
	 124	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 22 No. 6 (2026)

iJOE  |  eISSN: 2626-8493  |  Vol. 22 No. 6 (2026)  | 

JOE International Journal of 

Online and Biomedical Engineering

Balakrishnan, K. V., Parmar, G. (2026). Explainable Deep Learning Models for Individualized Mental Health Risk Assessment Using Wearable and 
Smartphone Sensing. International Journal of Online and Biomedical Engineering (iJOE), 22(6), pp. 124–138. https://doi.org/10.3991/ijoe.v22i06.61567

Article submitted 2026-03-16. Revision uploaded 2026-04-07. Final acceptance 2026-04-07.

© 2026 by the authors of this article. Published under CC-BY.

Online-Journals.org

SPECIAL FOCUS PAPER

Explainable Deep Learning Models for Individualized 
Mental Health Risk Assessment Using Wearable 
and Smartphone Sensing

ABSTRACT
Background: Mental health disorders represent a major global public health concern, cre-
ating a critical need for early detection and personalized intervention strategies. Advances 
in wearable devices and smartphone sensing enable continuous and unobtrusive monitor-
ing of behavioral and physiological patterns, while deep learning offers powerful tools for 
analyzing such high-dimensional data. However, the limited interpretability of many deep 
learning models restricts their clinical adoption. Methods: The study presents a systematic 
literature review of explainable deep learning models for individualized mental health risk 
assessment using wearable and smartphone sensing data. A comprehensive search was 
conducted across IEEE Xplore, PubMed, Google Scholar, and the Directory of Open Access 
Journals (DOAJ). Studies were screened using predefined inclusion and exclusion crite-
ria, resulting in the selection of 25 relevant articles for qualitative synthesis. Results: The 
reviewed studies demonstrate a clear shift toward multimodal sensing and advanced deep 
learning architectures, including attention-based and temporal models, to capture complex 
behavioral dynamics. Despite strong predictive performance, explainability techniques were 
inconsistently applied across studies. Challenges related to data quality, validation prac-
tices, generalizability, and real-world deployment were frequently identified. Conclusion: 
The findings highlight the importance of integrating explainability into deep learning-based 
mental health assessment systems to enhance trust, clinical relevance, and regulatory com-
pliance. This review provides a structured synthesis of current approaches and outlines key 
research directions for developing transparent, reliable, and clinically meaningful mental 
health assessment frameworks.

KEYWORDS
mental health risk assessment, wearable sensing, smartphone sensing, deep learning, 
explainable artificial intelligence

Krisna Veni Balakrishnan1  ,  
Geetika Parmar2   ()

1Rushford Business School, 
Lucerne, Switzerland

2Dr. Vishwanath Karad MIT 
World Peace University, 
Pune, India

geetika.parmar@mitwpu. 
edu.in

https://doi.org/10.3991/ijoe.v22i06.61567

https://online-journals.org/index.php/i-joe
https://online-journals.org/index.php/i-joe
https://doi.org/10.3991/ijoe.v22i06.61567
https://online-journals.org/
https://online-journals.org/
https://orcid.org/0009-0005-0659-2814
https://orcid.org/0000-0003-0640-1609
mailto:geetika.parmar@mitwpu.edu.in
mailto:geetika.parmar@mitwpu.edu.in
https://doi.org/10.3991/ijoe.v22i06.61567


iJOE | Vol. 22 No. 6 (2026)	 International Journal of Online and Biomedical Engineering (iJOE)	 125

Explainable Deep Learning Models for Individualized Mental Health Risk Assessment Using Wearable and Smartphone Sensing

