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Abstract: According to mobility data that records mobility traffic using location trackers on 

mobile phones, the COVID-19 epidemic and the adoption of social distance policies have 

drastically altered people’s visiting patterns. However, rather than the volume of visitors, the 

transmission is controlled by the frequency and length of concurrent occupation at particular 

places. Therefore, it is essential to comprehend how people interact in various settings in order 

to focus legislation, guide contact tracking, and educate prevention initiatives. This study 

suggests an effective method for reducing the virus’s propagation among university students 

enrolled on-campus by creating a self-developed Google History Location Extractor and 

Indicator software based on actual data on people’s movements. The platform enables 

academics and policymakers to model the results of human mobility and the epidemic condition 

under various epidemic control measures and assess the potential for future advancements in 

the epidemic’s spread. It provides tools for identifying prospective contacts, analyzing 

individual infection risks, and reviewing the success of campus regulations. By more precisely 

focusing on probable virus carriers during the screening process, the suggested multi-functional 

platform makes it easier to decide on epidemic control measures, ultimately helping to manage 

and avoid future outbreaks. 
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Introduction 
Human mobility is a key factor in the analysis of an infectious disease’s dissemination, 

especially for highly contagious diseases like COVID-19 (Gatto et al., 2020; Kiang et al., 2021; 

Venkatramanan et al., 2021; Wang et al., 2020; Wu et al., 2020). The most efficient way to 

decrease the disease’s rate of transmission of an outbreak is to identify potential patients early 

and to implement preventative measures as soon as possible. With the spread of devices with 

precise localization capabilities and strong wireless networks, it is now possible to track 

human movement over long periods of time and across a wide area. Many databases that track 

people’s travels are now available to researchers, allowing for more in-depth analysis and 

epidemic spread modelling at a finer spatial and temporal granularity. Traditional sources of 

mobility data, where many types of motions can be gathered, include GPS and Google Location 

History (Ruktanonchai et al., 2018). 

The Google History Location Extractor software platform is suggested in this article. The 

platform estimates on-campus student contact behaviours through GPS trajectories, simulates 

on-campus student mobility in response to public policies to assess their efficacy in slowing 

the epidemic’s spreading process, and simulates the spread of the epidemic among actual 

students’ trajectory datasets. The platform allows data mining and exploration on the risks of 

infection spread, including the identification of potential secondary contacts. It consists of two 

key functions: a probabilistic model of infectious disease transmission at the individual level; 

and an individual infection risk exploration. 

By simulating how people behave in response to public policies and determining how 

effectively each policy functions, our platform can help governments make educated 

judgements. In order to better understand the potential COVID-19 spread among university 

students, this study suggests the creation of a Google History Location Extractor program as 

a tool for data analysis. It will provide interactive visualization features and capabilities. 

The three functions of our platform—exploring regional and individual infection risk; 

simulating public policy using trajectory replacement; and modelling probabilistic individual-

level infectious disease transmission—are all described in depth in the sections that follow. We 

also evaluate related prior research in these sections. The next sections of the study deal with 

mobility pattern modelling, implementation, outcomes, and a discussion of our findings. We 

summarize the main points and stress the importance of our platform in our conclusion. 

Related Works 
Building a network to represent person-to-person interactions can help us understand how 

diseases spread throughout a society. These networks may be created using a variety of 
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approaches, such as surveys, statistical methods, census data, and movement data (Chang et 

al., 2021; Kumar et al., 2021; Maheshwari & Albert, 2020; Muller et al., 2020; Rechtin et al., 

2020; Schlosser et al., 2020; Soures et al., 2020; Yi et al., 2021). As a result of the widespread 

use of location tracking programs on mobile phones, information about people’s locations and 

the amount of time they spend in particular places is documented in a huge amount of data. 

New systems, such as Google Community Movement Reports (Google, 2020), offer tools and 

aggregated movement data in response to COVID-19. To protect people’s privacy, data is 

gathered and rendered anonymous. 

