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Abstract
Humanity today is suffering from one of the most dangerous pandemics in history, the
Coronavirus Disease of 2019 (COVID-19). Although today there is immense advance-
ment in the medical field with the latest technology, the COVID-19 pandemic has
affected us severely. The virus is spreading rapidly, resulting in an escalation in the
number of patients admitted. We propose a contextual patient classification system for
better analysis of the data from the discharge summary available from the research hos-
pital. The classification was done using the Knuth–Morris–Pratt algorithm. We have
also analyzed the data of COVID-19 and non-COVID-19 patients. During the analysis,
studies on the medicines, medical services and tests, pulse count, body temperature,
and the overall effect of age and gender was done. The death versus survival ratio for
the COVID-19 positive patients has also been studied. The classification accuracy of
the contextual patient classification system achieved was 97.4%. The combination of
data analysis and contextual patient classification will be helpful to all the sectors to
be better prepared for any future waves of the COVID-19 pandemic.

Keywords Data analysis · Patient classification system · Contextual search

1 Introduction

A catastrophic virus originated in early December 2019, in the Wuhan province of
China. Later on, it became a worldwide crisis termed Coronavirus Disease of 2019
(COVID-19) by the World Health Organization (WHO) which is still affecting the
world [1]. COVID-19 is still a serious challenge for doctors and hospitals. Even though
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hospitals are trying their best to overcome this difficult situation, this pandemic is
becoming more severe day by day as the number of variants is increasing.

The COVID-19 pandemic has resulted in uncontrollable havoc in India. Since this
was an unexpected circumstance, many local hospitals were not prepared to handle
this crisis. The number of patients getting admitted because of COVID-19 is still
increasing rapidly and this has caused a strain on hospital resources like ventilators,
beds,medication (drugs), ICUbeds, oxygen supply, etc. [2]. Itmakes the situation even
more difficult for doctors and related staff such as nurses, ward boys, etc. This chaotic
situation has majorly affected the patients as well. The proper allocation of resources
has become a tough challenge for hospitals. Because of this, there is a possibility
that many patients may not get proper treatment. If the trends in the current situation
of the COVID-19 pandemic in terms of patient condition and availability of hospital
resources are studied and analyzed correctly, it can help in the organized planning of
any future waves of the COVID-19 pandemic [3].

This will eventually help in quick decision-making and proper allocation of the
hospital resources.Data science is one of the tools to get the trends from a large dataset.
Data science uses scientific methods and algorithms on unstructured data to extract
useful insights, which help different businesses, health care, and other organization to
improve their goods and services [4].

In India, different hospitals have different ways and software for maintaining their
patient records [5]. A centralized system of maintaining the records is required. For
proper resourcemanagement, we need the history of a patient to be presented in awell-
organized manner. There are a good deal of software already available that can be used
for hospital resource management if organized data is present. The patient summary
written by doctors varies from doctor to doctor [6]. Hence, we need a context-based
patient classification system that can give segregated data which can be useful for
hospital resource allocation.

In our proposed method, data analysis is done on the anonymous data provided by
a local hospital. This data was present in an unorganized form. The received raw data
from the hospital contained eight different databases as excel sheets. Out of the eight
databases provided by the hospital, seven were used. They named the seven sheets
as patient list, registration list, ward list, medicine list, service list, test list, discharge
summary list. We then organized this data and passed it as an input to the contextual
patient classification system. The organized data was given to the contextual patient
classification system to classify COVID-19 and non-COVID-19 patients. The classifi-
cation was done using the KMP algorithm [7]. The classification that was done helped
us in performing a comparative analysis between the COVID-19 and non-COVID-19
patient characteristics.We could compare the COVID-19 and non-COVID-19 patients
based on the effect of gender, age, and services provided to them by the hospitals in
terms of treatment. The death versus survival ratio of COVID-19 patients was obtained
based on differences in gender and differences in age. This classification and compar-
ison will help in the early prediction for the resource allocation and treatment process
of COVID-19 patients using the data present in the discharge summary section of the
organized data.

Figure 1a shows the conceptual diagram of the process of data analysis and con-
textual patient classification system. The data is filtered and arranged in an organized
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Fig. 1 a Concept diagram of the proposed method for data analysis. The unorganized data obtained from
the hospital was filtered with the help of python programming. The filtration resulted in an organized
representation of the raw data given by the hospital. In the organized data, the data for attributes related
to hospital services, medicines, and discharge details were mapped against the unique MR numbers of
each patient. The organized dataset was given to a contextual patient classification system. The discharge
summary list from the organized dataset was then used to classify COVID-19 and non-COVID-19 patients.
This classification further helped in data analyses and visualizing the differences in various aspects between
COVID-19 and non-COVID-19 patients. b Based on the discharge summary of the patients obtained from
the records provided by the hospital, the patients were segregated into non-COVID-19 and COVID-19. This
was done using a contextual patient classification system that used the KMP algorithm for pattern mapping

manner using python programming. After that, the classification system is imple-
mented for the analysis of the organized data. Figure 1b shows a conceptual diagram
of a contextual classification system based on the discharge summary section present
in the organized data. Depending on the records, the patients were grouped into non-
COVID-19 and COVID-19.

