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Abstract:

This study examines volatility spillover across sectoral stock indices in India, an emerging market economy, during the
COVID-19 pandemic. Our research makes three key contributions: (a) incorporating range volatility measures to capture the
pandemic's impact on stock market volatility, (b) providing a comparative assessment of volatility spillover across sectoral
indices, and (c) identifying evidence of volatility spillover across different sectoral indices. Using daily historical open, high,
low, and close price data for 11 NIFTY sectoral indices during first wave of pandemic; the findings reveal that open-to-close
returns outperform close-to-close returns in forecasting sectoral stock indices, underscoring the importance of incorporating
range-based volatility measures in forecasting models. Furthermore, the multivariate Range DCC model confirms significant
volatility spillover across sectoral indices, highlighting the interconnectedness of Indian sectoral stock markets during crisis
periods. The findings offer actionable insights for the Securities and Exchange Board of India (SEBI) to develop targeted,
sectoral-level market surveillance strategies and robust risk management frameworks, ultimately enhancing the resilience of
India's capital markets in post-pandemic scenarios.

Keywords: volatility, spillover, return, range, NIFTY, COVID 19.
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Introduction

The sudden outbreak of the COVID 19 pandemic has had a profound impact on the global economy,
disrupting economic conditions and livelihoods worldwide (Baker et al., 2020). Empirical studies have shown
significant economic effects resulting from the subsequent lockdowns (Padhan et al., 2021; Baldwin et al., 2020).
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These studies can be categorized into three groups: (a) develop macroeconomic models (McKibbin et al.,
2020), (b) assess the impact on income and wealth (Hanspal et al., 2020), and (c) examine the impact on the stock
market (Xiaolin et al., 2020; Bohdan, 2020).

The stock market has been severely affected by the pandemic, with the World Health Organization (WHO)
declaring COVID-19 a pandemic on March 11, 2020, following a global market crash on March 9, 20203. Research
on the pandemic's impact on the stock market has yielded valuable insights. The market's initial response to the
pandemic was marked by extreme volatility, with little influence from country-specific factors (Capelle-Blancard et
al., 2020). Government and central bank interventions have also played a crucial role in shaping market outcomes.
Several studies have investigated the pandemic's impact on specific stock markets, including China (Xiaolin et al.,
2020). These studies have found significant effects on industry and firm-level returns, as well as evidence of market
overreactions. Other research has examined the pandemic's impact on stock markets across multiple countries,
finding negative but short-term effects. Predictive models have also been used to examine the relationship between
COVID-19 spread and stock market performance (Bohdan, 2020; Prabheesh et al. 2020a, 2020b).

The pandemic has significantly increased financial risks and adversely affected global financial markets
(Padhan et al., 2021). Specifically, the pandemic has negatively impacted stock market returns and increased
volatility spillover in stock returns. This study aims to investigate the daily historical open, high, low, and close
(OHLC) prices of NIFTY sectoral indices to compare their forecasting performance and volatility spillover across
different sectors during the pandemic. We also seek to identify the best-performing sector-specific model.

This article is organized into five distinct sections. Section 1 provides a comprehensive literature review,
synthesizing existing research on stock returns volatility during the COVID-19 pandemic and range volatility.
Section 2 outlines the motivation behind the study, highlighting the research gap and rationale for the investigation.
The research design, data collection methods, and statistical techniques employed are detailed in Section 3. The
results of the study are presented in Section 4, accompanied by relevant tables, figures, and graphs. Finally, last
section provides a concise conclusion, summarizing the key findings, implications, and contributions of the study.

1. Literature Review
Stock Returns Volatility during COVID 19

Stock Market Reactions to COVID-19: The COVID - 19 pandemic has triggered significant reactions in stock
markets worldwide. Haroon et al. (2020a) employed an asymmetric GARCH model to examine sentiment
generation and equity volatility between the world and US markets. Their findings indicate that panic news
contributes to volatility. Similarly, Haroon et al. (2020b) studied the impact of COVID-19 on 23 Emerging Market
Economies (EMEs) using GARCH and panel regression models.

Research has also focused on volatility and financial contagion during the pandemic. Akhtaruzzaman et al.
(2020) examined the occurrence of financial contagion among the world, China, and G7 countries using the VERMA
DCC-GARCH and Diebold-Yilmaz models. Their findings indicate an increase in stock return correlation,
suggesting a higher role of financial contagion. Corbet et al. (2020) investigated the contagion effect on the Chinese
stock market and confirmed significant changes in volatility relationships during the pandemic.

Traditional volatility models, such as GARCH, have been widely used to examine volatility during the
pandemic. However, these models have limitations, as they fail to utilize the information contained in the daily price
range. Range volatility models offer a more comprehensive approach to measuring volatility, as they capture the
full information contained in the price range (Datta et al. 2024).

3 Banerjee, S. & Chauhan, A. (2020, September 10-12). Financial Markets during the Pandemics and New Finance in The
Post Covid Era, [S3IL - KEYNOTE ADDRESS Ill], EconTR2020@Eskisehir, International Conference on Economics,
Eskisehir Osmangazi University, Eskisehir, Turkey. https://econtr.org/
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Range Volatility

The concept of range-based volatility measures has been explored in various studies since the 1980s.
Parkinson (1980) developed a range-based volatility measure that was more efficient than classical return-based
estimators. Garman et al. (1980) and Wiggins (1991) also contributed to the development of range-based volatility
models. Rogers et al. (1991) and Andersen et al. (1997) further extended these models. In the 2000s, researchers
continued to refine range-based volatility models. Yang et al. (2000) and Alizadeh et al. (2002) developed new
range-based volatility measures. Brandt et al. (2006) and Chou et al. (2015) further contributed to the literature on
range-based volatility models. Recent studies have provided empirical evidence on the effectiveness of range-
based volatility models. Molnar (2012, 2016) derived the properties of range-based estimators and suggested a
simple way to improve the GARCH model using the intraday range. The study found that the RGARCH (1,1) model
outperforms the standard GARCH (1,1) model, both in terms of in-sample fit and out-of-sample forecasting. Datta
(2019) and Datta et al. (2024) also found that using high/low range data can acquire more efficient results than
return data based on close prices.

