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OE, WHO HAS RECEIVED A DIAGNOSIS OF MAJOR DEPRESSIVE DISORDER, IS
meeting every 2 weeks with his psychiatrist, Sandy.
“How have you been feeling since we last met?” asks Sandy.
“Much better,” says Joe. “I've been much more active and social, and I'm sleeping
great!”
“That’s wonderful,” says Sandy. “But...I think your wearable must be broken.
The data from it look very irregular for your sleep these past 2 weeks.”
“Oh,” says Joe, “it’s not broken. Actually, now that you mention it, my sleep has
been really messed up. I slept well only yesterday.”
“Well,” asks Sandy, “should we talk more about how we can improve your sleep?”
This conversation is based on a real patient—therapist interaction. In this case,
the data from wearable technology served as a prompt to obtain details of the
patient’s life that might have otherwise been missed. Traditional clinical assess-
ments depend on patient recall. Although such recall can include important fac-
tors that wearable technology (often termed “wearables”) do not detect, such as
patients’ reports of distress, the assessments by wearables of longitudinal data
from daily life may augment methods of monitoring and treating depression, pro-
viding objective complements to subjective information from patients.

PERSPECTIVE ON CURRENT CLINICAL PRACTICE

Treatment of depression is based on evaluation for the presence and severity of
symptoms. Depression is mostly diagnosed and monitored by means of interview-
based assessments or self-report scales, which include questions about current circum-
stances, personal history, family history, and the frequency of symptoms attribut-
able to depression.!

Much of this information is subjective (i.e., based on the patient’s report) and
shaped by the clinician’s judgment. Hence, it is prone to various biases that may
affect the quality of care. Researchers have suggested various explanations for these
biases.”*

Self-report scales have been used to remotely monitor patients’ symptoms be-
tween clinical visits. If these instruments (e.g., the Patient Health Questionnaire 9
[PHQ-9], which scores depression on a scale from 0 to 27, with higher numbers
indicating more severe symptoms) are administered regularly, they can reduce
retrospective bias.>® However, the burden on the patient can limit how frequently
questionnaires are collected. Indeed, adherence to questionnaires is reduced with
an increase in the frequency or period of administration.”
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WEARABLES IN THE DIAGNOSIS,
MONITORING, AND TREATMENT
OF DEPRESSION

Wearables enable passive monitoring (i.e., moni-
toring without active input) of behavioral and
physiological factors. The greater frequency and
objectivity of wearable measurements help over-
come some of the limitations of adherence and
bias when depression is monitored exclusively
with self-reports.

Longitudinal measurements from wearables
— especially when coupled with contextual data
from smartphones — have the potential to aug-
ment existing clinical decision-making processes
in psychiatry.®*'! Complementing patient self-
reports, these measurements increase the informa-
tion available for differential diagnosis or treat-
ment planning.

Wearables support personalized approaches
to depression treatment. Longitudinal measure-
ments help establish patient-specific behavioral
and physiological baselines and support identifi-
cation of personalized factors that result in devia-
tions from these norms. A clinician can use this
idiographic (within-person) information along
with more general, nomothetic (between-person)
evidence from randomized, controlled trials (RCTs)
to monitor condition changes and adjust the treat-
ment plan for each patient. Furthermore, these
measurements may enable patient subtyping'?> on
the basis of similar behavioral or physiological
types, which can subsequently be associated with
treatment outcomes.

Data from wearables can help clinicians com-
pile a more comprehensive view of a patient’s
condition and identify potential targets for inter-
vention, but the data do not dictate what to target.
Clinical judgment is still essential for making ap-
propriate treatment decisions. For example, Joe’s
wearable indicated some disruptions in his sleep.
Treating sleep in persons with depression can sig-
nificantly reduce their depression.’* On the basis
of this information, Joe’s clinician may decide to
make sleep the focus of treatment. However, if Joe
is a new parent, this focus may be suboptimal.
Thus, clinical judgment, which includes an under-
standing of each patient’s context, is required
when wearable-provided information is used.

