
Mathematics in Medical and Life Sciences

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tmls20

Monitoring university student response to social
distancing policy during the SARS-CoV-2 pandemic
using Bluetooth: the RADAR study

Kirsty J. Bolton, Armando Mendez-Villalon, Henry Nanji, Ru Jia, Kieran Ayling,
Grazziela Figueredo & Kavita Vedhara

To cite this article: Kirsty J. Bolton, Armando Mendez-Villalon, Henry Nanji, Ru Jia, Kieran
Ayling, Grazziela Figueredo & Kavita Vedhara (2024) Monitoring university student response
to social distancing policy during the SARS-CoV-2 pandemic using Bluetooth: the RADAR study,
Mathematics in Medical and Life Sciences, 1:1, 2425096, DOI: 10.1080/29937574.2024.2425096

To link to this article:  https://doi.org/10.1080/29937574.2024.2425096

© 2024 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

View supplementary material 

Published online: 29 Nov 2024.

Submit your article to this journal 

Article views: 81

View related articles 

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=tmls20

https://www.tandfonline.com/journals/tmls20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/29937574.2024.2425096
https://doi.org/10.1080/29937574.2024.2425096
https://www.tandfonline.com/doi/suppl/10.1080/29937574.2024.2425096
https://www.tandfonline.com/doi/suppl/10.1080/29937574.2024.2425096
https://www.tandfonline.com/action/authorSubmission?journalCode=tmls20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tmls20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/29937574.2024.2425096?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/29937574.2024.2425096?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/29937574.2024.2425096&domain=pdf&date_stamp=29%20Nov%202024
http://crossmark.crossref.org/dialog/?doi=10.1080/29937574.2024.2425096&domain=pdf&date_stamp=29%20Nov%202024
https://www.tandfonline.com/action/journalInformation?journalCode=tmls20


MATHEMATICS IN MEDICAL AND LIFE SCIENCES
2024, VOL. 1, NO. 1, 2425096
https://doi.org/10.1080/29937574.2024.2425096

RESEARCH ARTICLE

Monitoring university student response to social distancing policy during the
SARS-CoV-2 pandemic using Bluetooth: the RADAR study

Kirsty J. Bolton a, Armando Mendez-Villalon b, Henry Nanjib, Ru Jia c,d, Kieran Ayling d, Grazziela
Figueredo d and Kavita Vedhara d,e

aSchool of Mathematical Sciences, University of Nottingham, Nottingham, UK; bDigital Research Service, University of Nottingham,
Nottingham, UK; cNuffield Department of Primary Care Health Sciences, University of Oxford, Oxford, UK; dSchool of Medicine, University of
Nottingham, Nottingham, UK; eSchool of Psychology, Cardiff University, Cardiff, UK

ABSTRACT
This paper is part of a special issue on Behavioural Epidemiology.
Aim: We use the Remote Assessment of Disease and Relapses platform (RADAR) to collect Bluetooth
contact and location data from university students. We test the ability of this technology to objec-
tively capture social interaction, explore thepropensityof students to respond to changingCOVID-19
regulations, and investigate association between Bluetooth contact and mood.
Methods: RADAR data are coded by time period to reflect shifting COVID-19 restrictions. Mean
contacts per event across setting, student living arrangement and over time are explored using
non-parametric tests and generalised additive models. Individual-level associations between psy-
chological measures of mood and Bluetooth contacts are considered.
Results: Students in halls of residence had higher contacts than students in private accommodation.
Mean contacts per event peak in lockdown, drivenby a rise in outdoor contacts. Indoor contacts peak
during the earlier Tier 3 restrictions, similar to trends in GoogleMobility data. We findweak evidence
of correlation between positive mood and Bluetooth contact amongst students based in halls.
Conclusions: Passive tracking of Bluetooth contacts can provide insight into the behavioural
response to changing public health interventions. Our results are consistent with students respond-
ing to policy changes similarly to the wider community.

