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Abstract

Mental health disorders represent a significant global health burden, often characterized by late
diagnoses and inconsistent treatment outcomes. The integration of artificial intelligence (Al)
with electronic health records (EHRs) offers a transformative approach to early diagnosis and
intervention. This study presents the development of an Al-powered predictive model designed
to enhance the diagnosis of mental health disorders by leveraging structured and unstructured
data from EHRs. The model integrates natural language processing (NLP), machine learning
(ML), and deep learning techniques to analyze clinical notes, patient histories, demographic
data, and behavioral indicators. Our methodology involves preprocessing EHR datasets,
extracting relevant features, and applying advanced algorithms such as random forests, support
vector machines (SVM), and neural networks to build robust predictive models. Additionally,
NLP techniques are used to process narrative text data, identifying critical indicators of mental
health conditions such as depression, anxiety, bipolar disorder, and schizophrenia. The model
is trained and validated using a large, anonymized EHR dataset, ensuring a high level of
accuracy, precision, and recall in identifying at-risk individuals. Preliminary results demonstrate
the model’s ability to outperform traditional diagnostic methods by identifying subtle patterns
and risk factors often overlooked in standard clinical evaluations. Moreover, the integration of
interpretability tools such as SHAP (SHapley Additive exPlanations) enables clinicians to
understand the rationale behind each prediction, promoting trust and clinical applicability. This
research underscores the potential of Al-driven tools in revolutionizing mental healthcare by
enabling timely diagnosis, personalized treatment planning, and improved patient outcomes.
However, the study also highlights challenges such as data quality, privacy concerns,
algorithmic bias, and the need for interdisciplinary collaboration in deploying these systems
responsibly. In conclusion, the proposed Al-powered predictive model demonstrates promise in
augmenting mental health diagnostics using EHR data, paving the way for scalable and
proactive mental healthcare delivery.
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1. Introduction

Mental health disorders are indeed a significant global health concern, affecting millions of individuals across various
demographics and contributing to severe disability and healthcare burden. According to the World Health Organization, mental
disorders like depression, anxiety, bipolar disorder, and schizophrenia affect over 450 million individuals worldwide,

highlighting their critical role in disabling

conditions and the overall health burden (Zhang et al., 2022).
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These conditions not only impact individuals' quality of life
but also impose substantial strains on healthcare systems and
economies through increased hospitalizations, loss of
productivity, and demands for long-term care (Zhang et al.,
2022).

Despite the pressing need for timely and accurate diagnoses,
traditional diagnostic methods depend heavily on subjective
assessments,  patient  self-reporting, and clinician
interpretation, resulting in potential misdiagnoses and
inconsistent treatment outcomes (Zhang et al., 2022). For
example, a systematic review indicates that such subjective
measures can lead to underdiagnosis or misclassification of
various mental health disorders, complicating treatment and
exacerbating symptoms over time (Kariotis et al., 2022) This
issue becomes even more pronounced in mental health
contexts where stigma surrounding mental illness may deter
individuals from seeking appropriate care or reporting their
experiences accurately (Bendau et al., 2021; Tkacz & Brady,
2021).

Furthermore, stigma and limited access to mental health
professionals compound these diagnostic challenges. Access
to care remains fragmented, particularly in underserved
populations, highlighting significant disparities in mental
health service usage (Yang et al., 2020). Research indicates
that integrated care models that combine primary care with
mental health services are essential in bridging these gaps and
ensuring that individuals with mental health issues receive
adequate support (Yang et al., 2020).

Recent advances in artificial intelligence (Al) and the
proliferation of electronic health records (EHRs) offer
promising avenues for enhancing the accuracy and timeliness
of mental health disorder diagnoses. EHRs encapsulate
comprehensive patient data—including clinical notes and
behavioral patterns—which, when subjected to Al analysis,
can reveal underlying patterns and risk factors typically
overlooked in conventional assessments (Zhang et al., 2022).
For instance, studies have shown that machine learning
algorithms can effectively analyze EHR data to improve the
precision of diagnoses, support earlier detection of mental
disorders, and assist in tailoring personalized treatment plans
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(Zhang et al., 2022). This data-driven approach aligns with
the principles of precision medicine, striving to provide
equitable healthcare solutions across diverse populations.
Thus, ongoing research seeks to develop Al-powered
predictive models capable of diagnosing mental health
disorders by leveraging both structured and unstructured data
from EHRs. This innovative approach aims to reduce the
reliance on subjective methods and address existing
diagnostic disparities, contributing to the early identification
and effective treatment of mental health conditions (Kariotis
et al., 2022; Viani et al., 2021). By integrating Al techniques
with EHR data, there is potential for a scalable and efficient
strategy to improve mental health diagnostics and enhance
overall patient outcomes.

2.1 Literature Review

The application of Artificial Intelligence (Al) in mental
health diagnosis has garnered significant attention in recent
years due to its potential to improve diagnostic accuracy,
reduce diagnostic delays, and optimize treatment plans.
Mental health disorders, which are often complex and
multifactorial, present unique challenges to healthcare
providers. Al’s ability to analyze large datasets, recognize
hidden patterns, and provide data-driven insights is especially
beneficial in identifying conditions that are difficult to
diagnose through traditional methods. Current Al
applications in mental health have demonstrated impressive
progress in leveraging both structured and unstructured data,
and several studies have shown the promising potential of
machine learning algorithms in diagnosing conditions such as
depression, anxiety, and psychosis, among others (Adepoju,
et al., 2022, Olamijuwon, 2020, Uwaifo & Favour, 2020).
The integration of these Al systems with electronic health
records (EHRs) further enhances their utility, as EHRs
contain vast amounts of patient data, including clinical notes,
demographic information, and diagnostic codes, which can
be analyzed to uncover correlations and predict mental health
conditions. Figure 1 shows patient and public involvement
(PPI) in the conception and transition to Al-assisted mental
health care presented by Zidaru, Morrow & Stockley, 2021.
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Fig 1: PPI in the conception and transition to Al-assisted mental health care (Zidaru, Morrow & Stockley, 2021).
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Al-based tools for mental health diagnosis typically employ
machine learning (ML) models such as decision trees,
support vector machines, deep learning networks, and
ensemble methods to analyze EHR data. These models have
shown that they can process and identify risk factors within a
patient’s medical history, allowing for the identification of
early warning signs of mental health disorders (Abisoye &
Akerele, 2022, Olaniyan, et al., 2018, Uwaifo, et al., 2019).
In many cases, these systems focus on analyzing the textual
content of clinical notes within EHRs to detect subtle
language patterns that may indicate mental health conditions.
For instance, depressive symptoms may be inferred from
expressions of hopelessness or changes in a patient’s
emotional state noted in physician notes. Other mental health
conditions, such as post-traumatic stress disorder (PTSD) or
anxiety, can also be predicted by analyzing patterns in patient
behavior documented in medical records. Researchers have
developed models to classify patients based on the severity of
their conditions or predict the likelihood of a mental health
crisis occurring, such as a suicide attempt or psychiatric
hospitalization.

Despite the advancements, the use of Al in mental health
diagnosis is still in its infancy, with several hurdles remaining
in the integration of Al with clinical practice. One of the
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major barriers is the limited availability of high-quality
annotated data. For a predictive model to be effective, it must
be trained on comprehensive datasets that capture the full
range of clinical conditions and patient experiences
(Adewale, et al., 2022, Olorunyomi, Adewale & Odonkor,
2022). However, many EHR datasets often contain
incomplete, inconsistent, or poorly structured information,
which can hinder the training of accurate Al models.
Furthermore, mental health conditions often involve subtle
nuances and contextual details that may be missed by
automated systems. Many existing Al models in mental
health rely on structured data, such as diagnostic codes or lab
results, which may fail to capture the complexity of a
patient’s mental state. Unstructured data, such as clinical
narratives and patient-reported outcomes, offers an
opportunity to enhance model performance by providing
more nuanced insights into patient experiences (Adekola,
Kassem & Mbata, 2022, Olufemi-Phillips, et al., 2020). Yet,
integrating unstructured text data into Al models remains a
challenge due to variations in language, terminology, and the
subjective nature of mental health documentation. Integrated
analysis of EHR data using Al and introduction of its
application to diagnosis and treatment presented by
Hamamoto, et al., 2022, is shown in figure 2.
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Fig 2: Integrated analysis of EHR data using Al and

Introduction of its application to diagnosis and treatment
(Hamamoto, et al., 2022).

