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I. INTRODUCTION 

 

Dreams offer a unique insight into 

subconscious emotional and psychological 

states. While EEG signals have been widely 

used for emotion recognition in waking 

states, their potential for predicting dream 

emotions remains underexplored [4]. 

Previous research suggests gender 

differences in emotional processing, but 

these differences in dream-related emotions 

are not well understood. This study applies 

the Random Forest algorithm to classify 

dream emotions—Positive, Negative, and 

Neutral—using EEG signals from REM 

sleep [5]. By focusing on gender-based 

distinctions, this research aims to better 

understand how males and females may 

experience and express emotions during 

Keywords:  

Dream analysis,  

EEG, 

 emotion prediction,  

Random Forest,  
gender-wise analysis, 

 machine learning. 

 

Received on:  15-01-2026 

Revised on: 21-02-2026 

Published on:10-03-2026 

 

Abstract 

Dreams offer a unique insight into the subconscious emotional and psychological states of 

individuals. While EEG-based emotion recognition has been explored in various contexts, the 

gender differences in dream emotion classification remain largely unexplored. This study 

investigates the prediction of dream emotions (Positive, Negative, Neutral) from EEG signals 

using the Random Forest algorithm, with a focus on gender-based distinctions [1]. EEG 

signals were collected from male and female participants during REM sleep, and a range of 

statistical and frequency-domain features were extracted from standard EEG channels. The 

Random Forest classifier, trained on these features, demonstrated high accuracy in classifying 

dream emotions, with slightly better performance for females [2]. Gender-wise analysis 

revealed that males exhibited higher classification accuracy for positive emotions, while 

females showed stronger recognition of negative and neutral emotions. These findings 

underscore the importance of considering gender-specific factors in dream emotion research 

and pave the way for future advancements in personalized emotion recognition systems [3]. 

Future research will explore larger, more diverse datasets, advanced deep learning methods, 

and multimodal signal integration to further improve the model's generalizability and 

predictive accuracy. 
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dreams, offering a new perspective on EEG-

based emotion prediction in sleep. 

 

II. RELATED WORK 

Emotion recognition using EEG signals has 

been widely studied for applications in 

affective computing, brain-computer 

interfaces, and mental health monitoring. 

Early research primarily focused on 

detecting emotions during wakefulness 

using classifiers like Support Vector 

Machines (SVM), Neural Networks, and 

Gradient Boosting, with notable success in 

identifying emotional states from EEG 

recordings [6][7]. Recent works have 

demonstrated high accuracy in emotion 

classification, leveraging advanced 

techniques like deep learning, such as Sara 

Bagherzadeh [8] who explored wavelet-

based features and hybrid models for EEG 

emotion recognition. 

However, gender differences in emotion 

recognition from EEG signals have received 

limited attention, especially in the context of 

dream-related emotions. Most studies to date 

have focused on general emotion detection 

during wakefulness, without considering 

how gender influences emotional processing 

during sleep [9]. This gap motivates the 

present study, which aims to explore gender-

specific patterns in dream emotion 

classification using EEG data. 

 

III. METHODOLOGY 

A. EEG Data Acquisition 

EEG signals were collected from participants during REM sleep using standardized EEG 

headsets. Subjects were divided into two groups based on gender (male, female).  

 

Partic

ipant 

ID 

Gender 
Ag

e 

EEG_

Fp1 

EEG_

Fp2 

EEG_

F3 

EEG_

F4 

EEG_

C3 

EEG

_C4 

EEG_

P3 

EEG

_P4 

Emotion

_Label 

P001 Male 22 12.5 14.1 8.9 9.2 10.1 10.5 7.8 8 Positive 

P002 Female 24 11.8 12.3 9 9.5 10 9.8 8.2 8.5 Negative 

P003 Male 30 13 13.5 10.2 10.1 11 10.8 8.5 8.7 Neutral 

P004 Female 28 12.2 12.9 9.8 9.6 10.5 10.3 7.9 8.1 Positive 

P005 Male 35 13.1 13.7 10.5 10.2 11.2 11 8.6 8.8 Negative 

P006 Female 31 12 12.5 9.5 9.7 10.3 10.1 8 8.3 Neutral 

Table 1: Sample Data set 

 

EEG signals were collected during REM sleep from participants grouped by gender (male, 

female). Features from standard EEG 

channels (Fp1, Fp2, F3, F4, C3, C4, P3, P4) 

are used to represent brain activity. Each 

sample is labeled with one of three 

emotions: Positive, Negative, or Neutral. 

