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Personalized depression treatment, despite decades of research, is still elusive. The current best practice is closely monitoring
patients and adjusting the treatment as needed. Close monitoring of patients is, however, challenging in clinical settings
due to high cost, limited resources, and patient burden. In this paper, we explore using daily step counts automatically
collected by a fitness wristband for depression treatment status monitoring. We focus on deep learning models that can
effectively learn feature representation from a sequence of raw daily step count data, without relying on handcrafted features.
One significant challenge is that our dataset is small, while deep learning models typically need large amounts of data to
achieve strong generalization. To address this challenge, we investigate self-supervised contrastive pretraining to learn feature
representation, followed by utilizing these representations for binary classification. Our results show that this contrastive
pretraining approach significantly outperforms several state-of-the-art deep learning models. When using step count data
together with a one-shot self-reported baseline questionnaire score, it leads to validation �1 score up to 0.74, comparable to
the best �1 score (0.72) when using baseline and burdensome periodic self-reported scores. Last, when further including daily
sleep data, the best �1 score is improved to 0.77.

CCS Concepts: • Information systems → Mobile information processing systems.
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1 INTRODUCTION
Depression is a mental health disorder that leads to persistent sadness, loss of interest in activities, changes in
sleep patterns, difficulty concentrating, and lack of motivation. It can significantly impact a person’s daily life
and relationships with family, friends, and community. An estimated 3.8% of the global population experiences
depression [1]. In the United States, major depressive disorder is estimated to have a life-time prevalence of
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20.6% [2]. The consequences of untreated depression are severe, including close to 1 million deaths by suicide
annually [3].

Personalized depression treatment aims to promptly identify the most effective treatment for each individual,
while minimizing potential side effects in clinical settings. Despite extensive research conducted over the past
several decades, identifying ideal depression treatment for individual patients remains a tremendous challenge.
Few clinical characteristics, biomarkers, or genetic variations have been discovered that can consistently predict
the effectiveness of a specific depression treatment on an individual [4–6]. As a result, the current best practice
guideline is maintaining close follow-up with patients and adjusting treatment as necessary [7, 8]. This approach
recognizes the need for continuous monitoring of an individual’s response to treatment, allowing for modifications
to optimize outcome.

Close monitoring of patients through physician-administered follow-ups or patient self-administered question-
naires, however, poses significant challenges in clinical settings. Physician-administered follow-ups incur high
cost [9] and are hindered by the barrier of substantial shortage of trained professionals, particularly in low and
middle-income countries [10, 11]. Patient self-administered questionnaires are burdensome, subjective, and suffer
from recall bias. The above challenges call for innovative automated tools that enable close monitoring of patients,
offering clinicians objective, accurate, easily accessible, and timely assessments of depression symptoms. Such
assessments hold the potential to personalize treatment by promptly identifying patients who are not responding
well to interventions, assisting clinicians in adjusting treatment to prevent treatment discontinuation.

Digital phenotyping has been shown to be an effective tool for continuous depression monitoring, without
the need of any interaction from the patients [12, 13]. Specifically, through passive sensing, smartphones and/or
wearables capture continuous sensory data that are related to an individual’s symptoms, behaviors and daily
functioning (e.g., physical activity, sleep, sociability, heart rate). Analysis of such data can open up new avenues for
personalized treatment, improved treatment outcome, and a deeper understanding of the underlying mechanisms
of depression. While numerous studies have explored the use of sensory data for detecting the onset or relapse of
depression, there has been relatively less emphasis on predicting the improvement or lack of improvement in
depression symptoms during treatment (see details in Section 2). Previous studies in this area have predominantly
been conducted outside clinical settings, relying on self-reports as the basis for their findings (see Section 2). In
addition, they have used multiple types of sensory data jointly for prediction.

In this work, we investigate the potential of utilizing one type of sensory data, daily step count, to predict
the improvement of depression symptoms, when using clinician assessment as the ground truth. The reason for
focusing on daily step count is because walking is a universal activity that is most preferred by individuals with
depression [14], and a wide range of devices, including pedometers, smartphones, wearable wristbands and fitness
devices can measure steps accurately. We hypothesize that daily step count can be used to predict depression
improvement status since low physical activity is a common symptom of depression; as depression symptoms
improves, the amount of physical activities may increase correspondingly, and vice versa. Specifically, we use a
wearable wristband (Fitbit) to collect daily step count, which has been shown to be reliable and accurate [15–18].

We are particularly interested in predictions that do not require periodic collection of self-reported questionnaire
scores, since such data collection is burdensome to participants and is difficult to carry out consistently over
time. Specifically, we consider two prediction scenarios: one using step count data only, and the other using
step count and baseline self-reported questionnaire score (that is obtained routinely at the initiation of a new
treatment). Both scenarios can be easily carried out in practice, with no or little burden to patients. To evaluate
the effectiveness of prediction for the above two scenarios, we compare their prediction accuracies with those
obtained using periodic self-reported questionnaire scores.

Predicting depression symptom improvement status using daily step count data can be naturally handled using
sequential deep learning approaches. Deep learning models can directly take a sequence of daily step count as
input, capture temporal dependencies in time series data, and automatically learn hierarchical representations
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of data without the need of manual feature extraction. One significant challenge is that the datasets for mental
health studies (including ours) are typically small, while deep learning models require large amounts of data to
achieve strong generalization. To address this challenge, we investigate contrastive pretraining to learn feature
representations [19–24], followed by utilizing these representations for binary classification.

While our study primarily examines the use of daily step count data to predict depression treatment outcome,
we further explore whether combining daily sleep duration data—another type of sensory data that is commonly
collected by wearable devices (e.g., Fitbit)—with daily step count can significantly improve prediction accuracy.
Since sleep data is also collected automatically without any user interaction, including sleep data does not increase
burden to participants.

Analyzing data collected from 49 participants enrolled from depression clinics, our study makes the following
main contributions:

• We present the characteristics of step count data for all, improved and non-improved periods, respectively.
Using linear mixed-effect models, we show that average step count in a week is correlated with self-
reported questionnaire score, and increasing average step count can lead to reduction in self-reported
questionnaire score. These results corroborate the findings in existing studies [25, 26].

• To address the challenge of using deep learning on a small dataset, we develop a contrastive pretraining
approach for predicting depression treatment improvement status. This approach uses self-supervised con-
trastive pretraining to learn feature representation without any label, followed by supervised classification
to predict improved or not-improved depression treatment status.

• We show that the contrastive pretraining based approach leads to significantly better prediction results
than several state-of-the-art deep learning models. When using daily step count data alone, it achieves
the best validation �1 score of 0.67. When using step count data with baseline self-reported questionnaire
score, the best validation �1 score improves to 0.74, comparable to the best �1 score (0.72) when using the
baseline and burdensome periodic self-reported questionnaire scores, and is only slightly lower than the
best �1 score (0.76) when using all three types of data (i.e., step count, baseline and periodic self-reported
scores). When combining daily sleep duration with step count and baseline self-reported questionnaire
score, the best validation �1 score is further improved to 0.77.

