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Abstract 
This study investigates the impact of macroeconomic volatility on stock mar-
ket volatility in Bangladesh employing GARCH and ARDL cointegration 
models using monthly data from January 1991 to December 2015. The find-
ings confirm that none of the selected macroeconomic variables’ volatilities 
can significantly explain the long- and short-run stock market volatility. The 
variances of the residuals are found unstable for most of the period and the 
current volatility is more sensitive to its past values than to new surprises in-
dicating market inefficiency. Although, the reform initiatives, undertaken 
following the catastrophe of 1996, have improved the volatility condition of 
the market, but the second catastrophe of 2010 has put a question mark on it. 
The outcomes of this study are expected to help regulators and policymakers 
in assessing the degree to which the stock market may need to be reformed. 
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1. Introduction 

Most of the research has concentrated on the impact of macroeconomic va-
riables on stock market return. Considering the number of crashes in stock 
markets and their impact on households, banks, and finally on the overall 
economy has increased the interest of regulators, practitioners, and researchers 
towards the impact of macroeconomic volatility on stock market volatility. The 
Dividend Discount Model (DDM), Capital Asset Pricing Model (CAPM), and 
Arbitrage Pricing Theory (APT) predict that any shock to economy is a source 
of systematic risk and there is no way that even a well-diversified portfolio like a 
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market portfolio can shift it to anywhere else. Hence it is obvious that the shock 
to the macro economy must influence the stock market return (Chowdhury et 
al., 2006).  

Since macroeconomic variables are considered powerful factors to forecast the 
volatility of the stock market all over the globe, knowledge of the impact of ma-
croeconomic volatility on stock market volatility is crucial to investors and poli-
cymakers. Moreover, the risk-return behavior analysis of the stock market is 
more important for developing countries, like Bangladesh, because these mar-
kets are very volatile. The higher volatility of these stock markets compels the 
investors to demand higher risk premium, which creates higher cost of capital 
and slows down the economic development (Mala & Reddy, 2007).  

In this backdrop, this study has examined the impact of macroeconomic vola-
tility on stock market volatility in Bangladesh to investigate whether the stock 
market volatility can be explained by macroeconomic volatility or some other 
factors are creating the market volatility. There are five sections in this study. In 
Section 2, we have reviewed similar literature. The methodologies used in the 
study have been described in Section 3. The findings of the empirical investiga-
tions have been portrayed in Section 4. Finally, in Section 5, we have summa-
rized the findings in the conclusion.  

2. Literature Review 

One of the earliest attempts to examine the impact of macroeconomic volatilities 
on stock market return volatility has been made by Schwert (1989). His study 
found a positive linkage between macroeconomic volatility and stock market 
volatility, with the direction of causality being stronger from the stock market 
volatility to the macroeconomic volatility. He showed that the evidence of stock 
market uncertainty being higher during recessions than expansions when ma-
croeconomic volatility could explain about half of the stock market volatility. 

Liljeblom & Stenius (1997) examined the relationship between conditional 
stock market volatility and macroeconomic volatility using monthly data of 
Finland for the period from 1920 to 1991. Conditional monthly volatility was 
obtained from the Generalized Autoregressive Conditional Heteroskedasticity 
(GARCH) estimations. The results of the study indicated that the stock market 
conditional volatility was a predictor of macroeconomic volatility, as well as the 
converse. Tests of the joint and simultaneous explanatory power of the macroe-
conomic volatilities indicated that one-sixth to more than two-thirds of stock 
market conditional volatility was related to macroeconomic volatility.  

Morelli (2002) examined the relationship between conditional stock market 
volatility and conditional macroeconomic volatility using UK data for the period 
from January 1967 to December 1995. Conditional volatilities were estimated 
using the well-known Autoregressive Conditional Heteroscedasticity (ARCH) 
and Generalized ARCH (GARCH) models. The macroeconomic variables used 
were industrial production, real retail sales, money supply, inflation, and ex-
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change rate. The study confirmed that conditional macroeconomic volatilities 
did not explain the conditional stock market volatility. 

Chowdhury et al. (2006) examined how the macroeconomic risk associated 
with industrial production, inflation, and exchange rate was reflected to the 
stock market return in the context of Bangladesh capital market. They used 
monthly data for the period from January 1990 to December 2004. They used 
GARCH model to find predicted volatility series for the variables considered in 
the study. Finally, Vector Autoregression (VAR) was employed to investigate the 
relation between the variables. The results showed significant unidirectional 
causality running from industrial production volatility to stock market volatility 
and from stock market volatility to inflation volatility, the latter being consistent 
with the theory. They concluded that there was relation between stock market 
volatility and macroeconomic volatility, but it was not as strong as suggested by 
standard finance theory. They recommended for further study.  

Chinzara (2010) examined how the time-varying macroeconomic risk asso-
ciated with industrial production, inflation and exchange rates were related to 
time-varying volatility in the South African Stock Market. The study focused on 
both aggregate stock market indices and sectorial indices to investigate whether 
the response to macroeconomic volatility varied across sectors. The study also 
distinguished between the different stages of the economy, i.e. times of tranquil-
ity and times of crisis. He used Augmented Autoregressive GARCH (AR-GARCH) 
and Vector Autoregression models. The findings showed that although the vola-
tilities in inflation, gold price and oil price played a role, however, volatility in 
short-term interest rates and exchange rates were most important. The results 
also revealed that the financial crises had increased the volatility in the stock 
market.  

Adeniji (2015) examined the relationship between stock market and macroe-
conomic volatility in a developing country, Nigeria. The study used cointegra-
tion, bivariate and multivariate VAR, Granger causality tests as well as regres-
sion analysis. The cointegration test confirmed a long-run relationship among 
the volatilities of the variables. The results of GARCH model showed that three 
out of the five macroeconomic variables chosen had significant impact on stock 
market volatility. The results also confirmed that stock market volatility was in-
fluenced by its own past volatilities as well as the new innovations. The results 
indicated that the volatility in GDP, inflation and money supply did not Gran-
ger-cause stock market volatility, but the volatility in interest rate and exchange 
rate Granger-caused stock market return volatility. The low explanatory power 
of the regression analysis was explained mentioning that this finding was ad-
missible in the case of developing countries with the supremacy of non-institu- 
tional investors and the existence of information asymmetry problem among 
investors. 

