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Abstract

Mobile sensing using portable sensors and momentary assessments has transformed the way mobility
and place are considered in health and well-being research. Research at the intersection of Mobility,
Health, and Place has increasingly leveraged methodological advances in data collection using
mobile sensing technologies, data processing, data analytics, and clinical applications to observe and
unveil intertwined relations between individuals’ characteristics and behaviors, changing
environments, and their health and well-being at fine-grained spatial and temporal scales. In this
editorial, we provide an overview of recent health and behavioral research in the context of mobility
and place. Specifically, we classify health-relatable mobile sensing technologies with a proposed
taxonomy of mobile sensing, and review how new sensing approaches transformed research trends in
the field of mobility, health, and place. We then discuss challenges in data collection and processing,
analysis, and interpretation and practices.



Highlights

Mobile sensing has transformed research in Mobility, Health, and Place.

It enables pervasive real-life measurements of personal behavior, context and health.
It enables the development of novel digital biomarkers and personalized intervention.
Classification of mobile sensing technologies and methods is proposed.

Issues remain in data collection and analysis to address uncertainties and biases.



Advances and Challenges in Sensor-based Research in Mobility, Health, and Place

1. Background

Humans move from one place to another to fulfill their needs to survive and flourish in their living
environments. Daily mobility, places we interact with, and daily activities affect our health and
lifestyle behaviors, and vice versa. Research in Mobility, Health, and Place has increasingly
employed mobile sensing, thanks to methodological advances in sensor-based technologies, study
protocols, data collection methods, emerging (big and open) data sources, data processing and
analysis, and development to clinical applications. People’s wide adoption and daily use of mobile
devices and smart gear has accelerated its application in research and clinics across the world; 81% of
North American adults used smartphones and 21% of Americans used a smart/fitness tracker in 2019
(Sim, 2019; Vogels, 2020). The personal mobile sensing approaches have complemented, and
sometimes substituted, more traditional research practices employing self-reports, interviews, tests, or
in-lab assessments, and enabled innovative studies on physical, mental, and behavioral health, in
relation to personal, social, and environmental contexts at both individual and population levels
(Chaix, 2018; Sim, 2019).

These new approaches have brought novel concepts and terminologies in health-related and
medical disciplines as listed in Table Al. We take the term of mobile sensing from Chaix (2018) to
embrace both portable sensors and momentary assessments in real-life health and well-being contexts.
Portable sensors are defined by Birenboim et al. (2021) as an umbrella term for comprehensive
mobile, wearable, wireless sensor technologies. Momentary assessments emphasize frequently
repeated surveys and functional assessments, on top of sensor-based data collection, in real-time
using portable instruments (Shiffman et al., 2008).

In this special issue, we exhibit a collection of urban health studies that applied mobile
sensing approaches to various topics on built environment intervention for population health
inequalities (Fuller et al., 2021), activities and physical health in exposure to urban extreme heat
(Zhao et al., 2021), comparison of exposure measures accounting for uncertainties in mobility
behaviors and environments (Jankowska et al., 2021), comparison of spatial exposure estimation
methods for the study of outdoor food and beverage advertising (Wray et al., 2021), comparison of
exposure and mobility behavior measures based on travel path selection and transport modes (Klein et
al., 2021), and the effect of regionally targeted lockdown measures for infectious disease using
mobile-phone-based mobility data (Long et al., 2021). These studies cover physical health, health-
related behaviors, and well-being under the influences of natural (Zhao et al., 2021) and built (Fuller
etal., 2021; Wray et al., 2021) environments and health policies (Long et al., 2021). Three studies
primarily focused on methodological advances in exposure (Jankowska et al., 2021; Klein et al., 2021;
Wray et al., 2021).

In this editorial, we provide an overview of recent health and behavioral research in the
mobility and place context. Specifically, we classify health-relatable mobile sensing technologies
(Section 2), discuss how new sensing approaches transformed research trends in the field of mobility,
health, and place (Section 3), and then discuss challenges in data collection and processing (Section
4), analysis (Section 5), and interpretation and practices (Section 6).

2. Taxonomy of Mobile Sensing



Classification of mobile sensing instruments. Mobile sensing is conducted with a variety of portable
sensors and momentary assessment tools (Birenboim et al., 2021; Chaix, 2018). Considering technical
modalities and practices in use, mobile sensing techniques can be classified by (1) the manner of
interaction between a participant and a sensing instrument, (2) target features of observation or
assessment, (3) sensing capacities and limitations, and (4) body-instrument relations.

Interaction between a participant and a sensing instrument. There are three types of sensing by
participant engagement: (a) passive sensors, (b) active sensing, and (c) functional assessments,
operationally conceptualized by Sim (2019) (Table 1. Classification of mobile sensing
instrumentsTable 1). In passive sensing, a participant’s status or activity is passively observed without
active responses or manipulation—e.g., location tracking via Global Positioning System (GPS), step
counting via pedometer in a fitness wristband. While the passive sensors collect data in real time
without the participant’s manipulation, the participant is responsible for carrying a device and
charging its battery regularly. Active sensing requires a participant to self-report perceived states and
activities through (geographic) ecological momentary assessments ([GJEMA) (e.g., momentary map-
based self-reports on a smartphone). A smartphone application (app) is commonly used for
spontaneous or periodic self-reporting, thanks to near-ubiquity of smartphones and established mobile
survey apps (e.g., movisensXS used in Rdcke et al., 2022). The mobile apps prompt a user to report
their current states (e.g., mood) or perceived environmental exposures (e.g., noise) via momentary
questionnaires (Chaix, 2018), fill in electronic travel/activity diaries, or participate in personalized
consulting with a chatbot. For functional assessments with sensors, a participant is instructed to self-
conduct a functional test (e.g., 6-minute walk test), an instructed task (e.g., voice recording task) or a
clinical measurement possibly using a medical kit (e.g., blood test kit) or device.

