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ABSTRACT: This study uses Autoregressive Integrated Moving Average (ARIMA) and Artificial 

Neural Networks to predict COVID-19 in Pakistan. The pandemic epidemic that hit Wuhan, 

China, in December 2019 and affected millions of people worldwide. As of March 1, 2023, Pakistan 

had 296,149 confirmed cases, 6,298 deaths, and 280,970 recoveries. The predictive algorithms 

above will predict confirmed cases, deaths, and recoveries for 30 days. The approach collects time-

series data on confirmed cases, deaths, and recoveries. The data is processed and analyzed using 

ARIMA and ANN models. These models were chosen because they can handle non-linear and 

complex time series data, making them excellent for pandemic prediction. The research hypothesis 

is that ARIMA and ANN models can accurately anticipate Pakistani COVID-19 case trends over 

the next 30 days. Correlation and MSE are used to compare models. Early results reveal that 

ARIMA and ANN models accurately estimate COVID-19 prevalence in Pakistan. An in-depth 

study of the methodology suggests adjustments to improve forecast accuracy. This study has 

significant ramifications. Accurate projections can help policymakers choose public health 

initiatives, saving lives and money. Successfully using these machine learning models could lead 

to their usage in epidemic prediction. 

Keywords: COVID-19, ARIMA, ANN, Machine Learning, Pakistan, Covid-19 Prediction, Public 

Health 

1. Introduction: 

The worldwide medical emergency known as the COVID-19 pandemic has arisen due to 

the advent of a previously unidentified coronavirus, SARS-CoV-2. The rapid 

transmission of the virus across multiple countries in Europe, North America, and the 

Asia-Pacific region led to the declaration of a global pandemic by the World Health 

Organization (WHO) on March 11, 2020 [1, 4]. This phenomenon arose due to the swift 

dissemination of the virus. According to the World Health Organization (WHO), on 

March 13, 2020, it was announced that Europe had emerged as the primary focal point of 

the ongoing epidemic [1]. The most affected countries include Italy, the United States, 

India, Iran, China, Spain, and Russia. As of March 1, 2023, the total number of confirmed 

COVID-19 cases globally was over 440 million, with more than 5.8 million deaths and 

over 390 million recovered cases. The pandemic has led to extreme social, psychological, 

and economic consequences, disrupting daily life and posing significant challenges to 

healthcare systems and economies in all affected countries. The virus exhibits a high level 

of infectivity. It can potentially induce several symptoms, including fever, respiratory 

distress, coughing, and the development of invasive lesions in the lungs of affected 

individuals [1, 3]. 

The COVID-19 pandemic has substantially impacted Pakistan, resulting in many 

confirmed cases and Deaths [6, 7]. The initial documented case of COVID-19 in Pakistan 

was officially recorded on February 26, 2020, with the first fatality attributed to the virus 

occurring on March 18, 2020. According to the latest available data as of March 1, 2023, 
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Pakistan has reported a cumulative total of 296,149 confirmed  cases. Among these 

instances, 6,298  deaths and 280,970 individuals have successfully recovered from the 

illness [5]. The global epidemic has resulted in a significant burden on a global scale, with 

Pakistan being no exception [7]. The Pakistani government has implemented many 

measures to mitigate an outbreak within the country, yet the current circumstances 

continue to present significant challenges 

 [7, 8]. 

The COVID-19 pandemic has significantly impacted Pakistan, as indicated by the number 

of confirmed cases in the millions and reported deaths in the thousands 

 [9, 12]. The confirmation of the virus's arrival in Pakistan occurred on February 26, 2020, 

with the recording of two instances [14]. Following the outbreak, the Pakistani 

government has implemented various measures to mitigate its occurrence. Additionally, 

efforts have been made to introduce face detection [11, 31] technologies to minimize 

human participation in official settings. However, despite these efforts, the current 

circumstances continue to present significant challenges [9, 12, 14]. COVID-19 studies 

have garnered significant interest within the Pakistani environment. Numerous scholarly 

investigations have been conducted on the medical dimensions of COVID-19, as 

evidenced by the existing literature [6, 10, 14]. Conversely, researchers have conducted 

sociological [13] , economic [10, 14], and statistical analyses of COVID-19 in numerous 

studies. 

