Smartphone Data Gathered Early in Depression Treatment
Predicts Treatment Outcome

Soumyashree Sahoo!, Md Zakir Hossain!, Chinmaey Shende!, Parit Patel?, Xinyu Wangl, Jinbo Bi!,
Jayesh Kamath?, Alexander Russell!, Dongjin Song!, Bing Wang!
'University of Connecticut 2University of Connecticut Health Center

ABSTRACT

Predicting treatment outcomes early in depression care is crucial
for guiding timely clinical decisions. Early identification of non-
responders allows clinicians to adjust treatment strategies sooner,
minimizing patient suffering and reducing strain on healthcare sys-
tems. This study explores whether smartphone data collected early,
specifically, during the initial 2-4 weeks of treatment, can provide
reliable insights into treatment outcome at the 12th week (the end
of a treatment course). We integrate weekly medication surveys,
daily mood and anxiety self-ratings, and location-based sensory
features to develop machine learning models capable of predicting
depression treatment outcomes 8 to 10 weeks before treatment com-
pletion. Our results demonstrate that smartphone data collected
early in treatment can achieve prediction accuracy comparable to
weekly clinical questionnaires, with improved performance when
multiple data sources are combined. Using the data of first two
weeks, F; scores reach 0.60 with a single source of data and 0.68
with all three types of data combined. Extending the data to four
weeks improves the corresponding accuracy to 0.67 of data) and
0.73, respectively, emphasizing the value of longer-term sequen-
tial data. Incorporating clinical questionnaire scores collected at
baseline and the fourth week further enhances prediction accuracy,
achieving a maximum F; score of 0.77.
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1 INTRODUCTION

The symptoms of depression span multiple aspects of daily life,
including appetite, energy, mood, sleep, psychomotor activity, inter-
ests, and suicidal ideation. As a result, depression severely impairs
one’s physical health and social functioning. It is linked to various
chronic physical health conditions, affecting 2% to 21% of people
globally during their lifetime [44, 54]. It is a leading cause of suicide
world wide [1].

The goal in treating depression is achieving symptom remission
and full functional recovery [33]. Unfortunately, it is reported that
only about 35% of patients will remit upon initial treatment in a
given episode [37]. On the positive side, for the patients who did
not remit after the first treatment, up to 40% experience significant
improvement after switching to an alternative treatment, adding a
second medication, or adding psychotherapy provided they pursue
these options [37]. The reality, however, is that patients typically
drop out of treatment if initial treatments fail or they experience
side effects: After starting antidepressant treatment, nearly half
make no follow-up visits and only one quarter return often enough
to pursue additional treatment options [46].

To optimize patient care outcome, it is highly desirable to predict
whether a patient will eventually respond to treatment early in the
course of the treatment. This is important for guiding treatment
plan. For instance, if it is predicted that a patient is unlikely to
respond to a treatment, alternative treatment can be started earlier
on, without waiting to the end of the treatment episode, which can
significantly reduce patient suffering and reduce the strain to the
medical system. A large number of studies are on predicting treat-
ment outcome (see surveys [11, 25, 35] and the references within).
While some of them show promise, none has reached sufficient
accuracy to be used in clinical settings. In addition, data used in
some studies (e.g., neuroimaging and genetics data) are expensive to
collect, and hence the prediction method is difficult to be carried out
on a large scale. An alternative approach, assessment through peri-
odic clinical questionnaires, is burdensome, subjective, and limited
to recall bias.

The ubiquitous smartphones provide a platform for scalable and
easy data collection that can be used to predict treatment outcome.
In this paper, we use smartphone data collected early in treatment
to predict outcome at the end of the treatment. Specifically, we
develop a family of machine learning based prediction models that
use data collected in the first two, three, or four weeks to predict the
treatment outcome at the end of the 12th week;, i.e., 8-10 weeks early
before the treatment completes. We explore three types of data: 2-
question Likert-scale daily survey on mood and anxiety, 3-question
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Likert-scale weekly survey on medication, and continuously col-
lected location sensory data that requires no user interaction. All the
data were collected on smartphones, including both ecological mo-
mentary assessments (EMA) which have been shown to have strong
correlations with clinical self-assessment [8, 31, 42], medication
experience which is important for managing depression [22, 47],
and objective location sensory, which has been shown to reflect
behavioral features that are correlated with depression [7, 20, 34].
These three types of data are significantly less burdensome than
periodic clinical questionnaires, and are much less costly than neu-
roimaging or collecting genetics data. We explore using each type of
data individually and in combination to predict treatment outcome.
In addition, we combine the data with clinical questionnaires that
are available in current clinical settings (as part of standard of care)
to predict treatment outcome. While two recent studies [15, 58]
also explored using smartphone or wearable data collected early in
treatment to predict, multiple weeks ahead of time, the treatment
outcome, they differ from our study in design, methodology, and
the data used for prediction (see §2).

Using the data collected from 87 users enrolled from several
mental health clinics, our study makes the following main contri-
butions.

o We identify a set of features from smartphone data collected early
in treatment, and develop a family of machine learning models that
use sequential features to predict treatment outcome, leading to
prediction 8 to 10 weeks before the end of the treatment. We further
develop machine learning models that combine non-sequential
clinical questionnaire scores and sequential features to enhance the
prediction accuracy.

o We show that smartphone data collected early in treatment can
lead to accurate prediction, comparable to that predicted using bur-
densome weekly clinical questionnaire. Our results further show
that using longer-term sequential data leads to more accurate pre-
diction. When using the smartphone data collected in the first 2
weeks, the predicted F; score is up to 0.60 when using a single type
of smartphone data, and is increased to 0.68 when combining all
three types of smartphone data. When using the smartphone data
collected in the first 4 weeks, the corresponding predicted F; scores
are improved to 0.67 and 0.73, respectively.

o We show that including clinical questionnaire scores (collected
at baseline and the 4th week) that are already available in clini-
cal settings further improves the prediction accuracy. Specifically,
when combining them with smartphone data collected in the first 4
weeks of treatment, the maximum predicted F; score is 0.77, exceed-
ing the prediction accuracy achieved using four weeks of clinical
questionnaire scores.

