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Abstract

Knowing and understanding the flow of infectious disease within a community is

very important, as it can effectively aid community administrations in planning their

actions to control the situations. In this study, I investigated the correlation between

collocation rate and COVID positivity rate within each building pair using Wifi data and

school daily COVID case reports. I used collocation bipartite graphs to generate

occupancy features, such as occupancy count and occupancy duration, and then input

these features into our correlation model. I then used the COVID positivity rate as the

output of the correlation model. Using the model, I am able to find a weak linear

correlation between the collocation rate and the COVID positivity rate. The correlation is

stronger in places with more students in and out on a daily basis, such as libraries and

student centers. Using this insight, the school administration could advise students who

visited these places to get tested when there was a COVID outbreak in these areas. A

similar approach could also be adopted to investigate the correlation between

collocation rate and infectious positivity rate on other types of infectious diseases in the

future.
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Introduction

A crowd is a collection of people who happen to be in the same place at the

same time. A collective or crowd behavior is the relatively spontaneous and relatively

unstructured behavior by large numbers of individuals acting with or being influenced by

other individuals.[1] Detecting social groups and understanding crowd behaviors in a

large social context is very important and valuable, as it could provide insights for event

organizing, marketing, urban planning, healthcare, and many other areas.[2,3] One

example of the usage of group information that was debated over its morality is

marketing products targeting specific groups at different locations. Another example is

to use group information for resource allocation. By understanding the social group

behavior across a university campus, the school administration could have a better

planning of school buses.

A traditional way to detect social groups is to place cameras in public areas, but it

suffers from issues like coverage and costs. Nowadays the use of mobile devices is

increasing exponentially and detection using data collected from mobile devices, such

as app usage, messaging and WiFi connection points is easier and more accurate.

Although collecting data from mobile devices to monitor crowds has become a hot

research topic, not enough attention is brought to the thorough and effective analysis of

the collected data.[3]

Previous relevant studies proposed several methods for analyzing data collected

through passive WiFi monitoring on mobile devices. These methods do not require

additional apps or hardware besides your mobile device to collect data. It will collect the

information from where you connect to WiFi using your mobile device. Y. zhou and etc.
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suggested a data analysis framework with the usage of statistics, visualization, and

unsupervised machine learning to analyze patterns of crowds by days and locations in a

large social event.[3] Prior work in my lab by Harish Haresamudram, etc. suggested a

novel self-supervised pre-training model that analyzes human activity through data

collected from wearable devices, such as smartwatches. The inputs of this pre-training

model are unlabeled movement data and the outputs are movement data with

reconstruction at timestamps in a defined format. Then we could use this new

movement data to recognize and classify activities, such as running and standing.[4]

Previous studies proposed methods to analyze social groups for one location at a

time, however, in my work, a model is proposed to analyze social groups interaction

detected at different locations across multiple time periods to train and predict the

COVID positivity rate based on the interaction rate. Instead of focusing on one building

location each time, I focus on the collocation time and COVID positivity rate in pairs of

buildings to infer how the infected COVID cases flow across social groups on campus

and to understand how different social groups interact across campus.

COVID positivity rate is defined as the percentage of residents who got COVID

and live at a specific residence house on campus over the total number of residents

who got COVID on campus. By applying clustering algorithms at each location with

passive WiFi sensing data collected from the Georgia Tech campus, the ambition is to

map the clusters and investigate the interaction amount between the social groups at

each location. Then using the COVID positivity rate at each location, we try to predict

the percentage of positivity cases over the total number of interactions.
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Through this study, the goal is to not only get a more accurate social group

detection result, but also an understanding of the correlation between social group

interaction, specifically their collocation duration, and the spread of infectious disease.

Understanding social group interactions and disease spreading could help with campus

resource allocation and better campus-related planning in the future. For example, a

notification could be sent to students to suggest they get tested based on our prediction.

To achieve this goal, the first step would be to build features based on collocation data.

