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Abstract

In this study, we examine how sectors of the National Stock Exchange from India respond to the uncertainties introduced by
the COVID-19 pandemic. By examining the synchronization between the sector-specific and overall market index (NIFTY
50) reaction to COVID-19, we contribute to the inconclusive ongoing academic literature regarding the impact of COVID-
19 on the stock market, especially in the context of persistence in an emerging market. To analyze the persistence of
sectoral indices, we apply multifractal detrended fluctuation analysis (MFDFA). We use the generalized Hurst exponent and
singularity spectrum as indicators for persistence and spectral width as a measure of volatility. Our analysis shows that the
sample sectoral indices are persistent before and after the announcement of COVID-19; however, volatility in some sectors
reduces post-announcement of COVID-19. The findings will enrich the academic literature on the relationship between
sector-specific and overall market indexes. In practice, the paper will guide investors to organize their portfolios, especially

during future economic uncertainty.
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Introduction

Uncertainty in the economy is a significant reason for fluc-
tuations in financial markets (Segal et al. 2015). There exist
ripples in stock markets when new information constantly
enters into the market. In particular, during the uncertainty,
market participants take time to assess the impact of sud-
den new information in the financial market (Antonakakis
et al. 2013). However, the performance of the sector and
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the overall market depends on the new information and
uncertainty (Dang and Nguyen 2020). Prior literature finds
that specific sectors and the stock market always react to
the uncertainty introduced by political instability or eco-
nomic crisis (Mei and Guo 2004; Robert 2013). However,
an adverse reaction is experienced in the US and the UK
stock market in response to the uncertainty created by the
COVID-19 pandemic (Altig et al. 2020). An increase in vol-
atility in one particular leading stock market could impact
the worldwide financial market because of the global con-
nection between the stock markets (Zhang et al. 2020). The
Indian economy is not an exception to the above phenomena,
similar to the developed markets.

The financial instability in the share market creates fear
among investors (Adekoya and Oliyide 2022). This fear is
translated into the market and generates anomalies. The
market participants always try to maintain efficiency, and
they often use their persistence behavior to determine their
response to the new information (Espinosa-Méndez and
Arias 2021). Persistence refers to a long-term correlation
among past events. A financial market depends on its past
behavior leading to a long-term memory (Bouchaud et al.
2004). Because of the extensive damage created by the
uncertainties during the pandemic and the continuing impact
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of COVID-19, there is a need for a better understanding of
the persistence behavior of the stock market. To our best
knowledge, there is no conclusive finding in the literature
related to the capital market in specific and the financial
sector in general about the impact of COVID-19 on persis-
tence behavior in an emerging market. Thus, in this study,
we overcome the void in the literature by examining the fol-
lowing question: How does the sector-specific persistence
behavior in the National Stock Exchange in India affect the
stock market during COVID-19 uncertainty?

The efficient market hypothesis states that security prices
follow a random walk; they are independent and do not have
a long memory (Lillo and Farmer 2004; Sanchez Granero
et al. 2008). Thus, security returns are unpredictable. When
any new information is available, they are instantly captured
in the security prices, and there is no hidden information that
can be utilized to forecast future market development (Fama
1965). However, many researchers argue that the security
returns are not random; they are correlated (Peters 1991;
Shiller 2000; Shleifer 2003). These correlated phenomena
of returns are known as the persistence. According to
the persistence, past trend influences the future trend.
Essentially, when a system attains higher value, the system
tends to maintain a higher value (Menkveld 2013; Voss
2013). Thus, a persistent time series helps in the estimation
of future trends. In a highly volatile market, it is imperative
to know whether the market dynamics depends on the past
behavior of the same market and to what extent the behavior
of market participants is persistent (Bentes 2021; Saleem
et al. 2021). Therefore, an investigation on persistence would
be beneficial for an investor to make an informed decision
during an uncertain period in the market. In addition, a
better understanding of persistency allows policymakers to
control the market volatility during economic uncertainty.
The existing literature regarding the impact of COVID-19
pandemic on financial performance either investigates the
relationship between the number of COVID-19 cases and the
performance of stock indices (Erdem 2020) or the impact of
COVID-19 on the stock market, in general, without capturing
the sector-specific differences in the context of an emerging
market (Zhang et al. 2020). To the best of our knowledge,
these studies are not examining whether the performance of
stock markets reflects the persistence behavior of the market
participants. Thus, our study captures the impact of sector-
specific differences in persistence behavior in the Indian
stock market. Furthermore, there is a need to understand
persistency or self-similarity in the market index during
uncertainty. Persistence or self-similarity property refers to
a characteristic where the future trend is likely to follow
the past trend (Skjeltorp 2000). During the global financial
crisis of 2008, we find evidence of discussion about these
features of the market index (Shalini and Prasanna 2016).
We also find a similar practice in developed countries during

the recent pandemic (Bentes 2021; Malik et al. 2021). Thus,
we extend the existing literature to examine the persistence
or self-similarity in the market index in a leading emerging
country, India.

