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Abstract

Background: In the burgeoning area of clinical digital phenotyping research, there is a dearth of literature that details methodology,
including the key challenges and dilemmas in developing and implementing a successful architecture for technological infrastructure,
patient engagement, longitudinal study participation, and successful reporting and analysis of diverse passive and active digital
data streams.

Objective: This article provides a narrative rationale for our study design in the context of the current evidence base and best
practices, with an emphasis on our initial lessons learned from the implementation challenges and successes of this digital
phenotyping study.

Methods: We describe the design and implementation approach for a digital phenotyping pilot feasibility study with attention
to synthesizing key literature and the reasoning for pragmatic adaptations in implementing a multisite study encompassing distinct
geographic and population settings. This methodology was used to recruit patients as study participants with a clinician-validated
diagnostic history of unipolar depression, bipolar I disorder, or bipolar II disorder, or healthy controls in 2 geographically distinct
health care systems for a longitudinal digital phenotyping study of mood disorders.

Results: We describe the feasibility of a multisite digital phenotyping pilot study for patients with mood disorders in terms of
passively and actively collected phenotyping data quality and enrollment of patients. Overall data quality (assessed as the amount
of sensor data obtained vs expected) was high compared to that in related studies. Results were reported on the relevant demographic
features of study participants, revealing recruitment properties of age (mean subgroup age ranged from 31 years in the healthy
control subgroup to 38 years in the bipolar I disorder subgroup), sex (predominance of female participants, with 7/11, 64% females
in the bipolar II disorder subgroup), and smartphone operating system (iOS vs Android; iOS ranged from 7/11, 64% in the bipolar
II disorder subgroup to 29/32, 91% in the healthy control subgroup). We also described implementation considerations around
digital phenotyping research for mood disorders and other psychiatric conditions.

Conclusions: Digital phenotyping in affective disorders is feasible on both Android and iOS smartphones, and the resulting
data quality using an open-source platform is higher than that in comparable studies. While the digital phenotyping data quality
was independent of gender and race, the reported demographic features of study participants revealed important information on
possible selection biases that may result from naturalistic research in this domain. We believe that the methodology described
will be readily reproducible and generalizable to other study settings and patient populations given our data on deployment at 2
unique sites.
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Introduction

Over the past decade, the rapidly developing field of mental
health research has focused on leveraging digital hardware like
smartphones and wearables with their ever expanding and
refining arrays of sensors and software innovations to facilitate
user data collection [1]. The general goal of this area of mental
health research is to gain novel insights into at least two central
domains: predicting changes in individual mental health status
and defining how mental illness may mediate use patterns of
digital interfaces [2-4]. Digital phenotyping is an evolving
research field [1], and in the setting of different contexts and
connotations to the term digital phenotyping, we will turn to
the following definition of digital phenotyping as provided by
Dr Thomas Insel in a paper widely recognized as an impetus
for accelerating interest in this research field: “the
moment-by-moment quantification of the individual-level human
phenotype in situ using data from personal digital devices, in
particular smartphones” [5].

At this initial exploratory phase of digital phenotyping, there is
limited understanding of what specific patient data streams and
analyses may be most useful in interpreting illness and providing
insights with diagnosis clarification, treatment recommendations,
and more precise prognostic predictions [6]. The promise of
digital phenotyping for mental illness is predicated on a wide
range of biological, psychological, and social factors that impact
the presentation of most, if not all, psychiatric illnesses.
However, the question of how to most effectively collect
wide-ranging biopsychosocial data remains an active area of
investigation. Research in this domain must provide insights
on how best to evolve the dimensionality (ie, the number of
variables and frequency of data collected) of patient data
streams, the forms of data collected (ie, the nature of the
variables themselves), and the higher-order patient features for
which these variables serve as proxy metrics (ie, the
biopsychosocial feature that a metric is intended to track), as
well as the mechanism of data collection (ie, active or passive
collection from the patient).

In relation, this research needs to be understood in the context
of any potential biases. While there have been prior studies
using digital phenotyping methods for mood and bipolar disorder
[7,8], the focus has often been the resulting behavior features
and not an assessment of which types of people agree to partake
in this research and the quality of the data gathered from their
phones. Both factors matter in the interpretation of later results.
For example, a recent large-scale digital phenotyping study of
people with depression noted that data quality precluded any
discussion of the clinical meaning of the signal data [9], and a
recent review of digital phenotyping for depression noted that
high heterogeneity in the results is likely due in part to a lack
of reporting on underlying data quality [9].

In this article, we describe several components of study
methodology that facilitate reproducibility, with a focus on
patient interest and acceptability. First, we describe the protocol
design for structuring a 12-week case-control pilot feasibility
study in treatment-seeking depressed patients. Second, we
provide initial insights from the initial implementation of the
protocol to describe the barriers and challenges we encountered
for successful recruitment, longitudinal study participation, and
data collection. Additionally, we assess the acceptability of
passive data collection with a smartphone in depressed patients
and investigate how passive data gathered via technology
platforms may subsequently be analyzed to generate
transdiagnostic digital phenotypes that can potentially inform
the assessment and treatment outcomes of major mood disorders.

Methods

Study Design and Patient Recruitment

Study Population
This is a multisite study that involved recruitment at Mayo
Clinic (Rochester, Minnesota) and Johns Hopkins University
(Baltimore, Maryland).

Adult patients (18 to 65 years of age) seeking treatment for
major depressive disorder (MDD; sample size=49) or bipolar
disorder (sample size=28; 13 with type I bipolar disorder and
15 with type II bipolar disorder) with no current active comorbid
psychiatric disorder, suicidal ideation, or psychosis were eligible
to participate in this study. Controls (aimed sample size=31)
were defined as individuals with no active psychiatric disorder
in the previous year. A history of psychiatric disorders was not
considered an exclusion criterion.

This study focused on a patient population with a previously
diagnosed mood disorder for several reasons. There are parallel
studies by several members of this research group, and the
co-authors on this study have ongoing research and recent
published studies involving the MindLAMP app for digital
phenotyping investigations that focus on other patient
populations, namely those of psychotic disorders [10] and
substance use disorders [11]. The existing literature on digital
phenotyping of mood disorders is limited and warrants its own
dedicated investigation. Collectively, we seek to evaluate the
feasibility of studying different psychiatric populations in pursuit
of insights derived from digital phenotyping.

We grouped patients according to the Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition (DSM-V) diagnosis,
with the goal of assessing whether data quality and demographic
differences were appreciated between groups. The naturalistic
study recruitment approach in this pilot study across these
diagnostic categories was intended to provide information on
potential biases in recruitment and, in turn, inform efforts toward
awareness and correction of intergroup differences if needed to
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optimize a future study. Our recruitment also attempted to
implement a naturalistic approach that would provide insights
about potential data quality differences that may be related to
diagnostic differences, symptom burden, or demographic
features of participants.

