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Abstract: Forecasting inpatient and outpatient visits is essential for successful resource allocation and clinical decision-
making. The techniques used by previous researchers for forecasting, primarily based on statistical approaches, which often
require extensive data preprocessing and expert knowledge, can be time-consuming and difficult. Therefore, this study analyses
three current deep learning (DL) algorithms, recurrent neural network (RNN), long short-term memory (LSTM) and gated
recurrent unit (GRU), for forecasting inpatient and outpatient visits for depressive disorders. These algorithms are among the
most familiar DL techniques for time series and have been used with remarkable success in various contexts. The DL
algorithms were evaluated using mean squared error (MSE), root mean squared error (RMSE) and mean absolute error (MAE).
Based on the results comparison, LSTM has the best performance (lowest error values) compared to the RNN and GRU. The
DL algorithms are also being compared to state-of-the-art algorithms, and the results show that the DL algorithms can
accurately forecast inpatient and outpatient visits compared to the previously proposed algorithms. The findings from this
study could be helpful in clinical decision-making and resource allocation in mental health care.
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1. INTRODUCTION

Forecasting is a technique of making future predictions based on knowledge acquired in the past through a methodical
procedure or intuition. Forecasting has evolved and is widely used in many disciplines, such as business and economics,
environment (including meteorology), sports, technology and politics, and health [1, 2]. A crucial area of forecasting is health
forecasting, which is also a beneficial application for predicting future situations or events related to health, such as the demand
for healthcare services and the need for treatment. It promotes preventative care and intervention methods by directing
healthcare providers to take the necessary precautions to reduce risks and manage demand in advance [3, 4]. Considering the
rise in life expectancy and diseases, healthcare authorities must effectively manage their resources to offer optimal care to
patients. When the demand for resources surpasses the supply, hospitals become overcrowded, leading to adverse patient
outcomes such as longer wait times and bed shortages [5]. Currently, there is extensive research on health forecasts for diseases
like COVID-19, asthma, brucella, cardiorespiratory diseases, and dengue. Typically, health prognosis relies on routine data,
daily data kept in the electronic patient record. Management in the hospital could be broadly divided into inpatient and
outpatient visits. Hospital admission occurs when a medically qualified decision-maker determines that a patient requires
inpatient treatment, when the patient is admitted by an inpatient specialist service for further treatment, and when the patient
is administratively admitted to the hospital. Apart from this, outpatient treatment refers to patients who are treated but do not
require hospitalization.

The previously mentioned health prognosis is categorised under physical illness. The current research revealed that only
a few health forecasts pertained to mental or psychiatric conditions. Psychiatric illness, characterised by distressing behavioural
and psychological symptoms or impairments in functioning, refers to severe clinical syndromes [6]. In addition, around 500
million people worldwide have a mental illness or disability, with over 150 million people suffering from depression and 24
million from schizophrenia. Additionally, billions of people abuse drugs, and 800,000 people commit suicide each year. Mental
and behavioural issues are responsible for 12% of the global disease burden. It has been reported by the World Health
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Organization (WHO) regarding an increase in the occurrence of psychiatric disorders globally [7]. A greater focus is
highlighted on prominent psychiatric disorders, the primary and leading illnesses within the psychiatric category. One of the
most prominent psychiatric disorders is depression, which has become increasingly prevalent. Statistics suggest that depression
affects over 264 million individuals across the world. Signs of a depressed person include indifference to daily life and
disinterest in activities, even if it is a hobby. People who are depressed are also less interested in social contacts and are afraid
to meet other people.

Despite the increasing prevalence of depressive disorders, very few studies currently look at the prediction of depressive
disorders. So far, only one study on this topic has been conducted [8]. Other studies conducted in the psychiatry department
were related to other diseases. In addition, the study by [8] used aggregated data, where data from inpatients and outpatients
had already been combined. However, looking at each treatment type in detail is essential to get more information rather than
uniting the data directly, which is more general. Taking both data into account is vital to make a comprehensive forecast.

Previously, regression analysis and time series techniques, e.g., Poisson regression, autoregressive integrated moving
average (ARIMA), negative binomial regression and generalised additive model (GAM), have been used to solve the problem
[9, 10]. Numerous machine learning (ML) models are offered in literature and the community with specific components and
architectures to address the sequential nature of the inputs. ML, such as random forest (RF) support vector machine (SVM),
has also been used by previous researchers. However, current methods are restricted in their capability to model intricate non-
linear data.