People’s behaviour quickly changed when social distance measures were implemented across 

the country. The effects of these measures on state-by-state mobility trends have been 

extensively reported in scholarly publications and press pieces (Dave et al., 2020; Lasry et al., 

2020; McMinn & Talbot, 2020; Pan et al., 2020; Weill et al., 2020). These assessments 

frequently use measures like visit duration, visit frequency, or travel distance to firms to gauge 

traffic (Klise et al., 2021). These measurements offer helpful traffic indications, but they do 

not adequately depict the interactions that happen there (Klise et al., 2021). It is crucial to take 

individual clustering and concurrent visits to certain venues into consideration in order to 

comprehend the potential of disease transmission within a community. 

In the early twenty-first century, a number of extensions of epidemiological models were 

developed after the development of the traditional epidemiological SIR model. The SIS model 

was created by researchers (Parshani, Carmi & Havlin, 2010) to simulate epidemic diseases 

without immunity by eradicating the “recovered” population and leaving the diseased 

population merely susceptible. The “E” (exposed) abbreviation stands for the incubation 

period, which is the time when a person is infected but not yet contagious, according to the 

SEIR model by Prem et al. (2020). Due of its relevance to COVID-19, the SEIR model is 

employed in this work to simulate the pandemic at the individual level. Other epidemic models 

can easily be adapted to this simulation model.  

Numerous researches examining the connection between human movement and the 

transmission of infectious illnesses have been published since the COVID-19 epidemic, which 

is exceedingly contagious, even while the illness is incubating. For instance, to simulate the 

spread of COVID-19, the study by Kraemer et al. (2020) used real-time human movement data 

from Baidu Inc. According to the research, isolation and other local control measures are more 

successful in stopping the spread of illness than travel restrictions that apply just locally. 

Similar to this, Wang et al. (2020) and Chiang et al. (2022) used Google movement data to 

examine the connection between COVID-19 spread and human movement. To further forecast 

the spread of diseases among diverse ethnic and socioeconomic groups, Chang et al. (2021) 

developed a meta-population SEIR model. 
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This study was motivated by recent studies on the use of visual analytics in the modelling and 

control of epidemics. For instance, Guo (2007) suggests a visual analytic tool that combines 

extraordinarily huge geographical interaction data in order to find patterns that aid decision-

making during an epidemic. Using an interactive interface, researchers in Afzal et al. (2020) 

and Afzal et al. (2011) compare and assess the effectiveness of various control regimes. 

Additionally, Dunne et al. (2015) illustrate how illness spreads in response to demographic 

factors, such as population density, allowing users to see both long- and short-term patterns 

of epidemic spread. In contrast to other studies, this one identifies high-risk students based 

on the entire campus student trajectory and offers a more detailed epidemic simulation at the 

individual level. 

Mobility Patterns Modelling 
In this study, on-campus students’ mobility and network data, including their latitude and 

longitude coordinates, visited sites, and close proximity (within a 1-metre range) between two 

mobility data devices over a 14-day period, were analysed. The researchers also used computer 

modelling to look at movement patterns and determine how likely it was that COVID-19 would 

spread. 

Direct contact model  

In this work, a direct contact paradigm for COVID-19 was utilised from Ghayvat et al. (2021). 

Based on Ghayvat et al. (2021), a mobility matrix 𝑴𝑴𝑴𝑴𝑴𝑴𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎was created using data from a 

worldwide mobility network, with the elements of the matrix being represented as 𝑴𝑴𝒑𝒑,𝒒𝒒
𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎. 

The COVID-19 subject’s daily movements are shown by the 𝑴𝑴𝒑𝒑,𝒒𝒒
𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎, as well as the number 

of people who passed the 1-m barrier and drew nearer to the COVID-19 subject. Additionally, 

it shows the COVID-19 subject’s movements during relocation at a specified site 𝒄𝒄 at a certain 

time 𝒎𝒎 and day 𝒅𝒅, as well as during the incubation period (maximum 𝒅𝒅 for COVID-19 is set to 

15 days) (Gupta et al., 2020). Equation (1) may be used to compute the direct contact 𝑫𝑫𝑫𝑫(𝒎𝒎,𝒅𝒅) 

(Ghayvat et al., 2021). 