The integration of EHRs into healthcare analytics is an
essential component of the shift toward data-driven medicine,
with immense potential to improve patient outcomes across
various healthcare domains, including mental health. EHRs
house a vast array of patient information, from demographics
and medical histories to diagnostic codes, medications, lab
results, and notes from healthcare professionals. In mental
health, the richness of these records can be used to not only
track patient progress over time but also to identify early
indicators of mental health deterioration, uncover
comorbidities, and develop individualized treatment plans
(Adegoke, et al., 2022, Olaniyan, Ale & Uwaifo, 2019). By
using predictive models that analyze EHR data, clinicians can
be alerted to at-risk patients, enabling timely interventions
and personalized care. Machine learning techniques,
particularly deep learning models, are well-suited for this task
as they can process large and diverse datasets to learn patterns
in mental health trajectories that might not be immediately

obvious to clinicians.

However, while the potential is immense, there remain
significant gaps in current predictive models for mental
health diagnosis. One of the primary gaps is the lack of
integration of multiple data sources. While EHRs contain
critical data, mental health conditions often require a more
comprehensive view that includes behavioral data, socio-
economic factors, genetic predispositions, and environmental
influences. Current predictive models are often limited to the
data available within clinical settings and may not account for
external factors that contribute to mental health outcomes
(Abisoye & Akerele, 2022, Olaniyan, Uwaifo & Ojediran,
2019). Additionally, many models are designed to predict
general trends or risk factors, but they are not individualized
or adaptive in a way that would allow them to provide real-
time decision support in clinical practice. The need for
models that can accurately predict individual patient
outcomes and account for personalized treatment options
remains a significant challenge.

Another significant gap is the limited generalization of
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existing models. Many Al-driven systems in healthcare are
developed and validated using data from specific institutions
or patient populations. As a result, they often struggle to
generalize across diverse settings. Mental health conditions,
in particular, exhibit significant variability in how they
manifest across different cultural, geographic, and socio-
economic groups. Models trained on one population may
perform poorly when applied to another with different

www.allmultidisciplinaryjournal.com

al., 2018). The challenge of ensuring that Al models are both
accurate and generalizable across different clinical
environments is one of the key hurdles for wider adoption in
mental health care. This limitation emphasizes the
importance of ongoing validation studies, cross-institutional
collaborations, and the use of diverse datasets to improve
model robustness and equity. Dawoodbhoy, et al., 2021,
presented in figure 3, general possibilities for Al in
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Fig 3: General possibilities for Al i

The explainability and transparency of Al models are critical
factors in their adoption and use in clinical settings.
Clinicians are often hesitant to trust Al-driven predictions,
especially when the rationale behind the model’s decisions is
unclear. Mental health disorders are complex, and clinicians
need to understand the reasoning behind a diagnosis or
prediction to make informed decisions regarding treatment
(Abisoye & Akerele, 2021, Olutimehin, et al., 2021). Without
clear explanations for why a model classifies a patient in a
particular way, the system’s recommendations risk being
disregarded or mistrusted, especially in high-stakes situations
like mental health crises. Al-powered mental health tools
must therefore be developed with interpretability at the
forefront, ensuring that the model’s predictions can be
explained in terms that clinicians can understand and apply.
Techniques like attention  mechanisms, rule-based
explanations, and model-agnostic interpretability methods
like LIME and SHAP are being integrated into Al models to
provide greater transparency and support clinical trust.

The lack of interpretability is compounded by the ethical
challenges inherent in the use of Al for mental health
diagnosis. Al models could inadvertently perpetuate biases
present in historical health records or fail to account for the
complex, individualized nature of mental health. Issues such
as gender bias, racial bias, or socio-economic bias in training
data can lead to inaccurate predictions or inequitable
healthcare outcomes (Adewale, et al., 2022, Uwaifo, 2020).
Itis essential that Al systems are rigorously tested for fairness
and that they are designed to ensure that their predictions do
not disproportionately affect certain populations. This

n healthcare (Dawoodbhoy, et al., 2021).

requires collaboration between technologists, ethicists, and
clinicians to ensure that Al models align with ethical
principles and promote equitable care.

In conclusion, Al-powered predictive models for mental
health diagnosis hold tremendous promise, particularly when
combined with the wealth of information available in EHRs.
However, several challenges must be addressed before these
systems can be seamlessly integrated into clinical practice.
The gaps in current models, particularly in terms of
generalization, personalization, and data integration, require
continued innovation and collaboration across multiple
disciplines (Abisoye & Akerele, 2022, Qin, et al., 2018,
Uwaifo & John-Ohimai, 2020). Moreover, the importance of
explainability, transparency, and fairness cannot be
overstated. To ensure that these Al systems are trusted and
widely adopted by clinicians, they must be interpretable,
ethically sound, and capable of addressing the diverse needs
of patients across various healthcare settings. With continued
research and development, Al has the potential to
revolutionize mental health diagnosis, leading to more
accurate, timely, and personalized care.

2.2 Methodology

The methodology for developing an Al-powered predictive
model for mental health disorder diagnosis using electronic
health records (EHRs) follows a systematic approach that
includes data collection, model development, training,
evaluation, and deployment. The first step is to define the
problem by identifying key mental health disorders that the
Al model will predict based on available EHR data. Next,
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data is collected from reliable and relevant sources such as
healthcare institutions, ensuring that it includes the necessary
features for accurate diagnosis.

Once the data is collected, it undergoes preprocessing to
clean and transform it, addressing missing values,
inconsistencies, and outliers. This step is critical for ensuring
data quality. After preprocessing, feature selection is
performed to identify the most relevant attributes that will
contribute to the model’s performance. The selected features
are used to develop a predictive model using suitable machine
learning algorithms, such as decision trees, neural networks,
or support vector machines, depending on the nature of the
data and the specific mental health conditions targeted.

The model is then trained using a training dataset, followed
by evaluation on a separate test dataset to assess its

www.allmultidisciplinaryjournal.com

performance using metrics such as accuracy, precision,
recall, and F1-score. Once evaluated, the model undergoes
optimization to improve its performance by tuning
hyperparameters, addressing issues such as overfitting or
underfitting, and enhancing generalization.  After
optimization, the results are analyzed to understand the
model’s strengths and limitations, with a focus on its
applicability to real-world mental health disorder diagnosis.
Following successful evaluation, the model is deployed into
a real-world healthcare setting where it can be used by
healthcare professionals for diagnosis. Continuous
monitoring is essential to track the model's performance in
practice, and regular updates are made based on new data or
advancements in Al techniques to ensure that the model
remains accurate and relevant over time.
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Fig 4: PRISMA Flow chart of the study methodology

2.3 Data acquisition and preprocessing

The development of an Al-powered predictive model for
mental health disorder diagnosis using Electronic Health
Records (EHRS) relies heavily on the successful acquisition
and preprocessing of data. EHRs are a rich source of
information that includes both structured and unstructured
data, which can be used to predict mental health conditions,
identify risk factors, and tailor personalized treatments
(Adekunle, et al., 2021, Opia, Matthew & Matthew, 2022).
Structured data refers to information that is organized in a
clear, predefined format, such as numerical values, coded
diagnoses, and laboratory results. In contrast, unstructured
data includes free-text elements such as clinical notes,
physician’s comments, and patient descriptions, which
contain more complex and nuanced information that requires
advanced processing techniques like Natural Language
Processing (NLP).

The EHR dataset for developing an Al-based model typically
includes a wide range of patient data, which can be broadly
categorized into structured and unstructured components.

Structured data includes demographics, diagnostic codes
(e.g., ICD-10), lab results, vital signs, and medication
prescriptions. These data points are typically entered into
specific fields within the EHR system, making them
relatively easy to access and analyze using traditional data
analytics methods (Olaniyan, Uwaifo & Ojediran, 2022,
Oyeniyi, et al., 2022, Uwaifo & John-Ohimai, 2020). In
mental health diagnosis, these structured data elements
provide valuable insights into patient history, including age,
gender, medications, past medical conditions, and the
presence of comorbidities—Kkey factors that influence the
onset and progression of mental health disorders. For
example, a history of chronic illness or certain medications
might be associated with an increased risk of developing a
mental health disorder.

