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Abstract

Unemployment is a global phenomenon that is regarded as a problem
throughout the world. Unemployment occurs when a person who is
unemployed and looking for work is unable to find job while youth
unemployment refers to those aged 15 to 24, or 15 to 29. The study
focused on forecasting Malaysia's overall unemployment rate and youth
unemployment rate. The monthly data sets applied for both the
unemployment rate and youth unemployment rate are starting from
January 2010 to March 2023 (159 data points) and January 2016 to
March 2023 (87 data points) respectively. This study employs the
performance of three forecasting models: Simple Exponential
Smoothing (SES), Holt's Linear Trend Method, and Autoregressive
Integrated Moving Average (ARIMA). The objective is to construct
forecast models for unemployment rate and youth unemployment rate
using the three methods, determine the best performing model among
them using the performance metrics such as mean absolute erro (MAE),
mean square error (MSE) and mean absolute percentage error (MAPE).
Lastly, the third objective is to forecast the future wvalue of
unemployment rate and youth unemployment rate by implementing the
best forecast model. By employing accuracy measures, the study
identify that Holt's Linear Trend method emerges as the optimal model
for forecasting the monthly unemployment rate with the minimum MAE
and MAPE value of 0.005648 and 1.2354 separately. On the other hand,
SES is identified as the best method for forecasting monthly youth
unemployment rate with MAE, MSE and MAPE value of 0.05220, 0.1850
and 2.4361 respectively. In conclusion, this study underscores the
significance of selecting reliable forecasting models to enhance
economic planning, workforce strategies, and overall economic stability.

1. Introduction

Winkelmann [1] stated that unemployment occurs when a person wishes to work but fails to find work. The

unemployment rate is sometimes expressed as a percentage of the entire labor force, which is a significant
indication of a country's labour market and economy. Unemployment has far-reaching social, economic, and
psychological upshot for individuals, families, communities, and the economy as a whole, and it is a major source
of concern for policymakers, employers, and job seekers alike. Malaysia has recorded an unemployment rate of
3.6% in December 2022 and this value remained constant up to January 2023 based on the information from

DOSM.
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When young people, often between the ages of 15 and 24, actively seek employment but are unable to
secure acceptable positions, this is referred to as youth unemployment. High youth unemployment rates can
have a long-term negative impact on people, societies, and economies, which is a major worry in many nations.
Detrimental macroeconomic performance is one of the key factors that contributes to this issue. According to [2]
youth in particular are impacted by the economy's lack of significant economic growth. Inadequate economic
growth performance also contributes to rising rates of youth unemployment, particularly during times of crisis.
A sharp reduction in economic performance may be responsible for half of the increase in youth unemployment
during the crisis [3]. Several factors can contribute to this dilemma. Firstly, the economic factor and lacking
work experience can have impact on the unemployment rate [4]. This situation occurs because there is
reduction and limitation in job opportunity and thus increase in unemployment rate when the economy of a
country does not perform well as expected.

Predicting future unemployment rates in Malaysia is crucial especially in the developing country as the
unemployment rate keep fluctuating from time to time. Hence, many past research and investigation had been
conducted to forecast the unemployment rate in Malaysia. For instances, research by Nor et al. reveals that that
Holt's model is the best at projecting the overall yearly unemployment rate, male yearly unemployment rate, and
overall quarterly unemployment rate. Furthermore, both the female yearly unemployment rate and the overall
monthly unemployment rate, SES was the greatest predictor [5]. Furthermore, analysis by Ismail et al. tells that
the best time series models found were ARIMA (2, 1, 2) and ARFIMA (0, -0.2339, 0) [6]. Research done by Ramli
et al. to forecast the unemployment rate in Malaysia exposed that ARIMA (2,1,2) is the best model compared to
Holt’s exponential smoothing method [7].