Our results demonstrate that using smartphone data collected
early in treatment to predict treatment outcome 8 to 10 weeks
into the future is a promising direction. Early prediction of treat-
ment outcome can assist clinician decision making (e.g., to adjust
treatment strategies sooner). Thus our study indicates an excit-
ing opportunity of incorporating smartphone data in depression
treatment to improve treatment efficacy.

The rest of the paper is organized as follows. We briefly review
related work in Section 2. We then present data collection in Sec-
tion 3, and data pre-processing and feature extraction in Section 4.

Sahoo et al.

We present correlation analysis in Section 5, our methodology of
developing machine learning based prediction models and the pre-
diction results in Section 6. Discussion and limitation of this work
are presented in Section 7. Finally, Section 8 concludes the paper.

2 RELATED WORK

Depression treatment outcome prediction. There is rich litera-
ture on this topic (see surveys [11, 25, 35] and references within).
Most existing studies use neuroimaging data, genetic data (e.g.,
DNA and micro-RNA) through blood testing, or clinical data as
predictors. Several recent studies explore using data collected from
mobile devices (smartphones and/or wearables) to predict treat-
ment outcome. The studies in [42, 45] use sleep data collected on
Fitbit and daily EMA self-ratings collected on smartphones, respec-
tively, to predict the status of depression treatment (i.e., improved
or not improved). The prediction is 0-2 weeks in advance, different
from our focus on using data collected early in treatment to predict
outcome 8-10 weeks in the future. The studies in [15, 58] are closest
to our study in that they also use data collected on mobile devices
early in treatment to predict treatment outcome. The study in [58]
leverages sensory data collected from smartphones and wearables
(e.g., phone usage, GPS, sleep, and step counts) during the first 2-4
weeks of treatment to predict 12th-week outcomes using Hamilton
Depression Rating Scale (HAMD) scores [4, 26]. A critical issue with
their method is, unlike our study, the lack of treatment initiation
as an inclusion criterion, which undermines the validity of their
response versus non-response definition. The study in [15] pro-
posed a multi-task learning model trained on both intervention and
control groups in a randomized controlled trial (RCT) to predict the
efficacy of a new depression treatment. They used baseline clinical
characteristics and the first 2 months of sensory data collected by
Fitbit (e.g., heart rate, sleep, and activity) to predict the treatment
outcome at the end of the 6th month. As such, the prediction is
farther away into the future and uses longer-range of data than
our study. In addition, our study differs from [15, 58] in that they
only use sensory data, while we use EMA, medication surveys,
and location sensory data. We further consider smartphone data
together with clinical questionnaire scores that are available when
predicting treatment outcome, which is not explored in [15, 58].
Last, while the prediction of our study is for the same time frame
as that in [58], our predicted F; score and AUROC are significantly
better than those in [58] (see §6.4).

Sensory data, daily survey ratings (EMA), medication and
depression. We use three types of data collected on smartphones:
location data collected using sensors, EMA and medication surveys.
A large number of recent studies have used sensing data (e.g., phys-
ical activity, location, sleep) collected on smartphones and/or wear-
ables for detecting depression or depressive mood [5, 7, 12, 14, 19—
21, 23, 24, 27, 29, 34, 40, 48, 50-52, 55-57]. These studies extract
behavioral features from the sensing data and develop machine
learning models or statistical techniques that use these features
to predict depression. Some studies (e.g., [12]) predict depressive
symptom multiple weeks in advance. Our work differs from them
in that we focus on predicting depression treatment outcome using
data collected early in treatment, instead of the onset or relapse of
depression.
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We use daily EMA to collect two Likert-scale self-ratings of
mood and anxiety once a day. It is based on the observation that
mood and anxiety are prominent symptoms of depression, and can
reflect the efficacy of the current treatment [2, 8, 30, 31]. Unlike our
study, existing studies do not use mood and anxiety collected early
in treatment to predict treatment outcome 8-10 weeks before the
completion of treatment course.

Studies [22, 36, 49] have emphasized the critical role of medica-
tion adherence in achieving better treatment outcomes for individ-
uals with depression. To the best of our knowledge, our study is
the first that use three factors related to medication, i.e., adherence,
safety and tolerability (see §3), to predict treatment outcome.

3 DATA COLLECTION

We collected four types of data: weekly medication data, daily sur-
vey mood and anxiety (EMA), location sensory data, and weekly
self-reported questionnaire scores, all collected using a smartphone
app. To protect user privacy, each participant was assigned a ran-
dom ID, which is associated with their data. All the collected data
were encrypted and stored on the phone, and then transferred to a
secure server once the phone was connected to WiFi and the battery
level on the phone was sufficiently high. The study protocols and
procedures were approved by the Institutional Review Board (IRB)
of the University of Connecticut. In the following, we first describe
data collection and then the participants.

Weekly medication survey. This weekly survey is collected through
an app on users’ smartphones. It asks three questions: (i) Did you
take the depression medication(s) as prescribed by your provider?,
(if) How would you rate the side effects of the new depression medi-
cation?, and (iii) How tolerable was the new depression medication?

The first question is on medication adherence. The response
ranges from 0 (always, 100% adherence) to 4 (very little or never,
0-25% adherence), i.e., higher values indicate lower adherence or
less frequent medication intake. The second question is on side
effects, or safety, with the response from 1 (none) to 5 (severe),
i.e., higher values indicate participants consider the medication
less safe due to more severe side effects. The third question is on
tolerability, rated from 1 (very tolerable) to 5 (not tolerable), i.e.,
higher values indicate more difficulty tolerating the medication.
For all three questions, higher values correspond to more negative
experiences (i.e., worse adherence, side effects, or tolerability).

