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Plasma proteome mediates the associations
between air pollution exposure and
disease risk

Wenran Li 1,5, Kaixuan Li1,5, Puchen Zhou1, Yingyu Cheng1, Yiran Zhao1,2,
Xia Meng3, Yue Niu3, Geng Zong1, Guoqing Zhang4, Haidong Kan 3 &
Sijia Wang 1

Air pollution has been increasingly linked to a wide range of diseases, yet the
underlying biological mechanisms remain poorly understood. Here, we sys-
tematically investigate how circulating proteins mediate the health effects of
multiple air pollutants and quantify individual susceptibility. Using large-scale
data from theUKBiobank, we identify 30 diseases significantly associatedwith
air pollution exposure. We uncover 1,089 pollutant-associated proteins enri-
ched in immunepathways, amongwhich 296 significantlymediate disease risk.
Notably, the mediating pathways of air pollution vary by disease types,
involving MAPK signaling in cardiovascular diseases, innate immunity in
immune disorders, carbohydrate metabolism in metabolic diseases, and cell
proliferation in respiratory conditions. Globally, the proteome mediates
23.69% of the association between air pollution and diseases. Based on these
mediators, we develop an Air Pollution Protein Risk Score (APPRS), which
shows robust associations with disease risk in the UKBB and two external
validation cohorts. APPRS also improves disease prediction when integrated
into baseline models. Collectively, our study highlights the central role of
circulating proteins in mediating the health impacts of air pollution and
introduces APPRS as a tool for personalized risk assessment and precision
public health interventions.

Air pollution, including particulate matter (PM2.5, PM10) and nitrogen
oxides (NO2, NOx), is widely recognized as an environmental risk factor
for multiple diseases, linked to respiratory, cardiovascular, immune,
and metabolic health1–21. Epidemiological studies have extensively
studied the associations between air pollutants and adverse health
effects over the past decades, providing evidence of increased mor-
bidity and mortality through various physiological pathways22–24.
However, despite significant evidence linking air pollution to

numerous health outcomes25,26, the underlyingmolecularmechanisms
that mediate the effects of air pollution on human health remain lar-
gely unexplored27.

Previous research has identified inflammation, oxidative stress,
immune dysregulation, epigenetic alterations, and endocrine disrup-
tion as shared pathogenic pathways in pollution-related diseases28. To
further investigate the molecular mechanisms underlying these pro-
cesses, recent studies have begun integrating exposure data with
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proteomics profiles in narrow contexts29,30. For example, controlled
exposure experiments have demonstrated dose-dependent changes in
cardiovascular-related proteins29, and cohort studies in young adults
have shown that ambient air pollution significantly perturbs the car-
diometabolic proteome30. However, these studies focus solely on
molecular responses to air pollution without linking them to clinical
outcomes, leaving the mediating role of proteomic signatures in
pollution-related disease development still unclear.

With the release of UKBB proteomic data, plasma proteins have
been increasingly linked to various complex diseases31–33. Meanwhile,
emerging evidence suggests that inflammation-related proteins may
mediate the effects of air pollution on health34–37. For instance, a recent
study has investigated themediating role of proteins in the association
between air pollution and depression38. However, the existing studies
have been limited to a few specific proteins or a single disease out-
come. A systematic investigation is needed to identify the proteomic
signatures that underlie the health impacts of air pollution and their
potential role in mediating individual disease susceptibility.

The effect of air pollution on populations varies, with significant
heterogeneity in individual susceptibility39. Previous studies have
highlighted these differences, showing that some individuals are more
vulnerable to developing diseases than others40–42. While one indivi-
dual has a unique proteomic profile, proteomic mediation analysis
offers a promising approach tounderstanding the individual variability
associated with environmental exposures43,44. However, despite the
potential of leveraging proteomics to better understand the impact of
air pollution on diseases, current research has yet to integrate large-
scale cohort data and omics approaches to quantify this relationship.

In this work, we address these gaps by assessing the role of pro-
teins in mediating the effects of air pollution on diseases. Leveraging
data from UKBB, we systematically investigated the associations
between air pollutants, proteomic profiles, and a wide range of dis-
eases. Based on the findings of mediation analysis, we constructed an
index named APPRS to quantify individual susceptibility to the health
effects of air pollution. Together, our study not only elucidates pro-
teomic pathways that mediate air pollution’s impact on human health
but also introduces a quantification that may facilitate precision
environmental health strategies and personalized disease prevention.

Results
Study design
We conducted our analysis using data from the UK Biobank (UKBB), a
large-scale prospective cohort that recruited 506,319 participants
between April 4, 2006, and October 1, 2010 (Fig. 1A). For each parti-
cipant, long-term air pollution exposures were estimated at baseline
(2005–2010) based on residential address, and disease outcomeswere
prospectively ascertained through linkage to health records. Incident
cases were defined as diagnoses occurring after 2010, which ensured
that exposure assessment preceded disease onset in all analyses. Data
on four air pollutants (PM2.5, PM10, NO2, and NOx) and 36 disease
outcomes were collected and processed (Supplementary Data 1, 2).
First, a systematic association analysis between air pollutants and 36
diseaseswas carried out on 502,131 participantswhohad available data
on air pollution and disease but lacked proteomic measurements.
Then, in the following analysis, we systematically excluded individuals
without proteomic data, resulting in a study population of 49,242
participants with available data on air pollutants, 1,463 circulating
proteins, and 36 disease outcomes.

As illustrated in Supplementary Fig. 1, we assessed the paired
associations within air pollution (PM2.5, PM10, NO2, NOx, and an
aggregated air pollution index), proteins, and diseases. To gain bio-
logical insights, we performed functional enrichment analyses for the
identified proteins. Next, to further elucidate the role of proteins in
linking air pollution to disease risk, we performed amediation analysis
in 49,242 participants, identifying key proteins that significantly

mediated the effects of air pollution on disease development. Besides,
to quantify individual susceptibility to air pollution, we developed an
Air Pollution Protein Risk Score (APPRS) based on identifiedmediating
proteins and incorporated it into disease predictionmodels. Finally, to
assess the robustness and generalizability of the APPRS, we validated it
in two independent external cohorts, demonstrating its predictive
performance across diverse populations.

Overview of the impact of air pollutants on diseases
While some of the diseases have been previously studied to be asso-
ciated with air pollution in UKBB (Supplementary Fig. 2A, B; Supple-
mentary Data 3), the effects of air pollution on 20 of the diseases have
not been reported in the UKBB cohort. Therefore, we first system-
atically assessed the effects of air pollution on various diseases using
Cox models. Our findings reveal that mental health disorders (schi-
zophrenia), immune diseases (multiple sclerosis, peripheral artery
disease, and systemic lupus erythematosus), cardiovascular diseases
(hypertension and anemia), skin diseases, and metabolic disorders
(obesity) are affected by different air pollutants (Supplementary
Fig. 2C). Besides, we found that distinct diseases were primarily asso-
ciated with different air pollutants. PM pollutants were predominantly
linked to immune diseases, consistent with their ability to induce
systemic inflammation and oxidative stress, while NO₂ and NOx had
greater impacts on metabolic diseases and neuron diseases. In con-
trast, lung diseases and cardiovascular diseases exhibited relatively
balanced associations across all pollutants, suggesting potential
synergistic interactions across the effects (Supplementary Fig. 3).

