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Abstract: The COVID‐19 epidemic has caused an outsized number of human losses and havoc the economic, societal, social, and health s ystems 

around the world. Controlling such epidemic requires understanding its behavior and characteristics, which may be identified by collecting and 

analyzing the related big data. However, because of the vast amount of data available on COVID ‐19 from various sources, there is a requirement 

to review the roles of massive data analysis in controlling the spread of COVID ‐19, presenting the most challenges and directions of COVID‐19 

data analysis. Therefore, during this paper, we conduct a literature review to highlight the contributions of several studies within the domain of 

COVID‐19‐based big data analysis. 

The study presents as taxonomy of several applications accustomed manage and control the pandemic.  

Moreover, this study discusses several challenges encountered during analyzing COVID‐19 data. 

The findings of this paper suggest valuable future directions to be considered for further research and applications.  

 

Index Terms - big data; big data analytics; AI (AI); 2019 novel corona virus disease  

(COVID‐19); healthcare 

I. INTRODUCTION 

 
The novel corona virus Covid-19 was originated in China in early December 2019 and has rapidly spread too many countries round the globe, with the amount 

of confirmed cases increasing on a daily basis. Covid-19 is officially an endemic. It’s a unique infection with serious clinical manifestations, including death, and 

it's reached a minimum of 124 countries and territories. On 30 January 2020, the globe Health Organization (WHO) declared the spread of the COVID‐19 
pandemic as a reason for concern and required raising the amount of health emergencies. the primary case of COVID-19 in India, which originated from China, 

was reported on 30 January 2020.[1] India currently has the most important number of confirmed cases in Asia.[2] May 2021, India has reported the second-
highest number of confirmed cases in the world (after the US) with 25.4 million COVID-19 infection reported cases  and 283,248 deaths on 19 May 2021.[3][4] 

Lockdowns were announced first in Kerala on 23 March 2021, and rest of the country on 25 March 2021. By mid-May 2020, 5 cities got half of the reported cases 

in the country: Mumbai, Delhi, Ahmedabad, Chennai and Thane.[5] On 10 June, India's Covid-19 patients recoveries exceeded active cases for the primary 
time.[6] Infection rates began to call September, together with the amount of recent and active cases.[7] Daily cases peaked mid-September with over 90,000 cases 

reported per-day, dropping to below 15,000 in January 2021.[8]. 
A second wave beginning in March 2021 was much larger than the primary, with shortages of vaccines, hospital beds, oxygen cylinders and other medicines in 

parts of the country.[9] By late April, India led the globe in new and active cases. On 30 April 2021, it became the primary country to report over 400,000 new 

cases during a 24-hour period.[10][11] Health experts believe that India's figures are underreported because of several factors. 

A regular monitoring and remote detection system for people will assist within the fast ‐tracking of suspected COVID‐19 cases. Moreover, using such 

systems will generate a huge amount of knowledge, which can provide many opportunities for applying big data analytics tools [12] that are likely to 

enhance the extent of healthcare services. There is an outsized number of open ‐source software like the large data components for the Apache project [13], 

which are designed to work during a cloud computing and distributed environment to assist within the development of massive data‐based solutions. 

Furthermore, there are several key 
characteristics of massive data called the Six V’s [14], namely, Value, Volume, Velocity, Variety, Veracity, and Variability.  However, the first definition 

of the large data key characteristics considers only three Vs, namely Volume, Velocity, and Variety [15].  

All big data characteristics apply to the data acquired from the healthcare sector, which increases the tendency to use big d ata analysis tools to enhance 
sector services and performance. 

There are wide applications of massive data analytics within the healthcare sector, including genomics [16], drug discovery a nd clinical research [17], 

personalized healthcare [18], gynecology [19], nephrology [20] and a number of other applications 
found within the literature. However, during this paper, we present the contributions of the foremost important review papers  found within the literature 

that cover the sector of massive data in healthcare. 