The unemployment rate, a major economic statistic, is critical in predicting job success and driving
policymaking initiatives [8]. Accurate unemployment rate forecasting enables policymakers to design effective
solutions, such as job creation program and skill development efforts, to address and mitigate the negative
effects of unemployment on individuals and the larger economy. Furthermore, this research helps governments
and businesses anticipate labor market changes and modify fiscal, monetary, and investment policies
accordingly. Accurate forecasting provides critical for proactive decision-making and ensuring the resilience of
national and regional economies.

The purpose of this study is to apply SES, Holt’s Linear Trend Method and ARIMA modelling to forecast the
future unemployment rate and youth unemployment rate. The best model for each unemployment rate and
youth unemployment rate will be evaluated through the accuracy measure like Mean Absolute Error (MAE),
Mean Square Error (MSE) and Mean Absolute Percentage Error (MAPE).

2. Methodology

The study makes use of historical data on Malaysia's unemployment rate and young unemployment rate.
Monthly unemployment rate statistics in percentage are available from January 2010 to March 2023 (159 data
points), whereas youth unemployment rate data are available from January 2016 to March 2023 (87 data
points). These datasets, collected from the website of the Malaysian Department of Statistics (DOSM), are
divided into training and testing sets. The unemployment rate training set includes January 2010 to December
2021, whereas the youth unemployment rate spans January 2016 to September 2021. Unemployment rate
dataset testing period runs from January 2022 to March 2023 while youth unemployment rate testing period
runs from October 2021 to March 2023. For data analysis, statistical software such as Minitab 21, Excel, and
SPSS are used. Three main methods have been applied in this study which are SES, Holt’s Linear Trend method
and ARIMA modelling.

2.1 Simple Exponential Smoothing (SES)

SES is a time series data forecasting method that uses past values to predict future ones and used for time series
data without trend and seasonality. It computes a weighted average, with greater weight given to current
observations than to older ones. The key concept is to emphasise fresh data while gradually decreasing the
importance of older data. The smoothing parameter alpha (0 < a <1) controls how quickly the weights decline,
influencing the significance of historical observations. A higher alpha weight the most recent observation more
heavily, whereas a lower alpha weight prior observation more evenly. SES can be used to predict time series
data with a consistent or slowly changing pattern [6]. SES model can be express as shown in equation (1):

F=aY, +(1-a)F, (1)
where
F, : Forecast value for period t

@ : Smoothing constant (0 < a <1)

Penerbit
UTHM



235 Enhanced Knowledge in Sciences and Technology Vol. 4 No. 2 (2024) p. 223-240

Y, : Actual value for period t

F,_, : Forecast value for period t —1

2.2 Holt’s Linear Trend Method

Double Exponential Smoothing, often known as Holt's approach, is a forecasting methodology for time series
data that adds a trend aspect to simple exponential smoothing. Holt's technique includes two components: level
and trend, which is especially beneficial when there is a clear pattern in the data over time. The level indicates
the time series' average value, whereas the trend represents the rate of change. Holt's approach estimates these
components and projects future values using smoothing parameters, alpha and beta [9]. A forecast equation (2)
and two smoothing equations (3) and (4) are involved in this model [10].

A

Yt+h|t =0+ hbt (2)
li=aY +(-a)(a, ,+b) (3)
b[ ::B*(gt _gt—l)_i_(l_ﬂ*)b[fl (4)

Where;

Yt+h|t : Forecast value for period t+h

!, : Estimate of level of the series at time t

h : number of periods ahead to be forecast
b, : Estimate of trend of the series at time t

o . Smoothing parameter for the level
Y, : Actual value at time t

ﬂ* : Smoothing parameter for the trend

2.3 ARIMA Model

ARIMA refers to the autoregression process (AR), integration (I), and moving average process (MA). ARIMA is a
method used in the Box-Jenkins methodology. Box-Jenkins is a method for discovering and estimating models
that encompasses both AR and MA models. Box-]Jenkins requires a stable variance and a stationary mean in the
data. To meet these conditions prior to the model identification procedure, Box-Cox transformation and
differencing techniques are applied. When the data does not have a constant variance, the Box-Cox
transformation is employed, followed by a back-transformation to yield the anticipated values. The differencing
technique is used to determine whether non-stationary data can be transformed into a stationary mean using
the differencing procedure.