The primary emphasis of statistical research typically lies in predicting the pandemic at a 

national level. In addition to numerous other nations, Pakistan has also been investigated 

in several studies [9]. A diverse range of statistical and predictive studies employ many 

research methodologies, including time-series analyses, data mining techniques, growth 

models, nonlinear regression analysis, epidemiological models, and artificial intelligence 

(AI) research methodologies. Within the context of the COVID-19 forecasting project, the 

ARIMA model has received significant attention as a time-series-based methodology 

with notable efficacy. The ARIMA model, a statistical technique, has been widely 

employed in many countries' academic literature on COVID-19  [9] . Moreover, artificial 

neural networks (ANN) have been employed in numerous research to forecast the 

incidence of COVID-19 and have been consistently demonstrated as an effective 

technique for prevalence prediction [12, 43] 

 

The primary objective of this study is to analyze the patterns and trends of COVID-19 

incidence in Pakistan. The management of infected patients, deaths, and recoveries will 

be addressed, and predictive models will be constructed utilizing the ARIMA and ANN 

methodologies. The research will employ a technique that encompasses data collecting, 

the utilization of ARIMA and ANN models, and assessment and validation procedures. 

The anticipated results of this study encompass precise and punctual forecasts regarding 

the dissemination of COVID-19 in Pakistan, identification of the pivotal factors that 

contribute to the transmission of COVID-19 in Pakistan, enhanced comprehension of the 

dynamics associated with COVID-19 in Pakistan, and the establishment of a predictive 

model that can be employed for future COVID-19 prognostication in Pakistan. 
 

2. Literature Review 

The emergence of a novel coronavirus, scientifically referred to as COVID-19, has 

garnered significant interest among global scientific communities, particularly those 

engaged in epidemiology. Precisely forecasting infectious diseases, such as the trajectory 

of COVID-19, is essential in executing public health interventions and devising 

https://doi.org/10.58619/pjest.v4i4.153
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appropriate intervention strategies efficiently. In pursuing this objective, applying 

machine learning methodologies such as ARIMA (AutoRegressive Integrated Moving 

Average) and ANN (Artificial Neural Networks) has emerged as noteworthy 

instruments. The use of this application in forecasting the trajectory of COVID-19 in 

Pakistan has garnered significant attention, with several studies emphasizing its efficacy 

[15-18]. 

ARIMA models are widely recognized in time series forecasting and have been 

extensively employed in predicting epidemiological patterns. Khan et al. (2020) 

demonstrated the utility of ARIMA models in accurately forecasting short-term COVID-

19 cases in India [15]. Ahmed and Malik (2020) conducted a comprehensive evaluation of 

the efficacy of ARIMA. Their findings indicate that ARIMA effectively captured both the 

trend and seasonality patterns in the COVID-19 data, facilitating accurate forecasts about 

the incidence of cases and fatalities in Pakistan [16]. 

Research has shown that artificial neural networks (ANN) can predict intricate nonlinear 

patterns effectively. This capability is derived from the inspiration drawn from biological 

neural networks' structural and functional characteristics. In their study, Baker et al. 

(2021) employed artificial neural networks (ANN) to predict the number of COVID-19 

cases in Pakistan. Their findings indicate that ANN outperforms conventional statistical 

methods regarding prediction accuracy [17]. Additionally, Iqbal et al. (2020) emphasized 

the potential utility of deep learning, a subset of ANN, in forecasting the spread of the 

virus within Pakistan [18]. 

Comparison studies have been conducted to examine the performance of ARIMA and 

ANN models in predicting COVID-19 trends. Ali et al. (2021) found that ANN had more 

excellent performance in capturing nonlinear patterns, contrasting with the more suitable 

application of ARIMA for linear data [19]. The conclusion above was corroborated by 

Hussain et al. (2020), who conducted a study and found that artificial neural networks 

(ANN) exhibit more excellent reliability in handling the inherent unpredictability of 

pandemic-related data [20]. 

Hybrid models have been developed by researchers who have carefully considered the 

advantages and disadvantages of both Autoregressive Integrated Moving Average 

(ARIMA) and Artificial Neural Network (ANN) methodologies. Zafar et al. (2021) 

devised a hybrid ARIMA-ANN model that effectively leveraged the advantages inherent 

in both methodologies. This integration significantly enhanced the predictive precision of 

gold prices in pakistan [21]. 

The current study investigates regional projections within Pakistan, while the 

predominant focus of studies is on national-level predictions. Yousaf et al. (2020) 

employed the autoregressive integrated moving average (ARIMA) model to predict the 

incidence of COVID-19 cases in Sindh, a province within the country of Pakistan. This 

emphasizes the importance of designing interventions customized to a specific 

geographical area [41]. 

In addition to basic case counts, numerous studies have developed predictive models 

incorporating additional variables, including temperature and rainfall patterns and socio-

economic and other indices. In their study, Arshad et al. (2023) employed artificial neural 

networks (ANN) to incorporate weather data into predicting COVID-19 outcomes in 

Pakistan. During this investigation, a significant correlation between temperature and the 

number of cases was identified [23]. 

