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Abstract

In this study, we investigate the effects of disentangled oil shocks on the volatility of the stock
markets of Nigeria and South Africa using Mixed Data Sampling variant of the Generalized
Autoregressive Conditional Heteroscedasticity (GARCH-MIDAS) model. The disentangled oil
shocks involve oil supply shock, economic activity shock, oil consumption demand shock, and oil
inventory demand shock covering January 2010 and July 2022. Overall, we find that the stock
market volatilities of Nigeria and South Africa respond similarly to oil supply shock and oil
consumption demand shock but differently to economic activity shock and oil inventory demand
shock. Unusual increase in the volatility of Nigeria stock market has been attributed to loss of
investors’ confidence which takes too long time to be restored. Our results are robust to alternative
forecast sampling techniques, particularly fixed and rolling window.

Keywords: Oil shocks, Stock market volatility, GARCH-MIDAS Approach, Nigeria, South
Africa.
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1. Introduction
The literature on the connection between oil and stock market nexus is huge (see for example, Wen

et al., 2018; Yildirim et al., 2018; Wen et al., 2019; Zhang and Liu, 2019; Liu et al., 2020;
Prabheesh et al., 2020; Owuru, 2021; Prabheesh and Kumar, 2021; Shi and Kong, 2021; Raifu,
2022)° and we do not intend to repeat the exercise here. Rather, we focus on the impact of
disentangled oil shocks on stock market volatility with focus on the top two emerging African
countries (i.e., Nigeria and South Africa) which are yet to receive sufficient attention, in the
literature. Thus, the general research question of this study is: Does stock market volatility respond

differently to variants of oil shocks? Put differently, does the source of oil shock have a role to
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play in the oil shock-stock market volatility nexus?* Since one of the countries is seen as a net oil
exporting nation (i.e., Nigeria) while the other is a net oil-importer (i.e., South Africa), we are able
to offer a balanced representation as regards whether the outcome differs between the two groups.

Indeed, the extant studies have investigated the relationship between oil shocks and stock
market volatility in different dimensions, countries and methodologies. Based on their measure of
oil shocks, the studies can be categorized into two. First, studies that used direct measures of oil
shocks. These are those that defined oil shocks in terms of changes in oil prices such as oil price
shocks, oil price volatility, and oil price uncertainty (see Caporale et al., 2015; Dutta et al., 2017,
Xiao et al., 2018; Xiao et al., 2022; Xu et al., 2019; Liu et al., 2020; Sarwar et al., 2020; Joo and
Park, 2021; Lu et al., 2021; Shao et al., 2021; Rahman, 2022). The second strand relates to studies
that defined oil shocks in terms of factors responsible for changes in oil prices. These factors were
first recognized by Kilian (2009) and Kilian and Park (2009) when they decompose oil shocks into
two: oil demand (consumption) shocks and oil supply (production) shocks. Advancing the work
of Kilian and Park (2009), Baumeister and Hamilton (2019) decomposed oil shocks into four: oil
supply shocks, economic activity shocks, oil consumption shocks, and oil inventory shocks, where
economic activity shocks, oil consumption shocks, and oil inventory shocks are components of oil
demand shocks (see Baumeister and Hamilton, 2019 for details).

This study is in tune with the latest and second strand of the literature (see for example
Enwereuzoh et al., 2021; Salisu and Gupta, 2021; Yaya et al., 2022). Consequent upon the
foregoing, this study focuses on two competing African giants; Nigeria and South Africa. These
two countries are arguably the top two largest economies in Africa, maintain top-ranked developed
stock markets in Africa, and compete for foreign capital inflows to the African continent (see
Oloko, 2018; Adewuyi et al., 2019). Given the established theoretical channels that countries may
respond differently to oil shocks based on their net oil export/import position (see Lu et al., 2021),
and empirical evidence that oil shocks have heterogeneous effects on stock market volatility of
countries (see Salisu and Gupta, 2021), establishing a distinction in the responsiveness of Nigerian
and South African stock markets to oil shocks is relevant. This is particularly so, as Nigeria is an

oil exporting country while South Africa is an oil-importing country, which is theoretically

41t is however important to note that most studies usually involve the connection between oil price and stock returns
rather than oil shocks and stock market volatility except in few cases (such as Salisu and Gupta, 2021) while studies
that simultaneously consider disentangled oil shocks and stock market volatility in the analysis of oil-stock nexus are
scarce .