Overall, our study demonstrates that passively collected step count sensory data can serve as an effective
alternative to periodic self-report questionnaires for monitoring the improvement status during depression
treatment. Specifically, using continuous step count data and one-shot baseline questionnaire score provides an
attractive option in practice, since step count data can be collected automatically while baseline questionnaire score
is routinely collected, neither requiring patients to fill in questionnaire periodically, and hence can significantly
alleviate their burden. In addition, when daily sleep data is available (such as those collected by Fitbit), using daily
sleep data as an additional sequence of sensory data can further improve prediction accuracy without increasing
burden to participants.

The rest of the paper is organized as follows. We briefly review related work in Section 2. We then present
data collection in Section 3, and data pre-processing and correlation analysis in Section 4. After that, we present
correlation analysis in Section 5, and the contrastive pretraining approach in Section 6. In Section 7, we present
the machine learning based prediction results. Discussion and limitation of this work are presented in Section 8.
Finally, Section 9 concludes the paper.

2 RELATED WORK

Predicting depression treatment outcome. Our study broadly falls into the area of using machine learning to
predict depression treatment outcome. Existing studies in this area developed machine learning models that use
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baseline clinical data [27–29] or passively collected sensory data [30? –34]. We next describe the latter category
in more details since they are closer to our study.

The studies in [30, 31] are on long-term prediction, using the sensory data collected by smartphones and
wearables in the first 2-4 weeks of the treatment to predict the outcome for a much later time (12th week). Our
study differs from it in that our prediction is in short-term, on a weekly basis. The study in [32] formulated a
multi-task learning (MTL) problem for randomized controlled trial (RCT). The authors proposed MTL model
that was trained on both intervention and control groups in the RCT to predict the efficacy of a new depression
treatment for individual patients. They used baseline clinical characteristics and the first 2-month wearable data
collected using Fitbit. The input features to their MTL model were extracted from a rich set of data, including
per-minute heart rate, energy consumption, sleep and other activity measurements. Our study differs from [32]
in that we predict the improved or not-improved status for depression treatment mainly using daily step count
data, and step count together with sleep data.

The study in [33] used a single type of sensory data, i.e., minute-by-minute sleep data, collected using Fitbit,
for predicting depression improvement status. Our study is complementary to it in that we use daily step count
data, as well as daily step count together with daily sleep data collected directly by Fitbit. On the other hand, we
explore the prediction scenario of combining sensory data with baseline self-reported questionnaire score, which
is an important practical scenario that was not explored in [33]. In addition, we focus on deep learning models,
while the study in [33] only used classical machine learning models.

The study in [34] explored using 5-point Likert-scale mood and anxiety survey collected once a day from users
on their smartphones to predict depression treatment outcome. The study in [35] developed a cross-platform
approach that uses location sensory data collected passively on Android and iOS phones (the two predominant
smartphone platforms) to predict depression treatment outcome. They differ from our study in the type of data
being used and the modeling approach.

Daily step count, sleep and depression: Existing studies [36, 37] have shown bidirectional relationship
between step counts (and physical activities in general) and depression. Specifically, more physical activities
were associated with reduced risk of depression and lower depression scores [15, 38], while higher depressive
symptoms were associated with less physical activities and lower step counts [39]. Our study of using step count
to predict depression symptom improvement was motivated by the above bidirectional relationship.

The study in [26] explored the association between step count (collected using actigraph devices) and depression
for a group of veterans with moderate to severe depression, either starting or switching to a new course of
antidepressant monotherapy at the time of enrollment. Using generalized linear mixed models, the authors
showed that an increase in 1,000 steps per day was associated with a 0.6-point decrease in depressive symptom
severity at the subsequent follow-up assessment. Similar results were observed from our dataset (see Section 4).
The All of Us Research Program (AoURP) study examined the effects of physical activity over time on health
outcomes using wearables and clinical data [15]. It showed inverse and linear relationship between daily step
count and major depressive disorder, and daily step above 8,200 can help reduce the incident of depression. Our
study developed machine learning models that use step count data to predict depression treatment outcome,
which is not explored in the above two studies.

While we mainly use daily step count data, we also explore using daily step count data together with daily
sleep duration data. Price et al. [40] used sociodemographic data as well as movement and sleep sensory data
from wearable devices to predict long-term depression symptom variability using ensemble machine learning
models. In contrast, our work focuses on predicting treatment outcomes rather than symptom variability. Horwitz
et al. [41] found that wearable-derived step and sleep data alone were insufficient for accurate predictions and
emphasized the role of mood diaries. Their use of traditional statistical models may have limited the prediction
accuracy of their models. The study by Yuuki et al. [42] evaluated a wristband-type wearable for measuring steps,
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sleep, and other physiological signals to assess depression severity. Their focus was on severity evaluation, not
on predicting symptom improvement, as in our work.
Using sensory data to detect depression or depression severity changes. A large number of studies have
developed machine learning models that use sensory data collected from smartphones and/or wearables to detect
depression [8, 43–52]. These studies were motivated by the observations that these sensory data can be analyzed
to extract behavioral features that are associated with depression symptoms, and hence can be used as features
to train machine learning models. These studies focus on detecting depression (onset or recurrence), instead of
predicting improvement or lack of improvement during depression treatment as in this study.

In contrast to the above studies, the focus of the studies in [48, 53–58] is on predicting depression severity
changes using sensory data. Most of these studies used multiple types of sensory data, including location data,
speech duration, sleep duration, sociability, audio amplitude, phone lock/unlock events, or app usage. In addition,
they used self-reported questionnaire data as the ground truth of severity changes. Our study differs from them
in that ours is in the clinical setting, using clinician assessment as the ground truth of depression improvement
status. In addition, our study used only two types of sensory data, daily step count and daily sleep duration, that
can be easily and reliably collected on a wide range of devices.

3 DATA COLLECTION
In this section, we discuss data collection and participant recruitment. We collected three main types of data:
self-reported questionnaire scores, clinician assessment, and daily step counts, as described below.
Self-report questionnaire: In this study, we used Quick Inventory of Depressive Symptomatology (QIDS) [59]
as self-assessment questionnaire for the participants. QIDS is widely utilized in clinical settings and encompasses
16 factors distributed across 9 different domains, which include mood, concentration, self-criticism, suicidal
ideation, interests, energy/fatigue, sleep disturbance, decrease or increase in appetite or weight, and psychomotor
agitation or retardation. Two out of these 9 factors (energy/fatigue, psychomotor agitation or retardation) are
related to step count. The total QIDS score ranges from 0 to 27, with higher scores indicating greater severity of
depressive symptoms.