Unstructured data, however, adds another layer of complexity
to the dataset. It includes clinical notes, physician
observations, discharge summaries, and even patient self-
reports. These free-text elements contain subjective details
about a patient's condition, treatment responses, and
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behavioral observations, which can be invaluable for
understanding mental health disorders. For instance, a
clinician’s note might contain subtle indications of
depression or anxiety based on a patient’s expressions or
behaviors during the visit (Adewale, Olorunyomi &
Odonkor, 2021, Odunaiya, Soyombo & Ogunsola, 2021).
However, extracting meaningful information from this type
of data is not straightforward, as the text is often unformatted,
fragmented, and contains domain-specific language or
abbreviations. To unlock the full potential of EHR data,
effective NLP techniques must be employed to process and
extract relevant insights from this unstructured text.

When working with healthcare data, ethical considerations
and data privacy measures are paramount. EHRS contain
sensitive information about patients, which includes not only
medical diagnoses but also personally identifiable
information (PIl) such as names, addresses, and contact
details. The use of this data for Al modeling must comply
with strict privacy regulations like the Health Insurance
Portability and Accountability Act (HIPAA) in the United
States and the General Data Protection Regulation (GDPR)
in Europe. These laws are designed to protect patient privacy
and ensure that their data is handled securely, with explicit
consent obtained where necessary (Adewale, et al., 2022,
Matthew, Akinwale & Opia, 2022, Okeke, et al., 2022). De-
identification of the data is often a critical step in the
preprocessing phase to ensure that any PIl is removed or
anonymized before analysis. Furthermore, robust security
measures, including encryption and secure access controls,
are essential to protect patient data from unauthorized use or
breaches.

Data cleaning and normalization are foundational steps in
preparing EHR datasets for Al model development. The raw
data from healthcare institutions is often noisy, incomplete,
or inconsistent, and thus must be carefully processed before
it can be used in a machine learning model. Data cleaning
involves identifying and handling missing values, duplicate
records, and outliers that could distort the analysis (Okeke, et
al., 2022, Okolie, et al., 2022). Missing data is particularly
common in EHRs, as certain information may not be
recorded consistently across patients or visits. Depending on
the nature of the missing data, various strategies can be
employed, such as imputation (filling in missing values based
on statistical techniques) or the removal of records with
missing critical information. Duplicates, whether arising
from multiple entries of the same data point or from errors in
data entry, must also be identified and eliminated to ensure
the integrity of the dataset.

Normalization is another critical aspect of data
preprocessing. Structured healthcare data often comes from
different sources, such as various departments or different
hospitals, each using its own standards for data entry.
Normalization ensures that all data is standardized to a
consistent format. For example, clinical measurements like
weight, height, or blood pressure may be recorded using
different units across hospitals. Normalizing these values
ensures that they are comparable and compatible for analysis
(Ogunmokun, Balogun & Ogunsola, 2022, Ogunsola,
Balogun & Ogunmokun, 2021). Categorical data, such as
diagnoses or medications, might need to be mapped to
standardized medical terminologies like 1CD-10 or
SNOMED CT to ensure uniformity. This normalization
process allows the Al model to interpret the data consistently
and effectively.

www.allmultidisciplinaryjournal.com

Feature selection and extraction are essential for developing
a robust Al model. In the context of EHR data, the goal of
feature selection is to identify the most relevant variables that
contribute to the prediction of mental health disorders, while
minimizing noise from irrelevant or redundant features. For
example, a patient’s demographic information (e.g., age,
gender) can provide important context for mental health
diagnosis, as certain conditions are more prevalent in specific
age groups or genders (Okeke, et al., 2022, Okolie, et al.,
2021). Clinical history, including previous diagnoses and
treatments, is another critical feature, as it can provide
insights into potential comorbidities or patterns of illness that
may contribute to mental health disorders. For example, a
patient with a history of chronic illness like diabetes may be
at higher risk for depression or anxiety, especially if they
experience ongoing pain or disability. Medications
prescribed to patients also serve as vital features, as certain
drug classes, such as corticosteroids or certain
antihypertensives, can have side effects that mimic or trigger
mental health symptoms.

Comorbidities, or the presence of additional health conditions
alongside a primary diagnosis, must also be considered
during feature selection. For instance, patients with
cardiovascular diseases, cancer, or neurological disorders
often exhibit higher rates of mental health disorders, which
could be indicative of shared risk factors or the psychological
impact of dealing with chronic physical health issues.
Comorbidities can thus provide valuable context in predicting
the onset or progression of mental health disorders. By
incorporating these variables into the model, the Al system
can make more accurate predictions about the likelihood of
mental health conditions and the most appropriate
interventions (Okeke, et al., 2022).

Unstructured data from clinical notes is particularly
important when considering the integration of NLP
techniques. Clinical notes, which may include information
about patient behavior, emotional state, social interactions,
and treatment responses, are often rich with contextual clues
that structured data cannot capture. NLP techniques, such as
named entity recognition (NER), part-of-speech tagging, and
sentiment analysis, can be used to extract valuable
information from clinical narratives. For example, NLP
models can identify mentions of emotional distress,
significant life events, or changes in behavior that may
indicate the onset of a mental health condition like depression
or anxiety (Adewale, Olorunyomi & Odonkor, 2021,
Matthew, et al., 2021, Okeke, et al., 2022). Sentiment
analysis can also be applied to assess the tone and emotional
content of a patient’s statements, which may offer additional
insights into their mental state. By processing large volumes
of clinical text, NLP can highlight critical patterns that may
otherwise go unnoticed in the structured data alone.

In conclusion, the data acquisition and preprocessing phase
of developing an Al-powered predictive model for mental
health disorder diagnosis is crucial for ensuring the quality
and accuracy of the model. EHRs, with their wealth of both
structured and unstructured data, present a valuable resource
for Al-driven healthcare innovations. However, ensuring data
privacy and ethical considerations, alongside meticulous
cleaning, normalization, and feature selection, is essential for
creating robust and accurate models (Ogunwole, et al., 2022,
Okeke, et al., 2022). By incorporating advanced NLP
techniques into the analysis of unstructured clinical text, Al
models can capture more nuanced insights into a patient’s
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mental health, leading to better diagnosis, earlier
intervention, and more personalized treatment strategies.

2.4 Model Development

The development of an Al-powered predictive model for
mental health disorder diagnosis using Electronic Health
Records (EHRs) involves the careful selection of machine
learning and deep learning techniques, integration of Natural
Language Processing (NLP) for symptom and sentiment
analysis, and the use of robust training, testing, and cross-
validation strategies. This process enables the model to
effectively process and interpret both structured and
unstructured data, identify patterns associated with mental
health disorders, and generate reliable predictions to support
clinical decision-making (Ajayi & Akerele, 2021, Jahun, et
al., 2021, Ogunsola, Balogun & Ogunmokun, 2022).

To start, the selection of Al techniques plays a crucial role in
the success of the predictive model. A hybrid approach that
combines machine learning (ML) algorithms and deep
learning (DL) methods is often employed to capture both
high-level patterns and intricate relationships within the data.
Machine learning models such as Random Forest and
Support Vector Machines (SVM) are widely used for
classification tasks and have shown success in handling
medical data (Adewale, Olorunyomi & Odonkor, 2022,
Matthew, et al., 2021, Okeke, et al., 2022). Random Forest,
an ensemble learning method, is particularly useful for its
ability to handle both categorical and numerical data, making
it well-suited for structured elements within EHRs such as
patient demographics, diagnostic codes, lab results, and
medication histories. The Random Forest model works by
creating multiple decision trees and combining their outputs,
improving accuracy and reducing overfitting. It s
particularly advantageous when dealing with large datasets
where there are numerous features, as it can automatically
handle feature selection and identify the most important
variables for making predictions.

Support Vector Machines (SVM) is another popular machine
learning technique used in predictive models, especially for
classification tasks where the goal is to differentiate between
multiple classes, such as diagnosing different types of mental
health disorders. SVM works by finding the optimal
hyperplane that maximizes the margin between classes in a
high-dimensional feature space (Ajayi & Akerele, 2022,
Jahun, et al., 2021, Okeke, et al., 2022). It is effective for
handling both linear and nonlinear data and has been
successfully applied in various medical domains, including
mental health diagnosis. SVMs perform well when the
number of features is large and are especially valuable when
working with datasets where the classes are not easily
separable.

In addition to machine learning models, deep learning
techniques, particularly neural networks and recurrent neural
networks (RNNs), are used to process sequential and
unstructured data within EHRs. Deep learning models are
capable of learning intricate patterns and representations in
large datasets, often outperforming traditional machine
learning techniques when it comes to complex and high-
dimensional data. Neural networks, which consist of multiple
layers of interconnected nodes or neurons, have the ability to
capture complex relationships and hierarchies in data (Okeke,
et al., 2022, Oladeinde, et al., 2022). They are particularly
effective for tasks like image analysis, speech recognition,
and, in the case of mental health prediction, processing large
sets of medical and behavioral data. Neural networks, by
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learning from a wide variety of input data, can automatically
detect the relationships between mental health symptoms and
patient characteristics that might be too subtle for traditional
methods.

