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Article Info Abstract

Article history: The COVID-19 pandemic has significantly impacted the world, including Riau
E:\clies';’gfjkﬂ‘g’:;f%; Province, Indonesia. Predicting case developments accurately is crucial for
Accepted: August 2024 controlling the virus's transmission. The purpose of this study is to forecast
Available online: August 2024 COVID-19 cases in the province of Riau by employing a Recurrent Neural

Network (RNN). Between March 2020 and August 2021, data on daily cases,
deaths, and recoveries was collected. After testing the RNN model with a range
of look-back values, the ideal values were found to be 20 days for daily cases
and 10 days for daily recoveries and deaths. The model's ability to precisely
capture the trend of real data was demonstrated by how closely it matched.
Strong predictive performance was indicated by the resulting RMSE values,
which were 435.31 for daily cases, 13.61 for daily deaths, and 331.95 for daily
recoveries.
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1. Introduction

The coronavirus disease (COVID-19) is respiratory disease caused by severe acute respiratory
syndrome coronavirus-2 (SARS -CoV-2), which is a type of coronavirus. In December 2019, the first
case of COVID-19 was reported in Wuhan, Hubei province in China, the world health organization
(WHO) has declared a contagious coronavirus disease (COVID-19) as a global pandemic in month
March 2020. In a period of eleven months, the disease has spread rapidly to all corners of the world,
including Indonesia. Since Therefore, several precautionary measures have been taken such as
lockdown, rapid tests, wearing masks, as well as self-quarantine, has been implemented by countries to
stop the spread COVID-19 pandemic [1].

Indonesia is a country with numbers fourth largest population globally, so some experts predict that
a pandemic COVID-19 has a negative impact significant and longer pandemic periods compared to
more populous countries A little. On March 2, 2020, President Joko Widodo announced 2 cases of
COVID-19 in Indonesia for the first time and spread The Corona virus in Indonesia has increased
significantly since the government announced the first case [2]. On April 2, 2020, United States
announced there were 1,790 positive cases COVID-19, 113 people died, and 112 cases healed. After 9
months since its announcement the first case in Indonesia on December 9 2020, the total number of
positive cases of COVID-19 in Indonesia has reached 592,900 cases, making Indonesia the country with
the highest COVID-19 cases in Asia Southeast [3].

The COVID-19 pandemic has provided significant impact around the world, including in Indonesia.
Riau Province is one of them areas that have been quite badly affected by the pandemic This. Attempts
to predict developments COVID-19 cases in this region are increasing important in order to plan and
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implement the steps effective prevention [4]. One of the methods can be used to make predictions
Recurrent Neural Network (RNN). RNN is part of the algorithm capable machine learning to analyze
time-series data with consider the temporal sequence of the data. This makes RNN very suitable for
carry out forecasting on COVID-19 data, in where time patterns play an important role. In this research,
the RNN method is applied to predict the number of daily cases, the number of daily deaths, and the
number of recoveries daily in Riau Province [5].

By utilizing time series data COVID-19 from March 2020 to August 2021, this research aims to
produce a model accurate predictions. The model will used to project the pandemic situation in the
future, so that the authorities can make better decisions in deal with the spread of the virus [6]. This
approach is expected to make a contribution significant in handling the pandemic in the Province Riau,
as well as providing useful analysis tools for future research.

This research will evaluate performance RNN models with various look-back values, viz 10, 15, and
20, to determine which configuration most effective. The prediction results will be analyzed uses Root
Mean Square Error (RMSE) metric for ensure the level of accuracy and reliability. Through this
approach, it is hoped that found the optimal prediction model for help in dealing with COVID-19 in
Riau Province [7].

