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Abstract: The novel coronavirus known as COVID-19 has become widespread throughout the world and presented new
problems to the scientific community. This resulted in severe measures being implemented in several impacted countries,
including total lockdowns, trade and business closures, and travel restrictions, all of which had a major negative economic
impact. Pakistan has also had five coronavirus waves. Thus, government officials, legislators, business associates, and
entrepreneurs will place a high value on knowing and anticipating how a nation might stop the spread of COVID-19. We
use Al-based forecasting models, such as time series ARIMA, LSTM, FB Prophet, and VAR, to predict the spread of the
COVID-19 pandemic. These techniques support the decisions made by legislators and public health authorities about the
war against the epidemic. This paper demonstrates the promising potential of the time series model in forecasting COVID-
19 cases and highlights the superior performance of the time series compared to the LSTM.
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I. INTRODUCTION

A complex Al technique called data mining is used to extract novel, useful, and accurate hidden patterns or knowledge
from datasets. Time series forecasting is a technique used to predict future values by analyzing past data collected
over time. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) models are neural COVID-19
types that can effectively handle time series data. Machine learning (ML), a broader domain, encompasses various
methods and algorithms, including RNNs and LSTMs, which are employed for forecasting purposes. Facebook
created a unique open-source program called Prophet to anticipate time series data. It can handle missing data,
seasonality, and other complications and employs a combination of linear and non-linear models to create Forecasting.
A statistical model called VAR (Vector Auto Regression) is used to examine the dynamic connection between time
series.

The primary aim of research on COVID-19 forecasting utilizing various forecasting approaches is to foresee the virus's
future spread and effects. This can help with emergency planning, resource allocation, and public health policy. To
examine historical data and forecast future trends in cases, fatalities, and other pertinent metrics, techniques including
time series analysis, recurrent neural networks (RNNs), long short-term memory (LSTM) networks, and vector auto-
regression (VAR) models can be utilized. To prevent the spread of the virus and lessen its effects on communities,

policymakers, and public health authorities can use these projections to help them make more knowledgeable decisions
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[3]. To find trends and patterns in all the occurrences related to infectious diseases, the majority of the research in this
paper makes use of Al forecasting models. This paper will also examine the usage of such methods that are solely
concerned with predicting epidemiological variables like cumulative cases, fatalities, and recoveries from the current
COVID-19 pandemic.

Il. RELATED WORK.

COVID-19- Since January 2020, the number of incidents in the US has increased by 19. Even after the limitations were
loosened, the number of instances increased despite social exclusion and lockdowns. Modeling the disease's spread can
help governments and healthcare professionals plan ahead and get funding. For the healthcare system, precise short-
term case forecasts are essential. Simple Moving Average, Exponentially Weighted Moving Average, Holt-Winters
Double Exponential Smoothing Additive, ARIMA, and SARIMA are just a few of the models that have been used since
the pandemic's start. In this paper, ARIMA and SARIMA were selected for prediction, and the optimal model
parameters for each were found using a grid search. According to the findings, ARIMA performs better than SARIMA
in predicting, whereas the Holt-Winters Double Exponential model surpasses the Exponentially Weighted Moving
Average and Simple Moving Average [4]. This paper aimed to assess how well the ARIMA model predicted the spread
of COVID-19, which the World Health Organization designated a global pandemic in March 2020 after infecting over
4 million people and killing over 300,000 by early May 2020. Although it is believed that ARIMA is not appropriate
for complex and dynamic environments, the study evaluated Kuwait as a case study to assess its accuracy over a
considerable amount of time. The actual statistics were mainly within the ranges predicted by the selected ARIMA
model at a 95% confidence level, despite the disease's unpredictability and changes made by the Kuwaiti government.
With a Pearson correlation coefficient of 0.996, the predicted values and observed data showed a significant correlation.
This indicates that the predictions made by the ARIMA model are appropriate and sufficiently accurate [5]. A Study
was presented to detect COVID-19 misinformation in Swahili language in tweets. A machine learning model was used
to carry out this study with highest accuracy was achieved using SVM i.e. 83.67% [6]. A comparison was presented in
[7] which addressed the COVID-19 issues using Machine learning, deep learning, and Artificial intelligence techniques.
Regarding the COVID-19 pandemic, this work discovered contemporary and up-to-date information to fight against
the COVID-19 pandemic using ML, DL, and Al techniques. A survey was conducted in [8] which explores the several
deep learning applications in natural language processing for COVID-19. It also presented some limitations i.e.
Interpretability, Learning from Limited Labeled Data, Generalization Metrics, and Data Privacy. The study suggested
that in the spread forecasting of epidemiology, deep learning has additionally been utilized. Based on the comparative
study of multiple research papers, the comprehensive study in [9], explores the numerous data mining algorithms that
are used in combination with epidemiological prediction models. The specific risk of COVID-19 using LSTM-based
ANN guided by Bayesian optimization was presented in [10]. A study [11] proposed an ML algorithm that accurately
predict the mortality risk of COVID-19 patients.

