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Abstract 

During the first wave of COVID-19 in 2020, financial markets all across the world, including India, 

faced a tremendous collapse. In 2021, COVID-19's second and third waves made landfall. The 

current study's goal is to determine the pandemic's effects from January 1, 2020, to December 31, 

2021, on the leading stock markets in India and the United States, specifically the BSE SENSEX, 

NSE NIFTY, S&P 500, and Dow Jones. The measurement of nonlinearity, volatility, and chaos uses 

several methods. Although all of the indices are nonlinear, variable, and non-chaotic, the current 

investigation demonstrates that some structural changes are discernible within this time period. 
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1. Introduction 

The unpredicted shift in the global view brought on by the extraordinary COVID-19 pandemic's 

quick spread has endangered the whole planet. The SARS-CoV-2 virus, which started the COVID-19 

pandemic, first appeared in Wuhan, Hubei province, China, in December 2019. Over time, it spread 

to other parts of the world. In addition to being a serious worldwide health disaster, this pandemic is 

also causing a huge global economic collapse. While adopting rigorous quarantine measures to 

combat the unforeseen outbreak, several nations abruptly stop all economic activity. International 

transportation restrictions and limitations have slowed down global economic activity. Most 

significantly, panic among consumers and businesses has stopped them from engaging in their 

typical purchasing habits, which has led to market irregularity. Uncertainty and risk were created due 

to this pandemic, causing significant economic impact all over the globe affecting both advanced and 

emerging economies such as the United States, Spain, Italy, Brazil, and India etc. 

The government of India announced Janata Curfew on March 22, 2020, and the lockdown policy to 

maintain social distancing practices to slow down the outbreaks from March 24, 2020. As the 

government announced such a lockdown policy, various economic activities have been stopped 

suddenly. The financial market of India is witnessed sharp volatility because of the disruption of the 

global market [1]. BSE SENSEX witnessed a drop of 13.2%, on March 23, 2020, which was the highest 

single they decline after the event of the Harshad Mehta Scam, on April 28, 1991 [2]. Similarly, Nifty 

has also fell to almost 29% during this period. Some economists have considered the impact of 

COVID-19 on the Indian stock market as a “black swan event,” that is, the occurrence of a highly 

unanticipated event with an extremely bad impact. USA Government imposed a lockdown one week 

before, on March 15, 2020. As an immediate consequence, Dow-Jones, S&P 500, and NASDAQ 

Composite indices slumped to 12.9%, 12% and 12.3% respectively. This was the worst decline since 

1987 “Black Monday” market crash. Due to the lockdown policy adopted by the government, the 

factories have reduced the size of their labor force as well as production level which disrupted the 

supply chain. Again, because of the uncertainty prevailing among mankind, people also reduce their 

consumption habits leading to demand-side shock. Studies have also found that the entire previous 

pandemic had affected only the demand chain. But this COVID-19 pandemic has affected both the 

demand chain and supply chain. 

The second wave of COVID-19 hit and cast a cloud of uncertainty on the stock markets in 

India. Roughly in the month of January 2021, the second wave of COVID-19 struck India, reaching 

its peak on May 03, 2021, and by the end of May, the active cases started to decline. The third wave 

in India is again hit at the end of 2021 [3]. USA scenario is much worse. The second wave in USA 
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approached earlier; it lasted from mid-June 2020 to September end 2021. It reached its peak in the 4th 

week of July [3]. 3rd wave in USA followed immediately in October, reached its peak on January 08, 

2021, and persisted till the end of February 2021 [3]. In July 2021 4th wave started, it attains its 

maximum on August 27, 2021, and continued till November 2021 [3]. The fifth wave started to form 

in December 2021 [3]. So, it is evident that the COVID-19 pandemic seems to have become a periodic 

phenomenon over the last couple of years. In crisis-like situations such as pandemics, the financial 

performance of the stock market is expected to deteriorate due to public fears of declining economic 

activity, reduced disposable income, and investors’ negative sentiments. 

