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Abstract 

Assessment of psychiatric symptoms relies on subjective self-report, which can 

be unreliable. Digital phenotyping collects data from smartphones to provide near-

continuous behavioral monitoring. It can be used to provide objective information 

about an individual’s mental state to improve clinical decision-making for both diag-

nosis and prognostication. The goal of this study was to evaluate the feasibility and 

acceptability of smartphone-based digital phenotyping for long-term mental health 

monitoring in adolescents with bipolar disorder and typically developing peers. Par-

ticipants (aged 14–19) with bipolar disorder (BD) or with no mental health diagnoses 

were recruited for an 18-month observational study. Participants installed the Beiwe 

digital phenotyping app on their phones to collect passive data from their smartphone 

sensors and thrice-weekly surveys. Participants and caregivers were interviewed 

monthly to assess changes in the participant’s mental health. Analyses focused on 

48 participants who had completed participation. Average age at baseline was 15.85 

years old (SD = 1.37). Approximately half (54%) identified as female, and 54% identi-

fied with a minoritized racial/ethnic background. Completion rates across data types 

were high, with 99% (826/835) of clinical interviews completed, 89% of passive data 

collected (22,233/25,029), and 47% (4,945/10,448) of thrice-weekly surveys submit-

ted. The proportion of days passive data were collected was consistent over time for 

both groups; the clinical interview and active survey completion decreased over the 

study course. Results of this study suggest digital phenotyping has significant poten-

tial as a method of long-term mental health monitoring in adolescents. In contrast to 

traditional methods, including interview and self-report, it is lower burden and pro-

vides more complete data over time. A necessary next step is to determine how well 

the digital data capture changes in mental health to determine the clinical utility of this 

approach.
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Author summary

This is the first study to collect and report digital phenotyping data from ado-
lescent patients and community controls followed for longer than a year. Digital 
phenotyping provides more complete data than traditional assessment methods 
over time. Results of this study suggest digital phenotyping could be a practical, 
nonburdensome way to monitor mental health in adolescents.

Bipolar disorder (BD) is associated with significant mortality and morbidity. It typically 
begins in adolescence or early adulthood, an important developmental period during 
which higher education, first jobs, and relationships are pursued [1]. Recurrent mood 
episodes during this period can have a devastating impact on a young person’s 
ability to achieve a high quality of life as an adult. Close clinical monitoring can help 
enable swift intervention when a patient’s mental health deteriorates [2–4]. However, 
adolescents are among the populations most difficult to engage in ongoing mental 
health care [5–7]. Additionally, traditional monitoring, despite being expensive and 
time consuming for families, is often insufficient - typical psychiatry appointments, 
which occur on a monthly or quarterly basis, are usually not frequent enough to 
capture changes before a young person experiences some consequences of relapse 
(e.g., academic challenges, peer difficulties, hospitalization). A low burden method 
by which to predict the onset of a new mood episode would create an opportunity to 
intervene and reduce exposure to the harmful effects of recurrent episodes.

Digital phenotyping - the “moment-by-moment quantification of the human phe-
notype in situ” using data collected from smartphone sensors (accelerometer, texts, 
calls, GPS) – may make this possible [8–10]. A recent systematic review of 29 stud-
ies that employed digital phenotyping to monitor symptoms concluded that using data 
collected from smartphones and wearable devices is a feasible approach for assess-
ing mental health status across people with mental health disorders [11]. While digital 
phenotyping has been used to identify mood changes and potential signs of relapse 
in adults with BD, it has not yet been applied to adolescents [12–14]. Adolescents 
may be an ideal population in which to utilize this approach; they are highly engaged 
with their smartphones and find digital mental health tools more appealing than 
in-person services [15,16].

Digital phenotyping has the potential to offer new insights about mental health 
disorders, particularly through longitudinal monitoring. However, the realization of 
its potential is dependent on whether adolescent participants are willing and able to 
engage with the approach (i.e., feasibility and acceptability) and whether the col-
lected data provide useful information (i.e., data quality).