The risk return behavior analysis of stock market has become essential for 
Bangladesh considering two irrational fluctuations of Dhaka Stock Exchange 
(DSE) within one and a half decades, one in 1996 and other in 2010, which has 
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created a severe impact on our socio-economic life. Furthermore, following the 
crash of 1996, several capital market development programs and automation in-
itiatives of DSE have been undertaken to develop an efficient domestic capital 
market. In this perspective, it is also very important to examine whether these 
initiatives have improved the efficiency of the market. However, the comprehen-
sive review of literatures has indicated that no such study has been made. Fur-
thermore, a very few studies have used Autoregressive Distributed Lags (ARDL) 
approach, which is the most sophisticated cointegration technique, to examine 
the relationship between stock market volatility and macroeconomic volatility. 
This study has contributed a lot to fill up these gaps. 

3. Methodology 

The econometric models used for the estimation of conditional variances of the 
research variables and to examine the long- and short-term relationship between 
the conditional variances of stock market return and that of macroeconomic va-
riables have been outlined in this section. 

3.1. Sample Data 

The stock market in Bangladesh and its economy has been going through nu-
merous liberalization and deregulation processes since 1991. As a result, stock 
market capitalization, trading volume and the market index have shown phe-
nomenal growth during this period. The market capitalization of Dhaka Stock 
Exchange (DSE) to GDP has increased from 0.94% in June 1991 to about 30.95% 
in June 2009 (Wahab & Faruq, 2012). Also, the size of the economy has in-
creased significantly. In this context, monthly data of DSE General Index, indus-
trial production index, interest rate, inflation, exchange rate, money supply and 
gold price for the period from January 1991 to December 2015 i.e. 25 years data 
have been considered in this study. Data for longer period has been collected to 
capture long-term movements and to avoid the effects of settlement and clearing 
delays (Faff el al., 2005; Liow et al., 2006). Later, data on stock market index are 
converted into continuously compounded returns by logarithmic transforma-
tion. The same logarithmic transformation is applied to the selected macroeco-
nomic variables to capture the growth of the macroeconomic variables. The 
conditional volatilities of the variables are estimated using best fitted GARCH 
model. The research variables along with the descriptive statistics are presented 
in Appendix A.  

3.2. Pre-Tests for Econometric Models 

The first pre-condition for the volatility estimation is to check the stationarity of 
the first differences of the research variables. Given the relatively low power of 
unit root tests, multiple unit root tests have been applied to examine the statio-
narity and order of integration of each variables. For this purpose, the well- 
known Augmented Dickey Fuller (ADF), non-parametric Phillips-Perron (PP) 

https://doi.org/10.4236/jfrm.2023.123013


Md. R. Matin 
 

 

DOI: 10.4236/jfrm.2023.123013 242 Journal of Financial Risk Management 
 

tests and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test have been used. First, 
the ADF and KPSS tests are applied and if these two tests provide diverse results 
for any variable, then the PP unit root test has been used for final decision.  

The second pre-condition for the volatility estimation is to examine the pres-
ence of autocorrelation and heteroscedasticity in the residuals of the ordinary 
least squares estimation. The Breusch-Godfrey Serial Correlation LM test and 
Autoregressive Conditional Heteroscedasticity (ARCH) test have been used for 
this purpose. 

3.3. Autoregressive Conditional Heteroskedasticity (ARCH) Model 

The Autoregressive Conditional Heteroskedasticity (ARCH) Model allows the 
conditional variance to vary with time and implies that present variance relies on 
the preceding squared error terms. The basic ARCH(q) model has two equa-
tions, the mean equation and the conditional variance equation. Both equations 
must be estimated simultaneously as the variance is a function of the mean. The 
presence of ARCH means the normal distribution is not always the best ap-
proximation. The mean and variance equations of an ARCH(q) process can be 
given as follows: 

Mean equation: 0 1t i t i ti
qY Y −=

= π + π + ε∑  where ( )2~ 0,t tiidε σ      (1) 

Variance equation: 2 2
0 1t j tj

q
j−=

σ = γ + γ ε∑                        (2) 

In Equation (1) and Equation (2), Yt−i is a set of regressors, and πi and γj are 
coefficients and εt is independently distributed residual terms. One shortcoming 
of the ARCH model is that it resembles extra moving average pattern than auto-
regression. Later, Bollerslev (1986) has generalized the ARCH model which is 
known as GARCH model.  

3.4. Generalized ARCH (GARCH) Model 

The GARCH model is the workhorse of financial applications can be used to ex-
plain the volatility dynamics of almost every financial series (Engle, 2004). The 
appeal of this model is its ability to capture both volatility clustering and uncon-
ditional return distribution with heavy tails. GARCH model considers condi-
tional variance to depend on both autoregressive (AR) and moving average 
(MA) terms. The GARCH(p, q) in the simplest form can be written as: 

Mean equation: 0 1t i t i ti
kY Y −=

= λ + λ + ε∑  where ( )2~ 0,t tNε σ      (3) 

Variance equation: 2 2 2
1 1

q
t i t i j

p
t ji j− −= =

σ = ω+ α ε + β σ∑ ∑             (4) 

Equation (3) is an autoregressive process of order k, AR(k). Parameter λ0 is 
the constant, k is the lag length, εt is the heteroskedastic error terms with its 
conditional variance given in Equation (4). In the conditional variance equation 
q is the number of ARCH terms, and p is the number of GARCH terms. How-
ever, the GARCH model has some weaknesses, the main one is that it does not 
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capture asymmetry, which normally characterizes stock markets (Chinzara, 2010). 
With this implication, the Exponential GARCH(EGARCH) proposed by Nelson 
(1991) is the first asymmetric GARCH model. 

