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ABSTRACT  

In Malaysia, mental health issues are on the rise. Mental health refers to a person's psychological, emotional, 

and social well-being, which helps to understand how they deal with stress, make decisions, and connect with 

others. However, with the current outbreak of COVID-19, which has happened all over the world, including in 

our country, the trend has been an increase in psychiatric department admissions. Therefore, this study aims to 

predict the number of patient admissions at the Psychiatrist Department of Hospital Universiti Sains Malaysia 

(HUSM) using the Auto-Regressive Integrated Moving Average (ARIMA) model. The appropriate model is 

determined by comparing the measurement errors Mean Absolute Error (MAE), Root Mean Square Error 

(RMSE), and Mean Absolute Percent Error (MAPE), Akaike Information Criterion (AIC) and Bayesian 

Information Criterion (BIC). Then, the predicted number of patients was calculated using the best model 

generated. The finding in this study indicates that ARIMA (1,1,3) was the best-fit model for predicting the 

number of patients. The prediction model is generally reliable, especially in the middle months of the period 

studied, where the accuracy is consistently high. This strategy might be applied to data from any hospital 

department with the same trend pattern for further comparison or future perspective. More time series models 

could be used to forecast the number of patients for future research. 
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INTRODUCTION 

Mental health issues were already on the rise in Malaysia. According to government statistics, approximately 

half a million Malaysians reported depressive symptoms in the 2019 National Health and Morbidity Survey. 

However, the world is facing a critical situation caused by COVID-19, which has contributed hugely to 

increasing levels of depression in the country [1]. COVID-19 and MCO negatively impact many people, such as 

our frontline, economic sectors, and small business owners. Professionals such as doctors and nurses must do 

excessive work during the disease outbreak due to a shortage of professionals and an upsurge in workload [2]. 

The influx of patients and overcrowding in hospital departments is a global issue that has been widely studied 

over the past decade. This overcrowding occurs due to a mismatch between the hospital's capacity and various 

factors affecting patient admission, throughput, and discharge, which challenges operational efficiency [3], [4], 

[5]. 

Numerous strategies have been proposed in the literature to mitigate these challenges and improve patient flow 

management. While various techniques exist, there is a predominant focus on quantitative approaches that 

employ predictive modelling to anticipate patient crowding. A seasonal autoregressive integrated moving 

average with external regressor models aims to enhance capacity management by analysing patterns and trends 

in-patient admissions and hospital resource utilization [6], [7]. The issue of patient crowding in hospitals is a 

significant global concern that can negatively impact patient care. Researchers have developed quantitative 

models to predict patient crowding to address this, focusing specifically on patient inflow and admissions. 

Researchers applied the Autoregressive Integrated Moving Average (ARIMA) modelling approach. They 

determined that the ARIMA (1,0,1) model was the best fit for forecasting patient inflow and admissions based 

on metrics like AIC and BIC. The model showed high accuracy with minimal errors, indicating its potential to 
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effectively manage patient volume and improve hospital care [8].  

Existing research highlights the significance of forecasting in healthcare management, particularly for 

optimizing resource allocation and improving patient outcomes. Time series modeling has been widely employed 

to predict healthcare trends, including patient admissions, disease incidence, and resource utilization. Among 

these models, the Auto-Regressive Integrated Moving Average (ARIMA) model has proven to be a robust and 

reliable tool for analyzing and predicting trends in various fields, including mental health. Studies have 

demonstrated ARIMA’s efficacy in capturing complex patterns within healthcare data, enabling researchers and 

policymakers to anticipate future demands accurately[9], [10], [11]. 

Despite the growing body of literature on time series modeling in healthcare, significant gaps remain, particularly 

in the context of mental health in Malaysia. Most studies have focused on general healthcare forecasting or 

specific diseases, with limited attention given to psychiatric admissions [12], [13]. Moreover, while ARIMA has 

been utilized in international settings to predict mental health trends, its application in Malaysia’s healthcare 

context, specifically at institutions like Hospital Universiti Sains Malaysia (HUSM), remains underexplored. 

This creates an opportunity to contribute novel insights into the predictive modeling of psychiatric admissions, 

addressing a critical gap in the existing literature. 