2 Literature Review

A lot of studies have been reported in the literature for contextual classification systems
and the analysis of the trends for hospital data. An early study by Wharton et al.
[8] performed a contextual classification method for recognizing land-use patterns
in randomly generated synthetic data developed to simulate four mixture classes,
which differ only in terms of their frequency distribution of components. A subsequent
study was done by Jhung et al. [9] which used modified M-estimates and Markov
random fields on various classifiers and their individual and overall accuracy with
different tests were determined. The experimental results show that the suggested
scheme outperforms conventional non-contextual classifiers and contextual classifiers.
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Tian et al. [10] analyzed 262 patients and the cases were divided into severe, mild,
common cases, asymptomatic, etc. They identified the common symptoms along with
the age group to predict who was most likely to get infected with the coronavirus.
Hospitalized patients with COVID-19 were characterized by substantial in-hospital
mortality and a high rate of thromboembolic complications by Lodigiani et al. [11].
The high rate of positive Venous Thromboembolism (VTE) imaging tests among the
few COVID-19 patients suggested an urgent need to improve specific VTE diagnostic
strategies and investigate the efficacy and safety of thromboprophylaxis in ambulatory
COVID-19 patients. Interim measures were adopted by the hospitals that included
online consultation, region separation, epidemic priority, etc.

The hospital emergency management plan as designed by Cao et al. [12] could ease
the workload, protect health care personnel, and control the cross-infection during the
COVID-19 epidemic. Cai et al. [13] studied and analyzed all the confirmed COVID-19
cases treated in the Third People’s Hospital of Shenzhen, from January 11 to February
6, 2020. The epidemiological and clinical features were analyzed of these cases to
better inform patient management in normal hospital settings. COVID-19 patients
were mainly characterized by mild symptoms and could be effectively managed using
the existing hospital system.

A simple patient simulationmodel (called ICU-covid-sim)was developed byAlban
et al. [14]. The ICU-covid-sim tool uses queueing theory and patient flow simulations.
It describes the maximum rate of COVID-19 patients which can be handled for a given
number of ICU beds dedicated to COVID-19 patients.

Sun et al. [15] discussed the characteristics of COVID-19 for providing a reference
for future studies and help for the prevention and control of the COVID-19 epidemic.
It includes the epidemiological characteristics of COVID-19, mechanism, symptoms,
and diagnosis of COVID-19. Also, effective ways for the prevention and treatment of
COVID-19 were discussed.

Predictors [16] of a fatal outcome in COVID-19 cases included age, the presence of
underlying diseases, the presence of secondary infection, and elevated inflammatory
indicators in the blood. The results obtained from this study by Ruan et al. [16] also
suggest that COVID-19 mortality might be due to virus-activated “cytokine storm
syndrome”or fulminant myocarditis.

A study of 1438 patients hospitalized in metropolitan New York to determine the
association between the use of hydroxychloroquine, with or without azithromycin, and
clinical outcomes among hospitals in patients diagnosed with COVID-19 was done by
Rosenberg et al. [17]. Analysis of COVID-19 patient’s clinical data from December
2019 to February 2020 was done using a single-arm meta-analysis by Li et al. [18].
The results showed that the major symptoms experienced by the patients were fever
and that the males took a larger distribution in the gender distribution of COVID-19
patients along with other significant results.

Association of COVID-19 with obesity was analyzed by the data provided by the
Third People’s Hospital of Shenzhen by Cai et al. [19]. Obese people showed the
symptoms of fever and cough as compared to non-obese people. In their study, they
observed that obese patients had increased odds of progressing to severe COVID-19.
According to the analysis of Guan et al. [20], they claimed that patients with any
co-morbidity yielded poor clinical outcomes for COVID-19 as compared to those that
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did not. The data was obtained from 1590 laboratory-confirmed hospitalized patients
from 575 different hospitals. The mean age of patients was 48.9 years and 42.7% of
patients were female.

In the study by Han et al. [21], they detected and analyzed the main laboratory
indicators related to heart injury in 273 patients with COVID-19 and investigated
the correlation between heart injury and severity of the disease. 671 hospitals from
six continents took part in the research by Mehra et al. [22] on patients hospitalized
between Dec 20, 2019, and April 14, 2020, with a positive laboratory finding for
SARS-CoV-2. All, 96032 patients were divided into 5 groups depending on which
medicine is given to them. Each of these drug regimens was associated with decreased
in-hospital survival and an increased frequency of ventricular arrhythmias when used
for the treatment of COVID-19.

Balli [23] in his study used time series machine learning algorithms to analyze
COVID-19 data and performed short-term prediction of cases. His dataset consisted
of data collected over 35 weeks from World Health Organization (WHO). Machine
learning models such as linear regression, multi-layer perceptron, random forest, and
Support Vector Machines (SVM) were used to predict when the peak of the pandemic
will be reached. After comparing the models with different performance metrics, the
SVM classifier showed the best results.

