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Objective: Fatigue is a significant occupational health issue that adversely affects attention 
and decision-making. This study aimed to objectively predict fatigue levels using EEG 
signals and machine learning models and to develop a physiologically based assessment 
framework with potential future applications in nursing.
Materials and Methods: Time-domain, frequency-domain, entropy, Hjorth, and wavelet 
features were extracted from EEG data collected from 12 participants aged 21–40 years, 
with fatigue levels labeled using various scales.
Results: Classification performance varied across validation strategies. Under 5-fold 
cross-validation, Random Forest achieved the highest performance (accuracy=1.00, 
macro-F1=1.00), while KNN and NB also demonstrated strong performance. However, 
under LOOCV, sensitivity, precision, and macro-F1 values decreased despite relatively high 
accuracy. LOSO validation yielded more balanced results, with Random Forest maintaining 
the best performance (accuracy=0.97, macro-F1=0.91).
Conclusion: EEG-derived features provide valuable information for fatigue assessment. 
Although high performance was achieved under certain validation strategies, subject-
independent evaluation revealed more realistic performance levels. The proposed 
framework offers a practical approach to fatigue monitoring. Future studies should focus 
on larger, domain-specific datasets and multimodal integration to enhance generalizability.
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ABSTRACT

INTRODUCTION
Fatigue is a complex phenomenon involving both central and peripheral components. Central 
fatigue is linked to dysfunction within the central nervous system, resulting in reduced motivation, 
attention, and cognitive capacity.1–3 Neuroimaging studies reveal that structural and functional 
changes, along with neurotransmitter imbalances in the prefrontal cortex and basal ganglia, play 
a critical role in this process.4 Peripheral fatigue is associated with physiological changes at the 
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muscle level; force production decreases as a result of reduced 
muscle contractility, irregularities in calcium release, and 
disruptions in energy metabolism.5

The subjective and self-reported nature of fatigue presents 
significant challenges for its measurement. The existence 
of more than 250 assessment scales reflects its complexity 
and marked interindividual variability.6,7 Current evidence 
indicates that fatigue is a multidimensional phenomenon 
involving interacting central and psychological processes, 
leading to declines in both physical and mental performance.8

Prolonged shift durations and insufficient rest periods are major 
contributors to nurse fatigue, particularly in critical care settings. 
Fatigue negatively affects nurses’ physical and mental health, 
increasing the risk of errors and compromising patient safety.9 
Nurse fatigue has been linked to higher rates of medication 
errors, patient falls, and other safety incidents.10–13 Notably, 
Scott et al.12 reported a 28% increase in patient safety incidents 
as shift duration increased. Consequently, machine learning–
based approaches integrating subjective and objective fatigue 
measures offer promising strategies for understanding and 
managing fatigue in nursing and other professional groups.

In recent years, physiologically based objective measures have 
been increasingly used to address the limitations of subjective 
fatigue scales. Wearable technologies enabling automatic 
monitoring of indicators such as heart rate variability and 
sleep quality have advanced fatigue detection models.14 
Electroencephalography (EEG) has emerged as a key indicator 
in fatigue detection because it directly reflects changes in 
mental state.15 Xu et al.16 showed that deep learning models can 
effectively capture complex EEG patterns, achieving 94.51% 
accuracy with a convolutional neural network (CNN) applied to 
multichannel EEG data. Yang et al.17 developed a hybrid fatigue 
detection model using publicly available EEG data from athletes. 
The model achieved 97.1% accuracy in classifying fatigue-
related EEG patterns, demonstrating strong performance in 
early mental fatigue detection and performance optimization. 
Several studies have demonstrated the effectiveness of EEG-
based AI models for fatigue detection, particularly in driving 
applications; reported accuracy rates using both traditional 
machine learning and deep learning approaches generally 
exceed 90%.18–22 These findings highlight the high accuracy 
and reliability of EEG-based AI models in driver fatigue 
detection and their potential to enhance driving safety. Chen 
et al.23 assessed mental fatigue in healthcare personnel using 
multiscale entropy features extracted from single-channel EEG 
signals. Fatigue classification using Random Forest, XGBoost, 
and backpropagation neural network models achieved area 
under the curve (AUC) values of up to 95%, supporting EEG as 
a robust biomarker for mental fatigue detection.

