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Depression recurrence is debilitating, and there is a pressing need to develop clinical tools that detect the
reemergence of symptoms with the aim of bridging patients to treatment before recurrences. At baseline,
remitted depressed adults (n = 22) and healthy controls (n = 24) were administered clinical interviews and
completed self-report symptom measures. Then, smartphone apps were installed on personal smartphones to
acquire geolocation data over 21 days and ecological momentary assessment of positive and negative affect
during the initial 14-day period. Compared with healthy controls, remitted depressed adults exhibited
reduced circadian routine (regularity of one’s daily routine) and lower average daily distance traveled.
Further, reduced distance traveled associated with greater daily negative affect after controlling for depres-
sion severity; however, this effect was not more pronounced among remitted adults. A least absolute shrink-
age and selection operator (LASSO) regression indicated that a linear combination of circadian routine,
average distance traveled, and baseline depression severity classified remitted depressed individuals with
72% accuracy; outperforming models restricted to either geolocation or clinical measures alone. Mobile
sensing approaches hold enormous promise to improve clinical care for depressive disorders. Although bar-
riers remain, leveraging technological advancements related to real-time monitoring can improve treatment
for depressed patients and potentially, reduce high rates of recurrence.

General Scientific Summary
Given that major depressive disorder (MDD) frequently recurs, there is a critical need to develop
clinical tools that detect the reemergence of depressive symptoms. Our findings suggest that dimin-
ished activity levels—assessed continuously through smartphone-based mobile sensor approaches—
continue into remission among depressed adults. Specifically, remitted depressed adults were char-
acterized by reduced circadian routine (i.e., regularity of one’s daily routine) and lower average
daily distance traveled over a 3-week period.
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Major depressive disorder (MDD) is a leading cause of disabil-
ity worldwide, and at least one in five U.S. adults will experience
a depressive episode in their lifetime (Hasin & Grant, 2015).
MDD is highly recurrent: nearly 60% of people with a first life-
time episode will experience another depressive episode, 70% of
those reporting two episodes experience a third, and 90% of cases
with three or more episodes experience additional recurrences
(Monroe & Harkness, 2011; Solomon et al., 2000). Recurrence is
associated with increased suicide risk (Lee, 2003; Sokero et al.,
2005), and thus, there is a pressing need to develop clinical tools
that detect the reemergence of depression, particularly tracking re-
sidual symptoms persisting into remission that can predict subse-
quent episodes (Judd et al., 1998).
Despite effective treatments for depression, incomplete remission

is common (Conradi et al., 2011; Fava et al., 1998; Thase et al.,
1992), and residual symptoms are a robust predictor of recurrence
(Judd et al., 1998; Shankman et al., 2009). Symptoms related to inac-
tivity appear to be particularly prevalent in remitted depression and
potentially related to future depression recurrence. One 3-year pro-
spective study followed adults both during a depressive episode and
throughout remission and found that a lack of energy (i.e., fatigue) as
well as psychomotor slowing commonly persisted during remission
(Conradi et al., 2011). Studies also have shown bidirectional associa-
tions between physical activity and mood (Mac Giollabhui et al.,
2021; Smith et al., 2021), suggesting that insufficient energy or drive
to engage in activities can, for some, negatively affect quality of life
and risk for recurrence.
Tools to track patients’ day-to-day activity levels are now available.

Mobile sensing approaches—data that are continuously collected
through naturalistic smartphone use—can passively monitor changes
in mood states and behaviors (e.g., Allen et al., 2019; Torous et al.,
2015). The moment-by-moment assessment in situ has the potential to
detect risk states in a person’s natural environment, and accordingly,
affords insight about patterns of behavior that may contribute to and/or
be a consequence of one’s depression severity. Although not all symp-
toms are easily observable through mobile sensing data acquisition,
geolocation sensors are ideally suited to capture features associated
with inactivity (Canzian & Musolesi, 2015; Masud et al., 2020; Moshe
et al., 2021; Opoku Asare et al., 2019). In a nonclinical sample of
adults, depression symptom severity correlated with a range of geolo-
cation features including, reduced normalized entropy (i.e., number of
places visited per day) and circadian routine (i.e., regularity of one’s
daily routine) as well as greater home stay (i.e., total time spent at
home; Saeb et al., 2015). Interestingly, classification models designed
to distinguish asymptomatic and mildly symptomatic individuals also
showed that specific geolocation features—namely, an ensemble of
normalized entropy, circadian routine, and home stay—could accu-
rately classify symptomatic adults (Saeb et al., 2015). Converging evi-
dence from a recent review also highlighted that entropy, circadian
routine, and home stay were among the most consistent features asso-
ciating with depressive symptoms (Rohani et al., 2018). Nevertheless,
a substantial portion of these findings were conducted within nonclini-
cal samples, which limits the ability to extrapolate the utility of this
approach to patients with MDD.
Although the use of mobile sensing in clinical research has

