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Diagnosis of depressive symptoms using mobile devices: a systematic review
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ABSTRACT
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Background: depression is a widespread mental health issue, often underdiagnosed and undertreated due to reliance on
subjective self-reports and limited access to care. Mobile health (mHealth) technologies, utilizing smartphone and wearable
sensors, offer innovative solutions for objective and scalable diagnostics. Objectives: this review examines the effectiveness
of mobile device sensors in diagnosing depression, identifying relevant biosignals, and exploring diagnostic methods.
Methodology: a systematic search following PRISMA-DTA guidelines was conducted in MEDLINE/PubMed and Embase,
focusing on diagnostic accuracy of mHealth sensors validated against gold standards like DSM-5 or PHQ-9. Results: eleven
studies showed that accelerometers and heart rate monitors are key in detecting movement, activity, and physiological
patterns linked to depression. Machine learning algorithms, especially random forests, achieved high diagnostic accuracy.
Conclusion: mHealth technologies hold promise for depression diagnostics, but improvements in methodological
consistency, sample size, and external validation are necessary for broader clinical use.
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RESUMO

Enquadramento: a depressio é um problema generalizado de salde mental,
frequentemente subdiagnosticado e subtratado devido a dependéncia de autorrelatos
subjetivos e acesso limitado a cuidados. As tecnologias de saide modvel (mHealth),
utilizando sensores de smartphones e wearables, oferecem solugGes inovadoras para
diagndsticos objetivos e escalaveis. Objetivos: esta revisdo examina a eficacia dos sensores
de dispositivos méveis no diagndstico da depressao, identificando biossinais relevantes e
explorando métodos de diagndstico. Metodologia: uma busca sistematica seguindo as
diretrizes PRISMA-DTA foi conduzida no MEDLINE/PubMed e Embase, com foco na
precisdo diagndstica de sensores mHealth validados contra padrdes ouro como DSM-5 ou
PHQ-9. Resultados: onze estudos mostraram que acelerémetros e monitores de frequéncia
cardiaca sdo essenciais para detectar movimento, atividade e padrdes fisioldgicos
associados a depressdo. Algoritmos de aprendizado de maquina, especialmente florestas
aleatdrias, alcancaram alta precisdo diagndstica. Conclusdo: as tecnologias mHealth sdo
promissoras para diagndsticos de depressdo, mas melhorias na consisténcia metodoldgica,
tamanho da amostra e validagdo externa sdo necessarias para uso clinico mais amplo.
Palavras-chave: revisdo sistematica, transtorno depressivo, sensores remotos, mHealth

RESUMEN

Marco contextual: la depresion es un problema de salud mental generalizado, a menudo
infradiagnosticado y subtratado debido a la dependencia de autoinformes subjetivos y al
acceso limitado a la atencion. Las tecnologias de salud mévil (mHealth), que utilizan
sensores de teléfonos inteligentes y portatiles, ofrecen soluciones innovadoras para
diagndsticos objetivos y escalables. Objetivos: esta revision examina la eficacia de los
sensores de dispositivos mdviles para diagnosticar la depresion, identificar biosefiales
relevantes y explorar métodos de diagndstico. Metodologia: se realizd una busqueda
sistematica siguiendo las pautas PRISMA-DTA en MEDLINE/PubMed y Embase, centrandose
en la precisién diagndstica de los sensores mHealth validados contra estandares de oro
como DSM-5 o PHQ-9. Resultados: once estudios mostraron que los acelerémetros y los
monitores de frecuencia cardiaca son clave para detectar movimiento, actividad y patrones
fisioldgicos vinculados a la depresidon. Los algoritmos de aprendizaje automatico,
especialmente los bosques aleatorios, lograron una alta precisién diagndstica. Conclusion:
las tecnologias mHealth son prometedoras para el diagndstico de la depresion, pero se
necesitan mejoras en la consistencia metodoldgica, el tamafio de la muestra y la validacién
externa para un uso clinico mas amplio.

Palabras clave: revisidn sistematica, trastorno depresivo, sensores remotos, mHealth
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INTRODUCTION

Depression, a common mental health disorder
worldwide, is characterized by symptoms such as
sadness, loss of interest, fatigue, disturbed sleep or
appetite, and poor concentration (Lim et al., 2018).
The World Health Organization estimates that 5% of
the global adult population suffers from depression,
with 75% of individuals in low- and middle-income
countries lacking proper treatment (Institute for
Health Metrics and Evaluation, n.d.).