PLAIN LANGUAGE SUMMARY
We explore whether Bluetooth detection data can be used to monitor social contacts of university
students. We asked university students to download the RADARmobile app to regularly report their
GPS location, and the number of detectable Bluetooth devices, to a central computer. Each time a
RADAR app returns data we call an “event”. Using the location data to label each event as either
indoor or outdoors, and on or off campus, we explore changes in the number of reported Blue-
tooth contacts during a period marked by distinct shifts in COVID-19 policy. We found that students
who usually live in halls of residence had higher Bluetooth contacts per event, but these dropped as
stricter restrictions were introduced. Amongst the students in our study, outdoor Bluetooth detec-
tions per event peaked later, during national lockdown, than indoor events, similar to trends in visits
to settings across the UK provided by Google. By linking with a survey exploring mental health, we

found tentative evidence that Bluetooth contactswere associatedwithpositivemood in students liv-
ing in halls of residence. Tracking Bluetooth contacts may therefore provide a useful way to explore
changing infection risk and mental health in key groups during a pandemic. However, low uptake
and large amounts of missing data suggest further work is needed to use this Bluetooth tracking
technology effectively.
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1. Introduction

In summer 2020, Universities were earmarked as set-
tings where SARS-CoV-2 may spread rapidly [1–3]. When
in-person teaching resumed in Autumn 2020, contract
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tracing and isolation of contacts were key control mea-
sures [4,5]. Despite thesemeasures, high rates of infection
were observed amongst students at some universities [6];
prevalence often exceeded that in the surrounding com-
munities [7]. The rising prevalence of SARS-CoV-2 inmost
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regions from early September 2020 [4] eventually trig-
gered further restrictions on social interactions [5]. Given
social contacts are key drivers of respiratory disease trans-
mission, we were motivated to explore the ability and
propensity of university students to respond to COVID-19
regulations in a British campus-based University.

Contact diaries, interview-like questionnaires [8],
and/or online surveys [9], are often used to count daily
contacts that may result in the spread of a respiratory
infection. These methods all require active engagement
of participants and are liable to recall biases [10,11]. Pas-
sive collection of location and Bluetooth contact data via
smart phones provides an alternative. Commercial foot-
fall data such as Google mobility data, which provides
information on the relative frequency of visits to differ-
ent settings [12–14], and therefore an alternate proxy of
contact data [15], waswidely and successfully usedwithin
epidemic models to capture mass behaviour changes
[16]. Facebook movement data was also used to predict
surges in infection [17]. However these data streams have
many limitations; they don’t provide information on con-
tact at the setting level (e.g. university), are mute on the
nature of contacts, and provide only a crude classifica-
tion of the setting (e.g. parks versus retail [18]). Due to
privacy laws, publicly available data usually don’t provide
any informationon individual-level changes inbehaviour.

There is growing interest in theuseof low-energyBlue-
tooth sensors to monitor contact between individuals in
targeted settings such as schools [19], university halls
of residence [20], hospitals [21], care facilities [22] and
cruise ships [23]. Sensors may be integrated within smart
phones or watches, or via wearable tags. In theory signals
can be analysed to determine the distance and duration
of contacts [24], and in the case of wearable sensors, even
the posture of the participant [19]. Participation is often
limited by privacy concerns regarding surveillance [20].
Nonetheless previous studies have reported positively on
the potential for such technology to be used for con-
tact tracing [21], understanding social contact networks
[20,23], andexploring thepotential efficacyof other infec-
tion–prevention interventions [23].

We adapted the open-source health platform for the
Remote Assessment of Disease and Relapses (RADAR) [25]
to track student’s Bluetooth contacts via their smart
phone inAutumn2020. Consenting students volunteered
their GPS coordinates when downloading the app which
enabled calibration of their location via GPS, and subse-
quent classification of the location of their contacts into
indoor/outdoor and on/off-campus. This feature of the
software platform contrasts with contract tracing apps
employed in the UK [26] and worldwide, where data
privacy settings prevented such location-tracking, and
provides a novel data set for exploring the behavioural

response of university students to the evolving pandemic
context in late 2020. In this paper, we use this data set to
address the questions: Can we usemobile Bluetooth sen-
sor technology to objectively measure social contacts?
Did university students respond to the changing COVID-
19 restrictions inAutumn2020?Was the ability or propen-
sity to change social behaviour different for students liv-
ing in private accommodation and halls of residence? Are
student contact patterns correlatedwith their psycholog-
ical wellbeing?