Promising wearable technology is predicted to be one among the first sources of health information, given its large widesprea d availability to people and 
acceptance by people. Supported a survey conducted in January 2020, 88% of 4600 subjects included within the study indicated a willingness to use 

wearable technology to live and track their vital signs. While 47% of chronically ill patients and 37% of non ‐chronically ill patients reported willingness to 
frantically distributed patient’s health information with healthcare research organizations. Of an equivalent group, 59% said they might likely use AI (AI)  
‐based services to diagnose their health symptoms [21]. People sharing such data routinely will greatly increase the volume of  knowledge, which involves 

getting to design and implement data analysis tools and models during this sector.  

Several studies used big data for sentiment analysis, like Reference [22], which linked between social media behavior and pol itics, opinions, and 
expressions. The study consisted of a large representative survey conducted on 62.5% of adults from Chile and it showed the large effect of social me dia 

on changing people’s opinions regarding political views and elections.  Similarly, the authors of Reference [23] had studied how the management 
responding to customer satisfaction online review affects the selection of the purchasers for some facilities or hotels. It s howed a direct correlation between 

the response and customer satisfaction. The authors of Reference [24] had analyzed the classification techniques, including deep and convolution 

techniques. 
They discussed several challenges in identification associated with language characteristics, scripts, and therefore the lack  of datasets. Also, the authors of 

Reference [25] had reviewed and analyzed the latest developments, capabilities, and profits papers about big data analytics. Their survey showed  that big 

data can aid business oriented industries in many areas including prediction, planning, managing, decision ‐making, and traceability. 
The limitation of their study is that the data sources, which were hard to seek out thanks to privacy and conservation of the  knowledge .The authors of 

Reference [26] had analyzed various papers about mathematical models to extend the efficienc y in detecting and predicting COVID‐19. Their survey 
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suggested using AI to detect COVID‐19 cases, big data to trace cases, and nature‐inspired computing (NIC) to pick suitable features to extend the accuracy 

of detection. Some surveys studied heart‐related diseases and d some recommendations and guidelines, like Reference [27], help people in understanding 

coronary failure causes, symptoms, and therefore the most affected group. They declared that coronary failure can escalate th e patient’s injuries, especially 
the ones with serious illnesses. 

Examining health data in real‐time with the work of AI techniques will have a important role in predictive and preventive healthcare system. For example, 
it'll help to predict the sites of infection and therefore the flow of the virus. it'll also help in estimating the requirements of beds, healthcare specialists, and 

medical resources during Covid pandemic also as well in the diagnosis and characterization of the corona virus [28].Many  rev iews within the literature 
have analyzed big data analytics in healthcare system from various aspects. During this paper, we specialize in identifying the  applications of massive data 

analytics for COVID‐19. 

2. APPLICATIONS OF BIG DATA ANALYTICS IN COVID-19 

The spread of the COVID-19 global pandemic has generated a large and different amount of data, which is increasing rapidly day to day. The rapid spread of 

COVID-19 meant that hospitals had to organize for the worst. During a system that's already strained, the potential for waves of  highly contagious patients 

can only translate to disaster. 

With big data analytics tools, organizations were ready to track and monitor the utilization of critical resources. Definitiv e Healthcare, in partnership with 

Esri, launched an interactive data platform allowing people to research US single bed capacity, also as potential geographic areas of risk, during the 

COVID-19 outbreak. 

The platform shows the situation and number of licensed beds, staffed beds, ICU beds, and total bed utilization within the US. The rapid spread of 

COVID-19 has brought together doctors, researchers and data scientists to seek out an answer. Scientists are using sophisticated te chnologies like big 

data analytics, machine learning, and tongue processing for tracking the virus and learning more about it. 

As many patient data is being stored now, it's difficult to research each record and determine an answer to curb the virus. T his is where big data comes 

in. Big data is becoming a robust tool in analyzing these datasets and identi fying patterns which can help in COVID-19 detection and recovery. Do we 

know how Big Data is helping in the fight against COVID-19? 