In the past few years, DL techniques have gained immense popularity and are widely used to address various issues,
including the prediction of time series [11-14]. DL has shown the capacity to simulate complicated non-linear feature
interactions, unlike traditional statistics-based models that can only represent linear correlations in the data [15]. Modern neural
systems base their success on their deep structure, which stacks several layers on top of each other and densely connects many
neural connections.

The increase in computing power in recent years has enabled the development of deeper models that have significantly
improved their learning capabilities compared to shallow networks [16]. Moreover, adapting to the data immediately, without
making prior assumptions, offers significant advantages when dealing with limited time series information. Therefore, this
study proposes to develop a forecast of inpatient and outpatient visits for depressive disorders. This study aims to analyse the
performance of deep learning models for predicting inpatient and outpatient visits due to depressive disorders. The contribution
of this study lies in several aspects. First, it provides a more detailed analysis of the prediction of inpatient and outpatient visits
compared to the previous study. In addition, it assesses the usefulness of DL algorithms in predicting inpatient and outpatient
visits for depressive disorders, a topic that has not been thoroughly investigated in previous research. The literature indicates
that RNN, LSTM and GRU have been successfully used in many domain studies and have achieved a good result [17, 18].
Furthermore, the paper provides evidence that DL algorithms, especially the LSTM algorithm, can accurately predict visits to
mental health facilities, highlighting their potential use in clinical decision-making and resource allocation in psychiatric
treatment.

This paper is divided into the following sections: Previous research on prediction in psychiatry and DL models is covered
in Section 2, followed by an explanation of the proposed approach in Section 3, and finally, the findings are presented in
Section 4. A discussion of the findings can be found in Section 5, and the study is concluded in Section 6.

2. RELATED WORKS

2.1 Forecasting in Psychiatric Department

Previous studies have done substantial work in forecasting the psychiatric department. The studies on predicting psychiatric
departments can be divided into general and specific. In the general studies, all types of psychiatric disorders have been
aggregated [19, 20]. For the specific category of studies, predictions are made based on individual studies, e.g., predictions
based on bipolar disorder [8, 21-26].

In the generic nature of the study, [19] makes routine data accessible at admission to anticipate organisational
characteristics of psychiatric hospital care. In the study of 45,388 inpatients, the model performed well in predicting
compulsory treatment and 1:1 observation but poorly in predicting short lengths of stay and non-response to treatment. Two
years later, [20] conducted a study to predict the number of patients admitted to mental health facilities before and during the
epidemic COVID -19. Their research may explain the fluctuations in hospital admissions in 2019 and 2020 due to the impact
of the COVID-19 pandemic. Apart from this, previous researchers have focused on psychiatric disorders such as bipolar
disorder, schizophrenia, anxiety, and depression in specific studies. Currently, only one study by [8] focuses on depression.
The research was done at Kwekwe General Hospital on recently diagnosed instances of severe depression from January 2010
through December 2019 to predict cases from January 2020 through December 2021. The study offers policy recommendations
to improve the treatment of major depression. Besides, [24] conducted a study on the prevalence of schizophrenia. The study
suggests a significant increase in the prevalence of schizophrenia after 2016, with varying trends across months. Few other
researchers have also conducted prognosis studies on schizophrenia, such as [21, 26].

In addition, in the study for the psychiatric unit, the researchers make predictions based on one type of data, either inpatient
or outpatient, and some of the authors used both data. For example, [19, 20, 25] used to make predictions based on inpatient
data, [23] made predictions based on outpatient data, while [21, 26] considered both inpatient and outpatient data. On the other
hand, [8, 22, 24] used both data types but in aggregated form. Regarding the techniques used, researchers in this domain study
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mostly forecast based on time series, a succession of values with specific times and dates to record them [27]. Typically, data
is gathered regularly. Forecasts in time series forecasting are projected using models based on previous time series data. In
time series forecasting, trends are combined with the observed value. In most cases, trend and seasonality patterns are used
[28].

Researchers have previously forecasted psychiatric illnesses using statistical and machine-learning approaches. The
statistical method is an established method that has been utilised for quite some time and has a solid track record. Statistics are
used to describe the data as well as to infer meaning from the data. In addition, inferential statistics are typically used to answer
questions regarding the data, test hypotheses, quantify effects, and characterise correlations or relationships within the data. It
is common practice to employ point estimates when assessing the importance of connections [29].

