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ABSTRACT: Mental health disorders represent a growing global health challenge, often characterized by complex, multifactorial
symptoms that complicate timely diagnosis and treatment. Advances in artificial intelligence (Al), particularly in machine learning
and data-driven analytics, offer promising tools for early detection and personalized interventions. This study explores predictive
modeling approaches that leverage both biological markers (biomarkers) and behavioral data to enhance diagnostic accuracy for
mental health conditions such as depression, anxiety, and bipolar disorder. We investigate the integration of physiological signals
(e.g., EEG, heart rate variability) with behavioral indicators (e.g., speech patterns, social activity, digital footprints) using supervised
learning models. The results indicate that combining multimodal datasets significantly improves the performance of Al models in
classifying mental health states, achieving improved precision and sensitivity across diverse patient profiles. Our findings
underscore the potential of Al-enhanced frameworks to support clinicians in objective diagnosis, individualized care planning, and
early intervention strategies. Future work will focus on longitudinal validation and ethical deployment in real-world healthcare
settings.
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1. INTRODUCTION

The current crisis in mental health costs billions of dollars in lost earnings and productivity, in addition to the immeasurable burden
on the well-being of individuals and their families. To treat mental health effectively and promptly, it is necessary to identify
conditions as early as possible and use the best treatment options. (Knapp & Wong, 2020). There are significant barriers that

prevent those who suffer from mental illness from receiving proper care. The combination of the social stigma associated with
mental illness, the high cost of counseling, the shortage of therapists and professionals, the poor quality of services and treatments
for the mentally ill, and the lack of availability of professional mental health services increases the time and risk necessary to treat
and cure a patient diagnosed with a mental iliness. (Aguirre et al.2020). The principles of physical health can be extended to mental

health, enabling the integration of appropriate structured diagnostic and clinical decision-making tools to include machine
learning-based algorithms as a means to phenotypically and biologically classify mental iliness. The decision-supporting system
case shows that the newly developed prediction architecture is able to effectively differentiate subjects. (Rashid & Calhoun, 2020).

1.1 Background of the study

Understanding the early signs of mental health is crucial to improving the quality of life for people all over the world. With
increasing digital media usage habits, several studies have been conducted to predict early signs of different types of disorders
using the digital habits of a person as a parameter._(Santamaria-Garcia et al.2020). Digital data, social media activities, videos,

audios, and other behavioral elements provide a variety of data with which a person's mental health can be predicted quite
accurately. This work focuses on available studies that help in providing a comprehensive review of Al-based models and
theoretical frameworks that use digital markers to predict different types of mental health disorders, including but not limited to
anxiety, depression, schizophrenia, pain, fear, attention deficit hyperactivity disorder, acute stress, and post-traumatic stress
disorder. (Wies et al., 2021). Two prediction techniques, such as fusion models and transfer learning models, are also reviewed in

our work. We have also explored different types of emotions that play a crucial role in determining mental health disorders, such
as sadness, anger, anxiety, valence, arousal, and dejection, with related work and modeling techniques. (Breaux et al.2021).
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We are currently experiencing a remarkable digital era during which enormous amounts of data are generated every single second.
This vast and ever-growing data can take on various forms, such as biodata including personal identification details, complex
medical data containing patient histories, and an array of social media data reflecting our interactions online. (Deepa et al.2022).

Additionally, there exists data that is generated effortlessly by users through their smartphones, activity trackers, and various
other digital devices and applications. Recent studies show that the digital data of a person will have a significant impact on their
mental health. (Odgers and Jensen2020). Using activity trackers, people can track their behavior, including physical activities, sleep
duration, time in front of the screen, and so on. Using smartphones, people can track the use of different apps, such as social
media apps, calls, shopping, and so on. (Vuorre et al.2021). Increments in the usage of such apps show that the person may have

some mental health issues, including stress and depression. Researchers also believe that there is a relationship between people's
emotional states and their calls and smartphone use. (Gianfredi et al., 2021).

1.2 Problem statement

Mental health disorders have been growing as a major concern worldwide through the years. One of the problems of mental
health disorders is the difficulty in tracking them and engaging patients, especially due to their episodic nature. (2019 Mental
Disorders Collaborators, 2022). Nowadays, it is a very expensive and time-consuming process to diagnose, which is done by

psychiatrists analyzing patient and relative reports. The use of artificial intelligence models to predict mental health disorders
carries significant potential to overcome current limitations in forecasting these diseases through the analysis of social media data
and behavioral patterns. (Lee et al.2021). It could also make it possible to assess the patient's condition continuously, not only
over time but also in different situations and settings, and to evaluate patients at different stages of the same disease or those
who suffer from different illnesses at similar moments. (Karunarathna et al., 2024). The early detection of mental health issues

could lead to illness management based on real-time interventions that can be more effective than the current treatment models;
most psychiatric patients have seasonal appointments with their psychiatrist instead of a continuous follow-up throughout the
year due to human resource limitations. (Galea et al., 2020).