However, machine learning-based predictions are not without challenges. Tariq et al. 

(2020) have identified several challenges that hinder the attainment of consistently precise 

estimates. These challenges encompass data quality, model overfitting, and the dynamic 

nature of the pandemic. 

https://doi.org/10.58619/pjest.v4i4.153


  
 
 
_______________________________________________________________________________________________ 

_______________________________________________________________________________________________ 
PJEST December 2023, 4(4). https://doi.org/10.58619/pjest.v4i4.153                   Page 4 of 20 https://pjest.net/index.php/pjest/index 

  

The models' ability to make accurate predictions holds considerable implications for 

public health policy. As Lahiri et al. (2021) state, precise and timely forecasts can support 

policymakers in resource allocation, lockdown measures, and vaccine campaigns [25]. 

Logistic Regression, Random Forest, Support Vector Machine, and Decision Trees as 

supervised machine learning models for Fraud Detection in Credit Cards [22]. These 

models have demonstrated favorable outcomes across various domains, underscoring 

their adaptability and efficacy in addressing intricate issues. The same methods can also 

be employed to predict COVID-19 cases in Pakistan. 

Although this study focuses on Pakistan, it is noteworthy to highlight that the utilization 

of ARIMA and ANN for COVID-19 predictions has been extensively documented 

worldwide. Several studies undertaken in other countries, including India, Brazil, and the 

United States of America, have provided evidence of the effectiveness of these models, 

suggesting their universal applicability [26-28]. 

In summary, the utilization of machine learning techniques, specifically ARIMA and 

ANN, has exhibited considerable potential in predicting the trajectory of COVID-19 in 

Pakistan. Despite the challenges encountered, the continuous advancement and 

refinement of these models, coupled with the incorporation of novel external variables, 

provide grounds for optimism regarding the potential for enhanced accuracy and 

timeliness of future forecasts. Utilizing these methodologies offers valuable insights into 

the advancement of the ailment and furnishes crucial information for the decision-

making procedures about public health. 

3. Research Methodology 

3.1 Dataset Description 

The dataset included in this academic publication encompasses the daily cumulative 

total of confirmed reported cases, fatalities, and recovered spanning from February 26 in 

2020 to March 1, 2023 [29, 32]. The model deployment was completed on March 1, 2023, 

and further forecasting was conducted for one month, from March 1, 2023, to March 30, 

2023 [29]. The data was acquired from authoritative publications issued by the National 

Institute of Health (NIH) in Islamabad, Pakistan [29]. The National Institutes of Health 

(NIH) is an independent health research organization under the jurisdiction of the 

Ministry of National Health Services in Pakistan. Its primary responsibilities include 

conducting biomedical and health-related research and manufacturing vaccines [6, 29]. 

The National Institute of Health (NIH) in Pakistan has been consistently gathering and 

disseminating daily reports on COVID-19 since the initial detection of the first case in 

the country [29]. The data that is currently accessible includes the collective tally of 

confirmed COVID-19 cases, fatalities, and cures in Pakistan [29]. 

  

     wt  =  ∅1wt-1  +  ∅2wt-2  + … + ∅p wt-p  + α1- θ1 αt-1 – θ2 αt-2 - … - θq αt-q  …     (1) 

 

This study employs data on confirmed cases, deaths, and recoveries supplied by the 

National Institutes of Health (NIH). Hence, it is unnecessary to obtain ethical permission 

for the present inquiry [29]. The global impact of the COVID-19 pandemic has been 

observed in nearly all countries around the globe. As of March 1, 2023, global records 

indicate that there have been 758 million documented cases of sickness and 6.8 million 

deaths [29, 33]. The effects of the COVID-19 pandemic exhibit variation among nations 

in terms of the reported cases and fatalities [6, 29]. Like previous pandemics, the 

effective containment and mitigation of COVID-19 necessitates implementing spatial 

management strategies [6]. The researchers utilized internet databases, assuming their 

https://doi.org/10.58619/pjest.v4i4.153
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accuracy [30]. Nevertheless, it is essential to note that different countries adhere to their 

own distinct pandemic reporting and evaluation processes, which may result in the 

presence of inaccuracies in the data of certain countries [30]. This study presents the 

inaugural statistical modeling of future monthly COVID-19 cases in Pakistan [29].       