expected to behave differently. Most importantly, understanding this distinction will assist
investors in making an optimal investment decision on deciding whether to take a short and long
investment position on Nigerian or South African stocks to minimize investment risks in the face
of oil shocks. In addition, while other developed (and emerging countries outside of Africa such
as Pakistan) have embraced modern technologies (such as tire pyrolysis®) as substitutes to oil in
their production pattern, and to respond to issue of climate change risk, the African countries (led
by these two giants) are still heavily dependent on oil either as their major revenue source (as in
the case of Nigeria as net-exporter) for budgets financing or a major input during production
process. Thus, African countries are not immune from the influence oil wield on global economy.
Various episodes of recession in Africa (especially Nigeria and South Africa) and its attendant
impact on their stock markets have been attributed to oil shocks® (Omolade et al., 2019; Salisu and
Gupta, 2021), just as it was the case in the USA (see Hamilton, 2009; Salisu and Oloko, 2015).
This study is similar to that of Enwereuzoh et al. (2021) which also analyse the effect of
oil shocks on oil-importing and oil-exporting African countries. However, the study employs
Structural Vector Autoregressive (SVAR) approach, thereby aggregating daily stock price indexes
to monthly frequency to maintain uniform frequency with oil shocks. This approach causes a loss
of information about stock market volatility which may result in biased results (Salisu et al., 2022).
This problem is avoided in this study as we employ the Mixed Data Sampling variant of the
Generalized Autoregressive Conditional Heteroscedasticity (GARCH-MIDAS)’ model by Engle
et al. (2013) which forestalls loss of information particularly on stock markets. This approach was
also used by Salisu and Gupta (2021) and Yaya et al. (2022), but their studies do not explain the
effect of oil shocks on the stock market volatility of Nigeria and South Africa. Thus, the use of
this novel methodology to determine the impacts of oil shocks on the stock market volatility of top
competing African countries, and the comparative analysis of the cases of oil-importing (South

Africa) and oil exporting (Nigeria) African countries are unique contributions of this study.

3 See for example, Yaqoob et al. (2021).
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Given this background, the order of this study is as follows. Succeeding this introduction
is Section 2 which offers a brief review of both the empirical literature and the theories upon which
the study is situated. Section 3 deals with data issues and preliminary analysis. Section 4 discusses
the methodological framework for the Mixed Data Sampling variant of the Generalized
Autoregressive Conditional Heteroscedasticity (GARCH-MIDAS) model. Section 5 deals with the

presentation and discussion of results, while Section 6 concludes the study.

2. Literature review®

2.1 Review of Empirics

As earlier mentioned, the nexus between oil shocks and stock market volatility have been duly
examined in the literature, and this broad literature can be divided into those that directly measured
oil shocks in terms of changes in some oil dynamics such as oil price and uncertainty in the oil
market and those that measured the shocks from various causal factors such as demand and supply.
These two measures have been examined in connection to various fundamentals such as external
balances (Kilian et al., 2009; Rafiq et al., 2016; Huynh, 2016), exchange rate dynamics (Aliyu,
2009; Basher et al., 2016; Ji et al., 2020), inflation dynamics (Bachmeier and Cha, 2011; Wen et
al., 2021), and stock markets (Salisu and Oloko, 2015; Dutta et al., 2017; Escobari and Sharma,
2020; Liu et al., 2020; Lu et al., 2021; Joo and Park, 2021; Salisu and Gupta, 2021; Enwereuzoh
et al., 2021; Chen et al, 2022; Yaya et al., 2022), among others. However, the focus of this study
is on stock markets, hence, this review is tailored towards this direction.

Salisu and Oloko (2015) examine the oil price-US stock nexus within the framework of
VARMA-BEKK-AGARCH having observed structural break in their model specification. The
authors find on average, a significant positive return spillover from US stock market to oil market
and bidirectional shock spillovers between the two markets. This result is validated by Liu et al.
(2020) who further confirm the relationship between the two markets to be time-varying. In
addition, Salisu and Oloko (2015) identify a significant own asymmetric shock effect in both
markets as the intensity of volatility spillover from oil market to stock market increased after the
break. This result is linked to the period of global economic slowdown. In a related study, Dutta

et al. (2017) investigate whether the implied crude oil volatility index (OVX), a forward-looking

8 This section is included at the instance of one of the anonymous reviewers who prefers to see a distinct section for
literature review.



measure of oil market uncertainty published by Chicago Board Options Exchange (CBOE),
impacts the realized volatility of Middle East and African stock markets. They show with their
GARCH model framework that oil market uncertainty has substantial effects on the realized
volatility of most of the markets under study, even after controlling for the effect of the implied
volatility index of S&P 500. Taking this discussion further, Escobari and Sharma (2020) examine
the possible nonlinearity in the response of stock prices to oil prices. The study show evidence of
asymmetries in the response of stock prices to crude oil supply shocks, global aggregate demand
shocks, and oil-specific demand shocks.

Similarly, Enwereuzoh et al. (2021) examine the effect of crude oil shocks on selected
African stock markets using a Structural Vector Autoregressive model and a two-state regime
smooth transition regression framework on monthly data from January 2000 to July 2018. The
selected markets are classified into oil-exporting (Nigeria, Tunisia, and Egypt) and oil-importing
(Botswana, South Africa, Kenya, and Mauritius). They find that oil demand shock does not matter
in oil-importing countries, but there is little evidence that oil supply shock affects the real stock
return for oil-exporting and oil-importing countries. Salisu and Gupta (2021) investigate the impact
of oil shocks on stock market volatility of the BRICS group of countries (Brazil, Russia, India,
China, and South Africa) using GARCH-MIDAS (Generalised Autoregressive Conditional
Heteroskedasticity variant of Mixed Data Sampling) approach. Their results revealed that oil
supply shock and oil inventory demand shock have positive and significant impacts on the stock
market volatility of Brazil, Russia, and India. For South Africa, the oil inventory demand shock
has a positive significant impact, but the oil supply shock has no significant impact on stock market
volatility. Oil supply shock and oil inventory demand shock have no significant impact on stock
market volatility in China. Recently, Yaya et al. (2022) examine the effect of oil shocks on the
market volatility of five green investments. Their result shows homogeneous and heterogeneous

responses of green investment volatility to variants of oil shocks.