1.3 Research questions

Advancements in Al-based predictive modelling methodologies revealed opportunities for implementing large-scale studies for
predicting mental health disorders using a broad array of sources including genetic, brain imaging biomarkers, physiological
responses, speech signatures, unstructured text data, social media information, electronic health records, digital footprints, and
wearable device records. However, various challenges include developing prospective models utilizing varied datasets collected

over a long period to address predictive and clinical validity issues. (Koutsouleris et al.2022). There are also data privacy and ethical
concerns associated with using certain data sources. As researchers start to tackle related challenges. In this text, we aim to help
researchers from different domains develop predictive Al models for mental disorders, make informed decisions based on
loopholes in the related literature, and enhance future studies. In summary, the predominant and challenging goal of this field is
to develop predictive models for various disorders using large and diverse datasets collected over a long period, with good clinical
validity, and meaningful predictive power. (Sui et al., 2020). These models could complement or replace the clinical diagnostic
process or result in novel insights and diagnostic strategies, including treatment decisions. A related effort is to determine whether
real-world and wearable data could advance these models. The prospective models are much more difficult to develop, as the
same person's various data sources must be combined and maintained over a period of time. (Nahavandi et al.2022). In light of

recent advancements in this field, this work aims to answer the following primary questions:

A.  What are the different types of mental health disorders that can be predicted by digital data?
What is the range of mental health disorders that can be predicted using digital markers?

What are the available studies to predict mental disorders using digital markers for each disorder?
What type of emotion can predict the different types of mental health disorders?

moO0nw

What are the available modeling techniques used by previous studies to predict mental health disorders?

1.4 Significance of the study

Studying various psychological and mental health disorders in their early stages can be challenging due to the unavailability of an
easy, scalable diagnostic system. Early diagnosis of attention-deficit/hyperactivity disorder, suicidality, major depressive disorder,
bipolar disorder, and schizophrenia is essential to control their progression and social burden. Human blood contains valuable
information that can be used to identify or rule out health problems. (Colizzi et al.2020). There are different medical tests available

that doctors use to monitor mental health disorders. However, the frequent possibility of negative outcomes for patients and
expensive tests limits the scalability and applicability of these tests in primary care. Development of cheaper, less intrusive, and
scalable early diagnostic systems for these disorders is essential. It provides an opportunity for increased awareness about the
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disorders on the part of the involved stakeholders, who might access existing medical and psychological care systems. (Torous et
al.2021). Social media data provide easy, safe, and scalable access to individuals' day-to-day behavior and experiences. Mental
health conditions are known to be risk factors for attempted or completed suicides. There are only two previously published
studies that used social media data to predict attempted or completed suicides. (Chancellor & De Choudhury, 2020). They both

took surveillance-based approaches to assess social media self-disclosures and preexisting medical records or claims data as a
positive or negative indicator of the self-enhanced suicides. Their prediction systems achieved fairly good postdictive performance
on web content of psychiatric hospitalizations and incident suicide attempts. Unlike prior researchers, we aim at predicting the
suicidality of social media users long before they create an alarming self-disclosure message. In order to do this, we studied the
behavior of individuals on social media networks weeks before their first incident diagnosed as non-fatal self-harm, suicide
attempt, or suicide completion. (Drouin et al.2020).

1.5 Scope and limitations

This work mainly focuses on the utilization of Al-based models for predicting mental health disorders using various types of
biomarkers, including but not limited to social media data and behavioral patterns, presenting the effectiveness of these models
according to various factors such as the sample size. Furthermore, applications of these models in research and practice related
to mental health and illness management are also introduced and discussed. However, due to the overlap issue introduced in the
previous section, for those special topics that will be covered, we may combine with the introduction part only to avoid repetitive
topics. (Tutun et al.2023). Then, the biomarkers issue will also be introduced. Based on the related work, social media data is

surely part of these biomarker features. Therefore, related work will be included in the next part without the need to define
feedback and measure again. (Abi-Dargham et al.2023). Additionally, unlike the related work, the main emphasis of our work is

put on how we can use Al-based models to help researchers and medical professionals who are not so familiar with Al know which
Al-based methods they can employ to achieve their similar objectives according to the desired results. This work also serves as an
initial guide for educational purposes on the Al-based application in the review-annotated research. (Koutsouleris et al.2022). This

guide aims to outline the potential applications of Al in mental health research while also addressing the ethical considerations
and limitations inherent in utilizing these technologies. Furthermore, it highlights the need for cautious interpretation of Al-driven
predictions, particularly in cases where data quality and sources may vary significantly. (Albahri et al.2023). Other additional

benefits will also be discussed in the conclusions. Moreover, a limitation of the proposed idea is that only the following six popular
biomarker types of features in medical applications are discussed in this exploratory study for concreteness:

1.5.1 Demographic

Identifying depression and other mental health disorders at early stages can positively impact mental well-being. Given the
prevalence of mental health conditions, relying on traditional methods for categorizing people into healthy and unhealthy groups
is not practical. Predicting mental health disorders remains challenging due to the complex nature of social media behaviors and
limitations of existing models. In this paper, we discuss the demographic characteristics of participants in the MHDW Challenge
(Meehan et al.2022). The presented demographic statistics not only can help identify biases in the utilized datasets but also

provide insights into understanding the population dominance of a given social media platform. In this section, we describe the
dataset and the sample at a high level. We then provide detailed statistics of the participants' attributes. We also examine the
research questions and research goals, and describe the empirical analysis used to investigate our research questions. Based on
the analysis, we discuss the key insights. Finally, we discuss our study's limitations, note future directions, and provide a high-level
overview of the paper.