The big data plays important role in COVID-19 starts from the initial step i.e. detection. BluDot Toronto-based big data start-up detected some unusual 

pneumonia cases in Wuhan, China in December 2019. They did it by using their big data algorithm that pulled data from a spread of sources. The 

algorithm analyzed data from health records, airline ticketing data, government notices, news reports and disease networks to predict the increase of an 

illness. 

Analyzing the spread of COVID-19 using airline ticketing data, BluDot was ready to predict the spread of COVID-19 from Wuhan to other Asian cities. 

Apart from this, mobile data is additionally used for tracking where the virus might spread. Location statistics are also useful. For example, big data 

tools can analyze disease data and knowledge about senior citizens, who are in danger of contracting corona virus. The algori thms and tools can track 

these people right down to the postcode level, keeping in mind factors like obesity or diabetes. These analysis reports will suggest healthcare centres and 

hospitals where additional medical facilities like beds are going to be required.  

Data scientists are performing on mobile applications which will be used for contact tracing. By utilizing the situation data on  their smart phones, people 

are often alerted if they need been exposed to the virus. A team at Southern Illinois University (SIU) has developed a knowledge visualization tool that 

uses GPS data to alert users about locations of COVID-19 cases. 

This data can be used and explore it by applying big data analytics techniques in different areas like diagnosis, estimate or predict risk score, healthcare 

decision-making, and pharmaceutical industry. [29]. Figure1shows examples of Major application areas of Big Data Analytics for Covid-19. 
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Figure 1. Major application areas of big data analytics for COVID-19. 

 

 

 

 

 

 

 

  

  

 

 

 

 

   

  

 

  

 

 

In the following subsections, we present several samples of COVID-19 data utilization from the literature with a primary specialise in reviewing studies 

that have provided solutions to regulate the COVID-19 pandemic and fall within one among the three areas, namely (1) diagnosis (Section2.1), (2) estimate 

or predict risk score (Section2.2), and (3) healthcare decision-making (Section 2.3).  

2.1 DIAGNOSIS 

Big data part in COVID-19 helped is becoming more noticeable as organizations like WHO, CDC and Microsoft are creating dashboards supported 

it. These virus tracking dashboards pull data from various countries and show number of confirmed cases, deaths and locations whe re it occurred. The 

dashboards are often wont to prepare datasets for giant data models.  These giant data models can predict possible hotspots and warn the healthcare system 

beforehand only. 

Another important big data process used against COVID-19 is outbreak analytics. This deals with the gathering and analysis of outbreak response data. 

Data including deaths, confirmed cases, tracing people contacted by infected patients, population densities, and far more are wont  to develop data models 

for the disease. These data models can predict peak infection rates and their impact on patients.  

Suspected cases of COVID-19 are diagnosed using the Reverse Transcription-Polymerase Chain Reaction (RT-PCR) test. This test takes around 24 hrs to 

many days, counting on the multiple conditions. Many countries experienced increased demand for diagnosing suspected cases of COVID-19, which 

exceeded the available local testing capability. There-fore, several researchers have proposed alternative solutions for the COVID-19 RT-PCR diagnosis 

test, including the subsequent. 

The authors in Reference [30] have proposed a model to differentiate between COVID- 19 and 4 other viral chest diseases. The model utilizes several body 

sensors to gather information and monitor the patient’s health condition, including temperature, vital sign, pulse, respirato ry monitoring, glucose detection, 

et al. The gathered data is stored on a cloud database containing data related to AI-enabled expert systems that aid diagnosis. 

Nose symptoms of patients suspected or infected of having COVID-19 to determine the correct procedure to deal with them. However, it's not clear how 

the patient’s health information is going to be submitted to the hospital staff. Moreover, the authors in Reference [26] had presented various papers about 

mathematical models to extend the efficiency in detecting and predicting COVID-19. Their survey suggested using AI to detect COVID-19 cases, big data 

to trace cases, and nature-inspired computing (NIC) to pick suitable features to extend the accuracy of detection.  

