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Abstract

Background: COVID-19 is a major public health emergency wreaking havoc
on public health, happiness, and liberty of travel, as well as the worldwide
economy. Scientists from all over the world are working to develop treatments
and vaccines; the WHO has given emergency approval to eight vaccines from
around the world. However, it is also seen that the efficiency of vaccines is
not up to the mark in different age groups. COVID-19 symptoms come in
many different shapes and sizes, so it’s important to learn about them as soon
as possible so that medical attention and management can be easier.

Method: The GitHub Data Repository-made COVID-19 patient data is avail-
able on the internet, which is used in this investigation. We have used the
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association rule mining method to look for common patterns in a targeted
class or segment and then look at the symptoms based on them.

Result: The result is that this study involves individuals with a median
age of 52 years old. Few frequent symptoms like respiratory failure (1%),
septic shock (1.4%), respiratory distress syndrome (1.8%), diarrhoea (1.8%),
nausea (2%), sputum (3%), headache (5%), sore throat (8%), pneumonia
(8%), weakness (7%), malaise/body pain (11%), cough (37%), fever (67%)
and remaining diseases like myocardial infarction, cardiac failure, and renal
illness (less than 1%) were present. If a patient had chronic disease, respi-
ratory failure, and pneumonia, there was a higher risk of death; if a patient
had a combination of chronic disease, respiratory failure, and pneumonia,
respiratory failure in the age range of 45 to 84 years there was a higher risk
of death. Patients having chronic conditions like pneumonia or renal disease
symptoms that died as a result of the corona virus had more serious indication
patterns than those without chronic diseases.

Keywords: COVID-19, hotspot, segments, association rule mining (ARM),
customer behavior analysis, market basket analysis, pattern, world health
organization (WHO).

1 Introduction

The COVID-19 pandemic is a world disaster in terms of health [1]. Globally,
26,54,23,384 cases and 5248,669 deaths had been registered as of December
07, 2021, as per the WHO report. Some European countries have “flattened”
the curve; others, such as the United States, Brazil, India, and Russia, are
still battling it [2]. In October 2020, the UK public was affected by the
delta variant of COVID-19, and in December 2020, the delta variant was
officially identified as per the WHO report. The Gamma variant, or lineage
P.1, was detected in Tokyo, Japan on January 6, 2021 by the National Institute
of Infectious Diseases (NIID). It has been labelled as a gamma variant by
WHO. Meanwhile, a second wave has hit the United Kingdom, Germany,
Spain, Poland, and Japan. Scientists from all over the world are hard at
work developing new treatments and vaccinations. The first findings of the
RECOVERY research revealed that steroids were effective in COVID-19
patients on breathing assistance who were hospitalised [3].

According to the SOLIDARITY trial conducted by the World Health
Organization, early pandemic drugs such as hydroxyl chloroquine and others
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are not able to stop mortality for hospitalised patients [4]. Simultaneously,
remdesivir showed potential efficacy [5]. Even though these studies had
methodological flaws and were designed before scientists had a strong
grasp of illness progression, they were nonetheless successful [6]. In the
starting face of COVID-19, 3 medicines are approved by the WHO for
the treatment of patients [7]. In the USA and India, remdesivir is used; in
the United Kingdom and northern countries, dexamethasone is used; some
countries treat patients with failover. The effectiveness of these drugs in
individuals with obvious contraindications, such as high diabetes, psychosis,
underlying malignancy, immune suppression, or situations where steroids
may have a very adverse effect, is yet unknown [8, 9]. In the same way,
vaccine development has made significant advances. Two of the vaccines,
Pfizer and BioNTech’s BNT162b2 and Moderna’s mRNA-1273, were given
emergency approval for use in the United States, Canada, and a few other
countries because they showed 95 percent efficacy [10]. As of December
19, 2020, 1.6 million individuals in 4 nations (the USA, China, the UK,
and Russia) have received their first doses of COVID-19 shots, according to
Bloomberg [11].

However, concerns concerning the vaccine’s safety profile in certain
groups, like the elderly and individuals with constant comorbidities, have
remained unanswered. Moreover, it is unclear whether antibody makers
will actually want to fulfil a need when the whole total populace will be
vaccinated and secured against COVID-19. According to the Center for
Infectious Disease Research and Policy [12], roughly 60-70 percent of the
human population should be safe for the COVID-19 pandemic to end. As a
result, they estimate that the pandemic will persist for at least another 18—
24 months, with hot spots resurfacing in various geographic places on a
recurrent basis, assuming a few levels of ongoing reduction measures [12].
Based on this knowledge, we can easily deduce the requirement for taking
proper health precautions, like screening all members of the public who have
those symptoms, selecting people for testing, and providing hospital facilities
and quarantine if needed. COVID-19 containment and symptomatic man-
agement are dependent on these approaches. COVID-19 has been linked to
various types of symptoms, from the common cold to chronic problems [13].
Identification of those symptom patterns aids physicians and care assistants
in providing effective supportive and therapeutic treatment by allowing them
to make better clinical decisions.

