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Abstract

Background: Ecological momentary assessment (EMA) enables individuals to self-report their subjective momentary physical
and emotional states. However, certain conditions, including routine observable behaviors (eg, moods, medication adherence) as
well as behaviors that may suggest declines in physical or mental health (eg, memory losses, compulsive disorders) cannot be
easily and reliably measured via self-reports.

Objective: This study aims to examine a method complementary to EMA, denoted as peer-ceived momentary assessment
(PeerMA), which enables the involvement of peers (eg, family members, friends) to report their perception of the individual’s
subjective physical and emotional states. In this paper, we aim to report the feasibility results and identified human factors
influencing the acceptance and reliability of the PeerMA

Methods: We conducted two studies of 4 weeks each, collecting self-reports from 20 participants about their stress, fatigue,
anxiety, and well-being, in addition to collecting peer-reported perceptions from 27 of their peers.

Results: Preliminary results showed that some of the peersreported daily assessmentsfor stress, fatigue, anxiety, and well-being
statistically equal to those reported by the participant. We a so showed how pairing assessments of participants and peersin time
enables a qualitative and quantitative exploration of unique research questions not possible with EMA-only based assessments.
We reported on the usability and implementation aspects based on the participants’ experience to guide the use of the PeerMA
to complement the information obtained via self-reportsfor observable behaviors and physical and emotional states among healthy
individuals.

Conclusions: It ispossibleto leverage the PeerMA method as a complement to EMA to assess constructs that fall in the realm
of observable behaviors and states in healthy individuals.

(JMIR Mhealth Uhealth 2020;8(8):€15947) doi: 10.2196/15947
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Introduction

Background

The ecological momentary assessment (EMA) [1] method—a
form of Experience Sampling Method (ESM) [2,3]—is used to
collect a person’s momentary self-assessment of a particular
outcome of interest (eg, mood, pain). This method has
advantages such as easy interpretability, ecological validity and
information richness (as the assessment comes directly from
the person), self-motivation to report, and practicality [4]. This
is especially useful when the objective ground truth is not
obtainable; researchers thus interpret self-assessments as the
ground truth of a state (eg, anxiety) [5]. This practice has
disadvantages in scenarios where the self-assessment imposes
an unwanted burden (eg, annoyance), the self-assessment poses
arisk of reactivity [6] (eg, questions about anxiety), the person
cannot answer objectively (eg, because of mental disorders), or
the person chooses to answer untruthfully (eg, answers with
high social desirability, always agreeing or disagreeing
regardless of the question, or always picking an extreme or
random response) [4].

Inclinical settings, proxies and observers are often involved to
inform about a patient’s condition when the patient cannot
express himself or herself objectively (eg, children or patients
with dementia) [7] or has limited ability to participate [8].
Outside of clinical settings, researchers have shown the value
of observers or peers in identifying sources of chronic stress
experienced by an individual [9] and for personality assessment
[5], especidly in studies where the assessment is taken only
once. However, thereisalack of information regarding whether
anindividual’s peers (defined as close, trusted friends or family
members [10]) can serve as valuable sources of information
about the states and observable behaviors of the individual,
potentially facilitating the early detection of certain states,
including mental disorders occurring inthedaily life of healthy
individuals.

Consider an illustrative case of Bob in the early stages of
developing an obsessive-compulsive disorder (OCD) [11] that
makes him tighten his shoes irrationaly. It is inherently hard
for Bob to readlize that his conduct is socialy awkward and
unsafe in locations such as stairways or busy sidewalks.
Fortunately, because the behavior is observable, hiswife Alice
will be able to detect the early symptoms and motivate him to
go for amedica check. Additionally, on the therapeutic side,
Alice's daily reports could be valuable in providing evidence
that ultimately aidsin his treatment. Aside from the diagnosis,
peers can aso be alies for an individual recovering from an
addiction (eg, eating disorders, smoking, gambling). In this
case, peer assessments could help prevent relapses and the
associated negative consequences.

Inspired by the principlesof EMA, we eval uated the peer-ceived
momentary assessment (PeerMA) method, previously defined
by Berrocal and Wac [10]. PeerMA isaform of EMA completed
by a designated peer of an individua during the same time
observation window when the individual is prompted for an
EMA. Peers are asked to indicate their perception of the states
of the individual as well as how confident they are about the
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provided assessment. The PeerMA method leverages the
ubiquitous availability of smartphones as a way to collect
momentary, ecologically valid datain the context of a person’s
life. This enables researchers to further examine how peers
could become a source of information to complement the
individual’s self-assessment under certain conditions[7,9,12].

We explored 2 research aims in this study: (1) to evaluate the
feasibility of the PeerMA method for studying real-life
phenomenain healthy populations and (2) to identify the critical
operational aspects and human factorsthat influence the quality
of the data collected and their potential scaling. Toward this
end, we conducted 2 in-the-wild studies (ie, outside the
laboratory) using the PeerMA method. Study A was conducted
around the University of Geneva (UNIGE) in Switzerland during
the autumn of 2018. In this study, 13 participants self-assessed
their perceived levels of stress [13], fatigue [14], and anxiety
[15] multiple times a day using EMA, whereas their peers
leveraged the PeerMA method to express the participants
perceptions of the same states. Sudy B was conducted with 10
participants around Stanford University in Palo Alto, United
States, in the summer of 2019. However, in this study, in
addition to assessing the levels of stress, fatigue, and anxiety,
participants assessed their levels of well-being [16]. Similarly,
peers assessed the level of stress, fatigue, anxiety, and
well-being perceived by the participant via PeerMA. Both
studies lasted 28 days.

Related Work

Both the ESM and the EMA methods were introduced in
psychology [1,2] and are often used to study human aspects
such as emotional awareness [17], depression [18], happiness
[19], or human virtues[20] via self-reports. These methods are
increasingly being used in clinical psychology [21] to study
varioustypes of disorders, such asmood dysregulation, anxiety,
substance use, or psychosis [22]. EMA has also been used in
patients with chronic fatigue, acquired immunodeficiency
syndrome, migraine, breast cancer, or kidney disease to assess
mood and stress changes [23]. Additionally, the method was
adopted in organizational research [24] aswell asin computer
science, particularly in the subfields of ubiquitous computing
and human-computer interaction [25].

The Proxy, Observer, | nformant, or Peer Assessments

In psychology, self-assessment and other-assessment methods
(also referred to as proxy, observer, informant, or peer
assessments) have been used in various research contexts. For
example, Vazire [5] summarized the findings of three studies
providing empirical evidence of how informant-provided
assessments improve the validity of personality assessmentsin
behavioral sciences, and how they helped researchers examine
questions for which self-reports alone would be insufficient.
Her findings encourage researchers to incorporate informant
assessments as an additional source of information to study
certain human behaviors.

Godling et a [26] studied the differences and implications of
an individual’s self-reported behavioral acts (eg, expressing
agreement) versus the reports made by observers of that
individual after coding and judging the recorded behaviors. The
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focus of this research was to understand the accuracy and bias
(such as self-enhancement) related to self-reports of one'sacts.
Collecting observers assessments to examine cases of
agreement and disagreement was vital for researchers to study
the psychological processes of social perception.

Balsis et al [12] studied the reliability of self-reports versus
informant reportsin the context of personality assessment. They
used the self-report and informant-report version of the Revised
NEO Personality Inventory [27] inventory (including overall
health measures) and showed, in alarge sample (n=1449), that
informant reports had greater internal consistency than
self-reports for personality assessment. Although the internal
consistency of informant reports does not imply that those
reports are more valid than the self-reports, in this particular
study, informant reports (having low variability) were better
predictors of overall health measures than the self-reports of
personality, which was relevant in the context of the study.

In clinical settings, in a group of older adults (>60 years old),
Neumann et a [8] examined the validity of proxy responses
used in 24 peer-reviewed publications from 1990 to 1999.
Proxies (ie, family members or caregivers) showed fairly good
agreement with the subject at assessing functioning, physical
health, and cognitive status. However, proxies showed less
agreement with the subject, reporting dightly higher impairment
in emotional well-being and functioning. Such disagreement
was in fact valuable in certain cases; for example, proxies
provided more negative ratings than subjects during the 6
months before a hip fracture.

Focusing more on the characteristics of observers, Watson et
al [28] studied the acquaintanceship effect in the context of
self-agreements versus other agreementsin low visibility aspects
such as affect traits (eg, attentiveness or serenity). They involved
one-time assessments of the Positive and Negative Affect
Schedule Expanded Form [29], Big Five [30], and other
study-specific instrumentswith a sample comprising 74 married
couples, 136 dating couples, and 279 friendship couples. Their
analysis showed that self-other agreement was significantly
higher among married couples compared with dating couples
or friendship dyads. Moreover, the self-other agreement was
moderate to high in several components of the scalesfor dating
couples and friendship dyads. Their work directly highlights
the value of incorporating other assessments to study certain
human traits, although admitting that the reliability of the other
assessments should be studied carefully in each case.

Finally, although not using any form of EMA or PeerMA as
presented in this paper, other studies showed empirical evidence
to support 2 assumptions underlying PeerMA. Namely, (1)
people often rely on their peers and trust essential information
to them [31-33] and (2) peerscan play acrucia rolein reporting
and assisting in specific scenarios such as rehabilitation and
general health [8,34-36] as well as identifying the sources of
chronic stress[9].

Value of Technology to Complement Self-Assessments

Following the trend of personal sensing described by Mohr et
al [37], researchers have been using passively-collected raw
data from smartphones and wearables to complement
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self-assessments of various aspects such as mental health and
educational outcomes [38], stress [39-43], depressive moods
[44], and schizophrenia[45]. Harari et a [46] reviewed studies
using smartphone-sensing methods to identify physical
movement, social interactions, and other daily activities, which
can be used as aobjective and automated measures of behavior.
Morerecently, Gresham et a [47] leveraged objective datafrom
activity monitors to predict the risk of adverse events,
hospitalizations, and hazard for death in advanced cancer
patients. In general, these approaches profit from the abundance
of passively sensed data that are converted into informative
features to create computational models (commonly using
machine learning or deep learning algorithms) to ultimately
make inferences about human states such as those aready
mentioned.