During the uncertainty, the financial market remains
dynamic at different time scales (Mantegena and Stanley
1995). Because of the added complexity in the financial
market during this uncertain time, we need extra precautions
before suggesting any changes in the financial and economic
policy. In other words, the analysis should consider various
time scales (consideration of various intervals of time) to
capture the fluctuation in the complex financial market
during uncertain periods. The existing studies on the market
index are limited, as their findings of fluctuation in the
financial market are not related to different time scales in
different sectors (Erdem 2020; Zhang et al. 2020). Sector-
wise analysis would provide better insight into the country's
economic status than the analysis based on a composite
market index (Bhuiyan and Chowdhury 2020). Moreover,
studies show that the returns of securities in the capital
market are not random; they are correlated or persistent
(Raimundo and Okamoto 2018). Additionally, persistence
also explains the self-similarity or fractal behavior. Fractal
is a property of a smaller portion of an object being
similar to the larger part of it (Goldberger et al. 2002). For
instance, the structure of trees, the pattern of a coastline or
the mountains are self-similar. Fractals are the self-similar
shape or structures. If a self-similar structure is uniform in
all scales, i.e., a consistent behavior in all scales, it is known
as monofractal. On the contrary, if the scaling structure is
not uniform, then the self-similarity is multifractal by nature.
The scale refers to levels of enlargement or reduction of a
self-similar object. In the case of monofractal behavior, only
one variable (termed as fractal dimension) is sufficient to
describe a system. Multifractals system requires a range of
fractal dimensions to describe its behavior (Kantelhardt et al.
2002; Mandelbrot 1977).

Multifractal detrended fluctuation analysis (MFDFA) is
an approach for finding long-term correlation and explaining
the scaling behavior of a self-similar series. This method
is better than other methods since it can be applied to non-
stationary time series and can explain nonlinear correlation
of the present and the future data which are the limitations
of the traditional methods of econometrics, i.e., GARCH
model, Brownian motion, spectrum method, etc. (Dmitriev
et al. 2022; Milos et al. 2020). It provides a set of indicators
known as the generalized Hurst exponent to explain the
behavior of the data at different time scales. Moreover, this
method also has power to describe the intensity of self-
similarity by the indicators like singularity spectrum or
spectral width. MFDFA has wide application across various
disciplines, e.g., agriculture, commodity market, financial
behavior of stock market, physiology, etc. (Patil and Rastogi
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2020; Zhang and Fang 2021). In our research, return series
are nonlinear by nature, and hence it is difficult to explain
the time varying dynamics of the series and analyze its
trend at different time scales by using any standard method.
Thus, we analyze market trends by MFDFA at different time
scales. In addition, to assess the persistence of the market
index, we also apply the Hurst exponent' to quantify market
inefficiency.

We use historical stock price data from the National Stock
Exchange of India from September 2019 to September 2020
to empirically examine the research question proposed in
this paper. The idea is to see the impact of the first wave
of COVID-19 on the persistence of the leading stock
market of India. Our results show that the market remains
persistent despite the uncertainty created by the pandemic.
However, some individual sectors have shown an increase
in the persistence indicator, which is a matter of concern as
increased persistence may occur due to investors' fear during
the pandemic.

Further, a deeper analysis by MFDFA can result in
measuring the sector-wise risk of investment. The findings
of this study contribute to the existing body of knowledge
by focusing on the persistence of the stock market during
uncertainty. Some earlier studies report sectoral analysis
on IT, consumer goods, cement and cement products,
automobile sector, pharmaceutical sector, NIFTY 50, etc., by
event study (Varma et al. 2021). They provide details about
the reaction of these sectors to the crisis created by COVID-
19, but these studies do not explore the market dynamics in
the context of persistence or long-term correlation, which
guides the investors' expected market behavior.