Malgaroli, Calderon & Bonanno (2021) state that the
diagnostic criteria for Major Depressive Disorder
(MDD) in the DSM-5 include nine core symptoms: (1)
depressed mood, (2) loss of interest or pleasure, (3)
significant changes in appetite or weight, (4) insomnia
or hypersomnia, (5) psychomotor agitation or
retardation, (6) fatigue or loss of energy, (7) feelings
of worthlessness or excessive guilt, (8) difficulty
concentrating or indecisiveness, and (9) recurrent
thoughts of death or suicidal ideation. A diagnosis
requires the presence of at least five of these
which allows for

symptoms, numerous possible

symptom  combinations and  highlights the
heterogeneity of the disorder.

Currently, the diagnosis of depression relies on
clinician-administered assessments such as the
Hamilton Depression Rating Scale (Hamilton, 1960)
and the Beck Depression Inventory (Beck et al., 1996),
both of which are based on self-reports and symptom
evaluation. To address the subjectivity of these
methods, researchers have explored alternative
approaches that involve monitoring biological and
physiological signals to enable a more objective

diagnosis (Netto, 2024).

https://doi.org/10.37914/riis.v8i2.439

With the advancement of embedded technologies in

mobile devices, such as smartphones and
smartwatches, passive sensing has emerged as a
promising solution for monitoring depression. These
devices, equipped with various sensors, can collect a
wide range of data, including step count, heart rate,
sleep patterns, movement, and location, offering a
more comprehensive and continuous method of
assessing mental health (De Angel et al.,, 2022).
Passive sensing, as defined by Winkler et al. (2022),
refers to the non-invasive collection of behavioral
data through smartphones or wearable devices.

This approach aligns with global trends in
telemedicine and biomedical engineering, particularly
within the scope of mobile health (mHealth).
According to Netto (2020), mHealth refers to the use
and wireless such as

of mobile technologies,

smartphones,  smartwatches, remote patient
monitoring devices, personal digital assistants, and
mobile software applications, to support health-
related objectives. As a subset of eHealth, mHealth is
part of a broader effort to integrate information and
communication technologies (ICT) into healthcare,
promoting more accessible, continuous, and data-
driven health monitoring and interventions (Netto &
Petraroli, 2020).

Several literature reviews have explored the use of
mobile devices for psychiatric evaluations. Cornet and
Holden (2018) analyzed studies on the use of
smartphone sensors for assessing health and
wellbeing. Seppalda et al. (2019) reviewed studies
linking sensors with psychiatric disorders, while De
Angel et al. (2022) focused specifically on using
passive data from mobile devices to monitor

depression. In addition, Zarate et al. (2022) examined
2
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various methods for digital data collection,
emphasizing digital phenotyping (DP) for depression
evaluation. Other authors (Highland & Zhou, 2022)
explored the application of sensors, signal processing
techniques, and algorithms in detecting depression
and bipolar disorder. Despite their shared focus on
using technology for mental health monitoring, each
review offers unique perspectives on the topic.

The aim of this systematic review is to answer the
research question: should mobile device sensors be
employed for diagnosing clinical depression in the
general population? The review focuses on studies
that utilize mobile sensors for depression diagnosis,
identifying biosignals relevant to this condition, and
examining the methods used to collect these signals.
To the best of our knowledge, this is the first
systematic review dedicated to evaluating depression

diagnosis through mobile device sensors.

METHODOLOGICAL REVIEW PROCEDURES

Study design

This study adopts systematic review design, grounded
in the Cochrane methodology (Macaskill et al., 2010),
which offers a rigorous and reproducible framework
for synthesizing evidence from primary studies. The
rationale for conducting a systematic review lies in its
capacity to comprehensively identify, assess, and
synthesize relevant studies from the global literature
to answer a specific research question, in this case, to
determine which mobile device sensors can detect
depression through biosignals.

A systematic review allows researchers to aggregate
data across diverse studies, considering variations in

clinical trials, sample populations, and methodologies.

https://doi.org/10.37914/riis.v8i2.439

This approach provides a structured synthesis of
existing evidence, increasing the robustness and
generalizability of findings. By following transparent
and replicable procedures, systematic reviews
contribute to evidence-based practice and guide
future research and technology development.

To ensure transparent reporting of diagnostic
accuracy studies, this review adheres to the PRISMA-
DTA guidelines (Preferred Reporting Items for a
Systematic Review and Meta-Analysis of Diagnostic
Test Accuracy Studies) (Mclnnes et al.,, 2018).
Furthermore, to assess the reliability and strength of
the gathered evidence, tools such as the Grading of
Recommendations Assessment, Development and
Evaluation (GRADE) may be employed, allowing for
classification of evidence quality as high, moderate,
low, or very low (Galvdo & Pereira, 2015; Dijkers,
2013).

