activin inhibitor (BAMBI) that was previously found to be involved in 240 

Th17/Treg pathway imbalances in COPD patients35.  241 

  242 

Based on these groupings, we characterized the proteins selected in our previously developed proteomic scores 243 

for COPD and lung cancer7. 47 proteins in the COPD score had at least one genetic instrument, and all except 244 

2 (CLSTN2 and LYPD8) were significantly associated with smoking; 10 proteins additionally showed evidence 245 

for causal effects. In the lung cancer proteomic score, 5 of the 6 proteins had at least one genetic instrument, 246 

and all 5 were significantly associated with smoking; carcinoembryonic antigen (CEACAM5) additionally showed 247 

suggestive evidence for causality. These disease proteomic scores appear to mostly capture exposure-248 

associated predictor proteins and not causal drivers, which aligns with our previous finding that they have 249 

diminished predictive utility when smoking status is included in the prediction models (Extended Data Fig. 2). 250 

Additionally, the proteomic score for lung cancer had limited prediction performance over the baseline model of 251 

age and sex in individuals that reported never smoking compared to previous and current smokers (ΔAUC 252 

between baseline plus lung cancer ProteinScore and baseline only = 0.02, 0.06, and 0.05 in never, previous, 253 

and current smokers, respectively).      254 
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 255 
 256 
Figure 3. Smoking associations categorize many biomarkers as exposure-associated predictors. a, 257 
Counts of proteins significantly associated with diseases in Cox PH models, with counts of the subset of these 258 
proteins significantly associated with smoking status (across the entire UKB dataset) highlighted by orange bars. 259 
Diseases with more than 20 significant protein associations are shown (IBD = inflammatory bowel disease; LUP 260 
= systemic lupus erythematosus; RA = rheumatoid arthritis; ST = ischemic stroke; LUNG = lung cancer; COPD 261 
= chronic obstructive pulmonary disease; Diab = Type 2 diabetes; LIV = Liver disease; IHD = ischemic heart 262 
disease). b, Counts of proteins significantly associated with 1 to 10 diseases in the Cox PH models, with counts 263 
of the subset of proteins in each category significantly associated with smoking status highlighted by orange bars 264 
(Bonferroni-adjusted P-value < 1.7 x 10-5). c, UpSet plot showing the classification of 782 proteins significantly 265 
associated with a disease (Bonferroni-adjusted P-value < 0.05/(19 diseases x 2,923 proteins) = 9.00 x 10-7 from 266 
Cox PH associations) for which a genetic instrument existed. Significant association with smoking status was 267 
determined based on Bonferroni-adjusted P-value < 0.05/2,923 = 1.7 x 10-5. Groups delineated as causal drivers, 268 
non-causal predictors, and exposure-associated predictors are indicated by bars on the bottom, and illustrated 269 
in the schematic on the right.  270 
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 271 
Extended Data Fig. 2. Performance of disease-based proteomic scores from Gadd et al.7 Differences in 272 
AUC between models with standard covariates and models with the addition of the disease ProteinScores (PS). 273 
Disease ProteinScores were developed and described in Gadd et al.7 In blue (baseline), models without PS 274 
consist of age and sex in which diseases were not sex-stratified. In red (smoking), models without PS consist of 275 
age, sex, and self-reported smoking status. To the right of the plot, the first column of numbers shows the 276 
differences in AUC with the addition of the PS per model; the second column shows Δ+PS in baseline minus 277 
Δ+PS in smoking. 278 

Proteomic score quantifies smoking behavior and history 279 

The widespread effects of smoking on the plasma proteome indicate that plasma proteins themselves may serve 280 

as precise, quantitative measures of the cumulative biological effects of smoking and other exposures. To assess 281 

the utility of the plasma proteome as a quantitative readout of smoking, we developed a smoking protein score 282 

(SmokingPS). Since many of the measured proteins are likely correlated, we performed variable selection via 283 
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LASSO on the protein levels of current and never smokers in the UKB (N=14,585) (Extended Data Fig. 3), 284 

identifying 550 proteins that we combined into the SmokingPS. This score predicted smoking status with high 285 

accuracy (AUC = 0.955 [95% CI = 0.949-0.961]) in a hold-out set of UKB participants (N=14,586). We replicated 286 

the score in another biobank, FinnGen36, with plasma protein measurements from the Olink Explore panel in 287 

1,990 participants, 1,863 of whom had smoking status information. The SmokingPS demonstrated good but 288 

lower ability to discriminate current vs. never smoking status in FinnGen participants (AUC = 0.844 [95% CI = 289 

0.814-0.875]), and the SmokingPS distributions showed some separation between current/previous smokers 290 

and never smokers (Extended Data Fig. 4a). We note that because smoking status information was collected 291 

at recruitment several years before proteomic sampling in FinnGen, it was not possible to distinguish between 292 

current and previous smokers for this analysis. 293 

 294 

We compared the distributions of the SmokingPS across individuals in UKB-PPP who reported current, previous, 295 

and never smoking status. As expected, the previous smokers had a SmokingPS distribution between the current 296 

and never smokers (Figure 4a). We then stratified the previous smokers by years since smoking cessation and 297 

pack years, which captures both quantity and frequency of smoking. As years since smoking cessation 298 

increased, the distributions of the SmokingPS in previous smokers shifted towards the never smokers (Figure 299 

4b). As illustrated by the SmokingPS distributions across individuals who stopped smoking recently, the 300 

smoking-associated proteome starts to revert back to non-smoking levels within a couple years of smoking 301 

cessation; this pattern is also observed from the levels of the top-weighted proteins in the SmokingPS, averaged 302 

across bins of years since smoking cessation in former smokers (Extended Data Fig. 5). Similarly, those who 303 

smoked fewer pack years had SmokingPS distributions closer to the never smokers (Extended Data Fig. 4b). 304 