The primary goal of this study is to evaluate the feasibility and acceptability of 
digital phenotyping as a method of long-term monitoring in adolescents with BD 
and typically-developing (TD) peers. A secondary goal is to compare the com-
pleteness and quality of data collected using digital phenotyping to data collected 
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using traditional methods of assessment including participant self-reported mood (requested three times a week on the 
smartphone). We hypothesized that participants would adhere to the digital phenotyping protocol for the duration of 
the 18-month study period and that the completeness and quality of the digital phenotyping data would be superior to the 
data collected through traditional means of interviews and self-reports, particularly in the later months of the follow-up 
period. Furthermore, we hypothesized that there would be no significant differences in the completeness or quality of data 
between the BD and typically developing groups.

Method

Ethics statement

All study procedures were approved by the Institutional Review Boards of Northwell Health and NYU Langone Health. 
Informed written consent was obtained from all caregivers and written assent/consent was obtained from all participants 
(depending on age).

Participants

This study included the first 48 enrolled participants, all of whom had completed the full 18-months of participation. Ado-
lescents (aged 14–19) with bipolar disorder (subtype I, II, or other specified BD as defined by the Course & Outcome of 
Bipolar Youth study BP NOS criteria [17]) were recruited through inpatient and outpatient psychiatric services at a large 
northeastern healthcare organization. Only 1% of adolescents approached for the study were ineligible because they did 
not own a smartphone.

Measures

Participants and caregivers completed a series of online questionnaires using REDCap at baseline and at each follow-up 
assessing symptoms of mania, depression, and anxiety, among other symptoms and behaviors of interest. This study 
used the open-source high-throughput Beiwe platform for smartphone-based collection of active (surveys) and passive 
(phone logs and sensor) data [18]. Passive features were collected continuously and included smartphone usage logs 
(e.g., turning on/unlocking phone screen and battery level), GPS, and accelerometer data in their raw unprocessed form, 
among others. The thrice-weekly surveys asked about mood, sleep, and recent activities. In addition to providing valu-
able information, the surveys help to keep the app active, ensuring continuous passive data collection. This is necessary 
because the Apple iOs is designed to prioritize frequently used applications to preserve battery life and space, applica-
tions with which the user is not frequently engaged may be deactivated.

The active data study completion rate was calculated as the sum of the total number of surveys completed by all 
participants divided by the sum of the total number of surveys delivered to all participants by the Beiwe app while the 
participants were enrolled. Quality of the active data was assessed by survey duration, which is the time between when 
the survey was initiated or opened by the participant and when it was submitted. Very fast (i.e., < 15 seconds, which is less 
time than it took to read the questions) or very long (i.e., > 5 minutes, which is five times longer than average and could 
mean individual question responses within the same survey reflected different states of mind) responses were considered 
poor quality.

The passive data study completion rate was calculated as the total number of days when some passive phone data 
(>0 bytes) were collected by all participants divided by the total number of actual participation days (excluding any days 
post-dropout) of all participants. A natural way to assess the completeness of passive data collection is through the vol-
ume of collected data [19]. In this study, we examined the average daily data volume, which was calculated for a given 
data type (e.g., GPS) by dividing the total completion proportion by the days each participant was in the study, and subse-
quently averaging these individual results across all participants.
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Clinical interview completion rate was calculated as the sum of the total number of clinical interviews completed by all 
participants divided by the total number of clinical interviews scheduled.

Procedures

Study information was provided to clinicians, so they could refer patients with bipolar disorder. Additionally, medical 
records were reviewed to identify patients who met study criteria and research staff contacted patient caregivers to inform 
them about the study. Typically developing participants (no current psychiatric disorder, no lifetime mood/psychotic disor-
der, and no family history of BD) were recruited through pediatricians’ offices and extra-curricular activities.

