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Abstract: The coronavirus disease 2019 outbreak has added to the development of novel methods to study the 
epidemiological and predictive nature of the pandemic. Mining such data is necessary as this data is full of trends and 
information. Using data mining techniques allows us to extract and process such data to predict the pandemic’s trends 
and behavior. Analysis, evaluation, and prediction are performed on Jammu and Kashmir’s data during the period 09th 
of March 2020 to 10th of February 2021. The work is done on the dataset of patients provided by the Department of 
Information and Public Relations, Government of Jammu and Kashmir. Various mathematical models and techniques 
were used to predict the Virus spread and occurrence with the help of symptoms. We aim to propose a model to predict 
the virus occurrence based on the symptoms and epidemiological nature of the pandemic. The purpose of this study 
is to understand the virus occurrence and distribution. The work has helped our government to find the most infected 
areas and future challenges to tackle any such pandemic. The trends and behavior of the virus in Jammu and Kashmir 
were studied. People under observation, people tested for the virus, positive, negative, recovered, active, and deaths 
were keenly observed. The prediction to find an infected patient was carried out with the help of symptoms. The results 
obtained from the prediction model are verified with the actual results.
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1. Introduction
Coronavirus disease 2019 spread globally with an exponential rate in a short span of time. It has forced population

to live in isolation and miserable conditions. The starting stage was totally frustrating for health experts as the spreading 
mechanism was unknown and unusual [1]. World Health Organization (WHO) has declared corona virus disease 
(COVID-19) as a pandemic due to its exponential growth [2]. On 30th of January 2020, WHO called it, “public health 
emergency of international concern” and global threat [3]. To restrict the spreading of this pandemic, researchers are 
trying to figure out the nature of the virus and the factors responsible for its spread [4]. There are various factors which 
play a main role in the transmission of this virus like Immunity of the host, density of the population, climate or weather 
conditions and many more. The transmission takes place directly or indirectly from one person to other with a physical 
contact [5]. It is also transmitted through open air while talking, sneezing and coughing [6]. The guidelines issued by 
health experts and WHO to restrict community transmission are strict lock down, frequent hand wash, maintaining 
social distancing and many more [7]. The community transmission of this deadly virus depends upon various variables, 
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which include density of the population, poor hygiene, interactions through traveling, weak public health policies and 
protocols [8]. There are other variables like outside temperature and seasonal weather conditions which play a role in 
its transmission [9]. The pandemic spread during the winter in almost 130 cities of China except Wuhan. The pandemic 
spread from 20th January to 2nd March 2020 in china [10].

The initial symptom of the disease was pneumonia of unfamiliar and uncommon behaviour [11]. Later on, the 
symptoms of the disease went on increasing day by day with an increase in the number of cases. The symptoms included 
fever, dry cough and fatigue and in some cases muscle soreness was also observed [12]. The initial attempts to curb 
the transmission of the disease was an effective quarantine. It showed a decrease in the number of cases in China and 
South Korea [13]. Effective quarantine yielded better results but transmission went on, when the positive case a with the 
family and friend circle. If an undetected case happens to be within the rescuing team, the social contacts increased to 
higher levels with reference to previous [14]. The quarantine formula was a wise decision to limit the pandemic but was 
not a cure [15]. Moreover the quarantine and isolated life has increased the stress levels [16].

The key contributions of the paper are:
1. The model has addressed all the parameters of the virus spread.
2. The model tries to find out relation between various parameters and bunches most likely parameters on the basis 

of combined behaviour. The allows us to find the parameters, which have an impact on the outcome of the problem.
3. The predicted growth is studied and the results obtained from step 1 and 2 are compared with that of the 

predicted one.
The rest of the manuscript is organized as follows: Section 2 highlights the related work and the literature studied 

in the same problem domain. Section 3 outlines the epidemic, associative and Gompertz modeling. Section 4 and 
Section 5 explain the motivation and problem formulation. Section 6 gives the proposed model and a detailed algorithm. 
Sections 7 and 8 deal with the case study, its results and discussion. Section 9 concludes the manuscript.

