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Crude oil plays a crucial role in fueling the world economy and driving the global commodity market. This study focuses
on examining how different energy indices retort to changes in WTI oil prices. The researchers utilized daily data of WTI
crude oil and four energy stock indices: the Nifty Energy Index, BSE Energy Index, MSCI World Energy Index, and S&P
Energy Index. The empirical findings reveal that the BSE energy and NSE energy indices are less sensitive to crude oil
price changes compared to the MSCI World Energy Index and S&P 500 energy index.
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1. Introduction

Energy is the core pillar of our world and a vital part of everyone's existence. Both industrialized and emerging market
economies (Xi et al., 2019) have seen a major impact of energy on several economic factors. Oil has a vital role (Halttunen et
al., 2022) in social and economic activities compared to other important energy sources like natural gas and coal since it is the
most significant source of producing heat and electricity, the primary fuel for vehicles, ships, and airplanes; a vital raw
ingredient for petroleum products; and an industry staple in the textile and chemical sectors. The global energy market is
intricate and ever-changing, with crude oil at its core, often called "black gold" due to its essential role in driving economic
activity. As a result, changes in crude oil prices can have profound and widespread effects on economic stability, energy
security, and the financial performance of energy-related assets. So crude oil is highly valued in every country and is an
important asset in many investors' portfolios (Ahmad, 2017). Energy indices, which track the performance of various energy-
related assets, including stocks of energy companies, commodities, and other financial instruments, provide a comprehensive
measure of the sector's health. These indices are used by investors, policymakers, and industry stakeholders to assess the
energy market's performance and make informed decisions. Understanding the relationship between crude oil prices and these
energy indices return is crucial for predicting market trends, managing risks, and developing strategic plans for investors.
These indices serve as crucial tools for investors, to evaluate the energy market's performance and make well-informed
decisions. Grasping the relationship between crude oil prices and these energy indices is essential for predicting market
trends, mitigating risks, and developing effective strategic plans.

The paper aims to explore how crude oil prices affect energy indices, considering the growing consumption of crude oil
worldwide. Specifically, it focuses on four energy indices: the Nifty Energy Index (NEI) and BSE Energy Index (BEI),
(representing domestic energy indices), as well as the MSCI World Energy Index (MEI) and S&P 500 Energy Index (SEI)
(representing global indices). The NEI is a thematic index listed on the NSE that tracks the performance of the energy sector
within the Indian economy. This index is composed of various aspects of the energy industry, including petroleum, natural
gas, power generation, and related sectors. The BEI is specifically crafted to serve as a benchmark for investors. It aims to
mirror the performance of companies listed in the S&P BSE All Cap index that fall under the category of the energy sector.
The MEI is constructed to encompass the significant and mid-sized companies operating within twenty-three Developed
Markets countries. All the securities included in this index are categorized under the Energy sector according to the Global
Industry Classification Standard. This index, therefore, provides a representation of the performance of energy-related
companies across a wide range of developed economies. Finally, The SEI is composed of companies that are part of the S&P
500 and fall under the classification of the Global Industry Classification Standard energy sector. While previous studies have
investigated the connection between crude oil prices and energy indices returns, this paper distinguishes itself by examining
both domestic and global indices return. To achieve this, the study employs a quantile-based regression approach, which
differs from previous research that primarily examined the connection between crude oil prices and energy indices. By
utilizing this approach, the paper aims to provide a more comprehensive understanding of the dependence structure between
the variables across different market conditions. The subsequent sections of the study are outlined as follows: Segment 2
provides a concise overview of relevant literature studies, Segment 3 discusses the research methods and data utilized,
Segment 4 presents the empirical results, and Segment 5 concludes the study by summarizing key findings and policy
implications.
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2. Review of Literature

