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production index and exchange rate are financial indicators.
Performance indicators, FBMKLCI, Meanwhile, the unemployment rate, number of COVID-19 cases, and
COVID-19 pandemic, Augmented number of COVID-19 deaths are non-financial indicators. In our study,
Dickey-Fuller test, multiple linear three objectives are considered. The first is to test the stationarity of
regression, Granger cusality data collected by the Augmented Dickey-Fuller test. The second is to

identify the impact of the performance indicators on the stock market
by multiple linear regression analysis. The third is to determine the
relationship between Malaysia’s stock market and performance
indicators during the COVID-19 pandemic using the Granger causality
test. From the analysis results, the multiple linear regression analysis
proves that the exchange rate, unemployment rate, and COVID-19
deaths are negatively correlated with the FBMKLCI. The Granger
causality test shows a unidirectional Granger relationship between CPI
and FBMKLCL

1. Introduction

An unexpected coronavirus (COVID-19) outbreak in China. The Chinese government reported the appearance of
a new type of virus to the World Health Organization (WHO) on December 31, 2019, and it was officially
announced as a global pandemic on March 11, 2020 [1]. Malaysia is one of the countries affected by the
coronavirus. The sharp rise in the number of infections domestically and globally forced the government to enact
containment policies, including complete Movement Control Order (MCO), school closures, and border
restrictions to restrict the spreading of the virus. The implementation of these policies also restricted economic
activity in a country. The development of a nation’s economy is directly linked to stock market developments [2].
Hence, the FTSE Bursa Malaysia Kuala Lumpur Composite Index (FBMKLCI) experienced a downtrend during the
initial phase of COVID-19, as shown in Figure 1 below [3]. The figure shows that the lowest point was 1407.78 in
April 2020, while the highest was 1627.21 in December 2020. Fundamentally, FBMKLCI showed a sign of recovery
when Malaysia entered the endemic phase on April 1, 2022.
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Fig. 1 FBMKLCI data from April 2021 - April 2022

In previous studies, increases in gross domestic product (GDP) and decreases in consumer price index (CPI)
significantly increased stock prices by using multiple linear regression analysis [4]. Besides, a positive linkage
between industrial production index (IPI) and stock market return was revealed [5]. Moreover, an encouraging
connection between the exchange rate and the KLCI was presented using Pearson’s coefficient correlation method
[6]. Nevertheless, the consistent rise in reported cases and deaths of COVID-19 has negatively influenced stock
market returns [7]. Furthermore, a robust one-way causality between the unemployment rate and stock prices
was demonstrated in developing countries [8]. Other previous studies were done in using forecasting method with
the statistics technique in worldwide according to various fields of studies [9, 10, 11, 12].

In our study, the main focus is the impact of performance indicators of Malaysia’s stock market on the stock
market’s performance. An effective performance measurement system should cover all relevant financial and non-
financial performance indicators [13]. Thus, the following performance indicators are considered: gross domestic
product (GDP), consumer price index (CPI), industrial production index (IPI), exchange rate, unemployment rate,
COVID-19 cases, and deaths. These performance indicators are categorized as independent variables, while the
FBMKLCI is dependent. The monthly historical data of FBMKLCI from April 2020 to April 2022 are collected from
Open Department of Statistic Malaysia (DOSM), official GitHub account of Ministry of Health Malaysia (MoH), and
Market Watch for data analysis. Thus, we have three objectives to study the performance indicators. The first is to
test the stationarity of data collected for closing index and financial and non-financial performance indicators
using the Augmented Dickey-Fuller (ADF) test. The second is to identify the impact of financial and non-financial
performance indicators on the stock market using multiple linear regression analysis. The third is to determine
the causal relationship between Malaysia’s stock market and performance indicators during the COVID-19
pandemic using the Granger Causality test.

2. Material and Methods

In this section, the methodology used to conduct the study is discussed. The monthly historical data of FBMKLCI
and the performance indicators, which are gross domestic product (GDP), consumer price index (CPI), industrial
production index (IPI), exchange rate, unemployment rate, number of COVID-19 cases, and COVID-19 deaths, are
collected from April 2020 to April 2022 from Open Department of Statistic Malaysia (DOSM), official GitHub
account of Ministry of Health Malaysia (MoH), and Market Watch.

