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Abstract

Gambling negatively affects the economy, and it brings unwanted financial, social, and health outcomes to gamblers. On the one hand,
unemployment is argued to be a leading cause of gambling. On the other hand, gambling can cause unemployment in the second-order via
gambling-induced poor health, falling productivity, and crime. In terms of significant effects, previous studies were able to establish an
association, but not causality. The current study examines the time-sequence and contemporaneous causalities between lottery gambling
and unemployment in Thailand. The Granger causality and directed acyclic graph (DAG) tests employ time-series data on gambling- and
unemployment-related Google Trends indexes from January 2004 to April 2021 (208 monthly observations). These tests are based on
the estimates from a vector autoregressive (VAR) model. Granger causality is a way to investigate causality between two variables in a
time series. However, this approach cannot detect the contemporaneous causality among variables that occurred within the same period.
The contemporaneous causal structure of gambling and unemployment was identified via the data-determined DAG approach. The use of
time-series Google Trends indexes in gambling studies is new. Based on this data set, unemployment is found to contemporaneously cause

gambling, whereas gambling Granger causes unemployment. The causalities are circular and last for four months.
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1. Introduction

Gambling can be defined as “is the wagering something
of value (“the stakes”) on an event with an uncertain outcome
with the intent of winning something of value. Gambling
thus requires three elements to be present: consideration (an
amount wagered), risk (chance), and a prize” (Williams et al.,
2017). Approximately 26% of the world’s population eng-
ages in gambling (Casino.org, 2021). In terms of prevalence
rate, Asia is the region with the highest gambling activities

*Acknowledgments:

The author thanks the Faculty of Commerce and Accountancy,
Thammasat University, for the research grant.

'First Author and Corresponding Author. Distinguished Professor
of Finance and Banking, Faculty of Commerce and Accountancy,
Thammasat University, Thailand [Postal Address: No. 2 Phra Chan
Road, Phra Nakhon, Bangkok, 10200, Thailand]

Email: akhantha@tu.ac.th

© Copyright: The Author(s)

This is an Open Access article distributed under the terms of the Creative Commons Attribution
Non-Commercial License (https://creativecommons.org/licenses/by-nc/4.0/) which permits
unrestricted non-commercial use, distribution, and reproduction in any medium, provided the
original work is properly cited.

(Williams et al., 2012) and spending (Coleman, 2021). For
most individuals, gambling is considered a recreational and
enjoyable social activity. However, some people become
pathological gamblers, who heavily invest time and money
in gambling and suffer personal, social, family, and financial
problems (Hodgins et al., 2011).

On the one hand, if it is legalized, gambling can
provide economic benefits such as employment and tax
revenue (Conner & Taggart, 2009). Economists have also
acknowledged the benefits to consumers from the rising
utility on gambling and falling prices of entertainment due to
increased gambling competition (Productivity Commission,
1999). On the other hand, gambling negatively affects the
economy (Walker & Sobel, 2016) and brings unwanted
financial, social, and health outcomes to individual gamblers
(Muggleton et al., 2021).

2. Literature Review

Unemployment is commonly believed to be one of the
leading causes of gambling. This common belief'is supported
by theory. Tversky and Kahneman (1974) explained causality
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using an availability heuristic. It is easier for the unemployed
to imagine the prize won from gambling than to assess the
low probability of winning. Nyman (2004) proposed that the
unemployed gamble to obtain something for nothing so that
they did not have to work to earn income, whereas Abbott
et al. (1995) argued that the unemployed chose gambling as
a means of escaping from harsh economic situations. Albers
and Hibl (1997) and Boreham et al. (1996) noted that the
unemployed have a lot of free time so that they could afford
the time spent on gambling. In addition, the unemployed tend
to suffer from depression and low self-esteem. These poor
mental-health conditions reduce self-efficacy to resist an
urge to gamble (Sharpe & Tarrier, 1993). Finally, gambling
can be considered rational. Gambling income is a source of
income that helps improve the welfare of unemployed youths
in Africa (Mustapha & Enilolobo, 2019; Wanjohi, 2012).

The employed accumulate tension and frustration from
work. Gambling provides them with opportunities to gain
feelings of self-reliance and control (Herman, 1967; Merton,
1938). For this reason, the employed tend to gamble more,
whereas the unemployed gamble less.