Crude oil is an unprocessed natural commodity sourced from the Earth, and it undergoes refinement to create various items
like gasoline, aviation fuel, and additional petroleum-based products. It consists primarily of hydrocarbon deposits and
organic substances derived from ancient plant and animal remains dating back millions of years. Additionally, it serves as a
significant energy source, producing heat and propelling a wide range of vehicles and machinery. Furthermore, it plays a vital
role as an ingredient in numerous everyday products, such as plastics, paints, and cosmetics. The influence of crude oil prices
on the energy sectors has been examined in previous studies from a variety of angles. One area of study focused on crude oil
prices and stock return link which is investigated by Chen et al. (2022); Rahman, (2022); Anand and Paul (2021); Alamgir
and Amin (2021); Joo and Park (2021); Cevik et al. (2020); Salisu and Isah (2017); Ghosh and Kanjilal (2016); Zhu et al.
(2016); Kang et al. (2015); Sim and Zhou (2015); Xu et al. (2019); You et al. (2017) and Driesprong et al. (2008). Other
researchers have conducted analyses to understand the association between oil prices and alternative energy sources, such as
the works of Maghyereh and Abdoh (2021); Geng et al. (2021); Nasreen et al. (2020); Kocaarslan and Soytas (2019); Xia et
al. (2019); Ferrer et al. (2018); Abdallah and Ghorbela (2018); Reboredo et al. (2017) and Bondia et al. (2016). While others
concentrated on the relationship between crude oil prices and energy-related commodities returns. This literature includes
Babu et al. (2023); Ben Ameur et al. (2022); Asl et al. (2021); Mensi et al. (2021); Tiwari et al. (2021a); Tiwari et al. (2021b);
Gatfaoui, (2016); Aloui et al. (2014) and Tong et al. (2013). Portfolio diversification and hedging strategies receive
considerable attention from researchers. Several studies have specifically focused on calculating hedge ratios for clean energy
stocks. Noteworthy among these works are Gustafsson et al. (2022); Antonakakis et al. (2020); Elsayed et al. (2020); Bunnag,
(2015) and Hamma et al. (2014).

Bouoiyour et al. (2023) investigated the connection between crude oil and various renewable energy sector stock indices.
Their findings revealed that the relationship between crude oil and these renewable energy indices is characterized by non-
linearity and complexity. Furthermore, their analysis led them to conclude that the strength of the relationship between crude
oil and wind energy is weaker when compared to the relationships involving geothermal energy or bioenergy, and this
variation varies across different scales. A separate study conducted by Troster et al. (2018) interrogated the association
between renewable energy consumption, oil prices, and economic activity. Their research uncovered the relationship between
shifts in renewable energy consumption and economic growth at the lower end of the distribution. Additionally, they
observed that variations in renewable energy consumption drive economic progress at the higher end of the distribution.
Zhang et al. (2020) examined the influence of exogenic shocks of oil prices on clean energy stocks. Their conclusions showed
that these shocks had different consequences at different quantiles and investment horizons. They also noticed the influence
was asymmetric, especially at higher quantiles, which suggests long-term impacts. Pham, (2019) explored the association
between oil prices and clean energy stocks across various sub-sectors within the clean energy stock market. The study found
that the relationship between oil prices and clean energy stocks was not consistent across all sectors. In fact, the findings
indicated significant variations in this relationship across different clean energy-related stocks. Mainly, biofuel and energy
management stocks demonstrated the highest level of correlation with oil prices, indicating a strong connection. On the other
hand, wind, geothermal, and fuel cell stocks were among the sub-sectors with the least correlation to oil prices, suggesting a
weaker connection between these stocks and oil price fluctuations. Mugaloglu et al. (2021) explored the connection between
global oil prices, the stock market, and the returns of the FTSE Oil & Gas Index during the COVID-19 period. The study's
findings suggested that global oil price shocks had a relatively limited impact on the returns of the FTSE Oil & Gas Index.
However, it was observed that shocks in the stock market had a more pronounced effect, leading to increased variations in the
returns of the FTSE Oil & Gas Index. In essence, this indicates that stock market movements played a more influential role in
determining the performance of the FTSE Oil & Gas Index during the specified COVID-19 period. Corbet et al. (2020) in
their study, investigated the presence of volatility spillovers and co-movements among energy-focused corporations during
the covid-19 pandemic. They utilized the spillover index approach developed by Diebold and Yilmaz and employed the DCC-
FIGARCH conditional correlation framework. Their findings revealed that there were significant and positive spillovers from
declining oil prices to both the renewable energy and coal markets. This suggests that variations in oil prices had a notable
impact on the volatility of these sectors. Additionally, the researchers highlighted the renewable energy sector as a more
dependable means of generating long-term, stable, and cost-effective supply compared to other energy sources. Dutta, (2017)
investigated the impact of oil price shocks on clean energy stock returns. The study concluded that there is a strong
relationship between crude oil volatility and clean energy stock market returns. This indicates that the performance of clean
energy stocks is highly sensitive to changes in crude oil prices and their associated volatility. There are some studies that
concentrate on the small level, specifically company stock or indices (Tan et al., 2021; Niu et al., 2021; Ma et al., 2019; Song
et al., 2019). However, some studies discussed the crude oil return in view of positive and negative returns to analyse their
differences with regard to data spillover to diverse clean energy companies. Singhal and Ghosh (2016) delved into the
relationship between crude oil movements and returns in the Indian stock market. The study's findings discovered that there is
not a significant direct transfer of shocks from the oil market to the overall Indian stock market. However, the significance
becomes apparent when focusing on specific sectors, particularly the automobile, power, and finance sectors. This research
underscores the importance of volatility as a factor for investors seeking to diversify their portfolios with the aim of
optimizing returns and mitigating risks.

