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ABSTRACT

Ambient Air Pollution and Helping
Behavior:
Evidence from the Streets in Beijing

We conducted a large-scale lost letter experiment with a novel design across all seasons in
Beijing to study whether ambient air pollution influences helping behavior. We assessed air
pollution by PM2.5 and PM10. Our novel design allowed us to collect real-time granular
data from the streets. To mitigate endogeneity bias, we used the occurrence and intensity
of thermal inversion as instrumental variables. We found that ambient air pollution
increased the probability for a lost letter to be posted. Our finding suggests that when
exposed to ambient air pollution, individuals may cope with the resulting adverse mental
states by helping others.
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1. Introduction

Along the process of industrialization and urbanization, the combustion of fossil fuels
and biomass has led to the permeation of air pollution through the fabric of our daily lives.
According to the World Health Organization (WHO), 99% of the world population is
exposed to air pollution, with disproportionate impacts on individuals in developing countries
(World Health Organization, 2021). Extensive evidence has shown that air pollution is a
leading cause of mortality and mobidity around the world (Chen and Hoek 2020; Dominski,
et al., 2021). Beyond its well-established health consequences, recent research has also
revealed that air pollution is detrimental to our cognitive performance (Ebenstein et al., 2016;
Zhang et al., 2018), decision-making (Burkhardt et al., 2019; Sager, 2019; Bondy et al., 2020;
Huang et al., 2020; Chew et al., 2021; Dong et al., 2021; Herrnstradt et al., 2021), and
productivity (Graff Zivin and Neidell, 2012; Chang et al., 2016; Lichter et al., 2017; Guo and
Fu, 2019; He et al., 2019; Fu et al., 2021)."!

Nevertheless, our understanding of whether air pollution influences human prosocial
behavior is still limited, despite the crucial role prosocial behavior plays in upholding human
society. This paper focuses on one type of prosocial behavior—helping or acts that benefit
others. This inquiry is prompted by a growing body of research connecting air pollution to
human mental well-being. Specifically, air pollution has been found to cause various negative
psychological effects such as stress, annoyance, anxiety, depression (Mehta, et al., 2015;
Zhang, et al., 2021; Lu, 2020). We argue that these psychological effects could further
influence helping behavior for the following reason.

Social psychologists have long suggested that one of the main drivers for prosocial
action is the egoistic motive, i.e., helping others to secure personal gain (Cialdini and

Kenrick, 1976; Cialdini, et al., 1981; Buchanan and Preston, 2014; Schroeder and Graziano,

! For recent reviews of non-health effects, refer to Lu (2020) and Aguilar-Gomez et al. (2022).
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2014). This is parallel to the theory of warm-glow giving in economics (Andreoni, 1990). In
the context of air pollution, individuals exposed to air pollution may be motivated to help
others if helping leads to good feelings about themselves or praise from others, both of which
in turn could remove or ameliorate the stress and other negative mental states resulting from
air pollution exposure. In other words, helping could work as a coping mechanism
(Midlarsky, 1991).

Beyond the theories, numerous recent empirical studies in neuroscience and
psychology have also found supporting evidence linking negative mental states to prosocial
behavior. For example, Vinkers et al. (2013) found that participants in the Ultimatum Game
showed greater altruistic punishment immediately after being exposed to a stressor. Pérez-
Duenias et al. (2018) showed that induced negative mood increased giving in the Dictator
Game. Vieira et al. (2022) discovered that individuals’ perceived threat of COVID-19 and
anxiety were associated with their increased altruistic behavior. Moreover, Raposa et al.
(2016) demonstrated that engaging in prosocial behavior can mitigate the negative effects of
stress.

Motivated by these studies, we tested the causal link between ambient air pollution
and helping behavior by conducting a large-scale lost letter experiment with a novel design
across all seasons in Beijing, China. We dropped ready-to-be-posted letters across the city on
the footpath in front of a letterbox for passersby to pick up. In this experiment, helping
behavior refers to the action of posting the lost letter because it benefits the recipient and
sender of the lost letter. It is worth noting that picking up the letter without posting it is not
considered as helping. Also, posting the letter is unlikely to be driven by a reciprocal motive
because both the recipient and sender are unknown strangers to the passersby.

