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Abstract

Background: Social interactions are important for well-being, and therefore, researchers are increasingly attempting to capture
people’s social environment. Many different disciplines have developed tools to measure the social environment, which can be
highly variable over time. The experience sampling method (ESM) is often used in psychology to study the dynamics within a
person and the social environment. In addition, passive sensing is often used to capture social behavior via sensors from smartphones
or other wearable devices. Furthermore, sociologists use egocentric networks to track how social relationships are changing. Each
of these methods is likely to tap into different but important parts of people’s social environment. Thus far, the development and
implementation of these methods have occurred mostly separately from each other.

Objective: Our aim was to synthesize the literature on how these methods are currently used to capture the changing social
environment in relation to well-being and assess how to best combine these methods to study well-being.

Methods: We conducted a scoping review according to the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines.

Results: We included 275 studies. In total, 3 important points follow from our review. First, each method captures a different
but important part of the social environment at a different temporal resolution. Second, measures are rarely validated (>70% of
ESM studies and 50% of passive sensing studies were not validated), which undermines the robustness of the conclusions drawn.
Third, a combination of methods is currently lacking (only 15/275, 5.5% of the studies combined ESM and passive sensing, and
no studies combined all 3 methods) but is essential in understanding well-being.

Conclusions: We highlight that the practice of using poorly validated measures hampers progress in understanding the relationship
between the changing social environment and well-being. We conclude that different methods should be combined more often
to reduce the participants’ burden and form a holistic perspective on the social environment.

(JMIR Ment Health 2023;10:e42646) doi: 10.2196/42646
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Introduction

Background
Humans are fundamentally social beings. The lack of social
interactions and social relations is often associated with poor
mental well-being [1-3]. Although positive social relationships
can enhance mental well-being, negative relationships are found
to be a risk factor for various psychological and neuropsychiatric
disorders [4-7]. In addition, various psychological disorders are
characterized by difficulties in engaging in social interactions
[8]. Accordingly, clinical therapists and researchers are
increasingly attempting to capture the social interactions of their
patients to improve treatment outcomes [9,10].

A general question that psychology and other disciplines face
in this quest is how to best capture people’s social environment
and its effect on an individual’s well-being. This question has
become more pertinent in recent years, in which research has
recognized that important psychological processes are dynamic,
implying that emotions and (social) behavior fluctuate over
time, and static measures do not suffice in capturing these
dynamics [11]. This insight has led to the development of several
technologies in different disciplines that are able to capture the
changing social environment, for example, day-to-day social
interactions. In total, 3 methods are, to the best of our
knowledge, currently most often used to assess the changing
social environment occurring in daily life, namely, the
experience sampling method (ESM) [12], passive sensing
(including the electronically activated recorder [EAR]) [13,14],
and egocentric networks [15]. The development and
implementation of these methods have thus far occurred largely
separately from each other.

In psychology, ESM is used as a standard tool to capture how
psychological processes evolve over time. It offers great
potential as it provides a picture of daily emotions and (social)
behavior [16]. Participants receive a device to fill out brief daily
questionnaires when a signal occurs. For example, participants
fill out a questionnaire on an app after a push notification is
sent.

Given that ESM can be burdensome for the participants,
different disciplines have started to use passive sensing, which
collects data via sensors from smartphones or other wearable
devices (eg, smartwatches). This allows for monitoring
participants constantly over time. For instance, smartphones
can track an individual’s whereabouts (through a GPS), social
engagement (through the use of social media apps), and social
interactions (by measuring people’s conversations using the
microphone [17,18]). A subgroup of studies that use sensors to
passively collect data are EAR studies. In EAR studies, brief
snippets of environmental sounds are recorded to investigate
the activities or emotions of a person [14,19]. Emotions can be
assessed by transcribing the audio snippet and using Linguistic
Inquiry and Word Count [20]. Linguistic Inquiry and Word
Count is a dictionary that calculates the percentages of included
words for different categories. Some categories describe the
emotional tone someone used while communicating, such as
positive and negative affect [21].

Sociologists often use repeated egocentric networks to
investigate how social connections change over time, for
example, whether the occurrence of mental illness leads to
network attrition, which means that fewer social contacts are
included in the social network [22], or how the social network
of a person changes during substance abuse disorder recovery
[23]. To collect egocentric networks, researchers typically ask
so-called name-generating questions to identify the important
social contacts of a person, which are also called alters. For
example, a name-generating question could be “Please list 25
names of individuals...with whom you have had contact in the
last year” [24]. After alters are identified, further questions about
the characteristics of those alters and the characteristics of the
relationship to those alters are asked (eg, age of the alter,
frequency of contact, and how close someone is to the alter)
[15]. Overall, egocentric networks represent relationships (ties)
between a specific individual (ego) and connected persons
(alters). When relationships between alters are assessed,
structural properties and composition effects of the ego’s
network can be calculated, such as density (the proportion of
existing ties relative to all possible ties) [15], which has been
shown to affect ego’s health outcomes [25]. Similar to ESM,
egocentric networks are burdensome to collect [26,27], for
example, compared with passive measures.

These tools are likely to tap into different parts of people’s
changing social environment. In this paper, we broadly focus
on all aspects of the social environment that differ for each
person and vary over short time scales (eg, minutes, days, and
weeks). We include the behavioral and psychological levels,
also known as the structural and cognitive levels [28,29]. The
behavioral level indicates both what people do and the structural
aspects of the social network (eg, network size), whereas the
psychological level shows, for instance, what people feel or
think [28,29]. For example, a person can have frequent social
contact (behavioral level) and still feel lonely (psychological
level) [4]. Therefore, we consider both levels (psychological
and behavioral) as important to capture the full changing social
environment.

Objectives
So far, it remains unclear which parts of the changing social
environment ESM, egocentric networks, and passive sensing
attempt to capture in the literature and whether and where there
is overlap. Therefore, the first question that we addressed is
which aspects of the behavioral and psychological levels of the
changing social environment are measured using the 3 different
techniques. This question is important in light of the call for a
better conceptualization of (psychological) constructs to advance
theory and measurement [30-32]. We provided a way forward
in how the changing social environment can be conceptualized
by showing which period each method captures and which
aspects of the social environment different methods tap into.
This will also advance the understanding of mental health as it
provides an overview of which aspects of the changing social
environment are currently studied in relation to well-being.

For each of these methods, it is important to consider whether
they measure the concept that they are intended to measure.
Thus, the second question that we addressed is if and how the
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measures are validated. This second question mirrors a recent
debate that psychological research is facing, namely, the
problems associated with the use of nonvalidated questionnaires
[33]. We investigated whether this also applies to measures that
are used to capture the social environment.

Finally, ESM, egocentric networks, and passive sensing come
from different disciplines and, therefore, are likely to be used
separately from each other. However, we believe that a holistic
understanding of the dynamic relationship between mental
health and the changing social environment requires insights
from different aspects that are measured using the different
tools. We do not know how often these tools have been
combined in previous research and how they can be combined
optimally. Consequently, the last question that we addressed is
how the measures have been combined in previous research.

Methods

Protocol
We conducted a scoping review [34]. Although this was not a
systematic review, we designed and wrote this study according
to the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) statement. The PRISMA checklist
can be found in Multimedia Appendix 1 [35]. This review was
not registered before conducting it.

Literature Search Strategy
We aimed to identify studies that used methods that were able
to capture the changing social environment in relation to
well-being in an adult population. Therefore, we conducted a
systematic search to identify studies that used ESM, passive
sensing, or repeated egocentric networks to measure the
changing social environment in relation to well-being or
psychological disorders. The final database search was
completed in July 2021. We conducted searches in Web of
Knowledge, PsycINFO, and PubMed with no date limitation.
We created 2 different search strings and ran each search string
in each database to identify studies of interest. Both full search
strings can be found in Multimedia Appendix 2 [36-38].

Eligibility Criteria
For inclusion, studies must have (1) used ESM, passive sensing,
or repeated egocentric networks to measure the changing social
environment (we included all studies that broadly focused on
aspects of the social environment, which varied over short time
scales [eg, minutes, days, and weeks], as well as studies that
focused on behavioral aspects [such as social interactions] and
psychological aspects [such as social support or relationship
characteristics]); (2) measured the social environment in relation
to well-being, psychological disorders, or psychiatric disorders;
(3) measured the social environment in an adult population
without nonpsychological medical conditions; (4) studied the
social environment in the daily life of a participant; and (5) been
published in English.

Consequently, we excluded studies that focused on children or
older adults and medical treatment evaluations of
nonpsychological or psychiatric disorders. Older adults were
identified as such if the study explicitly said that it focused on,

for example, “old age,” “older women,” or “older people”
[39-41]. We also excluded studies that focused on medical
conditions (eg, stroke). Furthermore, we excluded studies that
only focused on the social environment in an occupational
setting or on dyadic interactions as we were interested in
methods that capture the broad social environment in daily life
(see Multimedia Appendix 3 for a more extensive list).

The eligibility of the studies was assessed by 1 researcher
(AML). A random subsample of studies (n=21) at the beginning
of the coding process was independently assessed by 2
researchers (AML and LFB) to formulate eligibility criteria and
discuss discrepancies with the research team.

Data Extraction
We extracted information about the study (year of publication
and objective), sample characteristics (sample size, sample
population, and country of residence), procedure (study length
and assessment frequency), statistical analysis, validation, and
which sensors were used in passive sensing studies.

We further extracted information on which questions were used
to capture the social environment. The questions used in the
selected ESM and egocentric network studies were diverse and,
therefore, hard to analyze. Thus, we developed categories that
summarized these questions. We developed those categories as
an iterative process. After reading 15 studies, we summarized
the measures of the social environment that were repeatedly
used across the studies. While reading more papers, we revised
these categories. In total, we identified 12 categories for ESM
and 5 categories for egocentric networks, which are reported in
the Results section. We created the category “Other” for items
that did not fit in any of the other categories.

Data extraction was conducted by 1 researcher (AML). The
categories were developed together, and specific cases were
discussed within the research team to increase the clarity of the
categorization of the studies.

Risk of Bias
Our primary aim was to identify studies that used measures to
capture the changing social environment. Similarly to
O’Donohue et al [42], we argue that the outcome and quality
of the studies were less relevant and would not have affected
the eligibility of the studies as no hypothesis was tested.
Therefore, the risk of bias for each study was not assessed.
However, the validity of the measures used was examined and
is described in the Question 2: How Well Are the Measures of
the Social Environment Validated? section.