Stratifying current smokers by pack years reflected the same trend – individuals who reported fewer pack years 305 

had SmokingPS distributions closer to, or overlapping, that of previous smokers (Figure 4c). The average 306 

number of cigarettes smoked per day among current smokers ranged from 8.6 in the lowest quantile of 307 

SmokingPS distribution to 20.1 in the highest quantile, underlining that the amount of smoking has a dose-308 

response impact on plasma protein levels (Extended Data Fig. 4c).  309 

 310 

We further tested the value of this SmokingPS for disease prediction (Figure 4d, Extended Data Fig. 6). Among 311 

the 19 incident disease outcomes, adding smoking status to baseline variables of age, sex, and genetic principal 312 

components (PCs) resulted in the greatest improvement in performance for lung cancer, COPD, and liver 313 

disease (delta C-index between baseline model vs. baseline with smoking status: 0.141, 0.083, and 0.024, 314 

respectively). Adding the SmokingPS to the baseline model with smoking status further improved performance 315 

for these three diseases (delta C-index between baseline with smoking status vs. with smoking status and 316 

SmokingPS: 0.017, 0.011, and 0.008 for lung cancer, COPD, and liver disease), indicating that the plasma 317 
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proteome likely provides a more quantitative biological readout of smoking exposure than self-reported smoking 318 

status for some diseases.  319 

 320 

Of the individuals with incident lung cancer diagnoses (N = 412), 58 were self-reported never smokers. The 321 

SmokingPS showed better prediction of lung cancer incidence over the baseline model in current smokers (delta 322 

C-index = 0.044, p-value = 0.069) compared to in the never smokers (delta C-index = 0.013, p-value = 0.71) 323 

(Extended Data Fig. 7c). Additionally, distributions of the SmokingPS between never smokers with and without 324 

lung cancer were not significantly different (two-sample Kolmogorov-Smirnov test D = 0.15, p-value = 0.11) 325 

(Extended Data Fig. 7b). We then considered the full set of non-smokers, and leveraged the breadth of 326 

exposure data collected in the UKB to investigate other factors that the SmokingPS may be associated with in 327 

never smokers. Across 71 environmental and lifestyle factors covering a range of variables (e.g. secondhand 328 

smoke exposure, physical and social activities, air pollution measures) (Supplementary Table 8), the 329 

SmokingPS was significantly associated with a few smoking-related factors, such as “attends pub/club”, 330 

“exposure to tobacco smoke at home”, and “number of smokers in household” (Supplementary Table 9).  331 

 332 

In additional sensitivity analyses, we compared the SmokingPS to commonly-used clinical biomarkers, C-333 

reactive protein (CRP) and immune cell counts (Figure 4d, Extended Data Fig. 6a). For lung cancer and COPD, 334 

the SmokingPS outperformed both CRP and immune cell counts (delta C-index between baseline with 335 

SmokingPS vs. with CRP: 0.116 and 0.051 for lung cancer and COPD, respectively; delta C-index between 336 

baseline with SmokingPS vs. with immune cell counts: 0.093 and 0.015). Combining CRP and immune cell 337 

counts with both smoking status and the SmokingPS resulted in the best performing models for lung cancer, 338 

COPD, and liver disease, indicating that each measure may capture unique aspects of disease risk. 339 

 340 
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 341 
Figure 4. SmokingPS captures different smoking measures and predicts incident disease. a, Density plot 342 
of SmokingPS with individuals stratified by self-reported smoking status. b, Density plot of SmokingPS with self-343 
reported previous smokers stratified by number of years since smoking cessation. c, Density plot of SmokingPS 344 
with self-reported current smokers stratified by pack years, calculated as number of cigarettes smoked per day, 345 
divided by twenty, multiplied by number of years smoking. d, Associations between incident lung cancer (cases 346 
= 405, controls = 46,968) and models with various predictors, shown on y-axis, using Cox PH. Baseline model 347 
includes age, sex, age2, age × sex, age2 × sex, and first 10 genetic PCs. All models following baseline include 348 
these variables, as well as the predictor listed. “CRP” indicates C-reactive protein. “Immune cell counts” include 349 
neutrophil, eosinophil, basophil, monocyte, lymphocyte, and white blood cell counts. “All” indicates the baseline 350 
variables, smoking status, SmokingPS, CRP, and immune cell counts. C-index is shown on the x-axis and listed 351 
alongside 95% confidence intervals.  352 
 353 

Extended Data Fig. 3. Summary of SmokingPS development. UKB-PPP participants who self-reported never 354 
and current smoking status were used for developing the SmokingPS. 50% were randomly assigned to the 355 
training group; the remaining 50% were assigned to the test group. Ratios of never to current smokers in each 356 
group were similar. LASSO regression with 10-fold cross validation was used to select proteins out of the 2,923 357 
proteins measured and derive weighting coefficients for the selected proteins.  358 
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 359 

 360 
Extended Data Fig. 4. SmokingPS distributions in FinnGen and across previous and current smokers in 361 
UKB. a, Density plot of the SmokingPS in FinnGen participants (N = 1,862), stratified by self-reported never and 362 
current/previous smoking status. Current and previous smokers are grouped together due to gaps in timing 363 
between the collection of smoking information and proteomic sampling. b, Density plot of SmokingPS with self-364 
reported previous smokers in UKB stratified by pack years, calculated as number of cigarettes smoked per day, 365 
divided by twenty, multiplied by number of years smoking. c, Density plot of SmokingPS with self-reported current 366 
smokers divided into bins of SmokingPS at 0.10, 0.25, 0.50, 0.75, and 0.90 quantiles. Cigarettes smoked per 367 
day were averaged across individuals in each bin; each average is reported on the density plot.  368 
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 369 
Extended Data Fig. 5. Average protein levels of top-weighted proteins in SmokingPS across groups of 370 
previous smokers. X-axis represents years since smoking cession, grouped in 5-year intervals for former 371 
smokers: (0,5], (10,15], etc. Average protein levels in current smokers and never smokers are included for 372 
reference. 373 
 374 