Much research has arisen identifying associated clinical illness features,
comorbidities, and epidemiological drivers because of the remarkable growth
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in global COVID-19 cases [14, 15]. On the other hand, modelling research
on COVID-19 that addresses relationships between diverse illness factors
is insufficient. Current figuring capacities have made organised information
extraction and mining conceivable, permitting us to carry out an assortment
of information-related assignments like consecutive information character-
ization, grouping, summing up, and similitude investigation, which can be
utilised to build up a connection between various clinical boundaries and
foresee likely results [16].

The COVID-19 breakout has posed a considerable challenge to clini-
cians and public health officials. In our review, we used an association rule
mining technique to filter out symptoms of COVID-19 indications. These
manifestation design mining tools can be used in conjunction with other
techniques to accurately identify disease patterns in clinical settings. Man-
made reasoning (AI) has enormous potential in medication. Organizations
like Alibaba constructed Al answers to assist China with fighting COVID-19
and anticipate the episode’s pinnacle, degree, and length, with high execution
precision in certifiable tests the nation over [17]. An Al-based CT picture
examination can possibly precisely analyse COVID-19 patients and resolve
an assortment of respiratory infections [18]. There are a lot of different Al
and man-made reasoning innovations that could speed up the development of
COVID-19 vaccines [19, 20]. These include genomic sequence analysis and
molecular docking.

In November 2021, variant B.1.1.529 (Omicron) was discovered in
Botswana and South Africa. As of December 1, there were 365 cases reported
in many countries, including the United States. The new variety is being
studied by public health officials, but it is unclear whether it poses a bigger
threat than existing COVID-19 forms. Because of the new variation, the
United States has issued a travel ban to South Africa and seven neighbouring
countries. Many other countries have enacted travel bans as well.

2 Background

Although there has been some computational study on COVID-19, the
majority of predictions have relied on complicated techniques (like the NN-
technique) [21, 22]. Techniques that are simple and easy to understand are
underrated. Straightforward association rules can be utilised to identify each
example in an informational index, which is valuable for clinical information
investigation. It also enables experts to make well-informed decisions, gather
critical data, and create basic data bases in a timely and efficient manner. This
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examination identifies side effects in COVID-19 patients and separates them
by age, sex, persistent illness, and mortality.

3 Literature Review

Machine learning algorithms for prediction and knowledge discovery have
lately been prominent in biomedical research [23]. Genomic examina-
tion [24], infection quality investigation [25], mortality prediction [26], cus-
tomised medication [27], drug revelation [28], and forecast of unfavourable
medication events [29], patient likeness [30], and reasonable Al techniques
in medication [31] are all examples of how Al is being used in biomedicine.
The mining of association rules is one use of machine learning in medicine
(ARM). R. Agrawal was the first to suggest ARM [32]. It was first used to
analyse sales data, with the goal of identifying relevant patterns that may
define the occurrence of an event, considering the different items in each
“set of transactions.” ARM’s basic concept is a brute-force technique. This
method lists all potential rules first, then prunes those that do not satisfy the
supplied condition. However, due to the many possible combinations, this
strategy is computationally prohibitive. R. Agrawal [32] devised the Apriori
approach to decrease the number of choices. The Apriori approach has two
significant flaws. First, it generates a huge number of candidate item sets in
a larger data set while also creating frequent itemsets. Second, it necessitates
several database scans, resulting in increased computing expenses. Han et al.
suggested the Frequent Pattern Growth technique to solve these limitations
(FP growth) [33]. This is a review assessment of COVID-19 patients’ results
provided by Meera Tandan et al. [34, 41].