At the onset of the study, participants completed a QIDS questionnaire, which served as their baseline QIDS
score. Only individuals with a baseline QIDS score ≥ 11 were included in the study (since 11 is a commonly
used cutoff to indicate moderate depression). Once enrolled, participants were prompted to complete QIDS
questionnaire every 7 days using their mobile phones, receiving notification reminders on the due dates.
Clinical assessment: Our study clinician conducted monthly assessment interviews with each participant and
determined the corresponding Clinical Global Impressions (CGI) [60] score for the participant at that time. CGI
is a widely utilized assessment tool in clinical settings. It consists of two companion one-item measures: the
CGI-S, which assesses the severity of psychopathology on a scale ranging from 1 (normal) to 7 (amongst the
most extremely ill patients), and the CGI-I, which evaluates the improvement or change in symptoms relative to
the baseline on a similar seven-point scale, ranging from 1 (very much improved) to 7 (very much worse).

In the rest of the paper, we utilize the CGI-I score as the definitive measure of treatment improvement status for
the participants. Specifically, we categorize the improvement status into two classes, improved and not-improved,
based on the CGI-I values. The improved class corresponds to CGI-I values of 1 (very much improved) or 2 (much
improved). The not-improved class corresponds to the rest of the CGI-I values, i.e., 3 (minimally improved) to 7
(very much worse).
Step count data: Fitbit uses three-axis accelerometer to capture and analyze the movement and acceleration of
the wrist during physical activities and converts the data into measurable step counts [61, 62]. The step count
information collected by Fitbit is transferred to Fitbit servers. We used the APIs provided by Fitbit to pull daily
step count for each user securely from the Fitbit server to our own secure server using OAuth protocol [63].
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Fig. 1. (a) Cumulative Distribution Function (CDF) of the number of HR readings per hour when a user is likely to be wearing
Fitbit. (b) CDF of time coverage per day.

Sleep data: Fitbit also collects daily sleep data, which we use to obtain daily sleep duration. While the main focus
of this paper is on using step count data to predict depression treatment improvement status, in Section 7.4, we
further explore whether sleep data can complement with step count data to provide higher prediction accuracy.
Participant recruitment: A total of 118 participants were recruited from January 2020 to December 2023 for this
study. They were recruited from multiple mental health clinics. The eligibility criteria required all participants to
be diagnosed with depression, with QIDS score ≥ 11, aged 18 years or older, proficient in English, and initiating a
new pharmacological treatment for depression (either beginning a new medication or increasing the dosage of
the current medication). Exclusion criteria comprised the absence of any concomitant severe mental illnesses,
such as bipolar disorder, schizophrenia, or other primary psychotic disorders. The Institutional Review Board
(IRB) of the University of Connecticut (UConn) and the University of Connecticut Health Center (UCHC) granted
approval for the study protocols and procedures.

Of the 118 participants, 12 participants withdrew from the study shortly after enrollment. Among the remaining
106 participants, 10 individuals were unable to use Fitbit due to medical reasons, 3 participants encountered
difficulties connecting their Fitbit devices to their phones, 23 participants experienced issues with data collection,
resulting in sparse step count data due to device malfunctions or improper usage, 15 participants did not respond
to the follow-up assessment, which is required for our data analysis. After excluding the aforementioned cases,
we are left with 55 participants. For our data analysis, we need to further refer to per-minute heart rate data (see
Section 4), which excludes 6 participants since we were not able to collect their heart rate data. Therefore, the
data analysis in the rest of the paper uses the data from 49 participants. Of them, 45 participants were female,
and 4 were male. The gender imbalance was due to the challenges in recruiting male participants, as discussed in
Section 8. In terms of ethnicity, the participants were distributed as follows: 66.7% were of white ethnicity, 16.7%
were of Asian ethnicity, 10.4% were African American, and 6.2% represented more than one race.

All participants underwent an informed consent process and initial screening with our study clinician prior to
their enrollment in the study. Each participant participated up to 12 weeks. Most of them participated close to
the full 84 days. The average participation duration was 76 days.

4 DATA PRE-PROCESSING
In the rest of the paper, we regard one week as a basic time frame. Each week concludes with a day featuring
a QIDS score and encompasses the preceding 7 days, as the QIDS questionnaire asks about symptoms and
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Fig. 2. (a) Cumulative Distribution Function (CDF) of daily step counts across all participants. (b) Histogram of average daily
step count per participant, and (c) CDF of the number of days with step count data.

behaviors in the past week. Additionally, we only consider weeks with a minimum of one day of step count data.
Furthermore, for data analysis, we also need to have a ground-truth improvement status label associated with the
week, which is based on clinician assessment. In the following, we describe further data pre-processing.
Daily step count pre-processing. To use a step count collected for a user in a day, we need to be sure that
the user has indeed been wearing the Fitbit consistently in the day. Otherwise, the collected step count can
significantly underestimate the actual step count of a user. Fitbit, however, does not provide such information
directly. In the following, we use per-minute heart rate (HR) data that is collected by Fitbit to provide insights
into whether a user has been wearing Fitbit1. Specifically, HR data is only collected when a user is wearing Fitbit;
otherwise no data is collected. Under idealistic scenarios, 24 × 60 = 1440 HR readings will be collected in a day
when a user wears Fitbit for a full day, and therefore, we can use the number of HR reading collected in a day
divided by 1440 to estimate the fraction of the time when a user has been wearing Fitbit for that day. In reality,
however, even when a user wears Fitbit, the device may not be able to obtain a reading per minute (e.g., due to
poor device-and-skin contact). In fact, we observed multiple consecutive hours with the number of HR readings
below 60, which is unlikely due to users only wearing Fitbit part of the time. We therefore first need to develop a
heuristic to infer whether a user has been wearing Fitbit based on HR readings.

For this purpose, we consider each hour in a day. Let G8 be the number of HR readings in the 8-th hour. It is
clear that when G8 = 60, then a user has been wearing Fitbit, and when G8 = 0, a user has not been wearing Fitbit
for that hour. When G8 ∈ (0, 60), it is not clear whether a user has been wearing Fitbit during the entire hour
and some readings are missing (e.g., due to skin contact issues), or user has only been wearing Fitbit for part of
the time. To have a higher likelihood that the former case is true, we only consider G8 ’s satisfying that G8−1 > 0
and G8+1 > 0. This is because under the above two conditions, it is likely that a user has been wearing Fitbit in
the hours before and after the 8-th hour, and hence is more likely to be wearing Fitbit during the 8-th hour as
well, since a user does not usually take off and put on Fitbit frequently. Fig. 1a plots the Cumulative Distribution
Function (CDF) of such G8 values. We see that most of the values are above 20, indicating that when the number
of readings in a hour is above 20, it is likely that a user has been wearing Fitbit.

