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Abstract— This study presents a deep learning-based computer-

aided diagnostic (CAD) system incorporating explainable 

artificial intelligence (XAI) techniques to support the accurate 

diagnosis of major depressive disorder (MDD). Resting-state 

electroencephalography (EEG) data from 40 drug-naïve male 

MDD patients and 41 male healthy controls were analyzed using 

a shallow convolutional neural network (Shallow ConvNet) 

combined with layer-wise relevance propagation (LRP). The 

proposed system achieved a classification accuracy of 99% 

without relying on hand-crafted feature engineering. The 

topographical map of relevance scores revealed higher relevance 

in the prefrontal, central, and occipital regions for MDD patients, 

and predominantly in the occipital regions for healthy controls. In 

addition, the LRP-based channel selection method enabled a 

substantial reduction in the number of EEG channels—from 62 to 

10—while maintaining over 90% classification accuracy. These 

findings demonstrate the potential of XAI-based CAD systems not 

only to enhance diagnostic performance but also to provide novel 

insights into the neurophysiological mechanisms underlying MDD.  

 

 

I. INTRODUCTION 

Major depressive disorder (MDD) is a common psychiatric 

condition that affects about one in ten adults. Without early 

diagnosis and treatment, MDD can progress to severe outcomes, 

including suicide [1]. However, when diagnosed early, more 

than 54% of patients recover well, showing the importance of 

early treatment [2]. Currently, psychiatrists have diagnosed 

MDD through subjective interviews and questionnaires based 

on patient self-report. These methods rely heavily on the 

patient’s honesty and the clinician’s judgment, lacking 

objective physiological indicators. As a result, diagnostic errors 

remain common, delaying appropriate treatment and lowering 

recovery rates [3]. 

To overcome these limitations, many studies now focus on 

developing computer-aided diagnostic (CAD) systems. 

Resting-state electroencephalography (EEG) has gained 

attention because it shows clear neurophysiological differences 

between MDD patients and healthy controls (HCs) [4]. EEG-

based diagnostics offer more objective and reliable markers 

compared to traditional methods. With advances in artificial 

intelligence (AI), deep learning-based CAD systems have 

further improved diagnostic accuracy for MDD. 

However, despite their strong performances, these systems 

have critical challenges. Deep-learning models often lack 

explainability due to the black-box nature of their architecture, 

which limits clinical use [5]. In addition, it is complex to use 

multi-channel EEG data. This challenge leads to a decrease in 

practical usability. As a result, it has become a key goal to 

improve model explainability and minimize the number of 

required channels. 

The present study has aimed to develop an interpretable 

CAD system to classify drug-naïve male MDD patients and 

HCs using resting-state EEG data. We applied explainable 

artificial intelligence (XAI) techniques, specifically layer-wise 

relevance propagation (LRP), to enhance model explainability 

[6]. We also have used relevance scores from LRP to design a 

channel selection approach that reduces the number of EEG 

channels without compromising diagnostic performance, 

improving the system’s practical utility. Ultimately, the 

proposed CAD system seeks to enable early and accurate 

identification of MDD, enhancing its potential clinical utility. 

 

II. METHODS 

A. Data acquisition 

This study included 40 drug-naïve male patients diagnosed 

with MDD and 41 age- and sex-matched HCs. The diagnosis of 

MDD was confirmed by board-certified psychiatrists based on 

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC)

979-8-3315-7206-8/25/$31.00 ©2025 IEEE 1730



the Diagnostic and Statistical Manual of Mental Disorders, 5th 

Editon (DSM-5) criteria. The severity of depression and 

anxiety symptoms was assessed using the Hamilton Depression 

Rating Scale (HAM-D) and the Hamilton Anxiety Rating Scale 

(HAM-A), respectively. Exclusion criteria included 

neurological disorders, substance abuse, developmental delays, 

history of head injury with loss of consciousness, prior 

electroconvulsive therapy, or psychotic symptoms lasting over 

24 hours. All participants provided written informed consent, 

and the study protocol was approved by the Institutional 

Review Board (IRB) of Inje University Ilsan Paik Hospital, in 

accordance with the Declaration of Helsinki. 

Table 1 presents the demographic characteristics of drug-

naïve male MDD patients and healthy controls, including 

comparisons of age and education level, which were 

statistically assessed using independent t-tests. 

 

B. EEG data analysis 

Eyes-closed resting-state EEG data were recorded for 3 – 5 

min at a sampling rate of 1000 Hz using a NeuroScan 

SynAmps2 system (Compumedics, USA) with 64 Ag/AgCl 

electrodes mounted on a QuickCap according to the extended 

international 10 – 20 system. Data from 62 electrodes, 

excluding the reference electrodes (M1 and M2), were analyzed 

after bandpass filtering between 1 and 55 Hz. Independent 

component analysis (ICA) was applied to remove artifacts such 

as eye blinks, electrocardiography (ECG), and 

electromyography (EMG). The data were then re-referenced 

using the common average reference (CAR). The cleaned EEG 

data were down-sampled to 200 Hz, segmented into 

approximately 3-min intervals, and processed using MATLAB 

R2022a (MathWorks, USA). 

C. Deep learning strategy 

A shallow convolutional neural network (Shallow ConvNet), 

informed by the filter bank common spatial patterns (FBCSP) 

framework, was implemented to extract spatio-temporal 

frequency features through two convolutional layers, a mean 

pooling layer, and a rectified linear unit (ReLU) activation 

function. We trained the model with a batch size of 2 for 200 

epochs, using a learning rate of 0.001 and a dropout rate of 0.5. 