2.1 Augmented Dickey-Fuller Test

The Augmented Dickey-Fuller (ADF) test is an elevated model of the Dickey-Fuller (DF) test to detect the
appearance of unit roots. It was explored by Dickey and Fuller in 1979. The equation of the ADF test is stated
below [14],

m
Ay, =a+pt+yy.q+ Z 0;Aye_; + &, (1)

i=1

where A is the first difference operation, y is the time series variable, & is a constant, £ is a coefficient on a time
trend, t is the time trend variable, y is a parameter on a time trend, ¢ is a coefficient on a time trend, i is a lag order
and & is a standard error. The unit root test is conducted with hypothesis testing on the following statement,

H,: Time series data is non-stationary.

H,: Time series data is stationary.
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The data is stationary when the null hypothesis is rejected at 5% level of significance. If the null hypothesis is
failed to reject, then the logarithm and differencing transformation are employed. The general equation for
logarithm transformation is stated below [15],

y' =log(y), (2)

where y' is transformed variable and log is natural logarithm. The first and higher order (dth order) differencing
are given as below [15],

Vye =Ye — YVe-1 (3)
vly, = (1 - B)%y,. (4)

where t = 2,3, ...,n, V¢ is dth order difference operator, y; is original time series, and B is backshift operator.

2.2 Shapiro-Wilk test and Skewness

The Shapiro-Wilk test is one of the popular normality tests with the sample size less than 50. It is a hypothesis
testing on the hypothesis statement below,

H,: Data follows a normal distribution.

H,: Data does not follow a normal distribution.

The dependent variable follows a normal distribution when the null hypothesis is failed to reject at 5% level
of significance. In R programming, a test statistic, namely Calc W is computed and it can be used to compare with
the critical value from the Shapiro-Wilk table, Tab W. When Calc W is greater than Tab W, then it concludes that
the data follows normal distribution [16]. The result can be supported by computing the skewness using the
formula below [17],

3(x — median
skew = %, (5)

where X is the sample mean and s is the sample standard deviation. When the computed skewness value falls
between -0.5 and 0.5, then it is nearly symmetric. Hence, the dependent variable follows a normal distribution.

2.3 Pearson Correlation Coefficient

The direction and strength of a linear relationship between dependent and independent variables can be
identified by the Pearson correlation coefficient, r. The Pearson correlation coefficient, r is computed using R
studio and its formula is given below [18],

L ZL D0 =)
VI — 023 (v — )?

(6)

where X is the mean of variable x and y is the mean of variable y. When r # 0, then there is a linear correlation

exist between the dependent and independent variables. If r = 0, then there is no linear correlation between the
dependent and independent variables.

2.4 Standardized Regression Coefficient

The linear relationship can also be explored by computing the standardized regression coefficient, . The formula
of standardized regression coefficient is stated below [19],

B.=b—, ()

where b; is the regression coefficient, Sy is the ith standard deviation of variable x and Sy is the ith standard
deviation of variable y. The linear relationship is identified by hypothesis testing for the hypothesis statement
below,

Hy: There is no linear relationship between y and x;, (8, = 0,i = 1,2, ..., p).

H,: There is a linear relationship between y and x;, (B, # 0,i = 1,2, ..., p).
A linear relationship exists between response and predictor variables when j, # 0. A regression coefficient with
value greater (less) than 0 indicates that there is a positive (negative) linear relationship.
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2.5Multiple Linear Regression Model

Multiple linear regression test is the statistical test for examining the correlation between more than two predictor
variables (independent) and one response variable (dependent). Generally, the multiple linear regression model's
equation is stated below [20],

y = Bo+ B1x1 + Boxz + ..+ Bpxp + &, (8)

where j; fori = 0,1, 2, ..., p, are coefficients, y is dependent variable and x; are independent variables, and ¢is a
standard error. The regression model undergoes two partial tests to identify the most statistically significant
variables in the model. The first partial test is the hypothesis testing that examines the significance of the
independent variable towards the regression model employed. The hypothesis statement is stated below,

H,: Independent variable is not statistically significant to the regression model (5; = 0,i = 1,2, ..., p)

H,: Independent variable is statistically significant to the regression model (8; # 0,i = 1,2, ...,p)

The second partial test is the hypothesis testing to examine the significance of the constant towards the
regression model. The hypothesis statement is stated below,

H,: Constant is not statistically significant to the regression model (8, = 0)

H;: Constant is statistically significant to the regression model (S, # 0)

The independent variable and constant can be categorized as a significant value in the model when the null
hypothesis is rejected at 5% significance level. The insignificant variable will be manually eliminated from the
model starting from the least significant variable until all variables are statistically significant to the model.

Furthermore, a best-fit regression model is selected by comparing three criteria including the coefficients of
determinant (R-squared), corrected Akaike Information Criterion (AICc) and Bayesian Information Criterion
(BIC). The model with the highest R-squared, lowest AICc and BIC is the best-fit model. The impact of the
performance indicators on the stock price can be analysed through the model.