While Chen et al.23 presented a high-performance classification 
approach, the present study offers a more comprehensive and 
novel methodological pilot framework by integrating multiple 
fatigue scales and multidimensional EEG features. Given the 
critical importance of fatigue for patient safety, the limited 
evidence on objective fatigue assessment approaches specific to 
nursing represents a notable gap in the literature. In this context, 
rather than proposing a nursing-specific model, the present 
study provides a physiologically based, general methodological 
pilot framework with strong potential for future application in 
nursing by considering factors such as cognitive load and shift 
work conditions. This approach aims to serve as a foundation for 
future research focused on supporting employee well-being, 
enhancing patient safety, and improving the quality of care.

Aims and Objectives
This study introduces a novel framework for EEG-based 
fatigue detection by integrating multiple self-reported fatigue 
scales into a single composite label and combining this 
labeling strategy with a multidomain feature extraction and 
evaluation pipeline. In this respect, rather than proposing 
a model specifically tailored to nursing, the study presents 
a promising, physiologically based general methodological 
pilot framework with strong potential for future application 
in the nursing field. Unlike traditional approaches that rely on 
a single subjective scale, the proposed method uses a data-
driven weighting scheme to combine different scale scores 
and create a composite fatigue index. To the best of our 
knowledge, such a hybrid label-generation strategy has not 
previously been reported in the literature.

In addition, the study employs a comprehensive feature 
representation that captures complementary information 
from the time, frequency, and time–frequency domains. 
Furthermore, the classification framework is evaluated using 
multiple validation strategies, such as 5-fold cross-validation, 
leave-one-out cross-validation (LOOCV), and leave-one-
subject-out (LOSO) validation, enabling both sample-level 
and subject-independent performance assessments.

KEY MESSAGES

•	 EEG-based machine learning models can effectively 
estimate fatigue using multidomain signal features.

•	 A data-driven hybrid labeling approach enables a 
more reliable representation of fatigue than single-
scale methods.

•	 The proposed framework provides a practical and 
scalable approach for physiologically based fatigue 
monitoring in clinical settings.
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The results demonstrate that the proposed framework is more 
effective at capturing broad fatigue-related differences while 
also highlighting the challenges of subject-independent 
generalization. Overall, this study contributes to the literature 
by proposing a data-driven labeling strategy, integrating 
multidomain EEG features, and providing a robust evaluation 
framework for fatigue detection.

MATERIALS AND METHODS
Study Design

This study was designed as an investigation integrating both 
descriptive and methodological components. The descriptive 
aspect aims to reveal the relationships among variables in 
the existing dataset, while the methodological aspect seeks 
to develop a preliminary methodological framework for 
physiologically based models applicable to nurses using EEG-
based machine learning approaches. This framework includes 
the development of a fatigue assessment model based 
on objective biophysiological indicators and a systematic 
evaluation of its potential applicability in nursing practice.

Participants and Dataset

The dataset, collected in 2021 as part of a study conducted 
by Kalanadhabhatta and colleagues, included a total of 12 
participants (mean age=30.75±5.78 years), comprising 9 males 
and 3 females, aged 21–40 years. One participant had mild 
asthma, another had a history of seasonal asthma, and none of 
the other participants had any current or previous health issues. 
All participants provided informed consent before the study.24

Experimental Procedure

The original study included three sessions conducted on 
separate days, with a maximum interval of 19 days, all held at the 
same time of day to control for circadian effects. Demographic 
data were collected before the first session. Personality traits 
(BFI-10) and chronotype (MCTQ) were assessed at baseline. 
Daily fatigue (FSS) and physical fitness (IFIS) were also 
evaluated. Before each session, sleepiness (SSS) and energy 
and mood (GVAS) were measured. Participants were equipped 
with four wearable devices to monitor physiological signals 
during each session. EEG data were recorded using the Muse 
device from an open-access dataset. Participants completed 
three sessions involving baseline EEG recording, physical 
exercise, cognitive tasks, and repeated fatigue assessments 
while physiological signals were continuously recorded.25–29 
Detailed information regarding the scales used in this study is 
provided in Supplementary File 1.

EEG Recording and Preprocessing

The flowchart for this study is shown in Figure 1. The process 
consists of five main stages: labeling, data preprocessing, 

feature extraction, classification, and performance evaluation. 
This flowchart provides a comprehensive overview of the 
process from EEG data to fatigue estimation.