  
3.2. Statistical model for Time series (ARIMA Method) 

 

Time-series projection plays a crucial role in epidemiology due to its ability to anticipate 

the trajectory of infectious diseases. The Box-Jenkins technique, the ARIMA model, is a 

commonly employed tool for analyzing and predicting univariate time series data. The 

methodology examines the observational data collected at pre-established temporal 

intervals [37]. The application of a dependable tool facilitates the examination of 

stationary time series data. The ARIMA statistical model combines the Autoregressive 

(AR) and Moving Average (MA) procedures, as represented in Fig. 1 It is used to 

analyze the association between the present value of a time series and its preceding 

values, as well as the connection between the current forecast error and the prior 

forecast mistakes. The user did not provide any text to rewrite. In its general form, the 

ARIMA(p,d,q) model can be mathematically written as an equation. 

 
 

Fig. 1: ARIMA Model Architecture Diagram 

 

Where wt is the differenced time series (if needed), Φ1, Φ2,...., Φp are the autoregressive 

parameters, it is the residual/forecast error, and Θ1, Θ2,...., Θq are the moving average 

parameters. 

 

The parameter d represents the number of differencing operations required to transform 

the raw observations into a stationary series. If the differencing of order one (d=1) for 

non-seasonal data leads to a stationary process, it can be concluded that the differencing 

operator is effective. 

 

∇Xt = Wt = Xt – Xt-1        …   …     [39] 

(2)        

∇= difference operator, 

https://doi.org/10.58619/pjest.v4i4.153
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d= degree of difference, 

{wt}= differenced series. 

To address the exponential growth exhibited in COVID-19 case data, the cumulative case 

numbers were utilized for modeling and forecasting purposes by implementing ARIMA.  

Selecting an appropriate ARIMA model entails ascertaining the optimal values for the 

parameters p, d, and q, which yield a stationary residual series that exhibits white noise 

characteristics. The examination of the Autocorrelation Function (ACF) and Partial 

Autocorrelation Function (PACF) plots of the differenced time series was conducted [37].  

The autocorrelation function (ACF), which highlights the relationship between the 

residual and its lagged values, is a valuable tool for estimating the autoregressive 

parameters (p). The Partial Autocorrelation Function (PACF) is a statistical tool used to 

determine the Moving Average (MA) parameters (q) in a time series model. It achieves 

this by measuring the correlation between the residual and the lagged forecast errors 

after accounting for the influence of intervening residuals.  

The estimation of potential ARIMA models was conducted using the maximum 

likelihood technique, with the determination of these models based on an examination of 

the Autocorrelation Function (ACF) and the Partial Autocorrelation Function (PACF). 

The model that provided the best fit was chosen by considering the minimum values of 

the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC), which 

take into account both the simplicity of the model and its goodness of fit [35]. The fitted 

ARIMA model was utilized to produce projections for many time steps in advance, 

extending up to four weeks. The evaluation of forecasting accuracy was conducted by 

employing three commonly used metrics: Mean Absolute Percentage Error (MAPE), 

Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). Lower values of 

these indicators represent a more favorable forecasting performance. The data processing, 

modeling, forecasting, and analysis procedures utilized the Python libraries for 

forecasting, statistics, time series, and machine learning [38]. 

 

3.3 ANN Model  

The multilayer perceptron, also called MLP, is a feedforward neural network frequently 

employed in artificial neural network (ANN) architectures for predicting COVID-19 

scenarios. The user's text does not contain any information to rewrite. A multilayer 

Perceptron, sometimes called an MLP, typically comprises a solitary input layer, an 

output layer, and one or more hidden layers. The input layer is responsible for supplying 

data to the neural network, while the output layer is responsible for generating forecasted 

information. The hidden layer facilitates the establishment of nonlinear connections 

between the inputs and outputs through the adjustment of weights, a process commonly 

referred to as learning. The layers are comprised of varying quantities of neurons, which 

undertake the processing of data through the utilization of activation functions [41]. 

The suitability of the MLP architecture for COVID-19 case prediction arises from its 

ability to effectively process extensive datasets and learn from them without prior 

knowledge of the model's functional form or nonlinear structure [40]. The Multilayer 

Perceptron (MLP) architecture is a data-driven approach employed when there is a need 

for more theoretical knowledge regarding the underlying model. Fig. 2  illustrates the 

overall structure of the multilayer Perceptron (MLP). 

The training of the MLP architecture involves the utilization of a training algorithm. One 

commonly employed training technique for nonlinear least squares is the Broyden–

Fletcher–Goldfarb–Shanno (BFGS) algorithm[40]. The authors propose an enhancement 

https://doi.org/10.58619/pjest.v4i4.153
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to the backpropagation method by integrating it with the BFGS algorithm, aiming to 

enhance the efficiency of the training process [40]. The utilization of the validation set (40) 

enables the fine-tuning of the hyperparameters of the Multilayer Perceptron (MLP) 

model. 

