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Abstract

Background. Depression and anxiety are the primary drivers of
disability, and are primarily currently measured through episodic self-
report. Smartphones and wearables track sleep, physical activity,
mobility and device wuse, and continuously produce “digital
biomarkers” that could be used to monitor objectively and in real-
time.

Objective. To integrate published literature and findings regarding
the associations and/or predictions of depression and anxiety
symptoms with sleep, activity and smartphone measures.

Methods. The systematic review was conducted in line with the
PRISMA 2020 (Page et al., 2021) and only published studies were
included; no participants were recruited and no questionnaires or
interventions were given. The literature identification, screening,
extraction and appraisal and synthesis was conducted between
January and July 2026. The final evidence base contained a total of
35 sources which were analysis narratively and descriptively, with an
adapted QUADAS-2 framework (Whiting et al., 2011) used to
appraise the quality of the studies.

Results. There were 15 empirical digital-biomarker studies (43%),
9 reviews and frameworks (26%), 6 meta-analyses or epidemiological
syntheses (17%) and 5 measurement or methods standards (14%).
Sleep was the most consistent finding across data for depression,
physical activity occurrence and irregularity was moderate, and
physiological signals and anxiety were the least consistent. Insomnia
increased the risk of developing depression by approximately two-fold
(pooled OR 2.10), while more physical activity was protective (pooled
OR 0.83 and 0.74). Although most of the sensing studies were small
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and short, and based on students' samples or convenience samples,
few studies were validated with external tests.

Conclusions. Signals of sleep, activity and mobility are potential
indicators of depressive symptoms, while there is less mature evidence
for signals of anxiety. There is a need for bigger, longer, externally
validated and clinically diverse trials with the same feature
definitions to support clinical decisions with digital biomarkers.

INTRODUCTION
Other than migraine, depression and anxiety disorders are one of the most prevalent psychiatric

disorders in the world and characterized by groups of emotional, cognitive and behavioral
symptoms (American Psychiatric Association, 2013). Severity is usually assessed using short self-
report instruments, such as the Patient Health Questionnaire-9 (Kroenke et al., 2001) and the
Generalized Anxiety Disorder-7 scale (Spitzer et al., 2006). These tools are useful and effective
but only a snapshot, rely on recall and insight and are typically used when patients visit a clinic
several weeks or months apart. This is often not noticed due to early relapse, diurnal variation
and the day-to-day course of symptoms.

However, digital phenotyping is a complementary method. Inspecting it, Insel 2017 called it “the
moment-to-moment quantification of the individual-level human phenotype in situ” and Onnela
& Rauch 2016 described how smartphone-based phenotyping could be used to improve
behavioral and mental health research. Large-scale collection of data was possible with the
development of open research platforms (Torous et al., 2016), while conceptual studies suggested
that the use of machine learning with all pervasive sensor streams would form the basis for
“personal sensing” of mental health (Mohr et al., 2017). The raw material is behavioral: how and
when people sleep; how much they move; where they go; how they use their phones, how they
communicate.

There is significant biological and behavioral plausibility for these markers. Low physical activity
and sleep disturbance are among the most important core features or risk factors of depression
and anxiety and the relationship between the two is bi-directional (Alvaro et al., 2013; Choi et al.,
2019). Digital biomarkers may have a reduced burden, as they can be collected passively and
without user effort, and may be able to detect change sooner than periodic questionnaires, and at
a higher sampling density.

The field has, however, developed rapidly and unevenly. Previous reviews reported a more
fragmented literature with predominantly small feasibility studies (Cornet & Holden, 2018;
Jacobson et al., 2019), as well as reviews that focused on students or public data sets that resulted
in varied descriptions of features and lacked reproducibility (Melcher et al., 2020; Mendes et al.,
2022). There is a need for a synthesis that juxtaposes measures of sleep and activity with
smartphone-derived measures for both depression and anxiety, and that connects to the
established epidemiological evidence.

Make sure to aim and review questions. The aim of this review was to synthesize published
evidence of digital biomarkers of depression and anxiety. It asked: Which measures, based on

sleep, activity and smartphones, have been studied? (2) What is the consistency of their
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relationship with depressive and anxiety symptoms? (3) What is the level of strength and maturity

of the supporting evidence and what are the clinical translation barriers?

