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氣象所引致投資人情緒變化的長期股市報酬率影響

Time Paths of Weather-Induced Mood Effects on Stock 
Returns

Abstract

Previous studies on the effects of weather-driven moods on stock returns focus on 
significance tests but do not examine the time behaviors of these effects. This study 
estimates the vector autoregressive model to examine the time paths of the effects and 
analyzes whether the effects are temporary or permanent. Using the daily returns on the 
Stock Exchange of Thailand index portfolio and the weather conditions in Bangkok, this 
study finds that weather-driven mood effects exist and are permanent. Significant 
temporary effects are not observed.
【Keywords】investor sentiment, return behavior, weather effects

摘 要

過往針對天氣因素所致之情緒波動對於股票報酬率影響之研究著重於當期沖擊之顯著
檢定，但並未探究其中時間效應所致影響。本研究以「向量自回歸模型」(VAR模型 )
估算、檢驗時間效應所致影響，並分析其影響是一時或長久的。本研究運用了泰國證
券交易所交易指數共 6335個交易觀察日每日報酬以及曼谷的氣候概況，發現天氣導
致之市場投資人情緒反應顯著且長久的。本研究並未觀察重要但一時性的效應。
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1. Introduction
From a traditional perspective of efficient markets, weather can affect stock prices 

and returns if it drives the fundamentals of firms such as agriculture or other weather-
related firms. Therefore, weather conditions in areas where stock markets are located or 
where investors are domiciled have no role in the price formation process. However, from 
a behavioral finance perspective, their roles are possible (Hirshleifer and Shumway, 2003).

Weather influences the moods of investors (e.g., Howarth and Hoffman, 1984). The 
moods at the time that investors make decisions influence their behaviors; therefore, the 
moods of investors can cause stock returns and volatility to deviate from their 
fundamental values (Loewenstein, 2000). In their experiment and psychological test of 
financial decisions, Bassi, Colacito, and Fulghieri (2013) find that good weather induces 
investors to act with risk-taking behavior. Moreover, weather can affect risk tolerance 
because of the effects on the moods of investors. Prices and returns rise or fall due to 
changing risk preference, which leads marginal investors to lower or raise discount rates 
(Mehra and Sah, 2002). Moreover, prices and returns can change due to mood 
misattribution, which causes marginal investors to incorrectly associate good or bad 
weather and mood with good or bad prospects of the assets (Hirshleifer and Shumway, 
2003). Aggregate behaviors of investors pressure stock prices to deviate from their 
fundamental levels, hence constituting the weather-driven mood effects or, in short, 
weather effects that relate stock returns to weather conditions (e.g., Frühwirth and Sögner, 
2015). 

The first weather study is conducted by Saunders (1993). For the U.S. market, the 
researcher reports that cloud cover outside Wall Street have a negative relationship with 
stock returns. After Saunders (1993), weather effects have been studied extensively using 
national and international market data. Cao and Wei (2005) review early studies, while 
Frühwirth and Sögner (2015) make recent contributions. Most studies reveal a significant 
relationship between weather and stock returns. The literature is expanding especially for 
emerging markets such as Thailand (Khanthavit, 2017) and Vietnam (Thach, Van Le, and 
Van Diep, 2019).

Weather-sensitive investors play a key role in the price formation process. Loughran 
and Schultz (2004) provide evidence of weather impacts on general investors. For the U.S. 
market, the researchers report a drop in localized trading volume of stocks whose 
headquarters were in blizzard struck cities compared to stocks whose headquarters were in 
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other cities. Because investors concentrate their investment in local stocks, the researchers 
conclude that price-setting investors are weather-sensitive.

Individual investors are commonly considered more susceptible to sentiment than 
institutional investors. It is more likely that these investors are weather-sensitive 
(Schmittmann, Pirschel, Meyer, and Hackethal, 2015). On the one hand, for the U.S. 
market, Goetzmann and Zhu (2005) study the individual investor accounts in five U.S. 
states. They did not find different trading patterns of these investors for cloudy vis-à-vis 
sunny days. On the other hand, for the German market, Schmittmann et al. (2015) report 
that individual investors buy more stocks on good weather days and their trading volume 
is high on bad weather days. 

Goetzmann, Kim, Kumar, and Wang (2015) acknowledge that institutional and other 
sophisticated market participants are susceptible to cognitive biases. Therefore, the 
researchers hypothesize that institutional investors are weather-sensitive. Using trade and 
survey data, they find that for U.S. markets the trading of institutional investors are 
affected by weather conditions. Institutional investors with lower exposure to cloud cover 
tend to buy more stocks.

Weather effects can be temporary or permanent (Lee, Jiang, and Indro, 2002). 
Temporary weather effects influence stock returns directly. These weather effects result 
from price-pressure effects due to the buying (selling) of investors in good moods (bad 
moods) or from hold-more effects due to higher (lower) demand for stocks by investors. 
Because the price-pressure and hold-more effects drive stock returns in opposite 
directions, the temporary effects represent the net of the two effects. 

Permanent weather effects drive stock returns indirectly via priced risks. The effects 
result from the Friedman and create-space effects, which work against each other. For the 
Friedman effects, concurrent misperception of weather-sensitive investors induces 
coordinated trades, poor market timing, and large capital losses; the create-space effects 
are caused by weather-sensitive investors crowding out rational investors and accruing 
benefits from the momentum of their trades. 

The permanent effects can be a direct effect. Weather-sensitive investor trades 
improve or worsen the price adjustment process (Wermers, 1999). The resulting price 
changes are permanent. Khanthavit (2020) reports that for Thailand’s stock market, good 
moods contribute to large return autocorrelation and slow price adjustment.

Although weather studies have been conducted extensively for national and 
international markets throughout the world, most studies focus on significance tests. 
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Recently, Khanthavit (2019) applies the methodology of Lee et al. (2002) to test for 
significance of the weather effects in the Thai stock market and examines their temporary 
and permanent contributions to the returns. The researcher finds significant weather 
effects. The temporary contribution is dominant. However, neither temporary nor 
permanent contributions are significant. 

It is important to understand the time behaviors of weather effects on stock returns. 
These behaviors are implications for trading strategies (De Long, Shleifer, Summers, and 
Waldmann, 1990), asset pricing (Hirshleifer, 2001), and government policy formulation 
(Daniel, Hirshleifer, and Teoh, 2002). 

In this study, I analyze the dynamics of stock returns and weather variables by a pth-
order vector autoregressive (VAR(p)) model. For the estimation, I use daily returns on the 
Stock Exchange of Thailand (SET) index portfolio and seven of Bangkok’s weather 
variables: air pressure, cloud cover, ground visibility, rainfall, relative humidity, 
temperature, and wind speed. 

The SET‒a broker market, is the only stock market in Thailand. It is located in 
Bangkok, where most stock investors live and trade. Stock News Online (2015) reports 
that there are 1,134,500 open stock accounts in February 2015, and 82% of these accounts 
are in the Bangkok metropolitan area. Therefore, Bangkok weather affects most investors. 

The market is considered an individual investor-driven market. From 1992 to 2017, 
the average trading share of this investor group are 58.44%. The remaining investor 
groups are local institutional investors, local proprietary investors, and foreign investors. 
Their average shares are 6.92%, 8.20%, and 26.44%, respectively.

The weather conditions under consideration are drawn from the meteorological 
station at Bangkok’s Don Muang Airport. Bangkok covers an area of 1,569 square 
kilometers. The airport is 25 kilometers from the stock market’s former location and is 22 
kilometers from its current location. Due to the size of Bangkok and the distance from the 
weather station to the market’s locations, the observed weather variables are proxies for 
the true variables that affect investor moods. 

For the sample period from February 17, 1992, to December 29, 2017 (6,335 trading-
day observations), I observe no price reversals and therefore conclude that there are no 
temporary weather effects. The infinite sum of the impulse responses is different from 
zero. The significant weather effects are permanent. Further analyses suggest that the 
permanent effects influence the returns indirectly from the impact on their volatility of the 
weather’s structural shock.
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2. Methodology
2.1 The Vector Autoregressive Model

Let X
t
 = 

Wt

rt

 be a (2 × 1) vector of the demeaned weather variable W
t
 and stock 

return r
t
 on day t. The reduced-form VAR(p) model describes the dynamic of X

t
 by relating 

it linearly with its p lags, as shown in equation (1). 

X
t
 = π

1
X

t-1
 + ... + π

p
X

t-p
 + ε

t 
, (1)

where π
i
 is the (2 × 2) matrix of the coefficients for X

t-1
, and ε

t
 is a (2 × 1) vector of the 

error terms. ε
t
 has a zero-mean vector and a Ω covariance matrix.

In weather studies, weather necessarily is the exogenous variable, and the 
relationship of the weather with the stock return is well described by a structural VAR 
(SVAR) model. I choose the linear VAR in equation (1) because it is implied by the SVAR 
(Enders, 2015). Linear VARs are powerful and reliable tools in data description (Stock and 
Watson, 2001). 

The relationship between weather and stock returns can be nonlinear. The nonlinear 
VAR models, e.g., vector threshold autoregressive, vector smooth transition 
autoregressive, and vector Markov-switching autoregressive models, are more flexible and 
better describe the nonlinear relationship (Hubrich and Teräsvirta, 2013). Nevertheless, the 
nonlinear pattern should show in long estimation samples. In this study, equation (1) will 
be estimated annually. For short samples, linear VAR should be able to approximate the 
relationship even though the long-sample relationship is nonlinear.

