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Method Accuracy Recall F1 score
1- EEG (not preprocessed, ML features, SVM) 0.62 0.60 0.59 0.59
2- EEG (preprocessed, DL features, SVM + RF) 0.65 0.61 0.64 0.62
3- EEG (preprocessed, ML + DL features, SVM + RF + 0.74 0.70 0.75 0.72
DT)

4-ET (not preprocessed, ML features, RF) 0.60 0.58 0.59 0.59
5- ET (preprocessed, DL features, DT) 0.62 0.55 0.56 0.55
6- ET (preprocessed, ML + DL features, XGB + RF + 0.65 0.64 0.61 0.62
DT)

7- EEG & ET (not preprocessed, ML features, SVM) 0.72 0.71 0.67 0.68
8- EEG & ET (preprocessed, DL features, RF) 0.75 0.74 0.72 0.73
9- EEG & ET (preprocessed, ML + DL features, SVM + 0.80 0.78 0.79 0.78
RE + XGB)

Proposed- EEG & ET (preprocessed, ML + DL 0.84 0.83 0.84 0.83
features, stacking ensemble)

Ablation study has been performed and bold values show the results obtained from final methodology.
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Aspect

Proposed method

(only EEG)
Dataset NeuMa NeuMa
Accuracy 0.72 0.74
Precision Not mentioned 0.70
Recall Not mentioned 0.75
Fl-score Not mentioned 0.72
AUC score Not mentioned 0.79
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Preprocessing Feature Classification

extraction
Khushaba et al. EEG 2013 ICA FFT Mutual Preference
(2013) ET DWT Information
Matukin etal. EEG 2016 Bandpass filter FFT Not specified Improvement
(2016) ET in Ads
Samsuri et al. EEG 2016 Bandpass filter P300 ERP Statistics ERP and the ET
(2016) ET N100 results were
Pupil dilation inconsistent
Christoforouetal. | EEG 2017 Downsampling Attent. Asynchrony | Regression 72% accuracy
(2017) ET Notch filter Cogn. Congruency | R2
Slanzi et al. (2017) EEG 2017 Interpolation PCA Logistic 71.09% accuracy
ET BandPass filter regression
Garcia-Madariaga EEG 2019 Not specified Alpha-Band Not specified Eye movements
etal. (2019) ET Oscillation could predict
AOI packaging preference.
Mashrur etal. EEG 2023 ASR TD SVM-RBF 96.97% accuracy
(2024) ET Notch filter ED
TFD
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Attribute Details

Number of subjects 42 (23 males, 19 females)
Number of products 144

Number of pages 6 (24 products per page)
Average selections 18 products per participant
Data files per subject 2 (S01.xdf, S01.xls)

EEG device Wearable Sensing DSI24
EEG sampling frequency 300 Hz

EEG sensors 21 dry sensors

ET device Tobii pro fusion

ET sampling frequency 120 Hz
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Layer Output shape Parameter:

Input layer (None, 19, 300, 1) 0
Conv2D (None, 17, 298, 32) 320
Max pooling (None, 8, 149, 32) 0
Conv2D (None, 6, 147, 64) 18,496
MaxPooling (None, 3,73, 64) 0
Flatten layer (None, 14,016) 0
Reshape layer (None, 14,016, 1) 0
LSTM (None, 64) 16,832
Dense (None, 128) 8,320
Dense (None, 64) 8,256
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ayer put shape Parameter:
Input layer (None, 64, 64, 1) 0
Conv2D (None, 60, 60, 6) 456
Max pooling (None, 30, 30, 6) 0
Conv2D (None, 26, 26, 16) 2,416
MaxPooling (None, 13, 13, 16) 0
Flatten layer (None, 2,704) 0
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References Preprocessing Feature Classifier Accuracy (%)
extraction
Murugappan et al. EEG 2014 Bandpass filter PSD KNN 96.62
(2014) Surface Laplacian filter SE PNN
sC
Telpaz et al. (2015) EEG 2015 Notch filter ERSP Random 59
ICA N200 (ERP) 65
Yadavaetal. (2017) | EEG 2017 Savitzky-Golay DWT HMM 70.33
Aldayel et al. (2021) EEG 2021 Downsampling DWT DNN 83
Bandpass filter Welch method SVM 81
ICA kNN 73
Savitzky-Golay RF 87
Alimardani and EEG 2021 Bandpass filter PSD CNN 74.57
Kaba (2021) EC (SVM 63.5
RE LOG)
Hakim et al. (2021) EEG 2021 Notch filter FBP SVM 68.51
ICA Hemispheric LOG
symmetry kNN
DT
Shah etal. (2022) EEG 2022 Savitzky-Golay DWT EC (SVM, 96.89
FFT PSD DT, DNN)
SMOTE LST™M
Georgiadis et al. EEG 2022 Bandpass filter SCM SVM Ensemble 73.11
(2022) ICA
Georgiadis et al. EEG 2023 Bandpass Filter SCM SPDNet 72.18

