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Abstract

Background: ldentifying biomarkers of response to transcranial magnetic stimulation (TMS) in treatment-resistant depression
isapriority for personalizing care. Clinical and neurobiological determinants of treatment response to TM'S, while promising,
have limited scalability. Therefore, evaluating novel, technologically driven, and potentially scalable biomarkers, such as digital
phenotyping, iS necessary.

Objective: This study aimed to examine the potential of smartphone-based digital phenotyping and itsfeasibility asapredictive
biomarker of treatment response to TM S in depression.

Methods: We assessed thefeasibility of digital phenotyping by examining the adherence and retention rates. We used smartphone
data from passive sensors as well as active symptom surveys to determine treatment response in a naturalistic course of TMS
treatment for treatment-resi stant depression. We applied ascikit-learn logistic regression mode (11 ratio=0.5; 2-fold cross-validation)
using both active and passive data. We analyzed rel ated variance metrics throughout the entire treatment duration and on aweekly
basis to predict responders and nonresponders to TMS, defined as 250% reduction in clinician-rated symptom severity from
baseline.

Results: The adherence rate was 89.47%, and the retention rate was 73%. The area under the curve for correct classification of
TMS response ranged from 0.59 (passive data alone) to 0.911 (both passive and active data) for data collected throughout the
treatment course. Importantly, amodel using the average of all features (passive and active) for the first week had an area under
the curve of 0.7375 in predicting responder status at the end of the treatment.

Conclusions: The results of our study suggest that it is feasible to use digital phenotyping data to assess response to TMSin
depression. Early changesin digital phenotyping biomarkers, such as predicting response from the first week of data, as shown
in our results, may aso help guide the treatment course.
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Introduction

Transcranial magnetic stimulation (TMS) is anoninvasive and
safe method of selectively modulating aberrant brain circuits
to drive therapeutic gains [1]. TMS has been in use as a
treatment, typically administered astrains of repeated magnetic
pulses for a few minutes a day, for 4-6 weeks. The most
common clinical indications include major depression,
obsessive-compulsive disorder, substance dependence, and
schizophrenia[2]. Among these indications, the utility of TMS
is primarily for the treatment of resistant or difficult-to-treat
conditions that fail to respond to conventional therapies.
Although there is strong evidence for the clinical benefits of
TMS in the treatment of these disorders, TMS is most widely
used in the treatment of resistant major depression. TMS first
received regulatory approvals for the treatment of depressive
disorders, and over the years, there has been a substantial pool
of evidence that supports the use of different TMS
therapies—conventional, patterned, and deep TM S—for treating
depression [3]. Owing to the already persistent nature of
symptoms, the response rates for major depression with TMS
are variable, ranging from 30% to 60% [4]. ldentifying
biomarkers of response to TMS is a priority for personalizing
care[5,6]. Clinical characteristics observed before starting TMS
have not yet been consistent indicators of the prospective
response to TMS [7]. Smartphone-based digital phenotyping
biomarkers offer apromising and scalable meansto characterize
behavior across multiple domains, including symptomatic,
physiological, and cognitive domains [8]. Digital phenotyping
refers to “moment-by-moment quantification of the
individual-level human phenotype in situ using data from
smartphones and other personal digital devices’ [9]. This is
achieved using passively obtained data, such as accel erometer
readings, geolocation information, and call or text logs.
Smartphone apps that apply these approaches have been used
in various psychiatric illnesses—particularly depression and
schizophrenia—to monitor psychological, physiological, and
behavioral measures. Studies using smartphone app—based
digital phenotyping to monitor responseto treatment have found
that improvements in digital phenotyping—based parameters,
such as sleep and cognition, occur before subjects actually
perceive and report improvements in symptoms on assessment
scales[10]. Thisisfeasible, as smartphone digital phenotyping
uses sensors in personal devices to transform metrics like
real-time accel erometer data or real-time geo-location datainto
behavioral features like sleep duration or home time,
respectively. Digital phenotyping smartphone apps can aso
facilitate actively obtained real-time surveys and cognitive
assessments. A combination of such active and passive data
captured within a defined time scale has been shown to have
predictive utility in determining prospective clinically relevant
outcomes[11]. The potential of such multimodal, scalable, and
longitudinal monitoring has not been investigated to assess
responseto repetitive transcranial magnetic stimulation (rTMS)
in patients diagnosed with major depression. The longitudinal
predictive utility of such smartphone-derived digital phenotypes
has recently been demonstrated in predicting relapse in
schizophrenia across diverse sociocultural and geographical
settings [11]. In this proof-of-concept study, we assessed the
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feasibility and clinical utility of smartphone-based digital
phenotyping in predicting the response to TMS among
individuals with a major depressive disorder recruited in a
naturalistic clinical setting. Feasibility was assessed via
adherence and retention rates. We hypothesized that more than
70% of patients would complete the study. Clinical utility was
assessed using the accuracy of predicting responseratesto TMS
treatment. We hypothesized that the accuracy of digital
phenotyping in predicting the response to TMSwould be more
than that achieved by chance (50%).

