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Abstract 

We use a regression discontinuity design to investigate the long-term causal impact of PM2.5 

on cognition ability among middle-aged and older adults in China. We find that the Huai 

River Policy increased PM2.5 by 22.8 μg/m3 and the long-term PM2.5 exposure has large 

and significant negative impact on mental intactness, mathematical ability, episodic 

memory, and overall cognitive ability. The results are robust to a series of robustness 

checks and economically significant. Our back-of-the-envelope calculations suggest that 

one-SD increase in PM2.5 is linked to an annual economic loss of $23.9 billion due to 

increased medical expenditures treating mental illness, and reducing PM2.5 to the WHO 

standard would save roughly $34.7 billion annually. 
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Cognitive ability refers to multiple mental abilities, including learning, thinking, reasoning, 

remembering, problem solving, decision making, and attention (Fisher et al., 2019). It is 

essential for many functional tasks (e.g., study, work, and social interactions), while a 

decline in cognitive function is a core feature of mental health conditions (e.g., 

schizophrenia and psychotic disorders) that are key components of individual’s health 

status. To understand the role of cognitive ability in society, economists have examined: 

how cognitive ability is related to risk preferences and behavioral biases (Benjamin et al., 

2013; Dohmen et al., 2010; 2018; Hoppe and Kusterer, 2011; Oechssler et al., 2009), labor 

market outcomes (Cawley et al., 2001; Cunha and Heckman, 2008; Heckman and Vytlacil, 

2001; Lindqvist and Vestman, 2011), and health (Bijwaard et al., 2015; Christopher Auld 

and Sidhu, 2005; Serper et al., 2014). But one area that has received surprising little 

attention in economics is the effects of ambient air pollution exposure on cognitive ability.1 

In recent years, economists have begun to examine the contemporaneous effects of air 

pollution on cognition formation and performance (Ebenstein et al., 2016; Lavy et al., 

2014; Zhang et al., 2018). However, the research on the causal effect of long-term air 

pollution exposure on cognitive ability is very limited.   

Compared with the effects of air pollution on physical health (see Graff Zivin and 

Neidell (2013) for a review of the literature), the effect of air pollution on cognition and 

mental well-being has been less well understood. Since the early 2000s, scientists have 

found that the high levels of air pollution may increase adults’ risk of cognitive decline and 

possibly contribute to depression (Freire et al., 2010; Lim et al., 2012; Peters et al., 2015). 

Studies on animals and human cadavers have shown that the smaller particles, the better 

lung penetration and major particle deposition in the respiratory system (Block et al., 2012; 

Carvalho et al., 2011). As such, most scientific research on the effect of air pollution on 

cognitive ability has focused on fine particulate matter (PM2.5, particulate matter that is less 

                                               
1 Compared with sparse literature in economics, there are a relatively large public health studies on air 
pollution on cognitive ability. One systematic review (Tzivian et al., 2015) of 15 studies on long-term air 
pollution (the average exposure during at least one year) and cognitive functions provides evidence that long-
term air pollution is associated with cognition impairment. Nevertheless, these associations vary in effect 
magnitudes and are therefore not easily comparable. Another systematic review of environmental health and 
medical studies (Clifford et al., 2016) summarizes studies focus on the relation between air pollution and 
cognitive functioning among adults aged 50+. This review finds small to modest statistical associations 
between air pollution and cognitive impairment. A more recent overview of air pollution and its 
psychological, economic, and social effects based on 178 studies (52 studies focus on the association between 
air pollution and cognitive abilities) (Lu, 2020) shows that air pollution harms cognitive functions across all 
lifespan, from prenatal development, childhood and youth, to young and older adults. The impacted 
cognitive outcomes encompass attention, visuo-construction, memory, math ability, reading comprehension, 
verbal intelligence and non-verbal intelligence (Lu, 2020).   
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than or equal to 2.5 microns in diameter) that can cross from the lung to the bloodstream 

and, in some cases, even pass through the nose-brain barriers that normally protect the 

brain (Maher et al., 2016). Measures to mitigate such effects (e.g., wearing masks or staying 

indoors) is compromised because PM2.5 is so small that it can easily penetrate buildings 

(Vette et al., 2001) and low-cost face masks such as cloth masks (Tcharkhtchi et al., 2021).  

Given that an increase in PM2.5 is associated with a decline in cognitive ability, we 

study the long-term causal effect of PM2.5 on cognitive ability in China because it has 

experienced sustained high pollution levels in the past several decades. To investigate this 

hypothesis, we face several challenges. First, wealthier and more educated people are more 

likely to have higher cognitive ability and be aware of the detrimental effects of air 

pollution; quite reasonably, they may choose to live in areas with low levels of air pollution. 

This makes it difficult for researchers to separate the effects of air pollution from the 

effects of location sorting by more educated and/or wealthier people. Second, like many 

other developing countries, in China air pollution monitoring network has been relatively 

ignored until recently. PM2.5 concentrations from ground pollution monitors were not 

available until 2013 in China. This limitation imposes a challenge for studies of long-term 

pollution exposure.  

To address these concerns, we focus on a national representative survey, China Health 

and Retirement Longitudinal Survey (CHARLS), and the Satellite-derived high resolution 

PM2.5 concentrations. The CHARLS focuses on middle-aged and senior people; most of 

whom were older than 50 years in 2011. This design enables us to overcome the problem 

of location sorting induced by air pollution concerns because the majority of people in the 

sample are long-term residents of the city in which they lived when the survey was taken. 

Due to the Hukou system, this generation of Chinese were much less mobile than their 

western counterparts and the younger Chinese generations; 2  this provides a valuable 

opportunity for this study. We use satellite-derived high resolution PM2.5 data to assign the 

PM2.5 exposure at the city level. We compared PM2.5 data from different sources and found 

that the accuracy and reliability had become stable since 2003 when we use as the first year 

                                               
2 China’s Hukou system had imposed strict limits on ordinary Chinese citizens changing their permanent 
place of residence since it was instituted in the 1950s. Not until recent the mid-1990s, the national and local 
governments relaxed the restrictions on obtaining local residence permits (Hukou). The majority of people 
in the CHARLS entered the labor market in the 1980s when the planned economy was still dominating with 
the private sector economy just emerging. Given the limited role the private economy played in the 1980s, 
people can only look for local jobs. The underdevelopment of the private sector further restricted mobility 
of people. Therefore, older people are much more likely to be long-term local residents than younger 
generations in China. For example, in the 2011 CHARLS, approximately 97.0% of people live in their local 
city for more than 5 years.  
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of the long-term pollution exposure. Following Chen et al. (2013) and Ebenstein et al. 

(2017), our identification strategy relies on the Huai River Policy and a regression 

discontinuity (RD) design to estimate the long-term impact of air pollution on cognitive 

ability. The Huai River Policy dictated that areas to the north of the Huai River received 

free or highly subsidized coal for winter heating. This policy resulted in the construction 

of a coal-powered centralized heating infrastructure only in cities north of the Huai River, 

and no equivalent system in cities to the south (Almond et al., 2009; Chen, et al., 2013; 

Ebenstein, et al., 2017; Fan et al., 2020). The policy produced sustained differences in 

particulate matter (PM) concentrations between the areas north and south of the river and 

persist even today (Chen, et al., 2013; Ebenstein, et al., 2017). Combining the Hukou 

system with the Huai River Policy, we eliminate the biggest threat to our identification: 

location sorting. This is a unique opportunity to study the effects of sustained differences 

in exposure to fine particles on cognitive ability of nearly fixed populations. 

In the first part of the paper, we start with examining the effects of the Huai River 

Policy on long-term PM2.5 and measures of cognitive abilities. At the boundary, PM2.5 rises 

by 22.8 μg/m3 (1.4 standard deviations (SD)) and the overall cognitive score declines by 

2.6 points or 1.9 SD. Then, we provide the first causal evidence on the long-term impact 

of PM2.5 on cognitive ability. Our main finding is that long-term exposure to PM2.5 has a 

large and robust negative impact on cognitive ability of the middle-aged and elderly 

population in China. Considering the impact of long-term exposure to air pollution on 

mortality (Chen, et al., 2013; Ebenstein, et al., 2017), this is likely to be a lower bound of 

the effects of long-term air pollution exposure on cognitive ability.  

In examining different waves of the CHARLS (2011, 2013 and 2015), we find that the 

damage to cognitive ability increases the longer people are exposed to PM2.5. When we 

study subgroups and divide the sample into under 60 years old and over 60, we find that 

the older group suffers more cognitive damage from PM2.5. The results echo the findings 

from different waves over time. The estimated magnitude is larger for females and lower-

educated people. The effects are quantitatively similar for both rich and poor.  

The results are robust to controlling for weather conditions and a rich set of 

sociodemographic factors that may be related to cognitive ability. The results are also 

robust to using different RD estimation methods. Using a wide array of bandwidth 

selection methods and several different kernel functions, we find remarkably similar results, 

suggesting that independent of the estimation methods, exposure to PM2.5 causes 

significant cognitive declines.  
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The second part of the paper examines possible biological pathways through which 

air pollution may affect cognitive abilities. We find strong evidence that PM2.5 negatively 

affects a series of cognition related health conditions such as chronic cardiorespiratory 

diseases and psychological maladies (e.g., depression). Cardiovascular and cerebrovascular 

diseases could have a harmful impact on brain and cognitive processes through vascular 

and inflammatory mechanisms. We find that long-term pollution exposure increases the 

incidence of cardiorespiratory diseases. This is consistent with the literature focusing on 

total suspended particulates (TSP) (Chen, et al., 2013) and PM10 (Ebenstein, et al., 2017). 

More directly, we show that long-term pollution exposure increases the risk of depression.  

In the final part of the paper, we try to gain further insights on mental health and 

health costs related to decline in cognitive ability. While we cannot directly measure the 

mental health and the related health care costs, we do provide a general-purpose discussion 

on the cost-benefit analysis. Based on our estimates on severe depression, the lower-bound 

estimate suggests that one-SD increase in PM2.5 is linked to an annual economic cost of 

$23.9 billion in terms of additional medical expenditures on mental illness, and reducing 

the PM2.5 level to the WHO standard would save roughly $34.7 billion annually. 

This paper makes several important contributions to the literature. First, previous 

studies investigating the effect of pollution on cognitive ability typically focus on 

contemporaneous changes in test scores in school (Ebenstein, et al., 2016; Lavy, et al., 

2014) or the association between concurrent pollution and people’s performance in 

math/verbal tests (Zhang, et al., 2018). 3  Although there is some evidence of a 

contemporaneous relationship between pollution and cognitive measures, there is very 

little work that examines how persistent high-level air pollution affects cognitive ability in 

the long run. This study is the first economic research that identifies a strong causal link 

between long-term exposure to PM2.5 and cognitive ability among the middle-aged and 

elderly population in China.  

Second, our study adds to the literature on the long-term effect of air pollution in 

developing countries. Other studies have provided evidence that long-term air pollution 

leads to higher mortality rates. While mortality is obviously important, it is extreme and 

reflects the most severe consequences of environmental pollution. But there may be other 

                                               
3 Zhang, et al. (2018) have examined the pollution–cognition relationship by age in China based on a 
nationally representative longitudinal dataset at the individual level. They limit their study to the effects of a 
three-year exposure of air pollution and reveal a correlation between air pollution and cognition rather than 
a causality.  
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consequences of air pollution that in aggregate, maybe larger and longer-lasting than those 

associated with mortality (Ebenstein, et al., 2016). This paper complements the previous 

literature by providing evidence showing that the survivors of pollution may suffer from 

substantial long-run losses in cognition.  

Third, the evidence presented in this paper has important implications for public 

policy. China’s population is rapidly aging, consequently public policies that ameliorate the 

decline of the elderly’s mental health could produce substantial social and private benefits 

(Huang et al., 2019; Xu et al., 2017). Our study highlights the sizeable benefits of reducing 

the level of pollution and illuminates the trade-offs across different development paths 

which vary in economic growth rate and potential damage to environmental conditions 

and health.  

The rest of the paper is arranged as follows. In Section I, we present relevant 

background information on air pollution and cognition. In Section II, we present our data. 

In Section III, we discuss the empirical strategy. In Section IV, we examine the impact of 

pollution on cognitive ability. In Section V, we examine the impact of pollution on a series 

of cognition related health problems. In Section VI, we provide a cost-benefit analysis. We 

conclude in Section VII.  

 

I. Medical Background: the Links between Air Pollution and 

Cognitive Ability 
Air pollutants (e.g., particles, nitrogen oxides, and ozone) are potent oxidants, and may 

reach the brain and activate resident innate immune response in the central nervous system 

by oxidative stress and neuro-inflammation (Block and Calderón-Garcidueñas, 2009; 

Fonken et al., 2011; Genc et al., 2012). For example, Calderón-Garcidueñas et al. (2008) 

find that exposure to air pollution causes neuroinflammation (an altered brain innate 

immune response) and an accumulation of Aβ42 and α-synuclein that are hallmark  of 

Alzheimer’s disease and Parkinson’s diseases. Along with neuroinflammation, PM 

promotes oxidative stress and, consequently, enhances the levels of pro-oxidant molecules 

in important brain structures such as cerebellum and hippocampus, and thus PM direct 

exposure seems to activate toxic neurological effects (Fagundes et al., 2015). Therefore, 

oxidative stress and neuro-inflammation are reported among the hypothesized biological 

pathways of neurological disorders (Berr et al., 2000; Dröge and Schipper, 2007) such as 

Alzheimer’s disease and Parkinson’s diseases (Levesque et al., 2011). 
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The association between ambient air pollution and cognitive ability has been 

established in medical and public health literature. Specifically, to date, the association 

between air pollution and cognitive outcomes among the older cohorts have been found 

in the USA (Ailshire and Crimmins, 2014; Ailshire et al., 2017; Power et al., 2011; Weuve 

et al., 2012), the UK (Tonne et al., 2014), Germany (Ranft et al., 2009; Schikowski et al., 

2015), Sweden (Oudin et al., 2016; Oudin et al., 2017), and Canada (Chen et al., 2017a; 

Heyes et al., 2019). Regarding China, to the best of our knowledge, only four studies have 

assessed the acute effect of air pollution on Chinese elderly’s cognitive functions. 

Specifically, using data from the 2002 Chinese Longitudinal Health Longevity Survey 

(CLHLS), Sun and Gu (2008) find that, compared with a 1-point increase in the air 

pollution index (API) in urban areas with a lower GDP per capita, a similar increase in 

areas with a higher GDP per capita is linked with poor cognition function4 among Chinese 

older people aged 65+, suggesting that Chinese elderly living in more developed urban 

areas are susceptible to the effect of air pollution than their counterparts living in less 

developed areas. Using the same dataset, Zeng et al. (2010) also confirm that an increase 

in API is associated with cognition impairment. This finding is further echoed by Zhang, 

et al. (2018), using data from the 2010-2014 China Family Panel Studies (CFPS), show that 

an increment of API impedes verbal test scores. Furthermore, such negative effects are 

more pronounced for the older, in particular, among men. And the gender gap in the 

decline in verbal skills becomes larger as people age. Likewise, a recent study by Wang et 

al. (2020), drawing on the data from 2002-2014 CLHLS, shows that a 10-μg/m3 increase 

in PM2.5 is correlated with a 5.1% increased risk of poor cognitive function. And subgroup 

analyses reveal that such associations between PM2.5 and cognition impairment are stronger 

in men than women. 