Multivariate volatility models, such as the Dynamic Conditional Correlation (DCC) model, have been used
to explain how covariance changes over time. Engle (2002) introduced the DCC model, which is based on closing
prices. However, Fiszeder et al. (2019) incorporated high and low prices into the DCC framework and found that
the range-based DCC model outperforms the return-based DCC model across various asset classes.

Motivation

This study bridges several existing literature gaps by investigating the impact of COVID-19 on Indian sectoral
stock indices, which have been largely overlooked in favour of developed markets and aggregate stock market
indices. Existing research has also relied on traditional volatility models, neglecting the benefits of range volatility
models, and has neglected the importance of volatility spillover across sectoral indices during the pandemic. By
addressing these gaps, this study provides a comprehensive understanding of the impact of COVID-19 on Indian
sectoral stock indices, specifically addressing the gap in literature on COVID-19's impact on financial markets in
emerging markets like India. This study makes three key contributions: (a) incorporating range volatility as an
alternative measure, (b) comparing spillover in price and volatility between return-based and range-based models
using optimal lag length, and (c) identifying evidence of volatility spillover across Indian sectoral indices.

2. Research Methodology
Data

The unit of analysis for this study consists of daily Open-High-Low-Close (OHLC) historical price data of 11
NIFTY sectoral indices: Auto, Bank, FMCG, Financial Services, Information Technology (IT), Metal, Media, Pharma,
PSU Bank, Private Bank, and Realty. Secondary data was sourced from the National Stock Exchange (NSE) India
website. The study period, spanning January 1, 2020, to November 30, 2020, captures the first phase of the COVID-
19 pandemic, as depicted in Figure 1 (Appendix).

Methodology

This study employed a quantitative research approach to examine the impact of COVID-19 on Indian
sectoral stock indices. Daily Open-High-Low-Close (OHLC) historical price data of 11 NIFTY sectoral indices. Both
close-to-close and open-to-close returns were calculated and visualized graphically alongside OHLC prices for all
sectoral indices. Descriptive statistics, including mean, median, maximum, minimum, standard deviation,
skewness, and kurtosis, were estimated for 229 close-to-close return observations and 230 open-to-close return
observations.
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To ensure the reliability of the results, diagnostic tests were conducted, including the Jarque-Bera (JB)
normality test, Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) unit root tests, and autocorrelation tests
using the Portmanteau Q statistic and Ljung-Box squared Q statistic. Stability checks were also performed using
the UDmax and WDmax tests based on the Bai-Perron (1998, 2003) method.

The optimal lag length for each sectoral stock index was determined by considering the minimum Akaike
Information Criterion (AIC) value among 10 lags. The study then verified that the models satisfied three conditions:
(a) no linear autocorrelation in the error term, (b) linear autocorrelation in the squared error term, and (c) rejection
of the null hypothesis of zero autoregressive conditional heteroskedasticity (ARCH) effect using the ARCH
Lagrange Multiplier (LM) test for the optimal lag length.

GARCH (1, 1) Model Specification

This study employs Engle (1982) and Bollerslev (1986) to estimate the volatility of Indian sectoral stock
indices. The GARCH (1,1) model is specified as follows:
= Mean Equation: The mean equation is modelled as an Autoregressive (AR) process of order p*, using
close-to-close returns:

Yi= 1Y+ doYio + ... + Gth.p* + &4 (1)
where e~ N(0, hy) and p* is the optimal lag length selected based on the Akaike Information Criterion (AIC).

= Conditional Variance Equation: The conditional variance equation for the GARCH (1,1) model, using
both close-to-close and open-to-close returns, is specified as:

ht = Bo + Bie%1 + Bih%1 (2)

= Necessary and Sufficient Conditions: The necessary and sufficient conditions for the GARCH (1,1)
model to be well-defined and to ensure the positivity of the conditional variance are:

(@) Bo>0; Bi=0and B;2 0

(b) (Bi + B;) <1forall iand j
Range GARCH (1, 1) Model Specification

This study employs the Range GARCH (1,1) or RGARCH (1,1) model, as proposed by Molnar (2012) and
Molnar (2016), to estimate the volatility of Indian sectoral stock indices. The RGARCH (1,1) model incorporates
exogenous volatility proxies, specifically range volatility proxies, to capture the volatility dynamics of the sectoral
indices. Three range volatility proxies are employed in this study: (i) Parkinson (1980) volatility proxy, (ii) Garman
and Klass (1980) volatility proxy, and (iii) Rogers and Satchell (1991) volatility proxy. These proxies are calculated
as follows:

(i) Parkinson (1980) volatility proxy: 6%par = (InH - InLy)/4In2
(i) Garman and Klass (1980) volatility proxy: 0%k = 0.5[In(Hy/Ls)]? - [2In2 -1] [In(C/Oy)]?
(i) Rogers and Satchell (1991) volatility proxy: a%s = (1/N) 2In(H/Oy) [In(H/O) — In(C/Oy)] +
In(L/Oy)[In(L{/Oy) — In(C/O)]
The RGARCH (1,1) model is specified as follows:
Mean Equation:
Yi= Y + aYio + .+ OpYip + & 3)

where &~ N(0, hy) and p* is the optimal lag length selected based on the Akaike Information Criterion (AIC).
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Conditional Variance Equation:

