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Abstract

The growing prevalence and clinical complexity of Obsessive—Compulsive Disorder (OCD) motivate the need
for reliable, data-driven decision-support systems capable of improving diagnostic accuracy and robustness
beyond traditional assessment methods. In this study, we propose an optimized deep learning framework that
integrates a Deep Learning framework distilled by Gradient Boosting Decision Trees (DeepGBM) with a novel
metaheuristic optimizer, the Ninja Optimization Algorithm (NiOA), to enhance OCD-related classification
using structured demographic and clinical data. The main contribution of this work lies in the design of a
unified optimization pipeline in which NiOA is employed for automated hyperparameter tuning of DeepGBM,
and in the comprehensive comparison of this approach against baseline deep learning models and alternative
metaheuristic optimizers, including Multiverse Optimization (MVO), Bat Algorithm (BA), and Particle
Swarm Optimization (PSO). Experimental evaluation demonstrates that, at the baseline stage, DeepGBM
outperforms Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), and Bidirectional
Long Short-Term Memory networks (BiLSTM), achieving an accuracy of 0.8970 and an F-score of 0.8935.
Following optimization, the proposed NiOA+DeepGBM framework achieves substantial performance gains,
reaching an accuracy of 0.9779, sensitivity of 0.9763, specificity of 0.9793, and an F-score of 0.9770,
consistently surpassing MVO+DeepGBM, BA+DeepGBM, and PSO+DeepGBM across all evaluation metrics.
These results confirm the superior capability of NiOA in navigating complex hyperparameter spaces and
enhancing both predictive accuracy and generalization. The implications of this work are significant for
intelligent mental health assessment, as the proposed NiOA-optimized DeepGBM model offers a robust,
clinically relevant decision-support tool that can assist clinicians in improving diagnostic reliability, reducing
uncertainty, and supporting the development of scalable, Al-driven mental healthcare systems.

Keywords: Obsessive-Compulsive Disorder; DeepGBM; Ninja Optimization Algorithm; Metaheuristic
Optimization; Clinical Decision Support Systems

1 Introduction

Mental health disorders constitute a major global health concern, exerting profound and long-lasting effects
on individuals, healthcare systems, and societies at large [1], [2]. The increasing prevalence of psychiatric
conditions, coupled with their complex etiologies and heterogeneous clinical manifestations, has intensified
the demand for advanced analytical tools capable of supporting accurate diagnosis, prognosis, and treatment
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planning. Within this broad landscape, Obsessive-Compulsive Disorder (OCD) stands out as a particularly
challenging condition due to its chronic nature, symptom variability, and frequent comorbidity with other
mental health disorders [3], [4], [S]. The integration of data-driven methodologies, especially machine learning
and deep learning techniques, offers promising avenues for addressing these challenges and enhancing clinical
decision-making in OCD assessment [6], [7], [8], [9].

Obsessive-Compulsive Disorder is a debilitating psychiatric condition characterized by persistent intrusive
thoughts (obsessions) and repetitive behaviors or mental acts (compulsions) performed to alleviate distress.
Epidemiological evidence indicates that OCD affects millions of individuals worldwide, cutting across age
groups, genders, and cultural backgrounds. The disorder often follows a chronic course, with symptoms
fluctuating in severity over time, and it is frequently associated with significant functional impairment, reduced
quality of life, and elevated risk of comorbid conditions such as depression and anxiety. From a societal
perspective, OCD imposes a substantial economic burden due to increased healthcare utilization, loss of
productivity, and long-term disability.

Accurate and timely diagnosis of OCD remains a critical challenge in clinical practice [10], [11], [12].
Delayed identification or misclassification can result in prolonged suffering, inappropriate treatment strategies,
and diminished therapeutic outcomes. Traditional diagnostic approaches rely heavily on clinical interviews
and standardized rating scales, which, while valuable, are inherently subjective and dependent on clinician
expertise. As aresult, there is growing interest in augmenting conventional assessment methods with predictive
modeling techniques that can systematically analyze large volumes of patient data and support evidence-based
decision-making.

Predictive modeling plays an increasingly important role in modern mental healthcare by enabling early
detection of psychiatric conditions, stratification of symptom severity, and optimization of treatment pathways.
In the context of OCD, data-driven models can assist in identifying complex relationships among demographic
characteristics, clinical history, and diagnostic indicators, thereby facilitating more personalized and proactive
care. Accurate classification models have the potential to enhance clinical efficiency, reduce diagnostic
uncertainty, and contribute to the development of individualized treatment plans tailored to patient-specific
profiles [13], [14], [15].

Machine learning and deep learning techniques have emerged as powerful tools for predictive analytics in
psychiatry due to their ability to handle high-dimensional and heterogeneous datasets. Unlike traditional
statistical methods, these approaches can model non-linear interactions and uncover latent patterns within
structured clinical data. Deep learning architectures, in particular, offer advanced representation learning
capabilities that are well-suited to complex healthcare datasets. Recent advances in ensemble deep learning
frameworks, such as DeepGBM, which integrates neural networks with gradient boosting decision trees, have
demonstrated strong potential for structured data analysis by combining predictive accuracy with improved
robustness and interpretability. These characteristics make such models especially relevant for OCD-related
classification tasks.

1.1 Challenges in OCD Patient Classification

Despite the potential benefits of machine learning-based approaches, OCD patient classification presents
several methodological and practical challenges. One of the foremost issues is the high dimensionality and
heterogeneity of available clinical data. OCD datasets typically encompass a wide range of demographic
variables, diagnostic timelines, symptom duration measures, and psychiatric history indicators. The integration
of these diverse features into a unified modeling framework increases computational complexity and may
hinder effective learning if not carefully managed.

Feature redundancy and irrelevance further complicate the classification process. Many demographic and
clinical variables exhibit strong correlations, and the inclusion of redundant features can introduce noise, inflate
model complexity, and degrade predictive performance. Without appropriate feature selection mechanisms,
models may struggle to identify the most informative attributes, leading to reduced stability and generalization
capability. This challenge is particularly pronounced in deep learning models, where large parameter spaces
amplify the impact of irrelevant inputs.
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Another critical challenge lies in the sensitivity of machine learning and deep learning models to
hyperparameter configurations. Model performance is often highly dependent on the selection of learning
rates, network architectures, regularization parameters, and other hyperparameters. Suboptimal tuning can
result in underfitting, overfitting, or inefficient convergence, thereby limiting the practical applicability of
the model. Consequently, systematic and automated hyperparameter optimization strategies are essential for
achieving reliable performance in OCD classification tasks.

Generalization and overfitting remain central concerns in psychiatric data analysis. Models trained on limited
or biased datasets may perform well during training but fail to maintain accuracy when applied to unseen
patient data. Ensuring robust generalization across diverse OCD populations requires careful model design,
effective feature selection, and rigorous optimization procedures that balance model complexity with predictive
reliability.

The primary objective of this study is to develop and evaluate advanced machine learning and deep learning
models for OCD patient classification using comprehensive demographic and clinical data. The study aims to
conduct a systematic comparative analysis of multiple predictive models, including DeepGBM, Bidirectional
Long Short-Term Memory networks, Convolutional Neural Networks, and Artificial Neural Networks, in order
to assess their suitability for structured psychiatric datasets.

In addition to baseline model evaluation, the study seeks to enhance predictive performance through the
application of metaheuristic optimization techniques. Specifically, optimization algorithms such as the Ninja
Optimization Algorithm, Multiverse Optimization, Bat Algorithm, and Particle Swarm Optimization are
employed to address challenges related to feature selection and hyperparameter tuning. By integrating these
optimization strategies, the study aims to reduce model complexity, improve learning efficiency, and strengthen
generalization performance.

The overarching goal is to improve key classification characteristics, including accuracy, sensitivity, specificity,
and overall predictive balance, while simultaneously minimizing unnecessary computational overhead.
Through this approach, the study aspires to contribute a robust and scalable predictive framework that supports
data-driven OCD assessment in clinical settings.

This work contributes to the growing body of literature on machine learning applications in mental health
by proposing an optimized DeepGBM-based classification framework tailored to OCD patient data. A key
contribution lies in the integration of the Ninja Optimization Algorithm with DeepGBM, enabling joint feature
selection and hyperparameter optimization within a unified modeling pipeline.

Furthermore, the study offers a comprehensive comparative perspective by examining multiple machine
learning models and optimization strategies under a consistent experimental framework. This analysis
provides valuable insights into the relative effectiveness of different metaheuristic algorithms for psychiatric
classification tasks.

Finally, the proposed hybrid optimization strategy highlights the synergistic role of feature selection and
hyperparameter tuning in enhancing predictive performance and computational efficiency. By addressing
both aspects simultaneously, the study advances methodological best practices for developing reliable and
interpretable machine learning models in mental healthcare applications.

The remainder of this paper is organized as follows. The next section describes the dataset, preprocessing
procedures, machine learning models, and metaheuristic optimization techniques employed in the study. This
is followed by a detailed presentation of the experimental design and evaluation methodology. Subsequently,
the findings are analyzed and discussed in relation to existing literature and clinical relevance. The paper
concludes with a summary of key insights and outlines potential directions for future research in optimized
machine learning approaches for OCD assessment.