2. Methods

2.1. Monitoring platform

The RADAR-base is a multipurpose platform for remote
monitoring. It consists of a non-intrusive mobile app,
which records data from the mobile sensors, and a back-
end responsible for retrieving the data streams gathered
[25]. Previously, it has been used within the University
for remote sensing in various mental health-related stud-
ies, some requiring National Health Service (NHS) ethics
approval for its use with participants [27]. For this study,
we utilise the RADAR-base’s open-source licence and its
flexibility to being locally deployed, allowing the instal-
lation in one of the University’s computer centres. Once
the RADAR application is installed on a mobile device, it
must be paired to the instance that will serve as back-
end and will receive and store the participant’s’ data.
For this study, the app was only configured for deploy-
ment on Android devices. Students living in halls of resi-
dencewere anticipated to have high numbers of contacts
due to their congregate living arrangements [1,2]. Moti-
vated by this concern, the active survey function of the
app was utilised, and participants were asked to nomi-
nate whether they lived in a hall of residence or private
accommodation.

The RADAR app allows the user to withdraw partially
or totally from the study. For partial withdrawal, the par-
ticipant can either change the app settings disabling the
access to the sensors or switch off the sensor desired
(Bluetooth and GPS location settings are generally easily
accessible by the user).

2.2. Experimental design

Due to the sensing capabilities of both RADAR-based
[25] mobile phones, we use Bluetooth as the technology
tool. Bluetooth is a low-power communication technol-
ogy that allows data transfer over short distances. Being
low-power limits both transfer speeds and coverage area.
However, it is reliable due to its low latency and error
correction methods. Bluetooth radios with standardised



MATHEMATICS IN MEDICAL AND LIFE SCIENCES 3

protocol are widely available in most modern computing
and portable devices [28] and have a range of approx-
imately 10 m when Line-of-Sight exists [29]. If the sig-
nal has to travel through thick materials, or the geom-
etry of the environment changes rapidly, the coverage
distance decreases proportionally [30]. Counts of hand-
shakes with Bluetooth-enabled devices in the vicinity of a
participant’smobile phonemaybe considered aproxy for
their social contact [29]. As mentioned, in contrast to the
Google/Apple Exposure Notification API [12], launched to
enable digital contact tracing [13], we record the user’s
GPS location simultaneously with the Bluetooth hand-
shake data.

2.3. Recruitment, participants and study period

This research was granted ethical approval by the Uni-
versity of Nottingham Faculty of Medicine and Health
Sciences ethics committee (FMHS 96-0920) on 25/9/2020.
Data collection using the RADAR-base began on Octo-
ber 2, 2020, and concluded formally on November 11,
2020, although some participants continued providing
data into 2021. Coincidentally this study period straddled
two distinct changes in the local COVID-19 regulations,
summarised in Table 1. Initially the University was under
Tier 2 restrictions; hospitality, retail and educational set-
tings were open, but, with the exception of support bub-
bles, only gatherings of up to six people allowed (the
“rule of six” [31]). On October 26, 2020, the Government
announced the surrounding region was to enter Tier 3
(effective 3 days later, on October 29, 2020). During Tier
3 restrictions education, retail and hospitality remained
open, and the rule of six remained, but gatherings were
only permitted in outdoor public spaces (not indoors or
in private gardens) [32]. A second national lockdown was
announcedonOctober 31, 2020, andbecameeffective on
November 5, 2020, during which only essential activities
were allowed (hospitality and retail closed but education
remained open) and outdoor gatherings were no longer
permitted [33]. This lockdown remained in place until
December 1, 2020.

OurRADARparticipantswere a subsetof (n = 893) stu-
dents who were enrolled in a longitudinal study which
involved three waves of survey data collection on demo-
graphic, mood (anxiety, depression, loneliness, positive
mood and stress) and COVID-19 vaccination intentions,
as reported elsewhere [34]. Participants were asked to fill
in an online survey (https://www.onlinesurveys.ac.uk/).
Emotional loneliness was measured with a single item
[35], depression was measured using a PHQ-9 score
[36], anxiety via the GAD-7 score [37], positive mood by
the scale of positive and negative experiences (SPANE)
[38] and stress via the perceived stress scale (PSS) [39].

Table 1. Summary of study periods and their relationship to local
and national COVID-19 regulations. Dates are provided in the
format dd/mm/yyyy.