In Joe’s case, the objective sleep patterns
helped the doctor to characterize Joe’s condi-
tion more accurately. When presented with these

measurements, Joe and his doctor agreed that he
needed further help managing his sleep. This
vignette also illustrates how objective data can
engage patients, improve their understanding of
their condition, and potentially motivate them to
try a treatment. Patients who have been under-
going a long-term treatment may also be engaged
and motivated by wearables. For example, objec-
tive trends in sleep and activity data may illus-
trate clinical improvement, and viewing these
trends with their physicians may encourage pa-
tients to persevere with treatment.

By combining sensor measurements with self-
reports, clinicians may reduce inaccuracies due to
biases. Data from wearable devices may allow
clinicians to monitor changes in behavior and
symptoms more accurately between visits, and
such monitoring may indicate whether a patient
has had a response to medication, has adhered to
therapy, or has had a relapse. For example, data
indicating an effect on sleep may guide a change
in medications. Although it might seem obvious
that this information can improve outcomes, there
are no rigorous RCTs confirming whether im-
proved access to data will indeed produce better
clinical care and outcomes.

Access to interpretable data from a patient’s
wearable may affect how clinicians choose to
structure their time with the patient. The initial
psychiatric evaluation may take up to 2 hours.”
Part of this time is spent asking about symp-
toms over the previous weeks. However, infor-
mation about some symptoms of depression,
including sleep patterns and activity levels, could
be gathered from the patients’ wearable data
and made available to the clinician at the first
visit. These data could be entered into clinical
records in a fully automated or semiautomated
way. (An example of a semiautomated approach
would be that the longitudinal graphs are gener-
ated automatically, and then a specially trained
team member, called a digital navigator,'® sum-
marizes the data, enabling the clinician to
quickly see the data that are most relevant and
actionable.) In this proposed scenario, clinicians
could use their limited time with patients more
efficiently, gathering insights not provided by a
wearable, thus forming a better therapeutic rela-
tionship and delivering personalized treatment.
Furthermore, recently introduced Current Proce-
dural Terminology (CPT) codes for remote patient
monitoring with wearables (e.g., codes 99453,
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99454, and 99457) may provide new reimburse-
ment streams for clinicians.”

MODEL OF DIGITAL MENTAL HEALTH
MONITORING

Wearable systems that have been evaluated for
monitoring depression usually include several
layered components, as shown in Figure 1. The
purpose is to transform raw measurements from
the sensors into meaningful information to sup-
port clinical decisions. Raw measurements from
wearables are usually received by a synchronized
smartphone that provides additional context
(e.g., location, app usage, and website activity).
Many signals of interest for monitoring behav-
iors while treating depression can be tracked in
real-world settings with the use of current wear-
able technology; these signals include accelera-
tion, location, screen-based activity, app usage,
wearable-based payments, and logs of smart-
phone calls and messages.’®" Several of these
signals may be directly of interest in personal-
izing treatment (e.g., visualizing and discussing
social or spending behaviors as part of cogni-
tive—behavioral therapy [CBT]).

In addition, wearables can collect longitudi-
nal physiological measurements, such as electro-
dermal activity, usually measured as skin conduc-
tance and cardiac signals (e.g., pulse rate
variability) through photoplethysmography. These
measurements can provide insights into changes
in a patient’s circadian rhythm or autonomic ner-
vous system activity (e.g., due to stress or auto-
nomic dysfunction).?**" Historically, studies of
these physiological signals in depression have been
limited to brief measurements during a laborato-
ry visit (e.g., showing electrodermal hypoactivity
in depression),?> which can be confounded by
short-term events such as a stressful commute.
Comfortably worn autonomic sensors that reliably
collect these data in daily life, while minimizing
artifacts, have recently been cleared by the Food
and Drug Administration (FDA) and can be used
to collect longitudinal data.”® Reliable physiological
information may advance the management and
understanding of depression by providing great-
er insight into the dynamics of psychophysiologi-
cal factors in patients’ daily lives. However, such
wearable-based physiological measures have not
yet been tested in controlled trials to confirm
this potential clinical benefit.