Observing features by a sensing instrument. Portable sensors can be categorized by their observing
features including: (i) location, (ii) motion, (iii) proximity or contact, (iv) physiological states, (v)
psychological/cognitive status, (vi) non-mobility health-related behaviors, and (vii) person-centered
environment (Table 1. Classification of mobile sensing instrumentsTable 1). First, regarding location
sensors, GPS today is the most used location aware technology. By combining wireless
telecommunication infrastructures such as Wi-Fi, Bluetooth (BT), cell tower networks, and passive
infrared indoor sensors, more accurate and comprehensive location tracking is possible. Wi-Fi
positioning and cell tower trilateration can augment the accuracy for both outdoor and indoor
environments at where GPS signals are weak or lost (e.g., urban canyons, indoors). BT networks
might be used to detect a proximal position of a person via Bluetooth tokens installed in built and
mobile infrastructure (e.g., rooms, train carriages). Second, motion sensing plays a key role in
recognizing physical movements and further activity types and intensity. Motion sensing is typically
conducted with an Inertial Measurement Unit (IMU) that involves multiple motion sensors such as
accelerometer, gyroscope, and/or magnetometer and allows calculating velocity, orientation and/or
position. Other sensors (e.g., video, foot pressure sensor) can also monitor physical activities. Third,
BT technology can be used to detect short-range proximity or in-person contacts between people,
while location sensors measure more long-range proximity. An audio recorder has been used to detect
conversational interactions with other persons. Fourth, some sensors collect physiological condition
or response data (e.g., heartrate, body temperature, blood oxygen, blood glucose, and perspiration).
Fifth, psychological and emotional status can be not only inferred by physiological sensors (e.g.,
electrodermal activity) but also observed by behavioral sensors (e.g., eye movement, facial muscle
reactivity, voice variations). Sixth, behavioral sensors can capture health-related behaviors (e.g.,
smoking, eating). Finally, many portable environment sensors enable assessing person-centered
environmental and social exposure including air quality, micro-atmosphere, noise, radio frequencies,
light, visual stimuli, human voice, and floating population (Poom et al., 2021).



In active sensing, many features of personal health, behaviors, and environments, that are
observed by passive sensors, can also be self-reported by a participant through reporting instruments.
The potential features for self-reports include psychological and emotional states (e.g., subjective
well-being, positive/negative affect, mind-wandering), physical health (e.g., fatigue), health behaviors
(e.g., sleeping, drinking, exercise), daily activities (e.g., activity type, transport modes, accompanied
people), environments (e.g., place type).

Functional assessments target objectively measurable features mainly for physical and
cognitive abilities as well as physiological states through self-conducted tests and measurements. One
typical physical ability test is a walk test via a GPS/IMU-enabled mobile app; mobile device users can
self-initiate the measurement for outdoor walking activities. Cognitive tests (e.g., memory testing)
have been implemented on mobile apps. With portable medical kits and devices, clinical
measurements can be self-conducted more frequently including infectious disease diagnostics (e.g.,
COVID-19 antigen test) and blood pressure monitoring (e.g., portable blood pressure monitor).

Sensing capacities and limitations. Each sensing instrument has different measurement capacities by
its technical nature and practical use. Light-weight portable/wearable sensors have limited
observational duration, frequency, and spatial range, due to limited data storage, battery, and sensing
mechanism, in which they are often in tradeoff relationships—e.g., sampling frequency vs. duration
under limited memory and storage. The maximum spatial extent of measurement often depends on an
instrument’s sensing mechanism—e.g., GPS (worldwide), Wi-Fi (long-range), BT (short-range)
(Seneviratne et al., 2017). Hence, device limitations dictate the maximum capacity and spatiotemporal
extent of measurement. Simultaneously, measurement interval and duration in practical use are
determined based on traits of observing phenomena and sampling strategy. Sensors with relatively
higher sampling frequency (e.g., GPS, heartrate monitor) measure more regularly, but push
notifications for self-reports from GEMA apps are often random in time to avoid potential bias
occurring with fixed time of day (Rocke et al., 2022).

Body-instrument relations. Each portable sensing instrument has different relations with one’s body.
Body-instrument relationships can be defined by sensor intrusiveness and placement. In vivo sensors
are sensors implanted under skin, which is more intrusive than dermal sensors that are worn (e.qg.,
fitness tracker accessories) (Olla & Shimskey, 2015). Different body parts can be equipped with
sensing devices (e.g., wrist, waist, chest, head, knee, foot) and sensor placement can affect
comparability between studies and activity recognition performance (e.g., Allahbakhshi et al., 2019,
2020).

Classification Criteria Mobile Sensing
Interaction between a Participant  Observing Features Sensing Capacities Body-Instrument Relations
and a Sensing Instrument

Passive Sensors — Location [— Spatial Range Intrusiveness

Active Sensing — Motion Worldwide — In vivo Sensors

.. Long-range — Dermal Sensors
Functional Assessments | Proximity or Contact
(with other persons) Short-range

Sensor placement

— Physiological States Sampling Frequency

| d — Wrist

— Psychological/Cognitive States (upon memory an )
data storage) — Waist
— Non-mobility Health-related Behaviors — Head

| Observational Duration

— Foot
(upon battery life) 0

— ]

— Person-Centered Environment

Figure 1. Taxonomy of mobile sensing.



