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Abstract. This study investigates the relationship between the global economic
policy uncertainty and the happiness sentiment under impacts of the Covid-19
pandemic. In which, we employ the multivariate generalized autoregressive
conditional heteroskedasticity framework to examine return series of proxies
derived from social media, from 01 June 2011 to 25 May 2021. We aim to explore
how the global uncertainty influences economic policy and happiness in terms of
return and volatility transmissions. In addition, we assess the connection between
economic uncertainty and happiness sentiment before and during the
unprecedented Covid-19 outbreak. We find that the relationship remains negative
during the occurring outbreak, compared to the preceding period. In other words,
the economic policy uncertainty and the happiness sentiment indexes are
negatively correlated, regardless of the unprecedented crisis as caused by the
Covid-19 pandemic. The findings suggest that policymakers should enhance the
well-being of people and keep the economy under stable conditions,
contemporaneously. These policies are significantly tremendous in pursuit of
multiple economic and social objectives, especially in the context of the Covid-
19 crisis.
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1 Introduction

The novel coronavirus disease (Covid-19) pandemic has been causing enormous
damages to the globe. The Covid-19 outbreak is remarked by unprecedented crises in
various aspects such as economies, society, and environment. Consequences of the
Covid-19 pandemic are across individuals, organizations, markets, and economies. In
which, a typical impact of the pandemic on the global economy is the supply chain
disruption, as reflected in demand and supply fluctuations [1]. In connection, litera-
ture has provided supportive arguments and empirical evidence on economic impacts
of the Covid-19 crisis. Prominent findings comprise of an industry and sector ap-
proach [2], and multinational investigations [3]. Moreover, the Covid-19 pandemic is
found to be the causation of social impacts in terms of happiness sentiment and hu-
man behavior. Indeed, the health and trust of people tend to decrease under impacts of
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the Covid-19 crisis [4]. On the other hand, the pandemic has created negative impacts
on emotion [5]. This finding is supported by empirical investigations on the country
level, for example, the United States [6], and China [7]. These relevant studies have
revealed negative impacts of the Covid-19 pandemic on economies and individual
sentiment, respectively. Following this literature, it is questioned to examine such
impacts of the Covid-19 outbreak. Thus, we are supposed to investigate the relation-
ship between economic and social consequences of the Covid-19 pandemic, in terms
of policy uncertainty and happiness sentiment.

Due to the essence of a leading indicator, stock markets are straightforwardly sen-
sitive to an unprecedented crisis as caused by the Covid-19 pandemic [8]. The out-
break has been creating complicated problems for policymakers. Despite emergent
solutions, for example, the quantitative easing policy [9], impacts of the Covid-19
pandemic are considerable. The financial contagion is one of the most extreme conse-
quences of the Covid-19 outbreak [10]. Indeed, this crisis is empirically found to
transmit in multiple mechanisms, for example, international markets [11], financial
sectors, [12], and developed countries [13]. More comprehensively, the socio-
economic impacts of the Covid-19 pandemic has been examined in terms of the inter-
actions between financial economies and happiness sentiment. Prior literature has
provided various approaches to explain this relationship, for example, the sharing
economy [14], and the mental distress [15]. Relating to the nexus between economic
outcome and well-being, a prominent study indicates that the Covid-19 pandemic
increases the financial volatility and decreases the happiness sentiment [16]. While
the Covid-19 crisis causes unprecedented damages to both economic and social repre-
sentatives, the negative relation between economic uncertainty and happiness senti-
ment seems to remain unchanged under impacts of the pandemic. Indeed, this fact is
partly illustrated in terms of market uncertainty [17]. Intuitively, we could imagine
that individual happiness is negatively correlated to the economic uncertainty regard-
less of the pandemic. This conjecture matches the equivalent study [18], in which the
economic uncertainty is analyzed before and during the Covid-19 outbreak. Hence-
forth, we expect to clarify the consistent relationship between economic uncertainty
and well-being under implications of the Covid-19 pandemic. In specific, we shall
explore the interactions between the global economic policy uncertainty and the hap-
piness sentiment to demonstrate our hypothesis. This consideration matches inevitable
trends as caused by the Covid-19 pandemic as well as the digital era. In which, both
economic uncertainty and happiness sentiment could be evaluated based on social
media. Since happiness could be considered an economic terminology [19], this coin-
cident interference lays the background for the info-demic period [20].

The relationships between happiness and economic factors are based on the spiral
transmission from physical and mental health to well-being, and from well-being to
productivity. In terms of psychology [21], health is found to have positive impacts on
well-being. The individual health is significantly found to influence economic out-
comes, for example, income enhancement [22], and inequality mitigation [23]. Re-
markably, well-being is found to positively influence productivity [24]. This mecha-
nism on the interactions between happiness and economic outcomes is further illus-
trated in various approaches. In terms of microeconomics, prior literature has found
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significant impacts of happiness on decision making [25], investment behavior [26],
management [27], and pricing [28]. In terms of macroeconomics, happiness is found
to be the key driver of consumptions [29], national income [30], and economic growth
[31]. In support, the role of happiness in explaining economic behaviors is clarified in
finance. This fact is demonstrated under various methodologies, for example, near-
term assessments [32], and cross-sectional analysis [33]. Studies on economic impacts
of happiness is developed along the innovation of well-being metrics [34]. The digital
era facilitates to construct the “wordiness” technique to evaluate the global happiness
based on social media platforms [35]. This prominent method is the landmark for
studies regarding the relations between happiness and economic financial factors, for
example, predictability of international stock markets [36]. The novelty of the “word-
iness” method is the timeseries characteristic of the well-being proxy. This generates
the explosion of empirical findings on the nexus between happiness sentiment and
financial markets. Prior literature has affirmed that happiness significantly mitigates
the volatility of stock markets [37]. Evidence is supportively found in various meth-
odologies, for example, causality [38], quartile [39], and skewness [40]. In addition,
the negative relationship between happiness and market volatility is found in alterna-
tive investments, for example, precious metals [41], crude oil [42], futures [43], and
exchange-traded funds [44].