Methods

Study Design and Participants

The study was conducted as an open-label, single-arm feasibility
trial. Participants were recruited based on a nonprobability
convenience sampling after being referred to the brain
stimulation center at atertiary care hospital in southern India.

We included adult patients of either gender with a primary
diagnosis of either unipolar or bipolar depression, according to
the International Classification of Diseases, Tenth Revision,
who had failed to respond to at least one adequate trial of an
antidepressant [12]. They met theinclusion criteriaif they were
ableto read and writein English and had accessto asmartphone
with an internet connection. Exclusion criteria included
diagnoses of dysthymia, cyclothymia, or intellectual disability.
We aso excluded patients who could not use the proposed
application due to reasons such as the unavailability of a
smartphone, the presence of sensory abnormalities, or difficulties
in comprehending the English language.

Intervention

Patients received rTMS treatments administered with a
MagVenture MagPro X100 device, involving sequential bilateral
theta burst stimulation (TBS) over the dorsolateral prefrontal
cortex manually localized 7 cm anterior to the motor hotspot.
Each session comprised 1800 pulses each of intermittent TBS
to the left dorsolateral prefrontal cortex and continuous TBS to
the right dorsolateral prefrontal cortex, both delivered at 90%
of the resting motor threshold. The rTMS treatments were
administered once daily, 6 days a week, for a duration of 3 to
4 weeks [13].

Following the baseline clinical assessments, MindLAMP, a
freely available smartphone-based app (compatible with both
iOS and Android systems) wasinstalled on the patients’ mobile
phones, patients were then registered with a unique ID.
MindLAMP collected both active and passive data. Active data
consisted of symptom surveysand cognitive tasks (brain games)
along with environment and context tagging. In passive data
collection, the app collected various parameters, such as physical
activity (total steps walked in 24 hours), relative physical
position using aglobal positioning system (without information
of precise locations), as well as phone use and screen use data.

Assessments

The adherence was assessed by dividing the number of
participants with available active data by the total number of
participants who completed the study. The retention rate was
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calculated by dividing the total number of participants who
completed the study by the total number of individualsrecruited.

Digital Biomarkers

Digital phenotyping data included features derived from
passively acquired accelerometer data (sleep duration),
geolocation data (entropy, home time, and GPS data quality),
screen state data (screen-on duration), and actively acquired
symptom surveys—Patient Health Questionnaire (PHQ-9) and
Generalized Anxiety Disorder Screener (GAD-7) [14,15].
Specifically, home time was estimated by pooling significant
locations by the specified resolution to determine the amount
of time an individual spent at home within that time window.
Entropy was estimated asthe variability of thetime aparticipant
spent at significant locations determined by their GPS data.
Accelerometer data were set to be sampled at 5 Hz, and GPS
was set to be sampled at 1 Hz, but actual data collection occurred
at rates|ower than these preset values. Screen capture datawere
read directly from the operating system. Symptom surveyswere
offered via the app every day. Together, these metrics yielded
critical behavioral information that is often not available during
in-person clinical interviews, and therefore, they served as
potential novel markers of change or improvement in symptoms
following treatment with TMS.

Clinical Assessments

Clinical symptom severity assessments using the Hamilton
Depression Rating Scale (HDRS) [16] were performed every
week by atrained psychiatrist prior to TMS treatment and at
the end of the TM S treatment.