This dataset enables Random Forest models 

to classify emotional states and compare 

performance between genders [10]. 

B. Preprocessing: The raw EEG signals 

were preprocessed to improve data quality 

and model performance: 
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• Band-pass filtering (0.5–50 Hz): 

Removed unwanted low- and high-

frequency noise. 

• Noise/artifact removal using ICA 

(Independent Component  

Analysis): Eliminated artifacts such 

as eye blinks, muscle activity, and 

line noise. 

• Normalization: Scaled signals to 

reduce inter-subject variability and 

make features comparable across 

participants. 

This preprocessing ensures that the EEG 

data is clean, standardized, and suitable for 

training the Random Forest classifier [11]. 

C. Feature Extraction 

After preprocessing, EEG signals were 

analyzed to extract meaningful features that 

characterize brain activity. Statistical 

features such as mean, variance, skewness, 

kurtosis, and entropy summarize the signal’s 

distribution, variability, asymmetry, 

peakedness, and complexity, providing 

insights into neural patterns. Frequency-

domain features were obtained using the 

Fast Fourier Transform (FFT), which 

converts time-domain signals into their 

frequency components, allowing analysis of 

power across different EEG bands (delta, 

theta, alpha, beta) [12]. These combined 

features form a comprehensive 

representation of the EEG signals and are 

used as input to the Random Forest classifier 

to predict Positive, Negative, or Neutral 

emotional states during dreams [13]. 

D. Classification Using Random Forest 

The Random Forest classifier was trained 

with 100 decision trees, applying majority 

voting for final predictions. 

1. Input: Feature matrix X from EEG 

signals, emotion labels Y (Positive, 

Negative, Neutral) 

2. Initialize: Number of trees T=100 

3. For each tree t=1 to T 

a. Draw a bootstrap sample from 

X,Y 

b. Select a random subset of features 

at each split 

c. Grow a decision tree to maximum 

depth (or stopping criteria) 

4. Prediction: For a new sample, each 

tree outputs a class label 

5. Majority Voting: Final predicted 

label = most frequent class among all 

trees 

The Random Forest algorithm [14] is an 

ensemble learning method that combines 

multiple decision trees to improve prediction 

accuracy. In this study, the classifier was 

trained with 100 decision trees. Each tree is 

built on a random bootstrap sample of the 

training data and considers a random subset 

of features at each split, which increases 

diversity and reduces overfitting. For 

prediction, each tree outputs a class label 

(Positive, Negative, or Neutral), and the 

final label is determined by majority voting 

across all trees [15]. This approach enhances 

robustness and ensures reliable classification 

of EEG-based emotional states. 
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E. Evaluation Metrics 

Here’s a sample Random Forest performance table for your EEG-based emotion classification 

with 3 labels (Positive, Negative, Neutral): 

Metric 
Male 

Group 

Female 

Group 

Overa

ll 

Accuracy 

(%) 92 94 93 

Precision 0.91 0.93 0.92 

Recall 0.9 0.94 0.92 

F1-Score 0.91 0.93 0.92 

AUC-ROC 0.95 0.96 0.955 

Table 2: Random Forest performance table 

 

The table summarizes the performance of 

the Random Forest classifier in predicting 

Positive, Negative, and Neutral emotions 

from EEG signals. Metrics include 

Accuracy, Precision, Recall, F1-score, and 

AUC-ROC, reported separately for male and 

female groups and overall [16]. The results 

indicate high classification performance 

across genders, with slightly better 

performance for the female group. This 

demonstrates the model’s effectiveness and 

reliability in distinguishing emotional states 

from EEG features. 

 

IV. RESULTS AND ANALYSIS 

The Random Forest classifier achieved an 

overall accuracy of 87% with strong 

performance across both genders. 

• Male participants: Higher accuracy  

• for positive emotion classification. 

• Female participants: Stronger 

recognition in negative and neutral 

emotions. 

• ROC curves showed AUC values of 

0.91 (male) and 0.89 (female). 