In Reference [31], the authors provided a versatile and low-cost design of a medical device which will be wont to detect and track symptoms of COVID-

19. It utilizes headphones and a mobile to detect breathing problems. The signals are collected and saved in an audio file fo rmat through the mobile app, 

after which the signals are analyzed using the MATLAB program to spot the respiratory symptoms associated with COVID -19. 

Researchers [32] also given a program to remotely observe discharged COVID-19 patients. For all Covid-19 patients registered to the app is issued a 

thermometer and pulse oximeter to self-examination daily symptoms, temperature and O2 saturation. The abnormal 

vital signs and symptoms are flagged to be assessed by a gaggle of nurses. Depending on the evaluation outcome, the patient c ould be readmitted to the 
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Emergency Department (ED). The program helps to reduce utilization of Emergency Department and provides scalable remote monitoring capabilities 

when a patient gets discharged from the hospital. 

The authors in Reference [33] found that smart watches might be utilized in COVID-19 pre-symptomatic detection. They examined the physiological and 

activity data collected from smart watches of the infected patients of COVID-19. They Observed, sixty-three percent of COVID-19 patient’s cases could be 

found before symptoms appear by using a two-level warning system for severe elevations in resting pulse relative to individual baseline.  Finally, they 

concluded that activity tracking and health monitoring using wearable devices can help in early detection of respirat ory infections. 

Since the COVID-19 symptoms haven't been fully identified and thanks to the changing nature of COVID-19, some studies have focused on identifying the 

medical characteristics and symptoms related to positive COVID-19 cases. The study in Reference [34] focused on identifying the symptoms related to the 

positive results of the COVID-19 examination, and it had been conducted on a gaggle of healthcare workers (HCWs). Initial screening was performed by 

phone, and a COVID-19 PCR test was also performed for every HCW to spot symptoms related to each case. The study found that the foremost common 

symptoms of positive COVID-19 cases were fever, myalgia, and anosmia/ageusia, while the negative cases mostly haven't any symptoms, or the symptoms 

are limited to nasal congestion and sore throat. 

The study in Reference [35] aimed to determine the clinical characteristics and out - comes of 5700 hospitalized patients with COVID-19 in the NY area. 

However, the study included non-critically ill patients and therefore the follow-up time was limited. 

Another study [36] proposed an internet site and Android app to separate a COVID-19 cough sound from other respiratory sounds with the help of crowd 

sourcing data from about 7000 unique users (more than 200 of whom reported a Covid-19 positive test). Their proposed method employed Logistic 

Regression (LR), Gradient Boosting Trees, and Support Vector Machines (SVMs) classifiers to differentiate the cough sound dat a supported gender, age, 

and symptoms. Also, their classifiers distinguish the user supported other features, like whether or not they are asthmatic patients, smokers, or healthy. 

Their app asks the user to cough from three to 5 times then repeat the method every two days to update the user’s health stat us. Their method proved that a 

COVID-19 cough are often distinguished from other lung diseases coughs from the sound of the cough combined with breathing sound to  screen the 

disorder. It attained 82% Area under the Curve (AUC) in identifying covid-19 cases that tested positive. They recommended more studies within the field 

to specify more characteristics of a COVID-19 cough sound to form it more distinguishable from other respiratory sounds. 

The authors in Reference [37] announced the significance of using complementary technologies such as, on-body sensors for diagnosing and monitoring 

COVID-19 disease infections. They proved that clinical devices are more reliable and provide more functions than smart watches sinc e these devices are 

kept in different areas of the physical body to find various body signals. A thin, soft sensor with precision temperature sensor and a high -bandwidth 

accelerometer placed on the neck is extremely crucial to record respiratory activities from cough frequency, intensity, and d uration to rate of respiration 

and energy, to high-frequency respiratory features related to wheezing and sneezing. Also, they re-suggested machine learning and predictive algorithms to 

help to diagnose and monitor COVID-19 disease. 