Muhammad et al. [24] in their study proposed various machine learning models
to perform data analysis to be better prepared to deal with the COVID-19 pandemic.
They applied supervised learning methods such as logistic regression, decision tree,
support vector machine, naive Bayes, and artificial neural network on a dataset with
two labels namely, positive COVID-19 and negative COVID-19. Before training, the
correlation between different dependent and independent features of the two classes
was obtained. After training, the decision tree showed the highest accuracy of 94.99%
in predicting if a particular case was COVID positive or negative depending on the
data.

Chao et al. [25] used image and non-image data to predict the progression of
COVID-19 in patients with the aim to mitigate the adverse progression of the disease
in high-risk patients. The percentage of the lung abnormalities such as opacity, etc.,
and other key features using image segmentation based on deep learning and non-
image data such as vitals and other findings were used to predict whether a patient
would require ICU support or not. Their dataset included data from different countries
and upon training, they concluded that adding contextual data to a predictive algorithm
can significantly improve the performance.

Wang et al. [26] have proposed a method for automatically classifying clinical text
data using machine learning algorithms. Supervised learning models require labeled
data which requires human effort, hence they propose a method to automatically
generate labels in the dataset by using the Natural Language Processing (NLP) tech-
nology. The model is trained using a dataset with labels generated using NLP, this
is known as weak supervision. SVM, Random Forest (RF), Multilayer Perceptron
Neural Networks, and Convolutional Neural Networks (CNN) were used for training
three different text datasets. The CNN algorithm showed the highest accuracy but the
algorithm is seen to be susceptible to the size of the dataset and the authors conclude
that their proposed method may not be efficient on complex datasets.
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Hughes et al. [27] have proposed a system to automatically classify clinical text
using deep-CNN models. Their approach was able to outperform several other NLP
approaches by 15%. Their dataset contained a vast amount of health-related data. Their
method used CNN to perform text classification at a sentence level by facilitating
semantic classification. Nguyen et al. [28] developed a model that could classify
technical publications on the basis of the research topics. For the classification, the
text present in the title, abstract, introduction, and conclusion is mainly used. Title Bi-
Gram and Title SigNoun, which are new features, are also used. They also developed
a back-off model to classify the type of paper based on the text present in it. This
model was able to get an accuracy of 60.45%. Their model showed better results as
compared to a few other existing models.

In a study byKumar et al. [29], cluster analysis, one of the datamining techniques is
used to classify real groups of infectious disease “novel coronavirus disease (COVID-
19)” data set of different states and union territories (UTs) in India according to their
high similarity to each other. The results obtained displayed a sense of clusters of
affected Indian states and UTs. The main objective of clustering in this study is to
optimize monitoring techniques such as screening, closedown, curfews, lockdown,
evacuations, legal actions, etc. in affected states and UTs in India which will be very
valuable to the government, doctors, police, and others involved in understanding
seriousness of the spread of novel coronavirus (COVID-19) to improve government
policies, decisions, medical facilities, treatment, etc. to reduce the number of infected
and deceased persons. Hierarchical cluster analysis was performed to determine rela-
tionships depending upon the observations obtained from the three types of cases of
COVID-19 of Indian states and UTs. Here, cluster analysis grouped 27 states and
5 UTs into six clusters (I–VI), and further conclusions were drawn based on these
clusters.

In a research byLi et al. [30], several ways to effectively combat COVID-19 through
global collaboration have been discussed. The authors present suggestions for this
cross-culture collaboration, especially among scientific and technological commu-
nities. They believe sharing data and information about the pandemic could help
effectively track and trace the virus. Along with the data, every country should adopt
from the experiences learned in other countries. Based on this, the government can
evaluate its current public health systems and can improve wherever needed. Finally,
they suggest countries identify the systems that may destroy the environment and
work on them to keep the environment clean, which is essential to life on the planet as
coronavirus shutdowns have yielded unintentional climate and environmental benefits.

A studywas performed regarding interactions among people byLiu et al. [31]which
is an essential factor that characterizes the disease transmission patterns. A computa-
tional model was created to reveal the interactions between the population of different
age groups in terms of social contact patterns. The retrospective and prospective sit-
uations of the disease outbreak, including the past and future transmission risks, the
effectiveness of different interventions, and the disease transmission risks of restor-
ing normal social activities, are computationally analyzed and reasonably explained
with an in-depth characterization of age-specific social contact-based transmission.
The study’s findings not only provide a comprehensive explanation of the underlying
COVID-19 transmission patterns in China, but they also provide social contact-based
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risk analysis methods that can be easily applied to guide intervention planning and
operational responses in other countries, reducing the impact of the COVID-19 pan-
demic.

