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Abstract

Air pollution is associated with the prevalence of chronic diseases; however, the association
between exposure to air pollution and multimorbidity is unclear. To investigate the associations
between PM2.5 exposure and the multimorbidity, China Health and Retirement Longitudinal
Study (2011-2015) is used in this study, linked with remotely sensed PM> s records (2000-2015)
in China at city level. We use cross-sectional latent class analysis (LCA) to check the
associations between PM; 5 exposure and multimorbidity patterns and estimate the associations
between PMa 5 exposure and the presence of multimorbidity by longitudinal growth curve
modelling (GCM). Results show that four latent classes are estimated using LCA models,
consisting of three multimorbidity patterns (respiratory, musculoskeletal, cardio-metabolic),
and one relatively healthy pattern. The LCA findings show that increased exposure to PM 5 is
associated with higher prevalence of any of three multimorbidity patterns, especially with
respiratory or cardio-metabolic patterns. The GCM shows there is a U-shaped association
between PM> s exposure and multimorbidity, indicating PM> 5 exposure is positively associated
with the prevalence of multimorbidity when the concentration of PMa 5 exposure is higher than

53.3 pg/m?’,

Introduction

Recent research on the elderly health shows older people are more susceptible to environmental
factors than young adults !, with higher risks in living with chronic diseases due to exposure to
environmental pollution 2. Furthermore, numerous studies have shown the associations
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between single morbidity or co-morbidity of chronic diseases and exposure to fine particular
matter with less than 2.5 micrometres aerodynamic diameter (PMa.s) . Despite the increasing
studies of the association between air pollution and single morbidity, little attention has been
given to the impacts of air pollution on multimorbidity, resulting in an underestimation of the
risk of air pollution. Multimorbidity- the co-existence of at least two diseases in an individual-
is a growing challenge in ageing societies, but most analyses are cross-sectional and few
address environmental risk factors. In this study, we analyse the contribution of cumulative
exposure to air pollution to multimorbidity through large, prospective and nationally
representative survey data, China Health and Retirement Longitudinal Study (CHARLS),

linked with historical satellite data on PMz 5 exposure over 15 years.

Methods

Study population

Data used in this study are from three waves of the China Health and Retirement Longitudinal
Study (CHARLS 2011-2015), which is a nationally representative longitudinal survey of the
middle-aged and elderly population of China, consisting of persons 45 years of age or older,
as well as their spouses when possible. In this study, we use three waves of CHARLS and
finally, we restrict our analysis to 45,788 observations (19,098 respondents) from 125 cities in

our longitudinal analysis.
Main outcome: Multimorbidity

Multimorbidity is defined as the presence of two or more chronic diseases within one individual
36, In CHARLS, there are 14 indicators about self-reported doctor-diagnosed chronic diseases
(hypertension; dyslipidaemia; diabetes or high blood sugar; cancer or malignant tumour;
chronic lung disease; liver disease; heart problems; stroke; kidney disease; stomach or other
digestive disease; emotional, nervous or psychiatric problems; memory-related disease;
arthritis or rheumatism). In line with previous studies done in CHARLS, we use a disease count

approach (ranged 0-14) to capture multimorbidity >7.
Air pollution: PM> s

In this study, we use satellite data source, which used a novel method to predict historical PM2 s
concentrations in China. Based on previous studies, the measure of cumulative exposure to air

pollution focuses on the intensity of exposure, average mean of pollutant concentrations in



exposure window (mostly in one year) ®°. In this study, the measure of exposure to air pollution
refers to exposure intensity but uses a longer-term average concentration of PM» s from March

of 2000 to survey date, as our historical PM> s data is from March 2000.

Covariates: demographic, socioeconomic status (SES), health behaviour and regional

factors

In this study, the covariates include four components: demographic, socioeconomic status
(SES), behaviour, and regional factors. First, demographic variables include age, age squared,
gender, and marital status (single vs. partnered). Second, individual SES consists of education
(no schooling, primary, middle or more education), occupations (agricultural, non-agricultural,
and managerial), and HuKou (rural vs. urban). Then, smoking is controlled in this study as a
health behaviour (never smoking, former smoker, and current smoker). Finally, to reflect the
urbanisation and industrialisation of cities, this study includes annual regional Gross Domestic

Product (GDP) at the city level (logged).
Analysis strategies

This study analyses whether changes in individual multimorbid conditions during CHARLS
2011-2015 are related to cumulative PM» 5 exposure. We employ two strategies: latent class
analysis (LCA) and growth curve modelling (GCM) to examine the relationship between PM> 5
exposure in the period of 2000-2015 and multimorbidity between 2011-2015.