In the following, we regard that a user has been wearing Fitbit for the entire hour if the number of HR readings
is larger than 20. We therefore convert all G8 ∈ (20, 60) to 60, and then calculate the total number of HR readings
in a day. Fig. 1b plots the CDF of the time coverage, i.e., the ratio of the above value divided by 1440, for all the
days that we consider. We see that most of the days have time coverage over 75% (i.e., corresponding to wearing
1While Fitbit also provides other forms of per-minute data, e.g., per-minute sleep and per-minute step count, they cannot be used to
differentiate whether a user has been wearing Fitbit or not. Specifically, per-minute sleep is only collected during sleep, not for 24 hours;
per-minute step count shows zero step count even if a user does not wear Fitbit.
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Fitbit for 18 hours in a day). In the rest of the paper, we use 75% as a cut-off value. That is, if the time coverage is
larger than 75%, we regard that the step count for that day as valid. Otherwise, we regard it as invalid and exclude
it from later analysis. This cut-off value is much stricter than the 9-hour value used in [25], and we believe the
corresponding daily step counts provide reasonably accurate measurement of the actual step counts.

After applying the above data pre-processing to the step count data, we retained records from 49 users, resulting
in 370 weeks of data. Each of these weeks contained at least one daily step count, ending with a day that had an
associated QIDS score.

Daily sleep data. Fitbit also collects daily sleep information. In Section 7.4, we explore whether using step count
and sleep data jointly can lead to better prediction of depression improvement status than using step count or
sleep data alone. For fair comparison, in our analysis, we only consider the weeks with at least one day of step
count and one day of sleep data (not necessarily the same day). As a result, we obtained a final combined dataset
of 359 weeks from 49 users. This integrated dataset is used for all subsequent analyses in this paper.

Characteristics of daily step count and sleep data. For these 49 participants, the number of daily step count
records collected in the study varies from 15 to 84. Fig. 2a plots the CDF of the daily step counts collected across
all the participants. It shows that the daily step count varies significantly, from 189 to over 30,000 steps. Fig. 2b
plots the histogram of the average daily step count per user (i.e., the sum of the step counts for the days with
step counts divided by the number of such days). We see that the average daily step count varies significantly
across the users, from hundreds to more than 14,000, and 19 users have daily average step count lower than 5,000,
the threshold below which is regarded as sedentary [64]. On average, a participant in the study took 5,974 steps
daily, higher than the average 3,460 steps per day reported in [26], which recruited veterans with depression as
participants. It is also higher than the expected values of 3,500-5,500 steps/day for special populations (i.e., with
disability or chronic illness) [65].

Fig. 2c plots the CDF of the number of days with step count in each week for all the weeks that we consider. We
see that 40% of the weeks have the full 7 days of data, and 74% of the weeks have at least 5 days of data. Overall,
the amount of missing data is reasonable, indicating that wearing Fitbit has not been too burdensome to users.

Since we also explore using sleep and step count data for predicting depression treatment outcome (see
Section 7.4), we next briefly describe the characteristics of the sleep data. While the daily sleep duration varies
widely, ranging from 200 to 1,000 minutes, most users have an average daily sleep duration between 400 and 540
minutes (approximately 6.7 to 9 hours). The number of days with sleep data in a week varies from 1 to 7, with
40% of the weeks contain complete 7-day sleep data, and about 76% of the weeks include at least 5 valid days. The
completeness of the data is similar to that of step count data.

QIDS scores. Fig. 3a illustrates the histogram of baseline QIDS scores for the 49 participants. The scores ranged
from 11 to 24, with a mean score of 15. Notably, 22 participants exhibited baseline QIDS scores ≥ 16, indicating
severe depression. Fig. 3b plots the distribution of the change in QIDS scores, which is calculated by subtracting
the baseline QIDS score from a collected QIDS score later in the study for each participant. It is obtained using a
total of 359 QIDS scores for the 49 participants. The majority of the score changes were negative, indicating a
reduction in the severity of depression symptoms following enrollment. Specifically, 51% of the QIDS scores were
more than 5 points lower than the baseline value. A small portion of the score changes showed positive values,
indicating an increase in symptom severity. Considering all the QIDS scores, the average change in QIDS scores
was -5.4.

Improved and not-improved periods. For each participant, we categorize the study duration into improved
and not-improved periods. Specifically, for a participant, suppose that a CGI-I score is obtained on day C and the
previous CGI-I score is obtained on day C ′. If the CGI-I on day C indicates an improved status, we classify the time
period between day C ′ and C as an improved period, and vice versa for a not-improved period.
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(a) (b)
Fig. 3. (a) Histogram of baseline QIDS score, and (b) QIDS score change relative to the baseline score.
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Fig. 4. Distribution of mean and standard deviation of daily step counts in a week. The x-axis is in log scale.

With the above categorization, for the total 359 weeks of data across 49 participants, we obtained 155 improved
periods, and 204 not-improved periods. The improvement status of a participant may remain stable throughout
the entire duration of the study (i.e., consistently improved or not-improved) or may change over time. Of the 49
participants, 17 participants experienced at least one change, transitioning from improved to not-improved or
vice versa. The remaining 32 individuals exhibited no change.

5 CORRELATION ANALYSIS
In this section, we first show the characteristics of weekly step count data, and then present correlation analysis
between step count data in a week with the corresponding self-reported QIDS score.
Weekly step count characteristics. For each week, we obtained the mean and standard deviation of daily step
counts in a week using the data available for that week. Fig. 4a and b plot the CDFs of the mean and standard
deviation of the step counts in a week for three categories of data: all samples, samples corresponding to improved
periods, and samples corresponding to not-improved periods. We observe visible difference in the distributions
of improved and not-improved periods for both statistics: improved periods tend to exhibit higher average step
count with a higher standard deviation compared to not-improved periods.
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Table 1. Mixed-effect models: coefficients and p-values for correlation between QIDS score and step count. Top half: for all
the participants; bottom half: for the subset of participants with QIDS baseline score ≥ 13.

All Improved Not-improved
Coef. p-value Coef. p-value Coef. p-value

Mean of step count -0.001 0.03 0.007 0.03 -0.003 0.05
Standard dev. of step count -0.001 0.05 -0.002 0.09 0.001 0.07
Mean of step count -0.001 0.03 -0.001 0.01 -0.001 0.05
Standard dev. of step count -0.001 0.05 -0.001 0.06 -0.001 0.08

Correlation results. We examine the relationship between step count (mean and standard deviation) and the
corresponding self-reported QIDS score. Specifically, we consider three scenarios: all the samples, the samples
from the improved periods only, and the samples from the not-improved periods only. Since each scenario may
include multiple records from the same individual, we use mixed-effect linear regression analysis [66] to analyze
the data. Specifically, we construct linear mixed-effect models with the QIDS score as the response variable, and
one property of step count (mean or standard deviation) as the fixed-effect predictor variable. We account for
individual differences by including user as a random-effect predictor. The models were obtained using Python
library statsmodels v0.10.1.

