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Electroencephalography (EEG) is a broadly used method designed for 
measuring the depth of anesthesia (DoA) due to its ability to replicate 
the brain's state and surgical pain. However, factors such as inaccurate 
assessment of DoA which can lead to unintended awareness and 
postoperative complications make precise monitoring difficult. 
Traditional methods of DoA monitoring are also time consuming, as 
they require continues attention to patient’s vital sign during surgery.  
The objective of this study is to improve the classification of DoA by 
using deep learning techniques. We trained and evaluated 
Convolutional Neural Networks (CNNs), Long Short-Term Memory 
networks (LSTMs), and a combined CNN-LSTM model on a dataset of 
EEG signals from 30 patients undergoing general anesthesia, alongside 
corresponding Bispectral Index (BIS) values. The CNN model achieved 
moderate performance, with its best results in the General anesthesia 
class with the precision: 65.95%, recall: 55.99%, F1-score: 60.56%. The 
LSTM model achieved an improved F1-score of 85.13% for the same 
class. The hybrid CNN–LSTM model produced the best overall 
performance, achieving 65.78% accuracy, 75.00% specificity, and an 
F1-score of 79.36%, demonstrating the efficiency of hybrid deep 
learning for EEG-based DoA classification. 
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1. Introduction 
The brain is the central organ responsible for regulating physiological and cognitive functions, and its activity is 
highly sensitive to pharmacological interventions during surgery. The administration of anesthetic agents induces 
characteristic changes in neural dynamics, making reliable intraoperative monitoring essential for maintaining 
appropriate anesthesia depth and patient safety. Electroencephalography (EEG) provides a non-invasive 
technique for capturing brain electrical activity with high temporal resolution through scalp-mounted electrodes. 
Due to its ability to reflect real-time cerebral responses to anesthetic drugs, EEG has been widely adopted in 
anesthesia monitoring systems. From a biomedical signal processing perspective, EEG offers rich temporal and 
spectral information that can be exploited for quantitative analysis, feature extraction, and the development of 
automated anesthesia assessment algorithms. [1], [2].  

During general anesthesia, where intravenous (IV) drugs are used, continuous EEG monitoring is urged to 
minimize the risk of unintended awareness [3], [4]. In current clinical practice, anesthesiologists commonly 
evaluate the depth of anesthesia (DoA) by observing physiological parameters of an arterial blood pressure, heart 
rate, and oxygen saturation. However, these indicators are highly patient-dependent and can be affected by factors 
including age, body mass, sex, surgical conditions, and pre-existing medical status. As a result, assessing the level 
of consciousness based solely on vital signs remains challenging and may not reliably reflect the actual anesthetic 
state [5]. To address this limitation, monitoring the cerebral effects of anesthetic agents through 
electroencephalographic (EEG) signals has been recommended, as EEG provides a more direct representation of 
brain activity and helps reduce the risk of intraoperative awareness. The Bispectral Index (BIS), a widely used 
EEG-derived parameter, offers a quantitative measure of anesthesia depth. Nevertheless, BIS-based monitoring 
alone may be insufficient to fully characterize the complex and nonlinear dynamics of brain activity, mostly in the 
presence of inter-patient variability, multiple drug interactions, and EEG artifacts. Motivated by these challenges, 
this study emphasis on classifying the depth of anesthesia using EEG signals in conjunction with BIS values. By 
extracting informative features from EEG recordings and employing deep learning-based models, the proposed 
approach aims to improve the robustness and precision of DoA estimation. 