COVID-19 pandemic resulted in a large fall in the oil price and a large inclination in the gold 

price. Firzli has described this pandemic as “the greater financial crisis” [4]. The risk of global 

financial market has increased considerably in response to the pandemic [5]. Investors panicked to 

fear, & uncertainty, and their wealth was reduced a lot. The global stock market has struck out about 

US$6 trillion in a week from February 24, 2020, to February 28, 2020 [6]. The market value of the 

Bombay Stock Exchange (BSE) index declined almost 10,000 points within 15 days from March 6, 

2020, to March 25, 2020, since the COVID-19 outbreak. S&P 500 had lost 34% of its valuation in 

August 2020 [7]. The stock market of Spain, Hong Kong, and China also witnessed a fall of 25.1, 

14.75, and 12.1% in their price from March 8, 2020 to March 18, 2020 [8]. KOSPI is dropped below 

1,600 in their history after 10 years [9]. 

Baret et al. [10] found that oil, equity, and bonds are affected badly during COVID-19 

pandemic. The imposition of lockdown and social distancing largely hampered manufacturers and the 

company’s revenue sharply decreased as a result, worldwide. The Financial Times Stock Exchange 

100 index witnessed the sharpest 1-day decline since 1987 [11]. Georgieva [12] noted that for most of 

the developed and developing counties, the financial crisis due to COVID-19 pandemic is more 

hazardous in comparison with the Global Crises of 2007–2008. 

Igwe [13] suggested that the shock from this pandemic can increase the volatility that can 

negatively affect the economic and financial system of every country. Bekar et al. examined and 

concluded that the US stock market reacted forcefully to COVID-19 [14]. Choi [15] found that the 

connectedness between the volatility of South Korea, Japan, China, and USA vary over time, and the 

interdependence increased during COVID-19 period. Al-Awadhi et al. [16] found that the increase in 

the daily confirmed cases and death caused by COVID-19 has a significant and negative impact on 

stock returns. He et al. [17] applied t-test and non-parametric Mann-Whitney test on the stock markets 

of China, Italy, South Korea, France, Spain, Germany, Japan and the United States of America and 

showed that COVID-19 has a negative, but short-term impact on the stock markets, but they found no 

evidence that COVID-19 negatively affects stock markets of these countries, more than it does the 

global average. Basuony et al. [18] investigated impact of COVID-19 pandemic on stock returns 

utilizing an asymmetric exponential generalized autoregressive conditional heteroscedasticity model, 

on stock market indices of Brazil, China, Italy, India, Germany, Russia, Spain, United Kingdom, and 

USA, from January 1, 2013, to December 31, 2020, and identified that unprecedented increases in 

conditional volatilities and the impact is asymmetric, with the negative effect of death being more 

pronounced. Alves [19] studies the change in chaotic behavior on different stock exchanges during 

COVID-19 pandemic and observed that the degree of chaoticity increases in the case of S&P 500, 

NASDAQ Composite, Euronext 100; unaltered for Nikkei 225, IBEX 35; decreases for SSE 

Composite Index. Dima et al. [20] found any no clear evidence of a substantial change in VIX's 

efficiency during 2020. Tie et al. [21] demonstrated that under the influence of an emergency (COVID- 

19), chaos in China's financial market intensified. 

Though there are various studies regarding analyzing COVID-19 effect on stock markets, there 

lies a lack of in-depth analysis measuring suitable volatility models, stability of the model, and 

persistency of the effect of volatility. The present study explores the performance measurement 

analysis of prime Indian and American stock exchanges during the COVID-19 pandemic. The 

performance measurements are on daily return data of SENSEX, NIFTY (India), and S&P 500, Dow- 

Jones (USA). Comparative analysis on market volatility, non-linearity, and chaos is performed. This 

http://doi.org/10.36893/IEJ.2020.V49I6.036-046


 

Industrial Engineering Journal 
ISSN: 0970-2555   
Volume : 49, Issue 6, June : 2020 

 

http://doi.org/10.36893/IEJ.2020.V49I6.036-046                                                         38  


0  if at −    0i 

analysis can provide investors with additional information to formulate profitable investment strategies 

during crisis-like situations. This study helps us understand how the Indian and American market 

behaves when a pandemic hit them, and a comparative idea may be enriched among the investors. R- 

Studio version 2022.07.2+576 has been used for computational purposes. 

