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Abstract

With the widespread prevalence of mobile devices, ecological momentary assessment (EMA) can
be combined with geospatial data acquired through geographic techniques like global positioning
system (GPS) and geographic information system. This technique enables the consideration of
individuals’ health and behavior outcomes of momentary exposures in spatial contexts, mostly
referred to as “geographic ecological momentary assessment” or “geographically explicit EMA”
(GEMA). However, the definition, scope, methods, and applications of GEMA remain unclear
and unconsolidated. To fill this research gap, we conducted a systematic review to synthesize

the methodological insights, identify common research interests and applications, and furnish
recommendations for future GEMA studies.

We followed the Preferred Reporting Items for Systematic Reviews and Meta-Analysis guidelines
to systematically search peer-reviewed studies from six electronic databases in 2022. Screening
and eligibility were conducted following inclusion criteria. The risk of bias assessment was
performed, and narrative synthesis was presented for all studies.

From the initial search of 957 publications, we identified 47 articles included in the review. In
public health, GEMA was utilized to measure various outcomes, such as psychological health,
physical and physiological health, substance use, social behavior, and physical activity. GEMA
serves multiple research purposes: 1) enabling location-based EMA sampling, 2) quantifying
participants” mobility patterns, 3) deriving exposure variables, 4) describing spatial patterns
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of outcome variables, and 5) performing data linkage or triangulation. GEMA has advanced
traditional EMA sampling strategies and enabled location-based sampling by detecting location
changes and specified geofences. Furthermore, advances in mobile technology have prompted
considerations of additional sensor-based data in GEMA.

Our results highlight the efficacy and feasibility of GEMA in public health research. Finally,
we discuss sampling strategy, data privacy and confidentiality, measurement validity, mobile
applications and technologies, and GPS accuracy and missing data in the context of current and
future public health research that uses GEMA.

Introduction

Ecological momentary assessment (EMA) is a research method that utilizes the repeated
sampling strategy to assess phenomena at the moment they occur in natural settings,
thereby enhancing ecological validity (Stone and Shiffman, 1994). EMA is a powerful

tool for data collection in real-world environments as participants engage in their daily
activities. Subjects’ self-reports of health and behavior can be collected via EMA, which
provides a comprehensive understanding of how participants’ experiences and behaviors
vary across diverse situations and over time and reduces recall biases associated with
retrospective self-reporting (Shiffman et al., 2008). The utilization of EMA data collection
enables measurements of inter- and intra-individual differences, natural history, contextual
associations, and temporal sequences (Shiffman et al., 2008). Accordingly, this real-time
and naturalistic method has gained popularity and is also referred to as “ambulatory
assessment” or the “experience sampling method (ESM).” As EMA studies usually capture
momentary experiences repeatedly, EMA sampling strategies become a primary factor in
collecting valid data. The previous literature classifies EMA sampling into two types, signal-
triggered or event-triggered, based on the method of survey delivery (Ruwaard et al., 2018).
According to this classification, existing studies mostly use signal-triggered sampling, in
which participants receive a preprogrammed beep or vibration that prompts them to answer
the survey questions. Some studies use event-triggered EMA, in which participants can
initiate a survey when a certain behavior or health episode occurs (e.g., panic attack).

To date, the EMA technique as a vital research method has benefited numerous studies in
public health. For example, the utilization of the EMA method in mood disorders research
offers advantages over laboratory or questionnaire studies due to its ability to capture real-
time and context-dependent data (Ebner-Priemer and Trull, 2009); EMA in substance use
research has made valuable contributions in capturing drug use patterns (Shiffman, 2009);
and EMA enables the detections of time- and spatially-varying factors and intra-individual
fluctuations to facilitate prediction and modeling of physical and activity behaviors (Dunton,
2017). Therefore, EMA represents a scientific methodology for comprehending the dynamic
nature of human behavior and experience in real-world environments, providing researchers
with valuable insights into the complexities of human experience. Recent studies have
provided comprehensive reviews of the application of EMA in studies on physical activities
(Degroote et al., 2020), mental health (Yang et al., 2019), behaviors (Battaglia et al., 2022),
and well-being (De Vries et al., 2021), indicating the advantages of EMA over traditional
research design as well as challenges and limitations.
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Recently, mobile technologies (e.g., handheld computers and smartphones) have been
introduced to EMA data collection techniques, enabling a vast leap forward in EMA studies.
The widespread adoption of mobile devices has enabled the synchronized and combined

use of EMA data with other sources of data, such as passive sensor data (e.g., GPS,
physiological monitoring, or accelerometer data) (Bertz et al., 2018). Recently, methods
combining conventional EMA with geospatial data/approaches has also simultaneously
gained in popularity, as it allows for the consideration of individuals’ health and behavior
outcomes of momentary exposures in spatial contexts (Chaix, 2018).