Outcome Definition

Response to TM S was defined as a reduction of >50% in the
HDRS score from baseline to the end of the treatment.
Remission was estimated as an HDRS score <8 at the end of
the TM S treatment.

Data Analysis

Digital phenotyping features were calculated using the
open-source cortex package designed to work with MindLAMP
data[17]. Features were computed on a day-by-day basis, and
days without data were excluded. To predict binary response
torTMS, we applied ascikit-learn logistic regression model (11
ratio=0.5) using the aforementioned data and related variance
metrics throughout the entire duration of the treatment and
individual treatment weeks. We performed 2-fold
cross-validation. The study was conducted between July 2021
and March 2022.
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Ethical Considerations

The Nationa Institute of Mental Health and Neurosciences
ethics committee approved the study protocol on June 4, 2020
(NIMH/Psy/DESC/BSP/2020/03). All data were deidentified,
encrypted, and securely stored for analysis. All participants
signed awritten informed consent.

Results

A total of 26 patients who met the inclusion criteria were
screened. Of them, 23 provided consent for the study, and 19
completed the study. Patients received an average of 18 (SD 6)
TBS sessions. After 2 more dropouts, a total of 17 patients
completed the survey and provided passive and clinica
follow-up data and were included in this analysis. These
participants did not exhibit significant differences from the 6
participants who dropped out in terms of any baseline clinical
characteristics (Table 1).

The adherence rate was calculated to be 89.47%, and the
retention rate was 73%. GPS data coverage was computed as
the percentage of 10-minute windows with at least one data
point in the study and was on average 43%. The average
percentage change onthe HDRSwas 41.4% (SD 36.2%); among
the 17 participants, 8 achieved both response (defined as an
HDRS reduction of =50% from baseline) and remission (defined
asan HDRS score <8). No serious adverse effectswere reported
following TMS.

Given the pilot nature of the analyses, we explored different
modelsthat could determine the status of the trestment response
to TMS. We report the area under the curve (AUC) for each of
the models to enable the interpretation of model accuracy. The
AUC for the correct classification of TMS response based on
the average of all passive data features over the entire duration
of the treatment was 0.625. To increase the size of the data set,
we used the average of all features on aweekly basis (spanning
atotal of 46 weeks); the AUC for this model was 0.59. When
including the variance of passive data features and individual
survey questions (active features), the AUC was 0.911. Wewere
also interested in the early prediction of treatment response in
the study. A model using the average of all features (passive
and active) for the first week yielded an AUC of 0.7375. In the
best-performing model (AUC 0.911), digital phenotyping
features derived from geol ocation (hometime and entropy) were
the 2 nonzero passive data model coefficients. A full list of
coefficients from this model can be found in Table 2.
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Table 1. Clinical characteristics of patients recruited.
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Characteristics Overall (N=23) Dropouts? (n=6) Complete data (n=17) P value?
Age (years), mean (SD) 35 (14) 39 (16) 34 (14) 53
Gender, n (%) .64
Female 11 (48) 2(33) 9(53)
Male 12 (52) 4(67) 8(47)
Duration of illness (years), mean (SD) 10 (10) 9(6) 11 (1) 51
Depression type, n (%) .34
Bipolar 10 (43) 4(67) 6 (35)
Unipolar 13 (57) 2(33) 11 (65)
Duration of current episode (months), mean (SD) 13.0(19.0) 10.2(7.7) 14.0(21.8) .55
Bassline HDRS® (total), mean (SD) 214 20(1) 214 53
RMTY (left hemisphere), mean (SD) 37(6) 36 (6) 37(6) 67
RMT (right hemisphere), mean (SD) 38 (6) 38 (5) 38(7) 91
Total TMS® sessions, mean (SD) 18(6) 15(10) 19(4 33

8Regarding the dropouts, 2 participants discontinued treatment with transcranial magnetic stimulation because of worsening symptoms requiring
electroconvulsive therapy, and 1 participant developed a seizure and discontinued; 3 could not use the app because of phone compatibility issues.

BFisher exact test was used for categorical data, and independent 2-tailed t test was used for continuous data.