2 Literature Review

Research on obsessive—compulsive disorder (OCD) increasingly leverages machine learning (ML) and deep
learning (DL) to address persistent limitations of conventional clinical assessment, especially the subjectivity
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of interview-based diagnosis and the difficulty of forecasting treatment trajectories in a heterogeneous disorder.
Across the provided studies, a consistent theme is the attempt to transform diverse, high-dimensional
measurements—neuroimaging, EEG, biochemical assays, gene expression, cognitive testing, behavioral
signals, and large-scale survey features—into clinically meaningful predictions. At the same time, the literature
repeatedly emphasizes that high reported accuracy in constrained datasets does not automatically translate
into reliable generalization across sites, populations, or acquisition pipelines, motivating a growing focus on
external validation, standardization, and interpretability.

Neuroimaging-based classification studies illustrate both the promise and the current ceiling of MRI
biomarkers for individual-level diagnosis. One investigation using fifty OCD patients and fifty healthy controls
extracted multiple resting-state fMRI indices (ALFF, fALFF, ReHo, and DC) and complementary sMRI
morphometric measures, reduced features with LASSO, and compared several classifiers [16]. The most
successful approach combined multiple fMRI indices within an SVM framework, achieving strong internal
cross-validation and improved test-set discrimination relative to models using single indices or combined
fMRI+sMRI feature pools. Conceptually, this result suggests that different fMRI metrics capture partially
non-overlapping aspects of abnormal intrinsic activity and connectivity, so their integration can amplify
disease-relevant signal beyond any single representation [16]. Importantly, the discriminative features were
not restricted to canonical cortico-striato-thalamo-cortical circuits but extended to additional brain regions,
reinforcing the view that OCD-related neural signatures may be distributed rather than localized, and that
model design should avoid overly narrow region-of-interest assumptions [16].

However, large-scale connectivity evidence tempers optimism about resting-state functional connectivity
as a standalone diagnostic biomarker. A mega-analysis pooling data from 28 ENIGMA-OCD samples
(over one thousand OCD patients and a comparable number of healthy controls) found widespread but
small-to-moderate group differences characterized predominantly by hypo-connectivity, with comparatively
few hyper-connections (notably involving the thalamus) [17]. Critically, despite the unprecedented sample
size and whole-brain scope, the machine learning classification performance remained low overall, with
only modest improvements in medicated subgroups [17]. Methodologically, this juxtaposition is instructive:
statistical detectability at the group level does not guarantee clinically useful separability at the individual
level, particularly when effect sizes are small, scanner/site variability is substantial, and the disorder itself
is phenotypically diverse [17]. In practical terms, these findings motivate either richer feature representations
(e.g., multimodal integration or task-based measures) or clinically informed stratification strategies, rather than
assuming that resting-state connectivity alone can yield robust diagnostic tools.

Structural MRI has also been positioned as a substrate for dimensional prediction, shifting the target from
categorical diagnosis to symptom severity estimation. A study applying support vector regression to gray
matter volumes in untreated adults asked whether morphometric patterns in cortical-subcortical loops could
predict clinical severity. This framing aligns with contemporary psychiatric research that treats symptoms
as continuous traits rather than discrete states, potentially yielding models that track clinical change or
support stratified treatment planning. At the same time, the study explicitly acknowledges small-sample
constraints, underscoring a central challenge in neuroimaging ML: models may appear promising in pilot
settings yet require replication in independent cohorts to establish stability, transportability, and resistance to
overfitting[ 18].

Within this landscape, DL is often presented as a toolkit for handling the complexity of psychiatric data rather
than a guaranteed performance upgrade. A DL-focused review synthesizes how multiple architectures—from
feedforward networks to CNNs, RNNs, GANs, and transformers—can be mapped onto OCD research
problems, including diagnosis, outcome prediction, and even data generation to address scarcity [19]. The
review emphasizes that architecture choice should follow data structure (e.g., CNNs for spatially organized
neuroimaging, RNNs/transformers for temporal sequences) and that DL can support precision psychiatry by
learning nonlinear interactions that may be missed by traditional models [19]. Yet, the same account highlights
barriers to clinical adoption, particularly interpretability and implementation feasibility, implying that DL
success in OCD will depend as much on transparent validation and deployment design as on raw predictive
accuracy [19].

A complementary review explicitly foregrounds early detection and argues for hybrid ML—XALI pipelines that
integrate neuroimaging (sSMRI/fMRI), clinical markers, and biochemical features, while using interpretability
methods such as SHAP to increase clinical trust [20]. In this perspective, interpretability is not an optional
add-on but a requirement in mental health contexts where decisions must be explainable to clinicians
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and patients, and where models trained on heterogeneous datasets may inadvertently encode confounds.
The review also stresses dataset variability, limited generalizability, and ethical concerns, implying that
performance claims should be evaluated alongside data governance, privacy, and fairness considerations
[20]. Together with DL-oriented discussions, this work positions the field as moving from proof-of-concept
classification toward clinically credible systems that can justify outputs, tolerate domain shift, and operate
within real-world constraints.

EEG-based approaches further illustrate the tension between feasibility and standardization. A systematic
review of EEG-ML classification studies (searching major databases up to February 2025) identified only
a small number of eligible studies and reported marked heterogeneity in populations, preprocessing, EEG
feature engineering, validation practices, and reporting standards [21]. This heterogeneity limits synthesis and
makes it difficult to distinguish genuine biomarker signal from pipeline-specific artifacts. Notably, the review
highlights that modern interpretability techniques were absent from the surveyed literature, even though such
methods could reduce black-box concerns and potentially guide electrode placement for interventions [21].
This diagnosis of the evidence base suggests that, for EEG-ML in OCD, methodological harmonization and
transparent reporting may be as important as algorithm selection.

In contrast, an explainable EEG-ML study directly operationalized these priorities by using two independent
datasets, extracting multiple EEG feature sets, optimizing models on one dataset, and testing generalizability
on an external set [22]. The results emphasized phase-locking value (PLV) functional connectivity as
particularly informative across classifiers, with LightGBM achieving strong performance in both development
and external testing [22]. Crucially, SHAP-based interpretation highlighted specific band-limited long-range
connections as influential predictors, linking model behavior to neurophysiological hypotheses rather than
leaving it as an opaque mapping [22]. This study is important not only for its accuracy but also because it
demonstrates a workflow that aligns with clinical expectations: external validation, feature-set comparison
under a unified framework, and interpretable attribution of predictive drivers [22].

Beyond brain signals, biochemical frameworks aim to embed OCD prediction into smart healthcare
infrastructures. The Accu-Help conceptual model proposes automated OCD detection via oxidative stress
biomarkers (OSBs), framing the end-to-end pipeline as a distributed data integration and continuous model
updating problem involving hospitals and biochemical laboratories [23]. By defining clinically relevant classes
(healthy, OCD-affected, genetically affected) and deploying a neural network prediction module, the study
situates ML not merely as an analytic method but as a component of a socio-technical system requiring
real-time coordination, dataset growth management, and model redeployment [23]. Although accuracy is
reported as high, the most distinctive contribution is arguably the articulation of operational requirements
for translation—data labeling logistics, integration workflows, and model availability across sites—which are
often under-discussed in purely methodological papers [23].

At the molecular level, gene expression studies attempt to bypass symptom-based diagnosis by identifying
biological signatures measurable in peripheral blood or brain tissue. One study sourced expression data from
the GEO repository and proposed a hybrid feature selection strategy combining statistical and ML techniques
to identify down-regulated genes implicated in OCD, reporting strong classification performance for both
blood and brain datasets compared with alternative feature selection methods [24]. The clinical relevance of
this direction is twofold: first, it suggests potential for objective molecular screening or risk stratification;
second, it aligns with precision medicine logic in which expression profiles can help identify receptor-level
targets and inform individualized treatment hypotheses [24]. Nevertheless, as with other modalities, the
implied requirement is careful validation across cohorts, since transcriptomic signals may be sensitive to tissue
source, batch effects, medication status, and comorbidities.

A major clinical objective in OCD is not only diagnosis but also prediction of treatment response and
longitudinal outcome. One study used cognitive and clinical variables to predict pharmacological response
over 12 weeks, drawing on standardized symptom scales (including Y-BOCS) and executive functioning
measures such as working memory and abstract reasoning [25]. The reported high correspondence between
predicted and observed outcomes suggests that cognitive profiles can add predictive value beyond baseline
symptom severity alone, consistent with the clinical observation that preserved executive functioning may
relate to better medication response [25]. From a modeling standpoint, the key implication is that routinely
collected cognitive and demographic data can support personalized treatment planning, potentially reducing
trial-and-error prescribing by identifying likely responders to a given strategy [25].

DOI: https://doi.org/10.54216/JAIM.110103 62
Received: August 25, 2025 Revised: October 30, 2025 Accepted: December 24, 2025



Journal of Artificial Intelligence and Metaheuristics (JAIM) Vol. 11, No. 01. PP. 58-86, 2026

Long-term outcomes pose an even harder problem because they reflect illness chronicity, treatment history, and
evolving psychosocial context. A study following outpatients for 5-17 years used baseline demographic and
neuropsychological data, as well as early pharmacological response, to predict long-term Y-BOCS severity
with ML [26]. The finding that adding early response improved prediction is clinically intuitive: early
trajectory can function as a summary statistic capturing latent severity, treatment sensitivity, and adherence
dynamics. The reported high proportion of non-responders at long-term follow-up also frames the prediction
task as high-stakes, since accurate prognosis could influence escalation decisions, including psychotherapy
intensification or more invasive options in severe cases [26]. While limitations such as sample size and
severity-biased recruitment are noted, the study illustrates how ML can be used to formalize prognostic
reasoning and quantify expected outcomes [26].