A study was performed involving Joint Modeling of Longitudinal CD4 Count and
Time-to-Death of HIV/TB Co-infected Patients by Temesgen et al. [32]. The study
followed 254 HIV/TB co-infected individuals who were 18 years old or older and
receiving antiretroviral treatment in Jimma University Specialized Hospital in West
Ethiopia from February 2009 to July 2014. Since the development of AIDS, tuber-
culosis (TB), and HIV have been tightly related; TB promotes HIV replication by
speeding up the natural evolution of HIV infection, which is the major cause of dis-
ease and death among HIV/AIDS patients. The study discovers factors that influence
the mean change in square root CD4 measurement over time as well as risk factors
for HIV/TB co-infected patients’ survival time.

Shi et al. [33] has presented the theory and the applications with up-to-date progress
in Multiple Criteria Programming and support vector machines from their research
and application activities. In the very first chapter, they have presented the C-SVM
for classification problems and extended it to problems and nominal attributes. The
next chapter introduces LOOBounds, which can speed up the process of searching for
appropriate parameters for Support Vector Machines’ several algorithms. SVMs for
multi-class, unsupervised, and semi-supervised problems are discussed in Chapters 3
and 4 using various mathematical programming models. The fifth chapter discusses
robust optimization models for a variety of uncertain problems. Chapter 6 employs
p-norm minimization to combine standard SVMs with feature selection strategies at
the same time. Part two focuses on MCP for data mining. Chapter 7 covers funda-
mental MCP ideas and models before constructing penalized Multiple Criteria Linear
Programming (MCLP) and regularized MCLP. Chapters 8, 9, and 11 present several
modifications of MCLP and Multiple Criteria Quadratic Programming (MCQP) to
create distinct models with varied aims and restrictions.

When interactions between characteristics are permitted for classification, Chapter
10 offers non-additive measured MCLP. Part three discusses several real-world appli-
cations of MCP and SVM models. Finance applications are covered in Chapters 12,
13, and 14, which include firm financial analysis, personal credit management, and
health insurance fraud detection. Web services are covered in Chapters 15 and 16,
which include network intrusion detection and a study of the pattern of deleted VIP
email client accounts. Chapter 17 is concerned with HIV-1 informatics for the devel-
opment of particular treatments, whereas Chapter 18 is concerned with antigen and
anti-body informatics. Geochemical analyses are covered in Chapter 19. Each chap-
ter of applications is self-contained and self-explained for the reader’s convenience.
Finally, Chap. 20 presents intelligent knowledge management for the first time and
discusses the theoretical foundation of intelligent knowledge in depth. This chapter’s
contents expand beyond the usual realm of data mining to investigate ways to pro-
vide knowledgeable assistance to end-users by combining hidden patterns from data
mining with human expertise.

A study involving the Internet of Things has been performed by Tien et al. [34],
Real-Time Decision Making, and Artificial Intelligence shows the way these three
technologies are interrelated, complementary, and very much mutually supportive.
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Servgoods are suitably defined as ‘things in the Internet of Things (IoT) in this study.
It is also described as a physical good or product that is encased in a services-oriented
layer that makes it smarter, more adaptable, and customizable for a specific function.
It considers the wireless infrastructure that underpins the Internet of Things, as well
as the IoT power infrastructure.

It also emphasizes the need for real-time decision making (RTDM), which is based
on decision informatics and encompasses enhanced sensing, processing, reacting, and
learning technologies. It also covers the growing importance and impact of artificial
intelligence (AI) on IoT and RTDM, as well as the underlying machine learning
technology, the expanding breadth of AI successes, and the unique possibility of
autonomous vehicles or servgoods. It finishes with various observations on how the
Internet of Things, Real-Time Data Management, and Artificial Intelligence have
impacted and will continue to impact the twenty-first century.

3 Methodology

3.1 Dataset

A database comprising different data of patients that have undergone treatment at a
local hospital of Mumbai, Maharashtra, India was obtained from the hospital authori-
ties. Data provided was from March 2020 to February 2021. The database comprised
seven different excel sheetswhichwere patient list, registration list, ward list, medicine
list, service list, test list, and discharge summary list. Registration and patient lists
comprised details of patients like visit date, admission date, gender, and other details.
Medicine list also showed the types and quantity of medicines provided to individual
patients. Service list depicted the types of services provided to the patients like the
ward, machines, and the date on which the service was provided. Test list comprised
different tests performed on patients with the associated dates. The sheet of bed details
comprised the data regarding types ofwards allotted to patients and admission date and
duration. The discharge summary comprised details such as time and date of discharge
with recovered patients and time and date of death with non-recovered patients. The
discharge summary also consisted data of what disease the patient had contracted.

The entire database with seven sheets was converted into one organized database.
Personal details of the patients like their names, contact details were pre-removed by
the hospital to maintain patients’ privacy (none of our studies needed any personal
information). Each patient was allotted a unique Medical Record (MR) number. The
total number of MR numbers was extracted using a python script. All the unorganized
hospital data was organized into one dataset using python.

The attributes which were included in the organized single sheet dataset were
MR number, gender, age, admission date, tests, test date, medicine, the quantity of
medicine, service, service date, service quantity, condition of the patient, ward details
with the duration of allotment, field name, discharge summary, and specialist doctors.