°HDRS: Hamilton Depression Rating Scale.
RMT: resting motor threshold.
®TMS: transcranial magnetic stimulation.

Table 2. Nonzero model coefficients for the best-performing model (area under the curve 0.911), using all features and variances.

Feature Coefficient
Hometime 0.157
Entropy -0.191
Today | felt little interest or pleasure. -0.323
Today | feel depressed. -0.051
Today | feel tired or have little energy. -0.055
Today | have a poor appetite or am overeating. —0.696
Today | have trouble focusing or concentrating. -0.334
Today | feel anxious. -0.373
Today | cannot stop worrying. -0.094
Today | am easily annoyed or irritable. -0.673
Today | have a poor appetite or am overeating (variance). -0.301
Today | have thoughts of self-harm (variance). -0.120
Today | am easily annoyed or irritable (variance). 0.005

Discussion

Principal Findings

To the best of our knowledge, thisis the first study testing the
feasibility of digital phenotyping in patients receiving rTMS
for depression treatment. Based on the adherence and retention
rates, it can be concluded that it is feasible to use digital
phenotyping data to assess the response to TMS. Digital
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biomarkers have the potentia for scalability and
cost-effectiveness in addition to being sensitive to clinically
relevant phenotyping across mood [18] and psychotic [11]
disorders. The utility of supporting continuous behavioral
measurements outsi de the constraints of the clinical environment
makes digital biomarkers particularly attractive in supporting
prognosis, symptom tracking, and overal improved clinical
care[19]. Our observations regarding feasibility can expand the
utility of digital technologiesin aiding clinical decision-making
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throughout the course of TMS treatment for depressive
disorders.

Although it is not surprising that the model with the most
features performed the best, the model included a combination
of the sensor (GPS) and survey data, which highlightsthe ability
to capture relevant multimodal data on patient response.
Classical predictorsof responseto TM Sinclude prior treatment
failures, comorbidities, and the duration of the current episode
[13,20,21], but adding digital phenotyping predictors could be
auseful complement. Thesedigital phenotyping predictors could
also be used to screen patients for more expensive or
time-consuming predictors, such as electroencephal ography or
neuroimaging-derived markers. Early changes in digital
phenotyping biomarkers, such as predicting response from the
first week of data, as shown in our results, may also help guide
the treatment course.

Limitations and Conclusions

We acknowledge that dueto the small study samplein thispilot
research, the variability in the reported AUC scoreswill be high.
Although we demonstrate the feasibility of app-based digital
data collection in the clinical context of TMS for depression,
our preliminary associations between smartphone digital
phenotyping and response are only indicative of the potential
future clinical promisethistechnique might hold. Thesefindings
can, therefore, enable us to conduct larger and well-powered

Acknowledgments

Kelkar et al

studiesto confirm the predictive potential of digital phenotyping
in TM Sresponse for depression. We could have captured other
measures through the MindLAMP application, such as activity
levels and other psychosocial features. However, given the
exploratory nature of this pilot study, we restricted the
assessments to the ones mentioned above. Future studies need
to replicate these pilot observations in similar longitudinal
studies with larger samples and across diverse clinical settings.
The stability and longevity of the observed changes after the
last TM Streatment also merit further investigation. In this study,
we did not include cognitive, voice, or physiologica
smartphone-based biomarkers, which may offer further relevant
data. Larger sasmplesizeswill also be necessary to help identify
and avoid overfitting as more biomarkers are explored. Although
the retention rates might have been affected by other illness-
and TMS-related factors as well, the adherence rates seem to
be high due to the use of passive data collection for assessment.
Thus, the utility of smartphone-based parameters is highly
promising for aresource-limited country like India. Due to the
scalability of smartphone digital phenotyping, with over 80%
of the world population already owning a smartphone, larger
studies are feasible. Methods to further increase the quality of
digital phenotyping data will also increase confidence in the
derived features. As the field of digital phenotyping matures,
new study procedures and data quality checks can help ensure
that the sensor data are captured with the highest coverage
possible.