In light of these challenges, there is a clear demand for accurate and computationally efficient systems capable 
of monitoring and estimating the depth of anesthesia (DoA) using EEG signals. Previous studies have discovered 
both conventional machine learning and deep learning approaches for this purpose. In [6], a machine learning 
framework was introduced in which time-series EEG features were extracted and classified using support vector 
machines and random forest models. The reported classification accuracy of 83% proven that traditional learning 
algorithms can effectively exploit EEG characteristics for DoA estimation. In contrast, a more advanced deep 
learning architecture incorporating convolutional neural networks (CNNs), bidirectional long short-term memory 
(LSTM) units, and an attention mechanism was presented in [5]. By enabling the model to selectively emphasize 
informative temporal and spatial EEG features, the attention-enhanced framework achieved improved 
adaptability and a higher classification accuracy of 88.7%. Additionally, a hybrid approach combining multiple 
EEG feature extraction methods with LSTM networks and stacked denoising autoencoders (SDAE) was proposed 
in [7], highlighting the potential of integrating feature learning and temporal modeling to further enhance DoA 
classification performance. This system significantly enhances prediction accuracy and the reliability of DoA 
estimation, showcasing the benefits of combining diverse feature extraction methods. Aside from that, a patient-
specific decision tree classifier-based system was developed in [8] to provide accurate DoA estimation. This 
system emphasized individual variability by tailoring the model to specific patients, achieving a reliable 
classification with an accuracy of 79%. This approach showcases the potential for personalization in EEG signal 
processing for anesthesia depth monitoring. Additionally, in [9], a novel system was developed that utilizes a 
Multilayer Perceptron (MLP) classifier combined with Stationary Wavelet Transform (SWT) features to monitor 
DoA. This system effectively identifies the patient's consciousness level across various anesthetic agents and age 
groups, achieving an impressive accuracy of 96.8%. On the contrary, a different approach was explored in, where 
a CNN-LSTM hybrid model was designed to leverage both spatial and temporal features from EEG signals. This 
system can provide real-time predictions of DoA, enhancing patient safety during surgical procedures.  

Although previous studies show that machine learning and deep learning have great potential for anesthesia 
monitoring, some important challenges still exist. Traditional machine learning relies heavily on manually crafted 
features, which can be time-consuming and might miss important EEG details. Advanced deep learning methods, 
like attention-based and hybrid models, have achieved high accuracy but often require large amounts of data, 
demand heavy computation, and may struggle to perform well under varying surgical conditions. Additionally, the 
complex nature of EEG signals such as their nonlinearity, noise, and differences between patients makes 
consistent depth of anesthesia (DoA) classification difficult. 
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2. Methodology 
The methodology adopted in this study involves of three main components: the system block diagram, process 
flow, and flowchart. Figure 1 presents the block diagram, which illustrates the complete workflow of the proposed 
system. The process begins with data input, where the experimental dataset used in this work was obtained from 
the Department of Anesthesiology and Pain Medicine, Seoul National University College of Medicine and Seoul 
National University Hospital, Republic of Korea. This dataset is publicly available, with detailed documentation 
provided in [10], and comprises recordings from 30 patients who underwent general anesthesia. All participants 
were aged 18 years and above, and sevoflurane was administered as the primary anesthetic agent during the 
surgical procedures. EEG signal acquisition was conducted using a commercial EEG-based anesthesia monitoring 
device, the BIS Vista system (Medtronic, Minneapolis, MN, USA), which estimates the depth of anesthesia (DoA) 
through a numerical index ranging from 0, representing an isoelectric EEG, to 100, indicating a fully awake state. 
EEG signals were recorded using the BIS-QUATRO sensor (Aspect Medical Systems, Newton, MA, USA), consisting 
of four electrodes arranged into two channels and positioned on the patient’s forehead. The raw EEG data were 
sampled at a frequency of 128 Hz, while the BIS index values were updated at a rate of one sample per second. For 
data preparation, the raw EEG recordings stored in the vital format were accessed using the Vital Recorder 
software. This software enabled the extraction and conversion of the EEG data into an Excel-compatible format 
for further analysis. All preprocessing, feature extraction, and classification tasks were implemented using 
PyCharm as the integrated development environment (IDE). The primary stages of the proposed framework 
include feature extraction from raw EEG signals, application of deep learning-based classification models, and 
performance evaluation of the system in categorizing DoA into four clinically relevant levels: Awake (BIS 80–100), 
Light Sedation (BIS 60–80), General Anesthesia (BIS 40–60), and Deep Anesthesia (BIS 0–40). 
 