2. Data and methodology 

Data 

The study is based on secondary sources of data. Data on the daily return of BSE SENSEX, 

NSE NIFTY, S&P 500, and Dow-Jones have been collected from January 1, 2020, to December 31, 

2021 [22]. The reason for the choice of this time span is to incorporate all the different waves of 

COVID-19. Return series are taken into consideration as for average investors, the return of an asset 

is a complete and scale-free summary of the investment opportunity [23]. Moreover, the return series 

has more chance to be stationary which is a primary condition to apply the volatility model to the data. 

 Methodology 

TGARCH Model Of Volatility 
TGARCH (threshold generalized autoregressive conditional heteroskedasticity) model detects 

volatility present in data, in addition to the asymmetric nature of the volatility w.r.t positive and 

negative shock, known as the leverage effect [24]. Let at 
represents the mean-corrected data or shock 

obtained from the series Xt ,t  1, 2,..., n after fitting an ARMA model with proper order. 

TGARCH (m, n) model is described as 
n m 

at  
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Hence, Nt i catches negative at i . (1) demonstrates that a positive at i contributes iat i
2

 on t
2 

where as a negative shock at i contributes i  i  at 

i
2
 

on t
2 . So, for a positive i , conditional 

variance t
2 is influenced more by negative shock compared to positive shock and so, leverage effect exists. 

Threshold 0 is used to separate the effect of a positive and negative shock. 

Test For Randomness: Runs Test 

The runs test [25] is a non-parametric test to detect if a time series follows a random process. It is 

usually considered a linear test that searches for randomness of data by examining frequency of runs (a series 

of similar responses, either positive or negative). If a series is random, the actual number of runs in the series 

should be close to the expected number of runs, irrespective of the signs. 

If x and y denote numbers of positive and negative runs of a series respectively, then the observed 

number of runs 

R=x+y (2) 

The expected number of runs 

R '  
2xy 

1
 

x  y 
(3) 

The test statistic 

Z  
R  R ' 

S
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where the standard deviation of the number of runs is given by 

 

(4) 
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follows the standard normal distribution, under the null hypothesis of no run (random nature). 

Non-Linearity Test 

Keenan Test 

Keenan [26] proposes a nonlinearity test for time series that uses   �̂�2  only and modifies the second 

step of the RESET test [27-28] to keep off multi co-linearity between �̂�2  and Xt-1.  Keenan’s 
assumed model of the series is of the form: 

𝑿𝒕 = 𝜇 + ∑∞ 

It is evident that, 
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reduces (6) to linear form, so Keenan's idea shares the principle of an F test. Firstly, optimal lag p is selected 

using any one of the standard information criterion, next Xt is regressed on (1, Xt-1,…, Xt-p) to obtain the fitted 

values (�̂�𝑡), the residuals set  �̂�𝑡  and the residual sum of squares r. Then  ̂2   is 

regressed on same variable set (1, Xt-1,…, Xt-p) to obtain the residuals set (�̂�𝑡). In last step, 
∑𝑛 �̂�𝑡�̂�𝑡 

𝜂 ̂ =
 𝑡=𝑝+1  (8) 

𝑡 𝑛 ̂2 
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and the test statistic 
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computed. 

Under the null hypothesis of linearity, i.e. 