The study participants received US $25 for their time during
each visit (baseline, month 1, month 2, and month 3; a total of
US $100), but not for engagement with the app. Participants
who borrowed a smartwatch from the study team were offered
the watch for free upon study completion (an approximately
US $40 value). As the app does not use any smartphone data
because such data are transferred only via Wi-Fi, there were no
data costs to cover.

Assessment Measures
Diagnostic confirmation was obtained through the Mini
International Neuropsychiatric Interview (MINI), a valid
instrument for assessing depression in primary care settings
[12,13]. The severity of depressive symptoms was assessed at
baseline and follow-up visits using the Quick Inventory of

Depressive Symptomatology – Clinician Rating (QIDS), which
was considered the primary outcome measure of baseline to
endpoint change [14]. Hypomanic/manic symptoms were ruled
out during each in-person visit using the Young Mania Rating
Scale (YMRS) [15]. Six raters (2 psychiatrists and 4 clinical
research staff) participated in the rating of video-taped
interviews using the QIDS and YMRS to quantify the agreement
among study team members. Interrater reliability coefficients
were 0.92 for the QIDS and 0.96 for the YMRS, indicating an
elevated level of agreement [16]. Participants’circadian rhythm
phenotypes were assessed with the Morningness-Eveningness
Questionnaire (MEQ) at the first and final visits [17]. During
visits, participants were asked to complete a self-report measure
of enjoyment and satisfaction in multiple areas of daily
functioning (Quality of Life Enjoyment and Satisfaction
Questionnaire–Short Form [Q-LES-Q-SF]) [18]. Finally,
participants were asked to keep a sleep log the week prior to
each visit, based on the American Academy of Sleep Medicine’s
sleep diary. A complete list of measures of illness severity and
clinical phenotyping is shown in Figure 1.

Figure 1. Schematic diagram of the study design and the passively and actively collected data. CGI: Clinical Global Impression; GAD-2: Generalized
Anxiety Disorder-2; MEQ: Morningness-Eveningness Questionnaire; MINI: Mini International Neuropsychiatric Interview; PHQ-2: Patient Health
Questionnaire-2; QIDS: Quick Inventory of Depressive Symptomatology; Q-LES-Q-SF: Quality of Life Enjoyment and Satisfaction Questionnaire –
Short Form; YMRS: Young Mania Rating Scale.
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The study required use of a compatible smartphone device (ie,
Android or iOS device) able to run the study app, as well as a
willingness to wear a smartwatch with an accelerometer or Oura
Ring with congruent functionality. Participants who owned a
smartwatch were asked to allow research access and use of the
passive data collected. Participants who did not own a
smartwatch were provided with a smartwatch (Willful
smartwatch [Willful Technology Co, Ltd] or LETSCOM
ID205L smartwatch [Lets Fit]) or an Oura Ring to be used
throughout the study period. Participants were informed that
the device must be in proximity (approximately 100 feet) to the
smartphone to enable data to be collected. Of note, all patients
who enrolled in the study using their own wearable device had
an Apple Watch, though other wearable devices would have
been permitted as alternatives if patients with such self-owned
devices would have participated. The exclusivity of the Apple
Watch was incidental.

Safety Monitoring
Throughout the study, participants adhered to their routine
clinical care for depression and were educated about the fact
that the collected data were not monitored in real-time. They
were also shown how the app can enable them to reach out for
help at any time (ie, calling 911 and connecting to a primary
care provider).

Ethical Considerations
The protocol was approved by the institutional review board at
each study site (Mayo Clinic: 20-008865; Johns Hopkins
University: IRB00285631), and every participant was required
to provide written informed consent to participate in this study.

Informatics Architecture
Digital phenotyping is predicated on simultaneously collecting
high-dimensional sets of variables with massive data streams
for many if not all variables sampled. The structures of data
ingestion, database maintenance, and security and accessibility
of research data require prospective planning and development
prior to research implementation.

MindLAMP App
MindLAMP is an open-source smartphone app developed for
research and clinical purposes by the Digital Psychiatry Division
at Beth Israel Deaconess Medical Center, a Harvard Medical
School teaching hospital. The app collects 3 types of data:
active, passive, and meta-data. Active data refer to data from
surveys or cognitive assessments that require the user to actively
engage for data to be collected. Examples include offering the
Patient Health Questionnaire-9 (PHQ-9) or Generalized Anxiety
Disorder-7 (GAD-7) scales on the app. MindLAMP provides
user functionality to input any clinical screening tool and adjusts
the frequency with which it is pushed to users. Passive data
include, for example, GPS, accelerometer, gyroscope, and screen
state data, which are captured directly from the phone without
any active user engagement. Researchers can harness analysis
pipelines, such as LAMP Cortex [19,20], to transform this raw
data into clinically meaningful features (eg, home time), which
can subsequently be used for more advanced tasks. Meta-data
refer to information about how the app is used and can include
time to respond to each survey question (latency) and
information about when the app is used and for how long.

Data Collection, Storage, and Security
The MindLAMP app collected various passive and active data
from the smartphones and smart watches used by the study
patients. These data included activity levels; credentials; and
participant, researcher, study, and sensor data. MindLAMP
stored these data in CouchDB and MongoDB formats, which
involve a NoSQL database. At Mayo Clinic, the VeryFitPro
wearable and companion smartphone app were used to collect
additional sensor data. The data from the smartwatch was
integrated into either Apple Health Kit or Google Fit (depending
on the type of phone used) and then sent to the MindLAMP
app. Data from the phone were automatically transferred using
the phone’s application programming interface (API) in
JavaScript object notation (JSON) format, which was then
captured and sent to various databases by the application source
code (see Figure 2).

J Med Internet Res 2023 | vol. 25 | e47006 | p. 4https://www.jmir.org/2023/1/e47006
(page number not for citation purposes)

Breitinger et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


Figure 2. Diagram of the MindLAMP backend architecture. API: application programming interface.

The MindLAMP app consists of 2 parts: (1) a main dashboard
developed by Beth Israel Deaconness Medical Center, which
provides study, participant, questionnaire, resource management,
and Cortex modules for visualization, and (2) a visualization
dashboard developed by Mayo Clinic with views for all activity
levels collected (ie, step count, heart rate, sleep data, telephony,
screen state, GPS data, accelerometer data, and analytics), and
GAD-7 and PHQ-9 scores. Summary views were available at
both patient and study levels (see Figure 2). For all GPS data
collected, all analyses detected changes from a personal baseline
of mobility recorded by GPS. These data can be deidentified
by deriving a metric of entropy (eg, time and distance away
from the GPS basepoint) through automated calculations so that
identifiable personal location information is not accessible to
researchers as a metric.