Recently, the terms geographic ecological momentary assessment and geospatially explicit
EMA (GEMA) have been used repeatedly in research, but their scope and terminology
remain ambiguous. Notably, although the combination of activity logs/self-reports and GPS
tracking has been used for years in health geography, Epstein et al. (2014) first coined
GMA to refer to the method of utilizing EMA with time-stamped GPS data. Independently,
but around the same time (2013), Kirchner and Shiffman (2013) published a review on
EMA methods in addiction research in which they recommended the integration of EMA
within geographic information systems and further named it geospatially explicit EMA
(GEMA) in 2016 (Kirchner and Shiffman, 2016). Later, Kowalczyk (2017) commented on
the importance of the letter “E” in this acronym representing “explicit” in GEMA, and
emphasized that such studies should not only simply add location data, but also contribute
to the assessment of environment-momentary state relationships. Despite a recent surge of
interest in GEMA, the definitions inherent to this approach remain unclarified.

In this review, we define “geographic ecological momentary assessment” as encompassing
methods that integrate EMA and concurrent geospatial data to facilitate the assessment of
contextual determinants of health and behavior. Despite this inclusive definition, this review
aims to clarify the subtypes of GEMA research, including aims associated with collecting
geospatial data, contributions of geospatial data to EMA sampling, and the technological
approaches and limitations.

In summary, this systematic review aims to synthesize the methodological information

from the studies that took advantage of GEMA to identify common research interests

and implementation approaches and provide recommendations for future GEMA studies.
Specific questions addressed in this study include: 1) What are the purposes and scope when
using geographic approaches in EMA research on human health and behavior? 2) What are
the unique contributions of GEMA to EMA sampling? 3) What are the methodological
considerations and limitations regarding the use of the method integrating geographic
methods and EMA?

2. Method

2.1

PECO framework and literature search

The protocol following the Preferred Reporting Items for Systematic Reviews and
Meta-Analysis (PRISMA) guidelines (Moher et al., 2009) was registered at the
International Prospective Register of Systematic Reviews database (PROSPERO, register
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ID: CRD42023387371). We conducted a rigorous systematic review according to a four-step
process: identification, screening, eligibility, and inclusion.

We performed the study search on six electronic databases in January 2023: Web of Science,
PubMed, EMBASE, PsycINFO, CINAHL, and Cochrane Library. These sources were
selected to cover literature from a wide range of fields including public health, medicine,
psychology and psychiatry, environmental science, and geography. The search captured
articles from the inception of each database through to the search date. For inclusion criteria,
first, we included studies that used EMA and geospatial data or methods. Secondly, we
followed the population, exposure, comparator, and outcome (PECO) framework (Morgan et
al., 2018).

GEMA: We included studies that explicitly use GMA, GEMA or describe their approaches
as a combination of EMA and geospatial.

Population: We included studies reporting general human populations in all age groups,
with or without pre-existing health conditions and behavior problems. Animal studies
were excluded. We did not restrict it to specific geographical areas or sociodemographic
characteristics.

Exposure: Any social and environmental factors that could affect human health and
behaviors were considered exposure.

Comparators: A comparable population or repeated measures of the same population with
different levels of exposure was necessary to assess the impacts on health and behaviors.

Outcome: Studies that investigated all types of health or behavioral outcomes captured by
EMAs were included.

The search strategy was a combination of two major components: (1) the EMA method and
(2) geographic methods. The exact terms describing the EMA methods were coupled with
specific keywords identifying geographic technologies to capture all relevant studies. We
developed search syntax and used wildcards to account for various forms of keywords. The
search syntax used for different databases is available in Supplementary Material S1.

2.2. Study selection

After importing the retrieved articles into Endnote 20 and removing duplicates, we
performed screening and eligibility procedures by examining the titles, abstracts, and
full texts. Two of the three researchers made the selection decision for each record
independently, with any disagreement resolved through discussion between themselves
or consultation with the third researcher. The initial inter-researcher agreement was
approximately 95%.

