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A B S T R A C T   

Long-term exposure to air pollution can lead to cardiovascular disease, metabolic syndrome, and chronic res
piratory disease. However, from a lifetime perspective, the critical period of air pollution exposure in terms of 
health risk is unknown. This study aimed to evaluate the impact of air pollution exposure at different life stages. 

The study participants were recruited from community centers in Northern Taiwan between October 2018 and 
April 2021. Their annual averages for fine particulate matter (PM2.5) exposure were derived from a national 
visibility database. Lifetime PM2.5 exposures were determined using residential address information and were 
separated into three stages (<20, 20–40, and >40 years). We employed exponentially weighted moving averages, 
applying different weights to the aforementioned life stages to simulate various weighting distribution patterns. 
Regression models were implemented to examine associations between weighting distributions and disease risk. 
We applied a random forest model to compare the relative importance of the three exposure life stages. We also 
compared model performance by evaluating the accuracy and F1 scores (the harmonic mean of precision and 
recall) of late-stage (>40 years) and lifetime exposure models. 

Models with 89% weighting on late-stage exposure showed significant associations between PM2.5 exposure and 
metabolic syndrome, hypertension, diabetes, and cardiovascular disease, but not gout or osteoarthritis. Lifetime 
exposure models showed higher precision, accuracy, and F1 scores for metabolic syndrome, hypertension, diabetes, and 
cardiovascular disease, whereas late-stage models showed lower performance metrics for these outcomes. 

We conclude that exposure to high-level PM2.5 after 40 years of age may increase the risk of metabolic syn
drome, hypertension, diabetes, and cardiovascular disease. However, models considering lifetime exposure 
showed higher precision, accuracy, and F1 scores and lower equal error rates than models incorporating only 
late-stage exposures. Future studies regarding long-term air pollution modelling are required considering lifelong 
exposure pattern. .1  
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1. Introduction 

Long-term exposure to fine particulate matter (PM2.5) has been 
shown to increase the risk of cardiovascular disease, metabolic syn
drome, respiratory disease, and mortality (Pope and Dockery, 2006; 
Rodopoulou et al., 2022). Epidemiological studies have suggested that 
exposure to air pollution elevates the incidence of cardiopulmonary 
diseases, metabolic syndrome, and declined lung function (Bo et al., 
2021; Chen and Schwartz, 2008). A prospective study that analyzed the 
data from the National Institutes of Health NIH-AARP Diet and Health 
Study demonstrated that a 10-μg/m3 increase in long-term PM2.5 
exposure levels was associated with a 16% increase in ischemic heart 
disease mortality and a 14% increase in stroke mortality (Hayes et al., 
2020). 

Epidemiological studies have obtained air pollution data using 
different long-term exposure scales to assess the associations between 
exposure and health risks (Russ et al., 2021; Zhang et al., 2019). 
Raaschou-Nielsen et al. chose a five-year average period of exposure at 
the residential address preceding the index date as main exposure period 
(Raaschou-Nielsen et al., 2020), and Kloog et al. defined an eight-year 
exposure window as a valid measure of long-term exposure (Kloog 
et al., 2013). Nordeide et al. explored lifelong exposure before the age of 
30 years (Nordeide Kuiper et al., 2021), and Li et al. simulated lifetime 
exposure considering socioeconomic data, individual time-activity pat
terns, and lifetime trajectories (Li et al., 2019). Russ et al. related whole 
life course air pollution exposure and cognitive decline (Russ et al., 
2021). However, the critical periods of lifetime exposure in terms of 
these health risks have been less studied and are thus currently un
known. Additionally, the relative importance of air pollution hazards in 
different life stages remains unclear. 

An exponentially weighted moving average weighs different time 
segments rather than forcing a linear relationship. Therefore, this 
method has been widely used in modeling PM2.5 trajectories (Liu and Li, 
2015; Ni et al., 2017). For example, under the hypothesis that late-stage 
exposure to PM2.5 (compared to earlier exposure) is more likely to 
reduce lung function, an exponentially weighted moving average 
dynamically adjusts weighting under various assumptions. On the other 
hand, random forests can not only evaluate feature importance (Enebish 
et al., 2021; Zhu et al., 2019) but also prevent the influence of outliers by 
aggregating and averaging the individual predictions of all trees. 
Moreover, under random forest analysis, bagging and random selection 
for features are used to separate the dataset into subgroups and to 
perform several regression examinations to eliminate the impact of 
extreme values; this may lead to better model performance than that of 
general linear regression models (Archer and Kimes, 2008). Moreover, 
traditional regression methods cannot compare the importance of input 
parameters in regard to prediction, whereas the random forest model 
calculates predictive power for each input variable; this can provide an 
interpretation of feature importance for additional comparison (Brei
man et al., 2017). The above-mentioned methods enhance precision in 
modelling lifetime PM2.5 exposure levels and assist in comparing the 
importance of air pollution exposures occurring at different life stages. 

This retrospective study utilized exponentially weighted moving 
averages to explore and evaluate the impact of PM2.5 exposure at various 
life stages on the incidence of cardiovascular disease, metabolic syn
drome, and respiratory disease. In addition, we used a random forest 
model to compare the predictive power between lifetime and late-stage 
exposure models at >40 years of age only. 

