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Abstract
Background: Smartphones allow for real-time monitoring of patients’ behavioral activities in a naturalistic setting. These data
are suggested as markers for the mental state of patients with bipolar disorder (BD).
Objective: We assessed the relations between data collected from smartphones and the clinically rated depressive and manic
symptoms together with the corresponding affective states in patients with BD.
Methods: BDmon, a dedicated mobile app, was developed and installed on patients’ smartphones to automatically collect the
statistics about their phone calls and text messages as well as their self-assessments of sleep and mood. The final sample for the
numerical analyses consisted of 51 eligible patients who participated in at least two psychiatric assessments and used the BDmon
app (mean participation time, 208 [SD 132] days). In total, 196 psychiatric assessments were performed using the Hamilton
Depression Rating Scale and the Young Mania Rating Scale. Generalized linear mixed-effects models were applied to quantify
the strength of the relation between the daily statistics on the behavioral data collected automatically from smartphones and the
affective symptoms and mood states in patients with BD.
Results: Objective behavioral data collected from smartphones were found to be related with the BD states as follows: (1)
depressed patients tended to make phone calls less frequently than euthymic patients (β=−.064, P=.01); (2) the number of incoming
answered calls during depression was lower than that during euthymia (β=−.15, P=.01) and, concurrently, missed incoming calls
were more frequent and increased as depressive symptoms intensified (β=4.431, P<.001; β=4.861, P<.001, respectively); (3) the
fraction of outgoing calls was higher in manic states (β=2.73, P=.03); (4) the fraction of missed calls was higher in manic/mixed
states as compared to that in the euthymic state (β=3.53, P=.01) and positively correlated to the severity of symptoms (β=2.991,
P=.02); (5) the variability of the duration of the outgoing calls was higher in manic/mixed states (β=.0012, P=.045) and positively
correlated to the severity of symptoms (β=.0017, P=.02); and (6) the number and length of the sent text messages was higher in
manic/mixed states as compared to that in the euthymic state (β=.031, P=.01; β=.015, P=.01; respectively) and positively correlated
to the severity of manic symptoms (β=.116, P<.001; β=.022, P<.001; respectively). We also observed that self-assessment of
mood was lower in depressive (β=−1.452, P<.001) and higher in manic states (β=.509, P<.001).
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Conclusions: Smartphone-based behavioral parameters are valid markers for assessing the severity of affective symptoms and
discriminating between mood states in patients with BD. This technology opens a way toward early detection of worsening of
the mental state and thereby increases the patient’s chance of improving in the course of the illness.
(J Med Internet Res 2022;24(1):e28647) doi: 10.2196/28647
KEYWORDS
bipolar disorder; generalized linear model; mixed-effects regression; classification; manic episodes; depressive episodes;
smartphone; behavioral markers; mHealth; remote monitoring

Introduction
Bipolar disorder (BD) is a chronic, recurrent, and highly morbid
illness [1]. Its prevalence is estimated to be around 2%-3% [2].
In the course of the illness, there are fluctuations between
different mood states, ranging from depression to
hypomanic/manic episodes, as well as mixed states. Patients
receiving mood-stabilizing drugs have reported relapse rates of
22% per year [3]. The subsequent episodes seem to worsen the
prognosis and increase the suicide risk [4,5]. Patients in the
initial phases of BD appear to better respond to treatment; thus,
early intervention strategies could be vital for improving illness
outcomes [6] by reducing conversion rates to full-blown illness
and reducing symptom severity.
Mobile apps allow for real-time collection of both self-reported
and objective data on behavioral activities or speech in
naturalistic settings [7-12]. Active monitoring through
self-reported data was found to correlate with scores on the
depression (Hamilton Depression Rating Scale [HDRS]) and
mania scales (Young Mania Rating Scale [YMRS]) [7,8,12].
As there are disturbances in diurnal rhythms and daily life
regularity of patients with BD [13], continuous self-monitoring
might be helpful for managing daily activities. Moreover,
self-assessment data can be easily shared with mental health
professionals and facilitate making clinical decisions [8,14].
Nevertheless, such monitoring could be less reliable in case of
hypomanic/manic symptoms owing to decreased illness insight
[12]. The other limitation for certain patients might be the
necessity to respond to daily surveys [15]. It has not been also
proven so far that such self-monitoring could predict phase
change [8].
Data collected through passive objective monitoring of
behavioral activities such as phone call statistics, data on
physical activity and mobility, or voice features are correlated
with scores on the HDRS and YMRS [8-11]. They could serve
as markers for monitoring illness activity; thus, behavioral
tracking is very promising in recognizing and predicting mood
state [12]. Passively collected data do not require any
involvement of the patient and could be beneficial in the early
detection of subthreshold symptoms of episode recurrence.
Disadvantages of passive behavioral tracking include privacy
concerns, the discomfort of being observed, or problems related
to the collection, analysis, and processing of data. Nevertheless,
both active and passive monitoring through smartphone are
promising for the assessment of illness activity in patients with
BD.

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

Recent reviews by Antosik-Wójcińska et al [16], Rajagopalan
et al [17], and Torous et al [18] agree that the medical potential
of smartphone-based monitoring is high, but large-scale
methodologically rigorous studies are necessary to draw
well-generalizable conclusions. In another review, Rucci et al
[19] argue that although nothing can substitute the clinical
assessment, smartphone-based monitoring has the potential of
improving the treatment owing to its accessibility to patients
and the possibility of continuous tracking parameters reflecting
illness activity. This could be of great importance, as the
frequency of routine assessments during follow-up visits is often
insufficient and the latency in identifying the recurrence of a
mood episode is often long—3 weeks or more [20].
Consequently, adjustment of the treatment often takes place
late—sometimes during a full episode [21]. This is particularly
relevant in hypomanic/manic episodes because manic patients,
often owing to decreased insight, do not seek medical help
[20,22]. Notably, patients with BD are generally open to using
smartphones to help them monitor their mental state [23,24].
The usefulness and ease of use of such apps were found to
influence patients’ satisfaction and adherence [25,26].
Nevertheless, numerous challenges exist, especially concerning
safeguarding privacy and ensuring data security [27].
In this paper, we report the results of a prospective observational
study of patients with BD. The main goal was to assess whether
behavioral data about smartphone usage collected automatically
via a dedicated app, called BDmon, correlate with the severity
of symptoms on both the HDRS and the YMRS and with the
corresponding affective states in BD. Evaluation of the effect
size and its statistical significance was based on generalized
linear models with random effects for each patient. The
secondary objective was to evaluate the suitability, in terms of
completeness, of self-assessment data collected via the app over
time in naturalistic settings.

Methods
Study Participants
This study was conducted in the Department of Affective
Disorders, Institute of Psychiatry and Neurology in Warsaw
and in a center specializing in clinical trials between September
2017 and December 2018. Patients were enrolled from both
inpatient and outpatient settings to capture both mild and severe
episodes. Based on previous studies [28,29], it was expected
that patients would change the phase at least once in the period
envisaged for this study. This study obtained the consent of the
Bioethical Commission at the District Medical Chamber in
Warsaw (agreement KB/1094/17).
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We used the following inclusion criteria: adults aged 18 years
or older, who gave their informed written consent to participate
in this study, diagnosed with BD, with at least two changes of
phase in the last 12 months, and using a smartphone with
internet access daily or declaring their willingness to use it for
the study period. Exclusion criteria consisted of serious hearing
problems and speech disorders (eg, dysarthria, aphasia).
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Sample Size
The resulting sample included 84 eligible patients diagnosed
with BD (according to the International Classification of
Diseases, tenth revision [ICD-10]). The baseline
sociodemographic and clinical characteristics of the final study
sample are presented in Table 1.