2.2 Review of Theories

In the extant theoretical literature, the Arbitrage Pricing Theory (APT) and Capital Asset
Pricing Model (CAPM) are the most predominant theoretical models employed to validate the
nexus between oil price shocks and stock market. The Capital Asset Pricing Model (CAPM) and

the Asset Pricing Theory (APT) both claim a linear relationship between the expected returns on



an asset and its covariance with other random variables. Although in the CAPM, the covariance
relates to the return of the market portfolio. The covariance is seen as a gauge of risk that
diversification cannot shield buyers from. The slope coefficient, which is closely related to mean-
variance efficiency, is viewed as a risk premium in the linear relationship between expected returns
and covariance (see Huberman and Wang, 2005).

In terms of the theoretical link between the stock market and oil shocks, the channels
through which the former is impacted by the latter have been established in the literature. Oil
shocks affect stock market performance through multiple channels, which can be categorized into
direct and indirect channels (Lu et al., 2021). The direct channel rests on stock valuation dynamics
and its relationship with the cash flow of the company which determines its returns (see Huang et
al., 1996; Salisu and Oloko, 2015a). This channel explains that firms may respond differently to
oil shocks depending on how the shocks affect their future cash flows. A positive oil (demand)
shock, for example, that results in a surge in crude oil price would reduce the cash flow as well as
stock returns, thereby increasing the stock volatility (risk) of oil-consuming firms; while same the
would increase the cash flow and stock returns of oil supplying firms, thus reducing their stock
volatility (risk) (see also, Salisu and Oloko, 2015b; Escobari and Sharma, 2020).

On the other hand, the indirect channels consist of the monetary, output, fiscal, and
spillover channels (see Lu et al., 2021 for detailed discussion). Of relevance to this study is the
fiscal channel, which explains the relationship between oil shocks and stock market volatility
through the government’s oil revenue/expenditure. This further distinguished between the
expected impact of oil shocks on the stock volatility of oil-importing and on that of the oil-
exporting countries. Like the case under the direct channel, the fiscal channel posits that a positive
oil (demand) shock would increase the stock volatility in oil importing countries, as this reduces
government revenue and its ability to provide infrastructural support to the private sector, which
may also prompt the government to increase company taxes. Whereas, the same positive oil
(demand) shock would reduce stock volatility (risk) of oil exporting countries, by increasing
government revenue and its ability to provide infrastructural support to the private sector(see also,
Luetal., 2021). Aside from being the top two competing largest economies in Africa, Nigeria and
South Africa are oil-exporting and oil-importing economies, respectively, which would provide a
basis for evaluating the fiscal channel proposition on the relationship between oil shocks and stock

market volatility in this study.



3. Data and Preliminary Analyses

The main objective of this study is to determine the effect of oil shocks on stock market volatility
in Nigeria and South Africa. The required variables are indicators of oil shocks and stock market
volatility. In this study, we define oil shocks extensively, not by oil price shocks which is a direct
measure, but by factors that can be responsible for, or sources of, these oil price shocks following
the definition of oil shocks by Baumeister and Hamilton (2019). This study covers the period from
January 2010 to February 2022. This period was chosen based on data availability and constraint
to maintain uniform data scope for Nigeria and South Africa to provide the basis for comparison.
Notably, while stock market data are in daily frequency, oil shock data are in monthly frequency.
The data for the stock price index used to compute stock returns and its volatility are obtained
online from investing.com, while the data for oil shocks are downloaded from Baumeister’s
research website (see https://sites.google.com/site/cjsbaumeister/research).

Baumeister and Hamilton (2019) separate oil shocks into oil supply shocks and oil demand
shocks, where oil demand shocks are classified into three - economic activity shocks, oil
consumption shocks, and oil inventory shocks. According to Baumeister and Hamilton (2019), oil
supply shocks are oil shocks due to changes in global oil production; economic activity shocks are
oil shocks due to changes in global oil demand; oil consumption demand shocks are shocks due to
shortage of oil consumption (which increases inventory); and oil inventory demand shocks are due
to inventory demand, which has sometimes been described as a “speculative demand shock” in the
literature (see Baumeister and Hamilton, 2019). For descriptive analysis purposes, stock returns
volatility is defined as the conditional GARCH variance series of the AR(1) - GARCH(1,1) model
for the returns series, where stock returns are computed as the logarithmic difference of the stock
price indexes; I, =In(R)—-In(R_,).

Table 1 presents the descriptive statistics of oil shocks and the stock market returns and
volatility for Nigeria and South Africa. As revealed by the mean values of the stock returns (in
Panel A), the daily stock returns of South Africa (0.0285%) appear higher than that of Nigeria
(0.0273%). Similarly, the standard deviation statistics of South Africa’s stock returns (1.1350) are
higher than that of Nigeria (1.0051) suggesting that South Africa’s stock market is relatively more
volatile than that of Nigeria. The inference of higher risk associated with South African stock
returns is corroborated by the mean and standard deviation of the stock returns volatility series for

both countries (in Panel B), which show that stock returns higher volatility is higher in South
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Africa than in Nigeria, on average. The relationship between returns and volatility of South Africa
and Nigeria validates the usual finance hypothesis, that the higher the risk, the higher the returns.
The descriptive statistics for oil shocks are presented in Panel C. The mean values of the shocks
reveal that on average, the global economy experienced negative oil supply and oil demand (except
for oil consumption demand) shocks between 2010 and February 2022. A negative oil supply
shock implies a fall in oil production, which will tend to cause an increase in oil price and reduce
cash inflow, thereby increasing stock market volatility, particularly in oil importing economies
like South Africa. A net oil-exporting country like Nigeria may experience lower volatility due to
oil supply shocks, as the economy benefits from higher prices due to negative oil supply shocks.
A negative economic activity shock implies a fall in demand for oil, which will tend to cause a fall
in oil prices and increase stock market volatility in oil exporting countries like Nigeria. This may
be expected to reduce stock market volatility in South Africa, as it means lower oil prices and
higher cash inflow.