Table 1. Classification of mobile sensing instruments

Interaction between  Observing features
a participant and a
sensing instrument

Exemplary sensing instrument

(a) Passive sensors (i) Location

GPS;

Wi-Fi positioning (e.g., indoor positioning — He & Chan, 2016; outdoor positioning — B. Li et al.,
2008);

Cell tower trilateration;

Altimeter;

Passive infrared sensor (e.g., Botros et al., 2022)

(i) Motion

IMU — Accelerometer; Gyroscope; Magnetometer (e.g., Allahbakhshi et al., 2019, 2020);
Pedometer;

Kinetic motion sensor;

Video (e.g., Oshorne & Jones, 2017);

Foot pressure sensor;

Cycle computer

(iii) Proximity/contact (with
other persons)

Bluetooth (Beacon);
Microphone for sound recording (e.g., Mehl, 2017)

(iv) Physiological states

Heartrate monitor;

Pulse oximetry for blood oxygen saturation level;

Glucose monitor for blood glucose (e.g., glucose monitor — Rodriguez-Leon et al., 2021);
Electrodermal activity for stress;

Breath rate sensor for respiratory rate;

Perspiration (e.g., sweat sensors — Bariya et al., 2018)

(v) Psychological, emotional,
and cognitive status

Using physiological sensors — Heartrate monitor; Galvanometer (e.g., Birenboim et al., 2019);
Using behavioral sensors — Video camera for face recognition; Eye tracker; Facial motion sensor;
Microphone for voice recording.

(vi) Non-mobility health-
related behaviors

Sensors for cigarette smoking (e.g., Imtiaz et al., 2019);
Automatic Ingestion Monitor (AIM);
Dietary behaviors (e.g., sensing fork — Kadomura et al., 2013)

(vii) Person-centered
environment

Sound — Electronically Activated Recorder (EAR) (e.g., Mehl, 2017); noise (e.g., Ma et al., 2020);
Visual — Video recorder;

Air guality — Air quality sensor (e.g., GeoAir — Park et al., 2021; Airbeam — Tao, Chai, et al., 2021);
Atmospheric condition — Humidity, Thermometer, Ultraviolet, Barometer (e.g,. temperature and
humidity — Hass & Ellis, 2019; Schnell et al., 2021);




Ambient population — Wi-Fi; Cell phone networks;
Light — Photodetector

(b) Active sensing

(i ~ vii) any of features

GEMA or EMA (e.g., MOASIS — Rdcke et al., 2022; MINDMAP & HANC — Fernandes et al.,
2021);
Electronic travel/activity diaries (e.g., Fuller et al., 2021; Zhao et al., 2021);

Chatbot-enabled interviews (e.g., Flo, a health app for menstruation cycles and pregnancy — Flo,
2022)

(c) Functional
assessments

(i) Location;
(ii) Motion

Physical ability tests
e 6-minute walk test (e.g., Salvi et al., 2020)
e areal-life gait measurement (e.g., Giannouli et al., 2022)

(iv) Physiological states

Medical kit;

Body temperature;

Blood pressure;

Blood glucose;

Infectious disease self-diagnostic kit

(v) Psychological, emotional,
and cognitive status

Cognitive ability tests
e mobile-app-based memory test (e.g., Rocke et al., 2022)
Instructed tasks

e voice recording task of reading out loud a sentence (e.g., Fagherazzi et al., 2022)




3. How Mobile Sensing Transforms Research in Sensor-based Mobility, Health, and
Place

Mobile sensing has transformed the way mobility and place are considered in health and well-being
research in various disciplines. These innovative tools have contributed to observing individualized
differences and processes in ill-health and health-related behaviors between places and unveiling
intertwined relations between individuals’ characteristics and behaviors, changing environments, and
their health and well-being in fine-scale space and time (Chaix, 2018).

Key transformations are as follows. First, objective measurements using mobile sensing have been
adopted and complemented to self-reports. This has alleviated misclassification of activity and travel
behaviors (e.g., physical activity — Hurvitz et al., 2014) and estimation errors in exposure by filling
data gaps and cross-checking (Chaix, 2018). Second, frequent or even continuous measurement in
real-life settings, without heavy burden on a participant, has become possible and played a key role in
reducing spatial, temporal, behavioral, and situational uncertainties with higher spatiotemporal
precision. Third, methodological innovations have burgeoned along with technical advances. Moving
from survey-only intermittent data collection (e.g., biannual longitudinal survey), intensive
longitudinal methods—a series of frequently repeated sequential measurements to examine
individuals’ functional change processes, as opposed to the status quo, that are evolved within each
individual over time—have become a norm when using mobile sensing in research and have enabled
analyzing within-person changes and processes (Bolger & Laurenceau, 2013; Hoppmann & Riediger,
2009; Mehl & Conner, 2011). Fourth, new multi-channel and multi-sourced sensing data collection
and processing methods have given birth to novel digital biomarkers, defined as digital physiological
and behavioral measures (e.g., step count, sleep duration) that explain and predict health-related
outcomes (Sim, 2019), and improved exposure measures. Sixth, integrating data through common
attributes of timestamps and geographic coordinates across datasets have generated multi-layered
individual behavior and health data and enhanced the understanding of cognitive and decision-making
processes and situational/contextual backgrounds that lead to particular types of space-time behaviors
and health outcomes (Kestens et al., 2016). Finally, beyond understanding, more personalized and
situation-adaptive intervention has become possible with real-time mobile sensing (Nahum-Shani et
al., 2018).

