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Abstract: 
Mental disorders are an increasing worldwide problem, and traditional ways of diagnosing mental health are often 
restricted by subjectivity and use of retrospective information. The problem discussed in this paper is the lack of 
accuracy and generalizability of existing mental health prognosis systems. The overall goal is to review the opportunities 
and obstacles of implementing Machine Learning (ML) methods in mental health prediction and treatment 
optimization. The literature-based approach was used, whereby the research reviewed literature published in 2015-
2022 to determine the data, model, implementation, and ethical challenges. Results indicate that challenges related 
to poor data quality, limited diversity, model bias, issues to do with interpretability and absence of real-world validation 
impede successful deployment. Findings reveal that although, ML algorithms such as SVM, random forest, and deep 
learning models have potential, their applicability to clinical practice is limited. The study finds that there is a need 
to have strong, interpretable, and ethically viable ML strategies. The future looks promising now with the use of deep 
learning, multimodal data, transfer learning, and federated learning to deploy scalable, accurate and patient-centred 
mental health solutions. 
Keywords: Electronic Health Records, Federated Learning, Machine Learning, Mental Health, Transfer Learning. 

 

1. INTRODUCTION 
Mental health problems are becoming increasingly pressing around the world and impacting an increasing 
number of people, which is a very great problem for healthcare. Conventional approaches of evaluating 
and diagnosing mental disorders and prognosis include question and answer of the patient, interviews, 
and questionnaires, which are not very accurate and are restricted to past data [1]. Mental disorders are 
identified as a change in emotion, thought, or behaviour, or a combination of these. Panic and difficulty 
in acclimatizing to social, occupational, or kin settings may stem from such circumstances [2]. ML 
approaches can prospect for fresh ways of understanding tendencies of human behavior, as well as risk 
and sign factors linked with mental health, prognosis of the diseases, optimization, and individualization 
of treatment [3]. Using algorithmic ML to predict mental health has three advantages:  it boosts the 
accuracy and timeliness by processing numerous Electronic Health Records, social media activity, 
wearable devices data, in addition to genetic data. This helps in the indication of early onset of mental 
health disorders, thus facilitating early use of accurate interventions aiming at improving the results of 
treatment of persons with mental disorders; thus, decreasing the effects of adverse mental health 
disorders. These strategies should be applied where childhood mental health problems are being 
identified early enough [4]. 
In the work of Cho G, Yim [5], the authors explain which ML algorithms are mostly used in the mental 
health area and provide real examples of their implementation in this sphere. Several ML techniques, 
such as SVM, GBM, Random Forest, K-Nearest Neighbors (KNN), and Naïve Bayes, are used to predict 
mental health.  A classification method based on training data is called supervised learning.  In contrast 
to supervised learning, unsupervised learning does not need previous advice on how to anticipate things 
[6,7]. The objective of this work is to investigate the problems and restrictions that hinder the use of ML 
techniques in this particular sector. Moreover, it will discuss its possible subjects and scopes; also seek to 
discover what remains to be addressed in this area for new research projects. 
 
2. LITERATURE REVIEW 
2.1 Literature Search & Selection 
We re-examined research from 2015 to 2022 in order to concentrate this review on freshly released 
material. This is neither a systematic review nor does it provide a comprehensive list of all published 
research that satisfies these general requirements. To find studies that carried out novel clinical research 
in a field related to machine learning and mental health, we used PubMed and Google Scholar. Studies 
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that discussed possible uses of machine learning or the creation of algorithms or systems that had not yet 
been put to the test in a real-world setting were excluded from our analysis. Additionally, studies on 
mental illnesses (such as depression, anxiety disorders, etc.) were excluded. Diagrammatic representation, 
Figure 1 shows the process of literature Search & Selection, how we have reviewed the existing studies. 

 
Figure 1:  Process of Literature Search & Selection 
 
2.2 Review Objectives 
The primary goal of this research is to comprehensively identify and address the main issues associated 
with the use of machine learning in mental health. Achieving this requires an analysis of the current state 
of the research, involving important challenges such as data quality and accessibility, and ethical 
considerations. In order to enhance the efficiency and acceptability of ML technologies in mental health 
treatment, the review aims to fully understand these barriers and present insights and recommendations 
that can guide future research and implementation work in Figure 2. 