2.6 Granger Causality test

The Granger causality test is applied to investigate the relationship of causation and effect between two variables
in a time series. We carried out the test on the bivariate system since we examined the causal relationship between
two-time series. It is categorized into restricted and unrestricted model. The general equation for these two
models is given below [21],

x(t) =c + i a;x(t —1i) +uy(t), (9)
i:ol
y@©) =c; + Z ay(t — i) +v; (D), (10)
x(t) =c, + i ax(t—1i)+ i Biy(t —j) +uy(t), (11)
i;l f;l
Y(O) = ¢+ ) ay(t =0+ ) fx(t =)+ v,(0), (12)
i=1 j=1

where B; for i = 0,1, 2, ..., p, are coefficients, y is dependent variable and x; are independent variables, and ¢is a
standard error.

The hypothesis testing is conducted to examine the Granger relationship. The hypothesis statement is given
below,

H,: x; does not granger cause y, or y, does not granger cause X,

H;: x, granger cause y, or y, granger cause X;

A Granger relationship exists when the null hypothesis is rejected at a 5% significance level. Four potential
outcomes that are no causality, two-way causality, x, granger cause y;, and y, granger cause X;.

3. Results and Discussion

This section uses R programming to carry out the data analysis, and the test result is presented.

3.1Data Preprocessing

Before analysing the data, data cleaning must be performed. The outliers are removed from the dataset. The
equation below (13) can determine the outliers,
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1
First quartile, Q, = 2 (n+ 1) term,

Third quartile, Q; =

3
2 (n+1) term,

Interquartile Range, IQR = Q3-Q,
Lower Bound = Q; — 1.5 (IQR),
Upper Bound = Q5 + 1.5 (IQR),

(12)

(13)
(14)
(15)
(16)

where n is the number of observations. The data out of the lower and upper bound range are removed. Table 1
shows the result of outlier detection. The FBMKLCI, CPI, and unemployment rate do not exhibit outliers in the
dataset. However, multiple outliers are detected in the dataset for the remaining variable. It is necessary to remove
these outliers from the particular dataset.

Table 1 Result of Outlier Detection

. Lower Upper Does the dataset
Variables O Qs 1QR Bound B(F))End contain outlier?
FBMKLCI 1512.27 1587.36 75.09 1399.635 1699.995 No

GDP 336161 360151 23990 300176 396136 Yes

CPI 120.1 123.7 3.6 114.7 129.1 No

IPI 114.745 1204772  5.7322 106.1467 129.0755 Yes

ER 0.237528 0.242483 0.004955 0.230096 0.249915 Yes

UR 0.043 0.048 0.005 0.0355 0.0555 No

NC 20324 225947 205623  -288110.5 534381.5 Yes

DC 97 1513 1416 -2027 3637 Yes

3.2Data Stationarity

Table 2 shows the results of the Augmented Dickey-Fuller test. The null hypothesis is rejected since the p-value is
0.02177, smaller than 0.05. Hence, FBMKLCI is stationary at a 5% level of significance. The remaining variables
are required to be transformed, and the stationarity test is conducted.

Table 2 Results of Augmented Dickey-Fuller test

Variables Level Logarithm Transformation First Difference Transformation
FBMKLCI -4.0425 -4.0609 -6.3046
(0.02177) (0.02113) (<0.01)
CDP -1.8309 -1.8064 -2.9797
(0.6368) (0.6461) (0.1992)
-2.6254 -2.5912 -3.1075
cPl (0.3341) (0.3471) (0.1515)
-1.884 -1.8758 -2.1253
Pl (0.6166) (0.6197) (0.5247)
-2.9082 -2.935 -2.8117
ER (0.2264) (0.2162) (0.2632)
UR -1.5809 -1.3772 -3.5299
(0.732) (0.8096) (0.09724)
NC -2.7585 -1.9768 -3.2095
(0.2834) (0.5812) (0.1116)
e -1.8248 -1.2016 -2.686
(0.6391) (0.8765) (0.3111)

Penerbit
UTHM



Enhanced Knowledge in Sciences and Technology Vol. 4 No. 1 (2024) p. 21-31 26

Table 3 shows the results of the differencing transformation. Notice that the p-value for the remaining
indicators is smaller than 0.05. As a result, the variables are stationary at a 5% significance level. After three times
of differencing transformation, most variables reach a stationary state except the exchange rate (ER) and
unemployment rate (UR).