(i) RGARCH (1,1) using Parkinson (1980): h = Bo + Bio2park,t-1 + B2 (4)
(i) RGARCH (1,1) using Garman and Klass (1980): hi= o + Bi02%ek.t1 + Bih2-1 (5)
(i) RGARCH (1,1) using Rogers and Satchell (1991): h; = Bo + Bio%rs,1 + B2t (6)

Necessary and Sufficient Conditions: The necessary and sufficient conditions for the RGARCH (1,1)
model to be well-defined and to ensure the positivity of the conditional variance are:

(a)Bo>0; Bi=0and B;20

(b) (Bi + @) <1 forall i &]

Comparison of RGARCH (1,1) and Standard GARCH (1,1) Models: The relative performance of the
RGARCH (1,1) model is assessed by comparing the estimated coefficients Bi and Bj with those obtained from the
standard GARCH (1,1) model. Specifically, it is examined whether the incorporation of range-based volatility
proxies in the RGARCH (1,1) model leads to an increase in the coefficient i and a decrease in the coefficient fj,
relative to the standard GARCH (1,1) model.

In sample estimation and out of sample forecasting

Approximately 72% of the sample, corresponding to 167 observations from January 2020 to August 2020,
is utilized for in-sample estimation, where the in-sample estimates and out-of-sample forecasting performance of
two GARCH (1,1) and three RGARCH (1,1) models are estimated and compared. The necessary conditions for the
GARCH (1,1) and RGARCH (1,1) models are verified, and the estimated parameter values, probability of rejection,
and information criteria values are reported. A comparative analysis is conducted to examine the coefficient i and
Bj dynamics. The remaining 28% of the sample, corresponding to the last 63 observations from September 2020
to November 2020, is used for out-of-sample forecasting, where dynamic forecasting is carried out, and the Root
Mean Squares Error (RMSE) and Mean Absolute Error (MAE) are reported to identify the best-performing model.

Multivariate Volatility Model: DCC GARCH and DCC RGARCH

This study employs multivariate volatility models to estimate pair-wise dynamic conditional correlations
between two NIFTY sectoral indices. Separate analyses are conducted for close-to-close returns and open-to-close
returns, using both DCC GARCH and DCC RGARCH models. The DCC GARCH model is estimated using close-
to-close returns, whereas the DCC RGARCH model incorporates open-to-close returns and fluctuations in the high
and low-price range.

The models estimate both alpha (a) and beta (B) coefficients, following a moving average (MA) and
autoregressive (AR) structure, respectively. The significance of these coefficients is examined to determine the
presence of dynamic conditional correlations (DCC) between the sectoral indices. This analysis enables us to
investigate whether external shocks in one sector are transmitted to another sector through the error term, thereby
assessing the interconnectedness of the Indian sectoral stock markets.

3. Empirical Findings

Figure 2 (see Appendix) presents the daily movements of Open-High-Low-Close (OHLC) prices, along with
close-to-close returns and open-to-close returns, for 11 NIFTY sectoral indices. A pronounced decline in the OHLC
price range was observed around the declaration of the first lockdown, attributed to unprecedented uncertainty in
the market. However, a gradual recovery in the price range was noted, indicating a quicker recovery than previous
crises.
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Descriptive statistics and diagnostic test results for close-to-close returns and open-to-close returns are
presented in Table 2 and Table 3 (see Appendix), respectively. The results indicate that 8 out of 11 sectoral indices
exhibited positive close-to-close returns, while 10 out of 11 indices exhibited negative open-to-close returns. The
median, maximum, minimum, and standard deviation values were as expected. The close-to-close return series
followed a negatively skewed distribution, while the open-to-close return series followed a positively skewed
distribution, except for Private Bank. Both return series exhibited leptokurtic distributions, confirming non-normality
due to fat-tailed financial data. The Jarque-Bera test for normality confirmed non-normality for both return series of
all 11 indices at a 1% level of significance. The Augmented Dickey-Fuller test and Phillips-Perron test for stationarity
rejected the null hypothesis of non-stationarity at a 1% level of significance for all 11 indices and both return series.
The UDmax and WDmax tests were conducted to ensure stability conditions. The results showed that certain
sectors exhibited significant test statistics, indicating structural breaks. However, due to the limited sample size,
sub-sample basis estimates were not feasible.

Table 4 (see Appendix) presents the optimal lag length for each sectoral index, satisfying the necessary
conditions for GARCH and RGARCH models. Table 5 presents the estimated coefficients, level of significance, and
information criterion values for the 5 estimated models. The results showed that the RGARCH model with the
Parkinson (1980) volatility proxy outperformed the other models. The estimated coefficients Bi and Bj were
significant at a 1% level of significance, and the value of i increased while Bj decreased for all NIFTY indices.
These findings are consistent with the results of Molnar (2016). Table 6 presents the dynamic forecasting of volatility
using five models, along with the corresponding Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE)
values.

This study examines the dynamic conditional correlations between 11 NIFTY sectoral indices using the DCC
GARCH and DCC RGARCH models. Following the rule of thumb, if both a and B coefficients are insignificant, it
suggests the absence of dynamic conditional correlations. Conversely, if at least one coefficient is significant, it
confirms the presence of dynamic conditional correlations. Table 7 and Table 8 (see Appendix) present the
estimated coefficients for the DCC GARCH and DCC RGARCH models using open-to-close returns and close-to-
close returns, respectively. Due to numerical optimization issues, only 34 pairs of open-to-close returns and 21
pairs of close-to-close returns were estimated.

The results indicate that, except for a few pairs, the B coefficient is significant at the 1% level for both DCC
GARCH and DCC RGARCH models. Specifically, for open-to-close returns, 31 out of 34 pairs exhibit significant 8
coefficients (Table 7). Similarly, for close-to-close returns, 19 out of 21 pairs exhibit significant  coefficients (Table
8). These findings suggest the presence of dynamic conditional correlations between the NIFTY sectoral indices.

