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Abstract 
Accurate forecasting of the system marginal price (SMP) is crucial to improve 
demand-side management and optimize power generation scheduling. How-
ever, predicting the SMP is challenging due to the high volatility of electricity 
prices, which are influenced by fuel prices, fluctuations in energy demand, and 
generation capacity. Hence, the aim of this study is to improve the accuracy of 
SMP forecasting for the Malaysian electricity market using time-series models. 
Correlation analysis was first conducted to identify the most significant vari-
ables affecting SMP, followed by the development of simple linear regression 
(SLR), multiple linear regression (MLR), and autoregressive integrated mov-
ing average (ARIMA) models to predict the SMP, and assessment of the mod-
els using actual market data from a Single Buyer (SB) website. The accuracy of 
the SLR, MLR, and ARIMA models was assessed using mean absolute error 
(MAE) and mean absolute percentage error (MAPE). The prediction accuracy 
of the models was significantly improved by tailoring the model parameters 
and selecting the relevant independent variables. Based on the results, the SLR, 
MLR, and ARIMA models outperformed other models published in the liter-
ature including the model used by the SB. The regression and ARIMA models 
appear promising for forecasting electricity prices accurately, offering valuable 
insights to power utilities and stakeholders in supporting informed decision-
making in a dynamic electricity market.  
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Forecasting 

 

1. Introduction 

The structure and operation of the electricity market in Malaysia have undergone 
significant changes over the years [1]. In the past, the electricity market was char-
acterized by a single-buyer paradigm, where Tenaga Nasional Berhad (TNB) was 
the sole purchaser of electricity. However, changes in the electricity market, which 
included more competitive features, have increased the volatility of electricity 
prices. The interplay between fuel prices, fluctuations in energy demand, and gen-
eration capacity has increased the complexity and volatility of electricity pricing. 
In Malaysia, the system marginal price (SMP) is the price at which electricity is 
traded in the electricity market and is determined by the most expensive marginal 
generator required to supply electricity in order to fulfil the energy demand in a 
30-min period. The SMP directly affects the electricity prices for generators and 
consumers, and therefore, it is essential to predict the SMP accurately.  

The SMP is influenced by both internal factors (local energy demand trends, 
generation capacity, and grid reliability) and external factors (global fuel prices 
and economic conditions), all of which promote the volatility of the SMP. It is 
necessary to accurately predict the SMP in such a dynamic environment to facili-
tate the key stakeholders of the electricity market (generators, retailers, and regu-
lators) in making wise decisions regarding pricing strategies, production schedul-
ing, and policy development. At present, the existing forecasting models are inca-
pable of capturing the internal and external factors that influence the SMP in the 
Malaysian electricity market, resulting in less accurate forecasts, which in turn, 
affect decision-making. Maniatis and Milonas examined the relationship between 
the volatility of wholesale power prices in Greece and the production of solar and 
wind energies [2]. They found that the increase in the use of renewable energy 
systems resulted in the volatility of electricity prices, which made SMP forecasting 
inherently complex. Hence, there is a need to develop advanced forecasting mod-
els that can account for the volatility in electricity prices associated with the use 
of renewable energy systems. 

Time-series models have been used for SMP forecasting for many years as these 
models are capable of predicting time-dependent variables. The autoregressive in-
tegrated moving average (ARIMA) model is among the time-series models used 
in the power sector where significant amounts of historical data and the temporal 
characteristics of the data (i.e., changes in the data with respect to time) are criti-
cal. The ARIMA model is suitable for cases where the process that creates the data 
itself exhibits a predictable pattern as this model is capable of capturing linear 
relationships in time-series data. 

Regression models are alternative time-series models used to identify and quan-
tify the relationships between the SMP and factors that influence the SMP owing 
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to their interpretability and adaptability. Regression models can account for many 
variables (e.g., conditions of the electricity market, economic indicators, and me-
teorological data), and therefore, these models can adapt to various forecasting 
scenarios. Ulgen and Poyrazoglu predicted power costs using the multiple linear 
regression model and they highlighted that it is important to select the relevant 
variables in order to enhance the prediction accuracy [3]. Huang and Liu per-
formed regression analysis using MATLAB software and they highlighted the ben-
efits of using this software for handling large amounts of data and performing 
complex computations required for accurate predictions [4].  

Ahmad et al. predicted the load profiles of solar rooftop and integrated car park 
at a public university in Malaysia using the multiple regression time-series model 
[5]. They developed the multiple regression time-series model using MATLAB 
software, where the time-series data were differenced to eliminate trends and sea-
sonal patterns from the dataset and the maximum likelihood estimation was used 
to estimate the parameters of the regression model with ARIMA time-series er-
rors. Their results demonstrated the capability of the ARIMA model in producing 
short-term forecasts, which were crucial to optimise power consumption. This 
study is among the studies that demonstrate the versatility of the ARIMA model 
for energy management and energy forecasting beyond SMP. 