Table 1. Sociodemographic and clinical characteristics of the final study sample (N=51).
Characteristics

Values

Participation time (days), mean (SD)

208 (32)

Age (years), mean (SD)

36.2 (9.5)

Gender, n (%)
Female

28 (55)

Male

23 (45)

Demographic living status, n (%)
Family

30 (59)

Partner

9 (18)

Self

12 (24)

Education, n (%)
Elementary

2 (4)

Secondary

18 (35)

Higher

31 (61)

Demographic residence, n (%)
City

37 (73)

Town

11 (22)

Village

3 (6)

Occupation, n (%)
Working

29 (57)

Pensioner

11 (22)

Student

6 (12)

Other

5 (9)

Clinical characteristics
Mean duration of illness (years), mean (SD)

7.1 (5.3)

Hospitalizations, median (IQR)

2 (0-7)

Affective episodes, median (IQR)

6 (2-10)

Bipolar disorder type I, n (%)

31 (61)

Bipolar disorder type II, n (%)

20 (39)

Psychiatric Assessment
The assessment of the mental state was carried out by
psychiatrists with experience in the diagnosis and treatment of
BD. Both the researcher and the patient were blinded to the data
automatically collected by the BDmon app. Patients were invited
to visit the researcher at least every 3 months. In the case of a
suspected change in the mood state, patients were invited for
an additional intervention visit. During personal visits, the
primary outcome measures (17-point version of HDRS and
https://www.jmir.org/2022/1/e28647
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YMRS) were used. In this paper, the assessment of HDRS and
YMRS is used as binding to assess the severity of symptoms
and the corresponding BD states.
The data concerning clinical and demographic characteristics
were collected as a part of the initial visit. During the following
visits, the patients were inquired about significant changes in
the general health status and other important life events that
might affect their activity and behavior. The patient’s mood
state was also assessed using fortnightly phone-based
interactions with the researcher. The basic and the most
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important objective of the phone-based assessment was to
determine whether any significant change in the mood state was
likely to occur since the previous contact with the patient. If so,
the patient was invited for an intervention visit, and a full
assessment using HDRS and YMRS was conducted. To shorten
the time of the fortnightly calls, the researcher read to the patient
questions prepared in the telephone questionnaire form (see
Multimedia Appendix 1).
Based on HDRS and YMRS, the mood state was classified into
1 of the 4 phases (depression, hypomania/mania, euthymia, or
mixed state). In previous studies, researchers have adopted
different cutoff points on the HDRS and YMRS for training
classifiers [11,12,30]. High thresholds of 13 points on the HDRS
and YMRS [12] increase the validity of the diagnosis, focusing
on more severe symptoms. The consequence of this approach
might be counting the milder symptoms of a given phase to
euthymia. We aimed at the identification of early symptoms of
phase change and hence adopted lower cutoff points. The state
of euthymia was defined as HDRS<8 and YMRS<6, depression
as HDRS≥8 and YMRS<6, hypomania/mania as HDRS<8 and
YMRS≥6, and mixed state as HDRS≥8 and YMRS≥6.
Smartphones collect behavioral data continuously whereas
clinical assessments are much less frequent. Supervised learning
requires both data types to be present. Consequently, we
extrapolated the psychiatric assessment to 7 days before and 2
days after a visit. In the final sample, we included only patients
with automatically collected smartphone data within this period.
The asymmetry of the time window was inspired by Muaremi
et al [31] who argue that a visit is typically related to some
medical intervention, which might lead to a change in the
patient’s mental state. The time frame before the visit differs
across studies, for example, Faurholt-Jepsen et al [11,12]
adopted a time span of the clinical assessment days and 3
previous days. In this study, we extended this period up to 7
days before the visit because we had additional data about
patient’s mental state (derived from phone-based visit and from
patients’ relatives). Nevertheless, to facilitate meta-analyses,
we additionally performed the analysis for the shorter period
assuming ground truth of 3 days before the psychiatric
assessment and the day of psychiatric assessment, as well for
different cutoff points (Multimedia Appendix 2 and Multimedia
Appendix 3).

Smartphone-Based Data Collection
The BDmon app requires a smartphone with the Android system,
which at the time of the clinical trial had over 90% of the market
share in Poland. Patients used their own smartphones or were
offered a new smartphone for the study period. Patients did not
receive any financial gratification for participation in the study.
The BDmon app collected 3 groups of data:
(1) objective data about patient’s behavior related to smartphone
(statistics about phone calls and text messages), (2) self-reported
data completed by patients via the app (filling in the
questionnaires was not mandatory; Multimedia Appendix 4),
and (3) objective acoustic features about patient’s speech
extracted from his/her daily phone calls. Only self-assessment
(2) required the patients to interact with the software; data from
https://www.jmir.org/2022/1/e28647
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groups (1) and (3) were collected passively. The scope of
monitoring was as follows:
1.

2.

3.

Objective data about patient’s behavior consisted of
statistics of calls and text messages transformed into 11
daily aggregates describing behavioral parameters. They
fall into 4 categories: (1) incoming answered calls: number
(per day), mean duration (seconds/call), and variability of
duration (the standard deviation of the lengths of all
calls/day; seconds); (2) incoming missed calls: number (per
day) and fraction of missed calls; (3) outgoing calls: number
(per day), mean duration (seconds/call), variability of
duration (standard deviation/day; seconds), and fraction of
outgoing calls (ratio of the number of outgoing calls to the
sum of outgoing and incoming calls); and (4) outgoing text
messages: number (per day) and average number of
characters in outgoing messages (per day). Initially, the app
collected data concerning mobility (daily travelled distance)
and activity (pedometer), but owing to the technical issues
and patients’ privacy concerns, these data were mostly
missing and were not eventually analyzed.
Self-reported data completed by patients via the app: filling
in the self-assessment questionnaires was not mandatory
to evaluate, in natural settings, their completeness over
time, and relevance for analysis. Patients assessed their
well-being using a dedicated mood rating scale created for
the purposes of the study. Each patient had access to a graph
illustrating the mood status and the length of sleep.
Acoustic features of patient’s speech signal consisting of
85 physical parameters describing each phone call: acoustic
features require dedicated processing, which is beyond the
scope of this paper. The preliminary analysis of the acoustic
data is a subject of other ongoing and completed works
[32,33].

Statistical Methods
To assess the strength of the relation between the behavioral
markers and the affective symptoms and BD states, we applied
generalized linear mixed-effects models similarly as in the work
of Faurholt-Jepsen et al [12]. First, mixed-effects linear
regression was applied with scores on either HDRS or YMRS
as response variables. This quantifies the correlations between
behavioral markers and the severity of affective symptoms.
Second, mixed-effects logistic regression was used for binary
classification discriminating between an affective state and
euthymia to describe the relation between the behavioral markers
and affective states. The generalized linear mixed-effects model
had the following form:
y = Xβ + Zu + ε
where y is an nd × 1 vector consisting of nd responses, each of
which corresponds to 1 patient and 1 day. When assessing the
severity of symptoms, either the HDRS or YMRS scores are
used as the response vectors.
X is an nd × s covariate matrix of the s predictor variables for
fixed effects β (regression coefficient). The fixed effects consist
of coefficients related to the objective smartphone data (eg,
number of incoming calls) and a constant term. We build a
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separate model for each of the predictor variables; therefore,
s=1.
Z is the nd × q covariate matrix for the random effects u. The
random effects occur at the patient level (level two) and are
patient-specific random intercepts. Consequently, q is equal to
the number of patients (groups) for whom data were available.
ε is the vector of nd errors, which is assumed to be multivariate
normal with zero mean. The number of patients differs
depending on the considered parameter. For example, if patient
A was never sending text messages, the daily number of sent
text messages was calculated as 0. This allowed us to include
patient A for the assessment of the relation between symptoms
and the number of sent text messages. At the same time, sending
no text messages led to missing values reported for the mean
number of characters of sent text messages, and thus, patient A
was not counted for assessment of the relation between
symptoms and the length of sent text messages. Logistic
mixed-effects regression models were applied to assess the
relations between pairs of euthymia and the affective states (eg,
euthymia vs depression). For each of the logistic models, the
response variable equaled 0 for days with the euthymic state
and 1 for days with the affective state (eg, depression). The
inverse of the log link binomial function h(η) = (1+exp(η))−1
was applied to the linear predictor η=Xβ + Zu to relate it to the
outcome y. The mixed-effects logistic regression model was
formulated as follows:
y = h(Xβ + Zu) + ε
Model assumptions were checked with residual analysis and
visually using quantile-quantile plots. The P values were
calculated assuming normal distributions of errors. However,
for some variables, especially the number of outgoing and
incoming calls per day, this assumption seemed to be violated.
Therefore, caution is necessary when interpreting the P values
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of the mixed-effects models; see also Luke [34]. Log
transformations were applied to minimize this effect and the
results were gathered for comparative purposes in Multimedia
Appendix 5 and Multimedia Appendix 6. All analyses were
conducted in the R programming language (R Core Team and
the R Foundation for Statistical Computing). Linear and logistic
mixed-effects models were calculated using packages lme (for
the restricted maximum likelihood estimation) and lmerTest (P
values and model diagnostics) available at the Comprehensive
R Archive Network repository for R language [35]. We set the
significance level to .05.