The top half of Table 1 lists the coefficients and p-values of the above linear mixed-effect models considering
all the participants. When the significance level is 0.05, we observe correlation between the mean step count
and the QIDS score for improved, not-improved, and all periods. For all periods, when the average daily step
count is increased by 1,000 steps, the QIDS score is reduced by 1. This is consistent with the observations in [26],
which showed that an increase of 1,000 steps per day was associated with 0.6 point decrease in Patient Health
Questionnaire-9 (PHQ-9) [67] score using linear mixed-effect models. In addition, for all periods, we also see
that when the standard deviation of step count is increased by 1,000 steps, the QIDS score is reduced by 1. For
not-improved periods, the reduction in the QIDS score while increasing the average daily step count is even more
significant (the QIDS score is reduced by 3 when increasing the average daily step count is increased by 1,000
steps). For improved periods, the average step count has a positive correction with the QIDS score, indicating a
more complex relationship between step count and QIDS score for this subset of samples. For all the other cases,
the null hypothesis that the coefficient is zero is not rejected, indicating no significant correlation.

The bottom half of Table 1 lists the results for the subset of participants whose baseline QIDS scores indicate
moderately severe or severe symptoms (i.e., baseline QIDS score ≥ 13). This subset includes 40 participants, with
285 samples in total, 108 improved and 177 not-improved samples. We see more consistent results for this subset
of participants: for all the three cases (improved, not-improved, and all periods), increasing the mean step count
by 1000 steps leads to a reduction of QIDS score by 1.

6 CONTRASTIVE PRETRAINING FOR DEPRESSION IMPROVEMENT STATUS PREDICTION
Our primary goal is constructing machine learning models that use daily step count data to predict depression
treatment improvement status. We are particularly interested in prediction scenarios that involve no or little
user interaction, i.e., using step data, with optional sleep data and one-shot baseline QIDS score collected at
enrollment (when participants starting treatment). A significant challenge is that our dataset is small, while
supervised learning models, particularly deep learning models, require a substantial amounts of labeled samples
to generalize well. Contrastive learning has been shown to be an effective approach to learn latent representation
for small datasets [19–24]. Specifically, the seminal work in [20] proposes SimCLR, a simple and powerful
framework that uses contrastive learning to learn visual representations without labels, and shows that it
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Algorithm 1 Contrastive pretraining and supervised classification
Input: Batch of sequential inputs xseq, optional non-sequential inputs xns, structure of PatchTST encoder 5\ ,

dense layer 3k , projection head 6q , classifier 2l , and sigmoid function f (·), temperature g , Gaussian noise
n ∼ N(0, f2)

1: // Pretraining Phase
2: for each training sample (xseq, xns) do
3: Generate augmented views: x̃(1) = xseq + n1, x̃(2) = xseq + n2

4: Encode both: z(1) = 5\ (x̃(1) ), z(2) = 5\ (x̃(2) )
5: if non-sequential input is used then
6: h = 3k (xns)
7: z(1) = [z(1) ; h], z(2) = [z(2) ; h]
8: end if
9: if using projection head then

10: v(1) = 6q (z(1) ), v(2) = 6q (z(2) )
11: else
12: v(1) = z(1) , v(2) = z(2)

13: end if
14: Store (v(1) , v(2) ) for loss computation
15: end for
16: Compute loss L and update 5\ , 6q
17: return trained encoder network 5\

18: // Fine-tuning Classification Phase
19: for each labeled training sample (xseq, xns, ~) do
20: zseq = 5\ (xseq)
21: if xns is used then
22: hns = 3k (xns)
23: h = [zseq; hns]
24: else
25: h = zseq
26: end if
27: ~̂ = f (2l (h))
28: Compute binary cross-entropy loss LBCE and update 5\ , 2l
29: end for

achieves performance matching supervised learning. Inspired by SimCLR, we develop an algorithm that uses
self-supervised contrastive pretraining to learn feature representation, followed by supervised classification to
predict improved or not-improved depression treatment status.

Algorithm 1 summarizes our approach. It contains two phases: self-supervised pre-training and supervised
fine-tuning for binary classification. We next describe these two phases in detail.
Pre-training phase. This phase takes sequential input (e.g., daily step count in a week) and (optional) non-
sequential input (e.g., QIDS baseline score), and output an encoder that transforms the input into more robust
and generalizable feature representations. Let xseq ∈ R)×� denote the sequential input, where ) is the number
of time steps in the sequence and � is the number of sequences. Let xns ∈ R� denote the non-sequential input,
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where � is the number of non-sequential features. The pretraining phase contains three main components: data
augmentation, model architecture, and loss function. We next describe them in detail.
Data augmentation. To address the small dataset, we use a similar data augmentation strategy as in SimCLR.

Specifically, for each input sequence, we generate two perturbed views by adding a small amount of noise to the
input sequence. These two views then serve as a positive pair in the contrastive learning setting without the
need for any label. Since our data are numerical values (instead of images as in SimCLR), we simply use Gaussian
noise N(0, f2), with zero mean and variance of f2, for each element of the input sequence.

Model architecture. Our architecture is composed of two main pathways: one for sequential input and the other
for non-sequential input. We use the PatchTST encoder [68], a state-of-the-art Transformer-based model tailored
for time series, for the sequential input. PatchTST first partitions the input into non-overlapping fixed-size
patches and then applies instance normalization and multi-head self-attention to capture both local transitions
and global dependencies efficiently.

For non-sequential inputs, we utilize a compact dense neural network to map them into a fixed-dimensional
embedding. The outputs from both the sequential encoder and dense network are then concatenated to form a
joint representation. After that, as in SimCLR [20], we optionally apply a projection head (a small 2-layer neural
network) to the joint embedding before computing the contrastive loss. The projection head maps the encoder
output to a space where the contrastive loss is applied, allowing the encoder to focus on learning transferable
features. The study in [20] shows that using a projection head leads to significantly better performance than not
using it; we explore its benefits in Section 7.

