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ABSTRACT

Pattern and Group behavior of COVID-19 patient’s data is very much important aspect of data
analysis for medical stakeholders to frame decision strategies and to design routine set-ups. PCA is
old mathematical machine learning grouping analysis technique but popular in recently for data
analysis in grouping insights, so the researcher has implemented principal component analysis to
study dominance in data with varied component grouping with proportional variation and also used
graphical visualizations. The strength of PCA implementation is to maintain real valued data with
dimension reduction but without loss of key information. The experiment result of COVID-19 datais
showing component 1 contributing to highly positive testResult that is having High impact on
patients. PCA shows relative dimensions analysis. PCA dimensions plotted shows independence in
dimension with 90° angle dimensions in data spread. The results identified for COVID-19 data
glimpse with dominant component formation.

Keywords: COVID-19, Grouping Insights, Pattern Detection, PCA: Principal Component
Analysis

1. INTRODUCTION

Principal Component Analysis (PCA) implemented to five variables Age, CT Score, O2 level,
Severity Level and RT-PCR Test Result of pre-processed COVID-19 dataset of 200 data objects
for dimension reduction and dominant data group construction. PCA Summary and PCA loading
values are obtained and major components are plotted using histogram for COVID-19 dataset.
Further scree plot also depicts variance reliability and relative analysis and biplot for dimension
relationship analysis are plotted for the obtained principal components.

2. LITERATURE REVIEW

e Machine Learning For COVID-19 Treatment

After carrying systematic review of 15 different papers authors [R-4] found that, the use of efficient
machine learning based clinical decision support system for arboviral diseases can improve the
guality of the entire clinical process, thus increasing the accuracy of the diagnosis and the
associated treatment. Andcurrent research for clinical data is limited to the three most common
infections—Dengue, Chikungunya and Zika.

According to authors [R-7], the application of Al algorithms on covid-19 research is at its infancy
and there is still much room for improvement and new areas that Al canbe used in tackling the
problem. It is important to know how the problems caused by the disease would look like in future to
be able to plan strategies from now as they may be easier to cope with at their infancy. According to
authors[R-15], world’s critical situation in the current pandemic demands for more comprehensive
andoptimized ML approaches for medical treatment research, patient care, resourcemanagement and
there is need of Emergency ML to support in the shocking consequences. Application of ML as
intelligent systems can be advanced to mark independent decisions in pandemic to support medical
practitioners [R-16].
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R-12] After studying current ML applications for range of clinical outcomes, prediction, diagnosis
and reporting performance, authors Suggested need ofimprovement in ML applications especially in
diverse health settings, primary care and routine clinical care environments [R-13]. This study [R-3]
aimed to assess the utility of machine-learning algorithms for predicting outcome of patients with
non- critical COVID-19 based on clinical parameters on admission. We found clear difference
between patients who developed later critical vs. non-critical COVID-19, mainly in vital signs
(respiratory rate and room-air oxygen saturation) and inflammation markers (blood WBC,
neutrophil counts and CRP) and in the APACHE Il score that combines these makers. Authors
assessed clinical, hematological and biochemical parameters at admission. [R-2] The prognosis of
COVID-19 is largely dependent on various factors that include the patient's age, the severity of
illness at presentation, pre-existing conditions, how quickly treatmentcan be implemented, and
response to treatment.

Severity Level: Most of the datasets used to have two labels for the possible output classes (i.e.,
infected or not infected) [R-39]. Authors suggested need to have a dataset that is annotated to show
the severity level of the illness to monitor patient healing progress. Effect on different body
organs: Most of the studies rely on investigating lung or chest images to predict the infection with
COVID- 19. Other organs affected by the virus need to be investigated further as this may ease the
virus detection and reduce the risk of being infected and not knowing that. Monitoring Patient
History, Vaccine status, Lifespan of virus, effect on body these findings can help to identify and
prevent patterns.

e PCA for COVID 19 treatment

In PCA Analysis of data populated [R-40], Authors identified largest cluster having around 53% data
components of COVID patients with features insights as oldest age, less immunity, and less albumin
levels, whereas very less only 9% data captured in group of third cluster represented data of patients
who were having very young age and high immunity power features. Authors[R-9] compared
different countries and spread rate in high risk countries also suggested classify COVID-19 data using
factoranalysis for other countries.

e Analysis using R
The impetration of COVID-19 data research using R mentioned limitation of large corpus volume,
which can be handled by using machine learning methods available in R[R-21].

3. Objectives

The main purpose of current study by using grouping insights is to apply fuzzy based pattern of
COVID-19 media data using R tool that would help the expert, professionals, governments as well as
students in the process of medical treatment and care.

The objectives of present research were to collect the COVID-19 patients’ treatment and pre and Post
COVID data and parameters required for the study, accordingly to collect from Bharati Hospital,
Sangli and to apply fuzzy rule-based system to COVID-19 Data for right classification, prediction and
grouping and supremacy analysis. For the said research work the researcher has set following
objectives:

e To identify pattern and association of covid-19 symptoms.
e To study dominance in constraint parameters of covid-19 data.