Results
Study Sample
Figure 1 illustrates the participant flow in this study; 84 eligible
patients diagnosed with BD (according to ICD-10 classification)
were enrolled in this study, and they participated in the initial
interview with the psychiatrist. Disregarding their declarations
of participation in this study, 20 patients dropped out after the
initial psychiatric assessment. As depicted in Figure 1, the mean
age (36.6 [SD 9.1] years) was lower for the group of 64 patients
who continued the study in comparison to that of the group of
20 patients who resigned after the initial visit (44.3 [SD 14.6]
years). For the remaining 64 patients, there were 226 psychiatric
assessments in total. However, smartphone-based automatically
collected behavioral data in the assumed time frame (7 days
before and 2 days after psychiatric assessment) were available
for only 51 patients (196 psychiatric assessments). These
patients (N=51) were considered as the final study sample. In
total, this constitutes 982 patient days with data for the statistical
analyses. The mean participation time for the final sample of
51 patients, calculated as the difference between the initial and
the last psychiatric assessment, was 208 days with a standard
deviation of 132 days.
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Figure 1. Flow chart illustrating the number of patients, psychiatric assessments, and patient days during the study.

Psychiatric Assessments and Affective States
Overall, 196 psychiatric assessments were reported for the final
study sample. We observed 145 mood state transitions among
consecutive psychiatric interviews as summarized in Table 2.

Out of 145 transitions, in 74 (51%) cases, the affective state
changed from the previous one and in 71 (48.9%) remained the
same. The most frequent change was from euthymia to
depression state (17 such cases) and from depression to euthymia
(14 cases).

Table 2. Transitions among the affective states for consecutive visits for patients of this study (N=51).
Flow from the following
phases

To the following phases
Euthymia

Depression

Mixed state

Mania

Euthymia

25

17

2

6

Depression

14

39

4

4

Mixed state

4

2

1

2

Mania

9

5

5

6

Completeness of Data Collected From Smartphones

frequent usage of the app in early 2018 was a result of technical
stability issues with the app.

Figure 2 illustrates the completeness of the objective behavioral
data collected from smartphones. For each patient, there are 2
rows of dots. Green dots in the upper row show days, in which
the objective behavioral data were collected. Turquoise dots in
the lower row indicate days with self-assessment data. Less

Overall, we identified 982 person days with smartphone data
and psychiatric assessments. The summary statistics of
behavioral and self-assessment data are presented in Table 3
for all variables as initially planned for this study.
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Figure 2. Completeness of data: for each patient, the green dots mean that behavioral data were collected, turquoise dots represent self-assessment
data, and letters denote the clinically assessed affective state of patients with bipolar disorder. D: depression; E: euthymia; M: mania; X: mixed.
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Table 3. Basic summary statistics of the behavioral and self-assessment data collected from smartphones.
Type, daily variable

Completeness, n (%)

Median

Mean (SD)

Number of incoming answered calls

982 (100)

2.0

3.2 (3.5)

Mean duration of incoming calls (s/call)

820 (83.5)

119.9

210.3 (286.3)

SD of duration of incoming calls (s)

600 (61.1)

117.7

234.5 (324.3)

Number of outgoing calls

982 (100)

4.0

7.5 (10.9)

Mean duration of outgoing calls (s/call)

886 (90.2)

79.1

147.2 (232.8)

SD of duration of outgoing calls (s)

756 (77.4)

113.3

195.9 (245.7)

Fraction of outgoing calls

886 (90.2)

0.7

0.7 (0.2)

Number of missed calls

982 (100)

1.0

1.8 (2.7)

Fraction of missed calls

982 (100)

0.2

0.2 (0.2)

Number of incoming + outgoing calls

963 (98.0)

105.8

170.2 (229.4)

Mean duration of incoming + outgoing calls (s/call)

877 (89.3)

145.8

234.0 (256.8)

SD of duration of incoming + outgoing calls (s)

982 (100)

8.0

12.5 (14.4)

Number of sent text messages

982 (100)

0.0

3.8 (13.3)

Mean length of text messages

343 (34.9)

39.4

54.3 (48.7)

Sum of steps

103 (10.5)

480

5299.9 (32454.8)

Daily travelled distance (km)

—a

—

—

Self-assessment of sleep time (h)

270 (27.5)

8.0

8.0 (2.5)

Self-assessment of mood (from −4 to +4)

268 (27.3)

0.0

−0.6 (1.6)

Comment about sleep (number of characters)

39 (4)

22.0

27.1 (21.0)

Comment about mood (number of characters)

37 (4)

25.0

40.2 (46.6)

Phone calls (count per patient day)

Text messages

Activity

Self-assessment

a

Not collected due to technical issues and privacy concerns.

The app was designed to collect data concerning mobility (daily
travelled distance) and the activity measures with the number
of steps (pedometer), but owing to the technical issues and
patients’ privacy concerns, the completeness of these data
(98/982, 9.9%) was insufficient to conduct a reliable analysis.
Similarly, the collected self-reported comments about sleep and
mood were characterized by relatively high rates of missing
data (n=39 and n=37, respectively). Table 4 provides the
sociodemographic and clinical characteristics of patients
depending on their adherence in terms of filling in
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self-assessment questionnaires. The study patients were split
into 3 groups depending on the completeness of the
self-assessment data; 16 patients out of 51 patients (31%)
demonstrated low adherence to filling in self-assessment
questionnaires (completeness less than 98 patient days). The
group of patients with low adherence had relatively high sum
of points on the HDRS (7.25 [SD 5.05]) and low sum of points
on the YMRS (1.81 [SD 1.64]). Interestingly, 10 patients out
of 16 in the group with low adherence (62.5%) were assessed
as euthymic during the initial assessment.
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Table 4. Sociodemographic and clinical characteristics of the patients grouped according to their adherence of filling the self-assessment questionnaires
(N=51).
Characteristics

Data completeness of filling the self-assessment
Low (<10%)

Medium (10%-90%)

High (>90%)

16 (31)

29 (57)

6 (12)

Female

7 (14)

18 (35)

3 (6)

Male

9 (18)

11 (22)

3 (6)

Family

11 (22)

13 (25)

6 (12)

Partner

2 (4)

7 (14)

0

Self

3 (6)

9 (18)

0

Elementary

0

2 (4)

0

Secondary

4 (8)

10 (20)

4 (8)

Higher

12 (24)

17 (33)

2 (4)

City

11 (22)

22 (43)

4 (8)

Town

4 (8)

6 (12)

1 (2)

Village

1 (2)

1 (2)

1 (2)

37.31 (8.66)

36.41 (8.69)

32.67 (15.28)

Hamilton Depression Rating Scale

7.25 (5.02)

6.97 (6.89)

5 (4.15)

Young Mania Rating Scale

1.81 (1.64)

5.48 (6.35)

6.5 (8.65)

Euthymia

10

7

3

Depression

6

9

1

Mania

0

11

2

Mixed state

0

2

0

Group of patients according to adherence of filling the self-assessment, n (%)
Gender, n (%)

Demographic living status, n (%)

Education, n (%)

Demographic residence, n (%)

Age (years), mean (SD)
Severity of symptoms from the initial psychiatric assessment, mean (SD)

Affective state assessed during initial psychiatric assessment (n)

Between-Patient and Intrapatient Variability
The summary statistics about the behavioral and self-assessment
data in various affective states are shown in Multimedia
Appendix 7. For most of the considered variables, differences
in statistics were observed between the 4 groups (euthymia,

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

depression, mania, mixed state). Apart from the overall
difference of statistics for patients in various BD states, there
was also a relatively high intrapatient variability in phone call
statistics. Figure 3 illustrates this for 2 objective parameters and
all patients with BD. The boxplots for all the variables are
presented in Multimedia Appendices 8-19.
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Figure 3. Intrapatient variability of 2 objective parameters collected with smartphones among chosen patients with bipolar disorder.