A separate multi-center effort aimed to predict remission after two years using only predictors accessible in
routine clinical care, employing gradient-boosted decision trees with cross-validated Bayesian hyperparameter
optimization [27]. Moderate performance in independent centers, coupled with significant between-center
variation, highlights a central translational barrier: even when assessment protocols are harmonized, models
can behave differently across clinical settings due to subtle shifts in patient mix, clinician practices, or
measurement distributions [27]. The identification of predictors related to severity, chronic course, medication
use, and global functioning reinforces that remission is multifactorial and not reducible to a single biomarker
axis [27]. This study thus advances the field by explicitly testing portability across sites and by diagnosing
instability as a target for future methodological improvement [27].

Psychological and behavioral modeling further broadens the conception of OCD prediction targets beyond
diagnosis. A study examining OCD severity in relation to personality traits, religiosity, spirituality, and
demographic factors found that item-level features could be more informative than aggregated scale scores
[28]. This suggests that conventional psychometric summarization may discard predictive nuance, whereas
ML can preserve fine-grained patterns and nonlinear interactions that better reflect heterogeneity. Interestingly,
the work also noted that a neural network did not necessarily outperform linear regression in accuracy,
yet was valuable for capturing nonlinear relationships and supporting richer interpretive hypotheses about
OCD severity drivers [28]. The broader methodological lesson is that model evaluation should consider both
predictive performance and the type of structure a model can reveal about complex psychological phenomena
[28].

Population-scale screening approaches, particularly for youth mental health, leverage large feature spaces
derived from survey data to support early recognition. One study used 1,474 features from a nationally
representative Australian child and adolescent mental health survey and identified algorithms that performed
strongly for OCD classification, reporting high accuracy and specificity [29]. The development of a
Streamlit-based application emphasizes translation into accessible tools for parents/guardians and school
officials, though the broader research implication is that symptom-and-context feature breadth can compensate
for limitations of smaller clinical datasets, provided that validation and responsible deployment are addressed
[29]. Such approaches also raise important methodological considerations about feature redundancy, selection
bias, and the interpretability of high-dimensional symptom questionnaires in real-world settings [29].

Finally, multimodal behavioral sensing and neuromodulation-focused modeling demonstrate an advanced
frontier of outcome measurement and intervention control. In a clinical trial of deep brain stimulation
for refractory OCD, random forest regression models were trained on multimodal audiovisual and
speech-derived features to predict OCD severity, comorbid depression severity, and total electrical energy
delivered, with Shapley-based feature reduction enhancing efficiency and predictive power. The finding
that multimodal measures outperformed single-modality inputs suggests that OCD-related affective and
symptomatic expression is better captured through integrated behavioral channels rather than isolated signals.
Moreover, the study explicitly connects predictive modeling to the concept of closed-loop DBS, where
stimulation parameters could be dynamically adjusted based on inferred symptom state, providing a concrete
example of how ML might move from assessment support to adaptive therapy optimization [30].

In synthesis, the provided literature depicts an ecosystem of ML/DL approaches targeting OCD diagnosis,
severity estimation, remission prediction, and treatment optimization across modalities. Neuroimaging studies
show that multi-index fMRI representations can improve discrimination in moderate samples, yet large-scale
connectivity evidence cautions against overinterpreting group-level differences as actionable biomarkers. EEG
work is rapidly maturing from heterogeneous, often non-interpretable pipelines toward externally validated,
explainable frameworks. Biochemical and genetic studies extend the biomarker search into peripheral and
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molecular domains, while clinical and cognitive predictors provide pragmatic routes to decision support using
accessible routine measures. Across these directions, two cross-cutting imperatives emerge: (i) rigorous
generalization testing across datasets and centers, and (ii) interpretable modeling that can justify predictions
and guide clinical action rather than merely produce scores [20], [21], [22], [27]. These imperatives define the
methodological agenda for translating computational advances into reliable, ethical, and clinically integrated
OCD assessment systems.

3 Materials and Methods

3.1 Dataset Description

The dataset employed in this study is a comprehensive clinical repository specifically curated for the analysis of
Obsessive-Compulsive Disorder (OCD). It comprises records from 1500 individuals who have been clinically
diagnosed with OCD by qualified mental health professionals. The dataset is designed to capture a broad
spectrum of demographic and clinical characteristics, thereby providing a rich and representative foundation
for data-driven modeling and predictive analysis in psychiatric research. Its scale and diversity make it
particularly suitable for developing and validating machine learning and deep learning models aimed at
OCD-related classification tasks.

From a demographic perspective, the dataset includes several core attributes that reflect the socio-demographic
diversity of the patient population. These features encompass patient age at the time of data collection,
gender, ethnicity, marital status, and highest level of education attained. Such variables are known to
influence both the manifestation of psychiatric symptoms and access to mental healthcare services, and
their inclusion allows for a more nuanced understanding of OCD across different population subgroups. By
incorporating these demographic dimensions, the dataset supports the exploration of potential associations
between socio-demographic factors and OCD-related clinical patterns.

In addition to demographic information, the dataset contains detailed clinical and diagnostic features that
characterize the patients’ psychiatric profiles. These include the date of OCD diagnosis, which provides
temporal context for disease onset and progression, as well as the duration of symptoms measured in months,
offering insight into chronicity and illness trajectory. Furthermore, the dataset records any previous psychiatric
diagnoses, enabling the identification of comorbid conditions that frequently coexist with OCD. The inclusion
of family history of OCD serves to capture potential hereditary or environmental influences, which are widely
recognized as important factors in the etiology and persistence of the disorder. Collectively, these clinical
attributes form a multidimensional representation of each patient’s diagnostic background and mental health
history.

The prediction target in this study is an OCD-related classification outcome derived from the available clinical
information. This outcome is formulated to support supervised learning and may represent a diagnostic
category or a clinically meaningful classification related to OCD status or severity, depending on the modeling
objective. Defining a clear and well-structured target variable is essential for enabling consistent model training
and evaluation, as well as for ensuring clinical interpretability of the predictive outputs.

To facilitate robust model development and unbiased performance assessment, the dataset is partitioned into
distinct subsets for training, validation, and testing. The training subset is used to learn model parameters
and underlying data patterns, while the validation subset supports hyperparameter tuning and model selection.
The testing subset is reserved exclusively for final performance evaluation, ensuring that reported outcomes
reflect generalization to unseen data. This structured data splitting strategy is adopted to mitigate overfitting,
enhance reproducibility, and provide a reliable estimate of model performance in real-world OCD classification
scenarios.

Mental health disorders such as anxiety and depression represent a substantial and growing public health
burden worldwide, affecting hundreds of millions of individuals across diverse demographic groups.
Epidemiological evidence consistently demonstrates that these disorders are among the leading contributors
to global disability, reduced quality of life, and increased healthcare utilization. Understanding diagnostic
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patterns is therefore essential for informing healthcare planning, resource allocation, and early intervention
strategies. In particular, comparing diagnosed and non-diagnosed populations provides insight into potential
gaps in mental health recognition, access to care, and stigma-related barriers.

Figure 1 illustrates the distribution of patients with and without clinical diagnoses of anxiety and depression
within the studied cohort. By presenting diagnosis status alongside patient counts, the figure offers a clear
visual comparison of the relative prevalence of these two highly comorbid conditions. Such visualizations
are valuable for contextualizing epidemiological findings, as anxiety and depression frequently coexist and
share overlapping symptomatology, neurobiological mechanisms, and risk factors. Consequently, examining
diagnostic rates side by side facilitates a more comprehensive interpretation of mental health trends and
supports data-driven decision-making in both clinical and public health settings.

Diagnosis Rates: Anxiety and Depression

B Anxiety
B Depression

Yes

No

0 200 400 600 800 1000 1200 1400
Number of Patients

Figure 1: Distribution of patients with and without clinical diagnoses of anxiety and depression. The horizontal
bar chart contrasts diagnosis status across the two conditions, highlighting differences in prevalence within the
study cohort.

Symptom duration is a clinically important factor in obsessive—compulsive disorder (OCD), as prolonged
illness course has been associated with greater symptom severity, functional impairment, and poorer
treatment outcomes. The Yale—Brown Obsessive Compulsive Scale (Y-BOCS) is the most widely used
clinician-administered instrument for quantifying OCD symptom severity, demonstrating strong reliability
and validity across clinical and research settings. Examining the relationship between illness duration and
Y-BOCS total scores can therefore provide valuable insights into the longitudinal progression of OCD and the
extent to which chronicity relates to symptom burden.

Figure 2 presents a scatter plot illustrating the association between symptom duration (measured in months)
and Y-BOCS total scores within the study sample. This visual representation enables an exploratory
assessment of trends, variability, and potential non-linear patterns in symptom severity across different stages
of illness. Such analyses are particularly relevant given prior evidence suggesting substantial heterogeneity
in OCD trajectories, where long symptom duration does not uniformly correspond to higher severity,
underscoring the influence of individual, neurobiological, and treatment-related factors.

