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I. INTRODUCTION

Dreams offer a

unique

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.

insight into are not well understood. This study applies

subconscious emotional and psychological
states. While EEG signals have been widely
used for emotion recognition in waking
states, their potential for predicting dream
emotions underexplored  [4].
Previous suggests  gender
differences in emotional processing, but
these differences in dream-related emotions

remains
research
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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
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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

III. METHODOLOGY
A. EEG Data Acquisition
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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

classification using EEG data.

emotion

EEG signals were collected from participants during REM sleep using standardized EEG
headsets. Subjects were divided into two groups based on gender (male, female).

il:;r;ic Gender | A% |EEG_ |EEG_ | EEG_ |EEG_|EEG_ | EEG | EEG_ | EEG | Emotion
D e Fp1 Fp2 F3 F4 C3 _C4 | P3 _P4 | Label
PO0I | Male |22 | 125 |141 |89 |92 |101 |105 |78 |8 Positive
P002 | Female |24 |11.8 |123 |9 95 |10 98 |82 |85 | Negative
P003 | Male |30 |13 135|102 [101 |11 108 |85 |87 |Neutral
P004 | Female |28 |122 |129 |98 |96 |105 |103 |79 |81 | Positive
P005 |Male |35 |13.1 | 137 |105 |102 |112 |11 |86 |88 | Negative
P006 | Female |31 |12 125 |95 |97 |103 |101 |8 83 | Neutral

Table 1: Sample Data set

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

female). Features from standard EEG to classify emotional states and compare

channels (Fpl, Fp2, F3, F4, C3, C4, P3, P4)
are used to represent brain activity. Each
sample 1is labeled with one of three
emotions: Positive, Negative, or Neutral.
This dataset enables Random Forest models
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performance between genders [10].

B. Preprocessing: The raw EEG signals
were preprocessed to improve data quality
and model performance:
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o Band-pass filtering (0.5-50 Hz):
Removed unwanted low- and high-
frequency noise.

o Noise/artifact removal using ICA
(Independent Component
Analysis): Eliminated artifacts such
as eye blinks, muscle activity, and
line noise.

e 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
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-

signals were

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].
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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. Foreachtreet=1to T
a. Draw a bootstrap sample from
XY
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
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Here’s a sample Random Forest performance table for your EEG-based emotion classification

with 3 labels (Positive, Negative, Neutral):

Metric Male | Female | Overa
Group | Group |1l
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, Fl-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.

a) Bar Chart

Gender-wise Emotion Distribution

Percentage (%)

Positive

Negative

IV. RESULTS AND ANALYSIS
The Random Forest classifier achieved an
overall accuracy of 87% with
performance across both genders.
e Male participants: Higher accuracy
o for positive emotion classification.

strong

e Female participants: Stronger
recognition in negative and neutral
emotions.

e ROC curves showed AUC values of
0.91 (male) and 0.89 (female).

im Dreams

— PMale
— Fermale

MNeutral

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

b) ROC Curve
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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.

ROC Curve Comparison: Male vs Female

True Positive Rate

0.0 0.2 0.4

0.6

False Positive Rate

0.8 1.0

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.

¢) Confusion matrix
The confusion matrices (Fig. 3) [20]
illustrate the classification performance of
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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 indicates  better
recognition of negative and neutral
emotions, though some overlap with positive
classifications was observed. These results

matrix

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/

AN INTERMATIONAL QUARTERLY JOURNAL OF LIFE SCENCES

21(1) 1645-1652, 2026

www.thebioscan.com

Male Confusion Matrix

Positive

MNegative

True label

Meutral 1o Ca

Positiwve

MNegative

Predicted label

Female Confusion Matrix

Positive

MNegative

True [abel

MNeutral

Positiwve

Megative
Predicted lalkeal

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, Fl-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 wuse 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
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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
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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 Al

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-
dream emotion prediction by
incorporating larger and more balanced
datasets to improve model generalizability.

wise
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