Then COVID positivity rate on each day in each building on campus is calculated and I

used this data to calculate the total positivity rate for selected building pairs. The

features serve as inputs and the COVID positivity rates serve as outputs of the

correlation model to be constructed in this study. Lastly, using this correlation model,

predictions are made using features on randomly selected days and then the results’

significance will be calculated based on actual COVID positivity rates.
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Literature Review

Research on analyzing crowd behavior without additional software and hardware

is gaining popularity and having crowd behavior information could help us in many

areas. Wireless communication is constantly developing, and mobile technologies are

prevalent in our daily life more and more, so mobile social networking is rising and

becoming a hot research topic [5,6]. As the market for mobile devices grows, multiple

different systems are developed to complement the use of smart mobile devices. With

the development of these different platforms, such as Android and IOS, it is hard for

companies to produce services that work across all of the platforms and therefore they

limit their service to certain platforms [5].

Yet information gained from these platforms is very valuable. It is shown that the

information gained from mobile social interaction, specifically the detection of

co-location, which is a group of people located at the same place at the same time,

could indicate some extent of social interactions in real-life situations [7]. Using this

information, we could analyze the shape of social interactions, such as the frequency,

places and time people interact. Thus, investigating the shape of social interactions and

identifying the social groups from mobile technologies could help us improve existing

platforms and shape various community networks enhancing different needs.

Co-location data provides a proxy for real-life interactions. A popular way to

detect co-location is through collecting WiFi data because WiFi data can be collected on

all devices and platforms. Vanderhulst et al. proposed the use of WiFi probes to

periodically capture the signals from mobile devices and WiFi access points to detect

human interactions. They utilize sociology concepts and define a high-accuracy model
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that filters those in the same location by having short-lived, spontaneous social

interactions with each other [8]. However, a large number of people could be using the

same WiFi access point and one WiFi access point may be able to cover a wide area.

Thus, it is challenging to filter the different small groups within the area in the span of a

WiFi access point.

Multiple methods are used to further break down the groups at the same WiFi

access point. Hong et al. proposed a more detailed part of the WiFi data that could be

used as an indicator for social interaction, the “Receive Signal Strength Indicators

(RSSI)”. RSSI could indicate people’s distance from a WiFi access point, therefore

providing higher accuracy than just identifying the locations of different WiFi access

points. The researchers created the SocialProbe system to passively monitor WiFi

probe requests sent from smartphones and get RSSI from the data [9]. Jon Baker and

Christos Efstratiou took a different approach and proposed a system called Next2Me to

analyze both the WiFi signals and audio signals from microphones on mobile devices to

distinguish social group interactions with close proximity, as close as “a few meters from

each other”. The utilization of sound fingerprinting in the study could achieve a high

precision even in noisy environments and the addition of sound detection is not using

battery significantly [7].

While some research in this field pertains to collecting WiFi data, other research

seeks to analyze it. In A. Mtibaa et al.’s study, a novel Social Aware Cluster Based

Localization algorithm (SAC-Loc) is proposed. The algorithm helps to improve clustering

and avoids unintentional splitting of a group due to wireless scanning limitations or

joining groups with temporary proximity [11]. In addition, Y. Zhou et al. proposed an
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effective data analysis framework – collect data, analyze spatial patterns, apply

clustering algorithms and combine with time to produce spatiotemporal patterns [3].

These analysis algorithms could help accompany the methods to break down WiFi data

for producing a more precise model for categorizing social groups. In my study, I will use

co-location data processed by these analysis algorithms.

The above studies provide an excellent foundation for producing a model that

utilizes WiFi data to analyze social groups, but the method and framework used in these

studies could be improved with further larger-scale studies. Currently, although there

are studies on improving the analysis of the WiFi data, “not enough attention has been

paid to the thorough analysis and mining of collected data” [3] and there are very limited

studies trying to improve the efficiency of the WiFi data analysis algorithms. This study

brings attention to a further analysis of Wifi data collected. Furthermore, there are

relevant sociology studies specifically targeting college students’ social groups [12], but

not many previous studies focus on analyzing college students’ social group detection

using WiFi colocation. This study is going to analyze college student social groups using

Wifi colocation data.

