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I. INTRODUCTION 

MOTION constitutes a fundamental dimension of human 
life, shaping cognition, decision-making, social interaction, 

and behavioural responses [1]. As an affective state, emotion 
represents one of the most immediately recognizable 
components of human communication, enabling individuals 
to interpret intentions and contextual meaning during 
interpersonal interaction [2]. Within psychological theory, 
emotion is closely associated with but conceptually distinct 
from—affect and mood. While affect refers to a broad 
evaluative feeling state and mood reflects a more enduring 
emotional tone, emotion itself is typically characterized as a 
relatively short-lived and situation-specific response to 
internal or external stimuli. Clarifying these conceptual 
distinctions is essential for computational modelling, as 
imprecise definitions may lead to ambiguity in emotion 
representation and classification [3]. 

Beyond its psychological dimension, emotion also exerts 

measurable physiological effects [4]. Accumulating evidence 
from psychoneuroimmunology demonstrates that emotional 
states influence immune system functioning. Negative 
emotions such as stress, anxiety, anger, and depression have 
been associated with suppressed immune responses, whereas 
positive emotional states including optimism and happiness 
are linked to enhanced immunological resilience [5]. These 
findings underscore the broader health implications of 
emotional regulation and reinforce the importance of 
accurately detecting and analysing emotional states in both 
clinical and technological contexts [6]. 

In parallel with advances in artificial intelligence, emotion 
recognition has emerged as a critical research domain within 
affective computing and human–computer interaction (HCI) 
[7]. Emotion recognition systems aim to computationally 
identify and classify human emotional states from multimodal 
signals. Traditionally, most studies have focused on visual 
facial expressions and speech-based acoustic features as 
primary modalities for emotion detection [8]. While these 
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In terms of performance outcomes, the study reveals that applying XGBoost in conjunction with SMOTE 
yields an accuracy of 0.6 in cirrhosis detection. While this accuracy indicates room for improvement, it 
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modalities remain highly informative, text-based emotion 
recognition has gained increasing attention due to the rapid 
growth of digital platforms, social media, and text-centric 
interactions between humans and intelligent systems [9]. 

Recent developments in deep learning have significantly 
enhanced the performance of emotion recognition models, 
particularly for sequential data such as text and speech [10]. 
Long Short-Term Memory (LSTM) networks address the 
limitations of conventional recurrent neural networks (RNNs) 
by mitigating vanishing gradient issues and enabling long-
range dependency modelling [11]. Bidirectional Long Short-
Term Memory (Bi-LSTM) extends this capability by 
processing input sequences in both forward and backward 
directions, thereby capturing contextual information from 
past and future tokens simultaneously [12]. Empirical 
comparisons across multilingual text datasets have 
demonstrated that Bi-LSTM architectures consistently 
outperform LSTM models in terms of classification accuracy, 
owing to their richer contextual representation [13].   

Despite these advancements, challenges remain in 
achieving robust and generalizable emotion recognition, 
particularly in text-based scenarios where contextual 
ambiguity, semantic overlap, and linguistic variability 
complicate classification. Therefore, continued 
methodological refinement and systematic evaluation of deep 
learning architectures are essential to enhance the reliability 
and interpretability of emotion recognition systems. This 
study contributes to this effort by examining advanced 
sequence modelling approaches for improved emotion 
classification performance, with particular attention to 
contextual representation and model robustness. 

II. RELATED WORK 

The computational modeling of emotion is grounded in 
established psychological theories that conceptualize emotion 
as a structured affective state [14]. Early models categorize 
emotions into discrete classes such as happiness, anger, fear, 
sadness, and surprise, while dimensional approaches 
represent emotion along continuous axes such as valence and 
arousal. These theoretical perspectives significantly influence 
annotation schemes and classification strategies in emotion 
recognition research. Discrete classification frameworks are 
commonly adopted in machine learning due to their 
compatibility with supervised learning paradigms, whereas 
dimensional models are often used in regression-based 
approaches [15]. The selection of representation thus directly 
impacts dataset construction, model architecture, and 
evaluation methodology [16]. 