Since individuals are often exposed to multiple pollutants simul-
taneously, we proposed the concept of an air pollution index (AP
index) to systematically evaluate the degree of air pollution exposure
by integrating multiple pollutants. We observed a significant con-
sistency between our AP index and the Living Environment Score
proposed by the UKBB, which reflects the quality of an individual’s
immediate surroundings both indoors and outdoors (Rcor = 0.524;
Supplementary Fig. 4). Next, weexamined the effect of theAP index on
diseases and found that 29 diseases were influenced by AP index
(Fig. 1B). This suggests that the AP index allows for a more compre-
hensive understanding of the relationship between air pollution and
diseases. Among these associations, we found that air pollution had
the strongest impact on pulmonary and immune diseases, while its
association with cancer was relatively weaker (Fig. 1C). Besides, we
observed discrepancies in statistical significance between individual
pollutants and the aggregated AP index across several disease out-
comes, potentially due to the integration of heterogeneous exposure
signals or differences in statistical power (Supplementary Texts and
Supplementary Fig. 5).

Effects of air pollutants on circulating proteins
Of all participants in UKBB, 49,242 individuals (9.8%) had valid pro-
teomic data, which were used to investigate the correlation between
air pollutants and the proteome. We performed a proteome-wide
association study (PWAS) analysis for each type of air pollutant and
identified a total of 852 proteins significantly influenced by air pollu-
tion (Fig. 2A and Supplementary Fig. 6; Supplementary Data 4). Addi-
tionally, 770 proteins were identified to be associated with the AP
index, among which 237 were not captured by the PWAS of individual
pollutants (Fig. 2B; Supplementary Data 5). Moreover, we found that
while a small subset of proteins was associated with only a single air
pollutant—30.66% for PM2.5, 36.99% for PM10, 33.05% for NO2, and
7.05% for NOx—the majority exhibited with multiple pollu-
tants (Fig. 2C).

The proteins associatedwith air pollutionwere primarily enriched
in functions related to immune processes and stimuli responses,
including cytokine activity, cytokine receptor binding, chemotaxis,
and leukocytemigration (Fig. 2D). Thepathway enrichment analyses in
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KEGG45 and Reactome46 revealed consistent findings with the func-
tional terms identified in GO (Fig. 2E-F; Supplementary Data 6). Nota-
bly, the enrichment observed with the AP index was more significant
than that observed for individual pollutants, highlighting the broader
impact of cumulative air pollution exposure. Moreover, the specific
proteins associated with each individual air pollutant showed distinct
enrichment patterns (Supplementary Fig. 7). For example, PM-specific
proteins were specifically associated with the MAPK cascade and cell

adhesion (PGO: 0043410 = 6.5e−12 and PGO: 0022407 = 1.9e−11; Supple-
mentary Fig. 7A, B), while NO-specific proteins were primarily related
tonervous system functions, such as the ensheathment of neurons and
negative regulation of nervous system processes (PGO: 0007272 = 5.9e
−05 and PGO: 0031645 = 5.9e−05; Supplementary Fig. 7C, D). Common
proteins shared across the different pollutants were predominantly
associated with immune processes and cell chemotaxis (Supplemen-
tary Fig. 7E). In general, although the proteins commonly associated
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Fig. 1 | Overview of the study design and the associations between air pollu-
tants and diseases. A Overview of the data description and study design, illus-
trating the schematics of air pollutants, proteomic data, and disease information.
Partly created in BioRender. Li, W. (2025) https://BioRender.com/oiqulw5. B The
associations betweenvarious pollutants andmultiple diseases. Thefirst coloredbar
represents the different types of diseases, while the second bar indicates whether
an association between the pollutant and the disease has been reported. The color
gradient in the heatmap corresponds to the Hazard Ratios (HRs) derived from Cox

proportional hazardsmodels. Significant associations (P <0.05) aremarkedwith an
asterisk (*). C The forest plot illustrates the associations between AP index and
various diseases (n = 502,131 participants). Data are presented as HRs with 95%
confidence intervals (CI) derived from Cox proportional hazards models. The AP
index is the weighted sum of the air pollutants (PM2.5, PM10, NO2, and NOx). Sig-
nificant differences are marked with asterisks (***P <0.001). Source data are pro-
vided in the Source Data file.
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across pollutants are primarily linked to immune functions, different
air pollutants can specifically impact distinct biological pathways
(Supplementary Fig. 7F).

Proteome mediates the association between air pollution and
diseases
To investigate the role of the proteome in mediating the effects of air
pollutants on disease risk, we calculated the associations between

proteins and diseases using Cox models, selecting proteins that are
significantly causal for each disease (Bonferroni-corrected P <0.05;
Supplementary Texts, Supplementary Figs. 8–10, and Supplementary
Data 7). By intersecting these proteins with those associated with air
pollutants identified in our study, we obtained 479 proteins that were
simultaneously associated with both air pollution exposure and cor-
responding diseases. Then, we performedmediation analysis to assess
whether the proteins serve as mediators between air pollutants and

Fig. 2 | Associations between plasma proteins and air pollutants. A Manhattan
plot of PWAS results for PM2.5, PM10, NO2, and NOx (n = 49,242 participants).
Associations were assessed using linear models via the limma package. Colored
dots represent proteins significantly associated with the corresponding air pollu-
tant. The −log₁₀(p) in y-axis represents the statistical significance of the association
between proteins and the pollutants. The gray horizontal line represents the sig-
nificance threshold of P <0.05, while the colored horizontal lines indicate the
threshold of FDR <0.05 (Benjamini-Hochberg correction).B Volcano plot of PWAS
results for the AP index from linear models. Red dots represent significantly
upregulated proteins, and blue dots represent significantly downregulated

proteins at the threshold of FDR<0.05. C Number of proteins significantly asso-
ciated with each air pollutant (PM2.5, PM10, NO2, NOx). The darker color in each bar
represents proteins specific to a single pollutant, while the light color represents
proteins associated with multiple pollutants. Functional enrichment analysis of
proteins associated with different air pollutants in terms of GO (D), KEGG (E), and
Reactome (F) databases. The −log₁₀(p.adjust) shows the enrichment significance
using Fisher’s exact tests, adjusted for multiple comparisons using the Benjamini-
Hochberg method. Top 10 most significantly and commonly enriched functions
and pathways are shown. Source data are provided in the Source Data file.
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diseases (Fig. 3A; Supplementary Data 8). Among the 36 diseases
examined, we found 23 diseases were significantly influenced by air
pollution through proteomic mediation (Supplementary Fig. 11), of
which 12 were influenced by AP index (Fig. 3B). For example, six pro-
teins, includingNOS3, TGFB1, IDUA, KYNU, THY1, and FGF21,mediated
the association between AP index and ischaemic heart disease (IHD). 5
of the 6proteins (NOS3, TGFB1, THY1, FGF21, andKYNU)were involved

in the cellular catabolic process and regulation of transmembrane
transport, which are the dysregulated processes resulting from oxi-
dative stress triggered by air pollution (Fig. 3C).