Empirical studies have identified positive effects of
unemployment on gambling, for example, Boreham et al.
(1996) for Australia, Castrén et al. (2013) for Finland,
Mustapha and Enilolobo (2019) for Nigeria, Vongsinsirikul
(2012) for Thailand, and Muggleton et al. (2021) for the
United Kingdom. Negative effects were reported by Cakici
et al. (2015) for North Cyprus and Changpetch (2017) and
Manprasert (2014) for Thailand, whereas non-significant
effects were reported by Albers and Hiibl (1997) for
Germany, Arge and Kristjansson (2015) for Iceland, Wanjohi
(2012) for Kenya, and McConkey and Warren (1987) for the
United States.

Muggleton et al. (2021) cautioned that significant effects
could result from the association between unemployment and
gambling, not necessarily the causality of unemployment to
gambling. The association may result from the causality of
gambling to unemployment.

The way gambling causes unemployment is second-
order. Gambling eventually leads to unemployment via low
productivity due to poor physical and mental health and
loss of available time, and crime due to financial problems
(Langham et al., 2016). Empirical evidence that supports
the positive effects of gambling on unemployment includes
Chun et al. (2011), Hofmarcher et al. (2020), and Ladouceur
et al. (1994), for example. In a study based in the United
Kingdom, Wardle et al. (2018) found that the samples ranked
unemployment as the most significant effect of gambling.

Finally, the association may also be due to reciprocal
determinism (Bandura, 1986). In a literature review, Hodgins
et al. (2011) concluded a bidirectional relationship between
gambling and psychiatric disorders. Because poor mental
health leads to unemployment, the bidirectional relationship

supports the reciprocal determinism of gambling and
unemployment.

Whether unemployment causes gambling or gambling
causes unemployment, or the relationship is bidirectional
and cannot be concluded from empirical evidence. A direct
test for causality has not yet been performed (Muggleton
etal., 2021). The current study tests the causality relationship
between lottery gambling and unemployment in Thailand.

Thailand is an interesting country for gambling studies.
Compared with the global prevalence rate of 26% (Casino.org,
2021), Thailand’s rate is 45.52%. Heavy gamblers account for
9.45% of the population (Komonpaisarn, 2020). This study
focuses specifically on lottery gambling because this is the
country’s most popular game (Research Centre for Social and
Business Development, 2020; Wannathepsakul, 2011).

Granger causality tests (Granger, 1969) and directed
acyclic graph (DAG) contemporaneous causality tests
(Swanson & Granger, 1997) were conducted based on time
series data for lottery gambling and unemployment variables
from January 2004 to April 2021 (208 monthly observations).
In previous studies, Granger causality tests were applied to
examine short-term causality among economic variables such
as exchange rates and stock prices by Lee and Brahmasrene
(2019), and national income, money supply, and deposit
interest rate by Yuliadi (2020). DAG causality tests were
employed, for example, by Khanthavit (2019) to check for
causality relationship between weather and stock prices.

Although the Granger causality test is a statistical
test for predictive causality (Diebold, 2007), the tests are
useful. They are developed with respect to the fact that
unemployment causes (gambling causes) necessarily lead
to gambling effects (unemployment effects). Awokuse
et al. (2009) noted that the Granger causality test could
not detect the contemporaneous causality among variables
that occurred within the same period. Nevertheless, if
contemporaneous relationships exist, DAG tests will be
able to detect them.

Empirical studies on gambling are traditionally based on
self-report, cross-sectional, and small-sample data (Volberg,
2004). Prevalence and unemployment levels are necessarily
misstated if gamblers do not provide true answers (Harrison
et al. 2020). In terms of gambling expenditure, it is possible
that the reported amount is inaccurate. Gamblers could
have memory biases (Toneatto et al. 1997). In certain
studies (Ladouceur et al., 1994) given population sizes,
small sample sizes were insufficient for analyses (Volberg,
2007). Moreover, cross-sectional data limit the ability to
test for a time-sequence relationship between gambling
and unemployment (Muggleton et al., 2021). Muggleton
et al. (2021) tested the relationship between gambling and
future unemployment status. The test was possible due to the
longitudinal data for U.K. samples from the Lloyds Banking
Group, the United Kingdom’s largest retail bank.
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In this study, the lottery gambling and unemployment
variables are Google Trends indexes based on Thailand’s
Google queries for lucky numbers and job applications,
respectively. The use of Google Trends data for gambling
studies is new. Google Trends is useful for measuring
gambling activities. The index provides deep insights
into population behavior (Nuti et al., 2014). Because the
gambling index is a national index, it should be able to proxy
for the gambling activities of lottery gamblers across the
country. To measure the unemployment level, the job-related
Google Trends index is superior to the unemployment rate.
The index is available immediately and for all time periods,
whereas the unemployment rate is available with a lag or
sometimes unavailable (Pavlicek & Kristoufek, 2015).