1	 INTRODUCTION

Mental illnesses represent an important global health concern that affects hun-
dreds of millions of people, resulting in substantial impairment, low quality of life, 
and socioeconomic cost. Estimates by the World Health Organization indicate that 
depression and other mental illnesses are some of the top causes of years lived with 
disability and that there is a dire need to come up with adequate preventive mea-
sures, monitoring, and early intervention strategies [1]. Psychological methods of 
mental health assessment are mostly based on self-reported questionnaires and 
infrequent clinical assessments, and they are prone to recall bias, subjectivity, and 
problems with time resolution. As a result of new developments in mobile and sens-
ing technologies, human behavior may now be monitored in real-time and without 
being obtrusive in real-life contexts. Nowadays, the idea of digital phenotyping has 
become a potentially successful paradigm of capturing moment-to-moment behav-
ioral and psychological patterns based on the data gathered through smartphones 
and wearable devices [2]. Such technologies can offer deep movements of sensor 
data on mobility, physical activity, sleep, social interaction, and device use and new 
prospects of a personalized mental health risk evaluation and personalized care [3]. 
These streams of data enable longitudinal and real-time study of the behavioral pat-
terns and enable observing mental health changes in a more naturalistic setting and 
not just during a single clinical appointment. Its level of importance is quite high in 
identifying nuanced risk indicators, in helping to generate individualized action, 
and in predictive analytics of individualized mental health examinations.

An increasing amount of literature has investigated how wearable and smart-
phone-based sensing data can be used to identify and forecast mental health states. 
The initial research revealed that passive data collected by mobile phone sensors, 
including location logs and activity intensity, have a strong correlation with the 
severity of depressive symptoms [4]. Sub-research also indicated that passive sens-
ing over smartphones can be applied to anticipate moment-to-moment changes of 
depressed mood in individuals with clinical symptoms of significance [5]. Systematic 
reviews have validated the practicability and potential of smartphone-based pas-
sive sensing strategies for monitoring the state of health and well-being, as well as 
mental health outcomes [6].

Simultaneously, machine learning and deep learning methods have been used 
with growing opportunities to analyze high-dimensional and multimodal sens-
ing data to determine mental health risk. Surveys of machine learning applica-
tions in mental health have already pointed to the utility of sophisticated models 
in enhancing the quality of prediction as compared to the conventional statistical 
techniques [7]. The concept of data-driven models is also being applied in the new 
area of computational psychiatry to learn more about mental disorders and aid in 
clinical decision-making [8]. The most recent works have proven the effective imple-
mentation of machine learning models trained on mobile phone usage metadata 
to screen depression, which once again confirms the importance of mobile sensing 
in mental health assessment [9]. In the reviewed literature, explainability emerged 
as a fundamental requirement for deploying deep learning models in high-stakes 
application domains such as mental health assessment. Foundational work empha-
sized the need for a rigorous and well-defined scientific framework for interpretable 
machine learning to ensure reliability and trust in such contexts [10]. To support safe 
and reliable use in healthcare, interpretable machine learning must be grounded in 
well-defined and rigorous scientific principles. Several studies highlight the impor-
tance of an adequate scientific basis of interpretable machine learning, especially 
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in high-stakes healthcare settings. This is acutely needed, especially in the area of 
mental health assessment, where the decisions arrived at may have significant 
clinical and ethical ramifications and where transparency and trust are needed to 
replicate the same in real life.

Although the investigation of wearable sensing, deep learning, and explainability 
has been done independently in most studies, few systematic reviews will be done 
that will synthesize explainable deep learning models of personalized mental health 
risk assessment using wearable and smartphone-generated data. This gap has moti-
vated the present systematic literature review, which aims to explore the existing 
practices, identify key trends and gaps, and also indicate where future research 
should head in this highly emerging field. Particularly, several aspects that are 
focused on in this paper include the nature of the sensing modalities employed, the 
deep learning architecture employed, and the explainability employed to strengthen 
interpretability and trust. Moreover, it speaks about the methodological problems 
that are related to the quality of data and model validation and clinical applica-
bility. The purpose of this review is to inform the scientists and the practitioners 
and enable the development of clear, dependable, and clinically significant sys-
tems of mental health assessment through the provision of a critical and systematic 
synthesis of the literature.

1.1	 Objectives of the study

•	 To systematically review and categorize explainable deep learning models used 
for individualized mental health risk assessment based on wearable and smart-
phone sensing data.