Relation Between Smartphone-Based Data and
Severity of Depressive and Manic Symptoms
Table 5 presents the estimates of the regression coefficients β.
They describe the influence of behavioral data on the severity
of manic and depressive symptoms measured by the number of
HDRS and YMRS points. The number of observations is the
product of the number of groups (ie, patients) and days for which
the considered data type was collected.
The results show that the more severe the manic symptoms: (1)
the higher variability in the duration of incoming calls (P=.04)

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

and outgoing calls (P=.02), (2) the higher number and fraction
of missed calls (P=.02), (3) the higher number of outgoing text
messages (P<.001), (4) the higher number of characters in
outgoing text messages (P<.001), and (5) the higher score on
self-reported mood rating (P<.001). For example, for every
increase of 1 missed call, there was an increase of 0.141 points
on the YMRS. More severe depressive symptoms are associated
with (1) lower number of incoming answered calls (P<.001),
(2) higher fraction of incoming missed calls (P<.001), and (3)
lower score on self-reported mood rating (P<.001).
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Table 5. Relations between smartphone-based data collected using the BDmon app and depressive and manic symptoms assessed with the Hamilton
Depression Rating Scale and Young Mania Rating Scale, respectively.
Daily variable

Depressive symptoms to

Manic symptoms

Regression
coefficient
(β)

Regression
coefficient
(β)

P

P

95% CI

value

Patient
days (n)

Patients (n)

95% CI

value

Number of incoming answered −.149
calls

<.001

−0.231 to −0.066

−.079

.10

−0.174 to 0.016

982

51

Duration of incoming calls
(s/call)

.001

.17

0 to 0.002

.001

.22

0 to 0.002

820

50

Standard deviation of incoming .001
calls duration (s)

.29

0 to 0.001

.0012

.04

0 to 0.002

600

48

Number of outgoing calls

−.023

.09

−0.05 to 0.004

.002

.90

−0.029 to 0.033

982

51

Fraction of outgoing calls

.307

.64

−0.994 to 1.604

.985

.19

−0.492 to 2.471

886

51

Duration of outgoing calls
(s/call)

.001

.37

−0.001 to 0.002

.001

.09

0 to 0.002

886

51

Standard deviation of outgoing 0
calls duration (s)

.91

−0.001 to 0.001

.0017

.02

0 to 0.003

756

48

Number of missed calls

.06

.27

−0.047 to 0.167

.141

.02

0.019 to 0.263

982

51

Fraction of missed calls

4.861

<.001

2.829 to 6.896

2.991

.02

0.434 to 5.526

582

50

Number of sent text messages

.02

.06

−0.001 to 0.041

.116

<.001

0.093 to 0.139

982

51

Mean length of text messages
(number of characters)

.004

.30

−0.003 to 0.011

.022

<.001

0.011 to 0.034

343

38

Self-assessment of sleep time
(h)

−.027

.83

−0.274 to 0.22

−.130

.19

−0.325 to 0.062

270

39

Self-assessment of mood

−1.452

<.001

−1.777 to −1.125

.509

<.001

0.267 to 0.751

268

42

Relation Between Smartphone Data and Affective
States
Tables 6 and 7 present the results from generalized mixed
regression models (logistic model). Smartphone-based data
were used as predictors. We were interested in the detection of
behavioral changes between euthymia, which we treated as a
reference and encode as 0, and the other affective states encoded
as 1. Therefore, for each predictor, we fitted 4 regression models
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distinguishing euthymia from depression, mania, mixed state
as well as a combination of manic and mixed states. Positive
values of the regression coefficients indicate that the predictor
tends to have lower value in the reference euthymic state. As
we put emphasis on the early identification of phase change by
adapting lower cutoff points on the above scales, we were able
to distinguish between euthymia and other affective states, both
mild and severe, that is, depression, hypomania/mania, or mixed
state.
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Table 6. Mixed regression models regarding behavioral smartphone-based data and affective states (euthymia, depression, and mania) in patients with
bipolar disorder assessed with the Hamilton Depression Rating Scale and Young Mania Rating Scale.
Daily variable

Euthymia versus depression
Regression co- P
efficient (β)
value

95% CI

Euthymia versus mania
Observations
(n)

Patients (n) Regression co- P
efficient (β)
value

95% CI

Patient Patients
days (n) (n)

Number of incom- −.15
ing answered calls

.01

−0.243 to 789
−0.056

46

.024

.71

−0.103 to 567
0.152

41

Duration of incom- 0
ing calls (s/call)

.41

0 to 0.001 664

46

−.001

.59

−0.004 to 488
0.002

39

Standard deviation 0
of duration of incoming calls (s)

.45

−0.001 to 490
0.001

44

−.001

.41

−0.005 to 375
0.002

36

Number of

−.064

.01

−0.113 to 789
−0.014

46

.044

.16

−0.018 to 567
0.106

41

1

.09

−0.151 to 715
2.152

46

2.73

.03

0.223 to
5.237

526

41

.001

.31

−0.001 to 715
0.002

46

0

.88

−0.003 to 526
0.003

41

Standard deviation 0
of duration of outgoing calls (s)

.95

−0.001 to 603
0.001

42

−.002

.31

−0.006 to 463
0.002

41

Number of missed
calls

.77

−0.132 to 789
0.098

46

−.03

.76

−0.227 to 567
0.167

41

Fraction of missed 4.431
calls

<.001

2.12 to
6.742

463

45

1.912

.38

−2.335 to 345
6.158

40

Number of sent
text messages

.001

.94

−0.036 to 789
0.039

46

.015

.69

−0.06 to
0.09

567

41

Mean length of
.001
text messages
(number of characters)

.91

−0.016 to 265
0.018

28

.014

.08

−0.002 to 192
0.029

28

Self-assessment of −.254
sleep time (h)

.08

−0.538 to 219
0.03

33

−.548

.19

−1.369 to 147
0.273

30

Self-assessment of −2.056
mood

<.001

−2.058 to 224
−2.055

35

.676

.22

−0.406 to 144
1.758

31

outgoing calls
Fraction of
outgoing calls
Duration of
outgoing calls (s)

−.017
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Table 7. Mixed regression models regarding smartphone-based data and affective states (euthymia, mixed/manic states) in patients with bipolar disorder
assessed with the Hamilton Depression Rating Scale and Young Mania Rating Scale.
Daily variable

Euthymia versus mixed state
Regression co- P
efficient (β)
value

95% CI

Euthymia versus mania and mixed states
Observations
(n)

Patients (n) Regression co- P
efficient (β)
value

95% CI

Patient Patients
days (n) (n)

Number of incom- −.114
ing answered calls

.08

−0.244 to 516
0.015

35

−.043

.32

−0.127 to 638
0.042

42

Duration of incom- .002
ing calls (s/call)

.06

0 to 0.004 448

34

.001

.26

−0.001 to 546
0.002

40

Standard deviation .0027
of duration of incoming calls (s)

.02

0 to 0.005 339

33

.001

.11

0 to 0.003 412

38

Number of outgoing calls

−.035

.13

−0.081 to 516
0.01

35

.005

.64

−0.016 to 638
0.026

42

Fraction of outgoing calls

.44

.70

−1.799 to 477
2.68

35

1.363

.11

−0.318 to 587
3.045

42

Duration of outgo- .0015
ing calls (s)

.045

0 to 0.003 477

35

.001

.06

0 to 0.002 587

42

Standard deviation .0031
of duration of outgoing calls (s)

.01

0.001 to
0.005

420

35

.0012

.045

0 to 0.002 518

42

Number of missed
calls

.07

−0.012 to 516
0.282

35

.08

.18

−0.036 to 638
0.195

42

Fraction of missed 4.928
calls

<.001

4.926 to
4.93

310

35

3.53

.01

0.907 to
6.153

387

42

Number of sent
text messages

.032

.01

0.009 to
0.055

516

35

.031

.01

0.009 to
0.052

638

42

Mean length of
.014
text messages
(number of characters)

.07

−0.001 to 180
0.029

21

.015

.01

0.003 to
0.026

225

29

Self-assessment of −.121
sleep time (h)