Most existing research tends to aggregate energy indices or focus on broad measures of market performance, without
delving into how specific energy indices—such as those tracking oil and gas companies, renewable energy sources, or energy
commodities—respond differently to fluctuations in crude oil prices. This lack of detailed analysis highlights a significant gap
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in understanding how different segments of the energy sector are individually affected by changes in crude oil prices.
Addressing this gap requires a more nuanced investigation into which specific energy indices are most sensitive to these price
fluctuations. By exploring this area, the study aims to provide valuable insights for investors, policymakers, and industry
professionals seeking to understand the varied impacts of crude oil price changes across different energy sector segments.

3. Methodology

The study uses the WCO (WTI crude oil price) and four energy indices namely, the NEI, BEI, MEI, and SEI. The sample
period ranges from 1 January 2013 to 31 May 2023, providing 2483 daily observations which are sourced from BSE and NSE
official websites (BSE Energy Index, Nifty Energy Index), Federal Reserve Bank of St. Louis (MSCI World Energy Index),
and investing.com (S&P500 Energy Index). The data was filtered to correspond to the trading days in all markets. The
assessment of variable stationarity in the model is conducted through the Augmented Dickey-Fuller (ADF) and Phillips-
Perron (PP) tests applied to each individual series. The results indicate that the alternative hypothesis is supported, affirming
that the series exhibits stationarity at the base level.

3.1 Quantile Regression

The study employed the quantile regression approach to investigate the association between crude oil price fluctuations and
the earnings of four energy indices. The linear model-based ordinal least squares (OLS) regression focuses on estimating the
conditional mean of the dependent variable y given the explanatory variable x. Quantile regression, initially developed by
Koenker and Bassett in 1978, offers a technique for estimating conditional quantiles of the variable y based on one or more
explanatory factors. Its robustness in estimating the quantile regression process sets it apart, even when dealing with
challenges like outliers, heteroskedasticity, and skewness in the dependent variables. This method has been widely utilized in
finance and economics research (Anguyoet al., 2020; Ma et al., 2019; Gupta et al., 2017; Fenget al., 2008; Ma et al., 2008;
Engleet al., 2004).