•	 To identify commonly used sensing modalities, deep learning architectures, and 
explainability techniques reported in the existing literature.

•	 To analyze current limitations, challenges, and research gaps to inform 
future development of transparent and clinically applicable mental health 
assessment systems.

2	 MATERIALS AND METHODS

2.1	 Data sources and search strategy

The literature search was performed in online databases such as IEEE Xplore, 
PubMed, Google Scholar, and the Directory of Open Access Journals (DOAJ) that con-
tain a massive repository of peer-reviewed journals and conference proceedings in 
the domains of artificial intelligence, biomedical engineering, mobile health, and 
mental health. The choice of search terms was a difficult task, as the range of terms 
to describe mental health issues, sensing technologies, and explainable artificial 
intelligence methods is wide.

The original query, which was mental health AND deep learning, brought up a 
small set of relevant results, many of which have not deployed sensing technologies 
or addressed the aspects of explainability. To achieve more in-depth and applica-
ble results, the search strategy was narrowed down to incorporate a combination 
of terms associated with mental health disorders, wearable and smartphone-based 
sensing, deep learning models, and explainability. The last search query was based 
on the following terms: mental health AND wearable AND smartphone AND deep 
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learning AND explainable. It included the research papers that used sensor-based 
data gathered by using mobile phones and implemented explainable deep 
learning algorithms to assess the mental health risk. A search was performed in the 
titles, and abstracts and by keywords, and only the studies published in English and 
available as full-text articles were included.

2.2	 Selection criteria for studies

The inclusion and exclusion criteria were formulated based on the area of study 
that the studies listed in the results section cover, as summarized in Table 1. The 
review was restricted to the studies employing wearable or smartphone sensing 
data to determine mental health and using deep learning models with consider-
ation of explainability, validation, and clinical relevance. Papers that did not include 
sensing-based data, deep learning procedures, and interpretability were not included.

Table 1. Selection criteria for studies

Inclusion Criteria Exclusion Criteria

Publications written in English Editorials, commentaries, or opinion-only articles

Any year of publication Studies lacking wearable or smartphone-based 
sensing data

Journal articles, conference papers, 
and book chapters

Studies not employing deep learning models

Focus on mental health risk assessment 
or monitoring

Works focusing only on general well-being without 
risk assessment

Use of wearable devices and/or smartphone sensing Studies using sensing data without mental 
health relevance

Application of deep learning techniques Traditional machine learning without 
deep learning architectures

Consideration of explainability, interpretability, 
validation, or clinical relevance

Absence of explainability or interpretability 
considerations

Relevance to real-world, longitudinal, 
or applied settings

Purely theoretical AI studies without a healthcare 
application

Source: Compiled by authors.

2.3	 Study selection process

Figure 1 illustrates the procedure for selecting the papers. Those records that did 
not match the objectives of this review were filtered out. Records were based on the 
titles and abstracts of the articles with the help of the predefined selection criteria. The 
complete articles of the rest of the studies were then evaluated thoroughly in order 
to ascertain their applicability to explainable deep learning-based mental health risk 
assessment using wearable and smartphone sensing data. At this step, studies in 
which sensing modalities were not adequately covered, deep learning approaches, 
or explainability were not covered were filtered out. Finally, a conclusive number 
of studies were identified that qualitatively fit all the inclusion criteria and were 
qualified to be included in this systematic literature review’s qualitative synthesis.
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Fig. 1. PRISMA flow diagram illustrating the study identification, screening, eligibility, 
and inclusion process for the systematic review

Source: Compiled by authors.