Conclusion

This study undertakes a comprehensive examination of the volatility spillover effects across Indian sectoral
stock indices during the COVID-19 pandemic. The empirical findings reveal that the RGARCH (1,1) model, utilizing
the Parkinson (1980) volatility proxy, exhibits superior performance in capturing the true intraday fluctuations during
the pandemic. Furthermore, the results indicate that employing open-to-close returns, rather than close-to-close
returns, yields improved forecasting performance for all selected sectoral stock indices.

Empirical findings have significant implications for market regulators and investors. The results suggest that
sectoral-level market surveillance strategies can be more effective in capturing the underlying volatility regime
across sectors during a pandemic. Moreover, the findings of this study can also inform the development of more
effective risk management strategies and market surveillance systems.

This study contributes to the existing literature on volatility spillover effects, suggesting that these effects
are more pronounced during periods of high market uncertainty, such as during the COVID-19 pandemic. The
results also underscore the importance of utilizing range-based volatility models, such as the RGARCH model, in
capturing the true intraday fluctuations in financial markets. Overall, this study provides new insights into the
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volatility spillover effects across Indian sectoral stock indices during the COVID-19 pandemic, with significant
implications for market regulators, investors, and researchers.

While this study provides valuable insights into the volatility spillover effects across Indian sectoral stock
indices during the COVID-19 pandemic, it also acknowledges several limitations and avenues for future research.
Future studies can build upon this research by exploring the volatility spillover effects across other emerging
markets and incorporating other macroeconomic and financial variables into the analysis. Additionally, further
research can examine the impact of other global events on the volatility spillover effects across sectoral stock
indices.
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APPENDIX

Table 1: Description of dataset consisting of 11 Nifty Sectoral Indices

Nifty Sectoral Indices ‘ Observations Start Date End Date

Auto 230 01-Jan-2020 27-Nov-2020
Bank 230 01-Jan-2020 27-Nov-2020
Financial Services 230 01-Jan-2020 27-Nov-2020
FMCG 230 01-Jan-2020 27-Nov-2020
Information Technology 230 01-Jan-2020 27-Nov-2020
Media 230 01-Jan-2020 27-Nov-2020
Metal 230 01-Jan-2020 27-Nov-2020
Pharma 230 01-Jan-2020 27-Nov-2020
PSU Bank 230 01-Jan-2020 27-Nov-2020
Pvt Bank 230 01-Jan-2020 27-Nov-2020
Realty 230 01-Jan-2020 27-Nov-2020

Source: Authors compilation based on NSE Sectoral indices historical data
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Table 2: Descriptive statistics and results of diagnostic test for Close-to-Close returns of 11 NIFTY Sectoral Stock Indices

Financial

Information

Volume XX, Spring, Issue 1(87), 2025

Senvices FMCG Teciele Media PSU Bank Pvt Bank Realty
Mean 0.0003 -0.0004 -0.0001 0.0002 0.0014 -0.0008 0.0002 0.0017 -0.0021 -0.0003 -0.0006
Median 0.0021 0.0019 0.0022 0.0011 0.0021 0.0010 0.0030 0.0013 -0.0005 0.0024 0.0011
Maximum 0.099 0.100 0.089 0.080 0.086 0.064 0.076 0.099 0.102 0.105 0.062
Minimum -0.149 -0.183 0174 -0.112 -0.101 -0.109 -0.123 -0.094 -0.141 -0.197 -0.121
Std. Dev. 0.024 0.029 0.027 0.017 0.021 0.025 0.026 0.020 0.027 0.030 0.026
Skewness -1.039 -1.336 -1.421 -0.729 -0.764 -0.920 -0.959 -0.098 -0.848 -1.418 -1.072
Kurtosis 11.757 10.945 10.854 16.282 8.822 5.768 6.787 8.075 8.740 12.063 6.560
Jarque-Bera 772.94%* 670.41** 665.64*** 1703.57*** 345.66** 105.41** 171.95** 246.11%** 341,79+ 860.47** 164.83*
Observations 229 229 229 229 229 229 229 229 229 229 229
ADF -16.21%** -15.40*** -15.84*** 418 -18.05*** -14.13*** -17.20** 9.7 -16.22*** -14.96*** -14.33***
PP -16.17** -15.40*** -15.85** -18.05*** -17.76* 1447 -17.06*** 1577 -16.18*** -14.96*** 14,37
UDmax 9.03 9.90 7.95 7.57 12.68* 5.59 11.11 12.27* 10.32 8.17 5.00
WDmax 9.03 12.31 10.91 757 12.68 8.39 13.08* 14.43* 11.87 9.73 8.69

Note: ***; ** and * represents level of significance at 1%, 5% and 10%.; Jarque-Bera test is used to check the normality condition of the given time series. Unit root test is based on Augmented

Dickey-Fuller (ADF) test and Phillips —Perron (PP) test with the linear trend and intercept terms (Reported at the intercept, although trend gives the same result for both return series). UDmax
and WDmax are the tests for structural stability following Bai and Perron (1998, 2003). The critical value at 5 % level of significance is 11.70 for UDMax and 12.81 for WDMax.