Moreover, these studies do not provide any information
about the transition of sectoral index dynamics from anti-
persistent to persistent or vis-a-vis. Under the uncertainty
introduced by COVID-19 in the financial market, investors
would probably be interested to know a comparatively safer
investment choice. In persistence, system follows its own
behavior, and thus it is favorable to the investors to estimate
the market trend. The present work focuses on exploring
market dynamics in the light of persistence or long-term
correlation among stocks to understand the market trend and
provide guidance to the investors.

! Hurst exponent(H) is a quantitative measure which characterizes
the behavior of a time series. An independent and identically dis-
tributed asset price follows Normal distribution where the standard
deviation of the process o(f) = t*, and t is the increment in time. H
is known as Hurst exponent (Coulliard and Davison 2005). The expo-
nent H indicates the scaling relationship of the asset price variation
with the change in time. Scaling property characterizes the economic
and financial time series as self-similar, i.e., persistent (0.5<H<1)
and anti-persistent (0 < H<0.5) or random (H=0.5).
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Our study focuses on a detailed analysis of persistence
in the individual sector and compares it with the behavior
of the overall market index. In the existing literature,
we find an application of multifractality in discussing
herding behavior in the stock market (Wang and Zhang
2005). Usually, individuals in an uncertain period prefer
to suppress their beliefs and support market consensus;
thus, we could observe herding in the financial market
(Han et al. 2022; Sornette and Zhou 2006). However,
there is no definite evidence of persistence in herding in
the financial market during highly uncertain times. Thus,
there is a high possibility that the size of the movement in
the financial time series during uncertain times could be
responsible for multifractality. The movement in different
sectors could vary depending on the sector's association with
the uncertain event (Hwang and Salmon 2004). Following
the above argument, we apply the MFDFA to investigate
the persistence in the sample sectors during COVID-19.
In the present study, persistence is measured by MFDFA
since it provides measures at various scales to analyze a
complex time series at various scales. Zhang and Hamori
(2021) investigate the volatility spillover among crude oil
and stock market in the US, Japan and Germany, and their
study reports that COVID-19 poses unprecedented changes
in the financial market across the world. The MFDFA helps
understand not just the past behavior of stock traders in a
particular industry but also guides future trading (Caporale
et al. 2022). Unlike the existing literature, this study
compares the scaling behavior of various sectors to their
association with the overall market index to understand the
correlation among the sectors for investment opportunities
and also to see the impact of COVID-19 on the market
trend. Such analysis will allow investors to develop a better
investment strategy in an uncertain time.

The rest of the paper is structured as follows: The
ongoing section provides a brief introduction and
background of the work, followed by a literature review in
Sect. "Literature review," and data description is discussed
in Sect. "Methodology." Section "Empirical analysis and
findings" explains the methodology. Section "Conclusion”
illustrates the analysis and findings, and finally, Sect. 6
presents the conclusion.

Literature review

The stock market is a preferred option for investment due
to high returns, and equities are the choice of the investors
because of their profitability (Takahashi and Yamada
2021; Homaifar et al. 2013; Mullins and Wadhwani 1989).
COVID-19 impacts are observed in all financial markets
worldwide, leading to a stock market crash in the USA,
followed by the UK and Asia's stock markets. FTSE,
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the main index of the UK, drops by 10%, whereas Japan
observes a drop of 20%. S&P index falls more than 30%
from February to March 2020 (Zhang et al. 2020). Another
study on the dynamics of stock indices and oil futures in
select countries like China, the UK, Australia, Germany,
the USA and Japan states that the pandemic has a significant
negative correlation between the daily number of COVID
cases and stock indices (Erdem 2020). In addition, the study
also reports that the financial market continues to be volatile
after this pandemic (Erdem 2020). Liu et al. (2020) present
a short-term impact of COVID-19 on the stock market of 21
leading countries like Japan, Korea, USA, UK, China, etc.
(Liu et al. 2020). Their study shows that all these countries
experience a declining trend after the virus outbreak, and
countries in Asia experience more negative abnormal returns
than other countries.