Depending on the family’s preference and current COVID-19 pandemic-related restrictions, the baseline assessment 
occurred in person or over video conference. Although COVID-19 affected all aspects of life, our decision to accommodate 
family preferences by offering virtual appointments throughout the study – not just during the lockdown period – reduces 
the likelihood of systematic biases affecting who participated. The baseline appointment included a structured clinical 
interview with the participant and caregiver to assess lifetime history of mental health disorders and to verify inclusion and 
exclusion criteria, a neuropsychological exam, a REDCap-based survey of study questionnaires, and installation of the 
Beiwe study app on their personal smartphone.

Participants and caregivers were interviewed monthly using the mood modules from the KSADS [20] and the Psychi-
atric Status Rating Scale [21]. They also completed monthly follow-up surveys about the adolescent’s mood (youth- and 
caregiver report forms of the 10-item General behavior Inventory Mania and Depression scales [22]) and other symptoms.

Participants were paid $5 for each monthly call with the study clinician and $5 for each monthly REDCap survey they 
completed. Additionally, they earned $0.50 per day that they complied with Beiwe (i.e., the data sync properly) and $0.50 
for each of the thrice-weekly surveys they completed for up to $15.50 per month.

Statistical analysis

A Shapiro-Wilk test was performed on all data to assess for normality. Descriptive statistics were calculated for data com-
pleteness and quality for the study. Demographic differences between participants who dropped out early and those who 
completed the full 18-month study were examined. Group differences (BD or TD) were tested using the Fisher exact test 
or Pearson’s Chi-square (parametric data), and Welch’s two-sample t-test or Mann Whitney U Test (nonparametric data). 
Statistical significance was set at p < 0.05. All analyses were conducted using R version 4.2.2.

Results

Sample characteristics

The average age at baseline was 15.85 years old (SD = 1.37). Approximately half (54%) of the sample identified as 
female, 46% identified as non-Hispanic White, 23% as Hispanic, 15% as non-Hispanic Asian/South Asian, 6.2% as 
non-Hispanic Black or African American, and 10% as Other. Nearly all participants (94%) used an iPhone. Mother 
(BD = 14.35 years, TD = 16.27 years, p = 0.018) and father education (BD = 13.64 years, TD = 15.82 years, p = 0.018) were 
higher in the typically developing group than the bipolar group. See Table 1.

Retention

Thirty-nine of the 48 (81%) participants completed the full 18-month study. The average duration of participation was 17.1 
(SD = 3.7) months. Among those who dropped out, five were in the bipolar group, and four were in the typically developing 
group. Average duration of participation was 17.2 (SD = 2.9) months for individuals in the bipolar group and 16.5 (SD = 4.5) 
months for those in the typically developing group. There were no differences between participants who completed the full 
18-month study and those who dropped out. For further information, please see S1 Table.
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Data completeness

Completion rates are shown in Fig 1. For the thrice-weekly surveys, average completion was 47% (4,945 out of 10,448 
surveys delivered while participants were enrolled). Average passive data completion rate was 89% (22,233 out of 25,029 
survey days). The average clinical interview completion rate was 99% (826 out of 835 interviews).

By group, the BD group had a slightly lower survey completion rate than the typically developing group (BD = 44% 
versus TD = 52%, χ2 = 71.454, p < 0.0001). Passive data completion rates (days data were collected) were lower for the BD 
group (BD = 87% versus TD = 91%, χ2 = 109.09, p < 0.0001). Clinical interview completion was similar for both (BD = 98% 
versus TD = 99%, χ2 = 1.8362, p = 0.1754).