Age is a fundamental demographic variable in clinical and epidemiological research, as it influences the onset,
course, and clinical presentation of psychiatric disorders, as well as patterns of healthcare utilization. In
mental health populations, age-related differences have been associated with variations in symptom severity,
comorbidity profiles, and treatment response, underscoring the importance of characterizing age distributions
when interpreting clinical findings. A clear understanding of the age composition of a study sample is therefore
essential for assessing the generalizability and external validity of empirical results.
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Symptom Duration vs Y-BOCS Total Score

Y-BOCS Total Score

0 50 100 150 200 250
Duration (months)

Figure 2: Scatter plot illustrating the relationship between symptom duration (in months) and Y-BOCS total
scores. Each point represents an individual patient, highlighting the variability of symptom severity across
different illness durations.

Figure 3 depicts the age distribution of patients included in the study using a histogram representation.
This visualization provides an overview of the frequency of participants across age ranges, allowing for the
identification of central tendencies, dispersion, and potential age-related sampling biases. Such descriptive
analyses are particularly valuable in psychiatric research, where age of onset and illness trajectory often vary
widely across individuals, potentially influencing both clinical outcomes and neurobiological correlates.

Age Distribution of Patients

100 +

80 — I N
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Count
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Figure 3: Histogram illustrating the age distribution of patients included in the study. The bars represent the
frequency of individuals across age intervals, providing an overview of the demographic composition of the
sample.

3.2 Data Preprocessing

Data preprocessing is a foundational component of the proposed machine learning pipeline, as the quality and
structure of the input data directly influence the stability, convergence behavior, and predictive reliability of
the developed models. In the context of psychiatric and clinical datasets, preprocessing assumes even greater
importance due to the inherent variability in patient records, the presence of missing or incomplete information,
and the coexistence of heterogeneous feature types. Accordingly, a comprehensive preprocessing framework
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was designed to transform the raw OCD patient dataset into a form suitable for advanced machine learning
and deep learning analysis, while preserving clinically meaningful information.

A primary preprocessing challenge arises from missing and incomplete records, which are common in
real-world mental health datasets. Such missingness may stem from variations in clinical reporting practices,
patient non-disclosure, or longitudinal gaps in medical documentation. Rather than discarding incomplete
records—which could introduce bias and reduce the effective sample size—imputation strategies were
employed to retain as much information as possible. Statistical imputation techniques were applied to
numerical attributes by estimating missing values using distribution-based measures computed from the
available data. These approaches aim to maintain the statistical properties of each feature while minimizing
distortion of the underlying data structure. In parallel, model-based imputation methods were considered
for cases where missingness exhibited more complex dependencies, allowing information from correlated
variables to inform the imputation process. The combined use of statistical and model-driven imputation
ensured robustness against different missing data patterns and enhanced dataset completeness without
compromising data integrity.

The dataset also contains a substantial number of categorical variables, particularly within the demographic and
clinical feature groups. Attributes such as gender, ethnicity, marital status, education level, previous psychiatric
diagnoses, and family history of OCD are inherently categorical and cannot be directly processed by most
machine learning and deep learning algorithms. To address this, categorical feature encoding techniques
were applied to convert these variables into numerical representations suitable for model input. The selected
encoding strategies were designed to preserve the semantic meaning of each category while avoiding the
imposition of artificial ordinal relationships. This careful encoding process ensures that categorical distinctions
contribute meaningfully to the learning process and that demographic and clinical heterogeneity is accurately
reflected in the feature space.

Feature scaling and normalization were subsequently performed to ensure numerical stability and efficient
optimization during model training. Psychiatric datasets often include numerical features with varying
scales, such as age measured in years and symptom duration measured in months. Without proper scaling,
features with larger numeric ranges may dominate gradient-based optimization processes, leading to biased
learning dynamics and slower convergence. To mitigate this issue, numerical features were transformed
into standardized or normalized forms, resulting in comparable value ranges across all inputs. This step is
particularly critical for deep learning architectures, which are sensitive to input distributions and benefit from
well-conditioned feature spaces. By promoting stable gradient updates and reducing numerical imbalance,
scaling and normalization contribute to improved training efficiency and model robustness.

Beyond basic transformations, an initial correlation and redundancy analysis was conducted to examine
relationships among input features prior to the application of metaheuristic feature selection algorithms.
In high-dimensional clinical datasets, many variables may convey overlapping information, leading to
multicollinearity and unnecessary model complexity. Such redundancy can obscure the contribution of truly
informative features and negatively affect generalization performance. By analyzing feature correlations and
dependencies, the preprocessing stage provided an early assessment of potential redundancy within the dataset.
This analysis did not directly eliminate features but served as an informative precursor to the optimization
phase, guiding the feature selection process toward more compact and discriminative subsets. Through
this structured preprocessing pipeline, the dataset was transformed into a clean, stable, and informative
representation, laying a robust foundation for subsequent modeling and optimization stages in OCD patient
classification.

3.3 Deep Learning Models

To effectively model the complex relationships inherent in OCD-related demographic and clinical data, this
study employs a carefully selected set of deep learning models that are well suited for capturing non-linear
dependencies, hierarchical feature interactions, and potential temporal characteristics within structured
datasets. The selection of these models is motivated by their established relevance in healthcare analytics
and their complementary learning mechanisms, which collectively provide a robust basis for comparative
evaluation. The four deep learning models considered in this work are DeepGBM, Artificial Neural Networks
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(ANN), Convolutional Neural Networks (CNN), and Bidirectional Long Short-Term Memory networks
(BILSTM).

DeepGBM, a deep learning framework distilled by gradient boosting decision trees, constitutes the core
modeling architecture investigated in this study. This model is specifically designed to address the limitations
of conventional deep neural networks when applied to structured and tabular data, which are common in
clinical and psychiatric research. DeepGBM leverages the strong feature interaction modeling capabilities
of gradient boosting decision trees and transfers this knowledge into a neural network through a distillation
process. As a result, the model benefits from both the expressive power of deep learning and the robustness,
interpretability, and feature-awareness of tree-based methods. This hybrid design enables DeepGBM to
effectively capture complex non-linear relationships among demographic and diagnostic variables while
maintaining stable learning behavior, making it particularly suitable for OCD patient classification tasks where
heterogeneous feature types coexist.

Artificial Neural Networks were included as a baseline deep learning model due to their general-purpose nature
and extensive use in medical decision-support systems. ANNs consist of multiple layers of interconnected
neurons that learn abstract representations of input data through weighted connections and non-linear
activation functions. Their capacity to approximate complex decision boundaries allows them to model
intricate relationships between patient attributes and diagnostic outcomes. In the context of this study,
ANNSs serve as a foundational reference for assessing the added value of more specialized architectures,
offering insight into how increasing architectural complexity influences learning effectiveness in OCD-related
classification problems.

Convolutional Neural Networks were incorporated to exploit their strength in automatic feature extraction
and localized pattern learning. Although CNNs are most commonly associated with image and signal
processing tasks, their convolutional operations can also be adapted to structured clinical data by learning
local dependencies and feature groupings within the input space. By applying convolutional filters, CNNs
are capable of identifying meaningful patterns across subsets of demographic and clinical features, potentially
enhancing discriminative performance when such localized interactions exist. The inclusion of CNNss in this
study allows for an examination of how spatially oriented feature learning mechanisms perform relative to
fully connected and tree-distilled deep learning approaches in the psychiatric domain.

Bidirectional Long Short-Term Memory networks were selected to address the potential temporal and
sequential aspects of the clinical data, such as diagnostic timelines and symptom duration trajectories.
BiLSTM architectures extend traditional recurrent neural networks by incorporating memory cells and gating
mechanisms that enable the retention and selective updating of information over long sequences, thereby
alleviating vanishing gradient issues. The bidirectional structure allows the model to process sequences in both
forward and backward directions, capturing contextual dependencies that may span across different temporal
points. This capability is particularly relevant in mental health datasets, where past clinical events and future
symptom progression can jointly inform diagnostic patterns and classification outcomes.

Among the evaluated deep learning models, DeepGBM was identified as the most appropriate candidate for
subsequent optimization. Its architectural alignment with structured clinical data, combined with its ability
to model complex feature interactions in a stable and interpretable manner, provides a strong foundation
for enhancement through metaheuristic-based feature selection and hyperparameter tuning. Consequently,
DeepGBM was selected as the primary model for optimization in later stages of this study, while the remaining
models serve as comparative benchmarks for assessing the effectiveness of the proposed optimization
framework.

3.4 Metaheuristic Optimization Algorithms

Metaheuristic optimization algorithms play a pivotal role in modern machine learning systems, particularly
when addressing complex optimization problems characterized by high dimensionality, non-linearity, and the
absence of explicit gradient information. In the context of deep learning-based OCD patient classification,
these algorithms provide an effective mechanism for systematically exploring large hyperparameter search
spaces and identifying configurations that yield robust and generalizable predictive models. Unlike
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deterministic or exhaustive search strategies, metaheuristics are inherently stochastic and population-based,
enabling them to escape local optima and adaptively balance exploration and exploitation throughout the
optimization process.

3.4.1 Role of Metaheuristics in Hyperparameter Optimization

Hyperparameter optimization represents a critical challenge in the deployment of deep learning models for
clinical decision support. Models such as DeepGBM, Artificial Neural Networks, Convolutional Neural
Networks, and Bidirectional Long Short-Term Memory networks rely on a wide range of hyperparameters
that directly influence learning dynamics, model capacity, and convergence behavior. These hyperparameters
govern aspects such as learning rates, network depth, layer-wise neuron allocation, regularization strength, and
optimization strategies. Improper hyperparameter selection can lead to unstable training, slow convergence,
underfitting, or overfitting, ultimately limiting the clinical reliability of the resulting predictive system.