Based on related studies, we find a literature gap that the happiness sentiment has
not been examined compared to the uncertainty of economic policies. Recent studies
have provided partial evidence in specific markets, for example, G7 countries [45],
and China [46]. The challenge is that we are supposed to construct a timeseries proxy
for the global economic policy uncertainty. Fortunately, this challenge is solved by
the Twitter-derived measure [47]. Accordingly, we could assess the relationship be-
tween happiness sentiment and economic policy uncertainty. Coincidently, the well-
being proxy, namely Twitter’s daily happiness sentiment index, is constructed based
on behavior via the social media. The Twitter-based economic policy index is alterna-
tively applied in terms of conversational uncertainty [48]. Henceforth, we shall con-
temporaneously investigate the relationship between these proxies under impacts of
the Covid-19 pandemic. This approach suggests a specific perspective relating to
enormous impacts of the Covid-19 crisis in the digital era compared to relevant litera-
ture, for example, the global industry analysis based on Google Trends search [49].
Furthermore, this study is expected to provide consistent and supportive findings
compared to related literature, for example, the relationship between global wealth
and happiness [50]. In which, the contemporaneous approach reveals that wealth posi-
tively influences happiness and happiness significantly mitigate the wealth volatility.

Following this introduction, Section 2 presents our modeling strategy, Section 3
preliminarily analyzes the dataset, Section 4 discusses on results, and Section 5 con-
cludes.
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2 Empirical methods

We employ the multivariate generalized autoregressive conditional heteroskedasticity
(MGARCH) framework to assess the interactions between economic uncertainty and
happiness sentiment indexes. This approach matches the timeseries characteristic of
proxies, which are constructed based on the social media. Considering the feasibility
and flexibility of MGARCH modeling [51], we select the conditional correlation and
simultaneous mechanisms. In specific, our estimations comprise of the vector auto-
regressive moving average (VARMA)-GARCH [52], the constant conditional correla-
tion (CCC)-GARCH [53], the dynamic conditional correlation (DCC)-GARCH [54],
and the diagonal BEKK-GARCH [55] models. These estimations shall provide results
based on alternative perspectives and ensure the robustness check. In addition, our
preliminary analysis on the dataset supports the efficiency of above-mentioned mod-
els as well as reveals insignificant evidence on the asymmetric effect, in terms of
dynamic conditional correlation [56], and vector of simultaneous co-movements [57].

Under the MGARCH framework, we firstly estimate the s-lagged vector auto-
regressive (VAR) mean equation:

( N
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In (1), 1, = [r¥ 7]’ is the vector of economic uncertainty and happiness senti-
ment return series at time t; g is a vector of intercepts; @ is a matrix of coefficients;
€, 1s the error vector; H, is the conditional covariance matrix, whose Cholesky factor
is Ht1 / %, and 7, is the vector of independently and identically distributed errors. In
terms of Covid-19 impact assessments, we shall respectively apply the methodology
before (from 01 June 2011 to 31 December 2019) and during (from 01 January 2020
to 25 May 2021) the pandemic. Information criteria suggest that we select 6 lags in
both examined periods. Following, we present the estimation of the conditional covar-
iance matrix based on employed models.

The VARMA-GARCH model estimates the conditional variance matrix:

h, =C + Ae?_; + Bhy_, 2

In (2), hy = [hf h{]’; C is a vector of intercepts; and A and B are coefficient ma-
trices. Elements of H, are therefore determined as follow:

hi = ¢y + ay;(ei21)? + aip(€-1)% + by hi g + biohi_y
hi = cs + a1 (€8-1)% + aga(€f_1)? + barhi g + bpohi_y (3)
hi® = py/hihi

The estimation in (3) contains specific terms of a GARCH process, those are,
short-term volatility (through €2 ;) and long-term volatility (through h,_;). Moreo-
ver, the VARMA-GARCH model captures the return and volatility spillover effects
due to full side of estimated matrices A and B. This characteristic creates the superior-
ity of the VARMA-GARCH model in exploring past shock transmissions between
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return series. Besides, this estimation includes the constant conditional correlation p
between past volatilities. This is a technical specification compared to alternative
MGARCH mechanisms.

The CCC-GARCH model is a special case of the VARMA-GARCH model, in
which matrices A and B are imposed to be diagonal. The conditional covariance ma-
trix is therefore estimated:

hi = cy + ayi(€21)* + byhi g
hi = cs + azy(€7-1)% + byyhi_4 @)
hes = pJRER

To ensure the stationarity of estimators, the VARMA-GARCH and the CCC-
GARCH models via (4) require finding eigenvalues A of matrix (4 + B) inside the
unit circle.

Approaching alternatively, the DCC-GARCH model assumes that the conditional
correlation p is dynamic and decomposes the conditional correlation matrix:

JhY 0 1 JhE 0
Ht=DtPtDt=[ ‘ ][ plt[ ‘ ] (5)
0 rille o Jr
In details, the dynamic conditional correlation in (5) is estimated as:
P, = (Q)V2Q.(@)™V?

a 5 , 6

Q= | us ts] =1 -a—-p)Q+an._1Ni_1+ Qi1 ()
qt qt

Q>0 Qi =diag(Q) Q=EMmmp)

In (6), Q; is a symmetric positive definite matrix; a and 8 are non-negative scalars
such that @ + B < 1; and Q is the matrix of unconditional correlations between stand-
ardized errors 7.

On the other hand, the diagonal BEKK-GARCH model suggests a contemporane-
ous estimation for the conditional covariance matrix:

H =C'C+A€,_,6{_1A+B'H,_,B (7

In (7), C is an upper-triangular matrix of intercepts; and A and B are diagonal ma-
trices of parameters. Under this process, the conditional covariance matrix is simulta-
neously estimated:

hi = ¢, + aj(ef1)* + bihi 4
hi® = cus + ayas€i 164 + bybshi?y 3
hi = cs + aZ(ef_1)* + bihi_,

Accordingly, the diagonal BEKK-GARCH model contains imposed restrictions
compared to the conditional correlation mechanism. Relating to stationary conditions,
the diagonal BEKK-GARCH requires that d, = a2+ b2 <1, dys = |ayas +
bybs| < 1,and ds = a2 + b2 < 1.