(2023a)
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References Model Approa Accuracy
DeepResidual Supervised 97.5%.
DNN Supervised 99.2%

Our approach AutoEncoder + CNN | Hybrid 99.3%

classifier
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Aspe g O approa

ode brid

Model architecture CNN, Fully AutoEncoder (Unsupervised)
Connected + CNN Classifier (Supervised)
Networks

Approach type Mostly supervised Hybrid (Supervised +

Unsupervised)

Dataset diversity Often limited to Comprehensive dataset with
normal or simple deletion and translocation
anomalies structural abnormalities

Model generalizability | Poor Better generalizability as

generalizability on
rare anomalies

trained on unlabeled data
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Metrics

Accuracy 99.37 99.37
Precision 99.57 95.32
Recall 99.74 97.14
F1 score 99.65 96.22
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Dataset type Number of Normal = Abnormal

chromosome
images

Training images 140,000 140,000 -
(encoder)
Training images 65,000 50,000 15,000
(encoder + classifier)
Validation images 12,112 10,912 1,200
(encoder)
Validation images 12,100 10,900 1,200

(encoder + classifier)

Test images 5,047 4,621 428
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Subject Sample Actual Prediction

S NMI NNM2 NN M3 sDT l-SVM  Q-SVM  C-SVM
1 1 True True True “True True True True True True True
2 False True False False True True True True False True
3 True True True True True True True True True True
1 False True True “True True True False True True True
2 True True True True True True True True True True
3 False False True False True False True True True True
3 1 True True True “True True True True. True True. True
2 False False True False False True False False False False
E True True True True True True True True True True
4 1 False False False False False False False False False False
2 True True True True True True True True True True
3 False True True True True True True False True True
5 ] True True True True True True True True True True
2 False False True False True True True True False False
3 True True True True True True True True True True
6 1 False False False False False False False False False False
2 True True True True True True True True True True
3 False True True True True True True True True True
7 1 True True True True True True False True True True
2 False False False False False True False False False False
3 True True True True False True False False False False
8 1 False False False False False False False False False False
2 True True True True True True True True True True
3 False True False False True True True True True True
9 1 True True True True True True True True True True
2 False False False False True False True True False False
3 True True True “True False True False False False False
10 1 False False False False False False False False False False
2 True True True True False True False True True True
3 False True False False True True True False False False
Average accuracy (%) 50 50 % 0 70 0 70 7 7

KNN, k-nearest neighbor; SVM, support vector machines; NN, neural network; DT, simple decision tree; CDT, complex decision tree; L-SVM, linear-SVM; Q-SVM, quadratic-SVM; C-SVM, cubic-SVM.
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Method Overall accuracy (%)

KNN 685
Simple decision tree 775
Complex decision tree 700
Linear SVM 800
Quadratic SVM 815
Cubic SVM 805
Proposed NN M1 885
Proposed NN M2 880
Proposed NN M3 900

KNN, k-nearest neighbor; SVM, support vector machines; NN, neural network.
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f(x) 1 if x > threshold,
X)=
-1 otherwise
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Variable/category

Sampling frequency

Number of channels 8

Number of subjects 64

Number of epochs 16,803
Gestational age 38.3 & 1.8 (wk+d)
Post-menstrual age 40.5 £ 1.7 (wk+d)
Gender 32 males and 32 females
Sleep time 144£057h
Wake time 071£0.57h
Weight 33+0.6kg
Reason for admittance Septicemia, Hyperbilirubinemia, and etc.
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\S Accuracy