The basic Quantile Regression equation is as follows

O:(YiX) = PoitfriX+ei (D

Here

Q«(Y/X) is the T conditional quantile of the energy indices, Yi, given the independent variable X (crude oil).
Boiis the intercept for the quantile regression of the it energy indices.

B1i is the slope coefficient for crude oil in the quantile regression of the i energy indices.

X is the crude oil price.

e ¢ is the error term for the Tt quantile regression of the i energy indices.

The Quantile regression model for each energy indices is as follows.

O« (NEI/X) = Bonii(0) +BIner(0) X+ crven @)
O« (BEI/X) = Bose(t)+P 1 sei(t) X+erper €)
O« (MEI/X) = Borisi(t) +BLuei(0) X+ €ruaes @)
O (SEI/X) = Bosei(t) +B1sex(t) X+erser Q)

The nine quantiles (0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9) were taken into account in the study. The normal market
situation is represented by the median (0.5) quantile. Lower quantiles, such as 0.1, 0.2, 0.3, and 0.4, show bearish market
conditions, whereas higher quantiles, such as 0.6, 0.7, 0.8, and 0.9, show bullish market trends. Under various market
scenarios (bearish, normal, and bullish), oil prices have a tendency to behave differently; therefore, it is crucial to know how
energy indices retort to oil price surprises under these circumstances. In order to achieve this, the quantile regression method
is a useful tool since it enables to explore of the impact of independent factors on various distributions of dependent variables.
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Figure 1 WTI Crude Oil Return Figure 2 BSE Energy Indices Return
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4. Results and Discussion

The quantile regression approach offers a more comprehensive examination of the entire conditional distribution, in contrast
to the conditional mean regression analysis, which concentrates solely on a specific part of the conditional distribution.
Moreover, a quantile causal relationship can differ from causality in the mean of the conditional distribution. This study
investigates the association between crude oil prices and the returns of energy indices. Table 1 displays the descriptive
statistics for WCO price and four energy indices’ average daily returns. WCO return and MEI return are volatile compared to
the NEI, BEI, and SEI. All the return series are negatively skewed and show a Leptokurtosis distribution. The outcome of the
ADS and PP tests indicates that the return sequence is stationary at a 5% level of significance

Table 1 Summary of Statistics and Stationarity test of the Indices

Variables NEI BEI MEI SEI WCO
Mean 0.045 0.051 -0.003 | 0.005 | -0.011
Median 0.073 0.086 0.011 0.028 0.080
Standard Deviation| 1.347 1.479 1.663 1.881 3.493
Kurtosis 5.766 | 8.763 | 22.185 | 16.372 | 98.543
Skewness -0.596 | -0.445 | -1.138 | -0.831 | -2.513
ADF test -49.188%|-49.762%|-28.064* |-29.265%|-25.342*
PP test -49.206*|-49.773*|-47.815* |-51.428*| -56.876*

Source: Author s Computation
Note: *Statistically Significant at 5% level

Table 2 illustrates the association between the WCO price and the returns of energy indices. A 1% increase in the median
crude oil price corresponds to a 34% increase in the median value of the SEI. The Pseudo R? is recorded at 16.4%, and the
adjusted R-squared mirrors this figure, signifying that approximately 16.4% of the variations in the conditional median of the
SEI can be attributed to fluctuations in WCO prices. The quasi-LR statistics value stands at 821.285, and its associated p-
value is below 0.05, indicating the stability of the model.

Table 2 WTI Crude Oil Price and Energy Indices Return

Variables | BEI | NEI | MEI | SEI
WCO 0.037 {0.030* [0.315* | 0.340*
Constant 0.083 | 0.060 | 0.010 | -0.008
Pseudo R? [ 0.033 ] 0.004 | 0.186 | 0.164
Adjusted R?| 0.002 | 0.003 | 0.185 | 0.164
Q-LR stat. [12.083] 14.614]954.446(821.285

Source: Author’s Computation.