However, despite its notable value, passively sensed data from
smartphone sensors do not always enable accurate modeling of
the perceptions of highly subjective individuals [48], and the
use of such data may pose privacy risks [49] if proper data
protection measures are not in place. In addition, smartphone
sensor data are likely to vary in time because of hardware or
sensing platform differences [37]. There is also evidence that
individuals would abandon smart devices after a brief period
of use [50] for reasons such as poor fit to expectations, not
perceiving any direct value from the collected data, or the
perceived high maintenance (eg, battery charging), especially
if these devices are not their own smartphones.

We examined informant, proxy, observer reports from the
literature and observed 3 main characteristics:

1. They captured individual and observer assessments using
long surveys or instruments.

2. These assessments are usually carried out infrequently.
Sometimes, these are one time—only assessments or are
carried out every few months or years.

3. Proxiesareusually involved for patientsin clinical settings
(due to physical or cognitive impairments).

We researched the use of PeerMA instead by (1) specifically
using short surveys, for example, single-item or few-item
guestionnaires capturing one variable; (2) conducting frequent
assessments, from >1 per day to just afew per week or month
(in the case of longitudinal studies); and (3) exploring its value
by focusing on healthy populations (ie, not having been
diagnosed with a disease).

Our research makes a unique contribution by exploring the use
of PeerMA [10] (peer assessment) to complement the
information obtained via EMA (self-assessment) and personal
sensing methods and collecting otherwise hard to collect data
on human behaviors. The potential implications of our research
are manifold, including implications for personal health,
ubiquitous technologies, and mobile human-computer
interaction.
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Methods

Approach

This section describes the experimental design of the studies.
To explore research aim 1 on the feasibility of the PeerMA
method to study real-life phenomena in healthy populations,
we collected variables such as user retention during the study,
overall agreement between the EMA and PeerM A assessments,
and the experimental value of the method by enabling the study
of self-assessments and observer assessments paired in time.
Moreover, to explore research aim 2 on operational aspectsand
human factors that influence the quality of the collected data,
we gathered qualitative elements such as user reflections after
using the method, difficulty in using the technology, and
reliability of the technologies that can influence the quality of
the collected data.

Asexplained in this section, study B had minor methodol ogical
differences based on lessons learned from study A. The studies
were not designed to be replicas of each other. Instead, both
studies were part of the exploratory phase of our research, in
which we did not (yet) provide interventions or treatments to
either the participants or their peers.

Tools

We implemented the PeerM A method by leveraging the mQoL
Lab platform [51,52] of the Quality of Life Technologies
Research Group (UNIGE) [53]. For the 2 studies described here,
we developed and published a mobile app called mQoL Peers
availableviathe Google Play Store (for Android) and the Apple
Store (for i0S). The mobile apps with the mQoL Lab platform
implemented the EMA and PeerM A methods (further explained

Table 1. Study participants: type and gender distribution.

Berrocal et al

by Berrocal et a [51]), and we configured the content and
frequency of the questions that the app administers via EMA
and PeerMA.

Participant and Peer Types

To be included in this study, participants and peers had to be
>18 yearsold and own adata-enabled smartphone with Android
version 8.1+ or iOS version 7+. Table 1 shows the number of
participants and peers per study and the cumulative number of
types of peers. We used the following 4 types of peers based
on their social proximity [28]: (1) spouse, (2) dating couples,
(3) relatives, and (4) friends.

For study A, we recruited participants around the UNIGE
campus by distributing flyers, by placing advertisements at
department boards, via mQoL Living Lab email distribution
lists, and by word of mouth. Overall, 6 participants had 1 peer
and 7 participants had 2 peers. As compensation, participants
who completed the study entered a raffle for 2 Amazon gift
cards worth US $50 each.

For study B, we recruited participants around the Stanford
University campus by distributing flyers, by placing
advertisements on Craigdist and department boards, via email
distribution lists, and by word of mouth. A total of 7 participants
had 1 peer and 3 participants had no peers (included in Table 1
and excluded from the analysis). Ascompensation, participants
and peers who completed the study received an Amazon gift
card worth US $50 each.

Study Design: Study Surveys, EMA, and PeerMA

This section explains the entry, ambulatory, and exit surveys
from each study. These are summarized in Table 2.

Studies Participants, n (%) Peers, n (%)
Study A?
Male 7 (54) 12 (60)
Female 6 (46) 8(40)
Study BP
Male 2(20) 3(43)
Female 8(80) 4(57)

#Total number of participantsis 13, and total number of peersis 20.
bTotal number of participantsis 10, and total number of peersis 7.
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Table 2. Study design: surveys and ecological momentary assessment/peer-ceived momentary assessment content in each study.

Types of survey Study A Study B
Entry surveys Study entry, GERT2, PSS°, and SDS° Study entry, PSS, and SDS®
Daily surveys: Stress, fatigue, and anxiety; frequency: 8timesaday (9  Stress, fatigue, anxiety, and well-being; frequency: 3 times a day

EMAYand Peerma®  AM-9 PM); silent push notification; expires after 40 min

Exit survey Study exit

(8 AM-8 PM); silent push notification; expires after 30 min

Study exit

8GERT: Geneva Emotion Recognition Test (0-42; higher scores reflect higher ability).
bpSs: Perceived Stress Scale (0-40; higher scores reflect higher perceived stress).
®SDS: Social Desirability Scale (0-10; higher scores reflect higher social approval concern).

dEMA: ecol ogical momentary assessment.
€PeerMA: peer-ceived momentary assessment.

Entry Surveys

Participants and peers initially completed the entry surveys
before beginning the daily EMA/PeerMA. The study entry
survey had 2 parts: (1) socioeconomic status, including gender,
agerange, education, marital status, and employment statusand
(2) open-ended questions asking participants whether they
considered themselves stressed, what causes their stress, and
whether they think others notice when they are stressed. For
peers, open-ended questions asked whether they noticed when
people around them project stress, what signs they observe in
those projecting stress, how they react when someone around
projects stress, and whether they get stressed or change their
behavior when exposed to someone who is stressed. Peers also
indicated their relationship with the participant (eg, friend,
spouse) and whether they cohabit with the participant.

We employed the 42-item Geneva Emotion Recognition Test
(GERT) that measures aperson’sability to recognize someone's
emotions from facial, voice, and body inputs (higher scores
reflect higher ability) [54]. We used the 10-item Perceived Stress
Scale (PSS) to measure self-perceived stress (higher scores
reflect higher perceived stress) [55]. We used the 13-item Social
Desirability Scale (SDS) to measure the degree to which a
person is concerned with social approval (higher scores reflect
higher social approval concern) [56].

For study B, the entry surveys had 2 differences. First, we asked
participants (not only peers) to indicate whether they noticed
when individuals around them project stress. Second, we
excluded the GERT test because several participants and peers
in study A reported technical issues with its web interface
(provided as a service by the hosting agency) when completing
the test.

Ambulatory Monitoring: EMA/PeerMA and
Well-Being

In both studies, we used single-item questions proposed by
Rosenzveig et a [57] on a visua analog scale, as shown in
Figure 1. We chose stress, fatigue, and (state) anxiety because
they can be studied using introquestive methods [58]. They
often occur among healthy adults [59]. They compromise a
person’swell-being (eg, high stress, bad sleep quality) [60] and
are not trivially observable by peers, and presumably, early
detection of these conditions could inform diagnosis or
therapeutic decisions. Additionally, these states can vary during
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a day and hence are good candidates to report with
EMA/PeerMA triggered through a day.

For study A, we used signal-contingent triggers between 9 AM
and 9 PM for a total of 8 per day. They were uniformly
randomized and separated by >45 min. Participants and peers
received the EMA and PeerMA viasilent push notifications (no
sound and no vibration), which expired after 30 min if
unanswered by the participant (to prevent questionsfrom piling
up). With EMA, we asked the following questions: “How much
{stress, fatigue, anxiety} are you experiencing?
Correspondingly, with PeerMA, we asked: “How much { stress,
fatigue, anxiety} is your peer projecting?’ in addition to the
peer’s confidence assessment (Figure 1), which allowed peers
to indicate how confident they were with each assessment. In
principle, being next to the participant does not guarantee that
peers can report with high confidence. Similarly, not being
beside the participant or not having had a recent face-to-face
contact does not preclude peers from reporting with high
confidence. The exact dynamicsused by the peersto maketheir
observations are complex in nature, as aready noted by Uher
et al [58]; therefore, given the exploratory nature of this study,
we decided to leave them for future work. The confidence
assessment provided by peers can be used to inform the data
analysis, for instance, to discard zero-labeled confidence
assessments.

For study B, we used signal-contingent triggers between 8 AM
and 8 PM for a total of 3 per day. They were uniformly
randomized and separated by >2 hours. Participants and peers
received the EMA and PeerMA viasilent push notifications (no
sound and no vibration), which also expired after 30 min if not
addressed by the participant. With EMA, we asked the following
questions: “How much {stress, fatigue, anxiety} are you
experiencing?' on a scale of 0 to 10 (the higher the worse),
“How well areyou?’—related to the overall level of well-being
on a scale of 0 to 10 (the higher the better)—and an open
question “If you wish, briefly describe your emotiona state at
thismoment.“ Correspondingly, with PeerM A, we asked “How
much {stress, fatigue, anxiety, well-being} is your peer
projecting?’ (using the same scale of 0-10), 1 open question “If
you wish, briefly describe the state your peer projects at this
moment,” and the peer’s confidence assessment. In this study,
the mQoL Peers app also had a button to let participants and
peers self-trigger an assessment (EMA or PeerMA
correspondingly) when they wished to do so.
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Because the explicit well-being question had been adopted only
in study B, in study A we computed it afterward. In study A, we
adopted the notion of computed well-being (additional to the
reported well-being in study B), representing a reduced, yet
semantically aligned form of well-being as defined by Huppert

Berrocal et al

[16]. We used a pragmatic definition of well-being as 1 minus
the arithmetic mean of stress, fatigue, and anxiety. Empirically,
a high prevalence of stress, fatigue, and anxiety reduces
well-being. On the contrary, low levels of stress, fatigue, and
anxiety are likely to contribute to a healthy state of well-being.