3.5. Exponential GARCH (EGARCH) Model 

The mean equation of EGARCH model is same as the mean equation of GARCH 
model. However, the variance equation of EGARCH model is expressed in loga-
rithmic term. This model is superior to GARCH model because it ignores the 
non-negativity constraint and it doesn’t impose any constraint on the parame-
ters. The variance equation of EGARCH model can be written as: 

Variance equation: 2 2
1 1 1ln lnt i t i

t i j j t ji i j
t i t i

q q p− −
−= = =

− −

ε ε
σ = ω+ α + γ + β σ

σ σ∑ ∑ ∑   (5) 

In the variance equation α, γ and β are the parameters of the variance. On the 
left side of Equation (5) natural logarithm of series is taken to compose expo-
nential leverage effect. The model is symmetric, if 1 2 0qγ = γ = = γ = , mean-
ing that there is no leverage effect. However, γj < 0 indicates more impact of 
negative news on next period’s volatility than positive news, which indicates le-
verage effect, while γj > 0 represents the other way around. The second asymme-
tric GARCH model is the Threshold GARCH (TARCH) model proposed by Za-
koian (1994). 

3.6. Threshold GARCH (TGARCH) Model 

The threshold GARCH (TGARCH) studied by Glosten et al. (1993), is simply a 
re-specification of the GARCH(1,1) model with an additional term in the condi-
tional variance equation to account for asymmetry. The mean equation of 
TGARCH model is same as GARCH(1,1) model. However, the variance equa-
tion can be written as follows: 

2 2 2 2
1 1 1 1 1 1t t t t tD− − − −σ = ω+ α ε + γ ε +β σ                  (6) 

where Dt−1 is the indicator function having the following values: 

1
1

1

1, 0
0, 0

t
t

t

D −
−

−

ε <
=  ε ≥

 

In Equation (6), γ is known as the asymmetry or leverage parameter. For good 
news ( 1 0t−ε > ) and for bad news ( 1 0t−ε < ). So, the good or bad news have dif-
ferential effect on conditional variance. While good news has an impact of 1α , 
bad news has an impact of 1α + γ . Thus, if γ is significant and positive, then 
negative shocks have a larger effect on 2

tσ  than the positive shocks, while the 
other way around if γ is significant and negative. 

The selection of the best fitted GARCH model for modeling volatility is an 
important issue. This study has used the Akaike Information Criterion (AIC) 
and Schwarz Information Criterion (SIC) as a goodness-of-fit tests to rank the 
different GARCH models to choose the best fitted GARCH model. Then the 
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cointegration relationship between conditional volatility of the stock market re-
turn and that of the selected macroeconomic variables has been examined using 
Autoregressive Distributed Lags (ARDL) cointegration approach.  

3.7. Autoregressive Distributed Lag (ARDL) Cointegration  
Approach 

Pesaran et al. (2001) have developed a new approach to cointegration testing 
which is applicable irrespective of whether the regressors are I(0), I(1) or mu-
tually cointegrated. The ARDL model considers a one-period lagged error cor-
rection term, which does not have restricted error corrections. Hence, the ARDL 
approach involves estimating the following Unrestricted Error Correction Model 
(UECM): 

0 1 1 2 11 1t Y iY t i iY t i Y t Y t ii
k
i

k
tY a b Y c X Y X− − − −= =

∆ = + ∆ + ∆ + θ + θ + ε∑ ∑  

0 1 1 2 21 1t X iX t i iX t i X t X t ii
k
i

k
tX a b X c Y X Y− − − −= =

∆ = + ∆ + ∆ + ω +ω + ε∑ ∑  

where Δ is the differenced operator, k represents the lag structure, Yt and Xt are 
the underlying variables, and ε1t and ε2t are serially independent random errors 
with mean zero and finite covariance matrix. In the 1st UECM equation, where 
ΔYt is the dependent variable, the null and the alternative hypotheses are:  

0 1 2: 0Y YH θ = θ =  [there exists no long-run equilibrium relationship].  

0 1 2: 0, 0Y YH θ ≠ θ ≠  [there exists long-run equilibrium relationship]. 
Similarly, for the 2nd equation, where ΔXt is the dependent variable, the null 

and alternate hypotheses are:  

0 1 2: 0X XH ω = ω =  [there exists no long-run equilibrium relationship].  

0 1 2: 0, 0X XH ω ≠ ω ≠  [there exists long-run equilibrium relationship]. 
These hypotheses are tested using the F-test or t-test. These tests have non- 

standard distributions that depend on the sample size, the inclusion of intercept 
and trend variable in the equation, and the number of regressors. F-test has been 
used in this study. Pesaran et al. (2001) have discussed five cases with different 
restrictions on the trends and intercepts and the test statistics are compared to 
two asymptotic critical values rather than the conventional critical values. If the 
test statistic is above an upper critical value, the null hypothesis of ‘no long-run 
relationship’ can be rejected regardless of the orders of integration of the under-
lying variables. The opposite is the case if the test statistic falls below a lower 
critical value. If the sample test statistic falls between these two bounds, the re-
sult is inconclusive. ARDL crashes if any of the time series is integrated of order 
2. So, it is important to know the order of integration of the variables under con-
sideration. The Augmented Dickey-Fuller (ADF) and the Phillips and Perron 
(PP) unit root tests have been applied to check the stationarity and order of in-
tegration of the variables.  

4. Findings of the Study 

The results of ADF and KPSS tests (see Appendix B.1) reveal that all the series 
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have unit root at level indicating that the series are nonstationary at level. The 
ADF test results show that except LM2 other series are stationary at first differ-
ence and LM2 is stationary at second difference. On the other hand, KPSS test 
results show that LCPI is stationary at first difference with trend and intercept 
but has unit roots with intercept, while LGDPRICE is stationary with intercept 
but has unit roots with trend and intercept. Nevertheless, both ADF and KPSS 
tests confirm that LCPI has significant trend and LGDPRICE has insignificant 
trend at first difference. These results reveal that both the series are stationary at 
first difference, meaning both ADF and KPSS tests confirm that except LM2 all 
variables are I(1). To resolve the diverse results related to LM2, PP unit root tests 
have been applied on LM2, the test results (see Appendix B.2) indicate that LM2 
has unit root at level and stationary at first difference, meaning that the series is 
I(1). Thus, finally, we conclude that all the research variables are nonstationary 
at level and stationary at first difference, meaning that series are I(1).  