.62

−0.606 to 144
0.363

24

−.334

.08

−0.708 to 171
0.04

31

Self-assessment of .166
mood

.69

−0.666 to 142
0.998

25

.348

.31

−0.327 to 165
1.022

32

.135

The following variables discriminate between euthymia and
depression: (1) number of incoming answered calls (P=.01),
(2) fraction of missed calls (P<.001), and (3) number of outgoing
calls (P=.01). Euthymia and mania differ significantly in fraction
of outgoing calls (P=.03). The mixed states observed in this
study were mainly mixed manic states, which was reflected in
the average scores on HDRS (10.6 [SD 2.9]) and YMRS (17.6
[SD 10.2]). This is the rationale behind conducting additional
analysis to catch the whole spectrum of manic or mixed features
by combining both states into 1 group in Table 7. The following
variables turned out to be relevant and discriminate the above
conditions from euthymia: (1) fraction of missed calls (P=.01),
(2) variability of the duration of calls (P=.045), (3) number of
sent text messages (P=.01), and (4) mean length of text messages
(P=.01).
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Further, in Table 8, we discriminate euthymia from the
pathological states considered as 1 group to find out which
predictors are relevant markers for BD. The following 7 out of
13 variables (54%) are statistically significant: (1) number of
incoming calls (P=.002), (2) fraction of outgoing calls (P=.01),
(3) fraction of missed calls (P<.001), (4) number of sent text
messages (P=.01), (5) mean length of text messages (P=.01),
(6) self-reported sleep time (P=.03), and (7) self-reported mood
(P=.003). It needs to be noted that 6 out of these 7 variables (all
except for the self-reported sleep time) are statistically
significant and discriminate euthymia from the pathological
states considered as 1 group also for the longer period (14 days)
preceding the psychiatric assessments (see Multimedia
Appendices 8-20).
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Table 8. Mixed regression models regarding smartphone-based data and affective states (euthymia vs depressive/mixed/manic states) in patients with
bipolar disorder assessed with the Hamilton Depression Rating Scale and Young Mania Rating Scale.
Daily variable

Euthymia versus depression/mania/mixed state
Regression coefficient (β)

P

95% CI

Observations Patients (n)
(n)

value
Number of incoming answered calls

–.101

.002

–0.164 to –0.038

982

51

Duration of incoming calls (s/call)

.000

.29

0 to 0.001

820

50

Standard deviation of duration of incoming calls (s)

.001

.24

0 to 0.001

600

48

Number of outgoing calls

–.005

.55

–0.022 to 0.012

982

51

Fraction of outgoing calls

1.211

.01

0.244 to 2.179

886

51

Duration of outgoing calls (s)

.001

.07

0 to 0.002

886

51

Standard deviation of duration of outgoing calls (s)

.0004

.34

0 to 0.001

756

48

Number of missed calls

.0496

.24

–0.033 to 0.132

982

51

Fraction of missed calls

4.494

<.001

4.492 to 4.496

582

50

Number of sent text messages

.023

.01

0.006 to 0.041

982

51

Mean length of text messages (number of characters) .010

.04

0 to 0.02

343

38

Self-assessment of sleep time (h)

–.261

.03

–0.493 to –0.03

270

39

Self-assessment of mood

–.551

.003

–0.913 to –0.189

268

42

Summary of the Analyses
The most clinically relevant data that could be drawn from both
presented analysis types are as follows: (1) number of incoming
answered calls was lower in patients with depression as
compared to those with euthymia and, at the same time, missed
incoming calls were more frequent and increased as depressive
symptoms intensified; (2) depressed patients tended to make
phone calls less frequently than euthymic patients; (3) fraction
of missed calls was higher in manic/mixed states and was
positively correlated to manic symptoms; (4) fraction of
outgoing calls was higher in manic states; (5) variability of
duration of calls was higher in manic/mixed states and positively
correlated to the severity of symptoms; and (6) the number and
length of sent text messages was higher in manic/mixed states
as compared to euthymic state and positively correlated to the
severity of manic symptoms. The self-reported mood scores
were significantly correlated with depressive and manic
symptoms (as measured with the HDRS and YMRS), but data
were insufficient to explain their relation to BD states.

Discussion
Principal Findings
To the best of our knowledge, this is one of the largest studies
investigating the relation between the BD phase assessed by
psychiatrists and the objective behavioral data collected via
smartphones. Reliable smartphone-based results were obtained
for 51 patients. This paper confirms and further extends the
findings presented by Faurholt-Jepsen et al [12] concerning
objective behavioral markers based on phone call statistics. Our
results confirm that the majority of phone call statistics are
significantly correlated with the clinically rated depressive and
manic symptoms (assessed using the HDRS and YMRS,
respectively) and are valid markers distinguishing between BD
https://www.jmir.org/2022/1/e28647
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phases (mania, depression, mixed state, euthymia). We observed
that depressed patients made phone calls less frequently than
euthymic patients; they also answered the phone less often, and
this behavior increased as the depressive symptoms intensified.
However, patients in the manic/mixed states used phones more
frequently than patients in the euthymic state, which was seen
in the higher fraction of outgoing calls and a higher number and
length of text messages. In general, these results are consistent
with those reported in a previous research. For example, in the
studies of Faurholt-Jepsen et al [8] and Muaremi et al [31], the
number and length of phone calls were correlated with the BD
phase and were found to be higher in mania and lower in
depression. However, the available studies are not entirely
homogeneous in terms of the given phone call parameter and
its direction of changes in the particular phase of BD
[8,12,31,36]. Patients present different behavioral patterns
depending on individual characteristics and preferences for
using a mobile phone. We suppose that this issue may at least
partly depend on the analyzed group of patients and intrapatient
variability. In our study, we also observed that patients in
manic/mixed states demonstrated various phone usage
patterns—from very long calls to very rare phone use. This was
especially reflected in the large standard deviation of the
duration of calls. To our knowledge, this variability has not
been investigated in detail in similar studies so far. This could
open up an interesting field for further research focused on
tailored solutions for the individual patient rather than on the
characteristics of BD itself. It seems that taking precautions in
considering call statistics as a single-phase marker or phase
change marker for all patients, in particular, in manic/mixed
state, would be reasonable. The behavioral parameters differ
between mood phases (depression, mania, mixed state) as
compared to euthymia. Depression and mania reflect various
manifestations of the illness, but not necessarily should be seen
as two poles of the same dimension [37]. Consequently,
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parameters characterizing depression and mania do not need to
have opposite signs but will rather be different from euthymic
state. In our study, this conclusion was also confirmed by the
observation of missed calls among patients with depression and
mania or mixed state. This parameter was significantly increased
in both affective states as compared to euthymia and was
positively correlated to the severity of depressive and manic
symptoms. This could indicate that both manifestations of the
disease, although of different affective tones, have a similar
effect on social interactions, and its size increases with the
severity of the illness symptoms. In depression, this could be
due to psychomotor retardation and social isolation, while in
manic/mixed states, this could be the effect of growing
distractibility and inattention. Therefore, we conjecture that the
key information might be conveyed by the general change in
behavioral patterns appropriate for a given patient in euthymia,
and not the direction of the change itself. The above conclusion
is also supported by an analysis comparing all pathological
affective states in BD to the euthymic state (Table 8), showing
a significant difference with the euthymic state. The correlation
of self-assessment data with the clinically rated depressive or
manic symptoms has been shown in the previous research
[8,38-41]. It is worth noting at this point that there are also apps
providing personalized psychoeducation programs or mobile
therapy combined with self-assessment tools, for instance, the
SIMPLe app [42]. The SIMPLe app showed efficacy in
improving sleep, social rhythms, and eating pattern [43].This
paper also revealed that in natural settings, patients’ adherence
declined over time. We observed that at the very beginning,
almost 90% of the patients filled data regularly, but after 3
months, only less than one-quarter of the patients systematically
continued the self-assessment. This adherence rate appeared to
be similar to that reported by Hidalgo-Mazzei et al [44] where
only 30% of the patients were using the app regularly after 6
months of the study. Nevertheless, it should be stressed that
adherence in completing self-rated questionnaires ranging from
42% to 95% was observed in previous studies [45]. We have
identified that most of the patients with low adherence in filling
self-assessment questionnaires were in the state of euthymia
during the initial psychiatric assessment. The other hypothesis
is that cognitive performance might play a certain role in filling
the assessments [46]; yet, the data collected in this study
provides little information on this topic. Further research might
take this potential variable into consideration. The long-term
collection of self-assessment data and their suitability for the
recognition and prediction of affective state seem to be
problematic. Similar conclusions were also drawn by
Faurholt-Jepsen et al [8]. The completeness of the
self-assessment data collected in this study was insufficient to
fully explain their relation to BD states. A strength of this study
is that most patients were assessed several times using a
longitudinal design for an average of ~7 months. The adopted
cutoff points on the depressive (HDRS) and manic (YMRS)
scales allowed us to capture changes in phone usage patterns
that
are
already
different
in
mild
depression/hypomania/mania/mixed states as compared to
euthymia. Patients with severe manic/mixed symptoms also
tended to provide more diversified patterns of behavior in the
same condition. This sheds new light on, so far little studied,
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the variability of behavior among patients with BD (measured
for example with the standard deviation) in given affective
states. Further research could concentrate on personalized apps,
adapting to a given patient, or the search for more generalizable
smartphone-based objective parameters, which will be
independent of the individual patterns of the phone usage and
behavior. Acoustic features of the human voice seem to be
promising candidates [47]. In the study of Faurholt-Jepsen et
al [11], voice data turned out to be a reliable objective phase
marker in BD. Moreover, speech features seem to be a promising
marker for the assessment of suicide risk in patients with
depression [48]. In our study, we also collected these data, but
owing to their extensive nature and the need for thorough
analysis, they will be presented in a separate paper. Relations
between data collected from smartphones and the depressive
and manic affective symptoms confirmed in this study
demonstrate promising potential for both early detection of
affective states and the prediction of phase changes. This is
commonly formulated as either classification or regression task
[49]. Recent papers [34,50] show that statistical and machine
learning approaches can be complemented by process
monitoring with control charts. These are easily understandable
visual tools that naturally address the temporal structure of data
and generate notifications about the change of BD phase.