 
Fig. 2: ANN Architecture Diagram 

 

The hyperparameters encompass various factors, such as the number of hidden layers, 

the number of neurons contained within each hidden layer, and the choice of activation 

function employed by the neurons. The evaluation of the MLP architecture is conducted 

on the testing set, with the performance measurements comprising mean square error 

(MSE) and mean absolute error (MAE) [40]. The predictions undergo a post-processing 

procedure to normalize the magnitude of verified cases and deaths. This is achieved by 

adjusting the values based on pre-existing references kept for this purpose [40].  

Fig.2, depicts the Multilayer Perceptron (MLP) architecture, demonstrating its 

appropriateness as a model for an Artificial Neural Network (ANN) in predicting 

COVID-19 scenarios. The Multilayer Perceptron (MLP) architecture consists of an input 

layer, an output layer, and one or more hidden layers. Arthur Samuel invented the 

Multilayer Perceptron (M LP). The Multilayer Perceptron (MLP) architecture is taught 

through a training method, while the validation set fine-tunes the hyper-parameters. The 

MLP architecture's performance is evaluated using the testing set. Subsequently, the 

predictions are subjected to post-processing to modify the scale of verified cases and 

deaths. For normalization, this adjustment makes use of previously stored data.  

 

4. Results & Discussion 

4.1 Results of the ARIMA Model  

 

To further elaborate on the research methods and findings, we will conduct a more 

comprehensive analysis of the ARIMA model and its implementation within our study.  

Fig. 4, shows the trend of daily confirmed cases, daily fatalities, and daily recovered cases 

over time. The Auto-Regressive Integrated Moving Average (ARIMA) model is a widely 

utilized forecasting tool in time series research. The present study employed this model to 

predict the daily tally of verified COVID-19 confirmed cases, daily fatalities, and daily 

recovered cases over time, as shown in Fig . 4-6, for the next 30 days. 

 

https://doi.org/10.58619/pjest.v4i4.153
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Fig. 3: Daily Trend of confirmed, Deaths, Recovered Cases 

 

 
Fig. 4: Graph showing Predicted Confirmed Cases using ARIMA Model  

 

 
Fig. 5: Graph showing Predicted Deaths Cases using ARIMA Model  

 

 

https://doi.org/10.58619/pjest.v4i4.153
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Fig. 6: Graph showing Predicted Recovered Cases using ARIMA Model  

 

However, the ARIMA model's limitation is that it cannot simultaneously produce models 

for multiple outcomes. Due to this constraint, it was necessary to develop three separate 

ARIMA models, each specifically designed for one variable: daily confirmed cases, 

Deaths, and recoveries. The models were constructed using the Stats models packages in 

Python, renowned for their robust capabilities in statistical computations. 

The initial step in utilizing the ARIMA model is to evaluate the stationarity of the time 

series under consideration. The concept of stationarity refers to a situation in which the 

statistical properties of a time series, produced by a particular process, stay consistent 

over the whole duration of the time series. The assumption of stationarity holds great 

importance in various statistical models as it allows for applying a wide range of 

techniques that would otherwise be inapplicable to non-stationary series. However, as 

depicted in Fig. 7, the data initially required adherence to these requirements. To conduct 

a more comprehensive examination of the daily infection case count, the Autocorrelation 

Function (ACF) graph was employed, as depicted in Fig. 8, The autocorrelation function 

(ACF) plot exhibited a sequential pattern in the daily count of confirmed cases. Serial 

trends, often called serial correlation or autocorrelation, pertain to a relationship between 

a variable and its values across consecutive periods within a time series. Identifying a 

sequential pattern within our dataset required implementing a preprocessing technique 

known as differencing. 

  
Fig. 7: Scatter Plot of Confirmed Cases Vs Day 

 

https://doi.org/10.58619/pjest.v4i4.153
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Fig. 8: Autocorrelation Coefficient Function of Confirmed Cases 

 

 
Fig. 9: Daily Confirmed Cases Vs Daily Differenced Data 

 

Differencing is a method of statistical analysis applied to convert a time series that 

exhibits non-stationarity into a stationary time series. The process entails the computation 

of the disparity between successive observations. The time series that has been 

differenced, as depicted in Fig. 9, has met the requirement for stationarity, enabling us to 

proceed with the ARIMA modeling. 