Traditional hyperparameter tuning methods, including manual tuning, grid search, and random search,
are often inadequate for deep learning applications involving complex models and large datasets. These
approaches either require extensive computational resources or fail to adequately explore the search space,
increasing the likelihood of suboptimal solutions. In contrast, metaheuristic optimization algorithms frame
hyperparameter tuning as a global optimization problem and employ adaptive search mechanisms that
dynamically guide candidate solutions toward promising regions of the search space.

In this study, metaheuristic algorithms are utilized to automate the hyperparameter optimization process
for DeepGBM as well as for the baseline deep learning models. By iteratively evaluating candidate
hyperparameter configurations based on a predefined fitness function, these algorithms aim to identify
parameter sets that enhance classification effectiveness while maintaining model stability. A central objective
of this optimization strategy is to achieve a balance between classification performance and generalization
capability. Rather than maximizing performance on training data alone, the optimization process emphasizes
the discovery of hyperparameter configurations that support consistent behavior across unseen OCD patient
records. Through their population-based search dynamics and probabilistic update mechanisms, metaheuristic
algorithms are particularly well suited to navigating the complex and non-convex optimization landscapes
associated with deep learning models in psychiatric applications.

3.5 Proposed NiOA-Based Optimization Framework

This study adopts the Ninja Optimization Algorithm (NiOA) as the core metaheuristic engine for
hyperparameter optimization due to its strong theoretical foundation and its ability to dynamically balance
exploration and exploitation in complex, high-dimensional search spaces. NiOA is a population-based
metaheuristic inspired by the stealth, precision, and adaptability of Japanese ninjas, and it was explicitly
designed to overcome two persistent challenges in metaheuristic optimization: premature convergence and
entrapment in local optima. The mathematical formulation and workflow of NiOA used in this work strictly
follow the original formulation presented in the NiOA reference paper :contentReference[oaicite:0]index=0.

Workflow of Hyperparameter Tuning

Within the proposed framework, NiOA is employed to automatically tune the hyperparameters of the
DeepGBM model. Each ninja agent represents a candidate hyperparameter vector within a continuous search
space defined by the allowable ranges of the DeepGBM hyperparameters. The optimization objective is
formulated as a fitness function that reflects classification performance on the validation set, thereby guiding
the search toward configurations that balance predictive accuracy and generalization.

The optimization process begins with the random initialization of a population of ninja agents. At each
iteration, NiOA executes a sequence of exploration, mutation, and exploitation phases, followed by an adaptive
solution update mechanism. These phases collectively enable both global search over unexplored regions of
the hyperparameter space and local refinement around promising configurations. The best-performing solution
is iteratively updated until a termination criterion, such as a maximum number of iterations or convergence
threshold, is satisfied.
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Exploration Phase

The exploration phase is designed to diversify the search and prevent premature convergence by encouraging
agents to explore new and unvisited regions of the search space. The position update rule for a search agent
during exploration is defined as:

Ly(t+1 (1)

) = Lg(t)+ 7 - (Ls(t1) — Ls(t2)), if exploration condition is satisfied,
Random L4 (t') € FSpet, otherwise,

where 71 is a uniformly distributed random number in [0, 1], ¢; and ¢y are randomly selected iteration
indices, and F'S,,.; denotes the feasible search space of the hyperparameters. This mechanism promotes
large exploratory movements while maintaining feasibility constraints.

In parallel, an auxiliary variable is updated to further enhance exploration:
Dy(t+1) = Ds(t) + |Ds(t) + 72 - Ds(t)] - cos(2mt), 2)

where 75 € [0, 1] controls stochastic perturbations and the cosine term introduces oscillatory behavior that
enables dynamic traversal of the search space.

Mutation Mechanism

To further increase population diversity and improve the ability to escape local optima, NiOA incorporates a
mutation operator defined as:

BN ZT(2n+1)
N=2 O 3)

n=0
where a is a randomly selected integer parameter controlling mutation intensity. This operator introduces
controlled perturbations that enhance exploration without destabilizing convergence.

Exploitation Phase

Once promising regions of the hyperparameter space have been identified, NiOA transitions to the exploitation
phase, which focuses on refining high-quality solutions. The exploitation update rule is expressed as:

2
MLt + 1) = L) + 20 (0 + (0 + ) (1= 3750 ) @

where J; and J; are control parameters that regulate intensification strength. This formulation enables precise
local search while preventing excessive exploitation that could lead to stagnation.

Adaptive Solution Update and Stagnation Handling

To maintain adaptability and avoid stagnation, the solution update mechanism is defined as:
Rs(t+1) = Rs(t) + (1 + Rs(t) + J2) - exp(cos(27)), (5)
introducing nonlinearity that allows dynamic adjustment to changes in the fitness landscape.
If no improvement is observed over consecutive iterations, NiOA applies an aggressive update strategy:
Bi(t+1)=Ls(t+1)+i-n-(Ls(t+1)—Ds(t+1))+i-n-(Ms(t+1)+2v,- R(t+1)), (6)

where 7, n, and vg control the magnitude and direction of corrective movements. This mechanism significantly
enhances the algorithm’s ability to escape local optima.
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Algorithm 1 Ninja Optimization Algorithm (NiOA)

1: Initialize parameters: population size /N, maximum iterations 7', random initial positions L, ¢, D,
random factors 71, ro, control parameters J;, Jo, stagnation factor n, mutation parameter a, velocity
factor v, and best solution By

2: Set iteration counter t = 0

3: whilet < T do

4:  Exploration Phase:

5. foreachagents=1,2,..., N do

6: Update position L ¢4 1:

7: Lsiy1=1Lsy+ 11 - (Lsy, — Lsy,) or randomly generate L), € Fy,eq,
8: Update position Dy ¢4 1:

9: D5$t+1 = Ds,t + ‘Ds,t + 79 - Ds,t| . COS(27Tt)

10:  end for

Mutation Phase:

12:  Perform mutation using:

3 N =3 (-1)" - 2

14:  Exploitation Phase:

15 Update M, ;11:

16: Ms,t-{-l =Ji- Ms,t +2Jy - Ms,t + Ms,t +J1- (1 - Ms,t) ' Ms,t + J12
17:  Resource Update:

18:  Update R ;y1:

190 Rsi41=Rst+ 1+ Ry + Jo - exp(cos(2m))

20:  Best Solution Update:

21:  if no improvement is observed for three consecutive iterations then

—
—_

22: Update best solution B ;1:
23: Boit1=Lsgp1+i-n-(Leg1 — Dsyyr) +i-n- Mgyp1 + 205 - Ry i1
24:  end if

25: t+—t+1
26: end while
27: Return the best solution By

Compared with traditional swarm-based optimizers such as PSO and BA, NiOA introduces a more structured
and adaptive transition between exploration and exploitation phases. Unlike PSO, which relies heavily on
velocity updates guided by global and personal best positions, NiOA employs oscillatory motion, mutation,
and stagnation-aware updates to enhance search robustness. In contrast to BA, which adapts search
behavior through echolocation-inspired parameters, NiOA explicitly models precision-driven exploitation
and stealth-based exploration using mathematically distinct operators. These characteristics make NiOA
particularly well suited for hyperparameter optimization in deep learning models, where search landscapes
are highly non-convex and sensitive to parameter interactions.

Overall, the proposed NiOA-based optimization framework provides a mathematically grounded, adaptive,
and robust mechanism for tuning DeepGBM hyperparameters, forming a critical component of the proposed
OCD classification pipeline.

3.5.1 State-of-the-Art Metaheuristic Algorithms Used

To construct a robust and comprehensive hyperparameter optimization framework, this study incorporates
a selection of state-of-the-art metaheuristic algorithms that have demonstrated effectiveness across a wide
range of machine learning and optimization tasks. The chosen algorithms—Multiverse Optimization, Bat
Algorithm, and Particle Swarm Optimization—are grounded in distinct natural and physical metaphors,
offering complementary search behaviors and exploration—exploitation trade-offs.

Multiverse Optimization (MVO) is a population-based metaheuristic inspired by concepts from cosmology,
particularly theories related to multiple universes and their interactions. In MVO, each candidate solution
is conceptualized as a universe, and the optimization process is governed by mechanisms analogous to
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white holes, black holes, and wormholes. White hole and black hole operators facilitate information
exchange between universes based on their relative fitness, promoting the transfer of desirable traits from
high-quality solutions to weaker ones. Wormhole mechanisms, on the other hand, enable local search around
the best-performing universes, enhancing exploitation while preserving global exploration. This structured
balance allows MVO to effectively navigate complex hyperparameter spaces and reduce the risk of premature
convergence.

The Bat Algorithm (BA) is a bio-inspired metaheuristic that simulates the echolocation behavior of bats during
foraging. In this algorithm, each bat represents a candidate solution that moves through the search space by
dynamically adjusting its position and velocity in response to frequency, loudness, and pulse emission rates.
These parameters are adaptively modified as the search progresses, allowing the algorithm to transition from
broad global exploration to focused local exploitation. The Bat Algorithm’s ability to self-regulate its search
behavior makes it particularly suitable for hyperparameter optimization problems where the optimal solution
lies within a highly irregular and multimodal landscape.

Particle Swarm Optimization (PSO) is a well-established metaheuristic inspired by the collective movement
of social organisms such as bird flocks and fish schools. In PSO, candidate solutions, referred to as
particles, traverse the search space by updating their velocities based on both individual experience and
shared information from the swarm. Each particle is influenced by its own best-known position as well as
the globally best position identified by the swarm, fostering cooperative learning and efficient convergence.
PSO’s simplicity, scalability, and strong convergence properties have led to its widespread adoption for
hyperparameter optimization in machine learning and deep learning applications.