1.5.2 Physiological health

Physiological health is a measure of the overall condition of an organism at a given time. It is an important feature of an individual
and is closely related to their psychological state. This affects how well body organs and cells operate, especially in the central
nervous system. Physiological measures include heart rate, heart rate variability, and skin conductance response, which have been
proven effective in predicting mental state (Mansi et al.2021). Many studies have made successful use of these measures in

predicting psychological distress, excitement, sleep quality, psychological stress, and physical activity. Furthermore, some studies
that focus on children and adolescents even base their measures on such physiological signals to fully understand their mental
states (Chung and Teo2022). Obviously, we are no longer in the era when we are only able to use closed-ended rating scales for

examining mental problems. These self-reports, while valuable, are sometimes too subjective and unreliable, while the
physiological measures are more reliable. As a result, people have started to treat physiological data as second only to individuals'
subjective feelings.
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1.5.3 Social media

Social media has emerged as a cardinal component of an individual’s daily routine. A vast number of people spend hours each day
on these platforms, seeking opportunities to interact with others and share their personal experiences. The premise behind this
technology is that the more information we know about one another, the more we can understand and help one another. Given
that one-third of our lives is spent at work and much of our social interactions are quite visible on social media, the information
available on social media can capture our life and personality quite comprehensively (Moisescu et al., 2022). Through this

comprehensive view, work activity and social interaction on social media can be used to predict and assess individuals for physical
and mental health. Not only can our activity on social media be used as behavior markers to reflect our health state, but through
our use of personal content and communication with others on social media, we may also share information about our physical
and mental health with others. This can help overcome the barriers to seeking help and treatment that many face. A supportive
online community can grant patients access to individuals willing to listen and assist during hard times and may hold the potential
for a unique ability to provide personalized recommendations or interventions because a large number of users can be easily
influenced at the same time (Zhong et al., 2021).

On the other hand, it is easy to overinterpret online behavior that is more indicative of superficial behavior patterns over time,
making it a harder task to truly understand the actual psychological state of a specific individual. Moreover, many of these profile-
based attributes are self-reported, which narrows the scope and potential insights that limited data can afford. Ideally, profiles
are based on historical data that long predate the clinical onset of mental iliness; however, it is challenging to identify these
behaviors in profiles, particularly considering that users can interact with social media in wildly different ways depending on their

individual predictors (Brauer et al., 2024). Our general population is composed of thousands of patient cohorts, each with unique
responses to a variety of diseases and dysfunctions. Consequently, it is challenging to reconcile the complexity of our patient
ecosystem when detecting and accurately treating mental health conditions across this diverse social media landscape. (Zhang et
al.2021).

1.5.4 Activity engagement

Correct mental health or prevention of mental health is the process of maintaining and enhancing good mental health and well-
being. It encompasses different key components including emotional resilience and problem solving. In the current study, we
utilize the term activity engagement to indicate the applied activities in which individuals engage and/or initiate, governed by
personal interest, talents, and hobbies with the intention to improve mental wellness and well-being. There is much research
suggesting that positive emotions and activities could be useful to assist people in managing their mental health, strong well-
being, and assist society in combating some of the impacts of COVID-19 (Waters et al.2022). However, describing helpful and

unhelpful activities for corporate mental health well-being has mainly elided those types of complexity in favor of broad
generalizable research. Moreover, the discrepancy of clinical and professional factors has resulted in staff’s ability to understand
and assist employees with issues regarding mental illness, stress, or overall mental well-being being suboptimal. Notably, the
mental health literacy of help-seeking staff predicted their self-efficacy and likelihood to assist employees struggling with mental
health challenges, pointing to the importance of helping staff improve their strategies for work-related prevention and
intervention. The application of activity engagement to encourage employees to find activities that enrich their mind and body
and foster a culture of mental wellness is sorely needed (Moss et al.2022).

1.5.5 Contextual

The global mental health care crisis is caused not only by a lack of resources but by a lack of understanding of how to treat patients
effectively. Although their etiology is still widely unclear, many psychiatric disorders are characterized by hypo- or hyper-
connective brain patterns. Artificial intelligence techniques have gained significant ground in different areas of healthcare,
including the mental health domain, and have indeed demonstrated the capacity to predict symptom severity of these disorders
through models focused on patterns of brain connectivity and processing multimodal data. This text extends the previous work
and presents multimodal predictive models that incorporate not only neurobiological data but also behavioral outputs and social
media data, reaching significant accuracy from the combination of multimodal data sources (Nemesure et al., 2021). Autonomic

nervous system data and the patterns of human interactions can inform about both the structural and functional state of the
brain. Besides established attribute-symptom links, the quantity of reported communication within the social platforms, regarded
as a pattern of social activity, with clinically relevant topics can provide markers about mental health conditions. Our aim is to
create a platform to interactively promote insights among people at large and predict mental health symptom scores. The creation
of a chatbot-based solution allows for a close and guided interaction of users with specific interventions and individual feedback
sessions. The solution is made as a SaaS solution commercially available (Rissola et al.2021).
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2. LITERATURE REVIEW

Mental health disorders are prevalent worldwide and cause substantial personal suffering and economic burden. Risk prediction
using prognostic modeling can be incorporated at the early screening stage, paving the way to new research solutions for
preventing and treating mental disorders as well as contributing to savings in medical costs. (Herrman et al.2022). An Al-based

early risk-prediction model accelerates screening initiatives and health policy-making. This paper aims to provide a comprehensive
overview of Al-based risk-prediction models for mental health. With the perspective of clinical research, we summarize current
progress and discuss ongoing and future directions, motivated by the fact that no systematic summary exists in the current
literature. (Health Organization, 2022). The search engines for all relevant articles were used, with the following means of search:

("mental health" OR "mental disorder" OR "psychiatric disorder" OR "psychiatric diagnosis") AND ("risk prediction" OR "early
detection" OR "early diagnosis" OR "prognostic model" OR "prediction model" OR "machine learning" OR "artificial intelligence")
AND ("biomarkers" OR "social media" OR "behavioral patterns" OR "deep phenotyping"). The related articles were also collected
manually. The focus of the present survey is on the last two decades according to the years of publication and the clinical interest.
All articles were filtered through the titles, abstracts, and main texts separately to ensure that the topics and contributions were

included. (Pant et al.2020).