become more commonplace (Torous et al., 2016, 2015), the ideal use
case for this approach remains an open question. Prior research has
highlighted the enormous potential to detect acute clinical phenom-
ena, including the emergence of suicidal behaviors (Allen et al.,

2019). Less research, however, has focused on utilizing mobile sens-
ing to monitor patients outside periods of clinical acuity. Given the
high rates of recurrence in MDD (Monroe & Harkness, 2011; Solo-
mon et al., 2000), and the clinical significance of inactivity levels
(Hiles et al., 2017), detecting aberrant mobility patterns that com-
monly occur in depression may afford an opportunity to engage
patients in clinical services when symptoms are mild or moderate,
especially when psychotherapeutic interventions may be more effec-
tive (Jarrett et al., 1991; Persons et al., 1988; Thase et al., 1994). As
a preliminary step toward addressing this issue, real-time monitoring
data—both mobile sensing and ecological momentary assessment
data (EMA)—were acquired from adults with remitted depression
and healthy controls to test the following hypotheses. First, we
hypothesized that compared with healthy controls, remitted depressed
adults would exhibit geolocation disturbances—characterized by
greater home stay as well as reduced average distance traveled, circa-
dian routine, and entropy. Second, we tested whether geolocation fea-
tures related to daily positive and negative affect assessed via EMA.
We hypothesized that geolocation disturbances would associate with
greater daily negative affect and reduced positive affect, with this
effect being more pronounced in remitted depressed individuals.
Last, using a least absolute shrinkage and selection operator
(LASSO) regression, we tested whether an ensemble of geolocation
and clinical features would classify remitted versus healthy individu-
als. We hypothesized that geolocation features assessed continuously
would outperform clinical features assessed at baseline (i.e., self-
report measures of depression and anxiety symptoms) in accurately
classifying remitted depressed adults. Effective classification would
underscore the utility of using mobile sensing approaches, particu-
larly in the service of detecting risk outside periods of clinical acuity
when differences in mobility patterns are more pronounced.

Method

Participants

Participants were recruited from a parent project focused on fami-
lial risk markers related to depression and anxiety (Weinberg et al.,
2015). Remitted depressed adults had to report a past major depres-
sive episode; however, this could not have occurred in the 2 months
before the assessment. Healthy controls reported no lifetime mental
disorders. For both groups, additional exclusion criteria included a
history of a current major depressive episode and substance use dis-
orders (see Funkhouser et al., 2021). One hundred and four partici-
pants from the parent study were recontacted. Thirty-six participants
were ineligible due to a current MDD episode (n = 9) or declined to
participate (n = 27). Additional participants (n = 22) were removed
due to insufficient geolocation data (i.e., fewer than 7 days). The final
sample included 46 participants (Healthy Controls, n = 24; Remitted
MDD, n = 22) who provided geolocation data between 7 and 20
days (M = 16.54, SD = 5.70). Three depressed participants reported
using antidepressant medication, and the remainder of sample charac-
teristics are summarized in Table 1.

Procedure

The University of Illinois at Chicago institutional review board
approved the study procedures, and participants provided written
informed consent. Data were collected from May 2017 through May
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2019. At baseline, participants were administered clinical interviews
as well as self-report measures assessing demographic information
and current symptoms. Following the baseline assessment, Beiwe, a
smartphone app designed to acquire mobile sensor features, was in-
stalled on each participant’s personal smartphone. Additionally, Met-
ricwire (Metricwire Inc., Kitchener, Canada), a smartphone app that
collects EMA data, was installed. In the present study, we focused on
features extracted from geolocation data as well as the EMA-based
items of positive and negative affect.