Vectors of Digital Phenotyping Data

Active Data
Smartphone surveys have been previously used to assess clinical
symptoms in bipolar I disorder and schizophrenia, identifying
a substantial convergence between collected data in the patient’s
naturalistic environment and clinic-based assessments of these
disorders, and suggesting the reliability of digital tools used to
measure mood [21,22]. In our study, clinical data were collected
from answers to the prompted ecological momentary
assessments (EMAs) that appeared in the MindLAMP app 3
times a week. These surveys included a brief screen for
depression, the Patient Health Questionnaire-2 (PHQ-2), and
the Generalized Anxiety Disorder-2 (GAD-2) for anxiety. The
related questionnaires PHQ-9 and GAD-7 were initially planned
as study EMAs, but the ease of completion for patients and
comparable validity resulted in switching to the more
abbreviated versions. Of note, all individuals enrolled in the
study were also in routine clinical care and were thus receiving
clinical safety assessments. Additional baseline and study
completion surveys were collected to gather more

comprehensive psychological profile information about the
patient’s symptoms and to measure changes that may have
occurred during the study enrollment period.

Passive Data
Perhaps the most important aspect of leveraging digital
phenotyping is the collection of diverse streams of patient data
across many domains of activity in an entirely passive manner
[23].

Physiologic Metrics

Physiologic measures are a key area of innovation with the
rapidly expanding array of sensors embedded in smartphones
and consumer wearable devices [23-25]. Our study, which
focused on the feasibility of tracking physiologic metrics,
included step count, heart rate, and sleep quantification.

Social Metrics

Social dynamics are an important aspect of general individual
wellness and can be a specific aspect of monitoring patient
symptoms across a multitude of psychiatric illnesses, including
bipolar disorder [26]. Among numerous possibilities, without
collecting any private data about the communication itself, text
message frequency, message length, latency between messages,
call duration, and outgoing or incoming communication status
all have potential value in describing the functional aspects of
social interaction [27-29].

Geospatial Location

Physical mobility throughout a person’s geographic environment
is another essential domain with wide ranging ability to describe
behavioral patterns. GPS data provide an expansive set of raw
data that can be used to derive more clinically relevant metrics,
such as circadian movement (ie, the regularity of daily
movement patterns), normalized entropy (ie, mobility between
usual locations), and location variance (ie, quantity of physical
movement irrespective of location), which have previously been
shown to be statistically significant correlates of changes in
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reported mood patterns [28]. Our study collected GPS data,
with the potential to leverage this to conduct further analyses
of circadian movement, normalized entropy, and location
variance, among other possible novel inquiries.

Metadata

Metadata, which have been described as passively collected
data related to how a user interacts with the user interface of a
specific app or operating system (eg, click time in responding
to a survey question), can be considered a novel form of data
having potential clinical significance and less ethical concern
than more personally sensitive information like geospatial
location or speech profile [29,30]. Metadata contain less
identifiable information, and recent research has shown that
comfort in sharing digital phenotyping data depends on the
“level of detail of the data sensor” [31].

Poststudy Completion Participant Data Quality
In this interim analysis, we excluded study participants from
the analysis if they did not actively complete baseline symptom
tracking surveys. During the study, we switched from the PHQ-9
and GAD-7 EMA scales to the PHQ-2 and GAD-2 owing to
interim formal feedback from study participants suggesting that
participation drop off may be at least partially related to survey
fatigue. While we did not track and evaluate this feedback
quantitatively, we attempted to use appropriate judgement to
optimize study engagement. In the setting of some initial
participant feedback suggesting survey fatigue, we switched to
the abbreviated PHQ-2 and GAD-2 symptom tracking scales
during the study recruitment and implementation phases.

Results

Barriers to Patient Engagement

Patient Self-sufficiency With Digital Engagement
An essential element of our study is the consideration of digital
literacy and access to broadband connectivity [32,33]. As part
of the screening process, patients’ internet access and digital
literacy were assessed. In addition, once recruited and after
providing consent, participants were provided with personal
assistance by a study coordinator to download the app, set up
an account, and obtain basic training to navigate the app. For
passive data collection through wearable devices, no digital
proficiency with smartwatches was needed for the study.

Engagement With EMAs
Inclusion of repeated real-time assessments of
psychological-related variables (eg, PHQ-9 and GAD-7 tests
for depressive and anxiety symptoms), known as EMAs, can
offer insights into the day-to-day course of psychiatric symptoms
and rates of adherence and habituation to the app [34].

Recruitment and Enrollment
Given the unique data capture properties of this study, it is
important to understand the relative engagement of each patient
to understand any potential bias in the reported data. Few studies
report on measures of data quality (eg, proportion of anticipated
data collected [actual data]/[expected data]), which can be useful
for recruitment planning and sample size planning for related
research.

Study Participant Demographic Features and Data
Quality Analysis
On completion of the recruitment phase of this study, several
basic demographic variables were reviewed and analyzed across
the 2 study sites (Table 1).
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Table 1. Demographic features of the study participants.

Control (n=32)MDDc (n=37)BPIIb (n=11)BPIa (n=10)Overall (N=90)Variable

Age (years), mean (SD)

31.5 (16.7)35.3 (11.9)38.8 (15.3)36.7 (7.1)34.5 (13.9)Group

28.2 (17.5)39.3 (14.9)37.8 (9.6)37.0 (18.4)34.0 (15.5)Male

32.9 (16.5)34.7 (11.2)39.4 (18.4)36.6 (4.0)34.9 (13.4)Female

Gender identity, n (%)

10 (31)7 (19)4 (36)2 (20)23 (26)Male

22 (69)29 (78)7 (64)8 (80)66 (73)Female

0 (0)1 (3)0 (0)0 (0)1 (1)Nonbinary

Racial identity, n (%)

17 (53)28 (76)9 (82)8 (80)62 (69)White

2 (6)5 (14)0 (0)1 (10)8 (9)Black or African American

11 (34)1 (3)1 (9)0 (0)13 (14)Asian

0 (0)0 (0)1 (9)0 (0)1 (1)American Indian

2 (6)1 (3)0 (0)1 (10)4 (4)Mixed race

0 (0)2 (5)0 (0)0 (0)2 (2)Not disclosed

Ethnicity, n (%)

3 (9)1 (3)0 (0)0 (0)4 (4)Hispanic or Latino

29 (91)36 (97)11 (100)10 (100)86 (96)Not Hispanic or Latino

Highest level of education, n (%)