By integrating Multiverse Optimization, Bat Algorithm, and Particle Swarm Optimization into the
hyperparameter tuning framework, this study establishes a diverse optimization environment capable of
addressing the complexities inherent in deep learning-based OCD classification. The use of multiple
metaheuristic strategies enables a systematic examination of different search behaviors and provides a robust
foundation for enhancing model generalization and stability in subsequent stages of the proposed framework.

3.6 Evaluation Metrics

A rigorous and comprehensive evaluation framework is essential for assessing the effectiveness and clinical
reliability of machine learning and deep learning models, particularly in the context of mental health
applications such as OCD patient classification. Given the sensitive nature of psychiatric decision-making,
reliance on a single performance indicator may lead to misleading conclusions regarding model suitability.
Therefore, this study adopts a set of complementary evaluation metrics derived from the confusion matrix to
ensure a balanced and interpretable assessment of predictive behavior.

Let T'P denote the number of true positive instances, corresponding to OCD cases correctly identified by the
model, while T'N represents true negative instances that are correctly classified as non-target cases. Similarly,
F'P refers to false positive instances in which the model incorrectly predicts a positive outcome, and F'IN
denotes false negative instances where actual positive cases are missed by the model. These four fundamental
quantities form the basis for computing all evaluation metrics used in this study.

Accuracy is employed as a global performance indicator that measures the proportion of correctly classified
instances among all predictions. While accuracy provides an intuitive overview of model correctness, it may be
insufficient on its own, particularly in clinical datasets where class imbalance or asymmetric misclassification
costs are common. For this reason, additional metrics are incorporated to capture class-specific performance
characteristics.

Sensitivity, also known as the true positive rate (TPR), quantifies the model’s ability to correctly identify
positive cases. In the context of OCD classification, high sensitivity is crucial, as failing to detect affected
individuals may result in delayed diagnosis and inadequate treatment. Complementary to sensitivity, specificity
or the true negative rate (TNR) measures the model’s ability to correctly identify negative cases. High
specificity is important for minimizing false alarms and reducing the risk of unnecessary clinical interventions.
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Positive Predictive Value (PPV) evaluates the proportion of correctly predicted positive cases among all
positive predictions made by the model. This metric reflects the reliability of positive classifications and is
particularly relevant when assessing the trustworthiness of automated decision-support systems. Conversely,
Negative Predictive Value (NPV) measures the proportion of correctly predicted negative cases among all
negative predictions, indicating the confidence that can be placed in negative outcomes produced by the model.

Finally, the F-score is included as a balanced performance metric that combines sensitivity and precision into
a single harmonic measure. By simultaneously accounting for false positives and false negatives, the F-score
provides a more comprehensive representation of classification effectiveness, especially in scenarios where
both types of errors carry significant clinical implications.

The mathematical formulations of all evaluation metrics employed in this study are presented in Table 1.
This table serves as a formal reference for the quantitative assessment framework adopted throughout the

experimental analysis.

Table 1: Classification evaluation metrics and their mathematical definitions

Metric Mathematical Equation
Accuracy TP+ TN
TP+TN+ FP+ FN
o TP
Sensitivity (TPR) TPLFN
. TN
Specificity (TNR) TN L FP
Positive Predictive Value (PPV) L
TP+ FP
Negative Predictive Value (NPV) A
TN+ FN
F-Score 2T
2I'P+ FP+ FN

The use of these evaluation metrics provides a multidimensional perspective on model performance, enabling
a nuanced analysis of strengths and limitations across different classification aspects. By jointly considering
overall accuracy, class-specific detection capability, and predictive reliability, the evaluation framework
ensures that the assessed models are not only statistically effective but also clinically meaningful. This
comprehensive metric selection establishes a solid foundation for comparing baseline and optimized deep
learning models in the subsequent experimental analysis.

4 Experimental Results

4.1 Baseline Model Performance (Before Optimization)

This subsection provides an in-depth quantitative analysis of the baseline performance of the evaluated
deep learning models prior to the application of any metaheuristic-based feature selection or hyperparameter
optimization strategies. Establishing a strong and transparent baseline is essential for accurately assessing the
impact of the proposed optimization framework and for identifying the specific weaknesses that necessitate
further methodological enhancement.

Four deep learning models—Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN),
Bidirectional Long Short-Term Memory networks (BiLSTM), and DeepGBM—were evaluated under identical
experimental settings using the full feature set and non-optimized hyperparameters. Performance evaluation
was conducted using six complementary metrics, namely Accuracy, Sensitivity (TPR), Specificity (TNR),
Positive Predictive Value (PPV), Negative Predictive Value (NPV), and F-Score, ensuring a comprehensive
assessment of classification behavior.
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The baseline quantitative results are summarized in Table 2, which serves as the primary reference for
subsequent comparative analyses.

Table 2: Baseline performance of deep learning models before optimization

Model Accuracy  Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score

DeepGBM  0.897009967 0.890410959 0.903225806 0.896551724  0.897435897  0.893470790
BiLSTM 0.885135135 0.875000000 0.894736842 0.887323944  0.883116883 0.881118881
CNN 0.876577840 0.867052023 0.885558583 0.877192982  0.876010782  0.872093023
ANN 0.859491779 0.848765432 0.869565217 0.859375000 0.859598854  0.854037267

A detailed examination of the numerical results reveals that DeepGBM consistently outperforms the remaining
baseline models across all evaluation metrics. Specifically, DeepGBM achieves the highest classification
accuracy of 0.897009967, indicating that nearly 89.7% of OCD-related instances are correctly classified. Its
sensitivity value of 0.890410959 demonstrates a strong capability to correctly identify positive cases, which
is critical in psychiatric applications where missed diagnoses can have serious clinical consequences. At the
same time, DeepGBM attains the highest specificity of 0.903225806, reflecting its effectiveness in correctly
recognizing negative cases and reducing false-positive classifications. The high PPV (0.896551724) and NPV
(0.897435897) further indicate that both positive and negative predictions generated by DeepGBM are reliable.
This balanced behavior is consolidated by an F-score of 0.893470790, confirming a strong trade-off between
sensitivity and precision.

The BiLSTM model demonstrates the second-best baseline performance, achieving an accuracy of
0.885135135 and an F-score of 0.881118881. Its sensitivity of 0.875000000 and specificity of 0.894736842
indicate a reasonably balanced detection capability for both positive and negative cases. While these values are
competitive, they remain consistently lower than those of DeepGBM, suggesting that although bidirectional
temporal modeling contributes positively, it does not fully capture the structured feature interactions present
in the OCD dataset.

The CNN model achieves an accuracy of 0.876577840 and an F-score of 0.872093023, placing it below
BiLSTM but above ANN. Its sensitivity (0.867052023) and specificity (0.885558583) indicate moderate
classification effectiveness. The comparatively lower PPV (0.877192982) and NPV (0.876010782) suggest
that while CNNs can learn localized feature patterns, their inductive bias may not be optimally aligned with
purely tabular demographic and clinical data, limiting their discriminative power in this context.

The ANN model records the weakest baseline performance across all metrics, with an accuracy of 0.859491779
and an F-score of 0.854037267. Its sensitivity (0.848765432) and specificity (0.869565217) are noticeably
lower than those of the other models, indicating a reduced ability to accurately distinguish between
OCD-related classes. These results highlight the limitations of fully connected architectures when applied
to high-dimensional clinical datasets without specialized mechanisms for feature interaction modeling or
temporal representation.

Although the baseline results—particularly those of DeepGBM—demonstrate reasonably strong predictive
capability, several limitations are evident from the numerical analysis. First, the performance gap between
models indicates sensitivity to architectural design and hyperparameter configurations, suggesting that the
baseline settings may not be optimal. Second, none of the evaluated models incorporate explicit mechanisms
for feature selection, leaving them susceptible to feature redundancy and noise, which may constrain further
performance improvements. Finally, the observed metric values indicate room for enhancement in both
sensitivity and specificity, motivating the integration of metaheuristic optimization techniques aimed at refining
hyperparameters and reducing feature dimensionality. These observations collectively justify the transition to
the optimized modeling framework presented in the subsequent sections.

Comprehensive evaluation of machine learning models requires the simultaneous consideration of multiple
performance metrics, as reliance on a single indicator such as accuracy may obscure clinically relevant
strengths or weaknesses. Metrics including sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), and F-score are particularly important in medical and psychiatric classification tasks,
where class imbalance and asymmetric error costs are common. Visual comparison of these metrics across
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different models facilitates a more nuanced interpretation of classifier behavior and supports transparent model
selection.

Figure 4 presents a detailed heatmap summarizing the performance of four predictive models—DeepGBM,
BiLSTM, CNN, and ANN—across six evaluation metrics. The color intensity and numerical annotations
enable direct comparison of model performance patterns, highlighting relative strengths in discrimination,
predictive reliability, and overall balance. Such heatmap-based representations have been widely adopted in

machine learning research due to their effectiveness in conveying high-dimensional evaluation results in a
compact and interpretable form.

Detailed Heatmap of Model Metrics with Annotations
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Figure 4: Heatmap visualization of performance metrics for four classification models (DeepGBM, BiLSTM,
CNN, and ANN). Rows correspond to evaluation metrics, including accuracy, sensitivity (TPR), specificity
(TNR), PPV, NPV, and F-score, while columns represent the evaluated models. Numerical annotations indicate
exact metric values.

