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Abstract

Due to the challenges in data collection, there are few studies examining how individuals’ routine
mobility patterns change when they experience influenza-like symptoms (ILS). In the present
study, we aimed to assess the association between changes in routine mobility and ILS using
mobile phone-based GPS traces and self-reported surveys from 1,155 participants over the 2016—
2017 influenza season. We used a set of mobility metrics to capture individuals’ routine mobility
patterns and matched their weekly ILS survey responses. For a statistical analysis, we used a
time-stratified case-crossover analysis and conducted a stratified analysis to examine if such
associations are moderated by demographic and socioeconomic factors, such as age, gender,
occupational status, neighborhood poverty and education levels, and work type. We found that
statistically significant associations existed between reduced routine mobility patterns and the
experience of ILS. Results also indicated that the association between reduced mobility and ILS
was significant only for female and for participants with high socioeconomic status. Our findings
offered an improved understanding of ILS-associated mobility changes at the individual level and
suggest the potential of individual mobility data for influenza surveillance.
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1 Introduction

Seasonal flu is a contagious respiratory illness caused by influenza viruses. The health
burden associated with influenza has been well-documented (Molinari et al., 2007; Chang
et al., 2016). In 2018, for example, the Centers for Disease Control and Prevention (CDC)
reported approximately 30 million symptomatic illnesses, 13 million medical visits, and 500
thousand influenza-related deaths nationwide as the annual burden of seasonal flu (Centers
for Disease Control and Prevention, 2018a).

Influenza surveillance system tracks the temporal and spatial variations of influenza onset,
and uses the collected information to provide effective prevention and control measures
against epidemics. However, the current influenza surveillance system underestimates the
actual incidence cases and thus fails to provide real-time information (Hayward et al.,

2014; Yang et al., 2015). These issues are often associated with reporting lags and their
dependence on hospital usage data, such as outpatient visits and hospitalizations, as a
primary data source (Lee and Wong, 2014; Yang et al., 2017). To address these issues,
attempts have been made to leverage other data sources, such as the records of students’
absences from school (Aldridge et al., 2016), online search trends for flu (Yang et al.,

2015; Shin et al., 2016), and portable sensor measurements (Miller et al., 2018; Konty

et al., 2019). In their longitudinal study of dengue and influenza, Perkins et al. (2016)
demonstrated the utility of individual’ mobility data as a means to infer personal health
status, noting that study participants’ mobility patterns changed while they were coping with
fever. Similarly, Barlacchi et al. (2017) showed that individuals’ mobility patterns could be
used as a predictor of the onset of influenza illness, although their findings were based on
the unrepresentative sample (e.g., 27 study participants) over a relatively short period (e.g., a
month) that did not cover the full cycle of a typical influenza season.

Traditionally, individuals’ mobility data and disease symptoms have been collected via mail,
telephone, or personal observations/interviews, all of which are time-consuming, costly, and
labor-intensive. These challenges in traditional data collection have led to a dearth of studies
examining the association between mobility and health status. In recent years, however,

the widespread use of mobile phones has enabled investigators to tackle these problems by
using massive mobile phone data as a proxy of human mobility (Wesolowski et al., 2016).
Mobile phone tracking data consists of a series of geographical coordinates collected by
Global Positioning System (GPS) technologies, and these GPS traces reflect individuals’
movements and whereabouts at fine scales.

Most previous studies (Schénfelder and Axhausen, 2003; Sita-Nowicka et al., 2016) that
captured human mobility patterns from mobile-phone data relied on a few common mobility
metrics, such as the number of places visited, duration of stay at each place, and travel
distance between visited places. Others quantified the regularity and spatial range of
individuals” mobility using either entropy-based measures (Song et al., 2010; Xu et al.,
2018) or radius of gyration (Gonzalez et al., 2008; Barbosa et al., 2018). These metrics

are in common to reveal individuals’ routine mobility patterns, which likely change when
they experience influenza-like symptoms (ILS) like fever and extreme fatigue. To the best
of our knowledge, however, there are no previous studies that have quantified mobility by
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these multiple mobility metrics to test the association between changes in routine mobility
patterns and the onset of influenza illness.

We further hypothesized that the changes in human mobility associated with influenza
illness would be more pronounced among individuals with higher risks of experiencing
severe symptoms. For instance, the risk of complications of influenza-like pneumonia is
higher for the elderly compared to younger persons (Lee et al., 2010; Talbot, 2017).
Similarly, the symptoms tend to be more severe for females than males (Lorenzo et

al., 2011; Klein et al., 2012). Meanwhile, changes in individuals’ mobility patterns in
response to experiencing influenza-like illness may also vary by socioeconomic status
(SES). Specifically, individuals with high SES have greater discretion over their work or
economic capacity to afford absence from work than individuals with low SES (Gozzi et al.,
2021; Lee et al., 2021), and consequently, mobility patterns would be more likely to change
for the individuals with high SES compared to the ones with low SES.

In the present study, we tested the hypothesis that individuals’ routine mobility patterns
change when they experience ILS using mobile phone tracking data. Specifically, we
investigated this question by combining the mobile phone-based GPS traces with weekly
self-reported symptom surveys collected from 1,155 study participants in western New York,
U.S., over the entire influenza season in 2016-2017. We matched participants’ mobility
patterns quantified by multiple mobility metrics with their self-assessed ILS, and conducted
statistical analyses to evaluate if the changes in individuals’ routine mobility patterns would
be associated with the onset of ILS. We also explored if such associations between mobility
changes and onset of ILS are moderated by individuals’ demographic characteristics and
socioeconomic status.