2 (6)0 (0)2 (18)2 (20)6 (7)High school diploma/GEDd equivalent

3 (9)10 (27)4 (36)4 (40)21 (23)Some college, no degree

2 (6)2 (5)0 (0)0 (0)4 (4)2-year associate

18 (56)12 (32)3 (27)2 (20)35 (39)4-year bachelor

2 (6)3 (8)1 (9)0 (0)6 (7)Some graduate school, no degree

5 (16)10 (27)1 (9)2 (20)18 (20)Graduate school degree

Operating system, n (%)

29 (91)32 (86)7 (64)8 (80)76 (84)iOS

3 (9)5 (14)4 (36)2 (20)14 (16)Android

Wearable device, n (%)

19 (59)23 (62)7 (64)6 (60)55 (61)Apple Watch

11 (34)10 (27)3 (27)4 (40)28 (31)Willful

2 (6)4 (11)1 (9)0 (0)7 (8)Oura Ring

Baseline symptom burden score, mean (SD)

0.10 (0.17)2.21 (1.40)2.24 (1.63)2.37 (2.35)1.63 (1.10)PHQ-2e

0.42 (0.66)2.74 (1.50)2.32 (1.73)3.19 (2.04)2.07 (1.29)GAD-2f

aBPI: bipolar I disorder.
bBPII: bipolar II disorder.
cMDD: major depressive disorder.
dGED: General Educational Development.
ePHQ-2: Patient Health Questionnaire-2.
fGAD-2: Generalized Anxiety Disorder-2.
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Age

Between the 2 study sites, differences in mean study participant
age were not statistically significant. Additionally, there was
no statistically significant difference in the mean age of study
participants based on their diagnosis of unipolar depression
(35.3 years old), bipolar I disorder (36.7 years old), or bipolar
II disorder (38.8 years old), or their identification as healthy
controls (31.5 years old).

Gender

The proportion of female to male participants demonstrated a
predominance of female participation across every diagnostic
subgroup of patients when both study sites were aggregated,
with the subgroup nearest to parity being the bipolar II disorder
patients (7/11, 64% females and 4/11, 36% males within the
diagnostic group) and that with the highest discrepancy being
the bipolar I disorder patients (8/10, 80% females and 2/10,
20% males within the diagnostic group).

Phone Type

There was a preponderance of iOS users who were in this study
in each subgroup. The proportion of iOS users was the lowest
in the bipolar II disorder subgroup (7/11, 64% iOS within the
diagnostic group) and the highest in the healthy control subgroup
(29/32, 91% iOS within the diagnostic group). The overall
proportion of study participants using iOS was 84% (76/90).
Patients were given a wearable device for passive data tracking
if they did not enter the study with a wearable device compatible
with the study parameters. The majority of participants used an
Apple Watch (55/90, 61%), all of which were personal devices
that the patient used, and the patient declined the offer of a free
wearable provided through the study. Of the remainder, 31%
(28/90) used an Android-compatible Willful smartwatch and
8% (7/90) used an Oura Ring. The Oura Rings were provided
exclusively at the Johns Hopkins study site based on device
procurement preferences, which differed by study site.

Data Quality Analysis
Smartphone sensors are generally collected at a
researcher-defined default frequency. While collecting passive
smartphone data, however, software settings or low app
engagement can decrease the true frequency of the data
collected. To quantify the true frequency of the data collected,
for each participant, we split all the passive data collected during
the study period into hour-long bins, consistent with the
methodology of binning common to other studies [35,36]. We
defined per participant data quality as the percentage of these
bins that contained at least one smartphone GPS data point for
each participant. Although GPS was not the only source of
passively collected data, GPS data quality served as a consistent
indicator of data quality in general (ie, high GPS data quality
is closely associated with high data quality overall). We
analyzed data quality differences across study sites, race, age
groups, self-identified sex, and baseline symptom severity. Of
note, in analyzing passive data quality, we only included
participants who completed symptom surveys in the analysis.

Study Site
We calculated mean data quality across participants from the
Johns Hopkins University and Mayo Clinic sites. Johns Hopkins

participants had a mean GPS data quality of 0.29 (SD 0.34),
whereas Mayo Clinic participants had a mean data quality of
0.67 (SD 0.34). This difference was found to be significant
(P<.001) by the t-test.

Race
Participants were broken down into self-identified race groups,
and mean data quality was calculated. Participants who
identified as white had a mean data quality of 0.48 (SD 0.38),
participants who identified as black had a mean data quality of
0.49 (SD 0.40), and participants who identified as Asian had a
mean data quality of 0.38 (SD 0.42). These differences were
not found to be significant (P=.68) by ANOVA.

Age
We separated participants into age ranges and compared
differences in mean data quality, combining participants from
both sites. Participants under 35 years had a mean data quality
of 0.38 (SD 0.39), participants older than 35 and up to 60 years
had a mean data quality of 0.47 (SD 0.37), and participants
older than 60 years had a mean data quality of 0.79 (SD 0.24).
ANOVA showed that these differences were significant
(F2,94=3.27; P=.04).

Sex
Mean data quality among those who identified as male was 0.41
(SD 0.39), and mean data quality among those who identified
as female was 0.50 (SD 0.39). This difference was not found
to be statistically significant (P=.31) by the t-test.

Diagnosis
We also analyzed data quality differences among participant
diagnosis groups. Control participants had a mean data quality
of 0.43 (SD 0.40), participants with MDD had a mean data
quality of 0.47 (SD 0.41), and participants with bipolar disorder
had a mean data quality of 0.37 (SD 0.34). ANOVA showed
no significant difference in data quality between these groups
(P=.65).

Symptom Severity
We analyzed data quality differences among symptom severity
as measured according to the PHQ-2 and GAD-2 scores. Patients
were grouped in tertiles, and comparisons within the depression
scores and anxiety scores were made for differences in data
quality. Within the GAD-2 tertiles, the low tertile had a mean
data quality of 0.37 (SD 0.35), the middle tertile had a mean
data quality of 0.53 (SD 0.40), and the high tertile had a mean
data quality of 0.42 (SD 0.35). There was no statistically
significant difference in data quality among the tertiles of
GAD-2 scores (P=.92). Within the PHQ-2 tertiles, the low tertile
had a mean data quality of 0.42 (SD 0.36), the middle tertile
had a mean data quality of 0.43 (SD 0.36), and the high tertile
had a mean data quality of 0.46 (SD 0.40). ANOVA showed
that there was no statistically significant difference in data
quality among the tertiles of PHQ-2 scores (P=.19).

Discussion

Combining passive and active data collection can contribute to
the conceptualization of digital phenotypes in mood disorders.
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Our study methodology yielded results that did not demonstrate
a statistically significant difference in data quality between
gender and race, though data quality increased with age. This
could be indicative of better study compliance among older
participants. This is important for framing future results and
understanding the generalizability of digital phenotyping in
mood disorders. Our results of data quality are higher than
related studies and sufficient to construct behavioral features.
This is notable because the app used in this study is open-source
and used across a range of mental health studies (depression,
anxiety, and schizophrenia), suggesting the potential of reusable
and free software for this research without the need for
customized and expensive approaches. This helps ensure that
digital phenotyping research can become more accessible and
reproducible. While we did observe a difference in enrollment
based on gender, the result provides an actionable target for
future studies and is also in line with enrollment in research
studies, suggesting that there is no additive recognized bias for
digital phenotyping work.