We highlight the findings of previous research that is particularly apropos. First, 

although the detrimental effects of air pollution on cognition functions are consistent 

across studies, estimates of magnitudes differ substantially (Lu, 2020). Second, there are 

few studies investigating the causal effect of air pollution on cognitive ability, since most 

existing epidemiological studies focus on the correlation rather than causality between air 

pollution and cognitive functions using cross-sectional data (see Clifford, et al., 2016; Lu, 

2020; Tzivian, et al., 2015). Cross-sectional studies compare health outcomes across 

                                               
4 Poor cognitive function is defined as a score of less than 18 on the Chinese version of the Mini-Mental 
State Examination (MMSE) (Sun and Gu, 2008). 
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locations, examining how air pollution is associated with health outcomes after controlling 

for potential confounding factors. However, this research design is plagued by omitted 

variables bias. As people’s health status and local air quality are usually simultaneously 

determined by many other socioeconomic factors, a correlation between air pollution and 

health status does not necessarily indicate a causal relationship. In practice, it is not feasible 

to control for all potential confounding factors; thus, the health effect of air pollution 

estimated by cross-sectional models may be biased. Particularly, a recent study by Fan, et 

al. (2020) confirms that the RD estimates of air pollution on mortality based on the Huai 

River Policy are substantially larger than OLS estimates, suggesting a severe downward 

bias that may exist. Yet the results of cross-sectional studies are still widely employed by 

both governments and international agencies in establishing air quality standards (Fan, et 

al., 2020). Third, most previous work focuses on developed countries, however, the 

evidence from developing countries including China is rare, which leaves an open question: 

Do the identified causal relationship apply to developing countries with more server air 

pollution (e.g., China and India)? Fourth, most research focuses on short-term or transitory 

effects of air pollution on cognitive functions, few studies explore long-term or 

accumulative impacts of air pollution. As Schikowski and Altuğ (2020) highlight, causal 

evidence on long-term effects of ambient air pollution on cognitive impairment is limited 

and needs further examination. Among elderly Chinese, only Zhang, et al. (2018) and Wang, 

et al. (2020) examine the association between accumulative exposure to air pollution and 

cognitive abilities. Finally, as Tzivian, et al. (2015) emphasized that “although the reviewed 

studies assessed long-term exposure to air pollution and noise, length of residence at the same residential 

address is not mentioned in most of these studies” (p.10). Consequently, information on years of 

living at the same address and sub-analyses of respondents without migration during the 

study period would facilitate more accurate exploration of the cognitive impact of air 

pollution (Tzivian, et al., 2015).  

We remedy some of these shortcomings by employing the RD design and the 

CHARLS to identify the causal effect of long-term air pollution on cognitive functions 

(both episodic memory and mental intactness) among Chinese elderly. The Huai River 

Policy provides a quasi-experiment and a RD design that facilitates estimating the long-

term impact of air pollution on cognitive ability. Drawing on the detailed information on 

the length of residential exposure, the CHARLS also helps us eliminate the potential biases 

emanated from migration to places with differential air qualities and economic 

opportunities. 
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II. Data 

II.1 Cognitive function 

The data for cognitive functions are taken from the CHARLS, which is a nationally 

representative sample of the middle-aged and elderly in China, including assessments of 

health, retirement, health-care utilization, income and expenditures, health insurance status, 

and demographic characteristics of community-residents (Zhao et al., 2014). 5  The 

CHARLS has strict data quality control as a part of a group of ageing surveys worldwide 

that are harmonized to be comparable.6 Given that changes in the Huair River Policy (i.e., 

switching from coal to natural gas) reduced PM2.5 emission north of the Huai River from 

2017 (Zhang et al., 2019), consequently the difference in PM2.5 between north of the Huai 

River and south of it was substantially reduced. Sicne we focus on the differential effects 

of the Huair River Policy on PM2.5 emission, our analysis uses only the first three waves of 

the survey (2011, 2013, and 2015). 

Cognitive impairments include problems with attention, memory recall, planning, 

organizing, reasoning, and problem solving. We use four cognitive measures that are 

available in the CHARLS: mental intactness, mathematical ability, episodic memory, and 

total cognition score. Specifically, the CHARLS assesses mental intactness by asking 

respondents to answer 11 questions, including naming the date (month, day, year, and 

season) and the day of the week, re-drawing a formerly shown photo, and doing the serial 

7 subtraction from 100 (up to five times). Following Lei and Liu (2018), we count each 

correct answer to generate a score measuring mental intactness ranging from 0 to 11. The 

mental intactness score reflects fluid and crystallized cognition (Smith et al., 2010). 

Mathematical ability is assessed through the serial 7s subtraction test by asking respondents 

to subtract 7 from 100 (up to five times). The mathematical score ranges from 0 to 5, with 

a higher score indicating a better mathematical ability. Episodic memory is evaluated by 

asking respondents to immediately repeat in any order 10 Chinese nouns just read to them 

                                               
5 The CHARLS is administered by the National School of Development together with the Institute for Social 
Science Surveys at Peking University. The national baseline survey was conducted in 2011-2012 on 17,708 
respondents residing in 10,257 households in 450 villages/urban communities. Three follow-up interviews 
were conducted in 2013, 2015 and 2018. A detailed sampling method of the CHARLS can be found here: 
http://charls.pku.edu.cn/pages/data/111/zh-cn.html.   
6 Similar surveys in other countries include the Health and Retirement Study (HRS) in the USA, the English 
Longitudinal Study of Aging (ELSA) in England, the Survey of Health, Ageing and Retirement (SHARE) in 
Europe, the Korean Longitudinal Study of Aging (KLSA), the Japanese Study of Aging and Retirement 
(JSAR), and the Longitudinal Aging Study (LAS) in India.  

http://charls.pku.edu.cn/pages/data/111/zh-cn.html
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(immediate word recall), and a delayed recall the same list of words 4 minutes later (delayed 

recall). We average the sums of correct answers of immediate word and delayed recall and 

generate a score for aggregate word recall, ranging from 0 to 10. The episodic memory is 

a critical domain of fluid cognition (Smith, et al., 2010). Finally, following Luo et al. (2019), 

we generate a total cognition score ranging from 0 to 21 by summing scores on mental 

intactness and episodic memory. In analysis we standardize the cognitive scores.  

We aggregate the individual-level data to a city level by taking means of individual 

cognitive scores for each prefecture-level city in the CHARLS. This creates a panel data 

set of year by city. We convert the panel data to a cross-section by taking averages of 

cognitive scores from all three waves of observations. Grabner et al. (2010) highlight that 

10 percent of the total variance in intelligence tests (e.g., cognitive abilities) attributes to 

measurement errors. Thus, using collapsed panel for analysis could reduce the influence 

of measurement errors and bias of the estimates especially for cognitive ability. Later, we 

estimate RD based on the collapsed panel data, and provide the separate RD estimates on 

three waves of survey independently to analyze the trend of air pollution impact on 

cognitive ability. To check whether our 2011-2015 panel data suffer from sample selection 

bias, we also perform t-tests to compare key demographic characteristics in our panel 

sample with three individual waves (2011 vs. panel, 2013 vs. panel, and 2015 vs. panel), 

respectively. Results in Appendix Table A1 confirm that our panel sample does not suffer 

from sample selection biases.  

 

II.2 Long-term Exposure to Air Pollution 

We focus on PM2.5 rather than other pollutants for several key reasons. First, PM2.5 poses 

the greatest risk to health because they can get deep into people’s lungs and some may 

even get into the bloodstream and brain (Maher, et al., 2016; Naghavi et al., 2017; Stanaway 

et al., 2018; Yin et al., 2020). It is estimated that around 7 million people die every year 

from exposure to PM2.5 air pollution (World Health Organization, 2016; 2018). In China, 

annual PM2.5 concentrations (51 and 36 μg/m3 for urban and rural areas) are still much 

higher than the WHO guideline (10 μg/m3) and causes serious health risks (World Health 

Organization, 2016; 2018). Second, although pollution from PM2.5 has declined in recent 

years in China, absolute levels of long-term average air pollution remain high (Health 

Effects Institute, 2019). In particular, the majority (81.1%) of the population still live in 

areas exceeding the least stringent WHO Air Quality Interim Target of 35 μg/m3, 

indicating that ambient particular matter pollution remains a serious challenge to health in 
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China (Yin, et al., 2020). Third, Chinese air pollution data are very limited for the early 

2000s. Satellite-drive high resolution PM2.5 concentrations cover the whole country and are 

more suitable for long-term air pollution studies.7  

NASA’s Socioeconomic Data and Applications Center (SEDAC) provides an 

Annual Global PM2.5 Grids from 1998 to 2016 (van Donkelaar et al., 2018; 2016).8 We use 

it to calculate the annual PM2.5 concentrations for each county or city district. The 

calculation takes three steps. First, we overlaid the PM2.5 grids on China’s county/city 

districts shapefile in ArcGIS. Second, we calculated the areas of grid cells that each county 

covers. Finally, PM2.5 concentrations of a county/city district were calculated as the area-

weighted mean of PM2.5 values for the constituent parts, grid cells of 0.01×0.01 latitudinal 

by longitudinal degrees (approximately 1.1×1.1 km).  

Examining the long-term PM2.5 exposure in each prefecture-level city, we first took 

average of the PM2.5 of each county and city district within a prefecture-level city to 

generate the prefecture city-level PM2.5 exposure for each year. Then, at each prefecture-

level city, the long-term air pollution exposure was measured as the average PM2.5 for all 

subsequent from 2003.9 For example, the long-term fine particulate exposure for a city in 

2011 is the average of PM2.5 from 2003-2011 at the city. In our sample, the long-term PM2.5 

concentrations for each prefecture-level city in 2011, 2013 and 2015 is the average PM2.5 

of 2003-2011, 2003-2013 and 2003-2015, respectively. The pollution panel data were 

collapsed into a cross-section for RD analysis.  

 

II.3 Weather 

                                               
7 Annual average of several major pollutants (e.g., SO2, NO2 and PM10) are only available for less than one 
third of all the cities in China. The sparse data makes it difficult to assign air pollution data with reasonable 
accuracy and still have a workable sample size.  
8 SEDAC Global Annual PM2.5 grids consist of ground level PM2.5 concentrations (μg/m3) from Moderate 
Resolution Imaging Spectroradiometer (MODIS), Multiangle Imaging Spectroradiometer (MISR) and Sea-
Viewing Wide Field-of View Sensor (SeaWiFS) aerosol optical depth data.  
9 Here we find two set estimated long-term PM2.5 from satellite-derived data: one is what we use from 
NASA’s Socioeconomic Data and Applications Center (SEDAC), providing a Global Annual PM2.5 Grids 
from 1998 to 2016; the other set estimates city-level PM2.5 from 2000-2018 in China by combining Aerosol 
Optical Depth (AOD) retrievals from the NASA Moderate Resolution Imaging Spectroradiometer (MODIS), 
Multi-angle Imaging SpectroRadiometer (MISR), and Sea-viewing Wide Field-of-view Sensor (SeaWIFS) 
instruments with the GEOS-Chem chemical transport model, and subsequently is calibrated to regional 
ground-based observations of both total and compositional mass using Geographically Weighted Regression 
(GWR) as detailed in Hammer et al. (2020). 
We compared PM2.5 data from different sources and found big differences for pre-2003 period, which cast 
doubt on the reliability of the pre-2003 data. As a consequence, we start from 2003 when we use as the first 
year of the long-term pollution exposure. Using the second set of satellite based PM2.5 produces similar 
results (available on request). 
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Since weather conditions such as a higher level of temperature are associated with cognitive 

impairment (see, for instance, Graff Zivin et al., 2018), we adjust for weather conditions 

in our models. We utilized the daily weather information from the Global Summary of the 

Day (GSOD).10 Our analysis employs 398 ground weather stations with nearly complete 

weather data for 2003-2015. The weather information includes temperature, dew point, 

precipitation and wind speed. We calculate the distances between each weather station and 

CHARLS prefecture-level cities. The annual weather variables for each CHARLS 

prefecture-level city were calculated as follows: if a prefecture-level city location is within 

50 kilometers of a weather station, the nearest station’s readings were used. If a city is not 

within 150 kilometers of a weather station, the city was excluded from the sample. In our 

sample, all city locations are within 135 kilometers. If a city is not within 50 kilometers of 

any weather stations, the annual weather variable was calculated as the weighted average 

of weather readings at each station within a radius of 135 kilometers,11 and the weights 

were determined by the inverse of distances between CHARLS prefecture-level cities and 

weather stations. Finally, the long-term weather information of each prefecture-level city 

in 2011, 2013 and 2015 was measured as the average weather data of 2003-2011, 2003-

2013 and 2003-2015, respectively.  

 

II.4 Other Control Variables 

We controlled for city-level sociodemographic characteristics and health behaviors that are 

correlated with cognitive ability. We use individual sociodemographic values and health 

behaviors from the CHARLS and aggregate it into the city level for all CHARLS cities. 

Data on per capita GDP are directly from the China Statistical Yearbooks for each city.12 

Specifically, these city-level controls  include the share of males, age groups (share of 

population aged 65-74, and 75+), marital status (share of married /partnered population), 

education (share of population with high school, vocational training, two-/three-year 

college/associate degree, bachelor’s degree or above), smoking rate (share of population 

ever smoked),alcohol drinking rate (share of population ever had alcoholic drinks), and per 

capita GDP (1,000 yuan) for each city. Similar to cognitive scores, we converted the panel 

                                               
10 The GSOD data are available from NOAA’s website. 
11 The results are robust to different tolerance distances.  
12 We use the long-term per capita GDP of each prefecture-level city for each wave, measured as the average 
per capita GDP (deflated to 2003) of 2003-2011, 2003-2013 and 2003-2015, respectively. The data from 
China Statistical Yearbook are in http://www.stats.gov.cn/tjsj/ndsj/.  
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data into a cross-section by taking averages of control variables from all three waves of 

observations in the main RD analysis (see Appendix Table A2 for a detailed description of 

all individual-level variables,).  
 