Regarding empirical findings, the MGARCH methodology is found to be efficient
in terms of investigating the nexus between timeseries proxies. The efficiency of con-
ditional correlation and simultaneous MGARCH models has been demonstrated in
various research fields, for example, commodity markets [58], stock-gold nexus [59],
stock-bond co-movements [60], macro news [61], air quality [62], and metaphysical
finance [50]. Therefore, the MGARCH approach is expected to provide significant
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evidence on the persistent relationship between the global economic policy uncertain-
ty and the happiness sentiment under impacts of the Covid-19 pandemic.

3 Data and preliminary analyses

We employ the dataset of the global economic policy uncertainty index' [47] and the
Twitter’s daily happiness sentiment index® from 01 June 2011 to 25 May 2021 to
investigate the hypothesis of this study. The intimate relationship between these prox-
ies is that they are constructed based on the social media platform. To clarify impacts
of the Covid-19 pandemic to the relationship between economic uncertainty and hap-
piness sentiment, we respectively consider this nexus before the crisis (from 01 June
2011 to 31 December 2019) and during the crisis (from 01 January 2020 to 25 May
2021). Fig. 1 and Fig. 2 illustrate the index series during the studied period. Both
series tend to harmonize in the long term. In which, the economic policy uncertainty
index has a higher range of volatility compared to the happiness sentiment index. The
economic uncertainty index hits its peak in the beginning of the Covid-19 period.
These patterns reflect the fact that the economic uncertainty depends on various fac-
tors, while the happiness index mostly relates to the human behavior and sentiment.

Table 1 presents descriptive statistics and stochastic properties of daily returns of
the index series. In terms of mean, a preliminary analysis reveals that the global eco-
nomic policy becomes more uncertain, and the happiness sentiment decreases under
implications of the Covid-19 outbreak. This performance is supportively affirmed to
be robust in terms of standard deviation. Besides, the skewness of both series trans-
forms from positive before the Covid-19 event to negative during the crisis. Interest-
ingly, both index series turn from platykurtic to leptokurtic under impacts of the
Covid-19 pandemic. These significant statistics confirm that our data splitting is rea-
sonable. Stochastic properties indicate that return series are normally distributed,
autocorrelated, heteroskedastic, and stationary. Accordingly, it is implied that the
MGRACH approach is suitable for proxies with such timeseries characteristics. Sig-
nificant stochastic properties are prerequisites for further investigation in terms past
shock and volatility transmissions between return series.

! Retrieved from https://www.policyuncertainty.com/.
2 Retrieved from https://www.hedonometer.org/timeseries/en_all/.
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Fig. 1. The global economic policy uncertainty index (GEPU)
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Fig. 2. The Twitter’s daily happiness sentiment index (DHS)
Table 1. Summary statistics for returns of GEPU and DHS
GEPU GEPU DHS DHS
2011-2019 2020-2021 2011-2019 2020-2021
Observation 3113 464 3113 464
Mean -0.06% 0.04% 0.00% -0.01%
Std deviation 0.4716 0.2217 0.0048 0.0069
Skewness 0.4133%** 0.2772%%* -0.8030%*** -0.3476%**
Kurtosis 1.8195%** 1.5528*** 9.9489%** 11.2698%**
Jarque-Bera 518.03%%* 52.5591%** 13173.17%%* 2464 .85%**
Ljung-Box 471.08%** 120.87%** 614.15%%* 60.4136***
McLeod-Li 405.92%** 57.0141%** 396.91%** 162.77**
ARCH 269.71%** 44 5770%** 374.48%** 149.48%**
Dickey-Fuller =~ -81.2537%** -32.5131%%* -60.9139%** -27.7736%**
Phillips-Perron -100.57*** -37.7454%** -67.9867*** -29.8267***

Notes: *, ** and *** indicate statistical significance of 10%, 5%, and 1%, respectively. De-
scriptive statistics include number of observations, mean, standard deviation, skewness, and
kurtosis. Stochastic properties include normality with the Jarque-Bera test, the autocorrelation
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effect with 15-lagged Ljung-Box and McLeod-Li tests, heteroskedasticity with a 15-lagged
ARCH test, and stationary conditions with Dickey-Fuller and Phillips-Perron unit root tests.

4 Findings

Table 2 and Table 3 present our results on the relationship between return series of the
economic policy uncertainty and the happiness sentiment indexes under the
MGARCH modeling. The estimations include VARMA-GARCH, CCC-GARCH,
DCC-GARCH, and diagonal BEKK-GARCH models for separate period, that is,
before and during the Covid-19 pandemic. In each model, the estimation captures the
VAR mean equation and the conditional covariance matrix. On the other hand, each
estimation is considered based on model selection information and diagnostic tests.

Before the Covid-19 pandemic, the DCC-GARCH model provides the best-suited
estimation, in terms of log likelihood and information criteria. In the vector auto-
regressive mean equation, all models provide statistically significant evidence that
past returns of economic policy and happiness sentiment negatively affects to each
other. These estimations indicate the negative relationship between return series and
therefore matches our conjecture. In common sense, it is popularly perceived that
stable economic conditions positively influence happiness as well as the well-being
facilitates to mitigate the uncertainty. Our finding based on the MGARCH approach is
consistent to prior literature on the relationship between economic uncertainty and
happiness sentiment, for example, the role of happiness in financial markets [36], and
the relationship between wealth and happiness [50]. The results are strongly support-
ed by lagged terms of return series. This implies that economic uncertainty and hap-
piness sentiment are interchangeably accumulated. In addition, the conditional covari-
ance matrix estimations reveal further information on the nexus between return series.
Accordingly, the MGARCH process provides detailed explanation on the interactions
between return series. Indeed, selected models demonstrate the past shock and volatil-
ity transmission effect between economic uncertainty and happiness sentiment index-
es, in which significant estimations are found in both short-term and long-term coeffi-
cients. Interestingly, each model provides a significant perspective based on their own
mechanisms, those are, the constant conditional correlation of VARMA-GARCH and
CCC-GARCH models, the dynamic terms under the DCC-GARCH model, and the
simultaneous estimation under the diagonal BEKK-GARCH model. The appropriate-
ness of the MGARCH modeling is supportively confirmed by diagnostic tests, in
which residuals are checked with normally distributed, autocorrelated, heteroskedas-
tic, and stationary properties. Thus, we find that economic policy uncertainty and
happiness sentiment are negatively correlated under stable conditions, as determined
from 01 June 2011 to 31 December 2019.