2 Materials and Methods

2.1 Study Area and Data

The present study is based on a larger project (Yoo, 2019; Yoo et al., 2020, 2021b; Eum

and Yoo, 2021), and focuses on a total of 1,155 study participants who were the residents

of Erie and Niagara counties in western New York, US, and had experienced ILS at least
once during the study period. We recruited the study participants via invitation letters, flyers,
online advertisements using social media, and local news. Each participant began their
survey on different days between 10/24/2016 and 12/18/2016 and engaged in the survey for
different periods (with a minimum of 129 days to a maximum of 224 days) with an average
of 201 days. The survey officially ended on 05/22/2017.

The participants provided home and work addresses, as well as personal information,
such as gender and age group (age 13-17, 18-34, 35-64, and over 65 years old). They
also provided information about their occupational status whether they were a full-time
employee, part-time employee, student, or unemployed. Sensitive information about study
participants, such as income and education level, was not collected to protect participants’
privacy.
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Each participant installed a mobile phone application (app) developed by the research team
and completed weekly surveys using the app. Participants reported if they had at least one
of the influenza-like symptoms (e.qg., fever, runny nose, sore throat, cough, and nausea) in
the past week. The weekly survey questions also included their coping strategies to the
ILS in case they experienced ILS, asking them to select any from the following options:
going to work or school while sick; staying home sick from work or school; visiting a
doctor; or taking over-the-counter-flu medicine. Lastly, participants were asked to report
the name and addresses of up to five most frequently visited places (FVPs) during the past
week except the home address. While participants were able to initiate the survey anytime
at their convenience, the app sent a notification every Monday to maximize their survey
participation.

In addition, we collected location information (i.e., geographical coordinates), time, speed,
and the accuracy of the GPS traces using the app that relied on the iPhone’s significant-
change location service (Apple Inc., 2019). This location service was triggered to record

a new location if a movement of a device was detected, typically more than 500 m away
from the last recorded location. Although this distance threshold was sometimes too coarse
to discern some visited places from others, it was a pre-determined parameter by Apple Inc.,
and could not be changed. We also used a power-friendly location service to support our data
collection because battery drainage can be a major problem of mobile phone-based location
tracing. The survey was approved by the Institutional Review Board of the university authors
are affiliated with.

During their participation over a six-month period, a small number of participants made trips
outside the study area, although these were rare (< 2% of total traces). After we confirmed
that those trips outside the study area were not a part of individuals’ routine mobility, we
excluded such GPS traces in the subsequent analyses.

As reported by Yoo et al. (2020), GPS traces collected using the iPhone’s significant-change
location service suffered from missing data problems. Specifically, no GPS tracing occurred
near the places where individuals stayed still or spent substantial amounts of time, and the
presence of such missing data in GPS traces led to incorrect inference of individuals’ routine
mobility patterns. To address the issue, we imputed the under-reported GPS traces at the
locations where the device remained static. We refer readers to Yoo et al. (2020) for details,
but a brief description of the algorithm is provided in Appendix A.

In order to determine the land-use type of places at which participants visited, we

used parcel data for Erie and Niagara counties obtained from the New York State GIS
Clearinghouse (https://gis.ny.gov). The GIS polygon data contains information on property
types, as defined by the New York State Department of Taxation and Finance (https://
www.tax.ny.gov/research/property/assess/manuals/prclas.htm). We classified the parcels into
six property types: residential, commercial, recreational, educational, healthcare, and others.

The socioeconomic status (SES) information was not directly collected from study
participants, but it was inferred from their home and workplace addresses. Here, we used
the following three variables as a proxy of participants’ SES: (1) neighborhood poverty;
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(2) neighborhood-level educational attainment; and (3) the type of workplace (Lowcock
etal., 2012; Levy et al., 2013; Mingo et al., 2014). We obtained 2011-2016 American
Community Survey (ACS) 5-year estimate data (https://data.census.gov/cedsci/) for the two
neighborhood-level variables. Specifically, we operationalized neighborhood poverty as the
percentage of persons living below the federal poverty level within each census tract.
Similarly, we defined neighborhood-level educational attainment as the percentage of people
living in census tracts without a high school degree. We further classified these variables
into four quartiles of low, mid-low, mid-high, and high, and used them in subsequent
analyses. See Appendix B for details on the two neighborhood-level SES variables and

their classification scheme. Lastly, we matched the reported workplace address with both
the Google Places database (https://developers.google.com/maps/documentation/places/web-
service/overview) and tax parcel data and extracted the contextual information about each
participant’s workplace. We classified workplaces into one of the two categories: blue-collar
(e.g., construction, farming, forestry, fishing, and manual labor) or white-collar occupation
(e.g., education, professional, and public administration).

2.2 Quantification of Mobility Patterns: Mobility Metrics

The online survey was conducted on a weekly basis, although GPS traces were collected
along with each participant’s movements. To illustrate mobile-phone based GPS trace data,
we mapped out the location of visited places for two randomly selected participants on

the week of 12/12/2016 — 12/18/2016 (see Figure 1). Here, the size of circles increased in
proportion to the dwell time at each visited place, and the lines between two places were
drawn according to the sequence of visits. Clearly, we can quantify the differences in the
mobility patterns of these two individuals by comparing the number of frequently visited
places (2 versus 4 places) and the time spent at home (17.9 versus 15.9 hours).