Period Dates COVID-19 restrictions

1 02/10/20 – 28/10/20 Tier 2 Hospitality, retail and
educational settings
open, gatherings of up
to 6.

2 29/10/20 – 04/11/20 Tier 3 Hospitality, retail and
educational settings
open, gatherings of up to
6 in outdoor public
spaces only.

3 05/11/20 – 01/12/20 National
lockdown

Educational settings open,
no gatherings allowed.

Loneliness items were converted to a numeric variable
(with higher scoresmapped tomore frequent experience
of loneliness), and totals used as continuousmeasures for
all other psychological measures.

2.4. Data pre-processing

The RADAR app was programmed so that participants
return Bluetooth contact and location data up to every
10 minutes. We retain only the first record for each par-
ticipant in each hourly period. Each Bluetooth contact
event is then classified, using a location detector devel-
oped using Google maps, as indoors or outdoors, and on
or off the University campus.

We further classify each Bluetooth contact event as
occurring in one of three time periods of interest, coin-
ciding with local changes COVID-19 regulations. Period
1, from the October 5, 2020, to October 27, 2020 (tier 2),
Period2, fromOctober 27, 2020, toNovember 4, 2020 (tier
3), and Period 3 fromNovember 5, 2020, until the Decem-
ber 1, 2020, inclusive (national lockdown) (see Tables 1
and A.1). We use only wider survey data that overlaps
with the period of the RADAR study, i.e. the first wave
of data collection in October 2020, linking this to RADAR
Bluetooth contact datawhere studentshad (non-missing)
data in Period 1.

2.5. Data analysis

We present summary statistics for Bluetooth contacts
by period and setting category (indoor/outdoor, on/off
campus) for all students, and students living in halls
of residence or private accommodation. We perform an
exploratory analysis of the data by using non-parametric
hypothesis test for shifts in location of the distribution of
contacts per event in each period using Kruskal–Wallis
and Wilcoxon Rank Sum tests (with Bonferroni cor-
rection for multiple comparison within a stratum). We
include a sub-analysis of the results from individuals who

https://www.onlinesurveys.ac.uk/
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contribute data in all time periods (see Supplementary
Information § A.3).

We then use Generalised Additive Models [40] with a
zero-inflated negative binomial response distribution, tri-
alling different regression formulae, to generate explana-
tory models for our data set. Adopting GAMs allows us to
include thin-plate splines to infer the form of (penalised)
smooth temporal functions. We assume a maximum
basis size for the smoother K = 5. Models are fitted in
a Bayesian framework using the brms package [41]. We
evaluate model success using Leave One Out Cross Val-
idation [42].

Finally, we explore the Kendall τb rank correlation
between mean Bluetooth contacts and univariate psy-
chologicalmeasures available from the active survey data
(namely loneliness, depression, positive mood, anxiety
and stress) (see Section 3.4). We do not correct for multi-
ple comparisons in this exploratory analysis. Analyses are
performed using R version 4.1.3.

3. Results

3.1. Student participation

A total of 67 students were recruited for the study, of
whom 29 lived in student accommodation (either man-
aged by the University or a third party), 37 lived in private
accommodation and one student had unknown accom-
modation type. Of these 67 students, 62 had linkable data
from the first wave (October 5, 2020, to November 1,
2020) of the TRACK-COVID study [34]: 28 students in halls
of accommodation and 34 in private accommodation. Of
these students, only 24 students returned location and
Bluetooth data to the server at least once in Period 1.

3.2. RADAR data

Participation varied over the study period (see Figure 1),
with only 29 students providing RADAR data in all time
periods. The distribution of recorded Bluetooth contacts
is highly skewed; many instances in which zero or very
small numbers of Bluetooth handshakes were recorded,
and the occasional event recording hundreds of Blue-
tooth handshakes (see Figure A.1, Supplementary Infor-
mation). The maximum number of students contributing
non-missing data on a given day peaked at 31 students
on October 20, 2020. We present the number of unique
contributing students by day (i.e. the number of students
who successfully return paired Bluetooth and location
data on each day) (Figure 1a) and the mean number of
Bluetooth contacts per event by day (Figure 1 b).