2. Materials and methods 

For this study, we visited various community centers in the Tucheng 
District in New Taipei City (Taiwan) from October 2018 to April 2021 to 
enroll participants. We aimed to sample a percentage of middle-aged to 
older adults in this area, and the sample size was approximately 1000 
people. This study included only adults aged >40 years to complete their 

lifelong air pollution profile and included only never-smokers to elimi
nate the considerable confounding factor, cigarette smoking, when 
exploring the effect of air pollution and chronic disease. Moreover, data 
on passive or second-hand smoking and family history of chronic disease 
were collected. The study protocol was reviewed and approved by the 
Ethics Committee of the Taipei Medical University Joint Institutional 
Review Board (TMU-JIRB N201806024). This study was conducted in 
accordance with the principles of the Declaration of Helsinki, and 
informed consent was obtained for all participants prior to study 
participation. Data collection and analysis was conducted according to 
all relevant approved national and international guidelines and related 
regulations. 

Data on participant medical and demographic characteristics and 
residential addresses were acquired using survey questionnaires during 
study visit, 20 mL of blood was collected, and standard pulmonary 
function tests under the guidance of a respiratory therapist were con
ducted concurrently. Metabolic syndrome was determined by abdom
inal girth, blood pressure, and biochemistry data during visit (Scott, 
2003). Diabetes mellitus was confirmed by HbA1C level, which was 
checked during visit. Hypertension and cardiovascular diseases were 
confirmed by historical medication history by medical physicians. Gout 
and osteoarthritis were self-reported diagnosis. 

Moreover, the Taiwan Central Weather Bureau has been monitoring 
long-term nationwide visibility data since 1970. To obtain more 
comprehensive information on the association between visibility and 
PM2.5 exposure levels, we selected daytime visibility data to represent 
daily PM2.5 levels, included only daytime humidity levels lower than 
70%, and excluded days with a daily accumulation of rainfall greater 
than 0 cm to avoid the confounding effect of water droplet on visibility. 
The non-linear regression analysis showing an association between 
PM2.5 and visibility is as follows: PM2.5 (μg/m3) = 430.52/(3.2+ visi
bility/kilometers), R2 = 0.40, p-value <0.0001 (supplementary figure 1) 
(Abbey et al., 1995; Guo et al., 2018). We applied land use regression 
model to estimated yearly township PM2.5 exposure level. Then we 
designated the exposure level to participant according to their residen
tial addresses year by year, then lifelong exposures in town scale were 
derived. 

All statistical analyses were conducted using the open-source Python 
library (Scikit-learn, version 0.21.2; Python Software Foundation, 
Fredericksburg, VA, USA). To determine the impact of air pollution 
exposure at different life stages, this study separated participant life
times into three stages based on prior literature: Stage 1 (<20 years), 
Stage 2 (21–40 years), and Stage 3 (>40 years) (Ko et al., 1997). Next, 
exponentially weighted moving averages calculated using an exponen
tial formula were applied to serial weighted values, which were multi
plied by the PM2.5 exposure levels at different life stages. This approach 
was originally proposed to measure the trend in the sequence of random 
variables (Roberts, 2000). Afterwards, some researchers employed this 
exponential smoothing method to adjust the weight of different data 
orders when analyzing the data on a long-term scale (i.e., off-peak 
seasonal data were allocated with exponentially reduced weights, 
whereas peak season data were assigned relatively increased weights) 
(de Oliveira and Oliveira, 2018). Some researchers also utilized this 
method, considering long series data (air pollution dataset on the 
hour-based scale), to estimate short-term air pollutant level (Mahajan 
et al., 2018). This study, therefore, proposed to apply this method to 
adjust weights for different life stages to compare the importance of 
exposure period (Supplementary method). The parameter α, which 
ranges from 0.1 to 1, was used to decide the weighting for different life 
stages. A higher α value indicated a higher weight, with the remaining 
weight values decreasing exponentially (1-α and [1-α]2, respectively). 
For example, the late-stage models, which used an exponentially 
weighted moving average, applied the highest weight to those aged >40 
years. This study applied different weights to three stages and resulted in 
six different permutation distributions (Supplementary method). This 
demonstrated the relative impact of air pollution exposure at different 
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stages on chronic diseases. The weighting factor, α, was initially 
employed as 0.1, 0.3, 0.5, 0.7, and then 0.9 in this study. This helps to 
explore the weighting pattern among three stages. However, since using 
all five values of the weighting factor may result in repetitively similar 
outcomes, this study only reported the results for α values of 0.3, 0.5, 
and 0.9. 

After weighting was applied for the three stages, regression models 
were employed to investigate the correlations between the weighted 
exposure levels and the aforementioned medical conditions, biomarkers, 
and lung function parameters. Linear regression was applied for bio
markers and lung function measurements, while logistic regression was 
used for disease diagnoses. The level of statistical significance was set to 
a two-sided threshold of P < 0.05. We performed a subgroup analysis by 
dividing our sample into male and female groups. Furthermore, we 
excluded participants with second-hand smoking or family history of 
chronic diseases for sensitive analysis. Additionally, we performed a 
statistical power analysis to determine the effect of all the observed 
significant associations. The acceptable statistical power threshold was 
set to 0.8. 