To complete this weekly survey, participants received a notifi-
cation to respond to these three questions at 12pm (noon) on a
scheduled day each week. If a participant did not fill in the survey
right away, the notification remained active for 24 hours after the
survey became available for the participant to complete it.

Daily self-rating of mood and anxiety. This daily survey asks
two questions: (i) How would you rate your mood today? (ii) How
would you rate your anxiety level today? For each question, partic-
ipants were provided with a Likert scale from 1 to 5, wherein the
lowest rating signified the most positive emotional state and the
highest denoted the most negative.

Participants received a notification to respond to these two ques-
tions once a day (at 6pm each day). A participant had 12 hours
to complete it. A badge feature of app was used after the initial
notification to indicate that an action was required from the app.
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Location sensory data. The location data was collected automati-
cally using the LifeRhythm app [20]. For Android phones, GPS data
was collected periodically every 10 minutes, while on iOS, an event-
based mechanism was used, collecting data when users traveled a
certain distance (50 meters to 1 mile). To minimize battery usage,
the accuracy of GPS data varied between 10 and 100 meters based
on user activity, and samples with errors exceeding 165 meters
were excluded. Additionally, WiFi association data was collected,
which was used to approximate user locations when connected to
APs (see §4).

Weekly self-report questionnaire. We used Quick Inventory
of Depressive Symptomatology (QIDS) [38], a widely used self-
assessment questionnaire, as the clinical questionnaire instrument
for this study. QIDS measures 16 factors across 9 different crite-
rion domains including mood, concentration, self-criticism, suicidal
ideation, interests, energy/fatigue, sleep disturbance, decrease or
increase in appetite or weight, and psychomotor agitation or retar-
dation. The total score of QIDS ranges from 0 to 27; higher scores
indicate higher severity.

The participants filled in QIDS questionnaires at the beginning
of the study, which were treated as their baseline QIDS scores.
Only those with baseline QIDS score > 11 were recruited into the
study, since QIDS score of 11 is often used as a cutoff value that
indicates moderate depression. Once enrolled, participants filled
in QIDS every 7 days on their phones. A notification was sent to
their phones on the due date. After that, a badge feature of the app
indicated that an action was needed by the participants, who could
fill in the questionnaire within the next 24 hours.

Treatment outcome. The treatment outcome at the end of the

12th week is based on the 12th week QIDS score relative to the

baseline store. Specifically, define

baseline QIDS score — 12th-week QIDS score
baseline QIDS score

%Drop = 100

Following clinical practice, we use %Drop as the ground truth
for patient treatment improvement status. Specifically, if %Drop >
50%, the treatment outcome is labeled as improved; otherwise, it is
not-improved. If the QIDS score for the 12th week is unavailable,
the previous week’s QIDS score is used to calculate %Drop. A sim-
ilar cutoff threshold is used in [32] when determining treatment
outcome.

Participants. The participants of this study were recruited from
January 2020 to June 2024, from several mental health clinics. Based
on the enrollment criteria, all the participants were diagnosed with
depression, at least 18 years old, English speaking, and starting
a new pharmacological treatment for depression (i.e., starting a
new medication or increasing the dose of the current medication).
Participants who had any comorbid severe mental illness such
as bipolar disorder, schizophrenia, or other psychotic disorders
were excluded from the study. All participants met with our study
clinician for informed consent and initial screening before being
enrolled in the study.

We recruited a total of 147 participants for this study, of whom
23 withdrew during the first week. Among the remaining 124 par-
ticipants, we utilized data from three modalities, weekly medication
surveys, daily mood and anxiety self-ratings, and location-based
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Figure 1: (a) Baseline QIDS score for the users. (b) Histogram
of %Drop at the end of the 12th week.
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Figure 2: Predicting treatment outcome at the end of the 12th
week using the data gathered early (in the first 2-4 weeks) in
treatment. The enrollment is right after treatment starts.

sensory data, to predict depression symptom improvement out-
comes. Out of the 124 participants, medication data, daily mood
and anxiety survey data, and location data were available for 115,
114, and 87 participants, respectively. Since one of our goals was
comparing prediction models using data from different combina-
tions of these three modalities (see § 6), we considered only the 87
users with data across all three modalities in the rest of the paper.
We further confirmed that these 87 users had necessary QIDS data
required for our analysis.

Of them, 79.31% were female and 20.69% were male. In terms
of ethnicity, they were 68.97% white, 10.34% Asian, 6.90% African
American, and 13.79% with more than one race. These participants
used either Android or iOS phones, the two predominant smart-
phone platforms. Specifically, 30 of them were Android and 57 were
i0S users. Since almost all the participants used their own phone,
we expect to collect data with a reasonably good quality, as people
tend to carry and actively use their own phones.

Participant QIDS scores. Fig. 1a plots the histogram of baseline
QIDS score (i.e., the QIDS score at the enrollment) for the 87 users.
We see that the baseline QIDS score varies from 11 to 24 with a
mean of 15.0. Fig. 1b plots the histogram of %Drop (at 12th week)
for the users. It can be seen that the values of %Drop varies between
-18.18% to 92.31%, and only 6.8% of %Drop are negative. The average
percentage drop for all participants is 44.51%. Based on %Drop, out
of the 87 participants, the treatment outcome of 42 participants is
determined as improved, while the treatment outcome of the other
45 participants is determined as not-improved.

4 DATA PRE-PROCESSING AND FEATURE
EXTRACTION
The goal of our analysis is to determine whether smartphone data

collected early in treatment can predict treatment outcome. Since
up to 4 weeks are considered early weeks in treatment and 12 weeks
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are typically considered as a treatment course, we use up to 4 weeks
of data to predict the treatment outcome at the end of the 12th week.
Our data collection ranges from weekly data (medication survey),
daily data (mood and anxiety self-rating), and continuous data
(location sensory data). To represent them at a consistent time
scale, we obtain weekly features from all the above data sources.
Fig. 2 illustrates our methodology. Specifically, we obtain features
for week 1, 2, 3, and 4 from the three types of smartphone data, and
then utilize the time sequence data of the first 2 weeks, 3 weeks, or 4
weeks to predict whether a participant’s symptoms improve at the
12th week (end of the study). We next present feature extraction.