Using python, the data from each excel sheet was first imported into the python
list of dictionaries. An empty dictionary was created which contained empty columns
named after each of the attributes. Firstly, all the MR numbers were inserted into the
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dataset and their index was stored in a list. A dictionary was created for every unique
MR number. Then, from the first excel sheet, the attribute data was inserted for the
respective MR numbers. If the attribute had multiple values for the same MR number,
it created an empty dictionary into the dataset for the MR number and incremented
the index, and inserted the attribute. If a new MR number is encountered, the system
creates a new dictionary for the newMR number. The whole process was repeated for
every MR number in the excel sheet.

The dataset contains the data fromMarch 2020 to February 2021. In June 2020, the
hospital was converted into a COVID-19 hospital, so all non-COVID-19 patients were
transferred to another hospital. Hence, the non-COVID-19 patient data is fromMarch
2020 to June 2020. Thus the classification model is used on the data fromMarch 2020
to June 2020, as the data after this day contains information of onlyCOVID-19patients.
The data storing format of the hospital was updated once they converted the hospital to
a COVID-19 hospital i.e. after June 2020. Because of this, the data acquired after June
2020 consisted on only the discharge summary list, medicine list which contained the
amount of times the medicine was consumed, registration list with initial patient body
temperature and pulse count and the patient list. The test details, service details and
ward details were not provided after June 2020. The dataset consisted of details of
3409 COVID-19 positive patients and 1850 non-COVID-19 patients.

Figure 2 shows that the unorganized raw data received from the hospital was orga-
nized into individual databases namely, patient list, registration list, ward list, medicine
list, service list, test list, and discharge summary list. Using filtration and contextual
patient classification system the databases are classified into two parts- COVID-19
patients and non-COVID-19 patients. Further analysis on the data of COVID-19
patients was done to find out the effect of COVID-19 based on patient age and gender.
The death to discharge ratio based on the age and gender of COVID-19 patients was
also studied using the available data. The time required for the treatment of COVID-19
based on age was also analyzed. Further analyses were done to find out the top ten
services and medicines used by COVID-19 patients as compared to non-COVID-19
patients. Plots were obtained for each of the analyses.

3.2 Data Filteration and Rearrangement

We defined four functions for inserting all the attributes. First function ‘singleN’
for those attributes which were to be added one at a time. These included gender,
age, admission date, discharge summary from a doctor, and hospital Ward. Then a
function ‘doubleN’ inserted two attributes simultaneously. These included medicine
and medicine quantity, test and test date, etc. These attributes were treated as a group
and inserted one at a time for eachMRnumber. Then a function ‘tripleN’ inserted three
attributes simultaneously. These included service, service quantity, and service date,
and ward, from the admission date and to the discharge/death date. These attributes
were treated as a group and inserted one at a time for each MR number. Then the last
function ‘condition’ was to insert the condition of the patient. If the patient had a death
date then we set the condition as ‘Death’ or if the patient data only included discharge
date, we set the condition as ‘Discharge’. We set the date of discharge as the date of
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Fig. 2 Flow diagram of the proposed method. The raw data acquired from the local hospital was in an
unorganized form. This data contained lists which were named as patient list, registration list, ward list,
medicine list, service list, test list, and discharge summary list. This datawas given to the proposed contextual
patient classification system which classified COVID-19 and non-COVID-19 patients. This classification
was used to further analyze data and find out the differences in various aspects of the COVID-19 and
non-COVID-19 patients

condition. After the insertion of every attribute, the dataset was exported as an excel
sheet using the Pandas library. The dataset included data of non-COVID-19 patients
too.

3.3 Contextual Patient Classification

After organizing the raw dataset received from the hospital, we used a contex-
tual patient classification system to classify COVID-19 patients and non-COVID-19
patients. The classification was done based on the data present in the discharge sum-
mary of the patient. We designed the patient classification system using the contextual
search method. We performed data filtering on the discharge summary to extract the
required features for classification. The contextual classification system made use of
the Knuth–Morris–Pratt (KMP) algorithm [7] for pattern matching. The KMP algo-
rithm is a linear time algorithm and hence, backtracking of the string is avoided. Then
the keywords were figured out by inspecting the discharge summary dataset manually,
for example, ‘COVID’, ‘COVID-19’, and ‘CORONA’. After determining the list of
keywords, the string search operation was done on the dataset for the keywords using
python, and results were re-verified using the in-built ‘find’ function. The MR num-
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Table 1 The top 10 medicines used for the treatment of COVID-19 patients

10 most used medicines for the treatment of
COVID-19 patients

Frequency of use (%)

Vitamins 100

Paracetamol 98.56039326

Antibiotic 88.86938202

Ivermectin 80.33707865

LMWH 70.92696629

Mehtylprednisolone 63.83426966

Remdesivir 55.75842697

O2 therapy o/a 22.0505618

HCQS 13.02668539

IV-fluids 11.16573034

It shows that vitamins and paracetamols are used in the treatment of almost all the patients while IV fluids
are the least used for the treatment

bers of COVID-19 patients and non-COVID-19 patients were separated. For the MR
numbers of COVID-19 patients, we imported the data from the discharge summary
sheet from the organized dataset to a new sheet. Then, amanual searchwas done on the
imported data to re-verify the results of the classification system to obtain accuracy.