2.1 Theoretical framework

In the majority of mental health diagnosis and treatment sites, trained psychiatrists and health professionals are used in the two-
stage process: first, to weigh the overall context and experiences of the clients and patients; and second, to diagnose mental
health disorders by assessing the severity of mental stress-induced symptoms. (Carleton et al.2020). Using various technological

developments in the manufacture of sophisticated and advanced medical devices, another promising way to assess mental health
disorders at an early stage appears to be feasible. For example, by using smartphone applications and wearable sensor devices
that measure various biomarkers, early alarm and accurate prediction of mental health disorders can be assured. (Bickman2020).
When artificial intelligence-based machine learning and deep learning algorithms are used, diagnosis accuracy is evaluated to be
around 90% for a number of training data, implying higher accuracy. With the rapid increase of big sequenced data from high-
throughput medical equipment, innovation in the construction of models based on pre-processed data from novel Al methods
can afford an early-stage diagnosis and open up opportunities for personalized treatment learning in order to fit the diverse and
unique chief complaints and needs of individual clients. (Kaur et al.2020). Consequently, the higher diagnosis accuracy and earlier
prediction of mental health disorders can lead to a major improvement in the client’s quality of life and reduction of medical costs
in the long term. Assuming that further machine learning research is conducted to enable the cell as the smallest form of a
computer to permit mental health diagnosis and treatment, then the usability, affordability, and accessibility research of mental
health diagnosis and treatment could be affected by the existing factors that affect the adoption of services specifically. (Olatuniji

et al.2024).

2.2 Previous research

Al models for predicting mental health issues have commonly relied on socio-demographic and socio-economic data, such as age
group, gender, marital status, employment status, educational level, and housing conditions. With advances in biotechnology,
researchers have collected blood, serum, plasma, and urine samples from patients and identified blood biomarkers such as the
enzyme butyrylcholinesterase, which has been used in studies for predicting suicidal ideation. (Xu et al.2022). Apart from blood
markers, researchers have managed to predict psycho-behavioral disorders by analyzing urine and stool samples. The
identification of urine markers for people with mood disorders such as bipolar disorder could yield accuracy ranging from 75% to
80%. Al can also play a part in biomarker research. (Cai et al.2024). Previous researchers have employed Al to optimize predictive
models using molecular data, such as blood gene expression, to effectively predict the antidepressant response. Both blood and
urine samples have been utilized as biomarkers to improve the effectiveness of suicide prevention. (Lin et al., 2020). The
widespread use of social media platforms has raised the potential to use Al algorithms to predict depression. The feasibility of
monitoring the emotions, linguistic, or social network structures of individual users on social media platforms also means that a
large number of studies or model algorithms could be developed. Models using data have found that the prediction accuracy of
predicting depression by analyzing user activities is roughly 58%. (Opoku et al.2021). Moreover, instead of harvesting textual

communication from social media platforms, a detection modeling study implemented a comprehensive surveillance framework
that associated a wide range of records such as prescription history and diagnosis with depression and anxiety syndrome, without
using social media data. (Hochman et al.2021).
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2.3 Gaps and literature

In terms of Al-based machine learning and physiological approaches to detect mental health disorders, literature is still at a
relatively narrow level. To summarize the literature, we have the following meta-analysis type of papers. First, it was interesting
to report that an extensive review showed a meager pattern of evidence related to the third wave of cognitive behavioral therapy,
acceptance and commitment therapy, and mindfulness intervention for common mental conditions in universities, from 2000 to
2015. (Khan & Javed, 2022). A recent study seems to portray the same kind of situation. Also, different kinds of narrative reviews

carried out were found to be mainly based on simple models with mainly medications or psychological therapies as intervention
and the psychological self-reports as the dependent variable, with relatively small samples and lack of blinding. Such narrowness
of the literature is seen as a major barrier for the progression of the field, conditioned to centralization on the same type of model.
(Navarro et al.2021). Second, a total of 18 recent review studies on early accurate diagnosis of Autism Spectrum Disorder (ASD)

itself showed that the type of ad-hoc subject is diagnosis, carrying a total of 46 recognition methods based on the following
features as inputs, as we have ad hoc studied. Minibio and literature information boost is undoubtedly important to help progress
by bringing deeper intelligent discussion, both about advances in the field itself and how it can be applied to go beyond the current
application scenarios. (McCarty & Frye, 2020).

2.4 Conceptual framework

The overall objective of the Al-based model for predicting mental health disorders using biomarkers, social media data, and
behavioral patterns is an effective, proactive digital mental health support system that can increase access to effective mental
health services. By analyzing relevant literature and the advantages that frontier technologies bring to mental health research and
application, we propose a clear conceptual framework using these technologies. (Lee et al.2021). This research provides an
insightful understanding of cutting-edge technologies in mental health support and, particularly, the combination of these
technologies into an integrated model. We hope to attract academic researchers and commercial investors to further explore
technical directions, and we also appreciate nonprofit organizations that can effectively apply our research in real-world scenarios.
(Lattie et al., 2022). Our overall objective is an effective, proactive digital mental health support system that can increase access

to effective mental health services. This system continuously collects user multimodal data; analyzes, aggregates, and derives
users’ mental well-being indicators; predicts user mental health disorders; and performs real-time proactive intervention for
negative events. (Xu et al.2020). These steps could identify both the negative emotions users have expressed in a wearable device,
such as the emotions in a user’s conversation, or the physiological health data, such as the data trends and abnormal values in a
user’s wearable devices. (Mullick et al.2022).