 
(9) are 
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𝜃𝑢𝑣 𝑎𝑡−𝑢 𝑎𝑡−𝑣 = 0 (10) 

and the assumption that (at) are i.i.d’s and Gaussian, asymptotically �̂�~𝐹1,n−2p−2 

Tsay Test 

Tsay [29] test is a generalization of Keenan test which include general quadratic terms of the form Xt-

iXt-j  , i,j=1,…,p ; i<j, in addition t �̂�2, and Xt-iXt-j  , i,j=1,…,p ; i<j  are regressed on (1, Xt- 

1,…, Xt-p). Under null hypothesis of linearity, 

F̂ : F
m,n m  p 1 (11) 

Chaos Test 

0-1 Chaos Test 

0-1 chaos test [30] is one of the widely used test to detect chaos in the data. The outcome of this test 

is binary. It takes the value 0 if chaos is not detected and 1 if chaos is present. From a time 

series Xt ,t  1, 2,..., n , a Fourier series 
N 

pn is as 
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c, is a random number. 

The smoothed mean square displacement Dc (N) is constructed as 
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To incorporate the possible presence of noise Dc (N ) is modified as D*(N ) as 
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The asymptotic growth rate 
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Kc for distinct c’s are computed as  
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is the binary output where K=0 if the data is non-chaotic and K=1 if the data shows the presence of chaos. 

 Lyapunov Test 

Lyapunov test is a robust test to measure chaos. Chaos is identified from largest Lyapunov exponent, 

which describes the rate of separation of infinitesimally close trajectories in attracting manifold. trajectories 

diverge at an exponential rate for a chaotic attractor [31]. Numerous techniques are used to calculate the 

Lyapunov exponent [32-34]. In the present study, the method described by Rosenstein et al. (1993) is 

employed as it is favorable if the sample size is small. 

Given a time series Xt ,t  1, 2,..., n , a trajectory X    X   X   ... X   
T  

is   reconstructed, 
X

i 
 x

i  
x

i  j  
i m 1  j 

being the state of the system at time i. j and m represent the lag and 

  

embedding dimension m. 

So, M = N - (m -1)J (18) 

Closest neighbour of X j , denoted by X ̂
j 

is obtained by 
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d j 0  being the initial distance from X j to its closest neighbour X ̂
j 
. Here temporal separation 

between the closest neighbours must be greater than the mean period of the series. This condition guarantees 

that each pair of neighbours are with almost the same initial conditions for different trajectories. 

Next, the largest Lyapunov exponent 1 is estimated as suggested by Sato et al. [36] 
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t and d j i  being the series period and the distance between the j th pair of closest neighbours after 

time i t . 
Largest Lyapunov exponent complies the power law 
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C j  being the initial separation. 

Taking logarithm to both sides of (23), we obtain 
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Largest Lyapunov exponent, estimated by applying method of least square is 
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where denotes the mean over all values of j. 

1  0 and 1  0 represent chaotic and non-chaotic systems respectively. 
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3. RESULTS 

ADF Unit Root Test Result 

ADF (Augmented Dicky-Fuller) [37] Unit Root test is implemented on SENSEX, NIFTY, S&P 

500, and Dow-Jones, to check the stationarity of the series, which is an essential condition to test 

TGARCH on the series. The result is summarized in table 1. The optimal lag of AR model is selected 

taking a minimum between Akaike Information Criterion (AIC), Bayesian Information Criterion 

(BIC), and Hannan-Quinn Information Criterion (HIC). 

Table 1: Result of ADF unit root test on SENSEX, NIFTY, S&P 500, and Dow-Jones daily 

return 

Name of the stock 
exchange 

SENSEX NIFTY S&P 500 Dow-Jones 

AR Lag 10 10 7 7 

Test statistic (p value) -6.51(0.00)* -6.42(0.00)* -7.99(0.01)* -8.12(0.01)* 

*denotes rejection of the null hypothesis of the presence of unit root at 5% level of significance. 