Results

Overview of the Selected Studies
We identified 1833 articles that measured the social environment
using ESM, passive sensing, or repeated egocentric networks
after removing duplicates (Figure 1). If we decided to exclude
a study during the screening process, we indicated a reason for
doing so. This overview can be found in Multimedia Appendix
3. We removed 78.67% (1442/1833) of the studies after title
and abstract screening. In total, 29.7% (116/391) of the studies
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were excluded after reviewing the full text. Thus, we included 275 studies in our scoping review.

Figure 1. Flow diagram of the included studies (adapted from Page et al [35]). *The first number indicates the records that were identified using the
first search string, which aimed to extract studies that used the experience sampling method or passive sensing, whereas the second number indicates
the records that were identified using the second search string, which aimed to extract studies that used repeated egocentric networks.

Most of the included studies only used 1 method, meaning that
studies only used ESM (223/275, 81.1%), passive sensing
(19/275, 6.9%), or egocentric networks (12/275, 4.4%). Note
that some of the identified papers included multiple studies,
which leads to a total of 238 studies that only used ESM, 20
studies that only used passive sensing, and 12 studies that only
used egocentric networks.

In total, 5.5% (15/275) of the studies combined ESM and passive
sensing to measure the social environment. Repeatedly assessed
egocentric networks were not combined with other methods.
However, 2.2% (6/275) of the studies combined egocentric
networks that were assessed only once with ESM (4/6, 67%)
or passive sensing (2/6, 33%).

Study Characteristics
Multimedia Appendix 3 provides an overview of the individual
characteristics of each study. The studies were published
between 1987 and 2021. The studies took place mainly in the
United States (178/275, 64.7%) and Europe (80/275, 29.1%).

On average, 201 (SD 706; median 102) participants took part
in the 275 selected studies. More than half of the studies
included (healthy) students (105/275, 38.2%) or adults (63/275,

22.9%) as participants. In total, 2.2% (6/275) of the studies
included participants with social anxiety disorder, and 2.5%
(7/275) of the studies included participants with social anxiety
disorder and healthy controls. In addition, of the 275 studies,
46 (16.7%) included participants with other psychological
disorders, and 34 (12.4%) included participants with other
psychological disorders and healthy controls. Next, 5.1%
(14/275) of the studies included participants who used
substances, for example, participants who were heavy drinkers,
smoked, used cannabis, used other drugs, or were recovering
from substance abuse disorder.

Question 1: Which Characteristics of the Social
Environment Are Included and on Which Time Scale?
In this section, we describe which diverse aspects of the social
environment and which temporal resolution (ie, assessment
frequency and study duration) each method captured. ESM
studies assessed the social environment using approximately 6
questionnaires per day, for a study length of 15 days. Questions
that were asked in ESM studies were usually about what the
participant was doing or feeling at the moment or since the last
questionnaire. A known strength of ESM studies is that they
tap into several aspects of the changing social environment by
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capturing both behavioral and psychological characteristics
directly through questionnaires (Figure 2). The behavioral level
includes what people do and the structural aspects of the social
network (eg, network size). In contrast, the psychological level

shows, for instance, what people feel or think [28,29]. In total,
83.6% (199/238) of the selected ESM studies included
behavioral aspects, and only 66.8% (159/238) of the ESM
studies included psychological aspects.

Figure 2. Overview of which aspects each method captures. The example items are based on the items that were used in the selected experience sampling
method (ESM) and egocentric network studies. We developed categories to summarize which aspects of the social environment were captured in the
selected studies. The first column shows which aspects the ESM studies captured and how often (in percentage) those aspects were measured in the 238
selected ESM studies that only used 1 measurement. Subsequently, the second column shows how often (in percentage) different aspects were included
in the 12 selected egocentric network studies. The last column shows which aspects can be potentially captured using passive sensing; as those aspects
are only indirectly and often implicitly measured, we did not calculate any percentages.

Behavioral aspects that were frequently addressed were whether
someone was alone (97/238, 40.8%) or interacting (94/238,
39.5%) [43] and the characteristics of social interaction partners
(97/238, 40.8%). There was less consistency across ESM studies
in which psychological aspects were captured. For example,
studies occasionally included questions about the content or
quality of an interaction (58/238, 24.4%) [43,44] or whether
someone enjoyed being alone or not alone (49/238, 20.6%) [45].
In addition, questions about relationship characteristics were
occasionally asked (42/238, 17.6%) [46]. Thus, ESM studies
frequently involved whether someone was not alone or
interacting, but such studies were less consistent in assessing

the psychological level of the social environment and social
behavior.

Similar to ESM studies, a strength of egocentric network studies
is that they assess behavioral (12/12, 100% of egocentric
network studies) and psychological (10/12, 83% of egocentric
network studies) aspects of the social environment. ESM and
egocentric networks capture similar aspects of the social
environment. At the behavioral level, the egocentric network
studies measured characteristics of social contacts (eg, age or
gender; 8/12, 67%) and occasionally asked how often someone
was interacting (4/12, 33%; Figure 2), for example, by asking
about the frequency of contact in the past [47]. At a
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psychological level, subjective relationship characteristics (9/12,
75%) and perceived social support (6/12, 50%) were often
captured.

It is evident that, contrary to ESM studies, egocentric network
studies focused more on the interaction partners than on the
interaction itself. Studies were longer (approximately 4 years),
with 3 rounds of measurements in these periods. Questions that
were asked in egocentric network studies also referred to longer
periods. For example, Francis [23] asked participants to name
the people they had had contact with in the previous 6 months.
Egocentric network studies asked a so-called name-generating
question (eg, name people participants considered meaningful
[47]) at the beginning of the study. This allowed them to give
an estimate of the network size of a person. Furthermore,
detailed information on interaction partners was available. In
contrast, ESM often measures the characteristics of the social
environment at a specific moment without linking them to a
specific person. Even if a study specified with whom someone
was interacting, often names or initials were missing and only
broad categories were assessed (eg, significant other, family,
friend, classmate, coworker, stranger, and other [46]).

In contrast to ESM and egocentric networks, a strength of studies
that use passive sensing or EAR is that they can objectively and
directly tap into behavioral aspects. These can be measured
continuously using sensors during the day. The reviewed studies
were, on average, 27 days long. Studies that used passive sensing
or EAR mostly included the audio (microphone; 12/20, 60%)
and sociability (calls or SMS text messages; 9/20, 45%) of a
person. These measures can indirectly capture whether someone
is alone or interacting [14,48]. In addition, mobility measures
(GPS and accelerometer) were included in half (10/20, 50%)
of the studies. Measures that were less often included were
phone-related properties such as the total time spent on
communication apps (3/20, 15%) [49].

Thus, ESM and passive sensing can both capture the location,
activity, and contact frequency of a person (Figure 2). A
weakness of passive sensing is that it can only indirectly capture
the psychological level using its sensors (raw measures). For
example, audio data must be manually coded to examine the
emotions of a person [14], or passive measures must be
combined with questionnaires to build models that can predict
psychological variables such as loneliness [50,51]. In contrast,
ESM can examine the psychological level directly by asking
the person about their experiences and feelings.

Question 2: How Well Are the Measures of the Social
Environment Validated?
In the previous section, we identified which elements of the
social environment were captured by the different methods. In
this section, we discuss the validity of these methods. In its
broadest sense, validity refers to the extent to which a method
measures what it is intended to measure [52,53]. This section
discusses the strategies that the selected studies chose to provide
evidence of validity.

For ESM (and all other questionnaire-based measures), it is
essential that items that claim to measure a specific construct
do so. Obviously, this is difficult as researchers may define their

constructs differently and may have different opinions about
what loneliness is, for example. A way to examine the validity
of the selected studies is to investigate whether validated
questionnaires were used. Of the selected ESM studies, only
27.7% (66/238) used a validated questionnaire. For example,
the University of California, Los Angeles, Loneliness Scale was
often used to assess loneliness [54,55]. In contrast, other studies
used only 1 nonvalidated question, such as “At this moment,
how lonely do you feel?” [56], to assess loneliness.

Some studies (45/238, 18.9%) reported that they included items
that were already used in previous research. Using items that
were used in previous research does not indicate validity.
However, it does make the studies more comparable with each
other. Slightly more than half (126/238, 52.9%) of the studies
did not use validated scales or items from previous research.
Nevertheless, some authors (25/238, 10.5%) provided arguments
and details about their item selection [45,57]. Overall, 42.4%
(101/238) of the ESM studies did not use validated items to
measure the social environment and did not give a specific
reason for including the items in their research.

Questions about the behavioral level of the social environment
may require less validation or explanation than questions
measuring the psychological level. For example, whether
someone is alone or not is easier to measure than the feeling of
loneliness. Thus, it is even more important to validate questions
at the psychological level. To investigate the validity of
questions at the psychological level, we looked at a subset of
ESM studies that included at least one question at the
psychological level of the social environment (159/238, 66.8%).
This subset used slightly more validation strategies (103/159,
64.8%) compared with the full sample (137/238, 57.6%).

In contrast to ESM studies, egocentric network studies aim to
capture a part of the social network of a person. Validity in this
case is different from that in ESM studies as the overall goal is
to obtain an accurate representation of the overall network
compared with measuring specific constructs. A topic that
hinders validity in this regard is the size of the assessed
egocentric network [24]. Depending on the number of alters
included, the validity of network characteristics might differ as
including too few alters might bias the network composition
and structure estimates [24,26,58]. McCarty et al [26] found
that naming 25 alters can capture most of the structural patterns
of a network. The number of alters that participants were
allowed to name differed across the included studies. In half
(6/12, 50%) of the studies, participants were allowed to name
an unlimited number of alters. In other studies (5/12, 42%), the
number of alters that participants could include was limited and,
therefore, might have biased the network estimates. However,
in all except 8% (1/12) of the studies, participants were allowed
to name at least 25 alters and named, on average, fewer alters
than they were allowed to [59,60]. Thus, it is likely that those
studies still provided valid estimates of the network structure
as the limit of alters that participants were allowed to enter was
not reached and at least 25 alters were allowed to be included
in the network. It is important to note that how many alters
participants included in their network might also be influenced
by their motivation. Low motivation can lead to a biased
network estimate even if unlimited alters can be added [27].
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Another aspect that might affect validity in egocentric network
studies is whether an appropriate name generator was used and
whether the questions asked to assess the relationship
characteristics were valid. Using different name generators can
affect the network size and average tie characteristics [61].
Therefore, using name generators that have been used and tested
in previous research might increase the validity and
comparability across studies. In most studies (10/12, 83% of
the egocentric network studies), the name generator questions,
as well as the content questions asked to assess the relationship
characteristics, had been used in previous studies. A total of 8%
(1/12) of the studies did not use questions based on previous
studies but only asked whom a person had contacted in the last
6 months and several characteristics of the alter [23]. A total of
8% (1/12) of the studies also did not use questions from previous
research but developed their own questions based on previous
literature reviews and results from earlier assessed egocentric
networks [62]. Thus, except for 8% (1/12) of the studies,
egocentric network studies used strategies that increased the
validity and comparability across studies.

