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Considerable fluctuations in Malaysia’s labour market have been driven by both global 
economic uncertainties and domestic transformations. Events such as the COVID-19 
pandemic exposed the labour markets to certain vulnerabilities. Gaps remain in the 
literature regarding the continuous validation of forecasting models of the 
unemployment trend in the presence of extreme events such as COVID-19, particularly 
over extended and post-pandemic periods. It is essential to develop an accurate 
forecast for unemployment trends to inform effective labour market policies and 
economic planning. This study analyses the monthly unemployment rate in Malaysia 
from January 2016 to March 2025 with the aim of modeling and forecasting Malaysia’s 
monthly unemployment rate using a time series approach. A structural break analysis, 
assuming one break, identified a significant change in trend occurring in February 2020, 
which aligns with the onset of the COVID-19 pandemic. This suggests that the 
pandemic had a notable impact on the labour market. The identified break point is 
then used as a basis for modeling the data using ARIMA, considering the change in 
trend to improve forecasting accuracy. Two distinct forecasting models are developed: 
one assumes no pandemic, using data before February 2020, and the other reflects the 
post-pandemic period. The forecasts for both periods highlight how the pandemic 
altered the unemployment trend and model structures. These findings underscore the 
importance of accounting for structural breaks in time series modelling to improve 
forecasting accuracy and provide critical evidence for labour market policy and 
planning in line with the United Nations Sustainable Goal (SDG) 8. 
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1. Introduction 

 
Unemployment is a key indicator of a nation’s economic well-being, with implications for 

household livelihoods, social stability, and policy direction. In Malaysia, the labour market has 
experienced notable fluctuations in recent years, influenced by both global economic conditions and 
domestic structural changes. The COVID-19 pandemic worsened these challenges, causing a sharp 
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rise in unemployment and exposing the vulnerability of employment systems during periods of 
disruption [1]. 

Improving the ability to forecast unemployment trends is important for informed labour market 
planning. More reliable projections can help policymakers anticipate developments, design targeted 
measures, and support recovery initiatives. The Autoregressive Integrated Moving Average (ARIMA) 
model has been widely used in short-term economic forecasting for its clarity and adaptability [2]. 
Malaysian studies have reported its usefulness in modelling unemployment variations [3,4], although 
most have centred on specific crisis periods without assessing model consistency over longer 
horizons or adapting to post-pandemic labour conditions. Globally, advanced approaches such as 
machine learning have gained attention [5-8], but applications in Malaysia’s unemployment 
forecasting remain limited. 

A significant gap in the literature is the treatment of structural breaks, which are sudden changes 
in data patterns that arise from policy shifts, economic shocks, or significant events such as 
pandemics [9-13]. If left unaccounted for, these changes may reduce the accuracy of forecasts and 
obscure important shifts in labour market behaviour. In Malaysia, the COVID-19 outbreak represents 
a significant structural break, introducing dynamics that conventional continuous-trend models may 
not fully capture. 

This study analyses Malaysia’s monthly youth unemployment rate (ages 15–30) from January 
2016 to March 2025 using the ARIMA model, with a statistically identified structural break in February 
2020 included to account for the impact of the COVID-19 pandemic. The objective is to evaluate 
whether including this break enhances the model’s accuracy in capturing labour market dynamics. 
The research aligns with the United Nations Sustainable Development Goal (SDG) 8: Decent Work 
and Economic Growth, as more accurate unemployment forecasts can guide policies and 
programmes that promote sustainable employment and economic resilience. 
 
2. Data and Methodology  
2.1 Data Description  
 

This study utilised the monthly unemployment rate of youth in Malaysia, focusing on individuals 
aged 15 to 30. The dataset covers the period from January 2016 to March 2025 and consists of 111 
monthly observations. The data were obtained from the Malaysia Open Data Portal, which provides 
publicly accessible official statistics. The chosen timeframe captures both pre-pandemic and post-
pandemic periods, enabling an examination of potential labour market changes linked to external 
shocks such as the COVID-19 pandemic. 
 
2.2 Structural Break Analysis (SBA) 
 

A time series plot was also generated to visualise patterns and detect potential anomalies as an 
initial step in identifying possible structural breaks in the data [11]. Such breaks can change the data’s 
underlying pattern, affecting trend, variance, or timing, and if ignored, may lead to biased estimates 
and reduced forecasting accuracy [14]. Visual inspection and contextual evidence suggested February 
2020 as a potential breakpoint, coinciding with the onset of the COVID-19 pandemic in Malaysia. This 
date was selected to reflect the significant labour market disruptions that emerged during the 
pandemic period. Further test on the presence of a structural break was conducted using the Zivot-
Andrews Test [15] the Chow test (F-test) [16]. 