Furthermore, the positive oil consumption demand shock implies an average increase in
the rate of oil demand for consumption purposes. This would put upward pressure on crude oil
prices, and may be expected to increase stock market volatility in South Africa and reduce it in
Nigeria. A negative oil inventory demand shock implies reduction is oil demand for safe-keeping
purposes. This is not surprising as there is an increase in oil consumption demand shock. The
negative oil inventory demand shock implies that oil inventories were depleted on average to meet
regular demand and facilitate smooth oil market operation. This should cause no problem to both

oil-exporting and oil-important countries.

Table 1: Summary statistics

Variables | Mean | Std. Dev. | Skewness | Kurtosis
Panel A: Stock Returns(Daily series)

Nigeria 0.0273 1.0051 0.3188 17.2849
South Africa 0.0285 1.1350 -0.5980 10.0082
Panel B: Stock Returns Volatility(Daily series)

Nigeria 0.9109 0.3393 7.5956 122.038
South Africa 1.0584 0.3898 4.4215 34.608
Panel C: Qil shocks (Monthly series)

Oil inventory demand shocks -0.1990 0.9958 0.2410 2.8799
Oil consumption demand shocks 0.0585 4.0734 -1.2070 7.5550
Economic activity shocks -0.0422 1.0022 -2.2759 21.7937
Oil supply shocks -0.1726 1.4169 -2.6927 22.1379

Note: Std. dev. is the standard deviation of the computed mean. The stock returns are computed as the logarithmic
difference of the stock price indexes, r.=1In ( P )_ In ( P, ) , while the stock returns volatility is defined as the standard

deviation of the GARCH variance series of the AR(1) — GARCH(1,1) model for the returns series. The data for oil
shocks are downloaded from Baumeister’s research website (see https:/sites.google.com/site/cjsbaumeister/research).
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Table 2: Tests for serial correlation and conditional heteroscedasticity

Stat Q4 Q(8) Q*4) Q%8 ARCH 4) ARCH (8)
Ng r 2.9888 15.934** 526.94%** 528.36%** 0.131 0.107
Sar 6.4052 25.452%** 1667.1%** 2631.8%** 0.342 0.316

Note: ng_r and sa_r refer to stock return series for Nigeria and South Africa respectively, while Q and Q? are serial
correlation tests at lags 4 and 8. The ARCH is the test for conditional heteroscedasticity, also at lags 4 and 8. Asterisks
*** and ** mean that the test statistics are significant at 1% and 5% levels, respectively.
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Furthermore, Figure 1 presents the trends in oil shocks and stock returns volatility of
Nigeria and South Africa between January 2010 and February 2022. Given the higher frequency
nature of the series, the relationship can hardly be explained by graphical representation, hence
empirical analysis is required. The preliminary tests for serial correlation and conditional
heteroscedasticity (ARCH effect) show that stock returns of Nigeria and South Africa suffer
conditional heteroscedasticity consistently, and their serial correlation increased over time (see
Table 2). This further justifies the use of mixed data sampling (MIDAS) technique for empirical
analysis in this study; as this method, like any of GARCH methods, has been designed to deal with
serial correlation and conditional heteroscedasticity in higher frequency time series models (see

Salisu and Oloko, 2015).

4. Methodological framework
In the literature, the Arbitrage Pricing Theory (APT) and Capital Asset Pricing Model (CAPM)
are the most predominant theoretical models employed to validate the nexus between oil price
shocks and stock market.
The APT assumes that asset returns can be given as:
Ri=ai+pip+ ¢ D

where R; represents the stock market returns volatility, «; is the unconditional expected stock
market return volatility £5; is a vector measuring the effect of each category of oil price shock, p is
a vector of categories of oil price shocks and ¢; is the error term for the residual effect of stock
market returns volatility. Firms may respond differently to oil shocks depending on how the shocks
affect their future cash flows. A positive oil (demand) shock, for example, that results in a surge
in crude oil price would reduce the cash flow as well as stock returns, thereby increasing the stock
volatility (risk) of oil-consuming firms; while same the would increase the cash flow and stock
returns of oil supplying firms, thus reducing their stock volatility (risk) (see also, Salisu and Oloko,
2015b; Escobari and Sharma, 2020).