We believe that this study provides a reproducible and readily
generalizable methodology for using actively and passively
collected clinical data to gain novel phenotypic insights about
mood disorders. Our study used the MindLAMP app that was
designed and developed with close involvement of clinicians
with psychiatric domain expertise, which we believe has been
an underlying asset in promoting the clinical reliability of our
data collection and future analyses [29]. Furthermore, we present
a review of key evidence on psychiatric phenotyping-related
research to identify evidence-based techniques and current best
practices for research and implementation [7,22,30].

There are several components of this methodology, which
enhance the acceptability and feasibility of our approach to
other digital phenotyping research endeavors. To date, mobile
health apps are not obligated to comply with existing Health
Insurance Portability and Accountability Act (HIPAA) rules
and regulations, which adds a layer of complexity in attempting
to introduce innovative technology in clinical practice that might
improve patient outcomes [37]. Our study design addresses data
security concerns related to confidentiality and protection of
health information with mental health apps by storing the
collected data (restricted and encrypted) on secured servers
within the institution, without linkage to participants’ clinical
data. Additionally, at different time points during the study,
usability and acceptability of the mobile app were assessed,
ensuring that participants can provide their input through
qualitative and quantitative surveys, which attempt to assess
the app’s user interface/user experience. These data can be used
for informed iterative program design improvement. Finally,
the inclusion of a healthy control group allowed the possibility
to identify potential digital biomarkers of depression. A recent
review by De Angel et al showed that depressive symptoms
were associated with lower daily step count and inconsistent
reporting (ie, missing data) [38]. This suggests that in addition
to specific behaviors seen in depression (eg, social isolation),
different patterns of engagement with technology may be
conceptualized as a phenotypic expression of depression. In this
regard, our clinical design and statistical analysis plan presented
here include several strengths that address the limitations

reported in previous studies in digital psychiatry, such as
opportunistic study designs, inconsistent reporting (ie, missing
data), and lack of generalizability [38].

In this naturalistic recruitment process, there were some
important insights related to the study participants’demographic
features. First, the mean participant age across subgroups
remained in the range of 30 to 39 years, and the participants
were predominantly female. We did not collect data on
participant race/ethnicity, socioeconomic status, or educational
background. Existing literature has begun to explore different
phenotypic patterns of technology usage between and within
various demographic groups. There is nearly unbounded
opportunity for future research to explore patterns of technology
use as it may relate to biological and cultural demographic
features. For example, recent studies designed a statistical
learning model that was able to establish phenotypic clusters
of phone call behaviors along a morningness-eveningness
spectrum in older adults and demonstrate the descriptive power
of the circadian rhythms of these individuals [39,40]. We
recognize that the study described here certainly has biases and
limitations associated with naturalistic sampling. In turn, this
study sample lacked sufficient statistical power to interrogate
potential behavioral phenotypes that may vary by demography
and cultural factors. We believe that this opportunity will be
adequately addressed through the growing depth and breadth
of digital phenotyping investigation in the field at large, which
will attempt to probe specific demographic questions related to
differences in digital device usage as a function of age,
educational background, social roles (eg, single, married,
parents, and employment), race, sexual and gender orientation,
cultural background, comorbid medical conditions, and
numerous other demographic and sociological features.

Additionally, this study showed that subjects had a much higher
likelihood of using iOS devices than Android devices, which
resulted in differences in both hardware and software interfaces
among study participants. Given that there were so few Android
phones compared with Apple phones, we did not assess these
differences. Differences between operating platforms may
impact data quality, but given that different analyses may require
different quality of data (eg, hour-by-hour analysis versus
weekly summaries), it is hard to set an absolute bar for data
quality. We hypothesize that differences in operating systems
may also have some predictive power in defining participants’
socioeconomic status, though this remains untested in this study
and is subject to future investigation.

We anticipate some limitations of this study. Combining patients
with MDD and bipolar depression provides more clinical
diversity, and while these illnesses share common
symptomatology, treatment strategies and the course of illness
are different [41]. Our future research plans seek to analyze
individual and group phenotypic differences with active
disordered mood symptoms, which may help clarify phenotypes
that are either internally consistent for any given individual (ie,
change from the baseline state of an individual but not
necessarily consistent between individuals) or generalizable to
group consistency (ie, interpersonally consistent phenotypes of
mood disorder states as grouped by DSM-V diagnosis or novel
proposed clustering).
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In future analyses of these data sets, we will use novel methods
to combine multiple data streams (ie, mobile survey assessments,
mobile cognitive assessments, and behavioral and social data)
gathered through passive data streams. We will use generalized
linear models to assess differences between depressed patients
and matched controls for each outcome at both baseline and the
end of the study: research participant satisfaction, intent to
continue use, perceived increased value to everyday lifestyle,
perceived increased value to depression care management,
clinical staff assessment of procedural fit to clinical practice,
and added value to clinical practice. In all the statistical models
described, we will adjust for the matched variables of age and
sex.

Recognizing the potential clinical value of passive monitoring
of affective disorders and closer tracking of depressive

symptoms, and standardizing how mobile health studies are
structured and analyzed are necessary to advance this growing
field [8,38]. Hence, in these preliminary findings, we provide
a comprehensive description of the methodology of our study
assessing the feasibility of using a mobile health app in
depression, a description of the technology used for the study,
and the factors and barriers that need to be considered in
iteratively developing a future study design in this domain. This
work also considers the possible challenges with selection biases
that must be carefully navigated in digital phenotyping research.
In the context of research in digital psychiatry, increasing the
availability of technology platforms and well-structured and
consistent methodologies can potentially enable more efficient
study implementation and widespread deployment of effective
mobile health interventions.

Conflicts of Interest
SB is a consultant and equity stakeholder in Mental Health Solutions, Inc. MF reports grant support from Assurex Health and
Mayo Foundation, and intellectual property licensed to Chymia LLC with rights to receive future royalties. All other authors
report no financial relationships with commercial interests. All authors declare that the research was conducted in the absence of
any commercial or financial relationship that could be construed as a potential conflict of interest.