3.4 Data Visualization

Using all the data available, various graphswere plotted onOrigin 2020 (demo license)
for pictorial representation, comparison, and understanding. The individual data for
each plot was segregated by python code (Supplementary material). The dataset was
imported into a python dictionary, then those columns were extracted for which the
analysis was to be done.

For Fig. 3a, b , the data was made by extracting the service name and its quantity
for every patient. Then the total count of each service was calculated using the ‘count’
function. The serviceswere further divided into hospital services andmedical services.
And the graph of the top 5most used hospital services andmedical services byCOVID-
19 and non-COVID-19 patients were plotted. The same procedure was repeated for
Tables 1, 2, and Fig. 3c where medicines and tests were extracted respectively.

For Fig. 4a, the data was extracted using the ‘count’ function of the list, the number
of patients aged between 0 to 100 years was calculated (As we knew no patient aged
more than 100 has arrived at the hospital). Using the count, the data were extracted
for both COVID-19 and non-COVID-19 patients. For Fig. 4b, patients were classified
based on age and the number of days patients were admitted to the hospital was
calculated.

Figure 4c the patient’s death and discharged count was extracted from the data set
and later on it was classified along with the gender also. For Fig. 4d, the count of
COVID-19 patients who got discharged or died was calculated and later categorized
by their age. Using the count of each age year the graph was plotted. For Fig. 5a, in
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Fig. 3 aHistogram of the number of patients serviced versus the top five used hospital services for COVID-
19 and non-COVID-19 patients. Ward medicine is the most used hospital service for both types of patients.
The demand for PPE kits and doctor consultancy is much higher for COVID-19 patients than for non-
COVID-19 patients. The demand for hospital beds also increased during COVID-19. b Histogram of the
frequency of usage versus medical service used by COVID-19 and non-COVID-19 patients. During the
early months of COVID-19, the need for ventilators, medical oxygen, and Bipap had increased. cHistogram
of the number of patients tested versus the top five most used tests. The demand for all tests has increased
for COVID-19 patients. CBC tests were required by a larger number of COVID-19 patients as compared
to non-COVID-19 patients

Table 2 The top 10 medicines used for the treatment of non-COVID-19 patients

10 most used medicines for the treatment of non-COVID-19 patients Frequency of use (%)

Pentovar-40 injection 28.16216

Frusemide 20 mg injection 2 ml 7.675676

Hydroxychloroquine 200 mg tab 10.75676

Duolin respules 2.5 ml 10.81081

Varxon 1 g injection 20.75676

RL 500 ml 26.59459

Frusemide (Rasix) 2 ml injection 3.243243

Panam-40 injection 15.67568

Budecort 0.5 mg respules 8.486486

Metronidazole IV (nirmet) 11.08108

Pentovar-40 injection and RL 500 ml were used in the highest proportion while Frusemide was used in the
least proportion
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Fig. 4 a The plot shows the number of COVID-19 and non-COVID-19 patients per 100 patients versus age
(in years). The curve is bell-shaped. The highest number of patients suffering from COVID-19 belong to
the age group of 55-60 years. Most non-COVID-19 patients were aged around either 25 years or 60 years.
In non-COVID-19 patients, there was a peak of 3.6% at 0 due to newborn babies. b The plot shows the
average number of days spent in the hospital versus the age of patients in years. The average time spent in
the hospital is 7 days. c Pie chart of overall study regarding the percentage of patients who passed away and
who were discharged. Further gender-based analysis of the two types of patients is carried out. The male
population is more likely to get affected as compared to the female population. The overall discharge rate
is greater than the death rate. d The plot of the discharge versus death is based on the age of COVID-19
patients. The death percentage is around 3.9%

the data, the pulse value of the patients at the time of admission was also available.
For Fig. 5b, in the data on which day which medicine was given to patients was also
available, so we calculated the average number of days the medicine was given to
patients, and out of all the medicine 10 medicine which were most used the data is
plotted.

The following things were analyzed

– The effect of COVID-19 on the age distribution of patients
– Death vs survival rate of COVID-19 patients based on gender
– Death vs survival rate of COVID-19 patients based on age
– Duration of treatment in the hospital of COVID-19 patients based on age
– A difference of services used by COVID-19 and non-COVID-19 patients.
– The difference between tests used by COVID-19 and non-COVID-19 patients.
– The difference between medicines used by COVID-19 and non-COVID-19
patients.
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Fig. 5 a Plot of pulse count versus the number of COVID-19 positive patients. From our analyses, it was
evident that the maximum number of patients showed a pulse count in the range of 80–110 Beats PerMinute
(BPM). This indicates that most patients infected with COVID-19 show a high resting heart rate. b A plot
of the top 10 most used medicines for the treatment of COVID-19 patients and the number of days they
are consumed by the patients. It was seen that patients receiving Oxygen (O2) were required to take it for
a longer number of days. Whereas Ivermectin was given for the least number of days

– Gender biasing of COVID-19 patients
– Pulse count at the time of admission of patients
– Body temperature of the patients at the time of admission

4 Results and Discussions

The Patient classification system was able to identify 576 COVID-19 patients. After
verifying the list manually, we counted 561 COVID-19 patients. This shows that our
patient classification system worked with an accuracy of 97.4%. The number of non-
COVID-19 was 1850 patients (130 of them were tested as negative for COVID-19).