During the occurring Covid-19 outbreak, the VARMA-GARCH model gains ad-
vantage compared to others, in terms of log likelihood and information criteria. We
find significant evidence that the negative relationship between economic uncertainty
and happiness remain unchanged under impacts of the Covid-19, in terms of mean
equation. This finding matches our hypothesis that uncertainty and well-being are
negatively correlated regardless of the crisis. The nexus is further supported by vari-
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ous specifications, those are, lag coefficients, conditional correlations under alterna-
tive perspectives, and stochastic properties of residual series. An interesting point is
that the VARMA-GARCH model captures the return and volatility spillovers between
economic uncertainty and happiness sentiment indexes. This finding is supportive
evidence compared to the economic uncertainty assessments before and during the
Covid-19 pandemic [18]. Henceforth, the relationship between economic uncertainty
and happiness sentiment remains negative during the Covid-19 period, as determined
from 01 January 2020 to 25 May 2021. In other words, this relationship is consistent
under impacts of the unprecedented crisis caused by the Covid-19 pandemic. Our
findings imply that there is still anticipation during unprecedented events. The im-
portant thing is that we are supposed to prepare feasible policies in case of difficult
periods, for example, the Covid-19 crisis. These empirical findings reflect the VUCA
context, which includes volatility, uncertainty, complexity, and ambiguity following
the pandemic.
Table 2. Empirical results under constant conditional correlation MGARCH models

VARMA-GARCH CCC-GARCH
2011-2019 2020-2021 2011-2019 2020-2021

T
ut 0.0096 0.0048*** 0.0030 -0.0030
(0.0071) (0.0003) (0.0068) (0.0083)
i, -0.597 %% -0.5266%** -0.5997*** -0.5848**
(0.0143) (0.0153) (0.0144) (0.0483)
4 -6.5898%** -1.4272 -5.6188*#* -0.2961
(1.4599) (1.2652) (1.4795) (1.3691)
e, -0.4919%** -0.4089** -0.4979%** -0.4198**
(0.0145) (0.0034) (0.0147) (0.0525)
e, 0.8859 -0.9102 0.1097 0.2329
(1.4952) (1.1515) (1.5377) (1.4565)
g -0.3564%** -0.3382%** -0.3760%** -0.3252%%*
(0.0140) (0.0314) (0.01406) (0.0564)
e 5 2.3264 -3.1994%** 0.1049 -2.1037
(1.6176) (1.1730) (1.4714) (1.4483)
T, -0.2719%*x* -0.1864%** -0.2885%#* -0.2102%*
(0.0144) (0.0383) (0.0151) (0.0569)
S 2.0371 -2.8425%%* 1.0639 -1.7815
(1.5313) (1.2182) (1.2866) (1.4863)
e -0.2108%** -0.2236%** -0.2271%%* -0.2688**
(0.0138) (0.0345) (0.0143) (0.0525)
e g 3.8419%*x* -3.4100%** 1.5460 -2.0266
(1.3402) (1.1130) (1.2944) (1.3982)
e -0.1309%** -0.1785%** -0.1287%** -0.1975%*
(0.0137) (0.0022) (0.0139) (0.04406)
6 5.3426%** -1.1641 3.6873** -1.0183
(1.4667) (1.2129) (1.5716) (1.3172)
e