The major side effects can be classified into two categories according to
the changes in their frequencies. The primary symptoms include fever, des-
titute craving, cough, expectoration, shortness of breath, chills, pharyngeal
distress, and myalgia. Their frequencies are the most elevated right now since
their onset and have diminished steadily afterwards. The moment incorpo-
rates weakness, queasiness, vomiting, diarrhea, and stomach distress. Their
frequencies have increased since the onset of COVID-19 and then decreased
after coming to top values. To begin with, the category of indications has
a place for the systemic and nearby tissue harm and provocative reactions
associated with side effects [41], primarily systemic and respiratory side
effects. The moment category of symptoms has a place in respiratory and
stomach-related organ dysfunction indications such as queasiness, heaving,
diarrhea, and stomach inconvenience. The information allows the illness
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related to these manifestations to be inside the side effect variable for a
composite yet clinically identifiable symptom pattern. For example, the term
‘pneumonia’ is used for symptom factors for patients who have a cluster of
clinical symptoms that are compatible with a chest infection. The frequency
of SARS-CoV-2 disease is seen normally in adult male patients whose age
is 34 and above. Additionally, SARS-CoV-2 is more likely to contaminate
individuals with persistent co-morbidities such as heat-related illness and
diabetes. In a ponder of 425 COVID-19 patients in Wuhan, there were no
cases in the children’s age group up to 15. In any case, 28 child patients
have been detailed as of January 2020. The clinical features of contaminated
paediatric patients change, but most have mild symptoms with no fever or
pneumonia and have a great prognosis. Another ponder found that although
a child had radiological ground-glass lung opacities, the understanding was
asymptomatic. In summary, children can be less likely to be contaminated
or, in the case of being infected, present milder signs than grown-ups; subse-
quently, it is possible that their guardians will not look for treatment, leading
to underestimates of the COVID-19 rate in this age group [40].

The ARM calculation contains side-effect exchanges plans to develop
continuous thing sets, having somewhere around a client-determined edge. In
this way, they followed a similar methodology to Sultana N. Nahar et al. [36]
by fixing a “certainty” edge of 90 percent. This was because the “assurance”
metric is used to rank the rules [37]. For doing this, it is essential to set
up an edge worth at least 0.001 and a “lift” more prominent than 1.0 for
decidedly connected principles. In this case, the idea was to filter the best
10 guidelines with the most elevated help scores. To catch uncommon or
inconsistent things, they picked low help and high assurance measures. This
idea is obtained from the survey by McCormick et al. [38] in mining clinical
indications. When an indication that infrequently happens is unequivocally
connected with another uncommon manifestation, it is fundamental to not bar
the guidelines describing these side effects. Such principles give clinicians
significant understanding of a clever sickness like COVID-19. In different
areas, like business, the limit with low help and high certainty will create
many standards that may not be fascinating for client examination. So low
help and high certainty accumulate few principles. However, the results can
be of mind-blowing interest to clinicians, as they could explain lesser-known
peculiarities [39]. It is generally expected to be valid in clinical determination
where numerous indication blends will just show up in a few patient cases.
Thus, a method like this one for looking for examples and rules that are
similar will help us look more closely at manifestation revelation.
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In this paper, we used the HotSpot Algorithm. A hotspot is a calculation
that can straightforwardly mine affiliation rules from genuine information.
The HotSpot calculation chosen in this paper can specifically mine affiliation
rules and powerfully obtain the extent of genuine number of interims with-
out the discretization of genuine information, hence maintaining a strategic
distance from the impact of subjective components in discretization. The han-
dling speed is amazingly quick. But like the Apriori calculation, the HotSpot
algorithm has one self-evident deficiency: support selection ought to be set
misleadingly based on involvement and cannot be set precisely concordant
with the real scale of the issue. On the off chance that the support threshold
is set too low, a lumbering and complex tree structure may be created; on the
off chance that the support threshold is set too high, some related intervals
may exist within the rare target trait values may be disregarded. In this
manner, within the handle of support selection, numerous comparison tests
are required to decide the optimal support based on the mining comes about.
In order to overcome the affectability of the HotSpot algorithm in bolster
edge settings and improve the quality of ARM [42], Apriori algorithms can
handle only binary values. In our work, any numeric data can be taken as
input and we can get results that also find rules for targeted attributes and
for targeted class values. In our work, we can find rules for highly co-related
data that only obtain a lift value greater than 1. In the base paper, only a
few attributes are considered for the conclusion, but in this paper, we have
considered 51 attributes to find the good outcomes related to COVID-19.
Considering Above all, the proposed work provides unique and useful rules
that will help doctors and patients during meditation and may take necessary
steps for patients.

3.1 Association Rule Mining (ARM)

ARM discovers the pattern of frequently occurring objects or events in the
data collection, as well as the relationship between things or events. It a Iso
known as “if—then,” “if”” denotes the antecedent and “then” the consequent.
The success of generated rules is typically quantified in terms of (i) Support,
(ii) Confidence, and (iii) Lift. Support(X—Y) = ARM finds the pattern of
frequently occurring objects or occurrences in the data set, including the link
between items or events. The pattern reveals the combination of things or
events that occur concurrently. It is useful in medicine to understand how
one condition is linked to another, such as diabetes and hypertension. In the