The ARIMA model is a commonly used time series model that employs frequency statistics for forecasting purposes. It is
widely popular due to its statistical properties, such as the Box-Jenkins method for modelling, which is a well-known approach
[30]. The Box-Jenkins approach does not presume the existence of any pattern in the data of the history series that will be used
to make the forecast. In its place, it utilises an iterative three-step approach consisting of model recognition, estimation of
parameters, and diagnostic inspection to choose the most effective model from a vast class of ARIMA models [31]. In addition
to ARIMA, other statistical techniques such as SARIMA, Exponential Smoothing, Prophet, Logistic Regression, and hidden
Markov model (HMM) were also used for time series forecasting. However, the statistical approach requires significant time-
consuming pre-processing tasks [32].

Therefore, the other alternative used by previous researchers in this field was ML models. It is defined in the scientific
world as a system’s capacity to learn from experience. ML is now widely used in artificial intelligence-based intelligent
systems. The purpose of machine learning is to simplify the process of constructing analytical models and solving related
problems by learning from problem-specific training data [33]. Gradient boosting with trees (XGB), SVM, and elastic networks
were compared to predict psychiatric hospital admissions [20]. In addition to these algorithms, Radial Basis Function (RBF)
and Multi-Layer Perceptron Networks (MLP) have also been used by previous researchers. Although ML models are faster in
training and prediction, their accuracy is not as high as statistical approaches [32]. Recently, DL approaches have shown great
potential for accurate forecasting, especially when time series are involved, as they can capture non-linearity [34]. However,
DL has not yet been explored in this prediction area for psychiatric units. Nonetheless, this research offers valuable insights
into the potential of advanced DL approaches for hospital resource planning and management. These approaches can improve
resource allocation and patient outcomes in mental health care.

2.2 Deep Learning Approaches

DL is an advanced version of a neural network with excellent learning capability. DL models have been found to outperform
superficial ML models and conventional data analysis methods in many applications [33]. Throughout the last several decades,
ML has undergone a great deal of development in terms of advanced learning algorithms and efficient pre-processing
approaches.

DL typically has multiple hidden layers and is arranged in nested network architectures, allowing more complex
relationships between predictors and output to be discovered [35]. The DL’s multiple layers will enable it to process non-linear
and highly dynamic data efficiently and effectively [36]. Moreover, advanced neurons are often found in them. In addition,
DL has been used for time series data applications. Over time, various DL architectures have evolved [37]. Although practically
every architecture may be utilised for any task, some do better with certain kinds of data, such as photos or time series.
Predictions based on time series data often include a combination of trend-observing and regression-based procedures. Time
series forecasting is often used for predicting the behaviour of a process or the financial markets [38]. Most architectural
variations are neural units, the type of connection used and multiple layers. DL methods most used for time series include
RNN, LSTM and GRU.

2.2.1  Recurrent Neural Networks

RNNs are primarily used with sequential data structures, for instance, natural language, time series, and event sequences.
Sequential pattern learning can create a memory, which allows it to represent temporal relationships. This is possible because
the design of sequential pattern learning systems incorporates internal feedback loops. RNNs are a crucial component of DL,
which emphasizes solving time series issues. This is because RNNs have many benefits over sequence dependency [39]. RNN
is referred to as recurrent because it executes the same task for each constituent of a sequence and bases its performance on
previous computations. RNNs can also be viewed as having a memory in which information about prior calculations is
preserved. In theory, RNNs can use information from any length sequence but only look back a few steps [40].

2.2.2  Long Short-Term Memory

The problem of an exploding or vanishing gradient in RNN inspired the development of the LSTM model to solve the problem
of RNN [41]. LSTMs make use of gates as a means of controlling the flow of information. This enables them to handle
disappearing gradients while maintaining the error flow [42]. Memory blocks that can recall data from earlier inputs are another
property of LSTMs. This enables it to handle long sequences of dependencies more effectively [43]. Memory cells are an
alternative to the standard LSTM unit, a more straightforward logic circuit implementation. The memory cell’s many internal
states send a continuous flow of mistakes. The memory cell makes up a linear core unit with a permanently established self-
connection. The learning capabilities of the LSTM have significant practical and theoretical consequences in a wide variety of
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domains, which helps to distinguish this model as a ground-breaking innovation [44].