4. GROUPING INSIGHTS
Principal Component Analysis COVID19 Patient’s Data Analysis
4.1 PCA for COVID19 Patient’s Data Analysis:

COVID-19 disease patient’s data is huge dataset with multiple possible dimensions for analysis.
Though PCA is old Mathematical model, in modern era of data analysis PCA has become active and
quite precise extensively being used analysis technique for dimension reductions. By keeping variably
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in the data under analysis, PCA preserves content of statistical information with reduced or
transformed data without loss of information content. G. Vinodhini, R. M. Chandrashekaran (2014)
mentioned PCA as active a feature reduction method in combination with ANN.

4.2 PCA for COVID-19 Patient’s Pre-Processed Data

For COVID-19 dataset five dimensions are scaled to obtain principal components forming five
components with statically information as proportional variance 41%, Standard deviation for Major
Component 1 is 1.44 which is maximum value related to other four components analysed. So the
Component 1 shows the maximum variation seized.

P P Peages el Views
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COVID Patient's Data Dominant Component

Figure 1: Component Analysis
Importance of components: | Comp.1 | Comp.2 | Comp.3 | Comp.4 | Comp.5
Standard deviation 1.44 1.06 0.97 0.73 0.57
Proportion of Variance 0.41 0.22 0.19 0.11 0.07
Cumulative Proportion 0.41 0.63 0.82 0.93 1.00
Table 1
Component Component 1| Component 2| Component 3| Component 4 | Component 5
Variable
Age 0.363 0.140 0.785 0.461 0.138
02 Level -0.533 -0.448 0.309 0.647
CT Score 0.590 -0.138 -0.486 0.626
Severity 0.454 -0.127 -0.577 0.666 -
COVID Positive 0.174 -0.863 0.209 -0.106 -0.413

PCA Loading Values of COVID-19 Dataset
Source: Compiled by Researcher

As mentioned in table no. 1, the PCA loading value close to 1 that is positive associationof dimension
represents the majority of positive influence or values close to -1 are measured as maximum
influenced negative association of dimension, so as component 1 with Age, CTScore, and Severity
level shows values 0.363, 0.590, and 0.454 is closer to 1 shows large positive association with
COVID RT-PCR TestResult variable, at the sametime instance Component 1 has O2 Level variable
value -0.533 is closer to -1 which shows large negative or opposite association with COVID RT-PCR
TestResult variable. That is Component 1 revokes large positive with COVID RT-PCR TestResult
dominance in COVID-19 patient’s records about infection and treatment and large negative
association with Oxygen level that reveals that if Oxygen level drops possibility of positive
TestResult increases. The componentl is major component formed showing dominance in Positive
Test Result for increased Age, CTScore and Severity and for decreased O2 level, so based on
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COVID-19 dataset from sample collected, PCA results clearly shows the strong Positive RT-PCR
Test infection results for increased values of Age, CTScore and severity and decreased values of O2
Level.

In Component 2 O2 level, CT Score, Severity value is - 0.45, -0.14 and -13 which is adjacent to -1
and positive COVID Test variable is -0.87 again close to -1 showsnegative association with COVID
Test variable that represents less score of severity and CT Score though drops oxygen then also
chances of infection are less. In Component 3, Age variable with loading value 0.79 and High positive
association with severity shows almost doubled Positive RT-PCR Test Result association which yet
again supports to Positive RT-PCR Test Result dominance. Component 4 also represents average
Age, 02 Level and Severity and negative association CTScore represents less chances of getting
Positive RT-PCR Test Result. Component 5 is having smallest preference due to low variation.

COVID Patient's Data Dominant Components

20

Variances
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Figure 2: Histogram of Components-Variance.

Extreme dissimilarity in component detects key dominant components for analysis incase of huge
voluminous data. The Figure 6.2 of Histogram plotted depicts Componentl with 41% variance, which
reveals that majority of COVID-19 patient’s data, could be summarized by means of Componentl as
single major representative component. Component2 represents 22% of the total variance;
Component3 obtained with 19% ofthe variance. Component4 and Component5 creates 11%, 7%
variance respectively,therefore, Componentl, Component2 and Component3 can express real glimpse
of data in relation with other components, one can understand the major aspect, in all data, as the
Componentl, Component2 and Component3 explains 82% of the variance.

Without loss of valued data reduction in numbers of dimension focuses on dominant COVID-19 data
and gives view to key influencing qualities of dataset. As depicted in Figure 3, the Scree plot shows
relative variance proportion and relationship of variance value consistency of component showing
variations in all components 1 to component5.
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Figure 3: Scree Plot of Component Variances

The first component representation in Scree plot with maximum variation in relation to other four
components can be identified as major or prime component constructed. Succeeding
representative components are positioned screening the influence of quantity of variation each one is
demonstrating. Therefore, the First Key Component 1 groups the major or principal part of
distinction, and then the Component 2 is next large component of second largest variation, and so on
sequentially. The Scree Plot depicts contribution of all the components with respect of variation
amount estimated. Largest dissimilarity and the relative principal component signify to supreme
distinctive qualities or behaviour of COVID 19 dataset. So skipping or missing information from the
identified major components may be risky and can lose significant information.