Figure 1. Examples of ambulatory assessment: (a) Self-assessment (ecological momentary assessment) of stress, (b) peer- assessment (peer-ceived
momentary assessment) of stress, (¢) confidence assessment required from peers. Assessments of fatigue, anxiety, and well-being followed the same

approach.
At this moment ...
How much stress are you experiencing?

projecting?

0 1 2 3 4 5 & 7 € 10 ) 1 3 4

BACK NEXT

(a)

Exit Survey

At the end of the study, both participants and peers completed
an exit survey commenting on usability aspects of the mobile
device app (eg, usability, positive and negative aspects
perceived). The survey also asked how participants felt about
reflecting on their states during the day, whereas peers answered
how they felt about reflecting on their peers’ states during the
day.

Study Protocol and Ethical Approval

At the beginning of the study, participants had a 15-min
web-based or face-to-face meeting with the researcher with the
following objectives: (1) explain the nature of the study, (2)
hand out the informed consent, (3) train the participant to use
the mQoL Peers app (concretely, how to invite peers, how to
complete entry surveys, and how to address the push
notifications), and (4) answer any questions from the participant.

During this meeting, the researcher explained to the participants
that, given the nature of the study, peers had to be people with
whom they had regular contact (at least daily), either
face-to-face or virtualy, using communication tools. We
explained that peers could be spouses (significant others), close
relatives (family), or friends from school or work. After the
meeting, participants would complete the entry surveys, enrall
their peers, and explain to them how to use the app. In these 2
studies, the researcher had no interaction with peers. After
enrolling their peers and completing the entry surveys,
participants pushed a button in the app to start the study and
receive daily EMAs and PeerMAs. The researchers were in
touch with the participants remotely to follow-up with them
about these steps, if needed.

Sudy A was approved by the institutional review board of
UNIGE under the protocol “Exploring the Value of Socia Links
and Human-Machine Collaboration in the Context of Stress

https://mhealth.jmir.org/2020/8/€15947
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At this moment ...

How much stress is your peer

5 6 7 a )

(b) (c)

How confident are you regarding your
answers to this survey?

0 Not confident at all

1 low confidence

2 moderate confidence
3 high confidence

More 0 1

" a

Less Maore

BACK NEXT BACK END SURVEY

Assessment,” N. CUREG.201807. Study B was approved by
the Panel on Human Subjectsin Medical Research of Stanford
University under the protocol “Studying the Subjective and
Objective Momentary Perception of Quality of Lifein Different
Contexts of Daily Life,” N.47833, Reg# 351.

Results

Structure

The first part, the section on Feasibility of Using PeerMA,
presents the results directly associated with research aim 1
(feasibility of using PeerMA inreal-life phenomena). Recalling
from these methods, these results allowed usto observe variables
such as user retention and completion rates in the study, the
overall agreement between EMA and PeerM A assessments, and
the experimental value of the method to study certain research
guestions. The first part is organized as follows: the section on
Collected Data Summary introduces the data sets, including
visualizations, to illustrate the contributions of the PeerMA
method in the section on Visual Explorations of Daily Dynamics.
Then it presents results from 3 analyses: directional accuracy
in the section on Mean Directional Accuracy of EMA/PeerMA,
correlations in the section on EMA and PeerMA Correlations,
and statistical agreement between participants and peers
assessments in the section on EMA/PeerMA Satistical
Agreement.

The second part, the section on Operational and Human Factors,
presents results associated with research aim 2 (operational and
human factors). The second part of the section is organized as
follows: the section on Users' Reflections about the Studies
summarizes the qualitative results related to the users
reflections from both studies. Then, the section on Implications
of Technology Choices briefly describes implications of the
technology choices that we experienced in the studies. Finally,
the section on Suggestions from Users about Technology and
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Methods shows some recommendations or observations made
by participants in the study, which are worth sharing with the
research community.

Feasibility of Using Peer M A

We present the type of quantitative and qualitative datathat are
being obtained with PeerMA as a method and tool in the 2
observational studies, and not necessarily the strength of the
results regarding stress, fatigue, anxiety, and well-being that
have been explored as use cases. Nevertheless, we also present

adetailed examination of theresultsto support the findingsand
observations that come along the analyses.

Collected Data Summary

The first part of the dataset, extracted from the entry surveys,
describes the samples in each study. Table 3 shows the
socioeconomic characteristics (gender, age, marital status,
education, and employment) as well as the distribution of
participants and peers who admit whether other people notice
(or not) when they are stressed. Table 4 shows the test scores
(GERT, PSS, and SDS) as well as the distribution of how
stressed participants and peers considered themsel ves and how
well they report to notice stress in others. The second part of

Table 3. Participants socioeconomic characteristics by study.

Berrocal et al

the dataset contains information about the quantity and values
obtained from the EMA and PeerMA in each study.

In study A, which included 13 participants and 20 peers, we
collected atotal of 878 person-days, 380 participant-days (mean
29, SD 1.7), and 498 peer-days (mean 25, SD 5.9). Participants
received 3086 EMAS (mean 237, SD 32.3), and responded to
atotal of 2001 EMASs (mean 154, SD 62.2) with an average
response rate of 65% (SD 24.2%). Peersreceived 3178 PeerMAS
(mean 159, SD 49.0), and responded to atotal of 1328 PeerMAs
(mean 66, SD 37.9) with an average response rate of 44% (SD
24.5%).

In study B, which included 10 participants and 7 peers, we
collected atotal of 373 person-days, 187 participant-days (mean
27,SD 4.5), and 186 peer-days (mean 27, SD 4.8). Participants
receivedintotal 561 EMAs (mean 80, SD 13.4), and responded
to atotal of 445 EMASs (mean 64, SD 16.2) with an average
response rate of 80% (SD 19.6%). Peersreceived 558 PeerMAs
(mean 80, SD 14.5), and responded to atotal of 432 PeerMAs
(mean 62, SD 45.4) with an average response rate of 77% (SD
48%; including peer S1P1, who provided almost twice the
expected number of PeerMAS).

Variables Study A Study B
Participants, n (%) Peers, n (%) Participants, n (%) Peers, n (%)

Gender

Male 6 (46) 8 (40) 2(29) 3(43)

Female 7 (54) 12 (60) 5(71) 4(57)
Age (years)

18-20 1(8) 2(10) 0(0) 0(0)

21-29 9 (69) 8 (40) 3(43) 3(43)

30-39 2(15) 4(20) 4(57) 4(57)

40-49 1(8) 6 (30) 0(0) 0(0)
Marital status

Single 10 (77) 12 (60) 3(43) 3(43)

Married 2(15) 5 (25) 4(57) 4(57)

Other 1(8) 3(15) 0(0) 0(0)
Highest education

Undergraduate 8(62) 11 (55) 1(14) 3(43)

Graduate 5(38) 9 (45) 6 (86) 4(57)
Currently employed

Yes 3(23) 9 (45) 3(43) 6 (86)

No 10(77) 11 (55) 4(57) 1(14)
Othersnotice my stress?

Yes 9 (69) 15 (75) 7 (100) 6 (86)

No 4(31) 5 (25) 0(0) 1(14)
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Table 4. Survey scores of participants and peers by study.
Instruments and roles Study A Study B
Minimum score  Maximum score Mean (SD)  Minimum score Maximum score Mean (SD)
GERT? (0-42)
Participant 18 33 26(5.2) N/AD N/A N/A
Peer 20 31 25 (3.8) N/A N/A N/A
PSS (0-40)
Participant 12 31 23(5.9) 19 31 24 (4.6)
Peer 0 36 22(8.2) 12 28 21(5.9)
sDs? (0-13)
Participant 3 12 7(2.5) 0 10 5(3.2)
Peer 0 11 6(3.0) 1 11 6 (3.4)
Considered stressed (0-10)
Participant 2.8 9.8 6.1 (2.4) 31 9.0 6.2 (2.4)
Peer 0.3 8.7 45(2.6) 1.9 7.9 5.0 (1.8)
| notice other’s stress (0-10)
Participant N/A N/A N/A 40 8.9 5.7 (17)
Peer 3.9 8.2 6.9 (1.07) 5.2 10 75(1.5)

8GERT: Geneva Emotion Recognition Test.
ON/A: not applicable.

°PSS: Perceived Stress Scale.

dSDS: Social Desirability Scale.

Table 5 shows the number of days each person participated in
the study and the response rate, computed as the percentage of
EMAS/PeerMASs answered, from all triggered. For study A,
triggered represents the number of EMAS/PeerMAs
automatically triggered by the app. For study B, the response
rate includes responses from automatically triggered plus
self-triggered EMA/PeerM As because, in study B, participants
and peerswere ableto initiate reports voluntarily in addition to
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the automatic reports. The column “EMAS or PeerMAs
Triggered” shows the minimum number of expected responses
for each person (in this case, 3 per day). Additionally, Table 5
showsthetype of relationship between the peer and the subject,
asindicated by the peer. In this paper, however, given the small
number of participants, we did not report results by relationship
type.
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Table 5. Summary of the engagement of participants and peers.