 𝑫𝑫𝑫𝑫(𝒎𝒎,𝒅𝒅) =
� ∑ (𝐶𝐶19𝑝𝑝

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑥𝑥  ∑ �𝑁𝑁𝑁𝑁𝑛𝑛,𝑝𝑝
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚�𝑁𝑁

𝑛𝑛=1
15
𝑑𝑑=1 �𝑥𝑥 𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐷𝐷𝐶𝐶19𝑝𝑝,𝑁𝑁𝑁𝑁𝑛𝑛,𝑝𝑝
 (1) 

where 

𝑫𝑫𝑪𝑪𝑪𝑪𝒑𝒑,𝒒𝒒
𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎= COVID-19 Mobility at site p; 

𝑵𝑵𝑵𝑵𝒏𝒏= A set of healthy people who travelled close to a COVID-19 subject for a 
predetermined minute at site 𝑝𝑝; 

𝒏𝒏= 1, 2, 3…. N; N = number of people; 
𝒅𝒅= day, 1, 2, 3…. 15; 
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𝒎𝒎= when the COVID-19 subject and a nearby, healthy person is close to the established 
threshold limit of 1 m; 

𝒏𝒏= total number of people who had contact with the COVID-19 subject; 
𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎= the COVID-19 subject’s average mobility and the total number of nearby healthy 

people depending on the radius 𝒓𝒓𝒑𝒑,𝒒𝒒 at site 𝒑𝒑; 
𝑫𝑫𝑫𝑫𝑪𝑪𝑪𝑪𝒑𝒑,𝑵𝑵𝑵𝑵𝒏𝒏,𝒑𝒑= distance between a subject with COVID-19 and nearby healthy people. 

The above listed criteria are subject to change with time, space, and place. The proposed 

methodology (Ghayvat et al., 2021) makes use of easily accessible mobility network data to 

analyze instances of direct interaction with COVID-19 using a probabilistic technique. This 

method is useful for tracking contact instances in a particular area at a certain time and day. 

However, by taking into consideration those who have been close to a COVID-19 patient for a 

certain period of minutes or more, the COVID-19 Pandemic Direct Contact Model can be 

improved. In order to do this, an Indirect Contact Model from Ghayvat et al. (2021) was also 

integrated, allowing for the identification of those who may have been exposed to COVID-19 

through indirect contact. 

Indirect contact model 

A probabilistic COVID19 pandemic indirect contact model is used (Ghayvat et al., 2021) to 

identify people who have indirectly come into touch with COVID-19, in order to analyse the 

dynamics of indirect COVID-19 transmission. In order to do this, Ghayvat et al. (2021) created 

an indirect mobility matrix, 𝒎𝒎𝑴𝑴𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎, with 𝑴𝑴𝒑𝒑,𝒒𝒒
𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎 as its constituent, utilising information 

from the global mobility network. 𝑴𝑴𝒑𝒑,𝒒𝒒
𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎 displays the routine behaviours of healthy persons 

who have spent longer than the predetermined number of minutes around COVID-19 exposed 

individuals (Dunne et al., 2015). Additionally, it takes into account their relocation moves 

between the regions 𝒑𝒑 and 𝒒𝒒, as documented during a 15-day period beginning at time 𝒎𝒎, day 

𝒅𝒅, and the 𝒅𝒅𝒇𝒇𝒎𝒎𝒏𝒏𝒇𝒇𝒎𝒎 𝒅𝒅𝒇𝒇𝒎𝒎-1. Using Equation (2), the indirect infection suspicion 𝑰𝑰𝑫𝑫(𝒎𝒎,𝒅𝒅) may be 

determined (Ghayvat et al., 2021). 