The dataset was subsequently divided into two periods: January 2016 to February 2020 (pre-
pandemic) and March 2020 to March 2025 (post-pandemic). The Chow test was applied, and if the 
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computed F-statistic was significant at the 0.05 level, it confirmed the presence of a structural break 
in the unemployment rate series around February 2020. The F-statistic is given by (1): 
 

  
(1) 

  
where  is the residual sum of squares from the restricted model (pooled data),  and  
are the residual sums of squares from the separate regressions for each period,  is the number of 
parameters estimated, and  is the total number of observations.  
 
2.3 ARIMA Model Development 
 

This study adopts the Box-Jenkins methodology to develop an effective ARIMA model for 
forecasting Malaysia’s unemployment rate. The methodology consists of four main stages: model 
identification, parameter estimation, diagnostic checking through residual analysis, and forecasting.  

In the model identification stage, the time series is examined for stationarity in both variance and 
mean. If the series is non-stationary, necessary transformations such as the Box-Cox transformation 
[17] and differencing are applied. Stationarity in mean is assessed using the Augmented Dickey-Fuller 
(ADF) test Dickey et al., [18] supported by visual inspection of the Autocorrelation Function (ACF) and 
Partial Autocorrelation Function (PACF) plots. During the parameter estimation stage, the suitable 
ARIMA model parameters are determined, including the autoregressive order (p), differencing order 
(d), and moving average order (q). The general form of the ARIMA(p,d,q) model is expressed as (2). 
 

 (2) 

 

where  denotes the actual time series value at time is the backshift operator such that  

 denotes the degree of differencing applied to achieve stationarity,  is the 

autoregressive (AR) polynomial of order  and  is the moving average (MA) polynomial of 

order  The term  represents a white noise error at time  Given the structural break detected 
at time  the series is divided into two periods: 
 

Period 1 (pre-pandemic) :  
Period 2 (post-pandemic) :  

 
Accordingly, separate ARIMA models are specified for each period, allowing different ARIMA orders 
to be estimated based on the series characteristics within each period as (3) and (4): 
 

Pre-pandemic ARIMA  :  (3) 

Post-pandemic ARIMA  :  (4) 
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3. Results and Discussion  
3.1 Unemployment in Malaysia 
 

The monthly youth unemployment rate in Malaysia (ages 15-30) from January 2016 to March 
2025 averaged about 7%, with the lowest rate recorded at 5.7% and the highest at 10%, as shown in 
Fig. 1. An upward shift in unemployment becomes apparent in early 2020. Structural break analysis, 
assuming a single breakpoint, detected a significant shift in March 2020 that coincided with the onset 
of the COVID-10 pandemic. This period was associated with the widespread disruptions across 
various industries, aligning with global findings that the pandemic adversely affected labour markets 
[19,20]. 

Results from the Zivot-Andrews unit root test [14] suggested a possible break around observation 
50, as depicted in Fig. 1. The Chow test has confirmed that a structural break has statistically 
significantly existed, with a break point specified at observation number 51 (March 2020). The 
breakpoint marks a transition from a relatively stable pre-pandemic labour market to a more volatile 
post-pandemic period, influenced by policy measures such as the Movement Control Orders (MCOs) 
and broader economic challenges in Malaysia. 
 

 
 

Fig. 1. Monthly unemployment rate in Malaysia with a structural break in March 2020  
 

3.2 Modeling the Unemployment Rate with a Structural Break 
 

As outlined in Sections 2.2 and 2.3, the unemployment rate series was divided into pre-pandemic 
and post-pandemic periods based on the structural break detected in March 2020. Separate ARIMA 
models were developed for each period to capture their distinct characteristics. The pre-pandemic 
model reflected a relatively stable unemployment trend with moderate fluctuations and consistent 
parameters, whereas the post-pandemic model required adjustments to account for increased 
volatility and a noticeable upward shift in unemployment levels. This approach follows the 
recommendations of Box et al., [2] for adapting ARIMA models in the presence of structural breaks.  

The ADF test was first applied to assess stationarity in the regional series, yielding a non-
significant result (test statistic = -1.78, p = 0.6648), indicating non-stationarity. The Zivot-Andrews 
unit root test, which accounts for the possibility of a structural break, detected a statistically 
significant breakpoint at observation 51 (March 2020) with a test statistic of -8.54, exceeding the 
critical value of -5.08. Following this, the ADF test was applied separately to the pre-pandemic and 
post-pandemic series before ARIMA specification. Both raw series were found to be non-stationary 
(p>0.05), but stationarity was achieved for the first-differenced series (p<0.01). Subsequently, the 
ACF and PACF plots were examined to guide model specification. For the pre-pandemic period, the 
ACF plot exhibited a significant spike at lags 1, while the PACF plot showed significant spikes at lags 
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1, 2, and 5, suggesting a possible ARIMA(3,1,2) model as illustrated in Fig. 2. Table 1 summaries the 
comparison of six possible ARIMA models. Among these, ARIMA(0,1,1) achieved the lowest AIC value 
(33.03) with competitive RMSE, MAE, and MAPE values, indicating it as the best-fitting model for this 
period. 
 