3	 RESULTS

3.1	 Explainability foundations in mental health modeling

Early studies on model-agnostic explanation techniques demonstrated that pro-
viding interpretable explanations for classifier predictions can substantially improve 
user understanding and trust in model outputs [11]. Later developments added sin-
gle set frameworks of attributing feature significance in complex models, allowing 
a similar perspective of feature significance across learning structures [12]. A study 
of the medical field further pushed the point that explainable AI systems need to be 
domain-specific in both clinical relevance, usability, and transparency to be deemed 
practically relevant [13]. Clinically, the research has emphasized the need to have 
context-sensitive and process-oriented explanations in accordance with clinician 
decision-making patterns to adopt in the real health care facilities [14]. Additionally, 
larger scopes of artificial intelligence in medicine have determined interpretabil-
ity as a major determinant of clinical impact, as well as workflow integration and 
accountability issues [15]. Meanwhile, the idea of interpretability has been discussed 
critically to emphasize how the concept has not yet achieved a universal definition, 
and it is necessary to conduct a systematic assessment and synthesis of explainable 
methods [16]. The insights give a fundamental conceptual basis to the analysis of the 
explainable deep learning models.

3.2	 Overview of selected studies

The literature demonstrates the evolutionary movement of traditional machine 
learning to modern deep learning and explainable models in the field of mental 
assessment. Some of the initial investigations showed that mobile phone usage 
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metadata could be used to accurately screen and detect depression, indicating that 
passive behavioral information can be used for prediction outside of a clinical envi-
ronment [17]. Additional investigations aimed at longitudinal follow-up have shown 
that continuous sensing makes it possible to identify developing mental health risks, 
in contrast to a single-point measure [18]. On the whole, these tendencies indicate 
the movement toward active, individual assessment and personalized interven-
tion strategies. Table 2 demonstrates the summary of a representative of the stud-
ies incorporated in the study of this systematic literature review, summarizing the 
presence of the targeted mental health conditions, data sources, sample sizes, and 
study designs.

Table 2. Summary of included studies

Thematic  
Category Scope of Studies Reference IDs  

(each used once)
Number  

of Studies

Explainability foundations Core interpretability/XAI concepts 
for high-stakes ML

[11]–[16] 6

Smartphone-based mental 
health sensing

Smartphone sensing + passive data 
for mental health assessment

[17], [18], [25], [28] 4

Wearable-based mental 
health sensing

Wearable sensor data for mental 
health/stress monitoring

[19], [22], [26] 3

Multimodal sensing 
approaches

Combined wearable + smartphone  
sensing

[20], [24] 2

Deep learning surveys 
and reviews

Reviews/surveys/human-centered 
perspectives in sensing + DL

[21], [23], [27], [29] 4

Clinical validation 
and evaluation studies

Validation, generalizability, metrics, 
and reporting guidelines

[31]–[35] 5

Related clinical AI reference Closely related clinical DL study 
(supporting evidence)

[30] 1

TOTAL (unique included studies) Final studies are synthesized in Results [11]–[35] 25

Source: Compiled by authors.

3.3	 Sensing modalities and data sources

In the studies reviewed, sensing modalities became more complex and integrated 
streams of data than single-source data. The first methods were mainly based on 
sensor data related to activities to identify depressive conditions, and it was proven 
that motion patterns can be used as significant predictors of mental health only [19]. 
More modern studies have implemented multimodal sensing approaches integrat-
ing heterogeneous sensor measurements and highly developed encoding methods 
to more effectively represent the complexity of mental well-being in its daily aspects 
of life [20]. Passive sensing systematic reviews have also emphasized the fact that 
multimodal data integration is superior in robustness and contextual awareness to 
unimodal sensing [21]. These findings indicate that multi-dimensional sensing plans 
are becoming more popular to embrace the complexity of mental health. Table 3 is 
the summary of sensing modalities and types of data used in the reviewed studies, 
differentiating wearable-based sensors and smartphone-based sensors. It shows the 
continuum of behavioral and physiological indicators of mental health assessment 
and displays the relative frequency of each modality of sensing.
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Table 3. Sensing modalities and data types used

Sensor Type Device Type Data  
Category

Example  
Features

Representative 
Studies (IEEE Ref. IDs)

Accelerometer Smartphone/ 
Wearable

Activity Steps, movement intensity [19], [25]

GPS Smartphone Mobility Location variance, travel  
distance

[17], [18]

Heart rate  
sensor

Wearable Physiological Heart rate, heart rate 
variability (HRV)

[22], [26]

Sleep sensor Wearable Behavioral Sleep duration, sleep efficiency [20], [24]

App usage logs Smartphone Behavioral App frequency, screen time [17], [28]

Communication  
logs

Smartphone Social Call and SMS frequency [18]

Source: Compiled by authors.