PROCESSING OF DATA FROM
WEARABLES USED TO MONITOR
DEPRESSION

Raw measurements need to be cleaned before the
data are processed. Cleaning consists of remov-
ing the samples recorded when the device was
not worn, filtering out bad-quality signals (e.g.,
those containing motion artifacts), and reducing
noise in the data.**

After cleaning, raw signals are processed
with feature extraction algorithms to obtain
meaningful data, called low-level features. For
example, the wristband accelerometer measures
linear acceleration of the wrist.” This signal can
be processed to extract and estimate more inter-
pretable metrics such as movement intensity
(e.g., for assessment of psychomotor impairment
and sleep).?® Given their high dimensionality and
complexity, low-level features comprising long
and frequently sampled time series of multi-
modal measurements are often too granular to
directly inform clinical decisions. However, en-
suring the integrity of these low-level features is
critical for providing the quality of data needed
for higher-level insights.

Low-level features are joined together in vari-
ous ways and then aggregated to represent clini-
cally meaningful metrics, such as daily total sleep
time? or daily vigorous activity.”® These metrics,
termed high-level information, are grouped by
construct into clinically meaningful categories
(e.g., activity, sleep, stress, and communication).
Estimates of stress can be computed from a com-
bination of physiological measurements, such as
electrodermal activity or pulse rate variability, and
contextual information, such as motion, tempera-
ture, and location.”* Communication patterns
can be measured from smartphone activity met-
rics, including the number of initiated and an-
swered calls and the number of sent and re-
ceived messages.” Aggregation (e.g., averaging
measurements from the minute level to the day
level) may result in a feature such as the num-
ber of sleep hours per day. Alternatively, aggrega-
tion may combine low-level features (e.g., sleep
and pulse rate, for a sleep and context baseline).
The plots in Figures 2, 3, and 4 show high-level
information regarding activity levels and sleep
patterns, aligned with depression levels from a
PHQ-9 modified to measure symptoms of depres-
sion over the previous 24 hours. Having these
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Figure 1 (facing page). Layers of Data Provided
by Wearable Devices.

The top layer of data (green) comprises raw measure-
ments from the wearable sensors. After the data are
cleaned, low-level features, shown in the second layer
(blue), are obtained. Combinations of these features,
usually over a period of days, and with consideration of
contexts such as location and time of day, reveal high-
level patterns of potential clinical relevance, shown in
the third layer of data (purple). The data in the bottom
layer (gold) indicate the clinical states related to depres-
sive symptoms. Current technology enables access to
only the first three layers of data. Ongoing research
focused on building predictive machine-learning algo-
rithms is likely to make the fourth layer of information
available in the near future. GPS denotes global position-
ing system, and SMS short message service.

types of information side by side gives the cli-
nician a more holistic view of the patient’s health,
which may be useful.

The rapid progress in machine learning on
large data sets has led to optimism that algo-
rithms may someday be able to automatically
estimate the values of clinical states related to
major depressive disorder.*3® For example, an
algorithm could take raw measurements from
wearables together with other contextual data
(e.g., weather, time of day, and other informa-
tion shared by the patient) as inputs and produce
a score for the severity of depressive symptoms.
Such scores are not yet validated for clinical use.
Their validation requires large data sets, with ac-
curately labeled data from diverse patient popula-
tions and diagnoses, to achieve accuracies that
are useful clinically.