As discussed earlier, we employ the Generalised Autoregressive Conditional
Heteroskedasticity variant of the Mixed Data Sampling (GARCH-MIDAS) model by Engle et al.
(2013). This is necessary to deal with variation in the frequencies of our dependent (stock returns)

and independent variable (oil shocks). The daily stock return series is computed as -

re=1In ( P )— In ( P_. ) , where p, represents the price index for day i in month t with t =1,...,T
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and i =1,...,N, denoting the monthly and daily frequencies, respectively. In other words, N, is the
number of days in a given month t. We construct a GARCH-MIDAS-X model where our
exogenous variable (X), is oil shocks. Like the conventional GARCH models, the GARCH-
MIDAS model has both mean and conditional variance equations, while the latter is further divided

into short and long-run components to accommodate the predictor series.

ho=p+rxh xg, &0, ~N(01), Vi=L..N, -

hy=(1-a-p)+ (‘“T )+ﬂh1t @)

log(z,)=m+ Qi@ (WI’WZ ) Xk (3)
k=1

Equation (1) is the mean equation while equations (2) and (3) are the conditional variance

components for short and long-run components, respectively. In terms of the definition of
parameters, £/ is the unconditional mean of the return series; hi’t is the short-run conditional
volatility of the high frequency (stock returns) variable. This is specified following G ARCH(L1)
process, where & and [3 are the ARCH and GARCH terms, respectively, conditioned to be
positive and/or at least zero (>0 and £$>0) and sum up to less than unity (e + B <1). The term

7, captures the long-run component of conditional volatility, and this incorporates the role of oil

shocks (denoted by X), and it involves repeating the monthly value throughout the days in that
month. Also, log(z,) is considered rather thanz,, to ensure the positivity of the long-term
volatility, and @, (V\/l,Wz) is the Beta weighting scheme:

(k/(K +))M A=k /(K +1))""

B (W, W, ) = : 4)
Z(I/(K +D)T =1/ (K +1)"™!

The weights, ¢, , are completely determined by two parametersw, and w, . It is easy to discover
that ¢ >0for k=1,...,K, and z: ¢, =1. Accordingly, a positive (negative) coefficient of X,

(0) , will imply that oil shock increases (reduces) long-term stock returns volatility (see Oloko et

al. 2022).
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S. Presentation and Discussion of Results
This section is divided into two. The first sub-section is for the main result of the analysis. This

explains the effect of different oil shocks (oil supply shock, economic activity shock, oil
consumption demand shock, and oil inventory demand shock) on the stock market volatility of
Nigeria and South Africa using the rolling window approach. The section sub-section is for
additional results conducted using the fixed window approach. This is to confirm the robustness

or sensitivity of our results to different parameter sampling techniques.

5.1 Main Results

The main results of this study is presented in Table 3. The table is divided into five (5) panels. The
first panel presents the result for GARCH-MIDAS without any pre-determined exogenous
variable. In this case, the lags of the long run volatility (eq. 3) will serve as the explanatory variable.
The 6 in this case explains the effect of past experience about market uncertainties on the long run
volatility of the respective stock markets. The second panel presents the result for GARCH-
MIDAS when oil supply shock is the exogenous variable. Thus, 8 explains the effect of oil supply
shock on the long run volatility of the respective stock markets. As economic activity shock is the
exogenous variable in the GARCH-MIDAS result presented in the third panel, 8 explains the effect
of oil economic activity shock on the long run volatility of the Nigeria and South Africa stock
markets. Panels 4 and 5 present the GARCH-MIDAS results when oil consumption demand shock
and oil inventory demand shock are the exogenous variables, respectively. Hence, 6 in panel 4
explains the effect of oil consumption demand shock on the long-run volatility of the Nigeria and
South Africa stock markets, while, 8 in panel 5 of the table explains the effect of oil inventory
demand shock on the long-run volatility of the two stock markets. Under every panel, the sum of
the ARCH () and GARCH () terms explains the degree of volatility persistence in the respective
markets. More so, u and m are the conditional mean for the returns and long-run volatility,

respectively, while w explains the role of the weighting parameters.
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Table 3: GARCH-MIDAS results for oil shocks and stock market volatility (Rolling window)

Market | U | a | B | 0 | w | m

Panel A: Market risk and stock market volatility (Baseline)

Nigeria -4.7488e-05 | 0.3510%** 0.2650%** 0.09145%** 49.3980 0.0091***
(0.0002) (0.0260) (0.0368) (0.0093) (35.984) (0.0003)

South Africa | 0.0004** 0.0805%** 0.8956%** 0.06034 1.0099 0.0107%**
(0.0002) (0.0076) (0.0103) (0.0432) (1.2435) (0.0009)

Panel B: Qil supply shocks and stock market volatility

Nigeria -0.0001 0.6760*** 0.3132%** 0.2026%*** 1511 1% 0.00301
(0.0002) (0.0415) (0.0358) (0.3190) (0.2037) (0.0046)

South Africa | 0.0004%* 0.0965%** 0.9030%*** 0.0630%*** 4.9725%** 0.0024***
(0.0002) (0.0070) (0.0071) (0.0129) (0.0138) (0.0005)

Panel C: Economic activity shocks and stock market volatility

Nigeria -0.0002 0.05027%%x* 0.90027%x* 0.0035%x* 4.9994%%% | 9.4685¢-05%**
(0.0002) (0.0035) (0.0099) (0.0009) (2.2674) (3.4985e-06)

South Africa | 0.0004%* 0.0785%*x* 0.9041 % 0.0034 4.0855 0.0001 %
(0.0002) (0.0078) (0.0094) (0.0035) (5.5041) (1.8933e-05)