Ultimately, by systematically gathering and evaluating
current literature on the use of mobile sensors for
depression detection, this review aims to uncover
emerging trends, assess diagnostic capabilities, and
outline opportunities for future research in this

interdisciplinary field.

Databases and search strategy

To identify primary studies for this systematic review,
the search encompassed the following databases:
MEDLINE/PubMed and Embase. These databases
were selected due to their broad coverage of

biomedical literature and their recognized relevance

for retrieving studies in the field of health
technologies, clinical research, and diagnostic
methods.
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In the pursuit of diagnostic test studies for depression
involving sensors, the search strategy was structured

around three key aspects to formulate the search

string: type of study, target condition, and sensors.

The search sequences described below were

performed separately in each database (Table 1).

Table 1

Three key aspects to formulate the search string

Database

Query

MEDLINE /
Pubmed

(sensitiv* OR specifici* OR "Sensitivity and Specificity"[Mesh] OR (predictive AND value*) OR "Predictive Value of
Tests"[Mesh] OR accuracy* OR “False Negative*” OR “False Positive*”) AND

("major depressive disorder” OR “major depression” OR ”major depressive” OR ”"unipolar depression” OR
"depressive disorder” OR “depression disorder” OR (“Mood disorders” and depression) OR (“Affective disorders” and
depression) OR “bipolar depression”) AND

("Biosensing Techniques" [Mesh], "Biosensing Technique" OR "Technique, Biosensing" OR "Techniques, Biosensing"
OR "Biosensing Technics" OR "Biosensing Technic" OR "Technic, Biosensing" OR "Technics, Biosensing" OR
Biosensors OR Biosensor OR "Electrodes, Enzyme" OR "Electrode, Enzyme" OR "Enzyme Electrode" OR "Enzyme
Electrodes" OR Bioprobes OR Bioprobe OR Biosensing OR "Internet of Things" [Mesh] OR loT OR "Wearable
Electronic Devices" [Mesh] OR "Device, Wearable Electronic" OR "Devices, Wearable Electronic" OR "Electronic
Device, Wearable" OR "Electronic Devices, Wearable" OR "Wearable Electronic Device" OR "Wearable Technology"
OR "Technologies, Wearable" OR "Technology, Wearable" OR "Wearable Technologies" OR "Wearable Devices" OR
"Device, Wearable" OR "Devices, Wearable" OR "Wearable Device" OR "Electronic Skin" OR "Skin, Electronic" OR
“smartband” OR “fitness tracker” OR “smart watch” OR “smartphone” OR "Automatic exercise detection" OR
"Automatic sleep monitoring" OR "Connected GPS" OR "Heart rate monitor" OR "Heart rate variability for stress
scores" OR "Rep counting for gym exercises" OR "Sleep monitoring with Sleep Stages" OR "Sleep tracking" OR "Sp02
sensor / Oximetry" OR "Step tracking" OR "Steps and activity tracking" OR "Swim tracking" OR "VO2 Max" OR
"Fatigue Monitoring" OR "Blood pressure" OR "Mileage recording Calories")

Embase

(sensitiv* OR specifici* OR "Sensitivity and Specificity" OR (predictive AND value*) OR "Predictive Value of Tests" OR
accuracy* OR “False Negative*” OR “False Positive*”) AND

("major depressive disorder” OR “major depression” OR ”major depressive” OR ”"unipolar depression” OR
"depressive disorder” OR "depression disorder” OR (“Mood disorders” and depression) OR (“Affective disorders” and
depression) OR “bipolar depression”) AND

("Biosensing Techniques", "Biosensing Technique" OR "Technique, Biosensing" OR "Techniques, Biosensing" OR
"Biosensing Technics" OR "Biosensing Technic" OR "Technic, Biosensing" OR "Technics, Biosensing" OR Biosensors
OR Biosensor OR "Electrodes, Enzyme" OR "Electrode, Enzyme" OR "Enzyme Electrode" OR "Enzyme Electrodes" OR
Bioprobes OR Bioprobe OR Biosensing OR "Internet of Things" OR loT OR "Wearable Electronic Devices" OR "Device,
Wearable Electronic" OR "Devices, Wearable Electronic" OR "Electronic Device, Wearable" OR "Electronic Devices,
Wearable" OR "Wearable Electronic Device" OR "Wearable Technology" OR "Technologies, Wearable" OR
"Technology, Wearable" OR "Wearable Technologies" OR "Wearable Devices" OR "Device, Wearable" OR "Devices,
Wearable" OR "Wearable Device" OR "Electronic Skin" OR "Skin, Electronic" OR “smartband” OR “fitness tracker” OR
“smart watch” OR “smartphone” OR "Automatic exercise detection” OR "Automatic sleep monitoring" OR
"Connected GPS" OR "Heart rate monitor" OR "Heart rate variability for stress scores" OR "Rep counting for gym
exercises" OR "Sleep monitoring with Sleep Stages" OR "Sleep tracking" OR "SpO2 sensor / Oximetry" OR "Step
tracking" OR "Steps and activity tracking" OR "Swim tracking" OR "VO2 Max" OR "Fatigue Monitoring" OR "Blood
pressure" OR "Mileage recording Calories")

