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ABSTRACT

Mental health research increasingly relies on real-world clinical and survey data to understand patient preferences, treatment acceptability, and care outcomes. However, such data are frequently characterized by substantial class imbalance, reflecting unequal distributions across diagnostic categories, treatment modalities, and patient-reported preferences. This imbalance poses persistent methodological challenges for machine learning–based analysis, particularly when the objective is to model nuanced outcomes such as acceptability of psychotherapy, medication, or lifestyle-based interventions. The present study examines the role of contemporary data balancing techniques in improving the analytical reliability of machine learning models applied to mental health treatment preference data. Drawing on established theoretical frameworks for learning from imbalanced datasets and recent empirical studies in mental health informatics, this article synthesizes methodological insights with a focused application context relevant to low- and middle-income settings. The study outlines a structured analytical pipeline encompassing data preprocessing, sampling strategies, hybrid balancing approaches, and model evaluation under imbalance-sensitive metrics. Results indicate that appropriate balancing techniques are associated with improved minority-class representation and more stable predictive performance, particularly in settings involving patient acceptability and preference outcomes. The discussion situates these findings within broader debates on methodological rigor, ethical considerations, and interpretability in mental health machine learning research. The article contributes a comprehensive methodological perspective that supports more equitable and reliable computational analyses of mental health data, while acknowledging limitations related to generalizability, contextual variability, and evolving clinical practices.
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INTRODUCTION
The application of machine learning techniques to mental health research has expanded considerably over the past decade, driven by increased availability of digital health records, patient registries, and large-scale survey data. These developments have enabled researchers to explore complex patterns in diagnosis, treatment utilization, and patient-reported outcomes that are difficult to capture using traditional statistical approaches. Within this broader landscape, understanding treatment acceptability and preference has emerged as a critical area of inquiry, as these factors are associated with adherence, engagement, and perceived quality of care in mental health services [4,8,10].
Despite these advances, mental health datasets frequently exhibit pronounced class imbalance. Certain diagnostic categories, treatment options, or preference profiles are disproportionately represented, while others remain relatively rare. For example, psychotherapy preferences may be underrepresented in settings where pharmacological treatment is more accessible, or lifestyle-based interventions may appear infrequently in clinical registries despite growing interest in preventive and holistic approaches [9]. From a machine learning perspective, such imbalance presents a substantial challenge, as many algorithms are optimized for overall accuracy and tend to favor majority classes at the expense of minority outcomes [1,2].
The problem of learning from imbalanced data has been extensively studied in the broader machine learning literature. Foundational work has demonstrated that imbalance can lead to biased decision boundaries, misleading performance metrics, and reduced generalizability [1]. In response, a range of sampling-based, algorithm-level, and hybrid techniques have been proposed to address imbalance while preserving meaningful data structure [2,6]. However, the application of these techniques to mental health data introduces additional complexities related to ethical sensitivity, interpretability, and clinical relevance.
Recent studies have begun to explore machine learning methods in real-world mental health contexts, including registry-based analyses and cognitive assessment datasets [3,7]. These investigations highlight both the promise and the limitations of computational approaches when applied to heterogeneous and imbalanced clinical data. At the same time, empirical research on treatment acceptability and preference underscores the importance of contextual, cultural, and experiential factors, particularly in diverse settings such as India and other low- and middle-income countries [4,9].
Against this backdrop, the present article aims to provide a comprehensive examination of machine learning–based analysis of imbalanced mental health data, with a specific focus on treatment acceptability and preference outcomes. Rather than introducing a single novel algorithm, the study emphasizes methodological synthesis and critical evaluation. By integrating insights from imbalance learning theory with empirical findings from mental health research, this work seeks to clarify best practices, identify persistent gaps, and support more equitable analytical approaches.
The remainder of the article is structured as follows. The Methods section outlines the analytical framework, including data characteristics, balancing strategies, and evaluation metrics. The Results section synthesizes observed performance patterns associated with different balancing approaches. The Discussion section interprets these findings in relation to existing literature, ethical considerations, and future research directions.
[bookmark: _orok6bv9ey81]METHODS
[bookmark: _qk6egykslsj5]Conceptual Framework
The methodological approach adopted in this study is grounded in established principles of learning from imbalanced datasets [1]. The core assumption is that mental health treatment preference data are inherently skewed due to systemic, cultural, and service-level factors. Consequently, analytical strategies must explicitly account for imbalance rather than treating it as a peripheral technical issue.
The framework integrates three interrelated components: data preprocessing, imbalance mitigation, and model evaluation. Each component is informed by prior empirical studies in both general machines learning and mental health–specific applications [2,3,7].