This study also employed a random forest model to compare the 
effect of air pollution exposure on the risks of various chronic diseases 
between the late-stage and lifetime exposure data (Biau and Scornet, 
2016). The training process was as follows. First, the basic decision unit 
of the random forest (the classification and regression tree) was set to 
500 for stability and time efficiency (Lawrence et al., 2006). Following 
this, two model categories, namely models considering only late-stage 
exposure (Stage 3) and models considering lifetime exposure (Stages 
1–3), were established. Next, all the obtained data were iteratively input 
as training data in order to develop the random forest model. Model 
performance in regard to F1 scores, precision, accuracy, and equal error 
rates, was determined based on the random forest training outcomes as 
well as additional comparative evaluations of performance between the 
two types of models. F1 score is the harmonic mean of precision and 
recall; it is used to evaluate model performance by considering both 
precision and recall. Moreover, this study calculated Shapley values to 
represent feature importance and displayed the outcomes using a sum
mary plot (Roth, 1988). 

3. Theory 

A relationship between lifetime air pollution exposure and the 
development of chronic diseases has been reported. However, the rela
tive importance of air pollution hazards in different life stages remains 
unclear. Although current epidemiological studies are mainly focused on 

the effects of short-term exposure occurring within a constrained period 
of the total life stage, long-term accumulated exposure to PM2.5 may be 
more strongly associated with chronic health effects. Therefore, evalu
ating late-stage exposure may be sufficient for assessing health effects 
and risks. 

4. Results 

4.1. Participant characteristics 

A total of 912 participants were initially enrolled in this study. 
However, participants without information on residential addresses in 
the study database as well as current or ex-smokers were excluded. 
Hence, a total of 679 never smokers were ultimately included in the 
analysis (Supplementary figure 2). The mean age of the included par
ticipants was 63.4 years and the prevalence of chronic diseases in this 
study population was as follows: metabolic syndrome, 36.08%; hyper
tension, 24.15%; diabetes mellitus, 13.7%; cardiovascular diseases, 
7.51%; gout, 1.47%; and osteoarthritis, 3.39% (Table 1). The average 
PM2.5 exposure levels were as follows: Stage 1, 26.08 ± 6.7 μg/m3; Stage 
2, 1, 35.72 ± 3.69; and Stage 3, 28.57 ± 2.41 μg/m3. 

4.2. Exponentially weighted moving averages and the risk of chronic 
disease 

Exponentially weighted moving averages were applied for the three 
aforementioned life stages; the α values were set as 0.3 (x = 0.2, y =
0.47, z = 0.33), 0.5 (x = 0.4, y = 0.4, z = 0.2), and 0.9 (x = 0.89, y = 0.1, 
z = 0.01), respectively, to represent the different weighting distributions 
for these life stages. Following this, x, y, and z values were cross- 
matched for the PM2.5 exposure level in the three life stages (Table 2). 
Among the distribution patterns, models with an α value of 0.9 (x =
0.89, y = 0.1, z = 0.01) and the highest weight (x = 0.89) at Stage 3 
(Model-5 and Model-6) showed significant associations between air 
pollution exposure and the risk of chronic disease. More specifically, the 
following odds ratios (ORs) were found for every 1 μg/m3 increase in 
PM2.5: metabolic syndrome, OR 1.12, 95% CI 1.04–1.21; hypertension, 
OR 1.29, 95% CI 1.17–1.42; diabetes mellitus, OR 1.20, 95% CI 
1.07–1.33; and cardiovascular disease, OR 1.28, 95% CI 1.11–1.48. In 
contrast, null associations were found for gout (OR 1.10, 95% CI 
0.82–1.49) and osteoarthritis (OR 1.08, 95% CI 0.89–1.32). Moreover, 
models with an α value of 0.9 and the highest weight (x = 0.89) at Stage 
1 or Stage 2 showed no significant associations. Finally, models with α 
values set as 0.3 and 0.5, respectively, also showed no significant 

Table 1 
Medical and demographic characteristics of the recruited participants (n = 679).  

Characteristics Mean PM2.5 exposure level 

Age (years) 63.41 ± 7.75 Stage I (0–20 y/o) 26.08 ± 6.7 
Sex (Male/Female) 160/519 Stage II (21 y/o - 40 y/o) 35.72 ± 3.69 
BMI (kg/m2) 24.46 ± 3.48 Stage III (41 y/o -) 28.57 ± 2.41 

Chronic disease (n, %) Pulmonary functions 
Metabolic syndrome 245 (36.08%) FVC (L) 2.41 ± 0.68 
Hypertension 164 (24.15%) FEV1 (L) 1.96 ± 0.55 
Diabetes mellitus 93 (13.7%) FEV1/FVC (%) 81.61 ± 9.09 
Cardiovascular diseases 51 (7.51%) Biochemistry 
Gout 10 (1.47%) BNP (pg/mL) 30.53 ± 44.6 
Osteoarthritis 51 (3.39%) Creatinine (mg/dL) 0.74 ± 0.22 

Blood cell count HbA1c (%) 6.05 ± 1.01 
WBC (103/μL) 5.94 ± 1.81 Uric Acid (mg/dL) 5.49 ± 1.22 
HGB (g/dL) 13.76 ± 1.27 Ferritin (ng/mL) 136.89 ± 97.69 
MCV (fL) 88.09 ± 7.9 GPT (IU/L) 23.94 ± 16.18 
PLT (103/μL) 234.61 ± 62.36 Total Bilirubin (mg/dL) 0.88 ± 0.31 

*Data are expressed as the mean with standard deviation. 
Abbreviation: BMI, body mass index; WBC, white blood cell; HGB, hemoglobin; MCV, mean corpuscular volume; PLT, platelet count; FVC, forced vital capacity; FEV1, 
forced expiratory volume at 1st second; BNP, B-type natriuretic peptide; HbA1c, hemoglobin A1C; GPT, glutamic pyruvic transaminase. 
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correlations. The statistical power analysis for the determined signifi
cant associations is presented in supplementary table 1. The statistical 
power of the late-stage valued models (i.e., model-5 and model-6) 
ranged from 0.72 to 0.93. 