In recent years, researchers have combined conventional time-series models 
with machine learning models. For example, Kim et al. developed a new online 
machine learning model to forecast the SMP in South Korea based on economic 
variables [6]. Unlike static models, their online machine learning model continu-
ously updated its parameters in real time, improving the capability of the model 
to adapt to fluctuating conditions in the electricity market. To determine long-
term dependencies in the time-series data, Li and Becker developed a hybrid 
model that combined the ARIMA model with long short-term memory (LSTM) 
neural network [7]. Their results showed that the hybrid model outperformed 
other models in predicting electricity prices, particularly in electricity markets 
with high unpredictability. Their hybrid model increased the accuracy of electric-
ity price predictions by exploiting the benefits of the ARIMA model in capturing 
linear correlations as well as the benefits of LSTM neural network in handling 
non-linear trends. Kızıldağ et al. proposed a detailed forecasting framework for 
the electricity market in Türkiye, in which innovative machine learning tools such 
as support vector machine (SVM), extreme gradient boosting (XGBoost), and ex-
treme learning machine (ELM) were combined with statistical models such as 
ARIMA and seasonal autoregressive integrated moving average (SARIMA) mod-
els [8]. The performance of the models was significantly improved by applying 
advanced feature selection techniques such as maximum likelihood feature selec-
tor (MLFS) and minimum redundancy maximum relevance (mRMR). Nowadays, 
regression models are often used in conjunction with machine learning models in 
order to improve prediction accuracy. For example, Polat et al. developed a bid-
ding strategy for renewable electricity generation companies in the electricity 
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market in Türkiye by incorporating regression into their newsvendor-based neu-
ral network model [9]. 

Neural networks have garnered considerable attention from the scientific com-
munity for SMP forecasting owing to their capability to express complex, non-
linear correlations in datasets. For example, Kim et al. developed a hybrid model 
combining one-dimensional neural network (1D-CNN) with (BiLSTM) neural 
network to forecast the peak electricity demand and SMP [10]. Their method ex-
ploits the benefits of CNN (which excels at feature selection) and the benefits of 
the BiLSTM neural network (which excels at extracting temporal relationships). 
Their hybrid model exhibited superior performance over conventional time-series 
models, indicating the possibility of combining sophisticated neural networks 
with conventional time-series models. 

In a similar vein, Gaber et al. developed a hybrid deep learning model to predict 
short-term energy demands, in which the convolutional neural network–long 
short-term memory neural network (CNN-LSTM) model was combined with the 
bidirectional gated recurrent unit neural network (Bi-GRU) model [11]. In their 
hybrid model, CNN was used to elicit spatial trends, Bi-GRU was used to extract 
temporal dependencies, and LSTM was used to boost memory retention. The ac-
curacy and robustness of the hybrid model for load forecasting was evaluated 
based on the root mean square error (RMSE) and mean absolute error (MAE), 
where the model was tested on the American Electric Power Company (AEP) da-
taset. The performance of the hybrid model was found to be superior to other 
conventional models. Based on their study, it can be deduced that deep learning 
models can enhance the accuracy of time-series forecasting, which may be bene-
ficial to predict fluctuations in the SMP in dynamic electricity markets such as 
Malaysia. Hernandez-Matheus et al. conducted a detailed review of machine 
learning models for regional energy communities, and they highlighted that there 
is burgeoning interest in the development of hybrid models that combine statisti-
cal and machine learning models to enhance prediction accuracy [12].  

Carnevale et al. developed an artificial intelligence-based forecasting model, 
and the model was proven to promote the accuracy of the energy imbalance pre-
dictions for the day-ahead electricity market [13]. Their results showed that en-
semble forecasting (i.e., the combination of predictions from multiple models) 
appreciably enhanced the prediction accuracy by taking into account the volatility 
and uncertainty in electricity prices. Based on their results, it can be deduced that 
ensemble forecasting is beneficial for electricity markets characterized by high 
volatility, where a single model is incapable of capturing all of the pertinent infor-
mation. Ensemble forecasting produces predictions with higher accuracy and re-
liability by leveraging the advantages of multiple models. 

Despite the advances in forecasting models, it is still challenging to predict the 
SMP in the Malaysian electricity market with high accuracy. Neural networks for 
SMP forecasting are intrinsically complex, and they require advanced knowledge 
to tailor the multitude of hyperparameters, which is particularly the case for deep 
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learning models [13]. Owing to the complexity of neural networks, overfitting 
may occur, where the model produces a very small error on the training dataset, 
but produces a large error on a new dataset [4]. It is crucial to prevent overfitting 
in electricity price forecasting because the model will perform poorly on new, un-
seen data (such as unanticipated or unobserved variables in the electricity mar-
ket), resulting in inaccurate predictions. In contrast, time-series models are sim-
pler, clearer, and easier to comprehend. For example, the ARIMA model (which 
is a time-series model) is based on a specific set of parameters that represent the 
inherent temporal characteristics of the data, and thus, it is less susceptible to 
overfitting. Owing to the lucid nature of time-series models, these models are eas-
ier to interpret and validate, which are crucial for the electricity market in Malay-
sia, where transparency and adherence to regulations are of utmost importance. 

Additionally, the volume of historical SMP data available was a practical con-
straint in model selection. Deep learning models typically require large-scale da-
tasets to generalize effectively and avoid underfitting. Given the moderate size of 
our dataset, traditional time-series models such as ARIMA were more appropri-
ate, offering reliable performance without the need for extensive data prepro-
cessing or augmentation. 