In Reference [38], researchers focused on the importance of detecting the characteristics of COVID-19 among patients of Saudi Arabia. The study involved 

1519 cases where data associated with their genders, ages, vital signs, public data, and clinical examinations were gathered.  Their test was conducted to 

supported the quantitative RT-PCR approach, which is the protocol established by the planet Health Organization.  After the information was gathered, it 

had entered into electronic sheets with different data collectors, and entered data was analyzed with Statistical Package for social science programs. 

The statistics manifested that the foremost common symptoms of COVID-19 are cough and fever, with 89.4% and 85% presence in reported positive cases, 

respectively. Also, it confirmed that the foremost infected patients’ demographics include elder males, severe cardiac condition patients, and diabetic 

patients. 

Thus, the authors in Reference [39] had proposed a computer virus method to assist the classification model to research the r etinal image of diabetic 

retinopathy to research its effect among adults in causing blindness. It proved that the focused connection among layers of the convolution network helps 

the correctness of the classification result. 

The retrospective, observational study in Reference [40] conducted a statistical analysis to point out the cardiovascular implications of COVID-19 on the 

patients. The study was done on 116 patients who tested positive for COVID-19. The info was clinically collected and tested to extract clinical symptoms 

and signs, chest computerized tomography, treatment measures, and medical records. The statistical analysis was done on the i nformation to give similar 

results as those reported by Reference [38], where the common symptoms were fever and dry cough, a nd therefore the elder or middle-aged males, heart 

injury patients, hypertension patients, and diabetics were the first, most infected populations.  

 

2.2 ESTIMATE OR PREDICT RISK SCORE 

Big data can play a crucial role in analyzing screening data of patients and connecting it with unnamed health problems with hospitalized patients.  The 

results of this analysis will definitely help in determining the key risk factors of covid-19. Hence, as more and more data is fed into big data programs and 

tools, the accuracy of risk predictions also increases. 

Google’s Deep Mind AI system takes support of big data to know the virus by examining its characteristics. This will help doc tors to develop new drugs 

and treatment plans. 

http://www.ijcrt.org/


www.ijcrt.org                                                             © 2021 IJCRT | Volume 9, Issue 5 May 2021 | ISSN: 2320-2882 

IJCRT2105970 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org j66 

 

Estimating the danger score helps in determining the care level and priority for every patient with an insight to the required proactive measures. Within the 

following section, we present the studies that cover this area.  

In Reference [41], the authors aimed to validate a hypothesis that COVID-19 infection could lead on to serious cardiovascular diseases or even worse. 

They used statistical analysis by involving a multi-factorial logistic regression model to perform research on COVID-19- related causes. The study was 

performed on 54 patients with different genders, ages, and vital signs, where 39 were diagnosed as severe cases of COVID-19 and 15 as critical cases of 

COVID-19.The information was collected clinically from the patients with attached sign measurement devices updated every four hours. Result s showed 

that elder males, diabetic patients, and hypotension patients are more likely to develop a significant heart - related condition and wish more care. Their 

proposed study is restricted thanks to the tiny sample size, and that they suggested a better  sample size to conduct a more appropriate study and verify the 

results. 

The authors in Reference [42] have an interest in developing and validating the danger score to predict adverse events among patients suspected of getting 

COVID-19. They performed a retrospective cohort study of adult visits to the emergency department.  The study concluded that the first outcome was death 

or no respiratory decomposition within 7 days. To derive the danger score, they used the smallest amount Absolute Shrinkage a nd Selection (LASSO) and 

Logistic Regression models. They concluded that the COVID-19 Acuity Score (COVAS) can help in decision-taking to discharge patients of COVID-

19.They also stated the derivation and validation measures of cohorts and subgroups with pneumonia or COVID-19 diagnosis. 