Literature Review

Sleep and circadian markers

Insomnia is a symptom of depression and a predictor of depression. A meta-analysis of
longitudinal studies revealed that individuals with insomnia also had a 2-fold increased risk of
later developing depression (Baglioni et al., 2o11), while a systematic review suggested that sleep
disturbance, depression and anxiety are connected over time (Alvaro et al., 2013). But objective
ambulatory data fill out the picture: adults with depression and anxiety disorder exhibited sleep,
circadian, and activity abnormalities when compared with controls in a two-week assessment,
most marked in the depression group (Difrancesco et al., 2019). A study by Sano et al. (2018) that
used wearable technology to identify sleep regularity, along with other physiological and
behavioral data, has correlated these with stress and mental-health status within university

students.

Physical activity

A meta-analysis of prospective cohorts indicated that increasing physical activity would reduce
the risk of depression in any age group or region (Schuch et al., 2018), and Mendelian
randomization with objective measures of activity confirmed a protective effect of physical
activity on depression (Choi et al., 2019). Exercise is also used as a treatment: large effects were
observed for reduction of depressive symptoms (although these were reduced after adjustment
for publication bias, Schuch et al., 2016), and large effects were observed for exercise’s anxiolytic
effects in anxiety and stress-related disorders (Stubbs et al., 2017). These results provide a

compelling clinical justification for using step counts and accelerometry as passive markers.

Mobility, location and phone-use category.

Initial research on smartphones demonstrated that GPS-based mobility and mobile phone use
were associated with severity of depression. In an exploratory study, associations between
location variability and PHQ-9 scores, and between circadian movement and phone usage
patterns and PHQ-g scores were observed (Saeb et al., 2015), while a subsequent study of two
samples revealed associations between location-sensor features and PHQ-g scores and severity of
depressive symptoms (Saeb et al., 2016). A similar strategy was employed to determine various
depressive states and trajectories using mobility traces (Canzian & Musolesi, 2015). Combined
phone and wearable features were used to track depression dynamics during college students
followed across an academic term (Wang et al., 2018), and a feasibility study demonstrated that
smartphone sensors could quantify behavior relevant to psychiatric assessment (Ben-Zeev et al.,
2015). The context sensing was also employed to activate a mobile depression intervention, earlier

(Burns et al., 2011).

Anxiety, prediction models and social signals

There is less evidence for anxiety. Social anxiety severity estimates were obtained from
smartphone sensor data (Jacobson et al., 2020) and models integrated by smartphone and wearable
sensors have predicted depression and anxiety symptoms with moderate accuracy (Moshe et al.,
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2021). Passive phone sensing predicted daily mood in depression, with personalized models
tending to be better predictors than population-level models (Pratap et al., 2019), and wearable-
plus-phone data successfully measured changes in depression severity in treated adults (Pedrelli
et al., 2020). Passive sensors also predicted depressed mood in undergraduates (Jacobson &
Chung, 2020) and large-scale platform studies have started to explore data quality and clinical
modelling in real-world practice (Nickels et al., 2021). Depression was predicted by using outside

sensing, linguistic and behavioural clues on social media websites (De Choudhury et al., 2013).

Gaps

However, the available reviews highlight the use of convenience samples and limited external
validation, low follow-up, and small sample sizes (Cornet & Holden, 2018; Jacobson et al., 2019;
Mendes et al., 2022). A focused review of behavioral features in affective disorders likewise found
the most promising correlations for mobility, activity and sleep-related features, but considerable
heterogeneity (Rohani et al., 2018). This review was created based on this work, and incorporates
sleep and activity and smartphone-derived markers in both conditions, as well as their

relationship with the epidemiology.

Methodology

Design and reporting standard

This is a systematic review of previously published research. It is based on the PRISMA 2020
statement (Page et al., 2021). The review focuses solely on secondary data, i.e., all data used was
taken from published articles. The authors were not involved in the recruitment of patients,
administration of questionnaires, delivery of an intervention or any primary or quantitative
measurements, and no result is claimed as original here. Ethical approval and informed consent

were not required since the study was based on literature published.

The Review window and the workflow

Literature review was undertaken within a specific period of January 2026 to July 2026 (Figure 1):
protocol and search strategy (January), searching and de-duplication of databases (February-
March), screening of articles (April-May), data extraction and appraisal of quality (June),
synthesis of data and writing (July). Articles published through the end of the search window

were included.
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Review workflow, January-july 2026

Protocol & search strategy -
Database searching & de-duplication A _
Title/abstract & full-text screening _

Data extraction & quality appraisal 1

Synthesis, figures & write-up A -

T T T T T T T
Jan 2026  Feb 2026 Mar 2026 Apr 2026 May 2026 Jun 2026 Jul 2026

Figure 1. Review workflow across the January—July 2026 analysis window.

Eligibility criteria

Children, adolescents or adults with clinical or subclinical depression or anxiety or general
samples with symptom measures.