 
Figure 2: Review Objective: Key Challenges 
This research paper adheres to the established framework of a systematic literature review, as depicted in 
Figure 3. Identifying the main obstacles to applying machine learning to mental health entails a number 
of crucial areas, as the graphic illustrates.  Issues with data availability, variety, and quality are examples 
of data-related obstacles that may have a big influence on ML models' performance and generalizability. 
Model-related challenges encompass the difficulties in selecting, training, and validating appropriate 
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models to ensure they are both accurate and robust. Implementation challenges highlight the barriers in 
translating ML models into real-world clinical practice, including integration with existing systems and 
gaining clinician acceptance. Furthermore, ethical and privacy obstacles include worries about data 
privacy, ethical issues, and regulatory compliance. These issues must be resolved in order to preserve 
confidence and guarantee the appropriate use of machine learning technology in mental health treatment. 

 
Figure 3: Existing Reviews in Various Mental Health Problems& ML approaches 
 
2.3 Data-Related Challenges 
There are multiple issues that may occur when using the methodology of ML to predict mental health, in 
particular in regard to data characteristics, e.g. quality, diversity and availability in Figure 4. 
 
 
 
 
 

 

 

 

Figure 4: Data-related challenges 
Data Quality: 
The problems that are associated with the quality of data and preprocessing have been discussed by several 
research article authors. They had concerns of missing data, noise and any form of inconsistency [8][9]. 
A lot of it has to do with the quality of raw data which we are inputting into models.  The latter, a mental 
health predictor, can be collected with the aid of a great variety of resources, including questionnaires, 
electronic health records, and smartphone logs.Appropriate methods to address such kind of errors are 
pre-processing techniques, noise removal, and gap filling by imputation. Such data must be free of any 
biased or misleading results, therefore, there should be accuracy and consistency [8]. Jakobsen et al. (2017) 
provide a detailed account of the MICE method of dealing with missing data and its application to mental 
health. The lack of data in trials lowers statistical power, so it is necessary to carefully analyze and describe 
such limitations.. Preventing missing data is better than a cure and should be practically targeted to 
implement effective prevention strategies in order to have more high-quality trials. It is necessary to treat 
the results obtained from datasets with incomplete values [9]. The authors Smalheiser and Torvik (2008) 
discuss several signal processing methods that can be used to reduce noise within data, like wavelet 
transforms, filtering techniques, among others. Data standardization and normalization are important for 
consistency across a range of mental health studies, including ML, as argued by Bishop (2006). Chu et 
al.'s (2016) study also looks at how automated data cleaning tools are used to detect and resolve 
inconsistencies in large datasets. In Suresh’s paper “A Framework for Understanding Sources of Harm 
throughout the Machine Learning Life Cycle”, Suresh and Guttag (2021) talk about methodological issues 
such as sample size calculations, appropriate statistical tests for various types of medical research papers, 
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addressing confounding factors when comparing different groups; these issues directly affect the validity 
of conclusions drawn from such studies [10]. 
Data Diversity: 
The availability of different data sets is critical to develop models that perform well across groups. 
Generally, this means that mental health issues should cover a range of ages; generations of generations; 
gender and race; and economic status. Without accounting for the fact that there is diversity, one can 
have models that perform poorly for some groups but are poor for others, and therefore of limited 
usefulness and meaning (BioMed Central, Nature). This also shows as clinical issues, behavioral issues, 
environmental factors, etc. The algorithm could be better able to forecast her mental health condition if 
it included a range of data types. A study by Mosteiro P., Kuiper J, Masthoff J., Scheepers F., and Spruit 
M (2020) highlights how machine learning models used in clinical psychiatry can be biased against a 
population. Authors require how they can be trained on data sets that do not represent them, so such 
training sets, when used, lead to inappropriate predictions, especially with small populations. Multiple 
anti-bias strategies, such as using the same data collection methods or standardizing results across research 
projects, are suggested. This paper employs data from university students of 17 institutions in Southeast 
Asia for forecasting psychological well-being and demonstrates the significance of the data set in model 
functioning and its implications for highlighting the general methodology. Research indicates that the 
addition of various information types adds a significant amount of robustness to predictive models of 
psychological well-being. By using health behavior data from large populations, researchers have sought 
to create models that are more valid and generalizable across populations [11]. In that paper, it explores 
the implications of ML algorithms on populations and information obtained through mobile sensing 
technologies. Although longitudinal studies have identified symptoms of mental illness in several 
demographic groups, the research aims to compare data from several longitudinal studies to test the utility 