2.2.3 Gated Recurrent Unit

GRU falls under the category of RNN to solve the problem of vanishing and exploding gradients in traditional RNNs in long-
term dependencies [45]. GRU combines the receiving and forgetting ports into a single updating port. Its architecture is more
straightforward than LSTM as it has only two gates - a reset gate and an update gate. It lacks an output gate. Although it
evolved from the LSTM unit, its calculation and application are much more straightforward. This method maintains the
LSTM’s resilience to the gradient diminishing problem. Because of its more straightforward internal structure, it is less
complicated to instruct and requires fewer computations to keep its internal states current. The update port governs how much
information from prior states is carried into the present state. In contrast, the reset port determines whether data from past
states should accompany the current state. On the other hand, in comparison to the LSTM, the GRU has a lower number of
parameters, which has several benefits, the most notable of which is that it can generally be trained more quickly and with less
effort [46].

3. METHODOLOGY

3.1 Data Collection

The dataset used in this study was from Hospital Universiti Sains Malaysia (HUSM), located at Kubang Kerian, Kelantan,
Malaysia. The data is provided by the Department of Psychiatry at HUSM and covers five years, from January 2016 until
December 2020. For inpatient data, the data was collected based on daily data, with a total of 1827 records. Besides, for the
outpatient data, the data collected was based on monthly data, with 60 records. For the dataset, ethical approval was granted
by Jawatankuasa Etika Penyelidikan Manusia Universiti Sains Malaysia (JEPeM-USM) on 1 April 2022.

3.2 Experimental Setup

The initial phase in this experiment is data preprocessing. Doing this allows the data to be used for the remainder of the process.
The data collected from the HUSM is directly extracted from their electronic health record (HER); thus, they were not in good
condition for the experiment. Thus, data cleaning is the preparation phase's initial stage, eliminating any outliers, missing
values and duplicate records. The dataset was free of outliers and missing values, but three duplicate records were found. The
duplicated records are removed from the dataset and maintain only the original record.

Next, the data is normalised using MinMaxScaler. Data normalisation is needed as the number of patients varies greatly,
especially for outpatient visits. Thus, using data normalisation helps scale the number to a consistent scale, enhancing data
quality. This process involves estimating the lowest and highest values and reducing the data's size from what it was initially
to a new scale where all values are in the range of 0 to 1. For the model development, the data collection was partitioned into
training and test dataset. The samples from the training comprised seventy per cent of the total, while the samples from the test
set comprised the remaining thirty per cent. To carry out the final evaluation and assess the effectiveness of the training
procedure, the test set was utilised. The following structure sets the model’s inputs: sample size, time phase, and number of
features.

The univariate method only considers a single characteristic or independent variable, whereas the multivariate method
considers at least two additional time series variables. This study considers univariate input variable. The data are reshaped
using the Python function NumPy reshape [47]. The Python program ran on Jupyter Notebook and involved pandas, numpy,
pyplot, Keras and TensorFlow libraries. No graphics processing unit (GPU) was used for this study. All three algorithms used
in this study are supervised learning algorithms. In supervised learning, all models necessitate labelled data samples that consist
of an input component (x) and an output component (y). The algorithms rely on these data samples to function properly. For
this research, the input component (x) pertains to the explanatory variable values from the preceding day. Figures 1, 2 and 3
show the visualisation of the training and test data. The algorithms are then developed. All algorithms were developed based
on default values without any parameter tuning. The details of the parameters are shown in Table 1.

3.3 Evaluation Metrics

Three performance measures are chosen based on the benchmark used in earlier forecasting studies to be employed in this
study: the mean squared error (MSE), root mean squared error (RMSE), and mean absolute error (MAE). The MSE is a metric
used to examine the range of forecasting imprecision by measuring the mean squared disparity among the actual and anticipated
values as shown in Equation (1). j represents each individual observation ranging from 1 to » (the total number of observations),
Yyj is the actual observed value and y; is the predicted/estimated value.

wse =3 G- 1
=) (1)

The residuals or standard deviation of the anticipated error are calculated using RMSE [48]. To be more specific, it illustrates
how effectively the information is focused on the best-fit line. The formula for calculating the RMSE is defined in Equation
(2), where it is essentially the square root of MSE.
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Table 1. Details of parameters setting for the DL algorithms

Parameters Value
Learning rate  0.01
Epochs 50
Batch size 64
Dense 1

Hidden node 100
Dropout rate 0.5
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Figure 1. The visualization of the training and testing data for inpatient based on weekly data
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Figure 3. The visualization of the training and testing data for outpatient based on monthly data
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MAE is the average magnitude of mistakes in a series of predictions, regardless of error direction. It is the mean of the absolute
differences between estimations and actual observations across the test sample [49].

