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Abstract

Since the content of dreams can mirror an individual's mental state, recognizing emotions during sleep can revegfoahaide about the state

of mind. This research suggests a new method for the automated classification of emotions during the state of sleefhé&mapid age movement
(REM) state. In the suggested method, in the preprocessing step, electroepaph@EEG) signals are filtered with a Butterworth bandpass filter
and are then broken into-2@cond windows. Each filtered EEG waw is then decomposed into five intrinsic mode functions (IMFs) with the empirical
mode decomposition (EMD) algorithm. In the next step, the sample entropy feature is extracted from eatie IREtiefF algorithm is utilized to
select the bestubset of features, which are applied as an input to random forest (RF), support vector machine (SVMjearstheighbor (KNN)
machine learning algorithmBmotional stateareclassified in a threelass setting (positive, negative, and neutral) as welltamibinary classification
scenarios: (1) positive versus negative, and (2) neutral versus a combination of positive and negative EE®t8gsals from the publicly available
dataset known as the DEED datasetitifized to see brain activity patterns which are present in different states of emotions in dreams and to analyze
the performance of the suggested method. The outcome reveals that the suggestepravidiesdn accuracy of 988% in threeclass classification

and an accuracy of 97.45% in biy classification (emotiongersusneutral), which indicates good performance in the classification of different states
of dreams' emotions during sleep. These experimental results not only increase the knowledge of the brain's mechaeinsématiens during
dreams but also opengtiyate to the EEG methodology for the application of diagnostic and intervention procedures in menialaiealtimatters in
clinical settings.
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1- Short Paper

Understanding emotions in dreams is crucial for assessing mental health, as they reflect psychological states ans@atergiBihid study aims to
automatically classify emotions in dreams during REM sleep using EEG signals, providing insights into mental healtndg ¢éve@&ED dataset,

we employ Empirical Mode Decomposition (EMD) and Sample Entropy (SampEn) features, see&eliefF, to enhance classification accuracy.
Prior works, such as Liet al.[11] and Moctezumaet al. [2], used fetures likeCommon Spatial Patterf€SP and Discrete Wavelet Transform
(DWT) with classifiers likeGradient Boosting Decision Tré&BDT) and EEGNet, achieving up to 88% accuracy, but our approach targets improved
performance through optimized feature selection and machine learning.

2-  Proposed Workand Methodology

The proposed method classifies emotions in REM sleep dreams using EEG signals from the DEED dataset. EEG signals ssedpwethioze
Butterworth bandpass filter {45 Hz) and segmented into-88cond windows. Each segment is decomposed into fivediattode Functions (IMFs)
via EMD, and Sample Entropy (SampEn) is extracted for each IMF. The ReliefF algorithm selects the top 20 featuresfechictod&andom Forest
(RF), Support Vector Machine (SVM), andMearest Neighbors (KNN) classifiers. Eerscenarios are evaluated: a thokess problem (positive,
negative, neutral emotions) and two binary problems (positive/negatisesneutral; positiverersumegative). Performance is assessed usiAigltio
crossvalidation with metrics including accuracy, precision, sensitivitysédre, and AUROC.

Comparison and Results:The KNN classifier outperforms RF and SVM, achieving08% accuracy in the thregass scenario, 97.45% in the
emotionsversusneutral scenario, and 90.39% in the positieesusnegative scenario. Compared to keual.[11] (88% accuracy for positiveersus
negative) and Moctezunet al. [2] (64.70% for emotionsersusneutral), our method shows significant improvement, with at led€98 higher
accuracy across scenarios. Statistical analysis confirms significant feature differevales (9 0.05). IMFIMF3 contribute most to classification,
indicating highfrequeny EEG components are critical for emotion differentiation.

Discussion: The superior performance of KNN, enhanced by ReliefF feature selection, highlights the efficacy of SampEn in capturingl emotio
complexity in EEG signals. The methodds high accur aedyealth mdnitotingw er r or
Remarkably, the proposed method achieves these results using only the Sample Entropy feature, demonstrating its effieffautivearess.

Limitations include the lack of power spectral analysis and limited EEG chasng/sahich may obscure brain regispecific insights. Future work

will explore additional frequency band features and higiannel EEG datasets to further refine emotion classification in dreams.

3- Conclusion

This study proposed a novel approach for classifying emotional states during REM sleep using EEG signals from the DEEDtHatpseposed
framework, sample entropy was computed for each of the five intrinsic mode functions obtained via empiricicoogesition of EEG channels.
Subsequently, the most relevant features were selected using the ReliefF algorithm and provided as input to three machiriaedsifierd K-
nearest neighbors, support vector machines, and randomtébcas¢gorize dem-related emotional stateBhe results demonstrated that the proposed
method achieved a strong classification performance, yielding an average accurady8¥f ®3the threeclass setting, 90.39% for the binary
classification of positive versus negative dream emotions, and 97.45% for distinguishing emotional from neutral dreaatard keléction process
not only reduced dimensionality but also enhancedifieation performance by identifying features strongly associated with distinct emotidaal sta
Despite relying solely on sample entropy as the feature metric, the proposed method outperformed previous approacheiioladsshand binary
classification tasks. Consistent with prior research, our findings confirm that EEG signals cacigreutfscriminative information to distinguish
among various emotional states during REM sleep with high precision. This capability holds particular promise for minggdgtieations, as it
enables the reliable detection of affective states duregpsivith minimal error. The high average accuracy and reliability underscore the potential of
the proposed model for practical deployment in neuroscience and psychiatric diagnostics.
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