 375 
Extended Data Fig. 6. Comparison of SmokingPS and other models for prediction of incident COPD and 376 
liver disease. Associations between incident disease and models with various predictors, shown on y-axis, 377 
using Cox PH. Baseline model includes age, sex, age2, age × sex, age2 × sex, and first 10 genetic PCs. All 378 
models following baseline include these variables, as well as the predictor listed. “CRP” indicates C-reactive 379 
protein. “Immune cell counts” include neutrophil, eosinophil, basophil, monocyte, lymphocyte, and white blood 380 
cell counts. “All” indicates the baseline variables, smoking status, SmokingPS, CRP, and immune cell counts. 381 
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C-index is shown on the x-axis and listed alongside 95% confidence intervals. a, Incident disease outcome is 382 
COPD (cases = 1,973, controls = 44,765). b, Incident disease outcome is liver disease (cases = 328, controls = 383 
46,913). 384 
 385 

 386 
Extended Data Fig. 7. SmokingPS in individuals with lung cancer stratified by smoking status. a, Density 387 
plot of SmokingPS in individuals with lung cancer, stratified by self-reported smoking status. b, Density plot of 388 
SmokingPS in never smokers, stratified by incident lung cancer outcome. c, Cox PH associations between 389 
incident lung cancer and (1) baseline model of age, sex, age2, age × sex, age2 × sex, and first 10 genetic PCs 390 
and (2) baseline model with SmokingPS. Cox PH associations were conducted in individuals stratified by self-391 
reported smoking status. 392 

Generalization of paradigm: proteomic score for alcohol use 393 

Having demonstrated that the proteome can effectively serve as a quantitative measure of disease-relevant 394 

environmental risk factors using smoking as an example, we sought to explore whether this approach was 395 

generalizable to other environmental exposures. We tested associations between the plasma proteome and 396 

alcohol intake status, and found that 1,228 (42%) of proteins were significantly associated with alcohol use 397 

(Bonferroni-adjusted P-value < 1.7 x 10-5) (Supplementary Table 10). We developed a proteomic score for 398 
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alcohol intake (AlcoholPS), trained on the protein levels of UKB-PPP individuals who reported never drinking 399 

and daily drinking. The score consisted of 474 proteins selected by LASSO, and predicted current vs. never 400 

drinking status in a hold-out set of UKB participants with high accuracy (AUC = 0.975). Although 134 (28%) 401 

proteins overlapped with those in the SmokingPS, the AlcoholPS distributions did not stratify according to 402 

smoking status and vice versa (two-sample Kolmogorov-Smirnov test for AlcoholPS: D = 0.16, p-value < 2.2e-403 

16 for never vs. previous smokers; D = 0.14, p-value < 2.2e-16 for never vs. current smokers; D = 0.05, p-value 404 

= 3.96e-09 for previous vs. current smokers; and SmokingPS: D = 0.17, p-value < 2.2e-16 for never vs. previous 405 

drinkers; D = 0.17, p-value < 2.2e-16 for never vs. current drinkers; D = 0.07, p-value = 1.73e-08 for previous 406 

vs. current drinkers) (Extended Data Fig. 8a-b), indicating that the two scores are largely independent. 407 

 408 

Distributions of the AlcoholPS in self-reported current drinkers stratified by number of drinks per week and month 409 

(Fig. 5a). Additionally, we stratified current drinkers by the number of grams of alcohol intake per day, derived 410 

from several alcohol intake variables in the UKB (Methods), and similarly observed gradual shifts in the protein 411 

score distribution as the alcohol intake quantities increased (Fig. 5b). Given differences in the ratio of drinkers 412 

vs. never-drinkers in males (653 never-drinkers; 5,233 current drinkers) and females (1,498 never-drinkers; 413 

3,891 current drinkers), we performed additional sex-stratified sensitivity analyses. AlcoholPSs trained 414 

separately in males and females similarly stratified according to alcohol intake frequency and amount (Extended 415 

Data Fig. 8c-f), indicating that the AlcoholPS is not merely detecting sex-specific proteins. The AlcoholPS 416 

derived from matching sample sizes of male and female never and daily drinkers in the training cohort (Methods) 417 

had similar performance in the hold-out set (AUC = 0.969), and 293/408 (72%) of the proteins in this AlcoholPS 418 

overlapped with the AlcoholPS trained on all individuals without downsampling. 419 

 420 

We additionally evaluated the ability of the AlcoholPS to predict clinical biomarkers commonly used to assess  421 

liver function, including alanine aminotransferase (ALT), aspartate aminotransferase (AST), gamma-glutamyl 422 

transferase (GGT), and bilirubin. The AlcoholPS outperformed self-reported alcohol intake status in daily and 423 

never drinkers for AST (incremental R2: 0.005 vs. 0.0009), GGT (0.027 vs. 0.004), and bilirubin (0.02 vs. 0.01), 424 

as well in current and never drinkers (Extended Data Fig. 9).  425 
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 426 
Figure 5. AlcoholPS captures frequency and amount of alcohol intake in current drinkers. a, Density plot 427 
of AlcoholPS in current drinkers stratified by self-reported number of drinks per week or month. Self-reported 428 
never drinkers shown for reference. b, Density plot of AlcoholPS in current drinkers stratified by derived grams 429 
of alcohol intake per day. 430 
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 431 
Extended Data Fig. 8. Comparisons of AlcoholPS and SmokingPS, and AlcoholPS trained in females and 432 
males separately. a, Density plot of AlcoholPS in individuals with self-reported smoking information, stratified 433 
by smoking status. b, Density plot of SmokingPS in individuals with self-reported alcohol intake information, 434 
stratified by alcohol drinker status. Density plot of AlcoholPS in current drinkers stratified by self-reported number 435 
of drinks per week or month in c, females and e, males. Self-reported never drinkers shown for reference. Density 436 
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plot of AlcoholPS in current drinkers stratified by derived grams of alcohol intake per day in d, females and f, 437 
males.  438 