A data analysis model based on the above studies is being proposed, but will be

utilizing large-scale college students’ mobile WiFi data to generate a precise and

applicable analysis of college students’ social group. Then through analyzing the

interaction amount within the social groups, we take data on infectious disease positivity

rate and determine the positivity rate based on interaction rate. The results of such a

study would be useful to the college administration and aid them in providing a better
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and healthier learning community for college students. Details on how the data is

collected and how the model is built are discussed in the following methodology section.
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Methodology

We looked at methods used in previous studies and adopted and modified the

following method procedures.

Data Collection and Manipulation

In this study, Wifi access points data are collected from Georgia Tech’s

on-campus Wifi data access points. Researchers are Georgia Tech students and faculty

members and they need to log onto Georgia Tech Virtual Private Network(VPN) to

access these datasets. Researchers all agreed to not download the data to the local

computer or leak personal information in the datasets. WiFi data is passively collected

and participants are represented with anonymous user ids. Every unnamed participant

in the study data is a resident of an on-campus location and each of them has a unique

user id. This is used to determine user pairs for colocation.

Colocation data is calculated from the Wifi access datasets. All of the files could

be opened using Jupyter Notebook. Jupyter Notebook is an open-source web

application that allows users to edit and run code and add graph visualizations on their

browsers. Python and Python modules, such as Pandas and Matplotlib, are used in the

study.

Every combination of any two buildings on campus is considered a building pair.

In each building pair, every two users’ colocation data is determined. As shown in Table

1 below, a table is generated to store the colocation data each day for every building

pair, where each row contains the colocation data for each user group. The colocation
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data includes users’ unique ids, unique building ids, and length of time together. The

tables for colocation data on each day are stored as a csv file.

Table 1

Then colocation data is then mapped onto a bipartite graph. A bipartite graph is a

graph whose vertices can be divided into two disjoint and independent sets U and V

such that every edge connects a vertex in U to one in V. In this study, the bipartite graph

contains users and wifi access points as its two disjoint and independent sets. Bipartite

graphs are used because every edge is unique, therefore in this case, every user

group’s collocation data is guaranteed to be unique.

Using this bipartite graph, three occupancy features are calculated: occupancy

count, occupancy period and occupancy duration. Occupancy count is the unique
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number of visitors by some dwelling time > threshold every day. Occupancy period is

the timestamp when people arrive and leave. Occupancy duration is the average

dwelling time.

A function is created to calculate each occupancy feature by traversing through

the vertices and edges in the bipartite graph, as shown in Figure 1, Figure 2, and Figure

3 below. Firstly, the bipartite graph is read in from the stored service location of the data

into each function using the python NetworkX library. Then, the function traverses

through every edge in the bipartite graph. User data and location data are assigned

using the two nodes of each edge. Different computations are performed afterward

using the user and location data to calculate occupancy features.

Figure 1
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Figure 2

Figure 3
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Measures

Colocation data is read from the corresponding csv files using Pandas module in

Python on Jupyter notebook. The total length of time students spend together at each

building pair is calculated using occupancy features. For each building pair, this total

length of time is added. This could be achieved through filtering the unique user ids for

each student pair and the unique building ids for each building pair. Then a colocation

rate is calculated by . Using the𝑐𝑜𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 =  𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒 𝑎𝑡 𝑜𝑛𝑒 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑎𝑖𝑟
𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑝𝑒𝑟𝑖𝑜𝑑 𝑎𝑡 𝑎𝑙𝑙 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑎𝑖𝑟𝑠

dataset of COVID positive number, a positivity rate for the residents in a building is

calculated by . Five places with highest𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑟𝑎𝑡𝑒 =  𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑎𝑠𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑎𝑡 𝑎 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔
𝑡𝑜𝑡𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑐𝑎𝑠𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑛 𝑐𝑎𝑚𝑝𝑢𝑠

positivity rate and five places with lowest positivity rate are chosen. The colocation rate

and positivity rate are both normalized to a number between 0 and 1.