Studies on the Indian financial market compare the effect
of COVID-19, Demonetization and Goods and Service Tax
(GST) (Mishra et al. 2020). Unlike Demonetization and GST,
negative stock returns seem quite obvious after COVID-19,
and the impact of COVID-19 proves to be significant when
we compare it with the effect of Demonetization and GST.
Research on the Indian banking sector shows how strong
the effect persists in the market during the pandemic (Bhatia
& Gupta 2020; Thomas et al. 2020). All of these studies
mainly focus on the status of the financial market due to
the emergence of COVID-19. Investigation of the impact
of COVID-19 on persistence of financial data is not much
discussed in the extant literature, and to the best of our
knowledge, in the Indian stock market, there is no evidence
of the same. Moreover, we do not find the impact of the
pandemic on the sector-wise index or comparative analysis
of various sectors in the context of persistence. Thus, this
work attempts to analyze the Indian stock market concerning
specific sectors in the light of market efficiency to guide a
comparatively safer investment option in future.

Methodology

In the present work, we focus on the Indian stock market to
see the impact of COVID-19 on the domestic investment
pattern. Bombay Stock Exchange (BSE) and the National
Stock Exchange (NSE) are the two major stock exchanges
in India where buyers and sellers trade (Sinha and Pan
2006). BSE is the oldest stock market; however, maxi-
mum trading takes place in the NSE. Thus, for empirical
analysis, historical data of stock prices of four selected
sectors of the National Stock Exchange (www.nseindia.
com) are considered in the study. The sectors in the pre-
sent study are information technology (IT), pharmaceuti-
cal, fast-moving consumer goods (FMCG) and automobile
since these sectors perform abnormally during COVID-19

(Alam et al. 2020; Buszko et al. 2021). IT sector plays a
vital role during the pandemic due to increased demand for
high-tech applications, whereas the pharmaceutical indus-
try is part of the sample industries because of the ongoing
and surged demand for pharmaceutical products during the
pandemic (He et al. 2020).

On the other hand, in FMCG, we observe a continuous
demand for mass production, and thus it qualifies as a
sample candidate. In the automobile sector, the demand
becomes less due to the cascading effect of joblessness,
fear of death or uncertainty in human life (Mittal and
Sharma 2021). The NIFTY 50 index captures the
overall stock market behavior, and all individual sectors
are compared to examine the persistence. India has
experienced a significant number of cases from March
2020, and the number of infected people increased in the
subsequent time. March 2020-February 2021 has been
considered as the first wave of COVID-19 in India (Hazra
et al. 2022; Sarkar et al. 2021). In our study, we intend
to see the immediate impact of the pandemic across the
sector and thus consider a very short time period—before
and after the first wave of the pandemic in India—(i) pre-
COVID-19: from September 2019-February 2020 and (i)
post-COVID-19: from March 2020 to September 2020.
Post-COVID-19 refers to the time period after the official
declaration of emergence of the first wave of COVID-19 in
India. We finally compare the result of each sector with the
computed result of NIFTY 50 since NIFTY 50 captures
the overall market trend. Since consecutive prices may be
correlated, we investigate the price dynamics in terms of
change in price or returns. Considering the logarithmic
return of the price is a common practice in technical
analysis of stock prices since it assumes the series to be
Normally distributed (Aas and Dimakos 2004). In our
analysis, we compute the logarithmic return of stock prices
as follows and consider it for further analysis:

x, = log (P,,,) = log P(1) ¢))

where P, is the price of a stock at time ¢.

Mandelbrot first introduced the notion of the fractal in
1968 to quantify the self-similar structure of a complex
system (Mandelbrot 1982; Mandelbrot et al. 1997)...
Multifractals are more general and adapted to fully describe
self-similarity and scale-invariant characteristics across
various domains, including economic (Carbone et al. 2004;
Mantegena and Stanley 1995; Muzy et al. 2000) systems.

Following is a brief outline of the MFDFA applied in
this paper.

We follow Kantelhardt et al., (2002) to develop the
model for this study.

Let us denote the time series by {xl} and calculate the
mean (x). Then,
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Table 1 Descriptive statistics of

daily returns of selected stocks Sectors Mean Standard deviation =~ Skewness  Kurtosis CV
Pharmaceutical ~ Pre-COVID —0.0002  0.0050 -0.5117 1.1740 —27.3415
Post-COVID 0.0013  0.0099 —-0.1695 4.5131 7.3697
Automobile Pre-COVID 0.0000  0.0071 1.4863 8.7055 2229.7759
Post-COVID 0.0004 0.0123 —-1.0196 6.6065 28.9070
FMCG Pre-COVID 0.0001  0.0040 1.3510 6.3115 60.0570
Post-COVID 0.0001  0.0089 —-0.6649 9.7926 124.1022
IT Pre-COVID  —0.0002  0.0049 —1.7091 7.1316 —27.6672
Post-COVID 0.0008  0.0108 -0.7114 4.4544 14.0669
NIFTY 50 Pre-COVID 0.0001  0.0043 0.7133 7.3018 32.8436
Post-COVID 0.0000  0.01082 —1.48439  8.2854 352.1834

