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Abstract 
 

Particulate matter 2.5 (PM2.5) is considered the most dangerous air-polluting particle, 
causing premature death and inducing severe mental and physical diseases worldwide. PM2.5 
affects stock market returns directly via the fundamental channel and indirectly via the 
behavioral channel. This study examines the effects of Bangkok’s PM2.5 pollution on the return 
on the Market for Alternative Investment index portfolio using a multivariate mediation 
analysis. Attention, awareness, mood, sentiment, and stress, the mediating variables known to 
influence investors’ behavior, were considered jointly and explicitly in the model. This study 
is the first to introduce stress as a behavioral mediator. The roles and effects of the behavioral 
mediators were identified, measured, and compared. Using daily data from August 1, 2016, to 
November 30, 2023, this study found that the total, direct, and indirect effects were not 
significant. Stress was the only behavioral mediator that significantly and positively 
contributed to the indirect effects. This result remains unchanged for different estimation 
techniques, sample periods, representative stock returns, and PM2.5 occurrence times. 
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1. INTRODUCTION 

 
The World Health Organization (2023) considers air pollution to be a significant envi-

ronmental threat. It is a leading cause of death worldwide. The United Nations Environment 
Programme (2023) estimated that each year, pollution causes approximately 7 million prema-
ture deaths worldwide; particulate matter 2.5 (PM2.5) has been identified as the most dangerous 
air pollution particle. In China, there are 156,588 premature deaths and more than 6 million 
individuals suffer from air pollution-related diseases annually. This has caused a loss of 
3,026.62 million Chinese yuan in labor losses and medical expenditure (Chen et al., 2019). For 
the United States, Deryugina et al. (2019) reported that an increase in PM2.5 of 1 microgram 
per cubic foot led to a loss of 2.99 life years per 1 million beneficiaries over three days, 
amounting to a loss of 299,000 dollars. 

Airborne PM2.5 is a pollutant mixture of many chemical species with a diameter less 
than 2.5 microns. Its structure is a complex mixture of solids and aerosols, composed of small 
droplets of liquid, dry solid fragments, and solid cores with a liquid coating (California Air 
Resources Board, 2023). PM2.5 chemical species that contribute to premature death and poor 
health include ammonium, black carbon, chromium, iron, manganese, nickel, nitrate, sulfate, 
and zinc (Ahmad et al., 2022).  

PM2.5 pollution affects all individual and economic sectors, including investors and 
stock markets. Its effects on investors and stock markets occur through fundamental and 
behavioral channels. The effects of the fundamental channel are direct, and its direction on 

 
1 Dr. Anya Khanthavit is a Distinguished Professor of Finance and Banking at the Faculty of Commerce 

and Accountancy, Thammasat University, Bangkok, Thailand. He holds a Ph. D. in International Business and 
Finance from New York University’s Leonard N. Stern School of Business. Email: akhantha@tu.ac.th. 



A Multivariate Mediation Analysis of PM2.5 Pollution and Stock Market Returns 

139 

stock returns can be positive or negative. PM2.5 raises public awareness of pollution, leads to 
strict environmental regulations, high political costs, limited investment opportunities (An et 
al., 2018; Luo, 2017), demand shifts from old to emerging industries (Xu & Chen, 2022), 
productivity losses (Fu, Viard, & Zhang, 2021), shortages of general and skilled labor (Huang, 
2023; Zhao & Yuan, 2020), improved corporate governance (Liu & Wu, 2024), and high cash 
holding levels (Tan, Tan, & Chan, 2021).  

Behavioral channels convey the indirect effects of pollution on stock returns. The 
behavioral mediators included attention, awareness, mood, sentiment, and stress. Zhang and 
Tao (2019) explained that pollution attracts investor attention through direct physical and 
psychological experiences, pollution-related news, and government regulations. Increasing 
attention to pollution and pollution-induced activities lowers stock market activities. Thus, 
returns decrease (Smales, 2021). Relying on the attention hypothesis, Wu and Lu (2020) and 
Zhang and Tao (2019) reported that pollution has a negative relationship with stock returns in 
the Chinese market. 