4. Challenges in Data

Study design and data collection. Using mobile sensing technologies in research requires careful
study design and planning before the data collection phase as well as support to participants during
execution of data collection. There are several important components to consider including: (1) target
population, (2) participants’ tasks, (3) choice and parameterization of mobile sensing instruments, (4)
stakeholders, (5) data infrastructure, and (6) technical support, in this procedure:

Target population. Study design needs to consider target population—e.g., by age, sex, region, health
status, and education level. Subpopulation groups may have different digital literacy skills and mobile
device adoption rates (Sim, 2019). Despite increased acceptance of health-related mobile sensors in
older adults (Seifert & Vandelanotte, 2021), a digital divide exists wherein lower-income, disabled,
rural populations and older adults are less likely to have a smartphone and Internet access (Sim,
2019), perhaps due to the lack of interest, affordability, or technological literacy. Hence, it is
important to consider target population characteristics and provide participants with detailed
instructions and extra support for using mobile sensors (e.g., how to operate devices, how to interpret
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visual signals or displayed contents). Further, sample size and sampling methods via participant
recruitment should be adequate to include the representative target subgroups.

Participants’ tasks. Participants’ tasks are determined by target features to observe and sensing tools.
Types and workloads of participants’ tasks for passive/active sensing can burden participants and be
intrusive to their daily life patterns. Active sensing requires one’s self-reports and self-assessments,
while passive sensing needs a person to charge and carry sensors. The higher participant burden could
lead to a higher drop-off rate, for which we need to consider the tradeoffs between the amount of
information to collect and participant burden.

Mobile sensing instruments. Sensor selection involves technical, practical, and user’s perspectives.
Performance in accuracy, precision, and energy-efficiency may vary by sensors and devices. Sensing
performance affects data quality and user’s drop-off rate; more accurate activity trackers can retain
more users, thanks to better utility (Henriksen et al., 2020). Deploying multiple (high-performance)
sensors could benefit data quality and validation because of the complementary capabilities of
different sensing approaches (e.g., capability comparison of research methods — Table 2 in Miller,
2012), but it could be costly and inaccessible for many researchers (Chaix, 2018). For users, sensor
devices should be usable and acceptable through ease-of-use and comfort design (e.qg., size, weight,
interface) and functionalities (e.g., privacy protection). Usability and acceptability can be measured
by willingness to use and keep, simplicity, reliability, wearable time, satisfaction, and activity
interference (Baig et al., 2019; Klaassen et al., 2016). It is necessary to conduct preliminary
assessments and get participants’ feedback on sensor performance and usability before implementing
large-scale experiments (e.g., fitness tracker comparison — Tedesco et al., 2019).

Stakeholders. Health-related studies involve diverse stakeholders (e.g., research collaborators,
medical practitioners). To make broader impacts through comparative studies, using compatible study
protocols or frameworks would be critical (e.g., a review on frameworks — Kumar et al., 2021). To
integrate with clinical care, it is important to engage medical practitioners in the study (e.g., Giannouli
et al., 2022) and develop digital biomarkers directly associated with clinical outcomes (Sim, 2019).
Applying data interoperability standards (e.g., Fast Healthcare Interoperability Resources (FHIR) —
ONC, 2022) is essential to integrate existing electronic health record systems (Sim, 2019).

Data infrastructure. Study design and data collection further entail pragmatic plans for data transfer,
data curation, and compatibility. Some studies request participants to revisit a lab to transfer data to
the data storage while others send data to the data server in real time. Sensor data could be large and
need large databases to store them (e.g., video, IMU). For heterogeneous sensing data, it is useful to
build linked data possibly using knowledge graphs that can help extract knowledge from semantic
networks constructed across different datasets (e.g., health-related 10T — Mastropietro et al., 2021;
geospatial human activities — Dashdorj et al., 2018).

Technical support. Sensor-based measurements require careful planning of trouble-shooting process
pipelines and an infrastructure ready to respond to technical problems that may arise during data
collection (e.g., telephone support to ensure imminent trouble shooting or maintenance of participant
motivation) and curation.

Data quality and (pre)processing. Despite careful study design and data collection, recent mobile
sensing technologies and complexity of human behaviors accompany many challenges in constructing
high-quality individual behavior and health data. Data quality can vary with sensor quality and
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participant’s behaviors, so researchers are tasked with assessing data quality and improving it through
data (pre)processing.

Measurement errors. Errors in measurement yield low-quality data. Measurement errors can
originate from various sources: participant’s mistakes, systematic errors, or random errors (Yan et al.,
2013). First, participants can make mistakes even after comprehensive instructions (e.g., forgetting to
charge/carry devices, breaking or missing devices, missing self-report notifications, reporting
misinformation). This can result in data gaps and biases. Second, systematic errors are due to
limitations of sensing instruments and/or environments. Specifically, GPS has more signal losses
indoors or in urban canyons, and physiological sensors appear less accurate when moving; thus,
contextual information should be combined to detect and address systematic errors (Birenboim et al.,
2019). Preventive approaches for such systematic errors could be considered in the study design
phase. Third, random errors refer to unpredictable errors that shift a measurement from its true value
by a random amount (e.g., GPS signal noise).