 

Fig. 1 Block diagram of project 

 

 

Fig. 2 Process flow of project 
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Figure 2 illustrates the detailed process flow involved in the classification of anesthesia depth using EEG 
signals. The framework comprises five sequential stages: data acquisition, data pre-processing, feature extraction 
and selection, data splitting with deep learning, and classification [11]. The details of each stage of process flow 
project is explained as follows:  

2.1 Data Acquisition  
The data acquisition process initiates the analytical pipeline by importing the EEG dataset and converting it into 
a structured format, such as Microsoft Excel, to facilitate ease of processing. The raw EEG signals are recorded 
using standard EEG acquisition systems, typically from patients undergoing different depths of anesthesia. These 
signals serve as the primary data source and provide rich temporal information about brain electrical activity, 
which is essential for evaluating anesthesia levels. 

2.2 Data Pre-processing 

Once the raw EEG data is acquired, pre-processing is performed to prepare it for meaningful analysis. Initially, a 
bandpass filter with cut-off frequencies of 0.5 Hz and 47 Hz is applied to the signal. This frequency range is selected 
because it captures the most relevant EEG activity associated with varying levels of anesthesia [12]. Subsequently, 
data cleaning procedures are carried out by removing all BIS (Bispectral Index) values of zero and any missing or 
NaN entries. These values are typically observed during the pre-induction phase of anesthesia and do not contain 
valuable information [13]. As the dataset is already structured in 1-second epochs with corresponding BIS 
annotations, additional segmentation is not required. This stage ensures that only clean and relevant data are 
passed to the next phase, improving the reliability of feature extraction and classification. 

2.3 Feature Extraction and Feature Selection 
Following the preprocessing stage, feature extraction is performed to distinguish the discriminative 
characteristics of the EEG signals. In this work, two feature extraction techniques are employed to analyze raw 
EEG recordings for the classification of Bispectral Index (BIS) values, which are used as quantitative indicators of 
the depth of anesthesia. The first technique utilizes the bandpower function, which computes the signal power 
within predefined EEG frequency bands. These spectral bands are known to be associated with distinct 
physiological and cognitive states and are therefore particularly relevant for characterizing brain activity under 
anesthesia. The frequency ranges considered in this study include Delta (0.5–4 Hz), Theta (4–8 Hz), Alpha (8–13 
Hz), Beta (13–30 Hz), and Gamma (30–47 Hz) [13]. For instance, high power in the Delta band indicates deeper 
levels of anesthesia, while reduced Beta power suggests decreased cognitive activity.  This function computes the 
band power for a specified frequency range using Welch's method to estimate the Power Spectral Density (PSD). 
The bandpower can be mathematically expressed as: 

Bandpower=∫𝑓𝑓1𝑓𝑓2 PSD(f) df (1) 

 

Where the f1 and  f2 are the lower and upper frequency limits of the band ( Delta, Theta, Alpha, Beta, Gamma). 
PSD (f) is the power spectral density at frequency (f). The second method involves calculating Statistical 
Features from the EEG signal, such as mean, variance, standard deviation, maximum, and minimum values. 
Statistical features are essential for understanding EEG signals, as they reveal important characteristics of the 
signal and offer meaningful insights into the depth of anesthesia.  The following statistical measures are  used in 
this study. 

 

The second technique involves calculating Statistical Features, which provide complementary insights into the 
signal dynamics. These include the mean, variance, standard deviation, maximum, and minimum values of the EEG 
signal. The mean 𝜇𝜇  is calculated as: 

Mean = 1
𝑁𝑁

 ∑ 𝑥𝑥𝑥𝑥𝑁𝑁
𝑖𝑖=1    (2) 

where N is the total number of samples and xi denotes each individual sample. A lower mean value may indicate 
reduced brain activity, which is often associated with deeper levels of anesthesia. Variance quantifies the spread 
of the signal values around the mean and is computed as: 

 
Variance =  1

 𝑁𝑁
 ∑ 𝑥𝑥𝑥𝑥𝑁𝑁

𝑖𝑖=1   −Mean)2 

 