3. METHODOLOGY

The high prevalence of mental health disorders and the demand for effective screening of large populations call for scalable and
accessible diagnostic processes. Recent advances in sensing technologies provide an opportunity to develop cost-effective and
low-burden methods for monitoring and diagnosing mental health disorders. In this work, we present a machine learning-based
system for predicting mental health disorders using physiological signals and speech components extracted from voice recordings
collected from smartphone sensors. To validate the robustness of the ML models and their overall performance, we measured
the prediction accuracy on a dataset containing voice recordings of subjects obtained using smartphones. We measured the
prediction accuracy for five common mental health disorders, which include depression, mental distress, stress, anxiety, and
bipolar disorder. Our results indicate that non-verbal information such as voice recordings contains predictive patterns that can
be of significant value in the screening, monitoring, and diagnosis of patients with mental health disorders. This work focuses on
utilizing physiological and speech signals obtained using smartphone sensors in predicting mental health disorders. Our study
employs Al tools and methodologies to design predictive models that leverage powerful non-verbal cues in voice data. We use
the phone’s sensors to obtain voice recordings of subjects whose mental health status is known. We then analyze the quality of
these voice recordings to obtain relevant information and features from the data. Our feature extraction process utilizes tools in
speech processing and computational biology to extract annotated components from the segment of the voice signals of the
subjects. We then develop predictive ML models that make use of the extracted features from the voice recordings. The predicted
mental health outcomes using our ML models are compared against the known mental health status of the subjects. These
experiments make use of a number of Al-based models such as unsupervised deep learning, supervised learning for dimension
reduction, decision trees, and other supervised models. Following traditional ML model building approaches, to optimize
prediction performance, we use nested cross-validation and grid search.
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3.1 Research design

We conducted a longitudinal prospective cohort study to understand, classify, and predict mental health outcomes based on
patients' behaviors, social media communications, and use of a monitor. Our study analyzed a de-identified copy of two datasets
containing longitudinal data on over 1,000 hospital visits across 171 individuals, consisting of data from pre-admission, during
hospitalization, and post-discharge phases. The datasets collected were response variables for 10 psychiatric disorders, including
depression, suicidal ideation, PTSD, bipolar disorder, and eating disorders, using structured interviews following established
criteria through well-validated instruments. Behavioral data such as logs of patients' electronic health record use, verbal intensity,
and device use of wearable and mobile computing devices, including speech device sensor monitoring data, were also collected.
The study focused on analyzing the complete and de-identified dataset to establish a structured approach towards modeling
mental health disorders, a step crucial for developing electronic mental health monitoring and response systems. We utilized this
data to address two central questions: which biomarker-sourced, individual-level patient data systems' features were likely to
improve predictions of major psychiatric disorders and represented building blocks for future early warning systems, and what
models yielded the most accurate forecasts for a short-term future risk of these mental health disorders. Device use,
sociodemographic data, and socioeconomic status observed at admission were chosen as input features based on their feasibility
and interpretability of implementation in a hospital setting. This EHR-derived information was fed into individual-level logistic
regression models predicting the mental health disorders observed at subsequent hospital admission. The logistic regression
models' predictions were assembled into a single forecast of each disorder, guided by prior estimates of comorbidity. Overall, the
clinical value of individual features, such as the use of ambulatory monitors and EHR utilization data, is deemed to promote
detectable signals distinguishing those at risk for developing psychiatric disorders and serve as integral stay-ahead sensors.

3.2 Sampling method

In this study, we proposed and evaluated several different sampling methods for addressing the multiple challenges of modeling
high-skew distributional data on a binary classification task. The advantages, disadvantages, and benefits of using these methods
and their possible implications for similarly challenged tasks are also discussed. Three over-sampling and four under-sampling
methods were evaluated according to sensitivity, specificity, precision, recall, F1-score, receiver operating characteristic curve,
and the area under the ROC curve for both the control and imbalanced internal validation data. When the imbalance ratio was set
at 1-3, the ADASYN method had the best performance in terms of precision, recall, F1, and AUC on the internal validation data,
both in the case of 5-fold cross-validation and the random 70%—-30% data split for 10 independent runs. If we consider the time
cost and data scale, down-sampling in a balanced way can achieve good precision, recall, F1, and AUC. In the final evaluation,
down-sampling can achieve robust and good performance in terms of sensitivity, specificity, precision, recall, F1, and AUC for both
internal and external validation. We argue that ADASYN may be a useful tool for data from a similar high-skew distributional binary
classification task, but it may require more time to execute. These findings can provide a theoretical and methodological guide for
achieving a robust model and translating the model’s topology into a practical solution in the real world or for use in clinical
applications regarding social media data, mental health disorder prediction, and distributional data.

It is difficult to obtain reliable clinical data for people with mental health disorders. Social media data may be valuable for
predicting mental health disorders. However, there are several challenges associated with using social media for predicting mental
disorders because the data might be high-skew distributional for the specific task. The dataset we used herein was highly skewed.
Most participants presented with low social media activity, and only a minority of the participants were diagnosed with mental
health disorders by physicians. Given the high quality of the data provided for the use of social media detailed behavioral patterns,
the results could contribute to the development of better models and ideas. Furthermore, it is beneficial to translate the best
performance model based on the internal validation into practical solutions in the real world, and with different external validation
data, ensuring that they are reusable in real-world clinical applications.