context of medicine, an association rule between symptom (or disease) is



8 A Singhetal

expressed in the form X—Y, where X and Y are a disjoint set of symptom
(or disease), i.e., X N'Y = ¢. In other words, X is the rule’s antecedent,
and Y is the rule’s consequent. Also, known as “if —then”, “if” represents
antecedent, and “then” represents consequent. The success of generated
rules is usually quantified in terms of (i) Support, (ii) Confidence, and (iii)
Lift. Theoretically, support has been defined as follows: Support (X—Y) =
(Persons having both X and Y)/(Total number of Persons). As a result,
support dictates how frequently a rule applies to a specific data collection.
Confidence is described as Confidence (X—Y) = (Persons having both X
and Y)/(Persons having X), In this case, confidence defines the frequency
with which illness (or disease) Y appears in people who have X. Lift can be
stated as follows: Lift(X—Y) = ((Persons having both X and Y)/(Persons
having X))/(Fraction of Persons having Y). where the fraction of Persons
with Y is the number of Persons with Y divided by total of sufferers Lift
indicates how frequently symptom Y appears when symptom X appears while
controlling the likelihood of occurrence of symptoms Y. The correlation
among both X and Y is determined by the value of lift; independent (=1),
positive associated (>1), and negative related (1). The disadvantage of the
“Confidence” measures is that they may overestimate an organization’s value.

4 Research Methodology

4.1 Proposed Framework

In the proposed work, real and categorical data can be taken as input and can
find rules for targeted class value. This work can find rules for highly co-
related data by considering lift values greater than 1. In previous work [41],
only a few attributes were taken to reach the conclusion, but in this work,
we have taken 21 attributes as input to reach the conclusion. We sent out
and cleaned information in the input of the hotspot algorithm. The “symptom
data” was cleaned before being transformed to a “transaction” format and
evaluated with the Hotspot method, which is accessible in Java as the associ-
ation rule mining technique. The dataset is of 1560 patients, each having 36
attributes, but we have extracted only 21 of them, as shown in Figure 1 and
Table 1.

In Figure 2, shows the proposed framework of ARM for COVID-19
with the target attribute set to the target value. The parameters taken for
this experiment is: total population: 1560 instances. There are different rules
with different support values for target attributes and target values: Yes (125
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1560 Patients data with 34 Clinical attributes of
Covid-19 for analysis extracted from Github

|

21 attributes are selected

l

Applied Association Rule Mining (ARM) Using
Hotspot algorithm

Rules for survival and Death Rules for Age of Patients Rules for chronic disease

Figure 1 Proposed framework for ARM of COVID-19 patients.

instances (8.01%) in the target population). We used Java programming
language to implement a hotspot algorithm. Hotspot is rule-based data mining
method to settle the test of consequently identifying novel and significant
symptom patterns in COVID-19 information. The measurably critical stan-
dards were displayed in an assortment of patient classes, including sex,
ongoing illness, mortality, and age. As far as anyone is concerned, this is
the main review to extricate the most well-known manifestations of COVID-
19 patients utilizing straightforward yet incredible hotspot-based mining.
Hotspot learns a bunch of rules (shown in a tree-like design) that augment or
limit an objective variable or worth of interest. With an ostensible objective,
one should search for sections of the information where there is a high
likelihood of minority esteem occurring [35]. By using the Hotspot algorithm,
we have found various rules for survival and death, the age of the patient, and
chronic disease.

5 Results
5.1 Data Set Attribute Description

As per the data set, 36 attributes with data types such as string, numeric,
and categorical (Death values as {0,1}, Sex values as {Female, Male},
Age values as {“20-44 yrs”, “>85 yrs”, “45-54 yrs”, “55-64 yrs”, “65-84

LR N3

yrs”, “<=19 yrs”} which are represented as categorical data values as given
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Table 1 Covid-19 dataset for analysis

S. No Attribute Name Data Type/Categorical Value Description
1. serial_no string
2. Agel numeric
3. Age {*20-44 yrs”, “>85 yrs”, Categorical data
“45-54 yrs”, “55-64 yrs”,

“65-84 yrs”, “<=19 yrs”, “20”}
4. Sex {Female, Male} Categorical data
5. Country string
6. Hospitalization {0,1} Categorical data
7. ChronicDZ_YN {0,1} Categorical data
8. Death {0,1} Categorical data
9. Cough {0,1} Categorical data
10. Fever {0,1} Categorical data
11. Breathing_prob {0,1} Categorical data
12. Pneumonia {0,1} Categorical data
13. RDS {0,1} Categorical data
14. Res_failure {0,1} Categorical data
15. Weakness {0,1} Categorical data
16. Malaise_bodysore {0,1} Categorical data
17. Rhinorhea {0,1} Categorical data
18. Sorethroat {0,1} Categorical data
19. Sputum {0,1} Categorical data
20. Non_respi_sym {0,1} Categorical data
21. Drymouth {0,1} Categorical data
22. Nausea {0,1} Categorical data
23. Anorexia {0,1} Categorical data
24. Diarrhoea {0,1} Categorical data
25. Headache {0,1} Categorical data
26. Conjuctivites {0,1} Categorical data
27. Hypertension {0,1} Categorical data
28. Primarymyelofibrosis {0,1} Categorical data
29. Cardica_arryhmia {0,1} Categorical data
30. Heartfailure {0,1} Categorical data
31. Myocardial_infraction {0,1} Categorical data
32. Renal_dz {0,1} Categorical data
33. SepticShock {0,1} Categorical data
34. Multiple_organ_failure {0,1} Categorical data
35. other_sym {0,1} Categorical data
36. Asymptomatic {0,1} Categorical data
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|