The ARIMA model is written as ARIMA (p,d,q), where p represents the order of the AR component, d
represents the degree of initial differencing involved, and q represents the order of the MA part [11]. Time series
data must be stationary in order to proceed with time series. To begin, a time series graph is drawn to discover
the graph's components or pattern. Before beginning with the identification model, if the dataset exhibits non-
stationary behaviour, it must be turned into a stationary series. To determine if the mean and variance are
stationary, the autocorrelation function (ACF), partial autocorrelation function (PACF), and Box-Cox
transformations were used. A full model of non-seasonal ARIMA model can be expressed in equation (5).

$,(B)V'y, =6,(B)eg, (5)
Where:

Vdy: is the degree of differencing, can express as below:
V? =(1-B)’ 6)
¢»(B) is the non-seasonal autoregressive operator of order p, as below:
#,(B) =1-(B)—¢,B” .. 4,B" )
0,4(B) is the non-seasonal moving average operator of order g, as below:
¢,(B)=1-6,(B)—6,B* —..0,B" (8)
By substitute equations (6), (7) and (8) into equation (5), the ARIMA model can derived as (9):
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(1-#B— 4B’ —..¢,B*)1-B)'y, = (1-#B—¢,B> —..4,B%)e, )

where:
Y, . differenced series.

@ : parameter of differencing AR model.

0 : parameter of differencing MA model.
> order of the autoregressive part.

: degree of first differencing involved.
. order of the moving average part.

foloRE o]

: white noise

If the data does not exhibit seasonality, regular differencing can be used to analyse it. Seasonal differencing
can be applied to data that exhibits seasonality behaviour. After the mean has reached stationary, the pattern of
the autocorrelations function (ACF) and partial autocorrelation function (PACF) can be used to identify the
tentative models. The model identification criteria are shown in Table 1.

Nyl

Table 1: Model Identification

Model ACF PACF

AR(p) Decay to 0 with exponential Cutoff atlagp
pattern

MA(q) Cutoffatlagq Decay to 0 with exponential

pattern

AR(p) or MA(q) Cutoffatlag g Cutoffatlagp

ARMA(p,q) Decay to 0 with exponential Decay to 0 with exponential
pattern pattern

Following that, the parameter values of the selected models must be approximated using the p-value as a
reference. The p-value of the estimated parameter value must be less than 5%, indicating that the estimated
parameter value is significant. The following phase is model checking. The Ljung-Box test is used to determine
the lack of fit of a time series model. The test was applied to time series residuals after fitting an ARIMA model to
the data.

2.4 Accuracy Measure

According to [12], prediction accuracy is a critical metric for assessing model forecasting ability. [13] defined
accuracy measure as a method that provides information about the performance of forecasting methods in order
to determine whether or not the model is suited to the data. The forecasting ability of the ARIMA model, SES
method, and Holt's Linear Trend approach will be assessed in this study utilising accuracy measures. Mean
Absolute Error (MAE), Mean Square Error (MSE), and Mean Absolute Percentage Error (MAPE) are three forms
of statistics errors used to assess the accuracy of forecasting methodologies. The lower the value of error, the
more accurate the forecasting systems [14]. Formulae for the MAE, MSE and MAPE are shown in equations (10),
(11) and (12). Table 2 shows the interpretation of MAPE value. The accuracy of forecast value is higher when the

MAPE value is lower.
n

z‘yt_yt

MAE = 12 - (10)
(Y. - y)?
MSE = ; - ()
n

i(Yt B yt)
12
MapE= = Y o100 (12)
n

where:
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Y, : Actual observation at period t

¥, : Forecast value at period t

N . Number of period used in forecast

Table 2: Interpretation of MAPE value

MAPE Value Interpretation

Less than 10% Highly Accurate Forecast
11% to 20% Good Forecast

21% to 50% Reasonable Forecast
More than 51% Inaccurate Forecast

3. Result And Discussion

The anticipated value of models is obtained first. The calculated forecasted value is used to compute the model
accuracy measures. To assess the performance of the models, the accuracy measures for unemployment rate and
youth unemployment rate are provided in Table 3 and Table 4, respectively. The lower the error, the more
accurate the anticipated results.