Besides, a large overlap was observed among the mediating pro-
teins across different air pollutants (Fig. 3D). The proportion of med-
iation varied on the specific air pollutants, and different diseases
exhibited distinct mediation patterns influenced by air pollutants
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(Supplementary Data 9). While many diseases were influenced by
common mediating proteins, some diseases were predominantly
mediated by PM-related proteins, such as chronic kidney disease
(CKD), heart failure, and arrhythmia. In contrast, other diseases, such
as non-alcoholic fatty liver disease (NAFLD), were primarily mediated
by NO-associated proteins (Fig. 3D).

The number of proteins acting as mediators varied across dis-
eases, with an average of 29 proteins significantly mediating the
associations between air pollutants and diseases (Fig. 3E; Supple-
mentary Fig. 12). To assess the global mediation effect of the pro-
teome, we computed the top 10 principal components of protein
abundances and used the weighted sum ofmediation proportions as a
global mediation measure, following the approach described in refs.
47,48. On average, the proteome mediated 23.69% of the total effects
of air pollution on diseases, with the highest mediation proportions
observed in pneumonia (27.55%), IHD (36.73%), and CKD (35.33%;
Fig. 3E; Supplementary Data 10).

To further investigate the specific pathways mediating the asso-
ciations between air pollution and various diseases, we performed
functional enrichment analyses on disease-specific mediator proteins
and those shared across multiple diseases (Fig. 3F; Supplementary
Fig. 13A). Our results revealed that mediators shared by two or more
diseases were enriched in processes related to protein phosphoryla-
tion and immune responses (Supplementary Fig. 13B). Notably, stra-
tified analyses revealed distinct enrichment patterns across disease
categories. Cardiovascular disease-specific mediators were particu-
larly associated with regulation of the MAPK cascade and protein
phosphorylation pathways, while those unique to immune diseases
were enriched in innate immune response and positive regulation of
cell adhesion (Supplementary Fig. 13C, D). Metabolic disease media-
tors demonstrated strong involvement in carbohydrate and mono-
saccharide metabolic processes, and lung disease mediators were
predominantly linked to cell population proliferation (Supplementary
Fig. 13E, F).

Next, to identify key mediating proteins, we calculated the
stacked mediation proportion across diseases for each mediator and
ranked the mediators based on their contribution to the mediation
proportion. The top ranked proteins exhibited the greatest mediating
effects of AP index on disease outcomes (Fig. 3G). Among them,
NUCB2, DPY30, and MMP12 were the most prominent mediators, with
stacked proportions of 44.19%, 43.73%, and 39.33%, respectively. A
comparison between healthy and unhealthy individuals revealed sig-
nificant differences in the expression of these key mediating proteins
at baseline, with the diseased population showing distinct expression
patterns (Supplementary Fig. 14). Functionally, NUCB2 is the precursor
of nesfatin-1, a peptide involved in cardiovascular regulation and stress
response; DPY30 is a core component of an epigenetic modification,
histone methyltransferase complex, which is easily influenced by
environmental factors; MMP12 is an enzyme belonging to the matrix
metalloproteinase family, which plays a key role in inflammation and
immune response. Besides, by querying the DrugBank database49, we
found that 23 out of the 65 identified proteins have been previously

documented as drug targets associated with different diseases (Sup-
plementary Fig. 15; Fisher’s exact test P = 2.73e–82).

APPRS represents individual sensitivity to the health effects of
air pollution
The design of our mediation analysis quantified the role of individual
proteomicprofiles inmediating the effects of air pollution ondiseases.
The mediating proteins identified in our study provided insights into
how environmental exposure influences disease through proteomic
alterations. Thus, to quantify individual susceptibility to the effects of
air pollution, we developed an air pollution-related protein risk score
(APPRS), integrating proteins identified as mediators of the effects of
pollutants on diseases using a designed statistical model (detailed in
Methods). A total of 65 proteins, identified asmediators in at least two
diseases, were selected to construct the APPRS (Fig. 3G; Supplemen-
tary Data 11). The coefficients used for APPRS construction were
derived from the mediation effects of each protein on the association
between air pollution and a specific disease, therebymaking theAPPRS
disease-specific (Supplementary Fig. 16).

The distribution of APPRS follows a normal distribution and
shows a positive correlation with the AP index (Supplementary
Figs. 17–19). To check heterogeneity in individual susceptibility, we
conducted subgroup analyses of APPRS across key demographic
strata. Significant inter-group differences were observed (Supple-
mentary Texts and Supplementary Figs. 20–24). Then, we compared
APPRS distributions between healthy individuals and those with dis-
eases. Consistently, APPRS was significantly elevated in individuals
with diseases compared to those in a healthy state (Fig. 4A). This
finding supports the notion that APPRS represents individual sus-
ceptibility to the effects of air pollution, with substantial inter-
individual variability; higher APPRS values were associated with
poorer health conditions. In addition, we investigated the associations
between APPRS and disease incidence rates. Across the 12 diseases,
individuals with higher APPRS percentiles at baseline exhibited ele-
vated observed event rates (Fig. 4B). Notably, the strongest associa-
tions between APPRS and disease risk were observed in lung diseases,
such as chronic obstructive pulmonary disease (COPD) and pneumo-
nia (PCOPD = 3.93e−49; Ppneumonia = 3.54e-30), while the associations
were slightly weaker in metabolic diseases such as T2D and NAFLD
(PT2D = 8.91e-43; PNAFLD = 3.97e-25).

To further assess the generalizability of APPRS, we validated its
practicality in two independent external cohorts: the Panmonogenic
cohort and the HERITAGE cohort. In the Panmonogenic cohort, we
found that individuals with immune diseases exhibited significantly
higher global APPRS compared to healthy individuals (Fig. 4C), rein-
forcing the link between air pollution susceptibility and immune dys-
function. In the HERITAGE cohort, participants were stratified into
three groups based on their cardiorespiratory fitness (CRF) levels.
Since CRF was closely associated with cardiovascular efficiency and
vascular function50,51, both arrhythmias APPRS and peripheral artery
disease (PAD) APPRS were calculated and compared across these
groups (Fig. 4D-E). Notably, individuals with higher CRF levels

Fig. 3 | Mediation analysis of air pollution, the proteome, and disease out-
comes. A A schematic diagram illustrating the mediation analysis framework
between air pollutants, the proteome, and disease outcomes. Created in BioR-
ender. Li, W. (2025) https://BioRender.com/18w5kd1. BMediation results of the AP
index on various diseases through different proteins. Diseases included pulmonary
diseases (red), cardiovascular diseases (purple), immune diseases (blue), and
metabolic diseases (green). C An example illustration of the mediation process,
illustrating how proteins link air pollution to disease via specific biological pro-
cesses. D Classification of mediator proteins across different air pollutants and
diseases. Y-axis represents the proportion of mediating proteins for each disease.
Blue-shaded proteins are primarily mediators for PM exposures (PM2.5 and PM10),
yellow-shaded proteins are mediators for nitrogen oxides (NO2 and NOx), and

unshaded proteins are shared mediators. E The number of mediators for different
diseases (circle size) and the overall mediation proportion of the proteome across
different air pollutants (circle color). F Functional enrichment of disease-specific
mediators. Significance was determined using Fisher’s exact tests, and P values
were adjusted for multiple comparisons using the Benjamini-Hochberg method.
Pathways are grouped by disease category and color-coded for clarity (cardiovas-
cular, immune, metabolic, lung). Partial overlap of pathways between diseases
reflects shared molecular components in enrichment analyses. G Stacked media-
tion proportions of mediator proteins across diseases. Proteins are ranked based
on their cumulative mediation proportions between the AP index and various
diseases. Source data are provided in the Source Data file.