Limitations
The initially planned sample size was 100 patients. The reason
for not meeting this goal was a slowdown in the trial in early
2018 due to technical issues (eg, monitoring of the daily
travelled distance based on satellite navigation data, disruption
of the normal usage of smartphone). However, it is worth noting
that the final sample size (N=51) is still one of the largest among
similar studies. The BDmon app was developed only for
Android as it was the dominating operating system in Poland
at the time of this study and we did not want to add additional
costs and technical complexity to the project. During the
enrolment into the study, only 3 out of 84 patients (4%) did not
have an Android smartphone and were offered a relevant device
for the study period. Therefore, we believe that the potential
autoselection of our sample arising from this issue was
negligible. The most controversial monitoring function for
patients was travelled distance computed using satellite
navigation—almost 90% of the patients refused to be monitored;
thus, these data were not eventually analyzed. Moreover, patients
in the manic state were likely to switch off the smartphone quite
frequently or uninstall the app, which created nonrandom
missing data. During this study, 3 patients experienced
worsening of the psychotic symptoms accompanying depressive
and manic episodes. Finally, since this study was exploratory,
no correction for multiple comparisons was applied.

Conclusions
This study brings strong evidence that smartphone-based
parameters reflecting behavioral activities are related to the
severity of depressive and manic symptoms and allow for
discriminating between affective states in BD, that is, depression
versus euthymia and manic/mixed states versus euthymia. These
parameters could be used to assess the severity of manic or
depressive symptoms in BD and assist in the early recognition
J Med Internet Res 2022 | vol. 24 | iss. 1 | e28647 | p. 15
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of phase change, which can increase the patient’s chance of
early intervention between outpatient visits and hence improve
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the course of the disease and prognosis.

Acknowledgments
This project was supported by EU funds (Regional Operational Program for Mazovia), a project entitled “Smartphone-based
diagnostics of phase changes in the course of bipolar disorder” (RPMA.01.02.00-14-5706/16-00).

Conflicts of Interest
None declared.

Multimedia Appendix 1
Telephone questionnaire form.
[PDF File (Adobe PDF File), 615 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Changed ground truth.
[PDF File (Adobe PDF File), 441 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Changed cut-off points.
[PDF File (Adobe PDF File), 444 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Well-being scale.
[PNG File , 70 KB-Multimedia Appendix 4]

Multimedia Appendix 5
Correlations of phone calls.
[PNG File , 2537 KB-Multimedia Appendix 5]

Multimedia Appendix 6
Correlations of other calls.
[PNG File , 1808 KB-Multimedia Appendix 6]

Multimedia Appendix 7
Summary of statistics.
[PDF File (Adobe PDF File), 629 KB-Multimedia Appendix 7]

Multimedia Appendix 8
Boxplots of duration of all calls.
[PNG File , 401 KB-Multimedia Appendix 8]

Multimedia Appendix 9
Boxplots of incoming calls.
[PNG File , 346 KB-Multimedia Appendix 9]

Multimedia Appendix 10
Boxplots of outgoing calls.
[PNG File , 351 KB-Multimedia Appendix 10]

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28647 | p. 16
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Dominiak et al

Multimedia Appendix 11
Boxplots of all calls.
[PNG File , 365 KB-Multimedia Appendix 11]

Multimedia Appendix 12
Boxplots of duration of incoming calls.
[PNG File , 388 KB-Multimedia Appendix 12]

Multimedia Appendix 13
Boxplots of duration of outgoing calls.
[PNG File , 391 KB-Multimedia Appendix 13]

Multimedia Appendix 14
Boxplots of fraction of missed calls.
[PNG File , 340 KB-Multimedia Appendix 14]

Multimedia Appendix 15
Boxplots of standard deviations of incoming call duration.
[PNG File , 358 KB-Multimedia Appendix 15]

Multimedia Appendix 16
Boxplots of standard deviations of outgoing call duration.
[PNG File , 377 KB-Multimedia Appendix 16]

Multimedia Appendix 17
Boxplots of fraction of outgoing calls.
[PNG File , 377 KB-Multimedia Appendix 17]

Multimedia Appendix 18
Boxplots of number of missed calls.
[PNG File , 331 KB-Multimedia Appendix 18]

Multimedia Appendix 19
Boxplots of self-assessment of feeling, sleep time, number, and length of text messages.
[PDF File (Adobe PDF File), 1296 KB-Multimedia Appendix 19]

Multimedia Appendix 20
Regression coefficients from mixed regression models regarding smartphone-based data and affective states.
[PDF File (Adobe PDF File), 443 KB-Multimedia Appendix 20]

References
1.

2.
3.

4.

Catalá-López F, Gènova-Maleras R, Vieta E, Tabarés-Seisdedos R. The increasing burden of mental and neurological
disorders. Eur Neuropsychopharmacol 2013 Nov;23(11):1337-1339. [doi: 10.1016/j.euroneuro.2013.04.001] [Medline:
23643344]
Grande I, Berk M, Birmaher B, Vieta E. Bipolar disorder. Lancet 2016 Apr 09;387(10027):1561-1572. [doi:
10.1016/S0140-6736(15)00241-X] [Medline: 26388529]
Vázquez GH, Holtzman JN, Lolich M, Ketter TA, Baldessarini RJ. Recurrence rates in bipolar disorder: Systematic
comparison of long-term prospective, naturalistic studies versus randomized controlled trials. Eur Neuropsychopharmacol
2015 Oct;25(10):1501-1512. [doi: 10.1016/j.euroneuro.2015.07.013] [Medline: 26238969]
Kessing LV, Andersen PK. Predictive effects of previous episodes on the risk of recurrence in depressive and bipolar
disorders. Curr Psychiatry Rep 2005 Dec;7(6):413-420. [doi: 10.1007/s11920-005-0061-0] [Medline: 16318818]

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28647 | p. 17
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
5.

6.
7.

8.

9.

10.

11.

12.

13.

14.
15.
16.

17.
18.
19.

20.
21.
22.

23.

24.
25.