III. Empirical Strategy 
We use a RD approach to estimate the causal impact of long-term air pollution exposure 

on cognitive ability. This paper’s RD design exploits the Huai River Policy that provides 

free or heavily subsidized coal for indoor heating to the north of the river and no subsidies 

to the south (Almond, et al., 2009; Chen, et al., 2013; Ebenstein, et al., 2017; Fan, et al., 

2020). The assignment to the treatment is determined by the location of city being north 

or south to the Huai River. Let 𝑌𝑌𝑖𝑖(1) and 𝑌𝑌𝑖𝑖(0) denote the potential treated and untreated 

for each CHARLS prefecture-level city location i. The standard RD average treatment 

effect at the cutoff can be written as: 

        𝜏𝜏 = 𝔼𝔼[𝑌𝑌𝑖𝑖(1) − 𝑌𝑌𝑖𝑖(0)|𝐿𝐿𝑖𝑖 = 𝑙𝑙]̅ = 𝑙𝑙𝑙𝑙𝑙𝑙
𝑙𝑙↓𝑙𝑙̅

𝔼𝔼[𝑌𝑌𝑖𝑖|𝐿𝐿𝑖𝑖 = 𝑙𝑙] − 𝑙𝑙𝑙𝑙𝑙𝑙
𝑙𝑙↑𝑙𝑙̅

𝔼𝔼[𝑌𝑌𝑖𝑖|𝐿𝐿𝑖𝑖 = 𝑙𝑙]           (1) 

where 𝑌𝑌𝑖𝑖  could be either 𝑃𝑃𝑃𝑃2.5 , the average annual ambient concentration of fine 

particulate matter over the period 2003-2011/2013/2015, or a measure of average 

cognition score or other cognitive related health indicators at location i. 𝑙𝑙 ̅is the latitude 

degrees along which the Huai River lies and 𝐿𝐿𝑖𝑖  is latitude degrees of the CHARLS 

prefecture-level city i. 𝜏𝜏 can be identified either parametrically or nonparametrically. Here 

we focus on the results from the non-parametric approach, as the parametric RD approach 

has several undesirable statistical properties (Gelman and Imbens (2019). We estimate 𝜏𝜏 

non-parametrically using local linear methods along the Huai River, 𝑙𝑙 .̅ The key of the non-

parametric estimation is to select the optimal bandwidth (i.e., the acceptable distance from 

the discontinuity for sample inclusion) and the kernel function (assigning weights to 

observations) to localize the regression fit near the cutoff. The choice of bandwidth 

involves balancing the conflicting goals of focusing comparisons near the Huai River 

where the identification assumption is strongest and having a large enough sample for 

reliable estimation. In the non-parametric results, we rely on a choice-rule which 

determines the optimal bandwidth as a function of the data (Calonico et al., 2020; Calonico 

et al., 2019) and correct the bias caused by small bandwidth following Calonico et al. (2014) 

and Calonico, et al. (2019). Given data limitations (i.e., low density of the locations near 

the cutoff), we choose local linear regression as the main estimation strategy. And robust 

standard errors are applied.  
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The RD design is based on the idea that the treatment status is determined by a 

random assignment or forcing variable and cannot be manipulated (Lee and Lemieux, 

2010). Here the assignment variable is the latitude of each prefecture-level city in the 

CHARLS, which cannot be manipulated. Appendix Figure A1 shows the histogram of city 

latitudes with a kernel density estimate. We find that the density of the forcing variable 

moves smoothly around the threshold. Additionally, we use the McCrary test (McCrary, 

2008) and Cattaneo-Jansson-Ma test (Cattaneo et al., 2021; 2020) to examine the 

smoothness of the latitude variable. Appendix Figure A2 of the McCrary test shows no 

jump in density of the forcing variable. The p-value from Cattaneo-Jansson-Ma density 

test for the distribution of the running variable test is 0.66, suggesting no difference in 

density across the cutoff.  

The key assumptions of RD are that any unobserved determinants of long-term PM2.5 

or cognitive ability change smoothly as they cross the Huai River. In the Result Section, 

we show that a variety of cognition and pollution-related local characteristics are smooth 

functions across the threshold. However, if the relevant assumption is not fully satisfied, 

adjustment for control variables could remove potential sources of bias and allow for 

causal inference (Calonico, et al., 2019). In addition, including balanced covariates in RD 

estimation could also increase the precision of the RD estimator (Calonico et al., 2016; 

Calonico, et al., 2019). Following Calonico, et al. (2019) and Calonico et al. (2017), our 

nonparametric RD estimation involves additional covariates which are supposed to 

increase the efficiency of the estimator. We include two main sets of covariates that might 

be related to the outcome variables. The first set is a vector of weather variables, and the 

second set is a vector of the sociodemographic and city characteristics.  

In the Results Section, we report on estimation of the Huai River Policy on PM2.5 and 

cognitive ability. The results determine whether there exists a discontinuity in outcomes at 

locations just to the north of the Huai River (relative to locations to the south). These 

estimates are reported using the mean square error (MSE) optimal and data-driven 

bandwidth selection methods proposed by Calonico, et al. (2016) and Calonico, et al. 

(2019). The bandwidth methods allow for different bandwidths on either side of the cutoff 

for the RD estimator.13 We use the triangular kernel function for the main results (results 

from a different kernel function are reported in the section of robustness checks).  

                                               
13 See Calonico, et al. (2017) for a detailed discussion on non-parametric estimation of the RD estimator. 
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Importantly, the estimates of PM2.5 and cognitive ability can be used to develop 

estimates of the impact of PM2.5 concentrations on cognitive ability in a fuzzy RD 

framework (Calonico, et al., 2020; Calonico, et al., 2019; Calonico, et al., 2014). Specifically, 

if the Huai River Policy only influences cognitive ability through its impact on PM2.5, an 

important appeal of the results is that it produces estimates of the impact of units of PM2.5 

on cognitive ability, so the results are applicable in other settings (e.g., other developing 

countries with comparable PM2.5 concentrations). The fuzzy RD estimates can be 

estimated by taking the ratio of the estimated discontinuity in cognitive ability to the 

estimated discontinuity in PM2.5, both by local linear regression at the Huai River. The 

result is an instrumental variable, Wald estimate of the impact of PM2.5 on cognitive ability 

that is analogous to the 2SLS estimates and is based on the recommendations of Calonico, 

et al. (2014), Calonico, et al. (2020) and Calonico, et al. (2019). This approach is used to 

assess the impact of an imperfect binary treatment where the probability of treatment rises 

at some threshold, but being above or below the threshold does not fully determine 

treatment status (i.e., imperfect compliance). In our context, exposure to PM2.5 increases 

significantly north of the Huai River, but pollution exists both north and south of the river, 

making our context naturally analogous to a "fuzzy RD." Calonico, et al. (2014) 

recommend that the “fuzzy RD” coefficient be estimated as the ratio of two “sharp” 

discontinuities, using the optimal bandwidth for both cognitive ability and PM2.5; they 

provide a formula for the standard error of this estimate that is derived using the 

asymptotic properties of the ratio of the separately estimated discontinuities. Note that the 

“sharp” RD estimate of the Huai River Policy on PM2.5 in the “fuzzy RD” framework (i.e., 

the first stage) is different from the regular sharp RD estimate. See Calonico, et al. (2014) 

and Calonico, et al. (2019) for further details. 

One may be concerned that people in the north die early due to the impact of winter 

heating on life expectancy and mortality, especially the elderly (Chen, et al., 2013; Ebenstein, 

et al., 2017; Fan, et al., 2020). CHARLS is a study of people aged 45 and over. And a 

refreshment sample of 45-46-year old individuals is added to reduce sample attrition due 

to the fact that respondents get older and some of the old respondents die as the study 

progresses. In this case, the CHARLS refreshment sample rate of young adults is higher in 

the north than the south due to the adverse impact of the Huai River Policy on mortality. 

Given that cognitive declines are more obvious among older adults, our RD design is a 

lower bound of the air pollution effect on cognitive ability. In other words, if there is no 

difference in mortality rates across the Huai River, we should observe an even greater 
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impact of air pollution on cognitive ability.14  

 

IV. Results 

IV.1 Summary Statistics and Graphical Analysis 

Table 1 presents the summary statistics for the main variables and provides evidence on 

the validity of the RD design. Columns (1) and (2) report the mean values and SDs in the 

north and south of the Huai River. Column (3) documents the mean difference between 

the north and the south along with the standard error, and column (4) reports the 

discontinuous changes and standard errors along the Huai River using local linear 

regression. We begin the analyses with an assessment of the Huai River Policy’s impact on 

PM2.5. Panel A shows large differences in PM2.5 concentrations between the south and the 

north of the Huai River. According to local linear RD estimates, the north-south difference 

in PM2.5 along the Huai River is 22.5 μg/m3 for long-term exposure measurements. In 

Figure 1, we plot average PM2.5 concentrations at the city level against their latitudinal 

degrees relative to the Huai River. We use the locally weighted scatterplot smoothing 

(LOWESS) command separately for cities located in the north and south of the Huai River; 

this represents a non-parametric approach to identifying the relationship between latitude 

and PM2.5 on both sides of the River. Visual inspection clearly shows PM2.5 concentrations 

increased significantly and discontinuously from the south to the north along the Huai 

River.  

We observe large declines in all four cognitive measures along the Huai River. Column 

4 in Panel B of Table 1 shows the local linear adjusted differences are: -2.1 in mental 

intactness score (2.1 SD), -0.6 in mathematics score (1.3 SD), -1.2 in episodic memory 

score (2.3 SD), and -3.1 in total cognition ability score (2.2 SD). In Figure 2, we plot four 

cognition variables against latitudinal degrees centered along the Huai River boundary; 

these variables are: mental intactness score (Figure 2a), mathematics score (Figure 2b), 

episodic memory score (Figure 2c) and overall cognitive score (Figure 2d), separately. 

Figure 2 reveals a significant discrete decline in all four cognitive measures. Taking together, 

Figure 1 confirms a striking increase in PM2.5 that is attributable to the Huai River Policy, 

whilst Figure 2 reveals a sharp decline in cognitive functions at the location where the Huai 

                                               
14 The mean temperature when the winter heating system was turned on in our sample was about 49 degrees 
Fahrenheit (9.4 degrees Celsius). In a separate project, we estimated the temperature-mortality relationship 
in major Chinese cities and find that low temperature does not lead to excess deaths until it goes below 32 
degrees Fahrenheit (or 0 degrees Celsius). These results are available upon request.  
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River Policy was implemented. The striking finding is that there is a discrete decline in 

cognitive function at the border that mirrors the increase in PM2.5. 

Additionally, though the RD design’s identification assumption that unobservables 

change smoothly at the boundary is impossible to be tested directly, it would be reassuring 

if observable determinants change smoothly at the boundary. Weather variables are shown 

in Panel C of Table 1. Though there are differences between the south and north of the 

Huai River, the differences from local linear regressions are much smaller and statistically 

insignificant at the boundary. A rich set of sociodemographic characteristics and health 

behaviors are presented in Panel D of Table 1. Note that these covariates such as smoking 

and alcohol drinking patterns may affect cognitive function. We observe no significant 

difference in sociodemographic factors and health behaviors using the local linear 

regression approach. 

Since our goal is to examine the causal relationship between cognitive ability and long-

term exposure to ambient air pollution, it is critical that the respondents in the survey be 

permanent residents. Respondents of the CHARLS were middle-aged and elderly adults 

who, empirically, have much lower mobility than younger cohorts due to job- and the 

welfare-related Hukou (household registration) system. However, even though the Hukou 

system does not prevent all migration among older people, we believe that migration is not 

a major contributor to the paper’s results. In our analytic sample the rate of residence 

duration that is less than 5 years at the same city is rather low,15 with 0.72% in 2011, 0.94% 

in 2013 and 7.40 % in 2015, 16 respectively. As highlighted by Tzivian, et al. (2015), 

continuously living at the same address facilitates a more accurate assessment of the impact 

of long-term air pollution exposure - exposure to PM2.5 in our case. 

 

IV.2 Main Results 

IV.2.1 The impacts of the Huai River Policy on PM2.5 and cognitive ability 

Table 2 presents the RD estimates of PM2.5 and cognition ability along the Huai River using 

the local linear regression. We use two bandwidth methods. One is the MSE-optimal 

bandwidth method (indicated by MSEopt in the tables) which allows different bandwidths 

above and below the Huai River. To increase the reliability of our RD estimates, we 

                                               
15 The key reason that we take less than 5 years as the threshold of residence duration is that we adopt the 
5-year panel data of CHARLS as our study sample.  
16 An increased rate in 2015 might be attributable to the addition of refresher samples in this wave. 
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additionally employ a second bandwidth method (indicated by MSEmed in the tables) 

which is the median of three different MSE-optimal selectors proposed by Calonico, et al. 

(2016) and Calonico, et al. (2019) for each side of the cutoff separately.17 Columns (1)-(4) 

reports the RD results using the two bandwidth selectors and the triangular kernel function. 

The estimates in the odd columns are unadjusted, while those in the even columns are 

adjusted for weather and sociodemographic characteristics listed in Panels C and D of 

Table 1. For each RD estimate, we report bandwidths on either side of the cutoff.  

The Panel A of Table 2 shows that the impact of the Huai River Policy on long-term 

PM2.5 For ease of exposition and to avoid the discomfort of picking one estimate, we 

emphasize the average of all estimates going forward. We find that the Huai River policy 

increased PM2.5 by an average of 22.8 μg/m3. Back-of-the-envelope calculation suggests 

that these results are broadly consistent with other estimates of the Huai River Policy on 

other pollutants (e.g., PM10).18 Using data from 1,680 national monitoring stations that 

report both PM2.5 and PM10, we found that PM2.5 accounts for roughly 61% (the standard 

deviation is 10%) of PM10.19. Base on the average ratio of PM2.5 to PM10 Ebenstein, et al. 

(2017)’s estimates on PM10 translate into a prediction of 25.6 µg/m3 in PM2.5 that is well 

within the sampling error of our estimates of 22.8 µg/m3. This suggests that the Satellite-

derived high resolution PM2.5 concentrations serve as a valid measure of ground-level fine 

particulate matter.  

Panel B of Table 2 reports the RD estimates for cognitive abilities. We find that the 

Huai River Policy has a large and statistically significant negative impact on cognitive 

abilities including mental intactness, mathematical ability, episodic memory, and overall 

cognitive ability. At the boundary, the scores of mental intactness, mathematical ability, 

episodic memory, and overall cognitive ability decline by 1.8 SD (or 1.8 points), 1.3 SD (or 

0.7 points), 1.3 SD (or 0.7 points) and 1.9 SD (or 2.6 points) on average, respectively. These 

results suggest that air pollution of the Huai River Policy has resulted in significant declines 

in human cognition.  

                                               
17 In Stata command “rdrobust,” this RD estimates can be acquired by specify “MSEmed” as the bandwidth 
selection procedure Calonico, et al. (2017). 
18 Ebenstein, et al. (2017) also exploit the RD design based on the Huai River Policy but rely on measures 
of PM10 instead of this paper’s PM2.5 and find that the Huai River Policy increased PM10 concentrations by 
about 42 µg/m3. 
19 The national PM2.5 data from ground monitors only became available in 2013. It overlaps with our 
sample period by three years, 2013-2015. As such, we calculate the PM2.5/PM10 ratio using the national 
pollution data from 1,680 ground monitor stations from 2013 to 2015. The mean is 0.61 with a standard 
deviation of 0.1 (90% CI is [0.42, 0.76]).  
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Figures 3 and 4 plot RD estimates of the impact of the Huai River Policy on PM2.5 

and cognitive abilities by wave. The estimates are presented in Appendix Table A3. We 

find that the damaging effect of long-term PM2.5 to cognition becomes larger from 2011 

to 2015, with the exception of mathematical score (Panel b of Figure 4), suggesting that 

the effect of accumulative exposure to air pollution on cognition impairment is exacerbated 

over time.  