 𝑰𝑰𝑫𝑫(𝒎𝒎,𝒅𝒅) =
� ∑ (𝑖𝑖𝐶𝐶19𝑝𝑝

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑥𝑥  ∑ �𝑖𝑖𝑁𝑁𝑁𝑁𝑛𝑛,𝑝𝑝
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚�𝑁𝑁

𝑛𝑛=1
15
𝑑𝑑=1 �𝑥𝑥 𝐴𝐴𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝐷𝐷𝑚𝑚𝐶𝐶19𝑝𝑝,𝑁𝑁𝑁𝑁𝑛𝑛,𝑝𝑝
 (2) 

where 

𝒎𝒎𝑫𝑫𝑪𝑪𝑪𝑪𝒑𝒑,𝒒𝒒
𝒎𝒎𝑴𝑴𝑴𝑴𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎= suspected COVID19 subject Mobility at location p; 

𝒎𝒎𝑵𝑵𝑵𝑵𝒏𝒏= a list of nearby healthy people that have travelled near a probable COVID-19 
subject for predefined duration of minutes at location p; 

𝑫𝑫𝒎𝒎𝑫𝑫𝑪𝑪𝑪𝑪𝒑𝒑,𝒎𝒎𝑵𝑵𝑵𝑵𝒏𝒏,𝒑𝒑= distance between suspected COVID-19 subject and the neighbouring 
healthy individuals. 
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The Haversine formula, which uses the latitude and longitude information of the positions of 

two persons to get the distance between them in kilometres, is used to calculate the distance 

between two people, (𝑫𝑫𝑫𝑫𝑪𝑪𝑪𝑪𝒑𝒑,𝑵𝑵𝑵𝑵𝒏𝒏,𝒑𝒑) and (𝑫𝑫𝒎𝒎𝑫𝑫𝑪𝑪𝑪𝑪𝒑𝒑,𝒎𝒎𝑵𝑵𝑵𝑵𝒏𝒏,𝒑𝒑), at a certain time. The formula can be 

expressed as follows: 

𝒇𝒇 = 𝑠𝑠𝑠𝑠𝑠𝑠2 �∆𝑙𝑙𝑎𝑎𝑙𝑙
2
� + 𝑐𝑐𝑐𝑐𝑠𝑠(𝑙𝑙𝑙𝑙𝑙𝑙1) ×  𝑐𝑐𝑐𝑐𝑠𝑠(𝑙𝑙𝑙𝑙𝑙𝑙2) × 𝑠𝑠𝑠𝑠𝑠𝑠2(∆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

2
) (3) 

𝐜𝐜 = 2 × arctan2(√a,�(1 − a)) ) (4) 

𝐝𝐝 = R. c (5) 

Distance in km based on Pythagoras’ theorem is given by the equations below: 

𝐱𝐱 = (long2 − long1) × cos(lat1+lat2
2

) (6) 

𝐲𝐲 = lat2 − lat1 (7) 

𝐝𝐝 = R(�x × x + y × y) (8) 

where 

𝑹𝑹= Earth’s radius (6371 km) 

𝒎𝒎𝒇𝒇𝒎𝒎𝑪𝑪, 𝒎𝒎𝑴𝑴𝒏𝒏𝒍𝒍𝑪𝑪= latitude, longitude pair of 1st point 

𝒎𝒎𝒇𝒇𝒎𝒎𝑪𝑪, 𝒎𝒎𝑴𝑴𝒏𝒏𝒍𝒍𝑪𝑪= latitude, longitude pair of 2nd point 

∆𝒎𝒎𝒇𝒇𝒎𝒎= difference between two latitudes 

∆𝒎𝒎𝑴𝑴𝒏𝒏𝒍𝒍= difference between two longitudes 

𝒄𝒄= Axis interaction calculation 

𝒅𝒅= distance in kilometres 

Implementation 

Mobility data 

Since infectious illnesses are spread by direct contact between people, epidemiologists can 

anticipate disease outbreaks by understanding the patterns of human movement. In order to 

respond to and recover from such crisis occurrences, it is essential to comprehend how 

individuals move through time and geography, which may be done with the use of mobile 

phone location data. Location history is one of the essential elements that characterizes these 

mobilities. Different techniques (Khalel, 2010) can be used to determine a person’s location: 

cell site location method, GPS and Wi-Fi positioning. 