Studies were included in the review if they met all of the following criteria:

1. Study was a peer-reviewed article.
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Study was written in English.
Study reported an empirical study on a human population.
Study assessed environmental (both physical and social) exposures.

Study included self-reported health and behavior outcomes via the EMA method.

o g M~ w D

Study included the application of geographic technology combined with the
EMA method in methodology.

The search strategy and selection procedure guided by PRISMA (Moher et al., 2009) is
presented in Fig. 1.

2.3. Data collection

We created a descriptive information spreadsheet in Microsoft Excel for data extraction
and tabulation from the included studies. We extracted the following study characteristics
into the descriptive information spreadsheet: author, citation details, publication year,

study country, type of study design, population, population age, sample size, geographic
method, EMA method, study result, and additional technologies for passively measured
data. The geographic method category included check boxes for geographic technology,
the device used for geographic data collection, mobile application, frequency/interval for
data collection, and purpose for the usage of the geographic method. The EMA method
category included attributes for the EMA sampling approach, frequency/interval of data
collection, EMA monitoring duration, the device used for EMA reports, mobile application,
mode of EMA response, outcomes measured by EMA, training, compliance, and incentive/
compensation.

2.4. Risk of bias assessment

Given the methodological focus of this study, traditional quality assessment tools designed
for observational and experimental studies were not applicable. Therefore, we developed

a risk of bias assessment (RoB) rubric by adapting metrics and questions from the Office

of Health Assessment and Translation (OHAT) Risk of Bias Rating Tool for Human and
Animal Studies and the Joanna Briggs Institute (JBI) critical appraisal checklist (Moola et
al., 2017; OHAT, 2019). In our RoB tool, 10 items involving five domains were considered:
sampling bias, confounding bias, measurement bias, attrition bias, and selective reporting
bias. Each item was answered with a four-point scale: definitely low risk, probably low risk,
probably high risk, and definitely high risk. Three researchers independently rated a study
and cross-checked the evaluations. Each study had an evaluation result agreed upon by all
three researchers. Then, we averaged the scores of all items in each domain and rounded
the value to generate the score of a domain. Finally, we presented RoB scores by item and
domain, as this could uphold transparency and offer a more comprehensive representation
of the methodological strengths and weaknesses of each individual article. In cases where a
study referred to another publication containing relevant information about the same study,
we reviewed the referenced publication to rate relevant items. Detailed RoB tool used in this
study is presented in Supplementary Material S2.
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3. Results

3.1. Literature search and selection results

The initial search process resulted in 957 publications. After removing duplicates, screening
titles and abstracts, and reviewing full text, a total of 47 articles met all our inclusion
criteria. Basic information was extracted from each study (Table 1), including publication
year, the geographical distribution of the study area, study type, sample characteristics, and
participant characteristics.

The earliest two articles were published in 2013. There was a steady growth in the number
of publications from 2018 to 2022, with a surge of studies on this topic in 2021 (n = 10,
22.2%). Fig. 2 displays the yearly distribution of the studies. The vast majority of included
research was observational studies (n = 45,95.7%), and only two (4.3%) (Beres et al., 2022;
Kirchner et al., 2013) adopted experimental research designs. With respect to geographical
distribution, most studies were conducted in North America (n = 28, 59.6%), followed by
Europe (n = 10,21.7%), Asia (n = 6,12.8%), Australia (n = 1,2.1%), and Africa (n =1,
2.1%).

Most included studies focused on adults (n = 19, 40.4%), ten (17.8%) focused on teens and
young adults (e.g., 12-25), and three (6.4%) examined older middle-aged (50-65) and older
adults (65+). While the majority of studies targeted healthy populations, 11 studies (23.4%)
focused on patients with various clinical diagnoses, such as psychiatric disorders (e.g., mood
disorder, schizophrenia, anxiety disorder, attention deficit hyperactivity disorder) (Bolte et
al., 2019; Jacobson and Bhattacharya, 2022; Mclintyre et al., 2021; Parrish et al., 2020) or
physical health conditions (Mardini et al., 2021). Of them, three studies (6.4%) included
clinical populations and healthy controls to compare differences between groups (Pellegrini
etal., 2022; Raugh et al., 2020, 2021). The sample sizes of included studies varied between
10 and 21, 947 (mean = 586.7, sd = 3187.2).