3.4	 Deep learning models for mental health assessment

It is observed in the reviewed literature that a shift is approaching deep learning 
models that can absorb temporal and nonlinear relationships between sensing data. 
Attention-based architectures provide an improvement to feature fusion of wear-
able sensors by prioritizing informative signals to assess mental well-being [22]. 
Deep learning surveys of stress detection methods assert that these kinds of mod-
els perform better than conventional ones when they are used to analyze complex 
physiological and behavioral data [23]. Studies also suggest that deep learning has 
since emerged as the leading methodology in the field of mental health monitoring 
with wearable and smartphone data, owing to its capacity to acquire representations 
directly out of raw data [24]. Although these models can scale and adapt to assess-
ment, interpretability, cost of computation, and implementations are still a challenge. 
There is a need to balance the complexity and transparency of models to apply them 
in clinical practices. The deep learning architectures and explainability methods uti-
lized in the reviewed studies are summarized in Table 4. It indicates the way various 
modeling and interpretability strategies are implemented in mental health applica-
tions to strike a balance between predictive performance and model transparency.

Table 4. Deep learning models and explainability techniques

Deep Learning  
Model

Explainability  
Technique

Application  
Area

Key  
Outcome

Representative 
Studies 

(IEEE Ref. IDs)

CNN Feature importance  
analysis

Depression  
detection

Improved spatial 
feature learning

[17]

LSTM Attention weights Mood prediction Captured temporal 
dependencies

[18]

Attention-based  
model

Attention 
visualization

Mental well-
being assessment

Enhanced interpretability [22]

Hybrid  
CNN–LSTM

SHAP Stress detection Balanced accuracy 
and transparency

[26]

Deep autoencoder Latent feature  
analysis

Mental health  
screening

Reduced dimensionality [28]

Source: Compiled by authors.
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3.5	 Longitudinal monitoring and explainability

Some of the studies had gone further in terms of model performance to con-
sider real-world practicability and disclosures. The practicality of passive sensing 
methods was supported by field-based pilot studies that showed that mobile sens-
ing systems could be implemented in normal environments to support depressed 
individuals [25]. More recent literature proposed explainable deep learning models 
to overcome issues of transparency and trust, especially in tasks of detecting stress 
using wearable sensors [26]. Reviews of artificial intelligence in mental health also 
highlighted the importance of explainability to clinical acceptability, adherence to 
ethics, and meaningful human-AI interaction [27]. A combination of these findings 
highlights the increasing awareness of the importance of interpretability along with 
predictive accuracy in mental health applications. Practically, predictive models may 
be utilized to assist clinicians in comprehending the contributors to risk forecasts. 
This knowledge aids in making informed decisions and in seamless integration into 
the current clinical practice.

Fig. 2. Role of explainability across the mental health assessment pipeline
Source: Compiled by authors (Synthesized based on concepts from wearable and smartphone sensing, 
deep learning architectures, and explainable AI frameworks reported in the reviewed literature).

Figure 2 shows the end-to-end process of longitudinal monitoring of mental 
health with wearable and smartphone sensing alongside explainable deep learning. 
The collected behavioral and physiological data on mobile and wearable sensors are 
interpreted in the form of continuous longitudinal data collection. The clinical deci-
sion support and user feedback are the final step in the workflow, which focuses on 
transparency, interpretability, and real-life implementation.