2. Related work
The number of patients increased in a short span of time, initially with a few symptoms to many and from 

symptomatic to asymptomatic [17]. This irregular behaviour of the virus was analysed thoroughly both medically 
and mathematically [18-19]. Analysis of various dataset in [20] showed recovery and death rates. The author [20] 
analysed a time series dataset and applied statistical methods to find the death and recovery rate. The authors in [21] 
worked on various datasets country wise to find the outbreak. They came with a visual exploratory analysis of died, 
recovered and confirmed cases. The authors in [22] used a mathematical analysis and prediction technique to find the 
number of susceptible, exposed, infected and recovered cases. The authors in [23] presented a prediction model based 
on regression analysis. The model predicted the rate of spread of COVID-19. The authors in [18] analysed various data 
sets through machine leaning methods like random forest and Cox survival analysis. The study has analysed deeply 
motility rates of various age groups. The factors taken into consideration were hazard ratio for mortality according to the 
geographical location of the hospitals and pandemic wave. The mortality rate is studied in every age group, in patients 
with lung diseases, smoking, obesity, cancer, heart failures, diabetes and many more. The authors in [24] have proposed 
a semi-parametric framework based on Bayesian inference. The framework combines various data sources to estimate a 
reproduction number, number of infected and proportion of samples with undetected cases.

The authors in [17] have discussed the role of temperature on the transmission of COVID-19. The pandemic has 
shown a different behaviour in different countries with the increase in temperature. In most of the countries, 5 to 8 
Degree Celsius is an optimal temperature for the survival and spread of the virus [3]. The same survival and spread 
took place between 13 to 19 degree Celsius in some other countries [9]. The spread and survival of the virus was was 
found in the range 4 to 11 degree Celsius in USA and 8 to 11 in Spain [3]. There is an inverse relationship in many 
cases, where the spread and survival of the virus was found to be at higher temperatures [25]. In Barcelona the spread 
and survival took place around 38 degree Celsius [26]. An exponential growth took place between March and July in 
the states of Maharashtra and Punjab in India, where the temperature is above 30 Degrees [27]. The exponential growth 
of COVID-19 declined a bit in Kerala with the rise in temperature [28]. The authors in [3] concluded results with the 
remarks that COVID-19 is temperature independent, although it began in colder season. 
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The authors in [29] performed regression, scatterplots, distributed non linear models and random effect meta 
analysis to find the relationship between COVID-19 cases and temperature. The cases were collected between January 
20 and February 29, 2020 in China. The samples showed that temperature and number of cases are dependant. The 
authors in [30] found that there was a linear relationship between COVID-19 and temperature below 3 degree Celsius 
and flat above 3 degree Celsius during the period 23rd January and 29th February, 2020. There is no confirmation 
that the cases will decrease when the weather becomes warmer. The authors in [31] strongly rejected the hypothesis 
that COVID-19 is temperature dependant as was previously suggested by the data sources across the world and some 
provinces of China. The most common respiratory problems during winter are common cold, sore throat, hoarseness, 
barking cough, sinus infection, Acute bronchitis, Acute exacerbations of chronic obstructive pulmonary disease 
(AE-COPD) and pneumonia. Analysing historical data suggest that exposure to cold through a region with low 
environmental temperature or hypothermia, promote high of respiratory infections both in lower and upper tracts [32]. 
These respiratory diseases are most common in Jammu and Kashmir where mercury rarely crosses zero degree Celsius 
[33]. Authors in [34] observed that the seasonal influenza viruses are common in patients with acute respiratory diseases 
in Jammu and Kashmir.

3. Theoretical background
In this section we will explain basic modelling techniques used in this paper. We firstly processed the available 

COVID-19 data to understand the trends with epidemiological models. Later, we used Apriori algorithm to predict the 
disease with the help of symptoms. Finally, we used Gompertz model to study the growth of the pandemic.

3.1 Epidemic modelling

Infectious disease modelling finds the mechanism of virus spread and its progress in the population can be shown 
in the Figure 1. Such models are described through various parameters. The parameters group population (Ni) into 
susceptible (Sj, a group not infected yet), infected (Ik, a group infected with the disease and contribute to its spread) and 
recovered (Rl, a group recovered after infection).

Where Sj, Ik, Rl ⊆ Ni.

sj = Sj / Ni

ik = Ik / Ni

rl = Rl / Ni

The rate of susceptible cases or transmission with respect to time is defined as:

dsj / dt = −ωsjik

where ω is the rate of contact between susceptible and infected at time t.
Rate of infected cases with respect to time:

dik / dt = ωsjik − δik

where δ is the recovery rate (The value of δ can’t be negative). 
Rate of recovery:

drl / dt = δik

Mortality rate also comes into play when the disease becomes deadly. Thus we have mortality rate as (γi). The 

(1)

(2)

(3)
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mortality rate will change the rate of infected cases with respect to time as:

dik / dt = ωsjik − δik − γik

Figure 1. Virus progress in a population

Based on the above equations we can find the number of infected cases at any time. This method is based on the 
tests conducted in the laboratory. One we have actual values of the infected population, we will be able to predict future 
infected population. This will allow us to take all the precautions and medical treatments for the entire population. 
Expected duration of infection is i / δ. An epidemic occurs whenever the number of infected cases are on a rise, di / dt > 0.