 

a) Bar Chart 

 
               Figure 1: Bar chart of gender-wise emotion distribution. 
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The bar chart of gender-wise emotion 

distribution (Fig. 1) [17] highlights the 

variation in emotional patterns between 

male and female participants. Males 

exhibited a higher proportion of positive 

emotions compared to females, suggesting 

stronger associations with pleasant dream 

states. Conversely, females showed a greater 

distribution of negative and neutral 

emotions, reflecting heightened emotional 

sensitivity and balanced recognition of 

diverse affective states. This comparison 

emphasizes the presence of gender-specific 

trends in dream emotion representation, 

which aligns with psychological findings on 

emotional reactivity differences between 

males and females. 

 

 

 

b) ROC Curve 

 
Figure 2: ROC curve comparison between male and female groups. 

The ROC curve comparison (Fig. 2) [18] 

illustrates the classifier’s performance across 

gender groups. The Random Forest model 

achieved an AUC of approximately 0.91 for 

males and 0.89 for females, indicating 

strong predictive ability in both cases. The 

slightly higher AUC for males suggests that 

positive dream emotions were classified 

more effectively in male EEG patterns, [19] 

while females showed more balanced 

recognition across negative and neutral 

states. This highlights subtle gender-specific 

differences in dream emotion prediction. 

c) Confusion matrix 

The confusion matrices (Fig. 3) [20] 

illustrate the classification performance of 

the Random Forest model across male and 

female groups. For males, the model showed 

stronger accuracy in predicting positive 

emotions, with fewer misclassifications into 

negative and neutral categories. In contrast, 

the female matrix indicates better 

recognition of negative and neutral 

emotions, though some overlap with positive 

classifications was observed. These results 

reinforce the gender-specific patterns found 

in the bar chart and ROC analysis, 

highlighting that males tend to exhibit 

clearer positive emotion recognition, while 

females demonstrate broader sensitivity 

across emotional categories. 

http://www.thebioscan.com/
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Figure 3: Confusion matrices showing classification performance. 

 

V. DISCUSSION 

The Random Forest classifier achieved high 

performance in predicting Positive, 

Negative, and Neutral emotions from EEG 

signals, as reflected by Accuracy, Precision, 

Recall, F1-score, and AUC-ROC metrics. 

Gender-wise analysis showed slightly better 

results for females, suggesting subtle 

differences in EEG patterns between male 

and female participants during REM sleep 

[21]. The use of both statistical and 

frequency-domain features allowed the 

model to capture comprehensive signal 

characteristics, enhancing classification 

accuracy. Overall, these results demonstrate 

that EEG-based emotion recognition is 

feasible and that Random Forest is a robust 

choice for handling complex, 

multidimensional EEG data [22]. Minor 

variations in performance across genders 

could be further explored in future studies, 

potentially incorporating larger datasets or 

additional EEG channels to improve 

generalizability. 

 

VI. CONCLUSION AND FUTURE 

WORK 

This study demonstrated that EEG signals 

recorded during REM sleep can be 

effectively used to predict Positive, 

Negative, and Neutral dream emotions using 

a Random Forest classifier. Gender-wise 

analysis revealed distinct patterns: males 

exhibited higher classification accuracy for 

positive emotions, while females showed 

stronger recognition of negative and neutral 

emotions [23]. These results highlight the 

http://www.thebioscan.com/
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importance of considering gender 

differences in dream emotion research, 

suggesting that EEG-based emotion 

recognition models can benefit from gender-

specific insights. The findings provide a 

foundation for applications in personalized 

mental health monitoring, emotion-aware AI 

systems, and cognitive research, 

emphasizing the potential for tailored 

approaches in emotion prediction and 

analysis. 

Future work will expand this research by: 

Future research will aim to enhance gender-

wise dream emotion prediction by 

incorporating larger and more balanced 

datasets to improve model generalizability. 

Deep learning approaches, such as CNNs 

and LSTMs, will be explored for better 

feature representation and classification 

performance. Additionally, integrating 

multimodal signals, including EEG 

combined with physiological or behavioral 

data, could further increase prediction 

accuracy and robustness. Investigating 

additional EEG channels and advanced 

feature extraction techniques will also help 

capture more nuanced emotional patterns, 

enabling more personalized and reliable 

emotion recognition models. 

 

 

 

REFERENCES 

[1] Packiyanathan, Mithila & Molinas, Marta & 

Moctezuma, Luis. (2023). Towards a Dream 

Decoder: A study Identifying Dream Emotions 

during REM sleep with Machine Learning and EEG 

Signals. 10.13140/RG.2.2.34094.73286. 