 439 
 440 
Extended Data Fig. 9. Associations between liver biomarkers and AlcoholPS. Comparisons of variance 441 
explained in liver biomarkers on y-axis by AlcoholPS and a, daily vs. never drinking status or b, current vs. never 442 
drinking status. Incremental R2 was estimated as improvement in R2 with inclusion of either AlcoholPS or alcohol 443 
intake status, comparing the two models: (1) baseline model (biomarker ~ age + sex + age2 + age*sex + 444 
age2*sex) and (2) full model (biomarker ~ AlcoholPS or alcohol intake status + age + sex + age2 + age*sex + 445 
age2*sex. (ALT = alanine aminotransferase, AST = aspartate aminotransferase, GGT = gamma-glutamyl 446 
transferase) 447 

Discussion 448 

Our study shows that a substantial proportion of plasma protein-disease associations identified in observational 449 

studies are the result of systemic effects of environmental risk factors on protein expression and do not reflect 450 

causal relationships between those proteins and disease. Instead, our results suggest that much of the predictive 451 

value of the disease-associated proteome stems from its association with environmental impacts, which have 452 

been historically challenging to evaluate consistently across studies using objective and quantitative approaches. 453 

This has significant implications for the clinical translation of disease risk estimates and biomarkers derived from 454 

plasma proteomics, as it indicates that in many cases the proteins may be capturing the effects of an upstream 455 

exposure driving changes in protein expression rather than directly contributing to disease onset. Our approach 456 

can be applied to numerous diseases and exposure types, helping delineate how plasma proteomic information 457 

can inform health interventions.    458 

 459 

Associations between protein levels and disease incidence observed in epidemiological studies are susceptible 460 

to confounding and other biases. We leveraged MR to determine which subset of protein-disease associations 461 

may represent direct, causal effects of proteins on disease onset. Many prior studies have focused on identifying 462 

causal proteins for specific diseases10,13,14, whereas our study investigated 19 different diseases that span 463 

common metabolic diseases (e.g. type 2 diabetes), immune-mediated diseases (e.g. rheumatoid arthritis and 464 

IBD), and cancers to discern potential patterns or differences in the proportions of causal proteins identified 465 
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between traits. Across diseases, we found only 8% of protein-disease pairs tested had any suggestive evidence 466 

for a causal relationship. The small proportion of putatively causal protein drivers identified in this study is 467 

consistent with findings from disease-specific studies, as well as two recent phenome-wide MR studies: one 468 

study found that less than 1% of the tested protein-phenotype pairs across 355 phenotypes were putatively 469 

causal20, and another study, which included different diseases and filters, similarly found less than 1% of 470 

significant protein-disease pairs were putatively causal using cis-pQTLs9. Despite the low numbers of MR-471 

nominated proteins, we confirm that this group of proteins includes more disease-specific signals, rather than 472 

broadly disease-associated proteins. Though MR-nominated proteins represent a small fraction of the proteome, 473 

their potential causal roles are critical to mechanistically characterize as they may constitute promising 474 

therapeutic targets.  475 

 476 

In the Cox PH models associating proteins with incident disease, we observed that many proteins were 477 

associated with multiple, often unrelated, diseases. One explanation is that environmental factors that impact 478 

shared pathways underlying many diseases also have widespread effects on the plasma proteome. In this study 479 

we explored this scenario and focused on smoking as an example of a known environmental risk factor for many 480 

diseases with persistent biological effects37. By integrating the MR and smoking analyses, we determined that 481 

for many proteins tested for causal effects on disease, their associations with incident disease outcomes are 482 

merely coincidental due to their independent associations with smoking. Our partitioning framework illustrates a 483 

strategy for honing in on the proteins that may be most relevant to disease – whether as putative therapeutic 484 

targets for pharmacological intervention (i.e. causal drivers), as quantitative sensors of environmental influences 485 

on disease (i.e. exposure-associated predictors), or alternatively as biomarkers of disease-specific processes 486 

beginning before diagnosis (i.e. non-causal predictors without smoking or other environmental exposure 487 

association). We note that our study is not an exhaustive investigation of potential environmental perturbations, 488 

and thus future work applying our approach to other environmental risk factors will enable further refinement of 489 

these groups. Based on our finding that disease-based proteomic scores for lung cancer and COPD were largely 490 

composed of smoking-associated predictors, other disease-based proteomic scores may similarly include non-491 

specific signals of other exposures that have extensive effects on the plasma proteome.    492 

 493 

We developed a proteomic score for smoking that demonstrates the potential of the plasma proteome to provide 494 

precise biomarkers of environmental risk factors. Distributions of the SmokingPS among previous and current 495 

smokers demonstrated the dynamic nature of the plasma proteome, sensitive to not only smoking status but also 496 

intensity and duration of smoking. This points to the ability of the plasma proteome to serve as an accurate and 497 

detailed proxy for smoking behavior and history in addition to, or even instead of, questionnaire data. For 498 

example, we identified a group of individuals in UKB who were labeled as current smokers but had a SmokingPS 499 
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distribution overlapping that of previous smokers; other questionnaire data in the UKB about smoking cessation 500 

revealed that they were most likely previous smokers. Potentially of even greater utility is the ability of the 501 