Eligibility criteria

To define the scope of the systematic review, only
primary diagnostic accuracy studies were included, all
primary studies of diagnostic testing used in the
diagnosis of depression (target condition) through
sensors (test under evaluation). Eligible studies had to

include a formal diagnosis of depression, based either

https://doi.org/10.37914/riis.v8i2.439

on internationally recognized diagnostic criteria such
as the DSM-V (American Psychiatric Association,
2013) and/or the use of validated gold-standard
instruments, such as the Beck Depression Inventory
(BDI), the Hamilton Depression Rating Scale (HAM-D),
or the Patient Health Questionnaire (PHQ-9) (Snaith &
1985; 2002). This

Taylor, Kroenke & Spitzer,
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requirement ensured that depression was not
inferred solely from isolated symptoms, which could
overlap with conditions like anxiety or stress, but was
instead grounded in robust and widely accepted
diagnostic frameworks.

To guarantee diagnostic reliability, studies were only
included if they explicitly reported the reference
standard used for diagnosing depression. This allowed

for proper comparison between the sensor-based

evaluation methods and a consistent, clinically
validated benchmark.

In terms of technological scope, the review
considered studies involving mHealth solutions,

including wearable devices, mobile phones, and
handheld technologies. Conversely, studies in which
the diagnosis of depression relied solely on clinical or
hospital-grade equipment (i.e., outside the mHealth
domain) were excluded.

Additionally, studies were excluded if they met any of
the following criteria:

e They focused exclusively on stress and/or anxiety
without a confirmed diagnosis of depression.

e They involved only treatment or intervention
strategies for individuals already diagnosed with
depression, rather than aiming to evaluate diagnostic
performance.

e They failed to present or describe the diagnostic

method or reference standard used.

Screening and studies selection
The initial screening consisted of evaluating the titles
and abstracts of all studies retrieved from the

databases. At this stage, two researchers
independently labeled the studies for inclusion or

exclusion according to the previously stated eligibility

https://doi.org/10.37914/riis.v8i2.439

criteria. After independent assessment, their
decisions were compared, and studies not excluded
by both reviewers proceeded to the next stage.
Subsequently, the full-text versions of the remaining
studies were retrieved for a more detailed selection
stage. Both researchers independently read the full
articles to determine, based on the eligibility criteria,
which studies would be included in the review. After
this evaluation, the reviewers' decisions were
compared.

In cases of disagreement during either the abstract or
full-text screening stages, a consensus process was
applied. When no agreement could be reached
between the two reviewers, two senior researchers
with PhDs were consulted to provide expert judgment
and support the final decision regarding the study’s
eligibility. Agreement statistics between the initial
reviewers were calculated using the Kappa
Agreement Coefficient (k), with the interpretation
categories proposed by Altman (1991): Poor (< 0.2),
Fair (> 0.2 and < 0.4), Moderate (= 0.4 and < 0.6),
Good (=2 0.6 and < 0.8), and very good (= 0.8).

After running the search in the databases, it was
possible to retrieve a set of 156 and 1638 results in
the PubMed and Embase databases respectively,
which included a total of 1794 search results.
However, 41 studies were removed since they were
duplicates. Thus, 1753 articles remained to be
evaluated in the screening stage. From the analysis of
the titles and abstracts of the search results, 1441
studies were excluded. The reasons included: Study
not related to the diagnosis of depression; No use of
sensors/mHealth; Diagnosis

through  genetic

techniques; Exclusively intervention/treatment
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studies; Literature review articles; and Systematic

reviews and/or meta-analysis.

Data collection

The data from the included studies were extracted,
including information on the publication year, country
and continent of the research, study design, and
demographic data such as age and sex. Additionally,
the number of individuals with depression and sensor
hits were recorded, and the use of the DSM as a
verified. Two

confirmatory gold standard was

reviewers independently extracted the data, and any

disagreements were resolved by consensus. Each

evaluator calculated the pre-test probability
(prevalence of depression), sensitivity, specificity, and
associated measures (Macaskill et al., 2010) for
diagnosing depression using sensors. Out of the 296
studies initially retrieved for reading, 284 were
excluded for not meeting the inclusion criteria,
leaving 11 studies that were included in the review.
The flowchart of study selection, based on the
PRISMA guidelines (Page et al., 2021), illustrates the

study selection process.