Table 3 Results of differencing transformation

Variables Number of differences t-statistic and p-value
-3.9974
GDP 3
(0.02335)
-4.0802
CPI 3
(0.02046)
-4.2753
IPI 3
(0.01365)
-6.407
ER 2
(<0.01)
-4.0113
UR 4
(0.02286)
-3.6138
NC 3
(0.04902)
-4.1337
DC 3
(0.01859)

3.3 Normality and Skewness

After conducting the Shapiro-Wilk test, the p-value is 0.2205, more significant than 0.05, and the null hypothesis
failed to reject. Thus, FBMKLCI follows the normal distribution at a 5% significance level. Another statistic
obtained from the R programming is shown in Table 4. The statistic proves the dependent variable follows a
normal distribution since Calc W > Tab W.

Table 4 Results of Shapiro-Wilk test

Sample size, n Significance level, & Calc W Tab W

19 0.05 0.93571 0.901

The summary of the skewness of FBMKLCI is shown in Table 5. Since its skewness is 0.523927, it is nearly
symmetrical. Thus, we may conclude that FBMKLCI follows a normal distribution.

Table 5 Summary of skewness of FBMKLCI

Sample mean, X Median Sample standard deviation, s Skewness

0.002765 -0.144847 0.8451538 0.52397

3.4 Correlation Analysis

Table 6 shows the Pearson correlation coefficient, r, for FBMKLCI and GDP, CPI, and COVID-19 cases (NC) are
0.4894, 0.2347, and 0.0945, respectively. Therefore, a weak positive correlation exists between these variables.
Besides, IPI and COVID-19 deaths (DC), with r = -0.3284 and r = —0.05321, respectively, have a negative linear
correlation with FBMKLCI. The Pearson correlation coefficient for the exchange rate and unemployment rate are
-0.5299 and -0.6536, respectively. Therefore, a modest negative correlation exists between FBMKLCI and these
two variables since their r value falls between -0.7 and -0.5. Overall, a linear relationship exists between the
dependent and independent variables.
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Table 6 Pearson correlation coefficient

Dependent Independent Pearson F(?rrelation Linear relationship

Variable, y variable, x; coefficient, r
GDP 0.4894 Weak positive linear correlation
CPI 0.2347 Weak positive linear correlation
IPI -0.3284 Weak negative linear correlation

FBMKLCI ER -0.5299 Modest negative linear correlation
UR -0.6536 Modest negative linear correlation
NC 0.0945 Weak positive linear correlation
DC -0.05321 Weak negative linear correlation

3.5Hypothesis Testing on Linearity

Table 7 shows the result of the standardized regression coefficients, . The result proves that linear relationships
exist between FBMKLCI and all the independent variables since  # 0. A positive linear relationship appears
between FBMKLCI and CPI and FBMKLCI and NC due to the positive value of the standardized regression
coefficient, B However, the remaining independent variables, GDP, IP], ER, UR, and DC, have a negative linear
relationship with the FBMKLCI.

Table 7 Standardized regression coefficients

Dependent Variable, y  Independent variable, x; Standardized regression coefficient, j3,
GDP -0.07927
CPI 0.44075
[PI -0.16041
FBMKLCI ER -0.55639
UR -0.61465
NC 0.13542
DC -0.44848

Notice that the linear relationship between GDP and FBMKLCI indicated by Pearson correlation coefficient, r
and standardized regression coefficient, [? are different. This is because the Pearson correlation coefficient, r
measures the linear relationship between two variables only. The computed value shows a simple correlation
between GDP and FBMKLCI. However, the standardized regression coefficient, B consider the scale of the
remaining independent variables in the model.

3.6Linear Relationship

The best-fit model is chosen by comparing the R-squared, AlCc, and BIC. Table 8 shows the result of the model
selection. Model 6 is the best-fit model since it satisfies two criteria: the lowest AICc and BIC. Model 6 proves that
the exchange rate, unemployment rate and COVID-19 deaths react negatively to Malaysia’s stock market, where
the reduction of these three performance indicators boosts the closing index.