SmokingPS to capture and quantify heterogeneity among current smokers in terms of number of cigarettes 502 

smoked or total years of smoking, particularly for datasets that do not have questionnaire data as detailed as in 503 

the UKB.  504 

 505 

The ability of the SmokingPS to discriminate between current and never smokers (AUC=0.96) was similar 506 

although slightly lower compared to blood-based DNA methylation predictors of smoking, which were able to 507 

discriminate between current and never smokers with an AUC of 0.9838. Studies have found that methylation 508 

levels of most cytosine–phosphate–guanine sites (CpGs) revert to that of never smokers within 5 years of 509 

smoking cessation39,40, and the SmokingPS of previous smokers similarly resembled that of never smokers after 510 

around 4-5 years of smoking cessation. However, some CpGs have been found to not revert to the levels of 511 

never smokers even after 30 years of smoking cessation. In this study, we observed that proteins with the largest 512 

weights in the SmokingPS returned back to never-smoker levels within 5 years. Given the complexity and slower 513 

pace of epigenetic reprogramming41 and the greater biological interpretability of protein levels, plasma proteins 514 

may offer a more sensitive and mechanistically informative indicator of smoking. Nevertheless, large-scale 515 

datasets with both types of measurements will be needed to better understand the dynamics between epigenetic 516 

and proteomic biomarkers. 517 

 518 

The SmokingPS was also associated with incidence of several diseases, particularly diseases for which smoking 519 

is a known risk factor. The addition of the score to the smoking status variable offered modest improvements in 520 

prediction over the smoking status variable alone. This underscores that for diseases like lung cancer and COPD, 521 

the predictive ability of the plasma proteome likely lies in its ability to accurately quantify smoking effects. Sample 522 

sizes were too small in the UKB-PPP cohort to compare disease-based proteomic scores trained in non-smoking 523 

lung cancer and COPD patients, but this approach may reveal insights into the biology of these diseases 524 

unrelated to smoking, or the effects of other non-smoking exposures such as respiratory infections42 and poor 525 

cooking ventilation43.  526 

 527 

The AlcoholPS demonstrated similar effectiveness in quantifying alcohol intake behaviors, suggesting that the 528 

value of the proteome in this context is not limited to smoking. Self-reported alcohol intake has been shown to 529 

be particularly subject to misreporting and confounding, which has resulted in biased assessments of the effects 530 

of alcohol consumption in observational studies44. Thus, there is a critical need for more objective proxies of 531 

alcohol intake, and our study provides evidence that the plasma proteome may fill this gap. However, we note 532 

that we did not observe associations between alcohol status and incident diseases in this study, and thus we did 533 
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not pursue disease prediction analyses with the AlcoholPS. Alcohol-related disorders, such as alcoholic 534 

pancreatitis (N = 94), alcoholic cardiomyopathy (N = 8), cirrhosis (N = 43), and oropharyngeal cancers (N = 9), 535 

had limited sample sizes of incident outcomes in the UKB-PPP cohort, precluding prediction analyses using the 536 

AlcoholPS.  537 

 538 

We note several limitations. First, although we obtained the largest GWAS publicly available without UKB data 539 

for estimating the effects of genetic instruments on disease outcomes, limits in sample sizes may have limited 540 

statistical power for estimating effects in MR. Second, we adopted several strategies to ensure the robustness 541 

of the MR results, but violations of model assumptions are still possible; thus, potential causal drivers identified 542 

in this study will require further validation. Third, we utilized data from only European ancestry populations for 543 

the MR analyses, potentially limiting generalizability of the findings to other groups, although causal genetic 544 

effects are largely shared across populations45,46. Fourth, the proteins captured by these proteomic assays are 545 

not a completely random subset of the proteome; therefore, proteins involved in certain disease-specific 546 

pathways may not be represented or below limits of detection, and proteins involved in general disease activity 547 

may be disproportionately represented. Finally, we did not explore the possibility that some of the disease-548 

associated proteins may be biomarkers of early disease processes that begin prior to diagnosis due to limitations 549 

in EHR data. A key challenge for deeply curated clinical cohorts will be distinguishing between effects from 550 

unmeasured environmental factors and those arising from uncharacterized disease mechanisms.  551 

 552 

In conclusion, we highlight the environment as a prominent component of the reported predictive power of the 553 

disease-associated plasma proteome for patient outcomes. This underscores the challenge of interpreting 554 

proteomic data, given that environmental exposures, alongside inherited genetic variation and ongoing disease 555 

processes, have substantial impacts on plasma proteins. Drawing insights into disease-specific mechanisms 556 

from this data will require systematic characterizations to separate true causal disease signals from more general 557 

reflections of smoking or other factors. This is critical for not only understanding disease biology but also 558 

improving disease prediction, since models with more disease-specific proteomic biomarkers may be more 559 

portable across populations. Especially as the breadth of protein measurements are increasing at decreasing 560 

cost, clarifying the roles of plasma proteomic measurements from these biobank datasets will be an important 561 

step towards clinical translation.  562 

 563 

Our work also suggests that proteomic assays may open up a path toward measuring the impacts of the 564 

environment on human health and disease. Assessing genetic risk is now largely straightforward, thanks to 565 

assays that enable consistent, reproducible measurements across studies. However, this has not been the case 566 

for studies of environmental risk factors, where data tends to be collected using non-standardized questionnaires 567 
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and a diversity of other methods. Our findings point to the potential role of proteomic assays as a way to extend 568 

insights from smaller-scale studies on environmental exposures to other studies lacking comparable data, as 569 

well as develop quantitative biomarkers for exposures that may not have existing biological readouts. While our 570 

study focused on evaluating the aggregate predictive power of plasma proteins for disease-related exposures, 571 

complementary studies have focused on partitioning the variance in individual protein levels explained by 572 

exposures vs. genetics24,25. Although these studies show that only a small proportion of proteins are more 573 

influenced by non-genetic factors than genetics, we illustrated that in aggregate plasma proteins are highly 574 

accurate readouts of lifestyle factors (AUC = 0.96 for smoking, 0.98 for alcohol intake) because such a large 575 

proportion of the proteins are perturbed by these factors. Well-powered proteomic cohorts with detailed 576 

environmental measures and longitudinal health records are needed to comprehensively disentangle the effects 577 

of the environment vs. other factors like early disease processes on the disease-associated plasma proteome. 578 

