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Abstract
In view of the recent pandemic and its associated impact, this study examines the 
relationship between e-commerce and mobile/electronic payment markets by utiliz-
ing two indices as proxies of these market developments. The study employed DCC-
GARCH modeling, Hacker–Hatemi bootstrap causality test, Diebold–Yilmaz vola-
tility spillover analysis and a volatility modeling incorporating COVID19 related 
death statistics of three regions: America, Europe and Asia. The results show that 
while the two markets display very high time-varying correlations across years, a 
significant causal relationship is only found during the pandemic. Causality runs 
from the mobile/electronic payment index to the e-commerce index. Volatility 
spillover analysis further supports this finding. Interestingly, the mobile/electronic 
payment index tends to become a net volatility transmitter in the pandemic period. 
When we incorporate regional COVID19 statistics on cases and deaths in the vol-
atility modeling of the e-commerce index, we find that only COVID19 deaths in 
Europe have a significant effect on e-commerce returns. This result may be ration-
alized by the relative tightness of the e-commerce market in Europe compared to 
America and Asia. Likewise, demographic characteristics might be another potential 
driver for our findings.
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1 Introduction

The effects of major health shocks on economic and financial relationships have 
increasingly attracted the attention of policymakers, researchers and the public 
since the outbreak in late 2019. The external shock induced by the lethal virus are 
found to change the intensity, shape and direction of connections between mar-
kets. This health crisis has generated a stream of research focused on evaluating 
the effects on consumers, firms and markets behavior as well as on the connec-
tions between markets. In particular, e-commerce and mobile/electronic payment 
have risen rapidly during this pandemic. In view of this phenomenon, this paper 
empirically investigates the extent to which a major health shock such as the 
COVID19 can shape the interconnection between e-commerce and mobile/elec-
tronic payment markets.

E-commerce has progressively become a major trend for business exchanges. 
The recorded sales (retail) were approximately 4.9 trillion U.S.$ globally in 2021, 
progressed by 16.8% compared to the figure of 2020 and are expected to increase 
to 5,545 trillion U.S.$ in 2022 [56]. E-commerce has a substantial impact on the 
economy, growth, the nature of goods being traded and costs and profits, as well 
as the payment tools being used. E-commerce is a driving force for economic 
growth. By its very nature, barriers to entry are lower than in the traditional com-
merce channels. This opens the door for firms of all sizes to compete and enlarge 
their market shares. The profit appeal generates incentives for entrepreneurs and 
encourages businesses to enhance digitalization further, which in turn, drives 
growth and innovation and attracts more consumers to promote e-commerce.

The evolution of e-commerce over time has induced significant changes in con-
sumer behavior. Among the most salient features of these changes, there is a clear 
tendency to digitalization and the use of online purchases along with electronic 
payments. This pattern seems to be uniform across most countries and regions, 
but disparities in strength and intensity are reported. These changes have been 
magnified by the health shock occurring with the COVID19 pandemic. The pre-
ventive measures such as social distancing measures, the curfews and lockdowns 
undertaken facilitated a transition of consumer behavior towards technology-
based purchase experiences and pushed a large increase in online purchases. The 
guiding line is that technology and national regulations on the one side (macro 
factors) and agents’ risk aversion (micro factors) have eased this transition world-
wide. Nevertheless, the progress in the spread of e-commerce was uneven among 
countries. Those that were initially lagging behind progressed the most. Expect-
edly, this pattern was associated with a surge in digital payment instruments, 
including online and contactless means. The rate of progress in the use of digital 
payments was unprecedented across all times [3].

Consistent with the foregoing discussion, this paper investigates the changes 
driven by a major health shock on e-commerce and mobile/electronic payments. 
Understanding the patterns and interactions between these markets has impor-
tant implications for e-commerce researchers and the relevant practitioners. 
Using COVID19 as a natural experiment, our findings suggest that the health 
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shock propelled e-commerce and mobile/electronic payments on a higher path. 
This effect seems to be driven by changes in consumer behavior, and particu-
larly their risk aversion and uncertainties characterizing some phases of the pan-
demic. Interestingly, we find evidence that the interaction between e-commerce 
and mobile/electronic payment persisted even after the pandemic surge. How-
ever, time and space disparities characterize these changes. On the one hand, 
only death, not cases, in Europe and other regions seems significantly affected 
the global relationship between mobile/electronic payment and e-commerce mar-
kets. Potential explanations of these results are likely to use different dimensions 
including initial economic conditions in a country (revenues distribution, pov-
erty, unemployment and size of the informal sectors along with the existence of 
social safety nets). The initial conditions would affect consumers’ revenue and, 
therefore their online purchase behavior in terms of value and frequency. Habit, 
confidence, expectation about the future, as well as attitude toward uncertainty 
and risk are also important drivers. Demographic conditions have also a role to 
play in the explanation. Standard demand theory stipulates that the composi-
tion of the population in terms of size, gender and age distribution directly affect 
consumer behaviors and the nature of goods being purchased. During a major 
external shock, the list of factors affecting consumers’ behavior should include 
the nature of government responses to the surge of the shock. So, governments 
reacted promptly by imposing anti-shock measures. Others leaned to pressure and 
adopted a ’’wait and see’’ attitude. Among those that reacted swiftly, some have 
imposed very strict constraining measures. While others imposed more flexible 
measures. Government policies also differed in speed and spread of countermeas-
ures such as vaccine campaigns. All of these factors combine and interact to give 
a rationale for the patterns observed.

The following section discusses the relevant literature and presents the research 
questions, followed by outlining the methodology. The data analysis and results are 
presented. The discussion and the implications of the research findings conclude this 
study.

2  Literature review

As reported by Gunay et al. [25] in a sectorial analysis of Australia, when facing a 
major external shock (war, wildfires, earthquakes, floods, pandemics etc.), consum-
ers’ behavior tends to change particularly in the short run. Researchers (e.g., [19, 33, 
41, 45, 48]) examine the changes in consumer behavior during economic crises, and 
indicate that business cycle downturns during financial crises push toward a con-
sumption behavior as a result of economic, environmental and social responsibil-
ity concerns. The guiding line for major shocks, in terms of consumer responses, is 
that recession drives up uncertainty of agents about income and employment which 
exacerbates their risk-aversion and ultimately result in consumption smoothing 
behavior [35]. A tendency for simplicity intensifies during stress periods in opposi-
tion to the overwhelming multiplicity of choices, along with a tendency to reinforce 
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consumer switching behavior facilitated by improved information technology and 
high internet penetration [19, 38].