This table reports the essential statistical

characteristics, i.e., central tendency (CV), measures of

dispersion, measure of shape and relative measure of the dispersion of each dataset for both the pre- and

post-COVID-19 first wave

k
y(i) = Zizl [ —x], i=1,23,....N )
Dividing y(i) into N, = int(%’) non-overlapping parts of
equal length, we compute the trend y, (i) using a quadratic fit
and obtain the local variance as:

F(vs) = % Z:, i+ v = Dsl =y, 3)

for each partv,v = 1,2, ..., N,. Next, we find the generalized
fluctuation function root mean squared fluctuation (RMS),
F,(s),q # 0, by averaging over all the parts as follows:

1 W (oo ‘ 1/q
F,(s)= {W szl [F2(v, )] }

For ¢ = 0, a logarithmic averaging procedure is employed
to find the fluctuation function F(s) as:

“

2N,
Fols) = expd = 3 I[P, 5)] 5)
s y=1

If there exist long-range correlations in the series, F,(s)
scales with s, as a power law,

F(s) ~ st (6)
where H, defines the generalized Hurst exponent, where
q represents the order of fluctuation. For the monofractal
case, H, is a constant, while for the multifractal behavior
of the system, it provides a set of values which vary with g.
MFDFA provides two additional measures, the singularity
index 7, and singularity spectrum D, which are defined as
follows:

ququ—l;hqzr(; and D, = gh, -7, 7
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Here, h,, is the singularity strength or Holder exponent,
while D, encodes all the global scaling information. The
singularity index captures the changes in the multifractal
behavior when the level of multifractality changes from
one scale to the other, whereas the singularity spectrum
explains the visualization of the multifractal behavior.

Empirical analysis and findings

Equation 1 computes the daily return of all selected
sectoral indices. Further, we compute each dataset in both
periods, i.e., pre-COVID-19 and post- COVID-19. Table 1
presents the descriptive statistics of the data.

Arithmetic mean, standard deviation, skewness,
kurtosis and coefficient of variation (CV) estimate central
tendency, measures of dispersion, measure of shape and
relative measure of dispersion separately for each dataset.
In Table 1, the kurtosis of all sectors is greater than the
standard value of Normal distribution. This indicates
that the return distribution is fat-tailed, and hence there
is a possibility of an increase in extreme (Maximum
or Minimum) return. We also notice CV to reduce for
pharmaceutical, auto and IT sectors in post-COVID time,
whereas it increases in FMCG and NIFTY 50. Less CV
indicates more consistency in the data, leading to a stable
market. Although the notion of a stable market is based on
constant variance, the variance in the market data changes
with time. All this intrigues the question of the existence
of persistence in the return dynamics. The following
section deals with the variation of the data with different
time scales and intends to explain the data dynamics in
terms of persistence.
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Fig. 1 Multifractal characterization of the pharmaceutical sector in pre-COVID duration. From left to right in a clockwise direction, g-order
RMS, generalized Hurst exponent, singularity spectrum and singularity exponent of the daily return of pharmaceutical sector for pre-COVID-19
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Fig.2 Multifractal characterization of the pharmaceutical sector in post -COVID duration. From left to right in a clockwise direction, g-order
RMS, generalized Hurst exponent, singularity spectrum and singularity exponent of the daily return of pharmaceutical sector for post-COVID-19

Persistent test

This work intends to explain persistence by computing
scaling function, generalized Hurst exponent, singularity
exponent and singularity spectrum, and MFDFA provides
all such measures at various scales. Thus, for computation,
we follow the methodology of MFDFA using MATLAB.
For example, we report the results of the pharmaceutical

sector in Figs. 1 and 2. Other sector details are reported
on request.