Thiswork was supported by the Wellcome Trust UK (grant 215843/2/19/Z) and the Department of Biotechnology (DBT)/Wellcome
Trust India Alliance (IA/CRC/19/1/610005). The funding bodies had no role in the data analysis or the decision to publish this
study.

Authors Contributions

RSK recruited the participants and performed the clinical assessments; DC performed the data analyses, SN performed data
curation and oversaw data collection from the mobile apps; UMM conceptualized this study with help from J Torous; UMM also
supervised RSK and SN in data collection and curation and edited the manuscript; VSS supervised the transcranial magnetic
stimulation (TMS) administration and assisted in protocol writing; J Torous conceptualized this work with UMM, supervised
DC, and prepared the first draft of the manuscript; J Thirthalli supervised the protocol writing and edited the manuscript.

Conflictsof Interest
JTorous isthe editor in chief of IMIR Mental Health. All other authors declare no other conflicts of interest.

References

1.  Kobayashi M, Pascual-Leone A. Transcranial magnetic stimulation in neurology. Lancet Neurol 2003 Mar;2(3):145-156
[doi: 10.1016/s1474-4422(03)00321-1] [Medline: 12849236]

2. CohenSL, Bikson M, Badran B, George M. A visud and narrativetimeline of US FDA milestonesfor Transcranial Magnetic
Stimulation (TMS) devices. Brain Stimul 2022;15(1):73-75 [FREE Full text] [doi: 10.1016/j.brs.2021.11.010] [Medline:
34775141]

3.  MarwahasS, Palmer E, Suppes T, Cons E, Young A, Upthegrove R. Novel and emerging treatments for major depression.
The Lancet 2023 Jan;401(10371):141-153 [FREE Full text] [doi: 10.1016/s0140-6736(22)02080-3]

4.  Lefaucheur JP, André-Obadia N, Antal A, Ayache S, Bagken C, Benninger D, et al. Evidence-based guidelines on the
therapeutic use of repetitive transcranial magnetic stimulation (rTMS). Clin Neurophysiol 2014 Nov;125(11):2150-2206
[FREE Full text] [doi: 10.1016/j.clinph.2014.05.021] [Medline: 25034472]

5. GeR, Downar J, Blumberger D, Daskalakis Z, Vila-Rodriguez F. Functional connectivity of the anterior cingulate cortex
predictstrestment outcomefor rTMSin treatment-resi stant depression at 3-month follow-up. Brain Stimul 2020;13(1):206-214
[FREE Full text] [doi: 10.1016/j.brs.2019.10.012] [Medline: 31668646]

https://formative.jmir.org/2023/1/e40197 JMIR Form Res 2023 | vol. 7| 40197 | p. 5

(page number not for citation purposes)


http://dx.doi.org/10.1016/s1474-4422(03)00321-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12849236&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1935-861X(21)00825-1
http://dx.doi.org/10.1016/j.brs.2021.11.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34775141&dopt=Abstract
https://doi.org/10.1016/S0140-6736(22)02080-3
http://dx.doi.org/10.1016/s0140-6736(22)02080-3
https://doi.org/10.1016/j.clinph.2014.05.021
http://dx.doi.org/10.1016/j.clinph.2014.05.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25034472&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1935-861X(19)30419-X
http://dx.doi.org/10.1016/j.brs.2019.10.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31668646&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Kelkar et al

6.

10.

11.

12.

13.

14.

15.

16.

17.
18.

19.

20.

21.

Hopman HJ, Chan S, Chu W, LuH, Tse C, Chau S, et a. Personalized prediction of transcranial magnetic stimulation
clinical response in patients with treatment-refractory depression using neuroimaging biomarkers and machine learning. J
Affect Disord 2021 Jul 01;290:261-271 [FREE Full text] [doi: 10.1016/j.jad.2021.04.081] [Medline: 34010751]

Kar SK. Predictors of response to repetitive transcranial magnetic stimulation in depression: areview of recent updates.
Clin Psychopharmacol Neurosci 2019 Feb 28;17(1):25-33 [EREE Full text] [doi: 10.9758/cpn.2019.17.1.25] [Medline:
30690937]