1. Methods

A. Recurrent Neural Networks

The system used to predict the spread of COVID-19 in Riau province is using Recurrent Neural
Network (RNN). The COVID-19 prediction process begins with stage of determining the input data
used for predictions. Dependent variable used are daily cases, daily deaths and daily recovered.
Recurrent neural network or Recurrent Neural Network (RNN) is a type of neural network architecture
mocks whose processing is called repeatedly to process input which is usually data sequential [8]. RNN
is included in the deep category learning because data is processed through many layers (layers) [9].
The purpose of this test is to determine whether the system can measure the performance of the built
model is, therefore, tested with existing parameters. These parameters including changing the learning
rate value and changing the epoch value to get the weight the ideal.
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Figure 1. Recurrent Neural Network’s Cell [9]

Figure 1 depicts the structure and unrolling of a Recurrent Neural Network (RNN) over time. On the
left side of the image, we see a single RNN cell. The cell, denoted as A, takes two inputs: the current
input x; and the previous hidden state h.-,. The output of the cell is the current hidden state ht, which is
fed back into the cell in the next time step, creating a loop. This feedback mechanism allows the RNN
to maintain a memory of previous inputs, which is crucial for processing sequential data.

The right side of the image shows the RNN "unrolled” over time. Unrolling means representing the
network at multiple time steps, which helps in understanding how information is passed through the
network. Each cell A at a time step t takes the current input x; and the hidden state from the previous
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time step h,—;. The output of each cell is the hidden state ht, which is used as an input for the next time
step. This unrolling continues for the length of the input sequence.

The process starts with an initial hidden state ho, usually initialized to zero or learned as a parameter.
At t=0, the first input Xo is fed into the first cell along with ho. The cell A processes these inputs and
produces hi. At t=1, the second input x; is fed into the second cell along with the hidden state from the
previous time step hi1. This process is repeated for each subsequent time step: x: and h,-; are input to the
cell A, which produces the new hidden state ht.

The hidden state ht at each time step encapsulates information from all previous inputs xo, X1, ..., Xt
This allows the RNN to maintain a memory of the sequence and use past information to inform the
current output. RNNs process sequences of data one step at a time, maintaining a state that carries
information across time steps. The weights and biases within the cell A are shared across all time steps,
which helps in capturing patterns in the sequence.

Training RNNSs involves a process called Backpropagation Through Time (BPTT), where the
gradients are calculated through the unrolled network to update the parameters. This structure allows
RNNSs to be powerful for tasks involving sequential data, such as time series prediction, natural language
processing, and speech recognition, where the order of the data points matters.

B. Data Preprocessing

The RNN algorithm process begins with enter data on the spread of COVID-19 into Python
programming language [10]. Python is selected because of its flexibility and there are many libraries for
the data mining process. This is possible developers to write more code easy to maintain, test, and
develop. Then, data preprocessing is carried out with set dimensions and perform data scaling with the
aim of preventing variable domination, optimize model performance, and improve interpretability [11].
As for formulas data scaling is

X—Xmin

@)

Xscalea = Xmax—Xmin
where X is the overall data, X,,;, is the smallest data, and X,,,, is the largest data. After data
preprocessing is carried out, then form a new dataset from the results of preprocessing in the same way
using look-back [12].

In system design in Recurrent Neural Network, there are several steps done. These steps include:
designing architecture, setting initial weights initialize, initialize parameters, prepare input vector,
output vector, and determine the target network [13]. Recurrent Neural Network is a type of neural
network that has repetitive nature. This network is called recurrent because value of neurons in the
previous hidden layer will be reused as input data. The neurons in the hidden layer will be stored in a
special layer called the context layer. Values neurons in the context layer will be continuously updated
until the RNN condition is met [13].

First, raw data is cleaned, normalized, and made ready for input into the model. This is commonly
referred to as data preprocessing. The Recurrent Neural Network (RNN) architecture is then developed,
specifying the layers, units, and parameters required to extract temporal dependencies from the data.
The preprocessed data is used to train the RNN, which then uses back-propagation to update weights in
order to minimize prediction error. The model is tested after training to assess its effectiveness and make
sure it applies well to new data.

C. Model Evaluations

In this section, we focus on the evaluation of the performance of Recurrent Neural Networks (RNNs)
using widely used error metric i.e. Root Mean Square Error (RMSE). This metric help quantify the
accuracy of the predictions made by the RNN, offering insights into how well the model is performing..