3.6	 Human-centered perspectives and emerging gaps

The issues of human-centered design have been increasingly involved in the 
research of mental health sensing systems. Explainable behavior modeling based 
on smartphones has been suggested to improve user knowledge and confidence 
in automated mental health detection models [28]. Further conversations about 
human-centered artificial intelligence place greater significance on the need to align 
the explanations of models with user requirements, expectations of privacy, and 
real-world limitations, especially in mobile health settings [29]. Although deep learn-
ing models have delivered very good predictive accuracy in related fields in the 
medical world, like the diagnosis of neurological diseases, it is difficult to translate 
these models into clinically actionable, transparent, and interpretable mental health 
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systems [30]. The literature on the topic reveals that there are still many gaps regard-
ing explainability, generalizability, and the possibility of a smooth clinical integration. 
The communication and contextualization of explanations affect user engagement 
and acceptance in a strong manner. More intuitive user-clinician and intelligent 
system interactions can be enabled through human-centered approaches. Feedback 
mechanisms can also enhance customization and its flexibility. Nonetheless, there is 
no guarantee that designing explanations with accurate and interpretable capabili-
ties is an easy task. These are some of the issues that should be addressed to ensure 
the successful implementation of explainable mental health technologies in every-
day clinical practice.

Fig. 3. Human-centered factors influencing explainable mental health systems
Source: Compiled by authors (Synthesized based on concepts from wearable and smartphone sensing, 
deep learning architectures, and explainable AI frameworks reported in the reviewed literature)

Figure 3 shows a human-oriented, explainable deep learning-based mental 
health assessment system. It emphasizes the importance of explainability in bridg-
ing the gap between the technical outputs and the clinical and user requirements. 
On the whole, the figure illustrates that explainable systems make it possible to con-
duct ethical, trustworthy, and clinically integrated mental health assessments.

3.7	 Evaluation metrics and validation strategies

In the studies reviewed, various metrics of evaluation and validation strategies 
were employed in evaluating the performance and reliability of deep learning mod-
els in mental health assessment. The majority of studies included standard measures 
of classification, such as accuracy, precision, recall, F1-score, and area under the 
receiver operating characteristic curve, which indicate that predictive performance 
was of high priority. However, there was marked variation in procedures of valida-
tion, particularly in how models have been tested through dissimilar populations, 
sensing circumstances, and deployment situations. Issues regarding the clinical val-
idation and the applicability in the real world were often pointed out, and it was 
noted that systematic and context-specific validation is necessary within AI systems 
in healthcare [31]. There were widespread concerns with the generalizability of 
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models, particularly when these models were trained on small-scale or homogeneous 
data. Mathematical experiments have to demonstrate that methodological biases, 
including data leakage, unreasonable validation splits, and population bias, may 
result in overstated performance estimates, which decrease real-life reliability [32]. 
Also, due to the pervasive nature of class imbalance in mental health data, research-
ers have focused on more reasonable metrics of evaluation since accuracy, in these 
cases, can be deceiving [33]. Longitudinal and time-series sensing data make vali-
dation more challenging as they inherit the problem of temporal dependencies and 
missing data, and evaluate potential data generation and augmentation methods 
to make data more robust [34]. Lastly, multidisciplinary guidelines also focus on 
open reporting of the evaluation protocols to enable reproducibility and clinical 
confidence [35].

4	 DISCUSSION

According to the results, explainable deep learning models, together with wear-
able and smartphone sensing data, represent a promising avenue to machine- 
individualized mental health risk assessment. In the papers under consideration, 
the learning toward more sophisticated approaches that use multimodal data and 
time series is evident, instead of the focus on the feasibility of the studies. Yet, with 
all these technical advances, most of the systems are weak in converting predictions 
into clinically meaningful activities. This implies that future studies must focus not 
only on how to increase prediction accuracy but also on how to produce useful 
insights and a decision support system to make sensing-based mental health appli-
cations more useful in real-world settings.

Furthermore, the results indicate that model performance is not enough to iden-
tify real values of the work without the evaluation of the usability and interpreta-
tion. Explainability integration will help the stakeholders to know more about the 
behavioral drivers of risk predictions. This kind of knowledge is especially crucial 
for building trust between clinicians and users. Moreover, the noisy outputs can 
assist with the individual intervention planning as opposed to generic risk typifica-
tion. All these points bring up the necessity of the future mental health assessment 
systems being evaluated in an outcome-oriented manner.