3.3 Data collection methods

The sites approved by the hospital were accessed, such as portals, groups, and communities. This step was essential for data
retrieval and collection. The main objective in order to access the data from social media sites and private areas was to look for
posts from patients that contained complaints related to depressive symptoms. Queries about sleep disturbances or pains, among
others, in the forums would help collect this data and make it possible to find patients, what complaints they had, what time of
the day they usually asked for help, accessing places, and sharing qualitative information that could be used in the development
of an app with the posts and comments of the patients themselves.

The patient forums were easily accessed, and the posts, along with the comments, could be accessed. Since the data was used
through the consultation, it was possible to store the retrieved posts and build execution scripts. However, there were
complexities with the acquired database to be used post-queries. Most of these issues were related to the commands being
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executed that appeared to be correctly inserted but were failing to perform the search. Understand that the methodology
employed for this project was carried out in three phases: search, data collection, and data storage.

3.4 Data analysis methods

The data used will be collected at different experimental evaluation environments and from available datasets. In all studies, the
data collected will be normalized before classification, using existing methods. Moreover, the analysis itself aims at new methods
and procedures that may contribute to the scientific community, as the results presented will be submitted to experiments with
organizers and groups of volunteers with common characteristics. The hypothesis tests will be conducted and evaluated
scientifically against benchmarks in the areas considered in the tasks. New and additional evaluations may require the pre-
processing of metadata. The subsequent aggregation and integration processes will consider the classification tasks. Since the
forecasts involve few articles and an insignificant amount of data in comparison with the new proposals, they need to be studied
in sufficient quantities to justify their uses in benchmarks related to each of the main tasks. The sample population data will,
therefore, need to be constructed.

3.5 Ethical considerations

Ethical considerations are at the core of any work involving the handling of sensitive information and demographic groups. They
are particularly relevant when using Al/ML models to analyze mental health traits, behaviors, and labels, as often the methods
can lie behind a 'black box' that delivers final predictions that cannot be easily explained. The performance of these models will
vary greatly with the method used. We are encouraged by the recent advancements that utilize molecular biomarker data for
mental health predictions and highlight the ethical priorities and considerations for developing Al/ML models for behavioral
mental health predictions. The list is formatted as a set of recommendations for industry practitioners, with an emphasis on issues
particular to the latest generation of Al/ML models using data of clinical relevance.

We note that more general sensitivity and privacy concerns need to be addressed too, especially for models utilizing behavioral
data and social media analysis. These include de-anonymization and re-identification, invasive monitoring and untoward influence,
and exacerbation of hidden biases and stereotypes. In instances where sensitive data is accessed in an uncontrolled manner,
practitioners should also consider the increased desirability of these models and the increased potential risk of privacy violations.
Additionally, ethical safeguards are not only about avoiding negative consequences but also about ensuring that predictions
obtained from Al/ML models are robust and can be trusted. This ensures the evaluation process is conducted rigorously, that the
models are generalized and validated for use on data from various populations, especially before being utilized for clinical
decisions. In any data-driven subfield, the new results should support unthinking reliance on numbers to the exclusion of
knowledge about human nature, urge for interrogation of the theoretical underpinnings when necessary, and advocate for
transparent dissemination and replicability for the Al/ML models.

4. DATA ANALYSIS AND FINDINGS

Based on the prevalence of diseases in data from a general insurance company, it was found that the insurance participants were
women accounting for nearly 70% and predominantly from 30 to 50 years old. Because the age range of customers was
predominantly between 30 and 50 years, it is a typical distribution according to general insurance purchasing in Vietham. The
socio-professional information of these participants gives an overview that tends to avoid white-collar workers more than other
jobs. Life, health, and stability of mental health for workers are extremely important, especially in today’s stressful society. This
study has raised the probability of a participant suffering from mental illness compared to the general population, the risk index
based on lifestyle, health information, and other socio-professional information from general insurance participants. According to
the different contributions of factors and different levels of mental disorder risk exposure, the insurance company provides alerts
to each customer group intelligently and specifically. The appropriate consultation can provide information about employers and
trends if there are objective problems. Information that aims at the discovery of customers suffering from mental disorders is an
attractive service or can be a channel for health organizations to promote the treatment of mental disorders to people with mental
illnesses through the appeal of insurance service packages.

4.1. Presentation of results

Al-based models for predicting mental health disorders using biomarkers, social media data, and behavioral patterns: 4.1.
Presentation of results

The results of the different classifications and regression models for the selected prediction tasks, in terms of their respective
performance metrics: accuracy, F1 score, precision, recall, area under the PR curve, and area under the ROC curve, are presented.
The results for the prediction of major depressive disorder are shown where we employed three types of input data, the BFI-I test,
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the EMA data, and the Twitter data, using different machine learning models for binary classification. We observe that the SVM
model, in our case an RBF kernel, achieved the highest F1 score of 0.8052 and the highest AUC value of 0.89 using the EMA data
as input. We also observe that LR regression and decision tree models achieved comparable results, while the other classification
models suffered from lower predictive power. Our model clearly separated the population based on the sum of PANAS scores,
which strongly demonstrates the effectiveness of T-pattern metrics for MDD prediction.