For sequential data, Recurrent Neural Networks (RNNSs) and
their more advanced variants, Long Short-Term Memory
networks (LSTMs), have shown promise. These models are
particularly effective in processing time-series data or
sequences of data where the order of events or temporal
dependencies are important, such as clinical notes or patient
visits over time. RNNs and LSTMs maintain an internal state
or memory, allowing them to learn from past observations
and provide insights into a patient's ongoing mental health
trajectory (Odunaiya, Soyombo & Ogunsola, 2022, Ogbuagu,
et al., 2022, Okeke, et al., 2022). In the context of mental
health, this capability is particularly important, as symptoms
may evolve over time, and early signs of mental health
disorders often emerge gradually. For instance, an RNN or
LSTM can analyze patient notes over a period of visits and
detect subtle changes in language that may indicate the onset
of conditions like depression or anxiety.

A crucial component of the predictive model is the
integration of NLP for symptom and sentiment analysis,
particularly for processing unstructured data such as clinical
notes and patient-reported outcomes. Clinical notes, which
often contain detailed descriptions of symptoms, behaviors,
and emotional states, provide critical insights that can
improve the accuracy of the predictive model. NLP
techniques such as Named Entity Recognition (NER) and
Part-of-Speech (POS) tagging allow the system to extract
important entities (e.g., symptoms, diagnoses, medications)
and identify the relationships between them (Akinsooto,
Pretorius & van Rhyn, 2012, Balogun, Ogunsola &
Ogunmokun, 2022). For example, NLP can detect phrases
like “feeling hopeless” or “loss of interest,” which are often
associated with depression, and quantify their frequency or
severity to predict a patient’s mental health status.

Sentiment analysis is another valuable NLP technique that
can be used to analyze the emotional tone in patient-clinician
interactions. By processing text data from clinical notes or
patient surveys, sentiment analysis can gauge whether a
patient’s emotional state is improving or worsening
(Chukwuma-Eke, Ogunsola & Isibor, 2022, Collins, Hamza
& Eweje, 2022). The ability to track sentiment over time can
provide clinicians with valuable feedback on a patient’s
mental health, allowing for more timely interventions.
Sentiment analysis tools use techniques such as text
classification and feature extraction to assign sentiment
scores to text data, categorizing it as positive, neutral, or
negative. In mental health prediction, this can help to identify
mood fluctuations or unaddressed emotional concerns,
particularly in patients with mood disorders or other
psychiatric conditions.

Once the data has been prepared and relevant features
extracted, model training begins. The training process
involves feeding the cleaned and preprocessed data into the
selected machine learning or deep learning models, allowing
them to learn the relationships between input features (e.g.,
patient demographics, medical history, clinical notes) and
target outcomes (e.g., diagnosis of a specific mental health
disorder) (Chukwuma-Eke, Ogunsola & Isibor, 2021,
Dirlikov, 2021). The model is trained to minimize the
prediction error using a loss function that measures the
difference between predicted outcomes and true labels.
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Optimization algorithms such as gradient descent are used to
adjust the model’s weights and biases during training,
improving its accuracy over time.

Testing and cross-validation are critical components of the
model development process, as they ensure that the model
generalizes well to new, unseen data. Testing involves
evaluating the model’s performance on a separate dataset that
was not used during training, allowing for an unbiased
assessment of its accuracy, precision, recall, and other
performance metrics. Cross-validation is a technique where
the dataset is divided into multiple subsets, or folds, and the
model is trained and tested multiple times, with each fold
serving as a test set once (Balogun, Ogunsola & Ogunmokun,
2022, Bristol-Alaghariya, Ayanponle & Ogedengbe, 2022).
This approach helps to ensure that the model does not overfit
to specific subsets of the data and that its performance is
robust across different patient populations. It also provides a
better estimate of how the model will perform in real-world
clinical settings, where patient data may vary over time.
Hyperparameter tuning is another essential step in the model
development process. Many machine learning and deep
learning models contain hyperparameters, such as learning
rates, regularization terms, and layer configurations, which
control how the model learns from the data. Tuning these
hyperparameters can  significantly improve  model
performance. Techniques such as grid search or random
search are often used to explore a wide range of
hyperparameter values, selecting the combination that yields
the best results based on cross-validation (Chukwuma-Eke,
Ogunsola & Isibor, 2022, Dirlikov, et al., 2021).

To enhance the model’s performance further, techniques such
as feature engineering and ensemble learning can be applied.
Feature engineering involves creating new features or
transforming existing features to better capture the
underlying patterns in the data. For example, aggregating a
patient’s clinical notes into a summary score or calculating
the frequency of certain key terms may help to highlight
important patterns in the data (Al Zoubi, et al., 2022, Bristol-
Alagbariya, Ayanponle & Ogedengbe, 2022). Ensemble
learning, which combines multiple models to make
predictions, can also improve accuracy by reducing the bias
and variance of individual models.

In conclusion, the development of an Al-powered predictive
model for mental health disorder diagnosis using EHRs
requires a careful combination of machine learning and deep
learning techniques, along with the integration of NLP for
unstructured data analysis. By utilizing models such as
Random Forest, SVM, neural networks, and RNNs/LSTMs,
the system can effectively process and analyze both
structured and unstructured data. The model training, testing,
and cross-validation strategies ensure that the resulting Al
system is both accurate and robust, providing valuable
support for clinicians in diagnosing mental health conditions
(Akinsooto, 2013, Chukwuma, et al., 2022, Elumilade, et al.,
2022). With continued advancements in Al, these models will
play an increasingly vital role in improving mental health
diagnosis, enabling earlier detection and more personalized,
effective treatment.

2.5 Model Evaluation

Model evaluation is a critical step in developing an Al-
powered predictive model for mental health disorder
diagnosis using Electronic Health Records (EHRS). The
primary goal of this evaluation is to assess how well the
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model can predict mental health conditions, such as
depression, anxiety, schizophrenia, or bipolar disorder, based
on both structured and unstructured data. Effective evaluation
ensures that the model performs reliably in real-world clinical
settings, providing clinicians with a robust tool for making
accurate and timely diagnoses. To evaluate the performance
of predictive models, various performance metrics such as
accuracy, precision, recall, F1-score, and AUC-ROC are
commonly used. These metrics allow researchers to assess
the model's ability to correctly identify mental health
disorders and minimize misclassifications, while also
providing insight into areas where improvements are needed.
Accuracy is one of the most straightforward performance
metrics, representing the proportion of correct predictions
made by the model compared to the total number of
predictions. While accuracy is useful, it can be misleading
when the dataset is imbalanced, as it does not account for how
well the model performs in identifying the minority class,
which in the case of mental health disorders, may be certain
conditions that are less frequent in the population (Al Zoubi,
et al., 2022, Bristol-Alagbariya, Ayanponle & Ogedengbe,
2022). For instance, if the model predicts the absence of a
condition in 90% of the cases, it might achieve a high
accuracy score, but this would fail to capture the less frequent
but critical cases where the condition is present. Thus,
accuracy alone is insufficient for evaluating model
performance, especially when dealing with rare or
underrepresented conditions.

Precision and recall are two more critical metrics for
assessing the model's performance, particularly in the context
of imbalanced datasets. Precision measures the proportion of
true positive predictions (correctly identified instances of
mental health disorders) out of all positive predictions made
by the model (true positives + false positives). A high
precision value indicates that the model does not generate
many false positives, meaning that when it predicts a
disorder, it is more likely to be correct. This is particularly
important in clinical settings where false positives can lead to
unnecessary tests, treatments, or interventions, which can
increase healthcare costs and burden the patient (Akinsooto,
Pretorius & van Rhyn, 2012, Balogun, Ogunsola &
Ogunmokun, 2022).

Recall, on the other hand, measures the proportion of true
positives out of all actual instances of the mental health
disorder (true positives + false negatives). A high recall value
indicates that the model is effective at identifying the disorder
when it is present, minimizing the chances of missing a
diagnosis. In mental health, false negatives can be
particularly dangerous, as failing to identify a condition early
may delay treatment and negatively impact patient outcomes.
In this regard, recall is critical to ensure that the model
identifies as many patients with mental health conditions as
possible, even at the expense of including some false
positives.