For passive sensing, validation is rather different than for
questionnaire-based items, as in ESM and egocentric networks.
For passive sensing, it is important that the extracted features
or algorithms applied indeed capture the parts of the social
environment that they are designed to capture. First, we discuss
passive sensing studies excluding EAR studies. In the selected
studies, only half (6/12, 50%) of the studies that only used
passive sensing measured how the extracted features or the built
model with a combination of features related to the changing
social environment. For example, Jacobson et al [63] aimed to
detect how passively collected data (ie, accelerometers and
incoming and outgoing calls and SMS text messages) can predict
the level of anxiety in social situations (social anxiety). They
found a correlation of r=0.7 between predicted social anxiety
severity and social anxiety measured using a questionnaire.
Thus, they concluded that passive sensing can be used to detect
social anxiety. We discuss this issue further in the following
section on the combination of methods. The other half (6/12,
50%) of the studies that used only passive sensing (excluding
EAR studies) did not mention any techniques to show how their
passive collected data related to the social environment. For
instance, Tsapeli and Musolesi [64] used GPS and accelerometer
data as implicit indicators of social interactions. However, it
remains unclear how well GPS and accelerometer data can
capture social interactions. In addition, Schuwerk et al [65] used
the number of contacts as an indicator of social network size
[65], but it is uncertain how accurately the number of contacts
can describe the social network size as no research was done to
investigate this.

In EAR studies, validity is about the coding of the audio files.
For example, extracted audio features from the microphone
should refer to the social interactions a person had. If the coding
is performed manually, this should be done in a standardized
way. Predefined coding schemes can help with this process. In
total, 50% (4/8) of the EAR studies used such a predefined
coding scheme [14] (eg, social environment coding of sound
inventory [19]). A total of 25% (2/8) of the studies used
interrater reliability, meaning that the extent of agreement across

different coders was measured. In 12% (1/8) of the studies, 28%
of the participants listened to parts of their audio to verify the
given coding [66]. In total, 12% (1/8) of the studies only looked
at the presence of speech or presence of others without any
specific validation [67]. In this study, this was done
automatically with the Google Cloud Speech-to-Text software
[67]. If the software generated a transcript, the presence of
speech was assumed without active verification by a human.

Overall, ESM, egocentric networks, and passive sensing use
different methods to improve the validity of their collected data.
Most of the egocentric network studies (10/12, 83%) and EAR
studies (7/8, 88%) included procedures that improved the
validity of their collected data. In contrast, this percentage was
much lower in ESM and passive sensing studies, with only
approximately 60% (137/238, 57.6%) of the ESM studies and
50% (6/12) of the passive sensing studies mentioning techniques
that supported the validity of their collected data.

Question 3: How Were the Measures Combined in
Previous Research?

Overview
To better understand how methods can be best combined, we
identified 7.6% (21/275) of the studies that used more than one
of our discussed methods. In total, 29% (6/21) of these studies
used 1 method to assess the social environment, whereas the
second method was used to capture something different (eg,
mood) [68-71]. As we focus in this section on studies that used
multiple methods to capture the social environment, we only
discuss the remaining 71% (15/21) of the studies in more detail.
We start by discussing studies that combined methods to
measure several aspects of the social environment and their
relation to a third variable (eg, well-being). These studies
attempted to capture multiple aspects of the social environment
through a combination of methods. Next, we discuss studies
that examined the overlap in how different methods characterize
the social environment. These studies relate to the validation
of measures as different methods measured similar parts of the
social environment and many studies investigated how those
measures of the social environment agreed with each other.

Studies That Combined Different Methods to Cover a
Wider Part of the Social Environment
In 20% (3/15) of the studies, different measures were combined
to cover a wider part of the social environment [65,72,73]. A
total of 67% (2/3) of these studies did this to investigate
questions regarding different parts of the social environment.
Schuwerk et al [65] investigated offline social interactions
measured via ESM and interactions measured via smartphones
(eg, number and duration of calls). Abel et al [72] aimed to
capture social interactions objectively via EAR and, in addition,
used daily questionnaires to capture subjective emotions during
a social interaction [72]. Thus, a combination of methods helped
answer several research questions.

Another study aimed to predict stress and mental health and
highlighted that a combination of measures of the social
environment (ie, passive sensing and ESM) provided better
predictions of self-reported stress and poor mental health than
each method on its own [73]. In this study, data were passively
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collected using smartphones and wearable devices. In addition,
participants had to fill out a diary. Overall, using passively
collected data improved the prediction of stress and mental
health, although the improvements were not large (from 72%
to 82% for stress and from 85% to 87% for mental health).

Dynamically assessed egocentric networks were not combined
with other methods, but one-time–assessed egocentric networks
were used to collect more information on interaction partners
or the total network size. These studies helped better understand
how repeated egocentric networks could be combined with ESM
or passive sensing in future research. First, 27% (4/15) of the
studies combined one-time–assessed egocentric networks with
ESM to identify important contacts before the ESM data
collection started [74,75], determine the relationship
characteristics of daily contacts [76], or have a measure for the
network size of a person [77]. It was shown that the presence
of people who provide emotional support, which was measured
using a combination of ESM and egocentric networks, was
associated with well-being measured via ESM [76]. In addition,
controlling for network size was important for understanding
stress and affect [77]. Second, 13% (2/15) of the studies used
(measures similar to) one-time–assessed egocentric networks
together with passive sensing [50,78] to assess network members
(eg, close friends, family members, and friends on campus) and
determine whether someone interacted with a close friend based
on Bluetooth connections or phone numbers. Hence, combining
egocentric networks with passive sensing can be useful to create
meaningful variables based on the passive sensing measures,
such as how many close friends someone had contact with
instead of just counting Bluetooth connections.

Overall, few studies combined different techniques to measure
the social environment. However, combining different
techniques improved the prediction and understanding of the
social environment in relation to mental well-being.

Studies That Examined the Overlap in How the Social
Environment Is Characterized by Different Methods
We identified 27% (4/15) of studies that indicated that passively
collected data correlated with parts of the social environment
and social behavior assessed using ESM [79-82]. First, Abdullah
et al [79] found promising results using passive measures such
as nonsedentary duration based on the accelerometer and
conversation frequency based on the microphone to predict how
stable the social rhythm of a person is. The social rhythm of a
person was measured through ESM questions on the daily
routine, such as at what time someone would get out of bed and
have their first social contact. In addition, other studies found
a relationship between passive measures (such as total time
traveled based on GPS) and a person’s social context and
activity (such as whether a person was alone, having a
conversation, interacting, or in a location [80-82]). However,
the strength of the association differed by study, measure, and
participant group. For example, Fulford et al [81] showed that
passive measures related to an individual’s social behavior
differed for individuals with schizophrenia and healthy controls.
The association between distance traveled and number of
interactions ranged from 0.07 for people with schizophrenia to
0.6 for healthy controls [81]. In general, they concluded that

passively collected mobility features (GPS) relate moderately
to ESM measures of social behavior for healthy individuals
(ranging from a correlation of r=0.31 to r=0.7), whereas audio
relates moderately to ESM measures of social behavior for
people with schizophrenia (correlations of approximately 0.5).
Overall, this 27% (4/15) of studies indicated that there are
moderate associations between passive measures and social
behavior but that it is difficult to draw any final conclusions
because of the variation in methods and results across and within
studies.

In the remainder of this section, we describe 13% (2/15) of
studies that used EAR together with ESM. Interestingly, studies
that used ESM together with EAR only showed moderate
agreement between the assessed variables. Minor et al [21]
investigated how EAR is implemented in students with
schizotypy and how social engagement differs between students
characterized by high or low schizotypy. Students had to wear
EAR for 2 days and fill out ESM for 16 days. Surprisingly, even
though the conclusions drawn from each measurement were
similar, there was little overlap between EAR and ESM
measures for positive and negative affect. The authors argue
that both measures capture different facets of daily life. EAR
captures affect without the interpretation of the participant,
whereas ESM adds a subjective context to it, such as the quality
of the relationship between interaction partners. Similarly, Sun
et al [51] used EAR and ESM to measure the relationship
between the quantity and quality of social interaction and
well-being. They only found a moderate agreement between
EAR and ESM regarding when participants were interacting
(r=0.39), conversational depth (r=0.31), and self-disclosure
during an interaction (r=0.31).

To conclude, our results indicate that passively collected data
and ESM assess overlapping aspects of the social environment
but that more validation studies are needed to investigate which
aspects are robustly measured with passive sensing data across
studies [79-81]. In addition, studies that used ESM together
with EAR only showed moderate agreement between the
assessed variables. This indicates that the convergent validity
between the 2 measures is not high, meaning that different
measures of the same construct do not agree much [83].
Nevertheless, the overall conclusions drawn from both measures
(ESM and EAR) regarding the relationship to schizotypy and
well-being were similar [21,51].

Discussion

Principal Findings
Our aim was to study how distinct methods originating from
different disciplines were used to capture people’s changing
social environments, identify the strengths and weaknesses of
each method, and detect opportunities to combine them. We
focused on how ESM, passive sensing, and repeated egocentric
networks are currently used to measure the social environment.
We investigated how parts of the social environment were
captured by each method and the validity of the measures used
in each method. Furthermore, we examined how these methods
have been combined in previous research.
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In total, 3 major implications follow from our literature review,
which we will discuss in detail in the following sections, and
are summarized in Textbox 1. First, a combination of methods
is essential to better capture the changing social environment
as each method captures a different resolution (duration and
frequency) of the social environment and assesses aspects of
the social environment at different levels (psychological vs
behavioral). However, a combination of methods has rarely

been observed in previous research. Second, a combination of
methods has tremendous potential to reduce both researcher
and participant burden as there is overlap in the various
constructs they capture. Third, measures of the social
environment are rarely validated, which undermines the
robustness of the conclusions drawn. We will provide
suggestions in the following sections for future efforts to collect
and analyze data.

Textbox 1. Recommendations for future studies measuring the changing social environment.