Clinical Assessment

Structured Clinical Interview for DSM–5 (SCID-5; First
et al., 2015)

Lifetime mental disorders were assessed by interviewers using
the SCID-5. The SCID-5 is a semistructured interview that
assesses Diagnostic and Statistical Manual of Mental Disorders-
Fifth Edition (DSM–5) diagnoses for adults over the age of 18.
Prior research has demonstrated strong reliability and validity
(Shankman et al., 2018), particularly as it relates to assessing cur-
rent or past MDD (Osório et al., 2019).

Inventory of Depression and Anxiety Symptoms (IDAS;
Watson et al., 2007)

The IDAS is a 99-item self-report measure that assesses symptoms
of depression and anxiety over a 2-week period on a 5-point Likert-
type scale ranging from 1 (not at all) to (5 extremely). Analyses focused
on the 20-item General Depression subscale, which provides a measure

of depression symptoms (Watson et al., 2008, 2007). Research suggests
that a score of$56 within the General Depression subscale may reflect
current MDD, and to maximize sensitivity, a score $47 is the recom-
mended as a cutoff to screen for a potential depressive episode (Stasik-
O’Brien et al., 2019). The 24-item Social Anxiety subscale also was
included, as depression and anxiety symptoms commonly co-occur
(Kessler et al., 2005). Both scales exhibited excellent internal consis-
tency (General Depression a = .89; Social Anxiety a = .92).

Mobile Sensing Data

Beiwe is an open-source encrypted platform that includes
Android and iOS smartphone applications. Raw global positioning
system (GPS) data were sampled from smartphones by alternating
between on-cycles (GPS data sampled) and off-cycles (no GPS
data sampled). The duration of the on-cycle was set to 2 min and
the duration of the off-cycle to 10 min. This simple sampling
scheme enables the collection of sufficient data to infer mobility
patterns while minimizing smartphone battery drainage (Torous et
al., 2016). This approach also enables quantification of the extent
of missingness that is not due to design, but due to behavioral or
other factors (e.g., participants turning off their phones).

Using methods previously described (Barnett & Onnela, 2020),
each sample of GPS data recorded participants’ latitude and longi-
tude that were converted into a mobility trace defined by a sequence
of flights and pauses. Flights were defined as segments of linear
movement and pauses were defined as periods of time when a per-
son did not move. The curved movement was approximated by mul-
tiple sequential flights. If a missing interval was flanked by two

Table 1
Descriptive Statistics Stratified by Healthy Controls and Remitted Depressed Adults

HC remMDD t/v2

Descriptive variable Category (n = 24) (n = 22) (df) p d//

Sex Women 18 (75%) 16 (72.7%) 0.03 (1) .86 0.29
Men 6 (25%) 6 (27.3%)

Age 21.8 (3.37) 22.2 (3.45) 0.78 (42) .32 0.27
Ethnicity White 8 (33.3%) 9 (40.9%) 7.3 (5) .19 .86

African American 2 (8.3%) 4 (18.2%)
Hispanic 6 (25.0%) 7 (31.8%)
Asian 6 (25%) 1 (4.5%)
Middle Eastern 2 (8.3%) 0 (0%)
Multiple races 0 (0%) 1 (4.5%)

Marital status Married or partnered 0 (0%) 1 (4.5%) 2.00 (2) .36 0.30
Widowed 1 (4.2%) 0 (0%)
Never married 23 (95.8%) 21 (95.5%)

Highest education Less than high school degree 1 (4.2%) 0 (0%) 4.25 (6) .64 0.45
High school graduate (or equivalent) 1 (4.2%) 4 (18.2%)
Some college or current student 11 (45.8%) 9 (40.9%)
2- or-4-year-degree 6 (25%) 5 (22.7%)
Some graduate school or graduate degree 5 (20.9%) 4 (18.2%)

Employment Part time 5 (20.8%) 6 (27.3%) 2.11 (3) .54 0.30
Full time 4 (16.7%) 5 (22.7%)
Student 15 (62.5%) 10 (45.5%)
Unemployment 0 (0%) 1 (4.5%)

IDAS Baseline depression 28.71 (5.54) 38.23 (9.78) 4.01 (32.59) ,.001 7.85
Social anxiety 6.83 (1.81) 8.70 (3.92) 2.07 (29.00) .047 3.01