Figure 3 was plotted based on the patient dataset, which was last updated on 12th
June 2020. Hence, the figures and the analysis are not based on the most recent data.
Figure 3a shows a plot of different hospital services. Ward medicine was the most
used hospital service. Use of dietary service was roughly same as of ward medicine
and its demand had also increased a lot during COVID-19. The use of PPE kits had
increased almost 8 times in post COVID era. As the era of COVID-19 begins, the
requirement of patients observation increased to result in an increase in requirement
for doctor consultancy. Figure 3b shows the medical services most used by COVID-
19 and non COVID-19 patients. The most used service by COVID-19 patients was
medical oxygen, which was divided based on the time it was used by the patient,
i.e., full-day or half a day. The ventilator was the second most used service and the
use of the infusion pump had reduced. Also, the use of nebulization had decreased
from 36 to 1 per 100 patients post COVID-19 outbreak. Figure 3c shows the most
common tests done for COVID-19 and non COVID-19 patients. It can be seen that in
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the era of COVID-19, the number of tests performed on patients has increased. CBC
test was performed on roughly 90% of the COVID-19 patients and roughly 46% of
non COVID-19 patients. Figure 4a shows the plot of the number of COVID-19 and
non-COVID-19 patients versus age of the patients in years. It can be observed that for
COVID-19 patients, the curve appears to be of bell-shaped nature, from which we can
observe that the age distribution has a peak at around 57 years. For non-COVID-19
patients, the peaks were around the age of 25 years and 60 years with a very large
peak at the age 0 because the age of new born babies was considered as 0.

Figure 4b shows a plot of average number of days spent in the hospital versus age
of patients in years. It can be inferred from the plot that the average time taken by
patients for treatment was around 7 days. It should be also noted that maximum time
spent in the hospital was of 66 days, and minimum time spent was 3 days. For the age
group of 35, there were 176 patients. Out of which 6 patients had a treatment duration
of 66 days. The rest of the patients had a treatment duration of fewer than 13 days. Due
to which the average days of treatment for the age group of 35 came to be 7.412429
and the error came to be 11.36127. Since the error is greater than the average the error
bar goes below zero.

Figure 4c shows that males were more affected than females and because of this,
the number of patients discharged and number of deaths in the male population is also
more than that of the female population. Figure 4d shows a graph of the number of
patients discharged versus the number of patients who died based on their ages. From
the total number of admitted patients, 96.1% of patients were eventually discharged
and the discharge curve had the highest peak at the age of 45. While 3.9% of people
died, the graph of dead patients peaks between the age of 50 to 80 years and the highest
peak around the age of 50 years.

Figure 5a shows the distribution of pulse count of patients at the time of admission.
Maximum number of patients had a pulse count in range of 80 to 110 beats per minute.
The normal pulse for healthy adults ranges from 60 to 100 beats per minute. The
increased pulse rate in infected patients can be seen as a sign of increasing infection.
Thus, increased pulse rate in a person can be used as an early sign of COVID-19
infection. Figure 5b shows the average number of days for which top 10 medicines
were given to the patients. O2 therapy is clearly given to the patients for most number
of days which signifies the need of oxygen for COVID-19 infected patients. Vitamins
and paracetamols were also given for a long duration which shows the deficiency that
the virus creates in the patients.

Table 1 shows the 10most usedmedicines for treatment of COVID-19 patients with
the number or patients given that medicines in percentage. Vitamins and paracetamols
being used by maximum patients whereas HCQs and IV fluids by very few patients.
O2 therapy is used by 22% of COVID-19 patients. This percentage can be brought
down further by proper management and picking up early signs of COVID-19 so that
the severity of the disease does not increase. As vitamins and paracetamol are given to
almost all patients, in the future it may happen that the demand for the vitamins may
increase drastically.