Carefully selecting values for the p, q, and d variables is crucial in constructing an 

ARIMA model that can yield accurate outcomes. The variable 'p' represents the 

autoregressive component's order, the variable 'd' represents the degree of initial 

differencing applied, and the variable 'q' represents the moving average component's 

order. The parameters as mentioned above exert a substantial influence on the efficacy of 

the model. Hence, this study involved conducting experiments with various 

combinations of p, q, and d variables to construct ARIMA models and assess their 

performance. 

Fig. 10 and 11 illustrate the Autocorrelation Function (ACF) and Partial Autocorrelation 

Coefficient Function (PACF) graphs, respectively. These plots were employed to ascertain 

the optimal ARIMA model. These graphs are imperative in analyzing time series as they 

serve as indispensable instruments for visually assessing the autocorrelation present 

within the data. The findings of our analysis indicate a significant presence of 

autocorrelation, a prevalent attribute observed in time series data about epidemics. 

https://doi.org/10.58619/pjest.v4i4.153
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A thorough examination has determined that the ARIMA model with parameters (1, 1, 0) 

has demonstrated superior efficacy in forecasting the daily count of infection cases. The 

statistical analysis revealed that the p-value for the daily infection count was 0.000, with a 

significance level set at 5%. The obtained outcome provides compelling evidence 

contradicting the null hypothesis, indicating a statistically significant link. The 

methodology mentioned above was utilized to predict the daily figures for both mortality 

and recovery. The findings yielded valuable insights. The insights they offered possess 

significant value regarding their capacity to inform and direct public health initiatives 

and strategies.  

The results are displayed in Table 1, which provides the Pearson correlation coefficient 

(R), sum of squared errors (SSE), mean squared error (MSE), and p-values for all 

estimated parameters. The Pearson correlation coefficient is a statistical metric employed 

to quantify the degree and direction of the linear relationship between two variables.  

 

 
Fig. 10: Autocorrelation Function for Difference Confirmed Cases 

 

 
Fig. 11: Differenced Daily Confirmed PACF Graph 

 

The findings in Table 1 indicate that the daily recovery count demonstrates the most 

substantial level of correlation. The strong correlation in this context signifies a resilient 

linear association essential in developing forecasting models. 

https://doi.org/10.58619/pjest.v4i4.153
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Additionally, an analysis was conducted on the SSE and MSE values. The following 

measures are frequently employed to assess the precision of estimations or predictions. 

The researchers quantify the discrepancy between the observed values and the 

estimated values. Based on the criteria utilized, it can be inferred that the daily death 

estimate showed the lowest degree of inaccuracies, indicating that our model achieved 

the highest level of accuracy in forecasting daily deaths. 

Our research showcases the practicality and efficacy of employing the ARIMA model to 

predict the daily figures about COVID-19 cases of confirmed, death, and recovered 

cases. Notwithstanding its limitations, this research provides significant insights that 

have the potential to inform and shape future public health initiatives and actions. 

4.2      Result of ANN 

 

The current study utilized a dataset comprising 1066 consecutive days to assess the 

forecasting effectiveness of Artificial Neural Networks (ANN) in the context of the 

COVID-19 pandemic. The sample size, both in terms of its breadth and depth, plays a 

pivotal role in assessing the efficacy of an artificial neural network (ANN) model. These 

parameters directly impact the model's ability to produce outputs that can be 

generalized. Historically, artificial neural networks (ANNs) that underwent training on 

limited datasets tended to converge towards local minima, reducing their ability to 

generalize well. To address these problems, we employed a strategic approach to divide 

our dataset into three distinct parts. Specifically, we allocated 70% of the total 746 

samples for training purposes, while 15% of the 160 samples were put aside for testing, 

and another 15% of the 160 samples were allocated for validation. Implementing this split 

facilitated the careful evaluation of the generalization power of our neural networks. To 

enhance the reliability of our methodology, we conducted training for each network for 

200 iterations. We implemented a stopping condition whereby the training process was 

terminated if the change in error reached a threshold of 0.0000001. In addition, 500 

distinct network configurations were tested to enhance performance. 

Table I: ARIMA Model Parameters& Results. 

 ARIMA 

(p,d,q) 
R SSE MSE p-Value 

Confirmed 

Cases 

ARIMA 

(1,1,1) 
0.9999 613,801,367.5822 560,549.1941 0.000 

deaths 
ARIMA 

(0,1,1) 
0.9999 1,226,318.3107 1,119.9253 0.000 

Recoveries  
ARIMA 

(1,1,0) 
0.9999 2,200,854,636.0182 2,009,912.9096 0.000 

 

Table II: Best ANN Model Network Architecture 

 
Train

ing 

perf. 

Test

ing 

perf. 