Substantial progress has been made in auto-
matically estimating some of the high-level states,
such as sleep. However, other states, such as
suicidality, do not yet have reliable estimators
and remain active research areas.* More generally,
further improvements in the accuracy, explain-
ability, and generalizability of these methods are
required before they are used in clinical practice.
Furthermore, machine-learning algorithms can
amplify biases in the data they are trained on,
which may not, for example, contain data from
patients with diverse demographic characteris-
tics. Care must be taken to detect and correct
these algorithmic biases and to make them trans-
parent when they are present.”® Therefore, large
studies, with suitably diverse patient populations,
are required before these machine-learning

algorithms can be evaluated for inclusion in
clinical practice.

A notable challenge in processing wearable
data is patient heterogeneity. The same value from
a particular sensor may mean different things for
different people. For instance, sedentary people
and athletes usually have very different resting
pulse rates. Data normalization methods are
usually required for making comparisons across
different people. Normalization is sometimes
also required for comparisons within the same
person when large changes have occurred that
can affect measurement baselines. For example,
a patient may have a reduced level of activity that
is the result of a physical injury rather than
depression.

A CASE STUDY OF WEARABLE DATA
FROM A REAL PATIENT

Consider the wristband data for Maria (Figs. 2,
3, and 4), a 21-year-old woman with a diagnosis
of major depressive disorder who started taking
estrogen for depression 2 weeks before com-
mencing wearable data collection in a study. The
patient’s name and identifying details have been
changed to protect her privacy. Figure 2 shows
16 days of her activity patterns, from a low level
of activity to a high level, as processed from her
wristband accelerometer.” The arrows in Fig-
ure 2A point to a pattern of regular moderate
activity, which occurs at weekly intervals, during
weekends, and around the morning hours. The
arrows in Figure 2B point to days with less than
5 total minutes of moderate or vigorous activity.
The juxtaposed patterns in Figure 2B and 2C
show no visible correlation between activity level
and depressive symptoms over this short period.
However, a view of the same data over a period
of 6 weeks (Fig. 3) shows that Maria’s activity
pattern has become sustained and is associated
with a decrease in her depressive symptoms.
This correlation of change in self-reported de-
pression and activity level is consistent with, but
does not imply, causation.

Figure 4 shows Maria’s sleep patterns. Be-
cause Figure 4A includes regions of missing
data, we cannot conclusively say that her sleep is
as regular as it looks. Nevertheless, the data over
a 6-week period (Fig. 4B) suggest an improve-
ment in Maria’s hypersomnia, with more normal
levels of sleep (7 to 8 hours per night). CBT for
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insomnia or hypersomnia (CBT-I) can signifi-
cantly reduce depressive symptoms in many pa-
tients.>*3! Thus, reviewing charts like these may
be useful for either identifying the need for a
sleep therapy or tracking adherence and outcomes
once sleep therapy has been started.

Although it may be tempting to look for sim-
ple connections between daily self-reported symp-
toms and wearable data that are generalized
consistently across patients, these connections
are often hard to find. In an analysis of multiple
studies’ that were based on between-group (or
between-patient) comparisons, De Angel et al.

found that daily total sleep time showed mixed
directionality of significance. This finding is to
be expected, given that some people with depres-
sion are known to sleep less than nondepressed
people, whereas others sleep more.>> De Angel et
al. noted that among 12 studies in which “activity
levels as a feature within physical activity” were
measured as an index of depression, 3 of the 12
showed that this feature from wearable or smart-
phone data was closely correlated with the se-
verity of depression. This finding indicates that
the psychomotor retardation observed in depres-
sion can be captured by objective measures from
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July 6 — E 1
< 15
July 8 — E 1
July 10+ E 1
July 12— E 1
£ July 14 || « . 14 1
[a]
4—
July 16 4 E 1
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Figure 2. Activity and Depression Data for 16 Days in a Real Patient.
Panel A shows the number of times each day when the patient was sedentary or engaged in light, moderate, or vigorous activity, as
measured by an accelerometer worn on the wrist. White areas indicate that the sensor was not being worn or was not collecting data.
Panel B shows the daily total minutes of moderate or vigorous activity and the average for the week (black numbers). Panel C shows the
level of depression as measured by scores on a modified version of the Patient Health Questionnaire 9 (PHQ-9), based on symptoms
from the previous 24 hours. PHQ-9 scores range from 0 to 27, with higher numbers indicating more severe symptoms of depression.
Scores of 5, 10, 15, and 20 represent thresholds for mild, moderate, moderately severe, and severe depressive symptoms, respectively.
A 5-point change is clinically significant. The activity data in Panel A show that the patient was exercising moderately every 7 days (arrows)
and also had other periods of intense activity. On certain days, as shown in Panel B, the patient spent less than 5 minutes in an active
state (arrows). Over the 16-day period, there is no visible correlation between active time and PHQ-9 score.