References

1. Torous J, Bucci S, Bell IH, Kessing LV, Faurholt-Jepsen M, Whelan P, et al. The growing field of digital psychiatry: current
evidence and the future of apps, social media, chatbots, and virtual reality. World Psychiatry. 2021 Oct 09;20(3):318-335
[FREE Full text] [doi: 10.1002/wps.20883] [Medline: 34505369]

2. Alon N, Perret S, Segal R, Torous J. Clinical Considerations for Digital Resources in Care for Patients With Suicidal
Ideation. Focus (Am Psychiatr Publ). 2023 Apr;21(2):160-165 [doi: 10.1176/appi.focus.20220073] [Medline: 37201138]

3. Harvey PD, Depp CA, Rizzo AA, Strauss GP, Spelber D, Carpenter LL, et al. Technology and Mental Health: State of the
Art for Assessment and Treatment. Am J Psychiatry. 2022 Dec 01;179(12):897-914 [doi: 10.1176/appi.ajp.21121254]
[Medline: 36200275]

4. Torous J, Staples P, Barnett I, Sandoval LR, Keshavan M, Onnela J. Characterizing the clinical relevance of digital
phenotyping data quality with applications to a cohort with schizophrenia. NPJ Digit Med. 2018 Apr 06;1(1):15 [FREE
Full text] [doi: 10.1038/s41746-018-0022-8] [Medline: 31304300]

5. Insel TR. Digital Phenotyping: Technology for a New Science of Behavior. JAMA. 2017 Oct 03;318(13):1215-1216 [doi:
10.1001/jama.2017.11295] [Medline: 28973224]

6. Orsolini L, Fiorani M, Volpe U. Digital Phenotyping in Bipolar Disorder: Which Integration with Clinical Endophenotypes
and Biomarkers? Int J Mol Sci. 2020 Oct 16;21(20):7684 [FREE Full text] [doi: 10.3390/ijms21207684] [Medline: 33081393]

7. Young MD, Drew RJ, Kay-Lambkin F, Collins CE, Callister R, Kelly BJ, et al. Impact of a self-guided, eHealth program
targeting weight loss and depression in men: A randomized trial. J Consult Clin Psychol. 2021 Aug;89(8):682-694 [doi:
10.1037/ccp0000671] [Medline: 34472895]

8. Su HY, Wu CH, Liou CR, Lin EL, Chen P, Cheng N. Assessment of Bipolar Disorder Using Heterogeneous Data of
Smartphone-Based Digital Phenotyping. 2021 Presented at: IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP); June 06-11, 2021; Toronto, ON, Canada [doi: 10.1109/ICASSP39728.2021.9415008]

9. Zarate D, Stavropoulos V, Ball M, de Sena Collier G, Jacobson NC. Exploring the digital footprint of depression: a PRISMA
systematic literature review of the empirical evidence. BMC Psychiatry. 2022 Jun 22;22(1):421 [FREE Full text] [doi:
10.1186/s12888-022-04013-y] [Medline: 35733121]

10. Aledavood T, Torous J, Triana Hoyos AM, Naslund JA, Onnela J, Keshavan M. Smartphone-Based Tracking of Sleep in
Depression, Anxiety, and Psychotic Disorders. Curr Psychiatry Rep. 2019 Jun 04;21(7):49 [FREE Full text] [doi:
10.1007/s11920-019-1043-y] [Medline: 31161412]

11. Miller-Rosales C, Morden NE, Brunette MF, Busch SH, Torous JB, Meara ER. Provision of Digital Health Technologies
for Opioid Use Disorder Treatment by US Health Care Organizations. JAMA Netw Open. 2023 Jul 03;6(7):e2323741
[FREE Full text] [doi: 10.1001/jamanetworkopen.2023.23741] [Medline: 37459098]

12. Sheehan D, Lecrubier Y, Sheehan K, Amorim P, Janavs J, Weiller E, et al. The Mini-International Neuropsychiatric
Interview (M.I.N.I.): the development and validation of a structured diagnostic psychiatric interview for DSM-IV and
ICD-10. J Clin Psychiatry. 1998;59 Suppl 20:22-33;quiz 34 [Medline: 9881538]

13. Pettersson A, Modin S, Wahlström R, Af Winklerfelt Hammarberg S, Krakau I. The Mini-International Neuropsychiatric
Interview is useful and well accepted as part of the clinical assessment for depression and anxiety in primary care: a

J Med Internet Res 2023 | vol. 25 | e47006 | p. 10https://www.jmir.org/2023/1/e47006
(page number not for citation purposes)

Breitinger et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/34505369
http://dx.doi.org/10.1002/wps.20883
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34505369&dopt=Abstract
http://dx.doi.org/10.1176/appi.focus.20220073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37201138&dopt=Abstract
http://dx.doi.org/10.1176/appi.ajp.21121254
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36200275&dopt=Abstract
https://doi.org/10.1038/s41746-018-0022-8
https://doi.org/10.1038/s41746-018-0022-8
http://dx.doi.org/10.1038/s41746-018-0022-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304300&dopt=Abstract
http://dx.doi.org/10.1001/jama.2017.11295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28973224&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijms21207684
http://dx.doi.org/10.3390/ijms21207684
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33081393&dopt=Abstract
http://dx.doi.org/10.1037/ccp0000671
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34472895&dopt=Abstract
http://dx.doi.org/10.1109/ICASSP39728.2021.9415008
https://bmcpsychiatry.biomedcentral.com/articles/10.1186/s12888-022-04013-y
http://dx.doi.org/10.1186/s12888-022-04013-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35733121&dopt=Abstract
https://europepmc.org/abstract/MED/31161412
http://dx.doi.org/10.1007/s11920-019-1043-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31161412&dopt=Abstract
https://europepmc.org/abstract/MED/37459098
http://dx.doi.org/10.1001/jamanetworkopen.2023.23741
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37459098&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9881538&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


mixed-methods study. BMC Fam Pract. 2018 Jan 24;19(1):19 [FREE Full text] [doi: 10.1186/s12875-017-0674-5] [Medline:
29368585]

14. Rush A, Trivedi MH, Ibrahim HM, Carmody TJ, Arnow B, Klein DN, et al. The 16-Item Quick Inventory of Depressive
Symptomatology (QIDS), clinician rating (QIDS-C), and self-report (QIDS-SR): a psychometric evaluation in patients
with chronic major depression. Biol Psychiatry. 2003 Sep 01;54(5):573-583 [doi: 10.1016/s0006-3223(02)01866-8] [Medline:
12946886]

15. Young RC, Biggs JT, Ziegler VE, Meyer DA. A rating scale for mania: reliability, validity and sensitivity. Br J Psychiatry.
1978 Nov 29;133(5):429-435 [doi: 10.1192/bjp.133.5.429] [Medline: 728692]

16. Koo TK, Li MY. A Guideline of Selecting and Reporting Intraclass Correlation Coefficients for Reliability Research. J
Chiropr Med. 2016 Jun;15(2):155-163 [FREE Full text] [doi: 10.1016/j.jcm.2016.02.012] [Medline: 27330520]