F1-score is the harmonic mean of precision and recall,
providing a balance between the two metrics. It is a more
useful metric when precision and recall are inversely related,
as is often the case in medical diagnoses where optimizing
one can lead to a trade-off with the other. The F1-score is
particularly helpful in situations where both false positives
and false negatives are costly, such as in mental health
diagnosis, where missing a diagnosis or providing
unnecessary treatment both carry significant risks.

Another essential metric in evaluating predictive models for
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healthcare is the Area under the Receiver Operating
Characteristic curve (AUC-ROC). The ROC curve illustrates
the trade-off between true positive rate (recall) and false
positive rate across different decision thresholds. AUC-ROC
quantifies this trade-off by calculating the area under the
curve, where a higher area indicates a better-performing
model. AUC-ROC is a useful metric because it is threshold-
independent, meaning it evaluates model performance across
all possible thresholds, providing a more comprehensive
picture of how the model will perform in practice when
different cut-off values are used to classify a positive case
(Chukwuma-Eke, Ogunsola & Isibor, 2022, Collins, Hamza
& Eweje, 2022). AUC-ROC is particularly valuable when the
model is used for screening purposes, where thresholds might
need to be adjusted depending on the risk tolerance or clinical
goals of the healthcare system.

To ensure that the chosen model performs optimally, it is
crucial to perform a comparative analysis of different models.
In the context of mental health disorder diagnosis, several
machine learning and deep learning models may be
employed, including Random Forest, Support Vector
Machines (SVM), Neural Networks, and Recurrent Neural
Networks (RNNs), among others. Each model has its
strengths and weaknesses, and their performance must be
compared based on the metrics outlined above.

For instance, Random Forest is a popular ensemble learning
technique that tends to perform well in situations where there
are many features and complex relationships. It is relatively
easy to train and interpret compared to deep learning models,
and it often handles noisy or incomplete data better.
However, Random Forest may struggle with sequential or
time-dependent data, such as clinical records that span
multiple visits or include evolving symptoms over time. On
the other hand, Recurrent Neural Networks (RNNS),
particularly Long Short-Term Memory (LSTM) networks,
excel in handling sequential data and capturing temporal
dependencies, making them well-suited for clinical data with
time-series elements, such as changes in mental state or
symptom progression. However, RNNs and LSTMs can be
computationally expensive and require large amounts of data
to train effectively. Deep learning models, like Convolutional
Neural Networks (CNNs), may also be considered,
particularly when incorporating multimodal data sources
such as medical images or sensor data in addition to EHRs.
These models can extract high-level features automatically
from the data, which can be advantageous when working with
complex and heterogeneous datasets.

The comparative analysis should include not only the
performance metrics of each model but also their
computational efficiency, interpretability, and ability to
generalize across different datasets. For example, while deep
learning models like neural networks may provide superior
performance in terms of accuracy, they may lack
transparency and interpretability, making it difficult for
clinicians to trust the model’s predictions. This is a critical
concern in healthcare, where clinicians need to understand
why a particular diagnosis is suggested, particularly when it
involves complex and sensitive decisions (Chukwuma-Eke,
Ogunsola & Isibor, 2021, Dirlikov, 2021). In contrast,
machine learning models like Random Forest or SVM tend
to be more interpretable and may be favored in settings where
model transparency is essential, even if they are not always
as accurate as deep learning models.

Error analysis is another important aspect of model
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evaluation. Even the best-performing model will make errors,
and understanding the nature of these errors can provide
valuable insights into model limitations and areas for
improvement. For example, if a model has a high precision
but low recall, it may be too conservative in identifying
positive cases, leading to false negatives. In such cases,
adjusting the decision threshold or exploring more advanced
sampling methods like oversampling the minority class or
undersampling the majority class might help improve recall
without sacrificing too much precision (Balogun, Ogunsola
& Ogunmokun, 2022, Bristol-Alagbariya, Ayanponle &
Ogedengbe, 2022). Alternatively, if the model suffers from
high false positive rates, further refinement of feature
selection and the incorporation of additional features may be
necessary to better discriminate between patients with and
without the condition.

Model limitations must also be considered when evaluating
performance. One major limitation is the generalization of
models to diverse patient populations. The EHR data used to
train the model may be biased toward certain demographics,
resulting in poor performance when applied to
underrepresented groups. This is particularly problematic in
mental health, where the presentation of symptoms and
diagnoses can vary significantly across cultural and socio-
economic groups. Models must be carefully validated across
different populations to ensure they are both accurate and
equitable (Chukwuma-Eke, Ogunsola & Isibor, 2022,
Dirlikov, et al., 2021). Additionally, healthcare data is often
noisy, incomplete, and subject to errors in data entry, which
can affect the accuracy of the model. Addressing these issues
requires robust data preprocessing, including handling
missing values, correcting errors, and ensuring that the data
is appropriately cleaned and normalized before being used to
train the model.

In conclusion, the evaluation of an Al-powered predictive
model for mental health disorder diagnosis using EHRs
involves a thorough assessment of performance metrics such
as accuracy, precision, recall, F1-score, and AUC-ROC,
along with a comparative analysis of different models. Error
analysis helps identify areas for improvement, while
understanding the limitations of the model—such as
generalization to diverse populations and the handling of
noisy data—is crucial to ensuring that the model is both
reliable and equitable (Al Zoubi, et al., 2022, Bristol-
Alagbariya, Ayanponle & Ogedengbe, 2022). With these
evaluation strategies in place, Al-driven models can become
a powerful tool for improving mental health diagnosis,
enabling earlier intervention, more personalized care, and
better outcomes for patients.

2.6 Explainability and interpretability

The application of Al in mental health disorder diagnosis
using Electronic Health Records (EHRs) holds great potential
for improving accuracy and efficiency in clinical decision-
making. However, a critical challenge for the widespread
adoption of Al models in healthcare is ensuring that these
models are explainable and interpretable. In clinical settings,
where decisions have direct and significant consequences for
patient well-being, the trust of healthcare professionals in Al-
driven tools is paramount. Without the ability to understand
and justify the rationale behind predictions made by Al
models, clinicians may be reluctant to rely on these systems.
Ensuring that Al models can provide clear and transparent
reasoning for their predictions is, therefore, crucial for both
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clinical decision-making and the ethical use of Al in
healthcare.

In  clinical  decision-making,  explainability  and
interpretability are vital because healthcare providers need to
understand how an Al model arrived at a particular
recommendation or diagnosis. Al systems, particularly those
based on deep learning and complex machine learning
algorithms, often operate as "black boxes," making decisions
through intricate layers of mathematical computation that are
not easily understood by humans. This lack of transparency
can create barriers to trust and acceptance among clinicians
who are responsible for making final decisions about patient
care (Akinsooto, 2013, Chukwuma, et al., 2022, Elumilade,
et al., 2022). For example, in the case of a mental health
disorder diagnosis, a clinician may be presented with an Al
model’s prediction of a patient having depression, but
without an explanation of the underlying reasoning, the
clinician may be hesitant to act on the recommendation. The
healthcare provider may want to know which factors—such
as the patient's medical history, medications, or changes in
mood documented in clinical notes—were most influential in
the model’s prediction. This understanding would not only
help validate the prediction but also empower clinicians to
make informed decisions, leading to more personalized care.
Explainability tools, such as SHAP (Shapley Additive
Explanations) and LIME (Local Interpretable Model-
Agnostic Explanations), have been developed to address this
challenge by offering a way to provide insights into how Al
models arrive at their decisions. SHAP is grounded in
cooperative game theory and provides a unified framework
to explain the output of any machine learning model by
assigning a contribution value to each feature in the model. It
does so by evaluating the change in the model’s prediction
when a feature is removed, helping to quantify the
contribution of each individual feature to the overall
prediction (Ewim, et al., 2022, Ezeanochie, Afolabi &
Akinsooto, 2022). In the context of mental health disorder
diagnosis, SHAP can be used to explain which features—
such as the frequency of certain symptoms in clinical notes,
a patient’s medical history, or the prescribed medications—
were most influential in predicting a diagnosis of depression
or anxiety.