 

IV.2.2 The impacts of PM2.5 on cognitive ability 

Table 3 presents the estimated effects of an additional 10-μg/m3 increase in long-term 

PM2.5 exposure on cognitive abilities from alternative estimation approaches. Columns (1)-

(4) report the fuzzy RD estimates using two most commonly used bandwidth selection 

methods and triangular kernel functions. We report the results adjusted for weather and 

sociodemographic characteristics at the city level. Columns (1)-(4) report the RD estimates 

and columns (5) and (6) report the OLS results for comparison.   

The column (1) estimated from the fuzzy RD approach indicates that an additional 10 

μg/m3 in PM2.5 reduces mental intactness score by 0.7 SD (0.7 points), mathematical score 

by 0.5 SD (0.2 points), episodic memory score by 0.4 SD (0.2 points), and overall cognitive 

ability score by 0.7 SD (1.0 points). This observation is consistent with the results in the 

previous section and indicates that the Huai River Policy affects cognition functioning via 

its impact on PM2.5. Interestingly, these findings are unaffected by alternative ways to 

estimate the RD coefficient and standard errors. In column (6), an additional 10 μg/m3 in 

PM2.5 is associated with a statistically significant 0.5 SD (0.5 points) decline in mental 

intactness score, 0.4 SD (0.2 points) decline in mathematics score, 0.4 SD (0.20 points) 

decline in episodic memory score, and 0.5 SD (0.7 points) decline in overall cognitive ability 

score. In addition, it is worth emphasizing that, relative to OLS estimates, the fuzzy RD 

estimates are more stable and larger in magnitudes, suggesting that OLS estimates are 

biased downward possibly due primarily to omitted variables or/and measurement errors. 

The main specification controls for weather and sociodemographic factors in our 

analysis. However, to make sure that our main findings are not sensitive to different 

specifications, we also re-estimate Sharp/Fuzzy RD results with and without weather and 

sociodemographic characteristics. Once again, we find the RD results with controls are 

similar to those without controls.  

We compare our RD results with Zhang, et al. (2018) showing that one SD increase 

in the 7-day mean API lowers verbal scores by 0.278 points (0.026 SD), and 1 SD increase 
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in 3-year mean API is associated with 1.132 points (0.108 SD) drop in verbal test scores. 

Our RD estimates are much larger than those in Zhang, et al. (2018). There are at least two 

possible reasons. First, we examine a much longer period from 2003 to 2015 while Zhang, 

et al. (2018) mainly focus on acute and short-period effects. If the effect of air pollution 

on cognitive ability is negative, long-term exposure would result in a greater impact. Second, 

the API is based on six major pollutants. As shown in He et al. (2016), the API mainly 

reflects the PM10 concentrations. Compared with PM10, PM2.5 is more harmful to cognitive 

ability because the smaller particles are much more likely to infiltrate the lungs, blood 

stream, and brain (Schikowski and Altuğ, 2020).  

 

IV.3 Robustness Checks 

Here, we examine whether our main results are robust to a battery of sensitivity analysis 

(the results are available in the Appendix tables). First, there are many approaches to 

implementing non-parametric estimation of the RD design. We have performed two 

bandwidth selection methods using the triangle kernel function. Here, we examine the 

sensitivity of the results using a different kernel function, Epanechnikov. Tables A4 and 

A5 show the RD results with the MSEmed bandwidth selector and the Epanechnikov 

kernel function for the collapsed panel data and wave-specific data, respectively. We find 

that the results are consistent with those in Tables 2 and 3.  

Second, to avoid the possible impact of seasonality on the cognitive ability, we only 

keep those who were interviewed from June to October. For example, people in the south 

might suffer from a temporary decrease in cognitive ability due to cold weather and/or 

lack of indoor heating. Results presented in Appendix Table A6 are consistent with those 

in main results. 

Third, we examine the sensitivity of the results using the residual method to control 

for covariates. Specifically, we follow Lee and Lemieux (2010) and adopt a two-stage 

approach. We first residualize the outcome variables by absorbing covariates effects 

through OLS estimates. Then, we apply the local linear RD to the residualized outcomes. 

The results are in Appendix Table A7. In general, we find that results are quantitively 

similar to those in Tables 2 and 3.  

Fourth, we re-estimate the impact of a fake Huai River Policy on PM2.5 and cognitive 

ability. Specifically, we move the Huai River north and south by 1.5, 2.5 and 3.5 degrees 

and show that RD results using those fake Huai Rivers are statistically insignificant (Figure 

5 and Appendix Table A8). This provides supportive evidence of our overall empirical 
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strategy that the increase in PM2.5 concentrations and decrease in cognitive abilities are due 

to the Huri River Policy, rather than an artifact of this application of the RD approach. 

Finally, given that air pollution may be responsible for migration in China (Chen et al., 

2017b), we exclude those samples with the residence duration less than 5 years at the same 

prefecture city level and re-estimate the models. As stated before, most respondents in 

CHARLS live within the same prefecture-level cities for more than 5 years (see Figure A3). 

Additionally, the t-test results show that the average duration of residence between the 

north and the south is statistically insignificant for each of three waves of CHARLS 

(Appendix Table A9). Appendix Table A10 has the results of RD estimates of the impact 

of the Huai River Policy on PM2.5 and cognitive ability, and the long-term impact of PM2.5 

on cognitive ability using the collapsed 2011-2015 panel data (excluding samples with the 

residence duration less than 5 years at the same prefecture city level). In general, we find 

that results are similar in sign and magnitude to those in Tables 2 and 3.  

 

IV.4 Heterogeneity Analysis 

To better understand the long-term effect of air pollution on cognitive ability, we examine 

different subgroups based on residents’ sociodemographic characteristics. It is helpful for 

researchers to further study the research topic and for policy makers to design appropriate 

policies.  

 

IV.4.1 Males vs. females 

Associational studies have found systematic differences in terms of how air pollution 

affects mental health or cognitive ability by gender. For example, Zhang, et al. (2018) 

showed that there is a gender gap in the associations between verbal skills and air pollution. 

And such gap becomes greater when people age. We compare males and females and find 

that long-term exposure to PM2.5 has a greater negative effect on females than males in 

general. For scores of mental intactness, mathematical tests, and overall cognitive ability, 

the effect is greater on females than males. It should be noted that, our findings here are 

different from those of Zhang, et al. (2018). Here are some potential reasons for the 

difference. First, Zhang, et al. (2018) focus on individuals aged 25+ and the average age is 

45, which is much younger than our sample of aged 45+ with the mean age of 60. Second, 

the measurement of cognitive abilities is different. Zhang, et al. (2018) use the CFPS and 

mainly focus on cognitive performance in verbal and math tests. The CHARLS has much 
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richer information of cognitive abilities, including mental intactness, mathematical ability,20 

episodic memory, and overall cognitive condition. However, our results are still consistent 

with existing studies that show women have a higher risk for cognitive decline associated 

with increased exposure to air pollution (e.g., PM2.5 or PM10) (see, e.g. Kim et al., 2019). 

One possible explanation for the difference between males and females could be 

attributable to the sex difference in neurological structures. For example, Haier et al. (2005) 

investigate the relationship between the structural brain variation and general intelligence 

in both sexes, and find that women have less gray matter but more white matter as related 

intelligence. Moreover, Gallart-Palau et al. (2016) illustrate molecular neuropathology of 

sex differences in dementia risk and find that women are more likely to be influenced by 

modulation of white matter and mitochondria proteomes. And exposure to PM in the 

ambient air and its interactions with genetic component “APOE ε4” contribute to the 

acceleration of brain aging (Cacciottolo et al., 2017). And such effect is also modified by 

sex (Altmann et al., 2014; Kim, et al., 2019). For instance, Altmann, et al. (2014) show that 

women with “APOE ε4” have higher risks of dementia (measured by Clinical Dementia 

Rating Score) compared to men with “APOE ε4”. Also, previous literature shows that 

women, particularly older ones, suffer from stronger adverse effects of air pollutants on 

health including coronary heart disease, depression, and myocardial infarction, which are 

all risk factors of cognitive abilities (Clougherty, 2010; Kim, et al., 2019).  

[another possible explanation is indoor air pollution? Mainly for rural residents…] 

 

IV.4.2 Different age groups 

The statutory (full) retirement age in China is 60 for men, 55 for female civil servants, and 

50 for other female employees. Retirement is proven to have big impact on cognitive 

function (Lei and Liu, 2018). We divide the sample into two age groups: young people 

(aged 45-59 years) and old (and retired) people (aged ≥ 60 years). We look at males and 

females separately when we divide the sample by age because there is a clear gender gap. 

We find the following results. First, for mental intactness and mathematical score, the 

impact for young and old females is statistically significant whilst such effect is insignificant 

                                               
20 It should be noted that in Zhang, et al. (2018) study, the mathematical score is based on 24 standardized 
mathematics questions and ranges from 0 to 24, with a higher score indicating better math ability (for their 
full sample, the mean value of math scores is 10.4). They find stronger adverse effects of air pollution on 
mathematical scores among females than males, though estimates are all insignificant. 
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for males, irrespective of young or old ones. This might indicate the heterogeneity effect 

of PM2.5 on cognitive abilities among males and females. Second, the long-term air 

pollution exposure has a consistent negative impact on females over time. Furthermore, 

such impact on females is much stronger among the elderly aged 60+ compared with the 

younger aged 45-59. This may suggest that, after their retirement, the long-term impact of 

air pollution becomes more salient especially for female seniors. Our findings here are also 

consistent with the main results showing the stronger accumulative effects of air pollution 

on cognitive impairment over time.  

 

IV.4.3 Different educational background 

People who have better education might have a better understanding of the negative 

impact of air pollution and are more likely to take measures (e.g., reduce outdoor activity 

during heavily polluted days) to avoid or reduce their exposure to air pollution. We find 

very interesting results: long-term exposure to air pollution has no or small impact on 

people with high education, while it significantly decreases the cognitive ability of people 

with low education. Our results are in line with existing evidence on emphasizing the 

important role of education in cognitive abilities among the middle aged or old adults (e.g. 

Ailshire and Walsemann, 2021; Huang and Zhou, 2013; Liu and Lachman, 2020; Vemuri 

et al., 2014). For example, Ailshire and Walsemann (2021) reveal that education is a key 

determinant of cognitive decline and impairment, and serves as a protective factor against 

the harms of air pollution on the aging brain. In addition, education could promote 

physical activities and continued intellectual stimulation throughout the life, thereby 

improving cognitive functioning at older ages (Liu and Lachman, 2020; Vemuri, et al., 2014; 

Wilson et al., 2009). This may help comprehending the underlying causes and conditions 

of health disparities among groups with different educational levels. 

 

IV.4.4 Different income levels 

Several studies have shown that China’s wealthy are more likely to take some avoidance 

measures such as purchasing portable air filters that offset some of their pollution exposure 

risk (Ito and Zhang, 2020; Sun et al., 2017). This may mitigate the impact of air pollution 

for high-income groups relative to low-income groups (Fan, et al., 2020). We investigate 

the mitigation effect of income by examining the effects of air pollution on cognitive ability 

for groups with different expenditures. Existing literature has shown that expenditures are 
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a much better measure of economic resources than incomes in developing countries 

(Strauss and Thomas, 2007) and is considered as a long-term measure of household 

economic conditions (Lei and Liu, 2018; Lei et al., 2014). Consequently, we use household 

expenditures rather than incomes to distinguish between rich and poor people.  We find 

that the impact of pollution on cognition of low-expenditure people is quite similar to that 

on high-expenditure people. A possible explanation is that, the exposure to outdoor PM2.5 

is similar for both groups, so individuals living in the same city are exposed to almost the 

same level of outdoor air pollution regardless of wealth. The expenditure on mitigation 

may have limited efficacy in ameliorating the effect of outdoor air pollution on cognition. 

In addition, our study focuses on long-term air pollution and the adverse effect of air 

pollution on health can accumulate over time. The long-run differences of air pollution on 

cognitive function between the rich and poor is relatively small. It should be noted that 

the mediating effects of income (or expenditures) on the relationship between air pollution 

and cognitive abilities differs from those of education. This may be because higher 

education promotes cognition function not only by its income effect (higher educational 

attainments are associated with higher incomes) but also by its continued intellectual 

stimulation (Liu and Lachman, 2020), thereby contributing to the development of skills 

that support the thinking and mental strategies required for certain kinds of cognitive tests 

in the process of obtaining higher education.  

V. Pathways: Effects on Other Cognition-Related Health Conditions 
Regarding possible biological pathways through which air pollution causes cognitive 

impairment, previous studies on air pollution and cardiovascular and cerebrovascular 

diseases suggest a negative effect of air pollution on brain and cognitive processes mediated 

through vascular and inflammatory mechanisms (Thal et al., 2012). Given that air pollution 

exposure is associated with cardiorespiratory causes of death (i.e., heart, stroke, lung 

cancers, and respiratory illnesses) (Ebenstein, et al., 2017; Mills et al., 2009), cardiovascular 

and respiratory risk factors are possible mediators for the relationship between air pollution 

and cognitive decline (Hüls et al., 2018; Saito and Ihara, 2016; Schikowski and Altuğ, 2020; 

Toledo et al., 2013). Air pollution exposure is also strongly associated with psychiatric 

symptoms such as anxiety and depression (Hatch et al., 2007; Niu et al., 2007; van Os et 

al., 2000). We examine other health indicators that are closely correlated to cognitive 

function to identify possible pathways from air pollution to cognitive impairments.  
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We divided the cognition-related health indicators in the CHARLS into three groups. 

The first group encompasses the chronic cardiorespiratory diseases including chronic lung 

diseases, heart attack, stroke or asthma (a dummy equal 1 if the respondent suffers from 

any one of these health problems). And the second group includes psychological feelings: 

total depression score (10-item Center for Epidemiological Studies Depression Scale, 

CESD-10, ranging from 0-30), severe depressive symptoms (a dummy equal 1 if CESD-

10 ≥  10, 0 otherwise) (Andresen et al., 1994; Edelstein et al., 2010), and specific 

psychological symptoms such as feeling it was an effort to do anything/lonely/not hopeful, 

sleeping well, and having trouble focusing.21 It is worthwhile to highlight that the CESD 

questionnaire is one of the most frequently used self-assessment tools for depression and 

depressive symptoms (Hsieh and Qin, 2018) and it also has excellent properties as a 

screening instrument for the identification of major depression in older adults (Irwin et al., 

1999). Finally, since the existing literature has shown that some physical conditions such 

as overweight/obesity and diabetes are usually related to poorer cognition across lifespan 

(Hou et al., 2019; Prickett et al., 2015; Sabia et al., 2009; Tuligenga et al., 2014), we also 

introduce a third group of physical conditions related to cognitive ability, including general 

overweight/obesity, central obesity, and diabetes.22 Then we aggregate theses individual-

level variables to the city level for all CHARLS prefecture-level cities. Table 8 presents the 

RD estimates for these risk factors. We find that long-term exposure to air pollution leads 

to a higher proportion of cardiorespiratory disease, a higher level of total depression score, 

an increment in the probabilities of severe depressive symptoms, and related symptoms, 

as well as an increase in the probability of suffering from general overweight/obesity, 

central obesity and diabetes. These results are consistent with existing studies, indicating 

that air pollution has negative impact on cognition-related conditions. The detrimental 

effect of air pollution exposure on the prevalence of cardiorespiratory diseases is in 

accordance with Ebenstein, et al. (2017), showing that air pollution is responsible for 

elevated rates of cardiorespiratory mortality in China. Our results on depression are also 

                                               
21 We first define specific psychological symptoms as dummies equal to 1 if the respondent has such feeling 
more than 3 days in the last week and 0 if such feeling less than 2 days in the last week.  
22 Given the relatively lower percentage of general obesity in China compared with Western counties (see 
Radu, 2019), we use general overweight/obesity. We measure general overweight (BMI of 24 kg/m2 or over) 
and central obesity (males: waist circumstance ≥ 85 cm; females: waist circumstance ≥ 80 cm) according to 
the criteria of the Working Group on Obesity in China (WGOC) (Zhou and the Cooperative Meta-analysis 
Group of Working Group on Obesity in China, 2002). These weight criteria are different from those for 
Westerners, as the Chinese have a higher percentage of body fat than Westerners with the same BMI (Choo, 
2002). Diabetes are defined based on fasting blood glucose (≥ 126 mg/dl) or self-reported diabetes or taking 
medicine or other measures to control diabetes. 
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echoed by those of Chen et al. (2018) and Zhang et al. (2017) for China, both indicating 

that air pollution increases the rate of depressive symptoms. Finally, our findings of the 

effect of air pollution on obesity and diabetes are also consistent with the existing studies 

for China (Hou, et al., 2019; Lei, et al., 2014) and other countries (Prickett, et al., 2015; 

Sabia, et al., 2009; Tuligenga, et al., 2014).  