Identification of studies via databases and registers

c
= Records identified from database Records removed before
3 searching (N = 1794): | Screening:
E Pubmed (N = 156) Duplicate records removed
5 Embase (N = 1638) (n=41)
=]
) . v
Records screened Records excluded
—>
(n =1753) (n =1441)
v
g
= Reports sought for retrieval Reports not retrieved
—
s (n=312) (n = 16)
[T}
(7]
v
Reports assessed for eligibilit > Reports excluded:
(n 5296) o Y Not satisfied inclusion criteria
(n =284)
v
2
o Studies included in review
=
S (n=12)
=
Figure 1

Flowchart illustrates the selection steps according to PRISMA

https://doi.org/10.37914/riis.v8i2.439
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Evaluation of methodological quality and data
analysis

The evaluation of the methodological quality of the
studies was conducted using the Quality Assessment
of Diagnostic Accuracy Studies - 2 tools, which focus
on four key domains: patient selection, evaluation
test, standard reference, and flow/time. Each domain
is assessed for risk of bias, with the first three also
considering concerns regarding study applicability
(Whiting et al.,, 2011; Schueler et al., 2012).
Additionally, PROBAST (Prediction model Risk of Bias
ASsessment Tool) was employed to evaluate studies
based on four domains: patient selection, predictors,
outcome, and analysis (Wolff et al., 2019). The risk of
bias was determined for each study by categorizing it
as low, high, or unclear based on the evaluations of
these domains. The GRADE system, supported by the
GradePro GDT tool, was used to assess the quality of
evidence, considering factors such as study design,
bias risk, inconsistency, indirectness, imprecision, and
publication bias. A 2x2 contingency table was
constructed for each study to classify gold standard
and sensor results, and the Diagnostic Odds Ratio

(DOR) was calculated to measure diagnostic accuracy.

RESULTS

Sample information

According to the eligibility criteria, 11 studies were
included. The sample was made up of adult
individuals, between 18 and 69 years old, with studies
executed in North and South America, Europe and
mainly Asia. The duration of the studies ranged from
1 week (Jacobson et al., 2019) to over 2 years (Cho et

al., 2019). Over the analyzed studies, the set of

https://doi.org/10.37914/riis.v8i2.439

patients diagnosed with depression and the set
control groups varied, from imbalanced in some
studies to perfectly balanced in others. The PHQ-9
was the most used gold standard, being adopted in at
least 50% of the selected studies. Considering
depression prevalence, the values vary from 20.5% to
100%, while the lower absolute number of patients as
15 (Jacobson et al., 2019) and the max 1375 (Zanella-
Calzada et al., 2019). A common characteristic

between all the studies samples included adults.

Used methods information and machine learning
methods

This review highlights the use of smartphones as the
primary device for diagnosing depression, appearing
in 9 out of 11 selected studies. This is expected, given
the range of sensors in smartphones, such as
accelerometers, GPS, light sensors, microphones, and
cameras, along with their widespread accessibility
(Chao, 2018). In addition to smartphones,
smartwatches were also utilized to collect biosignals
for depression diagnosis. Regarding machine learning
techniques, five main algorithms were employed:
random forest (RF), k-nearest neighbors (KNN),
artificial neural networks (ANN), extreme gradient
boosting (XGBoost), and support vector machine
(SVM). As shown in Table 2, random forest was the
most frequently used, followed by SVM and XGBoost,
with KNN and neural networks each appearing in two
studies. The choice of algorithms may depend on the
type and volume of data available for training, as the
performance of machine learning techniques is often
influenced by the quality and quantity of the training

data (Zhou et al., 2020).
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Sensors

The most used sensor in the selected studies was the
accelerometer (67%), followed by smartphone usage
patterns (50%). Other sensors included global
positioning system (GPS), light sensor, heart-rate
monitor (HRM), and the smartphone's touchscreen.
These sensors are typically associated with capturing

signals related to movement and location patterns

(based on smartphone usage patterns such as calls,

messages, and social media usage), and sleep
patterns (via light sensors and heart activity). The
extracted features were primarily derived from
statistical calculations applied to the sensor data,
including maximum and minimum values, mean,
standard deviation, kurtosis, and skewness. Table 3