Table 3: Accuracy measures for Unemployment Rate (UR)

Accuracy Measure Simple Exponential Holt’s Linear =~ ARIMA Model
Smoothing Trend
Method
MAE 0.05099 0.005648 0.497776
MSE 0.006187 0.04662 0.305969
MAPE 1.3492 1.2354 13.64809

Table 4: Accuracy measures for Youth Unemployment Rate (YUR)

Accuracy Measure Simple Exponential Holt’s Linear =~ ARIMA Model
Smoothing Trend
Method
MAE 0.05220 0.05899 1.086164
MSE 0.1850 0.1999 1.468571
MAPE 2.4361 2.6359 14.94677

According to the results obtained in Table 3, Holt’s Linear Trend method has lower values of MAE and MAPE
when compared SES and ARIMA modelling method for Unemployment Rate (UR). This indicates that the Holt’s
Linear Trend method has higher tendency to be more accurate in forecasting. Hence, this makes the Holt’s
Linear Trend method to have the better forecasting performance compared to SES and ARIMA modelling
method.

For Youth Unemployment Rate (YUR), SES has lowest values of all MAE, MSE and MAPE when compared to
Holt’s Linear trend method and ARIMA modelling method according to Table 4. This indicates that the SES
method has higher tendency to be more accurate in forecasting. Therefore, this causes the SES model to have the
better forecasting performance compared to ARIMA modelling method and Holt’s Linear trend method.

According to Table 5, the predicted value using ARIMA (1,1,1) is significantly different from the actual value.
This shown that the accuracy of ARIMA (1,1,1) is relatively poor, yielding fewer accurate findings. The
anticipated value generated by SES and Holt's Linear Trend, on the other hand, is quite close to the actual value.
This suggests that both models outperform ARIMA (1,1,1) since their errors are less. Holt’s Linear Trend method
is chosen as its error is the lowest among other method. This can be proven through Fig. 1 which the forecasted
data for Holt's method is the closest to the actual data.

Table 6 shows that the anticipated value using ARIMA (1,1,1) differs significantly from the actual value. This
demonstrates that the accuracy of ARIMA (1,1,1) is quite low, resulting in fewer accurate discoveries. In
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contrast, the expected value created by SES and Holt's Linear Trend is very close to the actual value. Because
their errors are smaller, both models outperform ARIMA (1,1,1). The SES approach was chosen since it has the
lowest error among the other methods. This can be proven through Fig. 2 which the forecasted data for SES
method is the closest to the actual data.

Table 5: Comparison of the Forecasting Performance for Unemployment Rate (UR)

Date Actual Value SES Holt’s Linear ARIMA

Trend (1,1,1)
1/1/2022 4.2 4.2076 4.1983 4.2135
2/1/2022 41 4.2006 4.1957 4.2249
3/1/2022 4.1 4.1076 4.0983 4.2346
4/1/2022 3.9 4.1006 4.0957 4.2427
5/1/2022 3.9 3.9151 3.9009 4.2495
6/1/2022 3.8 3.9011 3.8958 4.2553
7/1/2022 3.7 3.8076 3.7983 4.2602
8/1/2022 3.7 3.7081 3.6984 4.2643
9/1/2022 3.6 3.7006 3.6957 4.2677
10/1/2022 3.6 3.6076 3.5983 4.2706
11/1/2022 3.6 3.6006 3.5957 4.2731
12/1/2022 3.6 3.6000 3.5957 4.2752
1/1/2023 3.6 3.6000 3.5957 4.2769
2/1/2023 35 3.6000 3.5957 4.2784
3/1/2023 3.5 3.5076 3.4983 4.2796