3.2. Health outcomes measured through EMA

EMA offers versatility in acquiring self-reported measures related to health and behavior.
Studies mostly used EMA to assess outcomes such as psychological health (e.g., Ben-Zeev
et al., 2015; Jacobson and Bhattacharya, 2022) (n = 34, 72.3%), followed by psychoactive
substance use (e.g., Kirchner et al., 2013; Lipperman-Kreda et al., 2020) (n = 12, 25.5%),
eating and sleeping behavior (e.g., Pellegrini et al., 2022; Roy et al., 2019) (n = 10, 21.3%),
social behavior (e.g., Cornwell and Goldman, 2020; Kamalyan et al., 2021; Pellegrini et al.,
2022) (n =9, 19.1%), environmental perception (e.g., Cornwell and Goldman, 2020; Kou et
al., 2020) (n = 11, 23.4%), physical activity (e.g., Pellegrini et al., 2022; Raugh et al., 2020)
(n =6, 12.8%), physical and physiological health (e.g., Mardini et al., 2021) (h = 4, 8.5%),
sexual behavior (i.e., sexual activity and condom use) (Beres et al., 2022; Wray et al., 2019)
(n =2, 4.3%), and medication adherence (Yerushalmi et al., 2021) (n = 1, 2.1%).

State mood, affect, and stress —transient or short-term psychological reactions to situations
—are the most common outcomes of interest (Kondo et al., 2020; Mclintyre et al., 2021; Xia
et al., 2022). In addition, a few studies used EMA to capture fluctuations in physiological
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distress (i. e., pain and fatigue) or other physical symptoms, such as tinnitus, dizziness or
light-headedness (Bolte et al., 2019).

Another application of EMA is to examine the rhythms and characteristics of behaviors,
including eating, sleeping, substance use, and social behavior (MacKerron and Mourato,
2013; Raugh et al., 2020). Social interactions were also often included in EMA surveys
as secondary outcomes or covariates related to the primary outcome. These include items
asking about companions (Cornwell and Goldman, 2020), intensity of social interaction
(Kamalyan et al., 2021), social interest (Pellegrini et al., 2022), and social avoidance
(Jacobson and Bhattacharya, 2022).

In recent years, increasing attention has been given to using EMA in assessing perceived
contextual characteristics. These measures include perceived exposure to food, tobacco, and
alcohol marketing, ambient noise, and neighborhood disorders (Byrnes et al., 2017; Kowitt
etal., 2021; Roy et al., 2019; Zhang et al., 2020). Occasionally, EMA was also used to
gather information on participants’ perceptions of surrounding populations (Wray et al.,
2019) and the atmosphere of the setting (e.g., “romantic” and “formal”) (Labhart et al.,
2020).

3.3. Purposes of GEMA

As the integration of geographic methods with EMA has emerged as an innovative approach
for measuring subjects’ health and behaviors in real-time, capturing current contextual
characteristics, and understanding space-time patterns of exposure-outcome pairs (Boettner
et al., 2019; Kanning et al., 2022). Both global positioning system (GPS) technology and
GIS technology enable the detection of rich and complex spatial contexts to which humans
are exposed (Mennis et al., 2017); meanwhile, GPS methods also allow the tracking of
precise locations and exposure time and duration in such a context (Duncan et al., 2019).
As such, 20 (42.6%) of the studies integrated GPS and GIS technologies to enrich the data
describing the environments with which subjects interacted (Elliston et al., 2020; Kondo et
al., 2020; Lipperman-Kreda et al., 2022; Rhew et al., 2022).

By incorporating geographic methods (i.e., GPS and GIS), multifold research purposes can
be fulfilled:

1. Enabling location-based EMA sampling. Location technology enabled spatial
sampling and surveys were triggered by geographic location changes or
geofences (Koch et al., 2018; Shoval et al., 2018) (n =7, 14.9%).

1. Quantifying participants’ mobility patterns. Such studies used geographic
locations to derive measures related to mobility and activity space, such as
distance traveled, homestay duration, location variance, unique location clusters,
and location entropy (variance of time spent in different clusters), through
computation of GPS data (Kamalyan et al., 2021; Mardini et al., 2021) (n =
11, 23.4%).

I1l.  Deriving exposure variables. Studies used geographic locations, along
with publicly available GIS databases, to derive environmental or social
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characteristics of concurrent exposures. Such exposure variables included green
space, land use, walkability score, neighborhood disorders, and ambient weather
conditions (Bollenbach et al., 2022; Roy et al., 2019) (n = 19, 40.4%).