us -0.0001 0.0003 -0.0001* 0.0002
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VARMA-GARCH CCC-GARCH
2011-2019 2020-2021 2011-2019 2020-2021
(0.0001) (0.0002) (0.0001) (0.0002)
r, -0.0002 0.0009 -0.0002%* 0.0001
(0.0001) (0.0013) (0.0001) (0.0013)
sy 0.3194%%% 02553k (3] %k -0.2627%*
(0.0163) (0.0459) (0.0233) (0.0486)
e, -0.0002* -0.0020 -0.0003%* -0.0029%
(0.0001) (0.0014) (0.0001) (0.0015)
s, 0.4203%%%  03110%**  0.4085%** ~0.3158%*
(0.0166) (0.0516) (0.0170) (0.0527)
e, -0.0003* -0.0053%** -0.0001 -0.0065%*
(0.0001) (0.0013) (0.0001) (0.0015)
S, 0.3882%%% 0. ]198**k*  .0.3907%** -0.1265%*
(0.0181) (0.0420) (0.0177) (0.0509)
e, -0.0001 -0.0041%%%* -0.0001 -0.0055%*
(0.0001) (0.0012) (0.0001) (0.0014)
54 0.3574%%%  _0,0935%%*%  _0.3673%** -0.0951%*
(0.0168) (0.0353) (0.0165) (0.0446)
. 0.0001 -0.0002 0.0002* -0.0014
(0.0001) (0.0014) (0.0001) (0.0014)
e -0.3339%** 0.0205 -0.3541 %% -0.0052
(0.0153) (0.0303) (0.0166) (0.0435)
. -0.0001 -0.0002 0.0000 -0.0015
(0.0002) (0.0012) (0.0001) (0.0013)
e -0.1460%** 0.0000 -0.1680%** -0.0133
(0.0138) (0.0371) (0.0167) (0.0400)
H;
cy 0.0539%++ 0.0205%%* 0.0001 0.0021
(0.0025) (0.0009) (0.0001) (0.0015)
cs 0.0000%** 0.0000%** 0.0000%** 0.0000%**
(0.0000) (0.0000) (0.0000) (0.0000)
i 0.2374%%+ -0.0620%** 0.0130%** 0.0434*
(0.0131) (0.0012) (0.0001) (0.0224)
a1, 407.40%** 56.928 1%+
(47.0986) (6.8312)
ay 0.0000%* 0.0001***
(0.0000) (0.0000)
s 0.6410%** 0.1755%%* 0.7300%** 0.3085%**
(0.0508) (0.0410) (0.0556) (0.0630)
by, 0.4335%%+ 0.3309%%* 0.9864% %+ 0.8920%%*
(0.0096) (0.0288) (0.0006) (0.0595)
by, 269.00%%*  57.6807%**
(76.5678) (1.7584)
by, 0.0000%** -0.0003%**
(0.0000) (0.0000)
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VARMA-GARCH CCC-GARCH
2011-2019 2020-2021 2011-2019 2020-2021
by, 0.1762%** 0.6929%%%* -0.0010 0.5498***
(0.0312) (0.0248) (0.0069) (0.0594)
p -0.1297%** -0.0852%* -0.1254%** -0.0878*
(0.0156) (0.0473) (0.0162) (0.0477)
Information
Observation 3107 458 3107 458
LOGL 11585.55 1906.79 11745.31 1896.52
AIC -7.4340 -8.1650 -7.5390 -8.1380
SBC -7.3620 -7.8320 -7.4750 -7.8400
HQ -7.4080 -8.0340 -7.5160 -8.0210
LFPE -7.4340 -8.1650 -7.5390 -8.1370
Tests
Jarque-Bera 1600.66*** 15.60%** 680.30%** 15.26%**
11850%** 46.67*** 9902.37%** 105.19%**
Ljung-Box 54.6681*** 18.1673 52.5126%** 19.3136
70.3222%** 17.0558 68.9811%** 17.8471
McLeod-Li 41.3069%** 16.9551 17.6962 14.5988
17.7628 19.4929 15.9726 25.3055%*
ARCH 42.4090*** 14.1190 17.3070 14.5180
17.0200 18.4430 15.1130 22.3200%*
A -0.6709 -0.3099 -0.7290 -0.8583
A, -0.8172 -0.8274 -0.9994 -0.9363

Notes: Standard errors are in parentheses. *, ** and *** indicate statistical significance of
10%, 5%, and 1%, respectively. LOGL = Log likelihood. Information criteria include Akaike
(AIC), Schwarz-Bayes (SBC), Hannan-Quinn (HQ), and logarithm of the final prediction error
(LFPE). The Jarque-Bera test is for normality of residuals. The autocorrelation effect is
checked with 15-lagged Ljung-Box and McLeod-Li tests. The heteroskedasticity effect is
checked with a 15-lagged ARCH test.

Table 3. Empirical results under competing MGARCH models

DCC-GARCH DBEKK-GARCH
2011-2019 2020-2021 2011-2019 2020-2021
r#
u* 0.0029 -0.0035 0.0021 -0.0025
(0.0065) (0.0079) (0.0071) (0.0082)
i) -0.6006%** -0.5914** -0.6025%** -0.5847**
(0.0172) (0.0465) (0.0169) (0.0451)
() -5.5272%%* -0.5999 -5.7085%*** -0.4449
(1.4482) (1.2652) (1.4402) (1.1157)
e, -0.4983*** -0.4132%* -0.5014*** -0.4152%**
(0.0204) (0.0504) (0.0199) (0.0502)
(i 0.1083 0.2375 0.1000 -0.0875
(1.4993) (1.3256) (1.4841) (1.2466)
s -0.3788%*** -0.3457** -0.3828%** -0.3337**
(0.0215) (0.0551) (0.0208) (0.0495)
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DCC-GARCH DBEKK-GARCH
2011-2019 2020-2021 2011-2019 2020-2021
15 3 0.0211 -2.1023 -0.0855 -2.5505%*
(1.6422) (1.3802) (1.5186) (1.2672)
T, -0.2903 -0.2268** -0.2956%** -0.2123**
(0.0214) (0.0540) (0.0205) (0.0510)
154 1.1630 -1.7838 0.9313 -2.0053
(1.6265) (1.4032) (1.5407) (1.3404)
e -0.2278%#* -0.2647** -0.2298%** -0.2703**
(0.0204) (0.0484) (0.0188) (0.0463)
(e 1.3653 -2.0354 1.3601 -2.1734
(1.5006) (1.2996) (1.4757) (1.3739)
e -0.1298*#* -0.2041** -0.1309%** -0.2043**
(0.0176) (0.0418) (0.0161) (0.0421)
(- 3.7684** -1.4419 3.7638%* -1.3656
(1.5441) (1.1976) (1.5137) (1.2637)
e
us -0.0001* 0.0002 -0.0001* 0.0003
(0.0001) (0.0002) (0.0001) (0.0002)
rHy -0.0002* -0.0003 -0.0002 0.0001
(0.0001) (0.0014) (0.0001) (0.0013)
(i -0.32] 1*#* -0.2715%* -0.3186%** -0.2871**
(0.0229) (0.0544) (0.0223) (0.0553)
2, -0.0003* -0.0037** -0.0002 -0.0030**
(0.0001) (0.0015) (0.0002) (0.0015)
5, -0.4076%** -0.3080** -0.4103*** -0.3197**
(0.0157) (0.0519) (0.0167) (0.0530)
s -0.0001 -0.0066** -0.0001 -0.0063**
(0.0002) (0.0014) (0.0002) (0.0015)
[ -0.3891 *** -0.1153** -0.3924%** -0.1335%*
(0.0170) (0.0542) (0.0172) (0.0524)
¥, -0.0001 -0.0055** -0.0001 -0.0054**
(0.0002) (0.0014) (0.0002) (0.0014)
(i -0.3657%** -0.1082** -0.3680%*** -0.1112%**
(0.0161) (0.0464) (0.0160) (0.0454)
e 0.0002 -0.0012 0.0002 -0.0014
(0.0001) (0.0014) (0.0001) (0.0015)
(e -0.3534%#* 0.0037 -0.3558%** -0.0040
(0.0173) (0.0404) (0.0173) (0.0410)
e 0.0000 -0.0014 0.0000 -0.0014
(0.0001) (0.0013) (0.0001) (0.0013)
(. -0.1653%** -0.0186 -0.1684*** -0.0284
(0.0161) (0.0412) (0.0159) (0.0446)
H,
Cy 0.0001 0.0023 0.0128%** 0.0468**
(0.0001) (0.0017) (0.0029) (0.0194)
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DCC-GARCH DBEKK-GARCH
2011-2019 2020-2021 2011-2019 2020-2021
Cus -0.0028*** -0.0003
(0.0001) (0.0002)
C 0.0000%*** 0.0000%** 0.0000 0.0024***
(0.0000) (0.0000) (0.0011) (0.0003)
a1 0.0131%%** 0.0458* 0.1167%** 0.1755%**
(0.0024) (0.0242) (0.0096) (0.0529)
a,, 0.7287*** 0.3116%*** 0.8488*** 0.5632%**
(0.0557) (0.0615) (0.0311) (0.0626)
by, 0.9864*** 0.8851*** 0.9925%*** 0.9499***
(0.0024) (0.0646) (0.0012) (0.0345)
b,, -0.0011 0.5493%%*%* 0.0583 0.7319%**
(0.0077) (0.0563) (0.0576) (0.0488)
a 0.0218 0.1566**
(0.0139) (0.0734)
B 0.8113%** 0.2949*
(0.1085) (0.1517)
Information
Observation 3107 458 3107 458
LOGL 11747.09 1898.63 11729.89 1895.58
AIC -7.5400 -8.1430 -7.5290 -8.1340
SBC -7.4740 -7.8360 -7.4650 -7.8360
HQ -7.5160 -8.0220 -7.5060 -8.0160
LFPE -7.5400 -8.1420 -7.5290 -8.1330
Tests
Jarque-Bera 680.74%*** 16.44% %% 687.20%** 16.05%**
9657.64%** 115.04%** 9938.88%** 115.19%**
Ljung-Box 52.8028%*** 19.5657 53.6484%** 19.1463
69.3660%** 16.6997 69.6908%** 18.4435
McLeod-Li 17.6716 14.3899 17.5079 16.1644
16.2348 26.1232%* 16.0871 27.8182%*
ARCH 17.2790 14.4740 17.0740 15.9310
15.3500 23.3350%* 15.2260 24.4060%*
a+f 0.8331 0.4515
d, 0.9987 0.9331
dys 0.1569 0.7941
d, 0.7239 0.8529