We carried out the experiment in nine locations across the city, each of which is in the

proximity of an air pollution monitoring station from where real-time air pollution readings



were acquired. To assess the air pollution levels, we used hourly concentration readings of
both fine particulate matter (PM2.5, particles with an aerodynamic diameter equal to or less
than 2.5 micrometers) and coarse particulate matter (PM10, particles with an aerodynamic
diameter equal to or less than 10 micrometers). The use of real-time air pollution readings
renders our estimates the acute effect of air pollution on helping behavior. As such, the long-
term effect of air pollution is beyond the scope of this paper.

Unlike the conventional lost letter experiment, which only observes the returned lost
letters, we made additional efforts to collect a rich set of real-time information by staying at
the location after dropping the letters to record the time that each letter was dropped and
removed, and whether the letter was picked up and posted on site. This not only allows us to
link the outcomes to real-time air pollution readings but also to measure the time that it took
to be removed. In addition, we recorded the number of men and women who passed by
before the letter was removed, and the ambient noise and temperature using software installed
on a smartphone. These additional data help us further investigate how foot traffic, the gender
composition of passersby, and other environmental factors affect the outcomes of the lost
letters and allow us to control for these heterogeneities across locations and time in our
regression analysis. Particularly, researchers have noted that noise is an important confounder
in studying the air pollution effect on mental health (Braithwaite, et al., 2019).

One might be concerned that air pollution may change the composition of passersby
on the street and lead to a sample selection bias if selfish individuals were more inclined to
avoid air pollution than their altruistic counterparts. However, we found no basis to suggest
that altruistic individuals, who genuinely care more about others, should care less about their
own health and exhibit less avoidance behavior compared to selfish individuals. As an

indirect test, we compared our experimental results during weekdays against weekends



because people generally have more flexibility to exercise avoidance during weekends. As
predicted, we found no significant difference between the two periods in a week.

Due to both ethical and technical reasons, we were unable to randomly manipulate air
pollution exposure, implying that our experimental results were subject to potential bias from
still unobserved confounders. For instance, traffic could affect both ambient air pollution and
the mental states of people walking on the street. Meanwhile, different locations may have
other unobserved characteristics, e.g. local economic activities, types of residents, that could
be related to both air pollution and people’s behavior. To mitigate the potential bias, we
adopted the following econometric methods. First, to adjust for time-invariant location-
specific unobserved confounders as well as common seasonal factors across locations, we
added a full set of location and seasonal fixed effects in all regressions. Nonetheless, these
fixed effects could not capture confounders that varied across time and locations such as
traffic.

To address this concern, we followed previous studies to use thermal inversion to
instrument for air pollution (Arceo et al., 2015; Jans et al., 2018; He et al., 2019; Sager, 2019;
Fuetal., 2021; Chen et al., 2023). Air temperature in the troposphere, the lowest layer of the
Earth’s atmosphere in direct contact with the Earth’s surface, usually declines along with
altitude. Thermal inversion refers to an occasional phenomenon in the troposphere that a
layer of warm air sits on top of a layer of cool air. In other words, the drop in air temperature
reverses when the altitude reaches the layer of warm air. The layer of warm air works as a lid
that prevents air pollutants from dispersing vertically, forcing them to accumulate at the
surface level.

Vertical dispersion is particularly critical in Beijing because horizontal movement of
air is limited by the mountains surrounding its west, north and northeast. Wang et al. (2019)

showed that not only the occurrence of thermal inversion but also its intensity is positively



correlated with PM2.5 concentrations in Beijing during winter. Hence, we also measured the
intensity by taking the difference in temperature at the bottom and top of the inversion layer
and used it as an additional instrumental variable conditional on the occurrence of the
inversion.

We controlled for other meteorological variables at the surface such as temperature,
wind speed, humidity and air pressure that are correlated with air pollution and likely affect
people’s mental states, too. Conditional on these meteorological variables at the surface, we
argue that thermal inversion itself does not directly affect the helping behavior of people on
the streets. We thus applied the two-stage least square (2SLS) estimation method to mitigate
the potential bias resulted from the non-randomness of air pollution. Moreover, the 2SLS
method also mitigates a potential bias resulted from measurement errors in PM2.5 and PM 10,
although we think measurement errors should be minimal as we obtained the readings
directly from nearby air pollution monitoring stations.