Contrastive loss.Weuse the same loss function as in SimCLR to train the encoder in a self-supervisedmanner.The
core idea is to maximize agreement between representations of the same instance under different augmentations
while minimizing agreement with other instances in the batch. Consider a batch of # samples. We compute
2# embeddings (two views per instance), and define positive pairs as augmented views of the same sample.
Specifically, for a sequential input, xseq, two augmented views x̃(1) , x̃(2) are generated from xseq, and then are
passed through the encoder 5\ . After that, they are concatenated with non-sequential input, and optionally a
projection head 6q , to yield representations v(1) , v(2) . For a batch of # sequential inputs, let v(1)

:
, v(2)

:
represent

the two views for the :-th input. Then the contrastive loss is calculated as

L =
1
2#

#∑
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where 1() is the indicator function, sim(·, ·) denotes cosine similarity, and g is a temperature scaling parameter.
Fine-tuning classification phase. Once pretraining is complete, we discard the optional projection head and
retain the PatchTST encoder as a feature extractor. For the downstream classification task, we add a multilayer
perceptron (MLP) classifier that is composed of two fully connected layers with ReLU activation. The output is
passed through a sigmoid function to produce a binary prediction of depression treatment outcome: improved
vs. not-improved. We train the classifier using binary cross-entropy loss and optimize all parameters using the
Adam optimizer.
Hyperparameter tuning. We conducted a targeted search to tune the key hyperparameters for both the
contrastive pretraining and supervised fine-tuning phases. For the contrastive learning setup, we varied the
temperature g ∈ {0.05, 0.1, 0.2} and Gaussian noise standard deviation f ∈ {0.005, 0.01, 0.02} to determine the
optimal augmentation strength. The learning rate was selected from {1e-2, 1e-3, 1e-4} using early stopping on the
validation set. The PatchTST encoder used a fixed number of layers (3), and we experimented with patch lengths
of 2 and 4, as well as hidden (embedding) dimensions of {16, 32, 64}. For the non-sequential inputs, we used 2 dense
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layers with ReLU activation and hidden units in {16, 32, 64}. The projection head, when used, had a fixed output
dimension of 64. We experimented with training batch sizes of 8, 16, and 32. The number of pretraining epochs
and fine-tuning epochs were selected from {25, 50, 100} based on the validation �1 score and model stability. All
hyperparameters were tuned using a stratified :-fold cross-validation (see Section 7.1).

7 PREDICTING DEPRESSION TREATMENT IMPROVEMENT
In this section, we compare the prediction results using our contrastive pretraining based approach with various
baseline algorithms. We first present prediction methodology (Section 7.1), and then present the comparison
baselines, which leverage QIDS scores for prediction and represent the current setup in clinical practice (Sec-
tion 7.2). After that, we present the prediction results when using sequential step count data (Section 7.3). At the
end, we further present the results when using step count data together with sleep data (Section 7.4).

7.1 Prediction Methodology
Our prediction considers one week as a basic time frame. Specifically, as described in Section 4, we consider a
week that ends with a QIDS score and the previous 7 days. The prediction outcome is binary, i.e., classifying the
results as improved or not-improved, relative to the baseline severity of depression, where the ground truth is
based on CGI-I scores, provided by the study clinician.

For all the prediction models, we employed a gender-stratified :-fold cross-validation procedure to ensure that
each fold preserves the overall gender distribution to reduce demographic bias. Our dataset contains 4 male and
45 female participants. We therefore used 4-fold stratified cross-validation, each fold with one male participant
and ensuring that each fold approximately preserves the male-to-female ratio. The evaluation metrics include �1
score, precision, recall, specificity, and Area Under the Receiver Operating Characteristic (AUROC).

Each machine learning algorithm requires tuning of multiple hyperparameters. We selected the hyperparameter
values that yielded the highest validation �1 score, which ranges from 0 to 1, and is the harmonic mean of
precision and recall, i.e., 2(precision × recall)/(precision + recall). A higher �1 score indicates better tradeoff
between precision and recall. We describe hyperparameter tuning for an individual algorithm in more detail
when describing that algorithm.

7.2 Comparison Scenarios: Prediction Results Using QIDS Scores
Before presenting the results using step count data, we describe three prediction scenarios that use QIDS self-
reported scores: (i) using the current QIDS score for a participant for each week, (ii) using baseline QIDS score
(collected at enrollment) for all the weeks for a participant, and (iii) using both baseline and current QIDS scores.
These three scenarios use self-reported QIDS scores, representing the current setup in clinical practice. They serve
as comparison baselines to evaluate the prediction results when using step count sensory data (see Sections 7.3
and 7.4) .

We used both classical and deep learning algorithms for the above three prediction scenarios. Specifically,
we used dense neural network [69], Support Vector Machine (SVM) with a radial basis function (RBF) kernel
[70–72], and XGBoost [73]. For the dense neural network, we used a feedforward model with two hidden layers
and tuned the number of hidden units (16, 32, or 64), activation functions (ReLU or tanh), dropout (0.1–0.3), and
learning rate (10−4 to 10−2). The models were trained using the Adam algorithm with early stopping (patience: 5
or 10 epochs). For SVM with RBF, we tuned two hyperparameters: the cost parameter � and the parameter W
associated with RBF both in 2−15, 2−14, . . . , 214, 215. For XGBoost, the hyperparameter tuning involves (1) number
of estimators: varied as 100, 200, or 400, (2) maximum tree depth: varied from 2 to 10 to control the complexity
of the trees, (3) minimum child weight: varied from 1 to 5 as the minimum sum of weights required in a child
of a tree to mitigate overfitting, (4) random sampling of observations and features: by varying the fraction of
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Table 2. Prediction results when using QIDS scores (non-sequential input).

Model Setting F1 Precision Recall Specificity AUROC
Mean Std Mean Std Mean Std Mean Std Mean Std

Dense neural network
QIDS 0.70 0.02 0.67 0.04 0.74 0.04 0.73 0.05 0.73 0.03
Qbase 0.64 0.01 0.59 0.06 0.72 0.09 0.63 0.03 0.67 0.03
QIDS+Qbase 0.71 0.01 0.66 0.03 0.76 0.05 0.70 0.06 0.73 0.03

SVM
QIDS 0.71 0.01 0.69 0.04 0.74 0.07 0.75 0.01 0.74 0.04
Qbase 0.64 0.01 0.61 0.03 0.68 0.03 0.67 0.04 0.67 0.03
QIDS+Qbase 0.72 0.01 0.70 0.05 0.75 0.07 0.75 0.05 0.75 0.04

XGBoost
QIDS 0.70 0.01 0.67 0.03 0.74 0.05 0.73 0.03 0.73 0.04
Qbase 0.65 0.01 0.64 0.03 0.65 0.03 0.72 0.04 0.69 0.02
QIDS+Qbase 0.71 0.01 0.68 0.02 0.74 0.04 0.73 0.05 0.74 0.04

Table 3. Prediction results when using step count data in three prediction scenarios.