Panel D: Oil consumption demand shocks and stock market volatility

Nigeria -0.0002 0.0503%** 0.9004*** -0.0018*** | 49991 *** 9.258e-05%**
(0.0002) (0.0036) (0.0103) (0.0002) | (0.9215) (3.907¢-06)

South Africa | 0.0004** 0.0830%** 0.8965%** -0.0011** 4.9978 0.0001 ***
(0.0002) (0.0082) (0.0106) (0.0006) (3.6299) (1.705e-05)

Panel E: Qil inventory demand shocks and stock market volatility

Nigeria -0.0003 0.2900%*** 0.4637*** 0.0053*** 6.3181*** 0.0001***
(0.0002) (0.0244) (0.0359) (0.0007) (1.388) (7.0517¢-06)

South Africa | 0.0004** 0.0627%** 0.9217%** 0.0014 19.6630 0.0001***
(0.0002) (0.0079) (0.0097) (0.0009) (22.5320) (1.5194e-05)

Note: Asterisks *, **, *** indicate statistical significance levels at 10%, 5% and 1% respectively. The ARCH (a)
and GARCH () terms explain volatility persistence, p and m are the conditional mean for the returns and long-run
volatility, respectively, while w explains the role of the weighting parameters.

Starting from Panel A, the ARCH (a) and GARCH () terms for Nigeria and South Africa
are positive and statistically significant, and their sum is less than 1. This implies that the stock
market volatility of the two markets is mean reverting. In other words, volatility dies out in the
two markets after some times. However, across all the panels, we observe that the sum of ARCH
(a) and GARCH (f) terms is higher for South Africa than for Nigeria. This suggests that stock
market volatility is more persistent in South Africa than Nigeria. This is consistent with our
observation under the preliminary analysis that South African stock market tends to be more
volatility than Nigerian stock market. The conditional mean for South Africa is positive and

statistically significant, while that of Nigeria is not statistically significant. This suggests that on
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the average, South Africa has higher returns than Nigeria. This is consistent with risk-return
hypothesis thus validate our observation under the preliminary analysis. More importantly, the 6
coefficient, which in this case explains the effect of past experience about market uncertainties
(market risk) on the long-run stock market volatility is positive and statistically significant for
Nigeria and insignificant for South Africa. This implies that past market uncertainties stimulate
higher long-term stock market volatility in Nigeria but not in South Africa. This may suggest that
investors’ confidence is readily restored in South Africa and it stimulates future stock market
volatility in Nigeria. This result is partly similar to that of Oloko (2018) who explained that loss
of investors’ confidence is one the factors that slowed investment in Nigeria’s stock market after
the global financial crisis.

Panel B shows the GARCH-MIDAS results for the effect of oil supply shocks on the stock
market volatility of Nigeria and South Africa. The 8 coefficient for both Nigeria and South Africa
are positive and statistically significant, although the coefficient is higher for Nigeria than for
South Africa. This implies that the oil supply shock increases stock market volatility in both
Nigeria and South Africa, but it fuels higher volatility in Nigeria than in South Africa. This result
is similar to that of Salisu and Gupta (2021) where they find that oil supply shock has positive and
significant impacts on the stock market volatility of oil-exporting (e.g. Russia) and oil-importing
(e.g. India) countries. It however contradict evidence from Enwereuzoh et al. (2021) that there is
little evidence that oil supply shock affects the stock return for oil-exporting and oil-importing
countries. Oil supply shock measures a sudden change in oil production. Hence, according to this
result, a sudden increase in global oil production will increase stock market volatility of Nigeria
and South Africa, but will stimulate higher volatility in Nigeria than in South Africa. This result
appears plausible given increase in global oil production will cause oil glut, which will crash the
prices of oil, thus increasing macroeconomic uncertainty and stock market volatility by effect. A
crash in oil prices is good news for oil-importing South Africa. As explained by studies on
asymmetric oil price shocks (see, for example, Salisu and Oloko, 2015), the market volatility due
to good news may not be expected to be as much the volatility as bad news.

Panel C presents the GARCH-MIDAS results for the effect of economic activity shock on
the stock market volatility of Nigeria and South Africa. As evident in the table, the 8 coefficients
reveal that economic activity shock is positive and statistically significant for Nigeria and

insignificant for South Africa. This result suggests that higher global demand for crude oil
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stimulates higher stock market volatility in Nigeria, but has no significant effect on the volatility
South Africa stock market. This result is supported by Enwereuzoh et al. (2021), which find that
oil demand shock does not matter in oil-importing countries, but it matters in oil-exporting
countries. A sudden increase in global economic activity implies higher oil demand which will
tend to increase crude oil price. Higher stock market volatility in Nigeria due to increase in global
economic activity may suggest that there is increase in stock market speculations. In order words,
there is unusually higher trading in the market despite the good economic condition suggested by
higher crude oil price. This may not be unrelated to market uncertainty and loss of investors’
confidence which are potentially suffered by the Nigerian stock market.