Notes: Standard errors are in parentheses. *, ** and *** indicate statistical significance of
10%, 5%, and 1%, respectively. LOGL = Log likelihood. Information criteria include Akaike
(AIC), Schwarz-Bayes (SBC), Hannan-Quinn (HQ), and logarithm of the final prediction error
(LFPE). The Jarque-Bera test is for normality of residuals. The autocorrelation effect is
checked with 15-lagged Ljung-Box and McLeod-Li tests. The heteroskedasticity effect is

checked with a 15-lagged ARCH test.
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5 Conclusion

We have investigated the relationship between economic policy uncertainty and hap-
piness sentiment before and during the occurring Covid-19 crisis and find that it re-
mains negative under impacts of the pandemic. In support, our MGARCH methodol-
ogy clarifies that the vector autoregressive moving average explains provides the best-
suited explanations during the crisis compared to the dynamic conditional correlation
before the crisis. The persistent relationship between economic uncertainty and hap-
piness sentiment is further investigated in terms various coefficients, those are, lagged
returns, past shock and volatility transmissions, and stochastic residuals. As an un-
precedented event, the Covid-19 pandemic has been causing extreme social and eco-
nomic consequences. However, there is still a consistence under impacts of the
Covid-19 crisis. In which, one of anticipated things is the nexus between the global
economic policy uncertainty and the happiness sentiment.

This study has investigated interactions between economic uncertainty and happi-
ness on the global scale based on technical instruments derived from the social media
platform. The findings imply that policymakers shall enhance the well-being of peo-
ple and mitigate the economic uncertainty, regardless of the Covid-19 crisis. The
consonance of related social and economic policies is the tremendous means in pur-
suit of multiple objectives, especially in the context of the Covid-19 outbreak. In con-
nection, future studies on this topic are recommended to approach on the country
level. This perspective is expected to suggest specific policy implications depending
on economic, social, and geopolitical conditions of each country.

Acknowledgments. This study is funded by University of Economics Ho Chi Minh City
(UEH).

Disclosure of Interests. There is no conflict of interest in relation to this study.

References

1. S. Barua, "Understanding Coronanomics: The economic implications of the coronavirus
(COVID-19) pandemic," 2020.

2. J. W. Goodell, "COVID-19 and finance: Agendas for future research," Finance Research
Letters, vol. 35, p. 101512, 2020.

3. M. Ali, N. Alam and S. A. R. Rizvi, "Coronavirus (COVID-19) - An epidemic or pandem-
ic for financial markets," Journal of Behavioral and Experimental Finance, vol. 27, p.
100341, 2020.

4. J. F. Helliwell, H. Huang, S. Wang and M. Norton, "World happiness, trust and deaths un-
der COVID-19," World Happiness Report 2021, pp. 13-57, 2021.

5. J. C. Meléndez, E. Satorres, M. Reyes-Olmedo, I. Delhom, E. Real and Y. Lora, "Emotion
recognition changes in a confinement situation due to COVID-19," Journal of Environ-
mental Psychology, vol. 72, p. 101518, 2020.

6. J. S. Yarrington, J. Lasser, D. Garcia, J. H. Vargas, D. D. Couto, T. Marafon, M. G. Craske
and A. N. Niles, "Impact of the COVID-19 pandemic on mental health among 157,213
Americans," Journal of Affective Disorders, vol. 286, pp. 64-70, 2021.