Time paths of the impulse responses of returns to structural shocks of weather 
variables in a linear VAR model exhibit how weather affects return over time. The impulse 
responses are crucial information required to identify the temporary and permanent parts 
of the weather effects. Permanent effects are measured by the significant infinite sum of 
the impulse responses, whereas reverse signs of the significant impulse responses in early 
days suggest temporary effects.

Although the methodology of Lee et al. (2002) can identify temporary and permanent 
weather effects, the identification is implied. Moreover, it is possible that the methodology 
misses the permanent effects resulting from the price adjustment process (Wermers, 1999). 
The temporary and permanent weather effects identified by the time paths are exact and 
the permanent effects from the price adjustment process can still be observed.
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2.2 Impulse Responses
Let A be a (2 × 2) lower triangular matrix such that AAT = Ω. The model in equation 

(1) implies the triangular structural VAR(p) model in equation (2) (Sims, 1980).

A-1X
t
 = A-1π

1
X

t-1
 + ... +A-1π

p
X

t-p
 + η

t 
, (2)

where η
t
 = 

ηW
t

ηr
t

 is the (2 × 1) vector of uncorrelated and orthogonal structural shocks. η
t
 

has an identity covariance matrix. The ηW
t  and ηr

t shocks are the information brought into 
the system by W

t
 and r

t
, respectively. Because A is a lower triangular matrix, A-1 is one as 

well. Equation (2) imposes the recursive causal ordering from W
t
 to r

t
. I impose this 

structure because stock returns cannot cause weather conditions.
The Wold representation of X

t
 based on the model in equation (2) is given by

X
t
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0
η

t
 + Θ

1
η
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2
η
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3
η

t-3
 + ... , (3)

where Θ
0
 = A, Θ

j
 =  Ψ

j
A, Ψ

j>0
 = Σp

s=1Ψj-s
π

s
, and Ψ

0
 is an identity matrix (Zivot and Wang, 

2006).
Θj

2,1
, which is the (2,1)th element of matrix Θ

j
, is the impulse response of the return r

t+j
 

to the structural shock ηW
t . The time path of Θj

2,1
 offers useful information for analyzing the 

behaviors of weather effects. Permanent weather effects are measured by the significant, 
infinite sum lim

J↑∞
ΣJ

j=0Θ
j
2,1. I conclude that temporary effects exist if, for some j and k, Θj

2,1
 is 

significant and if Θk>j
2,1

 is also significant and has the opposite sign.

2.3 Model Estimation
I estimate the coefficient matrices π

i
 = 1,...,p of the reduced-from model in equation 

(1) using the seemingly unrelated regression equations (SUR) technique. The covariance 
matrix Ω is estimated by the covariance matrix of the VAR residuals. The SUR system 
links the weather variable W

t
 and stock return r

t
 by the fact that their errors are correlated. 

This system yields a full covariance matrix of the coefficients for all the variables in X
t
.

2.4 Lag Selection
The lag order p is unknown. I chose the lag order by the VAR(p*) model that gives 

the minimum Bayesian information criterion (BIC) (Schwarz, 1978). For a VAR(p) model 
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with n variables in X
t
 and T observations, BIC(p) = Ln|Ω

p
| + 

Ln(T)
T pn2, where Ω

p
 is the 

covariance matrix of the VAR(p) residuals. 
An information criterion measures the distance of the model being considered from 

the true but unobserved model. I do not consider other criteria, such as the Akaike 
criterion (AIC) (Akaike, 1974) or Hannan-Quinn criterion (HQIC) (Hannan and Quinn, 
1979), because the AIC asymptotically overestimates p. While the HQIC and BIC 
consistently estimate p, the BIC is widely applied in the literature (Zivot and Wang, 2006).

2.5 Estimation Problems
Khanthavit (2017) cautioned that weather studies suffered from the endogeneity 

problem and the incorrect fixed-effect assumption. The endogeneity problem results from 
the fact that weather variables are measured with errors, and some significant weather 
variables are omitted from the regressions. The fixed-effect assumption is incorrect 
because the sample period is long, and the structural relationship of the weather with stock 
returns changes over time.

In this study, the endogeneity problem will not adversely affect the estimation 
because a VAR model is designed to describe the relationship of endogenous variables. As 
a result, it solves the endogeneity problems due to measurement errors and omitted 
variables. My concern relates to the incorrect fixed-effect assumption. The sample is long, 
covering a period of 26 years. To mitigate the effects of incorrect assumption, I follow 
Khanthavit (2017) to estimate the model using sample periods of one year at a time.

2.6 Hypothesis Tests

2.6.1 Significant Weather Effects and Time Behaviors
If weather effects exist, the impulse response Θj

2,1
 of the return on day t + j to the 

weather shock ηW
t  must be significantly different from zero for some j. Under the null 

hypothesis of Θj
2,1

 = 0, the Wald statistic is a chi-square variable of 1 degree of freedom. I 
check for the temporary weather effects by the reverse signs of significant Θj

2,1
 and Θk>j

2,1
.

The test for significant permanent effects is the significance test for the infinite sum 
lim
J↑∞

ΣJ
j=0Θ

j
2,1. I approximate lim

J↑∞
ΣJ

j=0Θ
j
2,1 by ΣJ=249

j=0
Θj

2,1. Setting J larger than 249, totaling 250 
days from days 0 to 249, does not improve the statistic. The Wald statistic for the null 
hypothesis ΣJ=249

j=0
Θj

2,1 = 0 is a chi-square variable with 1 degree of freedom. The Wald 
statistics are computed based on analytical standard errors. Griffiths and Lütkepohl (1990) 
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report that analytical standard errors are at least as good as those obtained from Monte 
Carlo simulations and bootstrapping methods. 

In this study, the sample period covers 26 years. For a full sample test, the Wald 
statistics are the sum of statistics for all 26 years. Hence, these statistics are chi-square 
variables with 26 degrees of freedom (Doyle and Chen, 2009).

2.6.2 Direct and Indirect Causes of Permanent Weather Effects
Significant permanent effects can be caused directly by the price adjustment process 

(Wermers, 1999) or indirectly by the Friedman and create-space effects (Lee et al., 2002). 
The resulting effects from the two causes are bundled together. To understand the 
contribution of each cause to the effects, I re-estimate equation (1) with X'

t
 = [W

t
 σ2

t
 r

t
]. σ2

t
 

is the variance of r
t
. The recursive causal ordering runs from W

t
 to σ2

t
 and σ2

t
 to r

t
. This 

causal structure is consistent with the model in which returns are explained by their 
volatility (Lee et al., 2002). 

In the Wold representation, the permanent weather effects on the variance σ2
t
 and 

stock return r
t
 are lim

J↑∞
ΣJ

j=0Θ
j
2,1 and lim

J↑∞
ΣJ

j=0Θ
j
3,1, respectively. I calculate the correlation ρ

r,σ2
 of r

t
 

with σ2
t
 due to the weather shock ηW

t  by ρ
r,σ2

 = . If the permanent 

effects are exhaustively explained by the direct (indirect) cause, the null hypothesis must 
be |ρ

r,σ2
| = 0 (|ρ

r,σ2
| = 1), and the Wald statistic is a chi-square variable with 1 degree of 

freedom. If the direct and indirect causes explain the permanent effects, the hypotheses 
|ρ

r,σ2
| = 0 and |ρ

r,σ2
| = 1 must be rejected. I do not test the hypotheses |ρ

r,σ2
| = 0 and |ρ

r,σ2
| = 1 

jointly but consider each hypothesis separately. The significance result from a joint test 
does not necessarily imply the significance results for both hypotheses.

3. The Data
The stock returns are the daily logged differences in the closing indexes of the SET 

index portfolio. The realized daily variances are computed by Rogers and Satchell’s 
(1991) adjusted extreme-value estimator. This estimator is efficient, simple, and general. 
The computation requires data on opening, closing, maximum, and minimum indexes 
readily observed during the day. The weather variables are Bangkok’s seven weather 
variables—air pressure (hectopascal), cloud cover (decile), ground visibility (meters), 
rainfall (millimeters), relative humidity (%), temperature (°C), and wind speed (knots per 
hour). These variables measured at Don Muang Airport by the Thai Meteorological 
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Department. I do not consider seasonal variation in the length of days and seasonal 
affective disorders as in, for example, Kamstra, Kramer, and Levi (2003), because 
Thailand is a tropical country. It does not have winter or autumn seasons. 

Air pressure affects moods because low air pressure leads to a decrease in the partial 
pressure of oxygen in the blood and body tissues (Sharp and Bernaudin, 2004). Wurtman 
and Wurtman (1989) explain the effects of cloud cover and rainfall on investors’ moods. 
The lack of sunlight associated with rainy days causes serotonin levels to fall, which lead 
to bad moods. The explanation is extended to the ground-visibility effect. Visibility 
degradation derived from poor sunlight can cause falling serotonin levels and bad moods. 

Relative humidity is one of the factors influencing the production of small negative 
ions. Inhaling air containing a large number of these ions reduces the symptoms of 
investors’ affective disorders (Salib and Sharp, 2002). Temperature affects mood states 
because heat induces changes in plasma concentrations of neurotransmitters and hormones 
(McMorris, Swain, Smith, Corbett, Delves, Sale, Harris, and Potter, 2006). Finally, Charry 
and Hawkinshire (1981) reported that ions created by wind might prompt changes in 
mood states.