Data preprocessing and integration. Systematic and random measurement errors can partially be
resolved by (automated) data preprocessing, cleaning, and integration but potentially propagated in
data processing and analysis. Noise removal and interpolation techniques can alleviate the impact of
signal noise (e.g., Butterworth, moving average, median, low-pass, high-pass, or non-linear filters;
Allahbakhshi et al., 2019; Incel et al., 2013). Imputation methods for data gaps or missing data points
can potentially prevent error propagation (e.g., GPS data imputation — Yoo et al., 2020). Integrated
heterogeneous datasets through multi-sensor fusion or linked databases may contribute to filling data
gaps of one another. As an example, data integration of indoor and outdoor location sensing enables
locations between indoors, garden at home, and close neighborhood to be distinguished, which yields
a more accurate ‘time out of home’ measure. Multi-sensor fusion leads to better activity recognition
performance; for instance, GPS/IMU sensor fusion improved real-life physical activity type detection
(Allahbakhshi et al., 2020). Similarly, momentary self-reports are complementary to activity sensor
data for activity inference and validation. In data integration, a timestamp is the most important meta-
variable to link all observed features together (Chaix, 2018); time synchronization across all sensors is
critical and can be achieved by using the same time system (e.qg., initiating all devices on the same
computer with a world atomic clock — Sila-Nowicka & Thakuriah, 2019). Geographic coordinates are
also fundamental to link person-centered measurement to context features including environmental
features.

Semantically enriched trajectory construction. Multi-channel high-resolution mobile sensing creates
an opportunity to observe a full picture of momentary individual behaviors and social/environmental
interactions, and is challenging (Martin et al., 2018). Based on such rich data, behavioral and
situational patterns can be annotated to daily movement trajectories through semantic trajectory
enrichment techniques, which includes stop-move detection (e.g., Bermingham & Lee, 2018; Hwang
et al., 2018; Montoliu et al., 2013; Thierry et al., 2013), transport mode detection (e.g., Berjisian &
Bigazzi, 2022; Huang et al., 2019; Roy et al., 2022), trip purpose inference (e.g., Nguyen et al., 2020),
physical activity recognition (e.g., Allahbakhshi et al., 2019), and indoor activity detection (e.g.,
Botros et al., 2022) from raw sensor-based data and linking back to mobility patterns (Yan et al.,
2013). In this process, contextual data (e.g., POI data, land use data) overlaid with sensor data help
infer activities and situations (Psyllidis et al., 2022). Geo-located social media data are another source
to enrich individuals’ activity space (e.g., Hu et al., 2020; Lee et al., 2016).
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5. Challenges in Analysis

Measuring and characterizing mobility patterns. Mobility pattern measurements have become
more sophisticated, ranging from sensorless approaches (e.g., interactive map-based questionnaires)
to sensor-based mobility tracking. One of the key challenges in modelling mobility patterns lies in
representing their multidimensional nature (Fillekes et al., 2019; Hasanzadeh, 2019; Perchoux et al.,
2014). Individual-level activity spaces are commonly represented by spatial metrics including daily
path area and buffer area centered on visited locations (L. Smith et al., 2019). Such geometry-based
spatial measures only make partial use of rich information that mobile sensing captures (Fuller &
Stanley, 2019). Instead, human mobility is multidimensional and represented in various forms (e.g.,
six latent dimensions of daily mobility — Fillekes et al., 2019). Mobility indicators represent not only
space (e.g., count of locations, extent, shape) but also time (e.g., duration, timing, temporal
distribution), movement scope (e.g., stop, move, trajectories), and their attributes (e.g., transportation
modes, trip destinations). (Bayat et al., 2021; Fillekes et al., 2019). Such more comprehensive
modeling of mobility patterns thus translates into more accurate assessment of exposures and health
relationships. For instance, the entropy of visited places characterizes time-use distribution over
visited places and can serve as a proxy of the diversity of exposure to different places (Fillekes et al.,
2019). Borrowing concepts and methods from other disciplines is a good practice to expand the set of
mobility indicators. The concepts of space-time fragmentation of activities in time geography (e.g.,
Hubers et al., 2018; Lizana et al., 2022), fractal dimension (e.g., Zhang et al., 2018), and distance-
based burstiness for trajectory data (e.g., Kim & MacEachren, 2014) from complexity science have
been used to measure the complexity of mobility patterns. Group behaviors in mobility can be
characterized as co-location and synchronized trajectory patterns through trajectory similarity
measures (e.g., Tao, Both, et al., 2021) and spatiotemporal metrics for dyadic relationships (e.g.,
Timmons et al., 2017).

Spatial, temporal, behavioral, and situational uncertainties in exposure measurement. Defining
the true and causally relevant geographic context for environmental exposure is challenging.
Uncertainties in measuring personal exposures arise from how we observe and model one’s behaviors
and (in)direct interactions with their contexts that are associated with actual/potential health and well-
being outcomes. One of the well-known concepts is the Uncertain Geographic Context Problem
(UGCoP); a misspecification of the geographic context—Ilinked to uncertainties in spatial and/or
temporal modeling of individual mobility patterns—introduces biases in exposure variables and
estimation of contextual effects (Kwan, 2012). Uncertainties can be viewed from the perspective of
spatiotemporal representation and quantification of effective exposure and its related factors (i.e.,
spatial/temporal uncertainties). Uncertainties may also relate to underlying behavioral/situational
conditions and processes that affect the exposure level and its impact but are not simply substituted by
spatiotemporal quantities (e.g., area, duration) (i.e., behavioral/situational uncertainties). Mobile
sensing approaches have advanced exposure estimation of individuals by reducing spatial, temporal,
behavioral, as well as situational uncertainties with multidimensional and fine-scale observations,
although new technologies come with new measurement uncertainties as discussed in Section 4.

