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Introduction

Neuropsychiatric disorders constitute a broad category of mental health conditions that include depression, schizophrenia, bipolar
disorder, anxiety disorders, and related cognitive dysfunctions. These disorders significantly affect emotional regulation, behavior,
cognition, and social functioning, contributing to a major global health burden. According to global health reports, neuropsychiatric
conditions are among the leading causes of disability worldwide, reducing quality of life and increasing socioeconomic challenges
for patients and healthcare systems. Early and accurate detection of neuropsychiatric disorders is essential for effective treatment
planning and improved patient outcomes. However, diagnosis is often complex due to overlapping symptoms across multiple
disorders, variability in patient responses, and subjective interpretation in clinical assessments. Traditional diagnostic approaches
rely heavily on psychiatric evaluation scales, clinical interviews, and behavioral observations, which may lack consistency and
precision.

In recent years, biomedical signal processing techniques, particularly electroencephalography (EEG), have been increasingly used
to support mental health diagnosis. EEG provides a non-invasive method for measuring brain activity and offers valuable insights
into neural patterns associated with various psychiatric conditions. However, EEG signals are highly nonlinear, noisy, and patient-
dependent, making automated classification challenging. Conventional machine learning approaches for neuropsychiatric disorder
detection typically rely on handcrafted feature extraction methods such as frequency domain analysis, statistical descriptors, and
wavelet-based transformations. While these methods can capture certain signal characteristics, they are limited in their ability to
model complex temporal dependencies and inter-channel relationships present in brain activity.

The emergence of deep learning has significantly improved the ability to automatically learn hierarchical representations from raw
EEG data. Convolutional Neural Networks (CNNSs) are effective in extracting spatial features, while Long Short-Term Memory
(LSTM) networks capture temporal dependencies in sequential EEG signals. However, static deep learning models often fail to
adapt to variations in signal distribution across different patients and disorder types. To address these limitations, adaptive deep
learning models have been introduced, which dynamically adjust network parameters or feature representations based on input data
characteristics. Attention mechanisms further enhance these models by allowing the system to focus on the most relevant features
associated with specific neuropsychiatric conditions, improving both classification accuracy and interpretability.

Despite these advancements, there remains a need for a unified adaptive framework that can effectively handle multi-class
neuropsychiatric disorder classification, capture spatial-temporal dependencies, and maintain robustness across heterogeneous
datasets. Existing models often struggle with generalization, interpretability, and multi-class discrimination performance. In this
study, we propose an Adaptive Deep Learning Model for Multi-Class Neuropsychiatric Disorder Detection (ADL-MNDD). The
proposed framework integrates convolutional feature extraction, sequential modeling, and adaptive attention mechanisms to
improve classification accuracy across multiple neuropsychiatric disorders. The model is designed to enhance robustness,
scalability, and clinical interpretability for real-world mental health diagnostic systems. The remainder of this paper is structured
as follows: Section 2 presents the Literature Review, Section 3 describes the Methodology, Section 4 explains the Algorithmic
Strategy, Section 5 discusses Results and Performance Evaluation, and Section 6 concludes the study with future research
directions.

Literature Review

Niedermeyer and da Silva (2005) provided a foundational reference for electroencephalography (EEG) signal interpretation,
explaining brain rhythm structures and their clinical relevance in neurological and psychiatric disorders. Their work remains
fundamental but lacks automated computational modeling. Acharya, U. R., Oh, S. L., and Hagiwara, Y. (2017) proposed deep
convolutional neural networks for EEG-based neurological disorder detection. Their study demonstrated strong feature learning
capability but showed limitations in handling multi-class classification problems.

Craik, A., He, Y., and Contreras-Vidal, J. L. (2019) reviewed deep learning applications in EEG analysis and highlighted the
effectiveness of CNN and RNN models. However, they emphasized limitations in generalization and interpretability of deep
learning models. Roy, Y., Banville, H., and Albuquerque, 1. (2020) developed deep learning frameworks for EEG classification in
mental health applications, showing improved accuracy but requiring large datasets and suffering from poor adaptability.
Schirrmeister, R. T., Springenberg, J. T., and Fiederer, L. D. J. (2017) introduced deep convolutional neural networks for EEG
decoding, achieving strong classification performance but lacking explicit temporal modeling. Lawhern, V. J., Solon, A. J., and
Waytowich, N. R. (2018) proposed EEGNet, a compact CNN architecture for EEG signal classification, which is computationally
efficient but limited in multi-class psychiatric disorder detection.