It is deduced from Table 1 that BSE return and NSE return data are stationary. 
Volatility Test Result 

The volatile nature of the stock exchanges is examined by TGARCH (1, 1) model. As all four 

series under the condition exhibit stationarity by table 1, TGARCH (1,1) is chosen. Firstly, ARIMA 

model with appropriate lag (based on minimum AIC) is computed on return data and then TGARCH 

(1,1) is fitted on the residual data. The result is stated in table 2. 

Table 2: Result of TGARCH (1,1) on SENSEX, NIFTY, S&P 500, and Dow-Jones daily return 

Name of the 

stock exchange 

SENSEX 

(ar lag=3, ma 

lag=5) 

NIFTY 

(ar lag=9, ma 

lag=2) 

S&P 500 

(ar lag=7, ma 

lag=7) 

Dow-Jones 

(ar lag=4, ma 

lag=4) 

0 (Constant) 0.00(0.01)* 0.00(0.00)* 0.00(0.03)* 0.00(0.00)* 

 (ARCH 
effect) 

0.09(0.00)* 0.09(0.00)* 0.18(0.00)* 0.21(0.00)* 

 (GARCH 

effect) 

0.91(0.00)* 0.91(0.00)* 0.82(0.00)* 0.77(0.00)* 

   1.00 1.00 1.00 0.98 

 (Leverage 

effect) 

1.00(0.00)* 1.00(0.00)* 0.81(0.03)* 0.87(0.00)* 

*denotes rejection of null hypothesis at 5% level of significance. P-values are included in ( ) 

brackets. 

Table 2 indicates that all four series are volatile in nature as both ARCH and GARCH 

components are significant at 5% level of significance. As the combined effect of ARCH and GARCH 

components are near 1 for all the series, the volatile nature is stronger. Positive and statistically 

significant  assures leverage effect in all the stock markets. Therefore, during COVID-19 

pandemic, 

the market reacts more to negative shock in comparison to positive shock. Out of the total predicted 

squared variance, 9% is predicted by the latest squared error term and 91% is predicted by the square 

of the previous time periods in the case of Indian markets. The weightage of squared latest variance 

declines to 82% and 77%, respectively for S&P 500 and Dow-Jones, whereas the weightage of squared 

error term increases to 18% and 21% respectively, for them. Hence, the ARCH effect is stronger in 

American markets and the GARCH effect has more impact on Indian markets. 

Next, some additional tests, regarding model consistency, reliability, and stability are 

performed.Weighted Ljung-Box Test [38] is applied on both the standardized residuals and 

standardized squared residuals series to check if TGARCH (1,1) model is successful to remove the 

serial dependence of standardized residuals and standardized squared residuals, with the null 

hypothesis of no autocorrelation at lag k>0. Table 3 demonstrates the test result. 
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Table 3: Result of Weighted Ljung-Box Test on SENSEX, NIFTY, S&P 500, and Dow-Jones 

daily return 

Name of 

the stock 

exchange 

Weighted Ljung-Box Test on 

Standardized Residuals 

Weighted Ljung-Box Test on Standardized 

Squared Residuals 

 Lag 1 Lag 

[2*(p+q)+ 
(p+q)-1] 

Lag 

[4*(p+q)+ 
(p+q)-1] 

Lag 1 Lag 

[2*(p+q)+ 
(p+q)-1] 

Lag 

[4*(p+q)+ 
(p+q)-1] 

SENSEX 0.04 
(0.84) 

6.64 
(1.00) 

14.49 
(0.96) 

0.85 
(0.36) 

1.72 
(0.69) 

2.59 
(0.82) 

NIFTY 0.00 
(0.95) 

14.81 
(1.00) 

28.96 
(0.34) 

0.27 
(0.60) 

0.86 
(0.89) 

1.97 
(0.91) 

S&P 500 0.01 
(0.90) 

14.26 
(1.00) 

28.07 
(0.95) 

6.39* 
(0.01) 

6.94 
(0.055) 

7.49 
(0.16) 

Dow-Jones 0.00 
(0.99) 

10.00 
(1.00) 

23.55 
(0.99) 

0.01 
(0.90) 

4.24 
(0.22) 

7.61 
(0.15) 

*denotes rejection of null hypothesis of no autocorrelation at 5% level of significance. P-values are 

included in ( ) brackets. 