Consumer switching behavior also features the effects of the COVID19 pandemic 
on consumers. Nevertheless, the COVID19 pandemic distinguishes itself from other 
crises due to its persistence and its occurrence at a time characterized by high tech-
nological advances. The preventive measures undertaken internationally led to a 
drastic increase in online purchases and facilitated a transition of consumer behav-
ior towards technology-based purchase experiences [7]. These results are resonated 
with Jamunadevi’s et al. [29] findings that the pandemic of COVID19 induced a sig-
nificant change of consumer purchase behavior. Valaskova et al. [54] investigate the 
changes in purchasing patterns following the COVID19 pandemic in Slovakia, using 
a Pearson’s chi-square test and simple and multivariate correspondence analysis to 
identify the impact of the new purchasing driven by the pandemic. The authors find 
that consumers’ age, income level, and job sectors determine the effects of the pan-
demic on purchasing behavior. Jo et al. [31] reported the similar findings, by investi-
gating the changes in consumption patterns by industry type and activities related to 
travel, education and luxury goods.

In terms of purchasing methods, the incentives to mitigate the risk of infection 
lifted online purchases. This pattern was consolidated by the government restric-
tions and social distancing requirements [16, 39]. The drivers of this increasing 
importance of online purchasing practices have been examined by Gu et  al. [22]. 
The paper uses correlation analysis to investigate the drivers of consumers’ online 
purchases in ten countries. The findings suggest that an increased experience and the 
awareness and readiness in decision making tend to be the important determinant of 
online purchase. Alfonso et al. [3] use official national statistics on online retail sales 
as well as private sector market survey sources (Statista, and surveys from IBM, 
GlobalWebIndex, Contentsquare, etc.) for a large set of countries. The main find-
ings confirm the claims that (i) e-commerce expanded worldwide during the pan-
demic, (ii) This expansion was not homogenous across sectors and across stages of 
the pandemic, and (iii) e-commerce expansion was uneven across countries. Those 
countries initially lagging in terms of e-commerce progressed the most. A common 
conjecture in the literature is that this pattern emphasizing the progress in electronic 
payment, which is reinforced by widespread technological advances, seems to be 
permanent [20, 40, 47, 50].

This surge in e-commerce following the COVID19 pandemic is supported by 
a change in the perception of the relative costs and benefits of payment methods. 
E-payments have reduced health risks compared to cash and the increased efforts 
toward a more user-friendly experience when using E-payments reinforced their 
attractiveness. Thus, consumers’ preferences for cash decreased in favor of E-pay-
ment methods [4, 32]. The evolution of this tendency seems to be supported by tech-
nological progress. In general, [20] find that the COVID19 pandemic has affected 
the public’s willingness to accept 5G base stations. The pandemic can be seen as 
a contextual factor that shaped people’s acceptance of this technology by affecting 
the balance between their perception of the usefulness and ease of use of that tech-
nology on the one hand and people’s perceived risk associated with the 5G base 
stations on the other hand. It could be inferred that a higher acceptance of the 5G 
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technology would facilitate further development of e-commerce and electronic pay-
ments. Despite abundant literature on consumer payment behavior [5, 27, 55, 57], 
the effects of disruptive events have received very limited attention in the relevant 
literature. Nevertheless, a few researchers [10, 13, 22, 36] indicate that consumers 
shifted away from cash for their purchases although consumers increased their cash 
holding as a store of value. Additionally, Jílková and Králová [30] examine the driv-
ers of the change in the purchase behavior of consumers during the COVID19 pan-
demic. They find that shifts to digital spending are uneven across sectors. However, 
purchasing frequency is uniformly higher during the pandemic. Kawasaki et al. [34] 
focus on consumers’ intentions and investigate the factors that lead to the changes in 
these intentions toward using e-commerce during and after the COVID19 pandemic 
in Japan. In the same vein, Campisi et al. [8] conducted a statistical assessment of 
the effect of COVID19 on e-commerce in some European countries. Alcedo et al. 
[2] extend the analysis to 47 economies and 26 industries and describe stylized facts 
for the effects of e-commerce on consumer spending using data on credit card trans-
actions during the COVID19 pandemic.

Drawing on their studies, our paper aims to fill the gap by investigating (i) the 
relationship between the pandemic and adoption of e-commerce; (ii) the relation-
ship between the pandemic and adoption of mobile/electronic payments; and (iii) the 
relationship between e-commerce and mobile/electronic payment markets during the 
pandemic.

3  Methodology

3.1  Theoretical framework

This study employed two fundamental models: GARCH and VAR methodology. 
As Engle [18] advocated, dynamic conditional correlations analysis constructed on 
the GARCH model allows to examine time-varying correlations. Therefore, we use 
GARCH modeling to investigate the time-varying relationships of our markets. One 
of the major advantages of GARCH is that it would enable us to observe regional 
consumer reactions on the mean and variance of the equations of the model. Prior 
to the GARCH model, we test the causal relationship between these two markets 
through the methodology of Hacker and Hatemi-J [26] to determine the direction of 
interactions between the mobile/electronic payment and e-commerce companies. To 
measure this interaction, we use the Solactive e-Commerce Index (Solec) as a proxy 
for e-commerce. Mobile/electronic payments are represented by the Solactive Elec-
tronic Payment Index (Solepmt). Both indexes are obtained online from Solactive- a 
German Index Engineering company. More precisely, Solec index tracks changes 
in the share price of companies operating in the e-commerce market. According to 
Solactive company, this market includes “firms that operate E-commerce platforms, 
provide E-commerce software, analytics or services, and/or primarily sell goods and 
services online and generate the majority of their overall revenue from online retail”. 
Similarly, Solepmt index traces price changes in shares of “firms that generate the 
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majority of their revenues in the area of mobile payments and electronic payment 
processing”. Example of such companies include Alibaba, PayPal, Square, etc. [49].

The model is built on the vector autoregression methodology and does not 
necessitate the determination of the order of the integration and test of cointegra-
tion properties of the series. Our results also build on a volatility spillover analysis. 
More precisely, we use the Diebold–Yilmaz volatility spillover analysis, which also 
employs vector autoregression methodology, as a complementary and confirmation 
step to the findings based on the former causality tests. Finally, we proceed with the 
GARCH analysis to test the impact on the mobile/electronic payments market of 
our independent variables and the regional COVID19 cases and deaths statistics. All 
these independent variables are tested for their impacts on the mean and variance 
equations of the GARCH model. A detailed description of the econometric models 
used is presented below.

