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Abstract: In response to a burgeoning pediatric mental health epidemic, recent guidelines have
instructed pediatricians to regularly screen their patients for mental health disorders with consistency
and standardization. Yet, gold-standard screening surveys to evaluate mental health problems in
children typically rely solely on reports given by caregivers, who tend to unintentionally under-report,
and in some cases over-report, child symptomology. Digital phenotype screening tools (DPSTs),
currently being developed in research settings, may help overcome reporting bias by providing
objective measures of physiology and behavior to supplement child mental health screening. Prior
to their implementation in pediatric practice, however, the ethical dimensions of DPSTs should
be explored. Herein, we consider some promises and challenges of DPSTs under three broad
categories: accuracy and bias, privacy, and accessibility and implementation. We find that DPSTs have
demonstrated accuracy, may eliminate concerns regarding under- and over-reporting, and may be
more accessible than gold-standard surveys. However, we also find that if DPSTs are not responsibly
developed and deployed, they may be biased, raise privacy concerns, and be cost-prohibitive. To
counteract these potential shortcomings, we identify ways to support the responsible and ethical
development of DPSTs for clinical practice to improve mental health screening in children.

Keywords: mental health; pediatrics; digital health; ethics; artificial intelligence; wearables

1. Introduction
Only half of the nearly eight million US children with a mental health disorder receive

treatment from a mental health professional [1] despite increases in clinically significant
anxiety and depression across the globe [2], from preschoolers [3,4] to adolescents [5],
after the COVID-19 pandemic. In light of these staggering statistics, the United States
Preventive Services Task Force (USPSTF) and the American Academy of Pediatrics (AAP)
Task Force on Mental Health recommend that pediatricians screen all children for mental
health impairment in hopes of preventing or ameliorating mental health crises [6–8].
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Screening children for mental illness will require a significant shift in practice for pedi-
atricians. Though pediatricians overwhelmingly agree that they should identify children’s
mental health problems [9], most do not use standardized tools to screen children for mental
health issues [10]. They cite barriers to screening such as time and scheduling constraints
to score and interpret surveys [8], and thus often administer screening surveys only if the
caregiver or child reports a mental health concern. This places the onus solely on caregivers
to accurately observe, raise concern for, and report on a child’s internal emotional state.
However, subjective caregiver-reports of child mental health are biased as the emotional suf-
fering of others is inherently unobservable [11,12], acknowledgement of problems requires
mental health literacy [13], and reporting concerns to a provider requires immense trust in
health care systems [14] and is often related to a family’s sociodemographic factors [15].

Digital phenotype-based screening tools (DPSTs) may help surmount these obstacles
by leveraging sensor data passively collected by smartphones or other wearable devices
to screen for mental health disorders (Figure 1). Research studies to date have developed
DPSTs (Figure 2) and are in evaluative stages for Attention Deficit Hyperactive Disorder
(ADHD) [16,17], bipolar disorder [18], and internalizing disorders [19–23] in children. Our
team has found that digital phenotyping can take as little as one to three minutes conducted
in a medical office space [21], and others have found that screening could occur remotely
between clinical visits [17] which may help overcome time barriers to pediatrician screening
for mental illness. In practice, DPSTs could assess a child’s movement, voice, heart rate
variability, respirations, eye movements, and galvanic skin response [24–29] while they
react to a brief potentially threatening situation like walking into a dimly lit room or
giving a speech while wearing a small monitor that resembles an electrocardiogram lead or
watch-like device [21]. After data collection, devices incorporate artificial intelligence (AI),
typically using machine learning techniques to generate diagnostic likelihood [30], which
informs the pediatrician delivering feedback to the patient’s family. These advanced data
analysis approaches help to reveal the complex relationships that exist between objective
physiological and behavioral measurements and underlying mental health conditions.
Figure 1 is an example of how DPSTs like this could be deployed in pediatric practice.

 
Figure 1. An example of how DPSTs could be deployed in pediatric practice. (1) A child and their
guardian arrive for their annual pediatric well-visit. (2) The visit begins with traditional longitudinal
screening activities, such as the tracking of height and weight. (3) After being administered an eye
exam at their eight-year pediatric well-visit, (4) the child stands next to their mother as a nurse secures
a clinic-owned smartphone to the child’s lower back with an elastic waist belt. (5) The nurse opens
an app connected to the smartphone and instructs the child to tell a story ‘that will be judged based
on how interesting it is.’ The app continuously collects movement and vocal biomarkers during the
three-minute task. (6) The nurse thanks the child and tells them ’what a great job’ they did. The app
immediately feeds the recorded movement and vocal biomarkers into a machine learning model
that reports the likelihood of the child having clinically elevated levels of anxiety or depression.
(7) Instantaneously, the data are uploaded to the child’s electronic health record (EHR) along with
automated recommendations to the pediatrician for supplemental mental health screening needs,
(8) which may include caregiver-report surveys.
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Figure 2. The development lifecycle of DPSTs: (1) Multimodal data are collected and aggregated from
digital devices along with contextual health data. (2) Data from diverse training data are processed
and machine learning algorithms are leveraged to identify patient diagnostic likelihood and digital
phenotypes. (3) Ethical deployment of the DPSTs to supplement current screening methods is tested
in clinical practice with consideration for privacy and interpretability of patient data and experiences.

The development of DPSTs has accelerated considerably in recent years as evidenced
by increases in scientific publications in the space (more than 800% in the past decade,
Figure 3) and funding for digital health companies, which reached more than $23 billion in
2022 [31]. The application of these tools in mental health have shown even more explosive
growth with a more than 4000% increase in publications in the last decade. Initial efforts
targeting mental health have largely considered their use in adults, leveraging passively
collected sensor data from smart phones and other sensors to identify phenotypes of mental
health disorders and changes in their associated symptoms (e.g., [32–37]). A particular focus
has been on vocal biomarkers of mental health [38–41] which have quickly emerged as one
of the most promising and feasible measures to consider. More recent efforts are beginning
to expand to consider additional data sources including biomarkers derived from wearable
movement sensors [16,17,22], videos of body and facial movements [42,43], and a variety
of physiological measurements such as heart rate, heart rate variability, respirations, and
galvanic skin response [24–26,28,29]. These techniques, as described above, are now starting
to move from adults to children [20–22,24–26,28–30,44–46]. Notably, a small number of
companies are now pursuing digital phenotype diagnostics or diagnostic aids targeted
specifically at pediatric mental health. Cognoa is one example, who recently secured FDA
clearance for a technology that provides clinician support for diagnosing autism using
video-based assessments and AI [47]. Another example is Kiddo Health, which provides
a wearable-based connected care platform for monitoring biomarkers in children with
physical and behavioral health challenges [48].