Table-3 shows that there is no serial auto-correlation among the standardized residuals and 

standardized squared residuals except S&P 500 with lag 1. It may be interpreted that conditional mean 

and conditional variance models of TGARCH (1,1) are adequate to remove autocorrelation among 

standardized residuals and standardized squared residuals. 

Weighted ARCH-LM Test [39] measures if any ARCH effect is present in the standardized 

residual after fitting the TGARCH model. The null hypothesis is that no ARCH effect is present after 

fitting the model. Table 4 summarizes the result. 

Table 4: Result of Weighted ARCH-LM Test on SENSEX, NIFTY, S&P 500, and Dow-Jones 

daily return 

Name of the stock exchange Weighted ARCH-LM Test on Standardized Residuals 
 Lag 3 Lag 5 Lag 7 

SENSEX 0.61(0.43) 1.07(0.71) 1.61(0.80) 

NIFTY 0.11(0.74) 0.29(0.94) 1.48(0.82) 

S&P 500 0.24(0.62) 1.09(0.71) 1.36(0.85) 

Dow-Jones 0.28(0.60) 7.78(0.02)* 8.90(0.03)* 

*denotes rejection of null hypothesis presence of ARCH effect at 5% level of significance. P-values 

are included in ( ) brackets. 

Table 4 emphasizes the result described in table-3 as there is no hint of the presence of the 

ARCH effect in standardized squared residuals, except for Dow-Jones, with lag 5 and lag 7. From table 

2, it is evident that the ARCH effect is most on Dow-Jones, in comparison to the other 3 indices. 

Therefore, for Dow-Jones, all the ARCH effects may not be eliminated after fitting the TGARCH (1,1) 

model. This is a possible explanation for the presence of a statistically significant ARCH effect in 

Dow-Jones standardized residual. Overall, TARCH (1,1) model is a reliable choice to study the series 

under our study. 

Nyblom stability test [40] examines structural change within a time series model, i.e., if the 

parameter values are dependent on time or not. The null hypothesis is parameter values are constant, 

i.e., of zero variance, against the alternate hypothesis that parameters follow the martingale process. 

The test result is reported in Table 5. 

Table 5: Result of Nyblom Stability Test on SENSEX, NIFTY, S&P 500, and Dow-Jones 

daily 
returnName 
of   the 

stock 

exchange 

0 

(Constant) 

 (ARCH 

effect) 

 (GARCH 

effect) 

 

(Leverage 

effect) 

Asymptotic 

critical value 
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SENSEX 0.26 0.40 0.33 0.27 0.47 (5%) 

0.75(1%) NIFTY 0.51 0.60 0.58 0.11 

S&P 500 0.67 0.84 0.91 0.47 

Dow-Jones 0.35 0.31 0.51 0.71 

It is clear from table-5 that most of the parameter values, are below critical values, except S&P 

500 ARCH and GATCH coefficients. This indicates the stability of the parameter values. Hence, it 

may be inferred that almost all the parameters are constant (stable) over time and TGARCH (1,1) is 

proved to be a stable model for forecasting. 

Sign bias tests [41] check the misspecification of the conditional volatility model. They 

examine whether the standardized squared residuals are foreseeable by the means of dummy variables 

significative of certain information. Sign bias test uses a dummy variable that tests the influence of 

positive and negative shocks on volatility not predicted by the model. The negative sign bias test 

concentrates on the effect of negative shocks whereas the positive sign bias test focuses on the impact 

of positive shocks. The null hypothesis is additional parameters related to the additional dummy 

variables=0. It emphasizes the specification of the conditional volatility model. Table-6 reports the 

result of sign bias test. 