3.2  GARCH and DCC‑GARCH

The GARCH model introduced by Engle [18] allows the examination of time-var-
ying correlations and produces sensible empirical outcomes. The method requires 
two models’ estimation: a series of univariate GARCH models and the dynamic 
conditional correlations. As demonstrated by Engle [17], let yt denotes a stochastic 
process for the information set Ψ , a univariate GARCH model1 can be written as in 
Eq. 2.

where p ≥ 0, q > 0, ν > 0, αi ≥ 0, i = 1,… , q, and βi ≥ 0, i = 1,… , p. As stated by 
Engle [17], the best predictor of the conditional variance in (t + 1) is the weighted 
average of the long-term variance and the new information proxied by the most 
recent squared error. In this study, we placed a mean ( � in Eq. 1) and variance ( � in 
Eq. 2) equation to investigate the impact of assigned variables on return and volatili-
ties. Significance of μ and ν parameters2 was used to assess the impact of independ-
ent variables. As described in Gabauer [21], following modeling univariate vola-
tilities, for N variables, the time-varying conditional variance–covariance matrix is 
given by

(1)yt = μ + ϵtϵt|Ψt−1 ∼ N
(
0, ht

)

(2)ht = ν +

q∑
i=1

αiϵ
2

t−i
+

p∑
i=1

βiht−i

1 Across the methodological presentation, we use this notation to represent both Solec and Solepmt vari-
ables in respective sections. The GARCH equation, as a final model of empirical analysis, is populated 
with explanatory variables that account for both the mean and the variance framework. In this equation, 
to model the volatility of Solec, we will be using first the Solepmt and later regional COVID19 case and 
death statistics as independent variables.
2 In empirical analysis these two parameters are demonstrated by Cst(M) and Cst(V) respectively.



2359Do major health shocks affect the interconnectedness of…

where Rt and Kt are N × N-dimensional matrices of dynamic conditional correla-
tions and conditional variances (univariate GARCH model for each series). By 
construction, conditional correlations in the model are governed by the information 
known as a-priori. Engle [18] employs the estimation of dynamic conditional cor-
relations (Rt ) as below

where Q∗
t
 is a N × N inverted diagonal matrix with the square root of the diagonal 

elements of Qt .  Qt and S are N × N-dimensional positive-definite matrices which 
denote variance–covariance matrices of the conditional and unconditional standard-
ized residuals and S ≡

[
s12

]
 . a(α) and b(β) are nonnegative shock and persistency 

parameters that hold a + b < 1(α + β ≤ 1). Qt and Rt would be time-varying if 
a + b < 1 is satisfied.

3.3  Hacker and Hatemi bootstrap causality test

In their seminal study, Toda and Yamamoto [51] account for the establishment of vec-
tor autoregression estimation in levels and show the test of general restrictions on the 
parameter matrices regardless of having an integrated or cointegrated process with 
arbitrary order. Their model does not necessitate the determination of the order of the 
integration or the test of cointegration properties of the series. Thus, linear or nonlinear 
restrictions on the coefficients of a level VAR can be estimated through the Wald crite-
rion and usual chi-square critical values. As the authors stated, for a given p order VAR 
process

where Ap is an n × n matrix of parameters for lag p and yt , v and �t are n-dimensional 
vectors; the below augmented VAR ( p + d ) model can be used for testing causality 
between I(1) series

Hacker and Hatemi [26] estimate the modified WALD statistic through a bootstrap 
distribution based on this definition. According to the authors, the original model has 
drawbacks in the employment of a small sample size; thus, they suggest using a lever-
aged bootstrap distribution to minimize the size distortions. The MWald tests statistic 
proposed can be calculated as in Eq. 13 following the definitions below

(3)Ht = KtRtKt

(4)Rt =
(
Q∗

t

)−1∕2
Qt

(
Q∗

t

)−1∕2

(5)Qt = (1 − a − b)S + aϵt−1aϵ
�

t−1 + bQt−1

(6)yt = v + A1yt−1 +⋯ + Apyt−p +⋯ + �t

(7)yt = v̂ + Â1yt−1 +⋯ + Âpyt−p +⋯ + Âp+dyt−p−d + �̂t

(8)Y ∶=
(
y1,… , yT

)
(n × T) matrix,
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where C is a p × n(1 + n(p + d)) matrix, ⊗ is the Kronecker product. The � equals 
vec(v,A1,… ,Ap, 0n×nd) and �̂ = vec

(
D̂
)
 . Here vec and 0n×nd indicate the column-

stacking operator and zero matrix possesses n rows ans n(d) columns. SU is the vari-
ance–covariance matrix of the unrestricted VAR model and equals to �̂�

U
×�̂U.

3.4  Diebold and Yilmaz volatility spillovers

Diebold and Yilmaz [15] propose a new model to examine economic variables’ vol-
atility and return spillovers. Although the model is associated with the vector autore-
gression analysis, unlike Diebold and Yilmaz [14], Cholesky factor identification 
is not necessitated to orthogonalize the shocks. To overcome this issue, the authors 
employ generalized VAR decomposition framework. For a given covariance station-
ary p order VAR process

where � ∼ (0,Σ) is a vector of the i.d.d process. When we present this process in 
moving average form, we end up with the following model

where N × N coefficient matrices, Ai satisfies Ai = Φ1Ai−1 + Φ2xi−2 +⋯ + ΦpAi−p . 
The coefficients in this equation are the key component of the system. Authors uti-
lize the framework of Koop et al. [37] and Pesaran and Shin [42] to enable invariant 

(9)D̂ ∶=
(
v̂, Â1,… , Âp,… , Âp+d

)
(n × (1 + n(p + d))) matrix,

(10)Zt ∶=

⎡
⎢⎢⎢⎢⎢⎢⎣

1

yt

yt−1

⋮

yt−p−d+1

⎤
⎥⎥⎥⎥⎥⎥⎦

((1 + n(p + d)) × 1) matrix, for t = 1,… , T ,

(11)Z ∶=
(
Z0,… , ZT−1

)
((1 + n(p + d)) × T) matrix,

(12)𝛿 ∶=
(
�̂�1,… , �̂�T

)
(n × T) matrix,

(13)MWald =
(
C�𝛽

)�[
C
((

Z
�

Z
)−1

⊗ SU

)
C

�
]−1(

C�𝛽
)