Medication features. Medication features in a week include med-
ication adherence, safety (side effects), and tolerance, which are
obtained directly using the weekly medication survey. Let (a;, sj, ¢;)
denote the adherence, safety, and tolerance features of week i. The
features for k weeks are (ay, s1, t1, - - ., g, Sk 1), kK = 2, 3, or 4.

EMA features. EMA data (mood and anxiety) is collected once a
day. In a week, if we have at least two days with survey responses,
we obtain the mean and standard deviation of the responses in that
week. Specifically, let mm; and ms; denote the mean and standard
deviation of mood in week i. Similarly, let am; and as; denote the
mean and standard deviation of anxiety in week i. Then the EMA
features for week i is (mm;, ms;, am;, as;). The features for k weeks
are (mmy, msy, amy, sy, . . ., MMy, Ms, amy., as), k = 2, 3, or 4.

Location features. As mentioned earlier, we collected two types
of location data: GPS data with location coordinates and WiFi asso-
ciation data. We then employed the data fusion technique in [55]
to combine these two types of data. Specifically, we considered a
sequence of time points {¢;}, where each time point #; had a lo-
cation sample (obtained from GPS or WiFi). We determined the
duration for which the location at ¢; was valid by assuming two
thresholds, T and Tyy, for GPS data and WiFi, respectively. If the
location for t; was obtained using GPS, then the duration for which
the user was assumed to be at this location is [t;, min(¢; + Tg, ti+1)].
Similarly, if the location for t; was obtained using WiFi, then the
duration for which the user was assumed to be at this location is
[ti, min(#; + Ty, ti+1)]. For Android, Tg is set to 15 minutes, and
Tyy is set to 4 and 6 hours for weekdays and weekends respectively
for 6am to 10pm; and set to 8 hours otherwise. For iOS, T and Tyy
are both set as Tyy for Android. After that, we used upsampling to
obtain location data at 1-minute intervals, which was then used
for feature extraction. If after the above data processing, a week
contains fewer than 5 days of valid location data or less than 2,500
samples, then we regard the week as having insufficient amount of
data, and is omitted in later analysis.

As in [20, 39, 40, 55], we extracted 8 location features from the
location data collected in a week. The first four features are directly
based on location data, while the last four features are based on
locations clusters obtained using DBSCAN [18], a density based
clustering algorithm to cluster the stationary points. The location
features for k weeks contain 8 X k location features. We next briefly
describe these 8 features.

e Location variance (Locygr ). It measures the variability in a

. > . . 2 2
participant’s location. It is calculated as Iog(O'long +0p,)s
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where 0'12
ong

and latitude of the location coordinates, respectively [30, 40].

o Time spent moving (Tnove ). It measures the percentage of
time that a participant is moving. We differentiate moving
and stationary samples following the approach in [30, 40].
Specifically, we estimate the moving speed at a sensed lo-
cation, and regard it as moving if the speed is larger than 1
km/h; otherwise, stationary.

o Total distance (Distance). Given the longitude and latitude
of two consecutive location samples for a participant, we
use Harversine formula to calculate the distance traveled in
kilometers between these two samples. We then obtained
the total distance traveled in a week and normalized by the
duration (i.e., one week) [30, 40].

o Average moving speed (AMS). It is the average moving speed,
where movement and speed are as described earlier.

o Number of unique locations (N, ). It is the number of unique
clusters from the DBSCAN algorithm.

e Entropy. It measures the variability of time that a participant
spends at different locations in a week [3, 30]. Let p; denote
the percentage of time that a participant spends in location
cluster i. The entropy is — 3; (p; log pi).

o Normalized entropy (Entropyy ). Itis Entropy/log Nj,., where
Nijoc is the number of unique locations, so that it is invariant
to the number of locations [30, 40].

o Time spent at home (Tyo e ) It represents the percentage of
time when a participant is at home, where home is iden-
tified as the location cluster where the participant is most
frequently found between [12, 6]am [20, 30, 40].

and crlza . represent the variance of the longitude

The above location features were extracted from the data col-
lected on Android and iOS platforms separately. Since the data on
these two platforms are not compatible (one collected periodically
and the other is event based, and the operating systems of these two
platforms have different restrictions), we followed an approach that
we developed earlier [41] to map the two datasets into a common
domain, so that we can train and test machine learning models
using the data from these two platforms jointly, instead of doing so
separately, which can significantly reduce the sample size.

Extent of missing data. Missing data is a common problem in
human data collection. We now present the extent of missing data.
Since we use the data collected in the first k weeks, we obtain the
percentage of missing n weeks of data, wheren =1,...,k — 1.

Fig. 3 plots the extent of missing data for the first 2, 3, or 4 weeks
of sequential data. Each plot illustrates the percentage of missing
samples across the Medication (Med), EMA, and Location (Loc)
datasets, differentiated by unique bar patterns and colors. Fig.3a
presents the percentage of missing samples when one week of data
is missing (marked as Med 1, EMA 1, Loc 1) in 2 sequential samples.
Similarly, Fig.3b shows the percentage of missing samples when
either 2 weeks (i.e., Med 2, EMA 2, Loc 2) or 1 week (i.e., Med 1,
EMA 1, Loc 1) of data is missing in 3 sequential samples. Fig. 3¢
extends this to 4 weeks, showing missing percentages for 3, 2, and
1 missing weeks. We see missing data varies across datasets and
the number of sequential weeks considered. The Location features
have higher percentage of missing data (more than 30% in most
cases) than medication and EMA. EMA has moderate missing data,
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Table 1: Pearson’s correlation between features obtained us-
ing data collected in week 4 and %Drop.