Geolocation days 15.37 (6.57) 17.81 (4.57) 1.47 (41) .148 0.43

Note. MDD = major depressive disorder; HC = healthy control subjects; remMDD = remitted depressed subjects; IDAS = Inventory of Depression and
Anxiety Symptoms; values are [n (%) or M (SD)] as appropriate; t/v2 = t-values or v2 values; p = significance values; d// = effect sizes for t test or v2;
Geolocation days = number of days with geolocation data.
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pauses at the same location (situated within 50 m of one another),
the missing interval was assumed to be a longer pause at the same
location. As the data stream has long periods of structured missing-
ness, we next used a resampling method to estimate a complete con-
nected path of flights and pauses. Each missing period was filled
with random draws from the subjects’ empirical distributions of
observed flights and pauses to create complete paths that reflected
individuals’ observed mobility patterns.
These resulting trajectories were summarized into fifteen daily sum-

mary statistics, including: distance traveled (km), radius of gyration
(km), maximum diameter between two pause locations in a day (km),
significant locations visited, time at home (min), maximum distance
from home (km), average flight length (km), standard deviation of
flight length, average flight duration (min), standard deviation of flight
duration (min), fraction of time stationary, normalized entropy, minutes
with missing data, weekday circadian routine, weekday circadian rou-
tine. This allowed us to estimate our primary variables of interest: (a)
home stay, (b) average distance traveled, (c) circadian routine, and (d)
entropy. Homestay was operationalized as the amount of consecutive
time spent in one’s home, which was determined based on: (a) location
in which a participant spent the longest amount of time between 9 p.m.
and 6 a.m. over the course of the study period and (b) consecutive time
spent within a 200-m radius of home. Average distance traveled
reflected the daily distance (meters) each participant traveled.
Circadian routine indexed the regularity of one’s daily routine.

This feature measured the extent to which a participants’ sequence
of locations followed a similar 24-hr routine. For example, if a given
participant left home and returned home around the same time each
day, circadian routine would be a higher score. If a participant’s pat-
tern of movement was more irregular, then a circadian routine would
be a lower score. Circadian routine was operationalized using the
following approach. For two different days, Di and Dj, d(Di; Dj)
reflects the fraction of time a person is in the same place (within a
200-m radius) at the same time of day. This is approximated by
using the location of a person at 12:30 a.m. on day Di, and then,
determining whether the person is within 200 m of that location
between the hours of 12:00 a.m. and 1:00 a.m. on a given day Dj.
This is repeated for each 24 one-hour period of the day, and d(Di,
Dj) is reported as the fraction of those one-hour periods that a per-
son’s location was in sync, using 200 m as a buffer. Given m days
of geolocation data collected, for a given day, D, lower circadian
routine variable reflects a more irregular routine on day D whereas
higher values reflect a more consistent circadian routine on day D.

1
m� 1

X

Dj 6¼D

dðD; DjÞ

Entropy captured how many locations a person visited as well
as the variability of time spent at these locations. For example,
suppose there are K significant locations. Let tsk be the time spent
on a given day within a 200-m radius of the kth significant location

and let pk (pk ¼ tsk=
XK

k ¼ 1
tsk) be the fraction of time spent at

kth location. Then, the entropy for that day is reflected by

�
XK

k ¼ 1
pk log pk, with larger values indicating that a person

spread their time across many different locations for that day, and
small values reflecting fewer significant locations.

Ecological Momentary Assessment

Following the baseline assessment, participants received EMA
prompts six times daily via Metricwire (Metricwire Inc., Kitchener,
Canada) at random times within stratified 90-min windows between
8:30 a.m. and 10:30 p.m. for 14 consecutive days (occurring during
the initial 14-day period of the 21-day mobile sensing data collection).
During each prompt, participants received the 10-item Positive and
Negative Affect Schedule-Short Form (Kercher, 1992). Positive affect
(PA; excited, enthusiastic, alert, inspired, and determined) and negative
affect (NA; distressed, upset, scared, nervous, and afraid) items were
rated on a 5-point Likert scale ranging from 1 (very slightly or not at
all) to 5 (extremely), and item order was randomized each day. Partici-
pants had 20 min to complete each prompt, after which it was no lon-
ger available. Of the 46 participants with geolocation data, six
individuals were excluded for providing fewer than 10 responses to
EMA prompts, leaving a total of forty participants (Healthy Controls =
21, Remitted MDD = 19) for EMA-related analyses. Participants com-
pleted an average of 46.9 surveys over the 14-day period, correspond-
ing to a response rate of 55.8%.