summarizes the methodologies used in the selected

(using accelerometer and GPS), social interaction studies.
Table 2
Sample information summary extracted from studies
Study
N | D i | i
Study sample Patients’ origin _samp e'/ epression Gold execution
N_depression | prevalence standard year
(Duration)
Jacobson et i‘::;’g:;”:;;':;‘i Porto Alegre
linical H ital 15/1 1009 HAM-D N/A (1 k
al., 2019 inhibitor or tricyclic Clinica o.splta ’ 5/15 00% /A (1 week)
. Brazil
antidepressants
Cho et al 27 women and 28 men | Korea University Mar/15 —
2019 v diagnosed with a Anam Hospital, 55/19 34,5% DSM-5 Dec/17
major mood disorder Korea (2 years)
Sarda et al.,, | 29 men and 17 women Aurangabad, 0
2019 with diabetes India 46/30 65,2% PHQ-S 2016 (N/A)
Narzi t Inha Uni it
a?rz';)vzg College students nha Kgr'::rs' v 21/16 76,2% | PQH-9 / BD-II N/A
Masud et 19 men and 14 women Dhaka, Apr—Jun/18
33/9 27,39 PHQ-9
al., 2020 (18+ years old) Bangladesh / 3% Q (11 weeks)
D;’Igr;glz’ ;t N/A N/A 335/ N/A N/A PHQ-9 N/A (2 weeks)
Zebin et al., | Adults between 40 and UK Biobank
! ! 48,8 N/A 2013-201
2019 69 years old United Kingdom 80/39 8,8% / 013-2015
Zanella- Debresion
Calzada et N/A pres) 1375/ 682 49,6% MADRS N/A
database
al., 2019
Adults (up to 40 years Khalifa Nov/18 —
Mastoras old) W|jchout Ur?lver5|ty, 25/11 44,0% PHQ-9 Mar/19
etal., 2019 undergoing any United Arab (124 days)
medication treatment Emirates ¥
Faurholt- Patients’ diagnosis Psz;fr:ltar’;rlc HDRS-17 / Oct/13 -
Jepsen et according to ICD-10 66 /29 43,9% Dec/14
Copenhagen, YMRS
al., 2019 non pregnant Denmark (12 weeks)
Ware et al., . N/A (8
0 -
2020 College students United States 88/18 20,5% PHQ-9 months)
8
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Table 3
Methods information summary extracted from studies
Machine .
. Signal features Features . .
Study learning . . Used signal Sensors Device
. extraction selection
algorithms
Oscillations
Leave-one- and peak
Jacobson Extreme Square root, P
. out, values of Accelerometer, .
etal., gradient square and log . L Actiwatch
. . permutation movement Luminosity
2019 boosting transformations
test and
luminosity
Light
'8 Smartphone /
Cho et al., Random exposure, Accelerometer,
N/A N/A L Smartwatch
2019 forest steps, sleep HRM, Luminosity L
(Fitbit Charge)
and heart rate
Extreme Bagging and Activity rate, Accelerometer,
Sarda et . &8 g smartphone GPS, Luminosity,
gradient N/A boosting . Smartphone
al., 2019 . screen time, Smartphone
boosting trees
call patterns usage
Mean, stdev, max Movement Accelerometer,
. SVM, and min values, HRM,
Narziev et random energy, kurtosis N/A patterns, Smartphone Smartphone /
al., 2020 &Y, ’ heart rate and P Smartwatch
forest skeweness, root- calls usage,
mean-square Luminosity
Distance variance, Location,
) Wrapper,
Masud et SVM, KNN, normalized root-mean movement Accelerometer, Smartphone
al., 2020 ANN entropy, quotidian stdev and step GPS P
movement patterns
Location,
Dogrucu KNN, SVM, Call frequency, . e:;hl ar:md GPS,
etal., random audio features, N/A P . Smartphone Smartphone
. . typing
2020 forest distance locations usage
patterns
. Type,
Daily, weekly and . ype
. DNN, intensity and
Zebin et random overall Ensemble duration of Accelerometer Accelerometer
al., 2019 acceleration, no DNN . (Activity AX3)
forest L physical
wearing time. .
activity
Mean, stdev,
Zanella- kurtosis
R ’ Acti h
Calzada et ?:rcic;;n skeweness, N/A Movement Accelerometer c(i\\//vvaz;c)c
al., 2019 coefficient of
variation
SVM
! Typi tt
Mastoras random yping patterns, .
ot al forest mean, stdev, Select k-best Typing Smartphone Smartohone
iy Y kurtosis, with ANOVA metadata touchscreen P
2019 gradient
. skeweness
boosting
Faurholt- Extreme . Call, SMS and
. Gradient . Smartphone
Jepsen et gradient N/A boostin screen time usage Smartphone
al., 2019 boosting & patterns &
Location
Ware et Location clusters variance and GPS,
N/A . ’ N/A ) . Smartphone Smartphone
al., 2020 activity data time spend in Usage
moving &
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Quadas analysis