LIME, on the other hand, works by approximating complex
models with simpler, interpretable models locally around a
specific prediction. It creates a local surrogate model that is
easier to understand and uses it to approximate the behavior
of the more complex model in the vicinity of a given
prediction. This allows clinicians to gain insight into how the
Al model behaves for individual patients, focusing on
specific features that are most relevant for that patient’s
prediction. For example, LIME might show that a particular
patient’s risk for depression is driven primarily by a recent
series of visits related to stress and sleep disturbances, along
with the prescription of an antidepressant (Balogun,
Ogunsola & Ogunmokun, 2021, Bristol-Alagbariya,
Ayanponle & Ogedengbe, 2022). This localized explanation
helps clinicians understand the model's prediction in the
context of the specific patient's history, rather than relying on
a generalized or global explanation.

Both SHAP and LIME provide a way to bridge the gap
between the black-box nature of complex Al models and the
need for transparency in clinical decision-making. These
tools help clinicians interpret and trust the model’s
predictions, which is crucial in a field like mental health,
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where diagnosis and treatment often require nuanced
understanding. For example, consider a case where a patient
presents with a set of symptoms—such as fatigue, social
withdrawal, and irritability—documented in clinical notes
over several visits. An Al model might predict that the patient
is at risk for major depressive disorder (MDD). Using SHAP,
the clinician can gain insight into why the model arrived at
this conclusion, discovering that the symptoms of fatigue and
irritability were weighted heavily in the prediction. If the
clinician sees that these symptoms align with their own
observations and the patient’s history, they are more likely to
trust the model’s recommendation and proceed with further
assessments or treatment options.

Explainability tools can also be used to provide insight into
model limitations and guide further improvements. By
understanding which features are most important for a
model’s prediction, researchers and clinicians can identify
potential biases or data quality issues. For instance, if a model
consistently places too much weight on a certain diagnostic
code or medication history, this could be a signal that the
model is overfitting to specific patterns or is sensitive to
certain types of data (Bristol-Alagbariya, Ayanponle &
Ogedengbe, 2022, Elujide, et al., 2021). In mental health
diagnosis, where patients’ histories and symptom expressions
can vary widely, ensuring that the model does not overly rely
on any single feature is crucial for making fair and accurate
predictions. Using SHAP or LIME to test these assumptions
and identify potential weaknesses can help refine the model
to provide more robust and generalizable predictions.
Beyond enhancing trust and transparency, explainability is
also important for improving the model’s performance over
time. By using these tools, clinicians can provide valuable
feedback on the model’s predictions and rationale. For
example, a clinician may identify that the model is not fully
capturing important aspects of a patient’s mental health
history or that certain key symptoms are underrepresented.
This feedback can then be used to refine the model, ensuring
that it continues to evolve based on real-world clinical
practice and the needs of patients (Chukwuma-Eke, Ogunsola
& lsibor, 2022, Govender, et al., 2022). In this way,
explainability tools do not just serve as a mechanism for
understanding the model’s output—they also play a key role
in the continuous improvement of Al systems in healthcare.
Case examples further illustrate the importance of prediction
rationale in clinical practice. Consider a scenario where an Al
model predicts that a patient is at high risk for developing
post-traumatic stress disorder (PTSD) following a traumatic
event, such as a car accident. Using SHAP, the clinician can
see that the model’s prediction was primarily driven by the
documentation of symptoms like hypervigilance, nightmares,
and intrusive memories, along with a history of prior trauma
(Akinsooto, De Canha & Pretorius, 2014, Balogun, Ogunsola
& Ogunmokun, 2022). These insights can help the clinician
confirm the prediction and determine the most appropriate
course of action, such as initiating therapeutic interventions,
arranging for mental health support, or monitoring the
patient’s progress. Without such an explanation, the clinician
might be unsure about the model’s reasoning, leading to
hesitation in pursuing the recommended intervention.

In another case, an Al model may predict that a patient with
chronic illness is at risk for developing depression. The
clinician can use LIME to understand that the model’s
prediction was influenced by the patient’s long-term medical
history, including the severity of their chronic illness,
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ongoing pain management, and social factors such as lack of
support. By reviewing these findings, the clinician may
decide to explore the patient’s mental health further,
addressing any psychological distress as part of a holistic
treatment plan. The transparency provided by explainability
tools thus empowers clinicians to make more informed,
patient-centered decisions (Collins, Hamza & Eweje, 2022,
Egbuhuzor, et al., 2021).

In conclusion, explainability and interpretability are essential
for the successful integration of Al into mental health
disorder diagnosis using EHRs. These tools not only increase
clinician trust in Al models but also provide valuable insights
that help refine and improve model performance over time.
By using explainability techniques like SHAP and LIME,
clinicians can better understand the rationale behind
predictions, ensuring that Al-driven tools are transparent,
actionable, and ultimately beneficial for patient care. As the
field of Al in healthcare continues to evolve, a strong focus
on explainability will be key to realizing the full potential of
Al-powered models, leading to more personalized, accurate,
and ethical mental health diagnoses.

2.7 Deployment and clinical integration

The deployment and clinical integration of an Al-powered
predictive model for mental health disorder diagnosis using
Electronic Health Records (EHRSs) is a critical phase in
ensuring the model’s success in real-world healthcare
settings. While developing accurate and effective Al models
is crucial, the way these models are implemented and
integrated into the clinical workflow is just as important. The
ultimate goal of deploying Al systems in healthcare is not
only to provide accurate predictions but to make them
accessible, actionable, and beneficial to healthcare
professionals in their everyday practice (Bristol-Alagbariya,
Ayanponle & Ogedengbe, 2022, Elujide, et al., 2021). This
requires overcoming several challenges related to real-world
applicability, workflow integration, and user interface
design, all of which are vital for ensuring the model’s
effectiveness and fostering widespread adoption among
clinicians.

The real-world applicability and implementation of an Al
model in healthcare require a deep understanding of the
context in which the model will be used. In the case of mental
health disorder diagnosis, Al models must be designed to
function seamlessly within the existing infrastructure of
hospitals, clinics, and other healthcare settings (Adepoju, et
al., 2022, Olamijuwon, 2020, Uwaifo & Favour, 2020). One
of the first steps in ensuring applicability is ensuring that the
model is compatible with the EHR systems already in use.
EHRs are the central repository of patient data, and any Al-
powered tool aimed at improving mental health diagnosis
must be able to read, analyze, and integrate data from these
systems without requiring significant changes to the
healthcare provider’s existing workflows. It is essential that
the Al model is not seen as an additional burden but as a tool
that enhances the clinician’s ability to diagnose and treat
patients more effectively.

Effective deployment also requires the model to be tested and
fine-tuned based on real-world data and feedback from
clinicians. While Al models may perform well during initial
development and evaluation, their effectiveness in clinical
settings can vary depending on the specific patient
population, institutional practices, and available resources.
Implementing the model in real-world settings involves
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conducting pilot studies or limited rollouts in a controlled
environment, where clinicians can provide feedback on its
functionality, accuracy, and utility (Abisoye & Akerele,
2022, Olaniyan, et al., 2018, Uwaifo, et al., 2019). The model
must be adaptable to different clinical contexts and able to
handle variations in patient data, diagnostic practices, and
healthcare providers’ preferences. This stage of deployment
also includes continuous monitoring of the system’s
performance, ensuring that it continues to function
effectively and accurately as it encounters new data.

The integration of Al-powered predictive models with
clinical workflows and decision support systems is another
significant challenge. In healthcare settings, clinicians rely on
EHR systems to access patient information, record
observations, and make decisions about treatment plans. For
Al models to be effective, they must integrate seamlessly into
these workflows, allowing clinicians to interact with the
system without disrupting their usual tasks (Adewale, et al.,
2022, Olorunyomi, Adewale & Odonkor, 2022). This
requires careful planning and collaboration between Al
developers, healthcare professionals, and IT specialists to
ensure that the model fits within the established workflow
and enhances, rather than complicates, daily operations.
Al-driven decision support systems can significantly improve
clinicians' ability to make accurate, data-driven decisions,
particularly when diagnosing mental health disorders.
However, these systems need to be designed in such a way
that they complement the expertise and clinical judgment of
healthcare professionals. The Al model should be seen as a
supportive tool rather than a replacement for human decision-
making. By providing clinicians with timely, evidence-based
recommendations based on the data within the EHR, the Al
system can help identify potential mental health issues that
may not be immediately apparent (Adekola, Kassem &
Mbata, 2022, Olufemi-Phillips, et al., 2020). For instance, if
a patient’s medical history or recent visit notes suggest that
they may be at risk for depression, the Al model could flag
this concern for further evaluation, allowing the clinician to
make a more informed decision about the next steps in the
patient’s care. However, it is essential that the model’s
recommendations are presented in a way that allows
clinicians to make the final judgment based on their
knowledge and expertise, rather than blindly following the
Al’s suggestions.