Model Setting F1 Precision Recall Specificity AUROC
Mean Std Mean Std Mean Std Mean Std Mean Std

Pretraining
Step 0.67 0.03 0.60 0.06 0.75 0.05 0.62 0.07 0.69 0.03

w/ projection head
Step + Qbase 0.72 0.02 0.70 0.03 0.73 0.03 0.76 0.07 0.74 0.04
Step + QIDS + Qbase 0.75 0.01 0.76 0.01 0.75 0.02 0.81 0.002 0.74 0.02

Pretraining
Step 0.65 0.02 0.59 0.07 0.72 0.05 0.62 0.05 0.67 0.02

w/o projection head
Step + Qbase 0.74 0.03 0.69 0.02 0.80 0.04 0.71 0.05 0.76 0.02
Step + QIDS + Qbase 0.76 0.02 0.75 0.05 0.77 0.04 0.81 0.03 0.79 0.02

PatchTST
Step 0.60 0.02 0.54 0.04 0.69 0.09 0.56 0.02 0.62 0.05
Step + Qbase 0.68 0.02 0.66 0.02 0.71 0.03 0.72 0.08 0.71 0.05
Step + QIDS + Qbase 0.70 0.009 0.68 0.03 0.74 0.05 0.72 0.03 0.73 0.03

BRITS
Step 0.64 0.04 0.68 0.06 0.68 0.05 0.69 0.07 0.69 0.03
Step + Qbase 0.68 0.07 0.71 0.05 0.67 0.03 0.77 0.02 0.72 0.04
Step + QIDS + Qbase 0.69 0.05 0.74 0.03 0.70 0.05 0.77 0.04 0.74 0.04

GRU-D
Step 0.59 0.05 0.55 0.03 0.64 0.10 0.60 0.08 0.62 0.07
Step + Qbase 0.68 0.03 0.64 0.04 0.73 0.02 0.69 0.08 0.71 0.04
Step + QIDS + Qbase 0.69 0.05 0.65 0.05 0.75 0.08 0.68 0.08 0.72 0.08

observations and features for each tree from 0.1 to 1, (5) minimum loss reduction (W ): varied from 0 to 0.5 to
specify the minimum loss reduction necessary for further partitioning on a leaf node of a tree, and (6) learning
rate: set to 0.1 or 0.3, which influenced the step size during gradient boosting.

Table 2 list the prediction results. We see that using both the current and baseline QIDS scores achieves the
highest �1 score of 0.72, with standard deviation 0.01, indicating that the model performs consistently across all
folds. The results when using the current QIDS score alone are similar to those when using both the current and
baseline QIDS scores. In contrast, using the baseline QIDS score alone results in noticeably lower performance.

7.3 Prediction Using Sequential Daily Step Count
We now consider prediction scenarios that use step count data. Specifically, we consider three prediction scenarios:
(i) using step count data alone, (ii) using step count data and baseline QIDS score, and (iii) using step count
data, baseline QIDS score and current QIDS score. We conjecture that baseline QIDS score can complement step
count data since it represents the initial depression symptom severity, and provides differentiation among the

ACM Trans. Comput. Healthcare

 



Predicting Depression Treatment Outcome Using Daily Step Count Sensory Data • 15

participants. Given that baseline QIDS score is routinely collected at the start of a treatment, using it is consistent
with the current workflow of the clinical practice, and does not introduce additional burden to participants.

The three prediction scenarios in the above use sequential data (7 days of step count data, with potential
missing values) and optional non-sequential data (QIDS scores). We use our proposed contrastive pretraining
based algorithm (see Section 6) for prediction, and compare it with three state-of-the-art deep learning algorithms,
PatchTST [68], GRU-D [74], and BRITS [75], for sequential data.

• PatchTST is a Transformer-based architecture specifically designed for time-series data. It segments input
sequences into non-overlapping patches and applies self-attention mechanisms across them, enabling effi-
cient modeling of both local and long-range temporal dependencies. In Section 6, we have used PatchTST
as a feature encoder during contrastive pretraining, where it learns generalizable temporal representations
from augmented views of the input data. In this section, we use PatchTST in a purely supervised setting by
directly training it for classification using binary cross-entropy loss. In this setting, the model is optimized
end-to-end from scratch, leveraging its patch-level attention to extract discriminative temporal patterns
relevant to the prediction task.

• GRU-D is a state-of-the-art sequence modeling method based on the Gated Recurrent Unit (GRU) [76]. 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 is also a state-of-the-art sequence modeling method. It 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 network (RNN).

When the input includes both sequential and non-sequential data (e.g., QIDS baseline score), we extend
PatchTST, GRU-D and BRITS so that the architecture for each method 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.

For PatchTST, we searched hyperparameters such as patch length (2, 4), hidden dimension (16, 32, 64), number
of layers (2–4), and dropout rate (0.1–0.3). We also varied the learning rate (10−4, 10−3, or 10−2) and applied early
stopping (patience: 5 or 10 epochs) to prevent overfitting. For both GRU-D and BRITS, we used dropout (varied in
0.2–0.6) and early stopping (patience: varied in 2–10 epochs) to prevent overfitting. Hyperparameters, including
hidden state size (8–256 for GRU-D; 2–128 for BRITS), batch size (8–64), activation functions (ReLU, tanh), and
epochs (up to 200), are optimized via grid search.

Table 3 presents the prediction results. For a prediction scenario, we see that the our contrastive pretraining
based approach (with or without a projection head) leads to consistently better performance than the other three
methods for all the key metrics, demonstrating the benefits of contrastive pretraining. Unlike the observation
in [20], we see that the pretraining method with and without a projection head lead to similar results. Using
step count together with QIDS baseline score leads to significantly better performance than using step count
alone. Specifically, the best �1 score in this case is 0.74 (obtained by pretraining without a projection head), with
standard deviation of 0.03, significantly better than the best �1 score when using step count alone (0.67, obtained
by pretraining with a projection head). In addition, the �1 score when using step count and QIDS baseline is
comparable to that obtained using the baseline and current QIDS scores (best �1 score of 0.72; see Table 2). Last, it
is only slightly lower than the best �1 score (0.76) when combining step count, baseline and current QIDS scores.

Summarizing the above results, using step count together with baseline QIDS score is a promising direction
for monitoring depression treatment outcome. It leads to little burden to participants due to automatic step count
collection and routine baseline QIDS collection at the beginning of treatment, while leads to prediction accuracy
comparable to that obtained using the burdensome current QIDS score.
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Table 4. Prediction results when using daily step counts complemented with daily sleep data.