Later, the residuals are tested for autocorrelation and heteroskedasticity using 
Breusch-Godfrey Serial Correlation LM Test and Autoregressive Conditional 
Heteroscedasticity (ARCH) Test respectively. The results of these tests indicate 
that the residuals are serially correlated and heteroskedastic. The plot of resi-
duals (see Figure 1) also confirms volatility clustering of the residuals, meaning 
that the variance appears to be high during some periods and low in other pe-
riods. These results reveal that the nonlinear GARCH model to be applied for 
the estimation of the mean and variance equations. From the GARCH family 
model, the best fitted one has been chosen based on the lowest values of Akaike 
Information Criterion (AIC), Schwarz Information Criterion (SIC) and Log- 
likelihood test. The results (see Appendix C.1) have indicated that EGARCH(1,1,1) 
is the best model for our purpose. So, this model is used to estimate the mean 
and variance equations. 
 

 

Figure 1. Residuals of ordinary least squares estimation. 

https://doi.org/10.4236/jfrm.2023.123013


Md. R. Matin 
 

 

DOI: 10.4236/jfrm.2023.123013 246 Journal of Financial Risk Management 
 

The mean and variance equations are estimated with stock market return as 
dependent variable and growth of the macroeconomic variables as independent 
variables. The results of the model are shown in (see Appendix C.2). Several 
points can be noted from the results of EGARCH model. Firstly, the mean equa-
tion shows that growth of consumer price index (DLCPI), growth of money 
supply (DLM2) and growth of gold price (DLGDPRICE) are positively related to 
stock market return at 1 percent, 1 percent, and 10 percent significant level re-
spectively. But the growth of exchange rate (DLEXR) is negatively related to 
stock market return at 5 percent significant level. On the other hand, growth of 
industrial production (DLIPI) and interest rate (DLINT) are not statistically sig-
nificant in explaining stock market return. The results confirm that most of the 
macroeconomic variables can significantly explain stock market return. 

Secondly, the conditional variance equation reveals the following facts: 
 The ARCH term (α), and the GARCH term (β) are significant at 1 percent 

significant level, meaning that the conditional variance of the stock market 
return depends on both autoregressive (AR) and moving average (MA) 
terms; 

 The estimated β is considerably higher than the α, which reveals that the 
stock market volatility is more sensitive to its lagged values than to new sur-
prises; 

 The sum of α and β is 0.9253 indicating that a shock persists for many future 
periods; 

 The coefficient γ ≠ 0 and is significant at 1 percent level, which confirms the 
presence of asymmetric effect of good and bad news on the stock market vo-
latility; 

 The coefficient γ is positive, which discloses that the positive shock, created 
by good news, implies a higher next period conditional variance in the stock 
market return compared to the negative shock of same magnitude created by 
the bad news. 

Finally, the ARCH-LM test results show that the null hypothesis of “no ARCH 
effect” can’t be rejected at 5 percent significant level indicating that the mean 
and variance equations are well specified.  

4.1. Estimation of Conditional Variances of Research Variables 

To estimate the conditional variance of each variable, two sets of univariate 
models are used. In the first model, three univariate GARCH models; namely 
GARCH(1,1), EGARCH(1,1,1) and TGARCH(1,1,1), are applied with constant 
only in the mean equation. In the second model, the mean equation includes a 
constant and a autoregressive term of order 1, AR(1), of the same variable. The 
best fitted model for estimation of the conditional volatility of each variable is 
chosen based on the Akaike Information Criterion (AIC) and the following con-
ditions: 
 If asymmetry coefficient (γ) is found significant, then the GARCH model is 

not considered because GARCH does not capture the asymmetry in the va-
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riable; 
 If (α + β) > 1, then the series becomes explosive. An explosive series cannot 

be considered in the estimation process, so the model is excluded from the 
choice; 

 The presence of heteroskedasticity in the residuals means the model is not 
well specified. So, if the residuals for a model shows heteroskedasticity, then 
that model is excluded from the choice. ARCH Lagrange Multiplier Test is 
used to examine the presence of heteroskedasticity in the residuals. 

Based on the test results (see Appendix D), following models are selected for 
estimation of different variables, TGARCH for the stock market return; AR- 
GARCH for the growth of both industrial production index and inflation rate; 
AR-TGARCH for growth in both interest rate and money supply; AR-EGARCH 
for growth of exchange rate; EGARCH for growth of gold price. Then the 
EVIEWS software is used to estimate the conditional variances. Finally, the 
cointegration relationships between conditional volatility of the stock market 
return and that of the selected macroeconomic variables have been examined 
using Autoregressive Distributed Lags (ARDL) cointegration approach. 

4.2. Cointegration Test Results 

For cointegration test, the order of integration of the variables are checked using 
ADF and PP unit root tests. Before that, the stability of VAR of the variables are 
checked under two conditions; with trend and intercept, and with intercept only. 
If VAR is found stable, then the optimal lag length is determined. These lag 
lengths (see Appendix E.1) are used in the unit root tests. The results of the ADF 
and PP unit root tests (see Appendix E.2) reveal that none of the conditional va-
riances is I(2). 

The results reveal that the dependent variable has 1 lag, while among the in-
dependent variables, the growth of money supply has the highest 7 lags. So, 1 lag 
is set for dependent variable and 7 lags for regressors and has allowed the 
EVIEWS software to choose the optimal lag length for each of the variables 
within the set limits. Later, the log-likelihood ratio test for the joint hypothesis of 
unit root and deterministic linear trend is used to identify the trend specification 
of the variables. The results of the log-likelihood ratio test (see Appendix F) 
show that none of the variables has trend. So, in ARDL test, constant is included 
in the cointegration equation.  