Park DY, Do D, Chang L, Shah S, Yuen LD, Hooshmand F, et al. Episode accumulation associated with hastened recurrence
and delayed recovery in bipolar disorder. J Affect Disord 2018 Feb;227:657-664. [doi: 10.1016/j.jad.2017.11.071] [Medline:
29174739]
Vieta E, Berk M, Schulze TG, Carvalho AF, Suppes T, Calabrese JR, et al. Bipolar disorders. Nat Rev Dis Primers 2018
Mar 08;4:18008. [doi: 10.1038/nrdp.2018.8] [Medline: 29516993]
Faurholt-Jepsen M, Frost M, Vinberg M, Christensen EM, Bardram JE, Kessing LV. Smartphone data as objective measures
of bipolar disorder symptoms. Psychiatry Res 2014 Jun 30;217(1-2):124-127. [doi: 10.1016/j.psychres.2014.03.009]
[Medline: 24679993]
Faurholt-Jepsen M, Vinberg M, Frost M, Christensen EM, Bardram JE, Kessing LV. Smartphone data as an electronic
biomarker of illness activity in bipolar disorder. Bipolar Disord 2015 Nov;17(7):715-728. [doi: 10.1111/bdi.12332] [Medline:
26395972]
Grünerbl A, Muaremi A, Osmani V, Bahle G, Ohler S, Tröster G, et al. Using smart phone mobility traces for the diagnosis
of depressive and manic episodes in bipolar patients. 2014 Presented at: Proceedings of the 5th Augmented Human
International Conference; March; Kobe, Japan p. 1-8. [doi: 10.1145/2582051.2582089]
Grünerbl A, Muaremi A, Osmani V, Bahle G, Ohler S, Tröster G, et al. Smartphone-based recognition of states and state
changes in bipolar disorder patients. IEEE J Biomed Health Inform 2015 Jan;19(1):140-148. [doi:
10.1109/JBHI.2014.2343154] [Medline: 25073181]
Faurholt-Jepsen M, Busk J, Frost M, Vinberg M, Christensen EM, Winther O, et al. Voice analysis as an objective state
marker in bipolar disorder. Transl Psychiatry 2016 Jul 19;6:e856 [FREE Full text] [doi: 10.1038/tp.2016.123] [Medline:
27434490]
Faurholt-Jepsen M, Vinberg M, Frost M, Debel S, Margrethe Christensen E, Bardram JE, et al. Behavioral activities collected
through smartphones and the association with illness activity in bipolar disorder. Int J Methods Psychiatr Res 2016
Dec;25(4):309-323 [FREE Full text] [doi: 10.1002/mpr.1502] [Medline: 27038019]
Carr O, Saunders KEA, Bilderbeck AC, Tsanas A, Palmius N, Geddes JR, et al. Desynchronization of diurnal rhythms in
bipolar disorder and borderline personality disorder. Transl Psychiatry 2018 Apr 12;8(1):79 [FREE Full text] [doi:
10.1038/s41398-018-0125-7] [Medline: 29643339]
Monteith S, Glenn T, Geddes J, Bauer M. Big data are coming to psychiatry: a general introduction. Int J Bipolar Disord
2015 Dec;3(1):21 [FREE Full text] [doi: 10.1186/s40345-015-0038-9] [Medline: 26440506]
Crisan C. Lack of insight in bipolar disorder: the impact on treatment adherence, adverse clinical outcomes and quality of
life. In: Psychotic Disorders-An Update. Budapest: IntechOpen; 2018.
Antosik-Wójcińska AZ, Dominiak M, Chojnacka M, Kaczmarek-Majer K, Opara KR, Radziszewska W, Święcicki.
Smartphone as a monitoring tool for bipolar disorder: a systematic review including data analysis, machine learning
algorithms and predictive modelling. Int J Med Inform 2020 Jun;138:104131. [doi: 10.1016/j.ijmedinf.2020.104131]
[Medline: 32305023]
Rajagopalan A, Shah P, Zhang MW, Ho RC. Digital Platforms in the Assessment and Monitoring of Patients with Bipolar
Disorder. Brain Sci 2017 Nov 12;7(11):150 [FREE Full text] [doi: 10.3390/brainsci7110150] [Medline: 29137156]
Torous J, Powell AC. Current research and trends in the use of smartphone applications for mood disorders. Internet
Interventions 2015 May;2(2):169-173. [doi: 10.1016/j.invent.2015.03.002]
Rucci P, Calugi S, Miniati M, Fagiolini A. A review of self-report and interview-based instruments to assess mania and
hypomania symptoms. Giornale Italiano di Psicopatologia. 2013. URL: https://www.researchgate.net/publication/
259464128_A_review_of_self-report_and_interview-based_instruments_to_assess_mania_and_hypomania_symptoms
[accessed 2021-01-10]
Francis A, Gasparo P. Interval between symptom onset and hospitalization in mania. Journal of Affective Disorders 1994
Jul;31(3):179-185. [doi: 10.1016/0165-0327(94)90027-2]
Vieta E, Salagre E, Grande I, Carvalho AF, Fernandes BS, Berk M, et al. Early Intervention in Bipolar Disorder. Am J
Psychiatry 2018 May 01;175(5):411-426. [doi: 10.1176/appi.ajp.2017.17090972] [Medline: 29361850]
Velligan DI, Weiden PJ, Sajatovic M, Scott J, Carpenter D, Ross R, et al. Assessment of adherence problems in patients
with serious and persistent mental illness: recommendations from the Expert Consensus Guidelines. J Psychiatr Pract 2010
Jan;16(1):34-45. [doi: 10.1097/01.pra.0000367776.96012.ca] [Medline: 20098229]
Daus H, Kislicyn N, Heuer S, Backenstrass M. Disease management apps and technical assistance systems for bipolar
disorder: Investigating the patients´ point of view. J Affect Disord 2018 Mar 15;229:351-357. [doi: 10.1016/j.jad.2017.12.059]
[Medline: 29331693]
Van Til K, McInnis MG, Cochran A. A comparative study of engagement in mobile and wearable health monitoring for
bipolar disorder. Bipolar Disord 2020 Mar;22(2):182-190 [FREE Full text] [doi: 10.1111/bdi.12849] [Medline: 31610074]
Bardram J, Frost M, Szántó K, Faurholt-Jepsen M, Vinberg M, Kessing L. Designing mobile health technology for bipolar
disorder: a field trial of the monarca system. New York, USA: Association for Computing Machinery; 2013 Presented at:
SIGCHI Conference on Human Factors in Computing Systems (CHI '13); 2013; Paris, France. [doi:
10.1145/2470654.2481364]

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

Dominiak et al

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28647 | p. 18
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
26.

27.

28.

29.
30.

31.

32.

33.