The present study aims to fill this gap by employing the ARIMA model to predict the number of patient 

admissions to the psychiatric department at HUSM. The research is guided by the hypothesis that a well-fitted 

ARIMA model can reliably forecast patient admissions, thereby providing valuable insights for healthcare 

planning and management. By comparing different ARIMA models based on measurement errors such as Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), Mean Absolute Percent Error (MAPE), Akaike 

Information Criterion (AIC), and Bayesian Information Criterion (BIC), the study seeks to identify the most 

appropriate model for accurate predictions. 

This study contributes to the existing body of knowledge by demonstrating the application of ARIMA modeling 

in a Malaysian healthcare context, specifically for psychiatric admissions. The findings offer practical 

implications for healthcare administrators, enabling them to make informed decisions regarding resource 

allocation and patient care. Additionally, the methodology and insights can serve as a reference for future 

research, potentially extending to other hospital departments or geographical locations with similar trends. 

Through this work, his study aim to advance the understanding of predictive modelling in mental health and its 

role in improving healthcare outcomes. 

COVID-19 COVID-19 has caused massive damage and has badly impacted many people's physical and 

emotional health, such as frontliners, small businesses and students facing psychological and mental health 

consequences due to the COVID-19 pandemic, including vicarious trauma, anxiety, and despair [8]. For all 

people with mental illnesses to return to a healthy lifestyle, decent care must be offered to those who have 

struggled. In response, obtaining the assistance of a psychiatrist is an essential part of achieving this goal. As a 

result, by estimating the number of patients seeking a psychiatrist's assistance, it can see whether there is an 

impact of the COVID-19 epidemic on mental health or not. Therefore, this research will focus on the trend 

pattern of patients' admission to Psychiatric Departments before and after the outbreak of COVID-19, as well as 

predicting the number of patients to manage patient volume and improve hospital care effectively for the year 

2024. Secondary data on the number of patients in the Psychiatric Departments of Hospital Universiti Sains 

Malaysia (HUSM) were collected from 2017 (before predicting the COVID-19 outbreak) to the end of 2023 

(roughly three years after the outbreak began), which was then analysed using R-Studio software.  The 

Autoregressive Integrated Moving Average (ARIMA) is used to develop a forecasting model and identify the 

best-fit model that will be used for the prediction of the number of patients for the future year. The ideal model 

will be carefully chosen based on the statistical results of different aspects such as Mean Absolute Error (MAE), 

Root Mean Square Error (RMSE), Mean Absolute Percent Error (MAPE), Akaike Information Criterion (AIC) 

and Bayesian Information Criterion (BIC). This study can give an overview of whether the trend pattern of 

psychiatrists seeking help is continuing to rise or sticking the same. 
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LITERATURE REVIEW 

Mental Health Problem and COVID-19 Outbreak 

During disease outbreaks, community anxiety tends to spike due to factors like the first death, increased media 

coverage, and rising case numbers. Mass quarantine can exacerbate this anxiety for several reasons: it signals 

the severity of the situation, undermines trust in authorities, creates a sense of entrapment, and fuels the spread 

of rumours. The lack of clear communication can lead people to seek information from unreliable sources, 

heightening fear [14]. The attempts to stop the outbreak, which includes the act of isolation, make people feel 

unpleasant and fearful of the change of lifestyle [15]. 

A study by [16] assessed Malaysian public mental health about two months after the pandemic's start, from May 

to September 2020. Throughout the research period, there was a rise in depression, anxiety, and stress symptoms, 

with depression rates increasing the most when there were large percentages of recorded depression (59.2%) and 

anxiety (55.1%) symptoms compared to stress (30.6%) symptoms. Chui et al. (2021) researched the influence of 

COVID-19 on nurses' psychological discomfort. According to the findings, more than three-quarters of nurses 

experienced stress, with nurses working in outpatient departments reporting much greater stress levels than 

nurses working in inpatient care units.  