Based on the literature review, there is a critical need to develop simple, 
straightforward models that predict the SMP in the Malaysian electricity market 
with high accuracy and account for the distinctive characteristics of the electricity 
market. Hence, in this study, simple linear regression, multiple linear regression, 
and ARIMA models are used to enhance the accuracy of SMP predictions. The 
scope of this study is outlined as follows: 

1) First, correlation analysis is performed to examine the effects of the inde-
pendent variables (input variables) on the SMP (dependent or target variable), 
where the data are retrieved from the Single Buyer (SB) website. Simulations with 
six distinct inputs are carried out to identify the independent variables that have 
the most pronounced effect on the short-term SMP predictions. The independent 
variables constitute the energy demand forecast for the upcoming day, day-ahead 
forecast for the monthly generation mix, and past SMP values for the preceding 
1, 2, 3, and 7 days. 

2) Next, the simple linear regression, multiple linear regression, and ARIMA 
models are developed to predict the SMP in the Malaysian electricity market with 
high accuracy. 

3) Finally, the performance of the simple linear regression, multiple linear re-
gression, and ARIMA models is evaluated and compared with the performance of 
the model used by the SB and other models published in the literature. The find-
ings indicate that the regression and ARIMA models outperform the other models 
in predicting the SMP. 

This remainder of this paper is organised as follows. The methodology adopted 
in this study to develop the SMP forecasting models is elaborated in detail in Sec-
tion 2, along with a theoretical background of the regression and ARIMA models. 
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The results of the SMP forecasting models are presented in Section 3, and the per-
formance of the regression and ARIMA models is discussed and compared with 
the performance of other models published in the literature. The conclusions 
drawn based on the key findings of this study are presented in Section 4, along 
with recommendations for future work. 

2. Methodology 

The time-series models used to predict the SMP in the Malaysian electricity mar-
ket are elaborated in detail in this section. This section begins with a theoretical 
background of the regression and ARIMA models, followed by correlation analy-
sis, development of the regression and ARIMA models, and finally, evaluation of 
the accuracy and reliability of the SMP forecasting models based on performance 
metrics. Figure 1 shows the overall methodology adopted in this study. 
 

 

Figure 1. Flow chart of the methodology adopted in this study. 
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2.1. Theoretical Background 

Time-series forecasting involves the use of mathematical models to predict future 
values based on historical data. Time-series forecasting is imperative for electricity 
markets, in which operational and financial decisions are influenced by electricity 
price fluctuations. Regression and ARIMA models are commonly used to predict 
the SMP, where the former model is used to establish the relationships between 
the independent and dependent variables, and the latter model is used to capture 
the temporal characteristics of the data. A brief description of these models and 
their role in enhancing the prediction accuracy of SMP is given in the following 
sub-sections. 

2.1.1. Simple Linear Regression and Multiple Linear Regression Models 
Regression model is a statistical model that establishes the relationship between 
one or multiple independent variables and a dependent variable. Regression 
model facilitates SMP forecasting by providing insight into how the independent 
variables (e.g., fuel prices, fluctuations in energy demand, and generation capac-
ity) influence the SMP. The most basic type of regression model is the simple lin-
ear regression model, where the relationship between the dependent variable and 
a single independent variable is represented by a linear equation. In contrast, the 
multiple linear regression model can be used to gain insight into the effects of 
multiple independent variables on the dependent variable [4].  

In general, the simple linear regression and multiple linear regression models 
for SMP forecasting can be expressed as Equation (1) and Equation (2), respec-
tively: 

 0 1 1t t tSMP Xβ β ε= + +  (1) 

 0 1 1 2 2t t t n nt tSMP X X Xβ β β β ε= + + + + +  (2) 

where tSMP  is the SMP at time t , 1 2 ,, ,t t ntX X X  are the independent varia-
bles, 0β  is a constant (y-intercept of the regression line), 1 2 , ,, nβ β β  are the 
coefficients of the independent variables, and tε  is the error term. 

The following statistical measures are used to ensure that the multiple linear 
regression model is appropriate, dependable, and interpretable [14] [15]: 

1) The coefficient of determination (R2 value) needs to be within a range of 0 - 
1. The R2 value reflects the proportion of the variability of the dependent variable 
that is explained by the independent variables of the model. An R2 value of 1 in-
dicates that all of the variability in the dependent variable is accounted for by the 
independent variables, and therefore, it indicates a perfect fit between the model 
and data. In contrast, an R2 value of 0 indicates that none of the variability in the 
dependent variable is accounted for by the independent variables, and therefore, 
the model does not approximate the data at all. The R2 value is a statistical measure 
of the goodness of fit, and thus, it is crucial to achieve a high R2 value.  

2) The t-value (also known as t-statistic) must be greater than 2 as this indicates 
that the coefficient of the independent variable deviates appreciably from 0, which 
in turn, highlights that the independent variable has a significant influence on the 
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dependent variable. A high t-value indicates that the independent variable is likely 
to be a useful variable in the multiple linear regression model. 