10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

The relationship between global economic policy uncertainty 397

H. Lu, P. Nie and L. Qian, "Do quarantine experiences and attitudes towards COVID-19
affect the distribution of mental health in China? A quantile regression analysis," Applied
Research in Quality of Life, pp. 1-18, 2020.

S. R. Baker, N. Bloom, S. J. Davis, K. Kost, M. Sammon and T. Viratyosin, "The unprec-
edented stock market reaction to COVID-19," The review of asset pricing studies, vol. 10,
no. 4, pp. 742-758, 2020.

D. Zhang, M. Hu and Q. Ji, "Financial markets under the global pandemic of COVID-19,"
Finance Research Letters, vol. 36, p. 101528, 2020.

D. L. Okorie and B. Lin, "Stock Markets and the COVID-19 Fractal Contagion Effects,"
Finance Research Letters, vol. 38, p. 101640, 2020.

B. N. Ashraf, "Economic impact of government interventions during the COVID-19 pan-
demic: International evidence from financial markets," Journal of behavioral and experi-
mental finance, vol. 27, p. 100371, 2020.

D. Wojcik and S. Ioannou, "COVID-19 and Finance: Market Developments So Far and
Potential Impacts on the Financial Sector and Centres," Tijdschrift voor economische en
sociale geografie, vol. 111, no. 3, pp. 387-400, 2020.

M. Akhtaruzzaman, S. Boubaker and A. Sensoy, "Financial contagion during COVID-19
crisis," Finance Research Letters, vol. 38, p. 101604, 2021.

M. Alharthi, H. Alamoudi, A. A. Shaikh and M. H. Bhutto, "“Your ride has arrived”—
Exploring the nexus between subjective well-being, socio-cultural beliefs, COVID-19, and
the sharing economy," Telematics and Informatics, vol. 63, p. 101663, 2021.

M. T. Wolfe and P. C. Patel, "Everybody hurts: Self-employment, financial concerns, men-
tal distress, and well-being during COVID-19," Journal of Business Venturing Insights,
vol. 15, p. €00231, 2021.

K. Barrafrem, G. Tingh6ég and D. Vistfjill, "Trust in the government increases financial
well-being and general well-being during COVID-19," Journal of Behavioral and Experi-
mental Finance, vol. 31, p. 100514, 2021.

U. Chatterjee and J. J. French, "A note on tweeting and equity markets before and during
the Covid-19 pandemic," Finance Research Letters, p. 102224, 2021.

D. Altig, S. Baker, J. M. Barrero, N. Bloom, P. Bunn, S. Chen, ... and G. Thwaites, "Eco-
nomic uncertainty before and during the COVID-19 pandemic," Journal of Public Eco-
nomics, vol. 191, p. 104274, 2020.

M. Piekalkiewicz, "Why do economists study happiness?," Economic and Labour Rela-
tions Review, vol. 28, no. 3, pp. 361-377, 2017.

M. Cinelli, W. Quattrociocchi, A. Galeazzi, C. M. Valensise, E. Brugnoli, A. L. Schmidt,
... and A. Scala, "The COVID-19 social media infodemic," Scientific Reports, vol. 10, no.
1, pp. 1-10, 2020.

E. Diener, D. S. Pressman, J. Hunter and D. Delgadillo-Chase, "If, why, and when subjec-
tive well-being influences health, and future needed research," Applied Psychology:
Health and Well-Being, vol. 9, no. 2, pp. 133-167, 2017.

A. Deaton, "Income, health, and well-being around the world: Evidence from the Gallup
World Poll," Journal of Economic perspectives, vol. 22, no. 2, pp. 53-72, 2008.

C. D. Ryff, "Eudaimonic well-being, inequality, and health: Recent findings and future di-
rections," International Review of Economics, vol. 64, no. 2, pp. 159-178, 2017.

A. J. Oswald, E. Proto and D. Sgroi, "Happiness and productivity," Journal of Labor Eco-
nomics, vol. 33, no. 4, pp. 789-822, 2015.

A. M. Isen, "An influence of positive affect on decision making in complex situations:
Theoretical issues with practical implications," Journal of Consumer Psychology, vol. 11,
no. 2, pp. 75-85, 2001.



398

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

V.Le

T. Chuluun and C. Graham, "Local happiness and firm behavior: Do firms in happy places
invest more?," Journal of Economic Behavior & Organization, vol. 125, pp. 41-56, 2016.
C. D. Fisher, "Happiness at work," International journal of management reviews, vol. 12,
no. 4, pp. 384-412, 2010.

A. Falato, "Happiness maintenance and asset prices," Journal of Economic Dynamics and
Control, vol. 33, no. 6, pp. 1247-1262, 2009.

D. Kahneman and R. H. Thaler, "Anomalies: Utility maximization and experienced utili-
ty," Journal of Economic Perspectives, vol. 20, no. 1, pp. 221-234, 2006.

M. R. Hagerty and R. Veenhoven, "Wealth and happiness revisited—growing national in-
come does go with greater happiness," Social Indicators Research, vol. 64, no. 1, pp. 1-27,
2003.

B. Stevenson and J. Wolfers, "Economic growth and subjective well-being: Reassessing
the Easterlin paradox," National Bureau of Economic Research, p. (No. w14282), 2008.

G. W. Brown and M. T. Cliff, "Investor sentiment and the near-term stock market," Jour-
nal of Empirical Finance, vol. 11, no. 1, pp. 1-27, 2004.

M. Baker and J. Wurgler, "Investor sentiment and the cross-section of stock returns," The
Journal of Finance, vol. 61, no. 4, pp. 1645-1680, 2006.

D. Kahneman and A. B. Krueger, "Developments in the measurement of subjective well-
being," Journal of Economic perspectives, vol. 20, no. 1, pp. 3-24, 2006.

A. D. I. Kramer, "An unobtrusive behavioral model of "gross national happiness"," in Pro-
ceedings of the SIGCHI conference on human factors in computing systems, 2010.