Our OLS results show that PM10 is positively correlated with the probability of
posting the lost letter. A one-standard-deviation increase in PM10 is associated with an
increase in the probability by about four percentage points. In contrast, the estimate for
PM2.5 is only one percentage point and statistically insignificant. We also estimated a non-
linear model and found that higher quartiles in the PM10 distribution tend to have larger
effects than lower quartiles. Nonetheless, results for PM2.5 do not show significant
differences between quartiles.

After addressing the endogeneity issue with the instrumental variables, our 2SLS
estimates of the linear effects are larger and statistically significant for both PM2.5 and
PM10. When both instrumental variables are used, the effects are 16 and 14 percentage points
for a one-standard-deviation increase in PM2.5 and PM 10 respectively. To the best of our

knowledge, these findings provide the first causal evidence that air pollution exposure



increases helping behavior. It is also worth noting that the endogeneity issue appears to be
worse for PM2.5 given that the gap between its OLS and 2SLS estimate is substantially wider
than PM10.

To provide supporting evidence on the psychological mechanism, we used search data

from the largest search engine in China, Baidu.com (5 /&). We compared the search
popularity in four major Chinese cities, Beijing (1L 5%), Shanghai (_-7&), Guangzhou (] J)
and Shenzhen (;%=3)I[), during 2017-2023 for “air pollution” (Z2X;52%) and three negative
mental effects, “stress” ([ /J), “anxiety” (E£f&), and “depression” ($[JAf) against PM2.5 and

PM10 concentrations respectively. The search interest for “air pollution” is strongly and
positively correlated with PM2.5 and PM10, indicating that when it was more polluted,
people did more searches on air pollution. As for the searches for the three negative mental
states, the correlations are also positive, although the correlations with PM10 appear to be
slightly stronger. These correlations between people’s internet search interests and air
pollution are consistent with the psychological mechanism. We provide more discussion on
mechanisms in section four.

The rest of this paper is organized as follows. Section two describes the experiment
design in detail. Section three summarizes the data and reports the experiment results. Section
four discusses potential mechanisms. Section five concludes the paper.

2. Experiment Design
2.1 The Lost Letters Technique

The lost letter technique was originally devised by Stanley Milgram in 1965 and has
been adopted to study helping behavior in social psychology (Milgram, Mann, and Harter
1965). The technique involves dropping stamped and ready-to-be-posted letters in public
areas for passersby to pick up and measuring the helping behavior by the return rate of the

lost letters. This technique allows researchers to detect what factors determine people’s
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helping behavior usually by varying the information appearing on the envelope such as the
recipient or the address. Unlike the conventional lost letter technique, our treatment is the air
pollution that varied across areas and time. As mentioned, we were unable to randomly
manipulate air pollution. As such, we instrumented air pollution with thermal inversion and
adopted the 2SLS estimate method.

In our experiment, the information on the envelope included the name of a fictional
recipient and a post office box number as the address, both of which were respectively
written in simplified Chinese. Inside the envelope was a typed generic letter. On the back of
the envelope was a unique code that allowed us to identify the date, time, and location. We
dropped letters on the footpath in front of letterboxes in nine locations in Beijing. On each
day in each location, we dropped a total of three letters every hour in 9AM, 10AM and
11AM. Each letter was left on the ground for a maximum of ten minutes unless it was
removed earlier. If the letter had not been removed after ten minutes, we retrieved it and then
dropped another letter. This design is to increase the power by increasing the observations for
each hourly reading of air pollution in each location. To account for the same reading for
three letters, we clustered robust standard errors at the location-hour level in our regression
analysis.

We carried out four waves of experiments in Beijing, with each wave taking place in a
distinct season. Experiments were conducted for five days during each wave. Specifically, the
four waves took place on 1) 22—25 and 27 September 2017 (autumn); 2) 6—7 and 9—11 May
2018 (spring); 3) 11—15 January 2019 (winter); and 4) 14—18 July 2019 (summer).? In total,
we dropped 1,620 letters in Beijing. One observation was discarded due to a violation of our

experiment protocol. Hence, the final sample of analysis consisted of 1,619 observations.

2 The dates in each wave are not necessarily consecutive. In some cases, the experiment had
to be cancelled because of rain.