All Improved Not-improved
Feature " p " p " p
value | value | value | value | value | value

Adh. 033 017 070 ] 003 | -0.19 | 0.61
Safety 061 | <001 | 0.64 | 0.06 | -0.51 | 0.14
Tol. 033 | 016 | 043 | 025 | 0.06 | 088
Mood

00 053 | 003 | -048 | 0.19 | -0.70 | 0.05
mean
Mood

00 035 | 014 |023 | 055 |025 |049
stdev
Anxiet

Y1 051 | 004 | 022 | 057 |-057 |o0.14
mean
Anxiet

Y 1036 | 015 | 052 [016 |024 | 056
stdev
Locoar 030 | 021 |024 ]053 ] -035 |031
Trmove 027 | 026 | 003 | 093 | -0.09 | 0.98
Distance | 032 | 0.18 | 0.18 | 0.64 | 0.09 | 0.79
AMS 023 | 035 | 044 | 024 | -0.78 | <0.001
Nioe 052 | 002 |05 |0.12 | -0.01 | 099
Entropy | 034 | 0.15 | 059 | 0.10 | -0.14 | 0.69
Entropyy | 048 | 005 | 059 | 0.16 | 0.05 | 0.90
Trome 048 | 003 | 034 | 038 | -0.08 | 0.99

ranging from 6.9% to 29.9%, across multiple cases and medication
have the lowest percentages of missing data, ranging from 0% to
27.6%.

5 CORRELATION ANALYSIS

Since up to 4 weeks are considered early treatment and 12 weeks
form a complete treatment cycle, we used sequential data collected
in the first 2 weeks, 3 weeks, or 4 weeks to predict treatment out-
comes at the 12th week. To analyze the relationship between fea-
tures and %Drop, Pearson correlation coefficients were computed
for features from each week (i = 1,2, 3,4) with %Drop at the 12th
week. In the interest of space, we mainly present the correlation
results of the features in week 4 with %Drop, as the 4th week marks
the end of early treatment and is a significant point in clinical set-
tings. At the end of this section, we briefly summarize the results
for week 1, 2, and 3.

Table 1 presents the correlation results for week 4 (i = 4). It shows
the results across all samples, improved samples, and not improved
samples. When considering all samples, the strongest negative
correlations are observed for safety (-0.61, p < 0.01), mood mean
(-0.53, p = 0.03) and anxiety mean (-0.51, p = 0.04), indicating that
higher values for these features (corresponding to worse experience)
are associated with lower values of %Drop. Several location sensory
features, normalized entropy (Entropy ), unique locations (Nj,)
and time spent at home (Tj,0,.) have significant correlation with
%Drop: Entropyy (0.48, p = 0.05) and Ny, (0.52, p = 0.02) have
positive corelation with %Drop, while Ty, (-0.48, p = 0.03) is
negatively correlated. The positive corelation in features (Entropy
and Nj,.) suggests that higher values of features are associated with
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higher %Drop. This shows that diverse location visits correlate with
symptom improvement, and increased movement patterns may
indicate higher social engagement, better physical activity, and
improved mental health. The negative correlation between Tj e
and %Drop indicates worse symptom improvement and participants
spending most of their time at home tend to show less symptom
improvement. The above observations are consistent with earlier
studies [6, 28, 40, 43] that find depression is often linked with social
isolation.

When considering improved samples only, we see significant
correlation for medication adherence (0.70, p = 0.03) and safety
(-0.64, p = 0.06). For not-improved samples, significant correlation
is observed for mood mean (-0.70, p = 0.05) and average moving
speed (-0.78, p < 0.001).

The above results are for the features in week 4. We now briefly
summarize the results for week 1, 2, and 3, considering all partici-
pants. For week 1 features, significant correlation is observed for
mood mean (-0.47, p = 0.03), anxiety mean (-0.49, p = 0.02), and
one location feature Tj,,. (-0.44, p = 0.05). For week 2 features,
significant correlation is observed for mood mean (-0.50, p = 0.02),
anxiety mean (-0.27, p = 0.05), and one location feature Nj,. (0.29,
p = 0.02). For week 3, significant correlation is observed for mood
mean (-0.13, p = 0.04), anxiety mean (-0.16, p = 0.03), safety (-0.20,
p = 0.05) and two location features, Ty, pme (-0.30, p = 0.05) and
Njoe (052, p = 0.02).

In summary, we observe correlation between the various fea-
tures and %Drop. Depending on the scenarios, the features that
have significant correlations with %ZDrop can be a combination of
medication, mood and anxiety, and location features. In the next
section, we use the various features to predict treatment outcome,
which is determined based on %Drop.

6 PREDICTING TREATMENT OUTCOME

In this section, we develop machine learning based classification

models that predict the treatment outcome (improved or not-improved)

using smartphone data. In the following, we first describe the set-
tings for prediction, and then the classification methodology, fol-
lowed by the prediction results.

6.1 Prediction Settings

Fig. 4 illustrates the various prediction tasks and prediction models.
The first set of tasks is using smartphone data collected early in
treatment, specifically, in the first k weeks of treatment, to predict
treatment outcome at the end of 12th week (i.e., the treatment cycle),

where k = 2, 3, or 4, and the %Drop at the 12th week serves as the
label (see §3).

We explored using one type of smartphone features, i.e., related
to medication, daily survey (EMA), or location, and combination of
two or three types of features to understand whether these features
are complementary to each other in predicting treatment outcome
(§6.4). We further explored combining QIDS baseline score with
smartphone data, since QIDS baseline score can represent individual
variation at the onset of the treatment and is routinely collected in
clinical settings (§6.5). Last, we explored using the first 4 weeks of
smartphone data, QIDS baseline score, and QIDS score collected at
the end of the 4th week to predict treatment outcome (§6.6). In this
setting, we used 4th-week QIDS score, since 4th week assessment
is considered as standard clinical practice (4th week is typically the
first follow-up time after the onset of treatment). Specifically, it is
difficult to collect QIDS score every week in clinical setting, but
it is very feasible and is considered standard of care to collect a
depression questionnaire (QIDS) score at the 4th week time point.