Questionnaire-Based Labeling

In this study, participants’ fatigue was assessed using scores 
from four self-report instruments: the SSS, GVAS, FSS, and IFIS. 
According to the dataset providers, some participants had 
missing FSS values. These missing values were estimated using 
SSS and GVAS data through a logistic regression model (fitglm), 
thereby minimizing information loss due to missing data.

Because each scale measures fatigue using different metrics, 
the scale scores were normalized and combined using the 
weighted-average method described in Equation 1. The 
weights were determined based on the variance values of the 
scales.

� (1)

where a, b, c, and d denote the weighting coefficients 
corresponding to the SSS, FSS, GVAS, and IFIS, respectively, 
and M_w is the weighted mean score.

The variance was computed across all samples as defined in 
Equation 2. The corresponding weights (a, b, c, and d) were 
derived from these variance values, allowing each scale to 
contribute proportionally to its variability within the dataset.

� (2)

where var(x_i) represents the variance of the ith scale, and 
w_i represents its corresponding weight. This normalization 
ensures that the sum of all weights equals one.

In this context, scales with higher variance contribute more 
to the overall fatigue score because they provide greater 
discriminatory power for distinguishing fatigue levels among 
participants.

To the best of our knowledge, previous studies have not 
explicitly reported the integration of multiple fatigue-related 
scales into a single composite label using a data-driven 
weighting strategy.

The overall fatigue scores were divided into two categories 
using a data-driven threshold. Specifically, samples with 
fatigue scores less than or equal to the median value were 
labeled as low fatigue (Class 0), whereas those above the 
median were labeled as high fatigue (Class 1).

Feature Extraction and Selection
EEG signals were recorded from participants using the Muse 
device at a sampling frequency of 256 Hz from the TP9, AF7, 
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AF8, and TP10 channels. The signals were then filtered using a 
0.5–40 Hz Butterworth band-pass filter and a 50 Hz notch filter 
to remove noise.

The following feature sets were extracted for each participant 
and each recording:

•	 Frequency-based features: band powers in the delta (0.5–4 
Hz), theta (4–8 Hz), alpha (8–13 Hz), and beta (13–30 Hz) 
frequency bands, along with theta/alpha and theta/beta 
power ratios.

•	 Hjorth parameters: activity, mobility, and complexity, 
computed separately for each frequency band.

•	 Entropy features: spectral entropy computed for each 
frequency band to capture frequency-specific signal 
complexity.

•	 Time-domain features: mean, standard deviation, skewness, 
kurtosis, and root mean square (RMS) of the signal.

•	 Wavelet features: normalized subband energies derived 
from a 4-level discrete wavelet transform using the 
Daubechies 4 (db4) wavelet, including approximation (A4) 
and detail coefficients (D1–D4).

All features were computed on a per-channel basis and 
subsequently averaged across channels to obtain a participant-
level representation.

To reduce feature dimensionality and improve generalization 
performance, feature selection was conducted using the 
minimum redundancy maximum relevance (mRMR) method. 
The mRMR algorithm ranks features by maximizing their 
relevance to the target variable while minimizing redundancy 
among features.30 Using this procedure, the optimal feature 
subset was determined to comprise 12 features.

To prevent information leakage, feature selection was 
conducted within each cross-validation fold using only the 
training data. The selected features were then applied to the 
corresponding test data.

Classification Models and Evaluation Metrics
The extracted features were classified using support vector 
machine (SVM), Naive Bayes (NB), k-nearest neighbors (KNN), 
and Random Forest (RF) classification models based on the 
generated label information. Three validation strategies were 
employed to evaluate model performance under different 
validation conditions: 5-fold cross-validation, LOOCV, and 
LOSO validation.

In 5-fold cross-validation, the dataset was randomly divided into 
five subsets. In each iteration, four subsets were used for training, 
and one subset was used for testing. LOOCV was implemented 
to maximize the use of the limited data, with each sample 
serving once as the test sample. Additionally, LOSO validation 

Figure 1. Flowchart of the EEG-based fatigue detection system.
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was performed to evaluate subject-independent performance, 
with all samples from one participant used as the test set and 
samples from the remaining participants used for training.

This multilevel validation framework facilitates the evaluation of 
both sample-level performance and subject-level generalization.