Article https://doi.org/10.1038/s41467-026-68972-6

Nature Communications |         (2026) 17:2206 6

https://BioRender.com/18w5kd1
www.nature.com/naturecommunications


exhibited lower arrhythmias APPRS values, consistent with previous
findings that higher CRF is associatedwith improved cardiopulmonary
function and more efficient oxygen utilization52. Likewise, individuals
with higher CRF levels also alignedwith lower PADAPPRS values, likely
due to enhanced vascular health and endothelial function associated
with better CRF53. We also found that APPRS did not show significant
differences in phenotypes unrelated to air pollution, supporting its

specificity in capturing pollution-associated disease risk (Supplemen-
tary Texts; Supplementary Fig. 25).

Next, to investigate whether air pollution and APPRS interact in
influencing disease incidence, we analyzed the association between
APPRS and disease risk under varying levels of air pollution exposure.
Participants were stratified into three groups based on their air pol-
lution exposure levels, and within each group, we compared disease
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incidence between individuals with high versus lowAPPRS. The results
showed that, within the same exposure category, individuals with
higher APPRS consistently exhibited a greater disease incidence.
Moreover, increased air pollution exposure was independently asso-
ciated with a higher disease risk (Supplementary Fig. 26). The most
significant patterns were observed in lung diseases (COPD and pneu-
monia) and immunediseases (RA and LE),whereas the trendswere less
notable for CKD, NAFLD, and cardiovascular diseases (IHD and
arrhythmia). Moreover, similar trends were observed across different
pollutants (Supplementary Figs. 27–30), further supporting the gen-
eral interaction between APPRS and air pollution.

APPRS improves prediction performance for the early onset of
diseases
Building on the understanding that APPRS is positively associatedwith
disease risk, we developed predictive models that integrate APPRS
with basic features (age, sex, smoking status, alcohol consumption,
race, and BMI) and clinical variables (ApoB/ApoA, albumin, creatinine,
HbA1c, and glucose) to assess the early onset of diseases related to air
pollution (Fig. 5A).Models usingonly basic or clinical informationwere
established as baseline models. We compared the performance of
models incorporating APPRS with that of baseline models. The results
showed that incorporating APPRS as an additional feature consistently
improvedmodel performance, leading to average AUROC increases of
3.64% and 6.67% compared to basic and clinical models, respectively
(Fig. 5B, C; Supplementary Data 12). The final model, which integrated
APPRS with both basic and clinical features, achieved the highest
predictive performance, with an average AUROC of 77.25% (Fig. 5D;
Supplementary Fig. 31).

To assess the sensitivity of APPRS in the prediction model, we
designed three comparative models. The first comparative model
constructed a random protein score by randomly selecting the same
number of proteins and derived this score by applying the same sta-
tistical models as APPRS. In the second comparative model, proteins
were still randomly selected but restricted to those significantly
associated with the corresponding diseases.

We then compared the performance of prediction models incor-
porating APPRS with those incorporating either type of random pro-
tein score in the baseline model. The results showed that across all
diseases, models with APPRS significantly outperformed those with
random protein scores, illustrating the predictive value of APPRS in
diseaseprediction (SupplementaryFig. 32A, B).Next,wecompared the
predictive performance of models incorporating AP index versus
APPRS as features in the baseline model. The results demonstrated
that APPRS consistently improved prediction performance and out-
performed the AP index across all diseases (Supplementary Fig. 32C).
These comparative models highlight the superior ability of APPRS to
quantify individual susceptibility to improve disease prediction.

To evaluate the contribution of APPRS to the prediction, we
examined the model coefficients of all predictive features. Among all
predictors, we found APPRS had the most significant impact,
accounting for 23.34% of the variation in disease outcomes (Fig. 5E).
Additionally, we validated the predictive utility of APPRS in an external
cohort, the HERITAGE cohort. While the Panmonogenic cohort only
provided average protein expression data across disease subtypes, the

HERITAGE cohort offered individual-level proteomic data and CRF
measurements, making this cohort suitable for validation. In the
HERITAGE cohort, we compared the performance of the baseline
model, which was built using only age, sex, race, and BMI, with the
model that incorporated APPRS in addition to the baseline features
(Fig. 5F). Results showed that adding APPRS improved 2.77%of AUROC
in model performance, with APPRS contributing 75.41% to the pre-
diction (Fig. 5G).

Discussion
In this study, we explored the potential mediating role of proteins in
the associations between air pollution anddiseases, utilizing data from
49,242 participants with available proteomic data in the UKBB. We
identified significant associations between air pollution and 30 dis-
eases, including 14 new associations not previously reported in UKBB.
Ourfindings demonstrate that theproteomemediates the effects of air
pollution on disease susceptibility, with a globalmediation proportion
of 23.69%. Additionally, we developed an APPRS score, which suc-
cessfully quantified individual susceptibility to air pollution exposure
and predicted various disease risks. Moreover, APPRS was validated in
two independent cohorts and showed strong associationswith specific
health outcomes, providing a valuable tool for predicting the onset of
diseases related to air pollution.

In recent decades, UKBB has been extensively used to investigate
associations between air pollution and various health outcomes1–21.
However, most of these studies have only focused on the associations
with a particular disease outcome, without exploring the differential
impact of specific air pollutants on different disease categories. In this
study, we systematically examined the associations of multiple air
pollutants with 36 diseases and identified the dominant pollutants for
each disease. Our results revealed that PM pollutants were pre-
dominantly associated with immune-related diseases, consistent with
their known role in inducing systemic inflammation and oxidative
stress54. Nitrogen oxides were more strongly linked to metabolic and
neurological disorders, aligning with previous findings suggesting
their involvement inmetabolic dysregulation55 and cognitive decline56.
More interestingly, lung and cardiovascular diseases exhibited rela-
tively balanced and significant associations across all pollutant types,
which may suggest their broad susceptibility to air pollution.