Millions of people are affected by the most current coronavirus outbreak (COVID-19), which has expanded widely
and caused severe diseases. Modeling was done using data acquired between January 30 and April 26, 2020, while
forecasting was done using data received between April 27 and May 11, 2020. The spatial distribution of illness 29
risk was examined on a GIS platform using weighted overlay analysis. [12] The paper analyses the COVID-19
situation in Pakistan, which is presently dealing with the virus' fourth wave. The paper examines COVID-19 data for
the nation using epidemiological models. The article evaluates both Bayesian and time-series SIR (tSIR) techniques
while considering the fundamental susceptible (SIR) model infected (SIR) model, and recovered (SIR) model. Due to
the government's successful strategy, the paper also discovered that the global assumption of a 14-day incubation time
is inappropriate for Pakistan's data and that COVID-19 was not a pandemic. According to the study, the posterior-
based SIR (pSIR) model with a 34-uniform prior for RO and Poisson distribution yields superior outcomes. The
reporting rate (p) is less than 1, indicating underreporting of instances, according to the time-series SIR (tSIR) study
[13]. To diagnose and detect the COVID-19 pandemic, the overview of state of art applications and algorithms was
presented in [14]. The authors have proposed a Fake News Encoder Classifier (FNEC) [15] for online published news
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related to COVID-19 vaccines. It uses an ELECTRA model to classify news articles into real or fake and creates a
new dataset called COVAX-Reality for evaluation. Estimation of the strengths of negative and positive sentiments
was carried out in [16]. The text analytics of Twitter data using tweets, retweets, and hashtags were used to detect the
strength.

1. METHODOLOGY
This research utilizes Facebook Prophet, VAR, ARIMA, and LSTM models to predict upcoming COVID-19 cases
and deaths. Models are created for each approach using the COVID-19 dataset, and their performance is assessed by
comparing predictions via graphs and performance rates on a country-specific level.

A. Design Experiment

Before conducting experiments, several processes are completed, such as model building, data exploration, and data
preparation. Data transformation includes data aggregation, extrapolation, creation of dummies, data time
transformation, and variable reduction. Data combining entails merging or combining datasets. The novelty in the next
section lies in the comprehensive mathematical explanations of both Facebook Prophet and LSTM, making it a
valuable resource for readers seeking a deep understanding of these forecasting techniques. Additionally, it provides
practical implementation guidance for Facebook Prophet, enhancing its usability in real-world scenarios.

B. Exploratory Data Analysis

Exploratory data analysis (EDA), inspects data to identify its unique characteristics. As part of EDA, data summaries
and visualizations are carried out, and interesting data points are considered. Before any model is fitted to the data,
exploratory data analysis should always be performed. The flow diagram of the EDA of our research work is shown
in Figure 1.

Check missing Analysis Model

|, Remove outliers | _ || Performance
values and learning

outliers

Figure 1: Data Preprocessing Flow Diagram.