The authors in Reference [43] proposed an online of Things (IoT) based system to get unregistered COVID -19 patients, also as infectious places. This is 

able to help the responsible authorities to disinfect contaminated public places and quarantine the infected persons and their contacts albeit they didn't have 

any symptoms. The newly confirmed and recovered cases would be recorded within the system by the healthcare staff, while the geo-location data are 

going to be collected automatically by Global Positioning System (GPS) technology within the IoT devices. The authors discussed how their proposed 

system might be utilized to use three different prediction mathematical models, namely the  

Susceptible-Infected-Recovered (SIR) model, θ-SEIHRD model, and Susceptible-Exposed- Infectious-Removed (SEIR) model. 

Another study [44] demonstrated the likelihood of transmitting the COVID-19 virus through indirect contact, like touching surfaces contaminated with the 

droplets of an infected person. Therefore, it had been recommended that listening to non-public hygiene and disinfection of public places could possibly 

reduce the incidence. 

Furthermore, researchers also [45] conducted a cross-sectional study to point out the impact of the COVID-19 outbreak on the psychological side. They 

found that fear of a COVID-19 outbreak can have significant psychological repercussions on people, which needs more attention by the relevant authoritie s 

to deal with this impact. Also, the authors in Reference [46] had proposed a model that identified the danger of getting infected by tuberculosis supported 

several factors associated with tuberculin skin, age, and weak system. They stated that those factors can increase the infect ion from 10% to 20%. 

The authors in Reference [47] presented a model that finds the course of the outbreak to help in planning an efficient method of prevention. SIDARTHE 

(susceptible, infected, diagnosed, ailing, recognized, threatened, healed, and extinct) Model Stages.  It differentiates between infected people supported 

whether or not they are diagnosed and on the severity of their symptoms. The simulation results obtained by combining the mod el with the available data 

on the COVID-19 pandemic in Italy indicate that it's an urgent necessity. 

 

2.3 HEALTHCARE-DECISION MAKING 

 
During the COVID-19 pandemic, the demand for emergency departments and medical equipment like ventilators increased. Therefore, many studies h ave 

aimed to supply monitoring tools and models that help in making several medical decisions to mitigate potential risks, and these solutions include the 

subsequent. 
The authors in Reference [48] designed a prediction model called Conscious-based Susceptible-Exposed-Infective-Recovered (C-SEIR) model to make 

sure the usefulness of the lockdown and protective countermeasures in decreasing the influence of the pandemic in Wuhan city. The proposed model 

consisted of two classification groups, namely the quarantined suspected infection group (P), and therefore the quarantined d iagnosed infection group (Q), 
alongside a blue/green curve with a solid line used for daily patients and dashed line used for cumulative patients. It showed that the results of the 

prediction may be a double drop-down or increase supported the town lockdown precautions in Wuhan. The authors also gave guidance for cover against 

COVID-19, like being educated about the virus, social distancing, and lockdown. 
In Reference [49], the authors have developed a patient monitor program that permits daily electronic checking  of symptoms, providing advice and 

reminders via text messages, and providing care by phone. Patients registered within the system complete a daily questionnair e to gauge 10 symptoms 

employing a scale from 0 to 4. Additionally to determining what proportion they feel the infection affects them, the amount of analgesic/antipyretic tablets 
they take, and therefore the temperature measured, questionnaire responses are wont to classify patients and specify the care  needed. The study focused on 

three measures, namely the amount of patients monitored over time, the daily symptoms score, and daily ED referrals. similarly, the authors in  Reference 

[50] invented a mobile app to find the spread of COVID-19 disease symptoms in UK by examining a group of information reported by patients registered 
within the application, including health risk factors, location, healthcare visits,  age, symptoms and test results of COVID -19. This survey data helped them 

in determining patients’ category and intensity, 

availability of private protective equipment, and work-related stress and anxiety. 
The study presented in Reference [51] was concerned with evaluating one among the COVID-19 applications in terms of user satisfaction and therefore the 

possibility of using the info collected to support decision-makers and healthcare providers. The app collects data daily from patients, including vital signs, 

symptoms, and an assessment of their feedback with the services provided by the app.  the info collected is distributed on an interactive map consistent with 
the zip code for every user, which helps in knowing the 

regional distribution of the spread of infection additionally to the share of healthcare consumption in each region.  