17. Horne GA, Stewart HJ, Dickson J, Knapp S, Ramsahoye B, Chevassut T. Nanog requires BRD4 to maintain murine
embryonic stem cell pluripotency and is suppressed by bromodomain inhibitor JQ1 together with Lefty1. Stem Cells Dev.
2015 Apr 01;24(7):879-891 [FREE Full text] [doi: 10.1089/scd.2014.0302] [Medline: 25393219]

18. Stevanovic D. Quality of Life Enjoyment and Satisfaction Questionnaire-short form for quality of life assessments in clinical
practice: a psychometric study. J Psychiatr Ment Health Nurs. 2011 Oct;18(8):744-750 [doi:
10.1111/j.1365-2850.2011.01735.x] [Medline: 21896118]

19. D'Mello R, Melcher J, Torous J. Similarity matrix-based anomaly detection for clinical intervention. Sci Rep. 2022 Jun
02;12(1):9162 [FREE Full text] [doi: 10.1038/s41598-022-12792-3] [Medline: 35654843]

20. Henson P, D'Mello R, Vaidyam A, Keshavan M, Torous J. Anomaly detection to predict relapse risk in schizophrenia.
Transl Psychiatry. 2021 Jan 11;11(1):28 [FREE Full text] [doi: 10.1038/s41398-020-01123-7] [Medline: 33431818]

21. Harvey PD, Miller ML, Moore RC, Depp CA, Parrish EM, Pinkham AE. Capturing Clinical Symptoms with Ecological
Momentary Assessment: Convergence of Momentary Reports of Psychotic and Mood Symptoms with Diagnoses and
Standard Clinical Assessments. Innov Clin Neurosci. 2021;18(1-3):24-30 [FREE Full text] [Medline: 34150360]

22. Sagorac Gruichich T, David Gomez JC, Zayas-Cabán G, McInnis MG, Cochran AL. A digital self-report survey of mood
for bipolar disorder. Bipolar Disord. 2021 Dec 26;23(8):810-820 [FREE Full text] [doi: 10.1111/bdi.13058] [Medline:
33587813]

23. Kolla BP, Mansukhani S, Mansukhani MP. Consumer sleep tracking devices: a review of mechanisms, validity and utility.
Expert Rev Med Devices. 2016 May 18;13(5):497-506 [doi: 10.1586/17434440.2016.1171708] [Medline: 27043070]

24. Wahle F, Kowatsch T, Fleisch E, Rufer M, Weidt S. Mobile Sensing and Support for People With Depression: A Pilot Trial
in the Wild. JMIR Mhealth Uhealth. 2016 Sep 21;4(3):e111 [FREE Full text] [doi: 10.2196/mhealth.5960] [Medline:
27655245]

25. Moura I, Teles A, Coutinho L, Silva F. Towards identifying context-enriched multimodal behavioral patterns for digital
phenotyping of human behaviors. Future Generation Computer Systems. 2022 Jun;131:227-239 [doi:
10.1016/j.future.2022.01.022]

26. Faurholt-Jepsen M, Frost M, Christensen EM, Bardram JE, Vinberg M, Kessing LV. The effect of smartphone-based
monitoring on illness activity in bipolar disorder: the MONARCA II randomized controlled single-blinded trial. Psychol.
Med. 2019 Apr 04;50(5):838-848 [doi: 10.1017/s0033291719000710]

27. 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]

28. Saeb S, Zhang M, Karr CJ, Schueller SM, Corden ME, Kording KP, et al. Mobile Phone Sensor Correlates of Depressive
Symptom Severity in Daily-Life Behavior: An Exploratory Study. J Med Internet Res. 2015 Jul 15;17(7):e175 [FREE Full
text] [doi: 10.2196/jmir.4273] [Medline: 26180009]

29. Torous J, Wisniewski H, Bird B, Carpenter E, David G, Elejalde E, et al. Creating a Digital Health Smartphone App and
Digital Phenotyping Platform for Mental Health and Diverse Healthcare Needs: an Interdisciplinary and Collaborative
Approach. J. technol. behav. sci. 2019 Apr 27;4(2):73-85 [doi: 10.1007/s41347-019-00095-w]

30. Baumel A, Torous J, Edan S, Kane JM. There is a non-evidence-based app for that: A systematic review and mixed methods
analysis of depression- and anxiety-related apps that incorporate unrecognized techniques. J Affect Disord. 2020 Aug
01;273:410-421 [doi: 10.1016/j.jad.2020.05.011] [Medline: 32560936]

31. Orr M, MacLeod L, Bagnell A, McGrath P, Wozney L, Meier S. The comfort of adolescent patients and their parents with
mobile sensing and digital phenotyping. Computers in Human Behavior. 2023 Mar;140:107603 [doi:
10.1016/j.chb.2022.107603]

32. Sieck CJ, Sheon A, Ancker JS, Castek J, Callahan B, Siefer A. Digital inclusion as a social determinant of health. NPJ
Digit Med. 2021 Mar 17;4(1):52 [FREE Full text] [doi: 10.1038/s41746-021-00413-8] [Medline: 33731887]

33. Merchant R, Torous J, Rodriguez-Villa E, Naslund J. Digital technology for management of severe mental disorders in
low-income and middle-income countries. Curr Opin Psychiatry. 2020 Sep;33(5):501-507 [FREE Full text] [doi:
10.1097/YCO.0000000000000626] [Medline: 32520747]

J Med Internet Res 2023 | vol. 25 | e47006 | p. 11https://www.jmir.org/2023/1/e47006
(page number not for citation purposes)