Combine methods to achieve a more comprehensive picture of the social environment

• Tap into more aspects of the social environment by using different methods to capture what people do and what people feel and perceive.
Frequently assessed aspects in the included studies were the following:

• What people do: how often someone is alone, how often someone is interacting, duration of an interaction, location, activity, own behavior
during interaction (measured using the experience sampling method [ESM]), characteristics of persons that belong to the social environment,
and how many people belong to one’s social environment (network size, measured using egocentric networks)

• What people think and perceive: content or quality of a specific interaction (measured using ESM), subjective perception of the relationship
to another person, perceived social support, perception of being alone, not alone, or interacting (measured using ESM), and loneliness
(measured using ESM)

Combine methods to measure aspects on a suitable frequency and reduce researcher and participant burden

• Choose a suitable time scale for capturing the constructs of interest, which means that fluctuating aspects should be measured using ESM and
passive sensing and stable aspects can be captured using repeated egocentric networks (make sure to collect identifiers [nicknames or initials]
in the ESM to collect the egocentric network). Stable characteristics might be the following:

• Characteristics of a person that belongs to one’s social network (eg, gender; age; and objective relationship characteristics such as friend,
colleague, or coworker)

• Subjective relationship characteristics that do not change daily (eg, how close someone is)

• Perceived social support to specific persons

• Consider using passive measures to reduce the length of ESM questionnaires. For example, location or physical activity can potentially be assessed
using passive sensing.

Better validation for ESM and passive sensing

• Use validated ESM items or other strategies that increase validity. Other strategies that were used in the studies in our review were the following:

• Choosing questions based on previous research (eg, ESM Item Repository)

• Providing arguments for why a specific item was included (especially if it was not validated)

• Choosing ESM items that relate to validated cross-sectional scales

• Explanation of the ESM questions to the participants

• Doing a test round or pilot round

• Doing a multiverse analysis

• Choosing a suitable method for a psychometric evaluation of the items

• Make explicit what one aims to measure using passive measures (ie, which part of the changing social environment one aims to capture).

• To validate which part of the changing social environment the passive measures capture, consider using ESM in addition.

Combining Methods Will Achieve a More
Comprehensive Picture of the Social Environment and
Can Reduce Participant Burden (Compared With Only
Using ESM)
We argue that future research would benefit from combining
different methods to capture a wider part of the social
environment. A combination will help measure aspects that
would have been missed by a single method but are important

for well-being. The results from Sano et al [73] substantiate this
conclusion by showing that combining ESM and passive sensing
provides better well-being predictions than each method on its
own. However, our results show that a combination of methods
has rarely been observed in previous research. Only 5.5%
(15/275) of the studies combined ESM and passive sensing, and
none of the selected studies combined all 3 methods.

Importantly, it is well known that ESM is suited to capture both
the behavioral and psychological aspects of the social
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environment and, therefore, is a great tool for capturing a wide
part of the social environment. However, our results showed
that, even though ESM can capture both levels, approximately
one-third of the ESM studies (79/238, 33.2%) only captured
the behavioral level (eg, whether someone was alone or
interacting) without assessing the psychological level (eg, how
the quality of the interaction was perceived). This does not align
with previous research that showed that the psychological
aspects of the social environment are important to understand
well-being [7,46]. Thus, we would recommend that future
studies include more aspects of the psychological level as ESM
studies are especially suited to measure in-the-moment
experiences.

The remainder of this section focuses on how these methods
can be combined. First, combining ESM with egocentric
networks would be beneficial to measure the variable of interest
at a suitable frequency. On the one hand, it is known and
supported by our results that egocentric networks are often only
assessed infrequently (eg, twice a year). However, substantive
fluctuations in mood and behavior occur over shorter time
scales, and ESM is needed to capture those fluctuations [11].
In contrast, ESM measures the social environment several times
a day, but some relationship characteristics might be more stable.
Thus, similarly to Hopwood et al [84], we recommend explicitly
thinking about the duration and frequency of change of a (social)
construct and determining how often and frequently it should
be measured based on a theoretical conceptualization [84]. We
recommend capturing variables that do not change frequently
using egocentric networks instead of using ESM. This reduces
the length of daily ESM questionnaires and, thus, the participant
burden [85].

For example, we know that whether a contact is close or not or
the characteristics of an interaction partner (eg, gender) do not
change frequently during the day. Nevertheless, our results show
that these questions, if asked in ESM studies [46], are often
asked multiple times a day. In the reviewed studies, often the
identities of interaction partners were missing, and only general
categories were assessed (eg, significant other, family, friend,
classmate, coworker, stranger, and other [46]). Thus, our results
indicate that the same questions on interaction partners may be
asked multiple times per day. This is contrary to the purpose of
ESM, which is designed to measure in-the-moment experiences
rather than static characteristics. Hence, for future research, it
would be beneficial to assess the names or initials of an
interaction partner in ESM studies and measure more static
relationship characteristics using an egocentric network at the
beginning or end of a study (such as the nature of the
relationship, closeness, and characteristics of the relationship
with the interaction partner).

Some of the selected studies already did something similar by
assessing the close contacts of a person using a questionnaire
before passive sensing or ESM started [50,75,76]. This
information helped cover more aspects of the social environment
and shorten the ESM questionnaire. Moreover, Sun et al [51]
proposed to assess relationship characteristics using a baseline
questionnaire and only ask people during ESM who they had
interacted with based on this questionnaire. Currently, Stadel

[86] is working on combining ESM and (one-time–assessed)
egocentric networks for clinical practice.

Passive sensing measures might be further useful to reduce the
length of ESM questionnaires. Our review identified that some
aspects of the social environment are captured via passive
sensing and ESM, such as a person’s location and activities
[64,87]. Given the major burden for respondents to frequently
report their activities and location through ESM, which reduces
the validity of the data and response rate [88,89], passive sensing
can be an important tool to assess the activity and location at a
high resolution and for a long duration with low participant
burden. There is an additional opportunity to replace ESM
questions about the social environment (eg, number of
interactions) with passive sensing measures (eg, distance
traveled), which would further reduce participant burden
[79-81,90]. However, it is too premature to make more specific
recommendations as it is not yet clear how much overlap exists
between passive measures and ESM and research suggests that
it varies across studies and individuals. Furthermore, different
methods might capture different underlying constructs even if
they are supposed to measure the same ones [21,51]. Further
validation is needed before particular questions can be replaced
with passive sensing.

Improving Validation Techniques
Although the included studies attempted to characterize the
social environment, we identified shortcomings in the use of
validated measures to capture the social environment. We
observed two main problems with respect to the validity of the
data: (1) the use of nonvalidated items in ESM studies and (2)
the use of features in passive sensing studies related to the social
environment that were not validated.

Approximately 70% (172/238, 72.3%) of the ESM studies did
not use items that were based on validated questionnaires. This
is in line with recent articles emphasizing that psychological
research has a major issue with validation and questionnaires
without validation are applied frequently [33,91,92]. Using
nonvalidated questionnaires can lead to problems in the
interpretation of research results and reduce the robustness of
the study conclusions [33]. It further makes it hard to compare
results across studies.

A way forward to improve ESM measures would be to conduct
more studies that validate measures for different aspects of the
social environment and use strategies that improve the validity
of the measures. For example, as described by Mestdagh and
Dejonckheere [91], recent innovations such as the ESM Item
Repository [93] or multiverse analysis [94] are a first step
toward improving the reliability and validity of ESM item
selection. Fortunately, different statistical methods have also
become available that can be used to evaluate the reliability of
ESM items [92,95-99].

In contrast to ESM, validity in egocentric network studies refers
to obtaining an accurate estimate of network characteristics.
This estimate highly depends on the number of alters included
[24,26,58]. In addition, using an appropriate name generator
and questions to assess the relationship characteristics is
important. Half (6/12, 50%) of the selected studies allowed the
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participants to name an unlimited number of alters. Even though
the number of alters was limited in some studies, participants
named, on average, less alters than they were allowed to. Thus,
it is likely that these studies still provided a valid estimate of
the network characteristics. The name generator and questions
asked to assess the relationship characteristics were mostly used
in previous research, which increases comparability (>80%).

Passive sensing suffers from a lack of studies that show that
features based on passively collected data relate to the construct
that is intended to be measured. Although some studies (6/12,
50%) used pre- and postassessment questionnaires [63] to
investigate how passive measures related to the social
environment, 50% (6/12) of the studies that only used passive
sensing did not use any validation to show how their passive
measures relate to the social behavior of a person (or other
intended measures). For example, GPS and accelerometer data
were used as implicit indicators of social interactions [64], and
the number of contacts was used as an indicator of social
network size [65]. It is entirely unclear how well these features
map to what they are supposed to measure.

In addition, the studies were often vague about which social
behavior they aimed to capture with the use of passive measures.
They often divided their features into “mobility” and “social”
features and did not explicitly indicate which part of the social
environment passive sensors aimed to capture [48,100].
Depending on the research question, this might not be a problem,
for example, if the aim is mainly to predict particular outcomes.
However, it hinders the understanding of which social
mechanism shapes well-being when it is unclear which behavior
is captured using passive sensing. Thus, we propose clearly
defining which constructs passive measures aim to capture and
validating those measures.

Some of the studies that already combined different measures
using ESM and passive sensing together showed that there is
overlap between the features created through passive sensing
and the variables assessed via ESM, which is another way to
validate passive measures. However, these studies found that
features differ across studies and individuals (eg, people with
schizophrenia vs healthy controls [81]). Thus, we cannot draw
any final conclusions about which ESM questionnaires are
captured using passive sensing. For future research that aims
to use passive sensing to capture the changing social
environment, it is important to investigate whether passive
sensing can be used to capture aspects of the social environment
other than call and SMS text message behavior and, if so, to
identify which features can be used.

Limitations
Although there are several strengths to this review, including
its contribution to describing a way forward for how the social
environment can be measured from a holistic perspective and
the inclusion of many studies from multiple databases, some
limitations warrant discussion. A limitation was that only 1
researcher screened the papers. Thus, especially the coding of

which aspects of the social environment were captured using
each method was not checked for interrater reliability.
Nevertheless, the categories were created as an iterative process,
and specific cases were discussed with all the researchers. We
described each category and chose example items to increase
the objective categorization of ESM questions, egocentric
network questions, and passive sensors. Given that our interest
lies in broadly describing the use of different methods to capture
the social environment, minor changes in coding would not
likely affect our general conclusions.

Regarding passive sensing, there were several studies that did
not aim to measure the social environment but to investigate
more generally how passive measures relate to well-being. Our
review only included studies that explicitly aimed to use passive
measures that related to the broader social environment of a
person. Thus, studies that captured parts of the social
environment using passive measures but did not explicitly
mention this were not included in this review. These studies
can be found in systematic reviews that cover the relationship
between passive sensors and well-being more generally
[36,37,101,102]. Recently, a new method has also evolved
(ie, screenomics [103]) that captures the digital behavior of a
person on their smartphone passively via multiple screenshots.
As this method mainly focuses on the digital environment of a
person, it was not included in our review, which aimed to
capture the broad social environment of a person.