Source: Authors calculation based on NIFTY sectoral stock indices
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Table 3: Descriptive statistics and results of diagnostic test for Open-to-close returns of 11 NIFTY Sectoral Stock Indices

g'gi’:;asl 'T';fz::;t(');; Media Metal Pharma ~ PSUBank  PvtBank  Realty
Mean 100009 00023 00017 00018 00003 | -00028 | -00011 | -00012 | -00043 | -00023 | -0.0021
Median 00017 00012 20,0007 10,0019 00010 | -00039 | -00016 | -00020 | -0.0044 | -0.0008 | -0.0030
Maximum 0.001 0.102 0.111 0.069 0.083 0079 0.126 0.103 0.188 0.099 0.123
Minimum 10063 10,085 10,089 0046 10058 10,067 10057 10,065 10,086 0097 | -0.085
Std. Dev. 0020 0023 0022 0014 0016 0.020 0.021 0018 0025 0.024 0.023
Skewness 0.743 0.165 0397 0657 0733 0.104 0.844 0626 1817 0057 | 0338
Kurtosis 7241 6.683 8370 7459 8618 4.236 8.361 7.898 18.520 6.644 7.804
Jarque-Bera 19349% | 13103 | 28243 | 207.07* | 323.05" | 1504% | 30267 | 24496" | 243478™ | 127.41" | 20557
Observations 230 230 230 230 230 230 230 230 230 230 230
ADF 4302 | 319 | -7.68™ 13987 | 16527 | 1498 | 16427 | A752™ | 1647 | 1348 | 4571
PP 53T | 15827 | AB75™* | 4840 | 1652 | 1498™ | 1651 | 4752 | 1632 | 541 | 4577
UDmax 957 1492 12.03" 512 16.03" 1151 10.77 11.04 736 1510 | 7.03
WDmax 10.70 2214 19.12" 707 2557 | 1354 12.67 12.99" 1173 | 2158" | 1200

Note: ***; ** and * represents level of significance at 1%, 5% and 10%.; Jarque-Bera test is used to check the normality condition of the given time series. Unit root test is based on Augmented
Dickey-Fuller (ADF) test and Phillips —Perron (PP) test with the linear trend and intercept terms (Reported at the intercept, although trend gives the same result for both return series). UDmax
and WDmax are the tests for structural stability following Bai and Perron (1998, 2003). The critical value at 5 % level of significance is 11.70 for UDmax and 12.81 for WDmax.

Source: Authors calculation based on NIFTY sectoral stock indices
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Table 4: Selection process of optimal lag length for close-to-close return and open-to-close return for 11 NIFTY sectoral indices

Close-to-close Return Open-to-close Return
Sector Max Lag Q statistics Squared Q ARCH LM Test Max Lag Q statistics Squared Q ARCH LM Test (F
Length (prob) Statistics (prob) (F Statistics) (prob) Length (prob) Statistics (prob) Statistics) (prob)
Autof ) 0.011 28.441 15.336 ) 0.006 9.393 4.163
(0.995) (0.000) (0.000) (0.997) (0.009) (0.017)
Bank 7 0.352 81.546 11.046 6 0.0941 43.670 5.038
(1.000) (0.000) (0.000) (1.000) (0.000) (0.000)
Financial service 7 0.9246 73.792 14.239 6 0.0666 34.773 4.154
(0.988) (0.000) (0.000) (1.000) (0.000) (0.001)
EMCG 9 1.0331 91.681 8.286 8 0.4441 65.323 4,907
(0.999) (0.000) (0.000) (1.000) (0.000) (0.000)
Information 7 0.5104 87.376 8.420 1 0.00001 11.665 11.977
Technology (0.999) (0.000) (0.000) (0.997) (0.001) (0.001)
: 0.6901 23.016 2.990 0.1578 24.408 2.915
Media*® 7 8
(0.998) (0.002) (0.005) (1.000) (0.002) (0.004)
Metals 6 0.9676 52.974 6.199 3 0.0788 14.223 4759
(0.987) (0.000) (0.000) (0.994) (0.003) (0.003)
0.0248 9.7514 4.264 0.0018 20.511 21.951
Pharma 2 1
(0.988) (0.008) (0.015) (0.966) (0.000) (0.000)
0.3754 32.540 4.088 0.0199 3.5525 3515
PSU banke ! (1.000) (0.000) (0.000) 1 (0.888) (0.059) (0.062)
0.0005 8.7296 4.361 0.1128 73.879 8.293
Pvt bank? 2 (1.000) (0.013) (0.014) 6 (1.000) (0.000) (0.000)
Realty 7 0.3284 32.800 3.894 1 0.0009 3.1467 3.109
(1.000) (0.000) (0.001) (0.997) (0.076) (0.079)

Note: (1) Q(.) and Q2(.) represent the Ljung Box test statistics of returns and squared returns respectively. (2) For close-to-close return, for auto#, media#, and private bank# sector, lag 1, 6, and
1 were determined, however, to satisfy Q(.), Q2(.) statistics and ARCH test, lag length 2,7 and 2 were selected respectively. (3) For open-to-close return, for media$, metal$ and PSU bank$
sector, lag 2, 2, and 2 were determined, however, to satisfy Q(.), Q2(.) statistics and ARCH test, lag length 8, 3 and 1 were selected respectively.

Source: Authors calculation based on NIFTY sectoral stock indices
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Table 5. Comparative performance of return-based and range-based Volatility modelling in terms of estimated coefficients and Information Criteria (In Sample forecasting)