Data cleaning is the process of identifying parts of the data that are missing, inaccurate, or irrelevant and then
removing, recreating, or cleaning up the damaged or impure data. After cleaning, a dataset should be consistent with
all other connected datasets in operation. The principal reasons for the disparities discovered or eliminated may have
been user-input errors, data corruption during storage or transmission, or various data dictionary definitions of the
same entity in other repositories.
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Figure 2: Frequency Plot of Confirmed COVID-19 cases per day

C. Quantities Variables

The frequency plot of confirmed cases and deaths in Pakistan since 2020 is broken down below into before and after
cleaning statistics. Pakistan's COVID-19 confirmed cases curve shows the trend of the number of confirmed cases over
time. Typically, the curve rises slowly from a low point to a peak before leveling off or falling. The speed of virus
propagation, the success of containment efforts, and the accessibility of testing are some variables that affect the curve's
shape. The trend of the number of deaths attributable to the virus over time is depicted by the COVID-19 death curve
for Pakistan, as shown in Figure 2.

D. Calculation Of Quantitative Variables

The quantitative numerical features that have a significant role in data exploration and analysis of the pattern of
confirmed cases and deaths in time series are statistically represented. The plot shows the skewness vs. density of
calculated numerical features according to the presence of outliers and the distribution for the study of the time series
dataset. The following variables are calculated. These metrics are essential in the analysis of COVID-19 because they
provide important insights into the current state and future trajectory of the pandemic.

E. Incremental Cases And Deaths

Incremental cases in the context of COVID-19 refer to the number of new cases reported in a given period. This value
can be calculated by subtracting the number of cases reported in the previous period from those registered in the current
period. For example, if there were 100 cases reported on Monday and 120 cases reported on Tuesday, then the
incremental cases for Tuesday would be 20 (120 - 100). This value represents the increase in the number of cases from
one day to the next. It is used to forecast future trends in the spread of the disease. In Figure 3, we can observe the
Incremental cases in Pakistan throughout the pandemic.
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Figure 3: Frequency Plot of C19 Incremental cases per day

Incremental deaths of COVID-19 refer to the number of new casualties caused by the COVID-19 virus that have
occurred in a given period. This value can be calculated by subtracting the number of COVID-19 deaths reported in the
previous time period from the number of COVID-19 deaths reported in the current time period. This value represents
the increase in the number of deaths caused by the COVID-19 virus from one day to the next. It is used to forecast
future trends in the spread of the disease.
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Figure 4: Frequency Plot of Incremental C19 deaths per day
In Figure 4, we can observe the Incremental deaths in Pakistan throughout the pandemic. The incremental deaths of

COVID-19 in Pakistan refer to the number of new deaths reported in specifically monitoring the impact of mitigation
measures and guiding public health interventions.
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Figure 5: Frequency Plot of Case Fatality Rate per day in Pakistan

F. Case Fatality Rate
The number of COVID-19-related deaths divided by the total number of confirmed cases yields the Case Fatality Rate

(CFR), which indicates the severity of the illness. The CFR is expressed as a percentage and indicates the risk of death
for someone contracting the disease. A lower CFR means that the disease is less severe, while a higher CFR implies
that the disease is more severe. It is important to note that the CFR can be influenced by many factors, such as the
accuracy of case reporting, the timing and quality of medical intervention, and the age and underlying health conditions
of those infected. In the context of COVID-19, the CFR has significantly varied depending on the location and the stage
of the pandemic. In Figure 5 and Figure 6, we can observe the Case Fatality Rate in Pakistan throughout the pandemic.