Song, C., Liu, F., and Wang, L. (2020) developed CNN-LSTM hybrid models for EEG classification, improving temporal learning
but lacking adaptability across diverse patient populations. Zhang, R., and Chen, X. (2021) proposed attention-based deep learning
models for EEG classification, showing improved performance through feature prioritization but limited multi-class capability.
Vaswani, A., Shazeer, N., and Parmar, N. (2017) introduced the Transformer architecture based on attention mechanisms, enabling
long-range dependency modeling and influencing EEG-based adaptive learning models. Li, Y., Wang, S., and Chen, H. (2022)
explored transformer-based EEG classification models for neurological and psychiatric disorders, achieving high accuracy but
requiring high computational cost.

Kumar, A., Singh, R., and Patel, V. (2022) proposed hybrid CNN-LSTM models for mental health prediction using EEG signals,
combining spatial and temporal learning effectively. Singh, R., Sharma, M., and Verma, P. (2023) introduced explainable Al
frameworks for neuropsychiatric disorder detection, emphasizing interpretability in clinical applications.

Chen, Y., Liu, J., and Zhang, W. (2023) proposed adaptive neural networks for EEG classification, showing improved robustness
but limited multi-class generalization. Patel, M., Kumar, S., and Mehta, R. (2024) developed multi-class EEG classification systems
for psychiatric disorders using deep learning, achieving high accuracy but facing dataset variability issues. Sharma, P., Gupta, A.,
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and Jain, S. (2024) proposed attention-enhanced EEG classification models for neuropsychiatric diagnosis, demonstrating improved
accuracy and interpretability.

Methodology

The proposed Adaptive Deep Learning Model for Multi-Class Neuropsychiatric Disorder Detection (ADL-MNDD) is designed to
automatically learn discriminative spatial-temporal patterns from EEG signals and perform accurate multi-class classification of
neuropsychiatric conditions. The framework integrates adaptive feature extraction, sequential modeling, and attention-based
weighting to improve robustness and generalization.

Data Acquisition
V Preprocessing

\_D_Ilﬂ Feature Extraction
m Adaptive Deep Learning Model
(l)_g_é Multi-Class Classification

=

Performance Evaluation

=

@ Disorder Detection

Fig 1. Adaptive Deep Learning Framework for Multi-Class Neuropsychiatric Disorder Detection

This figure 1, illustrates a simplified framework for the automated detection of multiple neuropsychiatric disorders using adaptive
deep learning techniques. The methodology begins with data acquisition, where neurological or behavioral data are collected from
subjects. The acquired data undergo preprocessing to improve quality and remove unwanted artifacts. Relevant information is then
obtained through feature extraction, generating meaningful representations of the underlying neurological patterns. These features
are processed by an adaptive deep learning model, which automatically learns discriminative characteristics from the data. The
learned representations are used for multi-class classification, enabling the identification of different neuropsychiatric conditions.
The framework subsequently performs performance evaluation using standard assessment metrics to validate model effectiveness.
Finally, the system provides disorder detection, supporting accurate diagnosis and clinical decision-making for neuropsychiatric
disorder assessment.

EEG Signal Acquisition Signal Preprocessing

To enhance signal quality, the following preprocessing steps
EEG signals are collected from multi-channel recordings | are applied:

representing different brain regions:
X(t) = {x1(t), x5(t),..., %, ()} ------ 1) Bandpass filtering (0.5-45 Hz), Removal of artifacts (eye
blinks, muscle noise, motion artifacts), Baseline correction,
where nrepresents the number of EEG channels capturing | Wavelet-based denoising, Z-score normalization,
neural activity. Segmentation into fixed-length windows

The cleaned signal is represented as:
X, (t) = Preprocess(X(t)) ------- )

Algorithmic Strategy

The proposed Adaptive Deep Learning Model for Multi-Class Neuropsychiatric Disorder Detection (ADL-MNDD) follows a
structured algorithm that integrates preprocessing, adaptive feature learning (CNN-LSTM), attention-based refinement, and final
multi-class classification.

Algorithm 1: Adaptive CNN-LSTM-Attention Framework 2. Segment EEG signals into fixed-length windows:
for EEG Classification X ={x1,%5,..., %} - 3)
|
nput: Signal Preprocessing
Multichannel EEG signal X(t) = {x,(t), x,(t),..., x,(t)}, 3. Apply bandpass filtering (0.5-45 Hz)
Window size w, Number of EEG channels n 4. Remove artifacts (eye blink, muscle noise, motion
artifacts)
Output; 5. Perform baseline correction
6. Apply wavelet-based denoising
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Predicted class: Healthy / Depression / Schizophrenia / Bipolar 7. Normalize using Z-score scaling
Disorder 8. Obtain cleaned signal:
EEG Signal Acquisition X,(t) = Preprocess(X(t)) ----- 4)

1. Load EEG recordings from dataset

Results and Performance Evaluation

The performance of the proposed Adaptive Deep Learning Model for Multi-Class Neuropsychiatric Disorder Detection (ADL-
MNDD) was evaluated using benchmark EEG datasets containing multiple neuropsychiatric conditions, including healthy subjects,
depression, schizophrenia, and bipolar disorder cases. The model was trained using an 80:20 train-test split and validated using
cross-validation to ensure robustness and generalization.