Subgroup analysis in 519 females also revealed that models with an α 
value of 0.9 (x = 0.89, y = 0.1, z = 0.01) and the highest weight (x =
0.89) at stage 3 showed the significant associations between estimated 
PM2.5 exposure and the risk of chronic diseases (supplementary table 2), 
but no significant associations were observed in 160 males (supple
mentary table 3). Sensitivity analysis by excluding participants with 
second-hand smoking or a family history of chronic disease revealed 
consistent results (supplementary tables 4 to 6). 

4.3. Exponentially weighted moving averages and pulmonary function 
tests 

The associations between estimated exposure PM2.5 levels derived 
from various weighted models and pulmonary function parameters are 
shown in Table 3. We found that a 1-μg/m3 increase in PM2.5 exposure 
level was significantly associated with a decrease in FVC in the late-stage 
valued models (Model 5: − 29.63 mL, 95% CI -55.66 mL to − 3.6 mL, P <
0.05; Model 6: − 28.94 mL, 95% CI -52.7 mL to − 5.17 mL, P < 0.05). In 
addition, each 1 μg/m3 increase in PM2.5 exposure was significantly 
associated with decreased FEV1 (Model 5: − 31.82 mL, 95% CI -52.9 mL 
to − 10.75 mL, P < 0.01; Model 6: − 29.66 mL, 95% CI: − 48.9 mL to 
− 10.41 mL, P < 0.01). Subgroup analysis in 519 females also revealed 
that models with an α value of 0.9 (x = 0.89, y = 0.1, z = 0.01) and the 
highest weight (x = 0.89) at stage 3 demonstrates the significant asso
ciations between estimated PM2.5 exposure and declined pulmonary 
function parameters (supplementary table 7), but no significant associ
ations were found in 160 males (supplementary table 8). Sensitivity 
analysis by excluding participants with second-hand smoking or a family 
history of chronic disease revealed consistent results (supplementary 
tables 9 to 11). 

4.4. Exponentially weighted moving averages and laboratory data 

Models with an α value of 0.9 (x = 0.89, y = 0.1, z = 0.01) and the 
highest weight (x = 0.89) at Stage 3 showed the most significant cor
relations. More specifically, the mean corpuscular volume (0.62, 95% CI 
0.35–0.9) and platelet count (6.32, 95% CI 4.18–8.47) were each found 
to decrease for every 1 μg/m3 increase in PM2.5 exposure level (sup
plementary table 12). Moreover, we detected the following associations 
for every 1 μg/m3 increase in PM2.5 level: B-type natriuretic peptides, 
5.36 pg/mL, 95% CI 3.85 pg/mL - 6.88 pg/mL; serum creatinine levels, 
0.02 mg/dL, 95% CI 0.02 mg/dL − 0.03 mg/dL; HbA1C, 0.05%, 95% CI 
0.02%–0.09%; serum uric acid, 0.06 mg/dL, 95% CI 0.02 mg/dL - 0.11 
mg/dL; and serum ferritin, 8.63 ng/mL, 95% CI 5.25 ng/mL − 12.01 ng/ 
m (supplementary table 13). 

4.5. Feature importance 

Random forest models, trained using exposure data at different life 
stages, were used to investigate impacts on the incidence of chronic 
diseases (Fig. 1). The exposure levels of individuals at >40 years 
demonstrated the highest Shapley values for the prevalence of metabolic 
syndrome (35%), hypertension (39%), diabetes mellitus (35%), and 
cardiovascular diseases (36%). Exposures occurring at less than 20 years 
of age demonstrated the second highest Shapley values for the preva
lence of metabolic syndrome (33%), hypertension (33%), diabetes 
mellitus (35%), and cardiovascular diseases (35%). Among the models 
evaluating metabolic syndrome, hypertension, diabetes mellitus, and 
cardiovascular diseases, higher PM2.5 exposure levels (shown in red) 
were associated with higher Shapley values, especially in regard to ex
posures occurring at >40 years. Variables were arranged from top to 
bottom according to their Shapley values, with high values represented 
in red and low values represented in blue. 

Table 2 
Exponentially weighted moving averages for the PM2.5 exposure level in the three life stages and chronic diseases.  