Table 2 shows the 10most usedmedicines for treatment of non-COVID-19 patients.
Table 2 also includes how frequently the said medicines were given to the patients.
Around 28% and 26 % of patients were provided Pentovar and RL 500ML and these
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Table 3 Comparison with the reported literature states that theminimum andmaximum number of COVID-
19 patients used for analysis were 150 and 96032 patients respectively

Method Number of
COVID-19
patients analysed

Mortality rate
(%)

Age (in years) Gender (male)
(%)

Tian et al. [10] 262 0.90 47.5(median) 48.50

Ruan et al. [16] 150 45 51 (mean) –

Guan et al. [20] 1590 – 48.9 (mean) 57.30

Han et al. [21] 273 8.79 58.39 35.53

Lodigiani et al. [11] 388 – 66 (median) 68

Cai et al. [13] 298 1.00 47.5 (median) 48.66

Rosenburg et al. [17] 1438 20.30 63 (median) 59.70

Cai et al. [19] 383 2.40 48 (median) 17.50

Mehra [22] 96,032 11.10 53.8 (mean) 53.70

CPCS (proposed system) 3409 3.9 48 (median) 63.90

Rosenburg et al. recorded the highest mortality rate of 20.30% the least mortality rate noted was 0.90% by
Tian et al. The mean and median values of age of patients (in years) ranged from 47.5 to 63. It was observed
that a maximum of 63.90% of male patients and a minimum of 17.50% were diagnosed with COVID-19

constitute the top two medicines used. On the other hand, Frusemide was delivered to
only 3 percent of patients.

From the analysis, we also found that 78.16% of the patients at the time of admis-
sion had a body temperature of 98 degrees Fahrenheit, 13.6% of patients had body
temperature of less than 98 degrees Fahrenheit and 8.24% of patients had more than
98 degrees. As the majority of patients have body temperature in the normal range,
the temperature cannot alone determine whether the person have COVID-19 or not.

As shown in Table 3, we have analyzed data of 3409 patients which is higher than
most of the reported literature with the exception of Mehra et al. [22]. The average
mortality rate of the reported literature was 12% and our value was 3.9%. The average
age of patients affected by COVID-19 is 58 years for rest of the world, but for India,
it is 48 years.

In Table 4 the proposed system is compared to similar system reported in the
literature. Convolutional Neural Networks (CNN) are a common choice for contextual
patient classification.Rule-basedNatural LanguageProcessing (NLP) andCNN, along
with Word2vec, are the other choices used in making such a system. The proposed
system uses KMP for contextual patient classification. The proposed system has the
highest accuracy of 97.4% from among the reported literature. Among the reported
literature the highest accuracy values were of 97% and 92%. Various types of datasets
have been used by the reported literature like data on smokers from the Mayo Clinic,
proximal femur fracture patient data, etc.We found a strong gender bias on COVID-19
patients. We averaged the values in the reported literature along with our value, the
average male percentage affected is 50.91%. In India, the number of men traveling to
and from their workplaces was more than the number of women traveling to and from
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their workplaces. Hence higher number of men contracted the virus than the number
of women.

A contextual patient classification system on the discharge summary is helpful in
effective data filtration and hence, a better data analysis system becomes available.
With the assistance of the type of analysis of data and the study done in this paper,
hospitals would be able to generate their own structure and plans for effective handling
of the ongoing situation. We analyzed data obtained from only one hospital. If data
frommore hospitals is studied simultaneously then it will be strongly supportive for the
final conclusions made in this paper. Making predictions using the trends in patient
data is a comparatively simple thing compared to actual practical implementation.
There can be some cases where the resources available are inadequate. So even if the
analysis of data is done and the allocation plan is generated, it becomes difficult to deal
with limited number of resources available at that time. Therefore, this study can be
somewhat restricted to the condition of the availability of adequate resources, services,
and doctors in the hospital. As we have used this data for the patient’s classification,
similarly any type of user data can be analyzed to achieve business goals for companies.
Pharmaceutical companies can analyze customer feedback and sales data to improve
their products. On similar lines, Olson et al. [35] suggests various ways of analyzing
and using customer data to increase revenue for companies. It is also proposed that
methods like machine learning and deep learning can help in efficiently understanding
sales data to conduct deeper market research.

5 Future Prospects

In our proposed system we have analyzed the data available from one local hospital to
map out the different requirements of COVID-19 and non-COVID-19 patients. This
mapping of data will prove to be extremely useful when planning and preparing for
any possible future waves of the pandemic. By doing analyses on the current require-
ment and current availability of resources the country can get an estimation of future
requirements and stock up on resources. This will avoid the risk of incomplete treat-
ment due to a lack of resources. Our proposed method can be used to classify several
other diseases based on the available data at hospitals. By acquiring the diagnostic
data we can build a classification model that will help doctors in faster diagnosis in
the future. Therefore, acquiring more robust data from various parts of the country
will also help us increase the geographical area of prediction of the effects of the
COVID-19 pandemic.

6 Conclusions

Any conclusive result is not easily extractable from the raw data. The raw data anal-
ysis was simplified with the help of a contextual patient classification system. The
proposed method demonstrates contextual patient data classification on the raw data
obtained from the hospital. Around 5200 patients’ data was studied, manual reading
of these would have been time-consuming. An automated system helped in achieving
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this difficult task easily. With a contextual patient data classification system, medi-
cal healthcare workers can arrange data in an easily readable manner. The accuracy
achievedwas 97.4%. The algorithm designedwill help society in general for analyzing
raw data and can be applied to all fields. Data analysis done on the patients can be
used for large-scale implementation of resource allocation systems in hospitals.
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