Awareness influences stock market returns because it affects the perceived severity of 
pollution. This perception, in turn, leads to investors changing their trading behaviors, and 
stock prices will be discrepant (Teng & He, 2020). Teng and He (2020) and Xu, Wang, and Tu 
(2021) studied the link between PM2.5 and stock returns in China. In these studies, awareness 
was related to two variables. However, the results were inconsistent. Although Teng and He 
(2020) reported a positive relationship, Xu et al. (2021) reported a negative relationship. 

Most previous studies referred to the mood explanation for the relationship between 
PM2.5 and stock returns—this includes Li and Peng (2016) and Zhang, Jiang, and Guo (2017) 
for China, Lepori (2016) for Italy, Murger (2022) for Romania, Ming (2023) for Singapore, 
Lin (2021) for Thailand and Indonesia, Levy and Yagil (2011) for the United States, and Bảo 
and Văn (2023) for Vietnam. For international markets, Kiihamäkil, Korhonen, and Jaakkola 
(2021) studied the relationships among 47 cities worldwide. 

PM2.5, which causes a bad mood, leads to investors’ pessimism, depression, and rising 
consumption. Consequently, stock prices fall (Li & Peng, 2016). A negative relationship was 
reported by Levy and Yagil (2011) for U.S. returns and by Zhang et al. (2017) for Chinese 
returns. For Thailand, the relationship with stock returns is negative for lagged PM2.5 but not 
for its current level, whereas the relationship is non-significant for Indonesia (Lin, 2021). The 
significant results can be trading system or sample period-dependent. Lepori (2016) found that 
in Italy, the relationship was negative for the floor trading system but non-significant for the 
electronic trading system. For Vietnam, Bảo and Văn (2023) reported positive and negative 
relationships for the pre-COVID-19 and COVID-19 periods, respectively. Ming (2023) did not 
report on the direction of this relationship in Singapore. However, for the same market, Hao 
(2020) found a non-significant relationship.     

Huang (2017) applied the emotion recognition theory to relate investors’ PM2.5-induced 
emotions to investor sentiment, which eventually led to negative stock returns. Huang (2017) 
found that for China, the effects were negative for heavily polluting firms. Environmentally 
friendly firms exhibited a positive relationship. Jiang et al. (2021) found similar results for 
highly polluting Chinese firms. However, these effects were not significant for low-polluting 
firms. An et al. (2018) constructed a national air quality index, relating it to individual stock 
returns in China. The relationship discovered was negative and significant. A negative effect 
has been reported for the Korean market (Kim & Yoo, 2020), whereas the results have been 
mixed for the U.S. market (Muntifering, 2022)  

PM2.5 pollution can affect stock returns through stress. Pollution with PM2.5 directly 
causes mental diseases through the induction of systemic or brain-based oxidative stress and 
inflammation (Power et al., 2015), as well as dysfunctional breathing and heart performance 
(Yohannes et al., 2010). Indirectly, certain PM2.5-induced diseases, such as respiratory or 
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cardiovascular diseases, lower work efficiency, and labor productivity, result in work stress, 
fear of unemployment, and poor mental health (Goldberstein, 2015). Li et al. (2021) reported 
mental stress due to concerns or fear of PM2.5-induced diseases. Khanthavit and Khanthavit 
(2024) found that PM2.5 pollution was related to the mental stress of Bangkok residents. 

Stress affects decision-making (Starcke & Brand, 2012). This can change an 
individual’s risk preferences and induce attitude misattribution. Stress can be acute or chronic 
(Gatersleben & Griffin, 2017). Acute and chronic stresses lead to different responses in 
decision-making (Starcke & Brand, 2012). Kandasamy et al. (2014) reported that acute stress 
on Days 0 and 1 of cortisol administration did not affect participants’ risk preference, whereas 
chronic stress on Days 2 to 7 increased the level of risk aversion and pessimism. However, 
Ceccato, Kudielka, and Schwieren (2015) reported that chronic stress leads to increased risk-
taking. Increased risk aversion is associated with falling stock returns, whereas increased risk-
taking leads to rising stock returns (Lee et al., 2015). Imisiker et al. ( 2019)  found that traffic-
induced stress was associated with falling stock returns in the U.S. and U.K. markets. 
Khanthavit (2021) reported similar results for the Thai market. In the literature, stress has never 
been studied for its mediating role in the relationship between PM2.5 pollution and stock returns. 