This implies that 

ω, sj, ik-δik > 0, ω, sj / δ > 1.

We have sj = Sj / Ni when the susceptible cases increase exponentially and become almost equal to Ni(Sj ≈ Ni).
Then ω / δ > 1 because sj = 1, 

Ro = ω / δ > 1.

Where Ro is the reproduction factor.

3.2 Associative modelling

Associative modelling is a method to find relationship among a group of objects and variables. The associative 
rules find some hidden patterns and models form the existing data. The outcome of this kind of modelling is the effective 
and scientific decision making. The rules in associative modelling are as follows:

• We have a set of items, I = i1, i2, ..., in;
• The set I contains a set of transactions D which represent each transaction as t;
• X is the set of items ∈ I and t ⊇ I;
• X ⊆ I, Y ⊆ I and also X ∩ Y = ϕ ⇒ X → Y;
• Confidence of X → Y is Con, if the confidence percentage of transactions ∈ D, provided D ⊇ X and D ⊇ X;
• Support of X → Y is Sup, if the support percentage of transactions ∈ D, provided D ⊇ X ∪ Y;
We find a set of associations from the set of transactions D. The number of associations that have greater support 

and confidence than the user defined minimum support and confidence are selected. We divide association rules into two 
steps.

Itemsets with transactions support greater than minimum support are selected.
∀ itemsets, for individual itemset p, we have to find non empty subsets of p for every such subset q, the association 

rule is q → p-q if 
( )
( )

support p
support q  > minimum confidence.

3.3 Gompertz modelling

The growth of the disease is exponential and logarithm of the population size can be plotted against time as:

Susceptible Infected
ω

δ

γ

Recovered

Mortality

(4)
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y = ln[N / No]

Gompertz defines growth curve as a function of three parameters: one, µm is the maximum growth rate which 
actually is the tangent to the inflection point, second, λ is the lag time which is the x-intercept of the tangent and third, 
asymptote [A = ln(N∞ / No)], is the maximum value reached. The mathematical form of Gompertz equation is:

=
b ctey a e
−−×

For biological problems the values of a, b and c are replaced by A, µm and λ. Thus Gompertz equation takes the 
following form:

=
tmey A e

µ λ−−×

The inflection point of the curve is obtained by finding the second derivative of the Gompertz equation with respect 
to time. The second derivative at t = ti, is zero, represents the inflection point. Gompertz equation takes the modifies 
shape as:

( ) 1
=

mee t
Ay A e

µ λ − − +  ×

The whole process of modeling is explained in Algorithm 1.

4. Motivation
We have discussed various problems in related work while dealing with COVID-19. From symptomatic to 

asymptomatic, the pandemic changed its behavior. Although the change was not so large in terms of numbers but 
posed a threat on the method of transmission. We will discuss only symptomatic cases because asymptomatic cases 
are only detected through testing (Community or volunteer testing). Symptomatic cases have defined symptoms before 
they are tested and detected. Based on the symptoms and seasonal diseases, it is difficult to recognize a COVID-19-
positive patient. It also shows that the number of symptomatic cases is in bulk in comparison to asymptomatic cases. 
The patients suffering from COVID-19 follow certain stages like susceptible, positive, super spreader, under treatment, 
recovered, and mortality. The various stages of the pandemic are explained in the Figure 2:

Figure 2. Pandemic stages

These diseases are found in these cold regions every year. There are chances that an individual has symptoms 
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due to the topology of the region but may be treated susceptible and kept in observation. Such a person can have 
interactions with the infected patients and later will get infected. Among all the symptoms of the coronavirus disease 
found in patients, there are most of the symptoms are found every year due to seasonal flu, respiratory diseases, cough, 
pneumonia, and fever. Due to these symptoms either found in a patient or many can never be susceptible nor infected. 
We have to understand the topography of the region and the previous history of all these diseases individually or two 
in a group or many in a group. This past experience will allow us to find the exact number of cases. Moreover, patients 
with such seasonal diseases are curable through medication.