The results of ARDL specification along with the Pesaran Bounds Test (see 
Appendix G.1) indicate that the null hypothesis of “no long-run relationships 
exist” is rejected and the alternative hypothesis “there exists long-run relation-
ship” is accepted at 1 percent significant level, which means there exists a long- 
run relationship between the conditional variances of stock market and six ma-
croeconomic variables. The R2 value indicates that only 14.89 percent of the 
stock market volatility can be explained by the volatilities of the selected ma-
croeconomic variables. The remaining 85.11 percent can be explained by the 
factors which have not been considered in the research. The F value is significant 
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at 1% level, meaning that the regression coefficients are significant. The Durbin 
Watson statistic indicates that the residuals are uncorrelated.  

As there exists a cointegration relationship, the cointegrating form and long- 
run relationship are examined. The results (see Appendix G.2) show that the 
conditional variances of growth of industrial production, consumer price index 
and exchange rate are positively related and that of interest rate, money supply 
and gold price are negatively related to the conditional volatility of the stock 
market return. But none of the coefficients is found statistically significant, 
which confirms that none of the selected macroeconomic volatilities can signifi-
cantly explain the volatility of stock market in the long-run. Also, the short-run 
relationship show that all the independent variables have zero lag meaning that 
there is no short-run relationship between the variance of stock market and that 
of macroeconomic variables. However, the results of Error Correction Model 
(ECM) show that the error correction coefficient is significant and has the cor-
rect sign and approximately 29.11 percent of the short-run disequilibria is ad-
justed per month to bring about long-run equilibrium.  

4.3. Viability and Stability Check of the Model  

The results (see Appendix G) of Breusch-Godfrey Serial Correlation LM test, 
Breusch-Pagan-Godfrey test and Jarque-Bera statistic have indicated that the re-
siduals are not serially correlated, heteroskedastic and not normally distributed 
meaning that the model is not a good fit model. Furthermore, the plot of 
CUSUM control chart (see Figure 2) has showed that the slope parameters are 
unstable around 1996 and the CUSUMSQ chart (see Figure 3) shows that the 
variances of the residuals are unstable for most of the period. So, the results in-
dicate that the coefficients are not stable over most of the period, meaning that 
the relationship is not stable over the period. 

The above results indicate that the cointegration model over the total sample 
period (from January 1991 to December 2015) is not a good fit model and the  
 

 

Figure 2. Cumulative Sum (CUSUM) control chart. 
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Figure 3. Cumulative Sum of Squares (CUSUMSQ) control chart. 
 
coefficients are not stable. In addition, relationships in the long- and short-run 
between stock market volatility and that of growth of macroeconomic volatilities 
is not statistically significant. These results may be due to the catastrophes of 
1996 and 2010. However, findings also indicate that the catastrophe of 1996 is 
much more prominent than that of 2010, which has motivated us to check the 
volatility conditions of the stock market in between the catastrophes using data 
from January 2000 to December 2009. This period is named as the recovery pe-
riod, because following the catastrophe of 1996, the Capital Market Develop-
ment Program (CMDP) was undertaken to develop a fair, transparent, and effi-
cient domestic capital market. Alongside, Dhaka Stock Exchange (DSE) started 
its journey of automation in 1998 and yet is striving for continuous upgradation 
of its trading platform to transform it into a modern world class exchange. 

4.4. Volatility Modeling for the Recovery Period 

To modeling volatility of the recovery period, the pre-test of the estimation 
process is carried out to check the stationarity of the variables. The first differ-
ence of the research variables in the recovery period are found stationary. Fur-
thermore, the research variables are fitted into the Ordinary Least Squares (OLS) 
with the stock market return as dependent variable and the growth of macroe-
conomic variables as independent variables (see Appendix H). Then the resi-
duals of the OLS are checked for autocorrelation and heteroskedasticity using 
Breusch-Godfrey Serial Correlation LM and Autoregressive Conditional Hete-
roscedasticity (ARCH) Tests respectively. The results of these tests show that the 
residuals are not serially correlated and not heteroskedastic at 5 percent signi-
ficance level (see Appendix I). The results reveal that the GARCH model cannot 
be applied for estimation for this period because the GARCH can only be ap-
plied when the residuals are serially correlated and heteroskedastic. The plot of 
residuals (see Figure 4) also depicts that there is no volatility clustering during 
the period. 

https://doi.org/10.4236/jfrm.2023.123013


Md. R. Matin 
 

 

DOI: 10.4236/jfrm.2023.123013 250 Journal of Financial Risk Management 
 

 

Figure 4. Residuals of ordinary least squares estimation for the recover period. 

5. Conclusion 

The mean equation of the EGARCH model has indicated that out of six ma-
croeconomic indices only inflation, exchange rate and money supply can signif-
icantly explain the stock market return. Alongside, the variance equation has 
shown the presence of asymmetric effect of good and bad news on the stock 
market conditional volatility. The stock market return in Bangladesh does not 
have any leverage effect and the current market volatility is more sensitive to its 
past volatilities than to new surprises indicating the inefficiency of the market.  

The residuals of Ordinary Least Squares (OLS) for the total sample period 
have shown serial correlation and heteroskedasticity, but for recovery period re-
siduals are not serially correlated and homoscedastic. Also, the volatility cluster-
ing is observed in the total sample period, which is not found in the recovery pe-
riod. This indicates that the reform initiatives taken after the catastrophe of 1996 
has improved the volatility condition of the market. The results of cointegration 
test for the total sample period have confirmed that there exists a long-run coin-
tegration relationship between the stock market volatility and the volatilities of 
the selected macroeconomic variables. However, none of the macroeconomic 
volatilities can significantly explain the stock market volatility. Also the cointe-
gration results are not statistically viable and the coefficients are unstable over 
most of the period. Alongside, only a small percentage of stock market volatility 
can be explained by the selected macroeconomic variables’ volatilities indicating 
that the stock market volatility has been mostly driven by other factors, which 
have not been considered in this research.  