Ethical Approval
This study utilized publicly available anonymized data. 
Therefore, ethics committee approval was not required. The 
results were classified in (MATLAB R2024b, The MathWorks, 
Inc., Natick, MA, USA) using machine learning techniques.

RESULTS
Results of Labeling
In this study, participants’ overall fatigue was assessed using 
four different survey scales: the SSS, GVAS, FSS, and IFIS. 
Because each scale measures fatigue using different metrics, 
the scores were normalized and combined using a weighted-
average method. The weights were determined based on the 
variance values of the scales, as shown in Table 1. The overall 
fatigue score was then calculated according to Equation 1.

Because no standardized clinical threshold for fatigue 
categorization was available in the literature, a data-driven 

approach was adopted. The overall fatigue scores were 
divided into two classes using the median value as the 
threshold. Samples with scores less than or equal to the 
median were assigned to the low-fatigue class (Class 0), 
whereas those with scores above the median were assigned 
to the high-fatigue class (Class 1).

Statistical Structure of EEG Features
A feature matrix comprising 35 samples and 128 features was 
constructed. Features were extracted separately from each of 
the four EEG channels (TP9, AF7, AF8, and TP10), preserving 
channel-specific information rather than averaging across 
channels. The samples corresponded to 12 participants with 
3 trials each, excluding one missing recording, while the 
feature set represented EEG characteristics extracted from 
multiple domains.

Frequency-domain features included relative band powers 
in the delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), and 
beta (13–30 Hz) bands, along with theta/alpha and theta/beta 
power ratios. In addition, Hjorth parameters (activity, mobility, 
and complexity) and spectral entropy were computed 
separately for each frequency band to capture band-specific 
signal dynamics.

Time-domain features included the mean, standard deviation, 
skewness, kurtosis, and root mean square (RMS) values of the 
EEG signal.

For time–frequency analysis, the EEG signal was decomposed 
into four levels using the Daubechies 4 (db4) wavelet, resulting 
in one approximation subband (A4) and four detail subbands 
(D1–D4).

Table 1. Fatigue scales and weighting coefficients

Scales SSS (a) FSS (b) GVAS (c) IFIS (d)

Weight 0.19 0.42 0.25 0.15

SSS: Stanford Sleepiness Scale; FSS: Fatigue Severity Scale; GVAS: Global Energy 
and Affect Scale; IFIS: International Fitness Scale.

Table 2. Classification results

Validation Model Accuracy Sensitivity Precision Macro-F1

5-Fold SVM 0.77 0.78 0.76 0.73

5-Fold KNN 0.83 0.83 0.86 0.82

5-Fold NB 0.83 0.84 0.85 0.83

5-Fold RF 1.00 1.00 1.00 1.00

LOOCV SVM 0.77 0.39 0.39 0.39

LOOCV KNN 0.89 0.44 0.44 0.44

LOOCV NB 0.86 0.43 0.43 0.43

LOOCV RF 0.97 0.49 0.49 0.49

LOSO SVM 0.65 0.61 0.49 0.51

LOSO KNN 0.85 0.78 0.76 0.75

LOSO NB 0.83 0.76 0.76 0.74

LOSO RF 0.97 0.90 0.92 0.91

SVM: Support vector machine; KNN: K-nearest neighbors; NB: Naive Bayes; RF: Random Forest; LOOCV: Leave-one-out cross-validation; LOSO: Leave-one-subject-out.
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Results of Classification

The performance of four different classifiers (SVM, KNN, NB, 
and RF) was evaluated using multiple validation strategies, 
including 5-fold cross-validation, LOOCV, and LOSO validation.

For the SVM model, a radial basis function (RBF) kernel was 
employed; the KNN model used a neighbor count of k=3; 
the NB classifier was implemented assuming a Gaussian 
distribution; and the RF model was constructed using an 
ensemble of 100 decision trees.

The classification results are presented in Table 2, including 
accuracy, sensitivity, precision, and class-specific F1 scores. 
Additionally, the comparative performance of the classifiers 
across the different validation strategies is illustrated in Figure 2.