Several studies have investigated the relationship between air
pollution and proteomic alterations. However, these studies typically
focus on a limitednumber of proteins, such asC-reactive protein (CRP)
and other inflammation-related biomarkers57. For instance, a study
from Stockholm County found that ambient air pollution exposure is
associated with changes in inflammation-related protein levels in
young children58. While informative, these studies weremostly limited
to specific functional proteins and were conducted in relatively small
cohorts, lacking a comprehensive exploration of the circulating pro-
teome. Our study systematically assessed the effects of various air
pollutants on a wide spectrum of circulating proteins, revealing
potential biological mechanisms underlying pollutant-specific
impacts. PM-specific proteins were observed to be related to MAPK
cascades and cell adhesion, consistent with previous reports that PM
exposure induces reactive oxygen species (ROS) production and
enhances adhesion molecule expression59,60. Proteins uniquely

Fig. 4 | Validation of APPRS in relation to disease risk and external cohorts.
A Comparison of APPRS between healthy individuals and those with diseases
(n = 49,242). Statistical significance was determined using two-sided Wilcoxon
rank-sum tests. Significant differences are marked with asterisks (*** P <0.001).
B Associations between APPRS and disease incidence rates (n = 49,242). The x-axis
represents the percentiles of APPRSs in the population, while the y-axis shows the
observed event rates of different diseases. The colors in the dot plot correspond to
the different types of diseases: pulmonary diseases (red), cardiovascular diseases
(purple), immune diseases (blue), and metabolic diseases (green). External

validation of APPRS in the Panmonogenic and HERITAGE cohorts. (C) Comparison
of APPRSs between healthy individuals and those with diseases in the Panmono-
genic cohort (n = 228 participants across 22 immune-related diseases). Significance
was assessed using two-sided Wilcoxon rank-sum tests. In the HERITAGE cohort,
Arrhythmias APPRS (D) and PAD APPRS (E) were compared among individuals with
varying levels of CRFs using two-sided Wilcoxon rank-sum tests. For all box plots,
data are presented as the median (centre), 25th and 75th percentiles (bounds of
box), and minima/maxima (whiskers). Source data are provided in the Source
Data file.
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associated with nitrogen oxides were mainly involved in neurological
functions. This finding aligns with previous studies highlighting the
role of nitric oxide in modulating neural networks61. Besides, con-
sistent with previous findings62,63, the proteins commonly affected by
different air pollutants were predominantly related to immune
responses and chemotaxis, suggesting shared pathways of systemic
immune activation in response to air pollution. Notably, while most
proteins showed consistent association directions between individual
pollutants and the AP index, a subset exhibited opposite patterns
(Supplementary Fig. 33). This likely reflects that the AP index, con-
structed as a weighted composite of multiple correlated pollutants,
may display reversed directionality, as its weights were based on self-
rated overall health rather than disease-specific associations. While
single-pollutant analyses reveal pollutant-specific effects, the AP index

reflects the overall pollution burden, providing a complementary
system-level perspective on air pollution–disease associations.

With the release of UKBB proteomics data in 2023, the associa-
tions between proteins and diseases have gained increasing attention.
Recent UKBB studies have demonstrated that plasma proteomic pro-
files predict disease risk beyond traditional factors31,32,64, highlighting
the critical role of proteins in disease pathogenesis. Building on this,
our study integrates the impact of air pollution on the proteome with
the proteome-disease associations to systematically investigate the
mediating role of proteins in linking air pollution to multiple disease
outcomes. Our analysis identified distinct biological pathways across
AP-affected diseases—such as MAPK signaling in cardiovascular dis-
eases, innate immune responses in immune disorders, mono-
saccharide and carbohydrate metabolic processes in metabolic
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Fig. 5 | Integration of APPRS into disease prediction models. A Schematic fra-
mework of the disease prediction model incorporating APPRS. In addition to basic
demographic (age, sex, smoking status, alcohol consumption, race, and BMI) and
clinical information (ApoB/ApoA, albumin, creatinine, HbA1c, and glucose), APPRS
is included as a feature to enhance disease risk prediction associated with air pol-
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diseases, and cell proliferation in respiratory diseases—suggesting
both the shared and uniquemechanisms through which pollutants are
associated with different organ systems. To strengthen the biological
support for these findings, we reviewed the literature on the 65 key
mediating proteins used in constructing APPRS and found evidence
for 19 of them linking air pollutant exposure to relevant pathways and
disease outcomes (Supplementary Data 13). Collectively, our work
goes beyond existing studies by providing a comprehensive and
disease-specific functional map of protein mediators, enabling a more
mechanistic understanding of how air pollution contributes to diverse
health outcomes.

The APPRS developed in this study represents a novel statistical
index for quantifying individual susceptibility to air pollution-induced
diseases based on circulating proteinmediators.When integrated into
baseline disease prediction models, APPRS consistently improved
predictive performance across 12 outcomes. Notably, the magnitude
of improvement varied, with some diseases showing significant gains
while others exhibited more limited enhancements. This variability
may be due to the strong predictive power of baseline clinical models,
especially for chronic diseases, as well as differences in disease sensi-
tivity to air pollution. These results suggest that APPRS may be parti-
cularly informative for conditions where air pollution plays a major
etiological role. Unlike static polygenic risk scores (PRS) derived solely
from genetic variation, APPRS captures dynamic, environmentally
responsive molecular changes, reflecting both baseline genetic risk
and real-time physiological responses to environmental exposures.
Compared to other emerging responsive scores like the gut micro-
biome health index (GMHI)65 and Immune Health Metric (IHM)66,
APPRS reflects the current biological state shaped by both environ-
mental exposures and internal regulatory mechanisms. The dynamic
nature of APPRS highlights its potential as a biomarker for real-time
health monitoring, early intervention, and precision prevention.

Our study presents several key advances over previous research.
First, to our knowledge, this is the first study to utilize a large-scale
cohort to explore the relationship among the air pollution exposure,
proteome, and a broad range of disease outcomes. We presented a
systematic proteomic analysis of the mediation pathways linking air
pollution to a broad range of diseases, providing insights into under-
lying mechanisms. Second, we investigated the pollutant-specific
effects on diseases, identified proteins uniquely associated with dif-
ferent air pollutants, and explored disease-specific mediation path-
ways linking air pollution and different types of diseases. This offers a
deeper understanding of the molecular mechanisms by which distinct
pollutants contribute to various disease types. Third, the development
of APPRS represents an advancement in understanding and quantify-
ing individual susceptibility to air pollution. By integrating the
expression levels of proteins that mediate air pollution’s impact on
diseases, APPRS offers a personalized risk assessment tool that cap-
tures inter-individual variability in pollution sensitivity. Notable asso-
ciations were observed between APPRS and several diseases, with
especially strong links observed for respiratory conditions such as
COPD and pneumonia, underscoring the respiratory system’s parti-
cular vulnerability to air pollution. Furthermore, the application of
APPRS in disease prediction models and the validation in external
cohorts support its broader applicability and implies its potential as a
biomarker for personalized risk stratification and targeted prevention
in population health.