Although the proportion of days passive data were collected was consistent over time, both the clinical inter-
views and active survey completion decreased over the course of the study. For the active surveys, completion 
was 65% in the first 20 weeks, 52% in the second 20 weeks, 40% in the third 20 weeks, and 30% in the final 19 
weeks. For the clinical interview data, completion was 98% in the first 4 months, 94% in the second 4 months, 
92% in the third 4 months, 85% in the fourth 4 months, 82% in the last 3 months. The decline was more gradual 
for the clinical interviews compared to the active survey completions. For the passive data, completion was 90% 
in the first 20 weeks, 95% in the second 20 weeks, 95% in the third 20 weeks, and 94% in the final 19 weeks. See 
Fig 2.

Patterns of clinical interview completion were not different by the group. Group differences were observed for Beiwe 
survey completion over time. Although survey completion rates were higher for TD participants (TD = 70% vs. BD = 56%) 
in the earlier part of the study (<29 weeks), the rates become similar (TD = 41% vs. BD = 36%) over time. A similar pattern 
was observed for the passive data completion (earlier in study: TD = 93% and BD = 90% vs. later in study: TD = 95% vs. 
BD = 94%).

Table 1.  Sample characteristics.

Characteristic Overall, N = 481 Bipolar, N = 26 Typically Developing, N = 22 p-value2

Age, Mean (SD) 15.85 (1.37) 16.04 (1.34) 15.64 (1.40) 0.2287

Gender, n (%) 0.155

Female 26 (54%) 16 (62%) 10 (45%)

Male 20 (42%) 8 (31%) 12 (55%)

Other 2 (4.2%) 2 (7.7%) 0 (0%)

Race and Ethnicity, n (%) 0.640

Hispanic 11 (23%) 6 (23%) 5 (23%)

Non-Hispanic Black or African American 3 (6.2%) 3 (12%) 0 (0%)

Non-Hispanic Asian/South Asian 7 (15%) 4 (15%) 3 (14%)

Non-Hispanic White 22 (46%) 11 (42%) 11 (50%)

Other 5 (10%) 2 (7.7%) 3 (14%)

Dropout, n (%) 9 (19%) 5 (19%) 4 (18%) >0.999

Duration of Participation in months, Mean (SD) 17.1 (3.7) 17.7 (2.9) 16.5 (4.5) 0.085

Phone Type, n (%) >0.999

Android 2 (4.2%) 1 (3.8%) 1 (4.5%)

iPhone 46 (96%) 25 (96%) 21 (95%)

Father’s education, Mean (SD) 14.66 (3.19) 13.64 (2.94) 15.82 (3.13) 0.018

Mother’s education, Mean (SD) 15.23 (2.74) 14.35 (3.19) 16.27 (1.61) 0.018
1 Mean (SD); n (%).
2 Welch’s Two Sample t-test or Mann Whitney U Test; Fisher’s exact test.

https://doi.org/10.1371/journal.pdig.0000883.t001

https://doi.org/10.1371/journal.pdig.0000883.t001
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Data quality

For the Beiwe surveys, average survey duration was 50.51 seconds. The median duration was 34.70 seconds and ranged 
from 2.78 seconds to 1.5 hours. Approximately 98% of responses fell within the acceptable response time (between >15 
seconds and <5 minutes). There were more out of range response times among BD than TD (BD = 2.3% vs. TD = 0.9%, 
p < 0.001). We also examined the distribution of survey duration by study weeks (see Fig 3). For both groups, there was 
a decline in survey duration until week 20 of the study. After this, the survey duration appears to remain relatively stable, 
likely due to familiarity with the survey content. See S2 Table.

For selected passive data streams, the summary statistics are shown in S3 Table. For accelerometer data, the average 
data volume per person was 4,101 MB (SD = 2,091 MB, median = 3,865 MB, max = 8,822 MB). For GPS data, the aver-
age per person data volume was 120 MB (SD = 65 MB, median = 115 MB, max = 261 MB). For gyroscope data, the aver-
age per person data volume was 4,867 MB (SD = 2,182 MB, median = 4,991 MB, max = 9,704 MB). Statistical differences 
in the data volume were not observed between BD and TD groups. Data volume was highly variable across individuals; 
there was no discernable group difference in data volume collection over time. As a sensitivity analysis, we compared 
average data volume during the first year of the COVID-19 pandemic (March 2020-March 2021) to the following year. 
There were no consistent differences across data types.