 
Figure 3. As a proxy for the emerging popularity of DPSTs, publications focusing on digital health
or digital biomarkers have shown significant growth in the last decade (left), increasing more than
800%. Publications in this area focusing on mental health have shown even more explosive growth
(right) with an increase of more than 4000% during the same period. Papers focused specifically in
pediatric populations represent a small but growing percentage (~20%).

The use of DPSTs for mental illness in childhood raises important ethical issues
which should be thoroughly examined before routine implementation in pediatric practice.
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Additionally, these issues may be distinct from ethical implications of digital phenotyping in
late adolescence and adulthood. Herein, we examine some of the major ethical ramifications
of wearable digital mental health screening for children under three broad categories:
accuracy and bias, privacy, and accessibility and implementation.

2. Accuracy and Bias
Currently, the gold standard for screening for mental health disorders in children con-

sists of surveys administered to children and their caregivers prior to, or during, pediatric
visits [49,50]. Screening surveys for anxiety and depressive disorders in school-age children
and adolescents exhibit good accuracy (i.e., as high as 88% for the nine-item Patient Health
Questionnaire in screening for depression [51]), but with variable sensitivity and specificity
(i.e., as low as 50% and 56%, respectively, for screening for any anxiety disorder [6]), and
with positive screens for anxiety and depression ranging from 11% to 15% in represen-
tative pediatric outpatient samples (using the Pediatric Symptom Checklist-17 [52]). To
supplement caregiver responses, children fill out diagnostic surveys reporting on their
own symptoms when they can. Child self-reporting of symptoms typically begins between
ages 8 and 11 (e.g., the SCARED survey is designed for children ages 8–18, and the ASEBA
Youth Self-Report is intended for children ages 11–17 [53]). Caregiver and youth reporters
describe symptoms across multiple contexts, with reports typically exhibiting good eco-
logical validity [54]. The exclusion of very young children from the diagnostic process
is understandable; these children often cannot reliably report on their inner thoughts,
feelings, and emotions [55,56]. Parent and guardian responses too have limitations since
their responses to mental health surveys often conflict with their children’s [57]. Compared
to child self-reports, most caregivers report fewer anxiety and depressive symptoms and
more behavioral problems [58–63]. Conversely, caregivers with mental health impairments
themselves have been demonstrated to over-report on their children’s problems [11,12].
Importantly, caregiver and child dyads that are most discordant with each other exhibited
decreased follow-up clinical care [64] and unfavorable long-term rates of engagement in
school, work, and the criminal justice system [65].

The accuracy of DPSTs for mental health disorders has been more thoroughly studied
in adults than in children. Nevertheless, our team has found that digital phenotyping for
mental health screening in children demonstrates promising accuracy (i.e., 80–81% [24,44])
and specificity (i.e., 88% [44]) in detecting anxiety and depressive disorders, but variable
sensitivity similar to that of screening surveys (e.g., as low as 54% [24]). With that said,
some have noted the benefit of having high specificity and lower sensitivity in screening
for common disorders, dependent on the balance between the value of early detection and
treatment and the costs of false positives [66]. Of course, given lower sensitivities, it is also
imperative that results from DPSTs are provided to pediatricians along with guidance on
how to think about results accurately, how to convey those results to the family, and what
steps to take next.

The use of DPSTs may help mitigate concerns regarding bias introduced by child or
caregiver perceptions, since DPSTs rely entirely upon objective data. DPSTs for mental
health screening may even detect unobservable mental health biomarkers—like internal
hyper-responsiveness to stress—that exhibit especially high discordance between child
and caregiver reporters [62]. DPSTs have been used in research settings to detect mental
health disorders in children as young as three years old [44] and they raise the possibility
that DPSTs could identify children earlier in life before symptoms have the chance to
worsen with age [67,68]. The ecological validity of DPSTs must continue to be examined.
Emerging evidence suggests that a child’s behavior during laboratory mood induction
tasks is representative of their behavior at school and at home (as rated by parents), but
additional investigation, that considers a wider range of child emotional and behavioral
problems, is needed [69].

While digital phenotyping removes human subjectivity from child mental health
screening, it may nonetheless exhibit or introduce new sources of bias. AI tools for mental
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health are often blind to potential social confounders of the relationship between physical
activity or physiological reactivity and mental health states, such as access to community
resources or neighborhood safety. Furthermore, young children, females, and patients of
color have been underrepresented to date in studies of digital phenotyping for mental
health screening, making it impossible to exclude the possibility that human biases have
been unwittingly incorporated into the function of current digital phenotyping technolo-
gies [16–18,70–73]. To address this concern, there is a need for additional studies examining
the sensitivity and specificity of DPSTs in different demographic groups, especially in
marginalized communities who might most be harmed by the application of mismatched
technology to their health care needs. This will require DPST algorithms to be developed
on data from large and diverse user populations.

3. Privacy
Through the passive collection of novel data, DPSTs raise new privacy concerns

of particular relevance for children. Privacy interests in digital phenotyping for mental
health are inherently different in children than for adults [74]. While adults can consent to
the collection by DPSTs of their personal biometric data, parental or guardian consent is
typically required in the care of minors in most US states [75]. Even when caregivers do
consent to data collection for digital phenotyping, it is not clear that they have an adequate
appreciation for the associated privacy risks or knowledge of their child’s personal privacy
preferences [76].