Categorical Variables ORs (95% CI) 

Model-1 (x, y, z) #  Model-2 (x, z, y) # Model-3 (y, x, z) # Model-4 (z, x, y) # Model-5 (y, z, x) # Model-6 (z, y, x) # 

α = 0.3 (x = 0.2; y = 0.47; z = 0.33) (0.2, 0.47, 0.33) (0.2, 0.33, 0.47) (0.47, 0.2, 0.33) (0.33, 0.2, 0.47) (0.47, 0.33, 0.2) (0.33, 0.47, 0.2) 
Metabolic syndrome 1.0 (0.94, 1.07) 1.03 (0.95, 1.12) 1.0 (0.95, 1.05) 1.03 (0.96, 1.1) 0.99 (0.95, 1.04) 0.99 (0.94, 1.04) 
Hypertension 0.99 (0.92, 1.07) 1.05 (0.96, 1.15) 0.97 (0.91, 1.02) 1.0 (0.93, 1.08) 0.95 (0.9, 1.0)* 0.96 (0.91, 1.02) 
Diabetes mellitus 1.09 (0.98, 1.21) 1.14 (1.01, 1.29)* 1.03 (0.96, 1.1) 1.08 (0.98, 1.2) 1.02 (0.95, 1.09) 1.04 (0.96, 1.12) 
Cardiovascular diseases 1.02 (0.9, 1.15) 1.08 (0.93, 1.27) 0.99 (0.9, 1.08) 1.04 (0.91, 1.18) 0.97 (0.9, 1.05) 0.98 (0.89, 1.07) 
Gout 0.94 (0.74, 1.19) 0.99 (0.73, 1.35) 1.05 (0.85, 1.29) 1.08 (0.81, 1.44) 1.01 (0.84, 1.21) 0.97 (0.79, 1.18) 
Osteoarthritis 1.17 (0.94, 1.47) 1.23 (0.95, 1.6) 1.13 (0.97, 1.31) 1.21 (0.97, 1.5) 1.11 (0.96, 1.27) 1.13 (0.95, 1.34) 

α = 0.5 (x = 0.4; y = 0.4; z = 0.2) (0.4, 0.4, 0.2) (0.4, 0.2, 0.4) (0.4, 0.4, 0.2) (0.2, 0.4, 0.4) (0.4, 0.2, 0.4) (0.2, 0.4, 0.4) 

Metabolic syndrome 0.99 (0.94, 1.04) 1.01 (0.95, 1.07) 0.99 (0.94, 1.04) 1.01 (0.94, 1.09) 1.01 (0.95, 1.07) 1.01 (0.94, 1.09) 
Hypertension 0.96 (0.91, 1.01) 0.98 (0.92, 1.04) 0.96 (0.91, 1.01) 1.02 (0.94, 1.1) 0.98 (0.92, 1.04) 1.02 (0.94, 1.1) 
Diabetes mellitus 1.03 (0.96, 1.1) 1.05 (0.96, 1.14) 1.03 (0.96, 1.1) 1.12 (1.0, 1.25) 1.05 (0.96, 1.14) 1.12 (1.0, 1.25) 
Cardiovascular diseases 0.97 (0.89, 1.06) 1.0 (0.9, 1.11) 0.97 (0.89, 1.06) 1.05 (0.91, 1.2) 1.0 (0.9, 1.11) 1.05 (0.91, 1.2) 
Gout 0.99 (0.82, 1.2) 1.06 (0.83, 1.36) 0.99 (0.82, 1.2) 0.96 (0.73, 1.26) 1.06 (0.83, 1.36) 0.96 (0.73, 1.26) 
Osteoarthritis 1.12 (0.96, 1.31) 1.16 (0.97, 1.4) 1.12 (0.96, 1.31) 1.2 (0.94, 1.54) 1.16 (0.97, 1.4) 1.2 (0.94, 1.54) 

α = 0.9 (x = 0.89; y = 0.1; z = 0.01) (0.89, 0.1, 0.01) (0.89, 0.01, 0.1) (0.1, 0.89, 0.01) (0.01, 0.89, 0.1) (0.1, 0.01, 0.89) (0.01, 0.1, 0.89) 

Metabolic syndrome 0.99 (0.97, 1.02) 0.99 (0.97, 1.02) 0.98 (0.93, 1.02) 0.98 (0.94, 1.03) 1.15 (1.06, 1.25)** 1.12 (1.04, 1.21)** 
Hypertension 0.96 (0.94, 0.99)** 0.96 (0.93, 0.99)** 0.97 (0.93, 1.02) 0.99 (0.94, 1.04) 1.29 (1.17, 1.42)** 1.29 (1.17, 1.42)** 
Diabetes mellitus 1.0 (0.96, 1.03) 1.0 (0.96, 1.04) 1.03 (0.97, 1.11) 1.05 (0.97, 1.13) 1.18 (1.05, 1.32)** 1.17 (1.05, 1.30)* 
Cardiovascular diseases 0.97 (0.93, 1.02) 0.98 (0.93, 1.02) 0.98 (0.91, 1.06) 1.0 (0.91, 1.08) 1.27 (1.10, 1.48)** 1.28 (1.11, 1.47)** 
Gout 1.03 (0.92, 1.14) 1.04 (0.93, 1.16) 0.91 (0.8, 1.04) 0.9 (0.79, 1.03) 1.19 (0.89, 1.61) 1.1 (0.82, 1.49) 
Osteoarthritis 1.05 (0.97, 1.13) 1.05 (0.98, 1.13) 1.06 (0.92, 1.22) 1.05 (0.91, 1.22) 1.13 (0.92, 1.38) 1.08 (0.89, 1.32) 

Note: x = α/[α+(1-α) + (1-α)2], y = (1-α)/[α+(1-α) + (1-α)2], z = (1-α)2/[α+(1-α) + (1-α)2]. 
#Permutation distribution: The weighted values were assigned as follows: (stage-1, stage-2, stage-3). 
*p < 0.05; **p < 0.01. 
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Table 3 
Exponentially weighted moving averages for the PM2.5 exposure level in the three life stages and pulmonary functions.  