I retrieve the SET index data from the SET database and the weather variables from 
the Thai Meteorological Department database. The stock-return data begins on February 
17, 1992, and ends on December 29, 2017 (6,335 trading-day observations), while the 
weather data began on January 1, 1991, and ended on December 31, 2017 (9,862 calendar-
day observations).

Following Hirshleifer and Shumway (2003), I calculate the daily weather variables 
by their average levels from 6.00 to 16.00. I remove seasonality from the weather 
variables by their averages for each week of the year over the 1991-2017 sample period. 
Next, the deseasonalized variables are standardized by their averages and standard 
deviations. Because some observations are missing, I impute the missing cases with zero 
because zero is the unconditional mean of deseasonalized variables.

Table 1 reports the descriptive statistics of the stock return, variance, and weather 
variables. In Panel 1.1, the Jarque-Bera tests reject the normality hypothesis for all the 
variables. Because the average annual sample is large at 243.65 days, nonnormality should 
not affect the statistical inference. The augmented Dickey-Fuller statistics are significant 
at the 99% confidence level. All the variables are stationary. Therefore, the VAR model is 
appropriate. Panel 1.2 reports the correlation coefficients of the weather-variable pairs. All 
correlations, except those for air pressure-ground visibility and air pressure-rainfall pairs, 
are significant.
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Table 1 Descriptive Statistics
Panel 1.1 Index Return, Variance, and Raw Weather Variables

Statistics Return1 Variance1

Raw Weather Variables2 Raw Weather Variables2

Air Pressure
(Hectopascal)

Cloud Cover
(Decile)

Ground Visibility
(Kilometers)

Rainfall
(Millimeters)

Relative Humidity 
(%)

Temperature
(°C)

Wind Speed
(Knots per Hour)

Mean 1.20E-04 0.0090 97.0589 5.4800 8,910.0515 0.3467 66.1626 29.9808 5.8016

Standard Deviation 0.0154 0.0070 29.7507 1.4028 1,421.7535 1.5458 10.5438 2.1484 2.5164

Skewness 0.0147 2.9282 0.3972 -0.5737 -1.2002 7.7876 -0.4401 -0.7839 1.6545

Excess Kurtosis 7.5761 19.2257 0.0484 -0.2306 1.4604 81.5708 2.7896 2.5274 6.9920

Minimum -0.1606 0.0000 0.0000 0.0909 2,509.0909 0.0000 4.0909 8.1000 0.2727

Maximum 0.1135 0.1109 250.5455 8.0000 14,272.7273 27.5500 98.0000 36.3455 30.5455

Jarque-Bera Statistic 1.52E+04*** 1.07E+05*** 254.7168*** 545.8528*** 3,154.4846*** 2.76E+06*** 3,441.4408*** 3,569.0631*** 2.39E+4***

Augmented Dicker-Fuller 
Statistic (Lag)

-72.5261***
(0)

-11.5031***
(11)

-29.0519***
(2)

-21.6138***
(6)

-19.8127***
(7)

-75.9160***
(0)

-14.8553***
(8)

-19.8246***
(6)

-11.7148***
(12)

Observations 6,335 6,335 9,651 9,566 9,590 9,621 9,653 9,683 9,600

Note: *** = significant at the 99% confidence level. 1 and 2 = statistics computed from the observed 
data on trading days from February 17, 1992, to December 29, 2017, and calendar days from 
January 1, 1991, to December 31, 2017, respectively.

Panel 1.2 Correlations1 of Deseasonalized Weather Variables 

Weather Variables Air Pressure Cloud Cover Ground Visibility Rainfall Relative Humidity Temperature Wind Speed
Air Pressure 1.0000

Cloud Cover -0.1110*** 1.0000

Ground Visibility 0.0067 -0.1107*** 1.0000

Rainfall -0.0051 0.1849*** -0.1694*** 1.0000

Relative Humidity -0.1101*** 0.5549*** -0.2391*** 0.2984*** 1.0000

Temperature -0.3454*** -0.3178*** 0.1233*** -0.2559*** -0.3390*** 1.0000

Wind Speed -0.0673*** -0.0516*** 0.2112*** -0.0524*** -0.0881*** 0.0887*** 1.0000

Note: *** = significant at the 99% confidence level. 1 = statistics computed from the deseasonalized 
observed data on calendar days from February 17, 1992, to December 29, 2017 (6,335 
observations).

If all the weather variables are included in X
t
, the model in equation (1) will be 

complicated, and the interpretation of the results will be difficult. Because the weather 
variables are correlated, my strategy is to use one of their principal components (PCs) to 
summarize the common factors and serve as W

t
.

In most weather (Dehaan, Madsen, and Piotroski, 2017) and sentiment (e.g., Baker 
and Wurgler, 2007) studies, the first PC is chosen because it best explains the common 
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Note: *** = significant at the 99% confidence level. 1 and 2 = statistics computed from the observed 
data on trading days from February 17, 1992, to December 29, 2017, and calendar days from 
January 1, 1991, to December 31, 2017, respectively.

Panel 1.2 Correlations1 of Deseasonalized Weather Variables 

Weather Variables Air Pressure Cloud Cover Ground Visibility Rainfall Relative Humidity Temperature Wind Speed
Air Pressure 1.0000

Cloud Cover -0.1110*** 1.0000

Ground Visibility 0.0067 -0.1107*** 1.0000

Rainfall -0.0051 0.1849*** -0.1694*** 1.0000

Relative Humidity -0.1101*** 0.5549*** -0.2391*** 0.2984*** 1.0000
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Note: *** = significant at the 99% confidence level. 1 = statistics computed from the deseasonalized 
observed data on calendar days from February 17, 1992, to December 29, 2017 (6,335 
observations).

variation of the variables. Khanthavit (2018) argues that this ability did not necessarily 
translate into an influence on moods. For the SET, it is the fourth PC that has significant 
effects on the return. Based on Khanthavit’s (2018) evidence, I will use the fourth PC for 
W

t
. I compute the PCs from the treated weather variables. The fourth PC explains 12.28% 

of the common variation. The first and last PCs explain 30.44% and 6.00%, respectively.
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4. Empirical Results
Before I proceed with the estimation, I conduct cumulative-sum (CUSUM) and 

CUSUM-square tests of recursive residuals for parameter stability of the model in 
equation (1). At the 95% confidence level, the CUSUM tests rejects the stability 
hypothesis for the fourth PC equation, while the CUSUM-square tests rejects the 
hypothesis for the stock return and PC equations. The stability-test results support 
Khanthavit’s (2017) approach for estimating the model using the sample of one year at a 
time.

Table 2 reports the impulse responses of the return to one standard deviation shock of 
the weather’s fourth PC for 10 days from days 0 to 9. There are no significant price 
reversals in any year from 1992 to 2017. The cumulative responses over 250 days from 
days 0 to 249 are significant in 1996, 1999, 2008, and 2016. The average impulse and 
cumulative responses over the full sample are negative. For the full sample tests, the 
impulse response on day 0 and cumulative response are significant at the 99% and 95% 
confidence levels, respectively. These findings lead me to conclude that the weather 
effects in the Thai stock market exist and are permanent. There are no temporary weather 
effects on the returns.

I conduct further analysis on whether the direct or indirect causes explain the 
permanent effects. Table 3 reports the impulse and cumulative impulses of the variance σ2

t
 

to the fourth PC from the model in equation (3) with X'
t
 = [W

t
 σ2

t
 r

t
]. If the indirect 

Friedman or create-space effects fully or partly cause the permanent weather effects, first, 
I must find that Θj

2,1 for some j and lim
J↑∞

ΣJ
j=0Θ

j
2,1 are significant. The full sample tests show 

that Θj=0
2,1

 and ΣJ=249
j=0

Θj
2,1 are significant at the 99% confidence level. 

The absolute correlation |ρ
r,σ2

| due to the weather shock is in the last column of Table 
3. For the full sample test, |ρ

r,σ2
| is significant at the 99% confidence level. The statistic 1 – 

|ρ
r,σ2

| is not different from zero. The direct cause from the price formation process is not 
significant. I concluded that only the indirect cause explains the permanent weather 
effects.
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5. Discussion
5.1 Robustness Tests

The weather effects on the stock returns in Table 2 are based on an annually 
performed test. In order to ensure that the results are not driven by the annual-test setting, 
I repeat the tests based on a triennial setting and report the results in Table 4. Because the 
full sample is 26 years, two settings in which the last and the first subsamples are 2 years 
were considered. The results for the two settings are consistent with each other and with 
Table 2. The cumulative responses are significant, and there are no reversals of the 
impulse responses. 

Jacobsen and Marquering (2008) find that for 48 national stock markets, temperature 
and seasonal affective disorder effects disappear once the tests are controlled for other 
variables with a strong seasonal pattern. I check whether or not the weather effects in this 
study are spurious due to those other seasonal variables. I add January and Monday 
dummies as control variables in equation (1). In previous weather studies, the researchers, 
e.g., Jacobsen and Marquering (2008) and Kang, Jiang, Lee, and Yoon (2010), add these 
dummies in their regressions.

The tests are performed annually. The result is reported in the last rows of Table 4. 
They are consistent with the result in Table 2. There is no reversal. The permanent weather 
effects found in this study are not spurious.