What made our technique novel is that we stayed to observe after dropping each
letter. This allowed us to collect a rich set of real-time information. We recorded the time the
letter was dropped and the time it was removed. As for outcomes, we observed whether it
was picked up and posted into the nearby letterbox. In addition, we collected a wealth of
information regarding the surrounding environment. Specifically, we counted the number of
men and women who passed the letter within a three-meter radius until it was picked up. We
also measured the noise and temperature using software installed on a smartphone.

2.2 Air Pollution Monitoring Stations

We collected PM2.5 and PM 10 data from nine air pollution monitoring stations in
Beijing (Figure 1). To maximize the covered area within logistical feasibility, we chose
stations that all our team members could travel to carry out the experiment and return at
around the same time within our budget. The nine stations in Beijing scatter across six
districts of the inner city, while the entire city of Beijing has sixteen districts.

All these stations consistently reported PM2.5 readings during our experiments, but a
small fraction of PM10 readings were not reported. Thus, about 7% of the observations in
Beijing could not be matched with PM10 readings due to non-reporting. We conducted a
robust check of our results and concluded that the missing values did not systematically bias
our estimates.’ The monitoring stations update air pollution data by the hour.

2.3 Student Recruitment, Training, and Pilot Experiments

We recruited graduate students from the Central University of Finance and

Economics in Beijing. The students were first briefed on the details of the experiment. They

later helped locate suitable dropping locations in the proximity of the monitoring stations

3 We estimated the PM2.5 effect by excluding the observations that PM 10 reading were missing. The estimate
of the PM2.5 remains very similar. The result is available upon request.
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where street letterboxes were present. During the experiment, a pair of students was assigned
to take charge of all the tasks in each location.

The students attended a training session where they learned how to carry out various
tasks including preparing the letters, stealthily dropping, and collecting the letters, counting
the passersby by gender, measuring the noise and temperature, and recording all the
information in a worksheet. They were taught how to act as a passerby without raising
suspicions. At last, all the data that each pair collected from the field were sent to a
coordinator, who then compiled all the data. The coordinator was also responsible for
collecting the real-time PM2.5 and PM10 readings from the air pollution monitoring stations.
The students took part in a pilot experiment during March 18—19, 2017 to practice letter
dropping, recording observations, and noting potential issues.

3. Data and Experiment Results
3.1 MERRA-2 Data

Our thermal inversion data and other meteorological variables at the surface come
from the Modern-Era Retrospective Analysis for Research and Applications, Version 2
(MERRA-2) from the Global Model and Assimilation Office (GMAQO) at National
Aeronautics and Space Administration (NASA). MERRA-2 maps the entire globe onto a grid
with 576 longitudinal points and 361 latitudinal points. Each cell in the grid is approximately
50kmx50km. This implies that all our experiment locations are clustered in one cell. As a
result, we can only utilize the temporal variation in thermal inversion and other
meteorological variables at the surface. Nevertheless, the temporal variations in PM2.5 and
PM10 in our data are also 5 to 6 times larger than the geographic variations.

The specific MERRA-2 products we used are ins3 3d asm Np and instl1-2d 1fo Nx.
The first product provides vertical air temperature readings at 42 air pressure levels every

three hours each day starting from 00:00 UTC (08:00 Beijing time). Our letters were dropped



in the hours of 9 AM, 10 AM and 11 AM in Beijing time. We matched the 9-10 AM letters to
the 00:00 UTC readings and the 11 AM letters to the 03:00 UTC readings.* We calculated the
corresponding altitude for each air pressure level and then determine the altitude of thermal
inversion if it occurred. Following Chen et al. (2023), we constructed a dummy variable to
indicate whether thermal inversion occurred at or below 320 meters.’ To measure the
intensity, we calculated the temperature gradient by taking the difference between the
temperature at the bottom of the inversion layer to that at the top. It is worth noting that if
there were multiple inversions at different altitudes at the same time, we only considered the
lowest inversion because it was the most relevant one in trapping the pollutants at the surface
level.

The second product offers data on specific humidity, wind speed, air pressure at the
surface level for each hour in a day. Specific humidity is the ratio of the mass of water vapor
in a unit of air mass. Wind speed is measured in meters per second. Air pressure is measured
in Pascal. This product also reports surface temperature. However, we decided to use the
temperature data that we collected from our experiment since it has both geographic and
temporal variation.