Studies, participant ID Peer ID Days Ecological momentary assesss  Response rate, % Peer-participant relationship
ments or peer-ceived momentary
assessments triggered

Study A

S1 N/AZ 27 220 61.8 N/A

N/A S1P1 27 127 874 3. parent
S2 N/A 31 147 68.0 N/A

N/A S2P1 31 100 61.0 3. parent
S3 N/A 29 243 97.9 N/A

N/A S3P1 29 220 355 4: friend
4 N/A 28 211 36.5 N/A

N/A SAPL 27 165 152 3. parent
S5 N/A 29 265 47.9 N/A

N/A S5P1 27 252 23.0 3:sibling
S6 N/A 29 243 97.5 N/A

N/A S6P1 22 183 61.7 2: boyfriend
S7 N/A 29 245 70.6 N/A

N/A S7P1 20 122 30.3 4: friend
N/A S7P2 29 199 50.8 3: parent
S8 N/A 28 250 94.0 N/A

N/A S8P1 26 214 322 4: friend
N/A S8P2 28 213 61.5 2: boyfriend
SO N/A 34 225 44.9 N/A

N/A SOP1 33 130 36.9 4: friend
N/A SOP2 33 133 45.9 3: sibling
S10 N/A 29 267 311 N/A

N/A S10P1 30 102 41.2 2: girlfriend
N/A S10P2 16 152 4.6 4: friend
S11 N/A 29 250 82.0 N/A

N/A S11P1 22 153 86.3 4: friend
N/A S11P2 17 100 50.0 3: sibling
S12 N/A 28 252 7.4 N/A

N/A S12P1 26 198 131 3: sibling
N/A S12P2 26 206 50.0 4: friend
S13 N/A 30 268 35.1 N/A

N/A S13P1 15 130 9.2 3. parent
N/A S13P2 14 79 79.7 4: friend

Study B

S1 N/A 31 93 69.9 N/A

N/A S1P1 31 93 172.0 4: friend
S2 N/A 28 84 78.6 N/A

N/A S2P1 28 84 7.4 4: friend
S3 N/A 28 84 108.3 N/A
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Studies, participant ID ~ Peer ID Days Ecological momentary assess-  Response rate, % Peer-participant relationship
ments or peer-ceived momentary
assessments triggered
N/A S3P1 28 84 60.7 1: spouse
4 N/A 28 84 69.0 N/A
N/A AP1L 28 84 59.5 1: spouse
S5 N/A 28 84 50.0 N/A
N/A S5P1 27 81 284 1: spouse
S6 N/A 17 51 96.1 N/A
N/A S6P1 16 48 102.1 4: friend
S7 N/A 27 81 91.4 N/A
N/A S7P1 28 84 40.5 4: friend

3NI/A: not applicable.

Asnoted in Table 5, some participants and peers deviated from
the expected 28 days of participation in the study. Those with
<28 days stopped participating in the study after informing the
research team (S13P1 in study A and S6 and S6P1 in study B)
or stopped participating without notification. On the other hand,
those with >28 days were due to, in study A, the smartphone
operating system at times cutting off the service that kept the
daily counter in our mobile app in response to users’ settings
of the battery-saving profile. Consequently, some dyads went
beyond 28 days. Finally, in study B, S1 and S1P1 continued
contributing assessments before noticing the study had ended
(which are displayed on the home screen of the mobile app), at
which time they completed the exit survey and completed the
study.

Additiondly, in Table 5, the number of triggered surveys in
study A is smaller than the expected value (8 times the number
of days) due to afailure in the mobile app that did not count

https://mhealth.jmir.org/2020/8/€15947

notificationsthat expired after 30 min. On the other hand, when
the user interrupted the compl etion of a survey (eg, by opening
another app), upon returning to the survey, a new record was
mistakenly added to the triggered list, resulting in a number
larger than the expected value (8 times the number of days).
Both issues were later resolved in the platform.

For each participant and peer, we normalized the EMA/PeerM A
assessmentsto 0to 1 based on the highest and lowest assessment
given by each person. Table 6 shows the median, mean, and
SD of all assessments for stress, fatigue, and anxiety in study
A. Thelast 3 columns show the cal culated value and computed
well-being as defined in the Methods section. In Table 6, lower
values in the “Median” and “Mean” columns represent more
desirable states, whereas higher values represent less desirable
states. Table 7 shows the dataset for study B. In addition to the
computed well-being, this study shows the actua reported
well-being, including the median, mean, and SD.
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Table 6. Study A: Summary of the ecological momentary assessment and peer-ceived momentary assessment values. Each row shows the median,
mean, and SD for the corresponding participant or peer calculated from all the assessments issued by that person.

Participant ID Peer ID  Stress (0-1) Fatigue (0-1) Anxiety (0-1) Computed well-being (0-1)
Median Mean (SD)  Median Mean (SD)  Median Mean (SD)  Median Mean (SD)
s1 nA2 035 041(0.27) 022 0.27(0.23) 0.30 0.37(0.27) 0.69 0.65 (0.21)
N/A SIPL 070 0.62(0.27) 062 0.65(0.27) 0.70 057(0.29) 035 0.39(0.27)
2 N/A 0.17 0.28(0.29) 0.29 031(0.26) 0.19 0.31(0.33) 065 0.70 (0.23)
N/A S2P1 072 0.62(0.30) 058 059(0.28) 0.37 0.34(0.23) 0.42 0.48 (0.23)
3 N/A 0.61 051(0.30) 061 062(0.27) 037 0.39(0.24) 0.40 0.49 (0.22)
N/A S3PL 052 0.49(0.27) 0.39 0.40(0.21) 0.8 050(0.27) 055 0.54 (0.22)
4 N/A 0.18 0.26(0.26)  0.30 0.36(0.25) 0.35 043(0.32) 071 0.65 (0.17)
N/A S4P1L 065 0.60(0.30) 0.65 0.50(0.36) 0.79 0.63(0.33) 035 0.42 (0.28)
S5 N/A 0.11 0.23(0.28) 035 0.36(0.24) 0.00 0.10(0.23) 0.82 0.77 (0.17)
N/A S5P1 0.64 058(0.32) 0.60 058(0.33) 0.12 0.19(0.28) 053 0.55 (0.27)
6 N/A 0.37 0.44(0.28) 032 0.34(0.23) 0.0 043(022) 074 0.60 (0.19)
N/A S6P1  0.49 0.49(0.23) 0.38 0.45(0.32) 0.6 0.43(0.24) 055 0.55 (0.24)
s7 N/A 0.13 0.17(0.20) 0.36 037(0.25) 0.12 0.15(0.20) 0.80 0.77 (0.16)
N/A S7PL 055 058(0.22) 0.64 0.64(0.25) 0.68 0.60(0.23) 0.36 0.39 (0.22)
N/A S7P2 031 0.34(0.22) 065 057(0.29) 0.34 0.39(0.29) 0.60 0.57 (0.21)
S8 N/A 0.08 0.18(0.25) 052 0.48(0.25) 0.07 014(0.22) 0.75 0.73(0.18)
N/A S8P1  0.70 0.68(0.19) 062 0.65(0.18) 0.67 057(023) 034 0.37(0.17)
N/A S8P2 043 0.41(0.25) 058 055(0.27) 0.47 0.47 (0.25) 050 0.52 (0.24)
9 N/A 0.00 0.16(0.26)  0.38 0.43(0.30) 0.26 027(029) 074 0.71(0.19)
N/A SOP1 042 0.43(0.31) 067 0.61(0.29) 0.68 056 (0.25) 0.42 0.47 (0.21)
N/A S9P2 050 055(0.27) 051 055(0.24) 045 058(0.34) 0.45 0.44 (0.20)
S10 N/A 0.58 061(0.32) 058 057(0.27) 0.68 0.61(0.28) 0.37 0.40 (0.12)
N/A S10P1  0.36 0.38(0.28) 0.34 0.34(0.20) 0.34 0.44(0.28) 063 0.62 (0.22)
N/A S10P2  0.19 0.39(043) 0.77 061(0.39) 0.42 0.48 (0.46) 052 0.51 (0.35)
s11 N/A 0.48 052(0.23) 018 0.29(0.28) 041 0.42(0.22) 062 0.59 (0.18)
N/A S11P1  0.49 0.49(0.23) 0.0 0.45(0.31) 052 051(0.25) 052 0.52 (0.24)
N/A S11P2 048 0.42(0.34) 063 057(0.37) 050 050(0.24) 052 0.50 (0.28)
S12 N/A 0.36 0.46 (0.29) 0.60 055(0.27) 0.07 0.19(0.28) 0.63 0.60 (0.17)
N/A S12P1 067 056(0.33) 0.77 0.65(0.30) 057 0.49(0.31) 031 0.43 (0.29)
N/A S12P2  0.10 0.24(0.32) 053 052(0.25) 0.00 0.19(0.29) 0.74 0.68 (0.20)
S13 N/A 0.38 0.40(0.30) 0.03 0.16(0.24) 0.30 031(0.25) 074 0.71(0.18)
N/A S13P1 043 0.47(0.36) 0.45 0.50(0.30) 0.41 0.38(0.33) 056 0.55 (0.28)
N/A S13P2 051 055(0.27) 042 0.43(0.26) 061 062(0.22) 0.8 0.47 (0.24)

3N/A: not applicable.
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Table 7. Study B: Summary of ecological momentary assessment and peer-ceived momentary assessment values. Each row shows the median, mean,
and SD for the corresponding participant or peer calculated from all the assessments issued by that person.