Most DPSTs involve third-party companies in the diagnostic process [77] and utilize
smartphones and wearable devices which produce data accessible to their manufactur-
ers [78]. This poses a risk of unregulated corporate access to data associated with stig-
matized pediatric mental health diagnoses and thus rightly raises privacy concerns for
patients and families. Moreover, accelerometers—a modality common to many DPSTs—can
determine which activities a user is completing, a function which adolescents, in particular,
may find troubling especially since third-party commercial companies may be able to access
those data [79].

In the US, under the Children’s Online Privacy Protection Act (COPPA), companies
are not allowed to knowingly collect personal information from children under the age
of 13 years. Both adults and children’s medical records are considered Protected Health
Information (PHI) under the Health Insurance Portability and Accountability Act (HIPAA).
If a wearable device is used by covered entities in a clinical health setting for adults
or children, the data collected, stored, or transmitted are subject to HIPAA regulations.
However, HIPAA regulations do not apply to wearables companies because they are not
considered covered entities and not always as a business associate to a covered entity [80].
HIPPA compliance is primarily considered the responsibility of the covered entity. HIPAA
only extends to the individual and the covered entity (and business associates) and not
necessarily the wearable company, raising privacy concerns.

To protect the privacy of pediatric patients undergoing DPST screening for mental
health diagnoses, special data protections should be in place prior to use in clinical settings
including agreements from all third parties (i.e., wearable device manufacturers) to adhere
to HIPAA requirements even if not strictly required. Alternatively, restricting the use of DP-
STs to those screening tools that do not communicate a child’s data to third-party wearable
companies could also preserve the child’s privacy under COPPA and HIPAA, and avoid
the current ambiguity between HIPPA and the PHI being collected. In either case, DPST
screening for mental health diagnoses in children should occur in a transparent fashion
and following robust parent-informed consent processes and, if feasible, pediatric assent.

To prevent unconsented or inappropriate acquisition of pediatric mental health infor-
mation by corporate entities, digital phenotypes of mental health should be considered
protected health information and thus disclosure of these data and metadata to corporate
entities should be covered under HIPAA as a condition of use. As novel devices are devel-
oped or commercial devices are utilized for mental health screening purposes, devices and
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software inherent to DPSTs will need to be developed in regulated environments that are
considered covered entities, something the FDA is already exploring [81,82].

Beyond the privacy concerns raised by the disclosure of DPST data to third-party
companies, there should be clear delineation of which data pediatric patients can access,
correct, and revoke. Furthermore, since many states allow children to access mental health
care without requiring caregiver consent, children undergoing digital phenotype-based
screening should retain the ability to hide their data from their caregivers in accordance with
existing local laws. We expect that best practices regarding pediatric privacy protections in
the DPST space will evolve in the coming years and continue to require input from lawyers,
ethicists, and the community at large. For now, we provide a roadmap of privacy best
practices for DPSTs in Figure 4.

 Figure 4. Checklist of privacy standards DPSTs should meet for use in childhood mental health
screening. (1) HIPPA-compliant and FDA-approved. (2) Transparent data sharing and storage
practices. (3) Caregiver-informed consent. (4) Child assent when reasonably possible.

4. Accessibility and Implementation
Current mental health screening surveys are not widely used in pediatric practice. In a

survey of primary care clinicians in 204 practices, 50% of clinicians reported that they never
used standardized screening tools to assess the mental health of their pediatric patients [10].
One reason pediatricians report that they do not use such tools is a lack of time: it takes
a significant amount of time for pediatricians to administer the surveys, for parents or
guardians to complete their portions of screening surveys, and for staff or clinicians to
score and interpret survey responses [8]. Pediatricians also report frustration with the lack
of mental health providers available for referral, as well as the long waitlists for children
to be seen [8]. That is, even if pediatricians dedicate the time to administer screening
surveys, children who screen at a high risk for mental health disorders often cannot begin
treatment promptly.

Since screening using DPSTs may take as little as one to three minutes to complete, it
may alleviate some of pediatricians’ concerns about time constraints to provide children
access to recommended mental health screening [44]. DPSTs could be further configured to
save pediatricians time by providing automated clinical notes and therapeutic feedback
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to families. For instance, feedback from DPSTs to pediatricians could be formatted to
pass directly to patient families, provide its own clinical decision-making language [83],
and support screening with additional caregiver and pediatrician involvement as neces-
sary. An example of what this note could look like for our example patient, Amaya, is
below in Figure 5. Further testing of DPSTs in conjunction with caregiver-reports could
help guide screening workflow recommendations. For example, these investigations
could indicate if simultaneous or sequential ordering of screening tools yields the best
screening performance.

Figure 5. Example patient feedback from DPSTs.

To be successful, DPSTs likely require front-end staff training to ensure standardized
instrumentation and task administration. To that end, assessing the feasibility of device
placement and task administration within the context of use should be front of mind for
DPST developers in their earliest stages.

While DPSTs may help surmount time constraint-related obstacles to recommended
mental health screening in children, DPSTs may not directly address the current dearth
of mental health providers for children. Rather, if DPSTs fuel a surge in mental health
referrals, pediatric access to mental health care could worsen unless there is an increase
in the availability of mental health care services, or a reduction in the need for pediatric
mental health care. The emergence and scaling of virtual and digital mental health services
beginning during the COVID pandemic may help to partially address previously unmet
pediatric mental health care needs. Additionally, earlier identification of mental health
needs made possible by DPSTs may not always require 1:1 care by a mental health provider.
Intervention in early childhood often involves psychoeducation, relational aspects, and
teaching of coping strategies to the child’s caregivers [84,85], who are, in turn, capable
of supporting the child and helping them learn and implement those strategies in their
everyday lives. In early childhood, recommendations for bibliotherapy [86,87] and online
programs [88] can be effective and may be sufficient for mitigating current and future mental
health risk. The benefit of early identification, when brain plasticity is highest [89], is that
small adjustments in everyday life can make a substantial impact. Moreover, receiving
a mental health diagnosis, even without treatment, has been shown to be validating and
helpful if delivered thoughtfully [90]. In this context, caregivers can be active participants
in deciding when the child may need care in the future and have a better idea of why their
child may be feeling and behaving the way that they are.