Model performance was rigorously evaluated using leave-one-

out cross-validation (LOOCV), with one subject was held out 

for testing while the remaining participants were split into 

training and validation sets at a 4:1 ratio. 

D. XAI-based channel selection approach 

We applied layer-wise relevance propagation (LRP), an XAI 

method, to improve the diagnostic model’s interpretability and 

utility. We computed channel-wise relevance scores from 

validation data, averaged them over time, and normalized them 

within each class. 

The LRP relevance score indicates how much each input 

contributes positively to the model’s decision, meaning that 

high positive scores suggest channels that well explain MDD 

features. Negative relevance scores are known to hinder the 

model’s decision, so we explored whether these channels 

explain HCs better. Therefore, channels were ranked using 

three strategies: original value, absolute value, and zero-clipped 

value strategies. 

Original value strategy is sorting its original relevance scores 

in descending order. To better understand the meaning of 

negative scores, we applied the absolute value strategy, 

allowing channels with large negative scores to be included in 

selection. In absolute value strategy, we first computed the 

absolute values of the relevance scores and then ranked the 

channels in descending order based on these absolute values for 

channel selection. We also applied the zero-clipped value 

strategy to further investigate the role of negative scores. For 

zero-clipped value strategy, we set negative relevance scores to 

zero and then ranked the channels in descending order for 

selection. 

Table 1. Demographic characteristics of drug-naïve male MDD and HCs. 

 

 MDD HC p-value 

Case (N) 40 41  

Age (years) 33.88±12.24 34.15±11.37 0.92 

Education (years) 14.83±1.06 15.27±0.95 0.05 

HAM-D 24.58±5.01   

HAM-A 29.30±6.67   

 

 

 

 

 

 

 

 

Fig. 1 Schematic of the Shallow ConvNet architecture for EEG 

classification, highlighting key convolutional, pooling, and 

classification layers for temporal and spatial feature extraction. 
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Based on these, we selected top-ranked subsets and 

evaluated classification performance with fewer channels. We 

compared 10 and 5 channels to test practicality and assess 

robustness under limited input. Fig. 2 illustrates the channel 

selection process based on LRP relevance scores. This 

approach not only identified the minimal set of channels needed 

to maintain reliable performance but also demonstrated the 

model’s potential for clinical translation. 

 

III. RESULTS 

Table 2 presents the classification performance of the 

proposed CAD system in distinguishing MDD patients from 

HCs using varying numbers of EEG channels. When all 62 

channels were utilized, the system achieved a classification 

accuracy of 99%. With a reduced set of ten channels, 

classification performance remained consistently above 90% 

across the three-relevance score sorting strategies: 96% for the 

zero-clipped strategy, 92% for the absolute value strategy, and 

91% for the original value strategy. However, when further 

reduced to five channels, a notable decline in accuracy was 

observed, particularly for the original value strategy (74%), 

while the absolute value and zero-clipped strategies yielded 

slightly higher accuracies of 75% and 77%, respectively. 

Fig. 3 illustrates the topographical distributions of the EEG 

channels selected using relevance score-based sorting under 

each of the three strategies: original value, absolute value, and 

zero-clipped value. Across all sorting methods, the most 

frequently selected channels were primarily located in the 

central and occipital regions, highlighting the potential 

neurophysiological significance of these areas in distinguishing 

individuals with MDD from HCs. 

IV. CONCLUSION 

The LRP-based channel selection approach effectively 

identified key neurophysiological features, maintaining high 

Table 2.  Deep learning performance across LRP-based channel 

selection strategies. The best performance is shown in bold. 

Selected channels (N) Strategy Accuracy 

62  99% 

 Original value 91% 

10 Absolute value 92% 

 Zero-clipped value 96% 

 Original value 74% 

5 Absolute value 75% 

 Zero-clipped value 77% 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Scheme of the relevance score-based channel selection method using three sorting strategies: original relevance, absolute relevance, and 

zero-clipped relevance. 

 

 

 

 

Fig. 3 Topographical maps showing the most frequently selected 

EEG channels under each LRP-based sorting strategy: original 

relevance (left), absolute relevance (middle), and zero-clipped 

relevance (right). 
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diagnostic performance even when the number of EEG 

channels was reduced from 62 to 10–an approximate 84% 

reduction. Incorporating neurophysiological characteristics 

identified in the male MDD population, in conjunction with 

general MDD-related features, further improved classification 

performance. 

Notably, alterations in neural activity were observed across 

several brain regions. In the occipital lobes, which are 

responsible for visual processing and sensory integration, 

altered neural activity may reflect impairments in visual and 

sensory functions among patients with MDD [7]. In the central 

region, typically associated with sensorimotor integration, 

deviations in neural activity potentially indicate disruptions in 

sensory-motor coordination [8]. Furthermore, in the prefrontal 

cortex, a region critically involved in emotional regulation and 

executive function, the observed alterations were directly 

linked to deficits in emotional control [9]. 

Future research should prioritize expanding the datasets and 

developing integrated diagnostic systems applicable to both 

male and female patient populations. Furthermore, advancing 

channel selection methods will not only improve the CAD 

system’s practical utility and clinical applicability but also 

enhance its potential to facilitate earlier and more precise 

diagnosis of MDD. 
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