Table 2 summarises Bluetooth contact data for all stu-
dents binned by period and stratified by contact location.

Table 2. Summary statistics for thenumber of Bluetooth contacts
per contact event [Nevents, mean, median (IQR)] by period and
indoor status.

Period 1 Period 2 Period 3

All 8186, 14.81, 9
(4, 17)

1515, 16.47, 8
(4, 15)

8225, 14.88, 9
(4, 15)

Setting
Indoor 4800, 15.07�† ,

10 (4, 18)
755, 14.91�� , 8
(4, 16)

4004, 12.11†� ,
8 (4, 12)

Outdoor 3386, 14.44† , 8
(4, 16)

760, 18.02� , 8
(4, 14)

4221, 17.5†� ,
11 (11,18)

On campus 405, 21.05†� , 17
(9,25)

72, 20.07� , 10.5
(6, 20.5)

1133, 13.59, 13
(9, 17)

Off campus 7781, 14.48, 9
(4,16)

1443, 16.29, 8
(4, 14)

7092, 15.08† , 8
(4,14)

Living arrangements
Halls 2309, 19.73† ,

13 (8, 21)
597, 23.03, 12
(8, 23)

3759, 16.25† ,
12 (8, 18)

Private 5877, 12.87†� , 8
(2,14)

918, 12.2� , 6,
(2,11.75)

4466, 13.72† , 7
(2,12)

Nevents counts the total number of successfully recorded contact events in
the post-processed data (this is capped at one entry per student per hour,
so at most Nstudents × days in period × 24 in a given period). Within each
row, a matching pair of superscripts indicates a difference in location of the
Bluetooth measures at 5% significance.

Overall, mean contacts per event peaked at 16.47 in
Period 2, but median contacts per event were lower in
Period 2 than the periods straddling it. Kruskal–Wallis
(KW) tests for difference in means confirm no significant
difference between distributions by Period across all data
at the 5% significance level.

When stratifying by whether events occur indoors
or outdoors, KW tests indicate significant difference
between Periods (p<0.001) in each stratum. Mean con-
tacts per indoor event were lower in Period 2 than Period
1 [difference in location 1.00, 95% CI (2.20 × 10−5, 2.00)],
in Period 3 than Period 2 (difference in location 1.00, 95%
CI (3.92 × 10−5, 2.00)) [as well lower in Period 3 than
Period 1, difference in location 1.00, 95% CI (3.92 × 10−5,
2.00)]. Mean contacts per outdoor event decreased from
Period 2 to Period 3 [difference in location 2.00, 95% CI
(1.00, 3.00)] and were lower in Period 1 than Period 3
[difference in location 2.00, 95% CI (2.00, 2.00)].

On campus contacts per event were lowest in Period
3, and significantly lower than those in Period 1 [differ-
ence in location 4.00, 95%CI (2.00, 5.00)] Period 2 contacts
per event on campus were lower than Period 1 [differ-
ence in location 4.00, 95% CI (4.91 × 10−5, 7.00)]. The
Kruskal–Wallis test indicates some difference in the loca-
tion of distributions for off campus contacts per event
by Period, which is closest to reaching significance when
comparing Period 3 and Period 1 ; however, the magni-
tude of difference in location [3.91×10−5, 95% CI (5.86 ×
10−5, 0.100)] indicates that this is not a meaningful
difference.

Overall students living in halls of residence had higher
Bluetooth contacts per event than students in private
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Figure 1. (a) Number of unique students contributing by day until the end of 2020. (b) Mean Bluetooth contacts per event by day (solid
points) with error bars indicating 95% confidence intervals estimated using 1000 bootstrapped samples for each day. Vertical (purple)
lines indicate the beginning of the data collection period, transition into Tier 3, transition into national lockdown, and the end of national
lockdown.

accommodation. Contacts per event are lower in Period
3 than Period 1 [difference in location 1.00, 95% CI (1.00,
2.00)] for hall-based students. Contacts per event for stu-
dents living in private accommodation decrease from
Period 1 to Period 2 (difference in location 1.000068, 95%
CI (1.47 × 10−5, 2.00)), but are higher in Period 3 than
Period 1 [difference in location 1.00, 95% CI (6.13 × 10−5,
1.00)] (see Table 2).