  
Fig. 2. ACF and PACF plot of the differenced unemployment rate for the pre-pandemic period  

 
                      Table 1 
                      ARIMA Model comparison (pre-pandemic) 

Model AIC RMSE MAE MAPE (%) 
ARIMA(3,1,2) 38.93 0.3037 0.2283 3.38 
ARIMA(3,1,1) 37.14 0.3045 0.2279 3.37 
ARIMA(2,1,1) 36.25 0.3070 0.2279 3.37 
ARIMA(1,1,1) 34.56 0.3087 0.2298 3.40 
ARIMA(1,1,2) 36.03 0.3068 0.2284 3.38 
ARIMA(0,1,1) 33.03 0.3095 0.2324 3.44 

 
Diagnostic checks, as presented in Fig. 3, show the ACF plot of residuals from ARIMA (0,1,1) model 

for the pre-pandemic period. The absence of significant autocorrelation, supported by the Ljung-Box 
test (p = 0.650), indicates that the residuals behave like white noise, thereby validating the adequacy 
of the selected model. 

 

 
 

Fig. 3. ACF plot of residuals from the ARIMA(0,1,1) model (pre-pandemic) 
 

During the post-pandemic period, the ACF and PACF plots in Fig. 4 show that the ACF has no 
significant spike, while the PACF displays a significant spike at lag 3, suggesting the selection of the 
ARIMA(1,1,0) model. However, ARIMA(0,1,0) achieved the lowest AIC value (43.96), outperforming 
ARIMA(1,1,0) and ARIMA (1,1,1), with AICs of 45.94 and 47.11, respectively. All three models 
produced comparable RMSE values, with ARIMA(0,1,0) achieving the lowest MAE (0.2214) and MAPE 
(2.73%). These results indicate that ARIMA (0,1,0) has better predictive accuracy, as summarised in 
Table 2. The ACF plot of residuals for ARIMA(0,1,0) in Fig. 5 shows no significant autocorrelation, and 
the Ljung-Box test produced a p-value of 0.514, validating the white noise assumption. Thus, 
ARIMA(0,1,0) was selected as the most suitable model for forecasting the post-pandemic series. 
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Fig. 4. ACF and PACF plots of the differenced unemployment rate for the post-pandemic period  

 
Table 2 
ARIMA Model Comparison (post-pandemic) 

Model AIC RMSE MAE MAPE (%) 
ARIMA(1,1,0) 45.94 0.3404 0.2228 2.75 
ARIMA(1,1,1) 47.11 0.3379 0.2273 2.82 
ARIMA(0,1,0) 43.96 0.3404 0.2214 2.73 

 
Fig. 5. ACF plot of residuals from the ARIMA(0,1,0) model (post-pandemic) 

 
3.3 12-Month Forecast of the Unemployment Rate: Pre-Pandemic and Post-Pandemic 

Following confirmation that the residuals were uncorrelated and exhibited white noise 
behaviour, forecasting was conducted using the best-fitting model for each period. For the pre-
pandemic period, the selected model was ARIMA(0,1,1), as shown in (5), while for the post-pandemic 
period, the best-fitting model was ARIMA(0,1,0), as shown in (6). 
 

 	 (5) 

 	 (6) 

 
These models were used to generate 12-month forecasts of Malaysia’s unemployment rate, 

reflecting two distinct economic phases. The pre-pandemic model captured relatively stable 
dynamics with a flat forecast trend, as shown in Fig. 6, while the post-pandemic model indicated a 
continued decline in unemployment that began after 2020, accounting for volatility and short-term 
shocks in the labour market, as shown in Fig. 7. 

 

 
Fig. 6. Forecast of the unemployment rate for a 12-month period (pre-pandemic)  
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Fig. 7. Forecast of the unemployment rate for a 12-month period (post-pandemic)  
 
4. Conclusion  
 

This applies ARIMA to model and forecast Malaysia’s unemployment rate, with emphasis on the 
structural break in early 2020 due to COVID-19. Results show distinct shifts between the pre- and 
post-pandemic periods, with ARIMA(0,1,1) and ARIMA(0,1,0) identified as the best-fitting models, 
respectively. Before the pandemic, unemployment was stable within a moderate range, while COVID-
19 caused a sharp rise followed by a gradual decline, indicating economic recovery. The 12-month 
forecast beyond March 2025 suggests a steady unemployment rate. These findings align with SDG 8, 
offering insights for policies that promote sustainable employment and economic resilience, and 
highlight the need for future research exploring alternative forecasting approaches, particularly 
machine learning techniques such as random forests, gradient boosting, and recurrent neural 
networks (RNNs), to capture non-linear patterns and incorporate a wider set of macroeconomic 
variables.  
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