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Abstract: Global energy consumption is influenced by various human activities, including fossil fuel-based energy
generation, household energy usage, and population growth. This case study aims to identify and predict key factors
in energy consumption in Malaysia using Regression Analysis. The dataset spans from 2000 to 2020 and includes
variables such as access to electricity, renewable energy capacity, electricity from renewables, access to clean cooking
fuels, renewable energy share in total consumption, and primary energy consumption per capita. The R software
was used to analyse the data. According to the analysis, the predictor variables that are correlated with the primary
energy consumption are renewable electricity generating capacity, electricity from renewables, access to clean fuels
for cooking, and renewable energy share in total final energy consumption. The findings suggest that increasing the
share of renewable energy sources and improving access to clean cooking fuels could potentially reduce overall energy
consumption in Malaysia. The regression model developed in this study can be a valuable tool for policymakers and
energy planners to forecast future energy demand and formulate strategies to promote sustainable energy usage.
Furthermore, the methodology employed can be adapted to analyze energy consumption patterns in other countries
or regions, facilitating a deeper understanding of the factors driving global energy consumption.
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1. INTRODUCTION

In recent years, the energy landscape has undergone significant transformations globally,
driven by factors such as technological advancements, economic growth, and a growing awareness of
environmental sustainability (Li & Maréchal, 2023). As Malaysia strives to meet its energy demands
while addressing environmental concerns, understanding, and predicting energy consumption
patterns becomes crucial for effective policymaking and sustainable development (Mahlia, 2002). This
case study focuses on employing a Regression Analysis approach to predict energy consumption in
Malaysia. The source of our data comes from open-source internet data extracted from the
www.kaggle.com website. This dataset focuses exclusively on Malaysia, including key variables such
as access to electricity, renewable electricity generating capacity per capita, electricity from renewables,
access to clean fuels for cooking, renewable energy share in the total final energy consumption, and
primary energy consumption per capita (Global Data on Sustainable Energy (2000-2020)). The dataset
consists of 126 entries based on selected factors such as access to electricity, renewable electricity
generating capacity per capita, electricity from renewables, access to clean fuels for cooking, renewable
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energy share in the total final energy consumption, and response to primary energy consumption per
capita. The period of focus is from 2000 to 2020 in Malaysia.

2. METHOD & MATERIAL

Multiple Linear Regression is a statistical technique that models the relationship between a
single dependent variable and two or more independent variables by fitting a linear equation to
observed data (Tranmer et al., 2020). The model assumes a linear relationship between the dependent
variable and the independent variables, allowing for the estimation of the impact of each independent
variable while holding others constant. In general, the model of multiple linear regression is given in
equation (1):

Y =Po+BX+ BoXot .+ BiX @
y :  predicted value of y
B, . estimated value of y — intercept
Bi P B estimated value of regression coefficient

The variables used in this analysis is shown in Table 1.

Table 1. Variables

Dependent Variable
ENERGY Primary energy consumption per capita (kWh/person)
Independent Variables

AE (x;) Access to electricity (% of population)
REG (x,) Renewable-electricity-generating-capacity-per-capita

ER (x3) Electricity from renewables (TWh)
ACC (x,) Access to clean fuels for cooking

RES (xs) Renewable energy share in the total final energy consumption (%)

In this analysis, we have made the following assumptions:

1. The relationship between dependent and independent variables are linear.
2. All the variables used in this study is Normally Distributed
3. There is no multicollinearities or little multicollinearity exist between independent variables.
4. There should be no significant outliers, high leverage points or highly influential points.
5. The residuals (errors) are approximately normally distributed.
6. Homoscedasticity, which is where the variances along the line of best fit remain similar
as we move along the line.
3. FINDINGS

The summary model in Table 2 shows that there is a strong linear relationship between primary
energy consumption (ENERGY) and all the independent variables with the adjusted coefficient of
determination, R*(adjusted) = 0.8681. We can say that 86.81% of variation in energy consumption can

be predicted by access to electricity (AE), renewable-electricity-generating-capacity-per-capita (REG),
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electricity from renewables (ER) and renewable energy share in the total final energy consumption
(RES) while 13.19% may be explained by other factors. The estimated (fitted) of the multiple linear
regression model can be written as equation (2):

y =-562106.37 +1030.07X, _ 32.98X.. +810.58Xp +5009.58X . —3092.53X e ()

Table 2. Summary model for all factors

Call:
In{formula = y ~ x)

Residuals:
Min 1Q Median 0 Max
-2345.2 -688.9 220.4 642.2 21983.3

Coefficlents;
Estimate Std, Error t value Pr(>|t])
(Intercept) -562106.37 427282.37 -1.316 6.208083

xAE lgle.e7 3655.91 ©.282 9.781982
xREG 32.98 15.71 2.899 9.953150 .
XER 810.58 228,50 3.676 0.002247 **
XACC 5909.58 2882.24 2.496 §.829485 *
xRES -3892.53 675.44 -4.579 0.008362 ***

Signif, codes: @ '***’ p.@01 '**' 9.01 '+ 005 '." 8.1 " " ]

Residual standard error: 1382 on 15 degrees of freedom
Multiple R-squared: ©.95011, Adjusted R-squared: @, 8681
F-statistic: 27.33 on 5 and 15 DF, p-value: 4,937e-97