5.2 The Weather’s First Principal Component 
Although the first PC best explains the common variation of the weather variables, I 

choose the fourth PC in the analysis because it was the fourth PC that affects the return 
(Khanthavit, 2018). To ensure that the first PC is unable to reveal the time behaviors of 
weather effects, I re-estimate the model in equation (1) using the first PC for W

t
. In the 

full sample test, neither impulse nor cumulative responses are significant.

5.3 Nonsignificant Temporary Weather Effects
I found no price reversal, so the significant weather effects are not temporary but 

permanent. The temporary effects are the net effects from the price-pressure effects 
against the hold-more effects (Lee et al., 2002). Therefore, the insignificance does not 
necessarily imply no price-pressure and hold-more effects. The two effects might be 
significant but would cancel each other out.
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Table 2  Impulse Responses of the Stock Return to One Standard Deviation Shock  
of the Weather’s Fourth Principal Component

Year Lag
Impulse Response (Day) Impulse Response (Day) Cumulative Response 

(250 Days)0 1 2 3 4 5 6 7 8 9

1992 2 -0.0938 -0.1093 -0.0036 -0.0047 -0.0137 -0.0088 -0.0024 -0.0016 -0.0016 -0.0010 -0.2418

1993 1 0.0056 -0.0261 -0.0173 -0.0089 -0.0042 -0.0019 -8.82E-04 -3.99E-04 -1.80E-04 -8.14E-05 -0.0544

1994 1 -0.0594 -0.0548 -0.0133 -0.0027 -5.41E-04 -1.05E-04 -2.03E-05 -3.92E-06 -7.57E-07 -1.46E-07 -0.1310

1995 1 -0.0539 0.0385 0.0163 0.0052 0.0015 4.30E-04 1.22E-04 3.43E-05 9.65E-06 2.72E-06 0.0082

1996 1 0.1809*** 2.14E-04 -0.0033 -8.96E-04 -1.76E-04 -3.02E-05 -4.75E-06 -6.99E-07 -9.73E-08 -1.28E-08 0.1766*

1997 1 -0.0541 -0.0402 -0.0176 -0.0066 -0.0023 -7.65E-04 -2.50E-04 -8.03E-05 -2.55E-05 -8.08E-06 -0.1219

1998 1 0.1284 0.0837 0.0317 0.0103 0.0031 9.07E-04 2.60E-04 7.35E-05 2.06E-05 5.77E-06 0.2584

1999 1 -0.1595* -0.1176 -0.0594 -0.0276 -0.0125 -0.0056 -0.0025 -0.0011 -5.10E-04 -2.29E-04 -0.3869*

2000 1 -0.0823 0.0187 0.0039 0.0011 3.12E-04 8.69E-05 2.42E-05 6.76E-06 1.88E-06 5.25E-07 -0.0582

2001 1 -0.0098 0.0628 0.0214 0.0059 0.0016 4.03E-04 1.04E-04 2.67E-05 6.86E-06 1.76E-06 0.0824

2002 1 0.1344** 0.0646 0.0079 5.97E-04 2.04E-05 -1.89E-06 -4.26E-07 -4.44E-08 -2.83E-09 -4.23E-11 0.2076

2003 1 -0.1117** 0.0563 0.0229 0.0060 0.0013 2.52E-04 4.36E-05 6.71E-06 8.80E-07 8.24E-08 -0.0248

2004 1 -0.1034 0.0179 0.0073 0.0035 0.0017 8.16E-04 3.91E-04 1.88E-04 9.01E-05 4.32E-05 -0.0713

2005 1 -0.0116 -0.0443 -0.0034 -4.68E-04 -5.18E-05 -6.13E-06 -7.09E-07 -8.27E-08 -9.62E-09 -1.12E-09 -0.0599

2006 1 -0.0268 -0.0939 0.0151 -0.0047 0.0011 -3.02E-04 7.73E-05 -2.00E-05 5.16E-06 -1.33E-06 -0.1094

2007 1 0.0084 -0.0041 -0.0007 -8.36E-05 -9.58E-06 -1.07E-06 -1.18E-07 -1.29E-08 -1.42E-09 -1.55E-10 0.0035

2008 1 -0.1012 -0.1886** -0.0259 -0.0028 -2.72E-04 -2.57E-05 -2.37E-06 -2.17E-07 -1.97E-08 -1.78E-09 -0.3187**

2009 1 -0.0291 0.1331** 0.0022 9.37E-04 3.20E-05 6.90E-06 3.41E-07 5.27E-08 3.26E-09 4.14E-10 0.1072

2010 1 -0.0286 0.0607 0.0063 5.95E-04 5.52E-05 5.12E-06 4.74E-07 4.39E-08 4.07E-09 3.77E-10 0.0390

2011 1 0.0391 -0.0430 -0.0041 -4.01E-04 -3.95E-05 -3.89E-06 -3.83E-07 -3.77E-08 -3.71E-09 -3.65E-10 -0.0083

2012 1 0.0333 0.0019 -1.45E-04 8.91E-06 -5.32E-07 3.16E-08 -1.88E-09 1.12E-10 -6.64E-12 3.95E-13 0.0351

2013 1 -0.0862 -0.0244 -0.0022 -1.24E-04 -3.50E-06 1.77E-07 3.40E-08 2.81E-09 1.47E-10 3.21E-12 -0.1129

2014 1 -0.0081 -0.0289 -0.0022 -1.19E-04 -5.60E-06 -2.39E-07 -9.34E-09 -3.35E-10 -1.08E-11 -2.94E-13 -0.0393

2015 1 0.0138 -0.0494 -0.0189 -0.0071 -0.0026 -0.0010 -3.65E-04 -1.36E-04 -5.07E-05 -1.89E-05 -0.0657

2016 1 -0.0798** -0.0796** -0.0109 -0.0022 -3.95E-04 -7.32E-05 -1.34E-05 -2.46E-06 -4.53E-07 -8.31E-08 -0.1730***

2017 1 0.0178 -0.0194 -0.0044 -6.18E-04 -5.64E-05 -1.54E-06 6.29E-07 1.60E-07 2.35E-08 2.29E-09 -0.0067

Average N.A. -0.0207 -0.0148 -0.0020 -0.0014 -0.0010 -6.07E-04 -2.10E-04 -1.18E-04 -8.76E-05 -4.85E-05 -0.0410

Ho: For All Years, 
Impulse Response = 0

(χ2
26).

N.A. 46.1225*** 33.6867 16.4196 12.3209 10.4094 7.2775 4.9545 4.3076 4.0872 3.1604 42.0496**

Note: *, **, and *** = significant at the 90%, 95%, and 99% confidence levels, respectively. N.A. = 
not applicable.
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Table 2  Impulse Responses of the Stock Return to One Standard Deviation Shock  
of the Weather’s Fourth Principal Component

Year Lag
Impulse Response (Day) Impulse Response (Day) Cumulative Response 

(250 Days)0 1 2 3 4 5 6 7 8 9

1992 2 -0.0938 -0.1093 -0.0036 -0.0047 -0.0137 -0.0088 -0.0024 -0.0016 -0.0016 -0.0010 -0.2418