Spatial uncertainty. Exposure measures and their impacts can vary across different environments—
captured in an environmental layer as points, lines, areas, and surfaces—and mobility representations
(e.g., all GPS points, stop locations). Numerous studies compared different shapes, scales, and foci of
spatial contexts for exposure measures (e.g., residential, non-residential, and travelled environments)
or activity space representations (e.g., buffers around visited locations, buffered daily path, kernel
density estimates). Their results exhibited strong discordances in exposure estimates over different
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spatial configurations (Hurvitz et al., 2014; J. Kim & Kwan, 2021; Perchoux et al., 2016; Wray et al.,
2021). Modeling personal exposure in spatial dimensions should notably consider spatial interactions
by which an environmental attribute influences a certain behavior or outcome. For instance, if the
environment mostly exerts its influence via a sensory experience (e.g., food stressors on smells,
sounds of people eating in restaurants), 21-50 m buffers along the GPS tracks is recommended to
mimic visual or olfactory interaction with the environment (e.g., Scully et al., 2019) (Chaix, 2018). In
contrast, larger accessibility and visibility measures (e.g., 100-200 m buffer for accessibility) reflect
the ability of individuals to explore their surroundings to access or benefit from an urban resource
(Chaix, 2018). Some exposure measures encompass both experienced and non-experienced areas—
e.g., relatively large buffers of 1-2 km around visited locations—to reflect potentially influential
environmental attributes (e.g., air pollution emitted by neighboring industries), or potential individual
accessibility to visit a location upon their knowledge of surroundings.

Temporal uncertainty. The temporal dimension, a factor of processes underlying exposure, has been
integrated in exposure measurement (Kwan, 2018). When time integration was in its infancy, two
oversimplified approaches emerged and are still adopted in practice: (1) averaging and (2)
contemporaneous momentary approaches. First, the averaging approach attributes the same weight to
an environmental exposure in one’s visited space, without respect to temporal attributes of mobility
behaviors (e.g., duration of stay in a place). Such practice leads to underestimated exposure in longer-
visited places. Alternatively, time-weighted spatial averaging (TWSA) methods have been adopted
(Poom et al., 2021); TWSA produces exposure estimates weighted by the expected or actual time
spent at each location (e.g., Li et al., 2018; Perchoux et al., 2015, 2016) and each travel path (e.g.,
Jankowska et al., 2015; Scully et al., 2019; Wang et al., 2018). In this special issue, Jankowska et al.
(2021) compared the reliability of three TWSA approaches to GPS-based environmental exposure,
which informs methodological choice. In search for a dose-response relationship, duration of
exposure may approximate accumulated exposure that can onset health impacts when exceeding the
minimum threshold (Jankowska et al., 2021). Thus, the minimum threshold in duration of exposure
needs to be considered in relating to health outcomes. Second, the contemporaneous momentary
approach attributes the effect of a momentary exposure to a momentary outcome based on point-by-
point information, independently of continuous and long-term changes and prior conditions of one’s
status, behaviors, situations, and exposures (Chaix et al., 2013). Factors seemingly associated with
exposure at a moment may yield insignificant exposure and only marginal health impacts. Some
studies attempted to leverage diverse analytical methods to reveal temporal dynamics of phenomena.
For instance, a sequence or timing of exposure can be critical to shaping health behaviors—e.g., the
effect of sequential and space-time patterns of activities and grocery retailer exposure on food-related
behaviors (Liu et al., 2021).

Behavioral and situational uncertainties. Behavioral and situational aspects in personal exposure are
not always intuitively represented as spatiotemporal quantities and often construct semantic attributes
of mobility patterns. Some biases in exposure estimation intrinsically originate from the complex
dynamics of human behaviors and constantly changing situations. Mobile sensing and accompanied
analytical techniques have been the key solution to tackle the behavioral/situational uncertainties in
exposure, as discussed about benefits of multi-sensor mobile sensing in Section 4. Some studies
addressed this type of uncertainties by distinguishing exposure in different mobility behaviors (e.g.,
stationary time, walking time, and in-vehicle time — Jankowska et al., 2021). As another example, a
smoking behavior detection sensor can help distinguish respiratory disease risk mainly contributed by
smoking from the risk increased by exposure to air pollution, which can inform us where to put
smaller weights of air pollution exposure. Exposure to social interactions can be inferred based on trip
destination characteristics (e.g., activity type, sociability) via linking GPS to POI data and trip
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purpose inference as well as human voice detection via audio sensing and momentary self-reports on
accompanied persons.

6. Challenges in Interpretation and Practices

Although we can resolve uncertainties in measurement and analysis by integrating rich and fine-
grained sensing data and developing appropriate spatiotemporal representations, this does not
guarantee flawless interpretations of statistical inferences for causal relationships between mobility
behaviors, environment, and health, owing to potential biases. One of the well-known biases in
interpreting causal relations is ecological fallacy bias—a group’s characteristics are not the same as
its members’ traits, and human behaviors and environmental impacts appear rather stratified by sub-
population groups (e.g., stratified effects of COVID-19 on outdoor walking by sociodemographic
factors — Hunter et al., 2021). Likewise, there are several biases that can arise in interpretation. Here,
we discuss noteworthy biases and suggest ways to handle them in research.