The RMSE provides a measure of the differences between the predicted values and the actual values
in our dataset. It is calculated by taking the square root of the average of the squared differences between
the predictions and the actual observations. Mathematically, it is represented as
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where y; is predicted value, y; is actual data, and n is number of observation. A lower RMSE indicates
a closer fit of the model to the data, meaning that the model's predictions are close to the actual values.

D. Stochastic Gradient Descent

Stochastic Gradient Descent (SGD) is one of popular optimization techniques used in machine
learning, particularly for training models like neural networks. Slightly different than gradient descent,
SGD updates the model's parameters using only a single or a small batch (sampling) of data points at
each step. This approach significantly reduces the computational cost and memory usage, making it
well-suited for large datasets. Meaning SGD involves randomness into the optimization process, which
can help the model escape local minima and potentially find a better global minimum.

The randomness in parameter updates also means that the convergence process in SGD is noisier
compared to batch gradient descent. However, this noise can be advantageous as it provides
opportunities for the model to explore a wider range of parameter space, potentially leading to better
overall solutions. To balance the exploration and convergence, various strategies such as learning rate
schedules and momentum are often employed. Learning rate schedules adjust the step size over time,
typically decreasing it as the training progresses, to ensure the model stabilizes as it approaches the
optimal solution. Momentum method helps to smooth out the updates by considering the past gradients,
which accelerates convergence in the relevant direction and reduces oscillations.

111. Results and Discussion

Data used in this research is data on the distribution of COVID-19 from the Province Riau, which
covers the time span from March 2020 to August 2021 as this represent the first wave in Indonesia. The
data consists of three main features, namely the number of daily cases, number of daily deaths, and total
daily healing (daily recovered). By Overall, 536 data entries were used in this study.

The Recurrent Neural Network (RNN) architecture that is offered is intended for time series
forecasting, more especially for estimating how a phenomenon such as COVID-19 case counts will
develop in the future. First, a 50-unit Simple RNN layer in the architecture processes sequential input
data (e.g., previous case numbers across time) to capture temporal dependencies. The look back
parameter, which indicates how many previous time steps are used to forecast the future, defines the
input to this layer. The outputs from the RNN layer are then further processed by a Dense layer with 20
units and ReLU activation, which adds non-linearity and improves the model's ability to identify
complex interactions in the data.

Data on the spread of COVID-19 used is time-series data that cannot be direct processed into a Neural
Network model. This matter occurs because the Neural Network is supervised learning, which requires
input in the form of features and outputs. That's why time-series data will first formed into a dataset with
how to create a look-back. In For this problem, look-backs 10, 15, and 20 were selected to analyze the
magnitude of the error using metric RMSE [4].

Table 1. Data on the Distribution of COVID-19 in Indonesia

Date Daily Case Daily Death Daily Recovered
02/03/2020 1 0 0
03/03/2020 0 0 0
04/03/2020 0 0 0
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Date Daily Case Daily Death Daily Recovered
16/08/2021 609 42 1684
17/08/2021 819 33 1540
18/08/2021 589 30 1098

In this study, we used three main features, namely the number of daily cases, nhumber of daily deaths,
and total daily healing (daily recovered). Data can be seen in Table 1. After that, a fitting process is
carried out for each feature, namely processing the dataset that has been through preprocessing based
on RNN architecture has been designed.

A. Model RNN Daily Case

In the fitting process using look-backs 10, 15, and 20, a Loss function graph is obtained for the three
look-backs as shown in Figure 2-4.
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Figure 2. Training Loss of the RNN Model over 500 epochs for daily cases with look-back=10

Model loss

|
|
0.002 {JIJ_‘N
Y
M\Mﬁ _‘_u__“l 'L\*M‘\N»«’MLJW

o 100 200 300 400 500

0.001

Figure 3. Training Loss of the RNN Model over 500 epochs for daily cases with look-back=15
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Figure 4. Training Loss of the RNN Model over 500 epochs for daily cases with look-back=20
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The loss function from Figure 2-4 show comprehensive views of the RNN model's training progress
over 500 epochs. Initially, there is a rapid decrease in the loss, especially in Figure 2 with look-back=20,
indicating that the model is quickly learning and improving its performance during the early stages of
training. This rapid reduction is typical as the model adjusts its weights from their initial random values.
After approximately 100 epochs, the rate of decrease in the loss slows down and starts to stabilize,
suggesting that the model is refining its performance and approaching an optimal state. This stabilization
implies that the model is making smaller improvements with each epoch as it converges towards a
minimum loss value.