4 2 88.42 82.42
4 4 88.56 83.18
4 6 88.59 83.51
4 8 88.47 83.03
2 4 88.25 82.39
4 4 88.56 83.18
6 4 88.69 83.43
8 4 88.79 83.60
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[DETENE bject Samplingrate N1 N2 N3 =)

Sleep-EDF-20 20 100 HZ 9,118 21.1% 2,804 6.50% 17,799 41.30% 5,703 13.20% 7,717 17.90% 43,141
Sleep-EDF-78 78 100 HZ 66,82234.00% | 21,52211.00% | 69,13235.20% 13,039 6.60% | 25:83513.20% 196,350
SHHS 329 125HZ 43,61914.3% | 10304320% | 142,12543.70% | 60,153 18.50% | 6595320.30% 324,854
CSPH 17 512HZ 4,077 21.9% 2,920 15.7% 8,273 44.4% 1,380 7.4% 1,983 10.7% 13,670
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Predicted

Per-class metrics

Dataset N1 PE
Sleep-EDE-20 8,186 283 75 31 109 94.7 942 94.4
293 1328 477 12 561 63.4 49.7 55.7
89 275 15,361 576 650 913 90.6 90.9
9 1 503 4,915 3 88.7 90.4 89.6
64 207 408 4 6,666 83.4 90.7 869
Sleep-EDE-78 61,287 2,366 446 75 349 943 94.9 947
2910 11,441 6,342 61 2,132 63.2 49.9 55.9
3,799 2,766 72,533 365 2,09 86.0 89.7 87.8
31 7 2,195 15,451 2 82.6 87.3 849
328 1,503 2,763 32 26,450 85.2 85.1 852
SHHS 42,853 1,030 1,317 171 848 93.4 92.7 93.0
1,488 5,547 260 113 2,896 55.9 53.8 54.8
517 36 25,041 4,264 267 815 83.1 823
45 1,008 4,072 50,673 4,355 86.1 842 852
998 2,296 4 3,633 59,022 87.5 89.5 88.5
CSPH 3,267 254 124 6 55 85.6 882 869
342 1,510 619 18 165 62.1 56.9 59.4
130 515 6,347 234 295 85.4 84.4 849
5 5 141 1,104 0 81.0 88.0 843
73 147 197 1 1,385 72.9 76.8 748

Bold numbers in the table represent the correct sample counts for each category.
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Over metrics Per-class F1-score

Kappa MF1 N1 N2 N3 REM
Sleep-EDF-20 MSDC-SSRNet 88.7 84.6 83.5 94.5 55.7 90.9 89.6 86.9
SleepViTransformer (Peng et al., 2023) 87.8 834 815 93.8 48.4 89.2 88.4 87.9
SleePyCo (Lee et al., 2024) 86.2 80.1 81 90.6 47.3 88.8 87.4 86.6
MultiChannelSleepNet (Dai et al., 2023) 86.5 81.6 80.3 92.6 47 89.5 88.3 838

SeqSleepNet (Phan et al., 2019b) 85.2 79 79.6 - - - - -

SleepEEGNet (Mousavi et al., 2019) 84.3 79 79.7 89.2 52.2 86.8 85.1 85
DeepSleepNet (Supratak et al., 2017) 81.9 76 76.6 86.7 45.5 85.1 833 826
Sleep-EDF-78 MSDC-SSRNet 86.2 81.2 81.7 94.7 55.9 87.8 84.9 85.2
SleePyCo (Lee et al., 2024) 84.6 79 79.1 93.5 50.4 86.5 80.5 84.2
SeqSleepNet (Phan et al., 2019b) 82.6 76 76.4 92.2 47.8 84.9 77.2 79.9
TinySleepNet (Supratak and Guo, 2020) 83.1 77.1 78.1 92.8 51 85.3 81.1 803
SleepTransformer (Phan et al., 2022) 81.4 74.3 74.3 91.7 40.4 84.3 77.9 77.2
AttnSleep (Eldele et al.,, 2021) 81.3 74 75.1 92 42 85 82.1 74.1
SleepEEGNet (Mousavi et al., 2019) 80 73 73.6 91.7 4.1 82.5 735 76.1
MultiChannelSleepNet (Dai et al., 2023) 84.9 78.9 79.4 94 52.8 86.3 81.5 82.6
SHHS MSDC-SSRNet 86.7 79.3 80.8 93 54.8 82.3 85.2 88.5
AttnSleep (Eldele et al., 2021) 84.2 78 753 86.7 332 87.1 87.1 82.1