These results suggest that the specific behavioral patterns and other emotional aspects captured by the EMA data in our study
have significant value for MDD detection when compared to general personality traits demonstrated over a long period of time.
The proposed model may thus contribute to the screening of high-risk individuals and reduce the costs of diagnosis, which are
associated with multiple appointments with a professional therapist. In the case of data collection involving the BFI-I behavioral
test, the XGBoost model demonstrated the best F1 score of 0.76. Surprisingly, the non-linear model XGBoost had the best
performance, which indicates that the relationships between BFI-I test answers and the depression symptoms, measured using
the patient’s mood score, in the EMA may be complex. This is consistent with the fact that the relations between BFI-l answers
and actual mental health are not directly determined by any biological measures but by the patient’s subjective emotional state.

4.2 Analysis of data

We collect data from five different sources, and the pre-processing steps used for constructing the dataset are explained in this
subsection. Our dataset comprises neuroimaging, electroencephalography, electrocardiography, eye-blink, and self-reported
psychological measures for subjects belonging to different age groups. Pre-processing of these diverse data leads to a highly
structured dataset that can be used for performing a wide variety of experiments, and in this work, we focus on the problem of
predicting major depressive disorder. The dataset thus constructed has been validated and used to evaluate the efficacy of various
machine learning algorithms and detect the optimal algorithms for predicting MDD. In conclusion, a succinct representation of
our dataset pre-processing techniques on each of the data types and the construction of the labeled dataset that can be used for
training various machine learning models is presented. Extensive preprocessing on these diverse data sources has been done to
come up with a dataset amenable to predictions. Real data procured from many sources allows our machine learning models to
be deployable, assisting researchers in overlaying data for many other medical conditions and helping medical practitioners with
more accurate diagnoses. The subsequent computational bottleneck would be architectural and parameter translation for each
of the data segments, and unlike the case of other classifiers, our deep neural network that we utilize would not have architecture
derived from intuitive human specifications, making it less interpretable.

4.3 Comparison with previous studies

There are several significant distinctions between our study and previous studies applying machine learning techniques. To begin
with, the dataset was obtained from the primary healthcare recruitment clinic. Unlike previous studies that have relied on self-
guided recruitment with no method to verify the user, we found a large pool of verifiable and diverse patient data from our clinic-
based recruitment. As a result, we were able to obtain a study population that is representative of various mental health
symptomatology and ethnic backgrounds, as opposed to other studies that have a limited geographic and ethnic representation.
Second, we were able to control potential confounding factors by controlling for demographic information, clinical measures, and
behavioral records. Lastly, we used multiple sources of data, such as biological measures, in addition to typical social media and
texting patterns of users.

Some studies have suggested similar levels of prediction performance using much smaller data and minor modeling differences.
Additionally, some studies differ from our approach by focusing solely on using social media data. They observed not fewer
strengths of precursors. While these studies indicated a high discriminative power without using outcome measures, their lack of
clinical gold standard profiling assessments or model performance comparison to alternative prediction models, including a
traditional questionnaire, limits the reviewers' ability to determine the practical usefulness of the proposed models in a real-world
clinical setting. Our study attempted to address some of these shortfalls in previous research and validate results in a secondary
cohort, albeit with lower prediction accuracy than the original study.

4.4 Discussion of key findings

This review reveals that there is a knowledge gap in developing a modeling pipeline that is highly predictive and provides insights
into which biomarkers, social media data, and behavioral patterns are important. This lack of predictive and interpretative
capability of deep learning models is also apparent in the field of computer vision. An important point is made in the understanding
of predictive model interpretability, "One could argue that whether a model is interpretable often largely depends on our problem
context and the particular user, reasoner, or context in which it is being employed or evaluated." Further research also needs to
be conducted to utilize MRI, fMRI, and EEG data to develop a real-time mental health monitoring system based on single raw input
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EEG signals. A real-time deep learning pipeline is developed that is sensitive to real-time single raw input EEG signal features with
a predictive performance of an AUC of 0.768 using a communication scenario, a language voice reasoning task to study the natural
character of human communication through speech, and to study how this can be exploited for continuous emotion recognition
in humans.

Despite a large volume of publications on computational methods for mood disorders or mental health, only a few methods
discussing their evaluation of real-life deployment exist. The vast majority of the scientific narrative that underpins efforts to
harness social media data as mental health proxies is based on algorithms developed by a relatively small network of researchers
who established networks and data from social media companies before their access to real-world data was significantly curtailed
by ethical, legal, and commercial considerations.

5. CONCLUSION AND RECOMMENDATION

The importance of early detection of mental health problems has led to several studies aimed at predicting mental health disorders

such as depression, bipolar disorder, and schizophrenia using risk biomarkers, social media data, and behavioral patterns. Each of

these diagnostic models has its limitations. Therefore, in this paper, we conducted a review of Al-based models for predicting

mental health problems using social media data and biomarkers and highlighted the advantages, drawbacks, and

recommendations of each of these models. Our review showed that existing Al models have been shown to effectively predict

some mental health disorders by analyzing risk biomarkers, social media usage, and behavioral patterns. The findings,

imperfections, and recommendations in this study will help in paving a means of filling identified gaps in diagnostic models,

facilitating the development of multi-component diagnostic models, and promoting the growth of the area.

We recommend:

. Conducting more studies on Al-based models for predicting different mental health disorders using social media data.

. Integrating more detailed aspects of personality into Al-based models.

. Deploying and processing multi-modal data to improve model performance.

. Employing longitudinal and group experimental designs in model evaluation.

. Self-corroboration and validation of self-reported depression or other mood disorders.

. Considering factors that may interfere with the evaluation of predictive models in the real world, such as the experience of
confronting the social science problems of investigators.