3) A p-value of less than 0.05 signifies that the independent variable is statisti-
cally significant and significantly affects the dependent variable. The p-value is 
used to test whether the null hypothesis is true (i.e., there is no relationship be-
tween the independent variable and dependent variable, where the coefficient of 
the independent variable is 0). A p-value of less than 0.05 indicates that the rela-
tionship between the independent variable and dependent variable is statistically 
significant.  

4) The F-value (also known as F-statistic) is determined by comparing the com-
puted F-statistic to a critical value from the F-distribution table at a chosen signif-
icance level (α), typically 0.05. This test evaluates the null hypothesis that all re-
gression coefficients are simultaneously equal to zero, where none of the inde-
pendent variables have a statistically significant effect on the dependent variable. 
If the F-value exceeds the critical value or the corresponding p-value is below the 
significance level, the null hypothesis is rejected, indicating that the multiple lin-
ear regression model is statistically significant, meaning at least one independent 
variable has a meaningful relationship with the dependent variable. Conversely, if 
the F-value is lower than the critical value or the p-value is higher than the signif-
icance level, the null hypothesis cannot be rejected, suggesting that the model does 
not offer a significantly better fit than a model with no predictors. 

2.1.2. Arima Model 
The ARIMA model works well for short-term forecasts based on historical data 
with temporal dependencies [14]. The ARIMA model is composed of three com-
ponents: autoregressive (AR), integrated (I), and moving average (MA). The au-
toregressive component models the relationship between a current observation 
and its own lagged observations (past observations), whereas the moving average 
component models the relationship between a current observation and the resid-
ual errors obtained from applying the moving average model to the lagged obser-
vations. The integrated component addresses the non-stationarity of the time-se-
ries data by means of differencing. 

The ARIMA model is represented by the notation ARIMA(p, d, q), where p 
denotes the order of the autoregressive model (which indicates the number of 
lagged observations that are used by the model to predict the current observation), 
d denotes the degree of differencing (which is the number of the times the data 
are differenced to make the time series stationary), and q denotes the order of the 
moving average model (which is the number of lagged forecast errors used in the 
model). In general, the prediction equation for the ARIMA model can be ex-
pressed as: 

 1 1 2 2 1 1 2 2t t t p t p t t q t q tY c Y Y Yφ φ φ θ ε θ ε θ ε ε− − − − − −= + + + + + + + + + 
 (3) 

where tY  is the actual value at time t , c  is a constant term (which is optional), 

1 2, , , pφ φ φ
 are the autoregressive coefficients (to account for the effect of past 
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observations on the current observation in the time-series data), 1 2, , , qθ θ θ
 are 

the moving average coefficients (to account for the effect of past residual errors 
on the current observation in the time-series data), and tε  is the white noise or 
error term at time t . 

In this study, the ARIMA model was implemented through the following steps. 
Firstly, the relevant time-series data were collected, and the data were scrubbed to 
address missing values and outliers. Secondly, the time-series data were checked 
for stationarity by identifying trends and seasonal patterns. The time-series data 
are said to be stationary if the statistical parameters such as mean, and variance 
do not vary with respect to time. Differencing was carried out to make the time-
series data stationary [16]. Thirdly, the autocorrelation function (ACF) and partial 
autocorrelation function (PACF) were plotted to identify trends and relationships 
within the time-series data and determine the optimal values for the order of the 
autoregressive model (p) and order of the moving average model (q). The degree 
of differencing (d) was established based on the stationarity check. Fourthly, the 
ARIMA model was trained on historical SMP data to capture temporal depend-
encies. Finally, the accuracy and reliability of the ARIMA model for SMP fore-
casting were evaluated based on the following performance metrics: mean abso-
lute error (MAE) and mean absolute percentage error (MAPE). 

2.2. Correlation Analysis 

Correlation analysis was conducted to determine the direction and strength of the 
correlations between the dependent variable (SMP) and different independent 
variables. The SB website [17] was used to acquire the historical SMP data in order 
to evaluate the accuracy of the simple linear regression, multiple linear regression, 
and ARIMA models in this study. The historical SMP data were examined metic-
ulously and sedulously to ensure that the data were accurate and reliable, and that 
the duration was sufficiently long to capture the changes and trends in the Malay-
sian electricity market. The effects of independent variables on the SMP can be 
assessed based on the correlation coefficients.  

The correlation coefficient falls within a range of −1 and 1, which indicates the 
strength of the linear correlation between the dependent and independent varia-
bles. A correlation coefficient of 1 indicates a perfect positive correlation, where a 
change in the independent variable results in a change in the dependent variable 
in the same direction. For example, if the independent variable increases, the de-
pendent variable increases by the same proportion. In contrast, a coefficient cor-
relation of −1 indicates a perfect negative correlation, where a change in the inde-
pendent variable results in a change in the dependent variable in the opposite di-
rection. For example, if the independent variable increases, the dependent variable 
decreases by the same proportion. In this study, the correlations between the SMP 
on the targeted day and the following independent variables were examined: 

1) Past SMP values for the preceding 1, 2, 3, and 7 days ( 1  dSMP − , 2dSMP − , 
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3dSMP − , and 7dSMP − ). 
2) Energy demand forecast for the upcoming day ( dD ). 
3) Day-ahead forecast for the monthly generation mix, which is a combination 

of electricity generation from fossil fuels (coal and natural gas) and renewable en-
ergy sources (solar and hydro energies) ( dG ). 