To coordinate the GPS traces with the weekly online survey, we summarized individuals’
GPS traces as weekly mobility pattern metrics using the following mobility metrics
(Schonfelder and Axhausen, 2003; Gonzalez et al., 2008; Xu et al., 2018):

. Total number of places visited ()

. Number of places visited per property type 8 (AP < N)

. Dwell time at home ( 77), work ( 7%), and frequently-visited places (7*)
. Activity entropy (£)

. Radius of gyration (/), and

. Total travel distance (D).

First, we identified a set of frequently visited places (FVPs) based on the weekly online
survey. Next, we created a set of weekly visited places by adding participants’ home

and work addresses to FVPs. Our research team geocoded these weekly visited places

using the Geocoding API of Google Maps Platform (https://developers.google.com/maps/
documentation/geocoding/start). Lastly, we combined the geocoded weekly visited places
with the GPS traces collected on the same week for each individual to confirm participants’
visits to reported places. We also measured dwell time at visited places as a mobility metric.
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To account for the positional error that might be present in the GPS traces (Yoo et al., 2020),
we used a 1 km buffer centered at each geocoded location while merging the two datasets
(DeMers, 2008).

Mobility metrics were calculated from the merged data set (weekly visited places and GPS
traces). We calculated the total number of visited places (N) each week and identified

the property type of places that participants visited. The property type was determined by
overlaying the geocoded FVPs with GIS parcel data. This information was summarized

by calculating the number of visited places per property type each week for residential
(A", commercial (A), recreational (), educational (A#), and healthcare (A% facilities,
respectively.

We calculated the dwell time at each participant’s known locations, such as home (77,
work (7"), and FVPs (7"), using GPS traces on a weekly basis. The total dwell time at
each known place was calculated by adding the total dwell time of each GPS trace that was
assigned to the place. We assumed that the time interval between consecutive GPS traces
represents the dwell time at each GPS position because the location data were collected
using the iPhone’s motion-triggered system.

We also calculated activity entropy (Song et al., 2010; Barlacchi et al., 2017; Xu et al., 2018)
to capture how each participant allocated time across the places visited. The activity entropy

was calculated as E = — Z,’,V: 1 Plog(p™) based on the proportion of dwell time at each place

over the total dwell time at A/places, i.e., p” = T"/ 3. T". The activity entropy is the lowest
(i.e., zero) if a participant spent an entire week at one place, and its value increases if A/ gets
larger (i.e., the individual visited more places). That is, if an individual spends more time

at home due to ILS, the value of activity entropy decreases. Meanwhile, £ increases as an
individual spends the same amount of time at multiple places. In summary, £ quantifies the
predictability or, conversely, the diversity of an individual’s mobility patterns.

The radius of gyration is a standardized measure of the geographical extent of an

Y (Tm-TFo)
M

individual’s mobility (Xu et al., 2015), and calculated as R = \/ . Here g,

m=1, ..., Mis the geographical coordinates of each GPS trace, where the total number of
GPS traces is denoted by M. The mean center of the GPS traces is denoted by g’...

We also measured the total travel distance D by calculating the sum of the travelled distance
between consecutive GPS traces each week.

2.3 Statistical Analysis: Case-crossover Design

We applied a time-stratified case-crossover design with a conditional logistic regression
model to study the association between individuals’ mobility patterns and their experience
of ILS. For each individual, the mobility metrics of the week when the participant reported
one’s experience of ILS (“case’ week) was compared with the mobility metrics on the other
weeks during the same month and the year without ILS (‘control’ weeks). By selecting
control weeks from the same month and the year, we assessed the associations between
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changes in participants’ mobility patterns and their ILS while effectively controlling for
potential confounding effects, such as participant’s age, gender, and other fixed participant
characteristics (Janes et al., 2005; Carracedo-Martinez et al., 2010).

We developed a conditional logistic regression model for each of the mobility metrics with
the self-assessed health status. Here, if a participant experienced ILS during the week of
interest, we assigned 1 and O otherwise. For the mobility metrics associated with dwell time
and travel distance, we used daily average by dividing the weekly metrics by 7 days in order
to align with other metrics in the model fit.

In addition, we conducted a stratified analysis to examine the moderation of associations
between changes in mobility patterns and ILS by individuals’ age, gender, occupational
status. We further assessed the effect modification by individuals’ SES based on their
proxy variables. The statistical significance of the difference between each stratum-specific
model coefficient was also tested. Specifically, we calculated the z-score of the difference

as (f) - /?2)/(45% + a%) where 4, and j, denote the model coefficients in the conditional
logistic regression models, and o1 and o> are the standard errors of the models (Malig et al.,
2016; Chen et al., 2019; Yoo et al., 2021a).

All the analyses were conducted in R 3.4.0 (R Core Team, 2017). We used the survival
package to fit the conditional logistic regression models.

3 Results

3.1 Study Participants and Survey Data

Among the total of 1,155 participants, the majority were females (68%) and 35 and 64 years
old (56%). As summarized in Table 1, a total of 144 participants (12%) were students, and
863 (75%) were either full- or part-time employees who reported their work addresses. Only
148 participants (13%) reported being unemployed at the time of their participation.