These results are admissible for any market in developing countries like Ban-
gladesh with the supremacy of non-institutional investors and the existence of 
information asymmetry problem among investors. These stock markets are par-
tially driven by fad and fashions which are not related to the economic condi-
tions. Alongside, the reforms measures, following the catastrophe of 1996, have 
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improved the volatility condition of the stock market but the catastrophe of 2010 
has put a question mark on it. So, the future research can investigate the volatil-
ity situation of the market considering the catastrophe of 2010. Finally, we ex-
pect that the outcomes of this study are expected to help regulators and policy 
makers in formulating different policies for ensuring and creating smooth trad-
ing and investment atmosphere, controlling market strategies and assessing the 
degree to which the stock market may need to be reformed.  
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Appendix A 
A.1. Definition of Research Variables 
 

Symbol Variable Measurement 

DLDSEGEN Monthly Stock Market Returns 

First difference of natural 
logarithm of normalized month 
end Dhaka Stock Exchange 
General Index. 

DLIPI 
Monthly Growth of Industrial 
Production Index 

First difference of natural 
logarithm of normalized monthly 
industrial production index. 

DLINT 
Monthly Growth of Interest 
Rate 

First difference of natural 
logarithm of 1 plus month end 
deposit interest rate in percent. 

DLCPI 
Monthly Growth of Consumer 
Price Index 

First difference of natural 
logarithm of normalized month 
end consumer price index. 

DLEXR 
Monthly Growth of Exchange 
Rate 

First difference of natural 
logarithm of normalized month 
end price of US dollar 
in Bangladeshi taka. 

DLM2 
Monthly Growth of Money 
Supply 

First difference of natural 
logarithm of normalized month 
end broad money 
supply (M2). 

DLGDPRICE Monthly Growth of Gold Price 
First difference of natural 
logarithm of normalized month 
end gold price in Bangladesh. 

VDLDSEGEN 
Variance of Stock Market 
Return 

Conditional Variance of Monthly 
Stock Market Return. 

VDLIPI 
Variance of growth of 
Industrial Production Index 

Conditional Variance of Growth 
of Industrial Production Index. 

VDLINT 
Variance of growth of Interest 
Rate 

Conditional Variance of Growth 
of Interest Rate. 

VDLCPI 
Variance of growth of 
Consumer Price Index 

Conditional Variance of Growth 
of Consumer Price Index. 

VDLEXR 
Variance of growth of Exchange 
Rate 

Conditional Variance of Growth 
of Exchange Rate. 

DLM2 
Variance of growth of Money 
Supply 

Conditional Variance of Growth 
of Money Supply. 

VDLGDPRICE 
Variance of growth of Gold 
Price 

Conditional Variance of Growth 
of Gold Price. 
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A.2. Descriptive Statistics of the Research Variables 
 

 LDSEGEN LIPI LINT LCPI LEXR LM2 LGDPRICE 

Observations 300 300 300 300 300 300 300 

Mean 6.071 5.492 0.079 5.223 5.063 6.308 5.353 

Median 5.908 5.402 0.077 5.121 5.088 6.217 4.964 

Maximum 7.804 6.622 0.115 6.047 5.465 8.212 7.004 

Minimum 4.443 4.410 0.050 4.605 4.605 4.605 4.503 

Std. Dev. 0.890 0.544 0.017 0.427 0.258 1.069 0.861 

Skewness 0.096 0.204 0.534 0.376 −0.238 0.192 0.653 

Kurtosis 1.924 2.011 2.618 1.909 1.638 1.797 1.798 

Jarque-Bera 14.919 14.311 16.093 21.942 26.024 19.941 39.362 

Probability 0.001 0.001 0.000 0.000 0.000 0.000 0.000 

Appendix B 
B.1. Results of ADF and KPSS Unit Root Tests 
 

Panel A: Data at Level 

Variables 
ADF Unit Roots Test KPSS Unit Roots Test 

Trend and Intercept Intercept Trend and Intercept Intercept 

LDSEGEN −2.263817 −1.262698 0.716817*  

LIPI −2.488473 0.044380 0.704326*  

LINT −2.483544 −2.827551 0.412625*  

LCPI −1.427023 VAR is Unstable 0.644902*  

LEXR −1.133125 −1.520495 1.967746*  

LM2 −2.095373 VAR is Unstable 0.533282*  

LGDPRICE −1.794687 VAR is Unstable 1.104973*  

Panel B: Data at First Difference 

LDSEGEN −10.92199*  0.065762 0.068174 

LIPI −10.73396*  0.023075 0.069558 

LINT −7.228364*  0.106635 0.173518 

LCPI −3.659916*  0.065971 0.781329* 

LEXR −16.24530*  0.079713 0.266188 

LM2 −2.557102 −2.409351 0.109546 0.109546 

LGDPRICE −7.275343*  0.209403* 0.410658 

Panel C: Data at Second Difference 

LM2 −9.670536*    

Notes: * denotes that coefficient is significant at 5% level. 
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B.2. Results of Phillips-Perron Unit Root Tests for Money Supply  
(LM2) 

 

Variables 
Data at Level Data at 1st Difference 

Trend and Intercept Intercept Trend and Intercept Intercept 

LM2 −1.645240 VAR is Unstable −26.95416*  

Notes: Critical values at 5% level for PP test with trend and intercept is −3.424977 and 
with intercept is −2.871029. * denotes that coefficient is significant at 5% level. 

Appendix C 
C.1. Test Statistics for Selection of Best Fitted GARCH Model 
 

Model AIC Value SIC Value Loglikelihood Value 

GARCH(1,1) −2.195368 −2.071607 338.2075 

EGARCH(1,1,1) −2.258027 −2.121891 348.5751 

TGARCH(1,1,1) −2.194906 −2.058770 339.1385 

C.2. Results of EGARCH(1,1,1) Model 
 

Mean Equation 

Variables Coefficient Std. Error z-Statistic Probability 

DLIPI −0.0369 0.0603 −0.6128 0.5400 

DLINT −0.2606 1.1484 −0.2269 0.8205 

DLCPI 1.1277* 0.3442 3.2758 0.0011 

DLEXR −0.7049* 0.3249 −2.1696 0.0300 

DLM2 1.4038* 0.2299 6.1049 0.0000 

DLGDPRICE 0.1014** 0.0596 1.7021 0.0887 

Constant −0.0077** 0.0043 −1.7931 0.0730 

Variance Equation 

ω (Constant) 1.82E−05 0.0137 0.0013 0.9989 

α (ARCH effect) −0.0665* 0.0131 −5.0913 0.0000 

γ (asymmetry effect) 0.1513* 0.0171 8.8658 0.0000 

β (GARCH effect) 0.9889* 0.0000 26729.38 0.0000 

α + β 0.9224    

Diagnostic Test 

Heteroskedasticity Test: ARCH LM Test 

F Statistics 0.202596 Probability of F Statistics 0.6530 

Prob. Chi-squared 0.6751 

Notes: * and ** denote the significance of the coefficients at 5% and 10% level respective-
ly. 
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Appendix D 