MAE:Zn b=l )
j=1 n

4. RESULTS

This section discusses the results obtained from the experiments. Table 2 shows the comparison of the predictive accuracy
between RNN, LSTM and GRU for inpatient forecasting. The evaluations were based on the evaluation metrics, MSE, RMSE
and MAE. Lower values of the metrics indicate better algorithm performance. The inpatient forecast was divided into weekly
and monthly for a complete analysis. In contrast, the outpatient forecast was based on the monthly forecast only, as the data is
only available monthly. The algorithms performed almost similarly in inpatient forecasting, with MSE values between 3.37
and 3.45, RMSE between 1.84 and 1.86, and MAE between 1.84 and 1.86 for weekly forecasting, while for monthly inpatient
forecasting ranging between 34.06 to 34.79 for MSE, 5.84 to 5.9 for RMSE and 5.84 to 5.9 for MAE. LSTM had the lowest
error score for weekly inpatient prediction, while GRU had the lowest error yield for monthly inpatient prediction. The RNN
method obtained the worst MSE and RMSE values for predicting inpatients. The three algorithms predicted inpatients with
almost equal MSE and MAE values. Nevertheless, it was more difficult for the models to predict monthly inpatients than
weekly inpatients, as shown by the higher RMSE values.

Table 3 tabulates the performance of the DL algorithms in predicting outpatients. The results show that the LSTM models
predict outpatients well, with lower MSE, RMSE and MAE values than RNN and GRU models. This means the LSTM model
is better than the RNN and GRU models to capture temporal relationships and patterns in monthly outpatient hospitalisation
data. All three models had lower MSE, RMSE and MAE values for monthly prediction for inpatients than for outpatients,
suggesting that they predict inpatient hospitalisations more accurately. For weekly inpatient and monthly outpatient prediction,
the LSTM algorithm achieved better performance than other algorithms. It is important to note that the differences in
performance between the three algorithms are modest.

The effectiveness of the LSTM algorithm is explored using a loss function to examine the top-performing algorithm
thoroughly. Evaluating the loss function can provide insight into the algorithm’s performance. The loss function of LSTM
models evaluates the accuracy of the model’s predictions based on input during training. It calculates the variance between the
predicted output and the actual output. The model improves its predictive abilities by minimizing the loss function. The MSE
loss function of the LSTM is shown in Figure 4. It shows the small loss function of the LSTM and the decreasing error during
training. The LSTM model also makes more accurate predictions and better captures the patterns and correlations of the input
data. LSTMs can predict monthly data, as shown in Figure 5. This shows that the LSTM can predict a trend. Further
modifications should be made to improve LSTM results.

Comparisons are also made between the results of the DL algorithm and those of previous methods. The comparative results
are presented in Tables 4 and Table 5. For the inpatient weekly projection, LSTM had the lowest MSE of 3.37 and RMSE of
1.84. The SVM, Prophet, SARIMA and ARIMA models were all studied in the previous paper. The ARIMA model performed
the best in monthly prediction for inpatients with a score of 30.48 MSE. It had the lowest RMSE and MAE errors of all the
models, at 5.52 and 2.14 respectively. The LSTM model also performed better than all other models for outpatient forecasts
with a score of 1024.91 MSE, 32.01 for both RMSE and MAE. In summary, LSTM is the best DL algorithm for weekly
inpatient forecasts and outpatient forecasts, while ARIMA is best for monthly inpatient forecasts.

Table 2. Performance of deep learning algorithms for inpatient Table 3. Performance of deep learning
forecasting algorithms for outpatient forecasting
Weekly Monthly Monthly
Algorithms MSE RMSE MAE MSE RMSE MAE Algorithms  MSE RMSE MAE
RNN 345 1.86 1.86 3479 590 5.90 RNN 1047.05 3236 3236
LSTM 337 1.84 1.84 3469 5.89 5.89 LSTM 102491  32.01 32.01
GRU 345 1.86 1.86  34.06 5.84 5.84 GRU 1033.41  32.15  32.15

Table 4. Comparison of the performance of deep learning algorithms with previous studies for inpatient forecasting