 

VI. Cost-Benefit Analysis 
The World Health Organization (WHO) defines health as “a state of complete physical, 

mental, and social well-being and not merely the absence of disease or infirmity” (World 

Health Organization, 2014). Because mental health is essential to overall health and well-

being, it must be recognized and treated, with the same considerations as physical health. 

Cognition is an important measure of mental health 23  (Huang and Zhou, 2013) and 

cognitive impairment is a core feature of a decline in mental health conditions including 

schizophrenia and affective disorders, including bipolar and depression (Bowie and Harvey, 

2006; Green, 2006; Medalia and Revheim, 2002; Mohamed et al., 2008; O'Carroll, 2000). 

Cognitive problems often persist on remission of psychotic symptoms in schizophrenia 

and depression (Robinson et al., 2006; Rock et al., 2014; Trivedi, 2006).24 This means that 

cognitive impairments affect functional performance in individuals with mental illness 

both acutely and in the long run. Additionally, there is evidence suggesting that depression 

is associated with deficits in cognitive functions such as memory and learning.25   

                                               
23  Existing literature examines the relationship between cognition and mental health. Using data from the 
Lothian Birth Cohort 1936, Zammit et al. (2014) confirm that better cognitive function is linked with lower 
levels of psychosocial well-being such as depression and anxiety in Scotland. Similarly, using data from British 
1946 birth cohort, van Os, et al. (2000) suggest that neurodevelopmental impairment is a risk factor for later 
affective disorder, which is further reinforced by Hatch, et al. (2007), using the same data set, also show that 
higher childhood cognitive ability is associated with fewer symptoms of anxiety and depression in women. 
Especially in the case of China, several studies concur that cognitive impairment in individuals with 
schizophrenia is correlated with psychiatric symptoms, in particular, negative symptoms (Huang et al., 2011; 
Niu, et al., 2007; Sun et al., 2003). These findings provide the evidence of the association between cognitive 
impairments and mental health problems in schizophrenia. 
24 Studies reporting on bipolar disorder indicate that increased cognitive dysfunction is associated with 
greater severity of symptoms, the number of affective episodes and the overall duration of illness (Martínez-
Arán et al., 2004; Trivedi, 2006). In bipolar disorder, decreased performance in executive functioning and 
memory tests are most likely to correlate with episodes of illness (Martínez-Arán, et al., 2004; Trivedi, 2006). 
Impairments in verbal learning and memory have been found to affect individuals with bipolar disorder, 
independent of their clinical state, for example, in depressed, manic/hypomanic and euthymic states 
(Martínez-Arán, et al., 2004).  
25 Austin et al. (2001) review studies on exploring the association between cognitive deficits and depression 
and find that certain cognitive abilities (e.g., verbal fluency, attentional set-shifting and motor speed) seem 
to be the most prominently impaired functions for adults with severe depression. 
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An aging population is a global trend, mental health is becoming an increasingly 

important part of public health. Reduced mental health could have a huge negative impact 

on economy through productivity loss and heavy use of medical and family resources. In 

developed countries, mental health is recognized as a major challenge to an aging 

population.26 In developing countries including China, mental health is a growing issue and 

has become one of the most urgent public health challenges. As Nafilyan et al. (2021) 

highlight, the economic consequences of impaired cognition caused by depressive 

symptoms may be a large component of mental illness’s social costs. Bloom et al. (2012) 

projected that mental ill‐health will account for more than half of the global economic 

burden attributable to non‐communicable diseases (NCDs), at a cost of $6 trillion.  

Depression is a common mental disorder, and it places a heavy burden on Chinese 

society (Que et al., 2019). With the acceleration of an aging population, the number of 

patients with Alzheimer’s Disease (AD) has risen sharply, making it the brain disease with 

the fastest-growing disease burden (Que, et al., 2019). Mental disorders in the older 

generation could reduce labor market participation as the children of patients with AD use 

their time caring for their parents rather than in the labor market. This would exacerbate 

economic losses well beyond the measured cost of health care services. The situation is 

even worse for China than other developing countries because of the One Child Policy.  

Present evidence suggests that China has insufficient mental health resources to service its 

population. The annual per capita investment by the Chinese government for psychiatric 

hospitals was about $1.07 in 2016 (National Health Commission of the People's Republic 

of China, 2017); this is far below the $35.06 spent by high-income countries during the 

same period (World Health Organization, 2017). After downplaying the mental health 

problem for decades, governments have realized the importance of mental health and 

moved to improve its care. On June 1, 2020, China implemented the first fundamental and 

comprehensive health law – The “Basic Healthcare and Health Promotion Law.”27 The 

law aims to develop mental health services, and build and improve mental health service 

systems, especially for the vulnerable groups (e.g., minors, the disabled, and the elderly), 

and boost the “Healthy China” national strategy. Yet employment gaps for qualified 

clinical psychotherapists, social workers, and vocational rehabilitators increase (Que, et al., 

                                               
26 For example, the mental health of older Americans has been identified as a priority by the 2005 White 
House Conference on Aging, and the 1999 Surgeon General’s report on mental health in the United States. 
27  The full text of the law can be accessed at http://www.gov.cn/xinwen/2019-
12/29/content_5464861.htm.  

http://www.gov.cn/xinwen/2019-12/29/content_5464861.htm
http://www.gov.cn/xinwen/2019-12/29/content_5464861.htm


27 

 

2019); still  the law may boost people’s mental health via improving the mental health 

services.   

We estimate the total number of people suffering from PM2.5-induced depression by 

applying the estimated impact of PM2.5 on severe depressive symptoms with population 

exposure estimates for PM2.5. In this paper, a 10-μg/m3 increase in PM2.5 concentrations 

increases the probability of having severe depression symptoms by 7.4% (the average of 

two RD estimates on severe depressive symptoms in Columns (3) and (4) of Table 8). For 

each city, we calculate the long-term PM2.5 concentrations from 2003 to 2015 and compare 

it with WHO’s safe annual PM2.5 level (i.e., 10 μg/m3). We calculate the number of people 

aged 45+ that would develop severe depressive symptoms when PM2.5 increases from the 

WHO standard level to the current level by each city. If a city’s PM2.5 exposure is already 

lower than the WHO standard, a value of zero is assigned. Based on the long-term air 

pollution in each city and the 2010 census population data in China, we estimate that 

existing PM2.5 in China will make 103.0 million adults aged 45+ suffer from severe 

depression. Xu et al. (2016) estimate that, for individual patients, the annual cost of mental 

illness in China is $3,665  in 2013.28 If all patients were treated, the annual cost would be 

approximately $422.6 billion. Phillips et al. (2009) find that only 8.2% of patients with 

mental illness would seek medical treatment in China. These estimates suggest that 

reducing PM2.5 to the WHO standard would save roughly $34.7 billion medical 

expenditures on mental illness.29  

Additionally, we calculate that one-SD increase in PM2.5 (16.2 μg/m3) will make 70.9 

million adults aged 45+ suffer from severe depression symptoms based on our estimates 

and the projected population aged 45+ in China in 2020.30 Given the annual cost related 

to mental illness from Xu, et al. (2016) and the actual rate of seeking medical treatment for 

patients with mental illness in China (Phillips, et al., 2009), the annual cost is approximately 

$23.9 billion in terms of additional medical expenditures on mental illness among adults 

aged 45+. Note that this estimate is a lower bound because we only consider severe 

                                               
28 We have converted the author’s estimate to 2020 value by adjusting for the US CPI when calculating the 
medical expenditures.  
29 There are several assumptions we have to make to conduct the cost estimate. First, due to lack of mental 
illness diagnoses, we proxy mental illness with severe depressive symptoms. Second, we assume RD estimates 
based on the Huai River Policy can be applied to the whole country. Third, to roughly estimate the total cost 
attributable to depression in China, we calculate the differences from WHO’s safe PM2.5 level (i.e., 10μg/m3) 
to every city’s long-term PM2.5 level so we can calculate the cost for each city, then sum the costs up to 
estimate the costs for the whole country. 
30 According to United Nations and Department of Economic and Social Affairs (2019), the projected 
population of adults aged 45+ is 591.8 million in China in 2020. 
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depression that is one of the most common mental health symptoms and ignore the 

indirect costs (e.g., lost employment) associated with mental illness.   

VII. Conclusions 
This paper estimates the long-term causal impact of air pollution on cognitive ability 

employing a RD design based on the Huai River Policy. We find that long-term exposure 

to air pollution significantly impedes the cognitive ability including mental intactness, 

mathematics, episodic memory of middle-aged and senior people in China. Given the 

impact of long-term exposure to air pollution on mortality, the effects are likely to be a 

lower bound for the long-term effects of air pollution on cognitive abilities. The 

accumulative effects of exposure to air pollution on cognition impairment increase over 

time. Heterogeneity analyses show that females and people with low education suffer more 

losses in cognition function from PM2.5 exposure in the long run. Relative to the middle 

aged (45-59), the elderly (60+) are more vulnerable to the deleterious effects of long-run 

air pollution. We confirm that long-term exposure to air pollution leads to a series of 

cognition-related symptoms including cardiorespiratory diseases and severe depressive 

symptoms. Our back-of-the-envelope calculation of direct medical cost of depression 

economic burden suggest that the direct cost from excess PM2.5 above the WHO standard 

is roughly $34.7 billion a year. This highlights the importance of the much-needed health 

care reforms such as “Basic Healthcare and Health Promotion Law (2020)”, aiming for 

developing mental health services, and improving mental health service systems, especially 

for the vulnerable groups (e.g., the elderly).  

There are three caveats regarding the findings in the paper. First, to best quantify 

China’s long-term air-pollution, our PM2.5 measure is based on satellite image derived PM2.5 

concentrations, not directly from ground-based monitoring stations, this may raise 

concerns over the accuracy of pollution measurements. Second, we focus on outdoor 

exposures to PM2.5; ambient noise and indoor air pollution may also play a significant role 

in affect the linkage between outdoor PM2.5 concentrations and poor cognitive function.  

As highlighted by Tzivian, et al. (2015): “Air pollution and ambient noise are both related to traffic 

and often occur simultaneously in time and space. The effect of air pollution may be modified by noise, and 

a synergism between the two exposures seems possible.” (p. 9) The aforementioned limitations of 

our study point to some interesting avenues for future research. Above all, further evidence 

is needed from new or ongoing longitudinal studies with precise air pollution measures to 

gain a greater understanding of air pollution as a potential risk factor for cognitive 
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decline/dementia. It is also necessary to include both ambient and indoor air pollution as 

well as noise exposure into account when investigating the long-term effects of air 

pollution on cognition. Finally, since our study confirms the long-run damaging effect of 

air pollution on cognition, it raises the possibility that it impedes the development of 

human capital (Bharadwaj et al., 2017) and labor productivity (Graff Zivin and Neidell, 

2012; He et al., 2019). The effects of pollution on cognition has implications for policies 

that attempt to mitigate the impact of rapidly ageing populations on the labor force by 

increasing the retirement ages. A pollution caused reduction in cognition among the aged 

means that increasing the labor force by reducing the number of retirees may not bring 

about a concomitant increase in real output.  
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Table 1. Summary statistics, means and (standard deviations/errors) 

 
north south 

Difference  
in Means 

Adjusted 
Difference  

(local linear) 
Outcome variables (1) (2) (3) (4) 
Panel A: Air Pollution Exposure at CHARLS Cities  
 PM2.5 44.711 35.139 9.572*** 22.482*** 
   (19.142) (11.849) (2.951) (8.113) 
Panel B: Cognitive Measurements at CHARLS Cities  
 Mental intactness score 7.743 7.312 0.431** -2.089*** 
   (0.929) (0.979) (0.182) (0.386) 
 Mathematics score 3.018 2.752 0.266*** -0.617*** 
   (0.410) (0.450) (0.082) (0.181) 
 Episodic memory score 3.768 3.253 0.516*** -1.179*** 
   (0.502) (0.431) (0.088) (0.322) 
 Overall cognitive score 11.600  10.753 0.847*** -3.131*** 
   (1.384) (1.283) (0.253) (0.650) 
Panel C: Weather at CHARLS Cities 
 Temperature 52.546 64.106 -11.560*** 0.586 
   (7.357) (4.074) (1.097) (1.124) 
 Dew Point 37.673 54.475  -16.802*** 0.719 
   (8.513) (4.782) (1.275) (1.276) 
 Precipitation  0.071 0.143 -0.072*** 0.000 
   (0.020) (0.051) (0.008) (0.017) 
 Wind Speed 5.001 4.134 0.867*** 1.386 
   (1.234) (1.407) (0.253) (0.851) 
Panel D: Sociodemographic Characteristics and Health Behaviors at CHARLS Cities  
 Share of males 0.477 0.477 0.0001   -0.035  
   (0.036) (0.041) (0.007)  (0.027)  
 Share of population aged 65-74 0.203 0.223  -0.020   0.099  
   (0.064) (0.066) (0.012)  (0.061)  
 Share of population aged 75+ 0.106 0.115 -0.009   0.027  
   (0.063) (0.052) (0.011)  (0.055)  
 Share of married/partnered population 0.868  0.841  0.027**  0.004  
   (0.050) (0.067) (0.011)  (0.044)  
 Share of population with high education 0.162 0.105 0.057***  -0.079  
   (0.112) (0.092) (0.019)  (0.054)  
 Smoking rate 0.449 0.407 0.042***  -0.004  
   (0.085) (0.073) (0.015)   (0.062)  
 Alcohol drinking rate 0.412 0.458 -0.046***  -0.014  
   (0.071) (0.100) (0.017)   (0.119)  
 Per capita GDP  20.230  18.123 2.107 -6.754 
  (1,000 yuan, deflated to 2003) (11.380) (14.713) (2.534) (4.892) 
Notes: Cognitive abilities, demographic characteristics and health behaviors are from CHARLS individual-level 
data, aggregated at the city level. PM2.5, weather information and per capita GDP in CHARLS cities are from the 
collapsed panel data of long-term air pollution, weather and per capita GDP, respectively. High education includes 
high school, vocational training, two-/three-year college/ associate degree, and bachelor’s degree or above. 
Smoking and drinking rates are proportion of population ever smoking or drinking. Temperature and dew point 
are in Fahrenheit to tenths. Precipitation (including rain and/or melted snow) is in inches. Wind speed is in knots 
to tenths. SD for means and standard errors for mean differences are in parentheses. Adjusted differences in 
column (4) are the estimated discontinuity along the Huai River using local linear regression discontinuity with a 
triangular kernel and MSEopt bandwidth selection method proposed by Calonico, et al. (2014) and Calonico et 
al. (2018); Calonico, et al. (2020). * significant at 10% ** significant at 5%. *** significant at 1%. 
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Table 2. RD estimates of the impacts of the Huai River Policy on PM2.5 and cognitive 
abilities 