3.2 Summary Statistics

Figure 2 illustrates the distribution of the PM2.5 and PM10 concentration readings by
wave. Please note that they are the readings matched with our letters dropped in each wave of
experiment. They are not to be confused with the actual seasonal distributions of the two
particulate matters in Beijing. As shown, winter appears to be the worst season for PM2.5
followed by spring. In terms of PM 10, the most polluted season is spring and then autumn. In

Table 1, the mean of PM2.5 and PM10 are 60 pg/m> and 110 ug/m?>. For reference, the WHO

4 We also tried matching the 9AM letters to the 00:00UTC readings and 10-11AM letter to the 03:00UTC
readings. The results are similar and available upon request.

> We also tried alternative definitions at 380 meters and 400 meters. The results remain robust and available
upon request.
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air quality guideline recommends that the average 24-hour level of PM2.5 and PM10 should
be less than 15 pg/m? and 45 ng/m? respectively (WHO 2021).

Also shown in Table 1, about 72% of letters were picked up within 10 minutes, but
only 36% were posted. It took an average of slightly less than 6 minutes for a letter to be
picked up. On average, before each letter was picked up, 28 people had passed with an almost
perfect balance of gender. About 7% of the letters were dropped when thermal inversion
occurred at 320 meters or below. When the inversion occurred, the average change in
temperature is about 1.6 °C.

3.3 Regression Specifications

We adopted the following linear probability models with fixed effects.

Yiwe = Po + P1StdPM;,,. + BXjyc + 6y + Tc + Eiwes (D
where y;,,. 1s a dummy variable indicating whether letter i in season w in location ¢ was
posted; stdPM is the standardized PM2.5 or PM 10 with mean zero and standard deviation
equal to one; B is a row vector of coefficients corresponding to the column vector X, which
consists of ambient noise, temperature, surface windspeed, specific humidity, air pressure,
number of passersby per minute and percentage of women among passersby; 6 and ©
represent fixed effects for wave and location; € is the error term. We used robust standard
errors clustered at the location-date-hour level for statistical inferences.

We standardized the PM2.5 and PM 10 by subtracting them by the sample mean and
then dividing them by the standard deviation. This was to allow the coefficient ; to
represent the change in the probability of the letter being posted in response to one standard
deviation change in either PM2.5 or PM10.

Equation (1) estimates the linear effect of the particulate matter. To introduce non-
linearity, we replace the standardized particulate matter variable with two dummy variables

indicating the third and fourth quartiles of the distribution of each particulate matter.
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For 2SLS estimation, the specification of the first stage regression is as follows.
stdPM,;,,. = ay + aqInversion,,,. + a,TempDif f;,c + AXiwe + 6w + pc + Hiwe, (2)
where Inversion is a dummy variable equal to one if an inversion occurred at 320 meters or
below; TempDiff'is the change in temperature between the bottom and top of the inversion
layer and zero if there was no inversion; 4 is a row vector of coefficients corresponding to the
same column vector X as in equation (1); 8 and p represent fixed effects for wave and
location; u is the error term.

3.4 OLS Estimates

We first report the linear results in Table 2. As shown, estimates of both particulate
matters are positive. However, only the PM10 estimate is statistically significant.
Specifically, a one-standard-deviation increase in PM10 is associated with a higher
probability for a lost letter to be posted by nearly 4 percentage points. The same increase for
PM2.5 is only associated with a much smaller increase of 1 percentage point, and it is not
even statistically significant.

Table 2 also allows us to examine how the composition of passersby and other
environmental indicators affect helping behavior. It appears that foot traffic is positively
correlated with posting the lost letter. Specifically, one more passerby per minute increases
the probability by 1.3 percentage points. Moreover, specific humidity is negatively correlated
with the probability. Other than these two variables, we do not find any other variable matters
in this context.

Table 3 show some evidence of non-linearity. Particularly, the higher quartiles of
PM10, the larger the effects. Respectively, the 4" and 3™ quartile effects are 11 and 10
percentage points higher than the bottom two quartiles. In contrast, the non-linear effects of

PM2.5 are trivial and statistically insignificant, suggesting no discernible difference between
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the quartiles. Overall, both linear and non-linear estimates show a positive and significant
correlation between PM10 and helping behavior.
3.4 OLS Estimates between Weekdays and Weekends