To precisely pinpoint the user’s location, Google Maps makes use of all three of these 

technologies. Users can use the Google Takeout service, which offers the data in JSON 

(JavaScript Object Notation) format to export this information. There are many different types 

of metadata in the exported JSON file. Some of the most important data points are outlined, 
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which include heading, activity type, latitudeE7 (latitude multiplied by 1x107), longitudeE7 

(longitude multiplied by 1x107), accuracy, timestampMs (timestamp in milliseconds) and 

altitude. 

Along with place searches and route finding, Google Maps offers a variety of features. Through 

GPS location data, Google Timeline, a feature of Google Maps, continuously monitors user 

activity, including the locations visited and the mode of transportation utilized to get there. 

This unprocessed information gives the user’s position at a certain time and date. 

The location history information from the Android smart phones of 50 volunteer university 

students was examined in this study. Due to the pilot study’s focus on the possible spread of 

COVID-19 among university students, the location data was gathered for 14 days, and only 

students who were staying on campus were included. The Google History Location Extractor 

and Indicator was used to examine the location records to spot possible COVID-19 spread. In 

order to check for potential COVID-19 dissemination scenarios, the study involved charting 

the positions of the students on a map with comprehensive data of the date, time, area, and 

distance between people. The Venn diagram used to examine the location data of two students 

is shown in Figure 1. 

 
Figure 1. Venn diagram of location analysis for two-students 

Software implementation 

Using software to extract and visualize the downloaded data, this study examined the location 

history information of 50 students’ JSON files. As shown in Figure 2, the program, dubbed 

“Google History Location Extractor”, has a number of functions, such as data extraction, 

graphical user interface presentation, data storing in CSV or KML format, and mobility 

visualization on Google Maps. Additionally, for more in-depth study, the data may be exported 

to a Microsoft SQL Server database format. Figure 3 shows the flowchart for the entire 
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software program, which consists of data collection, import, filtering, distance computation, 

and visualization. 

 
Figure 2. User interface of Google Historical Location Extractor software 

 
Figure 3. Entire system architecture 

The process of this study started with 50 students submitting their Android smartphone 

location history during a 2-week period, which served as the source of the data for this 
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research. The location history data was obtained in JSON format and converted to table format 

using the import technique in VB.net. Data was filtered according to accuracy. The common 

location sites were identified using the distance parameter, keeping only spots that are closer 

than one metre. Filtering speeds up the analytical process by removing irrelevant data. Lastly, 

a map is used to represent the findings, because it is an efficient way to convey the specifics 

and conclusions of the investigation. A visualization of the closeness between two students 

within a given distance is made using Google’s Direction API. 

Identifying hotspots through the use of mobility tracking data serves as a crucial tool in 

monitoring and mitigating the spread of contagious diseases among volunteers. While it is 

important to implement comprehensive infection monitoring strategies, hotspot identification 

plays a pivotal role in proactive surveillance and prevention. 

Hotspot identification provides valuable insights into areas where the risk of disease 

transmission is heightened. By analyzing the density of mobility tracking data points, we can 

identify regions with a higher concentration of volunteers and potential interactions. This 

information serves as an early warning system, enabling researchers and health authorities to 

allocate resources effectively and implement targeted interventions to prevent future 

infections. 

The identification of hotspots not only facilitates prompt responses but also aids in 

understanding the dynamics of disease transmission. By studying the characteristics of these 

hotspots, such as population density, demographic information, and environmental factors, 

we can gain valuable insights into the underlying mechanisms of disease spread. This 

knowledge can inform future prevention and control strategies, contributing to more effective 

infection monitoring and mitigation efforts. 