Outcome variables   (1) (2) (3) (4) 
Panel A: The Huai River Policy and PM2.5 
PM2.5 22.482*** 22.657*** 24.997*** 22.998*** 

 (8.065) (6.128) (8.317) (6.270) 
    Bandwidth (South) 2.95 3.30 2.95 3.30 
    Bandwidth (North) 3.49 2.72 3.00 2.98 

     
Panel B: The Huai River Policy and Cognitive Abilities 
Mental intactness score (0-11) -2.139*** -1.848*** -2.117*** -1.803*** 

 (0.395) (0.430) (0.411) (0.411) 
    Bandwidth (South) 2.42 3.10 2.19 3.26 
    Bandwidth (North) 1.99 3.23 1.99 3.26 

     
Mathematics score (0-5) -1.369*** -1.052*** -1.400*** -1.052*** 

 (0.402) (0.393) (0.454) (0.393) 
    Bandwidth (South) 2.66 2.69 2.38 2.69 
    Bandwidth (North) 3.05 2.63 2.38 2.63 

     
Episodic memory score (0-10) -2.228*** -1.073*** -2.255*** -1.502*** 

 (0.608) (0.308) (0.623) (0.382) 
    Bandwidth (South) 2.59 2.91 2.08 2.54 
    Bandwidth (North) 1.66 2.85 1.83 2.54 

     
Overall cognitive score (0-21) -2.254*** -1.873*** -2.230*** -1.859*** 

 (0.468) (0.413) (0.475) (0.403) 
    Bandwidth (South) 2.30 3.69 2.11 3.53 
    Bandwidth (North) 1.82 3.06 1.82 3.07 
Observations 112 112 112 112 
Controls N Y N Y 
Kernel  Triangular Triangular Triangular Triangular 
Bandwidth Selection Method MSEopt MSEopt MSEmed MSEmed 
Notes: Each cell in the table represents a separate RD estimate along the Huai River using local linear regressions 
with triangular kernel function and the MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by 
Calonico, et al. (2014) and Calonico, et al. (2018; 2020). Robust and biased-corrected standard errors are in 
parentheses. PM2.5 is from the collapsed panel data of long-term air pollution. Cognitive abilities are from CHARLS 
individual-level data, aggregated at the city level. Controls include weather information and sociodemographic 
variables defined in Table 1 and Appendix Table A2. * significant at 10% ** significant at 5%. *** significant at 
1%. 
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Table 3. Fuzzy RD and OLS estimates of the impact of 10-µg/m3 PM2.5 on cognitive abilities  

 
Panel A: Effect of PM2.5 on Cognitive Ability 

(Fuzzy RD) 
 Panel B:  

OLS within  
"X" Degree a 

Outcome variables (1) (2) (3) (4)  (5) (6) 
Mental intactness score (0-11) -0.792*** -0.665*** -0.886*** -0.715***  0.079 -0.474*** 

 (0.296) (0.191) (0.296) (0.217)  (0.128) (0.101) 
    Bandwidth (South) 3.29 2.63 2.37 2.74    
    Bandwidth (North) 2.92 2.68 2.37 2.74    

        
Mathematics score (0-5) -0.586* -0.428* -0.584* -0.603**  0.126 -0.351** 

 (0.315) (0.235) (0.313) (0.264)  (0.115) (0.135) 
    Bandwidth (South) 3.43 3.10 3.43 3.10    
    Bandwidth (North) 3.24 2.16 3.24 3.03    

        
Episodic memory score (0-10) -0.825*** -0.218** -0.929*** -0.529***  0.073 -0.371*** 

 (0.312) (0.102) (0.304) (0.156)  (0.161) (0.129) 
    Bandwidth (South) 3.21 2.54 2.33 2.54    
    Bandwidth (North) 2.53 1.76 2.33 2.48    

        
Overall cognitive score (0-21) -0.895*** -0.736*** -1.015*** -0.754***  0.068 -0.498*** 

 (0.305) (0.231) (0.298) (0.231)  (0.140) (0.106) 
    Bandwidth (South) 3.23 2.86 2.30 2.87    
    Bandwidth (North) 2.70 2.47 2.30 2.87    
Observations 112 112 112 112  34 34 
Controls N Y N Y  N Y 
Kernel  Triangular Triangular Triangular Triangular    
Bandwidth Selection Method MSEopt MSEopt MSEmed MSEmed    
Notes: Each cell in the table represents a separate RD estimate or regression. Columns (1)-(4) report fuzzy RD results 
estimating the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River as the forcing variable 
and long-term PM2.5 as the treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of 
air pollution exposure. The MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by  Calonico, et al. 
(2014) and Calonico, et al. (2018; 2020) and triangular kernel function are used. Column (5)-(6) report OLS estimates 
of the association between long-term PM2.5 and cognitive abilities. Robust and biased-corrected standard errors for 
fuzzy RD and robust standard errors for OLS are in parentheses. PM2.5 is from the collapsed panel data of long-term 
air pollution. Cognitive abilities are from CHARLS individual-level data, aggregated at the city level. Controls include 
weather information and sociodemographic variables defined in Table 1 and Appendix Table A2. * significant at 10% 
** significant at 5%. *** significant at 1%. 
a The "X" is the mean of the optimal bandwidths of the RD estimates in Table 2: 2.94 for the South and 2.75 for the 
North. 



 

 

Table 4. RD estimates by gender 

Outcome variables 

Panel A: Effect of the Huai River Policy  Panel B: Effect of PM2.5 (10-µg/m3) on Cognitive Ability 
Males  Females  Males  Females 

(1) (2)  (3) (4)  (5) (6)  (7) (8) 
Mental intactness score (0-11) -1.165*** -1.373***  -3.245** -2.978**  -0.517*** -0.500***  -0.810*** -1.317*** 

 (0.347) (0.366)  (1.341) (1.483)  (0.128) (0.126)  (0.282) (0.412) 
Bandwidth (South) 2.81 2.75  2.35 2.35  2.72 2.60  3.50 3.04 
Bandwidth (North) 3.36 2.75  2.66 2.38  2.89 2.60  2.95 3.04 

Mathematics score (0-5) -0.383 -0.414  -2.154** -1.315  -0.154 -0.074  -0.812** -0.936** 
 (0.423) (0.450)  (0.964) (1.005)  (0.196) (0.196)  (0.384) (0.393) 

Bandwidth (South) 2.61 3.14  2.55 2.44  3.36 2.96  3.21 3.37 
Bandwidth (North) 3.41 3.27  2.74 2.44  2.61 2.77  2.56 3.37 

Episodic memory score (0-10) -1.589** -2.531***  -1.231** -1.265**  -1.151** -1.018***  -0.404* -0.427* 
 (0.747) (0.714)  (0.557) (0.536)  (0.457) (0.307)  (0.226) (0.219) 

Bandwidth (South) 3.65 2.75  2.78 2.78  2.96 2.59  4.09 3.51 
Bandwidth (North) 1.64 2.32  2.57 2.68  2.17 2.58  2.55 3.45 

Overall cognitive score (0-21) -1.815*** -1.942***  -3.219** -3.014**  -0.933*** -0.805***  -0.710*** -1.045*** 
 (0.502) (0.502)  (1.326) (1.213)  (0.274) (0.192)  (0.262) (0.311) 

Bandwidth (South) 3.27 3.27  2.40 2.50  2.59 2.58  3.66 3.21 
Bandwidth (North) 2.30 2.65  2.58 2.58  2.26 2.46  2.94 3.16 

Observations 112 112  112 112  112 112  112 112 
Controls Y Y  Y Y  Y Y  Y Y 
Kernel Triangular Triangular  Triangular Triangular  Triangular Triangular  Triangular Triangular 
Bandwidth Selection Method MSEopt MSEmed  MSEopt MSEmed  MSEopt MSEmed  MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 
2020) and triangular kernel function. Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River as the forcing variable and long-term PM2.5 
as the treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of air pollution exposure. Robust and biased-corrected standard errors are in parentheses. Cognitive 
abilities are from CHARLS individual-level data, aggregated at the city level. Controls include weather information and sociodemographic variables defined in Table 1 and Appendix Table A2. 
* significant at 10% ** significant at 5%. *** significant at 1%. 
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Table 5. RD estimates by gender and age groups 

Outcome variables  

Panel A: Effect of the Huai River Policy  Panel B: Effect of PM2.5 (10-µg/m3) on Cognitive Ability 
45-59   60+  45-59   60+ 

Females Males  Females Males  Females Males  Females Males 
(1) (2)   (3) (4)  (5) (6)  (7) (8) 

Mental intactness score (0-11) -2.083*** -0.563  -4.338*** -0.200  -0.689* -0.198  -1.210*** -0.656*** 
 (0.623) (0.377)  (1.101) (0.637)  (0.390) (0.172)  (0.423) (0.229) 

Bandwidth (South) 2.34 2.90  2.72 2.44  3.97 3.00  3.86 4.59 
    Bandwidth (North) 3.07 3.10  2.63 4.41  2.87 2.82  2.20 3.31 
Mathematics score (0-5) -1.589*** 0.483  -2.712*** 0.206  -0.825* 0.342*  -1.145*** -0.475 

 (0.612) (0.365)  (0.920) (0.879)  (0.464) (0.182)  (0.362) (0.307) 
    Bandwidth (South) 2.61 2.39  2.49 2.01  4.24 2.51  3.12 4.21 
    Bandwidth (North) 3.76 2.84  3.04 3.20  3.30 2.61  3.06 4.13 
Episodic memory score (0-10) -1.178** -1.674**  -2.618** -1.342**  -0.366 -0.430  -1.126 -0.641*** 

 (0.481) (0.659)  (1.056) (0.643)  (0.351) (0.293)  (0.701) (0.233) 
    Bandwidth (South) 3.08 2.78  2.13 3.92  4.11 3.79  3.12 3.10 
    Bandwidth (North) 3.02 3.30  2.59 2.50  3.02 3.04  2.01 2.66 
Overall cognitive score (0-21) -2.116*** -0.949**  -4.112*** -1.717***  -0.636 -0.317  -1.361* -0.752*** 

 (0.605) (0.437)  (1.138) (0.569)  (0.398) (0.197)  (0.721) (0.214) 
    Bandwidth (South) 2.44 3.00  2.59 3.33  4.03 3.19  3.86 4.50 
    Bandwidth (North) 3.23 3.18  2.58 3.22  3.15 2.68  1.80 2.95 
Observations 112 112  112 112  112 112  112 112 
Controls Y Y  Y Y  Y Y  Y Y 
Kernel  Triangular Triangular  Triangular Triangular  Triangular Triangular  Triangular Triangular 
Bandwidth Selection Method MSEopt MSEopt   MSEopt MSEopt  MSEopt MSEopt   MSEopt MSEopt 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selector – MSEopt – proposed by  Calonico, et al. (2014) and Calonico, et al. (2018; 2020) and 
triangular kernel function. Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River as the forcing variable and long-term PM2.5 as the 
treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of air pollution exposure. Robust and biased-corrected standard errors are in parentheses. Cognitive 
abilities are from CHARLS individual-level data, aggregated at the city level. Controls include weather information and sociodemographic variables defined in Table 1 and Appendix Table 
A2. The results based on bandwidth selector of MSEmed are similar to MSEopt and available upon request from authors. * significant at 10% ** significant at 5%. *** significant at 1%. 
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Table 6. RD estimates by the level of education 

Outcome variables 

Panel A: Effect of the Huai River Policy  Panel B: Effect of PM2.5 (10-µg/m3) on Cognitive Ability 
Low-level Education    High-level Education   Low-level Education  High-level Education 

(1) (2)   (3) (4)  (5) (6)  (7) (8) 
Mental intactness score (0-11) -1.994*** -2.316***   -0.751* -0.768  -1.207** -1.223**   -0.265 -0.316 

 (0.512) (0.717)   (0.442) (0.475)  (0.517) (0.531)   (0.266) (0.288) 
    Bandwidth (South) 2.70 2.59   3.16 3.11  2.97 2.99   4.05 4.05 
    Bandwidth (North) 3.30 2.59   3.02 3.08  2.79 2.99   2.94 3.58 
Mathematics score (0-5) -1.004* -0.709   0.095 -0.148  -0.371 -0.597   0.044 -0.198 

 (0.530) (0.559)   (0.718) (0.682)  (0.298) (0.447)   (0.335) (0.352) 
    Bandwidth (South) 2.35 2.39   3.11 3.05  2.36 2.66   3.20 3.52 
    Bandwidth (North) 2.67 2.42   2.50 2.99  2.60 2.66   2.62 3.52 
Episodic memory score (0-10) -1.435*** -2.147***   -0.878* -0.858*  -0.598** -0.882**   -0.299 -0.303 

 (0.377) (0.624)   (0.487) (0.484)  (0.295) (0.424)   (0.277) (0.276) 
    Bandwidth (South) 2.34 2.40   3.29 3.25  3.77 3.10   3.54 3.54 
    Bandwidth (North) 3.47 2.76   3.02 3.03  2.59 2.87   2.85 3.09 
Overall cognitive score (0-21) -1.856*** -2.657***   -0.858** -0.837**  -0.974** -1.118**   -0.291 -0.403 

 (0.453) (0.809)   (0.369) (0.382)  (0.380) (0.436)   (0.259) (0.309) 
    Bandwidth (South) 2.51 2.51   3.15 3.06  3.24 3.18   4.30 4.30 
    Bandwidth (North) 3.44 2.59   2.73 3.03  2.76 2.95   2.77 4.14 
Observations 112 112   112 112  112 112   112 112 
Controls Y Y   Y Y  Y Y   Y Y 
Kernel  Triangular Triangular   Triangular Triangular  Triangular Triangular   Triangular Triangular 
Bandwidth Selection Method MSEopt MSEmed   MSEopt MSEmed  MSEopt MSEmed   MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 
2020) and triangular kernel function. Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River as the forcing variable and long-term PM2.5 
as the treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of air pollution exposure. Robust and biased-corrected standard errors are in parentheses. Cognitive 
abilities are from CHARLS individual-level data, aggregated at the city level. Controls include weather information and sociodemographic variables defined in Table 1 and Appendix Table A2. 
* significant at 10% ** significant at 5%. *** significant at 1%. 
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Table 7. RD estimates by the level of expenditures 