Participant  Peer  Stress (0-1) Fatigue (0-1) Anxiety (0-1) Reported well-being Computed well-being
ID ID (0-1) (0-1)
Median Mean Median Mean Median Mean Median Mean Median Mean
(SD) (SD) (SD) (SD) (SD)
S1 N/A2 0.49 0.36 0.58 0.37 0.58 0.66 0.76 0.72 0.39 0.52
(0.55) (0.60) (0.32) (0.24) (0.30)
N/A SIP1 044 0.44 0.50 0.47 0.57 0.54 041 0.41 0.51 0.49
(0.21) (0.23) (0.21) (0.21) (0.21)
2 N/A 035 0.34 0.42 0.44 0.42 0.43 0.73 0.63 0.66 0.63
(0.29) (0.27) (0.25) (0.28) (0.28)
N/A S2P1 0.76 0.69 0.59 0.57 0.66 0.64 0.61 0.56 0.26 0.35
(0.24) (0.20) (0.25) (0.29) (0.22)
S3 N/A  0.50 0.49 0.60 0.58 0.39 0.42 0.48 0.47 0.37 0.43
(0.27) (0.27) (0.23) (0.26) (0.28)
N/A S3P1 047 0.43 0.58 0.53 0.59 0.59 0.79 0.76 0.39 0.43
(0.24) (0.32) (0.23) (0.20) (0.29)
A N/A  0.50 0.53 0.56 0.59 0.42 0.44 0.64 0.56 0.56 0.52
(0.25) (0.25) (0.31) (0.24) (0.25)
N/A $4P1  0.63 0.66 0.75 0.67 0.69 0.59 0.65 0.62 0.31 0.39
(0.28) (0.25) (0.32) (0.28) (0.30)
S5 N/A 022 0.27 0.15 0.24 0.33 0.34 0.78 0.66 0.67 0.67
(0.26) (0.27) (0.33) (0.32) (0.27)
N/A S5P1 0.44 0.40 0.31 0.41 0.43 0.43 0.63 054 0.59 0.56
(0.29) (0.32) (0.30) (0.29) (0.29)
S6 N/A 054 0.56 0.53 054 0.55 0.59 0.48 0.51 0.45 0.39
(0.27) (0.24) (0.29) (0.23) (0.26)
N/A S6P1  0.49 0.47 0.51 0.50 0.62 0.59 0.55 0.49 0.47 0.48
(0.28) (0.29) (0.32) (0.32) (0.29)
S7 N/A  0.00 021 0.54 0.56 0.26 0.35 0.62 0.59 0.81 0.66
(0.33) (0.20) (0.20) (0.30) (0.27)
N/A S7P1 0.36 0.35 0.55 0.56 0.37 0.41 0.60 0.53 0.66 0.59
(0.34) (0.28) (0.36) (0.26) (0.30)

3N/A: not applicable.

Visual Exploration of Daily Dynamics

As this study primarily focused on assessing the feasibility of
the method, we started the data analysis with the least complex
visualization of raw datasets. We wanted to plot the values
reported by the participants and their peers and understand the
magnitude of agreement/disagreement in their ratingsin time.
We also imputed the missing PeerMA values using a spline
function of order 4.

Toillustrate, sample plots from study A are presented in Figure
2. For the dyad <S6, S6P1> shown in the 4 plots on the top,
despite the differences in magnitude and time shifts, there are
notable similarities for states such as stress and anxiety aswell
as nonnegligible overlapping for fatigue. For the triad <S8,
S8P1, S8P2> shown in the 4 bottom plots, thereis a pattern for
stress and anxiety, where S8 started to report low values
although the peers continued to report higher valueswith periods
of mutual agreement. One can seethat in thistriad, there seemed
to be higher agreement for fatigue. Consequently, either the

https://mhealth.jmir.org/2020/8/€15947

peers were unable to truthfully report stress and anxiety or the
participant did not truthfully report stress and anxiety
(intentionally or otherwise). Both are hypotheses that can be
explored further with focused experiments combining EMA
and PeerMA with other qualitative methods.

Figure 3, similar to Figure 2, presents sample plots from study
B. In the 5 plots on the top, corresponding to the dyad
<S3-S3P1>, weobserved high agreement for stress and fatigue
and low agreement for anxiety. Additionally, in this particular
case, the assessments for reported well-being differed
significantly, whereas the computed well-being showed high
agreement (in fact, their median was statistically equal).
However, this could be because of either the participant or the
peer answering the question of well-being on assigning higher
importance to other aspects not inherently reflected as stress,
fatigue, and anxiety (which are the sole variables used in our
pragmatic computation of well-being, as defined in the Methods
section).
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Finally, the 5 plots at the bottom of Figure 3, for the dyad < S6,
S6P1>, show very high agreement in all the states, and their
median was statistically equal in all the cases. Assuming their
observations genuinely reflect the actual state of the participant,
with approximately 3 weeks of agreement in which there were
high and low episodes, this dyad seems to have a shared

Berrocal et al

understanding of the concepts and excellent sensing skills by
the peer. Such a dyad raises the confidence of a researcher to
include them in a longitudinal study in which periods of
disagreement between EMA and PeerMA motivate the use of
other qualitative methods (such as the Day Reconstruction
Method [61]) to study the root causes of such disagreements.

Figure 2. Ecological momentary assessment/peer-ceived momentary assessment. Plots from Study A. The x-axis represents days in the study, and the
y-axis represents the magnitude of the normalized assessments for stress, fatigue, anxiety, and computed well-being.
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Figure 3. Ecological momentary assessment/peer-ceived momentary assessment. Plots from Study B. The x-axis represents days in the study, and the
y-axis represents the magnitude of the normalized assessments for stress, fatigue, anxiety, and computed well-being.
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Mean Directional Accuracy of EMA/PeerMA

Various techniques can be used to quantify the daily agreement
between the EMAsand PeerMAs. For instance, residual analysis
such as mean absolute percent error (MAPE) or more robust
alternatives such as mean arctangent absol ute percentage error
(MAAPE) [62]. In our case, the robustness of MAAPE is
derived from the fact that MAPE produces undefined values
when the assessment of a participant is equal to 0. These
techniques can quantify the overal difference betweenthe EMA
and the PeerMA values over time. However, for the particular
application of PeerM A, we expect to see periods of disagreement

https://mhealth.jmir.org/2020/8/€15947
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as they represent the differences between the self-assessments
and the observer assessments that are worth identifying and
analyzing during field applications.

Therefore, we analyzed the daily agreement betweenthe EMASs
and the PeerMAs as follows. As afirst approach, we reported
the mean directional accuracy (MDA), which measures the
agreement (ie, we report a match) in the direction of change of
momentary assessments between participants and peers. MDA
considers only the direction of the change (eg, upward or
downward) and not its magnitude. For instance, let us suppose
that a participant reported (t,, 0.4), (t;, 0.3), and (t,, 0.7) and a
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peer reported (t,, 0.2), (t;, 0.4), and (t,, 0.6); then, between t,
and t;, there isamismatch asthe participant’s report decreased
(negative direction) whereasthe peer’sreport increased (positive
direction). From t; to t,, however, there is a match as both
participants’ and peers’ reports increased (0.3 to 0.7 for the
participant and 0.4 to 0.6 for the peer).

Inthe 2 studies, the number of assessments between participants
and peers differed every day. Hence it was not possible to
calculate the MDA for each individual EMA/PeerMA. Thus,
we calculated the daily average for stress, fatigue, anxiety, and
well-being for each participant and peer using al the
assessments given that day. We then counted the number of
days with matches and divided it by the number of days for

Berrocal et al

which both the participant and the peer issued at least one
assessment. Figure 4 shows the accumulated MDA results for
both studies. Same day isthe percentage of daysthat participants
and peers agreed in the directional change of their assessments
the same day. As can be seen from the figure, the result isclose
to chance. However, it increased to approximately 73% in study
A and to 79% in study B on counting matches occurring the
sameday or 1 day after. Naturally, MDA can be cal culated with
higher granularity down to every consecutive pair of
EMA/PeerMA values. Overall, MDA shows that PeerMA is
promising for identifying variationsin mental or physical health
early on (eg, accurately assessing changes in the individuas
day-to-day states).

Figure 4. Mean Directional Accuracy. “Same Day" is the average percentage of days that participants and peers agreed in the directional change of
their assessments the same day (closeto chance). “+1 Day" isthe average percentage of daysthat participants and peers agreed in the directional change

of their assessments the same day or the day &fter.
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EMA and PeerMA Correlations

EMA/PeerMA Spearman Correlations

To further investigate the values of EMA and PeerMA, we
conducted a correlation analysis for EMA/PeerMA values in
both studies. By focusing on the correlation, we did not assume
that the EMA and the PeerMA measure the same constructs;
we investigated it later in this paper. Therefore, in this study,
we applied the Spearman rank correlation method because (1)
participant and peer assessments are not independent, they both
refer to a state of the participant and (2) the Shapiro-Wilk,

D' Agostino K?, and Anderson-Darling tests indicate that not
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RenderX

al individuas and peers assessments were normally
distributed.

For study A, the Spearman rank correlation coefficientsfor each
of the states are presented in Table 8. Each row presents the
correlation coefficient rgand P value for aparticipant-peer dyad.
We al so show the correl ation between the computed well-being
of each participant and peer. In Table 9, we present a summary
of the values from Table 8 classified in 6 correlation groups. In
this sample, 40% of the correlations are weakly positive,
followed by 36% being weakly negative and 20% being
moderately positive.
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Table 8. Study A: ecologica momentary assessment/peer-ceived momentary assessment Spearman correl ations cal culated throughout the study. Each
row shows the correlation between the participants’ and peers’ assessments.

Participant ID  Peer ID Stress Fatigue Anxiety Computed well-being

rs Pvaue rg P value rs P value rs P value
S1 S1P1 0.44 .02 0.28 A5 0.57 .002 0.58 .001
S2 S2P1 0.50 .003 0.26 15 0.24 17 0.63 <.001
S3 S3P1 -0.18 .36 -0.16 40 -0.09 .64 -0.15 45
A SAP1 0.06 .76 -0.10 .62 -0.09 .64 0.09 .67
S5 S5P1 -0.10 .62 -0.23 24 035 .07 -0.19 .33
S6 S6P1 -0.23 .23 -0.11 .57 0.27 .16 -0.08 .66
S7 S7P1 0.19 .33 -0.01 .96 031 11 -0.13 49
S7 S7P2 -0.01 .96 0.28 14 0.19 .32 0.36 .05
S8 S8P1 011 .57 0.08 .68 0.22 .25 0.26 A8
S8 S8P2 0.32 .10 0.59 <.001 0.33 .08 0.63 <.001
SO SOP1 -0.25 .16 -0.05 .80 -0.28 .10 -0.37 .03
S} SOP2 0.02 91 0.29 .10 -0.09 .60 -0.16 .38
S10 S10P1 0.29 A3 -0.18 .35 0.04 .84 0.35 .06
S10 S10P2 0.14 48 0.05 .80 -015 45 -0.14 .46
S11 S11P1 0.39 .03 0.39 .03 -0.06 .75 0.28 A3
S11 S11P2 0.07 .70 0.03 .89 -0.06 .75 0.15 42
S12 S12P1 0.32 10 0.27 .16 0.21 .28 0.56 .002
S12 S12P2 0.07 .73 -0.24 22 -0.02 94 0.07 71
S13 S13P1 0.41 .02 -0.19 .30 0.41 .02 0.27 14
S13 S13P2 0.36 .05 -0.34 .06 0.43 .02 0.27 15

Table 9. Study A: summary of ecological momentary assessment/peer-ceived momentary assessment Spearman correlations.