SeqSleepNet (Phan et al., 2019b) 86.5 81 78.5 = = = = =
CSPH MSDC-SSRNet 80.4 72.6 78.1 86.9 59.4 84.9 84.3 74.8
AttnSleep (Eldele et al., 2021) 79.4 71.6 77.6 86 60.7 84.3 82.5 74.2
SleePyCo (Lee et al., 2024) 783 704 76.5 853 58.2 83.6 832 724
MultiChannelSleepNet (Dai et al., 2023) 77.6 68.8 75.9 84.7 57.7 82.8 82.6 717
SalientSleepNet (Liang et al., 2023) 77.3 68.9 76.5 84.4 60.1 82.5 83.5 72.1

Best metric values are marked in boldface.
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Ablation experiment Sleep-EDF-20 metrics Sleep-EDF-20 Per-class F1 score

ACC MF1 Kappa N1 N2 N3
BL 86.5 80.3 816 929 47.0 89.5 883 838
BL + MFEM 86.8 815 82.0 93.1 511 89.6 88.7 8438
BL+ CCTE 87.9 82.0 834 939 509 902 89.1 86.0
MSDC-SSRNet 88.7 83.6 84.6 9.5 55.7 90.9 89.6 86.9

Ablation experiment

BL 753 74.5 68.1 824 53.6 80.7 803 70.5
BL + MFEM 77.5 76.0 68.8 84.7 58.6 82.8 82.7 71.8
BL + CCTE 79.5 77.3 71.2 85.8 57.7 83.9 83.5 73.6

MSDC-SSRNet 80.4 78.1 72.6 86.9 59.4 84.9 84.3 74.8
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Stage

N1

Name

Light sleep

scription

Transition from wakefulness to sleep,
characterized by slow eye movements,
lower muscle activity, and the presence of
theta waves in EEG

N2

True sleep

No eye movements, sleep spindles, and
K-complexes appear in EEG, higher

sleep threshold to disturbances, and cessation
of conscious awareness

of the external environment

N3

Deep sleep (NREM)

Delta waves predominate the EEG, known as
slow-wave sleep (SWS),

associated with memory consolidation and
restorative processes

REM Sleep

Rapid eye movement sleep where dreaming
occurs, characterized by rapid

eye movements, atonia (loss of muscle tone),
and beta waves similar to an

awake state in EEG

‘Wakefulness

High frequency and low amplitude EEG
patterns, voluntary muscle activity,

and the ability to respond to stimuli. Eyes are
typically open and moving,

and muscletone is present
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Models Accuracy Precision Recall F1 score
Xeeption 90.46 93.66 94.63 93.64
EfficientNetB4 88.16 93.61 92.68 93.64
VGG19 94.19 94.93 95.89 94.91
ResNET 95.64 94.47 95.65 9458
BrainNet 98.32 97.91 98.43 98.09
MobileNet 96.73 95.98 97.67 96.59
InceptionV3 96.81 95.63 97.86 96.63
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Accuracy

Recall F1 score

SIE WESAD

dataset  dataset
Xception 92.49 94.65 94.63 94.64
EfficientNetB4 94.87 98.36 9268 96.64
VGG19 95.59 96.59 95.89 95.91
ResNET 95.81 96.68 95.65 95.58
BrainNet 97.19 99.81 98.43 98.89
MobileNet 95.61 98.68 97.67 97.89
InceptionV3 96.19 98.84 97.84 98.62
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Fold for BrainNet model

Accuracy

Swell WESAD

dataset dataset
Fold-1 95.43 9731
Fold-2 95.84 98.76
Fold-3 95.62 98.91
Fold-4 95.86 98.94
Fold-5 95.17 98.75
Average 95.58 98.82
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Models Accuracy = Preci ecall F1score
Xception 87.46 83.66 84.63 83.64
EfficientNetB4 85.16 83.61 82.68 83.14
VGG19 9119 84.93 85.89 8491
ResNET 85.64 84.47 85.65 8458
BrainNet 95.76 91.80 9243 92.05
MobileNet 92.73 90.98 90.67 90.76
InceptionV3 91.81 90.63 90.86 90.88
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