As mentioned, we do not find any basis for people’s avoidance behavior in response
to air pollution to be correlated with their helping behavior. Still, we check this possibility by
comparing the OLS estimates between weekdays and weekends by adding a dummy variable
indicating weekends and interacting it with the particulate matter variable. This is because
people usually have a greater flexibility to avoid walking on the street during the weekend. If
avoidance was related to helping behavior, the interaction between the weekend dummy and
the particulate matter should be positive and statistically significant. Nevertheless, none of
the interaction terms in Table 4 is significant.
3.5 2SLS Estimates

Table 5 reports the 2SLS estimates of the linear effect of particulate matters. Unlike
the OLS estimates, the second-stage results in Panel A show that both PM2.5 and PM10 are
statistically significant and much larger. The effect of a one-standard-deviation increase in
PM2.5 is about 22 and 16 percentage points corresponding to when only one and both
instruments are used respectively. For PM10, they are 13 and 14 percentage points
respectively. An alternative interpretation is to use an increase of 10 ug/m?>. Since the
standard deviation in PM2.5 and PM10 are different, their magnitudes are also different.
Specifically, an increase of 10 ug/m? in PM2.5 leads to an increase in the probability by 5 to
7 percentage points, while the same increase in PM 10 only leads to an increase of 2 to 3
percentage points.

In Panel B, the first-stage results show that both the occurrence and intensity of
thermal inversion increase the particulate matters. The Kleibergen-Paap F statistics suggest

that the two instrumental variables are strong instruments. In the cases of using both
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instrumental variables, we also conducted the overidentification test. The Hansen J statistics

show that they are both valid instruments.

4. Potential Mechanisms

We have argued that the pathway for air pollution to affect helping behavior is
through mental well-being. That is, individuals cope with their negative mental states
resulting from air pollution by helping others. Although we have discussed the literature
linking air pollution to mental well-being and that linking mental well-being to prosocial
behavior, here we add another novel supporting evidence on the first link. We studied

people’s internet search interests in four major cities in China, Beijing (Jt5%), Shanghai (_F
&), Guangzhou (] ) and Shenzhen (%4£31]), by using data from the largest search engine in
China, Baidu.com (5 %). These four cities are collectively known as the first-tier cities. We
plotted the monthly search popularity during 2017-2023 for “air pollution” (Z5554%),
“stress” ([ 1J), “anxiety” (FE[&), and “depression” ({{IA[)) against corresponding monthly

concentration of PM2.5 and PM10 in Beijing, which came from the World Air Quality Index
Project.

As shown in Figure 3, the search interest for “air pollution” is strongly and positively
correlated with both PM2.5 and PM10. Meanwhile, searches for the three negative mental
states also exhibit a generally positive correlation with the two pollutants, especially with
PM10. While we are aware that these positive correlations are not causal, they do suggest that
people are more likely to search for these key words when air pollution gets worse. To trigger
people to search for “air pollution,” the most likely channel is that the pollutants enhance
people’s perception or awareness of air pollution in their surrounding environment. Similarly,

people’s search interests for the negative mental states are very likely motivated by personal
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psychological experiences, which are likely rooted in their perception of air pollution. All
these observations are consistent with the psychological mechanism.

An alternative mechanism could be physiological. Once they enter the body, air
pollutants can possibly affect the brain and various hormones that regulate a wide range of
human social behavior. Yet, this physiological mechanism is very complex and is not well
understood (Weitekamp and Hoffmann 2021). In addition, air pollutants must be extremely
small to penetrate the lung barrier and enter the blood system before they can manipulate our
brains and hormones. Up to date, scientific evidence shows that only PM2.5 can penetrate the
lung barriers (Peters et al. 2006). If it was the physiological mechanism, we should have
observed more consistent evidence from PM2.5 but not from PM10. However, the
comparison between the OLS and 2SLS results shows that PM 10 seems to suffer less of the

endogeneity bias than PM2.5. We thus lean toward the psychological mechanism.

5. Conclusion

We estimated the causal effect of air pollution on helping behavior by conducting a
large-scale lost letter experiment in Beijing and instrumenting air pollution with thermal
inversion. We provided the first causal evidence to show that air pollution increases helping
behavior. Nevertheless, it would be imprudent to hastily attribute it as a direct benefit of air
pollution. Rather, our study sheds light on the intricate interplay between environmental
factors and human behavior, emphasizing the necessity for further research to dig out more
direct evidence on the underlying mechanisms. By delving deeper into this complex
relationship, we can gain a more nuanced understanding of the implications and potentially
develop more effective strategies to mitigate the adverse effects of air pollution on both the

environment and human well-being.
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Figure 1. Air Pollution Monitoring Stations in Beijing
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Notes: The dots indicate the locations of the air pollution monitoring stations. The top map
only plots the six districts in the inner city of Beijing where we conducted the experiment.
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Figure 2. Distribution of PM2.5 and PM10 by Wave
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Notes: The distributions show the concentration readings of PM2.5 and PM 10 matched with
the letters dropped in each wave. Not to be confused with the actual distribution in each
season.