1993 1 0.0056 -0.0261 -0.0173 -0.0089 -0.0042 -0.0019 -8.82E-04 -3.99E-04 -1.80E-04 -8.14E-05 -0.0544

1994 1 -0.0594 -0.0548 -0.0133 -0.0027 -5.41E-04 -1.05E-04 -2.03E-05 -3.92E-06 -7.57E-07 -1.46E-07 -0.1310

1995 1 -0.0539 0.0385 0.0163 0.0052 0.0015 4.30E-04 1.22E-04 3.43E-05 9.65E-06 2.72E-06 0.0082

1996 1 0.1809*** 2.14E-04 -0.0033 -8.96E-04 -1.76E-04 -3.02E-05 -4.75E-06 -6.99E-07 -9.73E-08 -1.28E-08 0.1766*

1997 1 -0.0541 -0.0402 -0.0176 -0.0066 -0.0023 -7.65E-04 -2.50E-04 -8.03E-05 -2.55E-05 -8.08E-06 -0.1219

1998 1 0.1284 0.0837 0.0317 0.0103 0.0031 9.07E-04 2.60E-04 7.35E-05 2.06E-05 5.77E-06 0.2584

1999 1 -0.1595* -0.1176 -0.0594 -0.0276 -0.0125 -0.0056 -0.0025 -0.0011 -5.10E-04 -2.29E-04 -0.3869*

2000 1 -0.0823 0.0187 0.0039 0.0011 3.12E-04 8.69E-05 2.42E-05 6.76E-06 1.88E-06 5.25E-07 -0.0582

2001 1 -0.0098 0.0628 0.0214 0.0059 0.0016 4.03E-04 1.04E-04 2.67E-05 6.86E-06 1.76E-06 0.0824

2002 1 0.1344** 0.0646 0.0079 5.97E-04 2.04E-05 -1.89E-06 -4.26E-07 -4.44E-08 -2.83E-09 -4.23E-11 0.2076

2003 1 -0.1117** 0.0563 0.0229 0.0060 0.0013 2.52E-04 4.36E-05 6.71E-06 8.80E-07 8.24E-08 -0.0248

2004 1 -0.1034 0.0179 0.0073 0.0035 0.0017 8.16E-04 3.91E-04 1.88E-04 9.01E-05 4.32E-05 -0.0713

2005 1 -0.0116 -0.0443 -0.0034 -4.68E-04 -5.18E-05 -6.13E-06 -7.09E-07 -8.27E-08 -9.62E-09 -1.12E-09 -0.0599

2006 1 -0.0268 -0.0939 0.0151 -0.0047 0.0011 -3.02E-04 7.73E-05 -2.00E-05 5.16E-06 -1.33E-06 -0.1094

2007 1 0.0084 -0.0041 -0.0007 -8.36E-05 -9.58E-06 -1.07E-06 -1.18E-07 -1.29E-08 -1.42E-09 -1.55E-10 0.0035

2008 1 -0.1012 -0.1886** -0.0259 -0.0028 -2.72E-04 -2.57E-05 -2.37E-06 -2.17E-07 -1.97E-08 -1.78E-09 -0.3187**

2009 1 -0.0291 0.1331** 0.0022 9.37E-04 3.20E-05 6.90E-06 3.41E-07 5.27E-08 3.26E-09 4.14E-10 0.1072

2010 1 -0.0286 0.0607 0.0063 5.95E-04 5.52E-05 5.12E-06 4.74E-07 4.39E-08 4.07E-09 3.77E-10 0.0390

2011 1 0.0391 -0.0430 -0.0041 -4.01E-04 -3.95E-05 -3.89E-06 -3.83E-07 -3.77E-08 -3.71E-09 -3.65E-10 -0.0083

2012 1 0.0333 0.0019 -1.45E-04 8.91E-06 -5.32E-07 3.16E-08 -1.88E-09 1.12E-10 -6.64E-12 3.95E-13 0.0351

2013 1 -0.0862 -0.0244 -0.0022 -1.24E-04 -3.50E-06 1.77E-07 3.40E-08 2.81E-09 1.47E-10 3.21E-12 -0.1129

2014 1 -0.0081 -0.0289 -0.0022 -1.19E-04 -5.60E-06 -2.39E-07 -9.34E-09 -3.35E-10 -1.08E-11 -2.94E-13 -0.0393

2015 1 0.0138 -0.0494 -0.0189 -0.0071 -0.0026 -0.0010 -3.65E-04 -1.36E-04 -5.07E-05 -1.89E-05 -0.0657

2016 1 -0.0798** -0.0796** -0.0109 -0.0022 -3.95E-04 -7.32E-05 -1.34E-05 -2.46E-06 -4.53E-07 -8.31E-08 -0.1730***

2017 1 0.0178 -0.0194 -0.0044 -6.18E-04 -5.64E-05 -1.54E-06 6.29E-07 1.60E-07 2.35E-08 2.29E-09 -0.0067

Average N.A. -0.0207 -0.0148 -0.0020 -0.0014 -0.0010 -6.07E-04 -2.10E-04 -1.18E-04 -8.76E-05 -4.85E-05 -0.0410

Ho: For All Years, 
Impulse Response = 0

(χ2
26).

N.A. 46.1225*** 33.6867 16.4196 12.3209 10.4094 7.2775 4.9545 4.3076 4.0872 3.1604 42.0496**

Note: *, **, and *** = significant at the 90%, 95%, and 99% confidence levels, respectively. N.A. = 
not applicable.
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Table 3  Impulse Responses of the Variance to One Standard Deviation Shock of 
the Weather’s Fourth Principal Component

Year Lag
Impulse Response (Day) Impulse Response (Day) Cumulative 

Response
(250 Days)

Absolute 
Correlation0 1 2 3 4 5 6 7 8 9

1992 1 0.6038*** 0.2050** 0.0803 0.0283 0.0094 0.0030 0.0010 3.17E-04 1.02E-04 3.29E-05 0.9313*** 0.7580***

1993 1 0.1144** 0.1414*** 0.0796** 0.0415* 0.0212 0.0108 0.0054 0.0027 0.0014 6.75E-04 0.4197*** 0.8484***

1994 1 0.0267 0.0064 0.0025 9.14E-04 3.06E-04 9.51E-05 2.82E-05 8.12E-06 2.31E-06 6.52E-07 0.0369 0.9376**

1995 1 0.0291 0.0097 0.0000 -0.0010 -5.80E-04 -2.32E-04 -8.03E-05 -2.54E-05 -7.61E-06 -2.18E-06 0.0370 0.8748**

1996 1 -0.0444 -0.0347 -0.0059 -8.89E-04 -1.26E-04 -1.58E-05 -1.22E-06 2.15E-07 1.67E-07 7.05E-08 -0.0860 0.9046***

1997 1 -0.0814 -0.0392 -0.0174 -0.0068 -0.0024 -7.59E-04 -2.26E-04 -6.31E-05 -1.68E-05 -4.29E-06 -0.1481 0.9844***

1998 1 -0.2340*** -0.0366 0.0069 0.0066 0.0027 8.71E-04 2.37E-04 5.67E-05 1.20E-05 2.19E-06 -0.2531 0.8250**

1999 1 0.1146* 0.0349 0.0104 0.0034 0.0013 5.15E-04 2.21E-04 9.77E-05 4.36E-05 1.96E-05 0.1654 0.9155***

2000 1 0.0115 -0.0107 -0.0046 -0.0018 -6.51E-04 -2.23E-04 -7.38E-05 -2.40E-05 -7.66E-06 -2.42E-06 -0.0065 0.8979

2001 1 0.0637 0.0465 0.0306 0.0160 0.0075 0.0034 1.46E-03 6.26E-04 2.66E-04 1.12E-04 0.1702 0.4382

2002 1 -0.0475 -0.0035 0.0040 0.0016 4.53E-04 1.21E-04 3.19E-05 8.50E-06 2.27E-06 6.06E-07 -0.0447 0.9447***

2003 1 0.0570 -0.0163 -0.0052 -7.23E-04 6.74E-05 8.84E-05 4.02E-05 1.44E-05 4.64E-06 1.41E-06 0.0350 0.9695***

2004 1 -0.0502 -0.0878* -0.0558* -0.0281* -0.0136 -0.0065 -0.0031 -0.0015 -6.88E-04 -3.26E-04 -0.2477** 0.4473

2005 1 -0.0251 0.0357 0.0064 0.0011 1.83E-04 2.96E-05 4.74E-06 7.59E-07 1.21E-07 1.94E-08 0.0183 0.1790

2006 1 -0.0026 -0.0078 -0.0018 -1.17E-04 -8.56E-06 1.02E-07 3.42E-08 6.65E-09 4.01E-10 2.70E-11 -0.0123 0.9565*

2007 1 -0.0336 -0.0246 -0.0047 -5.90E-04 -3.53E-05 6.74E-06 3.02E-06 7.00E-07 1.21E-07 1.56E-08 -0.0635 0.5609

2008 1 0.0657 -0.0339 0.0098 0.0071 0.0030 0.0012 4.35E-04 1.60E-04 5.88E-05 2.16E-05 0.0535 0.1470

2009 1 -0.0243 0.0097 0.0142 0.0033 7.83E-04 1.70E-04 3.68E-05 7.89E-06 1.69E-06 3.61E-07 0.0039 0.4671

2010 1 -0.0378 -0.0476 -0.0113 -0.0019 -2.85E-04 -4.07E-05 -5.64E-06 -7.71E-07 -1.04E-07 -1.40E-08 -0.0989 0.2605

2011 1 -0.0469 -0.0520 -0.0042 0.0015 6.86E-04 1.47E-04 1.39E-05 -2.69E-06 -1.53E-06 -3.60E-07 -0.1008 0.3424

2012 1 0.0047 0.0225 7.74E-05 1.24E-04 2.76E-07 6.84E-07 6.65E-10 3.76E-09 -1.02E-12 2.07E-11 0.0275 0.2661

2013 1 0.0049 -0.0138 0.0014 8.61E-04 1.17E-04 -2.68E-06 -3.25E-06 -4.01E-07 2.54E-08 1.42E-08 -0.0065 0.1811

2014 1 0.0256 0.0213 0.0117 0.0033 8.34E-04 1.98E-04 4.60E-05 1.06E-05 2.41E-06 5.47E-07 0.0630 0.8785**

2015 1 -0.0127 0.0075 0.0098 0.0034 0.0011 4.19E-04 1.60E-04 5.95E-05 2.21E-05 8.23E-06 0.0097 0.4896

2016 1 -0.0162 -0.0222 -0.0003 0.0017 0.0011 4.95E-04 2.08E-04 8.35E-05 3.27E-05 1.26E-05 -0.0351 0.9669***

2017 1 -0.0090 0.0083 0.0042 0.0011 1.68E-04 1.34E-05 -1.14E-06 -5.56E-07 -7.48E-08 3.61E-09 0.0047 0.9960***

Average N.A. 0.0175 0.0046 0.0062 0.0031 0.0013 5.30E-04 2.26E-04 9.98E-05 4.55E-05 2.13E-05 0.0336 0.6707

Ho: For All Years, 
Impulse Response = 0

(χ2
26).

N.A. 74.8944*** 24.5088 18.9733 15.2819 12.1847 9.2385 7.1327 6.0817 5.1054 4.3612 45.2080** N.A.

Ho: For All Years, 
Absolute Correlation = 

0 ( = 1). (χ2
26).