Table 6: Comparison of the Forecasting Performance for Youth Unemployment Rate (YUR)

Date Actual Value SES Holt’s Linear ARIMA

Trend (1,1,1)
10/1/2021 8.1 8.5334 8.5844 8.5395
11/1/2021 8.2 8.1524 8.2336 8.5684
12/1/2021 8.5 8.1942 8.2172 8.5896
1/1/2022 8.3 8.4630 8.4360 8.6051
2/1/2022 8.1 8.3197 8.3439 8.6164
3/1/2022 8.0 8.1266 8.1713 8.6247
4/1/2022 7.7 8.0153 8.0523 8.6307
5/1/2022 7.4 7.7381 7.7985 8.6352
6/1/2022 7.4 7.4409 7.5098 8.6384
7/1/2022 7.4 7.4049 7.4351 8.6408
8/1/2022 7.1 7.4006 7.4157 8.6426
9/1/2022 7.1 7.1363 7.1877 8.6438
10/1/2022 7.4 7.1044 7.1287 8.6448
11/1/2022 7.0 7.3643 7.3364 8.6454
12/1/2022 6.9 7.0440 7.0928 8.6459
1/1/2023 7.0 6.9174 6.9554 8.6463
2/1/2023 7.0 6.9900 6.9942 8.6466
3/1/2023 7.1 6.9988 7.0042 8.6468

e
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Actual Data VS Forecast Data

4.4
4.2

4
3.8
3.6
3.4
3.2

3

T A AN A D A N N
LI L B U U I i A ¢ (S

NV I G CEER O O G U G
A AT 0T T T AT g0 o W

e | Jnemployment Rate  eeeeee SES ARIMA Holt

Fig. 1 Actual Data VS Forecast Data for Unemployment Rate (UR)
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Fig. 2 Actual Data VS Forecast Data for Youth Unemployment Rate (YUR)

4. Conclusion

This study provides a detailed exploration of unemployment rate and youth unemployment rate forecasting
using SES, ARIMA, Holt’s Linear Trend methods, achieving its three primary objectives. The first objective is to
build forecasting model on monthly unemployment and youth unemployment rate in Malaysia by implementing
the three methods. The forecasting models showed different trends. SES method and Holt’s Linear Trend
method stay close to actual data while ARIMA model shows an increasing trend for both the data sets. The
second objective involves performance evaluation utilizing metrics such as MAPE, MAE and MSE confirmed the
superior accuracy of Holt’s Linear Trend method compared to SES and ARIMA for unemployment rate (UR)
while SES method for youth unemployment rate (YUR) compared to Holt’s Linear Trend method and ARIMA.
These findings establish Holt’s Linear Trend method as the most effective method for forecasting unemployment
rate while SES as the most effective method for forecasting youth unemployment rate, providing crucial insights
for investors and policy makers in making the informed decisions. ARIMA method is not chosen because the
value of accuracy measure is higher compared to the other two methods. The third objective to forecast the
future unemployment and youth unemployment rate by using the best forecasting model. Based on the final
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output, the forecasted unemployment rate and youth unemployment rate for April 2023 were 3.5% and 7.1%
respectively.

The research focuses on forecasting Malaysia's unemployment rate using both the SES approach, Holt's
Linear Trend approach and ARIMA modelling. The authors do, however, note the limitations of these models,
particularly in the face of unforeseen events such as the COVID-19 pandemic. Despite the data showing a
consistent trajectory till 2020, the outbreak prompted a different forecasting technique. To address the impact
of such unexpected events, the authors urge that future study incorporate an intervention time series model.
They recommend looking into additional time series models and categorising data into before and after 2020
periods for more accurate modelling and forecasting. This comparative analysis seeks to identify the best
forecasting approach for various time periods. It had been proved that Holt’s Linear Trend method produce the
best forecast for Unemployment Rate (UR) and SES method produce the best forecast for Youth Unemployment
Rate (YUR) because of its lower value of accuracy measures.
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