First three key components are dominant components which captures majority of the valuable
information centring on dominant data of Age, CTScore, Severity level, oxygenlevel and RT-PCR
COVID Test Result value dimensions. As key Component Principal Component 1 provides
exploration to most influencing features that are influencing to Positive or High values Age, O2 level,
RT-PCR Test Result with maximum Low level O2 Level concentration. Severity and CT Score are
at almost same level so one of these features can support the judgement of Test Result. Dimensions
relationship in scree plot obtained are showing dominance in POSITIVE RT-PCR Test Result in
dataset.

T

Figure 4: Biplot of Score Variables

Biplot denotes multivariate information background in which the matrix with top-right axes reflects
loading values for the principal components formed and other axes shows score values for the
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principal components. The biplot dimension angles represents Age, O2 Level, CT Score or Severity
Level and RT-PCR Test Result are independent dimensions required for COVID-19 data analysis.

A PCA Biplot in Figure 4 shows component PCA score of dimensions in black numbers and vector
signifies loadings values. Biplot shows how much variation each principal component captures from
the data spread. As three Principal Components are enough to gain essence of the data, the scree plot
is a sharp arc that curves swiftly and levels out.

The figure 4 shows, all five variables but four Age, Severity and TestResult are almost in90° angle
with each other, which indicates there is no dependence between loading values of 02 level-COVID
Test and Age- COVID Test. And almost all three of these arescreening their inevitability in unfolding
essence of data; hence O2 level and Age are highly important input parameters which are valid, CT
Score and Severity level are at symmetrical level so either this along with first two O2 level and Age
are sufficient parameters for information retrieval in COVID19 RT PCR Test Result. PCA viewing
variation means for different qualities/features/characteristics which are important to analyze different
COVID19 RT PCR Test results can be signified by means of these constraints.

5. OBJECTIVE FULFILLMENT
To study dominance in constraint parameters of covid-19 data.

Dominance Detection is applied and explained in form of principal components representing real
glimpse of entire dataset. Fuzzy c-means also identifies degrees of central data membership for
pattern matching and identifying major cluster formed of similar behavior.

6. FUTURE SCOPES FOR RESEARCH

In future research, deep learning can be applied to COVID-19 data set. Researcher would like to
suggest developing Al based model for unstructured data also. As the pandemic and related data is
very recent, respiratory disease and solutions are attractions of recent research, so can be applied with
different expert and recommendation systems. The emergent investigation and ultimatum in research
scholar positions for COVID is also screening the interest of scientific community. Investigator would
like to propose enhancement in the work in collaboration with medical research fellows to focus on
innovative methods for computerized medical support systems. This work can be further enhanced
fuzzification of images and video identifying as new parameters and by simplifying it to standard
form and allocating weights for more exact set of perditions. One can also apply image processing to
HRCT scan image reports to accept it as major, vital input constraint.

7. CONCLUSION

In Dominance analysis using Principal Component Analysis statistical technique, five different
components are produced for sample COVID-19 data. As PCA shown in section 6 PCA1 showed
maximum data points representing strong Component 1in result give an idea about dominance
explaining maximum 41% proportional variance. Comp2 is next largest variance 22% variance and
Comp3 third largest component with 19% variance. Componentl shows dominance of low oxygen
level, high CT Score and severity associated with positive RT-PCR testResult whereas Component3
High Age Value with less or no severity also showed strong data dominance associated to strong
positive RT-PCR testResult for COVID-19 pre-processed data records, so entire data with maximum
variation associated to positive and strongly associated to positive RT- PCR testResult value. These
results reflects that high Age value patient’s not having highCT Score also resulted in either death or
complications in treatment as compared to low Age value patients. That is patients with old age faced
major risks and complications of COVID-19 infection, once infected. And Age and Impact can be
analysed as proportional values. That is associated with each other. If Age increases, impact
increases and vice versa. O2level and Impact are inversely proportional. That is negatively associated
with each other. If O2level increases, impact decreases and vice versa.

In the research work, the investigator has investigated and formed strategy for COVID-19 Data
Normalization, fuzzy classification for pattern and certainty analysis used;graphical relative analysis,
Coefficient of relationship and Dominance analysis is used to recognize important input constraints
for different approaches to balance variation as well as dominance in data to improve real crux of
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data. Different grouping techniques are used to study grouping insight which are useful for
dominance detection; this application of machine learning approach work to COVID-19 data
specifically is analysis in form relevance analysis, classification, prediction and grouping to
support medical stakeholder’sdecision making in treatment and care for viral diseases.
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