Source: Authors’ collection of readings recorded by the nine nearby air pollution monitoring
stations in Figure 1.
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Figure 3. Baidu Searches Against PM2.5 and PM10 in 4 Major Chinese Cities
Panel A. PM2.5
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Notes: The 4 major cities include Beijing 5 5%, Shanghai [, Guangzhou || and
Shenzhen 73| Numbers on each vertical axis represent the natural log of weighted index of
monthly search interest of each Chinese term during 2017-2023. The corresponding Chinese
characters are as follows: air pollution Z25=;5 4%, stress [& /7, anxiety ££&, and depression
HIAF. The horizonal axis indicates the standardized PM2.5 in Panel A and the standardized
PM10 in Panel B.

Source: Search data are from Baidu Index https://index.baidu.com/v2/index.html#/. PM2.5
and PM10 concentration are from World Air Quality Index Project
https://agicn.org/historical/#city:beijing.
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Table 1. Summary Statistics

Obs Mean Median Std. Dev.
@ 2) 3 (C))
Letter picked up 1,619 0.72 1 0.45
Letter posted 1,619 0.36 0 0.48
Time (minutes) 1,619 5.59 5 3.49
PM2.5 (ug/m?) 1,619 59.91 57.44 32.25
PM10 (pug/m®) 1,508 109.79 103.49 56.54
Passersby 1,619 28.14 22 23.77
Male 1,619 13.96 11 11.69
Female 1,619 14.19 11 12.66
Ambient noise (decibel) 1,619 67.69 71.20 10.12
Ambient temperature (°C) 1,619 18.32 24 11.39
Surface specific humidity 1,619 0.00620 0.00460 0.00454
Surface wind speed (m/s) 1,619 4.310 3.607 2.377
Surface pressure (Pa) 1,619 98,931 98,664 820.4
Thermal inversion 1,619 0.07 0 0.25
Temperature difference conditional 112 -1.562 -1.562 0.999

on inversion

Notes: Time refers to the time interval between the moment the letter was dropped on the
ground and the moment it was picked up, or the end of 10 minutes if it was not yet picked
up. Passersby include all people who passed by the letter during this period and the person
who picked up the letter. Thermal inversion is a dummy variable indicating the lowest
inversion occurred at an altitude lower than 320 meters. Temperature difference is the
temperature at the bottom of the lowest inversion layer minus the temperature at the top of
the layer.

Sources: Data on surface specific humidity, surface wind speed, surface pressure and
thermal are acquired from the Modern-Era Retrospective Analysis for Research and
Applications, Version 2 (MERRA-2) from the Global Model and Assimilation Office
(GMAAO) at National Aeronautics and Space Administration (NASA). PM2.5 and PM10
data are from the air pollution monitoring stations in Beijing. All other variables are
authors’ own collection in the experiment.
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Table 2. OLS Estimates of the Linear Particulate Matters Effects

) 2)
Std. PM2.5 0.010
(0.015)
Std. PM10 0.039**
(0.017)
Ambient noise (decibel) -0.000 0.001
(0.001) (0.001)
Ambient temperature (°C) -0.003 -0.002
(0.005) (0.005)
Surface wind speed (m/s) -0.007 -0.009
(0.008) (0.007)
Surface specific humidity -17.357* -18.659**
(9.206) (8.848)
Surface pressure (Pa) 0.000 0.000
(0.000) (0.000)
Passersby per minute 0.013%** 0.013%%**
(0.005) (0.005)
% Female passersby 0.001 0.001
(0.001) (0.001)
Location fixed effect Yes Yes
Wave fixed effect Yes Yes
Clusters 539 502
Observations 1,619 1,508