Table 8 Results of model selection

Model Variables in model R-squared AlCc BIC
Model 1 GDP, CP], IP], ER, UR, NC, DC, constant 0.8395 49.74 38.23644
Model 2 CPI, IP], ER, UR, NC, DC, constant 0.8370 42.43 35.58734
Model 3 CPL ER, UR, NC, DC, constant 0.8305 36.96 33.38754
Model 4 CPL, ER, UR, DC, constant 0.8129 33.66 32.32288
Model 5 ER, UR, DC, constant 0.7620 33.84 33.94853
Model 6 ER, UR, DC 0.7582 30.38 31.30539
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Table 9 shows the result of the estimated Model 6. The p-values of the exchange rate, unemployment rate, and
COVID-19 deaths in this model are 0.000255, 0.000255, and 0.028839, respectively. These independent variables
can be considered significant in the model due to their relatively low p-value. The estimated coefficient indicates
that when the exchange rate increases by one unit, the closing index will decrease by 29.66 units. Besides, the
closing index is reduced by 1.25 units for every additional unit in the unemployment rate. While each unit increase
in the number of COVID-19 deaths corresponds to a 0.16 unit decline in the closing index.

Table 9 Results of estimated sixth model

Independent variables, x;  Estimated coefficient, 5; t-stat p-value
ER -29.65574 -4.672 0.000255
UR -1.24755 -4.672 0.000255
DC -0.16131 -2.401 0.028839

Figure 2 shows the plot for the sixth regression model, where the FBMKLCI reacts inversely with the exchange
rate, unemployment rate, and number of deaths.

Model 6

L

-0 05 00 05 10
Close | others
410 -05 00 05 10

T T T T T T
-0.02 -0.01 0.00 0.01 0.02 0.03 06 04 02 00 02 04 06 08

Ex | others Une | others

others

Clos:

Deaths | others

Fig. 2 Plot of Model 6

Table 10 shows the result of estimating the Model 1. The p-values of the exchange and unemployment rates
are 0.0161 and 0.0109, which are smaller than « = 0.05. As a result, the null hypothesis is rejected at a 5%
significance level. Hence, these two variables are statistically significant to the model.

Table 10 Results of estimated Model 1

Independent variables, x;  Estimated coefficient, £; t-stat p-value
(Intercept) -0.07146 -0.707 0.4943

GDP -0.99890 -0.415 0.6860

CPI 9.00795 1.767 0.1049

IPI -0.56432 -0.516 0.6163

ER -23.59403 -2.840 0.0161

UR -1.31199 -3.057 0.0109

NC 0.09626 0.753 0.4672

DC -0.20017 -1.958 0.0760

Figure 3 shows the plot for the first regression model. It indicates that FBMKLCI is negative with GDP, IP],
exchange rate, unemployment rate, and number of deaths. In contrast, FBMKLCI is positive for CPI and the number
of COVID-19 cases.
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Model 1
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Fig. 3 Plot of Model 1

The sequence has eliminated the GDP, IPI, COVID-19 cases, and CPI due to their relatively high p-values. Lastly,
the y-intercept value has also been removed from the regression model.

3.7 Granger Relationship

Figure 4 shows the Granger relationship at a 5% significance level. By observing the figure, the consumer price
index can be employed to forecast the closing index, gross domestic product, and unemployment rate, but not vice
versa. The consumer price index can be predicted through the exchange rate, but the reverse way does not hold.
The exchange rate can be predicted using the number of deaths during crisis time, but the exchange rate cannot
expect the deaths. A one-way Granger causal relationship from gross domestic product to the unemployment rate
proves that gross domestic product can forecast the unemployment rate in future. A bidirectional relationship
appears between the unemployment rate and industrial production index. Overall, the consumer price index is
the only performance indicator with a direct Granger relationship to the closing index.

Notably, there is no direct one-way or two-way causality between the non-financial indicators and the closing
index. Hence, non-financial indicators are not encouraged to be applied in forecasting future stock prices.

»  Onc - way causality +——>  Two - way causality

Fig. 4 Granger causal relationship at 5% level of significance

4. Conclusion

This paper analysed the performance indicators of the stock market in Malaysia during the COVID-19 pandemic.
These performance indicators, which are gross domestic product (GDP), consumer price index (CPI), industrial
production index (IPI), exchange rate, unemployment rate, COVID-19 cases, and deaths, were categorized as the
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independent variables, and the FBMKLCI was dependent. Several statistical tests were conducted: stationarity,
normality, skewness, and correlation. The linear relationship was investigated throughout the correlation analysis,
and the multiple linear regression models were constructed. The best-fit model illustrated the negative linear
relationship of FMBKLCI with the exchange rate, unemployment rate and COVID-19 deaths. From the Granger
relationship, the consumer price index was the leading indicator to forecast the closing index, gross domestic
product, and unemployment rate, but not vice versa. In the end, studying and comparing the stock indexes from
different countries is recommended for future research. The impact on stock markets before and after the
pandemic shall be analysed quantitatively for comprehensive findings and a better understanding to investigators.
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