Although we have been able to classify students by
their living arrangement, their place of residence at the
onset the study period, students may have returned
“home” during term due to changes in frequency of face-
face teaching, or in anticipation of another lockdown. We
cangauge theextent towhich this occurredbyexamining
the number of hall-based students who visited campus in
each study period (28 hall-based students returned data
on campus in Period 1, 8 in Period 2 and 13 in Period 3),
indicating that fewer students may be occupying their
halls of residence in later Periods.

3.3. Generalised additivemodels

Aggregating data by Period may hide temporal trends,
particularly around the very short Tier 3 period. Here
we adopt a generalised additive model that (optionally)

Table 3. GAM regressionmodels. Here fdate,x indicates a temporal
smooth conditional on the categorical covariate x.

Model Predictor

1 β0 + xlivingβliving + xindoorβindoor + xcampusβcampus
2 β0 + fdate(xdate)
3 β0 + fdate(xdate) + xlivingβliving + xindoorβindoor + xcampusβcampus
4 β0 + fdate,indoor(xdate) + xlivingβliving + xcampusβcampus
5 β0 + fdate,living(xdate) + xindoorβindoor + xcampusβcampus

allows the mean contacts/event to vary smoothly with
time. Each model has the form:

E(Y) = g−1
(
β0 + �J

j=1fj(xj)
)
, (1)

where Y is the response (number of Bluetooth con-
tacts), g−1 is the inverse link and response function (zero
inflated negative binomial), xj are the covariates, fj are
the smoother functions for each covariate and β0 is the
intercept. We trial different forms for the predictor as in
Table 3, assuming default brms priors in each [41]. Models
2–4 all include a temporal smooth component (i.e. a non-
linear function fdate, either as the only predictor (Model 2),
or in addition to assuming all other covariates are fixed
(fj linear in xj) (Model 3). In Model 4 (5) fdate is estimated
independently for the levels of βliving (βoutdoor).
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The comparison of fitted GAM models using leave-
one-out cross validation is in favour of Model 4, though
the expected log pointwise predictive density for Model
3 is within 4 standard errors, suggesting this model per-
forms similarly [42] (Table A.7). In both Models 3 and 4,
contacts measured for off campus events are on aver-
age higher than contacts for campus events (Model 3:
βcampus = −0.11, 95% credibility interval (−0.17,−0.05),
Model 4:βcampus = −0.05, 95%credibility interval (−0.11,
0.01)) and mean contacts per event are significantly
higher for students living in halls of residence com-
pared to private accommodation (βliving = −0.31, 95% CI
(−0.34,−0.27)) (see Tables A.4 andA.5).Whenwe enforce
the temporal smooth to be independent of indoor set-
ting (Model 3), modelled mean contacts per event peak
in Period 3 (Figure 2, left panel). When we allow the
temporal smooth to be stratified by βindoor (Model 4),
modelled mean contacts per indoor event peak in Period
2/Tier 3, while mean contacts for outdoor events peak
in Period 3/national lockdown (Figure 2, middle panel).
In the right panel of Figure 2, we show Google Mobil-
ity data for the UK [43]. Google mobility data estimates
record changes (from a January 3 to February 6, 2020,
baseline) in the frequency of visits to indoor settings
(which we assume correspond to the average of “Retail
& recreation”, “Workplaces”, “Residential” and “Grocery
& pharmacy” data streams) and outdoor settings (which
we assume correspond to the “Parks” data stream for
Google users enabling “Location History” tracking [18]1)
(see middle and right panels of Figure 2).

3.4. Individual associations betweenmood and
bluetooth contact

We finda moderate but significant correlation between
individual median Period 1 Bluetooth contacts per event
and SPANE total (positive mood) (τb = 0.417, 95% CI
(0.083, 0.751))).Moderate, correlations are alsonotedwith
loneliness (τb = −0.373, 95% CI (,−0.623,−0.124)) and
total GAD (τb = −0.351) amongst students living in halls
of residence ; however, these do not reach significance
at the 5% level (95% CI (−0.805, 0.104)). No significant
associations with median Bluetooth contact were noted
amongst students in private accommodation, or for the
linked study sample as a whole (see Table 4).