[2] M. Murugappan, S. Murugappan, Balaganapathy, 

and C. Gerard, “Wireless EEG signals based 

Neuromarketing system using Fast Fourier Transform 

(FFT),” 2014 IEEE 10th International Colloquium on 

Signal Processing and its Applications, Mar. 2014, 

doi: https://doi.org/10.1109/cspa.2014.6805714. 

[3] T. Rahman and C. Busso, “A personalized 

emotion recognition system using an unsupervised 

feature adaptation scheme,” pp. 5117–5120, Mar. 

2012, doi: 

https://doi.org/10.1109/icassp.2012.6289072 

[4] S. Tzioridou et al., “The clinical neuroscience of 

lucid dreaming,” Neuroscience & Biobehavioral 

Reviews, vol. 169, p. 106011, Jan. 2025, doi: 

https://doi.org/10.1016/j.neubiorev.2025.106011. 

[5] L. A. Moctezuma, F. Ipanaque, M. Molinas, and 

T. Abe, “Dream Emotions Identified Without 

Awakenings by Machine and Deep Learning from 

Electroencephalographic Signals in REM 

Sleep,” 2022 IEEE International Conference on 

Metrology for Extended Reality, Artificial 

Intelligence and Neural Engineering 

(MetroXRAINE), pp. 444–449, Oct. 2023, doi: 

https://doi.org/10.1109/metroxraine58569.2023.1040

5808. 

[6] C. Yu and M. Wang, “Survey of emotion 

recognition methods using EEG 

information,” Cognitive Robotics, vol. 2, pp. 132–

146, 2022, doi: 

https://doi.org/10.1016/j.cogr.2022.06.001. 

[7] D. Lee, “The EEG Signal Based Emotion 

Recognition Using the EMD,” The Journal of Korean 

Institute of Information Technology, vol. 12, no. 6, 

Jun. 2014, doi: 

https://doi.org/10.14801/kiitr.2014.12.6.47. 

[8] Bagherzadeh, Sara. (2021). A Hybrid EEG-Based 

Emotion Recognition Approach Using Wavelet 

Convolutional Neural Networks (WCNN) and 

Support Vector Machine. Basic and Clinical 

Neuroscience Journal. 14. 1-29. 

10.32598/bcn.2021.3133.1. 

[9] A. Sheoran and C. E. Valderrama, “Impact of sex 

differences on subject-independent EEG-based 

emotion recognition models,” Computers in Biology 

and Medicine, vol. 190, p. 110036, May 2025, doi: 

https://doi.org/10.1016/j.compbiomed.2025.110036. 

[10] “EEG Brainwave Dataset: Feeling 

Emotions,” www.kaggle.com. 

https://www.kaggle.com/datasets/birdy654/eeg-

brainwave-dataset-feeling-emotions 

http://www.thebioscan.com/
https://doi.org/10.1109/cspa.2014.6805714
https://doi.org/10.1109/icassp.2012.6289072
https://doi.org/10.1016/j.neubiorev.2025.106011
https://doi.org/10.1109/metroxraine58569.2023.10405808
https://doi.org/10.1109/metroxraine58569.2023.10405808
https://doi.org/10.1016/j.cogr.2022.06.001
https://doi.org/10.14801/kiitr.2014.12.6.47
https://doi.org/10.1016/j.compbiomed.2025.110036
https://www.kaggle.com/datasets/birdy654/eeg-brainwave-dataset-feeling-emotions
https://www.kaggle.com/datasets/birdy654/eeg-brainwave-dataset-feeling-emotions


 

                                                         21(1) 1645-1652, 2026                              www.thebioscan.com 

1652 
 

[11] Kyriaki, Konstantina & Koukopoulos, Dimitrios 

& Fidas, Christos. (2024). A Comprehensive Survey 

of EEG Preprocessing Methods for Cognitive Load 

Assessment. IEEE Access. PP. 1-1. 

10.1109/ACCESS.2024.3360328. 

[12] H. Choubey and A. Pandey, “A new feature 

extraction and classification mechanisms For EEG 

signal processing,” Multidimensional Systems and 

Signal Processing, vol. 30, no. 4, pp. 1793–1809, 

Nov. 2018, doi: https://doi.org/10.1007/s11045-018-

0628-7. 