\\V.  Describing spatial patterns of outcome variables. Studies used this method to
map subjects’ spatial activity (Doherty et al., 2014) and emotional characteristics
(Shoval et al., 2018) in urban environments (n = 4, 8.5%).

V. Performing data linkage or triangulation. Several studies used GPS data to verify
the quality of other sensor data (Bolte et al., 2019) or self-reports (Crochiere
et al., 2021; Tao et al., 2021). Another study employed GPS records to identify
instances of co-location between participants and their partners during EMA
surveys (Yerushalmi et al., 2021) (n =1, 2.1%).

Some studies (n = 4, 8.5%) combined multiple of the use cases mentioned above to realize
multifold aims (Bollenbach et al., 2022; Glasgow et al., 2019; Shoval et al., 2018; Tornros
et al., 2016). Additionally, some studies (n = 5, 10.6%) merely exploited the features to
record location coordinates without further analysis of the information (Labhart et al., 2020;
Meyerhoff et al., 2021). Fig. 3 presents the purposes of geographic methods in EMA studies.

3.4. Traditional EMA sample and GEMA spatial sampling

Although existing literature has classified EMA sampling into two types according to

the survey delivery method (i.e., signal-triggered or event-triggered), the two become

less discernible when passive sensing is involved (e.g., using ambient or physiological
sensors), during which an event is detected, and a signal sent. By the actual mechanism

of the EMA trigger, we classify the sampling strategies used in studies reviewed into

four primary sampling approaches: time-contingent (n = 37, 78.7%), location-contingent
(n =7,14.9%), event-contingent (n = 3, 6.4%), and other user-initiated (n = 11, 23.4%).
Those basic methods were often combined and utilized in some studies; for example, the
location-contingent method in combination with user-initiated strategy would enhance the
validity of studies investigating drinking behavior (Wray et al., 2019), concurrent application
of location-based and time-based methods would benefit the assessment of psychological
health (Koch et al., 2020; Reichert et al., 2017), and integrating user-initiated methods
with time-based and event-contingent approaches could facilitate the understanding of the
tobacco use (McQuoid et al., 2018, 2019).

With respect to the primary categories, the first three are passive triggers, while the last

is initiated by users based on any rule. A time-contingent sampling scheme is suitable for
monitoring variations of a particular health or behavior outcome by triggering questionnaires
on a predefined time window (Tornros et al., 2016), and achieved through fixed-time
(Lipperman-Kreda et al., 2022), random-time (Parrish et al., 2020) or semi-random triggers
(Crochiere et al., 2021). Both location-based and event-triggered sampling schemes rely

on a sensor (e.g., GPS tracker or smartphone-embedded sensor) to detect the situation of
interest in real-time (Koch et al., 2020; Reichert et al., 2017). Additionally, to capture data
under specific events that may not be accurately sensed passively, user-initiated reports are
used, requiring participants to register specific situations by themselves (Kanning et al.,
2022; Tornros et al., 2016). A combination of different sampling approaches in a single
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study could advance unique research objectives for assessing health and behavior outcomes
(Bollenbach et al., 2022; Koch et al., 2020; Raugh et al., 2021; Wray et al., 2019). Fig. 4
shows the descriptions of multiple sampling strategies.

The EMA surveys often assess participants’ conditions “right now” to capture state affect
or momentary behaviors (Crochiere et al., 2021; Seto et al., 2016), but they can also assess
conditions retrospectively of short recall periods. For instance, the recall periods of various
studies range from one day (Lipperman-Kreda et al., 2022; Wray et al., 2019) to one week
(Beres et al., 2022).

Particularly, GEMA could enable location-contingent EMA sampling with sophisticated
algorithms, allowing for the detection of participants’ real-time locations and the release of
EMA prompts. Two types of location-contingent EMA sampling have been used: geographic
location change and geofencing. The location change-triggered EMA sampling approach
detects participants’ movement by triggering surveys when they move a specific distance
(e.g., 500 m) away from their previous locations (Bollenbach et al., 2022; Koch et al., 2018,
2020; Reichert et al., 2017; Tornros et al., 2016). Other studies utilized geofencing-triggered
surveys. For example, the survey can be triggered when the user enters and spends a certain
amount of time within a specific area of interest (Shoval et al., 2018; Tornros et al., 2016;
Wray et al., 2019).