34.
35.
36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

Festersen P, Corradini A. Re: Mind: A mobile application for bipolar disorder patients. 2014 Presented at: 4th International
Conference on Wireless Mobile Communication and Healthcare - Transforming Healthcare Through Innovations in Mobile
and Wireless Technologies (MOBIHEALTH); December 5; Athens, Greece p. 343-346. [doi:
10.4108/icst.mobihealth.2014.257188]
Harari GM, Lane ND, Wang R, Crosier BS, Campbell AT, Gosling SD. Using Smartphones to Collect Behavioral Data in
Psychological Science: Opportunities, Practical Considerations, and Challenges. Perspect Psychol Sci 2016 Nov;11(6):838-854
[FREE Full text] [doi: 10.1177/1745691616650285] [Medline: 27899727]
Kessing LV, Hansen MG, Andersen PK, Angst J. The predictive effect of episodes on the risk of recurrence in depressive
and bipolar disorders - a life-long perspective. Acta Psychiatr Scand 2004 May;109(5):339-344. [doi:
10.1046/j.1600-0447.2003.00266.x] [Medline: 15049770]
Kessing LV, Hansen MG, Andersen PK. Course of illness in depressive and bipolar disorders. Naturalistic study, 1994-1999.
Br J Psychiatry 2004 Nov;185:372-377. [doi: 10.1192/bjp.185.5.372] [Medline: 15516544]
Karam ZN, Provost EM, Singh S, Montgomery J, Archer C, Harrington G, et al. Ecologically valid long-term mood
monitoring of individuals with bipolar disorder using speech. Proc IEEE Int Conf Acoust Speech Signal Process 2014
May;2014:4858-4862 [FREE Full text] [doi: 10.1109/ICASSP.2014.6854525] [Medline: 27630535]
Muaremi A, Gravenhorst F, Gruenerbl A, Arnrich B, Troster G. Assessing bipolar episodes using speech cues derived from
phone calls. 2014 Presented at: Interntional Symposium on Pervasive Computing Paradigms for Mental Health (mindCare);
2014; Tokyo, Japan p. 103-114. [doi: 10.1007/978-3-319-11564-1_11]
Kaminska O, Kaczmarek-Majer K, Opara K, Jakuczun W, Dominiak M, Antosik-Wójcinska A, et al. Self-organizing maps
using acoustic features for prediction of state change in bipolar disorder. 2019 Presented at: Proceedings of the 17th
Conference on Artificial Intelligence in Medicine, AIME; March; Poznan, Poland. [doi: 10.1007/978-3-030-37446-4_12]
Kaminska O, Kaczmarek-Majer K, Hryniewicz O. Acoustic Feature Selection with Fuzzy Clustering, Self Organizing Maps
and Psychiatric Assessments. 2020 Presented at: Proceedings of the IPMU 2020: Information Processing and Management
of Uncertainty in Knowledge-Based Systems; June 15-19; Lisbon, Portugal p. 342-355. [doi: 10.1007/978-3-030-50146-4_26]
Luke SG. Evaluating significance in linear mixed-effects models in R. Behav Res Methods 2017 Aug;49(4):1494-1502.
[doi: 10.3758/s13428-016-0809-y] [Medline: 27620283]
Bates D, Mächler M, Bolker B, Walker S. Fitting Linear Mixed-Effects Models Using Ime4. J Stat Soft 2015;67(1):1-48.
[doi: 10.18637/jss.v067.i01]
Beiwinkel T, Kindermann S, Maier A, Kerl C, Moock J, Barbian G, et al. Using Smartphones to Monitor Bipolar Disorder
Symptoms: A Pilot Study. JMIR Ment Health 2016 Jan 06;3(1):e2 [FREE Full text] [doi: 10.2196/mental.4560] [Medline:
26740354]
Johnson SL, Morriss R, Scott J, Paykel E, Kinderman P, Kolamunnage-Dona R, et al. Depressive and manic symptoms are
not opposite poles in bipolar disorder. Acta Psychiatr Scand 2011 Mar;123(3):206-210 [FREE Full text] [doi:
10.1111/j.1600-0447.2010.01602.x] [Medline: 20825373]
Depp CA, Kim DH, de Dios LV, Wang V, Ceglowski J. A Pilot Study of Mood Ratings Captured by Mobile Phone Versus
Paper-and-Pencil Mood Charts in Bipolar Disorder. J Dual Diagn 2012 Jan 01;8(4):326-332 [FREE Full text] [doi:
10.1080/15504263.2012.723318] [Medline: 23646035]
Faurholt-Jepsen M, Torri E, Cobo J, Yazdanyar D, Palao D, Cardoner N, et al. Smartphone-based self-monitoring in bipolar
disorder: evaluation of usability and feasibility of two systems. Int J Bipolar Disord 2019 Jan 04;7(1):1 [FREE Full text]
[doi: 10.1186/s40345-018-0134-8] [Medline: 30610400]
Busk J, Faurholt-Jepsen M, Frost M, Bardram JE, Kessing LV, Winther O. Daily estimates of clinical severity of symptoms
in bipolar disorder from smartphone-based self-assessments. Transl Psychiatry 2020 Jun 18;10(1):194 [FREE Full text]
[doi: 10.1038/s41398-020-00867-6] [Medline: 32555144]
Faurholt-Jepsen M, Vinberg M, Christensen EM, Frost M, Bardram J, Kessing LV. Daily electronic self-monitoring of
subjective and objective symptoms in bipolar disorder--the MONARCA trial protocol (MONitoring, treAtment and
pRediCtion of bipolAr disorder episodes): a randomised controlled single-blind trial. BMJ Open 2013;3(7):e003353 [FREE
Full text] [doi: 10.1136/bmjopen-2013-003353] [Medline: 23883891]
Hidalgo-Mazzei D, Mateu A, Reinares M, Murru A, Del Mar Bonnín C, Varo C, et al. Psychoeducation in bipolar disorder
with a SIMPLe smartphone application: Feasibility, acceptability and satisfaction. J Affect Disord 2016 Aug;200:58-66.
[doi: 10.1016/j.jad.2016.04.042] [Medline: 27128358]
Hidalgo-Mazzei D, Reinares M, Mateu A, Juruena MF, Young AH, Pérez-Sola V, et al. Is a SIMPLe smartphone application
capable of improving biological rhythms in bipolar disorder? J Affect Disord 2017 Dec 01;223:10-16. [doi:
10.1016/j.jad.2017.07.028] [Medline: 28711743]
Hidalgo-Mazzei D, Reinares M, Mateu A, Nikolova VL, Bonnín CDM, Samalin L, et al. OpenSIMPLe: A real-world
implementation feasibility study of a smartphone-based psychoeducation programme for bipolar disorder. J Affect Disord
2018 Dec 01;241:436-445. [doi: 10.1016/j.jad.2018.08.048] [Medline: 30145515]
Chan EC, Sun Y, Aitchison KJ, Sivapalan S. Mobile App-Based Self-Report Questionnaires for the Assessment and
Monitoring of Bipolar Disorder: Systematic Review. JMIR Form Res 2021 Jan 08;5(1):e13770 [FREE Full text] [doi:
10.2196/13770] [Medline: 33416510]

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

Dominiak et al

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28647 | p. 19
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
46.

47.

48.
49.
50.

Dominiak et al

Bonnín CDM, Solé B, Reinares M, García-Estela A, Samalin L, Martínez-Arán A, et al. Does cognitive impairment in
bipolar disorder impact on a SIMPLe app use? J Affect Disord 2021 Mar 01;282:488-494. [doi: 10.1016/j.jad.2020.12.168]
[Medline: 33422826]
Gideon J, Provost EM, McInnis M. Mood state prediction from speech of varying acoustic quality for individuals with
bipolar disorder. Proc IEEE Int Conf Acoust Speech Signal Process 2016 Mar;2016:2359-2363 [FREE Full text] [doi:
10.1109/ICASSP.2016.7472099] [Medline: 27570493]
Cummins N, Scherer S, Krajewski J, Schnieder S, Epps J, Quatieri TF. A review of depression and suicide risk assessment
using speech analysis. Speech Communication 2015 Jul;71:10-49. [doi: 10.1016/j.specom.2015.03.004]
Fukazawa Y, Yamamoto N, Hamatani T, Ochiai K, Uchiyama A, Ohta K. Smartphone-based Mental State Estimation: A
Survey from a Machine Learning Perspective. Journal of Information Processing 2020;28:16-30. [doi: 10.2197/ipsjjip.28.16]
Vazquez-Montes MDLA, Stevens R, Perera R, Saunders K, Geddes JR. Control charts for monitoring mood stability as a
predictor of severe episodes in patients with bipolar disorder. Int J Bipolar Disord 2018 Apr 04;6(1):7 [FREE Full text]
[doi: 10.1186/s40345-017-0116-2] [Medline: 29616434]

Abbreviations
BD: bipolar disorder
HDRS: Hamilton Depression Rating Scale
ICD-10: International Classification of Diseases, tenth revision
YMRS: Young Mania Rating Scale

Edited by R Kukafka; submitted 14.03.21; peer-reviewed by D Hidalgo-Mazzei, E Chan; comments to author 21.04.21; revised version
received 15.06.21; accepted 15.11.21; published 19.01.22
Please cite as:
Dominiak M, Kaczmarek-Majer K, Antosik-Wójcińska AZ, Opara KR, Olwert A, Radziszewska W, Hryniewicz O, Święcicki Ł, Wojnar
M, Mierzejewski P
Behavioral and Self-reported Data Collected From Smartphones for the Assessment of Depressive and Manic Symptoms in Patients
With Bipolar Disorder: Prospective Observational Study
J Med Internet Res 2022;24(1):e28647
URL: https://www.jmir.org/2022/1/e28647
doi: 10.2196/28647
PMID: 34874015

©Monika Dominiak, Katarzyna Kaczmarek-Majer, Anna Z Antosik-Wójcińska, Karol R Opara, Anna Olwert, Weronika
Radziszewska, Olgierd Hryniewicz, Łukasz Święcicki, Marcin Wojnar, Paweł Mierzejewski. Originally published in the Journal
of Medical Internet Research (https://www.jmir.org), 19.01.2022. 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.

https://www.jmir.org/2022/1/e28647

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28647 | p. 20
(page number not for citation purposes)