Outcome variables 

Panel A: Effect of the Huai River Policy  Panel B: Effect of PM2.5 (10-µg/m3) on Cognitive Ability 
Low expenditure   High expenditure  Low expenditure   High expenditure 

(1) (2)   (3) (4)  (5) (6)  (7) (8) 
Mental intactness score (0-11) -2.303*** -2.315***  -1.049*** -0.915**  -0.636*** -0.674***  -0.582** -0.432* 

 (0.557) (0.556)  (0.388) (0.358)  (0.181) (0.194)  (0.286) (0.222) 
    Bandwidth (South) 2.81 2.81  3.44 3.10  3.42 3.42  3.83 3.16 
    Bandwidth (North) 2.75 2.75  2.44 3.05  2.89 3.33  2.62 3.13 
Mathematics score (0-5) -0.495 -0.529  -0.556 -0.189  -0.243* -0.380**  -0.357 -0.390 

 (0.352) (0.350)  (0.362) (0.375)  (0.146) (0.151)  (0.321) (0.385) 
    Bandwidth (South) 2.78 2.78  3.20 3.01  3.48 3.48  4.15 4.15 
    Bandwidth (North) 2.63 2.64  3.36 3.01  2.36 3.25  2.80 3.73 
Episodic memory score (0-10) -1.584*** -1.493***  -0.600 -0.900***  -0.286* -0.318*  -0.566* -0.679* 

 (0.393) (0.396)  (0.369) (0.342)  (0.152) (0.176)  (0.305) (0.401) 
    Bandwidth (South) 2.03 2.09  2.99 2.64  3.88 3.86  3.58 3.58 
    Bandwidth (North) 2.71 2.53  2.27 2.52  2.74 3.71  2.77 3.54 
Overall cognitive score (0-21) -2.305*** -2.328***  -2.068*** -1.807***  -0.684*** -0.674***  -0.721** -0.813** 

 (0.540) (0.541)  (0.606) (0.455)  (0.190) (0.198)  (0.331) (0.377) 
    Bandwidth (South) 2.63 2.63  3.99 3.99  3.71 3.54  3.98 3.69 
    Bandwidth (North) 2.69 2.69  2.20 2.92  3.23 3.53  2.81 3.59 
Observations 112 112  112 112  112 112  112 112 
Controls Y Y  Y Y  Y Y  Y Y 
Kernel  Triangular Triangular   Triangular Triangular  Triangular Triangular   Triangular Triangular 
Bandwidth Selection Method MSEopt MSEmed   MSEopt MSEmed  MSEopt MSEmed   MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 
2020) and triangular kernel function. Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River as the forcing variable and long-term 
PM2.5 as the treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of air pollution exposure. Robust and biased-corrected standard errors are in parentheses. 
Cognitive abilities are from CHARLS individual-level data, aggregated at the city level. Controls include weather information and sociodemographic variables defined in Table 1 and Appendix 
Table A2. * significant at 10% ** significant at 5%. *** significant at 1%. 



 

 

Table 8. RD estimates for cognition-related health indicators 

Outcome variables 

Panel A: Effect of the Huai 
River Policy 

Panel B: Effect of PM2.5 
(10-µg/m3) on health 

indicators 
(1) (2) (3) (4) 

Panel A: Cardiorespiratory diseases       
 Chronic diseases proportions 0.200*** 0.183** 0.082** 0.085** 
  (0.075) (0.075) (0.040) (0.037) 
Panel B: Depression and depression Related Symptoms 
 Depression score (CES-D10) 2.865*** 2.114*** 0.977** 0.875** 
  (0.960) (0.762) (0.388) (0.385) 
 Severe depressive symptoms (CES-D-10≥10) 0.282** 0.169*** 0.078*** 0.070** 
  (0.113) (0.053) (0.030) (0.028) 
 Feel everything I did was an effort 0.377** 0.200*** 0.093** 0.061** 
  (0.168) (0.061) (0.045) (0.029) 
 My sleep was restless 0.130*** 0.111*** 0.033*** 0.028*** 
  (0.046) (0.038) (0.009) (0.008) 
 Feel lonely 0.071*** 0.073*** 0.035*** 0.032*** 
  (0.014) (0.014) (0.009) (0.009) 
 Be bothered by things that don’t usually bother me 0.176*** 0.180*** 0.060*** 0.059*** 
  (0.040) (0.035) (0.014) (0.016) 
 Could not get “going” 0.049** 0.048** 0.021** 0.022** 
  (0.022) (0.022) (0.010) (0.010) 
 Have trouble keeping my mind on what I was doing 0.074* 0.082* 0.051** 0.041* 
  (0.044) (0.048) (0.025) (0.025) 
 Not feel hopeful about the future 0.130* 0.125 0.047 0.034 
  (0.078) (0.078) (0.035) (0.036) 
Panel C: Physical Conditions Related to cognitive ability 
 General overweight/obesity 0.083** 0.091** 0.026 0.036 
  (0.039) (0.036) (0.023) (0.023) 
 Central obesity 0.143*** 0.136*** 0.052*** 0.054*** 
  (0.035) (0.039) (0.020) (0.020) 
 Diabetes 0.183*** 0.179*** 0.043* 0.034* 
  (0.063) (0.064) (0.022) (0.019) 
 Observations 112 112 112 112 
 Controls Y Y Y Y 
 Kernel  Triangular Triangular Triangular Triangular 
 Bandwidth Selection Method MSEopt MSEmed MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – MSEopt/MSEmed – 
proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 2020) and triangular kernel function. Fuzzy RD (Panel B) estimates 
the 10 µg/m3 of PM2.5 on cognitive-related health indicators, treating distance from the Huai River as the forcing variable and long-
term PM2.5 as the treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of air pollution exposure. 
Robust and biased-corrected standard errors are in parentheses. Cognition related health indicators (Chronic diseases: 1=respondents 
report suffering from any one of lung disease, heart attack, stroke and asthma; 0=none; severe depressive symptoms: 1=yes, 0=no; 
specific psychological symptom such as feeling it was an effort to do anything/lonely/not hopeful, sleeping well, could not get 
“going”, and having trouble focusing: 1 = if the respondent has such feeling more than 3 days in the last week and 0 = if suffering 
such feeling less than 2 days in the last week; general overweight/obesity: BMI of 24 kg/m2 or over; central obesity: males: waist 
circumstance ≥ 85 cm; females: waist circumstance ≥ 80 cm; and diabetes: fasting blood glucose (≥ 126 mg/dl) or self-reported 
diabetes or taking medicine or other measures to control diabetes.) are from CHARLS individual-level data, aggregated at the city 
level. Controls include weather information and sociodemographic variables defined in Table 1 and Appendix Table A2. * significant 
at 10% ** significant at 5%. *** significant at 1%. 
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Figure 1. PM2.5 on the distances from the Huai River 

Notes: Plotted line shows fitted values from locally weighted scatterplot smoothing (LOWESS) of PM2.5 
exposure on distances from the Huai River, estimated separately on each side of the river. The estimated 
changes in PM2.5 base on estimated discontinuity along the Huai River using local linear regression 
discontinuity with a triangular kernel function and MSEopt bandwidth selection method proposed by 
Calonico, et al. (2014) and Calonico, et al. (2018; 2020). 
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Figure 2. Cognitive abilities on distances from the Huai River  
Notes: Plotted line shows fitted values from locally weighted scatterplot smoothing (LOWESS) of each 
cognitive ability on distances from the Huai River, estimated separately on each side of the river. The 
estimated changes in each cognitive ability base on estimated discontinuity along the Huai River using 
local linear regression discontinuity with a triangular kernel function and MSEopt bandwidth selection 
method proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 2020). 

 
 

 
Figure 3. RD estimates of the impact of the Huai River Policy on PM2.5 by wave 

Notes: RD estimates are based on MSEopt bandwidth selection method and the triangular kernel function. 
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Figure 4. RD estimates of the impact of the Huai River Policy on standardized 

cognitive abilities by wave 
Notes: RD estimates are based on MSEopt bandwidth selection method and the triangular kernel function. 
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Figure 5. Placebo testing: estimated discontinuity in pollution and overall cognition 

score at displaced Huai River boundaries 
Notes: RD estimates are based on MSEopt bandwidth selection method and triangular kernel function. 
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Table A1. Sample selection bias test 

 South of the Huai River  North of the Huai River 
 2011 vs. panel 2013 vs. panel 2015 vs. panel  2011 vs. panel 2013 vs. panel 2015 vs. panel 

Gender  0.739 0.479 0.158  0.317 0.227 0.279 
Marital status  0.830 0.928 0.796  0.975 0.770 0.809 
Education  0.686 0.352 0.737  0.345 0.343 0.769 

Notes: T-test are used to compare proportions of the key demographic and socioeconomic characteristics 
between the panel sample and each of three waves, separately, and p-value are reported. 
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Table A2 Definition of individual-level variables in the CHARLS 
Variables  Definitions  
Panel A: Cognitive Measurements  
Mental intactness score The count of correct answers including naming the date (month, 

day, year and season), the day of the week, re-drawing a formerly 
shown photo, and doing the serial 7 subtraction from 100 (up to 
five times). Ranges from 0-11, with a higher score indicating a 
better cognitive status 

Mathematics score The correct answer of doing the serial 7 subtraction from 100 (up 
to five times). Ranges from 0-5, with a higher score indicating a 
better cognitive status 

Episodic memory score The average value of the sum of correct answers of immediate 
word recall (repeat in any order 10 Chinese nouns just read to 
them) and delayed word recall (recall the same list of words 4 
minutes later). Ranges from 0 to 10, with a higher score indicating 
a better cognitive status 

Overall cognitive score Total cognition score ranging from 0 to 21 by summing scores on 
mental intactness and episodic memory 

Panel B: Cognition-Related Health Conditions 
Chronic cardiorespiratory diseases 1 if the respondent suffers from any one of chronic lung diseases, 

heart attack, stroke or asthma, and 0 otherwise 

Total depression score Total of 10-item Center for Epidemiological Studies Depression 
Scale, CESD-10, ranging from 0-30. The 10-item includes feeling 
bothered by things that do not usually bother him/her, trouble 
keeping mind, depressed, everything he/she did was an effort, 
hopeless about the future, fearful, sleepless, unhappy, lonely and 
not get “going”. Each item is measured by 4-point frequency 
during last week: 0=Rarely or none of the time (<1 day), 1=Some 
or a little of the time (1-2 days), 2=Occasionally or a moderate 
amount of the time (3-4 days), 3=Most or all of the time (5-7 days) 

Severe depressive symptoms 1 if CES-D-10 ≥ 10, and 0 otherwise 
General overweight/obesity 1 if BMI ≥ 24kg/m2, and 0 otherwise 

Central obesity 1 if males: waist circumstance ≥ 85 cm; females: waist 
circumstance ≥ 80 cm, and 0 otherwise 

Diabetes  1 fasting blood glucose (≥126 mg/dl) or self-reported diabetes or 
taking medicine or other measures to control diabetes, and 0 
otherwise 

Panel C: Demographic Characteristics and Health Behaviors 
Gender  1=male, 0=female 
Age group 65-74 1 if the respondent aged 65-74, and 0 otherwise 
Age group 75+ 1 if the respondent aged 75+, and 0 otherwise 
Marital status  1 if the respondent is married/partnered, and 0= 

separated/divorced/widowed/never married 
High-education level 1 if the respondent’s education level is high school, vocational 

training, two-/three-year college/ associate degree, bachelor’s 
degree or above, and 0=illiterate, primary school or middle school 

Smoking  1 if the respondent ever smoke, 0=otherwise 
Alcohol drinking  1 if the respondent ever drinks any alcohol before, 0 otherwise 

Source: CHARLS. 
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Table A3. RD estimates by wave, triangular kernel function 
Outcome variables 2011 2013 2015 

(1) (2) (3) 
Particulate Matter (PM2.5) 21.789*** 22.290*** 23.927*** 
  (5.967) (6.133) (6.299) 
    Bandwidth (South) 3.26 3.29 3.35 
    Bandwidth (North) 2.78 2.70 2.71 
    
Mental intactness score (0-11) -1.489*** -2.241*** -2.116*** 
  (0.516) (0.433) (0.403) 
    Bandwidth (South) 3.58 2.62 2.45 
    Bandwidth (North) 3.44 2.78 3.04 
    
Mathematics score (0-5) -1.164*** -0.684** -0.827** 
  (0.434) (0.309) (0.390) 
    Bandwidth (South) 2.56 2.35 2.19 
    Bandwidth (North) 3.18 3.65 3.09 
    
Episodic memory score (0-10) -0.392 -0.840*** -1.606*** 
  (0.426) (0.320) (0.339) 
    Bandwidth (South) 3.87 4.08 2.70 
    Bandwidth (North) 3.78 2.67 3.21 
    
Overall cognitive score (0-21) -1.235*** -1.638*** -2.406*** 
  (0.376) (0.355) (0.395) 
    Bandwidth (South) 3.33 3.44 2.19 
    Bandwidth (North) 3.53 2.73 2.97 
Observations 110 111 112 
Controls Y Y Y 
Kernel  Triangular Triangular Triangular 
Bandwidth Selection Method MSEopt MSEopt MSEopt 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors –MSEopt – 
proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 2020) and triangular kernel function. Robust and biased-
corrected standard errors are in parentheses. PM2.5 is the long-term air pollution for each wave. Cognitive abilities are 
from CHARLS individual-level data, aggregated at the city level. Controls include weather information and 
sociodemographic variables defined in Table 1 and Appendix Table A2. * significant at 10% ** significant at 5%. *** 
significant at 1%. 
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Table A4. RD estimates for collapsed panel data, Epanechnikov kernel function 

Outcome variables 

Panel A: Effect of the 
Huai River Policy 

 Panel B: Effect of PM2.5 
(10-µg/m3) on Cognitive 

Ability 
(1) (2)  (3) (4) 

Particulate Matter (PM2.5) 26.233*** 24.310***  - - 
  (8.791) (6.724)  - - 
    Bandwidth (South) 2.58 2.97  - - 
    Bandwidth (North) 2.73 2.73  - - 
      
Mental intactness score (0-11) -2.121*** -2.107***  -0.940** -0.747*** 
  (0.477) (0.492)  (0.389) (0.204) 
    Bandwidth (South) 2.08 2.90  1.92 2.58 
    Bandwidth (North) 1.90 2.83  1.92 2.67 
      
Mathematics score (0-5) -1.629*** -1.158***  -0.336 -0.482** 
  (0.480) (0.442)  (0.376) (0.235) 
    Bandwidth (South) 2.20 2.59  1.77 2.83 
    Bandwidth (North) 2.20 2.47  1.77 2.77 
      
Episodic memory score (0-10) -2.299*** -1.668***  -1.069** -0.524*** 
  (0.609) (0.430)  (0.438) (0.154) 
    Bandwidth (South) 1.94 2.41  2.02 2.37 
    Bandwidth (North) 1.75 2.41  1.86 2.36 
      