Data Analysis

Analyses were performed in Rv4.3. To test group differences in
geolocation features, we performed a preliminary analysis compar-
ing group means (two-sample t tests) and medians (Wilcoxon
tests). To investigate group differences in daily mobility metrics
(i.e., daily differences in geolocation indices), we used generalized
estimating equations (GEE), accounting for baseline depressive
symptoms and included random intercepts and slopes. Identity
link was used to model the response variable, and an auto-regres-
sive correlation structure modeled the time-varying effects. Posi-
tive and negative skewed outcome variables were log transformed.

To examine relationships between geolocation features and mean
levels of momentary PA and NA over the duration of the EMA pe-
riod, separate multilevel models were estimated for each geoloca-
tion feature that showed significance within GEE models.
Significant geolocation features were included as a fixed effect pre-
dictor of PA or NA with and without the group interaction. Current
depression symptoms were included as a covariate in these models.

Using the R tidymodels package (Kuhn & Wickham, 2020),
LASSO regression tested which combination of the geolocation
variables (i.e., home stay, average distance traveled, circadian rou-
tine, and entropy) and clinical features (i.e., baseline depression and
social anxiety symptoms) predicted group membership. To evaluate
the classification model, we created 1,000 bootstrapped sets of fea-
tures and their corresponding group membership. We then trained
and cross-validated the models on each set using 10-fold cross-vali-
dation. We selected the tuning parameters for LASSO through an
area under the receiver-operating curve (ROC) maximization pro-
cess. Specifically, data were split between train (75%) and test
(25%) sets, stratified by group. A full LASSO was used, where a =
1. Given a = 1, the only tuning parameter that needed to be tuned
was k. This was accomplished by generating a grid of 50 possible
ks, which was then applied to the bootstrapped training set. The k
associated with the highest accuracy was selected for variable selec-
tion. The test set was used to evaluate specificity and sensitivity
metrics. To evaluate the performance of the classification model,
we estimated accuracy, sensitivity, and specificity for models
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containing: (a) geolocation variables, (b) clinical variables, and (c)
both geolocation and clinical variables.

Results

Descriptive Statistics

The groups did not differ in age, ethnicity, education level,
employment, marital status, or days of geolocation data collected
(ps . .19). However, compared with controls, the remitted group
reported greater depression severity, t(54) = 5.36, p = .00001, which
was included as a covariate in our analyses to rule-out that group dif-
ferences in geolocation variables were due to residual depressive
symptoms (see Table 1). The Supplemental Figure S1 summarizes
correlations among the four geolocation features. Not surprisingly,

home stay was strongly associated with circadian routine. The longer
time spent at home was reflected in higher circadian routine scores
(i.e., greater regularity in one’s day). Similarly, greater average daily
distance traveled and increased entropy were inversely correlated
with home stay, reflecting that the less time participants stayed at
home the more they moved around each day and visited a greater
number of locations (above a set threshold).

Group Comparisons on Geolocation Features

No group differences emerged for home stay, t(755) = 1.60, p = .11,
d = .12, or entropy, t(756) = �.46, p = .64, d = .03. By contrast, com-
pared with controls, remitted depressed participants reported a lower
circadian routine on average (.386 .25 vs. .336 .19; t(699) = �3.19,
p = .001, d = .23; Figure 1A) and reduced average daily distance

Figure 1
Boxplot Comparison of Circadian Routine and Average Distance Traveled

Note. Top panel shows boxplot comparison of circadian routine between groups across the 20-day study pe-
riod; bottom panel displays boxplot comparison of average daily distance traveled across the study period. * p
, .05. *** p # .0001. See the online article for the color version of this figure.