We received a total of 32,252 online survey responses from the 1,155 participants during the
study period. On average, participants submitted their surveys for 27.9 weeks (out of a total
of 30 weeks). We received a majority (75%) of the survey responses on Mondays, which
indicates that potential recall bias in the survey was minimized by the app notification. As
shown in Figure 2, the number of participants who experienced ILS increased from the
beginning of the influenza season in October, 2016 up to its peak (26.2%) on the last week
of December, 2016. The infection rate decreased with some fluctuations in the rest of the
study period. Our observation was consistent with the CDC report (Centers for Disease
Control and Prevention, 2018b) on the influenza season.

In terms of their responses to the experiences of ILS, a total of the 5,624 online survey
responses (48.7%) of the participants reported that they kept working or went to school.
Only 503 responses (8.9%) were associated with the behaviors of seeking medical assistance
(i.e., went to see a doctor) while experiencing ILS (Table 2).
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3.2 Mobility Metrics

In Table 3, we summarized the study participants’ weekly mobility patterns using the twelve
mobility metrics described in Section 2.2. On average, the study participants stayed at home
for 101 hours and visited about 4.8 places per week. The average weekly travel distance
was 343 km. We also examined mobility metrics by age, gender, and occupational status

of each participant. The Welch two-sample t-test suggested that mobility patterns were not
significantly different by gender, but they were significantly different from one age group

to the other and by their occupational status (p-value < 0.05). Specifically, adults aged 18

to 64 had greater mobility than both teenagers and the elderly (over 65 years old) in terms
of the radius of gyration and total travel distance. The mobility patterns of the youngest age
group were the least predictable and irregular even though the number of places they visited
were fewer than those of other age groups. As expected, the elderly spent most of their

time at home (substantially higher than any other age group), and the spatial extent of the
youngest age group’s mobility was significantly smaller than the radius of gyration of adults
(p-value < 0.05). Full-time workers traveled a greater distance over larger spatial areas than
the participants in other occupational statuses, although the differences were significant only
from part-time employees. Unemployed individuals spent longer hours at both home and
FVPs than any other group of participants. We also found that students had a significantly
smaller number of visited places compared to other participants.

3.3 Associations between mobility and influenza-like symptoms

The odds ratios (OR) and the 95% confidence interval (Cl) obtained from the conditional
logistic regression for each mobility metric are summarized in Figure 3. We found that the
dwell time at home (7)) was a significant mobility metric as an hour increase of dwell time
at home increased the odds of being sick (OR = 1.01; 95% CI = 1.00-1.04). Similarly,

we found that the dwell time at work ( 7%) was negatively associated with ILS (OR =

0.95; 95% CI = 0.92-0.98). We also found that a unit decrease of both activity entropy
(OR =0.66; 95% CI = 0.52-0.83) and the total travel distance (OR = 0.94; 95% CI =
0.92-0.95) showed significant associations with increased odds of having ILS. Meanwhile,
no statistically significant associations were found for the number of places visited nor the
radius of gyration.

Table 4 presents the summary of estimated associations between changes in mobility
patterns and ILS experiences across different age groups, genders, occupational statuses,
neighborhood poverty and education levels (categorized into four groups), and work types
(two categories). The gender-stratified analysis suggested that decreased dwell time at work
was significantly associated with ILS for both males and females. However, the decreased
number of visited places, reduced activity entropy, and shortened travel distance were
significantly associated with ILS only for females. We found that these gender differences
were statistically significant with p-values of 0.01, 0.03, and 0.02 for the number of visited
places, activity entropy, and travel distance, respectively.

We did not find statistical differences across different age groups, although a noticeable
difference was found among the participants by their occupational status. Decreased
working hours were significantly associated with ILS for full-time employees, but not a
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similar pattern was found for part-time workers and students. In turn, increased dwell time
at home and reduced dwell time at F\VVPs were significant mobility metrics associated with
ILS in both students and part-time employees. Lastly, the odds of unemployed and full-time
working participants experiencing ILS significantly increased with decreased total travel
distance.

We also found that there exist significant differences in the associations between individuals’
mobility and the experiences of ILS by SES of participants. We found that the experience

of ILS was significantly associated with increased dwell time at home and a decrease

in the radius of gyration among the participants with the lowest poverty level (wealthy
neighborhoods), but this association was insignificant among the participants who resided in
poor neighborhoods (p < 0.05). Similarly, the total travel distance was negatively associated
with the experiences of ILS among the participants with higher educational attainment

(OR =0.91; 95 % CI = 0.87-0.96), but they were not significant for participants with

lower educational achievement. Lastly, the mability patterns of blue-collar workers did not
significantly change associated with ILS, whereas the dwell time at work and travel distance
significantly reduced for white-collar workers (with a statistically significant difference at a
significance level of 0.05).

4 Discussion

We examined associations between individuals’ experience of influenza-like symptoms
(ILS) and their routine mobility patterns using both mobile phone-based GPS traces and
self-reported health surveys. We matched participants’ mobility patterns quantified by
multiple mobility metrics with their self-assessed ILS, and conducted statistical analyses
using a time-stratified case-crossover design. The present study is one of a few attempts that
have been made to evaluate the changes in individuals’ routine mobility associated with their
experience of ILS. Our assessment was based on large-scale data that covered the full cycle
of an influenza season, which is rare. Our study further found evidence that the association
between mobility and ILS was moderated by individuals’ demographic and socioeconomic
characteristics, whereas such effect modification has not been studied sufficiently.