Figure 1 shows the result of the pharmaceutical sector
before COVID-19. In this figure, the generalized fluctuation
function F(s) or g-order RMS is the plot for various values
of g at the top left panel. Here, s is the various time scale
of data (daily, weekly, monthly, etc.), and q is the various
orders of fluctuation. Negative and positive values of q refer
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Table 2 Sector-wise generalized Hurst exponent for pre-COVID and post-COVID time

Sectors g=-5 qg=-4 ¢g=-3 g=-2 gqg=-1 ¢g=0 g=1 q=2 g=3 qg=4 g=5
Pharmaceutical Pre-COVID  1.5228 1.4752 1.4001 1.2653 1.0175 0.8001 0.7191 0.6774 0.647 0.6227  0.6027
Post-COVID 1.1797 1.1359 1.0791 1.0129 0.9507 0.9048 0.8663 0.8157 0.7615 0.7154 0.6795
Automobile Pre-COVID 09157 0.8834 0.8447 0.7998 0.7476 0.6839 0.6042 0.5161 0.4371 0.3759 0.3305
Post-COVID  1.2034 1.1807 1.1487 1.0998 1.023 0.9238 8363 0.7721 0.7255 0.6913  0.6659
FMCG Pre-COVID 14670 14128 1.3298 1.1962 1.0216 0.8867 0.7824 0.6817 0.5935 0.5260 0.4768
Post-COVID 14334 13979 13463 1.2659 1.1382 09714 0.8144 0.6936 0.6103 0.5536 0.5143
IT Pre-COVID  0.7487 0.7062 0.6572 0.6064 0.5582 0.5124 04661 0.4167 0.3655 0.3175 0.2768
Post-COVID  1.5834 1.5289 1.4416 1.2883 1.0501 0.8640 0.7580 0.6837 0.6278 0.5850 0.5518
NIFTY 50 Pre-COVID  0.8539 0.8210 0.7797 0.7290 0.6689 0.5971 0.5090 0.4114 0.3255 0.2616 0.2162
Post-COVID  1.2555 1.2201 1.1709 1.1019 1.0116 09121 0.8113 0.7190 0.6479 0.5969 0.5602

This table displays results of generalized Hurst exponent in all sectors, including NIFTY 50 for the pre- and post-COVID-19 time

The column of g=2 represents classical Hurst exponent of all sectors

to small and large fluctuations. The slope of these lines indi-
cates a generalized Hurst exponent. The difference between
g-order RMS for positive and negative ¢'s is more apparent
at the small scale than at the large scale. Generalized Hurst
exponent H , is the plot against g at the top right panel show-
ing the dependence of H, on g. Further, the singularity index
(,) and singularity spectrum (D) are the plots in the bottom
panel from left to right, respectively, and explain the multi-
fractal behavior of the data. According to Kantelhardt et al.,
(2002), a curved g-dependence in (7,) and large spectrum
width in (D q) characterize a multifractal behavior. Spectrum
width measures the difference between maximum and mini-
mumh,. AD, =D, [thaX] -D, [thin] represents the prob-
ability of the highest or lowest rate of return. A positive or
negative AD, indicates the probability of high return of low
return, respectively. In the present work, we perform a mul-
tifractal analysis with order q which varies from — 5 to+5
to measure the degree of volatility. Spectral width provides
more details on multifractality since an increase in spectral
width indicates an increase in multifractality, essentially
indicating a less efficient market (Ihlen 2012). Therefore,
an increased spectrum width is an indication of an increase
in persistence.

Figure 1 displays multifractal characterization of the
pharmaceutical sector before COVID-19. Among the four
panels in the figure, the top left panel plots the relation
between the local variance F, vs. its order g for various scale
(or sample size)s. It is evident from the plot that the local
variance F, is more sensitive toward the lower scale for all
orders of g. In the top right panel, the generalized Hurst
exponent H, varies with q; specifically, H, decreases with
the increasing order of g. This is an indication that the phar-
maceutical sector has multifractal behavior since for mono-
fractal, Hq is constant. This multifractal nature is further
verified by a curvilinear relationship between q and 7, in the
bottom left panel. The bottom right panel is the singularity
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spectrum, which emphasizes the multifractal nature of the
sector. The spectrum is single-peaked but asymmetric. The
extended right tail is visible in the spectrum. Thus, the spec-
trum provides AD, = [D,(5) — D,(=5)] > 0, indicating the
probability of higher return before COVID-19. Moreover,
spectral width (hqyg, — hquin) = 1.1899 provides the inten-
sity of multifractal behavior within the daily return series
The MFDFA analysis of the daily return of the pharmaceu-
tical sector for the post-first wave of COVID-19 (c.f. Fig-
ure 2) also exhibits dependence of H, on g; however, the
spectral width is less (0.81889) as compared to pre-COVID
time. Dependence of H, on g indicates the existence of mul-
tifractality leading to self-similarity or persistence. In the
present case, the spectral width decreases after COVID-19,
and hence the intensity of multifractal nature decreases, and
thus the degree of persistence decreases.