(14)yt =

p∑
i=1

Φiyt−i + �t

(15)yt =

∞∑
i=0

Ai�t−i
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variance decompositions. The H-step-ahead forecast error variance decomposition 
can be calculated as follows

where Σ is the variance matrix for the residual vector � that has a standard deviation 
of σjj for the jth equation. Finally, ei is the selection vector that has one in ith element 
and zeroes otherwise. By employing volatility contributions from the procedure 
above total volatility spillover index is calculated as below

where, 
∑N

j=1
�̃
g

ij
(H) = 1 and 

∑N

i,j=1
�̃
g

ij
(H) = N . As for the direction of volatility spillo-

vers among the variables, they can be computed through the normalized elements of 
the generalized variance decomposition matrix. Thus, the received directional spill-
overs by variable i from all other variable j.3 can be presented as

The net pairwise spillovers between variable i and j are basically the difference 
between the gross volatility shocks received by j from i and those received by i from 
j can be presented as below

4  Results and analysis

4.1  Data

In this section, we empirically investigate the relationship between Solactive 
e-Commerce Index (Solec) and Solactive Electronic Payment Index (Solepmt). Our 

(16)�
g

ij
(H) =

�−1
jj

∑H−1

h=0
(e

�

i
Ah

∑
ej)

2

∑H−1

h=0

�
e
�

i
Ah

∑
A

�
ei
� H = 1, 2,… ,

(17)
Sg(H) =

∑N

i, j = 1

i ≠ 1

�̃
g

ij
(H)

∑N

i,j=1
�̃
g

ij
(H)

× 100

(18)
S
g

i.
(H) =

∑N

i, j = 1

i ≠ j

�̃
g

ji
(H)

∑N

i,j=1
�̃
g

ji
(H)

× 100 =

∑N

i, j = 1

i ≠ j

�̃
g

ji
(H)

N
× 100

(19)S
g

ij
(H) =

⎛
⎜⎜⎝

�̃
g

ji
(H)

∑N

i,k=1
�̃
g

ik
(H)

−
�̃
g

ij
(H)

∑N

j,k=1
�̃
g

jk
(H)

⎞
⎟⎟⎠
× 100 =

⎛
⎜⎜⎝
�̃
g

ji
(H)−�̃

g

ij
(H)

N

⎞
⎟⎟⎠
× 100

3 In this methodology, following the construction of the VAR model, variables i and j are represented by 
the Solec and Solepmt indices, respectively.
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ultimate objective is to assess the effect of a major health shock on the connect-
edness between these two markets. We use the COVID19 pandemic as a natural 
experiment for the purpose. In order to tune fine results, we also consider regional 
case and death statistics of COVID19. Data for these variables are obtained from 
WHO database. The regions investigated are America, Europe, and South-East 
Asia designated hereafter by AMRO, EURO and SEARO. The countries within 
these regions are grouped under the methodology of the WHO classification (see 
“Appendix” for the list of countries within each group). For the e-commerce market, 
recall that Solec index tracks the price development of companies operating in the 
field. This index contains 40 companies from the e-commerce market. Similarly, the 
Solepmt index traces price movements of the firms active in the mobile/electronic 
payment industry and formed by 20 firms. The constituents in both indices generate 
the majority of their revenue from the core business operations in the correspond-
ing market. Therefore, these companies’ stock price (index value) is an appropriate 
gauge for their market conditions and agents’ expectations. Finance literature shows 
that equity markets can immediately incorporate and reflect the corresponding infor-
mation in stock prices. In such cases, the dissemination of information is rapidly 
impounded in the price of a stock and the subsequent price development is corrected 
accordingly. Therefore, these price changes can be associated with the expected 
cash flows and changes in the risk-return preferences of investors. Thus, it is widely 
accepted that the stock market is a barometer to measure the tension and risk attitude 
in an economy.

The timeframe of our analysis ranges from November 08, 2018 to February 23, 
2021 and consist of 576 daily observations for the Solec and Solepmt variables. We 
split the analysis period into two equal time intervals: pre-pandemic (November 08, 
2018–December 31, 2019) and during pandemic (January 02, 2020–February 23, 
2021). In our choice, we follow the declaration of WHO [58] on January 02, 2020 
about the cluster of pneumonia cases in the People’s Republic of China. Both time 
intervals contain an equal length of observations, namely 288 days. We use log price 
and log return series in respective methods. Econometric tests are executed through 
GAUSS, E-views and R and Ox-Metrics. The data is obtained from Refinitive Eikon 
and World Health Organization’s database.

Table 1 presents descriptive statistics of the returns of variables. The mean val-
ues for both Solec and Solempt indexes are close to zero. Among the changes in 
COVID19 cases, the highest average values are observed in Europe and America, 
and the same observation applies to death statistics. While all averages are around 
zero, Europe and America exhibit slightly higher mean values than Asia. Stand-
ard deviation statistics indicate that both indexes have a similar extent of fluctua-
tions in their return series. The standard deviation statistics of COVID19 cases 
and deaths align with the findings on mean values. According to both case and 
death statistics, the highest fluctuations occur in Europe and America. The extent 
of the volatility in case and death statistics in Asia is considerably lower than 
that of these two continents. To further examine the mean and variance values 
of three regions’ COVID19 cases and death statistics, we conducted the test of 
equality through Anova F and Bartlett tests. Results of COVID19 cases indicated 
that although mean values are not statistically different, variability of the series 
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possesses a significant difference based on the Anova F and Bartlett tests statis-
tics (0.049 and 375.997, respectively). When it comes to the deaths, we obtained 
similar results (0.0128 and 636.935, respectively). Results show that although 
the average case and death statistics do not show a significant difference across 
the regions, the variability of the values is meaningful from the statistics’ stand-
point. These statistics show that the pandemic illustrates higher uncertainties in 
Europe and America than in Asia. This finding can be associated with the policies 
imposed on these regions. Asia had a previous experience with MERS and SARS 
with the 2002–2004 pandemic that first broke in China in 2002 and then spread to 
Hong Kong, Singapore, Taiwan, the Philippines, Vietnam, and at a lower extent 
to the U.S. and Canada. This may have enabled many countries in Asia to react 
promptly to the COVID19 pandemic and impose large social distancing meas-
ures, including curfews and travel ban restrictions. These faster responses to the 
new pandemic may have contributed to explaining the stated lower infection and 
fatality rates compared to western Europe and America. The U.S. and Western 
Europe tended to be reluctant to react to what later became a major economic 
and health problem. Looking beyond policies-induced disparities among regions, 
researchers have also investigated other factors such as social norms, culture 
and customs, and health pre-dispositions, including genetics and immune sys-
tems characteristics of populations. Demographics and weather conditions were 
also among the potential drivers of the differences across continents examined 
by researchers. These regional disparities cannot be attributed to a single factor. 
They are most likely the result of a combination of them. Regarding the shape of 
the probability distribution of return series, we provide skewness and kurtosis 
statistics. A normal distribution has a value of zero and three for skewness and 
kurtosis statistics, respectively. Departures from these values would indicate the 
presence of nonnormality. Skewness statistics demonstrate that all series are neg-
atively skewed, and each series has a value different than zero. Negative skewness 
values show that the frequency of higher returns is greater than the lower returns. 
Similarly, kurtosis values depict departures from normality. Accordingly, it can 