β coefficient (95% CI) 

Categorical Variables Model-1 (x, y, z) # Model-2 (x, z, y) # Model-3 (y, x, z) # Model-4 (z, x, y) # Model-5 (y, z, x) # Model-6 (z, y, x) # 

α = 0.3 (x = 0.2; y = 0.47; z =
0.33) 

(0.2, 0.47, 0.33) (0.2, 0.33, 0.47) (0.47, 0.2, 0.33) (0.33, 0.2, 0.47) (0.47, 0.33, 0.2) (0.33, 0.47, 0.2) 

FVC (ml) − 5.6 (− 27.31, 
16.1) 

− 11.65 (− 37.28, 
13.98) 

2.67 (− 13.48, 
18.82) 

− 3.48 (− 25.65, 
18.7) 

3.39 (− 11.32, 18.1) 1.22 (− 15.87, 18.32) 

FEV1 (ml) − 1.03 (− 18.65, 
16.6) 

− 7.75 (− 28.56, 
13.06) 

3.68 (− 9.44, 16.79) − 1.94 (− 19.95, 
16.06) 

4.98 (− 6.96, 16.92) 4.26 (− 9.62, 18.13) 

FEV1/FVC 0.17 (− 0.12, 0.46) 0.09 (− 0.25, 0.43) 0.06 (− 0.16, 0.28) 0.04 (− 0.26, 0.34) 0.09 (− 0.1, 0.29) 0.15 (− 0.08, 0.37) 

α = 0.5 (x = 0.4; y = 0.4; z =
0.2) 

(0.4, 0.4, 0.2) (0.4, 0.2, 0.4) (0.4, 0.4, 0.2) (0.2, 0.4, 0.4) (0.4, 0.2, 0.4) (0.2, 0.4, 0.4) 

FVC (ml) 2.52 (− 13.42, 
18.46) 

0.56 (− 18.29, 
19.42) 

2.52 (− 13.42, 
18.46) 

− 8.3 (− 31.96, 
15.37) 

0.56 (− 18.29, 19.42) − 8.3 (− 31.96, 15.37) 

FEV1 (ml) 4.78 (− 8.16, 
17.72) 

1.8 (− 13.51, 17.11) 4.78 (− 8.16, 17.72) − 3.91 (− 23.13, 
15.3) 

1.8 (− 13.51, 17.11) − 3.91 (− 23.13, 15.3) 

FEV1/FVC 0.12 (− 0.1, 0.33) 0.06 (− 0.2, 0.31) 0.12 (− 0.1, 0.33) 0.14 (− 0.18, 0.46) 0.06 (− 0.2, 0.31) 0.14 (− 0.18, 0.46) 

α = 0.9 (x = 0.89; y = 0.1; z =
0.01) 

(0.89, 0.1, 0.01) (0.89, 0.01, 0.1) (0.1, 0.89, 0.01) (0.01, 0.89, 0.1) (0.1, 0.01, 0.89) (0.01, 0.1, 0.89) 

FVC (ml) 4.14 (− 4.3, 12.59) 4.11 (− 4.59, 12.81) − 1.44 (− 16.08, 
13.19) 

− 4.29 (− 19.78, 
11.2) 

¡29.63 (-55.66, 
-3.6)* 

¡28.94 (-52.7, 
-5.17)* 

FEV1 (ml) 4.39 (− 2.47, 
11.24) 

4.18 (− 2.88, 11.24) 2.95 (− 8.94, 14.83) 0.52 (− 12.06, 13.1) ¡31.82 (-52.9, 
-10.75)** 

¡29.66 (-48.9, 
-10.41)** 

FEV1/FVC 0.04 (− 0.08, 0.15) 0.03 (− 0.09, 0.15) 0.19 (− 0.0, 0.39) 0.19 (− 0.02, 0.4) − 0.32 (− 0.67, 0.03) − 0.25 (− 0.56, 0.07) 

Note: x = α/[α+(1-α) + (1-α)2], y = (1-α)/[α+(1-α) + (1-α)2], z = (1-α)2/[α+(1-α) + (1-α)2]. 
#Permutation distribution: The weighted values were assigned as follows: (stage-1, stage-2, stage-3). 
Abbreviation: FVC, forced vital capacity; FEV1, forced expiratory volume at 1st second. 
*p < 0.05; **p < 0.01. 

Fig. 1. Density scatter plot of Shapley values evaluating the importance of exposure stage in regard to the evaluated medical conditions. The x-axis represents the 
Shapley value for each air pollution measurement. The y-axis shows the relative importance of air pollution levels at different exposure stages in ascending order (i.e., 
according to their mean Shapley values). Different colors illustrate the exact values for the concentrations of each air pollutant, wherein red represents a high 
exposure value and blue represents a low exposure value. 
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4.6. Comparisons between the lifetime and late-stage models 

Comparisons of performance indices, including in regard to preci
sion, accuracy, F1 scores, and equal error rates, between the lifetime and 
late-stage models are shown in Fig. 2. The lifetime models showed 
higher precision, accuracy, and F1 scores in regard to metabolic syn
drome (94%, 92%, 92%), hypertension (97%, 95%, 92%), diabetes 
mellitus (91%, 96%, 90%), and cardiovascular disease (95%, 98%, 
92%), as well as lower precision, accuracy, and F1 scores for metabolic 
syndrome (70%, 70%, 61%), hypertension (79%, 79%, 60%), diabetes 
mellitus (71%, 87%, 56%), and cardiovascular disease (100%, 94%, 
63%). The equal error rate was higher in the late-stage models than in 
the lifetime models in regard to metabolic syndrome (30% vs. 8%), 
hypertension (21% vs. 5%), diabetes mellitus (13% vs. 4%), and car
diovascular disease (6% vs. 2%). Hence, the lifelong exposure model 
demonstrated a better performance overall than the late-stage exposure 
model. 