N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A.
3.54E+03***

(21.5852)

Note: *, **, and *** = significant at the 90%, 95%, and 99% confidence levels, respectively. N.A. = 
not applicable.
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Table 3  Impulse Responses of the Variance to One Standard Deviation Shock of 
the Weather’s Fourth Principal Component

Year Lag
Impulse Response (Day) Impulse Response (Day) Cumulative 

Response
(250 Days)

Absolute 
Correlation0 1 2 3 4 5 6 7 8 9

1992 1 0.6038*** 0.2050** 0.0803 0.0283 0.0094 0.0030 0.0010 3.17E-04 1.02E-04 3.29E-05 0.9313*** 0.7580***

1993 1 0.1144** 0.1414*** 0.0796** 0.0415* 0.0212 0.0108 0.0054 0.0027 0.0014 6.75E-04 0.4197*** 0.8484***

1994 1 0.0267 0.0064 0.0025 9.14E-04 3.06E-04 9.51E-05 2.82E-05 8.12E-06 2.31E-06 6.52E-07 0.0369 0.9376**

1995 1 0.0291 0.0097 0.0000 -0.0010 -5.80E-04 -2.32E-04 -8.03E-05 -2.54E-05 -7.61E-06 -2.18E-06 0.0370 0.8748**

1996 1 -0.0444 -0.0347 -0.0059 -8.89E-04 -1.26E-04 -1.58E-05 -1.22E-06 2.15E-07 1.67E-07 7.05E-08 -0.0860 0.9046***

1997 1 -0.0814 -0.0392 -0.0174 -0.0068 -0.0024 -7.59E-04 -2.26E-04 -6.31E-05 -1.68E-05 -4.29E-06 -0.1481 0.9844***

1998 1 -0.2340*** -0.0366 0.0069 0.0066 0.0027 8.71E-04 2.37E-04 5.67E-05 1.20E-05 2.19E-06 -0.2531 0.8250**

1999 1 0.1146* 0.0349 0.0104 0.0034 0.0013 5.15E-04 2.21E-04 9.77E-05 4.36E-05 1.96E-05 0.1654 0.9155***

2000 1 0.0115 -0.0107 -0.0046 -0.0018 -6.51E-04 -2.23E-04 -7.38E-05 -2.40E-05 -7.66E-06 -2.42E-06 -0.0065 0.8979

2001 1 0.0637 0.0465 0.0306 0.0160 0.0075 0.0034 1.46E-03 6.26E-04 2.66E-04 1.12E-04 0.1702 0.4382

2002 1 -0.0475 -0.0035 0.0040 0.0016 4.53E-04 1.21E-04 3.19E-05 8.50E-06 2.27E-06 6.06E-07 -0.0447 0.9447***

2003 1 0.0570 -0.0163 -0.0052 -7.23E-04 6.74E-05 8.84E-05 4.02E-05 1.44E-05 4.64E-06 1.41E-06 0.0350 0.9695***

2004 1 -0.0502 -0.0878* -0.0558* -0.0281* -0.0136 -0.0065 -0.0031 -0.0015 -6.88E-04 -3.26E-04 -0.2477** 0.4473

2005 1 -0.0251 0.0357 0.0064 0.0011 1.83E-04 2.96E-05 4.74E-06 7.59E-07 1.21E-07 1.94E-08 0.0183 0.1790

2006 1 -0.0026 -0.0078 -0.0018 -1.17E-04 -8.56E-06 1.02E-07 3.42E-08 6.65E-09 4.01E-10 2.70E-11 -0.0123 0.9565*

2007 1 -0.0336 -0.0246 -0.0047 -5.90E-04 -3.53E-05 6.74E-06 3.02E-06 7.00E-07 1.21E-07 1.56E-08 -0.0635 0.5609

2008 1 0.0657 -0.0339 0.0098 0.0071 0.0030 0.0012 4.35E-04 1.60E-04 5.88E-05 2.16E-05 0.0535 0.1470

2009 1 -0.0243 0.0097 0.0142 0.0033 7.83E-04 1.70E-04 3.68E-05 7.89E-06 1.69E-06 3.61E-07 0.0039 0.4671

2010 1 -0.0378 -0.0476 -0.0113 -0.0019 -2.85E-04 -4.07E-05 -5.64E-06 -7.71E-07 -1.04E-07 -1.40E-08 -0.0989 0.2605

2011 1 -0.0469 -0.0520 -0.0042 0.0015 6.86E-04 1.47E-04 1.39E-05 -2.69E-06 -1.53E-06 -3.60E-07 -0.1008 0.3424

2012 1 0.0047 0.0225 7.74E-05 1.24E-04 2.76E-07 6.84E-07 6.65E-10 3.76E-09 -1.02E-12 2.07E-11 0.0275 0.2661

2013 1 0.0049 -0.0138 0.0014 8.61E-04 1.17E-04 -2.68E-06 -3.25E-06 -4.01E-07 2.54E-08 1.42E-08 -0.0065 0.1811

2014 1 0.0256 0.0213 0.0117 0.0033 8.34E-04 1.98E-04 4.60E-05 1.06E-05 2.41E-06 5.47E-07 0.0630 0.8785**

2015 1 -0.0127 0.0075 0.0098 0.0034 0.0011 4.19E-04 1.60E-04 5.95E-05 2.21E-05 8.23E-06 0.0097 0.4896

2016 1 -0.0162 -0.0222 -0.0003 0.0017 0.0011 4.95E-04 2.08E-04 8.35E-05 3.27E-05 1.26E-05 -0.0351 0.9669***

2017 1 -0.0090 0.0083 0.0042 0.0011 1.68E-04 1.34E-05 -1.14E-06 -5.56E-07 -7.48E-08 3.61E-09 0.0047 0.9960***

Average N.A. 0.0175 0.0046 0.0062 0.0031 0.0013 5.30E-04 2.26E-04 9.98E-05 4.55E-05 2.13E-05 0.0336 0.6707

Ho: For All Years, 
Impulse Response = 0

(χ2
26).

N.A. 74.8944*** 24.5088 18.9733 15.2819 12.1847 9.2385 7.1327 6.0817 5.1054 4.3612 45.2080** N.A.

Ho: For All Years, 
Absolute Correlation = 

0 ( = 1). (χ2
26).

N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A. N.A.
3.54E+03***

(21.5852)

Note: *, **, and *** = significant at the 90%, 95%, and 99% confidence levels, respectively. N.A. = 
not applicable.
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Table 4 Robustness Tests

Specification
Impulse Response (Day) Impulse Response (Day) Cumulative Response

(250 Days)0 1 2 3 4 5 6 7 8 9

Triennial Settinga
-0.0156 -0.0125 -0.0013 -0.0003 0.0000 -8.06E-06 5.44E-07 1.28E-06 8.01E-07 -0.0156 -0.0298

7.6766 14.5231 9.9157 8.0682 4.9086 3.9671 2.4400 2.1040 1.3776 1.3019 19.08721**

Triennial Settingb
-0.0163 -0.0174 -0.0082 -0.0062 -0.0034 -2.61E-03 -2.32E-03 -1.63E-03 -1.30E-03 -1.11E-03 -0.0650

7.2526 18.2542** 11.4129 7.6260 5.7863 4.9403 4.0537 3.5287 3.1656 2.6567 20.2683**

Annual Sample with 
Control Variables

-0.0219 -0.0165 -0.0066 -0.0041 -0.0013 -0.0016 -0.0010 -2.65E-04 -4.26E-04 -3.50E-04 -0.0552

43.3618** 31.2410 16.7637 13.4386 11.0613 7.9630 5.4851 4.6967 4.4587 3.5432 35.83848*

Note: In each row, the numbers in the upper line are the average impulse responses for years 1992 
to 2017, and the numbers in the lower lines are the χ2

m statistics for the joint hypotheses that 
the impulse responses are zero in all years from 1992 to 2017. The degrees of freedom m are 

5.4 Nonsignificant Contributions of the Price Adjustment Process
Wermers (1999) argues that the price adjustment process could cause permanent 

weather effects. In this study, the full sample test do not support this thesis. However, 
when I check the results for each year in the sample, I find the significant cause at the 
95% and 90% confidence levels for 1992 and 2005, respectively. These findings suggest 
that the contribution of the price adjustment process to the permanent weather effects 
exists. However, the contribution is small.

5.5 Recursive Causal Ordering
In the three-variable VAR model, I impose a recursive causal ordering from W

t
 to σ2

t
 

and σ2
t
 to r

t
. It is possible that the results for the impulse responses change with alternative 

causal ordering (Enders, 2015). To check for robustness, I consider the ordering from W
t
 

to r
t
 and r

t
 to σ2

t
. The ordering is consistent with the leverage effects (Black, 1976) under 

which the volatility increases (decreases) with falling (rising) prices. The results for the 
impulse and cumulative responses of the variance to the weather shock are exactly the 
same because the shock stays at the first order. The absolute correlation |ρ

r,σ2
| changes 

slightly in size. The qualitative conclusions for |ρ
r,σ2

| = 0 and |ρ
r,σ2

| = 1 remain unchanged.