Several limitations should be acknowledged in interpreting our
findings. First, this study relies on single-time point measurements of
proteomicdata,whichmaynot capture long-term responses in protein
levels. Future studies incorporating longitudinal exposure data with
finer temporal granularity, early biomarkers of disease onset, and
causal modeling approaches will be essential to identify disease-
specific exposure windows. Longitudinal proteomic data and disease-
specific sensitive windows would enable a more detailed examination

of temporal changes and adaptive responses in protein levels, pro-
viding insight into both acute and chronic impacts of air pollution.
Second, exposure estimates were based on residential addresses and
may not fully reflect individual-level variations (e.g., indoor exposure
or commuting), potentially leading to misclassification. Personal
exposure monitoring could help refine these assessments. Third,
althoughwe adjusted for common confounders, residual confounding
from factors such as lifestyle or co-exposures cannot be excluded. In
addition, although we verified the robustness of results using AP
indexes derived from objective health indicators, potential bias from
self-rated health cannot be entirely ruled out. Fourth, we used a subset
of codingproteins available fromUKBB,whichmay not fully reflect the
entire range of proteins relevant to air pollution response. Addition-
ally, the use of a single cohort for developing the APPRSmay introduce
biases related to the specific population sampled. Although we vali-
dated the APPRS in two external cohorts, further validation in diverse
populations with different environmental exposures would enhance
its generalizability. Finally, our study focused on the mediating role of
the proteome, whereas emerging novel frameworks that integrate
environmental mixtures with biological networks67,68 suggest promis-
ing directions for developing biologically informed APPRS models in
future research.

Other omics layers (e.g., transcriptome, metabolome) may also
play a role in the response to air pollution, and should be integrated in
future research.

In conclusion, our study provides insights into the pathways by
which air pollution exposure contributes to disease risk, highlighting
themediating role of the proteome. Ourwork supports the hypothesis
that the proteome may serve as a bridge between environmental
exposure and disease, revealing potential biomarkers for assessing
disease risk linked to air pollution. We provided a personalized score
for assessing susceptibility to air pollution-related health risks and
demonstrated its value in disease prediction. By validating the APPRS
in external cohorts, we underscore its potential for application in
diverse populations and settings. Our findings not only advance our
understanding of themolecularmechanisms underlying air pollution’s
health impacts but alsohighlight proteomicbiomarkers thatmay serve
as targets for early intervention and risk stratification.

Methods
Study cohort and participants
We retrieved data from the UK Biobank under Application Number
77803. The UK Biobank is a large prospective cohort project (https://
www.ukbiobank.ac.uk/)69. This project complies with all relevant ethi-
cal regulations. All participants provided informed consent. UKBB
participants included both males and females. Sex was based on self-
report and a genetic sex check by UKBB. The analytical sample con-
sisted of 506,040 participants recruited between April 4, 2006, and
October 1, 2010, and 502,131 of them had data on air pollutants (PM2.5,
PM10, NO2, NOx; Supplementary Data 1) and health outcomes. Air
pollution exposure estimates were calculated using Land Use Regres-
sion (LUR)models developed by the EuropeanStudy of Cohorts for Air
Pollution Effects (ESCAPE), which integrated traffic-related pollution
variables and provided high spatial resolution (100 × 100m, i.e.,
0.01 km² grid cells). Annual air pollution estimates for each year were
calculated for all addresses, measured in micrograms per cubic meter
(µg/m³). The levels of NOx and PM2.5 were available only for the year
2010, we used the data for 2010 to calculate baseline exposure. NO2

data were available for 2005-2007 and 2010, and PM10 data were
available for 2007 and 2010. Given stable spatial patterns in UKBB air
pollution17,70 and validation against UK-AIR8, we calculated the average
values across the available years to represent the long-term exposure
for each participant at baseline.

Disease outcomes encompass 36 diseases across various cate-
gories reported by refs. 31,64, including 8 neurological diseases, 9
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immune diseases, 6 cardiovascular diseases, 3 lung diseases, 1 skin
disease, 5 metabolic diseases, and 4 cancers. Detailed information on
36 diseases, including their prevalence rates and ICD-10 codes were
shown in Supplementary Data 2. Disease outcomes were defined as
time to first diagnosis after January 1, 2010, and recurrent events were
not considered. Individuals with complete data on air pollutants and
health outcomes were used for air pollution-disease association
analysis.

For the investigation of the effects of air pollutants on diseases
through proteome, we utilized data from 49,242 UKBB participants
with available proteomeprofiles. Thisproteomics cohortwas shown to
closely mirror the full UKBB in key demographic, behavioral, and
biochemical characteristics (Supplementary Data 14), indicating its
broad representation of the wider UKBB population71. Proteomic data,
generated from April 2021 to February 2022, were obtained using the
Olink Explore platform, covering 1463 unique coding proteins. Data
were provided as log₂-scaled Normalized Protein eXpression (NPX)
values following Olink’s standard preprocessing and quality control
pipeline. For analysis, NPX values were further standardized using a
z-score transformation to ensure amean of 0 and a standard deviation
of 1 across participants. We followed the standard QC pipeline,
including data filtering, normalization, and missing value
imputation71,72. Ethical approval for the UKBB was obtained from the
National Health Service National Research Ethics Service, and all par-
ticipants provided electronic informed consent.

Construction of AP index
To derive a joint evaluation for air pollution quality, our study con-
structed an air pollution (AP) index by integrating the effects of several
air pollutants (NO2, NOx, PM2.5, and PM10). The self-reported overall
health ratings (Field ID: 2178) used to construct the AP index were
collected at baseline assessment during participant recruitment
(2006–2010). We quantified the relationship between each air pollu-
tant (independent variable) and self-reported overall health ratings
(dependent variable) by a linear regression model, adjusting for
baseline age, sex, body‑mass index (BMI), smoking status, alcohol
assumption and race. Then, the AP index was calculated by summing
the product of each pollutant’s regression coefficient (β) and its cor-
responding exposure level, normalized by the sum of the β coeffi-
cients. The formula for the AP index is as follows:

AP index =

PK

i = 1
βi ×APi

PK

i= 1
βi

×K ð1Þ

whereK is the number of pollutants. The resulting AP index represents
a joint exposure tomultiple air pollutants, incorporating the effects of
NO2, NOx, PM2.5, and PM10, and is intended to capture the combined
influence of these pollutants on overall health ratings.

The Living Environment Scores were collected from UKBB (Filed
ID: 26417), which were composed of four indicators: social and private
housing in poor condition, presence of central heating in houses, air
quality, and road traffic accidents. Pearson’s correlation test was per-
formed to assess the consistency between the AP index and the Living
Environment Scores. Sensitivity analysis was also performed by com-
paring the AP index constructed from overall health rating with those
derived using handgrip strength and walking pace following the same
method (Supplementary Texts and Supplementary Fig. 34).

PWAS analysis
A proteome-wide association study (PWAS) was conducted to identify
proteins associated with air pollution exposure. We applied general
linear regression models using the “limma” R package to assess the
relationship between the expression levels of each protein and air

pollutants (PM2.5, PM10, NO2, NOx, and AP index). The limma package
employs an empirical Bayes approach to borrow strength across pro-
teinswhenestimating residual variances, thereby reducing uncertainty
in variance estimates and yielding greater statistical power than con-
ventional single-protein t tests73. To account for potential confound-
ing, the regression models were adjusted for baseline age, sex, BMI,
smoking status, alcohol assumption, and race. Additionally, for each
pollutant’s PWAS analysis, we included the other pollutants as cov-
ariates to adjust for their effects. We used false discovery rate (FDR)
correction, the Benjamini-Hochberg (BH) method, to control multiple
testing across proteins for each pollutant74.