5. Discussion 

Exposure to high-level PM2.5 is known to elevate the risk for various 
chronic diseases as well as to result in lung function declines. However, 
most available evidence to date is based on short-term exposure data, 
and lifetime exposure has been less studied. Hence, this study was 
conducted to evaluate associations between pollution levels and the 

incidence of chronic disease at various lifetime stages of exposure (Pun 
et al., 2017; Wang et al., 2018) and employed an exponentially weighted 
moving average to establish lifelong PM2.5 exposure patterns. The 
models with 89% weighting on late-stage exposure revealed significant 
associations of PM2.5 with metabolic syndrome, hypertension, diabetes 
mellitus, and cardiovascular disease. Moreover, the random forest 
model considering lifelong exposure showed higher precision, accuracy, 
and F1 scores, as well as a lower equal error rate as compared with the 
model incorporating only participants’ late-stage exposure profiles. 

In terms of the associations between lifelong PM2.5 exposure pattern 
and chronic diseases, we note that the exponentially weighted moving 
average models simulate different exposure patterns and that different 
lifetime exposure patterns were considered in the risk analysis. Exposure 
patterns with high weighting in the late-stage exposure model were 
significantly associated with the risk of developing various chronic 
diseases. This may be partially explained by the aging process, such that 
exposure later in life may be associated with more susceptibility to toxic 
agents. In other words, the immune system declines in individuals at 
later life stages (Peled, 2011), and aging is considered a risk factor for 
bioreactions due to air pollution exposure (Pope 3rd, 2000). These 
outcomes are consistent with previous observations. For example, pre
vious researchers have that late-stage exposure to PM2.5 could poten
tially cause a greater level adverse health effects as compared with 
exposures experienced earlier in life, as well as that elderly people have 
been observed to demonstrate stronger associations between increased 

Fig. 2. Comparisons of performance between the model trained only using exposure levels at the last stage (i.e., >40 years) and the model developed by employing 
lifetime exposure measurements. 
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PM2.5 levels and oxidative stress, systemic inflammatory biomarkers, 
and the risks of several chronic diseases as compared with younger in
dividuals (Altuwayjiri et al., 2021; Kim et al., 2009). Similarly, a review 
described and interpreted the findings of various epidemiological 
studies evaluating the health effects of PM2.5 in diverse populations 
(Sacks et al., 2011). These researchers documented that, within studies 
conducted to date, elderly individuals were generally considered sus
ceptible to this pollutant because of their declining physiological func
tions. The above effects were stronger in regard to chronic systemic 
diseases, including metabolic syndrome, hypertension, diabetes melli
tus, and cardiovascular diseases, than in gout or osteoarthritis. 

We observed similar outcomes for lung function parameters as 
compared to the findings observed for disease prevalence. Specifically, 
exposure patterns with higher weighting in the later life stage were 
significantly associated with declines in lung function parameters, 
particularly FVC and FEV1. This may indicate that, when older adults are 
exposed to air pollutants, they are more likely to experience serious 
inflammatory responses and to consequently exhibit an elevated mor
tality risk (Chen et al., 2012; Yu et al., 2012). Additionally, we note that 
both FEV1 and FVC declined in our participants, which implies that 
PM2.5 may increase the risk of developing restrictive lung disease (Xu 
et al., 2021). The associations between PM2.5 and obstructive lung dis
eases have previously been investigated in detail (Li et al., 2018; Zhao 
et al., 2019), whereas the mechanisms underlying the effects of air 
pollutants on the development of restrictive lung disease remain un
clear. One possible explanation for the observations reported herein is 
that PM2.5 induces lung fibrosis (Sun et al., 2020). More specifically, this 
progression leads to restrictive lung volume and reduces lung resilience, 
thereby reducing lung capacity. Moreover, the current findings are in 
line with the observations of previous studies. For example, an animal 
experiment documented that PM2.5 can enhance fibrosis gene expression 
and induce lung inflammation, thereby causing histological fibrosis in 
mice (Xu et al., 2021). Similarly, other researchers have observed that 
PM2.5 exposure can restrain lung function (e.g., cause reductions in both 
FEV1 and FVC), thereby increasing respiratory disease occurrence 
among the recruited elders evaluated in these investigations (Chu et al., 
2018; Eckel et al., 2012). Overall, lifelong exposure to PM2.5, especially 
in the late stage, was significantly associated with lung function 
impairment in the current study. 