Auto-Regressive Integrated Moving Average (ARIMA) Method 

Auto-Regressive Integrated Moving Average (ARIMA) model is a time-series forecasting technique that predicts 

the future value of a variable based on its historical values. It employs auto-regression and moving average, as 

well as a differencing order, to eliminate trend and/or seasonality [4], [6], [7], [17], [18], [19], [20]. The study 

assesses the accuracy of an ARIMA model in predicting COVID-19 cases. Researchers optimized the model 

parameters by analysing auto-correlation functions and various accuracy metrics. They then used the best-fit 

model to forecast confirmed and recovered cases during different phases of Kuwait's preventive measures. The 

results showed that the actual case numbers largely fell within the model's 95% confidence interval, 

demonstrating the model's reliability despite the evolving nature of the pandemic and government adjustments 

[17]. 

Reference [21] proposed various machine learning models, Auto-Regressive Integrated Moving Average 

(ARIMA), Random Forest, Support Vector Regression, and Extreme Gradient Boosting, to build predictive 

models that give accurate influenza-like illness forecasts in sub-tropical areas like Taiwan in which seasonal 

influenza behaviour is ambiguous. In contrast, the results indicate some time differences in the highest 

prediction, and the reliability decreased slightly as the forecast time horizons expanded using ARIMA. Apart 

from that, [17] used the ARIMA model to predict the confirmed and recovered COVID-19 cases. The outcomes 

showed that the ARIMA model was relatively accurate in its forecast, even with frequent adjustments and 

modifications to the plan. For all phases except Phase I, the actual values of identified and recovered cases were 

significantly within the highest and lowest ranges of the prediction. 

The study conducted by [22] addresses COVID-19 as a global threat and explores the use of various 

mathematical models for predicting its spread, acknowledging potential biases in these models. The authors 

propose a simple econometric model, explicitly employing the Auto-Regressive Integrated Moving Average 

(ARIMA) approach, using epidemiological data from Johns Hopkins to forecast COVID-19 prevalence and 

incidence trends. They emphasize the importance of maintaining real-time case definitions and data collection 

for better comparison and future insights. Another study by [23] introduced an integrated web-based healthcare 

delivery system designed to forecast future hospitalizations, particularly for COVID-19 in Broome County, NY. 

Recognizing a gap in the literature regarding such systems, the aim was to provide a reference for other 

healthcare organizations. Three forecasting methods—Simple Exponential Smoothing (SES), non-seasonal and 

seasonal ARIMA, and Artificial Neural Networks (ANN)—were evaluated, with ARIMA (6, 1, 3) emerging as 

the best model. This shows forecasting using the ARIMA model gives more accuracy.    
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Furthermore, [20] addressed the global issue of patient crowding in hospitals by developing a forecasting model 

to predict patient inflow and admissions, using data from Liaquat University of Medical and Health Sciences 

(LUMHS) Hospital in Jamshoro. Utilizing MATLAB for analysis, the research applied the Autoregressive 

Integrated Moving Average (ARIMA) modelling approach. It identified the ARIMA (1,0,1) model as the best 

fit for inflow and admissions based on criteria like AIC and BIC. The model showed high accuracy with minimal 

errors, offering valuable insights for hospital management to handle patient volumes better and anticipate future 

trends in admissions. Meanwhile, [18] also face the same situation. The long waiting times at Puskesmas Curug 

emphasise the need for effective forecasting to enhance patient care readiness. Using data from 2015 to 2018, 

the study predicts patient visits, including those from BPJS beneficiaries, employing three techniques: linear 

regression, single exponential smoothing, and autoregressive integrated moving average (ARIMA). The findings 

indicate that the ARIMA method achieved the highest accuracy, with a precision rate of 73%. Additionally, the 

study created a visual representation of the data, which will be shared with the health centre for further 

evaluation. 

METHODOLOGY 

Data Description 

Secondary data were collected from the Psychiatric Department of Hospital Universiti Sains Malaysia (HUSM) 

from January 2017 to December 2023. A total of 84 admissions each month were recorded. The data series has 

been split into estimation and evaluation sections before further work on the model can be performed. It is a 

standard procedure to divide all available labelled data into estimation and evaluation, with a 75% estimation 

and a 25% evaluation. The predicted values will be compared to the original values retained in the evaluation 

section. 