Likewise, we analyze all sectors and tabulate the results
in Table 2. Generalized Hurst exponents H, versus g before
and after COVID-19 for all sectors in Table 2 provide strong
evidence of persistence. The table shows that H, decreases
with an increase of g from — 5 to 5 for all datasets in both
periods, indicating H,'s dependence on g. This proves that
the market is always multifractal; however, the degree of
multifractal nature changes. These results are quite similar
to the results of the study of the China Stock Exchange and
S&P 500 index of US during the before and after the first
panic of COVID-19 (Zhang and Fang 2021), which confirms
that both markets are multifractal and fractality intensified
after the first wave of COVID-19.

In the next stage, we examine the sector-wise generalized
Hurst exponent.

In Table 2, Hq for g < 1 represents the small fluctua-
tion, and H, for g > 1 refers to a large fluctuation. H,_,
is the classical Hurst exponent which characterizes long-
range correlation of the series as a whole. H,_, > 0.5 refers
to a persistence, whereas for H,_, < 0.5, it indicates an
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Fig.3 Sector-wise Hurst exponent (H,_,) before and after COVID-19 sample period; dotted line indicates the threshold for persistence

(H,_, =0.5)

Table 3 Sector-wise

. . Sector Time Spectral width=hq_ Range of Hg=Hgq_ The change observed
comparison of spectral width max—hg_min max—Hg_Min after COVID-19
outbreak
Pharmaceutical Pre-COVID 1.1899 0.9201
Post-COVID 0.8188 0.5002 Reduced
Automobile Pre-COVID 0.8956 0.5852
Post-COVID 0.7300 0.5375 Reduced
FMCG Pre-COVID 1.4034 0.9902
Post-COVID 1.2228 0.9191 Reduced
IT Pre-COVID 0.8047 0.4719
Post-COVID 1.3827 1.0316 Increased
NIFTY 50 Pre-COVID 0.9507 0.6377
Post-COVID 0.9841 0.6953 Increased

This table shows the change in spectral width and range in H,

anti-persistence behavior. From Table 2, we find that
H,_, for all cases is more than 0.5 in both pre- and post-
COVID duration (c.f. Figure 3) except IT and NIFTY 50.
Moreover, in each sector, this indicator increases from
pre-COVID to post-COVID time. In addition, unlike
pharmaceutical, automobile and FMCG sectors, in I'T and
NIFTY 50, H,_, is less than 0.5 before COVID-19 and
more than 0.5 after COVID-19. This shows a transition
from anti-persistence to persistence behavior. Moreover,
we observe a significant increase in Hq=2, in the cases of
pharmaceutical, automobile and FMCG sectors. This indi-
cates an increase in persistence after the outbreak of the
COVID-19 in these three sectors. On the contrary, H =2 for
IT and NIFTY 50 shows a transition from anti-persistence
(H,-, <0.5) to persistence (H,_, > 0.5) behavior in post-
COVID-19. An increase in Hurst exponent in all the above
cases indicates that the increase in market inefficiency

leads to an increase in persistence. Previous research states
that the shock of COVID-19 increases persistence in the
stock market (Bentes 2021; Vera-Valdes 2022), and our
results exhibit that the Indian stock market reacts simi-
larly in response to the shock of COVID-19. Moreover,
the multifractal analysis of the daily return series presents
more detail about this inefficient market providing a prob-
able solution to the investors about the comparatively safe
investment.

Though Table 2 displays a spectrum of Hurst exponents
of daily returns for all sectors concerning various scales,
providing an evidence of multifractal nature, we conduct
a detailed analysis to examine multifractal behavior with
regard to the singularity spectrum and the respective
width. Table 3 shows the result.

¥
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Fig.4 Sector-wise spectral width before and after the COVID-19 sample period

We find a reduction in the spectral width in the phar-
maceutical, automobile and FMCG sectors in post-COVID
time (Fig. 4).