Normative and regulatory considerations turned out to be an important factor 
that determines the practical implementation of AI-based mental health assessment 
systems. The ongoing gathering and observation of delicate behavioral and physi-
ological information brings up significant issues associated with privacy, consent, 
responsibility, and disclosure. The global recommendations regarding artificial 
intelligence in health highlight that the use of such systems must be explainable and 
under human control to maintain ethical and credible use of these systems [36]. The 
ethics also stipulate that transparency is not to be kept as an abstract concept but 
rather operationalized in the system design and assessment procedures [37]. The 
regulatory views on medical software based on artificial intelligence and machine 
learning also support the significance of validation, risk management, and lifecy-
cle monitoring and highlight the importance of regulatory-conscious development 
of explainable mental health technologies [38]. The results reveal that explainabil-
ity can be used as a balance between technical innovation and regulatory accep-
tance. Explicit explanation mechanisms may promote system lifecycle auditability 
and accountability. Furthermore, regulatory principles, when incorporated at an 
initial stage of development, can potentially lower obstacles to clinical adoption. 
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This highlights the need to have interdisciplinary cooperation among the developers, 
clinicians, and policy stakeholders.

The social support networks are also seen as a key supplement to the technology- 
based mental health assessment. Digital mental health tools have a greater effect 
with the help of a human support service, including clinician involvement, caregiver 
feedback, or peer-based support, especially with diverse and resource-restrained 
situations [39]. The results of this review indicate that wearable and smartphone 
sensing systems can enhance social support through the developed systems that 
allow timely interventions and informed communication. Social context and sup-
port structures have, however, not been well integrated into explainable deep learn-
ing models. The solution to this gap can lead to improved trust, user engagement, 
and the overall success of mental health assessment systems, promoting a shift from 
passive monitoring to action-oriented and supportive care models [40]. The findings 
also show that explainability may be instrumental in the process of communica-
tion in social support networks. Explainable outputs can be used to offer clinicians 
and caregivers a better perspective on fluctuations in mental health status. It can 
facilitate faster and more suitable responses to support [41–43]. Also, explanations 
that are provided to the users can enable individuals to have more active roles in 
their mental health management. The introduction of social context in model design 
holds good potential for future research.

5	 CONCLUSION

The above papers discussed explainable deep learning models that can assess 
individual mental health risks based on wearable and smartphone sensing data. The 
review outlines increasing opportunities of mobile and wearable technologies to 
assist in continuous and real-world monitoring of mental health because it records 
behavioral and physiological indicators of daily life activities. The results show that 
there is a progression in the early feasibility tests to more sophisticated deep learn-
ing methods, which can capture the dynamics over time and combine multimodal 
sensing data to provide more personalized and proactive mental health measure-
ments. The findings show that deep learning models, especially those that include 
attention patterns and multimodal feature integration, are now the most commonly 
used tools of analysis in the field because of their ability to process high-dimensional 
and complex data. Nevertheless, the lack of integration of explainability, regard-
less of better predictive performance, is still a major obstacle to clinical usage. The 
review supports the fact that interpretability, transparency, and usability are essen-
tial in establishing trust between the clinicians, the user, and other stakeholders, 
and usability in achieving meaningful implementation in the actual mental health 
care setting. Besides, the findings confirm the assumption that aligning technical 
progress with the level of regulation and ethics is essential, and it is of particular 
importance in the case of mental health information, which is particularly deli-
cate. The social support networks were another critical but less studied element 
that explained why explainable AI with the support systems based on people could 
be more helpful regarding engagement and long-term success. Overall, the review 
provides a structured overview of the current practices, shows the critical gaps in 
the methodology and practice, and the future directions of the research. In order to 
transform technological innovation into ethical, clinically significant mental health 
care, explainable, robust, and socially integrated mental health assessment systems 
will have to be developed.
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