In previous studies, behavioral mediators theoretically motivated and explained the 
links between PM2.5 and stock returns. Nevertheless, these mediators have appeared in empiri-
cal models in few studies. Li and Peng (2016), Xu et al. (2021), and Zhang et al. (2017) incorpo-
rated behavioral mediators as explanatory variables in addition to PM2.5. In contrast, Teng and 
He (2020) added the product of PM2.5 and behavioral mediators as explanatory variables. 

In the empirical models without behavioral mediators, the significance of relationships 
between PM2.5 and stock returns were insufficient to conclude that the referenced mediator is 
the mediating factor. Alternative mediators or fundamental factors could explain the relation-
ship. Adding a behavioral mediator or a product of PM2.5 and a mediator as an explanatory 
variable in the model does not help. The explanatory mediator serves as the control variable, 
whereas the explanatory product variable reveals how the relationship varies at different 
mediator levels. 

This study employs a multivariate mediation analysis to examine the total, direct, and 
indirect relationships between PM2.5 pollution and stock market returns in Thailand. The total 
relationship is the sum of the direct and indirect relationships. In this model, a direct 
relationship is explained by fundamental factors. Behavioral mediators—attention, awareness, 
mood, sentiment, and stress–determine these indirect relationships. Hence, this study will 
identify, measure, and compare, the mediating roles of behavioral mediators.  

In this study, the PM2.5 level is that of Bangkok, and the stock return is the return on 
the Market for Alternative Investment (mai) index portfolio. Bangkok, Thailand’s capital, with 
1,569 square kilometers in size and more than 14 million residents, was chosen as the sample 
city as it is one of the most PM2.5-polluted cities. On April 15, 2023, Bangkok was among the 
top 10 worst cities in the world, ranking in seventh place (Bangkok joins Chiang Mai, 2023). 
At the time of writing this study (January 1, 2024), it ranked 33rd among 110 cities (IQAir, 
2024). 

For investors living in the country, Kirk-Reeve et al. (2021) recommended that the 
national PM2.5 pollution level be used. It is more representative than regional or city levels. 
However, local investors in Thailand are concentrated in the Bangkok metropolitan area. In 
2015, 88% of investors lived in Bangkok (SET, together with brokers, 2015). According to a 
recent study (Phringphred, 2023), the percentage is still high at 63%. Therefore, Bangkok’s 
PM2.5 is deemed to be representative in this study, as Bangkok’s pollution affects the majority 
of local investors. 

The Thai market is a leading market among emerging economies. According to an 
assessment in October 2023 by the World Federation of Exchanges (2023), Thailand ranks 10th 
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among the markets in the Asia-Pacific region and is the 23rd largest market in the world. The 
country has two stock exchanges— (1) the Stock Exchange of Thailand (SET) and (2) the mai. 
The SET is much larger than the mai in terms of market capitalization, the number of listed 
companies, investor accounts, and trading turnover. However, this study chooses the mai 
returns over SET returns, as almost all the trading volume of mai stocks come from local 
investors. From August 1, 2016, to November 30, 2023, the average trading shares of local 
investors in the mai and SET were 92.44% and 60.00%, respectively. Local investors are 
exposed to the country’s PM2.5 pollution, while foreign investors are not. 

This study makes four main contributions to the literature. First, the multivariate 
mediation analysis reveals the role and significance of behavioral mediators and fundamental 
factors via indirect and direct effects on stock returns. Second, this study incorporated all 
behavioral mediators in the multivariate analysis. The importance of behavioral mediators was 
also compared. Third, previous studies have not examined stress as a behavioral mediator. To 
the best of our knowledge, this is the first study to analyze this variable. Fourth, most studies 
on the relationship between PM2.5 and stock returns are based on Chinese markets. Studies for 
other countries are few. Only one study has been conducted in Thailand (Lin, 2021). This study 
addresses the Thai market in the literature on markets outside China. 
 