Discussion

The findings from this study support the potential of longitudinal mood monitoring using smartphone-based digital phe-
notyping in adolescents. This is the first study to collect and report digital phenotyping data from adolescent patients 
and community controls followed for longer than a year; previous investigations of young people have been compara-
tively short [23,24]. The second major finding is that the quality of passively collected phone sensor data was high and 
more complete than the other forms of data (self-report surveys) typically collected between appointments in psychiatric 

Fig 1.  Completion rate by data collection method and group. Note. Data collection methods include Beiwe active survey data assessment (Active), 
Beiwe passive data collection (Passive), and clinical interview assessment (Clinical). Exact proportions are shown above bar.

https://doi.org/10.1371/journal.pdig.0000883.g001

https://doi.org/10.1371/journal.pdig.0000883.g001
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settings. Although there were individual differences in data volume, the data collected were more than adequate to provide 
high resolution behavioral information. These findings suggest that if an association between passive data and clinically 
significant phenomena exist in adolescents, as has been found in adults [12,13,25,26], passive data could be a practical, 
nonburdensome way to monitor mental health in this population long-term.

Consistent with our initial hypothesis, participants exhibited high adherence to the digital phenotyping protocol through-
out the 18-month study period. Completion rates across data types were notably high, with clinical interviews achieving 
an impressive 99%, passive data reaching 89%, and thrice-weekly surveys at 47%. The Beiwe survey completion is 
consistent with the findings of previous studies [27–29]. Of note, participants received reminders of their clinical interviews 
and, as much as possible, these were rescheduled when missed. In contrast, participants received a notification through 
the Beiwe app to complete their surveys, but were not reminded directly by the study team. At the end of the month, 
participants received feedback with their payment, letting them know how many surveys they had missed. Metadata (i.e., 
volume) for the passive data streams were monitored by the study team and participants were reminded to log into the 
app when no data appeared over multiple days. Importantly, this is a process that could be automated to further reduce 
the resources necessary to collect these data. Although surveys have many appealing qualities, including relative ease 
of interpretation, our study and others have demonstrated that they are not a viable option for frequent assessment over 

Fig 2.  Data collection completion over time by group. Note. Participation procedure types include Beiwe active survey data assessment (Active), 
clinical interview assessment (Clinical), Beiwe passive data collection (Passive). Exact proportions are shown above bar. Completion rate for EMA and 
Clinical is proportion of number of surveys completed per month. Completion rate for Passive is proportion of days (>0 bytes) completed per month.

https://doi.org/10.1371/journal.pdig.0000883.g002

https://doi.org/10.1371/journal.pdig.0000883.g002
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months or years due to declining adherence over time. For individuals with chronic mental health conditions, monitoring 
through digital phenotyping supports a flexible treatment approach that responds to changes in an individual’s mental 
health status. Tailored treatment offers people with BD the best chance at maintaining stable mood. Overall, our results 
indicate that digital phenotyping is a viable approach to long-term monitoring and that it requires less time and resources 
than traditional approaches.

Both the surveys and passive data had relatively high data quality. Survey duration serves as a valuable metric for us to 
gauge the thoughtfulness of a response. Individuals who answer each question within a second are unlikely to offer mean-
ingful information. It took BD participants slightly longer to complete the surveys, on average (BD 56 seconds vs. TD 45 
seconds). This is consistent with other studies [30] and may be indicative of differences in cognitive function between the 
two groups [31]. Interestingly, the response time fell initially and then stabilized, suggesting that participants were able to 
answer more quickly as they became very familiar with the questions asked. There were no significant group differences 
in the quality of passive data, though BD participants had data from fewer days and there was variability in data quality 
across individual. This could be due to phone operating system differences, space availability on the individual’s phone, or 
other factors.