MOBILE SENSING AND DEPRESSION 5

T
hi
s
do
cu
m
en
ti
s
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

Ps
yc
ho
lo
gi
ca
lA

ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le
is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al
us
e
of

th
e
in
di
vi
du
al
us
er

an
d
is
no
tt
o
be

di
ss
em

in
at
ed

br
oa
dl
y.

https://doi.org/10.1037/abn0000742.supp


traveled (395 m 6 29 vs. 351 m 6 25; t(737) = �2.19, p = .03, d =
.16; Figure 1B). A nonparametric test, the Wilcox on signed-rank test,
confirmed that remitted participants reported a lower circadian routine
compared with healthy controls, W = 78,958, p = .03, d = .08, as well
as reduced average daily distance traveled, W = 78,673, p = .04, d =
.075).
GEE models tested group differences in averaged geolocation

features per day over the 21-day period, controlling for baseline
depression symptoms. Relative to healthy controls, remitted MDD
participants exhibited reduced average distance traveled per day
over time, (mean difference = .008 km (.004), p = .048) (Table 2;
Figure 2). No significant effects emerged for home stay, entropy,
or circadian routine (ps ..375).

Ecological Momentary Assessment of PA and NA

Preliminary analyses showed no group differences in PA,
b = .27 (.23), p = .236, or NA, b = .07 (.09), p = .433. Average
distance traveled was significantly related to NA, b = �.21
(.06), p = .02, as individuals who traveled less per day reported

greater NA over the 14-day period, controlling for baselines
depression symptoms (see Table 3). This effect, however, did
not vary as a function of whether a participant was in the
healthy or remitted depressed group, b = .10 (.18), p = .579.
Average distance traveled was not related to mean PA, b = .12
(.15), p = .397.

Regularized Regression Analyses

Using a model including geolocation (i.e., entropy, circa-
dian routine, average distance traveled, and home stay) and
clinical features (i.e., depression and social anxiety symp-
toms), LASSO classification had a superior performance on
accuracy and ROC AUC (receiver operating characteristic
area under the curve) compared with LASSO classification
using either geolocation features or clinical variables alone
(see Table 4). The main predictors of classifying group mem-
bership—in the order of strongest to weakest predictor—were
circadian routine (coefficient = 1.57), average distance trav-
eled (coefficient = .48), followed by baseline depression symp-
toms (coefficient = .15).

Discussion

There is a pressing need to develop scalable clinical tools
that detect aberrant behavioral patterns in remitted MDD that
may lead to recurrence. Compared with healthy adults, remitted
depressed individuals exhibited a more irregular circadian rou-
tine and reported less average distance traveled, this latter
effect accounting for current depression symptoms. Although
previous work has shown associations between current depres-
sion and mobility features (Saeb et al., 2015), the present study
suggests that inactivity may continue into remission. Further,
reduced average distance travel associated with greater daily
negative affect assessed over a 14-day period, again controlling

Table 2
Group Differences in Average Daily Distance Traveled

Predictor b 95% CI Wald p-value

Intercept 0.37 [0.28, 0.46] 15.31 ,.001
Days 0 [0, 0] 0.05 .824
Group �0.13 [�0.19, 0.07] 3.65 .056
Depression symptoms 0 [0, 0] 0.13 .720
Group 3 Days 0.008 [0.005, 0.013] 3.95 .047

Note. CI = confidence interval. Model results from generalized estimat-
ing equations (GEE) comparing trends in average distance traveled
between healthy controls (n = 24) and remitted depressed (n = 22) over
the 20-day study period; days = number of days geolocation data were col-
lected; b estimate is unstandardized.

Figure 2
Group Comparison of Average Distance Traveled During Study Period

Note. HC = healthy control; remMDD = remitted depressed; Comparing daily average distance traveled over
20-day study period. See the online article for the color version of this figure.
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for baseline depression severity. This effect, however, was not
more pronounced among remitted depressed individuals. High-
lighting the potential clinical utility of mobile sensing
approaches as a complementary clinical tool, results indicated
that an ensemble of geolocation disturbances (i.e., circadian
routine, average distance traveled) and clinical assessments
classified remitted depressed individuals with 72% accuracy;
outperforming models restricted to either geolocation features
or clinical symptom measures alone (see Table 4). Collectively,
these findings underscore the potential value of utilizing real-
time monitoring approaches with remitted adults, particularly
with the goal of continuously monitoring residual symptoms
that frequently contribute to recurrence.
Although our results underscore the value-add of tracking