2.3. Development of the Simple Linear Regression, Multiple Linear  
Regression, and Arima Models 

In this study, the pre-processing stage involved selecting the datasets for training 
and testing. The training dataset was used to facilitate the regression and ARIMA 
models in learning the relationships and trends between the independent variables 
and dependent variable (SMP). All the observations were half-hourly data, where 
the daily forecast generated 48 points of half-hourly SMP for the day ahead. The 
training dataset spanned from 1 February 2021 to 30 October 2021, whereas the 
testing dataset spanned from 1 February 2022 to 24 April 2022.  

Both the simple linear regression and multiple linear regression models were 
developed to determine the effects of different independent variables on the SMP. 
The independent variables that had the most pronounced effects on the SMP were 
identified using these models. 

The ARIMA model was developed by preparing the time-series data (SMP 
data), ensuring that the data were stationary. The parameters of the ARIMA 
model (p and q) were then determined by analysing the ACF and PACF plots, 
whereas the degree of differencing (d) was determined based on the number of 
times the SMP data needed to be differenced in order to attain stationarity. The 
stationary SMP data were then fitted with the ARIMA model to identify the trends 
and temporal dependencies in SMP. The ARIMA model was trained using the 
training dataset after the parameters p, d, and q were determined.  

The accuracy and reliability of the regression and ARIMA models were evalu-
ated based on the MAE and MAPE, which will be described succinctly in the fol-
lowing sub-section. 

2.4. Evaluation of the Simple Linear Regression, Multiple Linear  
Regression, and Arima Models 

The prediction accuracy of the simple linear regression, multiple linear regression 
and ARIMA models was evaluated based on two performance metrics: MAE and 
MAPE. The MAE represents the mean of the absolute errors (i.e., the sum of the 
absolute errors (differences between the actual and predicted SMP values) divided 
by the total number of hours), as given by Equation (4). As the name implies, the 
MAPE represents the mean of the absolute percentage errors (i.e., the sum of the 
relative errors (ratios of the absolute error to the actual SMP value) divided by the 
total number of hours and multiplied by 100), as given by Equation (5). In these 
equations, 

tactualSMP  denotes the actual SMP value at hour t , 
tforecastSMP  de-

notes the predicted SMP value at hour t , and N  denotes for the total number 
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of hours. 

 1

1MAE
t t

N
actual forecastt SMP SMP

N =
= × −∑  (4) 

 1

100MAPE t t

t

actual forecast

t
c

N

a tual

SMP SMP

N SMP=

−
= ×∑  (5) 

3. Results and Discussion 

The results of the correlation analysis and performance of the simple linear re-
gression, multiple linear regression, and ARIMA models were analysed and pre-
sented and discussed in this section. The results reveal the strengths and limita-
tions of the regression and ARIMA models, which offer insight into the applica-
bility of these models in predicting the SMP for the Malaysian electricity market. 
The most appropriate SMP forecasting model for the Malaysian electricity market 
was then selected based on the model that yielded the lowest MAE and MAPE. 

3.1. Correlation Analysis 

Table 1 shows the strength of the correlations between the independent variables 
(past SMP values for the preceding 1, 2, 3, and 7 days ( 1dSMP − , 2dSMP − , 3dSMP − , 
and 7dSMP − ), day-ahead forecast for the monthly generation mix ( dG ), and en-
ergy demand forecast for the upcoming day ( dD ) and the dependent variable 
(current day’s SMP) for January 2021. A correlation coefficient of 0.5 - 1.0 indi-
cates that there is a strong correlation between the independent and dependent 
variables, whereas a correlation coefficient of 0.30 - 0.49 indicates that there is a 
moderate correlation between the independent and dependent variables [18].  

Based on the results, there was a stronger correlation between 1dSMP −  and 

dSMP  (as indicated by the correlation coefficient of 0.22), compared with the 
correlations between 2dSMP − , 3dSMP − , 7dSMP − , and dSMP . This is indeed ex-
pected since electricity prices frequently follow short-term trends and are influ-
enced by market factors, and thus, the electricity prices from the previous day can 
have a more significant effect on the current day’s SMP. The correlation between 

2  dSMP −  and dSMP  was weaker due to the increase in the lag time. The past 
SMP value for the preceding 2 days ( 2dSMP − ) can still reflect ongoing market 
trends. However, external market factors such as sudden changes in energy de-
mand or supply, fuel price changes, the integration of renewable energy, and reg-
ulatory shifts can diminish the correlation between the past and current day’s SMP 
values over time. This is also reflected by the correlation coefficients for 3dSMP −  
and 7dSMP − , which indicate that there is a weak correlation between these inde-
pendent variables and dSMP . The conditions of the Malaysian electricity market 
vary rapidly, and even though there is still a correlation between the past and cur-
rent day’s SMP values, the strength of the correlation decreases with an increase 
in the lag time (i.e., the number of days in which the past SMP influences the 
current day’s SMP). 

https://doi.org/10.4236/jpee.2025.138005


I. A. Wan Abdul Razak et al. 
 

 

DOI: 10.4236/jpee.2025.138005 72 Journal of Power and Energy Engineering 
 

Table 1. Results of the correlation analysis. 