(3) 
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High variance in the EEG signal may suggest increased brain activity, indicating that the patient could be in a 
lighter state of anesthesia. This statistic reflects the variability of the signal and is derived from variance: 

 
Standard Deviation = √𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 

(4) 

A high standard deviation indicates greater variability in brain activity, which can be relevant for assessing 
anesthetic depth. The maximum value of the EEG signal is determined as follows: 

 
Max = max(x1,x2,…,xN) 

 

(5) 

This value provides insights into peak brain activity levels during different states of consciousness. The 
minimum value is calculated as: 

 
Min = min(x1,x2,…,xN) 

 

(6) 

Understanding both maximum and minimum values aids in evaluating the overall range of brain activity. 

2.4 Data Splitting  
The dataset was subsequently divided into two different set of  training dataset and testing datasets, where 80% 
of the samples were used for training process and another 20% were reserved for testing the data. The training 
data were utilized to adjust and optimize the parameters of the deep learning model, allowing the model to capture 
meaningful patterns related to different levels of anesthesia depth. Meanwhile, the testing dataset was employed 
to evaluate the model’s generalization ability and overall classification performance on unseen data [14]. To 
address the issue of class imbalance, the RandomUnderSampler method from the imbalanced-learn (imblearn) 
library was implemented. Class imbalance arises when some classes contain significantly more samples than 
others, which may cause the model to favor the majority classes during training and consequently reduce 
prediction accuracy. The RandomUnderSampler technique mitigates this problem by randomly reducing the 
number of samples in the majority classes so that they match the size of the minority classes or follow a specified 
sampling ratio. This process retains all samples from the minority classes while balancing the distribution across 
categories. 

In this study, RandomUnderSampler was applied to ensure that the deep learning models learn from a 
balanced dataset and avoid bias toward the dominant class [15]–[17]. Figure 3 shows the class distribution before 
and after the undersampling process. The blue bars represent the original dataset, where a significant imbalance 
is observed; for instance, the majority class contains 213,660 samples, whereas some minority classes contain 
only 6,300 samples. After applying undersampling, the class distributions (shown by the orange bars) become 
balanced, with each BIS category containing 6,300 samples. 

 

Fig. 3 Class distribution before and after undersampling 
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2.5 Deep Learning Model Development 
Nexrt stage is to describes the application of deep learning models for depth of anesthesia (DoA) classification 
using EEG-derived features. Three architectures were investigated: a Convolutional Neural Network (CNN), a 
Long Short-Term Memory (LSTM) network, and a hybrid CNN–LSTM model. These models were selected to 
examine their ability to learn spatial patterns, temporal dependencies, and combined spatiotemporal 
representations from EEG signals. 

2.5.1 CNN Model 
A Convolutional Neural Network (CNN) was employed to perform anesthesia depth classification using extracted 
EEG features. While CNNs are widely recognized for image processing applications, their ability to automatically 
learn hierarchical representations also makes them suitable for one-dimensional time-series signals, including 
EEG recordings [18]–[20]. The proposed CNN architecture develop with a one-dimensional convolutional layer 
containing 64 filters with a kernel size of 3. This process enables the model for capturing the  localized feature 
patterns generate from the input sequence. The acitivatgion of the  Rectified Linear Unit (ReLU) function is to 
introduce nonlinearity, and L2 regularization is included to control model complexity and reduce overfitting. A 
MaxPooling1D layer is subsequently used to downsample the extracted feature maps, thereby reducing 
dimensionality while preserving relevant information. Batch normalization is incorporated to stabilize gradient 
updates and improve training convergence.The resulting feature maps are then flattened and passed to a fully 
connected layer with 32 neurons using ReLU activation, allowing the network to learn higher-level 
representations of the extracted features. To further improve generalization, a rate of 0.2 of  Dropout layer is 
introduced before the final classification layer and the output layer uses a softmax activation function to allocate 
each input sample to one of the predefined anesthesia depth classes. Model training was accompanied for 50 
epochs with a batch size of 32, and 20% of the training data was reserved for validation. 