It is anticipated that this data analysis model will show that higher colocation rate

is positively correlated with higher positive rate. The details of our study results are

discussed in the next section, results and discussion.
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Results and Discussion

Results

Using the data collection and manipulation and measures in the methods section,

I am able to obtain the following results.

In the results, there is a mild correlation between the collocation rate of a building

and the COVID positivity rate of the residents living in that building. The significance of

the results still needs to be calculated.

First, a table is generated with occupancy features. Occupancy features are

obtained by calling each function with an input of a certain day1. Then collocation rate is

calculated using the occupancy count, occupancy period, and occupancy duration. A

two-dimensional scatter plot is used to show the correlation between the collocation rate

and the COVID positivity rate at these ten locations. In Figure 7 below, it maps the

collocation duration versus COVID positivity rate in the five locations with the highest

COVID positivity rate on campus. It is shown that there is some positive correlation

between collocation duration and COVID positive rate, but there might be places with

anomalies. For example, local residents may be in contact with people who are not

Georgia Tech residents such as their family members and their colocation duration

would not be reflected.

1

https://github.gatech.edu/ubicomp/contact_tracing/blob/diana-predict-positivity/code/notebooks/occupancy_fea
tures.py
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Figure 7

The significance of the results is discussed further in the next discussion section.
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Discussion

Similar to the approach used in Mehrab et al.’s paper “High-resolution proximity

statistics as an early warning for US universities reopening during COVID-19” [13], this

approach utilized occupancy features and COVID infection data to analyze the

correlation between colocation duration and COVID positivity rate. However, in Mehrab

et al.’s study, they focused on university social groups’ collocation with the surrounding

communities. In this study, it is focused on university social groups’ interactions on

campus through analyzing data with building pairs. Our results share a similar trend as

in that article, but there is only COVID positivity data and colocation data on one

campus in this study. Thus, this study is focused more on the flow of COVID positive

cases within the campus rather than in and out of campus. In the next step, the study

could be focused on analyzing the collocation data on a day several days prior to a day

with some positive cases, so that the model could use collocation duration to predict a

spike in cases several days later.

From these aspects, this study could be concluded as the following.
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Conclusion

This data analysis model maps the correlation between colocation rate and

COVID positivity rate using data collected from Georgia Tech’s main campus. Using a

similar approach, this model could be easily modified to fit the data collected from other

school campuses. By having this data analysis model to denote and analyze the

correlation between colocation rate and COVID positivity rate, the school administration

could better plan our school bus system and other actions during the pandemic to build

a safer environment for students and faculties. For example, it is predicted that the

student center and library would have a higher correlation between colocation rate and

COVID positivity rate. School administration could hold higher sanitary standards or

stricter rules at such places and places where the positivity rate is usually higher than

elsewhere.

COVID is not the only infectious disease globally and historically. This model is

applicable to other infectious diseases as well. The disease positivity rate could be

calculated for other infectious diseases. A similar model could be generated to find the

correlation between colocation data and other infectious diseases.

However, this model currently only selects two buildings as a building pair. The

shown flow of the positivity rate over colocation rate across the whole campus is limited.

If in future studies, a larger chain of buildings could be included for each model, the

model could show a clearer representation of the correlation and possibly a flow of how

the disease was spread. Having this analysis, school administration could predict the

future transmission of the disease on campus and could have better prevention of the

spread. For example, given a common route for disease spread, if one positive case
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occurs at one location, the school administration could ask students living in other

buildings at this route to test themselves. Currently, it is hard to perform the analysis on

all user combinations if more buildings are included in each building pair because the

Georgia Tech campus has a large number of residents and it is difficult to find the

overlapping resident pairs from all of these combinations for more buildings. Thus, it

would be a great addition to the model if more buildings are included in each building

pair.
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