Although the results of this study suggest that digital phenotyping has significant potential as a method of long-term 
mental health monitoring, there are aspects of our approach that are unique to research that may have implications for 
the use of digital phenotyping clinically. Perhaps most significant is that our participants were paid for their participation. 
Although the amounts they earned for the passive data was low (up to $1.50 per week), in a clinical setting, no compen-
sation would be offered. It is possible that this would have a detrimental effect on patient adherence with passive data 
collection. However, if these data were collected in a clinical context, it would be done to support the patient’s treatment 
goals. We expect that hearing about the benefits of the data from one’s provider and observing how one’s passive data 
relate to mental health outcomes would motivate patients even more than the small sums of money they received in our 
study. We also had regular phone calls with the participants and got to know them over the 18-month course of the study, 
which may have increased their motivation to maintain the app. In a clinical setting, patients would also have relationships 

Fig 3.  Survey duration over study period. Note. Survey duration was transformed to visualize the full-scale survey duration.

https://doi.org/10.1371/journal.pdig.0000883.g003

https://doi.org/10.1371/journal.pdig.0000883.g003
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with clinicians and staff, but the level of interaction necessary to ensure accountability is not clear. Related, when there 
are app modifications or phone operating system upgrades, patients may need to reregister their app or take other steps 
for the app to continue working properly, as would be the case for most other smartphone applications. For long-term 
monitoring to be effective, a member of the clinic staff would need to monitor data and work with patients to maintain app 
functionality.

It is important to consider the ethical implications of digital phenotyping. Digital phenotyping involves the collection of 
sensitive data, including location, making data security and privacy of utmost importance. There have been increasing 
efforts by the government [32] and field experts to develop guidelines and regulatory framework for data collection and 
analytics, but these are not yet standardized [33,34]. Additionally, participants’ and patients’ behavior may be influenced 
by the awareness that they are being observed or monitored, also known as the “Hawthorne effect” [35,36]. However, this 
effect is arguably small, as even in studies where the observed behavior is related to performance the observed effects 
tend to be small and deteriorate rapidly (e.g., in a study observing healthcare workers’ compliance with cleanliness proto-
cols the effect was gone less than an hour after overt observance ended [37,38]). Finally, when clinics or research institu-
tions have data that may indicate clinical risk for patients or participants, it is important to consider their responsibility for 
acting on that information.

This study has several limitations. First, data collection is ongoing, and the current preliminary findings represent only 
48 participants. Second, this is a unique cohort; most participants completed part of the data collection during the initial 
COVID-19 pandemic period (i.e., lockdown), which may have impacted the study engagement. It is difficult to know what 
the nature of this impact was; participants may have spent more time on their phones in the absence of other activities 
during lockdown, but many families experienced high stress, and fewer youth were brought for inpatient or outpatient 
psychiatric care at our facility, both of which could negatively impact enrollment and engagement. Importantly, there were 
no differences in data completeness in sensitivity analyses comparing participants enrolled in 2020 or after. Related, not 
every person approached about participating in the study consented; those who agreed may be more interested/engaged 
with digital technology.

Conclusion

The present study contributes valuable insights into the feasibility, acceptability, and quality of digitally collected data for 
longitudinal monitoring in adolescents. The observed completion patterns and data quality support the potential integration 
of digital phenotyping as a valuable clinical and research tool for mental health monitoring, offering new possibilities for 
advancing our understanding of behavioral experiences. A necessary next step is to determine how well the digital data 
capture changes in mental health to determine the clinical utility of this approach. If digital data correspond well to tradi-
tional clinical data (e.g., interviews, self-report), digital phenotyping may be used to predict clinically-significant changes in 
mental health status and to support the use of personalized interventions and just-in-time treatment approaches to reduce 
the consequences of mental health disorders in adolescents.
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