Table 1  Descriptive Statistics

R_Solec is the log-returns of e-commerce index. Likewise, R_Solepmt is the log-returns of mobile/elec-
tronic payment index._C and _D denote the COVID19 cases and death in corresponding regions, respec-
tively

R_SOLEC R_
SOLEPMT

EURO_C ASIA_C AMRO_C EURO_D ASIA_D AMRO_D

Mean 0.0014 0.0009 0.0026 0.0009 0.0028 0.0001 0.0000 0.0001
Maximum 0.0868 0.1158 0.2317 0.1211 0.3213 0.0207 0.0158 0.0375
Minimum − 0.1106 − 0.1434 − 0.3814 − 0.1013 − 0.5195 − 0.0269 − 0.0165 − 0.0429
Std. Dev 0.0174 0.0197 0.0862 0.0296 0.1047 0.0073 0.0020 0.0116
Skewness − 0.7380 − 1.0360 − 1.1228 − 0.0096 − 0.3435 − 0.3968 − 0.2898 − 0.2299
Kurtosis 9.0316 15.2951 7.0469 4.6970 4.9310 5.9453 41.6374 4.9867
Jarque–Bera 925.40 3731.11 257.04 34.56 50.41 111.65 17,918.19 49.90
Observations 576 576 288 288 288 288 288 288
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be stated that each series has a leptokurtic probability distribution. The values of 
9.03 and 15.29 are evident that the return distributions of both indexes have fat 
tails. Jarque–Bera test statistics also confirm the non-normality by rejecting the 
null hypothesis of Gaussian distribution.

Figure 1 illustrates the log price and log return series behavior over the analy-
sis period. Both series display a plunge in February 2020 due to COVID19. The 
extent of the plummet is seen as more severe in Solepmt variable. Although 
COVID19 appears to be causing a deterioration in the value of companies that 
form these two indexes, a swift recovery backed the general upward trend of the 
log price series. The severe drop is also seen in the fluctuation of the return series. 
Aligning with the discussion above, the extent of the variability of returns seems 
wilder in Solepmt index. In Fig. 2, we present the regional case and death statis-
tics of COVID19. According to the changes in cases, both Europe and America 
exhibit a growing variability over the months. This observation applies to the 
deaths in America as well. In Asia, however, apart from the marginal changes in 
the first six months of 2020, death statistics are quite stable. On the other hand, 
the changes in death statistics of Europe show an entirely different pattern than in 
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Fig. 1  Logarithmic Price and Return Series of SOLEC and SOLEPMT Indices. Solec and Solepmt 
represents Solactive e-Commerce Index and Solactive Electronic Payment Index, respectively. For 
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other regions and case series. It is evident that there are two waves in this varia-
ble. The first wave takes place in April and May 2020. From June 2020 to Decem-
ber 2020, death statistics depict very low variability. However, by starting from 
November 2020 to February 2021, wild volatility occurs in the behavior of death 
statistics. This pattern characterizes the severity of the pandemic in this region.
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4.2  Empirical investigation

Before proceeding further, we execute a unit root test for the log price and log 
return series. Employment of nonstationary time series might lead to spurious 
regression. On the other hand, Hacker–Hatemi bootstrap causality analysis neces-
sitates determining the maximum order of integration of the variables. Therefore, 
we investigated the stationarity of each series through the ADF and P.P. unit root 
tests. The results presented in Table  2 suggest that while all return series were 
stationary, the log price series contained one-unit root, I (1). As the log price data 
is used in the causality analysis, we will consider this finding when adding the 
degree of integration to the VAR lag length.

As discussed by Engle [18], correlations are one of the essential parameters 
in financial decisions. From hedge ratio to rainbow options and construction of 
an optimal portfolio, correlations play a key role in each stage of quantitative 
modeling. On the other hand, correlations are prone to variations over time and 
neglecting the dynamic behavior of correlations might bring about less accurate 
findings in empirical analysis. As stated by Aielli [1], in the dynamic conditional 
correlation (DCC) model, the conditional variances follow a GARCH process. 
Thus, time-varying correlations are modeled as peculiar functions of the histori-
cal standardized returns in the GARCH model.

Table 2  Unit root test results of 
the variables

The values in the table present the test statistics of both unit root 
tests. ** and *** denotes statistically significance at the 5% and 1% 
levels, respectively

ADF PP

L_SOLEC 0.5193 0.3459
R_SOLEC − 14.7781*** − 24.0311***

L_SOLEPMT − 1.4794 − 1.2008
R_SOLEPMT − 8.8449*** − 25.3580***

EUROPE_C − 2.9776** − 18.3893***

ASIA_C − 4.8364*** − 17.7172***

AMRO_C − 6.0788*** − 23.4704***

EUROPE_D − 4.2115*** − 23.3121***

ASIA_D − 15.0146*** − 42.7889***

AMRO_D − 6.0788*** − 23.4704***

Table 3  DCC-GARCH model for SOLEC and SOLEPMT

The rho in the table is the coefficient of time varying correlations estimated by DCC-GARCH model

ρ α β df AIC SC

Coefficient 0.7057* 0.0923* 0.8575* 6.1425* − 11.85 − 11.77
Std. Error (0.0478) (0.0246) (0.0409) (0.8057)
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We present the DCC-GARCH model estimations in Table 3 and dynamic condi-
tional correlations between Solec and Solepmt variables in Fig. 3. The shaded area 
in the figure displays the period of the pandemic. Results indicate the presence of 
high historical co-movements between the returns of these two variables. The extent 
of the correlations does not show a significant difference between pre-pandemic and 
pandemic days. The dynamic conditional correlations fluctuate between 0.50 and 
0.90 most of the time, except for the drops in July 2019 and November 2021. As 
predicted by the literature, the high volatility in fluctuation is a feature of price and 
returns evolution during crisis periods [9, 46, 59]. July 2019 marked the culmina-
tion of trade-war worries over failed negotiations between the U.S. and China. This 
led risk-averse investors to look for safer placements found in government securities 
inducing a sharp drop in stock markets. As for November 2020, financial markets 
witnessed turbulences over fears of a new COVID19 strain (delta variant) detected 
in India. The persistence in the high correlation values can be explained by the pres-
ence of an initial association between the two markets due to an obvious comple-
mentarity in scope and purpose. This association was amplified by the COVID19 
outbreak. A 59% percent of the observations depict a higher correlation than the 
historical average of 0.68. Correlations cannot exceed this value from November 10, 
2020, to February 01, 2021.