DENSITY

Figure 6: Distribution Plot of Case Fatality Rate per day in Pakistan
The number of COVID-19 deaths in Pakistan divided by the total number of confirmed cases is known as the COVID-

19 Case Fatality Rate, or CFR. Pakistan's CFR is estimated to be 1.5% as of January 2023. This indicates that 1.5% of
the population in the nation dies from COVID-19 for every 100 confirmed cases of the virus.
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Figure 7: Frequency Plot of the day-to-day relative change in cases in Pakistan

G. Day-To-Day Relative Change In Cases And Deaths
Day-to-day relative change in COVID-19 cases refers to the percentage increase or decrease in the number of confirmed
COVID-19 cases from one day to the next. It is calculated as the difference between the number of cases on two

consecutive days divided by the number of cases on the previous day.
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Figure 8: Frequency Plot of the day-to-day relative change in deaths in Pakistan

A0 higher number of cases is indicated by a positive value, whereas a lower number of cases is indicated by a negative
value. This metric provides insight into the trend of the spread of the disease Day-to-day relative change in COVID-19
deaths refers to the percentage increase or decrease in the number of COVID-19 deaths from one day to the next. A
positive value in Figures 7 and 8 denotes an increase in deaths, whereas a negative value denotes a decrease in deaths.

H, Comparison of cases vs. Deaths curve
The comparison between the COVID-19 cases and deaths curve refers to the graphical representation of the number of
confirmed COVID-19 cases and the number of COVID-19-related deaths over time. This comparison provides a visual

representation of the spread of the disease and the impact of the disease on human health, as shown in Figure 9.
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Figure 9: Frequency and Distribution Plot of day-to-day relative change in deaths in Pakistan

I. Correlation Analysis

Correlation analysis is a statistical method for determining whether and how strongly two variables or datasets are
related. In market research, correlation analysis is a tool used to look for any significant patterns, trends, or relationships
between quantitative data collected through methods such as surveys and polls. Finding trends in datasets is the main
application of correlation analysis. Spearman's correlation is used when the linear relationship between two continuous
variables is unknown, and the Pearson correlation coefficient evaluates the linear association between the two variables.

J. Correlation between C19 Cases and Deaths in Pakistan and the US

The mathematics of Spearman's correlation (also called Spearman’s rank-order correlation coefficient) can be calculated
as follows: Convert the data into ranks: Convert the original data into rankings, with the lowest value getting a rank of
1, and so on.

Pearson correlation
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Figure 10: Pearson Correlation of Pak vs. USA C19 Data

Figures 10 and 11 show that it is impossible to state the correlation between COVID-19 cases, deaths, incremental
cases, and incremental deaths in Pakistan and the US without thoroughly analyzing the available data.
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K. Data Transformation and Variable Selection
ARIMA models use a combination of three components to model time series data:
1. Auto regression (AR): This element models the relationship between current and past observations.
2. Integration (I): This element models the effect of non-stationarity in the data, such as trends and seasonality.
3. Moving average (MA): This element models the residuals or errors in the time series data.
It is represented by the following equation (1):
Ve=C+ d1* Y-+ P2* Vet ..+ dpx Ye_pyte (1)
Moving average (MA): Moving average models the residuals or errors in the time series data. It is represented by the
following equation (2):
ee=u+t0;xep 13+ 0, xeq_pyt...+0; xep_qy + & (2
Finally, ARIMA models combine the AR, I, and MA components to form a single equation that models the time series
data. The ARIMA model's order is represented by the notation (p, d, q), where p represents the AR component, d
denotes the integration order, and g represents the MA component.
L. Implementation of ARIMA
o Data Preprocessing: The first stage in implementing the ARIMA model is to preprocess the time series data.
This involves removing any outliers, checking for stationarity, and transforming the data if necessary.
e Model Identification: The next stage is to identify the appropriate ARIMA model for the time series data.
e  Model Fitting: Once the appropriate ARIMA model has been identified, the model is fitted to the time series
data using a maximum likelihood estimation technique.

e Model Evaluation: The final stage is to evaluate the performance of the ARIMA model by comparing its
forecast with the actual values.