Weekly Monthly

Algorithms MSE RMSE MAE MSE RMSE MAE
RNN 3.45 1.86 1.86 34.79 5.90 5.90
LSTM 337  1.84 1.84 34.69 5.89 5.89
GRU 3.45 1.86 1.86 34.06 5.84 5.84
SARIMA [8] 6.08 2.47 1.46  46.65 6.83 2.39
SVM [20] 3.64 191 1.50 36.52 6.04 4.76
Prophet [21] 356 1.89 1.53  38.59 6.21 4.92
ARIMA [22] 447 211 1.34 30.48 5.52 2.14
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Table 5. Comparison of the performance of deep learning algorithms with previous studies for outpatient forecasting

Monthly
Algorithms MSE RMSE  MAE
RNN 1047.05 32.36 32.36
LSTM 102491 32.01 32.01
GRU 103341 32.15 32.15
SVM [20] 1104.12 33.23 26.19
Prophet [21] 1132.55 33.65 27.55

5. DISCUSSION

Based on the result presented in Section 4, LSTM performed better than RNN and GRU in forecasting inpatient and outpatient
visits. The prediction is better in this study with LSTM because it matches the nature of non-linear data in this study with a
combination of the ability to detect long-term data dependencies. After all, each memory cell can retain the information longer.
Unfortunately, compared to LSTM, RNN has shorter memory and can only retain recent information [50], which makes it
ideal for temporary dependencies. Besides, for GRU, even though it can also retain more extended information, it is not as
efficient as LSTM in capturing long-term term dependencies [51].
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All three algorithms predict monthly health care worse than weekly forecasting, indicating that monthly prediction requires
more data. In addition, with existing statistics on the data, it fluctuates from month to month, making prediction more
challenging. Performance variables from a particular dataset may not apply to other datasets or applications. Hyperparameters,
dataset quantity and quality, and pre-processing can affect the algorithm’s performance [52]. Therefore, it is crucial to analyse
the different DL algorithms and select the optimal algorithm for the task.

There are several limitations to this study. First, the data obtained from the HUSM was limited, especially in terms of
outpatient data. The outpatient data found in the electronic health record was based on monthly data only. Therefore, the
outpatient prediction is limited to monthly data. Also, this study was conducted only in the psychiatric department of one
hospital. It would be good to have more data, e.g., from a few psychiatric departments, to make more reliable predictions.
Another limitation is that some patients have more than one psychiatric illness other than depressive disorders, for example, a
patient who have anxiety and depressive disorders; thus, this study might also contain some numbers of patients who have a
psychiatric illness other than depressive disorders.

Some recommendations have been elaborated for future researchers to apply DL algorithms in this field. First, researchers
should focus on the algorithm's hyperparameters DL as they strongly influence its performance. The number of hidden layers,
the number of neurons per layer, the learning rate and the activation functions can be changed to improve the method. Selecting
these hyperparameters using optimisation methods such as grid search, random search, or metaheuristic optimisation
algorithms is crucial for optimal performance. The amount and quality of data collection used to train and evaluate the DL
algorithms can also influence performance. More extensive and better data sets usually lead to better results. When the model
is overfitting the training data, it may produce less accurate results when applied to the test data. The preparation of the data
for analysis can also affect performance. Scaling or normalising the data, dealing with missing values and classifying
categorical variables can all affect the technique's performance. Attention should be paid to all these tasks before model
development.

This study also suggests resolutions for hospital management. Based on the forecasting, the hospital management could
obtain information about the future trend of inpatient and outpatient visits. Thus, based on the graph, they can identify when
the inpatient and outpatient visits peaked, which means the potential for overcrowding. Thus, they can make early preparations
by allocating resources more efficiently by ensuring staff and beds are available when the demand is expected to be high. With
the limited capacity, especially for the inpatient, which can accommodate 32 patients at a time, the management must have a
proper plan to have a good patient outcome and avoid overcrowding.

6. CONCLUSION

The predictive power of three DL models (RNN, LSTM, and GRU) was compared for forecasting inpatient and outpatient
visits. The LSTM model outperformed the other two models in predicting health visits from routine data. The precision of
these estimates enables better health outcomes and more efficient use of resources. The study highlights the importance of the
opportunity for DL to improve patient outcomes and resource allocation in mental health care. The results of this study add to
the growing body of work on the promising possibilities of DL in healthcare and highlight the need for accurate prediction to
improve patient outcomes and maximise resource utilisation.
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