Notes: The dependent variable is a dummy variable indicating whether the
letter was posted. The particulate matter variables are the standardized
PM2.5 and PM10. Robust standard errors clustered at location-date-hour
level are in parentheses. ***, ** and * indicate statistically significant at
1%, 5%, and 10%, respectively.
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Table 3. OLS Estimates of the Nonlinear Particulate Matters Effects

) 2)
Std. PM2.5
3rd Quartile 0.002
(0.033)
4th Quartile 0.009
(0.033)
Std. PM10
3rd Quartile 0.104%*%*
(0.036)
4th Quartile 0.114%**
(0.040)
Ambient noise (decibel) -0.000 0.001
(0.001) (0.001)
Ambient temperature (°C) -0.003 -0.002
(0.005) (0.005)
Surface wind speed (m/s) -0.008 -0.007
(0.008) (0.008)
Surface specific humidity -16.110* -19.896**
(9.234) (8.962)
Surface pressure (Pa) 0.000 0.000
(0.000) (0.000)
Passersby per minute 0.013%** 0.013%%**
(0.005) (0.005)
% Female passersby 0.001 0.001
(0.001) (0.001)
Location fixed effect Yes Yes
Wave fixed effect Yes Yes
Clusters 539 502
Observations 1,619 1,508

Notes: The dependent variable is a dummy variable indicating whether the
letter was posted. The particulate matter variables are two dummy
variables indicating the third and fourth quartile of the standardized
PM2.5 and PM10 with the first and second quartile as the reference
group. Robust standard errors clustered at location-date-hour level are in
parentheses. *** ** and * indicate statistically significant at 1%, 5%, and
10%, respectively.
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Table 4. Comparison of the Linear Effects of Particulate Matters
between Weekdays and Weekends

) 2)
Std. PM2.5 0.016
(0.018)
Std. PM10 0.028
(0.022)
Weekend 0.043 0.040
(0.035) (0.038)
Std. PM2.5 x Weekend -0.016
(0.026)
Std. PM10 x Weekend 0.009
(0.026)
Ambient noise (decibel) -0.000 0.001
(0.001) (0.001)
Ambient temperature (°C) -0.004 -0.002
(0.005) (0.005)
Surface wind speed (m/s) -0.004 -0.006
(0.008) (0.008)
Surface specific humidity -13.332 -14.675
(9.657) (9.518)
Surface pressure (Pa) 0.000 0.000
(0.000) (0.000)
Passersby per minute 0.013%** 0.013%**
(0.005) (0.005)
% Female passersby 0.001 0.001
(0.001) (0.001)
Location fixed effect Yes Yes
Wave fixed effect Yes Yes
Clusters 539 502
Observations 1,619 1,508
Weekend Obs 30% 31%

Notes: The dependent variable is a dummy variable indicating whether the
letter was posted. Weekend is a dummy variable indicating that the
experiment was carried out during weekend. Robust standard errors
clustered at location-date-hour level are in parentheses. ***, ** and *
indicate statistically significant at 1%, 5%, and 10%, respectively.
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Table 5. 2SLS Estimates of the Linear Effect of Particulate Matters

(@) 2) 3) 4
Panel A: Second Stage Results
Std. PM2.5 0.220%** 0.163%**
(0.095) (0.059)
Std. PM10 0.129%** 0.147%**
(0.051) (0.048)
Panel B: First Stage Results
Inversion 0.702%** 1.852%** 1.180%** 1.698%***
(0.137) (0.175) (0.137) (0.269)
Temperature difference 0.750%** 0.338%#*
(0.087) (0.115)
Kleibergen-Paap F stat 12.97 65.89 60.31 36.59
p-value for Hansen J stat 0.417 0.436
Clusters 539 539 502 502
Observations 1,619 1,619 1,508 1,508

Notes: The dependent variable is a dummy variable indicating whether the letter was
posted in Panel A. In Panel B, the dependent variable is Std. PM2.5 in column (1) and (2)
and Std. PM10 in column (3) and (4). Thermal inversion in Panel B is a dummy variable
indicating whether thermal inversion occurred at the altitude of 320 meter or below; the
change in temperature is the difference between the temperature at the top and bottom of
the inversion layer. All regressions additionally control for ambient noise, temperature,
passersby per minute, share of female passersby and a full set of location and wave fixed
effects. Robust standard errors clustered at location-date-hour level are in parentheses. ***,
** and * indicate statistically significant at 1%, 5%, and 10%, respectively.
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