Correlation strength Stress, n (%) Fatigue, n (%) Anxiety, n (%) Computed well-being, n (%) Total, n (%)
Highly positive® 0(0) 0(0) 0(0) 0(0) 0(0)
Moderately positive? 5(29) 2(10) 3(15) 6 (30) 16 (20)
Wesakly positive® 10(50) 8 (40) 7(35) 7(35) 32 (40)
Weakly negative® 5(29) 9 (45) 9 (45) 6 (30) 29 (36)
Moderately negative® 0(0) 1(5 1(5) 1(5) 3(4)
Highly negative’ 0(0) 0(0) 0(0) 0(0) 0(0)

0.67 to 1.00): Values of the spearman correlation inside this interval are considered highly positive.

b(0.34 t0 0.66): Values of the spearman correlation inside thisinterval are considered moderately positive.

€(0.00 to 0.33): Values of the spearman correlation inside thisinterval are considered weakly positive.

d(—0.33 to 0.00): Values of the spearman correlation inside this interval are considered weakly negative.

€(~0.66 to —0.34): Values of the spearman correlation inside thisinterval are considered moderately negative.

f(—1.00 to —0.67): Values of the spearman correlation inside thisinterval are considered highly negative.

For study B, the Spearman rank correlation coefficientsfor each  the values from Table 10. In this study, 43% of the correlations
of the states are presented in Table 10. In thiscase, wereported  wereweakly positive, followed by atie of 23% between weakly

the correlations between the reported well-being of each negative and moderately positive.
participant and peer. Correspondingly, Table 11 summarizes
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Table 10. Study B: ecological momentary assessment/peer-ceived moment

Berrocal et al

ary assessment Spearman correlations cal culated throughout the study. Each

row shows the correlation between the participants and peer’s assessments calculated throughout the study.

Participant ID Peer ID  Stress Fatigue Anxiety Reported well-being Computed well-being
rs Pvaue rg Pvalue rg Pvalue rg P value rs P value

S1 S1P1 -0.39 .02 -0.36 .03 -0.33 .05 0.18 .30 -0.30 .08

S2 S2P1 -0.31 .10 0.33 .08 0.26 .18 0.40 .03 0.13 51

S3 S3P1 0.37 .04 0.44 .01 0.04 .84 -0.08 .68 0.44 .01

A SAP1 0.24 21 0.16 42 0.10 .60 -0.17 .38 0.37 .048

S5 S5P1 0.04 .84 0.03 .88 0.06 .76 0.28 A3 -0.01 .95

S6 S6P1 0.44 .07 —-0.06 .81 0.24 .34 0.83 <.001 0.26 .30

S7 S7P1 0.41 .03 0.20 .29 -0.25 A9 0.58 <.001 —0.58 .001

Table 11. Study B: summary of ecological momentary assessment/peer-ceived momentary assessment Spearman correlations.

Correlation strength Stress Fatigue Anxiety  Reported well-being Computed well-being Total, n (%)
Highly positive® 0(0) 0(0) 0(0) 1(14) 0(0) 1(3)
Moderately positive” 3(43) 1(14) 0(0) 2(29) 2(29 8(23
Weskly positive® 2(29) 4(57) 5(71%) 2(29) 2(29) 15 (43)
Weakly negative® 1(14) 1(14) 2(29%)  2(29) 2(29) 8(23)
Moderately negative® 114 1(14) 0(0) 0(0) 1(14) 3(9)
Highly negative’ 0(0) 0(0) 0(0) 0(0) 0(0) 0(0)

%0.67 to 1.00): Values of the spearman correlation inside thisinterval are considered highly positive.

b(0.34 t0 0.66): Values of the spearman correlation inside thisinterval are considered moderately positive.
€(0.00 to 0.33): Values of the spearman correlation inside thisinterval are considered weakly positive.
d(—0.33 to 0.00): Values of the spearman correlation inside thisinterval are considered weakly negative.
€(~0.66 to —0.34): Values of the spearman correlation inside thisinterval are considered moderately negative.
f(—l.OO to -0.67): Vaues of the spearman correlation inside this interval are considered highly negative.

EMA/PeerMA Subcorrelations Including Entry Survey
Results

We conducted 3 more correlation analyses relevant to these
studies, including the entry survey reports (GERT, PSS, and
SDS) as collected within the studies. We again chose the
Spearman ranked correlation method because of the small
number of samples—17 for study A (after removing 3
participant-peer pairs who did not complete the entry surveys)
and 7 for study B. This small sample size did not permit an
accurate assessment of the underlying distribution of the data;
hence, we did not assume that the samples were normally
distributed. We report results relevant for the feasibility study
conducted, even when they were not statistically significant.

EMA/PeerMA Values Versus Entry Surveys

The correlation between participants and peers’ SDS, PSS, and
self-considered stressed score (from Table 4), and the rg
coefficient from the Spearman rank correlation for each state
(from Table 8 and Table 10) was assessed. This was important
toidentify direct relationships between individual characteristics
(obtained in the entry surveys) and the observed agreement
between participants and peers. In study A, we found that the
higher the participants SDS scores, the lower therg correlation

https://mhealth.jmir.org/2020/8/€15947

coefficient for fatigue (Table 8; r=—0.52; P=.03). The result
also holds true for study B, although it was not statistically
significant (Table 10; r=—0.40; P=.38). Moreover, the more
stressed the peers considered themselves (r=0.45; P=.07), the
higher the correlation was between EMA/PeerMA and anxiety
(Table 8). The result also holds true in study B (Table 10;
r=0.82; P=.02).

Medians of Within-EMA/PeerMA Value

For both participants and peers, we derived the correlation
between the median of the following pairs of dtates:
stress-fatigue, stress-anxiety, stress—-computed well-being,
fatigue-anxiety, fatigue—computed  well-being, and
anxiety—computed well-being. Sudy B included the
combinations with reported well-being in addition to the
aforementioned pairs of states. This is relevant to understand
whether participantsand peerstreat and report some of the states
alike (ie, with the same semantics). We found no correlation
between stress-fatigue or fatigue-anxiety for neither participants
nor peersin both studies. Nevertheless, we observed a positive
and closeto statistically significant correlation in stress-anxiety
for participants and peers in both studies. In study A, for
participants: r=0.73; P=.001 and for peers: r=0.44; P=.08. In
study B, for participants: r=0.64; P=.12 and for peers: r=0.95;
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P=.001. Moreover, in study B, we did not observe a consistent
or statistically significant correlation between reported and
computed well-being for participants (r=0.36; P=.42) or peers
(r=—0.39; P=.38). This result suggests that participants and
peers may have considered other important variables beyond
the assessments of stress, fatigue, and anxiety when they
answered the question about well-being.

Median of EMA/Peer MA Values

The correlation between the participants median of
stress/fatigue/anxiety/well-being and the peers’ median of the
perceived state was assessed. This is important to understand
whether there is high or low agreement in the assessments of
the states at the sample level. We used the median because, at
the individual level, the assessments are not independent and
arenot normally distributed. In study A, we observed anegative
correlation for stress (r=—0.39; P=.11), a positive correlation
for fatigue (r=0.36; P=.15), and a weakly negative correlation
for computed well-being (r=—0.14; P=.58), although none of
them was statistically significant. In study B, we observed a
positive correlation for stress (r=0.54; P=.20), anxiety (r=0.52;
P=.22), and computed well-being (r=0.39; P=.38), athough,
again, none of them was statistically significant.

EMA/PeerMA: Statistical Agreement

After the correlations evaluated within the previous sections,
we focus on the statistical agreement of the EMA/PeerMA

Berrocal et al

assessments by which we assume that the EMA and PeerMA
measure the same constructs. To quantify the overall agreement
between EMA and PeerMA, we applied the Wilcoxon
signed-ranked test to determine whether the medians of the 2
sets (EMAs from participants and PeerMAs from peers) are
statistically equal. Thejustification for choosing thistest isthat
(1) participants’ and peers assessments are not independent;
(2) the participant and peers’ assessments are paired; and (3) in
our datasets, not al individua and peer assessments are
normally distributed. The null hypothesis, Hy, of the Wilcoxon
signed-ranked test is that the 2 samples have the same
distribution. Thus, failing to reject H, suggeststhat participants
and peers’ assessments are statistically equal.

For study A, the dyads <participant, peer> for which at least
one of the statesis statistically equal (ie, P>.05) are presented
in Table 12. For this particular study, 40% (8/20) of the peers
reported daily stress assessments, which are statistically equal
to those reported by the participant. The values obtained were
30% (6/20) for fatigue, 55% (11/20) for anxiety, and 35% (7/20)
for computed well-being.

The results for study B are presented in Table 13. In this case,
29% (2/7) of peersreported daily stress assessments, which are
statistically equal to those reported by the participant. Thevalues
were 43% (3/7) for fatigue and anxiety and 71% (5/7) for both
reported and computed well-being.

Table 12. Study A: Wilcoxon signed-ranked significance tests for ecological momentary assessment/peer-ceived momentary assessment (P=.05).