Upfront cost, too, can influence equitable access to DPSTs. The wearable devices
and smartphones utilized as DPSTs often cost hundreds of dollars and thus are far more
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expensive than current screening surveys like the SCARED and PHQ-9 for adolescents
(which can be freely accessed online). Yet, the larger upfront costs of DPSTs may be at
least somewhat offset by reduced costs of administration and interpretation in pediatric
offices. Some devices currently used in research are reusable between patients [21] and
can be purchased and lent out by hospital systems under a pay-per-use business model,
whereas others may be single-use [91] and have associated costs for the patient (i.e., sensor
adhesives or patient/information technology (IT) time trouble shooting). Research on
the usability of lower-cost wearable devices in digital phenotype-based screening may
therefore be critical to the viability of the widespread use of DPSTs.

Meaningful accessibility of DPSTs will be dependent not only upon pediatricians’
acceptance of the tools, but on children’s acceptance of the tools as well. Young people,
who trust digital mental health information more than their elders [92], may feel more
comfortable being screened for mental health disorders via DPSTs, rather than by survey.
Additionally, like biofeedback therapeutic interventions (which some researchers suggest
carry less stigma than traditional psychological treatment [93]), DPSTs measure physiolog-
ical parameters rather than more subjective personal information [94] and thus patients
may feel is less sensitive or stigmatized. This may be of particular importance in African
American and Latino ethnic populations who may be more likely to value mind–body
connection in mental health care [95,96].

5. Limitations
Our aim in this paper has been to enumerate some of the ethical promises and chal-

lenges of DPSTs under three broad categories (accuracy and bias, privacy, and accessibility
and implementation), particularly in comparison to the screening surveys used some-
times in clinical practice. This is not an exhaustive analysis of all of the possible ethical
dimensions of DPSTs. Some topics such as the risk of stigma from mental health diagnosis
made by DPSTs warrant additional discussion after some of the more foundational and
technology-specific issues taken up here are resolved.

Given our focus on DPSTs, specifically, we have considered only in passing the more
general question of whether young children should be diagnosed with mental health
disorders, particularly with a current shortage of treatment options.

Additionally, we have considered the use of DPSTs by pediatricians, as aligned to
recommendations of the USPSTF and the AAP Task Force on Mental Health. DPSTs could
be used without pediatrician involvement, such as in schools or at home (with or without
caregiver supervision). We imagine school use begets similar ethical issues as pediatric use,
perhaps with the added issue of governmental involvement in private mental health issues,
and the protections of HIPAA may not be upheld in schools. Were DPSTs to be used at
home without involvement of a pediatrician, issues with deployment, result interpretation,
and referral to mental health care may be more likely.

6. Conclusions
In this paper, we identify ethical promises and challenges of DPSTs related to accuracy

and bias, privacy, and accessibility and implementation. We have found that multiple
ethical challenges remain unsolved when it comes to DPSTs, but these may be ameliorated
by the concrete measures suggested in Figure 6. To address some of these challenges, future
research should focus on ensuring that affordable DPSTs are developed and evaluated on
representative patient samples, with robust corporate privacy protections. Despite these
challenges, we believe that DPSTs show significant promise for use in pediatric practice.
They have demonstrated accuracy, eliminate concerns regarding under- and over- reporting,
and may help to destigmatize mental health problems.
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Figure 6. Summary of the ethical risks and benefits of DPSTs and suggested protective measures to
enable appropriate clinical use.
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34. Saylam, B.; İncel, Ö.D. Quantifying Digital Biomarkers for Well-Being: Stress, Anxiety, Positive and Negative Affect via Wearable
Devices and Their Time-Based Predictions. Sensors 2023, 23, 8987. [CrossRef] [PubMed]

35. Alhejaili, R.; Alomainy, A. The Use of Wearable Technology in Providing Assistive Solutions for Mental Well-Being. Sensors 2023,
23, 7378. [CrossRef] [PubMed]

36. Gomes, N.; Pato, M.; Lourenço, A.R.; Datia, N. A Survey on Wearable Sensors for Mental Health Monitoring. Sensors 2023,
23, 1330. [CrossRef]

37. McGinnis, R.S.; McGinnis, E.W. Advancing Digital Medicine with Wearables in the Wild. Sensors 2022, 22, 4576. [CrossRef]
[PubMed]

38. Mundt, J.C.; Vogel, A.P.; Feltner, D.E.; Lenderking, W.R. Vocal Acoustic Biomarkers of Depression Severity and Treatment
Response. Biol. Psychiatry 2012, 72, 580–587. [CrossRef] [PubMed]

39. Applications of Speech Analysis in Psychiatry: Harvard Review of Psychiatry. Available online: https://journals.lww.com/
hrpjournal/fulltext/2023/01000/applications_of_speech_analysis_in_psychiatry.1.aspx (accessed on 10 May 2024).

40. Tlachac, M.L.; Flores, R.; Toto, E.; Rundensteiner, E. Early Mental Health Uncovering with Short Scripted and Unscripted Voice
Recordings. In Deep Learning Applications, Volume 4; Wani, M.A., Palade, V., Eds.; Springer Nature: Singapore, 2023; pp. 79–110,
ISBN 978-981-19615-3-3.