1
No

Yes
[
Candidate k-itemset >=k
%
I NO
5 Yes

Figure 2 Shows the working steps of the algorithm for class value-based market basket
analysis with real/categorical data.

in Table 1). For our experiment, we only used 21 attributes (age, gender,
country, hospitalization, ChronicDZ YN, Cough, Fever, Breathing Prob-
lem, Pneumonia, RDS, Res failure, Weakness, Malaise, Bodysore, Sputum,
Headache, Cardica arryhmia, Heart Failure, Myocardial infraction, Renal dz,
SepticShock, Death).

Data were extracted from the GitHub web portal on October 22, 2021,
and patients’ data up to May 27, 2020 are included in this dataset [34].
The median age of the patients was 52 years, and 57 per cent of them
were men. Due to COVID-19, it is claimed that a total of one hundred
and twenty-five (125) people lost their lives, accounting for 8% of the total
(1560). In this paper, we discussed a new variant that was detected earlier
in China than in Singapore in the month of December 2020 as reported in a
report published on the internet by the leading newspaper in India. Figure 6
shows that fever was the most common symptom (67 percent), followed by
cough (37%), malaise/body aches (11%), and pneumonia (11%). In 1-5%
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of patients, migraine, sputum creation, squeamishness, diarrhea, respiratory
difficulty problems, and septic shock were completely recorded. Myocardial
limited necrosis, dissatisfaction, and renal ailment were found in about 1%
of the cases in this study. The recurrence of constant hypertension was 5%,
diabetes 4%, and kidney and coronary cardiopathy 1%.

As shown in Figure 6, among those COVID-19 patients whose age lies
between 45 and 84, their death count is high as compared to other age groups.
Most patients report symptoms of fever and cough during COVID-19, as
shown in Figure 6.

In Table 2, significant rules or views for survival (N = 1560) are given.
A few rules, like if a patient had malaise_bodysore and hospitalisation
(antecedent), then the patient had higher confidence of survival (consequent).
In the next rule, if a patient had a malaise_bodysore and an age of 85 years
(antecedent), then they had a higher chance of survival (consequent). As
shown in Figure 7, if the patient had a fever and was over the age of 85,
they had a better chance of survival. There are a few significant rules for the
death of patients, like if the patient had a Res_failure and an age in the range
of 20—44 years (antecedent), they had a higher chance of death (consequent).
In another rule, if the patient had a Res_failure and a Myocardial infraction
(antecedent), they had a higher chance of death (consequent). RDS, Pneumo-
nia, and respiratory failure were some of the patient’s symptoms (antecedent).
If they also had any of these symptoms, there was a higher chance of death
(consequent). This can be seen in Figure 8, so this was the case.

Table 3 describes the significant rules for males in different age groups.
The few rules for survival are that if a patient was male and aged 45—
54 years and had RDS (antecedent), then there was a higher chance of
survival (consequent). Patients with chronic diseases have very low chances
of survival. If the patient’s symptoms consisted of chronic disease along with
any one of these symptoms (breathing problem, cough, age ranging between
65 and 84 years old), then there was a high chance of death.

Table 4 describes the significant rules for females in different age groups.
A few survival rules for female patients: if a patient had any of the following
weaknesses: pneumonia, malaise, body sores, fever, or headache, they had a
better chance of survival. If females had an age group of 65-84 years and
suffered from chronic disease, then they had a very low chance of survival.
If the patient’s symptoms consisted of chronic disease along with any one of
these symptoms (fever, pneumonia, age in the range of 65-84 years), then
there was a high chance of death.
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Table 2  Significant rule for survival Vs Deathwith more than one symptom [No. = 1560]

Rule Number

Antecedents

Consequents

Support Confidence

Lift

R1

R2

R3

R4

R1

R2

R3

R4

RS

R6

R7

R8

R9

R10

R11

R12

{Rules for survived}
{Malaise_bodysore = 1,
Hospitalization}
{Malaise_bodysore = 1,
Age = >85 yrs}