Furthermore, hotspot identification provides a foundation for implementing complementary 

infection monitoring strategies. By focusing resources on these high-risk areas, researchers 

can prioritize regular testing protocols and enhance contact tracing efforts. This targeted 

approach ensures that potential infections are detected and contained at an early stage, 

minimizing the risk of further transmission within the volunteer group. 

It is important to emphasize that hotspot identification should not be viewed as a standalone 

measure, but rather as an integral part of a comprehensive infection monitoring framework. 

By integrating hotspot identification with other strategies, such as regular testing, contact 

tracing, and preventive measures, researchers can establish a robust system that actively 

monitors and mitigates future infections. Hence, the identification of hotspots plays a crucial 

role in monitoring the spread of contagious diseases among volunteers. By leveraging mobility 

tracking data, we can proactively identify areas of heightened risk, enabling targeted 
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interventions and resource allocation. Hotspot identification should be integrated with 

comprehensive infection monitoring strategies to enhance surveillance capabilities and 

facilitate effective prevention and control efforts. 

Results 
In this section, the SEIR model’s deterministic compartment model for the spread of an 

infectious disease, which serves as the foundation for the investigation of infection risk and is 

further explained in the subsections that follow, will be used to develop the individual student 

detection method. 

SEIR model 

Depending on where a population is in the disease’s course, the SEIR model (Kantor, 2021) 

splits them into four different categories. The susceptible population is the initial category and 

is at danger of contracting the illness. Given that SARS-CoV-2 is a novel virus, it is presumed 

that everyone who has never had the disease is vulnerable. The exposed population, which has 

been in contact with the virus but is not yet infectious, is the second category. The infected 

population, which has caught the virus and may spread it to others, makes up the third 

category. The population that has recovered from the illness and is no longer prone to the 

disease makes up the last group. 

The following equations show how the compartment model works. 

𝒅𝒅𝒅𝒅
𝒅𝒅𝒎𝒎

=  −𝛽𝛽𝑠𝑠𝑠𝑠 (9) 

𝒅𝒅𝒅𝒅
𝒅𝒅𝒎𝒎

=  𝛽𝛽𝑠𝑠𝑠𝑠 −  𝛼𝛼𝛼𝛼 (10) 

𝒅𝒅𝒎𝒎
𝒅𝒅𝒎𝒎

=  𝛼𝛼𝛼𝛼 − 𝛾𝛾𝑠𝑠 (11) 

𝒅𝒅𝒓𝒓
𝒅𝒅𝒎𝒎

=  𝛾𝛾𝑠𝑠 (12) 

where 𝐬𝐬 + 𝐞𝐞 + 𝐢𝐢 + 𝐫𝐫 = 𝑪𝑪 is an invariant. 

The rate processes are modelled as follows: 

𝛽𝛽 is the model parameter, with units of 1/day. 

𝑠𝑠 is the size of the susceptible population.  

𝑠𝑠 is the size of the infective population. 

𝛼𝛼𝛼𝛼  is the rate at which the exposed population becomes infective, where 𝛼𝛼 is the size of 
the exposed population. The average period of time in the exposed state is the 
incubation period of the disease, and equal to  1

∝
 . 
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𝛾𝛾𝑠𝑠  is the rate at which the infected population recovers and becomes resistant to 
further infection (𝑟𝑟 is the size of the recovered, resistant population). 𝑠𝑠  is the size of 
the infective population. The average period of infectious state is 1

𝛾𝛾
 . 

 
Figure 4. Simulation of the SIR model 

 
Figure 5. Simulation of the SEIR model 
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Figure 5 depicts the introduction of an exposed population compartment, which appears to 

delay the spread of the illness but does not appear to reduce the number of afflicted students, 

in contrast to Figure 4, which is depicted without the exposed population compartment. The 

number of students is set at 50. 