Systematic reviews of diagnostic accuracy studies
often exhibit significant heterogeneity due to
differences in study design and execution. As noted
by Whiting et al. (2011), the QUADAS (Quality
Assessment of Diagnostic Accuracy Studies) tool was
introduced in 2003 and has since been widely
adopted and recommended by organizations such as
the Cochrane Collaboration and the Agency for
Healthcare Research and Quality. The original version
comprised 14 items aimed at assessing risk of bias,
applicability, and reporting quality, with each item

n o« ”

rated as “yes,” “no,” or “unclear.” However, users
reported difficulties in interpreting some questions
and noted overlapping between certain criteria. In
response, the QUADAS-2 tool was developed as an
enhanced version, incorporating user feedback and
new evidence to provide a more structured and
precise evaluation of bias and applicability in
diagnostic accuracy studies.

Regarding patient selection, the sample of study
participants was randomly or consecutively obtained,
assuming that this was also the case in studies in
which this information was not made explicit. A fact
that may have introduced bias in relation to the
sample was in the study of Faurholt-Jepsen et al.
(2019), which not only was a case-control study, but
also the control group consisted of patients from the
hospital's blood bank, being a group with more
favorable health conditions that may influence the
comparison of the affective group. In addition to
Faurholt-Jepsen et al. (2019), the study of Hess et al.
(2015) also indicated that it was a case-control study,
Studies of

which can generate biased results.

Jacobson et al., (2019), Narziev et al. (2020), Zanella-

https://doi.org/10.37914/riis.v8i2.439

Calzada et al. (2019), Mastoras et al. (2019) and Ware
et al., (2020) were not clear about one or more
questions regarding patient selection.

Considering the index tests, in all studies, except for
Dogrucu et al. (2020) and Mastoras et al. (2019), it
was unclear whether the index test results were
interpreted with knowledge of the reference standard
results or if a pre-specified threshold was used.
Regarding the reference standard, except for study of
Zebin et al. (2019), in which the use of a recognized
gold standard was not specified, all studies adopted a
reference standard capable of making the diagnosis of
depression. Furthermore, considering that the data
from the sensors collected in each study compose
datasets, which are later used to train supervised
machine learning models, that is, which, based on the
input data, seek to correspond to a target (condition
depression or not, or even the level of depression),
the reference standard is obtained before the test-
index, since it is a necessary data to carry out the
training.

Another detail that possibly requires considering is
the way in which the benchmark tests were
performed between the different studies. Citing as an
example the PHQ-9, which is a questionnaire that the
patient answers, which according to the answers
given is generated a score that allows the diagnosis of
depression, in some of the studies this was performed
by the patients in clinical evaluations, while in others,
the form was only filled in electronically, using a
smartphone application (Mastoras et al.,, 2019), e-
mail/SMS (Masud et al., 2020), online survey

(Dogrucu et al., 2020) or even by telephone (Narziev

et al., 2020), for example.
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Considering that the machine learning models used to
classify depression are generated based on data
collected on an ongoing basis and with the reference
standard being obtained at regular periods in most
studies, it makes no sense to evaluate the time bias.
introduced between the test and the reference.
Regarding the adoption of the same standard of
reference for all participants, the study of Zebin et al.
(2019) used as reference the self-declarations of
patients in having or not having depression, which
may have introduced bias since it is not possible to
guarantee that all participants adopted the same
reference standard, or even if it was a recognized
standard. As for the studies of Sarda, et al. (2019),
Zanella-Calzada et al. (2019) and Mastoras et al.
(2019), there is a possibility that they have
introduced bias in the analysis of the results, due to
the fact that not all of the selected participants were
included in the analysis. presents a summary of the
QUADAS-2, where green cells indicate “low risk,”

yellow cells indicate “unclear risk,” and red cells

indicate “high risk.”.

DISCUSSION

Risk of bias and applicability

As the PROBAST analyzes specific issues in studies
involving predictive models, it has also been applied
for bias and applicability assessment. This serves as a
complement to the analysis conducted through

Quadas-2.

https://doi.org/10.37914/riis.v8i2.439

In the first domain concerning participants, seven

studies exhibited a high risk of bias, primarily
attributed to the study type. Among them, four were
cross-sectional studies (Mastoras et al., 2019; Sarda et
al., 2019; Zebin et al., 2019; Ware et al., 2020), two
were case-control studies (Faurholt-Jepsen et al.,,
2019; Zanella-Calzada et al., 2019), and one was an
experimental study (Narziev et al.,, 2020). In three
studies (Jacobson et al., 2019; Masud et al., 2020; and
Dogrucu et al., 2020), the risk of bias was deemed
unclear due to insufficient evidence regarding the
data sources used or the inclusion and exclusion
criteria.