Although correlations are quite useful in determining the direction and strength 
of the relationship between variables, they are not informative about causality in co-
movements. Therefore, we focus on examining the causal link between the variable 
pairs. We execute the Hacker–Hatemi bootstrap causality analysis. The procedure 
is based on Toda and Yamamoto [51], who show that an asymptotical distribution 
accompanied by small samples may cause size distortions, thus, they suggest using 
a bootstrap distribution. Table 4 contains the results of the Hacker–Hatemi bootstrap 
causality analysis for the Solec and Solepmt interactions in pre-COVID19 and dur-
ing COVID19.

In order to calculate the modified Wald test statistics, we follow two steps. First, 
we form a bivariate VAR model and then, through this system of equations, we 
determine the optimal lag length that is utilized in the execution of causality analy-
sis. The selection criteria of optimal lag length in each alternative model formation 
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are displayed in the third column of Table 4. Critical values are illustrated in the 
last column. Results suggest that there is no causal relationship between Solec and 
Solepmt variables in the pre-COVID19 period. However, a unidirectional causal-
ity running from Solepmt to Solec does exist during the COVID19 pandemic at the 
1% significance level. This finding postulate that when we were heading for worse 
times during the pandemic, investors’ positions in these two indexes’ constituents 
also have been corrected. Enthusiasm for online purchasing due to lockdowns and 
curfews at the onset of the pandemic had not decreased over time. This tendency has 
been sustained by a high rate of internet penetration along with large efforts by firms 
to go digital and provide a more user-friendly online purchase experience. The rise 
in e-commerce’s share of global retail translated into higher profitability and higher 
firm values.

Financial turbulences induced by different factors may generate soaring volatili-
ties. The integration of economies and cross-market linkages expedited the propa-
gation of crisis and transmitted shocks caused severe fluctuations in asset prices. 
The volatilities and returns can spillover across countries, especially in economic 
downturn periods, as observed during the COVID19 pandemic and Global Financial 
Crisis (see [11, 12, 23, 28, 43]). To present evidence regarding this havoc caused by 
the pandemic in both the e-commerce and mobile/electronic payment market, we 
test the structural breaks in the volatility of both indices, Solec and Solpmt, through 
Modified Iterated Cumulative Sums of Squares (M-ICSS) analysis of [44]. Results 
indicate that both indices contain breaks in the analysis period. The break dates are 
found for Solec and Solepmt are as follows January 07, 2019, February 21, 2020, 
and February 25, 2020,and January 09, 2019, February 21, 2020, April 06, 2020, 
and June 29, 2020, respectively. Our results suggest that both markets display struc-
tural breaks that are intensified around the third week of February 2020, which is 
associated with the plunge in global equity markets due to the pandemic.

Table 4  Hacker–Hatemi-J bootstrap causality analysis

*** denotes significance at the 1% level

Causality directions Lag Selection Criteria MWALD
Test statistic

CV

Pre-COVID19 SOLEPMT → SOLEC 1 [L.R., FPE, AIC, 
SC, H.Q.]

1.681 6.950
3.853
2.657

SOLEC → SOLEPMT 1 [L.R., FPE, AIC, 
SC, H.Q.]

1.986 6.097
3.973
2.866

During 
COVID19

SOLEPMT  → SOLEC 3 [FPE, AIC, H.Q.] 21.33*** 11.205
8.091
6.330

SOLEC  → SOLEPMT 3 [FPE, AIC, H.Q.] 4.396 12.731
8.015
6.283
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In order to detect the direction of causality, we perform the Diebold-Yilmaz 
volatility spillover analysis to examine the time-varying volatility transmissions. 
The method is based on the model proposed by Diebold and Yilmaz [14], in which 
authors utilize forecast error variance decompositions from vector autoregressions 
(VARs). Unlike the first model, Diebold and Yilmaz’s [15] methodology allows 
variance decompositions not to depend on variable ordering. Additionally, the new 
approach enables directional spillovers (from/to a particular asset or market) besides 
the total spillover. Following the authors, we selected the lag length in the VAR 
model as four days and used a 10-day forecast horizon in the execution of the analy-
sis. The rolling window size is set as 50-day. Directional volatility spillover findings 
are presented in Table 5.

Results in Table 5 show that in terms of the volatility contribution of variables 
to each other (third row), the Solepmt index appears to be more aggressive than the 
Solec index. This finding is aligned with the results obtained in the causality analy-
sis. According to the gross directional volatility spillovers received from other vari-
ables (last column), as it is expected, Solec is found as a variable receiving higher 
volatility. Thus, net directional volatility spillovers transmitted to other variables 
is positive in Solepmt and negative in Solec index. To examine the time-varying 
behavior of net volatility spillovers transmitted across the years, we provide Fig. 4. 
In the graph, any value above (below) zero depicts the net volatility transmitter vari-
able (receiver). Accordingly, it is seen that while before the pandemic, the Solec 
variable was a net volatility transmitter with a ratio of 52%, during the pandemic, 
along with the varying nature of the interactions as observed in the causality analy-
sis, the Solepmt index turned into net risk transmitter with a radical change in the 
ratio, from 48 to 61%. Channels of contagion may account for this drastic change in 
net volatility transmission (Fig. 5). This finding features one of the standard results 
in the financial literature. The strength of volatility in financial markets rises dur-
ing turmoil as markets tend to move in tandem during financial crises. During these 
periods, financial markets’ linkages generate higher connectedness which, in turn, 
feeds stronger volatility.