Based on statistical analyses, we identified key mobility metrics inferred from GPS traces
that were significantly associated with individuals’ experiences of ILS. These include
increased dwell time at home, decreased activity entropy, and shortened travel distance.

Our findings on the key mobility metrics suggest mobility data might be useful to improve
existing influenza surveillance systems by providing real-time and accurate data on seasonal
influenza epidemics. As noted in the previous studies (Lee and Wong, 2014; Yang et al.,
2015; Aldridge et al., 2016), traditional surveillance systems often underestimate the actual
onset of influenza (or influenza-like illness) because not everyone uses health facilities
when he/she experiences ILS. This underutilization of health facilities was also found in our
survey on the small percentage of medical visits in response to ILS (Table 2), as well as

the statistically insignificant association between the number of health facilities visited (A“)
and ILS (Figure 3). We believe that the use of mobility data has the potential to overcome
the discrepancy between hospital record-based surveillance and disease symptoms in public.
This is in line with the suggestions from previous studies that used new data sources, such
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as online search, social media, electronic health records, and crowd-sourced self-reports,

to complement the traditional surveillance system and allow reliable real-time estimates of
influenza activity (Santillana et al., 2015, 2016; Baltrusaitis et al., 2018). As the availability
of individual mobility data increases at a large scale, the accurate inference of influenza
illness based on human mobility patterns could provide alternative information for influenza
surveillance.

In our stratified analysis, we found that associations between individuals’ ILS and mobility
patterns substantially differ by gender. Several mobility metrics representing reduced
mobility showed a significant association with ILS among female participants, whereas
these were not significant for male participants. Given that ILS-related mobility reduction
would be highly dependent upon the severity of the symptom, our findings on the gender
differences support the findings of previous studies that symptoms of influenza infection
are generally more severe among females (World Health Organization, 2010; Lorenzo et
al., 2011; Klein et al., 2012). Although the elderly participants (over 65 years old) are

at a greater risk for severe symptoms than other age groups, our results did not indicate
any key mobility metric being significant. The routine mobility of this group could be less
modifiable than other age groups, but this might be due to its small sample size in that

the statistical analysis result for this stratum was highly uncertain. Further investigation is
warranted to confirm our findings.

We also found that the reduced dwell time at work was a significant indicator for ILS of full-
time employees, but not among part-time workers. According to Bureau of Labor Statistics
(2018), approximately 85 to 99 % of full-time employees have access to paid leave, while
only 40 to 44 % of part-time employees have the same benefit. Previous studies also showed
that workers without access to paid sick leave have a significantly lower probability of
calling in sick for influenza iliness compared to those with access to paid leave (DeRigne et
al., 2016; Piper et al., 2017), which we related to our findings. The statistical analyses also
indicated that significantly reduced mobility was associated with ILS among the participants
in higher SES, consisting of participants residing in the neighborhood with lower levels

of poverty or higher levels of educational attainment, and white-collar workers. That is,

our findings on the fact that individuals with high socioeconomic conditions had a higher
level of flexibility to modify their mobility when they experience ILS is in line with recent
reporting on COVID-19 pandemics where populations with higher SES could decide where
to work (home versus workplace) and could afford social distancing (Gauvin et al., 2020;
Duefias et al., 2021; Gozzi et al., 2021; Lee et al., 2021).

We elected not to distinguish mobility patterns observed during weekdays versus weekends
based on the results of our preliminary analysis (see Appendix C), where the effect
modification by the distinction between weekdays and weekends was not significant.
Similarly, we did not include the information on vaccination for influenza among study
participants in our analyses due to the relatively short latent period (average 2 days with a
range of 1 to 4 days) for influenza symptoms (Hamborsky et al., 2015). Given that about
46% of the participants were vaccinated for influenza throughout the study period, we
believe that the effect of vaccination on the short-term mobility changes might have been
significant.
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The present study has several limitations. First, influenza-like symptoms of participants were
based on their self-diagnostics, but not necessarily confirmed by professionals or a medical
examination. The findings of our study would be more convincing if the self-reported ILS
were validated. Second, participants’ GPS traces contain positional uncertainty from various
sources, including the 500 m distance threshold of the iPhone’s significant-change location
service. Despite our efforts to minimize the potential bias, some fine-scale mobility metrics
might have been affected by the locational error in GPS traces. In addition, we quantified

a set of mobility metrics based on Euclidean distance in the present study. To quantify a
more realistic measure of mobility, however, a transportation network-based travel distance
calculation is warranted. Lastly, our findings were based on weekly surveys and thus not
able to capture daily mobility changes. It is possible, thus, that statistical analyses based

on daily influenza symptoms and mobility patterns might have led to different results.

In summary, we believe that further investigations based on relatively short-term mobility
changes associated with the daily onset of influenza-like illness could lead to a better
understanding of the relationship between human mobility and individuals’ influenza illness.