Methods 579 

Proteomic profiling in the UK Biobank 580 

The UK Biobank Pharma Proteomics Project (UKB-PPP) is a precompetitive biopharmaceutical consortium 581 

formed with the goal of collecting and characterizing the plasma proteomic profiles of participants from the UKB47, 582 

a population-based cohort comprising approximately 500,000 individuals from the United Kingdom. The UKB 583 

has been described in Bycroft et al.47 and details on the data available in the UKB can be found at 584 

https://biobank.ndph.ox.ac.uk/showcase/. 54,219 participants were selected for the UKB-PPP cohort; we 585 

restricted the sample used for these analyses to participants within the cohort who were randomly sampled from 586 

the main UKB population. The Olink Explore 3072, an antibody-based proximity extension assay, was used to 587 

measure the abundance of protein analytes in each plasma sample. Measurements were provided in the 588 

Normalized Protein eXpression (NPX) values on a log2 scale. Full details on sample selection, the Olink assay, 589 

and data processing and quality control are described in Sun et al.6. We excluded three proteins missing in >10% 590 

of the sample (CTSS, NPM1, and PCOLCE), and imputed protein expression values of the remaining proteins 591 

using the miceforest package in Python. All proteins except those missing in >30% of participants were used as 592 

predictors for the imputation of each protein. We imputed a single dataset using a maximum of five iterations. All 593 

other parameters were left at default values. After imputation, proteomic data were normalized separately within 594 

each cohort by first rescaling values to be between 0 and 1 using MinMaxScaler() from scikit-learn and then 595 

centering on the median. The final dataset consisted of 2,923 proteins measured in 45,438 individuals. 596 
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Disease outcomes and other phenotypes in the UK Biobank 597 

Codes and data used to define prevalent and incident disease in the UKB are detailed in Supplementary Table 598 

20 from our previous publication48. Diagnoses and date of first diagnosis for all diseases in the UKB were 599 

ascertained using ICD diagnosis codes and corresponding dates of diagnosis taken from linked hospital 600 

inpatient, primary care and death register data. If a participant did not have a diagnosis code in hospital inpatient 601 

or primary care records, but the code was listed as a primary or secondary cause of death, then they were coded 602 

as a case with the date of diagnosis as the date of death. Primary care read codes were converted to 603 

corresponding ICD diagnosis codes using the lookup table provided by the UKB. Linked hospital inpatient, 604 

primary care and cancer register data were accessed from the UKB data portal on 22 February 2024, with a 605 

censoring date of 31 October 2022; 31 August 2022 or 31 May 2022 for participants recruited in England, 606 

Scotland or Wales, respectively (8–16 years of follow-up). Detailed information about the linkage procedure 607 

national registries for mortality and cause of death information in the UKB is available online 608 

(https://biobank.ctsu.ox.ac.uk/crystal/refer.cgi?id=115559) with. Mortality data were accessed from the UKB data 609 

portal on 22 February 2024, with a censoring date of 30 November 2022 for all participants (12–16 years of 610 

follow-up). 611 

 612 

We investigated the 23 diseases studied in Gadd et al.7, which represent a selection of leading age-related 613 

diseases: liver disease, systemic lupus erythematosus, type 2 diabetes, amyotrophic lateral sclerosis, 614 

Alzheimer’s dementia, endometriosis, COPD, inflammatory bowel disease, rheumatoid arthritis, ischemic stroke, 615 

Parkinson’s disease, vascular dementia, ischemic heart disease, major depressive disorder, schizophrenia, 616 

multiple sclerosis, cystitis, and lung, prostate, breast, gynecological, brain/central nervous system and colorectal 617 

cancers. Gynecological and breast cancer, endometriosis and cystitis were female-stratified; prostate cancer 618 

was male-stratified. For these diseases, sex was not included as a covariate in the Cox PH models.  619 

 620 

For smoking associations, self-reported smoking status (field ID 20116) was coded as a categorical dummy 621 

variable (0 = never, 1 = previous, 2 = current). Individuals who were labeled as never smokers in this field but 622 

reported being current or previous tobacco smokers (field ID 22506) were excluded from all analyses. Additional 623 

smoking variables used included: pack years (field ID 20161), cigarettes smoked per day in current smokers 624 

(field ID 3456), cigarettes smoked per day in previous smokers (field ID 2887), age stopped smoking from 625 

questionnaire data (field ID 2897), and age stopped smoking from medical records (field ID 22507). Number of 626 

years since smoking was computed based on the baseline age and age stopped smoking variables as follows: 627 

first, individuals with an age reported in either of the age stopped smoking variables were included; if individuals 628 

had ages reported in both fields which differed by 6 or fewer years, they were included and the average age 629 
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across the two fields was used; finally, years since smoking was calculated by subtracting the age of smoking 630 

cessation from the baseline age.  631 

 632 

For sensitivity analyses, C-reactive protein (CRP) and immune cell counts were also extracted from UKB (CRP: 633 

field ID 30710; basophil counts: field ID 30160; eosinophil counts: field ID 30150; lymphocyte counts: field ID 634 