Table 6: Result of Sign Bias Test on SENSEX, NIFTY, S&P 500, and Dow-Jones daily return 

Name of the stock exchange Sign bias Negative sign bias Positive sign bias Joint effect 
SENSEX 1.04(0.30) 1.11(0.27) 0.80(0.42) 1.94(0.58) 

NIFTY 2.21(0.03) 1.43(0.15) 1.27(0.20) 5.37(0.15) 

S&P 500 0.46(0.65) 0.06(0.95) 0.21(0.83) 0.28(0.96) 

Dow-Jones 0.78(0.44) 0.77(0.44) 0.03(0.98) 0.91(0.82) 

P-values are included in ( ) brackets. 

It is evident from table 6 that all outcomes of sign bias tests are in favor of clear specification 

of the TGARCH (1,1) model. It strengthens the fact that the TGARCH (1,1) model has captured all 

asymmetric volatility present in the data, and hence, the adequacy of the model is established. 

Adjusted Pearson Goodness-of-Fit Test [39] is performed to compare the empirical distribution 

of the standardized residual with the theoretical distribution. In our study, four choices (20, 30, 40, 50) 

of the number of cells denote a sensible range, covering the optimum choice. The outcome is briefed 

in Table 7. 

Table 7: Result of Adjusted Pearson Goodness-of-Fit Test on SENSEX, NIFTY, S&P 500, and 

Dow-Jones daily return 

Name of the stock 

exchange 

Group 

SENSEX NIFTY S&P 500 Dow-Jones 

 Statistic 
(P value) 

Statistic 
(P value) 

Statistic 
(P value) 

Statistic 
(P value) 

20 32.23(0.03) 25.29(0.15) 28.25(0.08) 33.34(0.02) 

30 4001(0.08) 37.95(0.12) 36.94(0.15) 37.54(0.13) 

40 51.42(0.09) 48.03(0.15) 18.49(0.14) 53.90(0.06) 

50 56.62(0.21) 52.69(0.34) 52.96(0.32) 54.16(0.28) 

Table 7 states that the empirical distribution of the standardized residual with the theoretical 

distribution matches the theoretical distribution, for higher cell numbers. Therefore, the goodness of 

the model fit is higher, which supports the valid choice of the TGARCH (1,1) model. 
Run Test Result 

Run test is executed on all considered datasets to examine the randomness of the data and the 

outcome is briefed in Table 8. 

Table 8: Result of Run Test on SENSEX, NIFTY, S&P 500, and Dow-Jones daily return 
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Name of the stock exchange Test Statistic (P value) 

SENSEX 236(0.24) 

NIFTY 228(0.06) 

S&P 500 273(0.07) 

Dow-Jones 275(0.04) 

*denotes rejection of null hypothesis of randomness at 5% level of significance. P-values are included 

in ( ) brackets. 

Table 8 explains that though the return series of SENSEX, NIFTY, and S&P 500 are random in nature, 

Dow-Jones return is non-random. Hence, Dow-Jones return data may be governed by some underlying 

factors, during COVID-19 pandemic period. 
Nonlinearity Test Result 

Nonlinear measures of the considered series are performed using Keenan test and Tsay test and 

the result is demonstrated in Table 9. 

Table 9: Result of Nonlinearity test on SENSEX, NIFTY, S&P 500, and Dow-Jones daily 

return 

Name of the stock 
exchange 

Optimal 
AR lag 

Type of test Test statistic (P 
value) 

Type of test Test statistic 
(P value) 

SENSEX 10 Keenan test 5.71(0.02)* Tsay test 7.42(0.00)* 

NIFTY 10 4.83(0.03)* 7.13(0.00)* 

S&P 500 7 12.69 (0.00)* 9.09(0.00)* 

Dow-Jones 7 12.38(0.00)* 10.74(0.00)* 

*denotes rejection of null hypothesis of linearity at 5% level of significance. P-values are included in 

( ) brackets. 