Functional enrichment analysis
Enrichment analysis and functional annotation of air pollutants-
associated proteins were performed using the “clusterProfiler” R
package75. Biological processes, metabolic pathways, and biochemical
reactions associated with these proteins were characterized by
searching against the Gene Ontology (GO), Kyoto Encyclopedia of
Genes and Genomes (KEGG), and Reactome databases using
Metascape76. Statistical significance of enriched terms was determined
using a false discovery rate (FDR) correction for multiple testing.
Terms with FDR <0.05 and containing at least 10 associated proteins
were considered statistically significant. Identical analytical workflows
were applied to proteins linked to each pollutant, and the top 10
commonly enriched pathways across all pollutants were prioritized for
visualization and downstream interpretation.

To capture pollutant-specific biological effects, proteins uniquely
associatedwith individual pollutants were subjected toGeneOntology
(GO) enrichment analysis. Pathways with FDR<0.01 were defined as
significantly enriched, with the top 10 pathways selected for visuali-
zation. To further characterize shared mechanisms among pollutants,
proteins co-occurring across pollutants were independently analyzed
through identical enrichment workflows.

Cox proportional hazards regression analysis
Cox proportional hazards regression analysis was performed to ana-
lyze the associations between air pollution and disease outcomes,
adjusting for potential confounders such as baseline age, sex, BMI,
smoking status, alcohol assumption and race. Since the air pollution
data provided by UKBB was collected in or before 2010, the time to
disease onset (duration) wasmeasured from the baseline date (January
1, 2010) to the date of confirmeddiagnosis. Follow-upwas censored on
January 1, 2020, due to the COVID-19 pandemic. Our Cox models
considered only first events, in line with standard UKBB practice31,64.
Coxmodelswere developed for every singledisease, andHazard ratios
(HRs) and 95% confidence intervals (CIs) were estimated for each
pollutant. Analyses were conducted using the “survival” package in R.

Mediation analysis
Mediation analysis was conducted to investigate the role of proteins in
mediating the relationship between air pollution and disease out-
comes. Proteins identified as being associated with both air pollution
exposure and disease risk were tested for their mediating effect using
the “mediation” package in R. Proteins involved in the significant
indirect effects of air pollution on disease risk were considered as
mediators. The calculation process can be formulated as:

M =a×AP +d ×X + ϵ1
D = c0 ×AP + b×M + e×X + ϵ2

D = c×AP + f ×X + ϵ3

8
><

>:
ð2Þ

where a is the regression coefficient for air pollution in predicting
protein levels, b is the effect of the mediator on disease risk, c is the
total effect of air pollution on disease risk and d, e, f are the effects of
covariates X which includes baseline age, sex, BMI, smoking status,
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alcohol assumption and race. The indirect effect c� c0 =a×b, which
tests the effect of air pollution on disease risk mediated by the med-
iator. The mediation proportion is calculated as c0

c , which represents
the ratio of the mediation effect to the total effect. Although the
function mediate() in the “mediation” package does not natively sup-
port Cox models, the Poisson-with-offset specification is equivalent to
a Cox proportional hazards model for time-to-event data, allowing
valid survival-time adjustment and effect decomposition77. The
indirect effect reported by mediate() is the average causal mediation
effect (ACME)78. We performed false discovery rate (FDR) multiple
testing correction for the mediation analysis results of all pollutant-
protein-disease pairs. A protein was considered a mediator if its ACME
FDR<0.05, total effect FDR <0.05, and the mediation proportion was
greater than 4% (median value).

To compute the global mediation proportion across all proteins,
we performed dimensionality reduction on the proteomic data using
principal component analysis (PCA) and derived uncorrelated com-
ponents that best capture the variability in the proteome data. The
advantage of this approach is that it transforms correlated protein
variables into low-dimensional orthogonal components by performing
spectral decomposition of the covariance matrix of 1,463 proteins,
allowing the stepwise estimation of effects through a low-dimensional
model. We selected the top 10 principal components (PCs) as media-
tors for global mediation, which explained 44.80% of the variance in
the proteome. A PC was defined as having a significant mediation
effect if the p-value for the indirect effect was <0.05 and the direction
of the indirect effect was consistent with the effect of air pollution on
the disease. The global total indirect effect was calculated as the
weighted sumof themediation effects of the significant PCs, reflecting
the contributions of each principal component to the overall media-
tion pathway between air pollution exposure and disease outcomes.
The overall mediation proportion of the proteome was calculated as
the ratio of the global total indirect effect to the total effect of air
pollution on thedisease, which represents howmuchof the total effect
of air pollution on disease risk is mediated by the proteome.

Enrichment analysis of tissue-specific mediators
Mediators that exclusively linkedAP index to a single disease typewere
classified as disease-specific mediators, while those mediating asso-
ciations across disease types were designated as common mediators.
Subsequent GO enrichment analyses were performed separately on
each mediator subset using a cutoff of P <0.01 to delineate disease-
specific biological pathways.

Development of APPRS
The air pollution protein risk score (APPRS) was developed by inte-
grating proteins identified as mediators in the mediation analysis
between AP index and disease outcomes. We included 65 proteins to
construct the APPRS based on their mediation performance across
multiple diseases. The inclusion criteria were: (a) FDR <0.05 for both
the ACME and total effect in at least two or more AP index-disease
mediation models; (b) Mediation proportion > 4%. These thresholds
were designed to ensure both the statistical significance and to reflect
proteins with broader mediation roles across diseases. To address
potential arbitrariness in APPRS construction, we conducted sensitiv-
ity analyses using alternative construction criteria, details were pro-
vided in Supplementary Texts and Supplementary Fig. 35. Then, APPRS
wascalculated asaweighted sumof theprotein expressions associated
with air pollution, with the weights derived from their average causal
mediation effect (ACME), which can be denoted as:

APPRS=
PM

i ðACMEi ×ProteiniÞ
PM

i ACMEi

ð3Þ

where ACMEi is the coefficient of indirect effects for ith protein,
Proteini the expression level of ith protein, M the total number of
selected proteins. Almost all ACMEvalues used to construct the APPRS
were positive, whereas protein expression values included both posi-
tive and negative numbers due to normalization. For each disease, we
derived a disease-specific APPRSby combining protein levels using the
corresponding disease-specific ACME coefficients from the mediation
models as weights.

Association between APPRS and observed disease rates
To examine the relationship between APPRS and disease incidence, we
divided the study population into 100 groups based on APPRS quan-
tiles, calculated the disease incidence for each group, and generated a
figure depicting the results. The Pearson correlation coefficient was
used to assess the relationship between APPRS percentiles and disease
incidence rates.

External validation of APPRS
To assess the generalizability of the APPRS and its association with
health outcomes, we validated it within two independent cohorts: the
Panmonogenic cohort and the HERITAGE Family Study cohort. Both
cohorts provided proteomic profiles and at least one relevant health
phenotype. The validation analyses using the HERITAGE and Panmo-
nogenic cohorts relied on publicly available data. The Panmonogenic
cohort provides proteomics data of individuals with 22 monogenic
immune-mediated diseases66. The HERITAGE Family Study cohort
reports the cardiorespiratory fitness (CRF) levels of 481 sedentary
adults from 99 families79. For both cohorts, 12 disease-specific
APPRSs were constructed for each cohort using the same set of med-
iating proteins and weights as in the UKBB cohort. Missing values
among the 65 mediating proteins were imputed as zero, and APPRSs
were computed following the same methodological framework
applied in UKBB.