2.5.2 LSTM Model 
To capture temporal characteristics, present in EEG signals, a Long Short-Term Memory (LSTM) network was 
implemented. LSTM is an advanced variant of recurrent neural networks (RNNs) designed to retain relevant 
information across long sequences, making it particularly effective for time-dependent signal analysis such as EEG 
data [21], [22]. The LSTM architecture begins with a layer containing 128 memory units, configured with return 
sequences=True to maintain the sequential structure of the output. L2 regularization with a coefficient of 0.001 is 
applied to limit model overfitting. A dropout layer (0.2) is then introduced to improve model generalization, 
trailed by batch regularization to stabilize the training process. 

A second LSTM layer with 64 units is subsequently applied with return sequences=False, producing a fixed-
length feature representation for classification. Similar regularization strategies, including L2 regularization, 
dropout (0.2), and batch normalization, are combined to improve training stability and prevent overfitting. The 
temporal representations extracted by the LSTM layers are then forwarded to a compressed layer containing 64 
neurons with ReLU activation, enabling further feature refinement. Additional regularization and dropout are 
applied at this stage to improve robustness and decrease the risk of model overfitting. 

2.5.3 CNN+LSTM Hybrid Model 
To combine the advantages of spatial and temporal feature learning, a CNN–LSTM hybrid model was established. 
This architecture integrates convolutional layers for spatial feature extraction with LSTM layers for temporal 
modeling, enabling the network to capture both spatial and sequential features of EEG signals. The architecture 
begins with a CNN module that extracts spatial features from the bandpower and statistical attributes derived 
from EEG signals. These features contain important time-domain and frequency-domain information associated 
with varying anesthesia states [23], [24], [25]. The first stage consists of a one-dimensional convolutional layer 
with 32 filters and a kernel size of 3, which detects localized spatial patterns within the input features. A ReLU 
activation function introduces nonlinearity, while L2 regularization is applied to decrease the risk of overfitting. 
A MaxPooling1D layer is then used to reduce feature dimensionality while preserving relevant information. This 
is trailed by Batch Normalization, which stabilizes training and normalizes intermediate activations. 

After spatial feature extraction, the model incorporates an LSTM layer with 16 units to capture temporal 
dependencies in the EEG signals. L2 regularization is applied to improve generalization, and a Dropout layer with 
a rate of 0.3 is included to enhance model robustness. The extracted temporal representations are subsequently 
passed to a dense layer with 32 neurons using ReLU activation, allowing the network to learn higher-level 
relationships between spatial and temporal features. An additional Dropout layer (0.3) is applied to further reduce 
overfitting. Finally, the softmax output layer generates probability estimates for the four predefined anesthesia 
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depth classes. Model optimization is achieved using the Adam optimizer, while sparse categorical cross-entropy 
is applied as the loss function for multi-class classification. 

3. Results & Discussion 
Table 1 presents the classification outcomes of the CNN, LSTM, and hybrid CNN–LSTM models for determining the 
depth of anesthesia (DoA). The DoA is divided into four categories: Awake (0), Deep (1), General (2), and Light 
(3). The comparison shows variations in model effectiveness when evaluated using precision, recall, and F1-score. 
Overall, the hybrid CNN–LSTM model demonstrates more consistent performance across the classes, indicating 
its capability to capture both spatial features and temporal patterns from the EEG signals, which contributes to 
improved DoA classification accuracy. Precision represents the percentage of correctly predicted samples within 
a class, indicating the model’s ability to minimize false-positive predictions. Recall, also referred to as sensitivity, 
measures the proportion of actual samples correctly identified by the model. The F1-score, defined as the 
harmonic mean of precision and recall, provides a balanced performance indicator, particularly when class 
distributions are imbalanced [26], [27]. 