Autoregressive Integrated Moving Average (ARIMA) 

The ARIMA, a stochastic time series model, is the most conventional and all-encompassing model currently in 

use. It is frequently used in research on forecasting and other topics. The ARMA model, which uses prior 

observations and errors to explain the current value of some time series, is generalized by the ARIMA model 

[24]. ARIMA models investigate the autocorrelations between time series data. The time series must be 

stationary before developing the forecasting model. The ARIMA model was generated in this study to predict 

the number of admissions in the psychiatric department of Hospital Universiti Sains Malaysia (HUSM). This 

model has been identified as one of the most effective methods used to predict time-series data. This method is 

divided into three phases: identification, estimation and forecasting. The actual data has to be stationary. If the 

data is not stationary, proceed to the identification stage. 

Identification Phase: 

Step 1: Plot the time series data to check the trend component 

Step 2: Augmented Dickey-Fuller (ADF) test was used to check for seasonality. If the series is not stationary, 

differentiate the series and re-test for stationary.  

Decision Rule: Reject   if p-value   0.05 

0H : The data is not stationary. 

1H : The data is stationary 

Estimation Phase  

The ARIMA model is categorized into three terms, p, d, and q, where p is the order of the autoregressive (AR) 

term, q is the order of the moving average (MA) term, and d is the number of differencing used to obtain the 

stationary time series data. These are the mathematical formulas for each term: 
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Autoregressive (AR), p term, 

𝑦𝑡 = 𝑐 + 𝜙1𝑦𝑡−1 +𝜙2𝑦𝑡−2 +⋯+𝜙𝑝𝑦𝑡−𝑝 + 𝜀𝑡                (1)  

Moving Average (MA), q term, 

𝑦𝑡 = 𝑐 + 𝜀𝑡 + 𝜃1𝜀𝑡−1 + 𝜃2𝜀𝑡−2 +⋯+ 𝜃𝑞𝜀𝑡−𝑞  (2)                                

Where 𝜀𝑡 represents white noise. 

Number of differencing, d term, 

△𝑘 𝑦𝑡 = (1 − 𝐵)𝑘𝑦𝑡 (3) 

Where B is the lag operator. 

Therefore, the general formula for the ARIMA model is as follows, 

𝑦′𝑡 = 𝑐 + 𝜙1𝑦′𝑡−1 +⋯+ 𝜙𝑝𝑦
′
𝑡−𝑝

+ 𝜃1𝜀𝑡−1 +⋯+ 𝜃𝑞𝜀𝑡−𝑞 + 𝜀𝑡  (4)  

Where 𝑦′𝑡is a differenced series. 

Forecast Phase: 

Check the accuracy of the model to select the best ARIMA model. To verify the accuracy of the model, 

measuring errors such as RMSE, MAPE, MAE, BIC, and AIC are calculated. Then, the best model is selected 

to forecast the data.  

Model Evaluation  

The final evaluation for ARIMA models in this study was based on five measurements: RMSE (Root Mean 

Square Error), MAPE (Mean Absolute Percentage Error), MAE (Mean Absolute Error), AIC (Akaike 

Information Criterion), and BIC (Bayesian Information Criterion). These error measurements were formulated 

as follows: 

   RMSE= 
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Where the forecast error is te , and it is calculated by subtracting the forecast value from the series' actual value;  
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ty . Here n  is the number of practical observations used to match the model. Minimum values of these accuracy 

measures provide the best-fitting models. All the values were generated using R-studio.  

RESULT AND DISCUSSION 

Trend the Number of Admission to Psychiatric Department 

Figure 1 depicts the number of psychiatric admissions at HUSM from January 2017 to October 2023 and 

highlights several key trends, particularly related to the impact of COVID-19. Before the pandemic, from 2017 

to early 2020, psychiatric admissions followed a relatively stable pattern with regular fluctuations and a slight 

upward trend. However, the data shows that admissions sharply declined during the beginning of the COVID-

19 pandemic in the middle of 2020. This decline is probably the result of pandemic-related factors, such as 

widespread lockdowns, limitations on access to non-emergency medical services, and anxiety about contracting 

the virus in medical facilities. Following the initial fall, there was a substantial increase in psychiatric admissions 

in 2021, which persisted until 2022 and 2023. Based on the visual evidence of an upward trend and seasonal 

fluctuations, it is likely that the data is non-stationary. 