Onnela JP, Rauch S. Harnessing smartphone-based digital phenotyping to enhance behavioral and mental health.
Neuropsychopharmacology 2016 Jun;41(7):1691-1696 [FREE Full text] [doi: 10.1038/npp.2016.7] [Medline: 26818126
Torous J, Kiang M, Lorme J, Onnela JP. New tools for new research in psychiatry: a scalable and customizable platform
to empower data driven smartphone research. IMIR Ment Health 2016 May 05;3(2):e16 [FREE Full text] [doi:
10.2196/mental.5165] [Medline: 27150677]

Wisniewski H, Henson P, Torous J. Using a smartphone app to identify clinically relevant behavior trends symptom report,
cognition scores, and exercise levels: a case series. Front Psychiatry 2019;10:652 [FREE Full text] [doi:

10.3389/f psyt.2019.00652] [Medline: 31607960]

Cohen A, Naslund J, Chang S, Nagendra S, Bhan A, Rozatkar A, et al. Relapse prediction in schizophreniawith smartphone
digital phenotyping during COV1D-19: a prospective, three-site, two-country, longitudinal study. Schizophrenia (Heidelb)
2023 Jan 27;9(1):6 [FREE Full text] [doi: 10.1038/s41537-023-00332-5] [Medline: 36707524]

International Statistical Classification of Diseasesand Related Health Problems, 10th Revision. World Health Organization.
2004. URL: https://www.who.int/standards/classifications/cl assification-of -diseases [accessed 2023-08-24]

Baliga SP, Mehta U, Naik S, Thanki M, Mitra S, Arumugham S, et al. A chart-based study of theta burst stimulation for
depression at atertiary care center. Brain Stimul 2020;13(6):1606-1608 [FREE Full text] [doi: 10.1016/j.brs.2020.09.015]
[Medline: 32987174]

Kroenke K, Spitzer R, Williams J. The PHQ-9: validity of abrief depression severity measure. J Gen Intern Med 2001
Sep;16(9):606-613 [FREE Full text] [doi: 10.1046/j.1525-1497.2001.016009606.x] [Medline: 11556941]

Spitzer RL, Kroenke K, Williams J, Léwe B. A brief measure for ng generalized anxiety disorder: the GAD-7. Arch
Intern Med 2006 May 22;166(10):1092-1097 [FREE Full text] [doi: 10.1001/archinte.166.10.1092] [Medline: 16717171]
Hamilton M. A rating scale for depression. J Neurol Neurosurg Psychiatry 1960 Feb 01;23(1):56-62 [FREE Full text] [doi:
10.1136/jnnp.23.1.56] [Medline: 14399272]

GitHub. URL: https://github.com/BIDM CDigital Psychiatry/L AM P-cortex [accessed 2023-08-28]

Jacobson NC, Weingarden H, Wilhelm S. Digital biomarkers of mood disorders and symptom change. NPJ Digit Med
2019;2:3 [FREE Full text] [doi: 10.1038/s41746-019-0078-0] [Medline: 31304353]

Coravos A, Khozin S, Mandl K. Developing and adopting safe and effective digital biomarkersto improve patient outcomes.
NPJ Digit Med 2019;2(1):1 [FREE Full text] [doi: 10.1038/s41746-019-0090-4] [Medline: 30868107]

Lisanby SH, Husain M, Rosenquist P, Maixner D, Gutierrez R, Krystal A, et al. Daily left prefrontal repetitive transcranial
magnetic stimulation in the acute treatment of major depression: clinical predictors of outcome in a multisite, randomized
controlled clinical trial. Neuropsychopharmacology 2009 Jan;34(2):522-534 [FREE Full text] [doi: 10.1038/npp.2008.118]
[Medline: 18704101]

Lacroix A, Calvet B, Laplace B, Lannaud M, Plansont B, Guignandon S, et al. Predictors of clinical response after rTMS
treatment of patients suffering from drug-resistant depression. Transl Psychiatry 2021 Nov 15;11(1):587 [FREE Full text]
[doi: 10.1038/s41398-021-01555-9] [Medline: 34782593]