5 Conclusion

We assessed the associations between changes in individuals’ mobility patterns and the
onset of influenza-like symptoms based on relatively large-scale, fine-grained, individual-
level data using a case-crossover design. Our analysis suggests that the incidence of

ILS can be inferred from personal location information collected by GPS-enabled mobile
phones. Meanwhile, we found that the key mobility indicators significantly associated with
symptoms of influenza-like illness, such as increased dwell time at home, decreased number
of visited places, shortened travel distance, vary considerably by gender and occupational
status. In addition, mobility of the participants in high socioeconomic conditions reduced
significantly associated with ILS. Although our findings have implications for public
health surveillance, further investigation is warranted to explore the associations between
individuals’ mobility patterns and influenza illness at the daily level.

Acknowledgement

Appendix

This research was supported by the National Institutes of Health [R01GM108731]. The funding organization had no
role in study design; collection, analysis or interpretation of data.

A: Missing Data Imputation

We collected mobile phone tracking data using the significant-change location service, a
motion-triggered system. Thus, the GPS traces entailed missing data around the places
where the participants stayed long, and the missing data led to inaccurate inference of
mobility patterns. To enhance the data quality by imputing under-reported GPS traces, we
first selected two consecutive GPS recordings where the time interval between them was
greater than 30 minutes and less than 24 hours if they meet one of three criteria: (1) more
than 500 m distant from each other; (2) within the same parcel boundary; or (3) within 500
m from the home, work, and weekly reported FVVPs. For the selected GPS recordings, we
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imputed missing data at a 30-min interval on the firstly recorded location while accounting
for moving speed for the last imputed data point. The imputation results significantly
improved the performance of quantifying mobility patterns from GPS traces.

B: Neighborhood-level Socioeconomic Status (SES)

We estimated neighborhood-level poverty and educational attainment by merging the home
address of each participant with ACS statistics at the census tract level (average population
of 3,700; median land area of 2.5 k77). First, we identified the census tract within which
participants’ home addresses fall. Next, we calculated the percentage of people below the
federal poverty level for each census tract. Lastly, we categorized the census tracts into four
quantile groups to represent poverty status in the neighborhood: low (<6%), mid-low (6—
11%), mid-high (11-26%), and high (26-64%). We also estimated the neighborhood-level
educational attainment by calculating the percentage of people who had not graduated

high school among the population over age 25. The census tracts were classified into four
quartiles indicating the level of educational attainment: low (15-60%); mid-low (8-15%);
mid-high (4-8%); high (<4%). The aforementioned categories of each variable was used to
proxy study participants’ neighborhood-level socioeconomic conditions.

C: Sensitivity Analysis: Weekdays versus Weekends

We evaluated the effect of differentiating weekdays from weekends on the association
between mobility pattern changes and ILS. Specifically, we calculated mobility metrics, and
conducted the time-stratified case-crossover analysis for weekdays and weekends separately.
The mobility pattern metrics during the weekdays and weekends were distinguished from
each other as found in the literature (Schlich and Axhausen, 2003; Calabrese et al., 2011;
Raux et al., 2016). However, the associations between mobility changes and ILS did not
show a significant difference between the two temporal periods. Table A.1 demonstrates the
OR and 95% CI between a unit increase of each mobility metric and ILS, estimated from
the conditional logistic regression models fitted separately for weekdays and weekends.

We did not find a statistically significant difference between the associations estimated
from weekdays and weekends, except for a more pronounced reduction in travel distance
associated with ILS during the weekdays with p < 0.05.

Table A.1:

Estimated association between influenza-like symptoms and a unit increase in mobility
pattern metrics by weekdays and weekends.

Mobility Metrics”

N Th TwW TV E R D
Weekdays 096 (0.90-  1.01(1.00-  0.96(093-  098(0.96- 0.62(0.50- 0.99 (0.96-  0.93 (0.90-
4 1.02) 1.03) 0.98) 1.01) 0.79) 1.01) 0.95)
Weekends 094 (0.88—  1.01(1.00- 099 (0.96-  0.98(0.96-  0.74(0.60- 0.99 (0.98-  0.97 (0.95-
1.01) 1.02) 1.02) 1.00) 0.91) 1.01) 0.99)

*
Total number of visited places (A); Dwell time at home (Th), work (7%, and frequently visited places ( 7¥); Activity
entropy (£); Radius of gyration (£); Total travel distance (D)
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Research Highlights

. We assessed the association between the change in routine mobility and
influenza illness.

. Reduced and regularized mobility appeared to indicate the onset of influenza
illness.

. The associations were significantly moderated by gender and socioeconomic
status.

. People do not necessarily seek for medical care while having influenza-like
symptoms.

. Individual movement data may complement hospital-based influenza
surveillance.
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Figure 1.

Home, work, and frequently visited places (FVPs) of two randomly selected participants
during the week of 12/12/2016 — 12/18/2016: (a) a female employee in the 35-64 age group
and (b) an unemployed male aged above 65.
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Figure 2.
Temporal (weekly) variation of self-assessed influenza illness in the study region.

Spat Spatiotemporal Epidemiol. Author manuscript; available in PMC 2023 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Eum and Yoo

Mobility Metrics

Page 20

D p———y

R o

£ °

T i
T ———i

T -
N t -
N b ° {
N“ f @

N ———————
N *

N —

06 0.8 1.0 1.2
Odds Ratios
Figure 3.