 

Fig. 1 Monthly Number of Admission to the Psychiatric Department at HUSM 

Checking for Stationarity 

The data were divided into two parts: estimation (75%) and evaluation (25%). In the estimation part, the data 

selected are from January 2017 (n=1) to March 2023 (n=63). Data from April 2023 (n=64) to December 2023 

(n=84) were used in the evaluation part. One of the critical elements in the ARIMA model is to ensure the time 

series data are stationary. Different techniques have been deployed to determine and make the dataset stationary. 

Since the data in Figure 1 shows not stationary, the original data were evaluated using three approaches: the 

Autocorrelation Function (ACF) plot, the Partial Autocorrelation Function (PACF) plot and the Augmented 

Dickey-Fuller (ADF) test for the estimation part and evaluation part to check the stationary.  

 

Fig. 2 ACF plot for estimation part 
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Fig. 3 ACF plot for evaluation part 

 

Fig. 4 PACF plot for estimation part 

 

Fig. 5 PACF plot for evaluation part 

The decay pattern is shown in the ACF plot in Figure 2   and Figure 3. Figure 4 and Figure 5 show the PACF 

plot of the estimation and evaluation parts, respectively, with a large spike. Therefore, the data is not stationary. 

Thus, the ADF test was generated using the R-studio software to determine the stationarity of the data set for the 

estimation and evaluation parts. The result was tested at a 5% level of significance. For both the estimation and 

evaluation parts, the decision rule was to reject the null hypothesis, H₀: The data is not stationary if the p-value 

was less than 0.05.  

Table I Output of ADF Test for Estimation and Evaluation Part  

 Estimation Part Evaluation Part 

Null Hypothesis  The data is not stationary 

Alternative Hypothesis The data is stationary 

http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume IX Issue I January 2025 

Page 3657 www.rsisinternational.org 

 

 

 

 

Decision Rule Reject H₀ if p-value < 0.05 

P-value 0.8224 0.1139 

Decision at a 5% significant level Do not Reject H0 Do not Reject H0 

Conclusion  The data is not stationary The data is not stationary 

Since all the alternatives show that the data of the estimation and evaluation parts are not stationary, the first 

differencing should be done by checking the KPSS test. 

Table II Output of KPSS Test for Estimation Part 

Statistics Model 

Decision Rule: 

Reject H0 if p-value < 0.05. 

H0: The data is stationary. 

H1: The data is not stationary. 

P-value 0.1 

Decision (5% significant level) Do not Reject H0 

Conclusion The data is stationary. 

The results of the KPSS test for the estimation part of the psychiatric admissions data are summarized in Table 

2, which shows that the data is stationary around a deterministic trend. After verification of the stationary on the 

first differencing, several models were tested to identify the most suitable one. Five ARIMA models with 

tentatively selected p, d, and q values were estimated [25]. Hence, the measurement errors of the five ARIMA 

models, RMSE, MAPE, MAE, AIC and BIC were computed using R-studio. 

Selection of the Best Model 

The measurement errors for the five distinct ARIMA models, including ARIMA (1,1,1), ARIMA (1,1,2), 

ARIMA (1,1,3), ARIMA (2,1,1), and ARIMA (2,1,2) are shown in Table 3. These models were evaluated based 

on the following measurement errors: RMSE (Root Mean Square Error), MAPE (Mean Absolute Percentage 

Error), MAE (Mean Absolute Error), AIC (Akaike Information Criterion), and BIC (Bayesian Information 

Criterion).  

Table III Measurement Errors of the Five ARIMA Models 

Measurement 

Errors 

ARIMA 

(1,1,1) 

ARIMA 

(1,1,2) 

ARIMA 

(1,1,3) 

ARIMA 

(2,1,1) 

ARIMA 

(2,1,2) 

RMSE 110.5962 110.6065 103.1822 110.6066 110.5714 

MAPE 8.3335 8.3242 7.7229 8.3293 8.3274 

MAE 91.3500 91.3256 84.2978 91.3359 91.3526 

AIC 253.02 255 255.48 255.01 256.99 

BIC 256 258.98 260.46 258.99 261.97 

Many important error measures show that ARIMA (1,1,3) performs the best out of the five models. Its average 

error in squared deviations is the least, as indicated by its lowest RMSE (103.1822). In addition, it records the 
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lowest MAE (84.2978) and MAPE (7.7229), demonstrating that it offers the most accurate forecast in terms of 

both percentage and absolute errors. Regarding model selection criteria, AIC and BIC are often used to penalize 

model complexity. Although ARIMA (1,1,1) has slightly better AIC and BIC values compared to ARIMA 