Target variable 
(dependent variable) 

Input variable 
(independent variable) 

Correlation coefficient 

dSMP  1dSMP −  0.22 

dSMP  2dSMP −  0.10 

dSMP  3dSMP −  0.14 

dSMP  7dSMP −  0.14 

dSMP  dG  0.42 

dSMP  dD  0.39 

 
Meanwhile, the day-ahead forecast for the monthly generation mix ( dG ) ap-

peared to have a moderate correlation with the current day’s SMP, which is ex-
pected because the cost of electricity generation varies depending on the energy 
source. Likewise, the energy demand forecast for the upcoming day ( dD ) had a 
moderate correlation with the current day’s SMP. In general, electricity prices in-
crease with an increase in the energy demand due to the higher need for electricity 
generation, which may require bringing more expensive generation sources 
online. Hence, it is likely that changes in dD  will result in changes in dSMP . 

3.2. Performance of the Simple Linear Regression, Multiple Linear  
Regression, and Arima Models 

As mentioned previously in Section 2.4, the accuracy and reliability of the simple 
linear regression, multiple linear regression, and ARIMA models were assessed 
based on two performance metrics: MAE and MAPE. An MAE approaching 0 
signifies a highly accurate model, whereas a MAPE below 10% is typically re-
garded as an indicator of a reliable forecasting model. The performance of the 
regression model was assessed in response to six different inputs (comprising 
combinations of independent variables as well as single independent variable) and 
the results are summarised in Table 2. In contrast, the performance of the ARIMA 
model was assessed in response to four different inputs since the ARIMA model 
could only handle a single independent variable. The testing dataset was acquired 
from 1 February 2022 to 24 April 2022, whereas the training dataset was acquired 
from 1 February 2021 to 30 October 2021. 
 
Table 2. Performance of the simple linear regression, multiple linear regression, and 
ARIMA models in predicting the SMP using different independent variables as the model 
inputs (1 February 2022 to 24 April 2022). 

Input variables 
(independent variables) 

Regression model ARIMA model 

MAE MAPE MAE MAPE 

1dSMP − , dD , and dG  0.0188 5.98% - - 
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Continued 

7dSMP −  and dD  0.0249 8.07% - - 

1dSMP −  0.0298 10.70% 0.0221 8.21% 

7dSMP −  0.0333 11.77% 0.0259 9.44% 

dD  0.0966 35.34% 1.2443 48.07% 

dG  0.0984 36.08% 1.2329 47.61% 

 
The multiple linear regression model was developed by determining if the com-

bination of independent variables resulted in a model that fulfilled the statistical 
criteria (R2 value, t-value, p-value, and F-value) described in Section 2.1.1. The 
combination of 1dSMP − , dD , and dG  as well as the combination of 7dSMP −  
and dD  resulted in a multiple linear regression model that fulfilled the statistical 
criteria. Based on the results, the lowest MAE and MAPE were achieved for the 
multiple linear regression model with three independent variables: past SMP value 
for the preceding day ( 1dSMP − ), energy demand forecast for the upcoming day 
( dD ), and day-ahead forecast for the monthly generation mix ( dG ). This result 
indicates the capability of the multiple linear regression model to capture complex 
relationships by incorporating a diverse set of independent variables.  

In contrast, the ARIMA model was more accurate than the simple linear regres-
sion model in predicting the SMP when the past SMP value for the preceding 1 
and 7 days ( 1dSMP −  and 7dSMP − ) were used as the inputs of the model, as indi-
cated by the lower MAE and MAPE. This is indeed expected since the ARIMA 
model typically performs well in univariate forecasting (i.e., the prediction of SMP 
based on a single independent variable), particularly when the SMP follows iden-
tifiable trends, cycles, or seasonal patterns. The ARIMA model is especially useful 
for short-term forecasts where the past SMP values are strong predictors of future 
SMP values. 

In addition, the simple linear regression and ARIMA models yielded results 
that were significantly different from those of the correlation analysis (Table 1). 
Although the energy demand forecast for the upcoming day ( dD ) and day-ahead 
forecast the monthly generation mix ( dG ) had a moderate correlation with the 
current day’s SMP, using these independent variables as the model inputs resulted 
in a higher MAPE. This indicates that demand and generation alone may not be 
adequate for accurately forecasting SMP, potentially due to external market dy-
namics, price volatility, or the impact of other unaccounted factors, such as fuel 
prices, regulatory policies, and fluctuations in renewable energy sources. The past 
SMP value for the preceding 7 days ( 7dSMP − ) appeared to be a valuable independ-
ent variable, despite its lower correlation coefficient. This suggests the presence of 
cyclical trends in the Malaysian electricity market, as the SMP tends to follow 
weekly trends, emphasising the importance of using historical data from 7 days 
prior to make accurate predictions. 
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Figure 2 shows the comparison between the actual SMP and SMP predicted by 
the multiple linear regression model, where the past SMP value for the preceding 
day ( 1dSMP − ), energy demand forecast for the upcoming day ( dD ), and day-ahead 
forecast of the monthly generation mix ( dG ) were used as the model inputs. Fig-
ure 3 shows the comparison between the actual SMP and the SMP predicted by 
the simple linear regression model, where the past SMP value for the preceding 1 
and 7 days ( 1dSMP −  and 7dSMP − ) were used as the model inputs. It can be ob-
served that both the multiple linear regression and simple linear regression mod-
els predicted the SMP in the Malaysian electricity market to an acceptable degree 
except for some days when there were spikes in the actual SMP values. 
 