In our scoping review, we focused on studies that measured the
social environment in relation to well-being in daily life. Thus,
we excluded studies that measured the social environment only
once or that primarily focused on medical conditions (eg, stroke)
or only on dyadic relationships. We also excluded studies that
only focused on children and adolescents or older people. For
future research, it might be interesting to look at such medical
studies and studies with children and adolescents or older people
and investigate how they measured the social environment. In
these groups, the social environment is similarly important for
well-being.

Conclusions
Social interactions are important for well-being, which is widely
recognized by researchers from different fields. Many different
disciplines have developed measures that are able to capture
changes in the social environment. In this study, we synthesized
the literature on how different measures were used to capture
the dynamic social environment in relation to well-being. Our
results indicate that the combination of measures is currently
lacking but that a combination is important to capture the social
environment from a holistic perspective. Therefore, we propose
combining these methods more often to reduce researcher and
participant burden to improve data quality and cover more
aspects of the changing social environment, which is needed to
better predict a change in well-being. Finally, we call for more
research that validates the measures used to capture aspects of
the social environment.

JMIR Ment Health 2023 | vol. 10 | e42646 | p. 11https://mental.jmir.org/2023/1/e42646
(page number not for citation purposes)

Langener et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Acknowledgments
The authors wish to thank Markus I Eronen, who helped us proofread the manuscript. GS was supported by the Netherlands
Organisation for Scientific Research (Veni grant 451-15-034). LFB was supported by a Netherlands Organization for Scientific
Research Veni grant (NWO-Veni 191G.037). The funding provider had no role in the study design; collection, analysis, or
interpretation of the data; writing of the manuscript; or decision to submit the paper for publication.

Conflicts of Interest
None declared.

Multimedia Appendix 1
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 checklist.
[DOCX File , 32 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Literature search strategy.
[DOCX File , 20 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Overview of included studies.
[XLSX File (Microsoft Excel File), 1561 KB-Multimedia Appendix 3]

References

1. Dodge R, Daly A, Huyton J, Sanders L. The challenge of defining wellbeing. Int J Wellbeing 2012 Aug 28;2(3):222-235
[FREE Full text] [doi: 10.5502/ijw.v2i3.4]

2. Huang M, Huang W. Innovative Approaches of Data Visualization and Visual Analytics. Pennsylvania, United States: IGI
Global; 2014.

3. Kendler KS, Myers J, Prescott CA. Sex differences in the relationship between social support and risk for major depression:
a longitudinal study of opposite-sex twin pairs. Am J Psychiatry 2005 Feb;162(2):250-256. [doi: 10.1176/appi.ajp.162.2.250]
[Medline: 15677587]

4. Ge L, Yap CW, Ong R, Heng BH. Social isolation, loneliness and their relationships with depressive symptoms: a
population-based study. PLoS One 2017 Aug 23;12(8):e0182145 [FREE Full text] [doi: 10.1371/journal.pone.0182145]
[Medline: 28832594]

5. McElroy E, McIntyre JC, Bentall RP, Wilson T, Holt K, Kullu C, et al. Mental health, deprivation, and the neighborhood
social environment: a network analysis. Clin Psychol Sci 2019 Mar 26;7(4):719-734. [doi: 10.1177/2167702619830640]

6. Sliedrecht W, de Waart R, Witkiewitz K, Roozen HG. Alcohol use disorder relapse factors: a systematic review. Psychiatry
Res 2019 Aug;278:97-115. [doi: 10.1016/j.psychres.2019.05.038] [Medline: 31174033]

7. Teo AR, Choi H, Valenstein M. Social relationships and depression: ten-year follow-up from a nationally representative
study. PLoS One 2013;8(4):e62396 [FREE Full text] [doi: 10.1371/journal.pone.0062396] [Medline: 23646128]

8. Krach S, Paulus FM, Bodden M, Kircher T. The rewarding nature of social interactions. Front Behav Neurosci 2010;4:22
[FREE Full text] [doi: 10.3389/fnbeh.2010.00022] [Medline: 20577590]

9. Bailey T, Shahabi L, Tarvainen M, Shapiro D, Ottaviani C. Moderating effects of the valence of social interaction on the
dysfunctional consequences of perseverative cognition: an ecological study in major depression and social anxiety disorder.
Anxiety Stress Coping 2019 Mar 22;32(2):179-195. [doi: 10.1080/10615806.2019.1570821] [Medline: 30667270]

10. Delespaul P, deVries M, van Os J. Determinants of occurrence and recovery from hallucinations in daily life. Soc Psychiatry
Psychiatr Epidemiol 2002 Mar 8;37(3):97-104. [doi: 10.1007/s001270200000] [Medline: 11990012]

11. Kuppens P, Verduyn P. Emotion dynamics. Curr Opin Psychol 2017 Oct;17:22-26. [doi: 10.1016/j.copsyc.2017.06.004]
[Medline: 28950968]

12. Kubey R, Larson R, Csikszentmihalyi M. Experience sampling method applications to communication research questions.
J Commun 1996;46(2):99-120. [doi: 10.1111/j.1460-2466.1996.tb01476.x]

13. Torous J, Kiang MV, Lorme J, Onnela J. New tools for new research in psychiatry: a scalable and customizable platform
to empower data driven smartphone research. JMIR Ment Health 2016 May 05;3(2):e16 [FREE Full text] [doi:
10.2196/mental.5165] [Medline: 27150677]

14. Mehl MR. The lay assessment of subclinical depression in daily life. Psychol Assess 2006 Sep;18(3):340-345. [doi:
10.1037/1040-3590.18.3.340] [Medline: 16953737]

15. Perry B, Pescosolido B, Borgatti S. Egocentric Network Analysis Foundations, Methods, and Models. Cambridge,
Massachusetts, United States: Cambridge University Press; 2018.

JMIR Ment Health 2023 | vol. 10 | e42646 | p. 12https://mental.jmir.org/2023/1/e42646
(page number not for citation purposes)

Langener et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=mental_v10i1e42646_app1.docx&filename=1ce20c135e8666750e6de9abcdbd0f51.docx
https://jmir.org/api/download?alt_name=mental_v10i1e42646_app1.docx&filename=1ce20c135e8666750e6de9abcdbd0f51.docx
https://jmir.org/api/download?alt_name=mental_v10i1e42646_app2.docx&filename=6aaa150253c66ee38d93c353464c442d.docx
https://jmir.org/api/download?alt_name=mental_v10i1e42646_app2.docx&filename=6aaa150253c66ee38d93c353464c442d.docx
https://jmir.org/api/download?alt_name=mental_v10i1e42646_app3.xlsx&filename=2e6769ba479ebc8c92a3fe8281d2855b.xlsx
https://jmir.org/api/download?alt_name=mental_v10i1e42646_app3.xlsx&filename=2e6769ba479ebc8c92a3fe8281d2855b.xlsx
https://doi.org/10.1172/JCI116435
http://dx.doi.org/10.5502/ijw.v2i3.4
http://dx.doi.org/10.1176/appi.ajp.162.2.250
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15677587&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0182145
http://dx.doi.org/10.1371/journal.pone.0182145
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28832594&dopt=Abstract
http://dx.doi.org/10.1177/2167702619830640
http://dx.doi.org/10.1016/j.psychres.2019.05.038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31174033&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0062396
http://dx.doi.org/10.1371/journal.pone.0062396
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23646128&dopt=Abstract
https://europepmc.org/abstract/MED/20577590
http://dx.doi.org/10.3389/fnbeh.2010.00022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20577590&dopt=Abstract
http://dx.doi.org/10.1080/10615806.2019.1570821
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30667270&dopt=Abstract
http://dx.doi.org/10.1007/s001270200000
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11990012&dopt=Abstract
http://dx.doi.org/10.1016/j.copsyc.2017.06.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28950968&dopt=Abstract
http://dx.doi.org/10.1111/j.1460-2466.1996.tb01476.x
https://mental.jmir.org/2016/2/e16/
http://dx.doi.org/10.2196/mental.5165
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27150677&dopt=Abstract
http://dx.doi.org/10.1037/1040-3590.18.3.340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16953737&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


16. Santangelo P, Ebner-Priemer U, Trull T. 11 experience sampling methods in clinical psychology. In: The Oxford Handbook
of Research Strategies for Clinical Psychology. Oxford, United Kingdom: OUP USA; 2013.

17. Eskes P, Spruit M, Brinkkemper S, Vorstman J, Kas MJ. The sociability score: app-based social profiling from a healthcare
perspective. Comput Human Behav 2016 Jun;59:39-48. [doi: 10.1016/j.chb.2016.01.024]

18. Jaques N, Taylor S, Azaria A, Ghandeharioun A, Sano A, Picard R. Predicting students' happiness from physiology, phone,
mobility, and behavioral data. In: Proceedings of the International Conference on Affective Computing and Intelligent
Interaction and Workshops. 2015 Presented at: International Conference on Affective Computing and Intelligent Interaction
and Workshops; Sep 21 - 24, 2015; Xi'an, China. [doi: 10.1109/ACII.2015.7344575]

19. Mehl MR, Pennebaker JW. The sounds of social life: a psychometric analysis of students' daily social environments and
natural conversations. J Pers Soc Psychol 2003 Apr;84(4):857-870. [doi: 10.1037/0022-3514.84.4.857] [Medline: 12703653]

20. Pennebaker J, Booth R, Boyd R, Francis M. Linguistic Inquiry and Word Count: LIWC2015. Austin, TX: Pennebaker
Conglomerates; 2015.