Integration with clinical decision support systems also
requires the ability to provide real-time feedback and alerts.
For example, if the Al model identifies a high risk for a
particular mental health disorder based on the patient’s data,
it should trigger an alert within the EHR system to notify the
clinician immediately. This real-time integration is especially
crucial in situations where timely interventions can make a
significant difference in patient outcomes. Furthermore, the
system must be able to handle various decision-making
scenarios, from providing an initial screening for a mental
health disorder to suggesting follow-up actions, such as a
referral to a mental health professional or a change in
treatment (Adegoke, et al., 2022, Olaniyan, Ale & Uwaifo,
2019).

User interface considerations are crucial to the success of the
Al-powered predictive model in clinical settings. Clinicians
must interact with the model through an intuitive and user-
friendly interface that presents predictions and
recommendations clearly and concisely. Healthcare
professionals, particularly those working in fast-paced
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environments, do not have the time or resources to navigate
complex systems or interpret overwhelming amounts of
information. The user interface should be designed to present
relevant data in a straightforward manner, highlighting the
most critical information for decision-making (Bristol-
Alagbariya, Ayanponle & Ogedengbe, 2022, Elujide, et al.,
2021). For example, the model could provide a summary of
the patient’s symptoms, history, and the AI’s predicted
diagnosis in a simple format, with key findings highlighted
for easy review. This presentation would allow the clinician
to quickly assess the situation and decide on the next course
of action.

Moreover, the user interface must accommodate different
types of users, including physicians, nurses, mental health
professionals, and other healthcare providers, each of whom
may have different needs and expectations. For instance, a
mental health professional may require more detailed
information regarding a patient’s mental health history and
symptom progression, while a general physician may need a
more concise summary. The interface should be customizable
to meet these needs, allowing for personalized views and
workflows based on the clinician’s role and responsibilities
(Adekunle, et al., 2021, Onukwulu, et akl., 2022, Uwaifo, et
al., 2018).

Another important consideration for the user interface is
ensuring that it does not overwhelm the clinician with
excessive information. Al models can generate a large
amount of data and insight from EHRSs, but this information
must be presented in a way that is manageable and actionable.
Too much information or overly complex outputs can lead to
cognitive overload, making it harder for clinicians to focus
on the most relevant aspects of the diagnosis (Atta, et al.,
2021, Bidemi, et al.,, 2021, Elumilade, et al., 2022).
Therefore, the interface should be designed with clarity and
simplicity in mind, emphasizing the most relevant aspects of
the model’s output, such as key risk factors, possible
diagnoses, and recommended actions.

Furthermore, the Al system should allow for clinician
feedback and validation, enabling the system to evolve over
time. As clinicians interact with the system, they should be
able to provide feedback on the accuracy and relevance of the
predictions, contributing to ongoing improvements in the
model. For example, if a clinician disagrees with the model’s
prediction or suggests a different diagnosis, this feedback
should be incorporated into the system to improve its future
predictions (Abisoye & Akerele, 2021, Olutimehin, et al.,
2021). This iterative process helps build clinician trust in the
model and ensures that the Al system becomes more aligned
with real-world clinical practices.

Finally, for successful deployment, it is important to address
the training and education of healthcare professionals on the
use of Al-powered systems. Clinicians must be adequately
trained not only on how to interact with the system but also
on how to interpret the AI’s predictions and
recommendations (Collins, Hamza & Eweje, 2022,
Egbuhuzor, et al., 2021). Clear guidelines should be provided
on when and how to rely on the system’s output, and
clinicians should be given the tools to adjust predictions
based on their own clinical judgment. By fostering a
collaborative relationship between Al systems and healthcare
providers, the model can be used as an effective tool to
enhance diagnosis and patient care, rather than as a substitute
for human expertise.

In conclusion, the deployment and clinical integration of Al-
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powered predictive models for mental health disorder
diagnosis using EHRs require careful planning and
consideration of real-world applicability, workflow
integration, and user interface design. These models must be
seamlessly integrated into existing clinical systems to
enhance, rather than disrupt, clinicians' ability to make
informed decisions (Adewale, et al., 2022, Uwaifo, 2020). By
focusing on creating user-friendly interfaces, fostering
clinician trust, and ensuring real-time feedback, Al systems
can become valuable tools for improving mental health
diagnosis and care. When implemented effectively, Al
models can not only increase diagnostic accuracy but also
enable earlier intervention, leading to better patient outcomes
and more personalized treatment plans.

2.8 Challenges and ethical considerations

Developing an Al-powered predictive model for mental
health disorder diagnosis using Electronic Health Records
(EHRs) presents significant challenges and ethical
considerations that must be carefully addressed to ensure the
model’s success and responsible use in clinical practice. As
mental health disorders are complex, multifaceted, and often
involve sensitive patient data, Al models must be designed in
a way that respects privacy, promotes fairness, and ensures
that clinical outcomes are improved rather than
compromised. These challenges encompass data quality,
bias, generalizability, privacy, consent, regulatory
compliance, and clinical resistance. Addressing these
challenges is critical for achieving a model that is both
effective and ethically sound.

One of the key challenges when developing Al models for
mental health disorder diagnosis is the quality and integrity
of the data used to train the system. EHRs, while a rich source
of patient information, often contain missing, incomplete, or
inaccurate data. For example, some records may lack crucial
information about a patient’s mental health history, or the
data may be inconsistent due to differences in how clinicians
record and document symptoms. This variability can affect
the accuracy and performance of the Al model (Akinsooto,
De Canha & Pretorius, 2014, Balogun, Ogunsola &
Ogunmokun, 2022). Incomplete or inconsistent data could
lead to misclassifications or flawed predictions, making the
model less reliable in real-world clinical settings. To mitigate
this risk, significant efforts must be made to clean,
preprocess, and standardize the data, which often requires
substantial domain expertise and collaboration between data
scientists and healthcare professionals.

Beyond issues of data integrity, the presence of bias in the
training data is a critical concern. EHRs often reflect
historical disparities in healthcare, including
underrepresentation of certain demographic groups, such as
ethnic minorities, low-income populations, and those from
rural areas. If the Al model is trained primarily on data from
one group or a limited demographic, it may not generalize
well to other populations, potentially leading to biased
predictions that disadvantage underrepresented groups
(Abisoye & Akerele, 2022, Qin, et al., 2018, Uwaifo & John-
Ohimai, 2020). For instance, if a model trained on
predominantly white, middle-class patients is used to
diagnose mental health disorders in a more diverse patient
population, the model may fail to recognize key differences
in symptom presentation or comorbidity patterns that are
specific to other groups. This bias can lead to incorrect or
missed diagnoses, exacerbating healthcare inequalities
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(Chukwuma-Eke, Ogunsola & Isibor, 2022, Govender,et al.,
2022). To avoid this, the dataset used for training the model
must be diverse and representative of all relevant
demographic and socio-economic groups. Additionally, bias
detection tools should be employed to identify and mitigate
potential sources of discrimination or inequity in the model’s
predictions.

The generalizability of the Al model across different
populations and clinical settings is another challenge that
needs to be addressed. Mental health disorders vary
significantly between individuals based on a wide range of
factors, including genetics, culture, environment, and
personal experiences. Al models trained on data from one
clinical institution or geographic region may not perform well
when applied to patients from other areas with different
healthcare practices, diagnostic criteria, or cultural norms.
For example, mental health conditions such as depression
may be documented and diagnosed differently in various
regions, and these variations can affect the model’s ability to
identify ~ symptoms  accurately  (Bristol-Alagbariya,
Ayanponle & Ogedengbe, 2022, Elujide, et al., 2021). The
model must therefore be validated and tested across diverse
patient populations and healthcare settings to ensure that it is
robust, adaptable, and capable of providing reliable
predictions in different contexts. This may require
collaboration with  multiple healthcare institutions,
international datasets, and longitudinal studies to ensure the
model can generalize well to various patient groups and
clinical practices.