2. METHODOLOGY 
 
2.1 The Model 
 

In this study, a multivariate mediation analysis (MacKinnon, 2000) was applied to 
examine the effects of Bangkok’s PM2.5 pollution on Thai stock returns. In the left panel of 
Figure 1, PM2.5 is the determining variable, and stock returns are the outcome. The total effect 
on stock returns is 𝑐𝑐, which is the sum of the direct and indirect effects. In the right panel, the 
direct effect is denoted by 𝑐𝑐′. Thus, the indirect effect is 𝑐𝑐 − 𝑐𝑐′. The behavioral mediators of 
attention, awareness, mood, sentiment, and stress contribute 𝑎𝑎1𝑏𝑏1, 𝑎𝑎2𝑏𝑏2, 𝑎𝑎3𝑏𝑏3, 𝑎𝑎4𝑏𝑏4, and 𝑎𝑎5𝑏𝑏5, 
respectively, to the indirect effect 𝑐𝑐 − 𝑐𝑐′ . That is, 𝑐𝑐 − 𝑐𝑐′ = 𝑎𝑎1𝑏𝑏1+𝑎𝑎2𝑏𝑏2 + 𝑎𝑎3𝑏𝑏3 + 𝑎𝑎4𝑏𝑏4 +
𝑎𝑎5𝑏𝑏5. 

 
 
 

 

 

 

Figure 1 Path Diagram for the Multivariate Mediation Analysis 
 

This study conducted three linear regressions for parameter estimation. The first 
regression conducted using Equation (1) runs the stock return variable (𝑅𝑅𝑡𝑡) on the PM2.5-
pollution variable (𝑃𝑃𝑡𝑡) to estimate coefficient 𝑐𝑐 to measure the total effect.  

PM2.5  
Pollution 

Stock 
Returns 

PM2.5  
Pollution 

 

Stock 
Returns 

Attention 𝑎𝑎1 

𝑐𝑐′ 

𝑐𝑐 

Stress 𝑎𝑎5 

𝑏𝑏1 

𝑏𝑏5 

Awareness 

Mood 

Sentiment 

𝑎𝑎2 

𝑎𝑎3 

𝑎𝑎4 

𝑏𝑏2 

𝑏𝑏3 

𝑏𝑏4 



Anya Khanthavit 

142 

𝑅𝑅𝑡𝑡 = 𝛼𝛼𝑅𝑅1 + 𝑐𝑐𝑃𝑃𝑡𝑡 + 𝜀𝜀𝑅𝑅1,𝑡𝑡.       (1) 
 
The second regression involved Equations (2.1) to (2.5), considering the PM2.5 variable 

(𝑃𝑃𝑡𝑡) with attention (𝐴𝐴𝑡𝑡𝑡𝑡), awareness (𝐴𝐴𝑡𝑡𝑤𝑤), mood (𝑀𝑀𝑡𝑡
𝑜𝑜), sentiment (𝑆𝑆𝑡𝑡𝑒𝑒), and stress (𝑆𝑆𝑡𝑡𝑡𝑡), as 

mediators to estimate the coefficients 𝑎𝑎1 to 𝑎𝑎5.  
 
𝐴𝐴𝑡𝑡𝑡𝑡 = 𝛼𝛼𝐴𝐴𝑡𝑡 + 𝑎𝑎1𝑃𝑃𝑡𝑡 + 𝜀𝜀𝐴𝐴𝑡𝑡,𝑡𝑡.       (2.1) 
 
𝐴𝐴𝑡𝑡𝑤𝑤 = 𝛼𝛼𝐴𝐴𝑤𝑤 + 𝑎𝑎2𝑃𝑃𝑡𝑡 + 𝜀𝜀𝐴𝐴𝑤𝑤,𝑡𝑡.       (2.2) 
 
𝑀𝑀𝑡𝑡
𝑜𝑜 = 𝛼𝛼𝑀𝑀𝑜𝑜 + 𝑎𝑎3𝑃𝑃𝑡𝑡 + 𝜀𝜀𝑀𝑀𝑜𝑜,𝑡𝑡.       (2.3) 

 
𝑆𝑆𝑡𝑡𝑒𝑒 = 𝛼𝛼𝑆𝑆𝑒𝑒 + 𝑎𝑎4𝑃𝑃𝑡𝑡 + 𝜀𝜀𝑆𝑆𝑒𝑒,𝑡𝑡.       (2.4) 
 
𝑆𝑆𝑡𝑡𝑡𝑡 = 𝛼𝛼𝑆𝑆𝑡𝑡 + 𝑎𝑎5𝑃𝑃𝑡𝑡 + 𝜀𝜀𝑆𝑆𝑡𝑡,𝑡𝑡.       (2.5) 
 