Exposure/index measures: sleep (duration, timing, regularity), physical activity (steps,
accelerometry), mobility and location, phone use and screen time, communication and/or social
signals, wearable physiological signals.

Outcomes: depression or anxiety status or severity (validated instrument or clinical diagnosis).
Designs: empirical studies subject to peer review or conference, systematic review, meta-analysis
and conceptual/methodological papers directly related to digital biomarkers.

Exclusions: studies that did not have a mental health outcome, non-English reports, protocols

with no results, and interventions that were not tested as a metric for sensing.

Information sources and search strategy

The identified sources included PubMed/MEDLINE, PsycINFO, Embase, IEEE Xplore, the ACM
Digital Library and Google Scholar, as well as backward and forward citation searching of selected
papers. Using controlled vocabulary and Boolean operators, search strings comprised concept
blocks (digital measurement, digital biomarker, passive sensing, actigraphy, smart phone,
wearable), behavior (sleep, physical activity, mobility, GPS, screen time) and condition

(depression, anxiety). The review was not registered a priori.

Screening, extraction and appraisal

Records were de-duplicated and screened by title/abstract and then by full text against eligibility
criteria. The reasons for excluding full text were noted. For each included source we extracted
publication year, source type, population, sensing modality, outcome measure and main finding.
Although reviews, meta-analyses and methods papers cannot be appraised as primary studies,
quality appraisal was performed for empirical sensing studies using an adapted framework of
QUADAS-2 (Whiting et al., 2011) which focuses on participant selection, index-measure
definition, reference standard and analysis, and likelihood of overfitting or lack of external
validation.
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Data synthesis

The sensing studies were not amenable to pooled meta-analysis due to the heterogeneity in the
sensors, features, populations and outcomes. We therefore provided the following descriptive
statistics on the evidence base, a narrative synthesis organized by biomarker domain and
condition, an ordinal consistency rating per domain (limited, moderate or consistent) which
reflected the direction of findings, replication and their quality, and finally, we tabulated pooled
effect estimates as reported by the original meta-analyses. The authors did not re-calculate or re-
pool an effect size.

Table 1: Screening flow (to be completed from the study’s own search log)

PRISMA stage Notes
Records identified from databases and citation tracking Jan—Mar 2026
Duplicates removed Feb-Mar 2026
Records screened (title/abstract) Apr 2026
Full-text reports assessed for eligibility May 2026
Full-text reports excluded, with reasons May 2026
Sources included in the final analysis Jun—Jul 2026

Results

The evidence base has the following characteristics:

The final analysis comprised of 35 sources from 2001 to 2022 (Figure 2). Most of the 35 sources (24,
69%) were published between 2016 and 2022, with the peak year being 2018 when five sources were
published, reflecting the rapid growth of sensing with mobile smartphones following 2015. These
form the composition as shown in Figure 3: 15 empirical digital-biomarker studies (43%), 9 review
and conceptual frameworks (26%), 6 meta-analyses or epidemiological syntheses (17%) and ;5
measurement and methods standards (14%).
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Publication years of the 35 included sources

Number of sources

2001 2006 2011 2013 2015 2016 2017 2018 2019 2020 2021 2022

Figure 2. Number of included sources per publication year.

Composition of the evidence base

Measurement &
methods standards
n=>5(14%)

Digital-biomarke
empirical studi

eta-analyses &
n =15 (43%)

epidemiology
n==6(17%)

35
sources

Reviews & conceptual
frameworks
n=9(26%)

Figure 3. Composition of the 35-source evidence base by type.

Table 2: Source types and their role in this review

Source type n % Role and representative sources
Empirical digital- % Primary sensing evidence (e.g., Saeb et al., 2015;
I
biomarker studies 5 437 Pratap et al., 2019; Wang et al., 2018)
Reviews and Context and critique (e.g., Cornet & Holden, 2018;
9 26%
conceptual frameworks Mohr et al., 2017)

Meta-analyses and 6 % Effect-size anchors (e.g., Baglioni et al., 201r; Schuch
I7%

epidemiology et al., 2018)
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Source type n % Role and representative sources

Measurement and Diagnostic criteria, symptom scales, reporting and

14%
methods standards 5 4% appraisal tools

Total 35 100%

Discover the findings from the biomarker domain.

Sleep. The best correlate of depressive symptoms was poor and irregular sleep. Insomnia
predicted incident depression (Baglioni et al., 2011); there was a bidirectional relationship between
depression and anxiety (Alvaro et al., 2013); and, ambulatory data revealed disturbed sleep and
circadian patterns in patients (Difrancesco et al., 2019). The sleep-regularity features were related
to the prediction of stress and mental health in students (Sano et al., 2018).