The purpose of campus regulations is to reduce the spread of the virus by social isolation 

techniques that work to stop infected people from infecting vulnerable others. A control 

parameter called µ is included to account for the efficacy of these measures in modelling: a 

value of 0 indicates no control; and a value of 1 indicates complete isolation of infectious 

persons. The goal of the model is to look at how social isolation policies may affect how an 

epidemic turns out. 

The following diagram shows how the compartment model works (Kantor, 2021): 

𝐒𝐒𝐒𝐒𝐬𝐬𝐜𝐜𝐞𝐞𝐒𝐒𝐒𝐒𝐢𝐢𝐒𝐒𝐒𝐒𝐞𝐞 
(𝑪𝑪−𝛍𝛍)

𝛃𝛃𝐒𝐒𝛃𝛃
𝐍𝐍�⎯⎯⎯⎯⎯� 𝐄𝐄𝐱𝐱𝐒𝐒𝐄𝐄𝐬𝐬𝐞𝐞𝐝𝐝

𝛂𝛂𝐄𝐄
�� 𝛃𝛃𝐈𝐈𝐈𝐈𝐞𝐞𝐜𝐜𝐒𝐒𝐢𝐢𝐄𝐄𝐒𝐒𝐬𝐬

𝛄𝛄𝛃𝛃
→ 𝐑𝐑𝐞𝐞𝐜𝐜𝐄𝐄𝐑𝐑𝐞𝐞𝐫𝐫𝐞𝐞𝐝𝐝 

The rate processes are modelled as follows: 

The number (𝑪𝑪 − 𝛍𝛍) 𝛃𝛃𝐒𝐒𝛃𝛃
𝐍𝐍

 represents the frequency with which an infected population transmits 

a disease to a vulnerable population µ, where µ = 0 denotes the lack of effective interventions 

and µ = 1 denotes the total cessation of disease transmission. It describes the efficacy of public 

health measures in preventing the spread of illness. 

This produces a system of four equations (Kantor, 2021) after substitution: 

𝐝𝐝𝐬𝐬
𝐝𝐝𝐒𝐒

=  −(1 − μ)βsi (13) 

𝐝𝐝𝐞𝐞
𝐝𝐝𝐒𝐒

= (1 − μ)βsi −  αe (14) 

𝐝𝐝𝐢𝐢
𝐝𝐝𝐒𝐒

=  αe − γi (15) 

𝐝𝐝𝐫𝐫
𝐝𝐝𝐒𝐒

=  γi (16) 

where 𝐬𝐬 + 𝐞𝐞 + 𝐢𝐢 + 𝐫𝐫 = 𝑪𝑪 is an invariant. 

Figure 6 shows how campus mobility restriction policies have slowed the spread of epidemics, 

decreased the percentage of infected students, reduced the demand on medical resources, 

decreased the number of students who eventually contract the disease, and saved lives for 

illnesses with non-zero mortality. 
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Figure 6. Simulation of the SEIR model with Control Parameter, μ 

Infection risk exploration 

The purpose of this project was to use data analysis to create a graphical user interface for 

identifying prospective encounters amongst students on campus based on their travel 

patterns. This was accomplished using a tracing program that classifies contacts into various 

danger levels according on the order of their encounters.  

Using Google Mobility Data and Google Direction API, which show different combinations of 

latitude and longitude on a single map, Figure 7 shows the location and routes followed by two 

students. The whereabouts of two different students are mapped over the same days, showing 

that they often visited the same location. Common locations for many students are shown in 

Figure 8. 

The proximity analysis parameters are shown in the Data Analysis of Figure 9, and the 

outcomes are shown in the resulting table at the bottom of the Figure. Date, time, latitude, 

longitude, visited place, and levels of communication are among the information in the table. 