and validity of models. The findings demonstrate the need to use data sets to construct more accurate 
and cross-sectional predictive models of mental health [12]. ML Strategies for Missing Data (Invisible 
Record): Some assumptions, goals, documentation, and analysis practices, and rationalizations for making 
the missing record visible can be altered with (ML) system New methods complex and holistic and so 
common in other ways that the probability of relatively simple delivery methods, with such populations, 
are shown to be limited to periodic rolls. These unclear pricing algorithms can be applied to the analysis 
of straightforward datasets, such as data-compressible devices; electronic health records (EHRs), records, 
and ergonomic records [13]. While statistical improvement methods can ameliorate the effects of missing 
or incomplete records, unmediated dependency on them can once again lead to models that are less 
amenable to a new, novel record or even a type of record that can be confusing to a reader but can also 
appeal to their confidence. 
Data Availability: 
Another challenge is to obtain the specific and long-term data. Psychological well-being is determined by 
complex interactions of trends over time. Thus, the denseness of data is a prerequisite to the possibility 
of explaining such developments and the creation of useful predictive models. The data access may be 
limited but due to privacy issues, standard data derivation methods, and unavailability of quality data in 
some places [17]. [18]. Combined efforts of research institutions, health care providers and technology 
companies, such as the use of good data collection instruments, good sharing of shared data to ensure 
that the data delivery is confidential, and better proactive measures to address quality issues will 
contribute to improving data quality and availability, ultimately; it is highly effective and equitable 
Complex predictive models. 
2.4  Model-Related Challenges 
The key elements in the prediction of mental health are probably the proper choice of ML models that 
should be created and their proper training.  Many algorithms have different performances on different 
datasets and prediction tasks.  This alternative can cause gigantic transformations in accuracy, 
generalizability and stability of predictions in mental health. The best approach to mental health 
prediction can be determined by a literature review of a variety of ML algorithms and their performance. 
Comparison of ML Algorithms: Shatte et al. compared various ML algorithms for the prediction of 
different mental health conditions, including SVM, DT, and neural networks. In general, the results 
indicated that ensemble methods, mainly RF and GB Machines, performed better in terms of accuracy 
and were more robust than single algorithms [19]. 
Deep Neural Network Models: 
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Study by Choi et al. (2016): In this study, deep learning models were pitted against traditional ML 
approaches in the task of mental health prediction using EHR records. The finding in this study is that 
RNN and CNN are better performers on patterns that identify mental health conditions [20]. 
Hybrid Models and Feature Engineering: 
Lin et al. (2020) have contributed a study on the application of hybrid models in which SVMs are 
combined with deep learning for mental health prediction. So, we're honing in on feature engineering in 
order to increase model performance [21]. It showed that the integration of engineered features into the 
deep learning model improves predictive accuracy. Study by Torous et al. (2018): The current study 
assessed how transfer learning and domain adaptation techniques can aid in improving model 
performance across different mental health datasets [22]. Thus, the findings demonstrated that these 
approaches are able to generalize models to new populations and conditions since they borrow knowledge 
from related tasks. 
Feature Selection and Engineering: 
In our research class, we found that there are a ton of studies out there looking into different methods to 
pick and engineer features into mental health prediction models to increase their accuracy. 
Domain Knowledge-Based Feature Selection: 
Study by Saeb et al. (2016): According to this paper, domain knowledge is needed in feature selection. 
So, based on what we've learned in the clinical expertise labs and in the old studies, we found that sleep 
patterns, social activity, and physical activity are important features that are associated with mental health 
conditions. Saeb S, Zhang M, Kwasny MM, Mohr DC. “Mobile sensor zero correlates of depressive 
symptom severity in daily-life behavior: An exploratory study. Journal of Medical Internet Research. 
2015”. 
Automated Feature Selection Techniques: 
Study by Iniesta et al., 2016: In the study, the researchers explored automated feature selection methods, 
such as mutual information and recursive feature reduction, for selecting the most relevant characteristics 
from big datasets. These methods are useful for reducing the dimensionality of models and optimizing 
performance. 
2.5 Implementation-Related Challenges 
Feature Selection and Engineering:  
The determinants of mental health conditions are exceptionally broad, genetic, environmental, 
psychological, which makes the task of selecting the appropriate features and engineering them a rather 
complicated one. The nature of subjectivity of mental health diagnosis further complicates this, as this 
can bring noise to the data models that will be trained on. The decision to apply which features is 
important, and the decision of what representation to apply can take ages of thought but basically, all you 
need to know is: how did the mental health disorder you are studying come to be [24]. 
Model Interpretability: 