6.2 Classification Methodology

For all the above prediction scenarios, due to the limited size of
the dataset, we employed a leave-one-user-out cross-validation
procedure for all the machine learning algorithms. This approach
ensures that no data from a particular user is used for both training
and testing. Specifically, if there are N users in the dataset, we
trained N models, with each model trained on data from N — 1
users and used to predict labels for samples from the N-th user.
The results obtained from all users were then combined to calculate
various evaluation metrics, including F; score, precision, recall,
specificity, and Area Under the Receiver Operating Characteristic
(AUROC).

Each machine learning algorithm requires tuning multiple hyper-
parameters. To achieve this, we performed a grid search, evaluating
a wide range of values for the hyperparameters. Ultimately, we
selected the hyperparameter values that yielded the highest valida-
tion F; score, which ranges from 0 to 1, and is the harmonic mean
of precision and recall, i.e., 2(precision x recall)/(precision + recall).
A higher F; score indicates better performance. We next briefly
describe the two deep learning machine learning algorithms that
are used for prediction.

6.3 Deep Learning Models

Since sequential data (multiple weeks of data) with features such as
medication, location, and daily survey data are used for predicting
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Figure 4: Illustration of prediction settings and method.

depression symptom improvement status, the focus is on effectively
handling missing data while capturing temporal dependencies in
the time series. We used two types of deep learning models that
are suitable for our dataset: GRU-D [10] and BRITS [9]. GRU-D is
a state-of-the-art sequence modeling method based on the Gated
Recurrent Unit (GRU) [13]. It is well-suited for time series data with
missing values due to its ability to integrate missing data patterns
directly into its architecture. BRITS also handles missing values
in time series data. It differs from GRU-D in that it imputes the
missing values by leveraging a bidirectional recurrent neural net-
work (RNN). We next provide more details on these two models.
Our implementation of the models is based on the implementa-
tion in PYPOTS library [16]. Both GRU-D and BRITS incur low
computational overhead. More advanced prediction models (e.g.,
transformer-based) may lead to better results, as the cost of more
computational overhead, which are left as future work.

Model structure. To address different types of input data, we
designed two distinct model architectures. For inputs containing
only sequential data, the model comprises an input layer, a deep
learning model layer (output of GRU-D or BRITS model), and an
output layer. When the input includes both sequential and non-
sequential data (e.g., QIDS baseline score; see §6.1), the architecture
integrates a deep learning layer for processing sequential inputs
and a dense layer for handling non-sequential data. The outputs
from them are then concatenated, enabling the model to combine
and leverage information from both sequential and non-sequential
inputs.

o GRU-D handles missing data through two key mechanisms: mask-
ing to identify missing points and time intervals to capture gaps
between observations. These representations are used to compute
feature-specific decay rates, which adapt the influence of historical
data on predictions. GRU-D processes sequential features of medi-
cation, location, and surveys as raw time series, learning temporal
patterns directly while addressing irregularities and sparsity. The
model incorporates temporal decay for inputs and hidden states, and
uses a GRUCell to update the hidden state sequentially. It is trained
with binary cross-entropy loss using the Adam optimizer with an
exponential decay learning rate. Techniques including dropout (var-
ied in 0.2-0.6) and early stopping (patience: varied in 2-10 epochs)
are used to prevent overfitting. Hyperparameters, including hidden
state size (8—128), batch size (8—64), activation functions (ReLU,
tanh), and epochs (up to 200), are optimized via grid search.

© BRITS handles missing data in time series through dynamic impu-
tation using bidirectional RNNs. It imputes missing values by pro-
cessing data forward (past — future) and backward (future — past)
using two RNNS, aligning both imputations with a consistency loss.
Missing values are estimated using temporal decay mechanisms
through history regression (hidden states) and feature regression
(feature correlations), with a learned weight combining the esti-
mates. The fully imputed time series is then used for classification,
where logits from forward and backward RNNs are averaged to
produce final prediction probabilities. The model optimizes a total
loss combining reconstruction loss (ensures accurate imputations),
consistency loss (aligns forward and backward imputations), and
classification loss (minimizes error between predicted probabilities
and ground truth labels). This end-to-end framework enhances the
quality of imputations and improves prediction accuracy.

Dropout (0.2-0.6) and early stopping (2-10 epochs) are used to
prevent overfitting. Hyperparameters, including hidden state size
(2-128), batch size (8-64), activation functions (ReLU, tanh), and
epoch limits (up to 200), are tuned via grid search.

6.4 Results Using only Smartphone Data

We consider three types of smartphone data (medication, daily
survey and location) separately and in combination for prediction,
leading to seven settings below:

® Med, i.e., using the first k weeks of medication adherence, safety,
and tolerance features (3 features in each week).

e EMA, i.e., using the mean and standard deviation of daily sur-
vey/questionnaire features in each week for the first k weeks (4
features in each week).

e Loc, i.e., using the location features obtained from one week of
location data in the first k weeks (8 features in each week).

¢ EMA+Med, EMA+Loc, Loc+Med, EMA+Med+Loc, i.e., using
combination of two or three types of features in each week.

Comparison baseline. We compare the prediction results of the above
settings with the results obtained using QIDS + QIDS baseline,
i.e., the QIDS score in the past k weeks and the baseline QIDS score,
since QIDS is a standard instrument in clinical settings, which is,
however, burdensome to participants.