Among the predictors, xpp; exhibits marginal significance (p-value=0.0532)while

Xgry Xace @and Xpgq are statistically significant, indicating their substantial impact on the dependent
variable. However, one predictor does not appear to have a statistically significant impact on the

dependent variable, whichis X,: (p—value =0.7820). According to Table 3, there are two independent

variables which are AE and REG is not statistically significant with p-value 0.7820 and 0.0532
respectively.

o

Figure 1. Plot of residual Figure 2. Q-Q plot

Figure 1 illustrates homoscedasticity occur meaning that the residuals are equally distributed
across the regression line. Figure 2 indicates that the residuals lie approximately on a straight line.
Therefore, the residuals are statistically normally distributed.
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Table 3. Regressors Indicating the Best Data Fitting

Independent Variable Hypothesis Testing
Hy,:5,=0
AE (x) H,:4,#0
B, :regression coefficient (p—value =0.7820) > (o = 0.05) . Do not reject H,.

At a =0.05, AE is not a significant predictor for ENERGY.

REG (x,)

:regression coefficient

B,

Hy: 5, =0

H :5,#0

(p—value =0.0532) > (a =0.05) . Do not reject H,.

At a =0.05, REG is not a significant predictor for ENERGY.

ER (%)

:regression coefficient

Py

Hy:f,=0

H:5#0

(p—value=0.022) < (& =0.05) . Reject H,

At o =0.05, ER s a significant predictor for ENERGY.

ACC (x,)

B, :regression coefficient

Hy: B, =0

H,:6,#0

(p—value =0.0295) < (a = 0.05). Reject H,

At o =0.05, ACC is a significant predictor for ENERGY.

RES (x,)

:regression coefficient

b

Hy:f; =0

H :5#0

(p—value =0.0003) < (e« =0.05). Reject H,

At o =0.05, RES is a significant predictor for ENERGY.

In this study, we are applying best subset regression techniques to identify the best model.
Table 4 shows the best subset regression and subset regression summary. The fourth model which
contain independent variable REG, ER, ACC and RES have the highest R? (0.9006) and adjusted R?
(0.8757) with the lowest Cp (4.0794) and AIC (365.8452). Figure 3 and Fig.4 plot shows the panel of fit
criteria for best subset regression.

Best Subisats fsgrassicn
MNcdel Ince “radiziors
AE L}
R AES s
B3 E1 g8

ALS LS ACC RLS
AE AEC ER ACLT RIS

Table 4. Best Subset Regression
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R-Sguare Cip) sSBIC

Ad). R-Square AlC

Figure 3. Plot of fit criteria for best subset regression Figure 4. Best subset regression plot

Table 5. Summary model for all factors

cail
in(formula = y ‘)

Foslsualy
min 310 Median 0 Max
63,7 7.3 e MAS 2810

Coefficlents
Eatimete Std, Crror ¢ "l

[otarcopt) 456439.79 15883).59
e 3541 12.73
R 540,43 187,75
WACC 4971,48 w1741
wWES 121%,00 89,39
SIgNif. codes: B et G001 "*Y 0.0 T 88 T 0L T

Rosisusl stanzard ercor: 1364 oo 36 degrees of freedos

Roaguered: 0.9, Adjusted R.squerwd:.  0.8757

Foatatintic: 36,20 on & and 18 OF, 2ovalim: 7.00e-20

From the analysis, the estimated of the multiple linear regression model is given in equation (3):

Yenenoy = —456449.76 + 35.41( Xqeq ) +840.43(Xgn ) +4973.45 (X, ) —3219.19 (Xees ) ®3)

4. DISCUSSION

Table 5 shows the summary for the final model selection. The linear regression output reveals
key insights into the relationship between the dependent variable y, ... and the predictor variable

Xage » Xer» Xace AN Xqes - The intercept, ) = 456449.79 , represents the estimated value of energy when

all predictors are zero. The positive coefficient for x.., (35.41)suggests that for each unit increase in

Xeeor Yeneroy 1S €Xpected to increase by 35.41 units. Similarly, X, has a positive coefficient of 840.43,

indicating a substantial impact on y, ... for each unit increase. The coefficient for x,c. is 4973.45,

implying a positive influence on y with increasing x,.. while the negative coefficient for x.., (-3219.19)

suggests a negative impacton y_ .~ with rising X, .

The statistical significance of the coefficients is denoted by the p-values. All predictors, have p-
values less than 0.05, indicating their statistical significance in predicting primary energy consumption.
The coefficient of determination, R? is 0.9006 while the adjusted R? is 0.8757. We can say that 87.57% of
variation in primary energy consumption can be predicted by renewable electricity generating capacity
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(REG), electricity from renewables (ER), access to clean fuels for cooking (ACC) and renewable energy
share (RES).

5. CONCLUSION

As a conclusion, the statistical data analysis shows that the primary energy consumption in
Malaysia can be predicted using multiple linear regression model. According to the analysis, the
predictor variables that are correlated with the primary energy consumption are renewable electricity
generating capacity, electricity from renewables, access to clean fuels for cooking, and renewable
energy share in total final energy consumption.
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