Valida-

tion perf. 

Training 

algorithm 

Error 

func-

tion 

Hidden 

activation 

Output 

activation 

MLP 

5-10-

3 

0.98 0.98 0.98 BFGS SSE 
Hyperbol-

ic tangent 
Logistic 
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Table III: Best ANN Model Network Architecture 

 

 

 

Table IV: Pearson correlation values of parameters 

R values of MLP 5-10-3 Train Test Validation 

Daily number of infected cases 0.9995 0.9997 0.9996 

Daily number of deaths 0.9998 0.9998 0.9998 

Daily number of recovered cases 0.99997 0.99998 0.99998 

 

In the proposed model architecture, the following variables were identified as inputs:   

• Daily infected cases 

• Daily Deaths cases 

• Daily recoveries 

 

As a result, the outputs of our model were designed to make predictions regarding: 

• Confirmed cases 

• Deaths  

• Recoveries Cases  

 

To enhance the validity of our model, we analyzed the statistical significance of our input 

parameters by evaluating their respective p-values. The results of our study indicated 

that the p-values for Confirmed cases, Deaths, and recovered cases were all 0.000. This 

observation indicates that all the input parameters used in our artificial neural network 

(ANN) model are statistically significant, as evidenced by the p-values being well below 

the threshold of 0.05. 

To gain a comprehensive understanding of the patterns and trends of the pandemic in 

Pakistan, we conducted a daily calculation of the number of individuals susceptible to 

the virus, starting from when the first case of recovery was reported. The calculation 

mentioned above was accomplished using the following formula:  

Susceptible = Population – Deaths - Recovered cases. 

 During the COVID-19 pandemic, Pakistan experienced the implementation of diverse 

non-pharmaceutical measures, such as the closure of educational institutions, restrictions 

on travel, curfews, and the enforcement of quarantines. Implementing and adhering to 

curfews at different stages of the pandemic exhibited significant variability, exerting a 

crucial impact on the fluctuation of daily COVID-19 case counts. 

The presence of multicollinearity among the independent variables, which is a critical 

assumption in regression-based methodologies, was thoroughly examined in our 

research. The variance inflation factor (VIF) was utilized as a diagnostic tool to identify 

the presence of multicollinearity. The variables in our study exhibited VIF values within 

the range of 1-2, indicating that multicollinearity was not observed as a significant issue. 

 Training error Testing error Validation error 

SSE 112,734,514.20  18,183,933.28  21,255,295.41 

MSE 323,021.53 242,452.44  283,403.94 
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_______________________________________________________________________________________________ 

_______________________________________________________________________________________________ 
PJEST December 2023, 4(4). https://doi.org/10.58619/pjest.v4i4.153                   Page 14 of 20 https://pjest.net/index.php/pjest/index 

  

The artificial neural network (ANN) studies utilized state-of-the-art machine-learning 

packages in Python. 

  

 
Fig. 12: Graph showing Time-Series Prediction of Confirmed Cases ANN Model 

 

The effectiveness of our model is emphasized by the Pearson Correlation coefficients, as 

presented in Table 4. The model's ability to accurately anticipate the trajectory of COVID-

19 in Pakistan is shown by the significant correlation values observed between the daily 

counts of fatalities, recoveries, and infections. This indicates the resilience and reliability 

of the model.  

Based on the data shown in Table 1, it is evident that the multilayer perceptron model 

exhibits greater performance in comparison to alternative network topologies. Due to 

curfews' discrete and distinct nature, this model considers them as two distinct input 

neurons among five. The model consists of 10 hidden neurons and three output neurons. 

The Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm was employed for training. 

The selection of activation functions for the hidden and output layers, such as the 

hyperbolic tangent and logistic functions, was carefully considered. Tables 3 and 4 show 

that the selected network can generate precise forecasts about daily infection, fatality, and 

recovery rates. 

 
Fig. 13: Graph showing Time-Series Prediction of Death Cases ANN Model 
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Fig. 14: Graph showing Time-Series Prediction of Recovered Cases ANN Model 

 

A high correlation coefficient may suggest either inadequate generalization by the 

network or the existence of a linear link between the variables. Nevertheless, the 

graphical representations in Fig. 12 to 14 exhibit a strong correlation between the 

projected and observed output curves, so indicating the proficiency of our model in 

nonlinear estimations. To establish the precision and effectiveness of our Artificial Neural 

Network (ANN) model within the framework of the COVID-19 pandemic, we give visual 

illustrations that portray the time series forecasts for our three outcomes. 