In the Panmonogenic cohort, a global APPRS was calculated by
averaging the 12 disease-specific scores to quantify overall suscept-
ibility to air pollution-related protein-mediated disease risk. This glo-
bal APPRS was then used to compare risk levels between healthy
individuals and those with immune-related diseases (Autoimmune
Diseases, AID; Primary Immunodeficiency, PID; Telomere Diseases,
Telo). In the HERITAGE cohort, individuals’ maximal oxygen uptake
(VO₂max)—a direct measure of cardiorespiratory fitness (CRF)—was
recorded. Participants were stratified into tertiles based on VO₂max
levels, representing low, intermediate, and high CRF groups. We sub-
sequently assessed the association between APPRSs and these CRF
categories.

Interaction between APPRS and air pollution on disease risk
To evaluate the joint interaction effects of APPRS with air pollution
exposure on disease risk, we performed a stratified Cox proportional
hazards regression analysis. Participants were categorized into tertiles
based on their air pollution exposure levels (low, intermediate, high),
and the APPRS was dichotomized into low and high groups using the
median as the cutoff. To avoid potential collinearity, we examined the
correlation between APPRS and air pollution exposures and found that
their associations were too weak to cause multicollinearity (Supple-
mentary Fig. 18). Then, a combined stratification variable was gener-
ated by jointly stratifying participants based on their surrounding
exposure and APPRS levels (3 exposure levels × 2 APPRS levels). Cox
proportional hazards regression analysis was performed to examine
the incidence of 12 diseases, while the lowest-risk stratum (APPRS-low
and exposure-low) serves as the reference. All models were adjusted
for relevant covariates, including age, sex, BMI, smoking status, and
alcohol consumption.
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Construction of disease prediction models
LASSO prediction regression models were developed to assess the
early onset of diseases associated with air pollution exposure, using
the “glmnet”Rpackage, predictors incorporatedAPPRS, basic features
(age, sex, smoking, alcohol consumption, race, and BMI), and clinical
features (ApoB/ApoA, albumin, creatinine, HbA1c, and glucose). To
assess the predictive power of the Air Pollution Protein Risk Score
(APPRS) for disease risk, we established threebaselinemodels: (1) basic
demographic features alone, (2) clinical features alone, and (3) a
combination of basic and clinical features. Each of these baseline
models was then augmented with the APPRS to evaluate its added
value in predicting 12 distinct disease outcomes. The analysis was
conducted using baseline data from both healthy individuals and
patients. Model training and evaluation were performed using 10-fold
cross-validation to ensure robustness and generalizability. Predictive
performance was measured by the area under the receiver operating
characteristic curve (AUROC), and improvements in classification
accuracy were assessed by comparing the baseline models with their
corresponding APPRS-enhanced counterparts.

Evaluation of APPRS contribution in the prediction model
To quantify the contribution of predictors, particularly the APPRS, to
disease prediction,weextracted the absolute values of thefinal feature
coefficients from the combined model incorporating basic features,
clinical features, and APPRS. Before fitting themodel, all features were
standardized, ensuring that the coefficient magnitudes are directly
comparable across variables. These coefficients, derived from the
LASSO regression, reflect the relative importance of each predictor in
themodel, with larger absolute values indicating stronger associations
with disease risk. Then we calculated the proportion of each feature’s
absolute coefficient relative to the total sumof all absolute coefficients
in the combined model (basic + clinical + APPRS). These proportions
were then visualized using bar plots. This approach quantifies the
weight of each variable in the model’s decision-making process, with
higher proportions indicating stronger contributions to disease risk
stratification.

Sensitivity analysis of APPRS to the prediction models
To confirm that the predictive contribution of the APPRS was neither
stochastic nor confounded by the AP index, we conducted sensitivity
analyses by constructing three alternative LASSO models. Firstly, we
randomly selected 65 proteins from the 1463 proteins and calculated
the APPRS using their corresponding ACME coefficients. Secondly, we
restricted our selection to those proteins showing significant associa-
tions with the corresponding disease (P < 0.05), again selecting 65
proteins for APPRS calculation. 1000 iterations of random selection
were performed, and the final value was derived as the mean value
across all iterations. Thirdly, the APPRS was substituted with the AP
index alone to isolate its specific contribution from APPRS. These
values were trained with basic and clinical information, and models
were evaluated under identical cross-validation and frameworks as the
primary analysis. By comparing the performance (AUROC) in these
alternative models against the APPRS-enhanced model, we rigorously
assessed whether the predictive power attributed to the APPRS arose
from systematic biological signals rather than random chance or
redundancy with the AP index.

External validation of the APPRS contribution
To validate the generalizability of the APPRS in predicting health
outcomes, we performed external validation in the HERITAGE cohort.
The Panmonogenic cohort was excluded from external validation due
to the unavailability of publicly accessible individual-level protein
expression data. We focused on cardiorespiratory fitness (CRF) as the
health outcome. Basic models were constructed by including age, sex,
race, and BMI as predictors. Arrhythmias and peripheral artery disease

APPRS were further added to the basic models for comparison. Model
performance was evaluated and compared using the area under the
receiver operating characteristic curve (AUROC). This approach
quantified the incremental predictive power conferred by the APPRS.
The method for quantifying and visualizing the contribution of pre-
dictors was the same as that of the UKBB study.

Statistical analysis
All statistical analyses were conducted using R (version 4.1.3) and
relevant R packages (“survival” [v3.6-4] for Cox proportional hazards
regression, “limma” [v3.50.3] for PWAS analysis, “mediation” [v4.5.0]
for mediation analysis, “glmnet” [v4.1-8] and “caret” [v6.0-94] for
LASSO regression models, “stats” for basic statistical analyses,
“prcomp” [v4.4.1] for PCA analysis, and “pROC” [v1.18.5] for AUROC
calculation).

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

Data availability
Datasets generated in this study are made available in the Supple-
mentary Data files. Source data are provided with this paper. This
research has been conducted using the UK Biobank Resource under
Application Number 77803. Proteomics data, air pollution data, and
disease outcomes are available as part of the UK Biobank. The data can
be accessed through the UK Biobank Research Analysis Portal (https://
www.ukbiobank.ac.uk/enable-your-research). The HERITAGE cohort
proteomics dataset is publicly available via the MoTrPAC Data Hub
(https://motrpac-data.org/related-studies/heritage-proteomics). Pub-
licly accessible proteomics summary tables from the Pan-monogenic
cohort are available through the Pan-Monogenic dashboard (https://
panmonogenic.yale.edu/). Source data are provided with this paper.

Code availability
The custom code used for data processing and statistical analysis in
this study has been deposited on GitHub at https://github.com/
kaixuanli99/AirPollution-Proteome-Diseases-Mediation, and stored at
https://doi.org/10.5281/zenodo.1777418080.
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