41. Almaghrabi, S.A.; Clark, S.R.; Baumert, M. Bio-Acoustic Features of Depression: A Review. Biomed. Signal Process. Control 2023,
85, 105020. [CrossRef]

42. Richer, R.; Koch, V.; Abel, L.; Hauck, F.; Kurz, M.; Ringgold, V.; Müller, V.; Küderle, A.; Schindler-Gmelch, L.; Eskofier, B.M.; et al.
Machine Learning-Based Detection of Acute Psychosocial Stress from Body Posture and Movements. Sci. Rep. 2024, 14, 8251.
[CrossRef] [PubMed]

43. Jiang, Z.; Seyedi, S.; Griner, E.; Abbasi, A.; Rad, A.B.; Kwon, H.; Cotes, R.O.; Clifford, G.D. Multimodal Mental Health Digital
Biomarker Analysis from Remote Interviews Using Facial, Vocal, Linguistic, and Cardiovascular Patterns. IEEE J. Biomed. Health
Inform. 2024, 28, 1680–1691. [CrossRef] [PubMed]

44. McGinnis, R.S.; McGinnis, E.W.; Hruschak, J.; Lopez-Duran, N.L.; Fitzgerald, K.; Rosenblum, K.L.; Muzik, M. Rapid Detection of
Internalizing Diagnosis in Young Children Enabled by Wearable Sensors and Machine Learning. PLoS ONE 2019, 14, e0210267.
[CrossRef] [PubMed]

45. Dawson, G. Could an Eye-Tracking Test Aid Clinicians in Making an Autism Diagnosis? New Findings and a Look to the Future.
JAMA 2023, 330, 815–817. [CrossRef] [PubMed]

46. Sequeira, L.; Perrotta, S.; LaGrassa, J.; Merikangas, K.; Kreindler, D.; Kundur, D.; Courtney, D.; Szatmari, P.; Battaglia, M.;
Strauss, J. Mobile and Wearable Technology for Monitoring Depressive Symptoms in Children and Adolescents: A Scoping
Review. J. Affect. Disord. 2020, 265, 314–324. [CrossRef] [PubMed]

47. Commissioner, O. of the FDA Authorizes Marketing of Diagnostic Aid for Autism Spectrum Disorder. Available online: https:
//www.fda.gov/news-events/press-announcements/fda-authorizes-marketing-diagnostic-aid-autism-spectrum-disorder (ac-
cessed on 23 April 2024).

48. Kiddo Health. Available online: https://kiddo.health (accessed on 10 May 2024).
49. Kuhlthau, K.; Jellinek, M.; White, G.; VanCleave, J.; Simons, J.; Murphy, M. Increases in Behavioral Health Screening in Pediatric

Care for Massachusetts Medicaid Patients. Arch. Pediatr. Adolesc. Med. 2011, 165, 660–664. [CrossRef] [PubMed]
50. Berger-Jenkins, E.; Monk, C.; D’Onfro, K.; Sultana, M.; Brandt, L.; Ankam, J.; Vazquez, N.; Lane, M.; Meyer, D. Screening for Both

Child Behavior and Social Determinants of Health in Pediatric Primary Care. J. Dev. Behav. Pediatr. 2019, 40, 415–424. [CrossRef]
[PubMed]

51. Richardson, L.P.; McCauley, E.; Grossman, D.C.; McCarty, C.A.; Richards, J.; Russo, J.E.; Rockhill, C.; Katon, W. Evaluation of
the Patient Health Questionnaire (PHQ-9) for Detecting Major Depression among Adolescents. Pediatrics 2010, 126, 1117–1123.
[CrossRef]

52. Liu, J.; DiStefano, C.; Burgess, Y.; Wang, J. Pediatric Symptom Checklist-17. Eur. J. Psychol. Assess. 2020, 36, 77–83. [CrossRef]
53. Achenbach, T.M.; Rescorla, L.A. ASEBA School Age Forms and Profiles; ASEBA: Burlington, VT, USA, 2001.
54. Aebi, M.; Kuhn, C.; Banaschewski, T.; Grimmer, Y.; Poustka, L.; Steinhausen, H.-C.; Goodman, R. The Contribution of Parent and

Youth Information to Identify Mental Health Disorders or Problems in Adolescents. Child Adolesc. Psychiatry Ment. Health 2017,
11, 23. [CrossRef] [PubMed]

55. Kaminer, Y.; Feinstein, C.; Seifer, R. Is There a Need for Observationally Based Assessment of Affective Symptomatology in Child
and Adolescent Psychiatry? Adolescence 1995, 30, 483–489. [PubMed]

56. Garber, J.; Kaminski, K.M. Laboratory and Performance-Based Measures of Depression in Children and Adolescents. J. Clin. Child
Psychol. 2000, 29, 509–525. [CrossRef] [PubMed]

https://www.statista.com/statistics/388858/investor-funding-in-digital-health-industry/
https://www.statista.com/statistics/388858/investor-funding-in-digital-health-industry/
https://doi.org/10.2196/46778
https://www.ncbi.nlm.nih.gov/pubmed/38090800
https://doi.org/10.3390/s24020715
https://www.ncbi.nlm.nih.gov/pubmed/38276406
https://doi.org/10.3390/s23218987
https://www.ncbi.nlm.nih.gov/pubmed/37960685
https://doi.org/10.3390/s23177378
https://www.ncbi.nlm.nih.gov/pubmed/37687834
https://doi.org/10.3390/s23031330
https://doi.org/10.3390/s22124576
https://www.ncbi.nlm.nih.gov/pubmed/35746358
https://doi.org/10.1016/j.biopsych.2012.03.015
https://www.ncbi.nlm.nih.gov/pubmed/22541039
https://journals.lww.com/hrpjournal/fulltext/2023/01000/applications_of_speech_analysis_in_psychiatry.1.aspx
https://journals.lww.com/hrpjournal/fulltext/2023/01000/applications_of_speech_analysis_in_psychiatry.1.aspx
https://doi.org/10.1016/j.bspc.2023.105020
https://doi.org/10.1038/s41598-024-59043-1
https://www.ncbi.nlm.nih.gov/pubmed/38589504
https://doi.org/10.1109/JBHI.2024.3352075
https://www.ncbi.nlm.nih.gov/pubmed/38198249
https://doi.org/10.1371/journal.pone.0210267
https://www.ncbi.nlm.nih.gov/pubmed/30650109
https://doi.org/10.1001/jama.2023.3092
https://www.ncbi.nlm.nih.gov/pubmed/37668633
https://doi.org/10.1016/j.jad.2019.11.156
https://www.ncbi.nlm.nih.gov/pubmed/32090755
https://www.fda.gov/news-events/press-announcements/fda-authorizes-marketing-diagnostic-aid-autism-spectrum-disorder
https://www.fda.gov/news-events/press-announcements/fda-authorizes-marketing-diagnostic-aid-autism-spectrum-disorder
https://kiddo.health
https://doi.org/10.1001/archpediatrics.2011.18
https://www.ncbi.nlm.nih.gov/pubmed/21383254
https://doi.org/10.1097/DBP.0000000000000676
https://www.ncbi.nlm.nih.gov/pubmed/31318781
https://doi.org/10.1542/peds.2010-0852
https://doi.org/10.1027/1015-5759/a000495
https://doi.org/10.1186/s13034-017-0160-9
https://www.ncbi.nlm.nih.gov/pubmed/28465720
https://www.ncbi.nlm.nih.gov/pubmed/7676882
https://doi.org/10.1207/S15374424JCCP2904_5
https://www.ncbi.nlm.nih.gov/pubmed/11126630