A. Siganos, E. Vagenas-Nanos and P. Verwijmeren, "Facebook's daily sentiment and in-
ternational stock markets," Journal of Economic Behavior & Organization, vol. 107, pp.
730-743, 2014.

M. Balcilar, R. Gupta and C. Kyei, "Predicting Stock Returns and Volatility with Investor
Sentiment Indices: A Reconsideration Using a Nonparametric Causality-In-Quantiles
Test," Bulletin of Economic Research, vol. 70, no. 1, pp. 74-87, 2018.

W. Zhang, X. Li, D. Shen and A. Teglio, "Daily happiness and stock returns: Some inter-
national evidence," Physica A: Statistical Mechanics and Its Applications, vol. 460, pp.
201-209, 2016.

W. You, Y. Guo and C. Peng, "Twitter's daily happiness sentiment and the predictability
of stock returns," Finance Research Letters, vol. 23, pp. 58-64, 2017.

D. Shen, L. Liu and Y. Zhang, "Quantifying the cross-sectional relationship between
online sentiment and the skewness of stock returns," Physica A: Statistical Mechanics and
its Applications, vol. 490, pp. 928-934, 2018.

M. Bonato, K. Gkillas, R. Gupta and C. Pierdzioch, "A note on investor happiness and the
predictability of realized volatility of gold," Finance Research Letters, vol. 39, p. 101614,
2021.

M. G. R. &. M. M. Asai, "Forecasting volatility and co-volatility of crude oil and gold fu-
tures: Effects of leverage, jumps, spillovers, and geopolitical risks," International Journal
of Forecasting, vol. 36, no. 3, pp. 933-948, 2020.

L. Fang, H. Yu and W. Xiao, "Forecasting gold futures market volatility using macroeco-
nomic variables in the United States," Economic Modelling, vol. 72, pp. 249-259, 2018.

C. C. Lee and M. P. Chen, "Happiness sentiments and the prediction of cross-border coun-
try exchange-traded fund returns," The North American Journal of Economics and Fi-
nance, vol. 54, p. 101254, 2020.

C. Behera and B. N. Rath, "The connectedness between Twitter uncertainty index and
stock return volatility in the G7 countries," Applied Economics Letters, pp. 1-4, 2021.



46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

The relationship between global economic policy uncertainty 399

Z. Ouyang, F. Liu, G. Zhai and S. Bilan, "Assessment of Resident Happiness under Uncer-
tainty of Economic Policies: Empirical Evidences from China," Sustainability, vol. 12, no.
18, p. 7296, 2020.

S. R. Baker, N. Bloom, S. J. Davis and T. Renault, "Twitter-Derived Measures of Econom-
ic Uncertainty," 2021.

T. Tran, P. Mandaokar, N. Vemprala, R. Valecha, G. Hariharan and H. R. Rao, "Conversa-
tional Uncertainty from Misinformation in Social Media during COVID-19: An Examina-
tion of Emotions," 2021.

J. J. Szczygielski, A. Charteris, P. R. Bwanya and J. Brzeszczynski, "The impact and role
of COVID-19 uncertainty: A global industry analysis," International Review of Financial
Analysis, p. 101837, 2021.

K.-Q. B. Nguyen and V. Le, "The relationship between global wealth and happiness: An
analytical study of returns and volatility spillovers," Borsa Istanbul Review, vol. 21, no.
S1, pp. S80-S89, 2021.

D. De Almeida, L. K. Hotta and E. Ruiz, "MGARCH models: Trade-off between feasibil-
ity and flexibility," International Journal of Forecasting, vol. 34, no. 1, pp. 45-63, 2018.

S. Ling and M. McAleer, "Asymptotic theory for a vector ARMA-GARCH model," Econ-
ometric Theory, vol. 19, no. 2, pp. 280-310, 2003.

T. Bollerslev, "Modelling the Coherence in Short-Run Nominal Exchange Rates: A Multi-
variate Generalized ARCH Model," The Review of Economics and Statistics, vol. 72, no.
3, pp. 498-505, 1990.

R. F. Engle, "Dynamic Conditional Correlation: A Simple Class of Multivariate General-
ized Autoregressive Conditional Heteroskedasticity Models," Journal of Business & Eco-
nomic Statistics, vol. 20, no. 3, pp. 339-350, 2002.

R. F. Engle and K. F. Kroner, "Multivariate Simultaneous Generalized ARCH," Econo-
metric Theory, vol. 11, no. 1, pp. 122-150, 1995.

L. Cappiello, R. F. Engle and K. Sheppard, "Asymmetric Dynamics in the Correlations of
Global Equity and Bond Returns," Journal of Financial Econometrics, vol. 4, no. 4, p.
537-572, 2006.

K. F. Kroner and V. K. Ng, "Modeling Asymmetric Comovements of Asset Returns," The
Review of Financial Studies, vol. 11, no. 4, p. 817-844, 1998.

W. Mensi, M. Beljid, A. Boubaker and S. Managi, "Correlations and volatility spillovers
across commodity and stock markets: Linking energies, food, and gold," Economic Model-
ling, vol. 32, pp. 15-22, 2013.

M. E. H. Arouri, A. Lahiani and D. K. Nguyen, "World gold prices and stock returns in
China: Insights for hedging and diversification strategies," Economic Modelling, vol. 44,
pp. 273-282, 2015.

K.-Q. B. Nguyen, V. Le and C.-N. B. To, "Vietnam stock and government bond markets
under impacts of COVID-19," in ICFAA 2020: Sustainable Development in Accounting,
Auditing, and Finance, Hanoi, 2020.

G. M. Caporale, F. Spagnolo and N. Spagnolo, "Macro News and Commodity Returns,"
International Journal of Finance and Economics, vol. 22, no. 1, pp. 68-80, 2017.

K.-Q. B. Nguyén and V. Lg, "The relation between stock return and air quality in Vietnam
under impacts of COVID-19," International Journal of Economic Policy in Emerging
Economies, vol. 17, no. 2, pp. 143-161, 2023.



400 V.Le

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	The relationship between global economic policy uncertainty and happiness sentiment