21. Minor KS, Davis BJ, Marggraf MP, Luther L, Robbins ML. Words matter: implementing the electronically activated
recorder in schizotypy. Personal Disord 2018 Mar;9(2):133-143. [doi: 10.1037/per0000266] [Medline: 29215902]

22. Perry BL, Pescosolido BA. Social network dynamics and biographical disruption: the case of “first-timers” with mental
illness. Am J Sociol 2012 Jul;118(1):134-175. [doi: 10.1086/666377]

23. Francis MW. Transitions of women's substance use recovery networks and 12-month sobriety outcomes. Soc Networks
2020 Oct;63:1-10 [FREE Full text] [doi: 10.1016/j.socnet.2020.04.003] [Medline: 32675917]

24. Stadel M, Stulp G. Balancing bias and burden in personal network studies. Soc Networks 2022 Jul;70:16-24. [doi:
10.1016/j.socnet.2021.10.007]

25. Haines VA, Beggs JJ, Hurlbert JS. Contextualizing health outcomes: do effects of network structure differ for women and
men? Sex Roles 2008 Apr 20;59(3-4):164-175. [doi: 10.1007/s11199-008-9441-3]

26. McCarty C, Killworth PD, Rennell J. Impact of methods for reducing respondent burden on personal network structural
measures. Soc Networks 2007 May;29(2):300-315. [doi: 10.1016/j.socnet.2006.12.005]

27. Stulp G. Collecting large personal networks in a representative sample of Dutch women. Soc Networks 2021 Jan;64:63-71.
[doi: 10.1016/j.socnet.2020.07.012]

28. Harpham T, Grant E, Thomas E. Measuring social capital within health surveys: key issues. Health Policy Plan 2002
Mar;17(1):106-111. [doi: 10.1093/heapol/17.1.106] [Medline: 11861592]

29. Phongsavan P, Chey T, Bauman A, Brooks R, Silove D. Social capital, socio-economic status and psychological distress
among Australian adults. Soc Sci Med 2006 Nov;63(10):2546-2561. [doi: 10.1016/j.socscimed.2006.06.021] [Medline:
16914244]

30. Bringmann LF, Elmer T, Eronen MI. Back to basics: the importance of conceptual clarification in psychological science.
Curr Dir Psychol Sci 2022 Jun 14;31(4):340-346. [doi: 10.1177/09637214221096485]

31. Eronen MI, Bringmann LF. The theory crisis in psychology: how to move forward. Perspect Psychol Sci 2021 Jul
29;16(4):779-788 [FREE Full text] [doi: 10.1177/1745691620970586] [Medline: 33513314]

32. Scheel AM, Tiokhin L, Isager PM, Lakens D. Why hypothesis testers should spend less time testing hypotheses. Perspect
Psychol Sci 2021 Jul 16;16(4):744-755 [FREE Full text] [doi: 10.1177/1745691620966795] [Medline: 33326363]

33. Flake JK, Fried EI. Measurement schmeasurement: questionable measurement practices and how to avoid them. Advan
Method Pract Psychol Sci 2020 Dec 02;3(4):456-465. [doi: 10.1177/2515245920952393]

34. Arksey H, O'Malley L. Scoping studies: towards a methodological framework. Int J Soc Res Methodol 2005 Feb;8(1):19-32.
[doi: 10.1080/1364557032000119616]

35. Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated
guideline for reporting systematic reviews. BMJ 2021 Mar 29;372:n71 [FREE Full text] [doi: 10.1136/bmj.n71] [Medline:
33782057]

36. Benoit J, Onyeaka H, Keshavan M, Torous J. Systematic review of digital phenotyping and machine learning in psychosis
spectrum illnesses. Harv Rev Psychiatry 2020 Aug 12;28(5):296-304. [doi: 10.1097/hrp.0000000000000268]

37. Cornet VP, Holden RJ. Systematic review of smartphone-based passive sensing for health and wellbeing. J Biomed Inform
2018 Jan;77:120-132 [FREE Full text] [doi: 10.1016/j.jbi.2017.12.008] [Medline: 29248628]

38. Agampodi T, Agampodi SB, Glozier N, Siribaddana S. Measurement of social capital in relation to health in low and middle
income countries (LMIC): a systematic review. Soc Sci Med 2015 Mar;128:95-104. [doi: 10.1016/j.socscimed.2015.01.005]
[Medline: 25596373]

39. Fernandes A, Van Lenthe FJ, Vallée J, Sueur C, Chaix B. Linking physical and social environments with mental health in
old age: a multisensor approach for continuous real-life ecological and emotional assessment. J Epidemiol Community
Health 2021 May 04;75(5):477-483 [FREE Full text] [doi: 10.1136/jech-2020-214274] [Medline: 33148684]

40. Lawlor ER, Cupples ME, Donnelly M, Tully MA. Promoting physical activity among community groups of older women
in socio-economically disadvantaged areas: randomised feasibility study. Trials 2019 Apr 25;20(1):234 [FREE Full text]
[doi: 10.1186/s13063-019-3312-9] [Medline: 31023329]

41. Steptoe A, Leigh ES, Kumari M. Positive affect and distressed affect over the day in older people. Psychol Aging 2011
Dec;26(4):956-965. [doi: 10.1037/a0023303] [Medline: 21517182]

JMIR Ment Health 2023 | vol. 10 | e42646 | p. 13https://mental.jmir.org/2023/1/e42646
(page number not for citation purposes)

Langener et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.chb.2016.01.024
http://dx.doi.org/10.1109/ACII.2015.7344575
http://dx.doi.org/10.1037/0022-3514.84.4.857
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12703653&dopt=Abstract
http://dx.doi.org/10.1037/per0000266
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29215902&dopt=Abstract
http://dx.doi.org/10.1086/666377
https://europepmc.org/abstract/MED/32675917
http://dx.doi.org/10.1016/j.socnet.2020.04.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32675917&dopt=Abstract
http://dx.doi.org/10.1016/j.socnet.2021.10.007
http://dx.doi.org/10.1007/s11199-008-9441-3
http://dx.doi.org/10.1016/j.socnet.2006.12.005
http://dx.doi.org/10.1016/j.socnet.2020.07.012
http://dx.doi.org/10.1093/heapol/17.1.106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11861592&dopt=Abstract
http://dx.doi.org/10.1016/j.socscimed.2006.06.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16914244&dopt=Abstract
http://dx.doi.org/10.1177/09637214221096485
https://journals.sagepub.com/doi/abs/10.1177/1745691620970586?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1745691620970586
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33513314&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/1745691620966795?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1745691620966795
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33326363&dopt=Abstract
http://dx.doi.org/10.1177/2515245920952393
http://dx.doi.org/10.1080/1364557032000119616
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=33782057
http://dx.doi.org/10.1136/bmj.n71
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33782057&dopt=Abstract
http://dx.doi.org/10.1097/hrp.0000000000000268
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(17)30278-2
http://dx.doi.org/10.1016/j.jbi.2017.12.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29248628&dopt=Abstract
http://dx.doi.org/10.1016/j.socscimed.2015.01.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25596373&dopt=Abstract
http://jech.bmj.com/lookup/pmidlookup?view=long&pmid=33148684
http://dx.doi.org/10.1136/jech-2020-214274
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33148684&dopt=Abstract
https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-019-3312-9
http://dx.doi.org/10.1186/s13063-019-3312-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31023329&dopt=Abstract
http://dx.doi.org/10.1037/a0023303
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21517182&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


42. O’Donohue JS, Mesagno C, O’Brien B. How can stress resilience be monitored? A systematic review of measurement in
humans. Curr Psychol 2019 Mar 14;40(6):2853-2876. [doi: 10.1007/s12144-019-00226-9]

43. Čolić J, Bassett TR, Latysheva A, Imboden C, Bader K, Hatzinger M, et al. Depersonalization and derealization in
embarrassing social interactions: an experience sampling study in social phobia, major depression and controls. J Anxiety
Disord 2020 Mar;70:102189. [doi: 10.1016/j.janxdis.2020.102189] [Medline: 32070861]

44. Mills J, Fuller-Tyszkiewicz M, Holmes M. State body dissatisfaction and social interactions. Psychol Women Q 2014 Feb
03;38(4):551-562. [doi: 10.1177/0361684314521139]

45. Schneider M, Reininghaus U, van Nierop M, Janssens M, Myin-Germeys I, GROUP Investigators. Does the social functioning
scale reflect real-life social functioning? An experience sampling study in patients with a non-affective psychotic disorder
and healthy control individuals. Psychol Med 2017 Dec 23;47(16):2777-2786. [doi: 10.1017/S0033291717001295] [Medline:
28534464]

46. Brown L, Strauman T, Barrantes-Vidal N, Silvia P, Kwapil T. An experience-sampling study of depressive symptoms and
their social context. J Nerv Ment Dis 2011 Jun;199(6):403-409. [doi: 10.1097/NMD.0b013e31821cd24b] [Medline:
21629020]

47. ter Haar-Pomp L, Spreen M, Volker B, Bogaerts S. The impact of forced forensic psychiatric confinement on composition
and structure in the personal networks of personality-disordered forensic psychiatric patients. J Forensic Psychiatry Psychol
2018 May 08;30(1):53-75. [doi: 10.1080/14789949.2018.1467947]

48. Barnett I, Torous J, Staples P, Sandoval L, Keshavan M, Onnela J. Relapse prediction in schizophrenia through digital
phenotyping: a pilot study. Neuropsychopharmacology 2018 Jul;43(8):1660-1666 [FREE Full text] [doi:
10.1038/s41386-018-0030-z] [Medline: 29511333]

49. Jagesar RR, Roozen MC, van der Heijden I, Ikani N, Tyborowska A, Penninx BW, et al. Digital phenotyping and the
COVID-19 pandemic: capturing behavioral change in patients with psychiatric disorders. Eur Neuropsychopharmacol 2021
Jan;42:115-120. [doi: 10.1016/j.euroneuro.2020.11.012] [Medline: 33298386]

50. Doryab A, Villalba DK, Chikersal P, Dutcher JM, Tumminia M, Liu X, et al. Identifying behavioral phenotypes of loneliness
and social isolation with passive sensing: statistical analysis, data mining and machine learning of smartphone and fitbit
data. JMIR Mhealth Uhealth 2019 Jul 24;7(7):e13209 [FREE Full text] [doi: 10.2196/13209] [Medline: 31342903]

51. Sun J, Harris K, Vazire S. Is well-being associated with the quantity and quality of social interactions? J Pers Soc Psychol
2020 Dec;119(6):1478-1496. [doi: 10.1037/pspp0000272] [Medline: 31647273]

52. Borsboom D. Measuring the Mind Conceptual Issues in Contemporary Psychometrics. Cambridge, Massachusetts, United
States: Cambridge University Press; 2005.