Peer ID P value (stress) P value (fatigue) P value (anxiety) P value (computed well-be-
ing)
S1P1 .001 <.001 <.001 .34
S2P1 <.001 <.001 .58 .002
S3P1 .74 .004 21 <.001
SAP1 <.001 19 .07 .002
S5P1 <.001 .03 .09 <.001
S6P1 .96 .63 .09 .61
S7P2 .003 .002 .001 .18
S8P2 <.001 13 <.001 <.001
SOP1 <.001 .02 <.001 .23
SOP2 <.001 .05 .001 <.001
S10P1 <.001 <.001 .02 .28
S10P2 .36 .01 .29 72
S11P1 37 .003 40 <.001
S11P2 a7 <.001 .10 <.001
S12P1 22 .01 <.001 <.001
S12P2 .03 .82 .94 <.001
S13P1 .06 <.001 a2 .002
S13P2 A3 43 .80 A9
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Table 13. Study B: Wilcoxon signed-ranked significance tests for ecological momentary assessment/peer-ceived momentary assessment (P=.05).

Peer ID  Pvaue(stress) P value (fatigue) P value (anxiety) P value (reported well-being) P value (computed well-being)
S1P1 .003 .03 .01 .07 42

S2P1 .001 .02 .002 .30 <.001

S3P1 21 .18 .01 <.001 .50

SAP1 .01 .29 .07 .64 .05

S5P1 .02 .02 .35 .03 A3

S6P1 .06 .50 .56 45 .06

S7P1 <.001 .03 .01 .07 .01

Operational and Human Factors
Users' Reflections on the mQoL Peers App

Positive Aspects

In general, users found the app easy to use and liked the brief
surveys. Some users said that the app helped them to be more
aware of their emotions. We quote some of their comments,
study A: (subject) “Thanksto it | tried to be more aware of my
stress level during the day” and (subject) “It makes me think
about my attitude and feelings at the moment.“ For study B:
(subject) “I liked that surveyswere short and easy to understand”
and (subject) “I liked the use of scale and colors | wish | can
see the results” The users acknowledged the minimal
obtrusiveness we aimed for.

Negative Aspects

For study A: (subject) “App isnot very fun, the exercise quickly
becomes monotonous’ and (peer) “ Same 4 questions 1 month
extremely repetitive and annoying.” For study B: (subject) “The
app needs more questions and a dashboard” and (peer) “ Short
guestions could be together in one page” The users
acknowledged what we aready knew, that the study length and
frequency of self-reports are important for the quality of the
datacollected. In the Discussion section, we present implications
stemming from these observations as well as future work areas
related to the findings.

Users' Reflections on the Studies

Participants Reflections

We asked participants how they felt about reflecting on their
own emotional states. For study A, some participants confirmed
a known risk of reactivity in EMA: (subject) “ Sometimes the
app has accentuated my stress’ or (subject) “Answering the
anxiety question often made mefed anxious.” Other participants
reported enriching experiences:

| had the impression of being more aware of my
anxiety during the study, before, | did not pay special
attention to it. [Subject]

It made me take a step back on myself. For example,
when | was stressed, | told myself that | had to calm
down. When | had high fatigue, | said to myself that
| had to sleep better to recover, not look at my phone
before sleegping. [Subject]

For study B, the experienceswere mostly positive, for example:

https://mhealth.jmir.org/2020/8/€15947

It allowed me to anchor myself and see what is
causing me to feel stressed. [Subject]

Loved it. It made me more aware of my emotional
states than ever before. [Subject]
The higher sampling frequency in study A (8 per day vs 3 per
day in study B) could explain the unintended side effects
experienced by some of its participants.

Peers' Reflections

We asked peers how they felt about reflecting on someoneelse’s
emotional states during the study. In both studies, some peers
said that the task was challenging to complete at times. Others
said that participating in the study allowed them to learn more
about emotional states. For example, for study A: (peer)
“Sometimes it was hard because we hadn’t talked for hours”
and (peer) “If | did not see her, | had noideawhat her emotional
state was.“ On the contrary, peers reporting more enriching
experiences said:

I have the feeling to take stress problems more
seriously, not like everyone is stressed and it is
normal, but to understand that stress can block life
of some people. [Peer]

It made me think if she is doing well and this
experience made me write to her more often. [Peer]

For study B these peers stated:

It was a little harder than | had expected. | typically
usefacial expression and toneto determine my friends
emotional states. On days that | don't see her, I'd
have to rely on how she texts. [Peer]

It allowed meto learn about his mood every day and
know him better and any problems going on. [Peer]

Implications of Technology Choices

This section summarizes the results related to the technology
choices in the 2 studies and how they may influence the
methods' feasibility. In the 2 studies, we assumed that both
EMA and PeerMA have the same technological requirements:
(1) the mechanism to trigger the questions to participants at
desired moments and (2) the channel to trigger the questionsto
the user and collect the answers reliably. As explained in the
Tools section, we implemented EMA and PeerMA using our
own mQoL Lab platform, detailed in the study by Berrocal et
al [51].
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To trigger the questions, van Berkel et al [63] provide a
comprehensive overview of the multiple options researchers
can choose from. We wused uniformly randomized
signal-contingent triggers throughout the day (waking hours).
In study A, the mQoL Peers app was responsible for scheduling
and triggering the signals in the participants smartphones to
present an EMA. These signalstriggered a push notification to
the peers’ smartphones to initiate a corresponding PeerMA.
This approach had 2 disadvantages: (1) it used computing
resources of the users' smartphones and (2) the users could
(accidentally or intentionally) change the system settings causing
negative conseguences for the study. In study B, we reduced
those risks and aobtained favorable results by scheduling and
triggering the signals from a server component, also via push
notifications, simultaneously to both participants and peers.

Regarding the channel itself, smartphones are commonly used
for mobile human studies as they are often close to the owner
[64]. However, cross-platform compatibility may be an obstacle
as the smartphone type would need to be used as inclusion
criteria, potentially biasing the study results. We had this
experience ourselves. Namely, for study A, our platform was
compatible only with Android. For study B, we improved our
platform to support iOS-based devices either by the participant,
the peer, or both. Nevertheless, in study B, 2 senior candidates
were excluded during the study recruitment phase as they did
not use the smartphone often and their preferred channel was
their tablet computer. Researchers designing studies may
consider this audience as well and design their study
accordingly.

Suggestions From Users About Technology and
Methods

Thefollowing are recommendations made by users (participants
and peers) in our studies. First, they wanted to have some kind
of dashboard to see their previous assessments and track how
many they completed each day. This may have positive effects
on response compliance; however, it may imply higher reactivity
to the study itself, where amomentary, ecologically valid EMA
may be influenced by the number or content of the past EMAS
(depending on the dashboard design). The participants also
wanted greater freedom to select the moods or states that they
felt confident about reporting at a given moment. Such alevel
of freedom is possible, but it should be done carefully to salvage
the collection of ecologicaly valid EMAs and PeerMAS,
assuring the joint understanding of participants/peers of the
state being assessed (eg, snacking on foods throughout a day)
aswell asto ensurethat the databeing collected directly relates
to the main goa of the study. Additionally, such a
participant-driven EMA/PeerMA study design may result in
bias stemming from collecting only the states the participants
want to report.

One peer in study A (whose relationship with the subject was
“afriend from the university”) suggested that the participants
assessment should start with a question: “Is your peer next to
you to answer a short survey?* Thisis avalid observation that
can be explored in future studies as away to study the validity
of the PeerMA answers. In our studies, peers were able to
express their confidence levels for each individual PeerMA.

https://mhealth.jmir.org/2020/8/€15947
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They may have selected low confidence if they had not beenin
contact (either physical or virtual) with the participant in the
recent past. Future research could include software assessment
of proximity between participants and peers (eg, using
Bluetooth, using Wi-Fi, using Geo Fences, or leveraging the
social network apps usage patterns) as a way to reduce the
burden for peers being requested to assess the state of the
individual when the probability of obtaining a reliable
assessment islow.

Discussion

Structure

In summary, our first research aim wasto explore thefeasibility
of applying the PeerMA method to involve peers to assess
phenomena such as mental states in healthy individuals. The
second aim was to determine operational aspects and human
factors that need to be taken into account to most effectively
use the PeerMA method. We reflect upon the overall resultsto
answer these questions.

Feasibility of Using Peer M A
In this section, to address the first research aim, we summarize
the experience from both studies related to the tangible

contributions from participants and peers using both the EMA
and the PeerMA methods.

Regarding the users’ recruitment and participation, we conclude
the following: we first noticed that some participants had
difficulties finding a peer. In study A, we initialy had 18
participants; 5 participants who attempted to enroll and agreed
to try and find a peer stopped later, indicating that they were
unable to find a peer to participate. Hence, we ended up with
13 participantswith peersin study A. In study B, we also started
with 18 participants, with 8 cases in which the participant
enrolled in the study but never enrolled a peer. Two of them
informed us about the situation and six stopped without further
contact. The three participants who completed the full study
but did not manage to involve a peer were excluded from the
analysis.

Once enrolled, participant retention was high. Although
recruiting participants with peers required more effort than
recruiting participants for EMA-only studies, we successfully
completed two field studies of 4 weeks duration in two
geographically distant locations, as described here. In both
studies, we observed that almost al participants who enrolled
with a peer from the beginning were able to continue in the
study till the end, on average, 29 (SD 1.7) daysfor participants
and 25 (SD 5.9) daysfor peersin study A and 27 (SD 4.5) days
for participants and 27 (SD 4.8) days for peers in study B.
However, we noticed that some individuals had a low
EMA/PeerMA response rate, as shown in Table 5, especially
in study A (<10%). We believe thiswas at least partially dueto
ahigh number of daily EMA/PeerM A natifications (8 per day)
that came along usual participants and peers obligationsduring
the day. We limited the number of notificationsin study B to 3
per day, which resulted in abetter EMA/PeerM Asresponserate
(Table 5; only 1 peer had aresponse rate as low as 30%).
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When it comes to the overall agreement between EMA and
PeerMA assessments, the evidence for the feasibility of the
PeerMA method is as follows. Although not conclusive or
generalizable, we observed a strong, close to statistically
significant correlation between participant and peer’'s
assessments of stress and anxiety (for study A, participants:
r=0.73; P=.001 and peers: r=0.44; P=.08 and for study B,
participants r=0.64; P=.12 and peers r=.95; P=.001; detailsin
the EMA and PeerMA Correlations section). In both studies,
the more stressed the peers described themselves in the entry
survey (study A: r=0.45; P=.07 and study B: r=0.82; P=.02),
the higher the correl ation between EMA and PeerMA for anxiety
(Table 8 and Table 10, respectively; details in the EMA and
PeerMA Correlations section). Collectively, this suggests that
stressed individuals tend to be more effective in detecting
anxiety in their peers (already studied by Harrigan et a [65])
and that anxiety could be a proxy for the level of stress of a
person as stress and anxiety were positively correlated in these
particular samples.