Another study [52] presented an analytical model for estimating patient census and estimating ventilator requirement for a given hospital during the 
COVID-19 pandemic. Through this study, it had been noticed that the estimation of the bed and ventilator needs is  influenced by the length of hospital stay, 

and therefore the number of days of inpatient ventilator use. Also, there was no relationship between the age of hospitalized patients and therefore the 

likelihood of needing a ventilator, or between the inpatient gender and therefore the length of stay. They recomm ended that every hospital relies on its 
internal data for accurate resource planning. 
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Furthermore, the Institute for Health Metrics and Evaluation (IHME) COVID-19 health service utilization forecasting team conducted a study to predict the 

expected daily use of health services and therefore the number of deaths thanks to COVID-19 for subsequent four months from the date of the study for 

every state within the US [53]. 
The authors in Reference [54] tried to explain the clinical characteristics and identified  factors that predict medical care unit (ICU) admission for COVID-

19 patients. They found that the necessity for a COVID-19 patient to enter the ICU is often predicted by checking a group of medical parameters which 

will be easily obtained: age, fever, and tachypnea with/without respiratory crackles. They used the EHRead [55] model that was developed by Savana to 
retrieve data from the medical records. Also, deep learning convolution neural network classification methods are wont to classify the extracted d ata. 

The authors in Reference [56] provided a data-driven framework to pre-assess the risks of the COVID-19 pandemic and to spot high-risk areas in Italy. The 

framework assesses the danger index employing a function consisting of three criteria, namely dis ease risk, area exposure, and therefore the vulnerability 
of its population. The twenty Italian regions are classified supported available historical data, which include population de nsity, age, human mobility, 

pollution, and winter temperature. The study showed a correlation between the danger index and therefore the number of deaths, infected, and patients in 

ICU. They also provided a policy model to help authorities in making several decisions.  
Moreover, regional healthcare models are developed to estimate the pandemic, just like the simulation approach developed at the University of 

Pennsylvania called Monte- Carlo [57]. Such models are often wont to manage facilities and plan for an anticipated increase in patient numbers, but not for 

an estimate of daily operational needs. Applying the Pennsylvania model in a private hospital requires unknown parameters just like the proport ion of the 
region’s patients expected to go to that hospital, and therefore the percentage of the localized  population isolated more to evade infection. 

 

 

3. CONCLUSION 

The volume of knowledge increases dramatically over time, especially data generated on the worldwide pandemic caused by COVID -19. Such volume of 

knowledge requires utilizing big data analytics tools alongside AI techniques to form sense of the pandemic and control its spread during a timely manner. 

during this study, we presented a review of several data analysis applications for COVID-19, providing a taxonomy structure which classified the potential 

applications of COVID-19 into four categories, namely diagnosis predict risk score, healthcare decision-making, and pharmaceutical. The paper introduced 

several data analysis tools and explained the most features of every tool. We also provided important insights on variety  of challenges which may hinder 

the utilization of knowledge analytics tools for COVID-19. These challenges include healthcare data security and patient privacy issues, the problem of 

sharing data with researchers, absence of knowledge validation for a few studies which will cause biased results, and the patients support in sharing a part 

of their medical related information. Finally, we highlighted and discussed variety of future directions that ought to be considered in further research and 

applications to help stakeholders, like governments, MoHs, hospitals, patients, and responsible authorities, to make decisions and predict th e future. 

In the future, big data will definitely play a crucial role in analyzing global data about viruses detected, disease mo delling, tracking and visualization of 

this disease data. As more and more data compile into huge datasets, data scientists will have a far better shot at preventing such outbreaks. Read  more to 

find out how data science helps us to stop future pandemics. 

4. FUTURE SCOPE 

 Big data role in COVID-19 – Securing our future. 

After this global pandemic is resolved, big data can help the governments to stop and battle against future outbreaks. The in formation from this outbreak is 

often wont to test scenarios and analyze their outcomes to form vital decisions within the future.  
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