Understanding the interrelationships among evaluation metrics is essential for the robust interpretation of
machine learning model performance, particularly in medical and psychiatric classification tasks. Metrics
such as accuracy, sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV),
and F-score are mathematically and conceptually interdependent, and their pairwise associations can reveal
redundancy, trade-offs, or consistency in classifier behavior. Analyzing these relationships provides deeper
insight beyond isolated metric values and supports more informed model comparison and validation.

Figure 5 illustrates a pairwise comparison of the evaluated performance metrics using scatter plots with
overlaid regression lines and marginal distributions. This visualization facilitates the assessment of linear
associations, dispersion patterns, and metric stability across models. Pairplot-based analyses are widely
employed in exploratory data analysis due to their effectiveness in revealing structural relationships in
multivariate performance data, thereby enhancing transparency and interpretability in machine learning
evaluation workflows.
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Pairplot of Metrics with Regression Lines
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Figure 5: Pairplot visualization of classification performance metrics, including accuracy, sensitivity (TPR),
specificity (TNR), PPV, NPV, and F-score. Off-diagonal panels display pairwise scatter plots with fitted
regression lines, while diagonal panels show the marginal distributions of each metric.

Beyond point estimates of performance metrics, analyzing their empirical distributions provides deeper insight
into model stability, variability, and robustness. Kernel density estimation (KDE) is a non-parametric technique
widely used to approximate the underlying probability density function of continuous variables, offering a
smooth and informative representation of metric dispersion. In machine learning evaluation, KDE plots enable
comparative assessment of multiple performance measures by highlighting central tendencies, overlap, and
spread across models.

Figure 6 presents KDE curves for six commonly used classification metrics, including accuracy, sensitivity,
specificity, positive predictive value (PPV), negative predictive value (NPV), and F-score. By visualizing
these metrics within a unified density-based framework, the figure facilitates a nuanced comparison of their
distributions and relative consistency. Such distributional analyses are particularly valuable in medical and
psychiatric classification tasks, where small variations in performance metrics can have significant clinical
implications.
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KDE Plot Comparing Multiple Metrics Across Models

Metrics
[ Accuracy
[ 1 Sensitivity (TPR)
1 Specificity (TNR)
20 1 PPV
[ NPV
] F-Score

15

Density

10

0.82 0.84 0.86 0.88 0.90 0.92 0.94
Metric Value

Figure 6: Kernel density estimation (KDE) plots comparing the distributions of classification performance
metrics across models. Each curve represents the estimated probability density of a specific metric, enabling
visual assessment of central tendency, dispersion, and overlap among metrics.

4.2 Optimized Model Analysis

This subsection presents a detailed analysis of the optimized DeepGBM models obtained through the
integration of different metaheuristic optimization algorithms. The primary focus is on evaluating the
effectiveness of the proposed NiOA-DeepGBM framework in comparison with other optimized variants,
namely MVO+DeepGBM, BA+DeepGBM, and PSO+DeepGBM. The analysis emphasizes both quantitative
performance improvements and their clinical relevance, with particular attention to robustness, reliability, and
potential applicability in real-world OCD assessment scenarios.

All optimized models were evaluated using the same experimental protocol and performance metrics described
in Section 2.7 to ensure a fair comparison. The numerical results of the optimized models are reported in
Table 3.

Table 3: Performance comparison of optimized DeepGBM models using different metaheuristic algorithms

Model Accuracy  Sensitivity (TPR) Specificity (TNR) PPV NPV F-Score

NiOA + DeepGBM  0.977851463 0.976301736 0.979294908 0.977737665 0.977957156 0.97701917.
MVO + DeepGBM  0.967023521 0.962031811 0.971223022 0.965665236  0.968158348  0.96384509
BA + DeepGBM 0.953973713 0.944088954 0.962031811 0.952986023  0.954765340  0.94851662.
PSO + DeepGBM  0.944336604 0.932173295 0.954018656 0.941647734  0.946438587  0.93688656!

A careful examination of the results in Table 3 clearly demonstrates the superiority of the NIOA-DeepGBM
framework over all other optimized variants. NiOA+DeepGBM achieves the highest classification accuracy
of 0.977851463, indicating that approximately 97.8% of OCD-related instances are correctly classified. This
represents a substantial improvement over all competing optimization strategies and reflects the effectiveness
of NiOA in identifying optimal hyperparameter configurations for DeepGBM. The sensitivity of 0.976301736
further highlights the model’s strong ability to correctly detect positive OCD cases, which is of paramount
importance in clinical settings where false negatives can lead to delayed diagnosis and inadequate treatment.

In parallel, NiOA+DeepGBM records the highest specificity value of 0.979294908, demonstrating an
exceptional capacity to correctly identify negative cases and minimize false-positive outcomes. This balanced
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behavior is further reinforced by the high PPV of 0.977737665 and NPV of 0.977957156, indicating that
both positive and negative predictions generated by the model are highly reliable. The resulting F-score of
0.977019173 confirms a near-optimal balance between sensitivity and precision, underscoring the robustness
and consistency of the NiOA-optimized model.

The MVO+DeepGBM model ranks second in overall performance, achieving an accuracy of 0.967023521
and an F-score of 0.963845099. Although these values indicate strong predictive capability, they remain
noticeably lower than those achieved by NiOA+DeepGBM. Specifically, the sensitivity (0.962031811) and
specificity (0.971223022) suggest effective classification, yet the marginally reduced values imply that MVO
is less capable of fine-grained hyperparameter tuning compared to NiOA, particularly in highly non-linear
optimization landscapes.

The BA+DeepGBM model exhibits moderate performance improvements relative to the baseline but falls
behind both NiOA and MVO optimization strategies. With an accuracy of 0.953973713 and an F-score of
0.948516625, BA+DeepGBM demonstrates reasonable classification capability; however, its lower sensitivity
(0.944088954) indicates a comparatively higher risk of misclassifying positive OCD cases. This limitation
may reduce its suitability for clinical applications where high recall is critical.

Similarly, PSO+DeepGBM yields the lowest performance among the optimized models, with an accuracy
of 0.944336604 and an F-score of 0.936886562. While PSO improves DeepGBM performance compared
to the non-optimized baseline, its sensitivity (0.932173295) and specificity (0.954018656) suggest weaker
generalization and less stable convergence when compared with the other metaheuristic approaches. This
behavior can be attributed to PSO’s reliance on velocity-based updates, which may struggle to balance
exploration and exploitation in highly complex hyperparameter spaces.

From a clinical perspective, the results highlight the practical relevance of the NiOA+DeepGBM framework for
OCD assessment. The consistently high sensitivity and specificity values indicate that the model can reliably
support both the identification of affected individuals and the exclusion of non-affected cases, thereby reducing
diagnostic uncertainty. Moreover, the robustness reflected in uniformly high PPV and NPV values suggests
that the model’s predictions can be trusted across diverse patient profiles. Collectively, these characteristics
position NiOA+DeepGBM as a highly reliable and clinically meaningful decision-support tool, capable of
enhancing diagnostic accuracy and supporting personalized mental healthcare interventions.

Overall, the optimized model analysis confirms that the proposed NiOA-based optimization framework
provides superior performance and robustness compared to other state-of-the-art metaheuristic optimization
strategies, justifying its selection as the primary optimization approach in this study.

A rigorous comparison of predictive models requires evaluation across multiple complementary performance
metrics, particularly in high-stakes classification tasks such as medical diagnosis. While accuracy provides an
overall measure of correctness, metrics such as sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), and F-score offer more granular insight into error characteristics and class-wise
performance. This multidimensional evaluation is essential for assessing model reliability, robustness, and
clinical applicability, especially in the presence of class imbalance.

Figure 7 summarizes the comparative performance of four DeepGBM-based hybrid models across six
evaluation metrics. By presenting each metric in a dedicated subplot, the figure enables direct visual
comparison of model behavior, highlighting consistent performance patterns as well as metric-specific
trade-offs. Such bar-chart-based representations are commonly employed in machine learning studies to
facilitate transparent and interpretable benchmarking of competing models.
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Model Performance Metrics
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Figure 7: Bar chart comparison of classification performance metrics for four hybrid DeepGBM models.
Subplots display accuracy, sensitivity (TPR), specificity (TNR), positive predictive value (PPV), negative
predictive value (NPV), and F-score, with numerical annotations indicating exact metric values.

Evaluating the relationships among performance metrics is critical for understanding redundancy,
complementarity, and structural similarity in model assessment. In classification problems, many commonly
used metrics—such as accuracy, sensitivity, specificity, positive predictive value (PPV), negative predictive
value (NPV), and F-score—are mathematically interrelated, which can lead to strong correlations and
overlapping informational content. Hierarchical clustering provides a principled, data-driven approach to
uncovering these relationships by grouping metrics based on similarity, thereby offering insights into metric
dependence and interpretability.

Figure 8 illustrates a correlation heatmap of model performance metrics augmented with hierarchical clustering
dendrograms. The combined visualization enables simultaneous examination of pairwise metric correlations
and their higher-level grouping structure. Such heatmap—dendrogram representations are widely used in
machine learning and biomedical research to identify clusters of related variables, reduce dimensional
redundancy, and support more informed metric selection in model evaluation pipelines.
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Figure 8: Correlation heatmap of classification performance metrics with hierarchical clustering. Cell values
represent pairwise correlation coefficients, while dendrograms indicate metric similarity based on hierarchical
linkage, revealing clusters of closely related evaluation measures.