Sensors 2024, 24, 3214 12 of 13

57. Orchard, F.; Pass, L.; Cocks, L.; Chessell, C.; Reynolds, S. Examining Parent and Child Agreement in the Diagnosis of Adolescent
Depression. Child. Adolesc. Ment. Health 2019, 24, 338–344. [CrossRef] [PubMed]

58. Sourander, A.; Helstelä, L.; Helenius, H. Parent-Adolescent Agreement on Emotional and Behavioral Problems. Soc. Psychiatry
Psychiatr. Epidemiol. 1999, 34, 657–663. [CrossRef] [PubMed]

59. Williams, C.D.; Lindsey, M.; Joe, S. Parent–Adolescent Concordance on Perceived Need for Mental Health Services and Its Impact
on Service Use. Child. Youth Serv. Rev. 2011, 33, 2253–2260. [CrossRef] [PubMed]

60. Salbach-Andrae, H.; Klinkowski, N.; Lenz, K.; Lehmkuhl, U. Agreement between Youth-Reported and Parent-Reported Psy-
chopathology in a Referred Sample. Eur. Child. Adolesc. Psychiatry 2009, 18, 136–143. [CrossRef] [PubMed]

61. Verhulst, F.C.; Der ende, J.V. Factors Associated with Child Mental Health Service Use in the Community. J. Am. Acad. Child
Adolesc. Psychiatry 1997, 36, 901–909. [CrossRef] [PubMed]

62. Edelbrock, C.; Costello, A.J.; Dulcan, M.K.; Conover, N.C.; Kala, R. Parent-Child Agreement on Child Psychiatric Symptoms
Assessed Via Structured Interview*. J. Child Psychol. Psychiatry 1986, 27, 181–190. [CrossRef] [PubMed]

63. Behrens, B.; Swetlitz, C.; Pine, D.S.; Pagliaccio, D. The Screen for Child Anxiety Related Emotional Disorders (SCARED): Informant
Discrepancy, Measurement Invariance, and Test–Retest Reliability. Child Psychiatry Hum. Dev. 2019, 50, 473–482. [CrossRef]
[PubMed]

64. Brookman-Frazee, L.; Haine, R.A.; Gabayan, E.N.; Garland, A.F. Predicting Frequency of Treatment Visits in Community-Based
Youth Psychotherapy. Psychol Serv. 2008, 5, 126–138. [CrossRef]

65. Ferdinand, R.F.; van der Ende, J.; Verhulst, F.C. Prognostic Value of Parent-Adolescent Disagreement in a Referred Sample. Eur.
Child Adolesc. Psychiatry 2006, 15, 156–162. [CrossRef] [PubMed]

66. Kraemer, H.C. Evaluating Medical Tests: Objective and Quantitative Guidelines. J. Am. Stat. Assoc. 1992, 87, 1243.
67. Costello, E.J.; Copeland, W.; Angold, A. Trends in Psychopathology across the Adolescent Years: What Changes When Children

Become Adolescents, and When Adolescents Become Adults? J. Child Psychol. Psychiatry 2011, 52, 1015–1025. [CrossRef] [PubMed]
68. Woodward, L.J.; Fergusson, D.M. Life Course Outcomes of Young People with Anxiety Disorders in Adolescence. J. Am. Acad.

Child Adolesc. Psychiatry 2001, 40, 1086–1093. [CrossRef] [PubMed]
69. Lo, S.L.; Vroman, L.N.; Durbin, C.E. Ecological Validity of Laboratory Assessments of Child Temperament: Evidence from Parent

Perspectives. Psychol. Assess. 2015, 27, 280–290. [CrossRef] [PubMed]
70. Leikauf, J.E.; Correa, C.; Bueno, A.N.; Sempere, V.P.; Williams, L.M. StopWatch: Pilot Study for an Apple Watch Application for

Youth with ADHD. Digit Health 2021, 7, 20552076211001215. [CrossRef] [PubMed]
71. Ouyang, C.-S.; Yang, R.-C.; Chiang, C.-T.; Wu, R.-C.; Lin, L.-C. Objective Evaluation of Therapeutic Effects of ADHD Medication

Using a Smart Watch: A Pilot Study. Appl. Sci. 2020, 10, 5946. [CrossRef]
72. Timmons, A.C.; Duong, J.B.; Simo Fiallo, N.; Lee, T.; Vo, H.P.Q.; Ahle, M.W.; Comer, J.S.; Brewer, L.C.; Frazier, S.L.; Chaspari, T. A

Call to Action on Assessing and Mitigating Bias in Artificial Intelligence Applications for Mental Health. Perspect. Psychol. Sci
2023, 18, 1062–1096. [CrossRef] [PubMed]

73. Redd, C.B.; Silvera-Tawil, D.; Hopp, D.; Zandberg, D.; Martiniuk, A.; Dietrich, C.; Karunanithi, M.K. Physiological Signal
Monitoring for Identification of Emotional Dysregulation in Children. In Proceedings of the 2020 42nd Annual International
Conference of the IEEE Engineering in Medicine & Biology Society (EMBC), Montreal, QC, Canada, 20–24 July 2020; pp. 4273–4277.
[CrossRef]

74. Nisenson, M.; Lin, V.; Gansner, M. Digital Phenotyping in Child and Adolescent Psychiatry: A Perspective. Harv. Rev. Psychiatry
2021, 29, 401. [CrossRef] [PubMed]

75. Confidential Health Care for Minors | AMA-Code. Available online: https://code-medical-ethics.ama-assn.org/ethics-opinions/
confidential-health-care-minors (accessed on 30 November 2023).