Breitinger et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://bmcfampract.biomedcentral.com/articles/10.1186/s12875-017-0674-5
http://dx.doi.org/10.1186/s12875-017-0674-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29368585&dopt=Abstract
http://dx.doi.org/10.1016/s0006-3223(02)01866-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12946886&dopt=Abstract
http://dx.doi.org/10.1192/bjp.133.5.429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=728692&dopt=Abstract
https://europepmc.org/abstract/MED/27330520
http://dx.doi.org/10.1016/j.jcm.2016.02.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27330520&dopt=Abstract
https://europepmc.org/abstract/MED/25393219
http://dx.doi.org/10.1089/scd.2014.0302
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25393219&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2850.2011.01735.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21896118&dopt=Abstract
https://doi.org/10.1038/s41598-022-12792-3
http://dx.doi.org/10.1038/s41598-022-12792-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35654843&dopt=Abstract
https://doi.org/10.1038/s41398-020-01123-7
http://dx.doi.org/10.1038/s41398-020-01123-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33431818&dopt=Abstract
https://europepmc.org/abstract/MED/34150360
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34150360&dopt=Abstract
https://europepmc.org/abstract/MED/33587813
http://dx.doi.org/10.1111/bdi.13058
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33587813&dopt=Abstract
http://dx.doi.org/10.1586/17434440.2016.1171708
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27043070&dopt=Abstract
https://mhealth.jmir.org/2016/3/e111/
http://dx.doi.org/10.2196/mhealth.5960
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27655245&dopt=Abstract
http://dx.doi.org/10.1016/j.future.2022.01.022
http://dx.doi.org/10.1017/s0033291719000710
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
https://www.jmir.org/2015/7/e175/
https://www.jmir.org/2015/7/e175/
http://dx.doi.org/10.2196/jmir.4273
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26180009&dopt=Abstract
http://dx.doi.org/10.1007/s41347-019-00095-w
http://dx.doi.org/10.1016/j.jad.2020.05.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32560936&dopt=Abstract
http://dx.doi.org/10.1016/j.chb.2022.107603
https://doi.org/10.1038/s41746-021-00413-8
http://dx.doi.org/10.1038/s41746-021-00413-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33731887&dopt=Abstract
https://europepmc.org/abstract/MED/32520747
http://dx.doi.org/10.1097/YCO.0000000000000626
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32520747&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


34. Kwasnicka D, Kale D, Schneider V, Keller J, Yeboah-Asiamah Asare B, Powell D, et al. Systematic review of ecological
momentary assessment (EMA) studies of five public health-related behaviours: review protocol. BMJ Open. 2021 Jul
16;11(7):e046435 [FREE Full text] [doi: 10.1136/bmjopen-2020-046435] [Medline: 34272218]

35. Currey D, Torous J. Increasing the value of digital phenotyping through reducing missingness: a retrospective review and
analysis of prior studies. BMJ Ment Health. 2023 Feb 17;26(1):e300718 [FREE Full text] [doi:
10.1136/bmjment-2023-300718] [Medline: 37197799]

36. Currey D, Torous J. Digital phenotyping correlations in larger mental health samples: analysis and replication. BJPsych
Open. 2022 Jun 03;8(4):e106 [FREE Full text] [doi: 10.1192/bjo.2022.507] [Medline: 35657687]

37. Torous J, Firth J, Mueller N, Onnela JP, Baker JT. Methodology and Reporting of Mobile Health and Smartphone Application
Studies for Schizophrenia. Harv Rev Psychiatry. 2017;25(3):146-154 [doi: 10.1097/hrp.0000000000000133]

38. De Angel V, Lewis S, White K, Oetzmann C, Leightley D, Oprea E, et al. Digital health tools for the passive monitoring
of depression: a systematic review of methods. NPJ Digit Med. 2022 Jan 11;5(1):3 [FREE Full text] [doi:
10.1038/s41746-021-00548-8] [Medline: 35017634]

39. Aubourg T, Demongeot J, Vuillerme N. Gaining Insights Into the Estimation of the Circadian Rhythms of Social Activity
in Older Adults From Their Telephone Call Activity With Statistical Learning: Observational Study. J Med Internet Res.
2021 Jan 08;23(1):e22339 [FREE Full text] [doi: 10.2196/22339] [Medline: 33416502]

40. Aubourg T, Demongeot J, Provost H, Vuillerme N. Circadian Rhythms in the Telephone Calls of Older Adults: Observational
Descriptive Study. JMIR Mhealth Uhealth. 2020 Feb 25;8(2):e12452 [FREE Full text] [doi: 10.2196/12452] [Medline:
32130156]

41. Cuellar AK, Johnson SL, Winters R. Distinctions between bipolar and unipolar depression. Clin Psychol Rev. 2005
May;25(3):307-339 [FREE Full text] [doi: 10.1016/j.cpr.2004.12.002] [Medline: 15792852]

Abbreviations
DSM-V: Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition
EMA: ecological momentary assessment
GAD-2: Generalized Anxiety Disorder-2
GAD-7: Generalized Anxiety Disorder-7
MDD: major depressive disorder
PHQ-2: Patient Health Questionnaire-2
PHQ-9: Patient Health Questionnaire-9
QIDS: Quick Inventory of Depressive Symptomatology
YMRS: Young Mania Rating Scale

Edited by G Eysenbach; submitted 05.03.23; peer-reviewed by R Jensen, T Aubourg; comments to author 21.07.23; revised version
received 04.09.23; accepted 20.11.23; published 29.12.23

Please cite as:
Breitinger S, Gardea-Resendez M, Langholm C, Xiong A, Laivell J, Stoppel C, Harper L, Volety R, Walker A, D'Mello R, Byun AJS,
Zandi P, Goes FS, Frye M, Torous J
Digital Phenotyping for Mood Disorders: Methodology-Oriented Pilot Feasibility Study
J Med Internet Res 2023;25:e47006
URL: https://www.jmir.org/2023/1/e47006
doi: 10.2196/47006
PMID:

©Scott Breitinger, Manuel Gardea-Resendez, Carsten Langholm, Ashley Xiong, Joseph Laivell, Cynthia Stoppel, Laura Harper,
Rama Volety, Alex Walker, Ryan D'Mello, Andrew Jin Soo Byun, Peter Zandi, Fernando S Goes, Mark Frye, John Torous.
Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 29.12.2023. 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 the
Journal of Medical Internet Research, is properly cited. The complete bibliographic information, a link to the original publication
on https://www.jmir.org/, as well as this copyright and license information must be included.

J Med Internet Res 2023 | vol. 25 | e47006 | p. 12https://www.jmir.org/2023/1/e47006
(page number not for citation purposes)

Breitinger et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=34272218
http://dx.doi.org/10.1136/bmjopen-2020-046435
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34272218&dopt=Abstract
http://mentalhealth.bmj.com/lookup/pmidlookup?view=long&pmid=37197799
http://dx.doi.org/10.1136/bmjment-2023-300718
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37197799&dopt=Abstract
https://europepmc.org/abstract/MED/35657687
http://dx.doi.org/10.1192/bjo.2022.507
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35657687&dopt=Abstract
http://dx.doi.org/10.1097/hrp.0000000000000133
https://doi.org/10.1038/s41746-021-00548-8
http://dx.doi.org/10.1038/s41746-021-00548-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35017634&dopt=Abstract
https://www.jmir.org/2021/1/e22339/
http://dx.doi.org/10.2196/22339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33416502&dopt=Abstract
https://mhealth.jmir.org/2020/2/e12452/
http://dx.doi.org/10.2196/12452
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32130156&dopt=Abstract
https://europepmc.org/abstract/MED/15792852
http://dx.doi.org/10.1016/j.cpr.2004.12.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15792852&dopt=Abstract
https://www.jmir.org/2023/1/e47006
http://dx.doi.org/10.2196/47006
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/