5. Problem formulation
The whole world has suffered a lot due to the COVID-19 pandemic across length and breadth. The erratic behavior 

of this infection made it more complex and the symptoms varied from person to person. This variation in the number 
of symptoms from patient to patient twisted its epidemic trends after an uncertain and limitless period of time. Our aim 
is to use epidemic modeling (like Susceptible Infected Recovered (SIR) or Susceptible Exposed Infectious Removed 
(SEIR)) to find the fluctuating trends during the pandemic. The symptoms of the pandemic are studied and the apriori 
algorithm is used to predict, whether a patient is positive or negative based on the symptoms found. The cases predicted 
through apriori are verified through Gompertz model and are cross-checked with SIR model findings.

Let (Ni) be the population with susceptible (Sj), infected (Ik) and recovered (Rl) ⊆ (Ni). ω, δ and γ define the rate of 
contact between Sj and Ik, recovery and mortality respectively at time t′ > t. The aim of our work is to predict whether 
a patient is COVID-19 positive or not, based on the symptoms found in a patient. Moreover, we will find the epidemic, 
recoveries, and deaths from the population Ni and will predict the growth trends of the pandemic.

6. Proposed work
The proposed model is a combination of two blocks. The first block uses SIR model to find the epidemiological 

nature of the pandemic through various datasets. The second block predicts the future trends of the pandemic using 
datasets. The model bunches the symptoms together and finds the most frequent symptoms with the help of association 
rules. The most effective method for finding associations is the apriori algorithm. The method implies that if an item or a 
symptom occurs, then other items or symptoms also occur with a certain probability. The algorithm provides a symptom 
list of frequently occurring symptoms from a dataset. The predicted frequent itemsets make it possible for us to find a 
COVID-19 positive or negative case based on the symptoms of the patient. The predicted positive or negative cases are 
plotted using Gompertz growth curves. The output of the Gompertz is cross verified with the values of SIR model. The 
complete process of prediction is explained in Figure 3:

Figure 3. Prediction mechanism

Ni Sj
Apriori

Algorithm
Predicted

frequent set

Symptom List

Gompertz Model

Predicted Output
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7. Case study: COVID-19 outbreak in Jammu and Kashmir
The implementation is performed through PySpark and its standard libraries. The data analysis and evaluation is 

performed on Jammu and Kashmir’s data during the period 09th of March 2020 to 10th of February 2021. The journey 
of COVID-19 in Jammu and Kashmir is summarised in Table 1. The case study focuses on the prediction based on the 
symptoms found in a patient. The dataset generated from the trained model is compared with the actual dataset values. 
The main focus is on the symptoms and differentiation between coronavirus patients and other patients with only flu, 
fever, cough, respiratory diseases, fatigue, etc.

The graphs show that the number of patients with asymptomatic with reference to symptomatic is much less. 
Moreover, the patient does not even know about the infection. So we have considered only patients with symptoms. In 
the initial stage, there are numerous susceptible cases, but with the passage of time, there are more and more infected 
patients. Due to the guidelines and Standard Operating Procedures (SOPs) issued by the government and health experts, 
the number of susceptible cases decreased with time. Proper Medical supervision and following SOPs increased the 
number of recoveries. Infected patients were on the rise initially due to a lack of knowledge of the pandemic.

Table 1. COVID-19 progress and preventive measures in Jammu and Kashmir

S No. Date Description

1 01/03/2020 Corona virus control team formulated

2 05/02/2020 Schools to follow SOP’s strictly

3 07/03/2020 Suspension of classwork

4 09/03/2020 First Corona virus case in Jammu

5 13/03/2020 Closure of all shopping malls, Gyms, swimming pools etc

6 17/03/2020 First Corona virus case in Kashmir

7 18/03/2020 Inter state bus service stopped

8 20/03/2020 No school teacher to attend duties

9 22/03/2020 Complete shutdown except essential services

10 08/04/2020 Face mask compulsory in markets and for all on-duty officials

11 19/05/2020 Districts marked as red, orange and green zones with respect to the spread and number of cases