Exploring the joint distributions of performance metrics provides valuable insight into the internal consistency
and dependency structure of model evaluation outcomes. In classification tasks, metrics such as accuracy,
sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and F-score are
inherently interrelated, as they are derived from overlapping components of the confusion matrix. Pairwise
kernel density estimation (KDE) plots offer an effective exploratory tool for visualizing these relationships by
simultaneously representing marginal distributions and bivariate associations.

Figure 9 presents a pairwise KDE visualization of the evaluated model performance metrics. The diagonal
panels depict the univariate density estimates of individual metrics, while the off-diagonal panels illustrate
pairwise relationships, highlighting the degree of linear association and distributional overlap among metrics.
Such visual analyses are widely used in machine learning and biomedical research to assess metric redundancy,
detect anomalies, and support transparent interpretation of multi-metric evaluation results.
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Pairwise KDE Plot of Model Performance Metrics
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Figure 9: Pairwise kernel density estimation (KDE) plot of classification performance metrics. Diagonal panels
show marginal density distributions for each metric, while off-diagonal panels represent pairwise relationships,
enabling assessment of dependency and consistency across evaluation measures.

5 Discussion

This section provides a comprehensive interpretation of the experimental findings by examining the differences
between baseline and optimized models, discussing the clinical relevance of the observed performance
improvements, situating the results within the broader landscape of psychiatric machine learning research, and
outlining the main limitations and methodological considerations of the proposed framework. The comparative
analysis between baseline and optimized models clearly demonstrates the critical role of metaheuristic-driven
hyperparameter optimization in enhancing deep learning performance for OCD-related classification. At the
baseline stage, DeepGBM emerged as the strongest model among all evaluated architectures, achieving an
accuracy of 0.8970 and an F-score of 0.8935. Although these results indicate a solid predictive capability,
noticeable gaps remained in sensitivity and specificity, reflecting the inherent limitations of relying on
non-optimized hyperparameter configurations and the full, unfiltered feature space.
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The introduction of metaheuristic optimization strategies led to consistent and substantial improvements
across all performance metrics. Among the optimized models, the Ninja Optimization Algorithm—optimized
DeepGBM achieved the highest performance, with accuracy increasing from 0.8970 to 0.9779 and the
F-score improving from 0.8935 to 0.9770. Sensitivity and specificity also exhibited marked gains, reaching
0.9763 and 0.9793, respectively. These improvements indicate that the optimization process effectively
refined the model’s decision boundaries, enabling more precise discrimination between OCD-related classes
while maintaining strong generalization. In contrast, alternative metaheuristic optimizers such as Multiverse
Optimization, Bat Algorithm, and Particle Swarm Optimization also enhanced DeepGBM performance but
to a lesser extent. For instance, Multiverse Optimization—optimized DeepGBM achieved an accuracy of
0.9670, while Bat Algorithm— and Particle Swarm Optimization—based variants attained accuracies of 0.9540
and 0.9443, respectively. The consistent performance hierarchy across all metrics suggests that the superior
exploration—exploitation balance of the Ninja Optimization Algorithm enables it to more effectively navigate
the complex, non-convex hyperparameter space of DeepGBM.

From a clinical perspective, the observed performance gains are highly significant. In psychiatric applications,
both false negatives and false positives carry substantial consequences. A false negative may delay diagnosis
and treatment, potentially worsening symptom severity and long-term outcomes, while a false positive may
lead to unnecessary psychological burden and inappropriate intervention. The optimized NiOA-DeepGBM
model achieves simultaneously high sensitivity (0.9763) and specificity (0.9793), indicating a strong capacity
to correctly identify affected individuals while minimizing misclassification of non-affected cases. The
high Positive Predictive Value (0.9777) and Negative Predictive Value (0.9780) further enhance the clinical
reliability of the proposed framework, suggesting that both positive and negative predictions can be trusted with
a high degree of confidence. These characteristics position the optimized model as a valuable decision-support
tool that can complement clinician expertise rather than replace it. By providing consistent and objective
predictions derived from demographic and clinical data, the proposed system may help reduce diagnostic
variability, support early intervention, and contribute to more personalized mental healthcare strategies for
individuals with OCD.

When compared with existing studies in psychiatric machine learning, the results obtained in this work are
highly competitive and, in many cases, superior. Previous research has commonly employed traditional
machine learning classifiers or standalone deep learning models, often reporting moderate accuracy and limited
generalization due to small sample sizes, feature redundancy, or insufficient hyperparameter tuning. While
recent studies have begun to explore metaheuristic optimization for psychiatric prediction tasks, many focus
on single optimization objectives or simpler model architectures.

The proposed framework distinguishes itself by combining a deep learning model specifically designed for
structured data with a powerful and adaptive metaheuristic optimizer. The achieved accuracy of 0.9779
and F-score of 0.9770 exceed the performance levels typically reported for OCD-related classification
tasks, highlighting the effectiveness of integrating advanced optimization strategies into psychiatric modeling
pipelines. Moreover, the consistent improvement over alternative metaheuristic approaches underscores
the importance of optimizer design and search dynamics in achieving robust and clinically meaningful
performance.

Despite the promising results, several limitations should be acknowledged. First, the study relies on a single
dataset comprising 1500 clinically diagnosed OCD patients. Although this dataset is relatively large for
psychiatric research, external validation on independent cohorts is necessary to confirm the generalizability
of the proposed framework across different populations, healthcare settings, and demographic distributions.
Second, the current study focuses on a binary classification task. While this formulation is suitable for initial
diagnostic support, OCD is a heterogeneous disorder with varying symptom dimensions and severity levels.
Extending the framework to multi-class or ordinal severity prediction would provide more granular clinical
insights but may introduce additional modeling and optimization challenges.

Finally, although the Ninja Optimization Algorithm demonstrated superior performance, metaheuristic
optimization inherently involves stochastic processes and increased computational cost. While acceptable
in offline analysis, further investigation is required to assess scalability and efficiency in real-time or
resource-constrained clinical environments. Overall, while these limitations highlight opportunities for future
improvement, they do not detract from the central contribution of this work. The proposed NiOA—optimized
DeepGBM framework represents a robust and clinically relevant advancement in OCD-related predictive
modeling and provides a strong foundation for future research in intelligent mental health assessment systems.
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6 Conclusion and Future Work

This study presented a comprehensive investigation into the application of advanced deep learning and
metaheuristic optimization techniques for OCD-related classification using structured demographic and
clinical data. A systematic experimental framework was designed to evaluate multiple deep learning models
and to examine the impact of metaheuristic-driven hyperparameter optimization on predictive performance.
The results clearly demonstrate that integrating the Ninja Optimization Algorithm with DeepGBM leads to
substantial and consistent performance gains across all evaluated metrics.

The NiOA-optimized DeepGBM model exhibited marked improvements in classification accuracy, sensitivity,
specificity, predictive values, and overall F-score when compared with both baseline models and alternative
optimized variants. These gains highlight the effectiveness of NiOA in navigating complex, high-dimensional
hyperparameter spaces and in identifying configurations that enhance both predictive accuracy and
generalization capability. The robustness of the optimized model, reflected in its balanced performance across
all metrics, confirms that the proposed optimization framework successfully addresses key limitations observed
in non-optimized deep learning models, such as sensitivity to hyperparameter selection and susceptibility to
suboptimal convergence.

The findings of this study have important practical implications for clinical practice and mental health research.
The high sensitivity and specificity achieved by the NiOA-optimized DeepGBM model indicate its potential
utility as a reliable decision-support tool for clinicians and mental health professionals. By providing accurate
and consistent classification outcomes, the proposed framework can assist in reducing diagnostic uncertainty,
supporting early identification of OCD-related patterns, and complementing traditional clinical assessments.

Moreover, the robustness and scalability of the optimized model make it a strong candidate for integration
into intelligent mental health assessment systems. Such systems could leverage automated predictive analytics
to support personalized care pathways, optimize resource allocation, and enhance longitudinal monitoring
of patients. The use of structured clinical and demographic data further facilitates adoption in real-world
healthcare environments, where such information is routinely collected and maintained.

Despite the promising outcomes achieved in this study, several avenues for future research remain open.
One important direction involves the development of advanced hybrid metaheuristic designs that combine
the strengths of NiOA with complementary optimization strategies. Such hybrids may further enhance
convergence speed, stability, and scalability, particularly when dealing with increasingly large and complex
datasets.

Another potential extension of this work lies in expanding the classification framework to support multi-class
OCD severity prediction. Moving beyond binary classification toward fine-grained severity levels would
provide more clinically actionable insights and enable more personalized treatment planning. This extension
would require careful adaptation of both the modeling and optimization components to accommodate
multi-class objectives.

Finally, future studies should investigate the feasibility of real-time deployment of the proposed framework
within clinical decision support platforms. Addressing challenges related to computational efficiency, data
privacy, and system integration will be essential for translating the research outcomes into practical, real-world
applications. Exploring these directions will further strengthen the contribution of optimized deep learning
models to intelligent mental healthcare systems and broaden their impact in clinical practice.

Data Availability

The dataset used in this study is publicly available on Kaggle at https://www.kaggle.com/
datasets/ohinhaque/ocd-patient-dataset-demographics—and-clinical-data/
data.
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