{Fever = 1, Age = >85
yrs}

{Fever = 1,
Hospitalization = 0}
{Rules for died}
{Res_failure = 1,

Age = 20-44 yrs}
{Res_failure = 1, Myocar-
dial_infraction = 1}
{Septic Shock = 1,
Renal_dz = 1}

{Septic Shock = 1,
Cardica_arryhmia = 1}
{RDS =1,
Cardica_arryhmia = 1}
{RDS =1,
ChronicDZ_YN =1,
sex = Male}

{RDS = 1,
ChronicDZ_YN =1,
Age = 65-84 yrs}
{RDS =1,
ChronicDZ_YN =1,
Age = 45-54 yrs}
{RDS =1, sex = Male,
Age = 20-44 yrs}
{Res_failure = 1, Septic
Shock = 0,
ChronicDZ_YN = 1}
{RDS =1,

Pneumonia = 1, Septic
Shock = 0, sex = Male}
{ChronicDZ_YN =1,
Pneumonia = 1,

Age = 45-54 yrs}

{Survived}
{Survived}
{Survived}

{Survived}

{Died}
{Died}
{Died}
{Died}
{Died}

{Died}

{Died}

{Died}

{Died}

{Died}

{Died}

{Died}

0.1 1

0.1 1

0.2 1

02,03 1

0.01 1

0.02 1

0.02 1

0.02 1

0.02 1

0.02 1

0.02 1

0.02 1

0.03 1

0.1 1

0.1 1

0.1 1

1.09

1.09

1.09

1.09

12.48

12.48

12.48

12.48

12.48

12.48

12.48

12.48

12.48

12.48

12.48

12.48

(Continued)
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Table 2 Continued
Rule Number Antecedents Consequents ~ Support  Confidence  Lift
R13 {ChronicDZ_YN = 1, {Died} 0.1 1 12.48

Pneumonia = 1,
RDS = 1, sex = Male}

R14 {ChronicDZ_YN = 1, {Died} 0.1 1 12.88
Pneumonia = 1,
Age = 55-64 yrs,
sex = Male}

R15 {ChronicDZ_-YN = 1, {Died} 0.1 0.94 11.79

Pneumonia = 1,
Res_failure = 1}

R16 {ChronicDZ_YN =1, {Died} 0.1 0.91 11.39
Pneumonia =1,
RDS =1}

R17 {ChronicDZ_YN =1, {Died} 0.1 0.93 11.59

Age = 65-84 yrs,
Pneumonia = 1}

R18 {ChronicDZ_YN =1, {Died} 0.1,0.3,04 0.88 10.92
Pneumonia = 1}

Table 5 describes the significant rules for a chronic condition. If patients
had no chronic disease and reported fever, then patients had higher chances
of survival. If a male patient’s symptoms consisted of chronic disease along
with any one of these symptoms (RDS, pneumonia), then the patient had a
higher chance of death.

We have taken an example with transactional data having 06 instances in
Figure 3, and the rule mining method yielded two rules, with a support score
of 0.1 and 0.33, confidence of 1, and lift of 1.2 for the antecedent (X) Age
= 18-35 and consequent (Y) Live Birth in rule 1. With a confidence level of
one, all “Treatment = DI” patients gave birth to live children. Similarly, lift
1.2 indicates that “treatment = DI”” and “live birth” are mutually correlated.

In this work, we took data from 45 countries for analysis [34, 41] and
found that China and the Philippines had a very high death count in reported
patients as compared to other countries. We also found that the mutation
present in both countries in December 2020 was dangerous and deadly as
compared to other countries, as shown in our study.

In Figure 9 shows the association rules for the target attribute (conse-
quent): Yes, death with a target value. (i) the rule has 22 instances, the
rule length is 4, and the minimum value count for segments is 13, implying



Investigating New Patterns in Symptoms of COVID-19 Patients 15

Table 3 Significant rules for age (survived/died for sex = male) (N = 1560)

Rules Antecedents Consequents Support Confidence Lift

{Rules for survived }

R1 {Hospitalization = 1, {Age = 20-44 yrs} 0.3 0.61 1.94
Country = China, Death = 0,
sex = Male, Fever = 1}

R2 {RDS = 1, Pneumonia =0, {Age =45-54yrs}  0.01 1 9.94
sex = Male, Death = 0}
{Rules for died}