Throughout the training process, a few noticeable spikes in the loss occur, particularly around epochs
300 and 400. These spikes could be attributed to various factors such as learning rate adjustments, model
updates, or batch effects during training. Despite these fluctuations, the overall trend demonstrates a
consistent decrease in loss, reaching a very low value by the end of the 500 epochs. This consistent
downward trend indicates that the model has been effectively trained and that the optimization process
has been successful.

The convergence of the loss towards a very low value suggests that the model is not overfitting and
has generalized well to the training data. This is a positive sign, indicating that the model is likely to
perform well on unseen data. To further enhance the model’s training process, several improvements
can be considered. The occasional spikes are seen as we use stochastic gradient descent for training the
RNN model.

Moreover, from the figures it is also clear that the loss function with look-back=10 is flatter and the
value converges as the epoch increases. This model uses fewer data input, so that fitting algorithm were
facing smaller dimensional parameter estimation. Meaning that the model is much simpler that the
others. The result can be seen in Figure 4-6 after inverse scaling the prediction results.
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Figure 5. Comparison of Actual Daily cases (blue line) vs. Predicted Daily cases by RNN Model
(orange line) with a Look-back Period of 10 Days
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Figure 6. Comparison of Actual Daily cases (blue line) vs. Predicted Daily cases by RNN Model
(orange line) with a Look-back Period of 15 Days
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RNN Model vs Daily Case
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Figure 7. Comparison of Actual Daily cases (blue line) vs. Predicted Daily cases by RNN Model
(orange line) with a Look-back Period of 20 Days

Based on these three figure, the model built is quite good in following the trend of the actual data. This
is characterized by a model that follows data trends both when the trend is down and when the trend is
up with quite appropriate time.

Next, calculations are carried out to get the RMSE, the RMSE for each look-back can be seen in the
Table 2.

Table 2. RMSE Daily Case Calculation Results

Look-back RMSE
10 437.154141
15 438.534049
20 435.309074

Because look-back=20 has the smallest RMSE, the RNN model with look-back = 20 was chosen as the
best model. Next, a forecasting process was carried out for the next time step and a forecasting result
was obtained with a value namely 959.07.
B. Model RNN Daily Death

In the fitting process using look-backs 10, 15, and 20, a Loss function graph is obtained for the three
look-backs as shown in Figure 8-10.
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Figure 8. Training Loss of the RNN Model over 500 epochs for daily deaths with look-back=10
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Figure 9. Training Loss of the RNN Model over 500 epochs for daily deaths with look-back=15
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Figure 10. Training Loss of the RNN Model over 500 epochs for daily deaths with look-back=20

The three pictures above show that the loss function with look-back = 10 is flatter and the value
converges as the epoch increases. After that, the scale is returned to see the prediction results. The graph
of the prediction results after rescaling is as shown in the image below.
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Figure 11. Comparison of Actual Daily cases (blue line) vs. Predicted Daily deaths by RNN Model
(orange line) with a Look-back Period of 10 Days
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Figure 12. Comparison of Actual Daily cases (blue line) vs. Predicted Daily deaths by RNN Model
(orange line) with a Look-back Period of 15 Days
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Figure 13. Comparison of Actual Daily cases (blue line) vs. Predicted Daily deaths by RNN Model
(orange line) with a Look-back Period of 20 Days

Based on these three graphs, the model built is quite good. This is characterized by a model that
follows data trends both when the trend is down and when the trend is up with quite appropriate
momentum.