AR g Close-to-close AR g Open-to-close RGAR q RGAR g an and RGAR g Rog
P on (1980 980 99
Estimated Information Estimated Information Estimated Information Estimated Information Estimated Information
ora Coefficients Criteria Coefficients Criteria Coefficients Criteria Coefficients Criteria Coefficients Criteria
d C AlC C AlC C AlC C AlC C AlC
RESID (-1)A2 SIC RESID (-1)2 SIC PARK (-1) SIC GK (-1) SIC RS (-1) SIC
GARCH (-1) HQC GARCH (-1) HQC GARCH (-1) HQC GARCH (-1) HQC GARCH (-1) HQC
1.68E-05 -4.773697 8.43E-05*** -4.967056 0.000148*** -5.095207 0.013242** -5.074708 1.23E-06 -5.056616
Auto 0.158273 -4.660287 0.428709*** -4.854113 0.877385*** -4.982263 0.000417*** -4.961765 0.000389*** -4.943672
0.824310 -4.727657 0.457441** -4.921209 -0.055692*** -5.049359 -0.612870 -5.028860 0.999825*** -5.010768
1.41E-05 -4.485192 2.10E-05 -4.783747 2.54E-05 -4.795067 0.013443*** -4.764274 2.08E-05* -4.602792
Bank 0.188738*** -4.272878 0.271533*** -4.592355 0.282281*** -4.603675 0.000322*** -4.572882 0.000160 -4.411401
0.820544*** -4.398974 0.739370*** -4.706034 0.707366*** -4.717354 -0.518930 -4.686561 0.961561*** -4.525080
Financial 1.58E-05** -4.621053 2.51E-05* -4.912264 3.21E-05* -4.951372 0.012558*** -4.848435 2.35E-05* -4.718694
Services 0.178522*** -4.408739 0.308472*** -4.720872 0.432522*** -4,759981 0.000351*** -4.657044 0.000250*** -4.527303
0.817658*** -4.534834 0.696278*** -4,834551 0.579338*** -4.873659 -0.455216 -4.770723 0.949890*** -4.640982
5.05E-06* -5.716032 9.86E-06* -5.782711 4 29E-05*** -5.952722 0.000197 -5.525808 0.000324*** -5.660801
FMCG 0.184287*** -5.462967 0.169374*** -5.551096 0.982333*** -5.721106 0.000000 -5.294193 -0.000198*** -5.429185
0.816469*** -5.613254 0.788860*** -5.688654 -0.112257*** -5.858665 0.171429 -5.431751 -0.638080* -5.566744
Information 2.18E-05 -5.219157 7.79E-06 -5.705480 9.70E-06 -5.734990 0.008665*** -5.5955%4 1.50E-05*** -5.539754
Technology 0.985196*** -5.006842 0.220929*** -5.611745 0.322669*** -5.641256 0.000232*** -5.501859 0.000442*** -5.446019
0.341050*** -5.132938 0.772024*** -5.667432 0.654506*** -5.696943 -0.366519 -5.557547 0.941759*** -5.501707
2.80E-05 -4.489101 0.000295*** -4.779313 0.000249 -4.759619 0.004585 -4.741359 0.000677* -4.724754
Media 0.122305* -4.276787 0.494579*** -4.547698 0.386840** -4.528003 0.000190 -4.509743 0.000268 -4.493139
0.848804*** -4.402883 -0.031312 -4.685257 0.048871 -4.665562 -0.615005 -4.647302 -0.512841 -4.630698
2.33E-05 -4.500033 2.83E-05 -4.855875 0.000298*** -4.954182 0.007717*** -4,828431 1.10E-05 -4.831915
Metal 0.119962* -4.307835 0.172926** -4.723564 0.388927*** -4,821871 0.000307*** -4.696120 0.000351*** -4.699603
0.851481*** -4.421988 0.787719*** -4.802162 -0.151696** -4.900469 -0.583551 -4.774718 0.968434*** -4.778201
1.49E-05 -5.122988 1.15E-05 -5.25679%4 6.88E-05** -5.229999 0.000196*** -5.152258 3.32E-06 -5.170083
Pharma 0.133631*** -5.009578 0.118965*** -5.163059 0.447522*** -5.136264 5.66E-06*** -5.058523 0.000396*** -5.076348
0.844344** -5.076948 0.862945*** -5.218746 0.416251* -5.191951 0.961870*** -5.114210 0.974306*** -5.132035
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Table 5: Comparative performance of return-based and range-based Volatility modelling in terms of estimated coefficients and Information Criteria (In Sample forecasting). (Contd.)

RGARCH (1,1) using Roger and

GARCH (1,1) using Close-to-

GARCH (1,1) using Open-to-

RGARCH (1,1) using

RGARCH (1,1) using Garman

close return close return Parkinson (1980) and Klass (1980) Satchell (1991)
Estimated Information Estimated Information Estimated Information Estimated Information Estimated Information
Coefficients Criteria Coefficients Criteria Coefficients Criteria Coefficients Criteria Coefficients Criteria
C AlC © AlC C AlC © AlC C AlC
RESID (-1)*2 SIC RESID (-1)"2 SIC PARK (-1) SIC GK (-1) SIC RS (-1) SIC
GARCH (-1) HQC GARCH (-1) HQC GARCH (-1) HQC GARCH (-1) HQC GARCH (-1) HQC
pSU 3.02E-05 -4.412823 0.000244*** -4.605623 0.000170** -4,598406 0.006837*** -4.422052 0.000588*** -4.436365
Bank 0.147228*** -4.200509 0.690343*** -4.511888 1.052582*** -4.504671 0.000274*** -4,328318 0.000403*** -4.342630
0.829855*** -4.326605 0.116815 -4.567575 -0.021149 -4.560358 -0.464422 -4.384005 0.122463 -4.398317
Private 1.56E-05 -4.430298 1.98E-05 -4.736461 2.20E-05 -4.751819 0.013846*** -4,694021 2.27TE-05 -4.512414
Bank 0.201349*** -4.316888 0.278201*** -4.545069 0.268599** -4.560428 0.000373*** -4.502630 0.000168 -4.321022
0.810108*** -4.384258 0.739196*** -4.658748 0.730882*** -4.674107 -0.535926 -4.616308 0.962318*** -4.434701
6.43E-05 -4.387027 0.000180*** -4.669251 0.000119*** -4.721724 0.003558** -4,572855 0.000451 -4.573000
Realty 0.072701 -4.174713 0.309314*** -4.575517 0.518736*** -4.627989 0.000232** -4.479120 0.000569*** -4.479265
0.837179*** -4.300808 0.423648*** -4.631204 0.388091** -4.683677 -0.580971 -4.534807 0.202243 -4.534952