The third regression conducted using Equation (3) regressed the stock-return variable 

(𝑅𝑅𝑡𝑡) on the PM2.5 variable (𝑃𝑃𝑡𝑡) and the five behavioral-mediation variables. The coefficients 
𝑏𝑏1 to 𝑏𝑏5 from this regression indicate the effects of the behavioral mediators 𝐴𝐴𝑡𝑡𝑡𝑡, 𝐴𝐴𝑡𝑡𝑤𝑤, 𝑀𝑀𝑡𝑡

𝑜𝑜, 𝑆𝑆𝑡𝑡𝑒𝑒, 
and 𝑆𝑆𝑡𝑡𝑡𝑡, which also serve as the regression control variables on stock returns. The coefficient 𝑐𝑐′ 
measures the direct effect of PM2.5 after controlling for the behavioral mediators. 

 
𝑅𝑅𝑡𝑡 = 𝛼𝛼𝑅𝑅2 + 𝑐𝑐′𝑃𝑃𝑡𝑡 + 𝑏𝑏1𝐴𝐴𝑡𝑡𝑡𝑡 + 𝑏𝑏2𝐴𝐴𝑡𝑡𝑤𝑤 + 𝑏𝑏3𝑀𝑀𝑡𝑡

𝑜𝑜 + 𝑏𝑏4𝑆𝑆𝑡𝑡𝑒𝑒 + 𝑏𝑏5𝑆𝑆𝑡𝑡𝑡𝑡 + 𝜀𝜀𝑅𝑅2,𝑡𝑡.  (3) 
 
In all equations, the constant 𝛼𝛼𝑘𝑘  and variable 𝜀𝜀𝑘𝑘,𝑡𝑡  are the intercepts and regression 

errors, respectively. Subscript 𝑘𝑘 = 𝑅𝑅1,𝐴𝐴𝑡𝑡 ,𝐴𝐴𝑤𝑤,𝑀𝑀𝑜𝑜, 𝑆𝑆𝑒𝑒 , 𝑆𝑆𝑡𝑡 ,𝑅𝑅2.  
 
2.2 Estimation and Test 
  

This study follows Li and Peng (2016) and Wu and Lu (2020) in estimating all 
equations using ordinary least squares (OLS) regressions. This technique has been used in most 
studies in this subject area. Statistical tests are performed based on Newey and West’s (1987) 
heteroscedasticity and autocorrelation-consistent (HAC) standard deviations. The standard 
deviations for the individual and aggregate indirect effects were computed using MacKinnon’s 
(2000) method.  
 
3. DATA 
  

The data consisted of daily data beginning on August 1, 2016, and ending on November 
30, 2023 (1,789 observations). The stock return is the logged return on the mai index portfolio, 
while the PM2.5 level is Bangkok’s level. The study is well aware that the behavioral mediators 
are unobserved. They must be proxied. Except for the sentiment mediator, the proxies for the 
four remaining mediators were constructed based on Google’s relative search volume index 
(SVI) for Bangkok. 

This study uses the price-to-book ratio to measure sentiment mediators. A shock in 
investor sentiment affects investors’ beliefs and stock trading. Limited arbitrage creates 
demand pressure that causes mispricing. For this reason, Baker and Wurgler (2007) suggested 
the price-to-book ratio as a proxy for sentiment.  

SVIs offer deep insights into individual behavior. Individuals actively relay information 
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about their identities, thoughts, and behaviors, when searching Google (Eysenbach, 2011); they 
search Google only for information they prefer (Da, Engelberg, & Gao, 2011).  

Zhang and Tao (2019) measured pollution attention levels in China using East Money’s 
Investor Attention Index. The index is constructed from the total number of posts containing 
the topic of attention. However, this index was not available for Thailand. Therefore, this study 
focuses on PM2.5 level. The SVI based on the “PM 2.5” query should proxy the attention level 
as well. 

Xu et al. (2021) proposed a proxy for awareness. This is the first principal component 
of a group of four pollution-related SVIs. This study applied the approach where the pollution-
related SVIs include “PM 2.5”, “ไอ” (Xị, meaning cough in the Thai language), “โรคทางเดินหายใจ” 
(Rokh thāng dein h̄āycı, meaning respiratory disease), and “เคร่ืองฟอกอากาศ” (Kherụ̀̄xng fxk xākāṣ̄, 
meaning air purifier). 