 Predictive model interpretability is a critical dimension of mental health prognosis and in particular in 
the implementation of complex machine-learning systems with latent representations, such as a deep 
neural network, which is often a black box. Although these models may be highly predictive, they tend to 
be opaque, thus, rendering them inappropriate to be adopted in the clinical practice because doctors 
require assurance that the inferences which have been generated using such systems can be understood, 
hence, predictable. As suggested in reference [25], models ought to comply with the interpretability 
requirements, founded on clinical knowledge, which ought to be inseparable in the implementation of 
the same in the real life. Clinicians must be in a position to describe, as well as reason out treatment to 
their patients.  
Generalization and Bias: 
 A big challenge is the generalization of machine-learning models across different populations. However, 
these models are often trained on specific datasets and can become biased to the idiosyncrasies of the 
training data, generating biased predictions when applied to cohorts beyond the intended demographics. 
To make matters worse, cultural and socio-economic preconceptions are inherent in mental-health 
datasets, which the algorithms may learn and reproduce. It is important to acknowledge these biases 
during the development stage to ensure the models have the correct generalizability and therefore serve 
as a basis for effective and equitable mental-health interventions [27]. 
Incorporation into Clinical Practice: It can be a formidable endeavour to incorporate the machine-
learning models in clinical practice.  Indeed, the clinical community often resists and ignores such novel 
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technologies, in large part because they do not understand or have confidence in the internal mechanics 
of the algorithms.  Moreover, infrastructural conditions necessary for the application of these models in 
regular use are often daunting and not universally available. The actual difficulty, though, lies in the 
necessity to keep learning and updating the models as data accrues over time brings new insight: Mental 
health is, by its very nature, a moveable and constantly changing field. The important question therefore 
is, how will it be ensured that these models are smoothly integrated with the existing clinical processes? 
Metrics and Benchmarks: 
 This renders it very difficult to measure the efficacy of the ML applications within the mental health 
sector since these measurements lack standardization. Despite the existence of metrics, including 
accuracy, precision and recall, these metrics are not indicative of the complexity of prognosticating mental 
disorders. The measures also lack the multidimensional nature of psychological outcomes and therefore, 
their validity in predicting mental health cannot be considered valid. Most of the models that exist though 
are validated with short term measures and this begs the question of whether the models are able to show 
long term performance. This time limit confuses our notion of the predictive gains not only being 
evanescent, but also very persistence in the context of the patient continuum. This next stage in the 
development of this immature region, then, is to establish robust gauges of appraisal and standards pegged 
on the novel circumstances of mental-health prognostication. Much later, and only then, will we be in a 
position to quantitatively compare actual effects of new computational interventions against strict domain 
specific benchmarks. 
2.6 Ethical & Privacy Challenges 
Data Quality and Availability: Data quality and availability are two significant issues that will be solved in 
applying machine-learning to mental-health prognosis. Empirical mental health data has been termed as 
small, disproportional (in terms of class), and not representative enough of population variation and thus 
the resulting models tend to be biased and not highly representative. Secondly, it is crippled by the 
growing ethical issues of privacy and confidentiality, which may impede the use of high-quality data in 
sensitive fields, such as mental health. Clinical records, self-report measures, and online social media data 
are most heterogeneous, and therefore, it is inconsistent and unachievable to integrate them into one 
modelling framework. 
 Ethical and Legal Issues:  ML-based methods of prognostication of mental health diseases are never 
discussed without raising profound ethical and legal concerns. There is a particular concern in securing 
informed consent to the use of patient data in the extraction and use of these data in model-training 
protocols, particularly when vulnerable populations are involved. Secondly, there is a possibility that these 
models may reinforce institutionalized biases, and in that regard, they will become a source of 
discriminatory mental healthcare practices. [33]. These requirements compound the anxieties; therefore, 
the agents operating in this field are advised to develop and deploy machine learning tools with high care 
and careful consideration. The requirement is, therefore, to enhance the rights of patients and ensure 
that there is fairness in the execution. 
Patient Engagement and Feedback: Last but not least, patient engagement and feedback are essential 
elements of mental-health interventions, and such introduce special issues when introducing them with 
machine-learning methods. The data available to train models are not always full because patients do not 
always fully report their symptoms or behaviors. The other issue that has existed is the safeguarding of 
patient autonomy through the use of ML in making decisions. Simultaneously, there is an immediate 