Figures 5 and 6 present the prediction results versus k using GRU-
D and BRITS, respectively. In both figures, the first seven subplots
are for the prediction results obtained using smartphone data, and
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Figure 5: Prediction results when using smartphone data only, GRU-D models, k = 2, 3, or 4. The last subplot shows the
comparison baseline when using QIDS baseline and QIDS scores in the first k weeks.
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Figure 6: Prediction results when using smartphone data only, BRITS models, k = 2, 3, or 4. The last subplot shows the
comparison baseline when using QIDS baseline and QIDS scores in the first k weeks.

the last subplot is for the comparison baseline, obtained using
QIDS scores+baseline QIDS score. We see from all the subplots that
increasing k in general leads to better prediction, confirming that
using more data helps improving prediction accuracy. In addition,
under the same setting, the BRITS models tend to lead to better
prediction results than GRU-D. We next mainly present the results
for k = 2 and 4, the two end points of the prediction scenarios.
While we optimize validation F; score when training the models,
we observe that both GRU-D and BRITS lead to good results for
other metrics (precision, recall, specificity, and AUROC). For clarity,
we only report F; score below.

Results when using the first two weeks of data (k = 2). Fig. 5h and
Fig. 6h presents the comparison baseline using GRU-D and BRITS,
respectively. When k = 2, we see that using QIDS + QIDS base-
line score leads to F; score of 0.64 under GRU-D, slightly higher
than BRITS (0.62). When using smartphone data, the results under
BRITS are slightly better than those under GRU-D. Specifically,

under BRITS, the F; score is up to 0.60 (EMA) and 0.60 (Loc) when
using a single type of smartphone data; when combining two types
of data, the Fy score is 0.65 (EMA+Loc), 0.65 (EMA+Med) and 0.59
(Loc+Med), and when combining all three types of data, the F; score
is 0.68, higher than the comparison baseline. The above results show
that the three types of features are complementary to each other,
consistent with the fact that they measure three different aspects,
i.e., psychological and behavioral conditions, and medication expe-
rience, that are related to depression. Our results are significantly
better than those in [58], which has the best F; score of 0.58 when
combining multiple features for k = 2.

Results when using the first four weeks of data (k = 4). When k = 4,
the F; score is 0.71 and 0.74 for the comparison baseline that use
QIDS + QIDS baseline score. When using smartphone data, the
results under BRITS are again better than those under GRU-D,
and hence we only describe the results under BRITS below. When
using one type of smartphone data, the results are worse than the
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baseline results: when using EMA, the F; score is 0.67; followed by
the results when using Loc (F; score 0.66), and then using Med (F;
score 0.65). When combing two types of smartphone features, we
already see the results become similar or equivalent to the baseline
results, particularly in the settings of EMA+Med and EMA+Loc
(both lead to F; score of 0.72), again confirming that the different
types of smartphone data are complementary to each other. When
using all three types of smartphone features, the F; score is 0.73,
similar as that of the baseline. Our results are again significantly
better than those in [58], which has the best F; score of 0.63 for
k=4.

Summary. Summarizing the above results, we see that smartphone
data gathered early in treatment can lead to effective treatment
prediction. Specifically, using EMA data alone already leads to rea-
sonable prediction results, particularly when k = 4, and combining
EMA with Med or/and Loc leads to even better prediction, com-
parable to or exceeding the comparison baseline, which requires
burdensome QIDS questionnaires.

6.5 Results Using Smartphone Data+QIDS
Baseline Score

We next present the prediction results when combining QIDS base-
line score and smartphone data. Specifically, either individual type
of smartphone data or multiple types in combination, together with
QIDS baseline score as another feature, are used to predict treatment
outcome. As mentioned earlier, QIDS baseline score represents the
baseline conditions of an individual, and was collected routinely in
clinical settings.

Fig. 7 plots the prediction results when k = 2, 3, or 4 for the seven
settings of smartphone data, including EMA, Loc, Med, EMA+Med,
EMA+Loc, Loc+Med, and All (i.e., EMA+Med+Loc), with QIDS base-
line score. These settings use both sequential smartphone data and
non-sequential data. As mentioned earlier, the sequential features
are input to GRU-D or BRITS layer, while QIDS baseline score is
input into a dense layer in the prediction models.

The results for GRU-D and BRITS are presented in the top and
bottom rows of Fig. 7, respectively. We again see that the results
when using BRITS tend to be better than those of GRU-D under the
same setting. We therefore only present the results for BRITS below.
When k = 2, we see that adding QIDS baseline score to single type
of smartphone data leads to better prediction than that without
QIDS baseline score (the best F; score is improved from 0.60 to
0.63); when using multiple types of smartphone data, we do not
observe clear improvement. When k = 4, compared to the results
without using QIDS baseline score, we see that the prediction F;
score is improved from 0.73 to 0.75 when adding QIDS baseline
score to EMA+Med+Loc features; for all the other cases, no clear
improvement is observed.

6.6 Benefits of Adding 4th-Week QIDS Score

We next present the prediction results when further including the
4th-week QIDS score as input features. As mentioned earlier, 4th-
week QIDS is often collected in standard clinical practice since 4th
week marks the end of early treatment. Specifically, we used the
first 4 weeks of smartphone data, with individual types of smart-
phone data and multiple types of smartphone data in combination,
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QIDS baseline score, and 4th-week QIDS score to predict treatment
outcome at the end of the 12th week.

Figures 8a and b present the results for GRU-D and BRITS, re-
spectively. Compared to the results in Fig. 7, we see that including
4th-week QIDS score leads to significant improvement in prediction
accuracy. We observe that even only using one type of smartphone
data, when combined with 4th-week QIDS score + QIDS baseline,
the prediction accuracy is already fairly high: the F; score is 0.70
and 0.73 when using EMA and Loc, respectively, under BRITS mod-
els. This is particularly important for Loc, since location data can
be collected automatically on smartphones, without any user inter-
action, and hence using location data for prediction is a particularly
low-burden option for participants. EMA only requires answering
two 5-point Likert scale questions, which also only incurs little
human interaction. We further observe that when combining two
types of smartphone data, the prediction F; score is already slightly
higher than what can be achieved using 4 weeks of QIDS score +
QIDS baseline (0.75 for EMA+Loc under BRITS compared to 0.74
for QIDS in Fig. 6h). When using all three types of smartphone
data, combined with 4th-week QIDS score, the F; score is 0.77, the
highest among all the settings that we evaluate.