Note: *Statistically Significant at 5% Level
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Similarly, a 1% increase in the median crude oil price predicts a roughly 31.5% increase in the median value of the MEL
The Pseudo R?, representing the model's goodness of fit, is 18.6%, while the adjusted R-squared closely aligns at 18.5%. This
implies that about 18.5% of the variability in the conditional median of the MEI can be attributed to shifts in WCO prices.
The quasi-LR statistics value is calculated as 954.446, and the associated p-value is less than 0.05, confirming the statistical
reliability of the model.

However, it is imperative to note that the impacts of WCO changes on the BEI and NEI differ from those on the MEI and
SEI. These two indices exhibit a lesser influence from crude oil price fluctuations. All indices show positive and statistically
significant effects except for the BEI, suggesting that the BEI and NEI are less susceptible to changes in crude oil prices
compared to the MEI and SEIL

Table 3 Quantile Regression Results

Low Medium High
Quantile | 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
BEI
WCO ret.| 0.064*| 0.039* | 0.040* | 0.038* | 0.037 | 0.025 | 0.016*| 0.019*| 0.027*
Constant | -1.563 | -0.925 | -0.502 | -0.222 | 0.083 | 0.367 | 0.664 | 1.069 | 1.635
NEI
WCO ret.[0.331*]0.341* | 0.338* |0.326* |0.315* | 0.317* |0.323* |0.322* | 0.305*
Constant | -1.317 | -0.763 | -0.443 |-0.208 | 0.010 | 0.214 | 0.457 | 0.769 | 1.308
MEI
WCO ret.| 0.068*] 0.059* | 0.040* [0.037* | 0.030* | 0.028* |0.030* |0.036* | 0.036*
Constant | -1.498 [-0.904 |-0.497 [-0.190 | 0.060 | 0.346 | 0.662 | 1.031 | 1.586
SEI
WCO ret.| 0.351*%/0.370* | 0.368* |0.348* |0.340* | 0.348* |0.343* |0.340* | 0.321*
Constant | -1.542 | -0.898 |-0.523 | -0.237 ] -0.008 | 0.263 | 0.540 | 0.875 | 1.572
Source: Author's Computation.
Note: *Statistically Significant at 5% Level.

Table 3 reveals that various energy indices respond contrarily to the lagged value of crude oil returns. The results from the
Quantile Regression analysis indicate that the influence of WCO tends to diminish as we move to lower quantiles. In fact, the
model fits much better in lower quantiles (0.1, 0.2, 0.3, 0.4), suggesting that the influence of crude oil on the Energy Indices
is more pronounced during bearish market conditions but less significant during bullish market conditions (higher quantiles).
Nevertheless, the influence of WCO on the NEI, MEI, and SEI remains significant across normal, bullish, and bearish market
conditions. For the BEI, significance is observed in most quantiles except for 0.5 and 0.6 quantiles. However, in the higher
quantiles, specifically during rising market conditions, the reliance of energy stocks on crude oil prices appears to diminish.
This indicates that when market conditions are improving, changes in crude oil prices have a lesser impact on energy stock
returns. Conversely, during market downturns, the reliance of energy stocks on crude oil prices increases.

In summary, the consequence of crude oil on energy indices is more pronounced in bearish market conditions but feebler in
bullish market conditions. Visual representations of these findings can be seen in Figures 6,7,8 and 9.

0.0 oO.4 o.2 o.3 o.a 0.5 0.6 o.7 o.s8 0.9 1.0
Quantile
C

2

a /

o
- /
-2

0.0 oO.4 0.2 0.3 o.a 0.5 0.6 o.7 0.8 0.9 1.0

Quantile

Figure 6 Quantile Estimates -WTI Crude Oil and BSE Energy Index

Note: The above figure depicts the influence of West Texas Intermediate (WTI) on the BSE Energy index, organized into ten
quantiles. The thin blue line denotes the estimated values, and the red lines represent the 95% confidence interval.
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Figure 7 Quantile Estimates - WTI crude oil and NSE Energy