The CNN model proves its strongest performance in the General anesthesia class, achieving a precision of 
65.95, recall of 55.99, and an F1-score of 60.56. However, its performance for the Awake and Deep classes remains 
limited, and the model does not correctly classify samples belonging to the Light class. This observation suggests 
that while CNN is capable of learning spatial patterns from EEG-derived inputs, it may be less effective in modeling 
the temporal characteristics of the signals. The LSTM model shows improved performance compared with CNN, 
particularly for the General anesthesia class, where it achieves a precision of 93.8, recall of 77.29, and an F1-score 
of 85.13. This improvement highlights the advantage of LSTM networks in capturing temporal dependencies 
present in sequential EEG data. Nevertheless, similar to the CNN model, the LSTM model exhibits reduced 
performance for the Awake and Deep classes and does not successfully identify the Light class. 

From the evaluated models, the CNN–LSTM hybrid architecture achieves the most competitive overall 
performance by integrating spatial and temporal feature learning. For the General anesthesia class, the hybrid 
model achieves a recall of 100 and an F1-score of 79.36, demonstrating the effectiveness of combining 
convolutional feature extraction with LSTM-based temporal modeling. However, classification performance 
remains limited for the Awake and Deep classes, and the Light class continues to be difficult to identify. Compared 
with previous studies, the overall accuracy of 65.78% obtained in this work may appear lower than results 
reported in some earlier research. For example, accuracies of 83% using conventional machine learning 
techniques [6], 88.7% using CNN–BiLSTM–Attention models [5], and 96.8% using MLP–SWT methods [9] have 
been reported. However, these studies typically rely on larger datasets, handcrafted features, or more complex 
model architectures, which may reduce their practicality in real-time clinical environments. 

Table 1 Comparison of CNN, LSTM, and CNN+LSTM model performance 

DoA  

CNN LSTM CNN+LSTM 

Precision Recall F1-
score Precision Recall F1-

score Precision Recall F1-
score 

Awake (0) 2.05 20.99 3.74 2.57 1.623 1.99 0.00 0.00 0.00 
Deep (1) 25.17 25.13 25.15 24.44 4.84 8.08 0.00 0.00 0.00 
General (2) 65.95 55.99 60.56 65.72 93.8 77.29 65.78 100 79.36 
Light (3) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

OVERALL 
Accuracy 43% 63% 65.78% 
Sensitivity 25.53% 25.57% 25.00% 
Specificity 75.11% 23.69% 75.00% 

 
 
In contrast, the present study utilizes a relatively small dataset consisting of 30 patients, which naturally 

constrains the achievable performance. Despite this limitation, the outcomes demonstrate that the CNN–LSTM 
hybrid model provides measurable improvements compared with standalone CNN and LSTM models. 
Furthermore, its strong performance in classifying the General anesthesia state is clinically relevant, as accurate 
classification in this state is essential for preventing intraoperative awareness. Figure 4 presents a comparison of 
specificity, sensitivity, and accuracy among the three models. The CNN model achieves the highest specificity 
(75.11%), thoroughly followed by CNN–LSTM (75.00%), while the LSTM model exhibits considerably lower 
specificity (23.69%). Sensitivity values remain relatively low across all models. The LSTM model achieves the 
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highest sensitivity (25.57%), slightly outperforming CNN (25.53%), while the CNN–LSTM model records 25.00%. 
In terms of overall classification accuracy, the CNN–LSTM hybrid model achieves the highest accuracy (65.78%), 
followed by LSTM (62.94%) and CNN (43.47%). These results indicate that integrating spatial and temporal 
feature learning can enhance classification performance. To further assess model effectiveness, confusion 
matrices and Receiver Operating Characteristic (ROC) curves are used. A confusion matrix summarizes 
classification outcomes by comparing actual and predicted labels, provided that insight into true positives, true 
negatives, false positives, and false negatives. This representation is particularly useful for analyzing classification 
behavior in imbalanced datasets. The ROC curve proves the relationship between the true positive rate and false 
positive rate across different decision thresholds. The Area Under the Curve (AUC) serves as a quantitative 
quantity of the model’s discriminative capability [28]. An AUC value of 0.5 indicates performance equivalent to 
random classification, whereas values approaching 1 represent stronger discriminative performance. Together, 
these evaluation tools offer a comprehensive assessment of the classification models. 