Panel D shows the GARCH-MIDAS results for the effect of oil consumption demand shock
on the stock market volatility of Nigeria and South Africa. The 6 coefficient for both Nigeria and
South Africa are negative and statistically significant, although the effect appears stronger for
Nigeria compared to South Africa. This suggests that higher oil consumption demand shock
reduces stock market volatility in Nigeria and South Africa. Oil consumption demand shock is
part of oil demand for economic activity. Naturally, it is expected to be consumed for economic
activity purposes, which will ensure smooth running of economic activity and dowse tension
(reduce volatility) in the real and financial (stock) markets. Salisu and Gupta (2021) find oil
consumption demand shock to have insignificant impact on stock market volatility of BRICS. Our
result suggests that although the effect of oil consumption demand shock may be weaker for South
Africa compared to Nigeria, the effect nonetheless, significantly reduces the stock market volatility
of both Nigeria and South Africa.

Lastly, the GARCH-MIDAS results for the effect of oil inventory demand shock on the
stock market volatility of Nigeria and South Africa are displayed in Panel E. As evident, the 6
coefficients reveal that oil inventory demand shock is positive and statistically significant for
Nigeria and insignificant for South Africa. This suggests that as oil demand for speculative or
inventory purposes increases, the volatility Nigerian stock market increases, but the volatility of
the South African stock market is not significantly affected. This result partly supports the finding
of Salisu and Gupta (2021), which stated that oil inventory demand shock has positive and
significant impacts on the stock market volatility of oil exporting countries (Russia) and oil-
importing countries (India and South Africa). However, in this study, we find positive significant

effect for oil-exporting country (Nigeria) and not for oil-importing country (South Africa). An
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increase in oil inventory demand may be expected when people believe that oil supply will fall in
the future, which will tend to stimulate higher prices. Hence, the effect of oil inventory demand
shock in this study is similar to that of the economic activity (aggregate oil demand) shock which

is also expected to stimulate higher crude oil prices.

Table 4: GARCH-MIDAS results for oil shocks and stock market volatility (Fixed window)

Market ‘ u ‘ a ‘ B ‘ 0 ‘ w ‘ m

Panel A: Market risk and stock market volatility (Baseline)

Nigeria -4.666e-05 | 0.3516%** 0.2866%** 0.0899%*** 49.0780 0.0092
(0.0002) (0.0257) (0.0341) (0.0113) (163.53) (0.0003)

South Africa 0.0004** 0.0790%*%** 0.8997%*** 0.0004 27.6030 0.0112%**
(0.0002) (0.0074) (0.0099) (4.0889) (1.465¢+06) | (0.0008)

Panel B: Oil supply shocks and stock market volatility

Nigeria -0.0002 0.3608%** 0.2770%** 0.0850%** 49.9120 0.0095%***
(0.0002) (0.0276) (0.0381) (0.0102) (44.8470) (0.0003)

South Africa 0.0004** 0.0669%*** 0.91571%** 0.1047%** 49.637 0.0103***
(0.0002) (0.0125) (0.0145) (0.0279) (72.878) (0.0009)

Panel C: Economic activity shocks and stock market volatility

Nigeria -0.0002 0.3608*** 0.2770%*** 0.0850%** 49.912 0.0095%***
(0.0002) (0.0276) (0.0381) (0.0102) (44.8470) (0.0003)

South Africa 0.0004** 0.0812%*%* 0.9016%*** 0.0186 48.94 0.0115%**
(0.0002) (0.0094) (0.0106) (0.0781) (758.75) (0.0010)

Panel D: Oil consumption demand shocks and stock market volatility

Nigeria -0.0001 0.3167*** 0.3489*** -0.0012%** 8.8805%#* 0.0001***
(0.0002) (0.02514) (0.0358) (0.0001) | (1.4829) (4.7407¢-06)

South Africa 0.0004** 0.0811*** 0.9016*** 0.01863 48.94 0.0115%**
(0.0002) (0.0094) (0.0106) (0.0781) (758.75) (0.0010)

Panel E: Oil inventory demand shocks and stock market volatility

Nigeria -0.0002 0.3608*** 0.2770%** 0.0850%*** 49.9120 0.0095%**
(0.0002) (0.0276) (0.0381) (0.0102) (44.847) (0.0003)

South Africa 0.0004** 0.0811%** 0.9016%** 0.0186 48.9400 0.0115%**
(0.0002) (0.0094) (0.0106) (0.0781) (758.75) (0.0010)

Note: Asterisks *, ** *** indicate statistical significance levels at 10%, 5% and 1% respectively. The ARCH (a)
and GARCH (B) terms explain volatility persistence, u and m are the conditional mean for the returns and long-
run volatility, respectively, while w explains the role of the weighting parameters.

5.1 Additional Results (Robustness checks)
We examine the robustness of our result by estimating our GARCH-MIDAS models using fixed

window sampling technique. The results are presented in Table 4. From the results, we observe
that the sum of the ARCH (a) and GARCH (B) terms is higher for South Africa than Nigeria
consistently across all the models, which indicates that there is higher volatility persistence in
South African stock market. Also, the constant term for the mean equation (u) is not statistically
significant for Nigeria, but is positive and statistically significant for South Africa, which suggests

that South African stock market has higher net returns than Nigerian stock market. This confirms
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validity of risk-return hypothesis observed in the main results, which indicates that our main result
is robust to alternative window sampling technique.