Privacy, consent, and data governance are foundational
ethical considerations when developing Al models for mental
health disorder diagnosis. EHRs contain sensitive personal
information, including mental health diagnoses, treatments,
medications, and other intimate details about a patient’s
health. Protecting patient privacy is not only a legal
requirement but also a critical ethical obligation. In many
countries, data protection laws such as the Health Insurance
Portability and Accountability Act (HIPAA) in the United
States and the General Data Protection Regulation (GDPR)
in Europe set strict guidelines for the collection, storage, and
use of patient data (Balogun, Ogunsola & Ogunmokun, 2021,
Bristol-Alagbariya, Ayanponle & Ogedengbe, 2022). Al
developers must ensure that their models comply with these
regulations by implementing robust data protection
measures, such as de-identification or anonymization of
patient data, encryption of stored information, and secure
data access controls. Additionally, patients must be fully
informed about how their data will be used and give explicit
consent for its inclusion in Al-driven diagnostic models.
Obtaining consent for the use of sensitive mental health data
is particularly important, as patients may feel vulnerable
about how their personal health information is shared or
analyzed. Transparent communication about data usage,
along with strong consent mechanisms, will help foster trust
in Al systems and encourage their responsible use.

The issue of clinical resistance is another ethical challenge
when deploying Al models in mental health diagnosis.
Clinicians may be skeptical or resistant to incorporating Al
tools into their practice due to concerns about the accuracy of
predictions, the potential loss of human judgment, and the
fear of being replaced by machines. Mental health
professionals, in particular, may be wary of relying on Al for
diagnosing conditions that are inherently subjective and
deeply tied to the individual experiences of patients. Al
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models, regardless of their predictive power, cannot fully
replace the nuance and empathy that clinicians bring to their
interactions with patients. Al models can, however, serve as
valuable decision support tools by identifying patterns,
suggesting possible diagnoses, and helping clinicians make
more informed decisions. Overcoming resistance requires
ensuring that Al systems are seen as complementary to the
clinician’s expertise, not as a replacement. Education,
training, and continuous collaboration between Al
developers and healthcare professionals are essential to
building trust and acceptance. Moreover, involving clinicians
early in the development and testing phases of the Al system
will help ensure that the model meets their needs, addresses
their concerns, and aligns with the realities of clinical practice
(Adekunle, et al., 2021, Opia, Matthew & Matthew, 2022).
Regulatory compliance also plays a significant role in the
deployment of Al models for mental health diagnosis. In
many jurisdictions, Al-driven diagnostic tools must undergo
rigorous regulatory scrutiny to ensure that they meet safety,
efficacy, and performance standards. In the United States, for
example, Al-based tools that provide diagnostic
recommendations may be classified as medical devices by the
Food and Drug Administration (FDA) and must undergo
extensive clinical validation before they can be used in
practice (Ewim, et al., 2022, Ezeanochie, Afolabi &
Akinsooto, 2022). This process involves gathering evidence
to demonstrate that the model performs as intended and that
its predictions can reliably inform clinical decision-making.
Regulatory requirements may vary across regions, but all Al-
driven healthcare models must adhere to applicable standards
to ensure that they are safe, effective, and reliable.

Finally, the challenge of addressing ethical dilemmas arises
in balancing the benefits of Al in mental health diagnosis
with the potential harms. While Al has the potential to
improve diagnosis, reduce disparities, and optimize
treatment, it also introduces risks related to algorithmic bias,
the potential for misuse, and the lack of accountability for
erroneous predictions. Al developers must work to create
transparent, explainable, and accountable models that
mitigate these risks (Okeke, et al., 2022, Okolie, et al., 2022).
Additionally, patients must be informed of the limitations of
Al tools, including the potential for error and the importance
of human oversight in clinical decision-making.

In conclusion, the development of Al-powered predictive
models for mental health disorder diagnosis using EHRs
presents significant challenges and ethical considerations.
Data quality, bias, and generalizability must be carefully
addressed to ensure that the model performs well across
diverse patient populations and clinical settings. Privacy,
consent, and data governance are critical to protecting patient
information and ensuring ethical use of data. Overcoming
clinical resistance and ensuring regulatory compliance are
essential for gaining trust and ensuring the safe deployment
of Al models in real-world healthcare environments. By
addressing these challenges, Al can be leveraged to support
clinicians, improve patient outcomes, and drive more
equitable and efficient mental health care.

3. Conclusion and future work

The development of Al-powered predictive models for
mental health disorder diagnosis using Electronic Health
Records (EHRs) holds transformative potential for the future
of mental healthcare. Through the use of advanced machine
learning and natural language processing techniques, Al can
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improve diagnostic accuracy, enable earlier intervention, and
support personalized treatment plans, leading to better patient
outcomes. However, the process of deploying these models
in clinical settings requires careful consideration of
challenges such as data quality, ethical implications,
integration with clinical workflows, and acceptance by
healthcare providers. By addressing these challenges, Al
systems can become an essential tool in enhancing mental
health diagnosis and treatment.

Looking ahead, the future of Al in mental health diagnosis
lies in the integration of multimodal data sources, such as
wearable devices, genetic data, and social determinants of
health, alongside traditional EHR data. Wearable devices, for
example, can provide continuous, real-time monitoring of
patients' physical and emotional states, offering valuable
insights into their daily lives and mental health fluctuations.
Integrating this data with EHRs could allow for a more
comprehensive view of the patient’s health, enabling Al
models to make more accurate predictions and generate
personalized care recommendations. Additionally, the
inclusion of genomic data could reveal underlying genetic
predispositions to mental health disorders, allowing for
predictive models that incorporate both environmental and
genetic risk factors, offering a more holistic approach to
diagnosis and treatment.

Another promising direction for Al in mental health
diagnosis is the development of real-time monitoring and
adaptive learning systems. Al models that continuously learn
and adapt based on new data—whether from new clinical
encounters,  patient-reported  outcomes, or  even
environmental factors—can help clinicians stay ahead of
rapidly changing patient conditions. These adaptive learning
systems would allow Al models to evolve over time, refining
predictions as they are exposed to more data and insights
from real-world clinical settings. Real-time monitoring of
patients could also help identify acute episodes of mental
health crises, such as suicidal ideation or severe depressive
episodes, allowing clinicians to intervene in a timely manner,
preventing deterioration and improving patient outcomes.
Furthermore, as mental health issues transcend geographic
and cultural boundaries, Al systems must be designed with
cross-cultural and global applications in mind. The
symptoms, presentation, and treatment of mental health
disorders can vary significantly across cultures due to factors
such as language, social norms, and healthcare infrastructure.
Al models must be adaptable to these cultural differences to
ensure they are accurate and equitable across diverse
populations. Leveraging large, diverse datasets and
incorporating culturally sensitive approaches into Al models
will be essential in making mental health care accessible and
effective worldwide.

In summary, the key findings from the development of Al-
powered predictive models for mental health disorder
diagnosis emphasize the promise and challenges of
integrating Al into mental healthcare. Al systems can offer
unprecedented opportunities for improving diagnostic
accuracy, personalizing treatment plans, and providing real-
time insights into patient conditions. However, the successful
deployment of these models depends on overcoming
significant challenges related to data quality, model bias,
regulatory compliance, and clinician acceptance. As Al in
mental health continues to evolve, it is essential to focus on
interdisciplinary collaboration to bridge the gap between
technology, healthcare, and ethics.
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The implications for mental healthcare innovation are vast.
Al models have the potential to revolutionize mental health
diagnosis and care by reducing diagnostic delays, providing
more personalized care, and optimizing treatment plans. They
could be instrumental in addressing gaps in access to mental
health services, particularly in underserved regions where
mental health professionals are in short supply. Additionally,
Al can help identify patterns that human clinicians might
overlook, improving the accuracy and speed of diagnosis.
However, to fully realize this potential, it is crucial to ensure
that these models are not only scientifically robust but also
ethically sound, transparent, and inclusive.

For future work, a concerted effort is needed to refine and
expand Al models for mental health by incorporating diverse
data sources, addressing biases, and improving system
adaptability. Future research should focus on integrating
additional multimodal data, such as genetic information and
wearable data, to enhance predictive capabilities. Moreover,
real-time adaptive learning models that can adjust to new data
as it becomes available will be pivotal in keeping pace with
the dynamic nature of mental health conditions. Finally, the
development of Al tools that are culturally sensitive and can
be applied globally will be essential in ensuring that mental
health care can be optimized for diverse populations.

As we move forward, it is crucial that interdisciplinary
collaboration between Al researchers, mental health
professionals, ethicists, and policymakers continues to grow.
This collaboration will help ensure that Al tools are
developed and deployed in ways that prioritize patient well-
being, respect privacy, and address the complexities of
mental health care. By working together, we can build Al
systems that truly enhance mental health diagnosis and care,
making significant strides toward improving outcomes for
individuals worldwide.
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