76. Livingstone, S.; Stoilova, M.; Nandagiri, R. Children’s Data and Privacy Online: Growing up in a Digital Age: An Evidence
Review. Available online: http://www.lse.ac.uk/my-privacy-uk (accessed on 8 January 2024).

77. Martinez-Martin, N.; Insel, T.R.; Dagum, P.; Greely, H.T.; Cho, M.K. Data Mining for Health: Staking out the Ethical Territory of
Digital Phenotyping. npj Digit. Med. 2018, 1, 68. [CrossRef] [PubMed]

78. How Oura Protects Your Data. Available online: https://support.ouraring.com/hc/en-us/articles/360025586673-How-Oura-
Protects-Your-Data (accessed on 30 November 2023).

79. Kröger, J. Unexpected Inferences from Sensor Data: A Hidden Privacy Threat in the Internet of Things. In Proceedings of the
Internet of Things. Information Processing in an Increasingly Connected World, Poznan, Poland, 18–19 September 2018; Strous, L.,
Cerf, V.G., Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 147–159.

80. Wearing Down HIPAA: How Wearable Technologies Erode Privacy Protections John T. Katuska—Google Search. Avail-
able online: https://www.google.com/search?q=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+
Protections+John+T.+Katuska&oq=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+
John+T.+Katuska&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIHCAEQIRiPAjIHCAIQIRiPAtIBBzI3MWowajeoAgCwAgA&
sourceid=chrome&ie=UTF-8 (accessed on 30 November 2023).

81. Oncology Center of Excellence; Center for Biologics Evaluation and Research; Center for Devices and Radiological Health; Center
for Drug Evaluation and Research. Digital Health Technologies for Remote Data Acquisition in Clinical Investigations. Available
online: https://www.fda.gov/regulatory-information/search-fda-guidance-documents/digital-health-technologies-remote-
data-acquisition-clinical-investigations (accessed on 30 November 2023).

https://doi.org/10.1111/camh.12348
https://www.ncbi.nlm.nih.gov/pubmed/32677348
https://doi.org/10.1007/s001270050189
https://www.ncbi.nlm.nih.gov/pubmed/10703276
https://doi.org/10.1016/j.childyouth.2011.07.011
https://www.ncbi.nlm.nih.gov/pubmed/22628903
https://doi.org/10.1007/s00787-008-0710-z
https://www.ncbi.nlm.nih.gov/pubmed/19129966
https://doi.org/10.1097/00004583-199707000-00011
https://www.ncbi.nlm.nih.gov/pubmed/9204667
https://doi.org/10.1111/j.1469-7610.1986.tb02329.x
https://www.ncbi.nlm.nih.gov/pubmed/3958075
https://doi.org/10.1007/s10578-018-0854-0
https://www.ncbi.nlm.nih.gov/pubmed/30460424
https://doi.org/10.1037/1541-1559.5.2.126
https://doi.org/10.1007/s00787-005-0518-z
https://www.ncbi.nlm.nih.gov/pubmed/16424962
https://doi.org/10.1111/j.1469-7610.2011.02446.x
https://www.ncbi.nlm.nih.gov/pubmed/21815892
https://doi.org/10.1097/00004583-200109000-00018
https://www.ncbi.nlm.nih.gov/pubmed/11556633
https://doi.org/10.1037/pas0000033
https://www.ncbi.nlm.nih.gov/pubmed/25330108
https://doi.org/10.1177/20552076211001215
https://www.ncbi.nlm.nih.gov/pubmed/33868703
https://doi.org/10.3390/app10175946
https://doi.org/10.1177/17456916221134490
https://www.ncbi.nlm.nih.gov/pubmed/36490369
https://doi.org/10.1109/EMBC44109.2020.9176506
https://doi.org/10.1097/HRP.0000000000000310
https://www.ncbi.nlm.nih.gov/pubmed/34313626
https://code-medical-ethics.ama-assn.org/ethics-opinions/confidential-health-care-minors
https://code-medical-ethics.ama-assn.org/ethics-opinions/confidential-health-care-minors
http://www.lse.ac.uk/my-privacy-uk
https://doi.org/10.1038/s41746-018-0075-8
https://www.ncbi.nlm.nih.gov/pubmed/31211249
https://support.ouraring.com/hc/en-us/articles/360025586673-How-Oura-Protects-Your-Data
https://support.ouraring.com/hc/en-us/articles/360025586673-How-Oura-Protects-Your-Data
https://www.google.com/search?q=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&oq=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIHCAEQIRiPAjIHCAIQIRiPAtIBBzI3MWowajeoAgCwAgA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&oq=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIHCAEQIRiPAjIHCAIQIRiPAtIBBzI3MWowajeoAgCwAgA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&oq=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIHCAEQIRiPAjIHCAIQIRiPAtIBBzI3MWowajeoAgCwAgA&sourceid=chrome&ie=UTF-8
https://www.google.com/search?q=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&oq=Wearing+Down+HIPAA:+How+Wearable+Technologies+Erode+Privacy+Protections+John+T.+Katuska&gs_lcrp=EgZjaHJvbWUyBggAEEUYOTIHCAEQIRiPAjIHCAIQIRiPAtIBBzI3MWowajeoAgCwAgA&sourceid=chrome&ie=UTF-8
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/digital-health-technologies-remote-data-acquisition-clinical-investigations
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/digital-health-technologies-remote-data-acquisition-clinical-investigations


Sensors 2024, 24, 3214 13 of 13

82. Center for Devices and Radiological Health. Deciding When to Submit a 510(k) for a Software Change to an Existing Device.
Available online: https://www.fda.gov/regulatory-information/search-fda-guidance-documents/deciding-when-submit-51
0k-software-change-existing-device (accessed on 30 November 2023).