7.1 Dataset characteristics

The data is collected from the official website and Twitter handle of the Department of Information and Public 
Relations, Government of Jammu and Kashmir [35]. In addition to this, we have also collected sample data from 
the Ministry of Health and Family Welfare [36], Worldometer [37], and Kaggle [38]. The datasets provide details of 
COVID-19 evolution, spread, recoveries, and deaths moreover major symptoms of the disease are also discussed. The 
data is collected from the official government records, which cover day-by-day patient information. There is a huge 
list of symptoms found in the infected patients but we have merged many and restructured them into seven only. The 
Dataset contains 22,135,755 entries or rows. Each row contains information about the patient. There are at least 40 
attributes associated with a patient. We call these attributes as symptoms of the patient. An important challenge is to 
reduce the number of symptoms and to check the inter-dependencies between symptoms. The symptoms which have 
the least impact on the outcome can be neglected. Thus, there must be a proper mechanism to verify such relations and 
to reduce the columns of the dataset, to make it less complex because the fewer the number of attributes will make the 
dataset easier to analyze.
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8. Results and discussion
We analyzed data provided by the Department of Information and Public Relations, Government of Jammu and 

Kashmir. The analysis conducted consists of an epidemiological study of COVID-19 in a specific region (Jammu and 
Kashmir) and a prediction of the disease based on the symptoms.

The epidemiological study collected samples from various datasets. The samples identified different parameters 
like patients under observation or susceptible, total tests conducted, total samples tested negative, total samples tested 
positive, total recoveries, total active cases and total deaths. These parameters were observed on a daily basis. The 
patients have various symptoms as listed in Table 2. The symptoms in each patient are represented through symbols. 
The associations of these symptoms are predicted through the apriori algorithm in Figure 4. Apriori suggests that 
symptoms of ABC are strongly associated. Thus the occurrence of these symptoms in a patient individually or together 
suggests that the patient is affected by the disease. The predictions are plotted graphically through Gompertz model and 
compared with SIR method. The parameters were plotted with respect to date in Figure 5, Figure 7, Figure 9, Figure 11, 
Figure 13, and Figure 15. The curves are obtained using SIR model to find the epidemiological nature of the data. The 
curves Figure 6, Figure 8, Figure 10, Figure 12, Figure 14, and Figure 16 are the prediction outcomes of the Gompertz 
model. 

Table 2. Symptoms

S No. Symptoms Code

1 Fever A

2 Fatigue B

3 Dry cough C

4 Loss of appetite D

5 Body ache E

6 Shortness of breathe F

7 Mucus G

Figure 4. Frequent itemsets
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Figure 5. Original

Figure 6. Predicted
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Figure 7. Original

Figure 8. Predicted

3/
9/

20
20

6/
10

/2
02

0

7/
10

/2
02

0

8/
10

/2
02

0

9/
10

/2
02

0

10
/1

0/
20

20

11
/1

0/
20

20

12
/1

0/
20

20

10
/2

0/
20

20

11
/2

0/
20

20

12
/2

0/
20

20

10
/3

0/
20

20

11
/3

0/
20

20

12
/3

0/
20

20

3/
13

/2
02

0

6/
20

/2
02

0

7/
20

/2
02

0

8/
20

/2
02

0

9/
20

/2
02

0

3/
24

/2
02

0

6/
30

/2
02

0

7/
30

/2
02

0

8/
30

/2
02

0

9/
30

/2
02

0

3/
30

/2
02

0

8/
1/

20
20

4/
10

/2
02

0

9/
1/

20
20

4/
20

/2
02

0

10
/2

/2
02

0

4/
30

/2
02

0

1/
10

/2
02

1

5/
10

/2
02

0

1/
20

/2
02

1

5/
20

/2
02

0

1/
30

/2
02

1

5/
30

/2
02

0

Date

2/
10

/2
02

1

1e6Tests

4

3

2

1

0

COVID-19 total tests
N

um
be

r o
f t

es
ts

 p
er

fo
rm

ed

The graphs depict the number of tests performed with respect to time. The number of patients enrolled for the tests as calculated by the actual 
data as well as the predicted data

Time
0                    5                  10                  15                  20                  25                  30                  35                 40

COVID-19 predicted total tests distribution
1e6

5

4

3

2

1

0

Pr
ed

ic
te

d 
ob

se
rv

at
io

n 
ca

se
s

Gompertz Curve at Growth Rate 0.085
Gompertz Curve at Growth Rate 0.20
Gompertz Curve at Growth Rate 0.40
Gompertz Curve at Growth Rate 0.05



Cloud Computing and Data ScienceVolume 5 Issue 2|2024| 193

Figure 9. Original

Figure 10. Predicted

The graphs depict the number of samples tested negative with respect to time. The graphs show the number of negative cases. The patients 
who are not tested positive for the disease
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Figure 11. Original