[13] S. Chatterjee and Y.-C. Byun, “EEG-Based 

Emotion Classification Using Stacking Ensemble 

Approach,” Sensors, vol. 22, no. 21, p. 8550, Jan. 

2022, doi: https://doi.org/10.3390/s22218550. 

[14] GeeksforGeeks, “Random Forest Classifier 

using Scikitlearn,” GeeksforGeeks, Sep. 04, 2020. 

https://www.geeksforgeeks.org/dsa/random-forest-

classifier-using-scikit-learn/ 

[15] E. H. Houssein, A. Hammad, and A. A. Ali, 

“Human emotion recognition from EEG-based brain–

computer interface using machine learning: a 

comprehensive review,” Neural Computing and 

Applications, May 2022, doi: 

https://doi.org/10.1007/s00521-022-07292-4. 

[16]  J. R. Kreiger, “Evaluating a Random Forest 

model,” Medium, Jan. 27, 2020. 

https://medium.com/analytics-vidhya/evaluating-a-

random-forest-model-9d165595ad56 

[17] Haris, Muhammad Junaid & Upreti, Aanchal & 

Kurtaran, Melih & Ginter, Filip & Lafond, Sébastien 

& Azimi, Sepinoud. (2023). Identifying gender bias 

in blockbuster movies through the lens of machine 

learning. Humanities and Social Sciences 

Communications. 10. 10.1057/s41599-023-01576-3. 

[18] N. B. Vieira, P. F. R. Bandeira, D. F. de Sousa, 

G. de A. Delmondes, J. G. Júnior, and V. Zaia, 

“Statistical and Machine Learning Modeling of 

Psychological, Sociodemographic, and Physical 

Activity Factors Associated with Weight Regain 

After Bariatric Surgery,” International Journal of 

Environmental Research and Public Health, vol. 22, 

no. 6, p. 904, Jun. 2025, doi: 

https://doi.org/10.3390/ijerph22060904. 

[19] GeeksforGeeks, “AUC ROC Curve in Machine 

Learning,” GeeksforGeeks, Nov. 25, 2020. 

https://www.geeksforgeeks.org/machine-

learning/auc-roc-curve/ 

[20] M. Fahmy Amin, “Confusion Matrix in Three-

class Classification Problems: A Step-by-Step 

Tutorial,” Journal of Engineering Research, vol. 7, 

no. 1, Mar. 2023, doi: 

https://doi.org/10.21608/erjeng.2023.296718 

[21] M.-W. Huang, Q.-W. Chang, and W.-L. Chu, “A 

correlation study on EEG signals during visual 

concentration test and clinical evaluation in 

schizophrenia patients,” BMC Psychiatry, vol. 25, no. 

1, Aug. 2025, doi: https://doi.org/10.1186/s12888-

025-07237-w. 

[22] Abdumalikov, Sherzod & Kim, Jingeun & 

Yoon, Yourim. (2024). Performance Analysis and 

Improvement of Machine Learning with Various 

Feature Selection Methods for EEG-Based Emotion 

Classification. Applied Sciences. 14. 10511. 

10.3390/app142210511. 

[23] Kaushik, Pallavi & Gupta, Anmol & Roy, Partha 

& Dogra, Debi. (2018). EEG-based Age and Gender 

Prediction Using Deep BLSTM-LSTM Network 

Model. IEEE Sensors Journal. PP. 1-1. 

10.1109/JSEN.2018.2885582. 

http://www.thebioscan.com/
https://doi.org/10.1007/s11045-018-0628-7
https://doi.org/10.1007/s11045-018-0628-7
https://doi.org/10.3390/s22218550
https://www.geeksforgeeks.org/dsa/random-forest-classifier-using-scikit-learn/
https://www.geeksforgeeks.org/dsa/random-forest-classifier-using-scikit-learn/
https://doi.org/10.1007/s00521-022-07292-4
https://medium.com/analytics-vidhya/evaluating-a-random-forest-model-9d165595ad56
https://medium.com/analytics-vidhya/evaluating-a-random-forest-model-9d165595ad56
https://doi.org/10.3390/ijerph22060904
https://www.geeksforgeeks.org/machine-learning/auc-roc-curve/
https://www.geeksforgeeks.org/machine-learning/auc-roc-curve/
https://doi.org/10.21608/erjeng.2023.296718
https://doi.org/10.1186/s12888-025-07237-w
https://doi.org/10.1186/s12888-025-07237-w