Residential effect fallacy bias. Classical residential neighborhood and health studies are subject to
the residential effect fallacy bias (Chaix et al., 2017). The residential effect fallacy indicates
overestimation of the true residential neighborhood effect and stems from drawing a conclusion on
associations between residential-based exposure measures and health outcomes without regard to
potential contributions of non-residential exposures, when exposure levels in each of residential and
non-residential neighborhoods have similarities (Chaix et al., 2017)—e.qg., little variations in air
pollution concentrations across residential and non-residential neighborhoods. The residential
neighborhood effect may be significant for some population segments more bounded within their
local neighborhood, including older adults with sedentary lifestyles (Van Cauwenberg et al., 2018).
However, even in less mobile subgroups, heterogeneity in mobility patterns and exposure to their
residential neighborhood may vary. Less frequent visits to non-residential areas can be intense and
have impacts on health and well-being—e.g., the effect of infrequent long-distance trips on life
satisfaction (Luo et al., 2022).

Selective daily mobility bias. Self-selection processes lead individuals to visit particular places,
based on their own preferences and values beyond essential needs, to pursue a behavior of interest and
this makes it difficult to infer causal relationships between environments, behaviors, and health
(Chaix et al., 2012, 2013, 2016). Neglecting such decision-making processes can introduce selective
daily mobility bias—an overestimation of the effect of environmental and situational conditions (e.g.,
accessibility to greenspaces) on mobility and behaviors (e.g., sport practices — Shrestha et al., 2019).
In this special issue, Klein et al. (2021) have observed that its magnitude may further vary by
behaviors, and notably by transport mode. So far, very few studies have empirically tackled this bias
(e.g., Burgoine et al., 2015; Plue et al., 2020; Shrestha et al., 2019) yet a clear-cut conclusion on the
magnitude of this bias has not been drawn because of the diverse methodological approaches, and
various and often diverging outcomes.

Embracing selective daily mobility imposes another challenge in causal inference.
Researchers essentially have to distinguish the preference effect on behaviors from other effects (e.g.,
accessibility, amenity). One of the solutions is to filter GPS tracks to define one’s truncated activity
space, based on visited places/paths that do not result heavily from own preferences (e.g., Howell et
al., 2017; Klein et al., 2021; Scully et al., 2019; Shrestha et al., 2019). Integrating sensors with
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momentary or daily-basis self-reports and functional assessments will be one strategy to obtain
information on underlying decision-making processes, activity engagement, and preconditions (Klein
etal., 2021; Plue et al., 2020).

Group behavior bias. Some living resources (e.g., food, car) and activities (e.g., family picnic,
sports) are shared at a group level (e.g., household, friends). Group behavior bias occurs when only
considering individual-level behaviors and environments and ignoring (1) resources shared to the
entire group but accessible or obtained by only a part of group members (Corfman & Gupta, 1993), or
(2) limited shared resources for which each member of a group needs to compete or cooperate, as well
as (3) group activities based on shared decision-making processes and interest.

First, regarding shared resources, personal exposure to the resources can be different for each
member of a group who has their own activity spaces, but the exposure can be moderated by activity
spaces of other household members. A caveat exists against assuming equal consumption of the
collective resources because each member will consume these based on their preferences, habits, and
restrictions. Smith et al. (2022)’s study is a good example of how group behavior bias can be
integrated in food exposure and mobility research; they compared access to food retailers as an
exposure measure at individual and household levels and found within-household differences in
access to food, moderated by neighborhood factors. Second, for limited resources, group members are
in a competing or cooperating relationship. For instance, when one household member uses a
household-shared car, another member’s potential activity space will shrink. When members carpool
while making synchronized mobility patterns, one may experience unintended detours and exposure.
Third, activities shared by the group are determined by joint decision and socialization processes, and
may expose individuals to similar external stimuli. Group members may have different roles in the
group (e.g., leader, follower). Their preferences and constraints may not be equally reflected in
decision-making processes. Health impacts of shared experiences will be individualized based on
personal conditions. Hence, causes and effects of group behaviors need to be disentangled from those
of individual behaviors.

Ergodicity bias: a reason for scrutinizing within-person differences. There are several theories
supporting that statistical inferences from a group are not necessarily generalizable to its individuals.
Similar to ecological fallacy mentioned above and Simpson’s paradox that describes the
disassociation between subgroups’ trends and the aggregate trend of the entire group, ergodicity or
nonergodicity is a mathematical concept framing the generalizability of statistical phenomena
throughout different levels and units (e.g., within-person vs. between-person levels; individuals vs.
subgroups vs. whole group) (Fisher et al., 2018). Ergodicity bias occurs when taking ergodicity for
granted for human behaviors and health statuses/outcomes that are inherently nonergodic due to
biological structure (e.g., development, growth, aging) and social processes (e.g., learning)
(Mangalam & Kelty-Stephen, 2021; Molenaar, 2004). If the phenomenon is ergodic, applying only
cross-sectional approaches and eliminating time dimension is justified, because ergodicity conditions
require both homogeneity and stationarity of statistical processes across different levels and units
(Fisher et al., 2018; Mangalam & Kelty-Stephen, 2021).

To avoid this bias, several research methods have been proposed and practiced, including
intensive longitudinal approaches, multilevel modeling approaches, and statistical tests for ergodicity.
First, many sensing-derived studies on individuals have deployed intensive longitudinal methods in
study design and analysis. Second, multilevel modeling approaches have been devised to address
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complex multilevel dependencies between data points; multilevel modeling allows distinguishing
within-person and between-person sources of variation (e.g., Ram & Gerstorf, 2009). Third, statistical
testing for ergodicity has been suggested. It is recommended to examine the consistency of mean and
standard deviation for distribution comparisons as well as the consistency of bivariate and
multivariate covariation among variables for statistical inferences on variable relations, across groups
and individuals (Fisher et al., 2018).