Abbreviations

AUC: areaunder the curve

GAD-7: Generalized Anxiety Disorder Screener-7
HDRS: Hamilton Depression Rating Scale
PHQ-9: Patient Health Questionnaire-9

rTMS: repetitive transcranial magnetic stimulation
TBS: thetaburst stimulation

TMS: transcranial magnetic stimulation

https://formative.jmir.org/2023/1/e40197 JMIR Form Res 2023 | vol. 7 | 40197 | p. 6

(page number not for citation purposes)


https://doi.org/10.1016/j.jad.2021.04.081
http://dx.doi.org/10.1016/j.jad.2021.04.081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34010751&dopt=Abstract
https://europepmc.org/abstract/MED/30690937
http://dx.doi.org/10.9758/cpn.2019.17.1.25
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30690937&dopt=Abstract
https://europepmc.org/abstract/MED/26818126
http://dx.doi.org/10.1038/npp.2016.7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26818126&dopt=Abstract
https://mental.jmir.org/2016/2/e16/
http://dx.doi.org/10.2196/mental.5165
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27150677&dopt=Abstract
https://europepmc.org/abstract/MED/31607960
http://dx.doi.org/10.3389/fpsyt.2019.00652
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31607960&dopt=Abstract
https://doi.org/10.1038/s41537-023-00332-5
http://dx.doi.org/10.1038/s41537-023-00332-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36707524&dopt=Abstract
https://www.who.int/standards/classifications/classification-of-diseases
https://linkinghub.elsevier.com/retrieve/pii/S1935-861X(20)30254-0
http://dx.doi.org/10.1016/j.brs.2020.09.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32987174&dopt=Abstract
https://europepmc.org/abstract/MED/11556941
http://dx.doi.org/10.1046/j.1525-1497.2001.016009606.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11556941&dopt=Abstract
https://doi.org/10.1001/archinte.166.10.1092
http://dx.doi.org/10.1001/archinte.166.10.1092
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16717171&dopt=Abstract
https://jnnp.bmj.com/lookup/pmidlookup?view=long&pmid=14399272
http://dx.doi.org/10.1136/jnnp.23.1.56
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14399272&dopt=Abstract
https://github.com/BIDMCDigitalPsychiatry/LAMP-cortex
https://doi.org/10.1038/s41746-019-0078-0
http://dx.doi.org/10.1038/s41746-019-0078-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31304353&dopt=Abstract
https://doi.org/10.1038/s41746-019-0090-4
http://dx.doi.org/10.1038/s41746-019-0090-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30868107&dopt=Abstract
https://doi.org/10.1038/npp.2008.118
http://dx.doi.org/10.1038/npp.2008.118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18704101&dopt=Abstract
https://doi.org/10.1038/s41398-021-01555-9
http://dx.doi.org/10.1038/s41398-021-01555-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34782593&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Kelkar et al

Edited by A Mavragani; submitted 22.06.22; peer-reviewed by K Uludag, L Garcia-Gancedo, N Schork; commentsto author 30.11.22;
revised version received 01.07.23; accepted 20.07.23; published 01.09.23

Please cite as.

Kelkar RS, Currey D, Nagendra S, Mehta UM, Sreeraj VS, Torous J, Thirthalli J

Utility of Smartphone-Based Digital Phenotyping Biomarkersin Assessing Treatment Response to Transcranial Magnetic Simulation
in Depression: Proof-of-Concept Sudy

JMIR Form Res 2023;7:e40197

URL: https://formative.jmir.org/2023/1/e40197

doi: 10.2196/40197

PMID: 37656496

©Radhika Suneel Kelkar, Danielle Currey, Srilakshmi Nagendra, Urvakhsh Meherwan Mehta, Vanteemar S Sreergj, John Torous,
Jagadisha Thirthalli. Originaly published in IMIR Formative Research (https://formative.jmir.org), 01.09.2023. This is an
open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in IMIR Formative Research, is properly cited. The complete bibliographic information,
alink to the original publication on https://formative.jmir.org, aswell asthis copyright and license information must be included.

https:/formative.jmir.org/2023/1/e40197 JMIR Form Res 2023 | vol. 7 | e40197 | p. 7
(page number not for citation purposes)

RenderX


https://formative.jmir.org/2023/1/e40197
http://dx.doi.org/10.2196/40197
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37656496&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