Figure 12. Predicted
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Figure 13. Original

Figure 14. Predicted

The graphs depict the number of patients recovered with respect to time. The graphs show the number of cases recovered after being tested 
positive, The behaviour of the disease curve is plotted on actual data as well as predicted values
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Figure 15. Original

Figure 16. Predicted
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Table 3. Growth rates occurring frequently in datasets

S No. Parameters Growth Rate 1 Growth Rate 2 Growth Rate 3 Growth Rate 4

1 Observation 0.05 0.11 0.14 0.40

2 Tests 0.085 0.20 0.40 0.05

3 Negative 0.08 0.09 0.12 0.05

4 Positive 0.12 0.08 0.15 0.17

5 Recovered 0.09 0.30 0.10 0.05

6 Deaths 0.12 0.31 0.05 0.07

Figure 17. Original

People who are kept under observation or susceptible represent a subgroup of the population who are believed to 
be infected or have some symptoms of the disease. Figure 5 represents COVID-19 patients kept under observation or 
susceptible plotted with respect to time or Date. The graph shows a gradual increase in the number of persons under 
observation. Figure 6 represents the prediction-based behavior of the susceptible with respect to time. From the analysis 
of datasets, we observe that there are different growth rates. A few that occur mostly are chosen for the prediction are 
listed in Table 3. 

Figure 6 consists of various curves with variable growth rates. The curve with a 0.40 growth rate is the most 
accurate of all. These four variable growth rates occur frequently in the dataset.

The tests are performed on a group of people kept under observation. Figure 7 shows the number of people 
undergoing testing for COVID-19. Figure 8 consists of four curves with variable growth rates. The curve with 0.085 
growth is the closest to the original.
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The outcome of the tests is either positive or negative. The samples that test negative are not infected and the 
samples that test positive are infected. Figure 9 and Figure 11 represent patients who tested negative and positive for 
COVID-19. The predicted negative and positive patients are represented in Figure 10 and Figure 12. The predicted 
outcomes are best represented by 0.09 and 0.15 growth rates.

The efforts to limit the pandemic by the authorities worked in reducing deaths and increasing recoveries. The 
curves with growth rates of 0.09 and 0.12 are the best-predicted outcomes from Figure 13 and Figure 14. Due to strict 
lockdown and preventive measures, the number of active cases reducing day by day can be seen in Figure 17.

Figure 18 shows the total number of positive cases generated from the actual data, the Predicted model, and SIR 
model; Figure 19 shows the total number of negative cases generated from the actual data, the Predicted model, and SIR 
model; Figure 20 shows the total number of recovered cases generated from the actual data, the Predicted model, and 
SIR model; Figure 21 shows the total number of deaths generated from the actual data, the Predicted model, and SIR 
model.

Figure 18. COVID19 positive cases
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Figure 19. COVID19 negative cases

Figure 20. COVID19 recovered cases
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Figure 21. COVID19 death cases

9. Conclusion
In this paper, we proposed a prediction-based approach to find the epidemiological behavior of the coronavirus 

disease. The main aspects of the proposed approach are to find the epidemiological behavior of the pandemic through 
analysis and then visualization using graphs and plots. This way we can predict whether a sample is positive or negative 
based on the symptoms present in the patient. We assessed the proposed approach using COVID-19 datasets in Jammu 
and Kashmir. We integrated data from the Ministry of Health and Family Welfare, the Government of India, the 
Department of Information and Public Relations, and the Government of Jammu and Kashmir, and data crawled from 
various sources. The results predicted from the data sources were validated through the epidemiological model.

The data collected from the sources is sometimes biased due to human error. In case of any such pandemic or 
other conditions data must be digitized properly and with the notion to contribute to society in general and research in 
particular.

The work is focused on the prediction and analysis of COVID-19 disease with the help of symptoms present in 
the patient. The work has already helped the Government of Jammu and Kashmir during COVID-19. We encountered a 
lot of symptoms but our model filtered the symptoms and limited them to few. The results generated from the predicted 
model were validated with the actual data curve and the dataset values were also checked for the SIR model. Our 
model has performed better in terms of prediction. The model can be deployed in all such practical situations, where 
symptom-based diseases can occur in society. This work has the potential to frame public policy and decision-making 
at the administrative level for the benefit of society. There is a future direction for this work in terms of environmental 
variables. It can be a collaborative work with social science researchers. The impact of social science on developmental 
growth can have a huge impact on the growth of such diseases.
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