5.6 The Effects of Individual Weather Variables
There are seven weather variables: air pressure, cloud cover, ground visibility, 

rainfall, relative humidity, temperature, and wind speed‒used in this study. I choose the 
fourth principal component to summarize the common factor to simplify the analysis. 
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Table 4 Robustness Tests

Specification
Impulse Response (Day) Impulse Response (Day) Cumulative Response

(250 Days)0 1 2 3 4 5 6 7 8 9

Triennial Settinga
-0.0156 -0.0125 -0.0013 -0.0003 0.0000 -8.06E-06 5.44E-07 1.28E-06 8.01E-07 -0.0156 -0.0298

7.6766 14.5231 9.9157 8.0682 4.9086 3.9671 2.4400 2.1040 1.3776 1.3019 19.08721**

Triennial Settingb
-0.0163 -0.0174 -0.0082 -0.0062 -0.0034 -2.61E-03 -2.32E-03 -1.63E-03 -1.30E-03 -1.11E-03 -0.0650

7.2526 18.2542** 11.4129 7.6260 5.7863 4.9403 4.0537 3.5287 3.1656 2.6567 20.2683**

Annual Sample with 
Control Variables

-0.0219 -0.0165 -0.0066 -0.0041 -0.0013 -0.0016 -0.0010 -2.65E-04 -4.26E-04 -3.50E-04 -0.0552

43.3618** 31.2410 16.7637 13.4386 11.0613 7.9630 5.4851 4.6967 4.4587 3.5432 35.83848*

Based on this common factor, I find no price reversal and concluded that the weather 
effects are permanent.

It is possible that temporary effects exist for some individual weather variables. But 
when all the variables are represented by the common factor, the temporary effects for 
those weather variables cancel. 

I examine how each of the seven individual weather variables contributes to 
temporary and permanent effects on stock returns. I substitute the fourth principal 
component in equation (1) by the individual weather variables. I report the estimation 
results in Table 5. Air pressure and wind speed contribute significantly to the effects on 
stock returns. 

For the air pressure variable, the impulse response is significant for day 1; for the 
wind speed variable, the impulse responses are significant for days 1 and 2. The 
cumulative impulses are significant for both variables. I observe price reversal for neither 
the air pressure nor the wind speed. The temporary parts of the effects do not exist. They 
do not cancel out among the different individual weather variables. The weather effects 
have only the permanent parts.

9 and 26 for the triennial setting and the annual sample with control variables, respectively. 
a and b = the last and the first subsamples are two years. *and** = significant at the 90% and 
95% confidence levels, respectively. The full tables are available from the author upon request.
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Table 5  Impulse Responses of the Stock Return to One Standard Deviation 
Shock of Individual Weather Variables

Weather Variable
Impulse Response (Day) Impulse Response (Day) Cumulative Response 

(250 Days)0 1 2 3 4 5 6 7 8 9

Air Pressure
1.24E-05 -1.48E-04 -1.23E-04 -9.01E-05 -6.38E-05 -4.59E-05 -3.34E-05 -2.45E-05 -1.83E-05 -1.37E-05 -5.93E-04

20.2795 37.4796* 34.5617 32.5428 29.9484 27.5810 25.3333 22.7773 20.8396 19.1757 37.4658*

Cloud Cover
2.83E-04 1.76E-04 1.77E-04 4.03E-05 4.82E-05 2.01E-05 1.74E-05 1.08E-05 8.08E-06 5.73E-06 8.04E-04

25.9132 22.1745 26.3584 18.9866 21.2916 16.6695 15.7537 13.7157 12.0121 10.5617 25.2774

Ground Visibility
-5.52E-05 7.63E-05 5.56E-05 3.26E-05 1.47E-05 6.93E-06 3.12E-06 1.42E-06 6.33E-07 2.83E-07 1.37E-04

28.2545 26.0435 23.1761 21.5046 18.2329 16.0240 13.6001 11.6386 9.9489 8.6620 26.4099

Rainfall
-8.11E-05 4.70E-05 1.93E-05 5.13E-06 1.51E-06 2.36E-07 9.72E-08 1.56E-08 6.84E-09 1.18E-09 -7.85E-06

31.6102 20.4855 7.1738 5.6239 3.1311 2.6880 1.8766 1.4353 1.1514 1.0377 22.3378

Relative Humidity
-5.00E-05 2.62E-04 1.55E-04 9.32E-05 5.30E-05 3.11E-05 1.81E-05 1.07E-05 6.28E-06 3.71E-06 5.88E-04

24.6737 13.9074 14.1904 14.1558 13.4907 12.6676 11.6700 10.9975 9.8562 9.0319 13.7309

Temperature
-1.10E-04 -1.51E-04 -8.99E-05 -5.88E-05 -3.86E-05 -2.62E-05 -1.79E-05 -1.23E-05 -8.45E-06 -5.81E-06 -5.32E-04

14.6581 19.0426 18.9985 18.4133 17.3674 16.1441 14.6417 13.3020 12.1867 10.9483 18.2118

Wind Speed
-1.83E-05 -1.47E-04 -2.95E-06 -2.71E-05 7.65E-06 1.63E-06 8.66E-06 6.40E-06 7.24E-06 6.19E-06 -1.10E-04

20.4562 50.8701*** 42.7959** 33.7250 30.0898 22.6329 20.1486 15.9708 14.0438 11.7616 41.9469**

Note: In each row, the numbers in the upper line are the average impulse responses for years 1992 
to 2017, and the numbers in the lower lines are the χ2

26 statistics for the joint hypotheses that 
the impulse responses are zero in all years from 1992 to 2017. *, **, and *** = significant at the 

5.7 The Roles of Investor Trading Behavior
The mechanism through which weather-induced mood affects the stock return and 

volatility is the trading behavior of marginal investors and their roles in the price 
formation process. Hence, the trading behavior of marginal investors is driven by weather 
conditions. Previous studies suggest that weather-sensitive investors could be individual 
investors (Schmittmann et al., 2015) or institutional investors (Goetzmann et al., 2015).

There are four major investor groups in the SET‒local individual investors, local 
institutional investors, local proprietary investors, and foreign investors. Their average 
trading shares from 1992 to 2017 were 57.66%, 7.08%, 8.38%, and 26.89%, respectively. 
In order to understand which investor groups contribute to the return behavior in Table 2, I 
estimate equation (1) with X'

t
 = [W

t
 vi

t
 r

t
]. vi

t
 is the net buying volume of investor group i 

scaled by market capitalization. The trading volume data are retrieved for the SET 
database. 
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Table 5  Impulse Responses of the Stock Return to One Standard Deviation 
Shock of Individual Weather Variables

Weather Variable
Impulse Response (Day) Impulse Response (Day) Cumulative Response 

(250 Days)0 1 2 3 4 5 6 7 8 9

Air Pressure
1.24E-05 -1.48E-04 -1.23E-04 -9.01E-05 -6.38E-05 -4.59E-05 -3.34E-05 -2.45E-05 -1.83E-05 -1.37E-05 -5.93E-04

20.2795 37.4796* 34.5617 32.5428 29.9484 27.5810 25.3333 22.7773 20.8396 19.1757 37.4658*

Cloud Cover
2.83E-04 1.76E-04 1.77E-04 4.03E-05 4.82E-05 2.01E-05 1.74E-05 1.08E-05 8.08E-06 5.73E-06 8.04E-04

25.9132 22.1745 26.3584 18.9866 21.2916 16.6695 15.7537 13.7157 12.0121 10.5617 25.2774

Ground Visibility
-5.52E-05 7.63E-05 5.56E-05 3.26E-05 1.47E-05 6.93E-06 3.12E-06 1.42E-06 6.33E-07 2.83E-07 1.37E-04

28.2545 26.0435 23.1761 21.5046 18.2329 16.0240 13.6001 11.6386 9.9489 8.6620 26.4099

Rainfall
-8.11E-05 4.70E-05 1.93E-05 5.13E-06 1.51E-06 2.36E-07 9.72E-08 1.56E-08 6.84E-09 1.18E-09 -7.85E-06

31.6102 20.4855 7.1738 5.6239 3.1311 2.6880 1.8766 1.4353 1.1514 1.0377 22.3378

Relative Humidity
-5.00E-05 2.62E-04 1.55E-04 9.32E-05 5.30E-05 3.11E-05 1.81E-05 1.07E-05 6.28E-06 3.71E-06 5.88E-04

24.6737 13.9074 14.1904 14.1558 13.4907 12.6676 11.6700 10.9975 9.8562 9.0319 13.7309

Temperature
-1.10E-04 -1.51E-04 -8.99E-05 -5.88E-05 -3.86E-05 -2.62E-05 -1.79E-05 -1.23E-05 -8.45E-06 -5.81E-06 -5.32E-04

14.6581 19.0426 18.9985 18.4133 17.3674 16.1441 14.6417 13.3020 12.1867 10.9483 18.2118

Wind Speed
-1.83E-05 -1.47E-04 -2.95E-06 -2.71E-05 7.65E-06 1.63E-06 8.66E-06 6.40E-06 7.24E-06 6.19E-06 -1.10E-04

20.4562 50.8701*** 42.7959** 33.7250 30.0898 22.6329 20.1486 15.9708 14.0438 11.7616 41.9469**

The recursive causal ordering runs from W
t
 to vi

t
 and vi

t
 to r

t
. This causal structure 

reflects the fact that the trading volume of marginal investors determines the return 
patterns. The estimation is performed for the local individual investors, local institutional 
investors, and local proprietary investors. Foreign investors are not considered because 
they do not live in Thailand and the aggregate net buying volume among all investors is 
zero.

The results are reported in Table 6. For the local individual investors, the impulse 
responses for days 0, 1, and 2 and the cumulative response are significant. Weather 
significantly affects the trading of local individual investors. 