In the table, Level 1 denotes direct touch; Level 2 and Level 3 denote indirect contact from 

Level 1 and Level 2, respectively. With the help of the settings, users may enter Start Date, 

Start Time, Interval (minute), Collision Distance (metre), Collision Interval (seconds), and 

Collision User (the user who will be chosen for proximity analysis). 
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Figure 7. Location history of students displayed on the same map 

 

Figure 8. Common student locations on campus 

Multiple vulnerable people (level 1 and 2) surround an infected person (chosen under the 

Collision User option) in Figure 9. Based on their level of contact with the infected user, these 

vulnerable people are divided into three tiers. Due to their close contact with the infected user, 

primary contacts (level 1) are at the highest risk of infection. Primary contacts have brought 
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secondary and tertiary contacts (levels 2 and 3, respectively) into indirect touch with the 

infected user. 

In order to prioritize quarantine and contact screening, particularly when resources are few, a 

precise classification of contacts may be highly helpful, given the exponential development in 

the number of connections with each level. The screening of primary contacts must be 

prioritized, and a full screening must be carried out as quickly as feasible. Additionally, 

because secondary and tertiary connections also pose a danger, screening for them should 

come right after screening for main contacts. 

 
Figure 9. Graphical user interface settings for proximity analysis 

Discussion 
The purpose of this study was to learn more about the intricate relationships between students 

and how those relationships can affect how quickly a virus spreads. We identified probable 

transmission sites and the linkages between hotspots by examining the mobility networks of 

university students. A thorough description of the transmission network was produced as a 

consequence of the research, which made use of the data that was readily accessible regarding 

residency and involvement in on- and off-campus activities. The created visualization tool 

showed cross-paths that the system had found, indicating linkages that suggested recent 

touch. In order to manage the outbreak more effectively and stop further transmission within 

the university community, visualization and information from these links and networks could 
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support the implementation of targeted mitigation activities, like isolating cases and 

quarantining contacts. 

There are at least three restrictions on this work. First, certain data were missing or unknown, 

due to inadequate mobility data, and these data were not included in the network analysis. 

Second, meetings outside could not accurately represent transmission histories. There is a 

need for adherence to advised COVID-19 mitigation techniques, such as reducing social 

gathering sizes, social distance, wearing masks, improving hand cleanliness, and enhancing 

testing, to avoid the fast spread of COVID-19 in on- and off-campus university settings. The 

third drawback of this paper is the lack of data gathered from uninfected people or on 

adherence to mitigation techniques, such social isolation, mask usage, and hand cleanliness. 

On university and college campuses, promoting virtual activities, such as those connected to 

sizable student meetings, may assist to reduce the danger of transmission. Collaboration 

between university administrators, student organizations, and health authorities is essential 

to ensure that COVID-19 mitigation measures are followed. 

Conclusion 
This work proposes a data analysis approach that makes use of a GUI (graphical user interface) 

to anticipate social distance violations among students on university and college campuses 

and to detect common movement patterns. Important characteristics, like longitude, latitude, 

distance, and the time and date of contact within a specified range, are included in the GUI 

that is used to display analyzed information on a map. A student’s past locations may be 

tracked and compared to those of others, making it possible to identify contacts who could be 

targeted for screening or quarantine of high-risk persons. 

The GUI platform also incorporates region mining, which enables quick calculation of possible 

dangers and early detection of suspected diseases. These features give users, like the Centers 

for Disease Control and Prevention, an intuitive user interface to model potential outcomes 

and arrive at judgements. 

The GUI has a number of benefits, such as the capacity to analyze massive quantities of student 

data concurrently, the ability to determine whether a student has visited a high-risk or polluted 

region, and its independence from extra hardware for analysis. However, it should be noted 

that using location services might reduce battery life of handsets and necessitate continual 

Internet access. 

Overall, this data analysis technique has the potential to offer insightful information for 

monitoring and supressing the spread of COVID-19 on university and college campuses when 
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paired with the GUI. The viability and efficacy of utilizing this technology as a component of 

an all-encompassing mitigation plan require more study. 
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