Sensing to intervene. Behavioral interventions using mHealth technology (see Appendix A) have the
potential to positively impact health. Portable devices can be used to motivate an individual toward
healthy behavior, such as increasing physical activity or supporting situational awareness in health-
constraining places (e.g., alcohol outlets) (Hardeman et al., 2019). Just-in-time adaptive interventions
(JITAISs) are particularly aimed at supporting positive health behaviors in real time, based on
situational risk and opportunities, and are therefore tailored to environmental and behavioral contexts
and prompted by mobile devices (Hardeman et al., 2019; Nahum-Shani et al., 2018). JITAIs rely on
actively engaging through prompts and/or passive sensing of user states and behaviors (Nahum-Shani
et al., 2018). In addition to sensing-related challenges, JITAIs are challenged with finding consistency
in study design and consensus among research endeavors, because they are dynamically tailored to
individual activities and situations. There remain knowledge gaps around to what extent JITAIs are
effective in changing behavior, especially outside of clinical settings, partly because conventional
study design and modeling approaches are often inappropriate for assessing variation in situational
factors inherent to intervention design (Golbus et al., 2021; Nahum-Shani et al., 2018).

Visualizing mobility and health data for stakeholders. While visualization is a useful tool to
intuitively explore and communicate data, large volumes of individual mobility data are visually
overwhelming and translating data to displays is challenging—e.g., privacy concerns are at the
forefront of displaying mobility and health data. Interactive dashboards are one way to distill mobility
and health data into information that aids exploring multidimensional relations and making decisions
(e.g., COVID-19 — Gao et al., 2020). Dashboards are flexible enough to enable information and
knowledge discovery for end-users with various levels of experience and domain knowledge. Clear
and user-friendly displays improve research impacts by making outputs accessible to various
stakeholders for real-world impacts. Potential users include individuals that make decisions or
participate in health or behavioral interventions based on their sensed and visualized self (e.g., Choe
et al., 2017), health practitioners that monitor patients for tailored treatments and inventions, and
governments and councils that may gain insights for making data-driven decisions in planning and
policy related to mobility and environments.

7. Conclusion

Although the last two decades have witnessed major progress in the development of sensor-based
research in public health, geography, social sciences, and medical sciences, major challenges remain
to be addressed that pertain to data collection, processing, analysis, interpretation, and practices.
Scholars in this special issue all contribute in their own way by advancing data collection through
sensor/device comparison and data representativeness/quality validation (Fuller et al., 2021; Zhao et
al., 2021), comparing exposure estimation approaches while considering spatial, temporal, and
behavioral uncertainties (Jankowska et al., 2021; Wray et al., 2021), disentangling selective mobility
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bias associated with travel path and modal choices (Klein et al., 2021), and conducting a collective
mobility and health study with large-scale individual mobility data (Long et al., 2021), paving the way
to advance sensor-based research at the intersection of Mobility, Health, and Place and tackle
remaining and upcoming challenges.
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Nomenclature

Abbreviation
ADL
AIM
BT
COVID-19

EAR
EMA
FHIR
GEMA
GPS
IMU
loT
JITAI
POI
TWSA
UGCoP
uU.s.
Wi-Fi

Explanation
Activity of Daily Life
Automatic Ingestion Monitor
Bluetooth
Coronavirus Disease 2019;
the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
Electronically Activated Recorder
Ecological Momentary Assessment
Fast Healthcare Interoperability Resources
Geographic Ecological Momentary Assessment
Global Positioning System
Inertial Measurement Unit
Internet of Things
Just-In-Time Adaptive Intervention
Point of Interest
Time-Weighted Spatial Averaging
Uncertain Geographic Context Problem
The United States
Wireless Fidelity
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Appendix A

Table Al. Relevant concepts in mobile sensing and health.

(Chaix, 2018)

Concept Description
Mobile sensing in Public health research has witnessed a rapid development in the use of
public health wearable sensors, i.e., location, environmental, behavioral, and biophysical

sensing devices that provide data at regular intervals. Sensor-based studies in
the field of public health assess environmental exposures using either GPS
data or a dedicated device; of particular interest were studies that combined
several tools.

Mobile health The application of sensors, mobile apps, social media, and location-tracking

(Sim, 2019) technology to obtain data pertinent to wellness and disease diagnosis,
prevention, and management — makes it theoretically possible to monitor and
intervene whenever and wherever acute and chronic medical conditions
occur.

mHealth Medical and public health practice supported by mobile devices, such as

(WHO, 2011) mobile phones, patient monitoring devices, personal digital assistants, and

other wireless devices. mHealth involves the use and capitalization on a
mobile phone’s core utility of voice and short messaging service as well as
more complex functionalities.

Portable sensing in
urban mobility
(Birenboim et al., 2021)

Portable sensing includes any information that can be gauged about the status
of an event or a stimulus through an electronic device. This includes smart
cards that embed radio-frequency identification (RFID) technology, as well
as people who report their affective status or their immediate environment
through their smartphones using repeat frequent surveys (also known as
ecological momentary assessment).

Portable sensors
(Birenboim et al., 2021)

Lightweight devices that can respond to physical stimuli or events and log or
transmit their readings to other electronic devices. Portable sensors are
usually compact, have low power consumption, and are capable of wireless
communication with other devices.

Ecological Momentary
Assessment (EMA)
(Shiffman et al., 2008)

Methods using repeated collection of real-time data on subjects’ behavior and
experience in their natural environments.
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