Main results

Figure 1 shows the association between multimorbidity patterns and cumulative exposure to
PM. 5 by age groups. Four latent classes are estimated using LCA models, consisting of three
multimorbidity patterns (respiratory, musculoskeletal, cardio-metabolic), and one relatively
healthy pattern. Generally, higher exposure to PMas declines the probability of staying in
healthy but increases the probability of belonging to multimorbidity patterns, except for Class
2 (musculoskeletal). In particular, exposure to higher PM> 5 strongly increases the likelihood
of belonging to Class 3 (cardio-metabolic). Comparing with two age groups, we can clearly
see the harmful effects of PM» s exposure are more substantial among the group aged 66-85
(lower likelihood of belonging to the relatively healthy class but higher likelihood in the

respiratory, musculoskeletal, and cardio-metabolic classes).
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Figure 1: Margins of cumulative PM, s exposure on latent multimorbidity patterns by age groups.
When the regression model includes age, gender, education, HuKou, occupations, marital status,

smoking statis, and logged GDP.

To examine the associations between cumulative PMas exposure and multimorbidity, we
conduct a set of GCMs and examine whether there are non-linear relationships between PMa s
exposure and multimorbidity by adding a quadratic term of PM> s exposure in Table 1 in GCMs.
The significant coefficients of both PM» s exposure and its quadratic term suggest the U-shaped
associations between PM> s exposure and multimorbidity exist indeed. From 4 models in Table
1, we find that the inflection point of the U-shaped curve is in the interval between 53.1 and
53.3 ug/m?3. This means that exposure to PMx s is positively associated with the prevalence of
multimorbidity when the concentration of PM> s exposure is higher than 53.3 ug/m?. However,
the annual average PM> s exposure in China in 2015 was 55.2 ug/m? '°, indicating that PMa s

exposure is harmful to human health among the majority of Chinese adults.

Table 1: Coefficients and 95% confidence intervals of growth curve models on the associations of 10
pg/m?’ increase in PM, s exposure and its quadratic terms and covariates, with multimorbidity, CHARLS

2011-2015
Model 1: Model 2: Model 1  Model 3: Model 2 Model 4: Model 3 Model 5: Model 4
Base + Education + SES + Smoking + GDP
PMa s exposure -0.191%%* -0.200%** -0.207%** -0.203%%** -0.203*%**
(-0.235--0.147)  (-0.244--0.155)  (-0.251--0.163)  (-0.247 --0.159)  (-0.247 - -0.159)
PMa2 5 exposure squared 0.018%%** 0.019%** 0.020%** 0.019%** 0.019%**
(0.014 - 0.022) (0.015 - 0.023) (0.016 - 0.024) (0.015 - 0.023) (0.015 - 0.023)
Observations 45,788 45,788 45,788 45,788 45,788
Number of IDs 19,098 19,098 19,098 19,098 19,098

1) **% p<0.001, ** p<0.01, * p<0.05, # p<0.1
2) Covariates include age, age squared, gender, education, HuKou, occupations, marital status, smoking statis, and
logged GDP.



Discussion

By linking the CHARLS, a nationally representative dataset, with historical PMa s records
derived from remote sensing technology, we investigate the associations between cumulative
exposure to PM> s and multimorbidity, specifically patterns and the presence, via LCA and
GCMs approaches. We estimate the associations of PMzs exposure with multimorbidity
through a measure for cumulative exposure to PM» s over 15 years in China. This is a first study
to establish a link between PM> s exposure and multimorbidity patterns, and then to calculate
longitudinal associations between cumulative exposure and the presence of multimorbidity.
Our findings suggest higher exposure to PM2s is associated with different patterns of

multimorbidity, and higher prevalence of multimorbidity.

Note that our findings showing a U-shape association between PM,s exposure and
multimorbidity are statistically significant. Although there are few studies related to the U-
shape association of environment pollution with multimorbidity, the U-shape links between
environment pollution and health risks are well established '!:!2, Most air pollution in Chinese
cities comes from industrial production and vehicle traffic, which is increasing in conjunction
with economic development !> and then shows a positive association with health status.
However, due to strong side effects of air pollution, higher exposure to PM> s would lead to
increased prevalence of multimorbidity once PM: 5 level exceeds the threshold (approximately
53 pg/m? in our findings). These findings suggest that corresponding policies regarding to air
pollution should be implemented based on the strategies of sustainable development and

disease prevention.

The strength of this study is using LCA and GCMs to examine the associations of PM; s
exposure with multimorbidity patterns and trajectories of multimorbidity. Our findings suggest
that cumulative exposure to PM: 5 is associated with all multimorbidity patterns but especially
for the cardio-metabolic pattern. Furthermore, our results indicate the U-shape associations
between PM; 5 exposure and multimorbidity, which deserves further exploration for its causal

mechanism.
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