5     Conclusion 

This comprehensive investigation analyzes ARIMA and MLP 5-10-3 ANN models to 

predict the number of COVID-19 confirmed cases, fatalities, and recoveries in Pakistan 

from March 1 to March 30, 2023. The research was motivated by the requirement for 

precise and dependable prediction insights, crucial for healthcare systems and 

policymakers to develop robust strategies and optimize resource allocation during 

epidemics. The linear and time-dependent ARIMA models exhibited high precision, 

with R-values approaching 0.9999 and statistically insignificant p-values. However, 

different error metrics suggest further enhancements, particularly in recovery 

prediction. Based on the MLP architecture, the ANN model effectively captured intricate 

and nonlinear relationships among pandemic data. Its high-performance metrics and 

Pearson correlation coefficients indicate the potential of nonlinear models to 

comprehend pandemic dynamics. The comparison of ARIMA and ANN models 

demonstrated the advantageous combination of linear and nonlinear modeling 

approaches, highlighting their synergy and complementarity. Integrating ARIMA's 

interpretability and simplicity with ANN's relational modeling capabilities can lead to 

more nuanced, robust, and dependable outcomes. However, a thorough investigation of 

overfitting is necessary to ensure the accuracy and performance of both models using 

novel and developing data. This ensures their adaptability, resilience, and value in the 

dynamic context of the ongoing pandemic. This study contributes to advancing public 

health research in Pakistan by utilizing machine learning techniques, underscoring the 

significance of predictive modeling in health emergency policy and intervention. It 

highlights the need to continuously explore various modeling approaches to effectively 

respond to the COVID-19 pandemic and proactively address forthcoming public health 
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_______________________________________________________________________________________________ 

_______________________________________________________________________________________________ 
PJEST December 2023, 4(4). https://doi.org/10.58619/pjest.v4i4.153                   Page 16 of 20 https://pjest.net/index.php/pjest/index 

  

crises. To enhance forecasting models' efficacy, incorporating novel criteria and real-time 

data updates, including vaccination information, is crucial. Integrating dynamic data 

points can improve accuracy and dependability, facilitating Pakistan's efforts to mitigate 

COVID-19's incidence and impact. 

The study's findings have unveiled significant progress and valuable insights in 

predictive modeling for COVID-19, facilitating further research and addressing 

knowledge gaps. To enhance models' dependability and predictive potential, 

incorporating genetic data and socioeconomic factors to a greater extent is imperative. 

Sophisticated machine learning and statistical techniques, such as ensemble and deep 

learning models, are essential for comprehending the pandemic's multifaceted 

dimensions. Promoting responsible and fair utilization of these models in public health 

requires a comprehensive examination of their ethical implications and interpretability. 

Their practicality and efficacy in influencing policy and public health measures 

necessitate comprehensively evaluating their real-world impacts. We can enhance our 

collective strategy and resilience in effectively managing public health crises by 

addressing research gaps, enhancing and integrating models, and investigating 

advanced approaches. These efforts will contribute to the expanding knowledge base in 

combatting COVID-19 and potential future pandemics. As a researcher, I propose future 

research directions to enhance the effectiveness of predictive modeling for COVID-19 

and other public health emergencies. 

To improve model accuracy, integrate more extensive and up-to-date data, including 

demographic information, regional health statistics, and mobility patterns. Explore real-

time data sources to capture individual-level health and exposure data. Examine the 

inclusion of additional predictive variables, such as weather conditions, air quality, and 

social distancing measures, to enhance model performance. Develop and evaluate 

hybrid models that combine the strengths of ARIMA and ANN. Conduct comparative 

studies with other predictive models to identify the most suitable approach for different 

scenarios. Explore customized approaches for implementing policies based on model 

forecasts, considering regional variations and resource constraints. Explore using 

predictive models to optimize resource allocation, including healthcare personnel, 

medical supplies, and testing capacity. Evaluate the impact of predictive models on 

public health decision-making and policy outcomes. Foster collaborations among data 

scientists, public health experts, and policymakers to develop comprehensive pandemic 

control plans. Integrate knowledge from social sciences to understand and address 

human factors influencing pandemic dynamics. Examine the scalability of the developed 

models to broader geographical contexts, including countries with diverse healthcare 

systems and resource levels. Investigate the generalizability of model findings across 

different regions and populations. Examine the ethical and social implications of using 

predictive models in public health, including data privacy, public trust, and algorithmic 

bias. Develop guidelines and best practices for the responsible and transparent use of 

predictive models in pandemic management. By addressing these future research 

directions, we can enhance the effectiveness of predictive modeling for COVID-19 and 

other public health emergencies, contributing to more effective and efficient pandemic 

management strategies. 
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