2462 N ENGL J MED 389;26 NEJM.ORG DECEMBER 28, 2023



WEARABLE TECHNOLOGY FOR DEPRESSIVE DISORDER

wearables in certain scenarios. Since mental
health disorders are often highly idiosyncratic,
however, RCTs that seek causal factors across a
group may not have findings that apply to each
individual patient.®

In contrast, wearables enable high-frequency,
longitudinal monitoring of individual patients,
and the data can be used as another way to
gather evidence about related symptoms and
treatment effectiveness through N-of-1 methods.?*
These methods may, for example, look for patient-
specific (or within-patient) correlates among ob-
jective wearable metrics, treatment decisions
(e.g., medication or psychotherapy recommended),
and desired outcomes (e.g., overall depression
levels). Although idiographic, N-of-1 evidence-

gathering methods also have limitations, we
support their use alongside conventional RCT
sources of nomothetic evidence in depression-
related clinical practice, since the objective lon-
gitudinal data may produce findings that align
more closely with the patient’s experience.

LIMITATIONS TO BE ADDRESSED

Multiple obstacles currently curtail the adoption
of wearable technology in clinical practice. One
limitation is the clinical interpretability of out-
puts. Often, these frequently sampled, longitudi-
nal measurements are high-dimensional and in-
teract with each other in a complex manner. Their
association with depression is heterogeneous and

15
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Figure 3. Activity and Depression Data over a 6-Week Period in the Same Patient.
Six weeks of raw activity data (Panel A) and activity averages (Panel B) are aligned with patient-reported PHQ-9 scores (Panel C),
showing that the patient’s activity levels were associated with her reduced depression scores. At the beginning, the patient had a low
level of daily activity, which increased in the second part of treatment (green shading in the three panels). The increase in activity was
confirmed on a plot depicting weekly average activity time (black numbers in Panel B). The average weekly minutes spent at moderate or
vigorous activity levels tripled over the 6-week period. The patient also started to exercise regularly in the second week (arrow in Panel A).
The patient’s depression started to decrease in the second half of the recorded period.
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can be difficult to interpret. Several strategies,
as yet untested, may improve the usefulness of
wearable measurements. First, high-level features
should be codesigned with clinicians to ensure
clinical meaningfulness. For example, the inten-
sity of movement can be presented as different
metrics such as the Euclidean norm (i.e., the
square root of the sum of the squares of the
three-axis accelerometer values) or the average
time spent at a vigorous activity level.*® The latter
is likely to be more relevant to a clinician, who
may recommend an increased duration of vigor-
ous activity and then monitor whether the patient
follows the recommendation and has clinical
improvement. Second, visualization tools show-
ing the longitudinal pattern of clinically relevant
information should be developed. For example,

clinicians may be interested in patterns of a pa-
tient’s activity and how these change across visits
and treatments.