In previous studies (e.g., Dowling & Lucey, 2008), weather variables were a popular 
choice for mood variables. Weather variables were not considered, as this variable could not 
be caused by PM2.5. Choi (2016) proposed that the suicide rate could represent the degree of 
negative social mood; the suicide rate was found to be negatively associated with U.S. stock 
returns. In this study, the SVI for “ฆ่าตัวตาย” (Ḳh̀ā tạw tāy, meaning suicide) proxied investors’ 
mood (Kristoufek, Moat, & Preis, 2016) 

Finally, the stress mediator was proxied by the SVI for “เ ค รี ยด” (Kherīyd, meaning 
stress). The stress query was used in previous studies by Brodeur et al. (2021), Khanthavit and 
Khanthavit (2023), and Khanthavit and Khanthavit (2024). 

This study retrieved stock market data from the Stock Exchange of Thailand’s database. 
Bangkok’s PM2.5 level was measured by the Pollution Control Department of Thailand’s 
Ministry of Natural Resources and Environment. The series was downloaded from 
https://aqicn.org/data-platform/register/. Meanwhile, the SVIs were available from 
https://trends.google.co.th/trends/. 

All variables were tested for non-stationarity. The price-to-book ratio was found to be 
non-stationary; its first difference was used in the analysis. The PM2.5 level and SVIs exhibited 
trends and seasonal patterns (Mavragani, Ochoa, & Tsagarakis, 2018; Zhao et al., 2018). For 
this reason, the PM2.5 and SVI variables were de-trended and de-seasonalized using the logged 
time trend and day-of-week and month-of-year dummy variables. In the final step, the 
variables, except for stock returns, were standardized by their averages and standard deviations 
so that the sizes of the effects could be compared. 

Table 1 presents the descriptive statistics for the variables. The Jarque-Bera statistic 
indicated that all variables, except for PM2.5 and stress, were not distributed normally. The first-
order autocorrelation coefficients were positive and significant. The autocorrelation property 
supports the use of the HAC variances and covariances. The augmented Dickey-Fuller statistic 
was used to ensure that all variables were stationary and, therefore, usable for statistical 
analyses. 
  
Table 1 Descriptive Statistics 
 

Statistics PM2.5 
Pollution mai Return 

Behavioral Mediator  
Attention Awareness Mood Sentiment Stress 

Average 0.0000 -2.25E-04 0.0000 0.0000 0.0000 0.0000 0.0000 
Standard 
Deviation 1.0000 0.0108 1.0000 1.0000 1.0000 1.0000 1.0000 

Skewness 0.5311 -0.8155 8.2654 8.3442 6.6011 -4.9245 0.5135 
Excess Kurtosis 0.3417 6.8767 97.6034 103.8888 108.0581 101.5864 0.6400 

First-Order 
Autocorrelation 0.7448*** 0.1373*** 0.7986*** 0.8150*** 0.3364*** 0.0891*** 0.4477*** 

https://aqicn.org/data-platform/register/
https://trends.google.co.th/trends/
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Table 1 (Continued) 
 

Statistics PM2.5 
Pollution mai Return 

Behavioral Mediator  
Attention Awareness Mood Sentiment Stress 

Jarque-Bera 
Statistic 0.4090 3.91E+02*** 8.09E+06*** 9.34E+06*** 6.32E+06*** 3.11E+06*** 1.3418 

Augmented 
Dickey-Fuller 

Statistic 
-16.2140*** -26.0679*** -9.3006*** -9.1679*** -15.3150*** -38.6479*** -3.9778*** 

Number of 
Observations 1789 1789 1789 1789 1789 1789 1789 

Note. *** denotes significance at the 99% confidence level. 
 