More so, our robustness results for 6 coefficients are consistent with the main results for
the market risk, oil supply shock, economic activity shock, and oil inventory demand shock. The
only exception is the oil consumption demand shock. In this case, while our main result reveal that
oil consumption demand shock has negative and statistically significant impact on the stock market
volatility of both Nigeria and South Africa with the effect being stronger for Nigeria being, our
robustness result confirms the effect for Nigeria but conclude that the effect is not significant for
South Africa. Table 5 present the statistics for evaluating both the models for main analysis and
robustness analysis. Decision criterion is that the best model minimizes the AIC and BIC, but
maximizes the log likelihood (LogL). Comparing the models where the results are consistent does
not matter, hence we focus on the models for oil consumption demand shock. Evidence from the
table suggests that the relationship between oil consumption demand shock and stock market
volatility for Nigeria is best explained under fixed window sample, while for South Africa is best
explained by rolling window sample. This suggests that our main result holds. Then, we may
conclude that there is potential for the relationship between oil consumption demand shock and

stock market volatility to be sensitive to the choice of alternative forecast sampling techniques.

Table 5: Model evaluation criteria

Oil shocks Stock Rolling window Fixed window
market  "AjC [ BIC LogL | AIC [ BIC LogL
Market risk (baseline) Nigeria -17992 | -17956 | 9002.11 | -17990 | -17954 | 9000.99
South Africa | -18230 | -18193 | 9120.74 | -18229 | -18193 | 9120.63
Oil supply shock Nigeria 215228 | -15193 | 7619.98 | -16637 | -16601 | 8324.24
South Africa | -16789 | -16753 | 8400.31 | -16874 | -16839 | 8443.08
Economic activity shock Nigeria -15158 | -15123 | 7585.04 | -16637 | -16601 | 8324.24
South Africa | -16023 | -15988 | 8017.62 | -16020 | -15984 | 8016.02
Oil consumption demand shock | Nigeria -15169 | -15134 | 7590.67 | -18022 | -17986 | 9017.14
South Africa | -16024 | -15988 | 8017.96 | -16020 | -15984 | 8016.02
Oil inventory demand shock Nigeria 15316 | -15281 | 7663.94 | -16637 | -16601 | 8324.24
South Africa | -14993 | -14958 | 7502.54 | -16020 | -15984 | 8016.02

Note: The decision criterion is that the best model minimizes the AIC and BIC, but maximizes the log likelihood
(LogL).

6. Conclusion

In this study, we use GARCH-MIDAS model to examine the effect of oil shocks on stock market

volatility of two competing African countries; Nigeria (an oil-exporting country) and South Africa
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(an oil-importing country). We consider four variants of oil shocks: oil supply shocks, economic
activity shocks, oil consumption shocks, and oil inventory shocks following Baumeister &
Hamilton (2019). The scope of the study is January 2010 and July 2022. The use of GARCH-
MIDAS model allows us to combine daily data for stock market returns and its volatility with
monthly data oil shocks over this period. Furthermore, it allows us to run a baseline volatility
model with no pre-determined exogenous variable. This helps in determining the effect of market
risk or past experience about the market on the stock market volatility. For robustness purposes,
we estimate the model using alternative forecast sampling techniques; the rolling window and
fixed window approaches.

The main results can be highlighted as follows. First, South Africa has higher stock returns
and higher stock market volatility persistence than Nigeria, which validates risk-returns
hypothesis. Second, past market uncertainties stimulate higher long-term stock market volatility
in Nigeria but not in South Africa. This may suggest that investors’ confidence is readily restored
in South Africa but stimulates future stock market volatility in Nigeria. Third, oil supply shock
increases stock market volatility in both Nigeria and South Africa, but it fuels higher volatility in
Nigeria than in South Africa. Fourth, economic activity shock has positive significant impact on
stock market volatility in Nigeria but insignificant impact on stock market volatility in South
Africa. This result suggests that higher global demand for crude oil stimulates higher stock market
volatility in Nigeria, but has no significant effect on the volatility South Africa stock market. Fifth,
oil consumption demand shock reduces stock market volatility in Nigeria and South Africa. Sixth,
oil inventory demand shock increases stock market volatility in Nigeria and has no significant
impact on the volatility of South African stock market.

Overall, this study shows that the stock market volatilities of Nigeria and South Africa
respond in the same way to oil supply shock and oil consumption demand shock but differently to
economic activity shock and oil inventory demand shock. Specifically, while oil supply shocks
increase stock market volatility, oil consumption demand shocks reduce stock market volatility in
both countries. On the other hand, economic activity and oil inventory demand shocks increase the
volatility of the Nigerian stock market, but have no significant impact on the volatility of the South
African stock market. Unusual increase in the volatility of Nigeria’s stock market has been
attributed to loss of investors’ confidence which takes too long time to be restored. An important

extract from these findings for investors lies in its relevance for optimal portfolio diversification
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strategies as stock volatility in the two countries under study responds differently particularly to
oil demand shock (economic activity and inventory demand shocks). In essence, our findings offer
direction with respect to the best period following oil shocks, for investors’ confidence to be
restored in the two countries, and for investment commitment to be profitable. Similarly, the
differences in volatility persistence in the countries offers an ample opportunity for policy makers
to better react to the volatility of oil prices and their attendant negative effects on stock markets
and aggregate economy.

Our results are robust to alternative forecast sampling techniques, particularly fixed and
rolling window. However, we noticed that there is potential for the relationship between oil
consumption demand shock and stock market volatility to be sensitive to the choice of alternative

forecast sampling techniques.
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