The classification performance of the four classifiers (SVM, 
KNN, NB, and RF) across the three validation strategies (5-
fold CV, LOOCV, and LOSO) is presented in Table 2 and Figure 
2. Under the 5-fold cross-validation scheme, the Random 
Forest (RF) classifier achieved perfect performance across all 
metrics (accuracy=1.00, macro-F1=1.00), while KNN and NB 
also demonstrated strong performance, with comparable 
macro-F1 scores of 0.82 and 0.83, respectively. In contrast, 
SVM exhibited relatively lower performance in this setting.

In the LOOCV scenario, although RF maintained high accuracy 
(0.97), sensitivity, precision, and the macro-F1 score decreased 

substantially to approximately 0.49, indicating potential 
instability in generalization when evaluated using single-
sample test folds. A similar trend was observed for SVM, KNN, 
and NB, for which accuracy remained relatively high, but class-
specific performance metrics declined significantly.

LOSO validation, which provides a more realistic subject-
independent evaluation, revealed a different performance 
pattern. RF again achieved the best overall performance 
(accuracy=0.97, macro-F1=0.91), followed by KNN and NB, 
which showed consistent and balanced results. In contrast, SVM 
demonstrated notably lower performance (macro-F1=0.51), 
indicating limited generalization across participants. Overall, 
RF emerged as the most robust classifier across all validation 
strategies, while KNN and NB provided competitive and 
stable alternatives, particularly under subject-independent 
evaluation conditions.

DISCUSSION
This study demonstrates the applicability of EEG-based 
machine learning models for fatigue detection. A notable 
discrepancy was observed among the validation strategies. 
While the Random Forest model achieved perfect performance 
under 5-fold cross-validation (accuracy=1.00), its performance 
decreased substantially under LOOCV and LOSO evaluations. 
This suggests that the 5-fold cross-validation results may have 
been influenced by data partitioning and may provide overly 

Figure 2. Performance metrics of classifiers across different validation strategies.
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optimistic performance estimates, particularly given the limited 
sample size. In contrast, LOSO offers a more realistic subject-
independent evaluation and revealed more moderate but 
reliable performance levels. Therefore, these results highlight 
the importance of employing subject-independent validation 
strategies when assessing EEG-based fatigue detection 
models. In addition to these findings, a notable decrease in 
performance was observed under LOOCV compared with 
5-fold cross-validation. Although accuracy remained relatively 
high, sensitivity, precision, and macro-F1 scores declined 
substantially. This discrepancy may be attributed to the nature 
of LOOCV, in which each model is trained on a slightly reduced 
dataset and evaluated on a single sample, making performance 
more sensitive to data variability and noise.

In addition, the limited sample size and inherent variability of 
EEG signals may further amplify this effect, leading to unstable 
performance estimates. Therefore, LOOCV results should be 
interpreted with caution, as they may not fully reflect the 
generalization capability of the models. In contrast, LOSO 
validation provides a more realistic subject-independent 
evaluation and yielded more balanced performance results, 
suggesting that it may be a more appropriate validation 
strategy for EEG-based fatigue prediction tasks.

This study demonstrates a strong association between fatigue 
classes derived from self-report scales (SSS, FSS, GVAS, and 
IFIS) and EEG features, suggesting that EEG-derived features 
are associated with both the cognitive and physical aspects 
of fatigue.

The EEG-based classification results of this study provide a 
promising, physiologically based general methodological 
pilot framework with strong potential for future application in 
nursing. Given the need for real-time monitoring in high-risk 
settings (e.g., ICUs, emergency departments, operating rooms, 
and dialysis centers), these findings may inform the design of 

future workload regulation systems. Consistent with the EEG-
based fatigue framework of Liu et al.,31 the proposed modeling 
steps contribute methodologically to the development of 
algorithms for healthcare professionals working under high 
levels of stress. Moreover, in line with Alshammari et al.,32 the 
focus on fatigue-related factors highlights the role of such 
frameworks in improving worker well-being and reducing errors.

The applicability of this model in real-world clinical nursing 
settings presents several practical considerations. The comfort 
of wearable EEG devices, their suitability for prolonged use 
and user mobility, and their seamless integration into clinical 
workflows are critical issues. To this end, future systems should 
incorporate robust artifact removal techniques, real-time signal-
processing algorithms, and user-friendly wearable designs.

The results obtained in this study reveal notable differences 
compared with the existing literature summarized in Table 3. 
Previous studies indicate that complex deep learning models 
(e.g., CNNs, LSTMs, and hybrid networks) generally achieve 
high accuracy in fatigue classification.