Estimated association between influenza-like symptoms and a unit increase in mobility
pattern metrics. The odds ratio (OR) and 95% CI for 12 mobility metrics are summarized
using different shades: the number of visited places (A) in gray, dwell time (7) in blue,
activity entropy (£) in red, radius of gyration (%) in green, and total travel distance (D) in
magenta. The number of visited places is further divided into residential (A/), commercial
(A®), recreational (M), educational (A£), and healthcare (A) based on the property type.
Similarly, the dwell time is also categorized into dwell time at home (77, work ( 7%), and
FVPs (TY).
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Table 1:

Participants by age, gender, and occupational status.

Occupational Status

Gender Age
Full-time employee  Part-time employee  Student  Unemployed
Female  13-17 0 1 23 1
18-34 148 32 78 18
35-64 300 81 4 61
265 5 4 0 31
Male 13-17 0 0 17 0
18-34 97 6 21 0
35-64 176 5 1 16
=65 4 4 0 21
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Table 2:

Survey responses to influenza-like symptoms.

Responses Count (%)
Keep working 2,738 (48.7)
Stay at home 918 (16.3)
Go to the doctor 503 (8.9)
Take medicine 1,949 (34.7)

None of the above 1,624 (28.9)

Total 5,624 (100%)
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Table 3:
Summary of mobility metrics.
Mobility Metrics”
N NT N¢ Nf Ne Nd Th TW TV E R D
Total 4.8 0.4 1.6 0.1 0.2 0.0 101.4 19.2 14.4 0.7 6.0 345
a2 05 (1.0) 0.3) 0.4) 0.2) (15.7) (15.5) (11.9) 0.3) .7 (20.1)
Gender
Female 4.8 0.4 1.7 0.1 0.2 0.0 102.4 18.7 15.0 0.7 5.9 33.2
x.2) (0.5) (1.0 0.2) 0.4) 0.1) (15.7) (15.3) (12.1) 0.3) .7 (19.8)
Male 4.6 0.4 1.4 0.2 0.2 0.0 99.3 20.1 13.2 0.7 6.3 37.2
(1.2) (0.5) (1.1) 0.3) (0.4) 0.2) (15.5) (15.8) (11.2) (0.3) (2.8) (20.4)
Age group
1317 4.3 0.4 1.1 0.2 0.3 0.0 99.1 26.1 13.9 0.9 4.2 27.1
(1.2) (0.6) (1.0) 0.2) (0.4) 0.1) (11.8) (12.9) (16.3) (0.3) (1.8) (16.0)
18-34 45 0.4 1.4 0.1 0.2 0.0 98.4 20.2 14.7 0.8 6.2 35.5
@.3) (0.6) 1.1) 0.2) (0.4) 0.2) (15.6) (14.6) (12.0) 0.3) (2.5) (18.2)
35-64 4.9 0.4 1.7 0.2 0.2 0.0 102.4 19.8 14.2 0.7 6.2 34.8
(€1 (0.5) (1.0 0.3) 0.4) 0.2) (15.2) (15.7) (11.6) 0.2) (2.9) (21.4)
565 4.8 0.3 21 0.2 0.1 0.1 110.9 3.6 15.3 0.5 5.2 29.6
= 1) (0.4) (1.0) 0.3) (0.3) 0.2) (18.2) 9.1) (10.4) 0.2) (2.7) (19.0)
Occupational
status
Full-time 438 0.4 1.6 0.1 0.2 0.0 97.9 245 13.2 0.8 6.6 35.9
x.2) (0.5) (1.0) 0.3) 0.4) 0.2) (13.5) (14.4) (11.4) 0.2) (2.8) (18.2)
Part-time 5.0 0.4 1.6 0.1 0.3 0.0 109.7 12.0 14.7 0.6 5.3 30.6
1) (0.5) (0.9) 0.2) (0.4) 0.1) (14.0) 9.9) (10.5) (0.3) (2.3) (18.9)
Student 4.3 0.3 1.1 0.1 0.4 0.0 97.8 18.6 16.0 0.8 5.1 33.1
u 1.2 (0.5) 0.9) 0.2) (0.5) 0.1) (14.8) (14.2) (12.6) 0.3) 2.2) (18.6)
4.9 0.4 2.3 0.2 0.2 0.1 114.9 18.5 05 438 32.1
Unemployed 17y (05 (o) (03 (03 QL (177 ) (135)  (02) (23)  (29.0)

+
Mean (Standard Deviation)

*
Mobility Metrics: Total number of visited places (A); Number of visited places in residential (A/), commercial (A©), recreational (Nf), educational