Next, calculations are carried out to get the RMSE, the RMSE for each look-back can be seen in the
Table 3.

Table 3. RMSE Daily Death Calculation Results

Look-back RMSE
10 13.609805
15 13.989217
20 13.803985

Because look-back = 10 has the smallest RMSE value, the RNN model with look-back = 10 was chosen.
Unlike the preceding section's model for daily cases, the model for daily deaths performs better with a
shorter look-back period. Specifically, a look-back period of 10 days yields the best results. Next, a
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forecasting process was carried out for the next period and a forecasting result was obtained with a value
of 41.5999.

C. Model RNN Daily Recovered

In the fitting process using look-backs 10, 15, and 20, loss functions are depicted for the three look-
backs as shown in Figure 15-17.
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Figure 14. Training Loss of the RNN Model over 500 epochs for daily recovered with look-back=10
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Figure 15. Training Loss of the RNN Model over 500 epochs for daily recovered with look-back=15
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Figure 16. Training Loss of the RNN Model over 500 epochs for daily recovered with look-back=20

The three figures show that the loss function with look-back = 10 is flatter and the value converges as
the epoch increases. After that, the scale is returned to see the prediction results. The predicted values
for daily recovered after rescaling are as shown in Figure 18-20.




Indonesian Journal of Applied Mathematics and Statistics (IdJAMS)

Volume 1 Issue 1 June, 2024, pp. 51-64
https://idjams.com/index.php/jms/index
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Figure 17. Comparison of Actual Daily cases (blue line) vs. Predicted Daily deaths by RNN Model
(orange line) with a Look-back Period of 10 Days
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Figure 18. Comparison of Actual Daily cases (blue line) vs. Predicted Daily deaths by RNN Model
(orange line) with a Look-back Period of 15 Days
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Figure 19. Comparison of Actual Daily cases (blue line) vs. Predicted Daily deaths by RNN Model
(orange line) with a Look-back Period of 10 Days
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Based on these three graphs, the model built is quite good. This is characterized by a model that follows
data trends both when the trend is down and when the trend is up with quite appropriate momentum.
Next, calculations are carried out to get the RMSE, the RMSE for each look-back can be seen in the
Table 4.

Table 4. RMSE daily recovered calculation results

Look-back RMSE
10 331.949041
15 345.364117
20 346.048650

Because look-back = 10 has the smallest RMSE, the RNN model with look-back = 10 was chosen. Next,
a forecasting process was carried out for the next period and a forecasting result was obtained with a
value of 676.34.

The study's practical limitation is from its dependence on data that could be inaccurate or incomplete
as a result of underreported COVID-19 cases. Furthermore, the model's forecasts might not take into
account abrupt changes in public health policies or virus mutations as the forecasts are based on
historical data. Another difficulty with RNNs are its computational complexity, requiring for a lot of
time and computational power that not all institutions might be able to provide.

Although RNNs are successfully used in this study to forecast the spread of COVID-19, there are
still a few unresolved problems. For example, enhancing model accuracy when dealing with noisy or
sparse data is a continuous problem. Moreover, combining adaptive learning techniques with real-time
data sources may improve prediction reliability in quickly evolving circumstances. In order to better
capture the complex nature of epidemic spread, hybrid models that combine RNNs with other machine
learning techniques may be investigated in future studies.

1V.Conclusion

This study on the spread of COVID-19 in the Province of Riau, covering March 2020 to August
2021, utilized RNN models with look-back periods of 10, 15, and 20 days to predict daily cases, deaths,
and recoveries. The model for daily cases performed best with a 20-day look-back, achieving the lowest
RMSE value, while models for daily deaths and recoveries showed optimal performance with a 10-day
look-back, also achieving the lowest error. Despite occasional spikes in the loss function due to
stochastic gradient descent, all models effectively captured the data trends, demonstrating strong
generalization and accurate prediction capabilities. These results highlight the importance of selecting
appropriate look-back periods for different time-series features to enhance model’s accuracy.
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