Model Selection for Estimation of Conditional Variances 
 

 DLDSEGEN DLIPI DLINT DLCPI DLEXR DLM2 DLGDPRICE 

GARCH(1,1) 

ω 0.002** 0.003 6.3E−07** 1.51E−06* 2.9E−06** 

Coefficients 
are not 
unique 

0.0003** 

α 0.3104** 0.0429 0.2012** 0.0502** 0.2454** 0.4612** 

β 0.4248** 0.3352 0.7719** 0.9312** 0.8095** 0.5287** 

α + β 0.7352 0.3781 0.9731 0.9814 1.0550 0.9899 

ARCH LM No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH 

AIC −2.1899 −2.438 −9.0269 −6.5454 −6.6595 −3.7305 

AR(1)-GARCH(1,1) 

ω 0.0021** 0.0011 6.7E−07** 1.4E−06** 2.7E−06** 0.0001 0.0003** 

α 0.2789** −0.003 0.2237** 0.0487** 0.2618** −0.0398 0.4586** 

β 0.4454** 0.7696 0.7494** 0.9311** 0.8020** 0.4710 0.5301** 

α + β 0.7243 0.7664 0.9731 0.9798 1.0638 0.4313 0.9887 

ARCH LM No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH 

AIC −2.1865 −2.4532 −9.0427 −6.6278 −6.6743 −5.6156 −3.7185 

EGARCH(1,1,1) 

ω −1.173** −5.705 −13.346** −0.3102** −0.636** −10.7** −7.993** 

α 0.3549** 0.0324 1.0118** 0.1009** −0.0543** −0.0414 −0.1053 

γ 0.1147** 0.0456 0.8235** 0.0864** 0.3544** 0.3646* 0.3680** 

β 0.8178** −0.0714 −0.0766* 0.9757** 0.9416** −0.2720 −0.277** 

α + β 1.1727 −0.0390 0.9352 1.0765 0.8873 −0.3134 −0.3826 

ARCH LM No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH 

AIC −2.1903 −2.4293 −8.8202 −6.5727 −6.9097 −5.5854 −3.4264 

AR(1)-EGARCH(1,1,1) 

ω −1.479** −10.2** −12.703** −0.296** −0.5684** 

Coefficients 
are not 
unique 

−7.911** 

α 0.4250** −0.1355 1.0516** 0.0953** −0.1006** −0.1095 

γ 0.0901* −0.0181 0.7774** 0.1023** 0.4543** 0.3756** 

β 0.767** −0.94** −0.0215 0.9767** 0.9493** −0.265** 

α + β 1.1916 −1.0720 1.0301 1.0720 0.8487 −0.3749 

ARCH LM No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH 

AIC −2.1813 −2.4657 −8.8184 −6.6561 −6.9360 −3.4168 

https://doi.org/10.4236/jfrm.2023.123013


Md. R. Matin 
 

 

DOI: 10.4236/jfrm.2023.123013 257 Journal of Financial Risk Management 
 

Continued 

TGARCH(1,1,1) 

ω 0.0017** 0.00193 6.6E−07** 1.0E−06** 1.0E−06** 0.000** 0.0013** 

α 0.3243** 0.0056 0.1790** 0.1069** 0.3148** 0.2854 0.1500 

γ −0.1642* 0.0588 0.0432 −0.1152** −0.5961** −0.3716 −0.284** 

β 0.5384 0.5783 0.7694** 0.9383** 0.8667** −0.0950 0.6000** 

α + β 0.8627 0.5839 0.9484 1.0452 1.1815 0.1903 0.7500 

ARCH LM No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH 

AIC −2.1877 −2.4317 −9.0215 −6.5656 −6.9130 −5.5825 −3.2966 

AR(1)-TGARCH(1,1,1) 

ω 0.0020** 0.0010 6.7E−07** 1.0E−06** 9.7E−07** −2E−07 0.0012** 

α 0.3084** −0.0171 0.2181** 0.1048** 0.3172** −0.025* 0.1443* 

γ −0.0970 0.0342 0.0105 −0.1037** −0.5975** 0.0281 −0.269** 

β 0.4845** 0.7988 0.7494** 0.9346** 0.8652** 1.012** 0.5906** 

α + β 0.7928 0.7817 0.9675 1.0393 1.1825 0.9875 0.7349 

ARCH LM No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH No ARCH 

AIC −2.1814 −2.4471 −9.0360 −6.6383 −6.9092 −5.7412 −3.3575 

Notes: * and ** denote the significance of the coefficients at 1% and 5% level respectively. 

Appendix E 
E.1. Results of Optimal Lag and Unit Roots Test 
 

Variables 
Data at Level Data at 1st Difference 

Trend and Intercept Intercept Trend and Intercept Intercept 

VDLDSEGEN 1 1 4 1 

VDLIPI 1 1 3 3 

VDLINT 6 6 5 5 

VDLCPI 1 1 0 0 

VDLEXR 3 3 8 8 

VDLM2 7 7 13 13 

VDLGDPRICE 4 4 7 7 

E.2. Results of Unit Root Tests of Conditional Variances 
 

Panel A: Data at Level 

 
ADF Unit Root Test PP Unit Root Test 

Trend and Intercept Intercept Trend and Intercept Intercept 

VDLDSEGEN −6.378835*  −6.980231*  

https://doi.org/10.4236/jfrm.2023.123013


Md. R. Matin 
 

 

DOI: 10.4236/jfrm.2023.123013 258 Journal of Financial Risk Management 
 

Continued 

VDLIPI −11.98728*  −15.06333*  

VDLINT −4.414721*  −5.793349*  

VDLCPI −2.191389 −1.895569 −2.154714 −1.922078 

VDLEXR −4.531100*  −6.273207*  

VDLM2 −2.164867 −1.177264 −3.113696 −1.739278 

VDLGDPRICE −6.573112*  −21.05608*  

Panel B: Data at First Difference 

VDLCPI −16.56358  −16.56358*  

VDLM2 −3.679422  −21.54431  

Notes: Critical values at 5% level for ADF and PP tests with trend and intercept is 
−3.424977 and with intercept is −2.871029. * denotes that significance of coefficient at 
5%. 