Physical activity. Depression was found in lower and less variable activity in the depression
domain of sensing studies and was supported by strong epidemiologic evidence that activity is
protective (Choi et al., 2019; Schuch et al., 2018). Activity factors also were associated with models
predicting symptom severity and symptom change (Pedrelli et al., 2020; Wang et al., 2018).
Mobility and location. Less location variance, less circadian movement and more time spent at
home were consistently correlated with increased severity of depression (Saeb et al., 2015, 2016),
and mobility traces were correlated with identifying depressive states (Canzian & Musolesi, 2015).
Encouraging replication across samples but not across small cohorts.

Using the phone, talking and social signals. Several studies linked use of the phone and the length
of time spent on it to depressive symptoms, in addition to communication features (Ben-Zeev et
al., 2015; Saeb et al., 2015; Wang et al., 2018). Finally, the use and nature of language and behavior
on social media also had predictive signal (De Choudhury et al., 2013), albeit at the periphery of
the sensor-derived measure.

Physiological signals. Evidence was scant and inconsistent for some of the wearable features, such
as heart-rate, electrodermal and related features (Pedrelli et al., 2020; Sano et al., 2018).

Anxiety. A combination of phone and wearable data has been shown to moderately accurately
predict depression and anxiety symptoms (Moshe et al., 2021), while passive sensing has been
employed to estimate the severity of social anxiety (Jacobson et al., 2020). Exercise had anxiolytic

effects (Stubbs et al., 2017), but direct tests of sensing-based markers of anxiety are few.
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Sleep duration / regularity

Physical activity (steps, accelerometry)

Mobility & location (GPS)

Phone use & screen time

Social / communication signals

Physiological (HR, HRV, EDA)

Evidence consistency by domain

Moderate Moderate
Moderate Limited
Moderate Limited
Limited Limited
Depression Anxiety

Figure 4. Consistency of evidence for each digital-biomarker domain, by condition. Ratings

reflect the authors’ ordinal synthesis of direction, replication and quality of findings (see

Section 3.6).

Table 3: Summary of findings by domain

Domain Depression
| Duration/regularity;
Sleep . o
insomnia raises risk
| Activity; protective
Activity VP
effect
N | Location variance;
Mobility/GPS )
more time at home
Pattern and regularity
Phone use
changes
Reduced
Social signals communication
signals
Adds modest
Physiological , :
information

Anxiety

Altered sleep, less

pronounced

Exercise reduces

symptoms

Emerging (social

anxiety)

Little evidence

Limited

Sparse

Key sources

Baglioni et al., 2011;

Difrancesco et al., 2019

Schuch et al., 2018;
Stubbs et al., 2017

Saeb et al., 2015; Jacobson

et al., 2020

Saeb et al., 2015

Wang et al., 2018

Pedrelli et al., 2020

Green = consistent evidence; amber = moderate or emerging; red = limited.

The effects sizes reported in the meta-analysis.
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There were three syntheses quantifying sleep or activity and depression on the odds-ratio scale
(Figure 5). Insomnia had an OR of 2.10 (95% CI 1.86—2.38) for incident depression (Baglioni et al.,
2011). Schuch et al. (2018) found an adjusted OR of 0.83 (0.79—0.88) per increase in physical activity
by a single standard deviation for incident depression, and Choi et al. (2019) found an OR of 0.74
(0.59—0.92) per unit increase in activity measured by genetic analysis of physical activity. That is,
sleep disruption increases risk by approximately 2-fold, and increased activity is always
protective, making both good markers for digital use to understand. Another meta-analysis
identified big antidepressant effects of exercise, which reduced but remained after publication
bias correction (Schuch et al., 2016). These statistics are presented as published and were not re-

calculated.

Pooled estimates linking sleep and activity to depression

Insomnia - incident depression |

(Baglioni et al., 2011) 2.10 (1.86-2.38)

High vs low physical activity - | I

incident depression (Schuch et al., 2018) 0.83 (0.79-0.88)

+1 SD objective activity —»

A ! g D m— . .59-0,
depression, MR (Choi et al., 2019) 0.74 (0.59-0.92)

0.5 075 1 15 2.5
Odds ratio (log scale, 95% Cl) « lower risk | higher risk -
Figure 5. Pooled odds ratios from published meta-analyses (values as reported by the original
authors).

The quality and limitations of the sensing studies.