53. Bringmann LF, Eronen MI. Heating up the measurement debate: what psychologists can learn from the history of physics.
Theory Psychol 2015 Nov 22;26(1):27-43. [doi: 10.1177/0959354315617253]

54. Lewis K. COVID-19: preliminary data on the impact of social distancing on loneliness and mental health. J Psychiatr Pract
2020 Sep;26(5):400-404. [doi: 10.1097/PRA.0000000000000488] [Medline: 32936586]

55. Neto F. Psychometric analysis of the short-form UCLA Loneliness Scale (ULS-6) in older adults. Eur J Ageing 2014 Dec
25;11(4):313-319 [FREE Full text] [doi: 10.1007/s10433-014-0312-1] [Medline: 28804337]

56. Merolla AJ, Hall JA, Bernhold Q. Perseverative cognition, distracted communication, and well‐being in everyday social
interaction. Pers Relationship 2019 Aug 20;26(3):507-528. [doi: 10.1111/pere.12286]

57. Hepp J, Lane SP, Carpenter RW, Trull TJ. Linking daily-life interpersonal stressors and health problems via affective
reactivity in borderline personality and depressive disorders. Psychosom Med 2020 Jan 8;82(1):90-98 [FREE Full text]
[doi: 10.1097/PSY.0000000000000728] [Medline: 31592936]

58. Costenbader E, Valente TW. The stability of centrality measures when networks are sampled. Soc Networks 2003
Oct;25(4):283-307. [doi: 10.1016/S0378-8733(03)00012-1]

59. Marin A, Hampton K. Network instability in times of stability. Sociol Forum 2019 Feb 14;34(2):313-336 [FREE Full text]
[doi: 10.1111/socf.12499]

60. Terhell EL, Broese van Groenou MI, van Tilburg T. Network contact changes in early and later postseparation years. Soc
Networks 2007 Jan;29(1):11-24. [doi: 10.1016/j.socnet.2005.11.006]

61. Campbell KE, Lee BA. Name generators in surveys of personal networks. Soc Networks 1991 Sep;13(3):203-221. [doi:
10.1016/0378-8733(91)90006-F]

62. Pinfold V, Sweet D, Porter I, Quinn C, Byng R, Griffiths C, et al. Improving community health networks for people with
severe mental illness: a case study investigation. In: Health Services and Delivery Research. Southampton (UK): NIHR
Journals Library; Feb 2015.

63. Jacobson NC, Summers B, Wilhelm S. Digital biomarkers of social anxiety severity: digital phenotyping using passive
smartphone sensors. J Med Internet Res 2020 May 29;22(5):e16875 [FREE Full text] [doi: 10.2196/16875] [Medline:
32348284]

64. Tsapeli F, Musolesi M. Investigating causality in human behavior from smartphone sensor data: a quasi-experimental
approach. EPJ Data Sci 2015 Dec 18;4(24). [doi: 10.1140/epjds/s13688-015-0061-1]

JMIR Ment Health 2023 | vol. 10 | e42646 | p. 14https://mental.jmir.org/2023/1/e42646
(page number not for citation purposes)

Langener et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1007/s12144-019-00226-9
http://dx.doi.org/10.1016/j.janxdis.2020.102189
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32070861&dopt=Abstract
http://dx.doi.org/10.1177/0361684314521139
http://dx.doi.org/10.1017/S0033291717001295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28534464&dopt=Abstract
http://dx.doi.org/10.1097/NMD.0b013e31821cd24b
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21629020&dopt=Abstract
http://dx.doi.org/10.1080/14789949.2018.1467947
https://europepmc.org/abstract/MED/29511333
http://dx.doi.org/10.1038/s41386-018-0030-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29511333&dopt=Abstract
http://dx.doi.org/10.1016/j.euroneuro.2020.11.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33298386&dopt=Abstract
https://mhealth.jmir.org/2019/7/e13209/
http://dx.doi.org/10.2196/13209
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31342903&dopt=Abstract
http://dx.doi.org/10.1037/pspp0000272
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31647273&dopt=Abstract
http://dx.doi.org/10.1177/0959354315617253
http://dx.doi.org/10.1097/PRA.0000000000000488
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32936586&dopt=Abstract
https://europepmc.org/abstract/MED/28804337
http://dx.doi.org/10.1007/s10433-014-0312-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28804337&dopt=Abstract
http://dx.doi.org/10.1111/pere.12286
https://europepmc.org/abstract/MED/31592936
http://dx.doi.org/10.1097/PSY.0000000000000728
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31592936&dopt=Abstract
http://dx.doi.org/10.1016/S0378-8733(03)00012-1
https://doi.org/10.1111/socf.12499
http://dx.doi.org/10.1111/socf.12499
http://dx.doi.org/10.1016/j.socnet.2005.11.006
http://dx.doi.org/10.1016/0378-8733(91)90006-F
https://www.jmir.org/2020/5/e16875/
http://dx.doi.org/10.2196/16875
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32348284&dopt=Abstract
http://dx.doi.org/10.1140/epjds/s13688-015-0061-1
http://www.w3.org/Style/XSL
http://www.renderx.com/


65. Schuwerk T, Kaltefleiter LJ, Au J, Hoesl A, Stachl C. Enter the wild: autistic traits and their relationship to mentalizing
and social interaction in everyday life. J Autism Dev Disord 2019 Oct 4;49(10):4193-4208. [doi:
10.1007/s10803-019-04134-6] [Medline: 31273579]

66. Baddeley JL, Pennebaker JW, Beevers CG. Everyday social behavior during a major depressive episode. Soc Psychol
Personal Sci 2012 Oct 08;4(4):445-452. [doi: 10.1177/1948550612461654]

67. Di Matteo D, Fotinos K, Lokuge S, Yu J, Sternat T, Katzman MA, et al. The relationship between smartphone-recorded
environmental audio and symptomatology of anxiety and depression: exploratory study. JMIR Form Res 2020 Aug
13;4(8):e18751 [FREE Full text] [doi: 10.2196/18751] [Medline: 32788153]

68. Beltzer ML, Ameko MK, Daniel KE, Daros AR, Boukhechba M, Barnes LE, et al. Building an emotion regulation
recommender algorithm for socially anxious individuals using contextual bandits. Br J Clin Psychol 2022 Jan 14;61 Suppl
1(S1):51-72. [doi: 10.1111/bjc.12282] [Medline: 33583059]

69. Dunton GF, Liao Y, Intille S, Huh J, Leventhal A. Momentary assessment of contextual influences on affective response
during physical activity. Health Psychol 2015 Dec;34(12):1145-1153 [FREE Full text] [doi: 10.1037/hea0000223] [Medline:
26053885]

70. Määttänen I, Henttonen P, Väliaho J, Palomäki J, Thibault M, Kallio J, et al. Positive affect state is a good predictor of
movement and stress: combining data from ESM/EMA, mobile HRV measurements and trait questionnaires. Heliyon 2021
Feb;7(2):e06243 [FREE Full text] [doi: 10.1016/j.heliyon.2021.e06243] [Medline: 33681494]

71. McCormick B, Frey G, Lee C, Gajic T, Stamatovic-Gajic B, Maksimovic M. A pilot examination of social context and
everyday physical activity among adults receiving Community Mental Health Services. Acta Psychiatr Scand 2009
Mar;119(3):243-247 [FREE Full text] [doi: 10.1111/j.1600-0447.2008.01331.x] [Medline: 19133878]

72. Abel DB, Salyers MP, Wu W, Monette MA, Minor KS. Quality versus quantity: determining real-world social functioning
deficits in schizophrenia. Psychiatry Res 2021 Jul;301:113980 [FREE Full text] [doi: 10.1016/j.psychres.2021.113980]
[Medline: 33979764]

73. Sano A, Taylor S, McHill AW, Phillips AJ, Barger LK, Klerman E, et al. Identifying objective physiological markers and
modifiable behaviors for self-reported stress and mental health status using wearable sensors and mobile phones: observational
study. J Med Internet Res 2018 Jun 08;20(6):e210 [FREE Full text] [doi: 10.2196/jmir.9410] [Medline: 29884610]

74. Charles ST, Pasupathi M. Age-related patterns of variability in self-descriptions: implications for everyday affective
experience. Psychol Aging 2003 Sep;18(3):524-536. [doi: 10.1037/0882-7974.18.3.524] [Medline: 14518813]

75. Pelt DH, van der Linden D, Dunkel CS, Born MP. The general factor of personality and daily social experiences: evidence
for the social effectiveness hypothesis. Personal Indiv Diff 2020 Mar;155:109738. [doi: 10.1016/j.paid.2019.109738]

76. Harlow RE, Cantor N. To whom do people turn when things go poorly? Task orientation and functional social contacts. J
Pers Soc Psychol 1995 Aug;69(2):329-340. [doi: 10.1037//0022-3514.69.2.329] [Medline: 7643308]

77. Lin XY, Lachman ME. Daily stress and affect across adulthood: the role of social interactions via different communication
modes. Technol Mind Behav 2021 Feb 16;2(1) [FREE Full text] [doi: 10.1037/tmb0000026] [Medline: 35369392]

78. Oloritun RO, Ouarda TB, Moturu S, Madan A, Pentland A, Khayal I. Change in BMI accurately predicted by social exposure
to acquaintances. PLoS One 2013 Nov 20;8(11):e79238 [FREE Full text] [doi: 10.1371/journal.pone.0079238] [Medline:
24278122]

79. Abdullah S, Matthews M, Frank E, Doherty G, Gay G, Choudhury T. Automatic detection of social rhythms in bipolar
disorder. J Am Med Inform Assoc 2016 May;23(3):538-543. [doi: 10.1093/jamia/ocv200] [Medline: 26977102]

80. Burns MN, Begale M, Duffecy J, Gergle D, Karr CJ, Giangrande E, et al. Harnessing context sensing to develop a mobile
intervention for depression. J Med Internet Res 2011 Aug 12;13(3):e55 [FREE Full text] [doi: 10.2196/jmir.1838] [Medline:
21840837]

81. Fulford D, Mote J, Gonzalez R, Abplanalp S, Zhang Y, Luckenbaugh J, et al. Smartphone sensing of social interactions in
people with and without schizophrenia. J Psychiatr Res 2021 May;137:613-620 [FREE Full text] [doi:
10.1016/j.jpsychires.2020.11.002] [Medline: 33190842]

82. Stanislaus S, Vinberg M, Melbye S, Frost M, Busk J, Bardram JE, et al. Smartphone-based activity measurements in patients
with newly diagnosed bipolar disorder, unaffected relatives and control individuals. Int J Bipolar Disord 2020 Nov 02;8(1):32
[FREE Full text] [doi: 10.1186/s40345-020-00195-0] [Medline: 33135120]

83. Campbell DT, Fiske DW. Convergent and discriminant validation by the multitrait-multimethod matrix. Psychol Bull
1959;56(2):81-105. [doi: 10.1037/h0046016]

84. Hopwood C, Bleidorn W, Wright A. Connecting theory to methods in longitudinal research. Perspect Psychol Sci 2022
May;17(3):884-894. [doi: 10.1177/17456916211008407] [Medline: 34739347]

85. Eisele G, Vachon H, Lafit G, Kuppens P, Houben M, Myin-Germeys I, et al. The effects of sampling frequency and
questionnaire length on perceived burden, compliance, and careless responding in experience sampling data in a student
population. Assessment 2022 Mar;29(2):136-151. [doi: 10.1177/1073191120957102] [Medline: 32909448]

86. Stadel M. Integrating personal networks into experience sampling. In L. F. Bringmann (Chair), Investigating the social
context in daily life Symposium. 2021 Jul 01 Presented at: Society for Ambulatory Assessment Conference; July 1, 2021;
Zurich, Switzerland.