With respect to domains 2 (predictors) and 3
(outcomes), all studies exhibited a low risk of bias. In
domain 4 (analysis), four studies (Jacobson et al.,
2019; Masud et al., 2020; Mastoras et al., 2019; Ware
et al., 2020) were deemed to have a high risk of bias
due to their limited sample size and inadequate
assessment of performance measures. Considering
applicability, the selected studies were deemed to
have a low risk across all domains. This suggests that
they provide pertinent and compatible data for the
research question of this systematic review. As none
of the studies conducted external validation, all of
them were regarded with an overall high risk of bias,

including the study by Cho et al. (2019), which

showed a low risk of bias in all domains.
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Table 4

Summary of the Quality Assessment of Diagnostic Accuracy Studies (QUADAS) - 2

Patient Selection
Study

Index Test

Reference

Standard Flow and Timing

Jacobson et al., 2019

Cho et al., 2019

Sarda et al., 2019

Narziev et al., 2020

Masud et al., 2020

Dogrucu et al., 2020

Zebin et al., 2019

Zanella-Calzada et al., 2019

Mastoras et al., 2019

Faurholt-Jepsen et al., 2019

Ware et al., 2020

Depression test metrics and evidence quality
assessment

Considering the values and confidence intervals for
both sensitivity and specificity, the 3 studies that
showed the best results were (Narziev et al., 2020),
(Zebin et al., 2019) and (Zanella-Calzada et al., 2019).
Each of these studies were based on movement
patterns acquired by an accelerometer sensor
embedded on a smartphone, smartwatch or both.
Another common feature between these studies was
the use of a random forest algorithm for training the
machine learning model used for prediction. On the
other hand, (Faurholt-Jepsen et al., 2019) presented
discrepant results compared to the rest of the
evaluated studies, since its specificity confidence
interval that does not overlap with the other ones,
indicating a smaller ability of the model to predict a

negative result to the cases which the individuals

patients do not have depression.

https://doi.org/10.37914/riis.v8i2.439

In line with the GRADE approach, the certainty of
evidence from the primary studies for sensitivity and
specificity was assessed as moderate. This implies
that further research is likely to substantially impact
on our confidence in the estimated effect and could
potentially modify the overall estimate. The primary
reasons for downgrading by one level were linked to
the Risk of Bias identified in the PROBAST analysis,
particularly concerning the study's design and the
absence of external validation. No concerns were
raised about inconsistency (statistical heterogeneity),
indirectness (clinical heterogeneity), imprecision
(presentation of results), or publication bias.

Simulations were conducted to evaluate the impact
per 1000 patients tested, considering prevalences of
1% (reflecting a low prevalence), 5% (corresponding
to the estimated prevalence), and 25% (representing
a high prevalence scenario). With a 95% confidence

interval and the estimated prevalence (5%), if 1000
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individuals were tested, 45 individuals exhibiting
depression symptoms would be correctly referred for
treatment, while 5 would be missed. Among the
remaining 950 individuals without depression
symptoms, 826 would be correctly identified, and 124
would be erroneously identified. The evidence
suggests that mobile devices may be effective in

detecting signals of depression.

CONCLUSION

This systematic review analyzes studies on diagnosing
depression using sensors in mobile devices, focusing
on mHealth technologies. It highlights the potential
applications of these devices, summarizing relevant
algorithms, biosignals, sensors, sample data, and
other key factors. Despite limitations such as study
types and biases, addressed through QUADAS and
PROBAST analysis, the review follows Cochrane
guidelines and aims to contribute to clinical research.
The findings suggest that motion sensors, especially
accelerometers, along with smartphone usage
patterns, show promise for developing diagnostic
applications.

Data sensors in

from everyday phones and

smartwatches, such as step counter, heart-rate
monitor, GPS, and device usage logs, can act like a
quick "digital health check" for depression, since
clinics can be warned when someone's patterns look
risky, patients can see easy charts that help them
notice mood changes, and accessibility options, such
as adjusting fonts to larger sizes, using voice
commands, and caregiver-sharing options, keep the
tools friendly and useful for elderly people. These

sensor signals may also give teachers ready examples

https://doi.org/10.37914/riis.v8i2.439

for lessons in medicine, nursing, engineering, and
data Science, and allow researchers to perform larger
studies in more locations accross countries, create

well-annotated datasets, track users over long

periods, and measure real-world cost-benefit in

clinical care. While further studies and clinical trials
are needed to improve reliability, this review serves
as a foundational resource for future research on

depression diagnosis through mHealth devices.
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