Four patterns were identified from the 15 empirical studies using the adapted QUADAS-2. First,
the samples were small and in most cases were composed of university students or volunteers
(Jacobson & Chung, 2020; Sano et al., 2018; Wang et al., 2018). Secondly, the follow-up period
was generally a single school term or weeks. Third, there were differences in both feature
definitions and platforms, making comparisons difficult (Mendes et al., 2022). Fourth, many
models were evaluated in the development sample, resulting in high risk of overfitting and
optimistic accuracy; however, personalized models and platform-scale studies seemed to hold
more promise (Nickels et al., 2021; Pratap et al., 2019). Until Burnes et al. (2011), there had been

only proof-of-concept demonstrations of context sensing.

Some of the conclusions that can be drawn from the results are as follows:

1.The most convincing digital markers of depression are sleep disruption and low and irregular
activity.

2. Mobility and phone-use features are promising, but require replication in clinical and
community samples.

3. There is the greatest evidence gap related to anxiety.

1126 | Page



Bioscience Insights Volume 3, Number 3, 2026

Currently, the methodological shortcomings are the reason for the limited clinical translation,

not the lack of a signal.

Discussion

Principal findings

This review indicates that there is synergy between two sets of information that are typically not
considered together: large epidemiological syntheses and small sensing studies. The
epidemiological literature reports the same behavioral signatures as risk factors for depression:
insomnia and physical inactivity (Baglioni et al., 2011; Choi et al., 2019; Schuch et al., 2018), as do
sensing studies of everyday behaviors (Difrancesco et al., 2019; Saeb et al., 2015; Wang et al., 2018).
This convergence further supports the construct validity of digital biomarkers—it seems like they

are measuring clinically relevant behavior and not artefacts of the device.

Interpretation for depression versus anxiety

It is important to note that there is a difference between depression and anxiety. There is a
behavioral phenotype of depression which is easily detected by sensors such as withdrawal,
decreased movement and sleep disturbance. Anxiety is more diverse: In social anxiety, avoidance
can lead to decreased mobility; in restlessness and hyperarousal, mobility can increase or disrupt
sleep. This heterogeneity may obscure simple linear relationships and necessitates disorder-
specific and likely individual models (Pratap et al., 2019). Depression and anxiety share some
overlapping symptoms making it hard to tell if a signal indicates one disorder or the other (Alvaro

et al., 2013)

Clinical and research implications

From a clinical perspective, passive markers could be used to identify deterioration between
visits, and to lessen the need for repeated questionnaires, while also allowing for interventions
when needed, or ”just-in-time” (JIT) (as early context sensing work has predicted (Burns et al.,
2011) and the personal sensing framework has suggested (Mohr et al., 2017)). In such applications,
there is a need for evidence of sensitivity and specificity and added value over self-report, the
majority of studies have not yet provided. Prior to the routine use, there are also questions of
privacy, consent, algorithmic bias and clinical safety that must be answered (Insel, 2017; Onnela
& Rauch, 2016).

Our findings suggest priorities for research: (a) larger and clinically diverse samples, including
adolescents and older adults; (b) extended follow-up to assess relapse and recovery; (c) pre-
specified, standardized feature definitions and open platforms (Torous et al., 2016); (d) external
validation and transparent reporting of model performance; and (e) direct assessment of digital

markers of anxiety disorders.

Strengths and limitations

The strengths are adherence to PRISMA 2020, the clearly defined analysis window in 2026, the
focusing on three behavioral domains, and a separation between the narrative synthesis and the
effect sizes presented in published meta-analyses, which are transparent. The advantages are
adherence to PRISMA 2020, clear analysis window set in 2026, focusing on three behavioral

fields, and separating the narrative synthesis from effect sizes provided in published meta-
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analyses, which are transparent. Restrictions must be recognized. This evidence base is a selected
synthesis and not a complete list of studies in this rapidly changing field, so some relevant studies
may not be included. The consistency ratings of the domains are ordinal judgments, not statistical
estimates. The lack of homogeneity hampered the amalgamation of sensing studies and the
literature tends to favors positive results (Schuch et al., 2016). Last, since the review is secondary,

the findings will only be as valuable as the original studies.

Conclusion

Existing evidence shows that sleep and physical activity and especially smartphone-derived
measures of mobility are potential digital biomarkers of depression, with consistent
epidemiological evidence: insomnia significantly increases the risk of depression and increased
physical activity is associated with a reduced risk. The evidence for social and phone use is
moderate and for physiological is limited; the evidence for anxiety is emerging. The main
impediment to clinical application is not a conceptual one, but rather methodological and limited
by the use of small, short, convenience studies with little external validation. Randomized, large,
longitudinal, clinically diverse and externally validated studies, with uniform features and
privacy and equity considerations, are warranted for future research. For now, digital biomarkers

should be considered as a supplement to — not a substitute for — — clinical evaluation.
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