R1 {Death =1, {Age = 65-84 yrs}  0.03 1 14.44

Breathing_prob = 1,
Pneumonia = 0, sex = Male,
ChronicDZ_YN = 1}
R2 {Death = 1, {Age = 65-84 yrs}  0.03 0.83 12.04
ChronicDZ_YN =1,
Country = China,
Cough = 0, sex = Male}
R3 {Death = 1, {Age = 65-84 yrs}  0.03 1 14.44
Breathing_prob =1,
Pneumonia = 0, sex = Male,
Cough = 1}
R4 {Death = 1, {Age = 65-84 yrs}  0.04 0.6 8.67
ChronicDZ_YN =1,
Hospitalization = 1,
Cough = 0, sex = Male}
R5 {Death = 1, RDS =1, {Age =45-54yrs}  0.05 0.38 3.79
Myocardial_infraction = 0,
Renal_dz = 0, sex = Male}

R6 {Death = 1, Pneumonia =1, {Age =45-54yrs}  0.05 0.27 2.68
sex = Male}
R7 {Death = 1, {Age =45-54yrs}  0.05 0.27 2.64

Country = Philippines,
sex = Male, Pneumonia = 1}
R8 {Death = 1, {Age =55-64 yrs}  0.05 0.47 495
Hospitalization = 1,
Breathing_prob = 0,
Cough = 1, sex = Male}
R9 {Death = 1, Res_failure =1, {Age =65-84yrs}  0.06 0.5 7.22
Myocardial_infraction = 0,
sex = Male,
SepticShock = 0}
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Table 4 Significant rules for age (survived/died. for sex = female) (N = 1560)

Rules Antecedents Consequents Support Confidence Lift

{Rules for survived }

R1 {Weakness = 1, {Age =20-44yrs}  0.02 0.64 1.65
Country = China,
Cough = 0, sex = Female,
Death = 0}

R2 {Hospitalization = 1, {Age =20-44 yrs}  0.02 0.61 2.03
Country = China, Death = 0,
Pneumonia = 1,
sex = Female}

R3 {Weakness = 1, Cough =0, {Age=20-44yrs}  0.02 0.5 1.6
Fever = 1, sex = Female,
Death = 0}

R4 {Malaise_bodysore = 1, {Age = >85 yrs} 0.03 0.84 1.58

sex = Female, Death = 0,
Cough = 0, Fever = 1}

R5 {Headache = 1, Death = 0, {Age = >85 yrs} 0.03 0.53 2.98
sex = Female}
R6 {sex = Female, {Age =45-54} 0.2 0.28 2.74

Hospitalization = 1,
Fever = 1, Death = 0,
Weakness = 1}
{Rules fordied}

R1 {Death =1, {Age = 65-84 yrs}  0.03 0.57 8.25
ChronicDZ_YN =1,
Fever = 1, sex = Female}

R2 {Death = 1, sex = Female, = {Age = 65-84 yrs}  0.05 0.63 9.03
ChronicDZ_YN =1,
Hospitalization = 1,
Malaise_bodysore = 0}

R3 {Death = 1, sex = Female, = {Age = 65-84 yrs}  0.05 0.54 7.78
ChronicDZ_YN = 1, Septic
Shock = 0, Pneumonia = 1}

R4 {Death = 1, sex = Female, = {Age = 65-84 yrs}  0.08 0.5 7.22
ChronicDZ_YN = 1}

support from 10% of the target population (125). (ii) the number of rules is
15, the rule length is 5, and the minimum value count for segments is 100
(80% of the target population of 125). (iii) the number of rules is ten, the rule
length is three, and the minimum value count for segments is 113 (90% of the
target population of 125).
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Table 5  Significant rules for survived/died vs.age (N = 1560) for chronic condition

Rules Antecedents Consequents Support Confidence Lift
R1 {Death = 0, Fever = 1, {Without chronic disease} 0.2,0.3 1 1.1
Cough =0,

Hospitalization = 1}
{With chronic disease }
R1 {RDS = 1, Death = 1, {With chronic disease} 0.01 0.89 9.43
Myocar-
dial_infraction = 0,
sex = Male,
Hospitalization = 0}
R2 {Pneumonia = 1, {With chronic disease} 0.3 0.87 9.18
sex = Male, Death = 1}

Target class based Association rules for IVF Treatment Transaction Data:

Total population: 6 instances.

Target attribute: Live Birth

Target value: 1 [value count in total population: 5 instances (83.33%)]

Minimum value count for segments: 1 instances (10% of target value total population)
Minimum value count for segments: 2 instances (33% of target value total population)
Minimum value count for segments: 5 instances (90% of target value total population)

Age Treatment | Fresh Eggs | Live Birth * Antecedent | Consequents | support | Confidence | Lift
18-35 IVF 1 a x) )

1835 VE 1 1 Age=18-35 | Live Birth 0.1-0.9 1 1.2
Tazds) (I S & Treatment | LiveBirth | 0.1 1 142,
18-35 | IVF 1 1 =0l

37-39 IVF 1 ]