4. Discussion

We report on paired Bluetooth contact and location
data for over 20,000 events from 67 students during

1 We ignore the “Transit” data stream, which may be a mixture of indoor and
outdoor settings, however the qualitative trends in mobility data are not
sensitive to this choice.

Table 4. Kendall tau rank correlation coefficient between mood
measures and individual median Period 1 Bluetooth contacts,
together with 95% confidence intervals. Numeric values are trun-
cated to three significant figures.

Living τb 95% CI

GAD total All −0.108 (−0.399, 0.183)
Halls −0.351 (−0.805, 0.104)
Private 0.069 (−0.316, 0.454)

Loneliness All −0.107 (−0.372, 0.158)
Halls −0.373 (−0.623,−0.124)
Private 0.040 (−0.362, 0.442)

SPANE total All 0.121 (−0.175, 0.417)
Halls 0.417 (0.083, 0.751)
Private −0.105 (−0.568, 0.358)

PSS total All −0.099 (−0.358, 0.160)
Halls −0.261 (−0.585, 0.063)
Private −0.013 (−0.395, 0.370)

PHQ total All −0.053 (−0.284, 0.178)
Halls −0.234 (−0.552, 0.084)
Private 0.019 (−0.312, 0.350)

October–December 2020. Enrolment in this study was
significantly smaller than those in the wider study, indi-
cating some reluctance to permit sharing of Bluetooth
contact data. Participation also varied over the course
of the study, with at peak 31/67 providing data on a
given day. There are many possible reasons for missing
instances of Bluetooth contact data for students enrolled
in the study; loss of internet connection, deactivation of
sensors, or disabling tracking within the app. The RADAR
app can be a significant drain on battery life, which may
cause students to disable tracking. The Bluetooth sam-
pling rate is inversely correlated the RADAR application’s
battery usage. While fine temporal sampling may be of
interest to determine the epidemiological significance of
contact events, as currently designed, sampling every 10
minutes likely contributed to the high rates of missing
data. Optimising app performance and communicating
onwith study participants about its use tominimisemiss-
ing data may therefore be useful for future work in this
space. Nonetheless, by treating each contact event as
independent, we were able to assemble a large data set
and explore setting-dependent temporal trends that did
not rely on self-reported social contact.

To facilitate theexplorationof student ability to adhere
to COVID-19 social distancing policy, we have coded the
settings of recorded events as either indoor or outdoor,
and on campus or off-campus. Our post-hoc analyses
suggest that students responded to the changing COVID-
19 regulations. In particular, when aggregating data by
Period, Bluetooth contacts per event in indoor settings
were highest in Period 1. In contrast, mean Bluetooth
contacts per event in outdoor settings peaked in Period
2, suggesting that students may have been substituting
indoor contacts with permissible (albeit with restrictions)
outdoor socialisation. Given the approximate radius of 10
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Figure 2. Comparison of GAM Model 3, with single temporal smooth (left panel), GAM Model 4 (with temporal smooth conditional on
βindoor,middle panel), and UK Google mobility data in Parks and the average of Retail, Work and Grocery visits (right panel). Conditional
GAM effects are for off campus, indoor contacts for students residing in halls; due to the additive nature of the GAM, the temporal trend
consistent across settings.

m for Bluetooth detection, it is important to note that the
detection of a Bluetooth contact event does not imply
that the participant was not observing social distancing
policy.

We used generalised additive models with thin plate
splines to further examine temporal trends in the data.
A GAM model with a single smooth (Model 3) suggests
that, overall, mean contacts per event peaked during
lockdown. However, if we allow the smoother to be con-
ditional on whether a setting is indoors or outdoors, then
we recover trends that are similar to those in UK-wide
mobility data: indoor contacts rising under Tier 3 restric-
tions, an initial increase in outdoor contacts during lock-
down, and indoor contacts falling before outdoor con-
tacts after the introduction of a national lockdown. We
note that our GAMModel 3 does not describe the propor-
tion of contact events that occur indoors or outdoors, but
the change inmeanBluetooth contacts for contact events
recorded indoors or outdoors. In contrast, the Google
mobility data quantifies the change in frequency of vis-
its to each setting compared to a pre-pandemic baseline,
and should only be qualitatively compared to our results.