Note: The above figure depicts the influence of West Texas Intermediate (WTI) on the NSE Energy index, organized into
ten quantiles. The thin blue line denotes the estimated values, and the two red lines represent the 95% confidence interval.
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Figure 8 Quantile Estimates -WTI crude oil and MSCI World Energy

Note: The above figure depicts the influence of West Texas Intermediate (WTI) on the MSCI World Energy Index, organized
into ten quantiles. The thin blue line denotes the estimated values, and the two red lines represent the 95% confidence
interval.
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Figure 9 Quantile Estimates - WTI crude oil and S&P 500 Energy

Note: The above figure depicts the influence of West Texas Intermediate (WTI) on the S&P Energy index, organized into ten
quantiles. The thin blue line denotes the estimated values, and the two red lines represent the 95% confidence interval.
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Table 4 Quantile Slope Equality Test

Indices BEI NEI MEI SEI
Across quartiles|Chisqu.] P |[Chisqu.] P |Chisqu.] P |Chisqu.| P
Wald test 20.942 10.007*) 11.032 | 0.199 | 4.616 |0.797| 6.187 [0.626
Inter quantiles |Res.val.| Prob. |Res.val.| Prob. |Res.val.|Prob.|Res.val.|Prob.

0.1, 0.2 0.025 [0.045*| 0.009 | 0.515| -0.010 |0.607| -0.018 |0.248

0.2,0.3 -0.001 [ 0.910 | 0.018 [0.034*| 0.002 [0.861| 0.001 [0.932

0.3,04 0.001 ] 0.880 | 0.002 |0.704 | 0.012 |0.209| 0.020 [0.167

0.4, 0.5 0.001 ]0.922 | 0.007 |0.316| 0.010 |0.239] 0.008 |0.532

0.5, 0.6 0.011 ]0.334| 0.001 |0.839 | -0.002 |0.798| -0.008 [0.489

0.6, 0.7 0.009 ]0.569 | -0.002 | 0.513 | -0.005 |0.578| 0.005 |0.647

0.7, 0.8 -0.003 [ 0.415 | -0.005 | 0.142 | 0.001 [0.952] 0.002 [0.832

0.8, 0.9 -0.007 0.029*| -0.001 | 0.942 | 0.016 [0.391] 0.019 |0.343

Source: Authors Computation.
Note: *Statistically Significant at 5% Level.

Table 4 presents the results of the Quantile Slope Equality Test. According to the Wald test, the Chi-square statistic for the
slope equality test regarding BEI is 20.942, indicating statistical significance. This suggests that the equality of slopes varies
across different quantile levels. Specifically, the BEI inter-quantile range, except for the 0.1-0.2 and 0.8-0.9 quantiles, fails to
reject the null hypothesis of equality at a 5% significance level. This implies that there is no significant difference in slope
equality across these quantile levels. On the other hand, for NEI, MEI, and SEI, the Wald test results do not achieve statistical
significance. Therefore, we can conclude that there is no significant difference in slope equality across quantile levels for
these indices. Similarly, when examining inter-quantile results, it is found that for NEI (except for the 0.2 and 0.3 quantiles),
MEI, and SEI, the results are not statistically significant. Consequently, we can conclude that the slope equality for these
indices does not differ significantly across inter-quantile ranges.

This study investigates the symmetrical impacts of WCO returns on the returns of various energy indices through Quantile
Regression. The findings are presented in Table 6. The Wald test reveals that the Chi-square statistics for the symmetric
quantiles of BEI (11.658), NEI (11.122), MEI (4.384), and SEI (9.452) are not statistically significant. This lack of statistical
significance indicates evidence of symmetry since the p-values are greater than 0.05.