4. EMPIRICAL RESULTS 
 
4.1 Full Sample Period 
 

Column 2 of Table 2 reports the effects of Bangkok PM2.5 pollution on mai returns for 
the full sample period (August 1, 2016, to November 30, 2023). (Parameter estimates are not 
shown. These data are available from the author upon request.) However, the overall effect was 
not statistically significant. This non-significant result is consistent with Lin’s (2021) result for 
the current PM2.5 on the Thai stock returns. The total effect was the sum of the direct and 
indirect effects. Neither the direct nor indirect effects were significant. The non-significant 
direct effect could be explained by the fact that the listed firms in the mai index portfolio are 
from various industrial sectors. Firms in different sectors are fundamentally affected by PM2.5 
in positive or negative ways, depending, for example, on induced demand shifts (Xu & Chen, 
2022) and regulations and controls (Liu & Wu, 2024). The positive and negative effects cancel 
each other out, resulting in a non-significant direct effect.  
 
Table 2 Effects of PM2.5 Pollution on Stock Market Returns 

Effect 

mai Return 
(OLS Regression) 

Robustness Check 
(Full Sample) 

mai Return 
(Lagged 
PM2.5) 

Full 
Sample 

COVID-
19 

Sub-
sample 

mai 
Return 
(Pal’s 
IVs) 

SET 
Return 

Total Effect (𝑐𝑐) -0.0189 0.0083 -0.0269 -0.0193 -0.0224 
Direct Effect (𝑐𝑐′) -0.0152 0.0124 -0.0107 -0.0213 -0.0154 
Indirect Effect (𝑐𝑐 − 𝑐𝑐′ = 𝑎𝑎1𝑏𝑏1 +
𝑎𝑎2𝑏𝑏2 + 𝑎𝑎2𝑏𝑏2 + 𝑎𝑎2𝑏𝑏2) -0.0037 -0.0041 -0.0162 0.0020 -0.0070 

     (1) Attention (𝑎𝑎1𝑏𝑏1) 0.0023 0.0063 0.0160 -0.0020 0.0022 
     (2) Awareness (𝑎𝑎2𝑏𝑏2) -0.0057 -0.0069 -0.0215 -0.0040 -0.0065 
     (3) Mood (𝑎𝑎3𝑏𝑏3) -0.0001 0.0016 0.0003 0.0008 -0.0001 
     (4) Sentiment (𝑎𝑎4𝑏𝑏4) -0.0064 -0.0112 -0.0172 0.0002 -0.0099 
     (5) Stress (𝑎𝑎5𝑏𝑏5) 0.0063*** 0.0061* 0.0062** 0.0071** 0.0072** 

 
 

Note. *, **, and *** denote significance at the 90%, 95%, and 99% confidence levels, respec-
tively. 
 

Attention, awareness, mood, sentiments, and stress, were the mediating factors that 
jointly contributed to the indirect effect, which was found to be negative but not significant. 
For the five behavioral mediators, the first four were non-significant, whereas stress, the fifth 
mediator, was positive and significant at the 99% confidence level. The positive and significant 
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effects of stress can be explained by the fact that PM2.5-induced stress is chronic. This raises 
investors’ risk-taking behavior and stock market returns (Ceccato et al., 2015; Lee et al., 2015). 
The indirect effect was the sum of the effects of the five behavioral mediators. Although the 
stress mediator was highly significant when summed with non-significant mediators, its 
significance was averaged. Therefore, the resulting indirect effects were not significant. 
 
4.2 COVID-19 Sub-sample Period 
 

Thailand suffered from the COVID-19 pandemic from April 3, 2020, to September 30, 
2022 (Khanthavit & Khanthavit, 2023). During this period, quarantine was imposed to contain 
the disease, resulting in a significant improvement in air quality (Wetchayont, 2021). This 
study examined whether the effects changed owing to falling pollution levels during the 
COVID-19 pandemic. The results are reported in Column 3 of Table 2. This finding was similar 
to that of the full sample. The total, direct, and indirect effects are not statistically significant. 
The contribution of stress to the indirect effect was the same; it was positive and significant. 

The positive effect of stress in this study contrasts with its negative effect during the 
COVID-19 period in Vietnam. Bảo and Văn (2023) explained Vietnam’s negative effect by the 
public policies being more directed toward social factors such as air quality. In Thailand, 
however, during the COVID-19 period, the government focused on social protection and 
economic rehabilitation (Siranart, 2023).  
 