JMIR Ment Health 2023 | vol. 10 | e42646 | p. 15https://mental.jmir.org/2023/1/e42646
(page number not for citation purposes)

Langener et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1007/s10803-019-04134-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31273579&dopt=Abstract
http://dx.doi.org/10.1177/1948550612461654
https://formative.jmir.org/2020/8/e18751/
http://dx.doi.org/10.2196/18751
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32788153&dopt=Abstract
http://dx.doi.org/10.1111/bjc.12282
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33583059&dopt=Abstract
https://europepmc.org/abstract/MED/26053885
http://dx.doi.org/10.1037/hea0000223
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26053885&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2405-8440(21)00348-0
http://dx.doi.org/10.1016/j.heliyon.2021.e06243
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33681494&dopt=Abstract
https://doi.org/10.1111/j.1600-0447.2008.01331.x
http://dx.doi.org/10.1111/j.1600-0447.2008.01331.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19133878&dopt=Abstract
https://europepmc.org/abstract/MED/33979764
http://dx.doi.org/10.1016/j.psychres.2021.113980
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33979764&dopt=Abstract
https://www.jmir.org/2018/6/e210/
http://dx.doi.org/10.2196/jmir.9410
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29884610&dopt=Abstract
http://dx.doi.org/10.1037/0882-7974.18.3.524
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14518813&dopt=Abstract
http://dx.doi.org/10.1016/j.paid.2019.109738
http://dx.doi.org/10.1037//0022-3514.69.2.329
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7643308&dopt=Abstract
https://europepmc.org/abstract/MED/35369392
http://dx.doi.org/10.1037/tmb0000026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35369392&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0079238
http://dx.doi.org/10.1371/journal.pone.0079238
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24278122&dopt=Abstract
http://dx.doi.org/10.1093/jamia/ocv200
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26977102&dopt=Abstract
https://www.jmir.org/2011/3/e55/
http://dx.doi.org/10.2196/jmir.1838
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21840837&dopt=Abstract
https://europepmc.org/abstract/MED/33190842
http://dx.doi.org/10.1016/j.jpsychires.2020.11.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33190842&dopt=Abstract
https://europepmc.org/abstract/MED/33135120
http://dx.doi.org/10.1186/s40345-020-00195-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33135120&dopt=Abstract
http://dx.doi.org/10.1037/h0046016
http://dx.doi.org/10.1177/17456916211008407
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34739347&dopt=Abstract
http://dx.doi.org/10.1177/1073191120957102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32909448&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


87. Helbig-Lang S, Lang T, Petermann F, Hoyer J. Anticipatory anxiety as a function of panic attacks and panic-related
self-efficacy: an ambulatory assessment study in panic disorder. Behav Cogn Psychother 2012 Oct 29;40(5):590-604. [doi:
10.1017/S1352465812000057] [Medline: 22373714]

88. Asselbergs J, Ruwaard J, Ejdys M, Schrader N, Sijbrandij M, Riper H. Mobile phone-based unobtrusive ecological momentary
assessment of day-to-day mood: an explorative study. J Med Internet Res 2016 Mar 29;18(3):e72 [FREE Full text] [doi:
10.2196/jmir.5505] [Medline: 27025287]

89. Zinn S, Gnambs T. Analyzing nonresponse in longitudinal surveys using Bayesian additive regression trees: a nonparametric
event history analysis. Soc Sci Comput Rev 2020 Jun 04;40(3):678-699. [doi: 10.1177/0894439320928242]

90. Jongs N, Jagesar R, van Haren NE, Penninx BW, Reus L, Visser PJ, et al. A framework for assessing neuropsychiatric
phenotypes by using smartphone-based location data. Transl Psychiatry 2020 Jul 01;10(1):211 [FREE Full text] [doi:
10.1038/s41398-020-00893-4] [Medline: 32612118]

91. Mestdagh M, Dejonckheere E. Ambulatory assessment in psychopathology research: current achievements and future
ambitions. Curr Opin Psychol 2021 Oct;41:1-8. [doi: 10.1016/j.copsyc.2021.01.004] [Medline: 33550191]

92. Wright AG, Zimmermann J. Applied ambulatory assessment: integrating idiographic and nomothetic principles of
measurement. Psychol Assess 2019 Dec;31(12):1467-1480 [FREE Full text] [doi: 10.1037/pas0000685] [Medline: 30896209]

93. Kirtley O, Hiekkaranta A, Kunkels Y, Eisele G, Lüken M, Verhoeven D, et al. The Experience Sampling Method (ESM)
item repository. OSF Home. 2018. URL: https://osf.io/kg376/ [accessed 2022-12-21]

94. Steegen S, Tuerlinckx F, Gelman A, Vanpaemel W. Increasing transparency through a multiverse analysis. Perspect Psychol
Sci 2016 Sep 29;11(5):702-712. [doi: 10.1177/1745691616658637] [Medline: 27694465]

95. Castro-Alvarez S, Tendeiro J, de Jonge P, Meijer R, Bringmann L. Mixed-effects trait-state-occasion model: studying the
psychometric properties and the person–situation interactions of psychological dynamics. Structural Equation Model
Multidisciplinary J 2021 Oct 12;29(3):438-451 [FREE Full text] [doi: 10.1080/10705511.2021.1961587]

96. Cranford JA, Shrout PE, Iida M, Rafaeli E, Yip T, Bolger N. A procedure for evaluating sensitivity to within-person change:
can mood measures in diary studies detect change reliably? Pers Soc Psychol Bull 2006 Jul 02;32(7):917-929 [FREE Full
text] [doi: 10.1177/0146167206287721] [Medline: 16738025]

97. Geldhof GJ, Preacher KJ, Zyphur MJ. Reliability estimation in a multilevel confirmatory factor analysis framework. Psychol
Method 2014 Mar;19(1):72-91. [doi: 10.1037/a0032138] [Medline: 23646988]

98. Schuurman NK, Hamaker EL. Measurement error and person-specific reliability in multilevel autoregressive modeling.
Psychol Methods 2019 Feb;24(1):70-91. [doi: 10.1037/met0000188] [Medline: 30188157]

99. Shrout P, Lane S. Psychometrics. In: Handbook of Research Methods for Studying Daily Life. New York, NY: The Guilford
Press; 2012.

100. Buck B, Scherer E, Brian R, Wang R, Wang W, Campbell A, et al. Relationships between smartphone social behavior and
relapse in schizophrenia: a preliminary report. Schizophr Res 2019 Jun;208:167-172 [FREE Full text] [doi:
10.1016/j.schres.2019.03.014] [Medline: 30940400]

101. Antosik-Wójcińska AZ, Dominiak M, Chojnacka M, Kaczmarek-Majer K, Opara KR, Radziszewska W, et al. Smartphone
as a monitoring tool for bipolar disorder: a systematic review including data analysis, machine learning algorithms and
predictive modelling. Int J Med Inform 2020 Jun;138:104131. [doi: 10.1016/j.ijmedinf.2020.104131] [Medline: 32305023]

102. Dogan E, Sander C, Wagner X, Hegerl U, Kohls E. Smartphone-based monitoring of objective and subjective data in
affective disorders: where are we and where are we going? Systematic review. J Med Internet Res 2017 Jul 24;19(7):e262
[FREE Full text] [doi: 10.2196/jmir.7006] [Medline: 28739561]

103. Ram N, Yang X, Cho M, Brinberg M, Muirhead F, Reeves B, et al. Screenomics: a new approach for observing and studying
individuals' digital lives. J Adolesc Res 2020 Jan;35(1):16-50 [FREE Full text] [doi: 10.1177/0743558419883362] [Medline:
32161431]

Abbreviations
EAR: electronically activated recorder
ESM: experience sampling method
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses

JMIR Ment Health 2023 | vol. 10 | e42646 | p. 16https://mental.jmir.org/2023/1/e42646
(page number not for citation purposes)

Langener et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1017/S1352465812000057
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22373714&dopt=Abstract
https://www.jmir.org/2016/3/e72/
http://dx.doi.org/10.2196/jmir.5505
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27025287&dopt=Abstract
http://dx.doi.org/10.1177/0894439320928242
https://doi.org/10.1038/s41398-020-00893-4
http://dx.doi.org/10.1038/s41398-020-00893-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32612118&dopt=Abstract
http://dx.doi.org/10.1016/j.copsyc.2021.01.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33550191&dopt=Abstract
https://europepmc.org/abstract/MED/30896209
http://dx.doi.org/10.1037/pas0000685
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30896209&dopt=Abstract
https://osf.io/kg376/
http://dx.doi.org/10.1177/1745691616658637
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27694465&dopt=Abstract
https://psyarxiv.com/4ext3/
http://dx.doi.org/10.1080/10705511.2021.1961587
https://europepmc.org/abstract/MED/16738025
https://europepmc.org/abstract/MED/16738025
http://dx.doi.org/10.1177/0146167206287721
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16738025&dopt=Abstract
http://dx.doi.org/10.1037/a0032138
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23646988&dopt=Abstract
http://dx.doi.org/10.1037/met0000188
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30188157&dopt=Abstract
https://europepmc.org/abstract/MED/30940400
http://dx.doi.org/10.1016/j.schres.2019.03.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30940400&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2020.104131
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32305023&dopt=Abstract
https://www.jmir.org/2017/7/e262/
http://dx.doi.org/10.2196/jmir.7006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28739561&dopt=Abstract
https://europepmc.org/abstract/MED/32161431
http://dx.doi.org/10.1177/0743558419883362
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32161431&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by J Torous; submitted 12.09.22; peer-reviewed by N Thomas, H Jelinek, M Kapsetaki; comments to author 26.10.22; revised
version received 21.12.22; accepted 02.01.23; published 17.03.23

Please cite as:
Langener AM, Stulp G, Kas MJ, Bringmann LF
Capturing the Dynamics of the Social Environment Through Experience Sampling Methods, Passive Sensing, and Egocentric Networks:
Scoping Review
JMIR Ment Health 2023;10:e42646
URL: https://mental.jmir.org/2023/1/e42646
doi: 10.2196/42646
PMID:

©Anna M Langener, Gert Stulp, Martien J Kas, Laura F Bringmann. Originally published in JMIR Mental Health
(https://mental.jmir.org), 17.03.2023. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in JMIR Mental Health, is properly cited. The complete bibliographic
information, a link to the original publication on https://mental.jmir.org/, as well as this copyright and license information must
be included.

JMIR Ment Health 2023 | vol. 10 | e42646 | p. 17https://mental.jmir.org/2023/1/e42646
(page number not for citation purposes)

Langener et alJMIR MENTAL HEALTH

XSL•FO
RenderX

https://mental.jmir.org/2023/1/e42646
http://dx.doi.org/10.2196/42646
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