Note: (1) ***; ** and * represents level of significance at 1%, 5% and 10%. (2) Violation first set of GARCH (1,1) and RGARCH (1,1) necessary conditions: (a) violation of first condition [B0 <0]:
NIL; (b) violation of second condition: [Bi < 0]: OC ~GARCH (Media only), RGARCH using @RS (-1) (FMCG only), (c) Violation of third condition: [j < 0]: RGARCH using PARK (-1) (auto,
FMCG, metal, PSU bank), RGARCH using GK(-1): auto, bank, financial services, information technology, media, metal , PSU bank, PVT bank, realty, RGARCH using RS(-1) (FMCG, media).
(3) Violation second set of GARCH (1,1) and RGARCH (1,1) necessary conditions [(i + Bj) <1 for all i & jJ: GARCH using CCRET: (Bi + fj) >1: bank, IT, PVT bank, GARCH using OCRET
- (Bi + Bj) >1: bank, PVT bank, Bj < 0 but (Bi + Bj) <1: media; RGARCH using PARK(-1): (Bi + Bj) >1: financial services, (Bi + j) = 1: PSU bank, PVT bank, §j < 0 but (Bi + Bj) <1: auto, FMCG,
metal; RGARCH using GK(-1): Violating condition (at least one from three conditions) but (i + 3j) <1: Auto, bank, financial services, PVT bank, IT, media, metal, PSU bank, Reality; GARCH
using RS(-1) : Violating condition (at least one from three conditions ) but (Bi + Bj) <1: FMCG, Media.

Source: Authors calculation based on Parkinson (1980), Garman & Klass (1980), Rogers & Satchell (1991) and Molnar (2016).
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Table 6. Dynamic Forecasting of 5 Volatility model along with reported RMSE and MAE value

RGARCH (1,1) using
Garman & Klass (1980)

RGARCH (1,1) using
Roger & Satchell (1991)

Lag Length for GARCH (1,1) using Lag Length for GARCH (1 ,1) using RGARCH (1 ,1) using
Close-to- Close-to-close return Open-to- Open-to-Close return Parkinson (1980)

Close Retun  [IERE Y Close Retun  [IENRE MAE | RMSE MAE RMSE MAE RMSE MAE
Auto 2 0.014 0.010 2 0013 0009 | 0.012 0.009 0012 0.009
Bank 7 0.019 0016 6 0.016 0016 | 0.016 0.013 0.016 0.014 0016 0.014
Financial Services 7 0.017 0.014 6 0.014 0011 | 0014 0.012 0.014 0.012 0.014 0.012
FMCG 9 0.009 0.007 8 0.008 0006 | 0.008 0.006 0.008 0.006 0.008 0.006
'T”:‘(’:L';‘zltc':;’; 7 0.015 0.011 1 0.013 0010 | 0013 0.010 0.013 0.010
Media 7 0.018 0.014 8 0.017 0013 | 0.017 0.013 0.017 0.013 0.017 0.013
Metal 6 0.019 0.014 3 0.017 0012 | 0017 0.012 0.017 0.013 0.017 0.012
Pharma 2 0.017 0.013 1 0.015 0012 | 0015 0.012 0.015 0.012 0.015 0012
PSU Bank 7 0.020 0.016 1 0.016 0013 | 0016 0.013 0.016 0.013 0.016 0.013
Pvt Bank 2 0.020 0.016 6 0.016 0014 | 0016 0.014 0.016 0.014 0.017 0.014
Realty 7 0.020 0.017 1 0.018 0014 | 0018 0.014 0.017 0.014 0018 0.014