discrete geolocation disturbances during remission, these data
are not directly monitoring depressive symptoms. This is a crit-
ical distinction, as it is tempting to blur the lines as to what we
hope to capture versus what we do capture with geolocation
features. The inherent strengths and limitations of mobile sens-
ing necessarily shape the clinical scenarios that are optimal for
deployment, and given their ease of use and scalability, one
potential use is following termination from treatment. Tempo-
rally sensitive geolocation data acquired from smartphones are
ideally suited to track within-person changes following treat-
ment, and perhaps, when there are notable deviations in discrete
features—for example, reductions in circadian routine and/or
average distance traveled that has previously been linked to
depression symptom severity (Saeb et al., 2015)—it may signal
the need to reconnect with clinical services. It also is notewor-
thy that specific features may be more state dependent. For
example, Saeb and colleagues (Saeb et al., 2015) found that en-
tropy associated with depression symptom severity. Our results
showed no group differences in entropy, suggesting that perhaps it
may normalize during periods of remission. Despite the potential
upside, there remain barriers to integrating mobile sensing
approaches within the typical clinical practice, including patient pri-
vacy concerns (e.g., continuously tracking movement each day;

Carter et al., 2015; Torous & Roberts, 2017) as well as computa-
tional limitations given there are few platforms that process data in
real-time and provide accessible information for therapists and cli-
ents with interpretable metrics. Ultimately, for mobile sensing
approaches to scale in clinical settings these core issues will need to
be sufficiently addressed.

Results should be considered in the context of limitations.
First, although we utilized a well-characterized sample
assessed with gold-standard clinical assessment tools, each
group was relatively small, which limits the generalizability.
Second, mobile sensing data were acquired for approximately
3 weeks, and data collection was not aligned to a specific clini-
cal event. Future research anchoring real-time monitoring to
discrete clinical events (e.g., inpatient discharge, treatment ter-
mination) may shed insights about geolocation patterns that
covary with depression severity during clinically sensitive
periods. Last, mobile sensing has the capacity to collect data
across a wide range of smartphone sensors. Accordingly,
future research should explore the benefit of integrating multi-
ple features (e.g., accelerometry to measure sleep, sentiment
analysis of SMS texting data) to more accurately detect the
reemergence of depression symptoms. Additionally, research
focusing on whether specific mobile sensor features map onto
discrete clinical features (e.g., anhedonia) as well as complex
affective dynamics assessed with intensive EMA (e.g., inertia,
instability) may assist with early detection and intervention
efforts.

Mobile sensing approaches have enormous promise to improve
clinical care for depressive disorders. Our findings highlight the
value of focusing on discrete features related to the regularity and
structure of one’s daily schedule (i.e., circadian routine) as well as
the amount of activity in a given day (i.e., average distance trav-
eled). Neither metric directly reflects depression symptoms but
may associate with residual symptoms that predict depression re-
currence. Leveraging this known association may provide an op-
portunity to develop clinical tools that continuously monitor

Table 3
Relationship Between Average Daily Distance Traveled and Negative Affect

Predictor b 95% CI df t-value p-value

Intercept 1.22 [1.05, 1.37] 37.56 7.33 ,.001
Average distance traveled �0.21 [�0.27, �0.15] 450.43 �3.06 .002
General depression 0.004 [0, 0.08] 34.96 0.95 .340
Group 3 Average Distance Traveled 0.10 [�0.08, 0.28] 478.75 0.55 .579

Note. CI = confidence interval. Mixed-effect model testing whether average distance traveled predicts daily negative affect over a 14-day period; b esti-
mate is unstandardized.

Table 4
Regularized Classification Between Adults With Remitted Depression and Healthy Controls

Model Accuracy ROC AUC Sensitivity Specificity

LASSO (geolocation variables) 0.576 0.526 0.522 0.622
LASSO (clinical variables) 0.625 0.729 0.875 0.375
LASSO (geolocation and clinical variables) 0.716 0.776 0.761 0.714

Note. LASSO = least absolute shrinkage and selection operator; ROC AUC = receiver operating characteristic area under
the curve. Classification results from regularized regression on select geolocation variables (entropy, circadian routine, aver-
age distance traveled, and home stay) and clinical variables (depression and social anxiety symptoms).
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patients with the aim of enhancing prevention and treatment
approaches for depressed individuals.
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