Additionally, we recall the overal percentage of peers who
reported daily assessments statistically equal to those reported
by their participants. In study A, the resultswere 40% for stress,
30% for fatigue, 55% for anxiety, and 35% for computed
well-being. In study B, the resultswere 29% for stress, 43% for
fatigue and anxiety, and 71% for computed and reported
well-being (details in the EMA and PeerMA Satistical
Agreement section). In summary, in both studies, participants
and peers achieved higher agreement in their assessments of
anxiety and fatigue and lower agreement in their assessment of
stress. We reason for thisresult as follows.

Anxiety is a complex state and highly involuntary [65], and it
is presumably difficult to hide it as specific individuals try to
do with stress. Manifestations of anxiety are anchored to a
particular event or situation. Close peers who are aware of the
events or situations can use that knowledge to estimate the state
of the person [58]. Alternatively, a high agreement could also
result from acasein which participants and peersinterpret stress
and anxiety as the same or very similar state and report it
accordingly.

In addition, we consider that detecting fatigue in peersisless
challenging as peopletend to talk about it openly. Neverthel ess,
one person may be highly fatigued after 1 night of poor sleep,
whereas another person may not reach that same level after 2
or 3 nightsof poor sleep. For this purpose, psychometric models
at the individual level help make comparisons among the
assessments [58].

Finally, stress has a social component affected by stereotypes
[66] (eg, work or school performance, fear of public speaking),
and the social (external) manifestation of stress may produce
different physiological (internal) reactions and external
observable behaviors among individuals. It is ultimately the
physiological stress that causes the underlying threat to a
person’s health. Potentially due to the social complexity of the
stress phenomena, our observed results do not lead to strong
conclusions for employing PeerMA when assessing stress.
Nevertheless, the combined use of EMA and PeerMA within a
specific study, to complement other data collection methods
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(eg, psychophysiology), represents a possible way to study
peer-based stress assessment further.

In summary, there are challenges and open questions regarding
interoceptive awareness (ability to consciously sense the inner
state of the body) to consider when using EMA to study
emotional and physical states [67]. PeerMA is constrained by
similar, but not identical, limitations as peers report about a
state that occurs in the individual being observed [58].
Nevertheless, afrequent and careful pairing of self-assessments
and others’ assessments (asshownin Figures 2 and 3), although
subjective, may lead to new sources of information that we
consider valuable to study how a person’s emotional and
physical states unfolded over time. The results of our studies
suggest that applying the PeerMA method to the study of
complex phenomena, such as menta states in individuas, is
feasible and can open up new perspectives to examine the
rel ationships between self-assessments and others’ perceptions
that are not possible to obtain from studies based on surveys or
EMAs aone.

Human Factors and Oper ational Aspects of Peer MA

We address the second research aim by summarizing operational
aspectsand human factors derived from the experience of using
the PeerMA method in the two studies. We discuss the
implications of certain technological choices and offer
recommendations for researchers who wish to include the
method in their studies.

Recruiting and Retaining Participants

To begin with, recruiting participants for studies is a known
challenge [68]. Hence, we know that recruiting participants for
paired studies that combine PeerMA with EMA is challenging
as well. In both studies, we observed that several participants
who initialy applied to join the study did not actually enroll
after the web-based meeting with the researcher (in which they
learned that bringing a peer wasarequirement for these studies).
In study A, 5 participants who actually enrolled and agreed to
try and find a peer later stopped participating, indicating that
they were unable to find a peer willing to participate. In study
B, we observed 8 cases in which the participant enrolled in the
study but never enrolled a peer. Two of them informed us about
the situation, whereas the remaining six simply stopped without
further contact.

We found that one recommendation is to start applying the
PeerMA method in cohorts for which reaching out to a peer
becomes less complicated, and more motivating and valuable
for both the participants and the peers. For instance, at thetime
of thiswriting, we are conducting one study with adult patients
of the Stanford Medical Center recovering from a liver
transplant. Inthis case, the patientsanswer EMAS, whereastheir
support person answers PeerMAs. Recruiting peers for this
particular group was more straightforward because of the
anticipated clinical value of such a study.

Another recommendation, which relates to the technological
choicesinfluencing the feasibility of the methods, isto include
gamification techniques (eg, scoring points, winning prizes, and
solving puzzles) as part of the study dynamics, which can
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provide an incentivefor usersto contribute data along the study
duration and complete the study [69,70].

PeerMA: Methodological Opportunities

On the contrary, based on the experience during these two
exploratory studies, we found it worth exploring how the EMA
and PeerMA can be combined during a study to provide
accurate, timely information about the observed participant state
(and its changes). One suggestion is to modulate the
administration of EMA and PeerMA based on prior knowledge
about the participants state of interest and individual
just-in-time answers. This would imitate the computerized
adaptive tests, in which the questions are tailored to the past
answersof theindividual. In our case, the question of well-being
(or asimilarly discriminating question) could always be first.
From our study design and results, we know that well-being
encompasses stress, fatigue, or anxiety, and potentially, other
states. Then, the next question would be chosen based on the
answer (high or low well-being); for low well-being, relevant
question(s) for the current state (eg, stress, fatigue, or anxiety)
would be triggered to the participant and the peer. For high
well-being, the survey may be completed. This approach may
reduce the participants’ burden of monotonously answering
guestions when there may not be new information to provide.
In other cases, the peers could be asked only to validate the
response of the participant (eg, “Have you taken your
medication?’). Nevertheless, some participants may feel their
privacy is at stake when their peers answer a PeerMA every
time they answer an EMA.. Participants could have the option
to decide—in real time—not to send the PeerMA to peers if
they want to regain control over their privacy.

Another variation for the PeerMA design is to give users the
options to slightly customize the time windows when they feel
available and willing to answer certain types of questions. Some
of them may be more engaged if they can choose the type of
signal aswell asthetimewindow when they are better prepared
totakean EMA or PeerMA (inasimilar way asthey make other
daily choices like taking a cup of coffee or making a personal
phone call). On the other hand, this could be detrimental to the
research if participants are preparing to give a specific answer,
knowing that the questions are being triggered at specific times,
or if they choose to not answer questions at times when they
feel more stressed, causing data loss and result bias.
Additionally, some studies with PeerMA may allow users to
take both the roles of participants and peers simultaneously,
which alows them to report on each other’s states, which may
increase engagement.

Overdl, as an exploratory method, there are yet many
opportunities to design studies leveraging PeerMA. The main
methodol ogical question relatesto what information or measure
about the user state could be collected in reliable and minimally
obtrusive ways from the participant and his/her peers. If chosen
properly, we believe that such information collected from
participants and peers simultaneously could enable further
understanding of the observed state.

https://mhealth.jmir.org/2020/8/€15947

Berrocal et al

Limitations and Future Work

Onelimitation of these studiesisthelack of ground truth of the
assessed conditions (stress, fatigue, or anxiety). Despite the data
presented in this preliminary analysis, we were unable to
determine whether the EMA or the PeerMA were closer to the
actual state of the participants. Thelimitation isinherent to any
sdlf-report, EM A-based study. To further examinethereliability
of PeerMA, more research is needed to incorporate more
modalities, such asheart rate variability for physiological stress.

Another limitation of our work is the small sample size of
participants and peers. As indicated earlier, alarger sample is
necessary to further investigate the reliability of the assessments
aswell asthe effectsintroduced by sample characteristics such
asthe amount of time peersinteract with the participants during
a day, type of relationship between participant and peer, or
coresidence as reported by Neumann et a [8], among others.

Additionally, research is needed to examine whether PeerMA
affects the usua behavior of the participant during a study.
Namely, if the participant, knowing that he/she is being
observed, explicitly changes higher state and behavior when
interacting with the peer. Similarly, further research is needed
to include the state of the peer at the moment of answering a
PeerMA, for example, to understand the possible effects or
biases related to the ego depletion theory [71].

Finally, our future work includes a case by case examination
of how peers’ reported level of confidence (ie, low, moderate,
or high), as well as other socioeconomic characteristics,
influence the results derived from the EMA and PeerMA
agreement.

Conclusions

We presented results from two user studies conducted in the
participants natural daily life environments, evaluating thefirst
version of a platform implementing the PeerMA method
deployed on users' persona smartphones. The studies showed
encouraging resultsfrom atotal of 20 participants and 27 peers
contributing multiple daily assessments for approximately 4
weeks each. In the studies, we collected empirical evidence
regarding the feasibility of the method. We discussed the
methodol ogical and human aspectsrelated to the application of
the PeerMA method to study real-life phenomena, including
those related to mental health. We demonstrated that users
accepted the method and provided valuable feedback. We
identified and discussed improvement opportunities that could
lead to higher user engagement as well as more elaborate
methodological options for researchers to explore when
leveraging PeerMA in their studies. We discussed technical
aspects to consider for a reliable, technology agnostic, and
minimally obtrusive implementation of the PeerMA method.

We believe that the PeerMA method evaluated in this study
opens anew perspective to study an individual’s state based on
frequent and possibly paired observations from trusted peers
beyond the information traditionally obtained with EMA. As
an independent observation, it has value for applications in
clinical settingsto eval uate the severity of and support treatment
of mental disorders such as OCD or addictions. However, more
research is needed to guarantee reliabl e utilization with sufficient
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control to manage potential emergent biases stemming from  which PeerMA istriggered.
either the participants or the peers or the momentary context in
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