Note: RGARCH using Garman and Klass (1980) volatility proxy, we cannot estimate RMSE and MAE values for Auto and Information sector values due to getting squared root of negative number
problem during numerical optimization.
Source: Authors calculation based on Parkinson (1980), Garman & Klass (1980), Rogers & Satchell (1991) and Molnar (2016).
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B o clloea 2
0 GARCH RGARCH
Alpha(a) | Beta() | LR AIC Alpha(a) Beta() [ LR AIC
Auto-Bank 0.078 0.721** | 53.660 | -0.451 0.069 0.767** | 49.808 | -0.418
Auto-Financial Services 0.076 0.751* | 56.143 | -0.473 0.067 0.772* | 52143 | -0.438
Auto-Fmcg 0.143 0.191 39.339 | -0.326 0.124 0.387 31150 | -0.255
Auto-IT 0.048 0.879** | 33.071 | -0.271 0.038 0.897*** | 34.043 | -0.280
Auto-Metal 0.025 0.955* | 101.218 | -0.867 0.020** 0.964** | 104.139 | -0.892
Auto-Pharma 0.145 | 0.704** | 32463 | -0.266 | 0.169** | 0.702** [ 35565 | -0.293
Auto-Pvt 0.093 0.668** | 53.199 | -0.447 0.077 0.737*** | 49.305 | -0.413
Bank-Financial Services 0.146* | 0.518™* | 322.044 | -2.795 0.145* 0.504** | 317.302 | -2.754
Bank-Fmcg 0.093 0.563*** | 32.178 | -0.264 0.070 0.580** | 24.888 | -0.200
Bank-IT 0.035 0.909"** | 9.865 -0.069 0.041 0.903** | 8.260 -0.055
Bank-Media 0.023 0.946** | 43.639 | -0.364 0.036 0.929*** | 42583 | -0.354
Bank-Metal 0.101 0.771** | 50.654 | -0.425 0.102 0.754** | 48.079 | -0.402
Bank-Pharma 0.061 0.679* | 12.719 | -0.094 0.074 0.660*** | 10.570 | -0.075
Bank-Pvt 0.200** | 0.683*** | 483.718 | -4.207 | 0.163** | 0.695*** | 486.303 | -4.230
Financial Services-Fmcg 0.081 0.601** 33.575 | -0.276 0.062 0.581* 25677 | -0.207
Financial Services-IT 0.073 0.681* 9.793 -0.068 0.036 0.907** | 8.294 -0.055
Financial Services-Media. 0.024 0.946™* | 43.555 | -0.363 0.033 0.939* | 41.965 | -0.349
Financial Services-Metal 0.125* 0.686™* | 50.625 | -0.425 0.164** 0.575*** | 48234 | -0.404
Financial Services-Pharma 0.077 0.612* | 12792 | -0.094 0.099 0.566* 10.994 | -0.079
Financial Services-Pvt 0.173* 0.404* | 280470 | -2.432 | 0.168* [ 0.451** | 280.044 | -2.428
FMCG -IT 0.050 0.717** | 18.600 | -0.145 -0.016 0.999** | 15.067 | -0.114
FMCG -Media 0.006 0.895* 28.594 | -0.232 -0.016 0.997** | 26.240 | -0.212
FMCG -Metal -0.014 0.987*** | 40.334 | -0.335 | -0.024* | 0.987*** | 33.409 | -0.274
FMCG -Pvt 0.116* 0.525** | 32205 | -0.264 | -0.032*** | 0.998*** | 25.876 | -0.209
IT-Media 0.039 0.904** | 10.531 | -0.075 0.043 0.892** | 10.331 | -0.073
IT-Metal 0.026 0.937** | 17.215 | -0.133 0.051 0.855*** | 18.817 | -0.147
[T-Pharma 0.082** | 0.784"* | 20.244 | -0.159 0.074* 0.795*** | 21.495 | -0.170
IT-Pvt 0.085 0.566 9.871 -0.069 0.040 0.892** | 8.034 -0.053
Media-Metal 0.037 0.876™* | 44.933 | -0.375 0.040 0.844* | 45332 | -0.378
Media-Pharma 0.074 0.764* | 16.767 | -0.129 0.062 0.778** | 17.379 | -0.134
Media-Pvt 0.019 0.938** | 41.108 | -0.342 0.030 0.924= | 39.545 | -0.328
Metal-Pharma 0.081** | 0.773** | 29.413 | -0.239 0.076* 0.771** | 25.045 | -0.201
Metal-Pvt 0.120 0.714=* | 48183 | -0.403 0.121 0.692** | 44.943 | -0.375
Pharma-Pvt 0.064 0.678"* | 11.655 | -0.084 0.080 0.657** | 9.657 -0.067

Note: ***; ** and * represents level of significance at 1%, 5% and 10%.

Source: Authors calculation based on Fiszeder et. al. (2019) using Eviews 12.
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Table 8: Comparison of DCC GARCH and DCC RGARCH separately for close-to-close return.

Close to close return

Sector GARCH RGARCH
Alpha(a) | Beta(B) LR AIC Alpha(a) Beta(p) LR AIC

Auto-Media 0.027 0.920** | 66.460 | -0.563 0.016 0.935** | 65.933 | -0.558
Auto-PSU 0.019 0.909*** | 52.196 | -0.438 0.013 0.938** | 51617 | -0.433
Auto-Realty 0.134* | 0.711** | 87.303 | -0.745 | 0.109** | 0.762** | 84.924 | -0.724
Bank-PSU -0.015* | 0.998*** | 124724 | -1.072 | -0.017* | 0.997** | 125619 | -1.080
Bank-Realty 0.149* 0.678** | 88.823 | -0.758 0.053 0.903*** | 86.224 | -0.736
Financial Services-PSU 0.002 0.902*** | 107.284 | -0.920 -0.011 0.996*** | 108.485 | -0.930
Financial Services-Realty 0.050* 0.914*** | 96.169 | -0.822 0.042 0.920*** | 91.303 | -0.780
FMCG-Pharma 0.053 0.793*** | 40.096 | -0.333 0.039 0.801*** | 38.758 | -0.321
FMCG -PSU 0.038 0.830*** | 29439 | -0.240 0.028 0.840*** | 26.681 | -0.216
FMCG -Realty 0.029 0.860*** | 36.649 | -0.303
IT-PSU 0.048* | 0.926** | 18.306 | -0.142 0.036* 0.932*** | 15.39% | -0.117
IT-Realty 0.091** | 0.845** | 21.974 | -0.174 0.077* 0.864*** | 20.940 | -0.165
Media-PSU 0.018 0.942** | 56.389 | -0.475 0.004 0.976*** | 54.450 | -0.458
Media-Realty 0.019 0.902** | 52.809 | -0.444 0.008 0.924*** | 53.015 | -0.446
Metal-PSU 0.035 0.910** | 59461 | -0.502 0.037* 0.920*** | 61.405 | -0.519
Metal-Realty 0.119 0.463 61.507 | -0.520 0.054 0.688 62.210 | -0.526
Pharma-PSU 0.093** | 0.819** | 16435 | -0.126 0.080* 0.827** | 15754 | -0.120
Pharma_Realty 0.123** | 0.707** | 25717 | -0.207 0.117* 0.735** | 26.814 | -0.217
Pvt_Realty 0.179*** | 0.618** | 86.592 | -0.739 0.110 0.780** | 83.676 | -0.713
PSU_Realty 0.012 0.959*** | 63.280 | -0.535 0.011 0.961*** | 62.886 | -0.532
PSU_Pwt

Note: ***; ** and * represents level of significance at 1%, 5% and 10%.
Source: Authors calculation based on Fiszeder et. al. (2019) using Eviews 12.
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Figure 1: Identification of study time period for first wave outbreak of COVID 19 and its recovery phases across different sectors.
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Source: Nifty (Sector wise) historical price data, January 2019 — April 2021, National Stock Exchange (NSE)
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Figure 2: Graphical plot of OHLC price, close-to-close return and open-to-close return of 11 NIFTY stock indices
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