Adherence is often a challenge for longitudi-
nal monitoring. In our studies, in which partici-
pants were asked to wear sensors on both wrists
continuously for up to 8 weeks, adherence was
about 70%.3%* In another study, in which par-
ticipants were monitored with a wearable for up
to 24 months, adherence was not affected by the
severity of depression.** However, research par-
ticipants are often remunerated for wearing sen-
sors, and such financial incentives are not part
of clinical practice. Although the acceptability of
wearables has been shown for various patient
populations, including patients with severe psy-
chopathology,” further research is required in

Date
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Figure 4. Activity Level, Sleep Time, and Depression Score over a 6-Week Period in the Same Patient.
Sleep patterns, estimated from wrist accelerometer data, are aligned with PHQ-9 scores, showing whether the patient’s sleep changes
were associated with her reduced depression scores. Panel A shows times when the patient was asleep. Panel B shows daily total and
weekly average sleep hours. At the beginning of treatment, Maria slept more than 10 hours on certain nights, but she reduced her daily
sleep time to about 7 hours in the last 2 weeks of recorded data. Her weekly average sleep time dropped from 9.1 to 7.4 hours, as shown
in Panel B (black numbers). Panel C shows the patient-reported daily PHQ-9 scores.
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order to determine how to increase wearable
adherence in clinical practice.*> In particular,
access to the patient’s wearable data and an op-
portunity to review the data with the clinician
have been shown to increase the patient’s engage-
ment in treatment.*”

Another limitation of wearables that has led
to the delay in their deployment in psychiatry is
that wearables often provide only high-level in-
formation, such as daily sleep time, without the
manufacturer’s disclosure of the algorithms or
raw data used to arrive at this output. The lack
of access to high-quality raw data from some
wearables prevents systematic evaluation by the
scientific community of the accuracy and ro-
bustness of algorithms used to estimate low-level
features by these devices. Another problem is
that manufacturers of wearables often provide
data processing as part of the device’s function
but may not notify clinicians or researchers if
they update their processing algorithms, and
these updates can change study results.* Conse-
quently, clinical studies should prioritize the use
of devices that provide raw data and that dis-
close the algorithms used to generate high-level
information. Use of such devices aids the devel-
opment and validation of digital mental health
systems.

ETHICS IN THE USE OF WEARABLE DEVICES FOR
DEPRESSION

The ethical use of wearables in clinical practice
requires careful consideration, and safeguards
should be established to minimize risks.* In
clinical practice, it seems reasonable to limit use
to devices that have been cleared by the FDA or
similar respected regulatory organizations. Such
devices will have undergone quality checks with
respect to any data listed in their FDA-cleared

indications for use, as well as biocompatibility,
safety, usability, and cybersecurity testing that is
usually not required for consumer devices. Other
important factors to consider include technical
support for wearers, researchers, and clinicians,
together with battery life, cost, size, interopera-
bility with different smartphone platforms, and
the stigma that may be associated with the appear-
ance of visible devices.*

Data fairness, security, and privacy are of
paramount importance, since wearables measure
many health-related signals that are considered
to be sensitive. Care must be taken to ensure that
wearable data remain secure (e.g., with encryp-
tion, deidentification, and dedicated personnel
who manage the information and monitor it for
security breaches). Moreover, work is required
to ensure that wearables provide equitable re-
sults across heterogeneous populations. The FDA
acknowledged that pulse oximetry may be less
accurate for persons with dark skin pigmenta-
tion.” The main sensor (photoplethysmography)
used in wearable pulse rate analysis can also
have this problem.* Finally, informed consent
and transparency are critical for the ethical use
of wearables. Patients have the right to choose
whether they will use a wearable in their treat-
ment and to know how their data will be used
should they decide in favor of a wearable. All
these factors are essential for the future use of
wearables in the clinical treatment of depression
and for conducting the large studies needed to
increase our understanding of wearable data and
their potential for improving patient outcomes.

Disclosure forms provided by the authors are available with
the full text of this article at NEJM.org.

We thank Justin Baker for his shared insights and Amit Chopra
for his critical review of an early draft of the manuscript and
helpful suggestions.
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