Performance Comparison
The proposed ADL-MNDD model was compared against traditional machine learning and deep learning baselines:

Table 1: Performance Comparison

Model Accuracy Precision Recall F1-Score | ROC-
(%) (%) (%) (%) AUC (%)
Logistic Regression | 79.8 78.9 78.2 78.5 80.1
SVM 83.6 82.9 82.4 82.6 84.3
Random Forest 85.2 84.6 84.1 84.3 85.9
CNN Only 89.7 89.1 88.6 88.8 90.4
LSTM Only 90.5 90.0 89.4 89.7 91.2
CNN-LSTM 934 92.8 92.3 925 94.0
Hybrid
Attention-Based 94.1 93.6 93.2 93.4 95.0
Model
Proposed ADL- | 97.2 96.8 96.5 96.6 98.1
MNDD Model

Result Analysis

The Table 1 shows, experimental results clearly demonstrate that the proposed ADL-MNDD framework significantly outperforms
all baseline models across all evaluation metrics. Traditional machine learning models such as Logistic Regression, SVM, and
Random Forest show comparatively lower performance due to their inability to capture nonlinear EEG patterns and complex brain
activity dynamics.

Deep learning models such as CNN and LSTM improve classification performance by extracting spatial and temporal features,
respectively. However, these models independently fail to fully capture the multi-dimensional nature of EEG signals in
neuropsychiatric disorders.

The CNN-LSTM hybrid model improves performance by combining spatial and temporal learning but still lacks adaptive feature
weighting mechanisms. The attention-based model further improves performance by focusing on relevant features, but it lacks full
adaptive multi-class optimization.

In contrast, the proposed Adaptive Deep Learning Model (ADL-MNDD) achieves the highest performance due to its ability to
dynamically adjust feature representations using attention mechanisms while integrating CNN and LSTM architectures for robust
feature learning. The model achieves a maximum accuracy of 97.2% and ROC-AUC of 98.1%, demonstrating strong classification
capability and high reliability in multi-class neuropsychiatric disorder detection.

Conclusion and Discussion

This study proposed an Adaptive Deep Learning Model for Multi-Class Neuropsychiatric Disorder Detection (ADL-MNDD),
designed to improve automated classification of complex mental health disorders using EEG signals. The proposed framework
integrates convolutional neural networks for spatial feature extraction, LSTM networks for temporal dependency modeling, and
adaptive attention mechanisms for dynamic feature refinement, enabling accurate and interpretable multi-class classification.

The discussion highlights that traditional machine learning models such as Logistic Regression, SVM, and Random Forest are
limited in their ability to model nonlinear EEG signal characteristics and fail to capture complex brain activity patterns associated
with neuropsychiatric disorders. Although deep learning models like CNN and LSTM improve performance individually, they are
insufficient in handling both spatial and temporal dependencies simultaneously in a unified manner.

Hybrid CNN-LSTM maodels provide better performance by combining feature learning capabilities; however, they lack adaptive
weighting of important features, which is crucial in differentiating overlapping neuropsychiatric conditions. Attention-based models
improve interpretability and focus on relevant EEG segments but still require stronger integration with sequential learning
architectures for optimal performance.
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In contrast, the proposed ADL-MNDD framework effectively overcomes these limitations by integrating adaptive attention
mechanisms with deep neural feature extraction. The model dynamically prioritizes the most informative EEG features, improving
both classification accuracy and robustness across multiple disorder categories. Experimental results demonstrate that the proposed
model achieves superior performance compared to all baseline methods, confirming its effectiveness for multi-class
neuropsychiatric disorder detection.

From an application perspective, the proposed framework is highly suitable for clinical decision support systems, mental health
monitoring platforms, and Al-assisted diagnostic tools, where early detection and accurate classification are critical. Its ability to
handle noisy, high-dimensional EEG data makes it particularly useful in real-world healthcare environments.

However, certain limitations remain, including dependency on high-quality labeled EEG datasets, variability in patient-specific
brain patterns, and computational complexity of adaptive deep learning models. Future research may focus on developing
lightweight versions of the model for edge-device deployment, integrating transformer-based architectures for improved long-range
dependency modeling, and enhancing explainability using advanced explainable Al (XAl) techniques.

Overall, the ADL-MNDD framework demonstrates strong potential for advancing intelligent neuropsychiatric disorder diagnosis
through adaptive deep learning and EEG-based analysis.
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