30120; monocyte counts: field ID 30130; neutrophil counts: field ID 30140; white blood cell counts: field ID 635 

30000). CRP levels were natural log transformed; the dataset did not have outliers, defined as 4 standard 636 

deviations from the mean. White blood cell counts were transformed to Z-scores and outliers 4 standard 637 

deviations from the mean were excluded (N outliers = 76). Rank-based inverse normal transformation was 638 

performed on all other immune cell count phenotypes. 639 

 640 

In never smokers, we additionally collated a selection of 71 exposures, covering behavioral (e.g. exercise habits, 641 

media use), lifestyle (e.g. social activities, transportation) and environmental (e.g. pollution measures, traffic 642 

density) domains. The selection was partially curated based on Choi et al.49. The full list of variables can be 643 

found in Supplementary Table 8. 644 

 645 

For alcohol analyses, self-reported alcohol status (field ID 20117) was coded as a categorical dummy variable 646 

(0 = never, 1 = previous, 2 = current), and self-reported alcohol intake (field ID 1558) was also coded as a 647 

categorical dummy variable (4 = 1-3 drinks/month, 3 = 1-2 drinks/week, 2 = 3-4 drinks/week, and 1 = daily). 648 

Grams per day of alcohol intake were calculated using a method from a previously published paper in the UKB50. 649 

Liver biomarkers were extracted from UKB (ALT: field ID 30620; AST: field ID 30650; GGT: field ID 30730; 650 

Bilirubin: field ID 30840). Outliers, defined as 4 standard deviations from the mean, were excluded (ALT N outliers 651 

= 322; AST N outliers = 269; GGT N outliers = 425; bilirubin N outliers = 396). Rank-based inverse normal 652 

transformation was performed on all liver biomarkers. 653 

Cox PH models 654 

To identify which proteins were significantly associated with incident disease, we ran Cox proportional hazards 655 

(PH) models between each protein and incident disease outcome using the survival package (v3.4-0) in R51. 656 

Protein levels were inverse rank normalized for these models. The models were adjusted for age at baseline and 657 

sex; for sex-stratified outcomes, only age was included as a covariate. To assess significance, we used a 658 

Bonferroni-adjusted P-value threshold for multiple testing based on the 23 disease outcomes and 2,923 proteins 659 

tested (P-value < 0.05/(23 x 2923) = 7.41 x 10-7).   660 
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Mendelian Randomization 661 

To determine the subset of protein-disease associations identified by the Cox PH models that also potentially 662 

represent causal relationships, we performed two-sample Mendelian Randomization (MR). We used protein 663 

quantitative trait loci (pQTLs) as genetic instruments, which had been previously identified from GWAS of the 664 

2,941 protein analytes measured in 34,557 individuals of European ancestry in the UKB-PPP cohort6. We first 665 

mapped pQTLs to the GRCh38/hg38 build and selected any genome-wide significant pQTL (P-value < 5x10-8). 666 

We then excluded pQTLs located within the human major histocompatibility complex (MHC) region on 667 

chromosome 6 (positions 28510120 to 33480577), due to the complex LD structure in this region, and on the 668 

sex chromosomes. We additionally excluded pQTLs with MAF <= 0.005 and an INFO score <= 0.8. 669 

 670 

We restricted our analyses to the cis-pQTLs, defined as those on the same chromosome and within 1Mb of the 671 

transcriptional start site of the protein-coding gene. SNPs were allowed to be cis-pQTLs for one or more proteins. 672 

To identify independent cis-pQTLs, we applied clumping in PLINK (v1.9b7-x86_64) for each protein, using an 673 

LD threshold of r2 <= 0.001 and a reference panel including the 34,557 individuals of European ancestry from 674 

the UKB-PPP GWAS of protein levels6. To prevent underflow, -log10(P-values) across proteins were scaled to 675 

the [0,1] range before clumping. 676 

 677 

Genetic association data for the outcomes were selected based on exclusion of UKB data, to avoid overlap with 678 

the UKB-PPP cohort. 19 of the 23 disease outcomes had publicly-available GWAS that did not include UKB data 679 

and included only individuals of European ancestry, or were available in the FinnGen study36 (freeze 10). To 680 

boost power, we performed a meta-analysis of GWAS from FinnGen and Okada et al.52 for rheumatoid arthritis 681 

(RA) using the METAL software53. For outcome GWAS without minor allele frequency (MAF) information, which 682 

is required to perform Steiger filtering, we extracted MAF data from the non-Finnish European ancestry group 683 

(NFE) in gnomAD v4.1.054. For the rheumatoid arthritis meta-analysis, the MAF used was computed as follows: 684 

(MAFFinnGen*NFinnGen + MAFgnomAD_NFE*NOkada_2014)/(NFinnGen + NOkada_2014), where FinnGen refers to the FinnGen 685 

GWAS for RA and Okada_2014 refers to Okada et al.52. The full list of outcome GWAS can be found in 686 

Supplementary Table 2. 687 

 688 

For each outcome GWAS, we then harmonized the cis-pQTLs to ensure the effect allele of the SNPs in the 689 

exposure and outcome GWAS matched. We used the R package TwoSampleMR55 to perform the harmonization. 690 

We additionally excluded cis-pQTLs with F-statistics <= 10, and performed Steiger filtering to exclude variants 691 

with larger correlations with the outcome than the exposure.  Ultimately, we tested 2,373 protein-disease pairs 692 

with genetic instruments that were significant (Bonferroni-adjusted P-value < (19*2923) = 8.97 x 10-7) in the Cox 693 

PH associations (Supplementary Table 3). 694 
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 695 