need to continue patient interaction through active requesting of sufficient feedback, which can be 
incorporated into the model predictions, and in this way, the depiction of the final tools will be 
functioning as anticipated without violating patient rights [34, 35]. 
2.7 Gaps in the Research 
The researchers would have to specify the challenges and limitations that confront them in learning the 
gaps in the literature of ML approaches in this field. 
Small Sample Size: The majority of the evaluated papers, the authors note, either do not mention a 
sample size or only employ a small sample size in their research.  Accordingly, depending on the 
parameters for the model used in the experiments, certain methods may function with a small sample 
without sacrificing accuracy, even if machine learning can be quite reliable when evaluating huge sample 
sizes. 
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Vabalas et al. observed that small sample sizes are often used in mental health since human subjects are 
expensive to obtain data on and experimental protocols for different diseases are still being developed 
[37]. 
Inadequate Validation: Many forms of research are still in the proof-of-concept stage because of tiny 
sample sizes and a lack of independently vetted sources.  For instance, structural neuroimaging studies 
have often been conducted on individuals with a history of mental illness, which makes it very challenging 
to identify whether structural changes in the brain are the cause, outcome, or risk factor for the condition. 
A clinical expert who can provide crucial information on validation, truth, biases, etc. that might 
influence data analysis should work with the researchers to improve accuracy and manage deployment 
risks [39]. 
Limited Research in Deep Learning: Deep learning (DL) algorithms are thought to have worked well for 
a small number of applications, particularly in fields connected to health.  The use of DL algorithms in 
mental health is still not well explored, however.  In addition, DL algorithms are seen as a mystery, making 
it difficult for academics to define their purpose and mechanism of operation.  According to recent 
research, efforts are being made to unlock the mystery of DL algorithms [40]. Researchers must persuade 
medical professionals to use the predictive mental health system, and this kind of investigation is crucial 
to their success. 
Still, Lack of Real-Life Testing: Despite ML's ability to predict mental health outcomes for researchers, 
real-world testing is still lacking for a number of reasons.  Numerous medical experts continue to question 
the precision of automated techniques, such as ML, and bring up concerns about consistency and 
complexity when integrating machine learning prediction systems into actual medical procedures.  
According to Dang et al., there is no set method for gathering high-quality data, difficulties in assigning 
labels, and a failure to recognize the best practices for managing ML models, all of which contribute to 
the inconsistent nature of supervised learning techniques [41].  The practical use of ML models in the 
area of mental health may be diminished by these obstacles and causes. 
3.6 Avenues for Future Research. 
Next, the review will indicate the specific methodologies that should help in progressing the research 
toward the effectiveness of the ML application in this field. 
Research in DL: The success of using machine learning techniques to predict mental health may be 
expanded to include DL techniques.  In addition to diagnosing additional long-term diseases like 
diabetes, cancer, and so on, these apps may also be able to forecast mental health issues. DL architectures 
in image processing may be used to recognize and forecast mental health issues based on face expressions.  
To improve clinical designs with greater accuracy, deep learning architectures should be able to integrate 
with memory [43] and attention processes [44].  In addition to brain MRI, photographs or recordings of 
speech, sociodemographic variables, clinical histories, and facial microexpressions are often used.  This 
multimodal approach creates a broader data set and maximizes the applicability and relevance of deep-
learning methods. The very development of such extensive and abundant data highlights an old concern 
in the mental-health circles and, by extension, the necessity of interinstitutional cooperation [45]. 
Nonetheless, the other two fundamental directions in research are the development of neural network 
architectures, particularly the architectures that tackle the complexity of data collected on mental health. 
Advanced neural networks like transformers and graph neural networks and the temporal and contextual 
relationship that are highly prized in the prediction of mental health have been used to model complex 
relations in high-dimensional data. These architectures support the high level longitudinal data analysis 
that can be utilized to arrive at a subtle knowledge regarding the dynamics of mental health conditions 
over the years. Secondly, multimodal learning is a methodology that integrates different kinds of 
information, such as text, images and physiology, which has emerged swiftly and is a useful tool. 
The combination of these various, non homogenous modalities allows researchers to create the most 
holistic models and greater representation of the multidimensional mind of mental health. 
Precise Predictive Models: Future research should focus on the use of new machine-learning models to 
make prognostic clinical predictions. In order to apply the analytically robust prediction models to clinical 
decision support (differentiating psychotic disorders, optimising pharmacotherapy, and prophylaxis) a 
web-based prognostication portal and combined medical analytics system is required.  An example of this 