Students in halls of residence had higher contacts per
event in all Periods. Mean contacts per event were higher
off-campus thanon-campus, consistentwithexplorations
of settings of highest SARS-CoV-2 transmission risk in a

similar population [8]. Differences in contact trends per
event may also reflect changes in the delivery of teach-
ing during the autumn term, with decreasing propor-
tions of hall-based students recording on campus con-
tact events. We do not have baseline data on students’
changing social behaviour over the period of the aca-
demic year, and it is possible that not all of the observed
changes are driven by changes in pandemic policy. While
we note similar trends between settings, periods and
student living arrangements amongst student who con-
tribute data in each Period (see Supplementary Informa-
tion § A.3), we have not attempted tomodel or correct for
the representativenessof ourdatawith respect to student
characteristics, and treat each contact event indepen-
dently. Participants may not be representative of the stu-
dent population, and the relative contribution of differ-
ent student groups may change over time. We have not
considered any role of infection on Bluetooth contacts,
which can for example, drive anomalies in mobile phone
data [44].

We found tentative evidence that mood is associated
with the median Bluetooth contact per contact event
for students living in halls of residence; loneliness and
anxiety were associated with fewer Bluetooth contacts
per contact event, and positive mood was associated
with higher Bluetooth contacts per contact event. The
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direction of the associations we report is consistent with
another study exploring the impact of social interaction
andmood (see, e.g. [45], for a study inolder adults).Weare
unable to identify thepotentially complex casual relation-
ships between social experiences andpsychologicalmea-
sures. We have not controlled for infection history, which
may systematically differ by student residential setting
[46]. Nor we have controlled for, e.g. exposure to nature,
which pre-pandemic studies have indicated can increase
positive mood [47]. In a study of German students during
the SARS-CoV-2 pandemic, Hopp et al. [48] found lower
emotional loneliness amongst students whose close con-
tactswere similar to them, further hinting that raw counts
of contact events may be insufficient to predict this out-
come. Further interdisciplinary work exploring the rela-
tionship between and mental health, social and other
activity, and infection is warranted.

We have focused on a post-hoc analysis of our
data; however, real-time analysis is in principle possi-
ble. As configured, the RADAR app records a unique
(non-identifiable) Bluetooth handshake for each contact
event. Ethical considerations and privacy laws permit-
ting, adding capability to remember previous Bluetooth
handshakes with a device would open up possibility
for data processing and modelling to comment on the
size and structure social networks, duration of contacts,
as well correcting for the possibility that contacts carry
multiple Bluetooth devices. Our ability to automatically
classify events by setting enabled novel insights regard-
ing response to policy. Commercial data that is strati-
fied by key demographic characteristics, such as Hong
Kong Octopus Card transaction data used as a proxy for
mobility/contact by age in modelling work, [49] may pro-
vide a useful compromise to holding potentially sensi-
tive individual level data. Future work in this field may
involve pairing data with infection and/or serology data
to explore the relationship between Bluetooth contacts
and infection risk [8]. Bluetooth contact data, paired with
self-reported influenza-like-illness in university students,
has been used to simultaneously infer network dynamics
and transmission rates [50]. Such endeavours will likely
be more fruitful using an experimental design that can
measure contact proximity and duration.

5. Conclusion

Passive tracking of Bluetooth contacts combined with
GPS data, even with small numbers of participants, can
provide insights into the behavioural response to chang-
ing public health interventions. These data suggests
that, at least qualitatively, students responded to pol-
icy changes similarly to the wider community; indoor
Bluetooth contacts per event decreased rapidly at the

beginning of lockdown, with contacts per outdoor event
falling after a delay. Active survey data allowed us to
stratify our proxy contact data by student living arrange-
ment, to identify some (aggregated) differences in trends,
suggesting the extension of this type of contact moni-
toring could help inform tailored public health policy in
pandemic scenarios.

When linking individual Bluetooth contact data to
survey data on mood in an exploratory analysis, we
report moderate correlation between positive mood and
median Bluetooth contacts per event for students living
in halls of residence. Studies integrating psychological
data with objective measures of social contact and pres-
ence in different types of settings may help tailor policy
to accommodate the needs of different sub-populations.
However, high rates of missing Bluetooth contact data
indicates a need to optimise the technology available for
passive, real-time surveillance of contact data for use in
pandemic scenarios.
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