Diebold-Yilmaz volatility spillover analysis revealed a significant increase in 
the transmission of uncertainties from the Solepmt index to the Solec index fol-
lowing the pandemic’s emergence. The elevated stress in the market is catalyzed 
by the cases and death statistics from different regions. Although strict measures 
are imposed to tackle the pandemic, such as travel bans, lockdowns, curfews and 
social distance practices, the pandemic rapidly spread to every continent by induc-
ing severe and long-lasting damage to economies and social life. However, these 

Table 5  Diebold–Yilmaz 
volatility spillover analysis

R_SOLEC R_SOELPMT From

R_SOLEC 63.89 36.11 36.11
R_SOLEPMT 29.42 70.58 29.42
Directional to others 29.42 36.11 65.53
Net Directional to others − 6.69 6.69 32.76
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harsh restrictions and rigid actions could not prevent the emergence of new waves 
and variants of the virus. Figure 2 demonstrates this for cases and the death statistics 
in three regions—Asia, Europe, and America. In this section of the study, by taking 
into account the previous findings, we model the volatility of Solec index through 
the GARCH model in pre-COVID19 and during COVID19. Results are presented 
in Table 6. In both periods, we employ the Solepmt index returns as an independ-
ent variable to better account for the volatility or return behavior of the Solec index. 
Besides, we also use the regional COVID19 cases and death statistics for the same 
purpose.

Results suggest that employment of the Solepmt index increases Akaike and 
Schwarz information criteria and the coefficient of the variable is found to be statis-
tically significant in mean equations. Accordingly, it can be stated that Solepmt pos-
itively impacts the returns of the Solec index. We also utilize the regional COVID19 
case and death statistics as explanatory variables in this relationship for the pan-
demic period. Since COVID19 cases are found insignificant in the volatility and 
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returns of the Solec index, we exclude these findings from the table. When it comes 
to death statistics, we have seen that only Europe-D (deaths in Europe) is found sta-
tistically significant at the 5% level out of three regions. This finding suggests that 
increasing changes in death statistics in Europe positively affect the returns of the 
Solec index. This observation has parallel to the result in Becker [6], suggesting that 
death threats have a critical influence on individuals’ behaviors. Infections’ impact, 
however, can be milder. In particular, if countermeasures such as vaccine campaigns 
are undertaken in a timely manner and at a large scale. We conjecture that the impact 
materialized only in Europe may be related to the higher progress of e-commerce in 
that continent. Recall that the literature found that following the pandemic, e-com-
merce progressed more in regions where it initially lagged behind. As Europe was 
only the third-largest continent in terms of e-commerce volumes, after Asia and the 
U.S., the progress realized may have been stronger. Another important dimension 
in the explanation may rely on the low informality rate in the European economies. 
This points to the existence of well-established safety nets, including public health 
provisions. The existence of such benefits may directly reduce the agent’s risk aver-
sion and mitigate the effects of uncertainties in the short run. In turn, this may point 
to the absence of impact of cases as opposed to deaths.

Table 6  GARCH volatility modeling of SOLEC

* , **, and *** denote the significance at the 10%, 5% and 1% significance levels, respectively. Cst(M) and 
Cst(V) indicate constant parameter coefficients for the mean and variance equations. Variables with (m) 
are taken place in the mean equation. Values inside the parenthesis are the standard errors. _D denotes 
the death in respective regions. Ln(L) is the log-likelihood value. AIC and SC are the Akaike and 
Schwarz information criteria, respectively

Pre-COVID19 During COVID19

Cst(M) 0.0011*

(0.0007)
− 0.0002
(0.0005)

0.0025***

(0.0009)
0.0014*

(0.0008)
0.0014*

(0.0008)
Cst(V) 0.0630

(0.0436)
0.1857
(0.1897)

0.3244**

(0.1430)
0.3061**

(0.1355)
0.2795**

(0.1312)
ARCH 0.1669***

(0.0640)
0.0223
(0.0449)

0.1603*** (0.0545) 0.0628
(0.0385)

0.0573
(0.0371)

GARCH 0.8020***

(0.0594)
0.7210***

(0.2441)
0.7504***

(0.0747)
0.7598***

(0.0576)
0.7773***

(0.0553)
R_SOLEPMT (m) – 0.8114***

(0.0512)
– 0.6362***

(0.0599)
0.6408***

(0.0583)
EUROPE_D (m) – – – – 0.2213**

(0.1010)
AMERICA_D (m) – – – – -0.0486

(0.0562)
ASIA_D (m) – – – – -0.4267

(0.3835)
LL 853.859 963.399 753.548 844.402 847.223
AIC − 5.9018 − 6.6556 − 5.2052 − 5.8292 − 5.8279
SC − 5.8509 − 6.5920 − 5.1543 − 5.7656 − 5.7262
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Finally, we also provide the changes in conditional volatilities of the Solec index. 
Here the change is calculated as �2

duringCOVID19
∕�2

pre−COVID19
 . Therefore, the figure 

displays how much volatility has increased during the COVID19 pandemic com-
pared to the pre-pandemic period with equal length. In the figure, November 2020 
catches our attention. Although the increase in the volatility is 2.29 × on average by 
this date, in the second week of November 2020, the average volatility of Solec 
returns climbed 5.69 × on average. A similar observation is experienced in the 
dynamic conditional correlations of Solec and Solepmt returns. In the same week, 
the correlations of these two variables significantly fall. Another interesting obser-
vation is the change of net volatility spillover in the Diebold-Yilmaz model in the 
same period. Unlike these two findings, the net volatility spillover’s behavior signifi-
cantly changed earlier, at the beginning of October 2020, and transmissions of vola-
tility from Solepmt to Solec index considerably increased as of October and Novem-
ber 2020. These market developments experienced can be linked to the turbulences 
witnessed in financial markets over fears of a new COVID19 strain (Delta variant) 
first detected in India. Recall that, as argued earlier, standard result in the financial 
literature stipulates that the strength of volatility in financial markets rises during 
turmoil periods as markets tend to move in tandem during financial crises. During 
these periods, financial markets’ linkages generate higher connectedness which, in 
turn, feeds stronger volatility. When we consider these reactions’ order, it is clear 
that the wild increase in the volatility of Solec index and declining correlations 
occurs after the risk and stress transmission from the electronic payment market to 
e-commerce market stocks.

5  Discussion and implications

5.1  Discussion

This study conducted various statistical analyses for the return and volatility of vari-
ables to test the relationship between global mobile/electronic payment and e-com-
merce markets. The study employed e-commerce (Solec) and mobile/electronic 
payment (Solepmt) indices from Solactive, a Germany-based index provider. Both 
indices apply to firms that generate most of their income from the core business 
operations in the corresponding market segment, namely e-commerce and mobile/
electronic payment. To assess the impact of the global pandemic on this relation-
ship, we also employed the regional COVID19 case and deaths for three different 
regions: America, Europe and South-East Asia. Countries within these regions were 
selected based on the regional classification of the WHO.