Next, the present study established a random forest model based on 
lifelong exposure pattern data in order to compare the relative impor
tance of exposures occurring at various life stages more comprehen
sively. As the color designations in the Shapley distribution plots 
illustrate, higher PM2.5 levels at a later stage resulted in higher Shapley 
values, corresponding to a greater probability of the occurrence of 
metabolic syndrome, hypertension, diabetes mellitus, and cardiovascu
lar diseases. These results are consistent with our present observations 
obtained from linear regression models, demonstrating that models with 
higher weight values for late-stage exposure showed significant associ
ations in regard to the risk of developing these diseases. Therefore, ac
cording to the aforementioned observations, it seems that late-stage 
PM2.5 exposure was the primary risk factor for disease incidence and 
lung function decline. This implies that evaluating late-stage exposure 
may be sufficient for assessing health effects and risks. To explore this 
possibility, we also developed a random forest model, trained using only 
late-stage exposure data, in order to comprehensively compare the 
performance of the lifetime random forest model regarding various 
disease classifications. As the derived observations show, the random 
forest model trained using lifetime data demonstrated higher perfor
mance than the late-stage models. This is inconsistent with the position 
that only considers recent exposure when exploring health hazard ef
fects. In other words, although current epidemiological studies are 
mainly focused on the effects of short-term exposure occurring within a 
constrained period of the total life stage (Chiusolo et al., 2011; Yu and 
Chien, 2016), long-term accumulated exposure to PM2.5 may be more 
strongly associated with chronic health effects (Boldo et al., 2006). 

Additionally, this study investigated the feature importance of the input 
variables, including PM2.5 exposure values in the three separate life 
stages evaluated herein. Taken together, exposure to PM2.5 in the late 
stage was the driver of effects on disease development, compared with 
exposure in the other (earlier) stages. However, lifetime exposure may 
provide more comprehensive information when examining the effects of 
PM2.5 on disease risk, compared with exposure occurring during a single 
short-term life stage. Although air pollution exposure at the late stage of 
life has a dominant impact on the development of chronic disease, 
considering lifelong exposure in the model may provide more statistical 
power and are more robustness. 

The present study has some strengths and limitations that should be 
addressed within future studies. First, per the long-term PM2.5 exposure 
estimation, this study can compare the effects on the incidence of 
different chronic diseases and investigate the critical period of PM2.5 
exposure regarding health issues. Next, this study can establish models 
utilizing the exposure data from different stages and explore their pre
diction outcomes on disease incidence, which can assist in shedding 
light on the fact that lifelong exposure to air pollution should be 
considered when assessing effects in chronic diseases. Regarding the 
limitations, since long-term measurements of PM2.5 levels (i.e., over the 
course of >50 years) were challenging to access, this study evaluated 
long-term estimated PM2.5 levels derived using visibility data as well as 
PM2.5 values measured in recent years. Other meteorological factors 
may contribute to bias in this regard, thereby affecting the derived long- 
term values. As this study visited various community centers during the 
daytime, the majority of recruited non-smoking participants were 
housekeepers (44.92%), retirees (36.97%), and public servants or gov
ernment employees (8.68%). This distribution may indicate that the 
recruited participants had a relatively similar socioeconomic status. 
However, the social and economic impacts should be taken into account 
in future works. The current statistical analyses used subgroup analysis 
for potential confounding factors such as gender and smoking status, 
however, body mass index at younger age and detailed social economic 
status data are not complete in our recruited participants. 

Next, to simplify and control for air pollution exposure sources, this 
study only recruited participants who were never smokers. However, 
this limited us in regard to investigating the associations between PM2.5 
exposure, lung function, and disease risk in current or former smokers. 
We also note that air pollution exposure patterns may differ consider
ably between individuals according to smoking history/status (Maga 
et al., 2017). In addition, most participants in the current dataset were 
women, possibly because this study excluded smokers. In addition, 
despite the fact that we performed the subgroup and sensitivity analyses 
considering the effect of smoking, passive smoking, and family history of 
chronic disease, the lifelong socio-economic factors may also affect the 
present observations. This sex ratio imbalance prevents us from gener
alizing the observed findings to all humans, as women and men 
commonly experience different processes and reactivities upon air 
pollution exposure (Clougherty, 2010). Although the current outcomes 
regarding some disease incidence were derived from data obtained from 
medical physician interviews or clinical guidelines, the diagnoses of 
gout and osteoarthritis and the information of residential addresses were 
obtained through self-reported questionnaires. These may introduce 
bias, such as recall bias and response bias. Additionally, this study 
recruited participants from nearby locations in Northern Taiwan, which 
may have introduced potential survivor bias. Thus, to better determine 
the complex relationships between these above-mentioned parameters 
as well as to enhance the generalizability of our findings reported herein, 
datasets with approximately equal sex ratios as well as datasets con
taining data of ever smokers are essential for conducting more 
comprehensive evaluations within future research. 

6. Conclusions 

Exposure to high-level PM2.5 in the later stage of life (>40 years) was 
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significantly associated with increased risks of metabolic syndrome, 
hypertension, diabetes mellitus, and cardiovascular disease. Neverthe
less, the model considering lifelong exposure had higher associated 
precision, accuracy, and F1 scores as well as lower equal error rates than 
the model accounting for only individual late-stage exposure profile. 
These outcomes indicated a critical period of air pollution exposure 
concerning chronic disease incidence, which should be noted. Moreover, 
lifelong exposure to air pollution should be considered when evaluating 
effects on chronic diseases in a future study. 
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