It may be observed from table 9 that, all the examined series are non-linear in nature as 

described by both Keenan test and Tsay test. 
Chaos Test Result 

The chaotic nature of Indian and American markets during COVID-19 pandemic is 

investigated using 0-1 chaos test and rechecked by Lyapunov test. The result and corresponding graphs 

are shown in table 10. Optimal embedding dimension, required in Lyapunov test is computed using 

BIC. 

Table 10: 0-1 Chaos test and Lyapunov test results on SENSEX, NIFTY, S&P 500, and Dow- 

Jones daily return 

Name of the stock 

exchange 

Type 

of test 

Test 

statistic (P 

value) 

Type

 

of test 

Largest 

Lyapunov 

Exponent 

Optimal 

embedding 

dimension 
m) 

Test 

statistic (P 

value) 

SENSEX 0-1 

chaos 

test 

0.997 Lyapun

ov test 

-0.40 5 -70.11* 
(0.00) 

NIFTY 0.997 -0.31 5 -77.93* 
(0.00) 

S&P 500 0.995 -0.57 2 -360.90* 
(0.00) 

Dow-Jones 0.995 -0.58 2 -441.79* 
(0.00) 

*denotes rejection of the null hypothesis of chaos at 5% significance level. P-values are included in ( 

) brackets. 

According to the 0-1 chaos test (see table 10), test statistic value of all the series under our 

study is close to 1, exhibiting non-chaotic nature. This is confirmed by the largest Lyapunov exponent 

test, as the mean largest Lyapunov exponent is significantly negative for all the series. 
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4. Discussion 

The paper explores whether the recent COVID-19 pandemic has any impact on the Indian 

(SENSEX, NIFTY) and American (S&P 500, Dow-Jones) stock markets. The return series of all the 

markets are found to be stationary. Thus, overall, the basic nature of the markets is not that much 

affected during COVID-19. All but Dow-Jones support randomness in this 2 years pandemic time 

span. Hence, the future prediction may be subtle. Dow-Jones investors may think that the price action 

movement is impacted by some underlying variable and may gain insight into possible future price 

action and profitable trading opportunities. Nonlinear behavior for all the markets is confirmed during 

COVID-19 pandemic. Therefore, the interrelation between different variables and factors in the market 

may show nonlinear association. Though most of the markets are random and nonlinear, the presence 

of chaos is not detected. Hence, forecasting may be possible with suitable accuracy, in this time period. 

All four markets in our study show volatile behavior. Moreover, volatility is asymmetric. It means the 

stock market reacts more toward bad or negative speculation, compared to good or positive 

information. Negative shocks, causing higher volatility in the market, may be argued as an outcome 

of the panic and economic uncertainty created by COVID-19 on investors. This tendency of stock 

markets being influenced more by negative news is more in Indian stock markets compared to 

American stock markets. The possible explanation in this regard may be that, as American markets 

exhibit non-randomness (Dow-Jones) and anti-persistent asymmetric volatility (S&P 500), underlying 

factors may be identified, and the consequence of COVID-19 pandemic may be faded away in a 

relatively shorter period. Asymmetrical volatility is persistent except in the case of S&P 500. It means 

that, whether the nature of the shock is, it has a long-term effect on the volatility in Indian markets. 

This is a thing of concern, as long-term asymmetric volatility may create economic instability in the 

market. Proper precautions and measures should be taken to reduce the leverage effect. 

 
Conclusions 

The current analysis concludes that the underlying stationary character of the return data of the 

Indian and American stock markets is intact throughout the COVID-19 pandemic and chaos does not 

damage them. Compared to American stock markets, the Indian stock market is more unpredictable. 

Additionally, compared to American markets, Indian markets are more susceptible to negative 

shocks, and this leverage effect is long-lasting. Leverage impact and higher volatility together 

undermine investor trust. As a result, it is advised that investors exercise caution and adopt sensible 

precautions while making investments in this market. Investments made temporarily can be avoided. 

Considering that there is no indication of instability, long-term investment may be advised. 
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