(N8, and healthcare (NOS areas; Dwell time at home (7'/7), work (7%, and frequently visited places (7Y); Activity entropy (£); Radius of gyration
(R); Travel distance (D).
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Table 4:
Subgroup analysis by age, gender, occupational status, and SES.
Mobility Metrics”
Subgroups
N Th TW TV E R D
Gender
Female 0.92 (0.86— 1.03 (1.01- 0.96 (0.92— 0.98 (0.95- 0.58 (0.50— 0.99 (0.96— 0.90 (0.86—
0.99) 1.04) 0.99) 1.01) 0.75) 1.02) 0.93)
Male 1.08 (0.96— 1.01 (0.98- 0.94 (0.89- 1.00 (0.95— 0.90 (0.58— 1.02 (0.98- 0.97 (0.91—
1.21) 1.04) 1.00) 1.05) 1.38) 1.07) 1.02)
Age group
13-17 0.96 (0.70- 1.02 (0.94- 0.98 (0.88- 0.95 (0.80— 0.56 (0.50- 0.98 (0.89- 1.01 (0.84-
1.33) 1.09) 1.09) 1.13) 1.46) 1.08) 1.22)
18-34 0.91 (0.82— 1.03 (1.00- 0.97 (0.92— 0.97 (0.92— 0.56 (0.50— 0.99 (0.95— 0.93 (0.88—
1.02) 1.06) 1.02) 1.01) 0.82) 1.04) 0.97)
35-64 0.98 (0.90— 1.02 (1.00- 0.94 (0.90- 0.99 (0.96— 0.63 (0.50— 1.00 (0.97- 0.92 (0.88-
1.06) 1.04) 0.98) 1.03) 0.86) 1.04) 0.96)
65 1.03 (0.85- 1.01 (0.95- 0.94 (0.73- 1.03 (0.95— 2.24 (0.89— 1.02 (0.93- 0.85 (0.73—
= 1.26) 1.07) 1.20) 1.10) 2.30) 1.12) 0.99)
Occupational Status
Full-time 0.98 (0.90— 1.01 (0.98- 0.94 (0.91- 0.99 (0.96— 0.63 (0.47— 1.00 (0.97- 0.91 (0.87—
1.06) 1.03) 0.98) 1.03) 0.84) 1.03) 0.95)
part-time 0.97 (0.81— 1.09 (1.03- 0.95 (0.86— 0.91 (0.84— 0.42 (0.21- 1.02 (0.96- 0.97 (0.89—
1.17) 1.14) 1.05) 0.99) 0.82) 1.08) 1.06)
Student 0.84 (0.71- 1.05 (1.01- 1.00 (0.92- 0.91 (0.84— 0.48 (0.27- 0.99 (0.93- 0.98 (0.90—
1.00) 1.10) 1.07) 1.00) 0.86) 1.06) 1.07)
0.98 (0.85- 1.00 (0.96- } 1.04 (0.99- 1.57 (0.84- 0.98 (0.93- 0.85 (0.78-
Unemployed 1.12) 1.04) 1.09) 2.00) 1.05) 0.94)
Poverty
Low 0.98 (0.90- 1.03 (1.01- 0.97 (0.93- 1.01 (0.97- 0.65 (0.46- 0.94 (0.91- 0.91 (0.87-
1.07) 1.06) 1.02) 1.05) 0.91) 0.98) 0.95)
Mid-low 1.00 (0.90- 0.98 (0.96— 0.96 (0.91— 1.01 (0.97- 1.17 (0.79- 1.02 (0.98- 0.96 (0.91-
1.11) 1.01) 1.01) 1.05) 1.72) 1.07) 1.01)
Mid-high 0.98 (0.88— 1.02 (0.99- 0.93 (0.87— 0.96 (0.92— 0.56 (0.37— 1.03 (0.98- 0.97 (0.91—-
9 1.10) 1.05) 0.98) 1.01) 0.85) 1.08) 1.03)
Hidh 0.65 (0.51— 1.02 (0.97- 1.05 (0.95— 0.99 (0.90- 0.59 (0.29— 1.10 (1.01- 0.98 (0.86—
9 0.84) 1.08) 1.16) 1.09) 1.21) 1.20) 1.12)
Educational
Attainment
Low 1.06 (0.82— 1.04 (0.98- 1.03 (0.93- 1.02 (0.92- 0.71 (0.32— 1.04 (0.94- 0.98 (0.88—
1.36) 1.11) 1.14) 1.13) 1.59) 1.14) 1.10)
Mid-low 1.00 (0.89- 1.01 (0.98- 0.94 (0.89- 1.03 (0.98— 0.97 (0.63— 1.00 (0.96— 0.98 (0.92—
1.13) 1.04) 1.00) 1.08) 1.49) 1.05) 1.04)
Mid-high 0.95 (0.87— 1.04 (1.01- 0.96 (0.92— 0.96 (0.92— 0.58 (0.41— 0.98 (0.94— 0.93 (0.89—
g 1.04) 1.06) 1.01) 1.00) 0.82) 1.02) 0.97)
High 0.93 (0.85- 0.98 (0.96— 0.96 (0.92— 1.00 (0.97- 0.79 (0.55- 1.02 (0.98- 0.91 (0.87-
9 1.03) 1.01) 1.01) 1.04) 1.12) 1.05) 0.96)
Workplace
Categories
Blue-collar 0.99 (0.85— 1.02 (0.98- 1.00 (0.93- 1.00 (0.94— 1.43 (0.81- 1.04 (0.98- 1.03 (0.95-
1.15) 1.06) 1.07) 1.06) 2.52) 1.10) 1.12)
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Mobility Metrics”

Subgroups
N Th TV TV E R D
White-collar 0.98 (0.89- 1.02 (0.99- 0.95 (0.91- 0.98 (0.94- 0.57 (0.42— 1.00 (0.96— 0.91 (0.87-
1.07) 1.04) 0.99) 1.02) 0.79) 1.03) 0.95)

*
Total number of visited places (V); Dwell time at home (Th), work (7%, and frequently visited places ( 7Y); Activity entropy (£); Radius of
gyration (R); Total travel distance (D)
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