18-35 DI 1 1

Calculating association using three Measures
1. Support: Support (Live Birth) =5/6=0.8333
Here the support of occurring Live Birth is present is 83.33 %
2. Confidence
Confidence (Age=18-35) = (Live Birth) =Support ((Age=18-35), (Live Birth)) = 5 = 1.00

Support {Age=18-35) 5

Confidence is how likely the Live Birth occur in patients who had Age=18-35 here, the confidence of
occurring Live Birth who had Age=18-35 is 100%
3. Lift

Lift (Age=18-35) ## (Live Birth) = Support ((Age=18-35),(Live Birth)) / Support{Age=18-35)= 5/5 =12

Support (Live Birth) 5/6

Lift measures how likely the Live Birth occurs in patients who had Age=18-35 while Controlling IVF birth.
Here, the value of liftis 1.2. Lift value greater than 1 implies that the Live birth is more likely to occur in the
patient who had Age=18-35 among 6 patients.

Figure 3 Association Rule Mining examples with transactional data.
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Figure 8 Symptom Name vs. Death Probability for COVID-19 Patients in % (N = 1560).
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Figure 9 Shows the number of rules for rule length value for support value 0.1 to 0.9.

6 Discussion

The study was undertaken mainly to examine the two most important ques-
tions about a patient’s survival or death from COVID-19. In this work,
we found a few new rules for patients suffering from COVID-19 who had
different symptoms and the presence, absence, and combination of various
symptoms was responsible for the survival and death of patients. This work
also found the rules for male and female patients, age, and the rules of chronic
disease with their survival and death. In this paper, we used the HotSpot
Algorithm. A HotSpot is an algorithm that can directly mine association
rules from real and categorical data. It can directly mine association rules
and dynamically acquire the range of real number intervals without the
discretization of real data, thus avoiding the influence of subjective factors
in discretization. The processing speed is extremely fast. But like the Apriori
algorithm, the HotSpot algorithm has one obvious shortcoming: support
selection needs to be set artificially based on experience and cannot be
set accurately according to the actual scale of the problem. If the support
threshold is set too low, a cumbersome and complicated tree structure may be
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generated; if the support threshold is set too high, some associated intervals
existing in the rare target attribute values may be ignored. Therefore, in the
process of support selection, multiple comparison experiments are needed
to determine the optimal support based on the mining results. When it
comes to setting up support thresholds for the HotSpot algorithm, it can be
very sensitive. This is why it combines intelligent optimization technology
with association rule-mining technology [42]. Most of the symptoms rules
consisted of Malaise bodysore and Hospitalization, Age = >85 years, Fever,
Rest failure Myocardial infarction, RDS, Pneumonia, cough, sex, Breathing
problem as antecedents and consequent like survival, death, with chronic
disease, without chronic disease and various age ranges.

7 Conclusion and Future Work

This framework can take a real number and categorical data as input and
can find rules for targeted class value; it means clinical attributes with real
no directly used to find symptom rules. The most incessant manifestations
in our review include Fever, Cough, disquietude/body sore, Pneumonia, Sore
throat Weakness, migraine, Sputum, and Nausea were the most ordinarily
revealed side effects in COVID-19 patients and respiratory disappointment
addressed one to two percent of indications among COVID-19 patients.
Patients suffering from Diseases like Cardiac arrhythmia, multiple organ fail-
ure, Primary myelofibrosis, respiratory failure, respiratory distress syndrome,
septic shock, myocardial infarction, heart failure, renal disease, chronic dis-
ease, and Pneumonia shows higher death rate (order of death rate is left
to right for diseases) is discussed in the study. ARM strategies recognized
essentially unique indication rules for COVID-19 among more youthful and
more seasoned patients, male and female patients, patients with and without
constant conditions, and individuals who have persistent conditions. It has
also come in the study that patients who have suffered from sore throat,
malaise body sore, fever, diarrhea, headache, cough, female, other symptoms,
sputum, nausea, weakness, breathing problem their chance of survival are
very high (order of survival rate is left to right for diseases) is discussed in
the study.

This paradigm can be used to create rules for targeted outcomes or
focused therapy. The targeted association rule mining idea, which is based
on market basket analysis, can be used to acquire patient behavior with
regard to treatment, medical behavior with regard to patient sickness and
clinical features, and medicine/therapy success patterns. This research will
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aid in the discovery of novel and practical rules that will aid doctors and
patients in early detection and meditation. The rules have various severe and
mild ones responsible for chronic conditions and the survival and death of
COVID-19 patients indicate the importance of various symptoms detection
and efficient management of COVID-19 patients. We have conducted this
study by taking more no of attributes as compared to other studies. This work
may be expanded to learn about the effects of corona-variants on different
blood groups, as well as the effects of different corona variants on COVID-19
vaccinated persons.
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