[bookmark: _ac4wumhn19sr]Data Characteristics and Analytical Context
The analytical context considered in this study reflects characteristics commonly reported in mental health registries and survey-based datasets. Such data typically include demographic variables, diagnostic categories, treatment modalities, and patient-reported acceptability or preference indicators [3,4,10]. Importantly, outcome variables related to preference or acceptability often display uneven distributions, with certain responses dominating due to clinical norms or access constraints.
Rather than relying on a single dataset, this study synthesizes methodological insights across multiple published contexts. This approach allows for broader generalization of methodological observations while avoiding overreliance on a single empirical source.
[bookmark: _jhydnber5qef]Preprocessing and Sampling Strategies
Data preprocessing is a critical step in managing imbalance. Common practices include cleaning missing values, encoding categorical variables, and standardizing numerical features. Sampling strategies are then applied to adjust class distributions. These strategies can be broadly categorized into undersampling, oversampling, and hybrid approaches [2].
Undersampling reduces the size of majority classes, which may improve balance but risks discarding potentially informative data. Oversampling increases representation of minority classes, often through replication or synthetic generation of samples. Hybrid approaches combine both strategies to achieve balance while preserving data diversity [6].
[bookmark: _5yto83w51ova]Hybrid Balancing Techniques
Recent research has emphasized multilayer hybrid (MLH) balancing techniques as a means of addressing complex imbalance scenarios [6]. These techniques integrate multiple sampling and transformation steps to adapt to varying degrees of imbalance across classes. In mental health contexts, hybrid approaches are particularly relevant due to overlapping diagnostic categories and correlated outcome variables.
[bookmark: _vvnfuvlf357d]Model Training and Evaluation
Machine learning models commonly applied in imbalanced settings include decision trees, ensemble methods, and support vector machines. However, the present study emphasizes evaluation metrics that are sensitive to imbalance, such as precision, recall, and class-specific performance measures, rather than relying solely on aggregate accuracy [1,7].
[bookmark: _e37704r13gzj]RESULTS
[bookmark: _d84us6gbh24]Performance Trends under Imbalance
Across reviewed studies, models trained on imbalanced data without corrective measures consistently exhibit reduced sensitivity to minority classes [1,2]. This pattern is particularly evident in mental health preference data, where minority responses may correspond to emerging or less conventional treatment options.
[bookmark: _2b771eaiydwb]Impact of Sampling-Based Balancing
Sampling-based balancing techniques are associated with improved representation of minority outcomes and more stable predictive behavior. Oversampling approaches, when carefully applied, are observed to enhance recall for underrepresented classes without substantial degradation of overall model stability [2].
[bookmark: _gcor9csug22a]Hybrid Techniques in Mental Health Contexts
Hybrid balancing techniques demonstrate particular utility in complex mental health datasets. Studies applying such approaches to cognitive assessment and registry data report improved classification consistency across classes, suggesting greater robustness to skewed distributions [6,7].
[bookmark: _r4pk5zsifkg5]Implications for Treatment Acceptability Modeling
When applied to treatment acceptability and preference outcomes, balanced models provide more nuanced representations of patient perspectives. This is especially relevant in culturally diverse settings, where minority preferences may reflect contextual factors rather than noise [4,9].
[bookmark: _bs7o1g29800c]DISCUSSION
[bookmark: _h33gnlgsmzdj]Interpretation of Findings
The findings synthesized in this study suggest that addressing data imbalance is not merely a technical refinement but a substantive methodological necessity in mental health machine learning research. Models that fail to account for imbalance risk underrepresenting clinically and socially meaningful patient groups [1,3].
[bookmark: _vnddxkjiz6on]Methodological Implications
The observed benefits of hybrid balancing techniques align with broader trends in machine learning research emphasizing adaptability and context sensitivity [6]. In mental health applications, such adaptability supports more equitable analytical outcomes and reduces the likelihood of systematic bias against minority preferences.
[bookmark: _bsr6dvgfv9rd]Ethical and Clinical Considerations
From an ethical perspective, imbalance-aware modeling is associated with fairness and inclusivity. Underrepresentation of certain treatment preferences may reinforce existing disparities if not adequately addressed [9,10]. Methodological rigor in handling imbalance thus intersects with ethical responsibility in mental health research.
[bookmark: _3cq13p8s5j9y]Limitations
This study is subject to several limitations. The reliance on synthesized findings rather than a single empirical dataset may obscure dataset-specific nuances. Additionally, balancing techniques may introduce artifacts if not carefully validated, particularly in small-sample contexts [1,2].
[bookmark: _if3jppoegcyh]Future Research Directions
Future research should explore longitudinal mental health datasets to assess how imbalance evolves over time. Greater integration of qualitative insights with quantitative modeling may further enhance interpretability and relevance, particularly in studies of treatment acceptability and preference [4,8].
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