Overall cognitive score (0-21) -2.298*** -2.002***  -1.068*** -0.753*** 
  (0.495) (0.473)  (0.402) (0.242) 
    Bandwidth (South) 2.00 2.87  1.85 2.70 
    Bandwidth (North) 1.71 2.64  1.85 2.68 
Observations 112 112  112 112 
Controls N Y  N Y 
Kernel  Epanech. Epanech.  Epanech. Epanech. 
Bandwidth Selection Method MSEmed MSEmed  MSEmed MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors –
MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 2020) and epanech. kernel function.  
Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River 
as the forcing variable and long-term PM2.5 as the treating variable, with the Huai River representing a “fuzzy” 
discontinuity in the level of air pollution exposure. Robust and biased-corrected standard errors are in parentheses. 
PM2.5 is from the collapsed panel data of long-term air pollution. Cognitive abilities are from CHARLS 
individual-level data, aggregated at the city level. Controls include weather information and sociodemographic 
variables defined in Table 1 and Appendix Table A2. * significant at 10% ** significant at 5%. *** significant at 
1%. 
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Table A5. RD estimates by wave, Epanechnikov kernel function 

Outcome variables 
2011 2013 2015 
(1) (2) (3) 

Particulate Matter (PM2.5) 22.358*** 23.603*** 26.311*** 
  (6.528) (6.717) (6.943) 
    Bandwidth (South) 2.92 2.96 3.01 
    Bandwidth (North) 2.72 2.70 2.72 
    
Mental intactness score (0-11) -1.579*** -2.219*** -2.155*** 
  (0.538) (0.463) (0.479) 
    Bandwidth (South) 3.32 2.53 2.26 
    Bandwidth (North) 3.47 2.55 2.42 
    
Mathematics score (0-5) -0.473 -0.756** -0.397 
  (0.457) (0.346) (0.432) 
    Bandwidth (South) 2.51 2.59 1.93 
    Bandwidth (North) 2.59 2.66 2.01 
    
Episodic memory score (0-10) -0.327 -0.868*** -1.753*** 
  (0.456) (0.335) (0.396) 
    Bandwidth (South) 3.50 3.22 2.71 
    Bandwidth (North) 3.50 2.87 2.72 
    
Overall cognitive score (0-21) -1.255*** -2.188*** -2.329*** 
  (0.404) (0.583) (0.405) 
    Bandwidth (South) 3.31 2.49 2.05 
    Bandwidth (North) 3.32 2.49 2.49 
Observations 110 111 112 
Controls Y Y Y 
Kernel  Epanech. Epanech. Epanech. 
Bandwidth Selection Method MSEmed MSEmed MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors –MSEmed – 
proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 2020) and Epanechnikov. kernel function. Robust and 
biased-corrected standard errors are in parentheses. PM2.5 is the long-term air pollution for each wave. Cognitive abilities 
are from CHARLS individual-level data, aggregated at the city level. Controls include weather information and 
sociodemographic variables defined in Table 1 and Appendix Table A2. * significant at 10% ** significant at 5%. *** 
significant at 1%. 
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Table A6. RD estimates for the sample restricting interview months from June to October 

Outcome variables 

Panel A: Effect of the Huai River Policy  Panel B: Effect of PM2.5 (10-µg/m3) on Cognitive Ability 
(1) (2) (3) (4)   (5) (6) (7) (8) 

Mental intactness (0-11) -1.768*** -1.873*** -2.004*** -2.066***  -0.982*** -0.696*** -0.918*** -0.855*** 
 (0.426) (0.483) (0.492) (0.514)  (0.257) (0.227) (0.224) (0.247) 

    Bandwidth (South) 3.17 2.60 2.79 2.58  3.22 3.13 2.71 2.80 
    Bandwidth (North) 3.30 2.60 2.96 2.58  3.90 3.13 3.21 2.82 
Mathematics (0-5) -1.372*** -1.375*** -1.236*** -1.241***  -0.476** -0.585** -0.395** -0.385* 

 (0.420) (0.415) (0.466) (0.463)  (0.222) (0.247) (0.173) (0.219) 
    Bandwidth (South) 2.75 2.75 2.79 2.62  3.56 3.09 2.79 2.79 
    Bandwidth (North) 2.91 2.91 2.57 2.57  2.50 2.97 2.12 2.53 
Episodic memory (0-10) -1.311*** -1.791*** -1.548*** -1.966***  -0.629*** -0.579*** -0.963** -0.601*** 

 (0.348) (0.464) (0.436) (0.491)  (0.179) (0.161) (0.468) (0.179) 
    Bandwidth (South) 2.67 2.28 2.29 2.23  2.24 2.47 2.37 2.37 
    Bandwidth (North) 2.40 2.28 2.65 2.23  2.24 2.41 2.14 2.37 
Overall cognitive score (0-21) -1.514*** -2.082*** -1.496*** -2.359***  -0.819*** -0.810*** -0.746*** -0.865*** 

 (0.372) (0.464) (0.389) (0.550)  (0.223) (0.224) (0.238) (0.243) 
    Bandwidth (South) 3.04 2.70 2.60 2.52  2.87 2.87 2.82 2.77 
    Bandwidth (North) 3.73 2.70 3.57 2.52  2.70 2.81 2.52 2.74 
Observations 110 110 110 110  110 110 110 110 
Controls Y Y Y Y   Y Y Y Y 
Kernel  Triangular Triangular Epanech. Epanech.   Triangular Triangular Epanech. Epanech. 
Bandwidth Selection Method MSEopt MSEmed MSEopt MSEmed   MSEopt MSEmed MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 
2020) and two kernel functions (triangular/Epanechnikov). Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River as the forcing variable 
and long-term PM2.5 as the treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of air pollution exposure. Robust and biased-corrected standard errors are in 
parentheses. Cognitive abilities are from CHARLS individual-level data, aggregated at the city level. Controls include weather information and sociodemographic variables defined in Table 1 
and Appendix Table A2. * significant at 10% ** significant at 5%. *** significant at 1%. 
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Table A7. RD estimates using residuals method to control covariates 

Outcome variables 
Panel A: Effect of the Huai River Policy  Panel B: Effect of PM2.5 (10-µg/m3) on Cognitive Ability 

(1) (2) (3) (4)   (5) (6) (7) (8) 
Particulate Matter (PM2.5) 22.135*** 24.190*** 21.524** 23.666***  - - - - 
 (8.199) (8.317) (8.465) (8.527)  - - - - 
    Bandwidth (South) 3.55 3.50 3.26 3.16  - - - - 
    Bandwidth (North) 3.67 3.50 3.46 3.16  - - - - 
Mental intactness score (0-11) -1.286*** -1.512*** -1.262*** -1.552***  -0.573** -0.597** -0.597** -0.649** 
 (0.402) (0.394) (0.429) (0.426)  (0.268) (0.247) (0.276) (0.273) 
    Bandwidth (South) 3.43 2.84 3.01 2.53  3.45 2.72 3.46 2.99 
    Bandwidth (North) 3.88 2.84 3.91 2.53  4.22 2.72 3.37 2.99 
Mathematics score (0-5) -0.855** -1.178** -0.926** -1.204**  -0.462 -0.401 -0.539 -0.461 
 (0.433) (0.467) (0.459) (0.499)  (0.327) (0.302) (0.362) (0.323) 
    Bandwidth (South) 3.36 3.26 2.94 2.82  3.61 2.96 3.48 2.87 
    Bandwidth (North) 4.71 3.26 4.36 2.82  4.46 2.96 4.03 2.87 
Episodic memory score (0-10) -1.533*** -1.487*** -1.658*** -1.658***  -0.562*** -0.626*** -0.639*** -0.617*** 
 (0.383) (0.378) (0.412) (0.412)  (0.205) (0.211) (0.243) (0.228) 
    Bandwidth (South) 3.79 3.39 3.05 3.05  3.07 2.51 2.80 2.41 
    Bandwidth (North) 2.16 2.32 2.09 2.09  2.88 2.51 2.42 2.41 
Overall cognitive score (0-21) -1.583*** -1.589*** -1.583*** -1.584***  -0.616*** -0.661*** -0.693*** -0.671*** 
 (0.375) (0.377) (0.400) (0.400)  (0.226) (0.222) (0.256) (0.250) 
    Bandwidth (South) 3.66 3.36 3.19 3.18  3.58 2.70 3.12 2.77 
    Bandwidth (North) 2.83 2.83 2.89 2.89  3.38 2.70 2.86 2.77 
Observations 112 112 112 112  112 112 112 112 
Controls Y Y Y Y  Y Y Y Y 
Kernel  Triangular Triangular Epanech. Epanech.   Triangular Triangular Epanech. Epanech. 
Bandwidth Selection Method MSEopt MSEmed MSEopt MSEmed   MSEopt MSEmed MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 
2020) and two kernel functions (triangular/Epanechnikov). Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the Huai River as the forcing 
variable and long-term PM2.5 as the treating variable, with the Huai River representing a “fuzzy” discontinuity in the level of air pollution exposure. Robust and biased-corrected standard errors 
are in parentheses. PM2.5 is from the collapsed panel data of long-term air pollution. Cognitive abilities are from CHARLS individual-level data, aggregated at the city level. Controls include 
weather information and sociodemographic variables defined in Table 1 and Appendix Table A2. * significant at 10% ** significant at 5%. *** significant at 1%.  
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Table A8 RD estimates of the impact of the fake Huai River Policy on PM2.5 and cognitive ability 
  Move to south by 3.5°   Move to south by 2.5°  Move to south by 1.5°  Move to north by 1.5°   Move to north by 2.5°   Move to north by 3.5° 
 (1) (2)   (3) (4)  (5) (6)  (7) (8)   (9) (10)   (11) (12) 
                    

Particulate Matter (PM2.5) 0.315 -0.639  -7.120 -3.349  -2.586 -0.470  1.315 -5.366  -0.133 -2.028  3.006 3.475 
 (4.707) (4.806)  (4.574) (5.471)  (6.189) (5.919)  (5.049) (6.849)  (6.895) (6.868)  (7.493) (7.866) 

    Bandwidth (South) 2.50 2.50  2.61 2.61  2.14 2.14  2.40 2.16  3.05 3.49  2.69 3.51 
    Bandwidth (North) 3.02 2.51  5.41 2.71  3.04 2.68  3.17 2.16  3.92 3.92  4.80 3.89 

                  
Overall cognitive score (0-21) 0.543 0.716 

 
-0.010 -0.203 

 
0.197 0.174 

 
0.024 -0.071  0.293 0.566  0.016 -0.136 

 (0.505) (0.507) 
 

(0.198) (0.185) 
 

(0.228) (0.226) 
 

(0.395) (0.378)  (0.321) (0.368)  (0.480) (0.425) 
    Bandwidth (South) 2.18 2.18 

 
2.06 2.13 

 
2.52 2.61 

 
3.99 3.41  3.13 3.97  2.38 2.50 

    Bandwidth (North) 3.57 2.25 
 

3.47 2.24 
 

2.80 2.72 
 

2.52 3.27  4.59 4.32  3.56 2.50 
Observations 112 112 

 
112 112 

 
112 112 

 
112 112  112 112  112 112 

Controls Y Y  Y Y  Y Y  Y Y  Y Y  Y Y 
Kernel  Triangular Triangular  Triangular Triangular  Triangular Triangular  Triangular Triangular  Triangular Triangular  Triangular Triangular 
Bandwidth Selection Method MSEopt MSEmed  MSEopt MSEmed  MSEopt MSEmed  MSEopt MSEmed  MSEopt MSEmed  MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – MSEopt/MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 2020) and 
triangular kernel function. Robust and biased-corrected standard errors are in parentheses. PM2.5 is from the collapsed panel data of long-term air pollution. Cognitive abilities are from CHARLS individual-
level data, aggregated at the city level. Controls include weather information and sociodemographic variables defined in Table 1 and Appendix Table A2. * significant at 10% ** significant at 5%. *** 
significant at 1%. 

 

 



 

 

Table A9 Mean differences of residence duration for Chinese adults aged 45+ between north 
and south areas in CHARLS survey data 

 North of the Huai 
River 

 South of the Huai 
River 

 

Mean diff. Wave Mean  Obs.  Mean  Obs.  
2011 53.136 8019  53.244 8952  0.108 (p=0.867) 
2013 53.554 8226  53.909 9202  0.355 (p=0.518) 
2015 52.197 7789  52.483 8694  0.286 (p=0.627) 
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Table A10 RD estimates for the collapsed panel data samples with the residence duration at 
the same prefecture-level city more than 5 years 

Outcomes variables 

Panel A: Effect of the Huai 
River Policy 

 
Panel B: Effect of PM2.5 
(10-µg/m3) on Cognitive 

Ability 
(1) (2)   (3) (4) 

            
Mental intactness score (0-11) -1.677*** -1.655***  -0.785*** -0.867*** 

 (0.363) (0.362)  (0.296) (0.293) 
    Bandwidth (South) 3.23 3.14  3.01 3.02 
    Bandwidth (North) 2.82 2.82  2.66 3.02 

      

Mathematics score (0-5) -0.693** -0.728**  -0.596* -0.426* 
 (0.329) (0.320)  (0.310) (0.242) 

    Bandwidth (South) 2.88 2.83  3.26 3.01 
    Bandwidth (North) 2.54 2.57  2.14 2.90 

      

Episodic memory score (0-10) -0.909*** -0.850***  -0.579* -0.425** 
 (0.320) (0.313)  (0.320) (0.203) 

    Bandwidth (South) 3.14 2.93  3.01 2.79 
    Bandwidth (North) 2.72 2.76  2.09 2.73 

      

Overall cognitive score (0-21) -1.957*** -1.957***  -0.866*** -0.885*** 
 (0.394) (0.394)  (0.294) (0.299) 

    Bandwidth (South) 3.43 3.43  3.19 3.09 
    Bandwidth (North) 2.70 2.70  3.02 3.04 
Observations 112 112  112 112 
Controls Y Y   Y Y 
Kernel  Triangular Triangular   Triangular Triangular 
Bandwidth Selection Method MSEopt MSEmed   MSEopt MSEmed 
Notes: Each cell in the table represents a separate RD estimate with the MSE-optimal bandwidth selectors – 
MSEopt/MSEmed – proposed by Calonico, et al. (2014) and Calonico, et al. (2018; 2020) and triangular kernel 
function. Fuzzy RD (Panel B) estimates the 10 µg/m3 of PM2.5 on cognitive abilities, treating distance from the 
Huai River as the forcing variable and long-term PM2.5 as the treating variable, with the Huai River representing 
a “fuzzy” discontinuity in the level of air pollution exposure.  Robust and biased-corrected standard errors are in 
parentheses. Cognitive abilities are from CHARLS individual-level data, aggregated at the city level.  Controls 
include weather information and sociodemographic variables defined in Table 1 and Appendix Table A2. * 
significant at 10% ** significant at 5%. *** significant at 1%. 
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Figure A1 Distributions of distances of cities in CHARLS from the Huai River  
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Figure A2 McCrary test of discontinuity of distances of cities in CHARLS from the 

Huai River 
Notes: The hollow circles represent the point estimates within bins. Solid lines are the density curve 
estimates. The dash lines are the 95% confidence intervals.  
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Figure A3 Histogram of residence duration within the same prefecture-level city in 

CHARLS (2011-2015) 
Notes: The residence duration (years) is defined as the length of residence within the same prefecture-
level city. 
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