Table 5 Symmetric Quantiles Test

Symmetric qua. test BEI NEI MEI SEI |
Across quartiles [Chisqu.] P [Chisqu.| P [Chisqu.] P |Chisqu.| P
Wald test 11.658 [0.167| 11.122 [0.194| 4.384 [0.820| 9.452 [0.305
Inter quantiles | Int.qua. | Prob. | Int.qua. | Prob. | Int.qua. |Prob. | Int.qua. | Prob.
0.1, 0.9 0.016 [0.635] 0.044 [0.082| 0.006 [0.840| -0.006 [0.870
C -0.094 [0.170| -0.033 [0.621| -0.030 [0.670| 0.046 [0.550
0.2, 0.8 -0.016 [0.607| 0.034 [0.085| 0.033 [0.246] 0.030 [0.363
C -0.022 [0.656| 0.005 [0.909| -0.015 [0.690| -0.007 [0.871
0.3,0.7 -0.018 [0.506| 0.011 [0.513| 0.031 [0.096] 0.032 [0.243
C -0.003 [0.919| 0.043 [0.235| -0.007 [0.800| 0.033 [0.308
0.4, 0.6 -0.010 [0.541| 0.005 [0.656] 0.013 [0.307| 0.019 [0.380
C -0.020 [0.424| 0.035 [0.160| -0.015 [0.427| 0.022 [0.060

Source: Authors Computation.
Note: *Statistically Significant at 5% Level.

Furthermore, the individual coefficient restriction tests provide no indications of asymmetry within the selected indices
across the quantiles. For instance, when examining BSE energy across the quantile levels ranging from 0.1 to 0.9, there is no
statistically significant evidence of asymmetry.

5. Conclusion

The swift ascent of emerging markets and the growing significance of developing countries have led to an amplified demand
for crude oil. According to assessments by the ‘International Energy Agency’ and the ‘International Monetary Fund’,
fluctuations in crude oil prices have generated more pronounced economic shocks in developing economies compared to
developed ones. This study delves into the impact of shifts in WTI crude oil prices on the returns of energy indices. The
approach employed to assess the distribution of the dependent variable (energy indices return) involves the utilization of
quantile regression. This technique offers a comprehensive insight into how independent variables influence the dependent
variable. Unlike conventional OLS regression, which examines average effects, quantile regression unveils the asymmetric
consequences of changes in crude oil prices on energy indices returns across assorted market conditions, encompassing
bearish, bullish, and normal periods.

Drawing on daily data spanning from January 1, 2013, to May 31, 2023, the empirical findings highlight that the BEI and
NEI exhibit comparatively lower susceptibility to fluctuations in crude oil prices when contrasted with the MEI and SEI. The
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quantile regression outcomes reveal that the impact of WCO tends to weaken as quantiles decrease, suggesting that the
influence of crude oil on Energy Indices is more pronounced amid bearish market conditions but less so during bullish market
conditions (higher quantiles). These conclusions align with and complement earlier research conducted by Xia et al. (2019);
Bondia et al. (2016) and Henriques and Sadorsky (2008).

For NEI, MEI, and SEI, the outcomes of the Wald test lack statistical significance, implying that there is no substantial
variance in slope equality across quantile levels. Symmetry is observed across the quantiles of BEI, NEI, MEI, and SEI. The
study is focused exclusively on examining how crude oil prices affect selected energy indices return. In future studies, there is
an opportunity to explore more deeply how crude oil influences the performance of renewable energy stocks in India and
stocks from various other countries across a range of market conditions. Additionally, further enhancements can be made by
employing advanced statistical methods. With the rising concerns surrounding climate change and energy security, there is a
potential for investigation into the association between investments in green technologies and the occurrence of oil price
shocks. Overall, this research delivers valuable insights to decision-makers across diverse sectors. It equips investors and
portfolio managers with the knowledge to make informed decisions that protect their investments during episodes of oil price
fluctuations. Simultaneously, policymakers can formulate strategies to encourage energy efficiency and diversification,
thereby mitigating the overall influence of oil price changes on energy indices and fostering a more stable economic
environment.
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