For instance, Xu et al.16 reported 94.5% accuracy using a CNN. 
Yang et al.17 achieved 97.2% accuracy using an LSTM.17 Xu et 
al.16 achieved high accuracy using CNN-based deep learning 
on multichannel EEG data, while Yang et al.17 demonstrated 
strong performance in fatigue classification using EEG 
data from athletes. In contrast, the present study differs by 
employing interpretable multidomain EEG feature extraction, 
introducing a composite fatigue-labeling strategy based 
on multiple self-report scales, and emphasizing subject-
independent validation within a clinically oriented framework. 
Shen et al.15 reported 96.1% accuracy using a multimodal 
hybrid approach. However, more traditional machine 
learning models, such as those employed by Ren et al.19 and 
Geng et al.,20 also demonstrated classification performance 
above 90%. Chen et al.23 used a comprehensive feature-

Table 3. Comparison of related studies

Study Year Data Classifier Best accuracy (%)

Ren et al.19 2021 EEG RBF 92.71

Xu et al.16 2023 EEG CNN 94.5

Chen et al.23 2024 EEG RF 87.0

Shen et al.15 2025 Multimodal Hybrid DL 96.1

Yang et al.17 2024 EEG LSTM 97.2

Geng et al.20 2025 EEG SVM 94.32

Hafiz et al.22 2025 HRV SVM 81.48

This study 2026 EEG RF 100

ANN: Artificial neural network; CNN: Convolutional neural network; DL: Deep learning; HRV: Heart rate variability; LSTM: Long short-term memory network; RBF: Radial 
basis function; RF: Random forest; SVM: Support vector machine.
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engineering process involving multiscale entropy extraction 
from EEG signals and reported 87% accuracy with a Random 
Forest classifier. Nevertheless, this method is complex and 
computationally intensive because of the feature extraction 
process. Hafiz et al.22 focused solely on fatigue detection in 
nurses using HRV and achieved 81.48% accuracy with HRV 
features and an SVM classifier. Although HRV signals are 
relatively inexpensive to obtain, they only partially represent 
neurophysiological changes compared with EEG. Because 
HRV does not directly represent neural activity, it may not 
fully capture cortical-level processes such as cognitive load, 
reduced attention, or mental fatigue. In contrast to these 
studies, the present work emphasizes a balance between 
model simplicity and performance, offering a methodological 
framework that prioritizes interpretability and potential real-
time applicability over maximum accuracy.

Among the evaluated classifiers, Random Forest generally 
demonstrated the highest performance across validation 
strategies, particularly under LOSO conditions, indicating its 
robustness to intersubject variability. KNN and NB also showed 
stable and competitive performance, whereas SVM exhibited 
comparatively lower generalization capability. These findings 
suggest that ensemble-based methods may be more suitable 
for EEG-based fatigue classification tasks.

Limitations

This study has several limitations. The small sample size 
(n=12), the use of an open-access dataset, and the fact that the 
EEG data were obtained from healthy individuals performing 
tasks in a laboratory setting rather than from nurses limit the 
generalizability of the findings and render them preliminary. 
The presence of two participants with a history of asthma 
should also be considered a potential limitation. The use of only 
four EEG channels may not capture all fatigue-related cortical 
activity, while self-report-based labeling using a percentile-
based approach may introduce subjective bias because of 
the lack of clinically validated cutoff values. Accordingly, this 
study serves as a starting point for future nursing-focused 
research conducted in clinical settings with larger samples 
and multichannel EEG recordings.

CONCLUSION
This study demonstrates that fatigue can be objectively 
estimated by combining multidimensional EEG-derived 
features with machine learning models and presents a 
promising, physiologically based general methodological 
pilot framework with strong potential for future application in 
nursing. The pilot model achieved meaningful accuracy when 
integrated with self-report scales, indicating that EEG-derived 
features provide valuable information related to fatigue. 

These findings highlight the potential of physiologically 
based fatigue-monitoring systems to enhance employee 
safety, patient safety, and continuity of care while providing 
a scientific basis for larger nursing-specific studies. Future 
research should include nurse samples, employ multichannel 
or high-density EEG, and incorporate performance and 
biophysiological measures to further improve model 
robustness and generalizability.
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