83. Ayers, J.W.; Poliak, A.; Dredze, M.; Leas, E.C.; Zhu, Z.; Kelley, J.B.; Faix, D.J.; Goodman, A.M.; Longhurst, C.A.; Hogarth, M.; et al.
Comparing Physician and Artificial Intelligence Chatbot Responses to Patient Questions Posted to a Public Social Media Forum.
JAMA Intern. Med. 2023, 183, 589–596. [CrossRef] [PubMed]

84. Tully, L.A.; Hunt, C. Brief Parenting Interventions for Children at Risk of Externalizing Behavior Problems: A Systematic Review.
J. Child. Fam. Stud. 2016, 25, 705–719. [CrossRef]

85. Costantini, I.; López-López, J.A.; Caldwell, D.; Campbell, A.; Hadjipanayi, V.; Cantrell, S.J.; Thomas, T.; Badmann, N.; Paul,
E.; James, D.M.; et al. Early Parenting Interventions to Prevent Internalising Problems in Children and Adolescents: A Global
Systematic Review and Network Meta-Analysis. BMJ Ment. Health 2023, 26, e300811. [CrossRef] [PubMed]

86. Montgomery, P.; Maunders, K. The Effectiveness of Creative Bibliotherapy for Internalizing, Externalizing, and Prosocial
Behaviors in Children: A Systematic Review. Child. Youth Serv. Rev. 2015, 55, 37–47. [CrossRef]

87. Rapee, R.M.; Abbott, M.J.; Lyneham, H.J. Bibliotherapy for Children with Anxiety Disorders Using Written Materials for Parents:
A Randomized Controlled Trial. J. Consult. Clin. Psychol. 2006, 74, 436–444. [CrossRef] [PubMed]

88. March, S.; Spence, S.H.; Donovan, C.L. The Efficacy of an Internet-Based Cognitive-Behavioral Therapy Intervention for Child
Anxiety Disorders. J. Pediatr. Psychol. 2009, 34, 474–487. [CrossRef] [PubMed]

89. Fox, S.E.; Levitt, P.; Nelson, C.A. How the Timing and Quality of Early Experiences Influence the Development of Brain
Architecture. Child. Dev. 2010, 81, 28–40. [CrossRef] [PubMed]

90. Poston, J.M.; Hanson, W.E. Meta-Analysis of Psychological Assessment as a Therapeutic Intervention. Psychol. Assess. 2010, 22,
203–212. [CrossRef] [PubMed]

91. Home. Available online: https://vitalconnect.com/ (accessed on 30 November 2023).
92. Wies, B.; Landers, C.; Ienca, M. Digital Mental Health for Young People: A Scoping Review of Ethical Promises and Challenges.

Front. Digit. Health 2021, 3, 697072. [CrossRef] [PubMed]
93. Petta, L.M. Resonance Frequency Breathing Biofeedback to Reduce Symptoms of Subthreshold PTSD with an Air Force Special

Tactics Operator: A Case Study. Appl. Psychophysiol. Biofeedback 2017, 42, 139–146. [CrossRef] [PubMed]
94. Kretzschmar, K.; Tyroll, H.; Pavarini, G.; Manzini, A.; Singh, I. Can Your Phone Be Your Therapist? Young People’s Ethical

Perspectives on the Use of Fully Automated Conversational Agents (Chatbots) in Mental Health Support. Biomed. Inf. Insights
2019, 11, 1178222619829083. [CrossRef] [PubMed]

95. Comas-Díaz, L. Latino Healing: The Integration of Ethnic Psychology into Psychotherapy. Psychother. Theory Res. Pract. Train.
2006, 43, 436–453. [CrossRef] [PubMed]

96. Myers, L.J.; Young, A.; Obasi, E.; Speight, S.L. Recommendations for the Treatment of African Descent Populations. Psychol. Treat.
Ethn. Minor. Popul. 2003, 13–18.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://www.fda.gov/regulatory-information/search-fda-guidance-documents/deciding-when-submit-510k-software-change-existing-device
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/deciding-when-submit-510k-software-change-existing-device
https://doi.org/10.1001/jamainternmed.2023.1838
https://www.ncbi.nlm.nih.gov/pubmed/37115527
https://doi.org/10.1007/s10826-015-0284-6
https://doi.org/10.1136/bmjment-2023-300811
https://www.ncbi.nlm.nih.gov/pubmed/37907332
https://doi.org/10.1016/j.childyouth.2015.05.010
https://doi.org/10.1037/0022-006X.74.3.436
https://www.ncbi.nlm.nih.gov/pubmed/16822101
https://doi.org/10.1093/jpepsy/jsn099
https://www.ncbi.nlm.nih.gov/pubmed/18794187
https://doi.org/10.1111/j.1467-8624.2009.01380.x
https://www.ncbi.nlm.nih.gov/pubmed/20331653
https://doi.org/10.1037/a0018679
https://www.ncbi.nlm.nih.gov/pubmed/20528048
https://vitalconnect.com/
https://doi.org/10.3389/fdgth.2021.697072
https://www.ncbi.nlm.nih.gov/pubmed/34713173
https://doi.org/10.1007/s10484-017-9356-2
https://www.ncbi.nlm.nih.gov/pubmed/28321592
https://doi.org/10.1177/1178222619829083
https://www.ncbi.nlm.nih.gov/pubmed/30858710
https://doi.org/10.1037/0033-3204.43.4.436
https://www.ncbi.nlm.nih.gov/pubmed/22122135

	Introduction 
	Accuracy and Bias 
	Privacy 
	Accessibility and Implementation 
	Limitations 
	Conclusions 
	References