(1,1,3), the overall performance of ARIMA (1,1,3) in terms of error metrics (RMSE, MAPE, and MAE) makes 

it a preferable choice for forecasting the admissions data. Hence, the ARIMA (1,1,3) model has been selected as 

the most suitable model for forecasting the number of patients admitted to the psychiatric department.  

Prediction of the Number of Admission to Psychiatric Department 

The predicted number of patient admissions was computed using the best ARIMA (1,1,3) model, as shown in 

Table 4. The table illustrates that the predictions are highly accurate between February and June, with accuracy 

of around 95% and above, showing that the model is well-tuned for most months. In January, the prediction was 

lower than the actual attendance, with an accuracy of 85.13%, indicating that while close, 14.87% of the 

attendance was unaccounted for. February’s prediction was more accurate, with 96.41% accuracy and a slight 

deviation of 3.59%. Similarly, March showed 96.25% accuracy, with only a 3.75% deviation. April had excellent 

accuracy at 99.32%, with less than a 1% error, while May maintained high accuracy with a slight overprediction, 

deviating by 4.02%. June's accuracy of 98.01% demonstrated strong performance, with a 2% deviation. 

However, July's prediction was significantly lower than actual attendance, with an accuracy of 85.81%, 

suggesting that a factor affecting attendance in July may have been missed, leading to a 14.19% error. 

Table IV Predicted Number of Admissions to the Psychiatric Department of Hospital Universiti Sains Malaysia 

(HUSM) in January – July 2024 

Month    Predicted Number  Actual Number  Accuracy (%) 

January  1145 1345 85.13 

February 1182 1141 96.41 

March  1163 1121 96.25 

April  1179 1187 99.32 

May  1165 1120 95.98 

June  1177 1154 98.01 

July 1167 1360 85.81 

Figure 6 shows the predicted and actual number of admissions in the psychiatric department of Hospital 

Universiti Sains Malaysia (HUSM).  

 

Fig. 6 Predicted and Actual Number of Admission to the Psychiatric Department at HUSM 
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Overall, the graph indicates that the predictions follow the actual data closely, with the predicted values generally 

lying close to the exact values. Thus, the ARIMA (1,1,3) model fits the actual data well.    

CONCLUSION 

This study was conducted to find the best model of ARIMA to predict the number of admissions of psychiatric 

patients in Hospital Universiti Sains Malaysia (HUSM) from January 2024 until July 2024. The study's models 

with the lowest measurement errors determined the best model. The approach used for the research should 

generate prediction results that correspond to the actual behaviour of the time series data. This study was 

therefore analysed using ARIMA (1,1,3) since the model was chosen as the best model for assessing the actual 

number of admissions psychiatric patients’ data from January 2017 to December 2023.  

The analysis shows the model is precise for most months, as evidenced by the highly accurate predictions, which 

have 95% and above accuracy. Furthermore, the model performs reasonably well for most of the months, 

maintaining consistent accuracy with the lines for the predicted and actual values running parallel and close to 

each other. This visual representation supports the earlier conclusion that the ARIMA (1,1,3) model is effective, 

though it may benefit from further adjustments to improve its predictive accuracy during periods of higher 

variability. Other hospitals can also use this model with a similar number of attendance trend patterns of any 

department to predict the subsequent monthly attendance. Hospital workers and government officials will benefit 

from the study's findings. It will provide the hospital employees with the data they need to plan enough treatments 

and therapists. Apart from that, this research will notify the government about the trend number of individuals 

who have a mental illness, allowing them to raise awareness and prepare to assist. Once the trend pattern of 

people seeking psychiatric help is discovered, the number of patients in the psychiatric department for upcoming 

months and years can be forecast. The researchers suggest that to predict the number of admissions of psychiatric 

patients accurately, more time series methods should be used in future research. 
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