3. Research Method and Data
3.1. The Models

3.1.1. Time-Sequence, Granger Causality

Let G, and U, denote the gambling and unemployment
levels at time 7, respectively. This study model the dynamics
of G, and U, using bivariate vector autoregression (V4AR). With
respect to the Wold representation theorem, the dynamics can
be well approximated by the VAR of the finite order p(VAR(p))
(Liitkepohl, 2005). Equation (1) is the VAR(p) equation:

P
Y =B, +ZB,.YH. +e, )

i=1

where the variable vector ¥ , =[G, , U, ] and the
residual vector e, :[e,G &7 ] e, has a zero-mean vector
and a Q covariance matrix. The intercept-coefficient vector
B, is [bOG b ]; the (2 x 2) slope coefficient matrix B, is

bGG bGU
i |, The study chooses the optimal lag p using the
b B
Bayesian information criterion (BIC); the BIC consistently
gives a lag order under general conditions (Zivot & Wang,
2006).

If unemployment (gambling) does not Granger
cause gambling (unemployment), from Equation (1),
then b7 =...=b"" =0(p" =...=b" =0). Under the
null hypothesis of Granger non-causality, the F-statistic is
distributed as an F variable with (p + 1, N—2p — 1) degrees
of freedom. N denotes the number of observations.

3.1.2. DAG Contemporaneous Causality

The contemporaneous causal structure of gambling and
unemployment can be identified via the data-determined

DAG approach, which is based on the VAR residuals via the
Q covariance matrix.
Let Pr(e,G,ef’) be the joint density of residuals

[e,G e ] . Equation (2) describes the density of the product
decomposition (Pearl, 2000).

Pr(e,G,e,U): [1Pre | pa) )

k=G,U

where pa* is the subset of [e,G ,e,U J that causes e,k and
Pr(ef | pa*) is the density of e," , conditioned on pa*.

This study estimates the DAG using the Peter-Clark
(PC) causal search algorithm (Spirtes & Glymour, 1991)
from the relationship in Equation (2). Five types of
DAG relationships between an (e,G ,e,U )

These can be represented by graph edges:

pair are possible.

(1) Noedge (e,G e,U) indicates independent ¢’ and e’

(2) Undirected edge (e,G —e,U) indicates their correla-
tion, but not causation.

(3) Uni-directed edge (e,G —é’ ) indicates the causality
from e to e”.

(4) Uni-directed edge (e,G e’ ) indicates the causality
from €/ to e’ .

(5) Bi-directed edge (E,G e ) indicates the bidirec-
tional causality between e and e, .

If unemployment (gambling) contemporaneously causes
gamblin%(unemployment), the DAG relationship (e,U —e’ )
(¢ —>e’) must be significant.

The PC algorithm is based on hypothesis testing
for significant correlations and partial correlations between
residuals. The significance level is set at 10% because the
sample of 208 observations is not very large (Glymour et al.,
2004). The correlations were estimated using the adjusted
Spearman rank correlation. The statistic is preferred to the
Pearson correlation when the residuals are not normally
distributed (Teramoto et al., 2014).

3.2. The Data
3.2.1. Google Trends Indexes

The data is monthly Google Trends indexes, based
on Thailand’s Google queries for lucky numbers and job
applications  (https://trends.google.co.th/trends/?geo=TH).
The time series sample covers January 2004 to April 2021
(208 monthly observations). The query for lottery gambling
is auiia (Lekh déd, meaning lucky number) in Thai,
whereas the search query for job application is &im591
(Smakhr ngan, meaning job application).
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The choice for @imsau follows previous studies
(Naccarato et al., 2018) that used the job-application
query in local languages. As for the choice for La®L@e,
Pravichai and Ariyabuddhiphongs (2015) reported
that Thai lottery gamblers searched for lucky numbers.
Internet sites are among the most popular sources
(Scott, 2017). Alternative queries for lottery gambling
are \avdam (Lekh Ixkh) and wioidia (Hwy déd), whose
meanings are very close to the lucky number. The two
queries are not considered in this study. They are much
less popular in the Google Trends comparison (https://
trends.google.co.th/trends/explore?geo=THé&q=
LAULG R, LATEDA, WILLER).