The above results demonstrate that smartphone data collected
early in treatment, which require little or no user interaction, along
with self-reported questionnaires that are routinely collected as
standard clinical practice (i.e., baseline and 4th-week QIDS scores)
provide a promising direction in predicting treatment outcome at
the end of the 12th week.

Last, we explored prediction models that only use smartphone
data and the 4th week QIDS score, without using the baseline QIDS
score; see Fig. 9. We see that the results are not as good as those
when using both baseline and 4th week QIDS scores, indicating
the importance of including baseline QIDS, which complements
the 4th week QIDS score by providing insights about individual
conditions at the onset of the treatment.

7 DISCUSSION

Main findings. Our study highlights the potential of using smart-
phone data collected early in treatment to effectively predict treat-
ment outcomes, 8 to 10 weeks before the end of the treatment
cycle. After identifying a set of sequential features from medication,
EMA, and location data, we developed machine learning models
that achieve accurate predictions, with F1 scores reaching up to
0.73 (Fig. 6g) when combining all three types of data collected in
the first four weeks. This is close to the F; score of 0.74 obtained
using weekly QIDS + baseline QIDS scores (Fig. 6h). When using
data from the first two weeks, the predicted F1 score reaches up to
0.60 (Fig. 6b, 6c) when a single type of smartphone data is used, and
improves to 0.68 (Fig. 6g) when all three types of smartphone data
are combined. Extending the data collection period to four weeks
further enhances predictive accuracy, with the corresponding F1
scores increased to 0.67 (Fig. 6b) for a single type of data and 0.73
when combining all three types.

The above findings underscore the viability of leveraging smart-
phone data that can be easily collected to provide timely predic-
tions that are comparable to those obtained using more burdensome
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weekly clinical questionnaires. Our results also highlight the im- present valuable insights into one’s psychological and behavioral
portance of using complementary smartphone data for treatment conditions, and medication experience, respectively. Various simple
outcome prediction. We found that brief daily mood and anxiety features can be extracted from these data, which we found are corre-

questionnaire, location sensory data, and weekly medication survey, lated with treatment outcome, and hence can be used to effectively
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predict treatment outcome, and are particularly effective when used
in combination.

Importantly, the inclusion of non-sequential clinical question-
naire scores (collected at baseline and the 4th week) further en-
hances prediction accuracy, achieving a maximum F1 score of 0.77
(Fig. 8b) when combined with smartphone data. We argue that al-
though this approach does require two QIDS scores, one at baseline
and the other at the 4th week, it is not as burdensome as using pe-
riodic (e.g., weekly QIDS) questionnaire. In fact, both baseline and
4th week questionnaires are already routinely collected in clinical
settings.

Overall, our results show that smartphone data can be trans-
formative in clinical practice in assisting clinical decision making,
specifically, determining whether to continue or adjust the current
treatment plan based on the predicted treatment outcome.

Open questions and limitations of our work. Although our re-
sults show smartphone data can assist clinician decision making, an
open question is when and how to use it in clinical settings. While
the current prediction accuracy is reasonable, it is desirable to fur-
ther improve the accuracy, eventually to the level that is suitable
for actual usage in clinical settings. Two complementary directions
can be helpful in improving prediction accuracy: by using other
types of smartphone data (e.g., phone usage, app usage patterns,
communication behaviors) that can be easily collected, and by de-
veloping more advanced machine learning models. We envision
that, when using machine learning based prediction models in the
clinical settings, clinicians will play a crucial role in interpreting
predictions alongside other clinical information. Rather than replac-
ing clinical judgment, the machine learning models will serve as an
additional decision-support tool to help inform treatment planning.
To facilitate using machine learning based prediction results in
clinical settings, a particularly important direction is enhancing
model interpretability and robustness, which is left as future work.

In this paper, the treatment improvement status is based on
%Drop, obtained using clinical questionnaire scores (specifically,
the 12th week and baseline QIDS scores). While clinical question-
naires are widely-used and validated tools for assessing depression
in clinical practice, they are inherently subjective. Integrating more
objective and quantifiable measures, such as EEG or other phys-
iological signals, to determine improvement status represents a
valuable direction for future research.

We found a significant amount of missing location data. Better
data collection methodology can be used to reduce the amount of
missing location data, which is left as future work. While daily
EMA and weekly medication survey require user interaction, the
response rate from the users indicate that they are not burdensome,
and our usage of simple mean and standard deviation features are
robust to missing data. We used hand-crafted features in this paper;
exploring other feature extraction methods or non-hand-crafted
features is left as future work. The two machine learning models
we use do not provide direct information to rank the importance of
the features; identifying the most effective features is also left as
future work.

Last, this study is constrained by a small dataset of 87 participants.
The small sample size limits the generalizability of our findings;
larger-scale study is needed to validate our findings. In addition,
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the participants are predominantly female, consistent with the ob-
servations that women are more likely than men to be diagnosed
with depression (e.g., [17]), and are more likely to seek treatment
and participate in clinical studies [53]. The unbalanced participants
however may limit the generalizability of our findings across gen-
ders, and future studies with more balanced dataset is needed to
further validate our findings.

8 CONCLUSION

In this study, we explored the potential of using smart-phone data
collected early in depression treatment to predict treatment out-
comes 8 to 10 weeks before the end of the treatment cycle. Our
results demonstrate that features derived from these data sources
are effective predictors of symptom improvement at the end of
treatment. Specifically, longer observational windows, such as four
weeks, consistently improve prediction accuracy. Furthermore, our
analysis showed that the two deep learning models are robust to
missing data, effectively handling incomplete sequences due to
their ability to manage temporal dependencies. We also examined
sequential prediction across multiple data sources, highlighting the
value of integrating diverse smartphone data. Overall, the strong
prediction accuracy, robustness to missing data, and ability to pre-
dict treatment outcomes early in the treatment process are promis-
ing. This study supports the potential of using smartphone data to
monitor and guide depression treatment effectively.
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