The average responses for days 1 and 2 are positive, while that for day 3 is negative. 
The negative average is due to the significant, large negative response for year 2001. In 
that year, however, the impulse responses for days 0 to 9 are all negative. Because there is 
no reversal of the net buying volume, I conclude that there are no temporary effects for the 
local individual investors’ trading behavior. The effects are permanent.

90%, 95%, and 99% confidence levels, respectively. The full tables are available from the 
author upon request.
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The impulse response of local institutional investors is significant only on day 0. The 
average responses are positive on day 0 but are negative on days 1 to 9. The cumulative 
response is not significant. Although the responses for days 1 to 9 are not significant, the 
nonsignificant cumulative response implies the reversal. The weather effect for the local 
institutional investors’ trading behavior is temporary. The significant, temporary effects on 
the trading volume of local institutional investors are not strong enough to contribute to 
the return reversal, probably because the trading share of local institutional investors is 
small relative to that of local individual investors. Finally, the local proprietary investors’ 
net buying volume is not driven by the weather. Neither the cumulative response nor 
impulse responses are significant.

If the trading of an investor group leads to weather effects in stock returns, the 
weather effects must also exist for the trading of that investor group as well (Goetzmann et 
al., 2015). From Tables 2 and 6, I find that weather effects exist for stock returns and the 
trading of local individual investors. There are no reversals of their responses to the 
weather. The effects are permanent. These results lead me to conclude that the weather-
sensitive, local individual investors cause the weather effects in stock returns.

5.8 Impacts of Global Warming, Economic Conditions, and Investor Trading on 
Weather Effects
The full sample is long, from 1992 to 2017. Over the 26 years, the weather conditions 

may have experienced some structural changes due to global warming. For the stock 

Table 6  Impulse Responses of Investor Groups’ Net Buying Volume to One 
Standard Deviation Shock of Weather’s Fourth Principal Component

Investor Group
Impulse Response (Day) Impulse Response (Day) Cumulative Response 

(250 Days)0 1 2 3 4 5 6 7 8 9

Local Individual 
Investors

0.0100 0.0079 -8.38E-04 -8.90E-04 -5.14E-04 -1.97E-04 -7.55E-05 -1.87E-05 3.25E-06 1.17E-05 0.0154

51.3762*** 61.5393*** 42.1131** 31.8966 23.0386 17.2806 13.5594 10.6591 9.0316 7.6167 60.8007***

Local Institutional 
Investors

-0.0263 0.0021 0.0070 0.0038 0.0017 0.0011 5.80E-04 3.64E-04 2.06E-04 1.26E-04 -0.1273

36.0932* 20.3682 20.3966 18.2197 15.9952 13.3842 11.3597 9.5810 8.2187 7.1544 25.75032

Local Proprietary 
Investors

0.0011 -0.0069 0.0020 7.03E-04 3.76E-04 1.45E-04 6.65E-05 2.76E-05 1.17E-05 4.87E-06 0.0671

24.5564 34.5877 24.7837 15.7234 13.7305 9.7518 8.4091 6.7355 5.5757 4.3953 31.9284

Note: In each row, the numbers in the upper line are the average impulse responses for years 1992 
to 2017, and the numbers in the lower lines are the χ2

26 statistics for the joint hypotheses that 
the impulse responses are zero in all years from 1992 to 2017. *, **, and *** = significant at the 
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market, the structural changes may be due to economic development or market 
microstructure.

Global warming is a long-term rise in the average global temperature. It leads to 
frequent extreme weather and climate events such as heat waves, heavy rainfalls, and 
severe floods and droughts. Extreme weather conditions affect the mood of investors and 
induced weather effects in stock returns (e.g., Kang et al., 2010). Novy-Marx (2014) 
report that, as a proxy of global warming, the global temperature anomaly could predict 
stock returns.

One explanation for the weather effects is the changing risk aversion of weather-
sensitive investors from weather-driven moods (Bassi et al., 2013; Kamstra et al., 2003). It 
is important to note that investors’ relative risk aversion varies with wealth. Good and bad 
economies imply more or less the wealth of investors. This mechanism links changes in 
the economic conditions with how the investors react to weather and how time paths 
behave over time with the economies. Moreover, the relationship of stock returns with 
certain variables may change due to economic conditions. For example, Chu (1997) finds 
that for Taiwan that the fast boom in the economy changes the stock return-earnings 
relationship from one period to the next. So, the return-weather relationship may change 
with the economy as well.

Table 6 suggests that the local individual and institutional investors are weather 
sensitive. Their responses to the weather are different. Due to the much larger trading 
share of the individual investors, the response of the institutional investors never manifests 

Table 6  Impulse Responses of Investor Groups’ Net Buying Volume to One 
Standard Deviation Shock of Weather’s Fourth Principal Component

Investor Group
Impulse Response (Day) Impulse Response (Day) Cumulative Response 

(250 Days)0 1 2 3 4 5 6 7 8 9

Local Individual 
Investors

0.0100 0.0079 -8.38E-04 -8.90E-04 -5.14E-04 -1.97E-04 -7.55E-05 -1.87E-05 3.25E-06 1.17E-05 0.0154

51.3762*** 61.5393*** 42.1131** 31.8966 23.0386 17.2806 13.5594 10.6591 9.0316 7.6167 60.8007***

Local Institutional 
Investors

-0.0263 0.0021 0.0070 0.0038 0.0017 0.0011 5.80E-04 3.64E-04 2.06E-04 1.26E-04 -0.1273

36.0932* 20.3682 20.3966 18.2197 15.9952 13.3842 11.3597 9.5810 8.2187 7.1544 25.75032

Local Proprietary 
Investors

0.0011 -0.0069 0.0020 7.03E-04 3.76E-04 1.45E-04 6.65E-05 2.76E-05 1.17E-05 4.87E-06 0.0671

24.5564 34.5877 24.7837 15.7234 13.7305 9.7518 8.4091 6.7355 5.5757 4.3953 31.9284

90%, 95%, and 99% confidence levels, respectively. The full tables are available from the 
author upon request.
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in the time paths of stock return responses to the weather. The trading shares of individual 
and institutional investors vary in time. The (maximum, minimum) trading shares to these 
two investor groups are (75.01%, 45.83%) and (11.55%, 2.10%), respectively. Therefore, 
the time paths may behave differently with respect to the time-varying trading shares.

I examine how time paths react to global warming, economic condition, and 
individual investors’ trading share. I regress the chi-square statistic for the cumulative 
response on global warming, economic condition, and trading share variables. The statistic 
measures the significance level of the responses to the weather (Doyle and Chen, 2009). 

I consider two choices for global warming variables and use them in two separate 
regressions. Following Novy-Marx (2014), the first variable is the global land-ocean 
temperature index. The index is the change in global surface temperature relative to 1951-
1980 average temperatures. It is retrieved from the National Aeronautics and Space 
Administration’s Goddard Institute for Space database. The second variable is a local 
measure of global warming, following Sandvik (2008) who uses CO

2
 emissions metric 

tons per capita. I obtain the variable for Thailand from the countryeconomy.com database. 
The economic condition and trading share variables are the growth rate of real gross 
domestic product (GDP) and the annual trading share of local individual investors, 
respectively. The real GDP is from the Bank of Thailand database, and the annual trading 
shares are computed from the daily trading volumes reported by the SET.

The regression results for the 1-, 10-, and 250-day cumulative responses are reported 
in Table 7. None of the coefficients are significant. Global warming, economic condition, 
and trading share have no influence on how the trading paths behaved over the sample.

The fact that global warming does not affect the time paths may be because the 
effects are a long-term global trend of the temperature, while the result in Table 5 indicates 
that there is no temperature effect in the SET. The insignificant relationship of economic 
conditions with the time path may be due to inertia with respect to changing wealth 
(Brunnermeier and Nagel, 2008). Finally, the trading share of local individual investors 
cannot explain the time paths probably because of the continual dominance of individual 
investors over the sample period.

5.9 Weather-Induced Investor Inattention
From Table 6, local individual investors are weather-sensitive, and they determine the 

time path of stock returns. Hong and Yu (2009) and Schmittmann et al. (2015) find that for 
the U.S. and German markets, respectively, individual investors trade less on days with 
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good weather. This behavior can be explained by higher opportunity costs to these 
investors for paying attention to stock markets on the days with good, rather than bad, 
weather. So, in addition to weather-induced mood, weather effects could also be due to 
investor attention.

Inattentive investors delay the price adjustment process, which lead to positive 
autocorrelation of asset returns (Dehaan et al., 2017). The findings in this study neither 
reject nor support weather-induced attention effects. The study focuses on the relationship 
of weather with stock returns. 

6. Conclusion
The results in this study suggest that weather-induced mood effects exist in the Thai 

stock market. The effects are permanent and are indirectly caused by the indirect Friedman 
and create-space effects rather than the direct price adjustment process. The results are 
robust with respect to the choices for estimation samples and the inclusion of seasonal 
control variables. Further investigation reveals that the influential weather variables are air 
pressure and wind speed; both local individuals and institutional investors are weather-
sensitive, and due to their much larger trading shares, the individual investors are 
dominant and determine the time paths of return responses to weather.

The time behaviors of weather effects support the behavioral finance view of asset 
pricing. Their implications are useful for trading strategies, asset pricing, and government 
policy formation.
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