3.2.2. Descriptive Statistics

In the analyses, the gambling and unemployment indexes
are detrended and deseasonalized. The detrending variable
is logged time, whereas the deseasonalizing variables are
month-of-the-year dummies. Descriptive statistics of the
treated variables are reported in Table 1.

The Jarque-Bera statistic, based on the sizes of
skewness and excess kurtosis, cannot reject the normality
hypothesis for gambling; it rejects the hypothesis for
unemployment at the 99% confidence level. The fact that
the normality hypothesis is rejected for unemployment
supports the use of the adjusted Spearman rank correlation
in the DAG analysis. The first-order autocorrelation
(AR (1)) coefficients are positive and significant for the
two variables, suggesting their autocorrelation properties.
Finally, the augmented Dickey-Fuller (ADF) test rejects
the non-stationarity hypothesis for both gambling and
unemployment. The AR(I) and ADF statistics ensure that

4. Empirical Results

4.1. The VAR(p) Model and Granger
Causality Tests

The VAR(p) model is estimated for p=1,...,6. The
gambling and unemployment variables are detrended and
deseasonalized, and the intercept vector B, is constrained to
a zero vector. The BIC for VAR(1) is the smallest at 12.8743,
such that one lag is optimal. The parameter estimates for
the VAR(1) model are reported in Panel 2.1 of Table 2.
For gambling, the coefficient for its own lag is significant,
whereas the coefficient for lagged unemployment is non-
significant. The coefficients for both lagged gambling
and unemployment are significant in the unemployment
equation.

The test results for Granger causality are reported in
Panel 2.2 of Table 2. For the parameter-constrained model
under the null hypothesis of Granger non-causality, the
F statistic is distributed as an F variable with (1.206)
degrees of freedom. The test cannot reject the hypothesis
of Granger non-causality from unemployment to gambling.
It rejects the hypothesis of non-causality from gambling
to unemployment at the 95% confidence level. Gambling
Granger causes unemployment. The causality relationship
is time-sequential.

Table 2: Tests for Granger Causality

Panel 2.1 Vector Autoregression Model of Order One

the dynamics of gambling and unemployment are well Variables
described by a VAR(p) model. Lagged Variable .
Gambling | Unemployment
Table 1: Descriptive Statistics First-Lagged Gambling 0.8723*** 0.0490**
First-Lagged 0.1048 0.6436™**
Statistic Gambling | Unemployment Unemployment
Average 0.0000 0.0000 ** and *** denote significance at the 95% and 99% confidence
Standard Deviation 16.0067 7.4781 levels, respectively.
Skewness 0.2766 —0.2928 Panel 2.2 Granger Causality Tests
Excess Kurtosis 0.0158 2.5345 Test F (1,206)
First-Order Autocorrelation | 0.9017*** 0.6898*** Unemployment does not Granger cause 26374
Jarque-Bera Statistic 3.9813 60.1281*** gambling.
Augmented Dickey—Fuller | —4.0256*** —6.9343*** Gambling does not Granger cause 4.6592*
Statistic unemployment.

***denotes significance at the 99% confidence level.

**denotes significance at the 95% confidence level.
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4.2. DAG Causality Test

The residuals from the VAR(1) model are used to
estimate the DAG model. The 10% significance level was
selected to establish the relationship. The PC algorithm
found a significant uni-directed edge, (U,— G). The edge
indicates a contemporaneous causality from unemployment
to gambling.

5. Discussion

5.1. Causality Relationships Between Lottery
Gambling and Unemployment

This study uncovers the causal relationships between
lottery gambling and unemployment in Thailand. First,
unemployment causes gambling in the same month.
In Panel 2.1 of Table 2, the slope coefficient of lagged
gambling in the unemployment equation is positive and
significant. Once the unemployed start to gamble, gambling
activities subsequently lead to higher unemployment in the
following month.

The DAG contemporaneous causality from unemploy-
ment to gambling supports the common belief and theories
that unemployment causes gambling. This result is consistent
with traditional gambling studies that used cross-sectional data.

Langham et al. (2016) explained Granger causality from
gambling to unemployment. The effects of gambling on
unemployment are second-order; it takes time for the effects to
show. This finding is consistent with Muggleton et al. (2021),
who reported a positive relationship between gambling and
future unemployment status in the United Kingdom.

The finding of Granger causality has important
implications on previous studies, based on cross-sectional
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Figure 1.1: Response of Unemployment to Gambling

data, on the effects of gambling on unemployment. The
significant effects do not indicate causality from gambling
to unemployment, but the association between the two
variables. It is likely that this association is from the
contemporaneous causality of unemployment to gambling.