The Wald ratio test was applied to proteins with only one cis-pQTL, and the inverse-variance-weighted (IVW) 696 

method was applied to proteins with 2 or more cis-pQTLs. Additionally, for protein-disease pairs with more than 697 

2 cis-pQTLs, MR-Egger was applied to test for horizontal pleiotropy. These tests were run using the 698 

MendelianRandomization package in R56. Heterogeneity statistics were also extracted from the IVW tests from 699 

the MendelianRandomization package. Scripts to perform genetic instrument harmonization and run the MR 700 

tests were adapted from https://github.com/globalbiobankmeta/multi-ancestry-pwmr21.  701 

Smoking associations 702 

Associations between inverse rank normalized protein levels and self-reported smoking status in the UKB were 703 

tested using linear regression using the speedglm package57. All models were adjusted for age, sex, age x sex, 704 

age2, and age2 x sex. A Bonferroni-adjusted P-value threshold for multiple testing was used (P-value < 0.05/2923 705 

= 1.7 x 10-5) to assess significance. The same approach was applied to test associations between the inverse 706 

rank normalized protein levels and self-reported alcohol status in the UKB.  707 

 708 

To partition proteins based on the MR analyses and smoking associations, we first extracted all protein-disease 709 

pairs tested in the Cox PH models that were also tested in MR (i.e. had valid genetic instruments). We then took 710 

the subset of protein-disease pairs that reached significance in the Cox PH models based on a Bonferroni-711 

adjusted P-value threshold (P-value < 0.05/(19 x 2923) = 8.97 x 10-7). The unique proteins across these protein-712 

disease pairs (N = 782) were then carried forward and combined with the smoking association results to 713 

determine which of these proteins were significantly associated with smoking. Results were visualized and 714 

plotted in an UpSet plot using the ComplexHeatmap package (v2.15.4)58 in R. All above analyses were 715 

conducted using R v.4.4.0.  716 

Proteomic Score for smoking and alcohol intake 717 

We developed a proteomic score for smoking using LASSO logistic regression in the R package glmnet 718 

(v4.1.8)59. We trained this score using the protein levels of UKB-PPP individuals who reported current and never 719 

smoking. We first randomly sampled 50% of this cohort to use for training and performed 10-fold cross-validation 720 

to select protein features and derive their weighting coefficients. We then generated scores in the remaining 50% 721 

of the cohort not used for training by computing the weighted sum of the levels of proteins selected in training. 722 

These scores were evaluated using AUC statistics calculated via the R package pROC (v1.18.5)60. We also 723 

evaluated the score, using the LASSO weights of the selected proteins, in participants from the FinnGen study 724 

with plasma protein measurements from Olink Explore and smoking status information (N current/previous 725 

smokers = 850 and N never smokers = 1,013).  726 
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 727 

To further evaluate the SmokingPS, we stratified the UKB-PPP cohort by years since smoking cessation in 728 

previous smokers, pack years in current and previous smokers, and cigarettes smoked per day in current 729 

smokers. Current smokers who reported an age stopped smoking or did not report cigarettes smoked per day 730 

were excluded from these analyses. Additionally, outliers with pack years or cigarettes smoked per day 4 731 

standard deviations away from the mean were excluded. 732 

 733 

We tested associations between the SmokingPS and incident disease outcomes (the 19 diseases that were 734 

tested in MR) using Cox PH models using the survival package (v3.4-0) in R51. For comparison, seven models 735 

were tested: (1) a baseline model including age, sex, age2, age × sex, age2 × sex, and first 10 genetic PCs, 736 

sourced from the Pan-UKB project61; (2) all covariates in the baseline model and smoking status; (3) all 737 

covariates in the baseline model and the SmokingPS; (4) all covariates in the baseline model, smoking status, 738 

and the SmokingPS; (5) all covariates in the baseline model and CRP; (6) all covariates in the baseline model 739 

and immune cell counts; (7) all covariates in the baseline model, smoking status, the SmokingPS, CRP, and 740 

immune cell counts. Results were plotted using the R package forestploter62. Associations between the 741 

SmokingPS and 71 environmental exposures were tested in never smokers using the glm function in R.  742 

 743 

For the proteomic score for alcohol intake, we followed the same protocol used to develop and evaluate the 744 

SmokingPS. We trained this score using the protein levels of UKB-PPP individuals who reported never (N = 745 

2,165) and daily (N = 9,185) drinking. We also developed sex-specific AlcoholPS, by first splitting individuals by 746 

sex and then training the scores separately in males (N daily = 5,233; N never = 653) and females (N daily = 747 

3,891; N never = 1,498). We additionally matched the sample sizes of never and daily drinkers to that of the 748 

smaller sex-specific group (i.e. downsampled daily drinkers in males to the sample size of daily drinkers in 749 

females and never drinkers in females to the sample size of never drinkers in males), and evaluated the score 750 

trained on the combined dataset of males and females with matching sample sizes. To evaluate the AlcoholPS, 751 

we stratified the current drinkers by alcohol intake frequency, as well as bins of grams of alcohol intake as defined 752 

by the derived alcohol intake variable.  753 

Data availability 754 

Individual-level data from the UK Biobank can be accessed via application at https://www.ukbiobank.ac.uk/. We 755 
accessed UK Biobank data under application 31063. GWAS summary statistics can be accessed as described 756 
in their respective papers in Supplementary Table 2 and in the FinnGen study36. Weights for the proteomic scores 757 
will be made available upon publication. Further information and requests for resources should be directed to 758 
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and will be fulfilled by the lead contact, Kristin Tsuo (ktsuo@broadinstitute.org), upon reasonable request. Code 759 
used for data preparation and analysis will be made available on GitHub before journal publication. 760 
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