3.5. Advancements in technology supporting GEMA

To date, advances in mobile technology have allowed mobile phones to be embedded with
a GPS sensor to record accurate spatial data. Therefore, most studies (n = 41, 87.2%) used
smartphones as a convenient device to collect data on geospatial information. A few studies
(n =5, 10.6%) also used a separate GPS logger to keep track of daily movement (Bolte

et al., 2019; Epstein et al., 2014; Mitchell et al., 2014; Rhew et al., 2022; Roy et al.,

2019), and only one (2.1%) study used a GPS-enabled smartwatch (Mardini et al., 2021).
Of the studies using smartphone-based methods, most used mobile applications to facilitate
GPS data logging and storage. To reduce participant burden, the majority of these studies
(n =22, 46.8%) used one particular application that collected both EMA and GPS data
(Bollenbach et al., 2022; Doherty et al., 2014; Koch et al., 2020; Raugh et al., 2021; Sukei
et al., 2021), and only a few (n = 4, 8.5%) used separate applications to acquire EMAs and
GPS information (Crochiere et al., 2021; Jacobson and Bhattacharya, 2022; Kamalyan et al.,
2021; Parrish et al., 2020). Table 2 shows the characteristics of mobile applications used in
these studies.

Among the selected studies, 22 (46.8%) studies also utilized additional smartphone-
embedded or portable sensors for other measures. The use of additional sensors can
strengthen human-environment assessment, allowing environmental exposure variables to
be assessed and controlled, and outcomes to be simultaneously measured and modeled
statistically. As such, combining GEMA with passive sensing can reduce users’ workload
while encouraging the collection of diverse data to enrich the descriptions of real-time
behaviors. Furthermore, passive sensing data has improved the reliability of the detection
and contributed to research on health and behavior in GEMA studies by incorporating
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objective measures from a variety of sensors. Assorted types of objective measures are
identified in Table 3.

3.6. Risk of bias

Fig. 5 presents the results of the risk of bias assessment. The individual scores for each item
are provided in Supplementary Material S3 Figs. S3—-1. The major bias concerns in included
studies are related to confounding factors, exposure/outcome measurement, and missing
data (Supplementary Material S3 Figs. S3-2). Regarding confounding bias, most studies
considered time-invariant factors associated with participants’ demographic characteristics,
such as age and sex, as well as timevariant factors, such as hours of the day, while those

that did not adjust for any confounders were deemed to have a probably high risk of bias.

In addition, those studies in the review that only reported descriptive statistics to interpret
data were not rated for the performance of confounding factors due to their inapplicability.
In the measurement bias domain, studies that utilized invalidated assessment tools by EMA
application were considered to have a probably high risk of bias. Furthermore, studies that
did not provide adequate information on GPS settings related to GPS accuracy were also
graded as having a probably high risk of bias. For missing data, each study should report
evidence of whether there was a loss of subjects during the study and whether outcome data
were complete. Studies that did not mention whether missing data existed were rated as a
probably high risk of bias. Studies that acknowledged missing data but failed to indicate how
to address it were considered to have a probably low risk of bias. Studies were considered to
have a definitely low risk of bias if they reported no missing data or if they reported missing
data with descriptions and justifications of approaches to handling it.

4. Discussion

4.1. Main findings

The GEMA method has become a cutting-edge technique for monitoring individuals’ real-
time health and behaviors. This approach combines EMA with GPS and GIS technologies to
capture current contextual characteristics and identify spatiotemporal patterns in exposure-
outcome relationships, offering valuable insights into the complex dynamics of health and
behavior. As the first methodological review of GEMA, this study clarified the definition
and scope of GEMA, summarized its type of application in public health research, and
synthesized important issues related to technology use and challenges.

GEMA studies have used geospatial technologies to achieve a diverse set of research

aims that include: 1) enabling location-based EMA sampling, 2) quantifying participants’
mobility patterns, 3) deriving exposure variables, 4) describing spatial patterns of outcome
variables, and 5) performing data linkage or triangulation. Furthermore, it is worth

noting that the GEMA technique takes advantage of geographic methods to advance
traditional EMA sampling methods. Specifically, in the location-contingent EMA sampling
strategy, EMA prompts are triggered by detecting geographic location changes or entering/
staying/exiting predefined geofences, increasing the ecological validity