Appendix F 

Results of Log-Likelihood Ratio Test 
 

 Log-likelihood with joint hypothesis of a unit root 
Test 

Statistics  
With 

deterministic trend 
with no 

deterministic trend 

LDSEGEN (lag) 1044.162 (1) 1043.568 (1) 1.188 

LIPI (lag) 2748.232 (1) 2748.141 (1) 0.182 

LINT (lag) 2800.137 (6) 2799.56 (6) 1.154 

LCPI (lag) 3057.174 (1) 3056.523 (1) 1.302 

LEXR (lag) 2380.233 (3) 2379.811 (3) 0.844 

LM2 (lag) 3089.008 (7) 3087.156 (7) 3.704 

LGDPRICE (lag) 1660.912 (4) 1660.26 (4) 1.304 

Notes: This distribution follows Chi-squared distribution and the critical value for one 
degree of freedom is 3.841 at 5% level. 

Appendix G 
G.1. Results of Cointegration Test 
 

Dependent Variable: D(LDSEEGEN) 

ARDL Model Specification (1, 0, 0, 0, 0, 0, 0) 

F Statistics 7.224021 

Critical Value Bounds 

Significance I0 Bound I1 Bound 

10% 2.12 3.23 

https://doi.org/10.4236/jfrm.2023.123013


Md. R. Matin 
 

 

DOI: 10.4236/jfrm.2023.123013 259 Journal of Financial Risk Management 
 

Continued 

5% 2.45 3.61 

2.5% 2.75 3.99 

1% 3.15 4.43 

R-squared 0.148919 

Adjusted R-squared 0.128305 

F-statistic 7.224021 

Prob (F-statistic) 0.000000 

Durbin-Watson stat 2.023549 

G.2. Cointegrating Form and Long-Run Coefficients 
 

Independent Variables Coefficient Std. Error t-Statistics Probability 

Cointegrating Form 

D(VDLIPI) 16.1356 14.1312 1.1418 0.2545 

D(VDLINT) −2.4846 24.0569 −0.1033 0.9178 

D(VDLCPI) −15.0721 54.0001 −0.2791 0.7804 

D(VDLEXR) −0.5323 5.3113 −0.1002 0.9202 

D(VDLM2) −21.8343 52.8713 −0.4130 0.6799 

D(VDLGDPRICE) 0.0930 0.3072 0.3029 0.7622 

C −0.0033 0.0006 −5.1986 0.0000 

CointEq(−1) −0.2911 0.0409 −7.1139 0.0000 

Cointeq = VDLDSEGEN − (3.2256 * VDLIPI − 27.2636 * VDLINT 
+ 55.4220 * VDLCPI + 4.8936 * VDLEXR − 4.0855 * VDLM2 

− 0.0856 * VDLGDPRICE − 0.0114) 

Long Run Coefficients 

LIPI 3.225608 18.540106 0.173980 0.8620 

LINT −27.263562 55.472937 −0.491475 0.6235 

LCPI 55.421955 43.320414 1.279350 0.2018 

LEXR 4.893638 14.317226 0.341801 0.7327 

LM2 −4.085459 27.190930 −0.150251 0.8807 

LGDPRICE −0.085621 1.666623 −0.051374 0.9591 

Appendix H 

Viability Check of the Model 
Normality Test of the Residuals 
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Breusch-Godfrey Serial Correlation LM Test: 

F-statistic 0.152706 Prob. F(2,289) 0.8585 

Obs * R-squared 0.314591 Prob. Chi-Square(2) 0.8545 

Heteroskedasticity Test: Breusch-Pagan-Godfrey 

F-statistic 2.584461 Prob. F(7,290) 0.0134 

Obs * R-squared 17.49867 Prob. Chi-Square(7) 0.0144 

Scaled explained SS 872.3588 Prob. Chi-Square(7) 0.0000 

Appendix I 

Ordinary Least Squares Estimation of the Recovery Period 
Dependent Variable: DLDSEGEN 
Method: Least Squares 
Sample: 2000M1 2009M12 
Included observations: 120  

 
Variable Coefficient Std. Error t-Statistic Prob. 

DLIPI −0.125198 0.099959 −1.252485 0.2130 

DLINT −1.215100 3.062936 −0.396711 0.6923 

DLCPI −0.254598 0.719302 −0.353951 0.7240 

DLEXR 0.276833 0.575249 0.481241 0.6313 

DLM2 1.612529* 0.441278 3.654222 0.0004 

DLGDPRICE −0.046181 0.100706 −0.458569 0.6474 

C −0.003141 0.008846 −0.355060 0.7232 

R-squared 0.109098 Mean dependent var 0.016206 

Adjusted R-squared 0.061794 S. D. dependent var 0.065863 

S. E. of regression 0.063795 Akaike info criterion −2.60971 

Sum squared resid 0.459893 Schwarz criterion −2.44711 

Log likelihood 163.5826 Hannan-Quinn criter. −2.54368 
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Continued 

F-statistic 2.306298 Durbin-Watson stat 1.735739 

Prob(F-statistic) 0.038779   

Notes: * denotes the significance of the coefficients at 1%. 
 

Breusch-Godfrey Serial Correlation LM Test: 

F-statistic 1.041505 Prob. F(2,111) 0.3563 

Obs * R-squared 2.210421 Prob. Chi-Square(2) 0.3311 

Heteroskedasticity Test: ARCH 

F-statistic 0.279730 Prob. F(1,117) 0.5979 

Obs * R-squared 0.283833 Prob. Chi-Square(1) 0.5942 
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