5. DISCUSSION 
 
5.1 Robustness Check 
 
5.1.1 Instrumental-Variable Regression 

Endogeneity problems are likely present in regression Equations (1), (2.1) to (2.5), and 
(3) due to errors in the variables and omitted variables. The OLS estimates are biased and 
inconsistent (Greene, 2018). Errors in the variables arise from the fact that the PM2.5 level is 
Bangkok’s level, while some investors live in other provinces. Moreover, behavioral mediators 
are unobserved. The variables used in the analysis are proxies, such that values were measured 
with errors.  

This study considered a limited number of explanatory variables in the regression 
analysis. For example, in Equation (1), the study considered only the pollution variable, 
whereas other studies (e.g., Teng & He, 2020; Zhang & Tao, 2019) added certain control 
variables. Although a much larger set of explanatory variables was considered, it could not be 
a complete set. An omitted variable problem inevitably arises. 

The endogeneity problem can be corrected using instrumental-variable (IV) regression 
(Greene, 2018). The robustness of the ordinary least squares (OLS) results were checked 
employing a generalized method of moments (GMM) regression (Hansen, 1982). GMM is an 
IV regression technique that returns consistent, asymptotically normal, and efficient estimates, 
even for non-normal variable specifications. The IVs were constructed using a two-step 
technique (Racicot & Théoret, 2010). Pal’s IVs (1980) were used as the inputs for the first step. 
Statistical tests were performed based on the standard deviations of HAC.  

Column 4 of Table 2 reports the results. These results are similar to those of OLS 
regression. This finding leads to the conclusion that the results are robust with respect to the 
estimation techniques. 
 
5.1.2 Return on the Stock Exchange of Thailand Index Portfolio 

In this study mai returns were chosen to represent returns on the Thai stock market, as 
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local investors are exposed to PM2.5 pollution, and contribute 92.44% of the mai trading 
volume. However, in terms of importance (market capitalization, trading volume, and number 
of listed stocks and investor accounts) to the country, the SET should represent the Thai market, 
despite the fact that local investors have only a 60% share of its trading volume. To ensure that 
the result is robust with respect to representative stock returns, the model was re-estimated by 
substituting the SET return for the mai return. The respective results are reported in Column 5 
of Table 2, yielding a similar picture to the mai return in Column 2. 
 
5.2 National vs. Bangkok Pollution 
 

The local investors reside throughout the country. The national pollution level should 
be used in the estimation based on the work of Kirk-Reeve et al. (2021). Therefore, using 
Bangkok’s pollution could result in incorrect estimates. It is agreed that the national pollution 
level is a better representation. However, Bangkok’s pollution does not necessarily lead to 
incorrect estimates. Bangkok’s pollution level can be considered the sum of the national 
pollution level and the error term. When this appears in the equations, an error-in-variables 
problem is present. In this study, the GMM regression was used to correct the problem in a 
robustness check. The results in Columns 4 and 2 are similar. The estimates and effects based 
on the Bangkok pollution variable were found to be correct. 
 
5.3 PM2.5 Occurrence Time 
 

The effects of PM2.5 pollution on behavioral mediators can be immediate or delayed 
(Li, Yang, & Li, 2021). This study examined whether the lagged PM2.5 pollution has different 
effects on stock returns, by replacing the current PM2.5 variable with its lagged variable. The 
model was then re-estimated. The results are reported in Column 6 of Table 2, where it can be 
seen that they remain unchanged. 
 
6. CONCLUSION 
 

PM2.5 pollution affects stock market returns directly via the fundamental channel and 
indirectly via the behavioral channel. The literature suggests that attention, awareness, mood, 
sentiment, and stress, are potential mediating factors. This study used multivariate mediation 
analysis to examine the total, direct, and indirect effects. The five behavioral mediators were 
explicitly incorporated into the model to identify, measure, and compare their roles and effects. 
Using Bangkok’s PM2.5 pollution, Bangkok residents’ behavioral variables, and Thai stock 
returns from August 1, 2016, to November 30, 2023, the total, direct, and indirect effects were 
found to be non-significant. The study found that stress was the only behavioral mediator that 
significantly and positively contributed to the indirect effect. This finding is consistent with the 
estimation techniques, sample periods, representative returns, and PM2.5 occurrence times.  

For investors, the PM2.5 level can be actual or perceived. Actual and perceived PM2.5 
may have different mechanisms that influence investor behavior. Price reactions may not be 
the same. The question of how perceived and actual PM2.5 affect stock market returns is 
interesting. This should be explored in future studies.  
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