M. Vector Auto Regression Var

Vector Auto regression is a statistical model used for multivariate time series forecasting. It models the linear
interdependence between multiple time series by estimating the relationships between the variables. The model assumes
that each variable is dependent on a set of lagged values of itself and the other variables in the model. It is important to
note that VAR modeling is just one of the many time series modeling techniques available. It might only be suitable for
some types of data and problem scenarios.

IV. RESULTS AND DISCUSSIONS
Although common sense suggests that the fundamental test of Forecasting is to provide forecasts closer to the actual
outcomes; however, how well they can forecast is more complex than it may seem. Suppose a model predicts more
accurately than the other does by comparing forecasting with outcomes. In that case, it is simple to compare the two
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models of interest in this paper. Despite differing qualities, comparisons are feasible, e.g., between expected and actual
test values. Anticipated values, generated via machine learning from the same data, allow assessment using metrics like
MAE, MSE, and Root Square Score.

Table: 1 Performance of ARIMA

ARIMA VAR
Model Cases Deaths Cases Deaths
MSE 2.71E+10 (16207273 |[1.79E+11 (15494119
MSA 156372.8 |3914.842 |366399.8 |3080.086
\Variance |-0.08478 |-4.17949 |-6.15193 |-3.95158

The values of each feature's correlation coefficient show a unit change in the dependent component correlated with a
unit change in the independent feature. There is a high correlation or strong Forecasting power between the estimate
and the response features, and the estimate or coefficient is not zero. Table 1 presents the performance of the ARIMA
and VAR, which is performing better than FB Prophet and LSTM, but ARIMA, as well as VAR for Cases and in
death forecasting VAR performed well.

The novelty lies in its in-depth analysis and comparison of different time series forecasting models applied to COVID-
19 data. It provides insights into the strengths and weaknesses of each model, helping readers make informed decisions
when choosing a forecasting approach for similar datasets and scenarios.

V. CONCLUSION

In this paper, we examined COVID-19 data samples, specifically focusing on two variables: confirmed cases and deaths.
Our analysis involved preprocessing and exploratory data analysis techniques. We calculated and visualized multiple
metrics, including incremental cases and deaths, Case Fatality Rate, daily and 7-day changes, and week-to-week
differences. Our objective was to identify the most active time and days for COVID-19 cases, as well as analyze the
relationship between cases and deaths through the cases vs. death curve for COVID-19 in Pakistan. These metrics are
essential in the analysis of COVID-19 because they provide important insights into the current state and future trajectory
of the pandemic. We also plotted comparison graphs of deaths vs. cases compared to Pakistan cases to another country
to observe the effects. It is shown that the data analysis process we applied to analyze COVID-19 cases and deaths
greatly influences understanding the COVID-19 effects concerning this dataset and is most crucial to add to results. In
terms of performance, in the COVID-19 Cases of Pakistan dataset, ARIMA outperforms Deep Learning and other Time
series models. It is lower in MAE and MSE, indicating that a model is better and has a lower error rate than other models
when the error is smaller. It is -0.08478, which is also better in terms of variance/Root Square Score, meaning that the
correlation increases with model quality. The ARIMA outperforms the other models because it performs better in all
two metrics. The correlation between the actual and projected variables is quite good with the best-fitted model, and
the COVID-19 Cases of the Pakistan dataset using the ARIMA Model performed significantly connected to a better
model. Given that it performed better in each of the two metrics, VAR surpasses the other models in forecasting deaths.
Forecasting algorithms can be valuable tools in the fight against COVID-19 in Pakistan, as they can help provide
projections of the future spread of the virus and inform public health decision-making. In conclusion, forecasting
algorithms can be helpful in the fight against COVID-19 in Pakistan. Still, it is vital to use them in conjunction with
other data and information and to continuously update and refine the models based on new data and information as they
become available.

In summary, the novelty of this research lies in its synthesis of the study's key findings, the exploration of analysis
metrics and temporal factors in COVID-19 data, the evaluation of forecasting models, and the discussion of practical
implications and future research possibilities in the fight against Covid-19 and other diseases.
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