 

Figure 2. Comparison between the actual SMP and SMP predicted by the multiple linear 
regression model using 1,d dSMP D−  and dG  as the inputs. 
 

 

Figure 3. Comparison between the actual SMP and SMP predicted by the simple linear 
regression model using 1dSMP −  and 7dSMP −  as the inputs. 
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3.3. Comparison of the Performance of the Simple Linear  
Regression, Multiple Linear Regression, and Arima Models  
with Other Models 

The performance of the simple linear regression, multiple linear regression, 
ARIMA, and other models published in the literature (least squares support vector 
machine (LSSVM) and least squares support vector machine-genetic algorithm 
(LSSVM-GA) in predicting the SMP using two testing datasets (1 February 2022-
24 April 2022 and February 2022) were compared and the results are tabulated in 
Table 3. It can be observed that the ARIMA model performed better than the 
model used by the SB to predict the short-term variations in SMP, with a MAPE 
of less than 10%. The cyclical and temporal characteristics of the Malaysian elec-
tricity market were well captured by the ARIMA model, which was initially cre-
ated to handle time-dependent data. The multiple linear regression and simple 
linear regression models also outperformed the model used by the SB, with a 
MAPE of ~6% - 7%. By inputting multiple independent variables (the past SMP 
values for the preceding day ( 1dSMP − ), energy demand forecast for the upcoming 
day ( dD ), and day-ahead forecast for the monthly generation mix ( dG )) into the 
model, the multiple linear regression model demonstrated its capability in han-
dling multiple linear relationships between the independent and dependent vari-
ables, encompassing various factors that influence the SMP. 
 
Table 3. Comparison of the performance of the simple linear regression, multiple linear 
regression, ARIMA, and other models in predicting the SMP in the Malaysian electricity 
market using different independent variables and testing datasets. 

Testing 
dataset 

Forecasting 
model 

Input variables 
(independent variables) 

MAE MAPE 

1 February 
2022-24 

April 2022 

ARIMA 1dSMP −  0.0221 8.21% 

Multiple linear 
regression 1dSMP − , dD , and dG  0.0188 5.98% 

LSSVM [19] 7dSMP − , 14dSMP − , 21  dSMP − , and 

28  dSMP −  0.0259 9.28% 

LSSVM-GA [19] 7dSMP − , 14dSMP − , 21  dSMP − , and 

28  dSMP −  0.0339 12.06% 

Single Buyer Not known 0.0351 13.31% 

February 
2022 

ARIMA 1dSMP −  0.0156 6.27% 

Simple linear 
regression 1dSMP −  0.0165 6.69% 

LSSVM-GA [20] 1dSMP −  0.0180 7.09% 

Single Buyer Not known 0.0254 10.63% 

 
In addition, it is evident that the regression and ARIMA models in this study 

were superior to the machine learning models (LSSVM and LSSVM–GA) pub-
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lished in the literature [19] [20] in predicting the SMP in the Malaysian electricity 
market, as indicated by the lower MAPE values. It can be deduced that time-series 
models (in particular, regression and ARIMA models) perform well in cases where 
the temporal characteristics of the data are essential to predict the SMP accurately. 
The performance of the regression and ARIMA models was comparable to the 
performance of the LSSVM and LSSVM-GA models; however, the effectiveness of 
the time-series models may differ depending on the independent variables used 
as the inputs.  

The ARIMA model was superior to the simple linear regression and LSSVM-
GA models in forecasting the SMP based on a single independent variable. This 
indicates that the ARIMA model performs exceptionally well in predicting the 
short-term SMP based on only the past SMP values for the preceding day ( 1dSMP − ). 
Even though the simple linear regression model was slightly less accurate than the 
ARIMA model, the simple linear regression model could also be used to predict 
the SMP in the Malaysian electricity market based on a single independent varia-
ble since there was only a minor difference between the MAPE values of the simple 
linear regression and ARIMA models (6.69% and 6.27%, respectively).  