Our analysis starts with determining the time-varying relationship between these 
two markets. For that purpose, we use the DCC-GARCH methodology. Results 
show high co-movement between the markets in the analysis period. More than 50% 
of the observations have a greater correlation value than the historical average of 
0.68. This high correlation value may indicate the association of digital operations 
with global consumption. The relationships between the markets may facilitate the 
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efficiency of tracking systems of the governments in tax collection due to the less-
ened off-balance sheet records. Although we detected strong co-movements between 
these two markets based on the DCC-GARCH model, the direction of causality is 
not yet determined. To validate this result, we used the Hacker–Hatemi-J Bootstrap 
Causality analysis in two different periods: pre-pandemic and during the pandemic. 
According to the Hacker–Hatemi-J Bootstrap Causality analysis results, the direc-
tion of causality runs from Solepmt to Solec index. Interestingly, this effect seems 
to be present only during the COVID19 pandemic. This finding aligns with our mar-
ket observations as well as with studies conducted on consumer behavior for the 
use of digital technologies (see UNCTAD [52]. Developments that occurred dur-
ing the pandemic, such as social distancing, lockdowns and increasing risk-aversion 
of consumers, might significantly impact consumers’ purchase patterns. To confirm 
this finding, we focus on stress transmissions between e-commerce and mobile/elec-
tronic payment markets by using the Diebold-Yilmaz volatility spillover analysis. 
This method allows us to account for the transmission of shocks between the mar-
kets, and similar to the Hacker–Hatemi-J Bootstrap Causality methodology that is 
based on the vector autoregression analysis. Results obtained from spillovers analy-
sis are aligned with the findings of the causality test. Solepmt has a value of 48% 
in the transmission of the shocks to the Solec index before the pandemic as the net 
volatility recipient, which turned into a net volatility transmitter with a ratio of 68%.

The study reveals that the pandemic significantly impacts the relationship 
between global online/electronic payment and the e-commerce market. However, 
the tests cannot account for this interaction’s characteristics or potential drivers. To 
assess the potential pandemic impacts, we utilized two variables in this relationship: 
regional COVID19 cases and death statistics. Considering varying characteristics of 
consumers based on geographic characteristics and culture, we group the data for 
three different regions (America, Europe and Asia) and employ it in volatility mod-
eling of Solec index. In this model, first, Solepmt and then regional COVID19 case 
and death statistics were used as explanatory variables on mean and variance equa-
tions. Results show that COVID19 cases do not affect either mean or variance equa-
tion. However, besides the Solepmt, out of three regions, only the Europe region dis-
plays a statistically significant impact on the mean equation of volatility modeling. 
We suggest two potential reasons for this finding. On average, the relatively older 
population of the Europe region may play a significant role in this finding. As stated 
UNCTAD Report [52], elderly people responded more aggressively in shifting from 
conventional to online shopping. Likewise, Gunay and Kurtulmuş [24] pointed out 
that the Europe region became less coordinated in responding to the outbreak and 
failed in non-discrimination principles and values, especially at the pandemic’s 
beginning. Our output aligns with these findings and reveals that consumer behavior 
may be linked to its cultural, political, and demographic features during the eco-
nomically and socially chaotic periods such as a pandemic.
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5.2  Practical implications

The panic and turmoil in the market in the recent pandemic accelerated the progress 
of digital payment systems and operations of e-commerce companies. Although this 
phenomenon is evident across countries, the direction of the interactions between 
the two markets, namely, e-commerce and online payments is unclear. This observa-
tion prompts the current study to understand the mechanisms driving these interac-
tions for the stakeholders. In this study, we investigate the impact of pandemic and 
consumer behavior on the relationship between the two markets.

Our empirical investigations show the presence of high co-movements between 
mobile/electronic payment and e-commerce markets before and during the pan-
demic. The high correlations of these markets may play a significant role in inte-
grating the systems and providing better solutions for consumers. The rapid tech-
nological developments enabled a swift increase in e-commerce and mobile/online 
payments. The pandemic accelerated this pattern. The high time-varying cor-
relations found in this study suggest that the development of digital systems may 
increase the efficiency of balance sheet management for financial managers. Reduc-
ing the off-balance sheet transactions and keeping better records in operations would 
increase the working capital management. Additionally, increasing operations in 
digitalization may offer more traceable accounting practices and lessen the exposure 
to fraud in the context of auditing. Finally, the participation of more firms in these 
two markets and the increase in digitization will also heighten the efficiency of gov-
ernments in collecting taxes to accommodate more traceable accounting activities 
and fewer operations on the off-balance sheet.

The finding of a causal relationship between the mobile/electronic payment and 
the e-commerce market can be attributed to changing consumer behavior during the 
outbreak. Soaring anxiety during the pandemic and measures to prevent contamina-
tions led people to employ alternative payment and purchasing systems. The causal-
ity analysis indicates that the shifts in mobile/electronic payment occurred earlier 
than the developments in the e-commerce market. The rapid change in the payment 
preferences of consumers might urge e-commerce companies to offer better solu-
tions. The finding implies that changes in consumer behavior and preferences led 
to growth in the e-commerce market, especially during the pandemic. On the other 
hand, the pandemic likely induced more consciousness in spending for necessities 
and then changed the preferences in means of payment, these consumption patterns 
affected the business to offer suitable services. This observation shows the impor-
tance of monitoring the trend shifts in the consumption habits of the consumers for 
the companies.

Finally, as revealed by our analysis, COVID19-related developments (death statis-
tics) in Europe, rather than in America and Asia, have played a significant role in the 
relationship between mobile/electronic payment and the e-commerce market. This 
finding can be attributed to demographic and market structure of Europe. When cal-
culating the median age for each region based on WHO regional classifications, the 
study shows that among three regions, the Euro region had the highest median age 
(39.57) compared to America (32.64) and Asia (29.48) as of 2022. This factor may 
govern consumer behavior in the context of risk-aversion. Additionally, according 
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to the UNCTAD Report [53] Europe was ranked third among three regions in terms 
of e-commerce market size. A relatively smaller market size may make this region 
more vulnerable to global market developments. Consequently, the market’s reaction 
may become more significant and severe to the news impact and havoc in the mar-
kets, such as the COVID19 pandemic.
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