Model Setting F1 Precision Recall Specificity AUROC
Mean Std Mean Std Mean Std Mean Std Mean Std

Pretraining
Step + Sleep 0.71 0.02 0.72 0.06 0.72 0.05 0.79 0.04 0.75 0.02

w/ projection head
Step + Sleep + Qbase 0.77 0.03 0.76 0.05 0.79 0.04 0.81 0.05 0.80 0.03
Step + Sleep + QIDS + Qbase 0.80 0.01 0.78 0.01 0.83 0.01 0.81 0.002 0.82 0.002

Pretraining
Step + Sleep 0.71 0.03 0.64 0.07 0.74 0.06 0.78 0.05 0.71 0.03

w/o projection head
Step + Sleep + Qbase 0.76 0.04 0.73 0.05 0.80 0.06 0.78 0.01 0.79 0.03
Step + Sleep + QIDS + Qbase 0.78 0.02 0.75 0.01 0.82 0.03 0.78 0.03 0.80 0.02

PatchTST
Step + Sleep 0.64 0.02 0.60 0.02 0.68 0.04 0.65 0.08 0.67 0.05
Step + Sleep + Qbase 0.72 0.002 0.69 0.02 0.75 0.02 0.74 0.06 0.75 0.03
Step + Sleep + QIDS + Qbase 0.73 0.008 0.68 0.03 0.79 0.03 0.72 0.05 0.75 0.03

BRITS
Step + Sleep 0.66 0.05 0.71 0.05 0.67 0.06 0.75 0.05 0.71 0.06
Step + Sleep + Qbase 0.71 0.05 0.61 0.03 0.72 0.04 0.61 0.05 0.71 0.06
Step + Sleep + QIDS + Qbase 0.73 0.03 0.70 0.02 0.79 0.04 0.71 0.07 0.75 0.05

GRU-D
Step + Sleep 0.62 0.05 0.61 0.06 0.63 0.07 0.66 0.14 0.65 0.07
Step + Sleep + Qbase 0.71 0.01 0.68 0.03 0.75 0.03 0.72 0.09 0.73 0.04
Step + Sleep + QIDS + Qbase 0.72 0.05 0.67 0.07 0.78 0.03 0.71 0.05 0.74 0.03

7.4 Prediction Using Step Count Complemented with Sleep Data
We next explore the setting when using daily step count data along with sleep data. Before that, we obtained
the prediction results when using sleep data alone and found that the prediction results are similar to those
when using step count data: the best prediction �1 score is 0.66 when using sleep data alone, and is 0.71 when
combining sleep data and QIDS baseline (detailed table omitted), comparable to those obtained when using step
count data. The question is whether combining these two types of sensory data can lead to significantly better
results than using them in isolation.

Table 4 shows the results when using both step count and sleep data. We again see that the contrastive
pretraining based algorithm (with or without a projection head) leads to much better results than the other
three schemes for each prediction scenario. When combining step count and sleep data, the best �1 score is 0.71,
significantly higher than that when using step count or sleep in isolation. When combining step count, sleep
and baseline QIDS score, the best �1 score increases to 0.77, also significantly better than using step count or
sleep with baseline QIDS score, or using the current and baseline QIDS scores (see Table 2). The above results
demonstrate that, when both step count and sleep data are available (e.g., both are collected by wearable devices),
it is desirable to use them together with QIDS baseline score for predicting depression treatment outcome.

8 DISCUSSION
Main findings. Our study demonstrates that passively collected step count sensory data holds strong potential
for predicting improvement status during depression treatment. Using gender-stratified :-fold cross-validation,
we show that using step count with baseline self-reported score leads to the best �1 score of 0.74. In addition,
adding sleep sensory data further improves the best �1 score to 0.77. These results are compatible or surpass the
performance of the models using only periodic and baseline QIDS scores (best �1 score of 0.72), highlighting
that passive sensing data, when fused with a one-shot baseline self-reported questionnaire score, can be both
low-burden and highly predictive.

Our results also demonstrate that contrastive pretraining is an effective approach for handling small datasets
in mental health domains. Future work will explore integrating additional sensing modalities and developing
other innovative machine learning algorithms for further performance gains.
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Data collection and scalability. In our study, we used a specific wearable device, Fitbit wristband, for collecting
daily step count and sleep duration data. While this type of device provides accurate step count measurement and
sleep details, we encountered notable challenges in data collection in our target population. Some participants
were unable to wear wristbands due to medical conditions, while others found wearing wristbands uncomfortable.
Consequently, we faced difficulties in collecting daily step count and sleep data from a number of participants,
resulting in no step or sleep data, or only sparse data. Our experience indicates the importance of specifically
designed wearable devices for this population, probably devices that may offer greater convenience and comfort.
On the other hand, for the participants who have no difficulty wearing Fitbit, they seem to be able to wear the
device consistently, leading to consistent data collection over time.

Other types of devices can also be used for step count data collection. Simple devices such as pedometers incur
lower cost than Fitbit. On the other hand, such devices may not have convenient APIs as Fitbit. Smartphones
can also be used to collect step count data, which, however, may not be as accurate as a fitness wristband since
users may not carry their smartphones all the time. The approaches developed in this study can be used for data
collected on other types of devices. We leave data collection on other types of devices and analysis as future work.

Our study also highlights the importance of data cleaning to exclude the step count data corresponding to the
days when a participant has not been wearing the device consistently. Certain wearable devices (e.g., actigraph
devices) can detect whether a participant has been wearing a device and report the amount of wearing time for
a day. While Fitbit does not provide this information directly, we estimated the amount of wearing time using
per-minute heart rate data as a proxy. On simple devices (e.g., pedometers), there is no auxiliary data on how
long a participant has been wearing the device in a day. In such cases, a user can log a simple yes or no answer
(e.g., at the end of a day) on whether the step count collected in a day is a reasonable measurement of the actual
step count or not. This method can also be used when collecting step count data on smartphones, or one can
design other more automated methods since smartphones can collect many types of sensory data simultaneously,
which can be used to detect whether a participant has been carrying the phone consistently.
Data privacy. For Fitbit, the collected data were transferred to Fitbit servers, and can then be fetched to a
local device using a secure protocol (OAuth protocol) for data processing and analysis. For simple devices (e.g.,
pedometers), the collected data may need to be logged manually or transferred to a user’s smartphone for data
processing. When step count data are collected directly on smartphones, they can simply be processed locally,
leading to better data privacy.
Limitations. Our analysis was conducted using a limited sample size of 49 participants. Therefore, to ensure the
generalizability of our findings, it is crucial to validate our results using larger datasets. In addition, our study
suffers from gender imbalance, as only 4 out of the 49 participants were male. This disparity was not intended,
and was mostly due to the challenges in recruiting male participants—women are significantly more likely to
be diagnosed with depression [77], and seek treatment or participate in clinical studies [78]. Moving forward,
it would be beneficial to devise recruitment strategies that promote the inclusion of a more gender-balanced
participant pool.

9 CONCLUSION
In this study, we have explored the use of passively collected step count data to predict depression symptom
improvement during treatment. We developed a contrastive pretraining algorithm to handle small datasets and
demonstrated that this algorithm significantly outperforms several state-of-the-art deep learning algorithms. Our
results show that using daily step count and one-shot baseline self-reported questionnaire score is a promising
direction for accurate monitoring of depression treatment outcome with little burden to participants. In addition,
further including sleep data leads to more accurate prediction. Our results have also demonstrated the advantage
of using deep learning models for modeling temporal sensory data without the need for handcrafted features.
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