The performance of the regression and ARIMA models was also compared with 
the performance of the ARIMA model developed by Kızıldağ et al. [8]. However, 
it shall be highlighted that the comparison is complicated by discrepancies in the 
datasets, including those related to historical periods, market situations, and geo-
graphical locations. Notably, both studies utilized hourly SMP data, so differences 
in time granularity do not account for the variation in forecasting performance. 
Hence, there is a need to exercise caution when interpreting the results. Kızıldağ 
et al. found that the ARIMA model consistently showed higher MAPE values 
(with an average MAPE of 15.26%), indicating that the model was not capable of 
capturing the characteristics of the highly volatile electricity market in Türkiye 
[8]. In contrast, the ARIMA model performed relatively well in this study, with a 
MAPE of less than 10%. This discrepancy can be attributed to differences in the 
data characteristics and market dynamics between Malaysia and Türkiye, as well 
as the configurations used for the ARIMA models. Even though Kızıldağ et al. 
discovered that the ARIMA model was incapable of capturing the rapid electricity 
price fluctuations and intricate interdependencies between the variables, this 
study shows that the ARIMA model can predict the SMP in the Malaysian elec-
tricity market with good accuracy by appropriately tailoring the model parameters 
and incorporating the relevant independent variables. Kızıldağ et al. also imple-
mented advanced feature selection techniques such as minimum redundancy 
maximum relevance (mRMR) and maximum likelihood feature selector (MLFS) 
to remove redundant or less informative variables in order to improve the predic-
tion accuracy. Even though these feature selection techniques were not imple-
mented in this study, this study shows that it is possible to develop an ARIMA 
model with high prediction accuracy by judiciously selecting the model parame-
ters and incorporating the relevant independent variables as inputs.  
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Based on the MAE and MAPE values, it can be deduced that both regression 
and ARIMA models can be used to predict the short-term SMP in the Malaysian 
electricity market with high accuracy, without the need to deal with the complex 
intricacies of machine learning models. Both the regression and ARIMA models 
are able to capture the temporal characteristics of electricity prices. The multiple 
linear regression model, in particular, proves to be useful in univariate forecasting 
with multiple independent variables as inputs, which gives a more realistic picture 
since the SMP is influenced by internal and external factors. 

4. Conclusions 

The electricity market in Malaysia is undergoing a paradigm shift, transitioning 
from a single-buyer model to a more competitive model. Accurate SMP forecast-
ing is crucial for demand-side management and efficient power generation sched-
uling; however, this is made difficult by the transient nature of the SMP. Hence, 
time-series models (specifically simple linear regression, multiple linear regres-
sion, and ARIMA models) were developed in this study to predict the SMP in the 
Malaysian electricity market with high accuracy. Correlation analysis was first 
conducted to identify the primary factors (independent variables) that influence 
the SMP (dependent variable). Next, the simple linear regression, multiple linear 
regression, and ARIMA models were developed. The regression models were se-
lected owing to their simplicity in interpreting the relationships between the SMP 
and independent variables compared with machine learning models, while the 
ARIMA model was selected because of its capability in capturing temporal de-
pendencies in the data. The accuracy and reliability of these models were evalu-
ated based on the MAE and MAPE. The key findings of this study are summarized 
as follows:  

1) Comparison between the ARIMA model and model used by the SB showed 
that the ARIMA model performed better in predicting the short-term variations 
in SMP, with a MAPE of less than 10%. Both the multiple linear regression and 
simple linear regression models outperformed the model used by the SB, with a 
MAPE of ~6% - 7%.  

2) The simple linear regression, multiple linear regression, and ARIMA models 
in this study outperformed the machine learning models (LSSVM and LSSVM-
GA) published in the literature [19] [20] in predicting the SMP in the Malaysian 
electricity market.  

3) The performance of the simple linear regression model was comparable to 
that of the ARIMA model, where there was only a marginal difference between 
the MAPE values (6.69% and 6.27%, respectively).  

4) The multiple linear regression model performed exceptionally well in pre-
dicting the short-term SMP based on a combination of the following independent 
variables: past SMP value for the preceding day ( 1dSMP − ), energy demand forecast 
for the upcoming day ( dD ), and day-ahead forecast for the monthly generation 
mix ( dG ). The corresponding MAPE was 5.98%, indicating high prediction accu-
racy.  
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5) The ARIMA model performed relatively well in this study (MAPE: <10%) 
unlike the ARIMA model developed by Kızıldağ et al. [8] (average MAPE: 
15.26%), indicating that the ARIMA model can be used to predict the SMP with 
good accuracy by fine-tuning the model parameters and using the relevant inde-
pendent parameters as the model inputs. The SMP in the Malaysian electricity 
market can be predicted by the ARIMA model without the need of sophisticated 
feature selection techniques to refine the independent variables.  

6) Both the regression and ARIMA models can be used to predict the short-
term SMP in the Malaysian electricity market with high accuracy, which is an ad-
vantage because these models are not as inherently complex as machine learning 
models.  

With the regression and ARIMA models, the accuracy of short-term SMP fore-
casting can be improved, which will facilitate the key stakeholders of the Malay-
sian electricity market in making well-informed decisions. For instance, genera-
tors can optimize their bidding strategies based on anticipated price movements, 
while industrial consumers can design demand-response programs to reduce 
costs during peak pricing periods. Accurate SMP forecasting will facilitate balanc-
ing electricity supply and demand, which will ensure grid stability. Accurate SMP 
forecasting is imperative for efficient energy management, and it will facilitate 
generators to incorporate renewable energy sources into the power grid as well as 
boost resource allocation efficiency.  

Despite these promising outcomes, the study has several limitations. Tradi-
tional models such as ARIMA and regression, while interpretable and straightfor-
ward, may not fully capture nonlinear relationships or complex temporal depend-
encies inherent in electricity markets. Future research could explore hybrid mod-
eling approaches that combine statistical techniques with machine learning algo-
rithms such as ARIMA-LSTM or ensemble methods to further improve forecast-
ing accuracy and adaptability in dynamic market environments. 
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