5.2. Impulse Response Functions

The findings that (i) unemployment contemporaneously
causes gambling, and (ii) gambling Granger causes unemploy-
ment in the following month implies that unemployment in
the following month will contemporaneously cause gambling
in that month. The causes and effects are continuous and
circular. It is interesting to examine how long these circular
relationships will continue.

To answer this question, impulse response functions
(IRFs) of gambling and unemployment are estimated for
months 0 to 6 (Enders, 1995). With respect to the significant
uni-directed edge (U, - G,), the structural factorization
for contemporaneous causation between the residuals is
set from unemployment to gambling. That is, the residuals

G G GG
e, w, a
Is 4 here 4=
|:erU:| €quals |:W,U:| , where |:aUU

The variables ¢ and w” are independent gambling and

aGU
0 } and Q=AA'".

unemployment shocks, respectively.

The IRFs are graphically represented in Figure 1. The
solid lines indicate the levels, and the dotted lines represent
the two standard deviation bands. The shock of gambling
has an effect on unemployment in months 1 to 4, whereas
the shock of unemployment also affects gambling in months
1 to 4. (The response of gambling to unemployment in month
0 is significant at the 90% confidence level). The circular
causality lasts four months.
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Figure 1.2: Response of Gambling to Unemployment

Figure 1: Impulse Response Functions
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5.3. Underground Lottery

In Thailand, the lottery consists of government and
underground lotteries. In the past, the underground lottery was
more popular than the government lottery (Wannathepsakul,
2011). Recently, the reverse is the case (Research Centre for
Social and Business Development, 2020). This study relies
on the Google Trends index as a proxy for lottery-gambling
activities. The behavior of the index from February 27, 2021,
to April 30, 2021, is illustrated in Figure 2 and is similar
for the entire sample period. Lottery numbers are drawn on
the first and the sixteenth days of each month. The square
markers indicate the levels on the number-drawing dates;
gambling activities are most active on the draw dates.

Because the supply of government lottery is lowest on
the number-drawing day, the search is expected to be by
underground lottery gamblers. Underground lottery dealers
accept bets until 3.30 p.m. before the first-prize number is
drawn. Despite this, the Google Trends index should be able
to proxy lottery gambling activities. The Research Centre
for Social and Business Development (2018) reported that
most lottery gamblers buy tickets from both government and
underground lotteries.

5.4. Robustness Check

As a robustness check, the tests are repeated using the
unemployment-rate data and the lottery-gambling Google
Trends index. Unemployment rates were retrieved from the
CEIC Data database (https://www.ceicdata.com/en). The
sample period is from January 2004 to December 2021.

The correlation of the raw (detrended and deseasona-
lized) unemployment rate with the raw (detrended and
deseasonalized) gambling index is 0.60 (0.03). Tests are
based on detrended and deseasonalized variables. The study
imputes the missing unemployment rates for April to June
2020 based on their linear interpolation levels.

When the unemployment rate data is used, gambling
Granger causes unemployment, but unemployment does
not Granger cause gambling. At the 10% significance
level, the DAG test cannot detect any relationship

19-03-2021

27-02-2021
09-03-2021 +
29-03-2021
08-04-2021 +
18-04-2021
28-04-2021

Figure 2: Google Trends Index for Lottery-Gambling
Activities

between unemployment and gambling. However, when
the significance level is set at 20%, the uni-directed edge
(U,— G) is significant. Unemployment contemporaneously
causes gambling. The results are consistent with those for
the Google Trends data.

6. Conclusion

In most gambling studies, the significant effects
of unemployment on gambling, or vice versa, do not
necessarily imply causality from one variable to the other,
rather their association. The tests were not direct causality
tests. Granger and DAG tests were conducted for time-
sequence and contemporaneous causalities between lottery
gambling and unemployment in Thailand. The results reveal
that unemployment contemporaneously causes gambling,
whereas gambling Granger causes unemployment. The
findings support common beliefs and theories regarding the
causality of unemployment to gambling. They also support
the explanation of the second-order effects of gambling on
unemployment.

In this study, the interesting causalities are between
lottery gambling and unemployment. However, unemploy-
ment (gambling) is one of the possible causes and effects of
gambling (unemployment) (Changpetch, 2017; Shakur et al.,
2020). Other variables were possible, but these were not
addressed in this study and are left for future research.
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