Our study reveals that the multifractality in these three
sectors reduces after the outbreak of COVID-19. A reduction
in multifractality indicates a reduction in volatility (Thlen
2012). Loss of business, lay-off, imposed quarantine and a
fear of unprecedented risk to lives led to less consumption,
followed by less economic output (Mazur et al. 2021). This
may have reduced the volatility of these sectors during the
pandemic. On the contrary, spectral width increases after
COVID-19 in IT sector and in NIFTY 50 which points
out an increase in multifractality leading to an increase in
volatility. A significant change in the usage and application
of IT products and services for information sharing during
the pandemic could be attributed as a rationale for drawing
investors' attention, leading to an increase in volatility in
this sector (He et al. 2020). Sector-wise analysis reveals the
existence of multifractality or self-similarity in all sectors;
however, the multifractality of only IT sector mimics the
composite market index NIFTY 50. Thus, only the IT
sector is in tune with NIFTY 50 out of the selected sectors
considered in this research.

Conclusion

The paper examines the persistence of specific sectors of
the Indian stock market in the context of the first wave of
COVID-19. The COVID-19 outbreak has created panic
among investors, which has led to instability in the world-
wide stock market. However, there needs to be more study
on emerging market efficiency during COVID-19. Thus, in
this paper, we conduct a detailed analysis of the daily returns
of specific sectors in the Indian stock market to understand
market efficiency during uncertainty better. Furthermore,

s

the study compares the result of each sectorial catalog with
the market index, which is NIFTY 50 in this case. Previ-
ous studies show that the stock market experiences negative
returns during high uncertainties in the market (Bekaert and
Hoerova 2014). Following the previous literature, the recent
papers examining the impact of COVID-19 on stock mar-
ket performance or industry-specific behavior find similar
results (Baek et al. 2020). However, these studies mainly
focus on stock markets from leading developed countries.
The construction and regulation of developed markets are
different from those of emerging markets. Thus, it is impor-
tant to examine whether the stakeholders in the emerg-
ing stock market react or respond based on their previous
experience when they process complex information during
uncertainty.

Usually, exploring the market condition in the context
of persistence is useful for investors, as persistency could
enhance confidence among traders and signal the capacity
of the market to deal with the chaos created by uncertainty.
Thus, in the present work, we attempt to characterize the
stock market concerning persistence. Moreover, we apply
MFDFA to focus on the sector-wise investigation of the
National Stock Exchange to identify the sectors that could
be safe for trading during uncertainty. Multifractality can
be quantified by measuring the generalized Hurst exponent
and by the width of the singularity spectrum. An increase
in multifractality indicates self-affine characteristics, which
result in a long-range correlation. On the other hand, a
reduction in multifractality hints at a less volatile market.
Empirical analysis shows that multifractality reduces in
the automobile, FMCG and pharmaceutical sectors; on
the contrary, the IT sector and NIFTY 50 have shown an
increase in multifractal behavior.

In the current stressful situation, it is expected that
fear or anxiety in investors' minds would affect their
investment decision, leading to a behavioral bias. In this
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regard, all sectors in the sample are trying to be persistent
and experiencing herding behavior as expected. The
overall behavior of all selected stocks shows that sector
inefficiency increases after the outbreak of COVID-19
in India as we observe an increase in the Hurst exponent
across all sectors in the study sample. Thus, our findings
indicate to the investors that they can maximize their
portfolio return by adding a certain weight percentage
among different stocks from the industries mentioned in
this paper. However, our sector-specific analysis of the
daily return using multifractal theory shows that spectral
width has been reduced in some stocks. In contrast, in
others, it has increased during and after COVID-19.
The findings of this study give a positive signal to the
policymakers about which sectors they should focus on to
experience overall growth in the economy.

Moreover, instead of a blanket approach to assess the
stock market during uncertainty, like the post-COVID-19
era, investors should take an approach to assess sector-
specific stock performance in their portfolio maximization
decision-making. As a reduction in spectral width hints at
a less volatile market, we assist the international investor in
considering the Indian stock market as a safe option even
in the ongoing COVID-19 market inefficiencies. A reduced
spectral width in automobile, pharmaceutical and FMCG
sectors can generate confidence among investors during
uncertain times. In that case, it is possible for the market
regulating authorities to strengthen their COVID-19
recovery plan sometime in the near future. Like any other
study, this paper is not free from limitations. Examining
additional characteristics of each stock for more sectors,
which are becoming vulnerable in the ongoing COVID
situation, could increase the confidence among investors
in the Indian stock market. Moreover, the impact of
higher inflation and a geopolitical crisis could also be
interesting for investors with limited capital to invest in
information processing. We expect to extend the literature
in the future by analyzing persistence using MFDFA in
another uncertain period to gain more insights into the
stock market stakeholders and assist them in developing
practical trading strategies, even during uncertain events
dominating the financial market.
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