. Building privacy assurance systems, particularly in contexts wherein the information to generate models is sourced from
social media platforms.

5.1 Summary of findings

We have employed different datasets and prediction models for predicting mental health conditions, including generalized
anxiety, depression, and post-traumatic stress disorder using patients' biomarker data or social media data. Our biomarker data
included data from 120 subjects identified as healthy controls from a comprehensive investigation of the human brain in PTSD
military war fighters, and subjects from a breadth of PTSD transcriptomics where participants were either without PTSD diagnoses
or had current PTSD. We have identified driver genes or driver biological pathways as these driver biological signatures provide
better accuracy and potentially help predict genetic and epigenetic features of certain groups in a population, which, in turn, may
provide better understanding and effective treatment for the related mental health conditions. Our social media data came from
a social media platform that allows a specific group of people to share their thoughts on topics related to mental health conditions.

5.2 Conclusion

In this chapter, we extensively described various Al-based models that aim to predict anxiety, depression, and PTSD by utilizing
data harvested from social media platforms, analyzing behavior patterns, and incorporating certain biomarkers. The features that
contributed to the formulation of these models were meticulously derived from both textual content and associated metadata,
effectively reflecting distinct patterns that can be observed between healthy controls and individuals who are suffering from
mental health disorders during the execution of various tasks. In these specific tasks, it becomes evident that those individuals
who exhibit symptoms of anxiety, depression, and PTSD—conditions that are recognized by Al-based models—display certain
features that signal significant impairments in both verbal and nonverbal communication. Furthermore, these individuals reveal
differences in their activity regularities compared to their healthy counterparts. Achieving an adequate sample size and
determining the types of tasks performed stand out as key challenges in the ongoing development of these predictive models. If
these Al-based models can be validated as effective, they hold considerable promise in functioning as tools for the discovery of
impairments, as well as serving pivotal roles in preventive measures and assessing treatment responses. The work discussed in
this chapter contributes to this burgeoning field.
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5.3 Implications of the study

Understanding the implications of the study that aims to predict onsets of mental health issues with a deep understanding of
neuroinformatics, data science, and behavioral informatics using novel artificial intelligence methods for biomarkers, posture and
walking patterns, and linguistic patterns from multiple modalities of data derived from smartphones is significant. By performing
this study, the research community benefits from the following pioneering approaches. It may raise awareness of mobile sensing
apps and encourage the use of bioacoustics as well as thermal dynamics and haptic patterns for future sensing devices, enabling
them to be combined with mobile sensing to improve pre- and post-screening of mental health issues. Another approach would
be to extract large-scale data from participants with various demographic distributions across diverse geographic locations. More
demographic features mean more prominent hierarchies, diversity, and hierarchical distributions. Creating such a novel dataset
needs to be better understood by asking well-defined research questions and developing robust tools. For instance, when data is
split subjectively into cross-sectional and longitudinal groups by human assessors for mental health diagnostics, the sensitivity and
specificity of the networks are crucial.

5.4 Recommendations for the future research

Fusing different types of data seems to be the most promising way to generate precise and robust models. Apart from mentioning
and investigating more types of data and their coherencies, it is also interesting to investigate modality distributions, data
coherencies, and model design. Deep learning algorithms have shown a great privileged status in the field due to their good
performance in data aggregation and knowledge generalization. Exploring new types of deep learning would also be beneficial for
present and future research. In addition to developing models and progressing the process to meet the performance gaps,
exploring new tasks that may better present the potential power of models also receives attention. Finally, the sole usage of
benchmark data is considered a limitation of the current research, and multi-source data fusing and comparison is our future
research work.

In this chapter, we present a review of recent works in developing Al-based models for the prediction of mental health problems.
In principle, we begin by presenting data types and related works that show their significance in the prediction model. In these
case reports and empirical findings, we make the link between these candidate data and the related mental health problems.
Following that, recent works using the candidate data types are discussed. Selected models, data types and tasks, and present and
future limitations are also presented in comparison. Not only do we try to gain a better understanding and compare the successes
and limitations, but we also propose some potential trends for future Al-based prediction models for mental health problems.

5.5 Practical recommendation

Step I: Data Preprocessing Data preparation and preprocessing constitute the first steps for applying machine learning models to
healthcare problems. Preprocessed data are the foundation for training robust and efficient models. Practical tips are discussed
below to preprocess biomarker, health app log data, or social media data.

Biomarkers: A common preprocessing approach for biomarkers, including family history, blood, hormone, stress, brain pathology,
and neurobehavioral tests, is feature scaling. We used the z-score for this. Patient identity is used to identify participants in
different analyses, but it is not a target. For ML, the presence of a large range of male and female participants and different desired
outcomes is important.

SMD: Our study used daily diary entries collected from platforms. Each post format is utilized to optimize collection. Daily diaries
direct when the entry must be completed; the entry also includes birthday, age, and the day’s emotional state using a seven-item
scale. The focus in our study was negative emotion, which used the sadness and anxiety measurements, but additional questions
are included. Responses—examples are birthday, age, z-score tables, daily image files, and the table of daily emotional states
collected/used in our study—are typical entries for SMD preprocessing using standard practice.

The features were scaled and centered by calculating the z-score for measuring noise, normality, and distribution in the sample.
Data are visualized using line plots, count plots, scatter plots, area plots, violin plots, and box plots to check signal periodicity,
associations, distribution, centering, and outliers. Importantly, the entries are balanced, and feature selection and correlation
exploration are performed for dimension reduction and computational efficiency.
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