is the creation of Psycho Web, an app that is based on machine learning to aid in the collection of 
information about mental health patients, and possibly predict their data [46].  However, this program is 
still on its initial phases, and more improvements are being done. 
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XAI-Explainable Model: ML models must be executable and, at the very least, able to explain mental 
health issues.  Before using the underlying system of categorization and prediction in the real world with 
patients, humans, including medical professionals, need to have a thorough grasp of it.  Ensuring that 
the outcomes of these models are comprehensible is the primary goal in developing trustworthy systems.  
More specifically, as described in Holzinger et al. [47], the paper introduces a novel, interactive 
conditional explanation model for counterfactual graphs that can help to facilitate constructive human-
machine interactions with artificial intelligence-based systems. XAI is well-positioned within this 
framework to bridge the gap between complex algorithmic design and the need for interpretability among 
mental health practitioners whose role is to make good clinical decisions. Finally, XAI can be used to 
establish confidence and adoption of ML tools within the clinical environment because it offers clinicians 
with a clear explanation of why the model made the predictions it did and because they were not just 
statistically sound but also interpretable and actionable [48].  
Transference learning and adaptive algorithms 
 Transfer learning, a paradigm that supports the generalization capabilities of machine-learning 
constructs, is an important paradigm, designed with versatile applicability. It will be possible to 
significantly enhance clinical milieus by its implementation since the technique has undergone a broad 
exploitation in other fields where the image processing paradigms are heavily relied upon [49]. Perhaps 
the most crippling liability to the mental health projects in the transition phase will be the inherently 
volatile nature of ingestible data, and unproblematic algorithmic plasticity of critical concern. To reduce 
the risk of disastrous forgetting, the ML systems are to be instantiated within a continuous-learning 
framework, therefore, to infuse the tenets of a lifelong learning paradigm [50]. To exploit such imminent 
opportunities, there will be a need to engage in a leading partnership among clinicians, computer 
scientists, and data scholars. 
Moreover, two of the most interesting methods that might influence the generalizability and application 
of machine learning models to a broad field the most are transfer learning and federated learning. In 
simple terms, transfer learning enables one to use models that are trained on source tasks to a related 
target task with data scarcity as the problem; which is highly useful in the psychiatric and mental-health 
domain [52], [53]. Conversely, federated learning allows the creation of predictive modelling models 
within data repositories that are geographically distributed and the patient major of concern secret in 
mental health studies. Such methods will give a good foundation of more robust and scalable ML 
solutions, since the challenges associated with data availability and bias will be alleviated. 
Real-Time Data Analysis and Tailored Interventions: The final, but, by no means, the least is the 
emerging scholarly enthusiasm in real-time data analytics with customized interventions in the Mental 
Health Care system. It is enabled by the creation of wearable objects and mobile health apps that 
continuously monitor the physiological and psychological status of patients and provide them with 
personalized feedback and interventions. It is possible to provide a responsive system that actively 
responds to the changes in the mental condition of a patient through this live data stream and machine 
learning to gain a better understanding of it, in order to provide more timely and person-centered 
assistance. They are important courses of action which can be capitalized on to improve the accuracy, 
interpretability and clinical usefulness of the machine-learning models in the field of mental-health  
prognosis through these methodological advances and new technologies [54]. 
 
CONCLUSION 
As it has been stressed, machine learning implementation in the sphere of mental health outcomes 
prediction is fraught with several important barriers that hinder its application. The availability and 
quality of data is feared, and mental health data is restricted and disproportional in general. This makes 
the selection and engineering of features a tricky task since the diagnosis in its current form is subjective 
and the factors that can affect mental health are heterogeneous. Continued attempts at explaining AI 
practices, with a perspective to comprehending predictive mechanisms, is a powerful poke at the 
significance of interpretability to machine learning models in healthcare. The recent research is an 
attempt to make sure that predictive models are not only fair, but they also generalize well across different 
groups of people - an attempt to remove long-standing worries on the issue of generalizability and 
algorithmic bias. The development of robust evaluation scales and the straightforward connection of these 
models to the clinical workflow can be used to advance this field. Nevertheless, even with the 
advancements, a number of concerns have been raised that underscore the need to continue research on 
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how to enhance the efficiency and generalizability of machine-learning approaches to the mental health 
domain, in general. 
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