 

 

Fig. 4 Bar chart of specificity, sensitivity, and accuracy comparison for CNN, LSTM, and CNN+LSTM models 

 

  
(a) (b) 

Fig. 5 (a) Confusion matrix of CNN model; (b) ROC curve of CNN model 

For the CNN model, the confusion matrix in Figure 5 (a) reveals misclassification across classes. Class 0 
(awake) shows poor performance, with most instances misclassified into other classes, while Class 1 (Deep 
anesthesia) demonstrates moderate performance but is frequently confused with Class 2 (General anesthesia). 
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Class 3 (Light sedation) also exhibits poor predictions, with many samples being classified incorrectly into other 
categories. These results suggest that the CNN model has difficulty distinguishing between the different anesthesia 
states. This limitation is further supported by the ROC curves in Figure 5(b), where the curves for all classes lie 
close to the diagonal line and the AUC values are approximately 0.50, indicating that the model performs close to 
random classification. 

The confusion matrix for the LSTM model in Figure 6 (a) highlights significant misclassification across various 
classes. Class 0 (awake) shows poor performance, with most instances being misclassified into other classes. Class 
1 (deep anesthesia) demonstrates moderate performance but is frequently confused with Class 2 (general 
anesthesia). Despite having the largest representation, Class 2 suffers from widespread misclassifications, 
indicating that the model struggles with feature separation for this class. Most of the samples fall into other 
categories than the actual category. The ROC curves in Figure 6 (b) for this LSTM model highlight its limitations, 
as the curves for all classes remain near the diagonal, with AUC values close to 0.50. This demonstration that the 
model struggles to differentiate between the classes, reflecting weak classification performance. 

 
 

  
(a) (b) 

Fig. 6 (a) Confusion matrix of LSTM model; (b) ROC curve of LSTM model 

 

  

(a) (b) 

Fig. 7 (a) Confusion matrix of CNN+LSTM model; (b) ROC curve of CNN+LSTM model 

The confusion matrix for the CNN+LSTM model in Figure 7 (a) reveals a strong tendency toward predicting a 
single class. All instances of Class 0 (awake), Class 1 (deep anesthesia), and Class 3 (light sedation) are inaccurately 
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classified as Class 2 (general anesthesia). Although Class 2 records the highest number of correct predictions, 
some misclassifications into other classes are still observed. This pattern suggests that the CNN+LSTM model is 
heavily biased toward predicting Class 2, which may be influenced by issues such as class imbalance or ineffective 
feature learning during training. The ROC curves in Figure 7(b) further demonstrate the limitations of this model, 
as the curves for all classes remain close to the diagonal line and the AUC values are approximately 0.50. These 
results indicate that the model has unable to distinguish between the different classes. 

4. Conclusion & Recommendations 
The performance evaluation of CNN, LSTM, and CNN+LSTM models reveals notable strengths and weaknesses. The 
CNN model shows strong spatial feature extraction capabilities, with its best performance in the General class 
(precision: 65.95, recall: 55.99, F1-score: 60.56), but struggles significantly with temporal aspects of EEG signals, 
leading to poor performance in the Awake and Deep classes and complete failure in the Light class. The LSTM model 
outperforms CNN by capturing temporal dependencies, particularly excelling in the General class (precision: 93.8, 
recall: 77.29, F1-score: 85.13). However, it similarly struggles with the Awake and Deep classes and fails to classify 
the Light class. The CNN+LSTM hybrid model, which integrates spatial and temporal feature learning, achieves the 
best overall performance, with the highest accuracy (65.78%) and specificity (75.00%). It also performs 
exceptionally well in the General class, achieving a perfect recall of 100 and a high F1-score of 79.36. Despite these 
strengths, all models face significant challenges with the Light class and moderate difficulties in the Awake and 
Deep classes.  Among the three models, the CNN+LSTM hybrid model demonstrates the best overall performance. 
By combining the strengths of CNN’s spatial feature extraction and LSTM’s temporal feature learning, it achieves 
the highest accuracy (65.78%), competitive specificity (75.00%), and robust performance in the General class. This 
makes it the most effective model for classifying the depth of anesthesia (DoA) across four classes. 
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