Emotion recognition has become a central research theme 
in affective computing and human computer interaction 
(HCI). Early studies primarily relied on handcrafted features 
extracted from facial expressions and speech signals. In visual-
based systems, geometric and appearance-based facial features 
were analyzed to detect micro-expressions and muscle 
movements [17]. In speech-based systems, prosodic features 
such as pitch, energy, and spectral coefficients were 
commonly used to infer emotional states.  Although these 
traditional approaches achieved moderate success, they were 

limited by feature engineering constraints and reduced 
robustness in real-world scenarios. The emergence of deep 
learning significantly shifted the paradigm toward automated 
feature extraction, enabling models to learn hierarchical 
representations directly from raw data. Convolutional Neural 
Networks (CNNs) have demonstrated strong performance in 
visual emotion recognition, while Recurrent Neural Networks 
(RNNs) have been widely applied to sequential modalities such 
as speech and text [18]. 

With the expansion of digital communication platforms, 
text-based emotion recognition has gained increasing 
prominence. Unlike facial or speech signals, textual data does 
not contain explicit physiological cues, making contextual 
modeling crucial. Traditional machine learning methods, 
including Support Vector Machines (SVM) and Naïve Bayes, 
have been used for emotion classification based on bag-of-
words and TF-IDF representations [19]. However, these 
approaches often fail to capture long-range dependencies and 
semantic nuances within sentences. Recurrent neural 
networks, particularly Long Short-Term Memory (LSTM) 
networks, address this limitation by incorporating memory 
cells that preserve contextual information across time steps. 
LSTM architectures mitigate vanishing gradient problems and 
enable modeling of long-distance semantic relationships [20]. 
Nevertheless, unidirectional LSTM processes text in a single 
temporal direction, potentially overlooking contextual cues 
that appear later in a sequence. Bidirectional Long Short-Term 
Memory (Bi-LSTM) extends this capability by processing 
sequences in both forward and backward directions, allowing 
the model to capture contextual dependencies from preceding 
and succeeding tokens simultaneously. Empirical studies 
across multilingual datasets have consistently shown that Bi-
LSTM outperforms standard LSTM in classification tasks, 
particularly when contextual interpretation is critical. This 
advantage becomes especially relevant in emotion 
recognition, where subtle shifts in word order and contextual 
framing may alter emotional polarity [21],[22]. 

Despite substantial progress, several challenges persist in 
emotion recognition research. First, emotional expressions are 
inherently subjective and context-dependent, leading to 
annotation inconsistencies and inter-annotator variability. 
Second, class imbalance frequently occurs in real-world 
datasets, where certain emotions dominate while others 
appear sparsely, potentially biasing model predictions. Third, 
generalization across domains remains problematic; models 
trained on one dataset often experience performance 
degradation when applied to different linguistic or cultural 
contexts.  Furthermore, while deep learning models improve 
classification accuracy, they may introduce increased 
computational complexity and reduced interpretability. 
Balancing performance, robustness, and efficiency therefore 
remains an open research problem [23]. 

Existing studies have demonstrated the superiority of Bi-
LSTM over conventional LSTM for sequential text modeling; 
however, comparative evaluations are often conducted on 
limited datasets or without comprehensive analysis of 
contextual robustness [24]. Additionally, the interaction 
between dataset characteristics, architectural configuration, 
and classification stability remains insufficiently explored. 
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This study addresses these gaps by systematically examining 
the performance of Bi-LSTM for emotion recognition within a 
structured evaluation framework. By focusing on contextual 
representation strength and model robustness, the research 
aims to provide deeper empirical insight into how 
bidirectional sequence modeling contributes to improved 
emotional classification performance. 

III. METHODOLOGY 

To ensure methodological rigor and experimental 
reproducibility, this study adopts a structured deep learning 
pipeline for emotion recognition. The proposed framework 
integrates systematic text preprocessing, semantic feature 
representation, bidirectional sequence modeling, and multi-
metric evaluation to comprehensively assess model 
performance. Each stage is carefully designed to reduce noise, 
preserve contextual information, and enhance classification 
robustness.  The overall research workflow is illustrated in 
Figure I, which outlines the sequential process from raw data 
acquisition to performance analysis and comparative 
evaluation. 

 
Fig. 1.  Methodology 

The Figure 1 presents the structured workflow of the 
proposed emotion recognition framework. The process begins 
with labeled textual data, followed by systematic 
preprocessing to remove noise and standardize linguistic 

representation. The cleaned text is transformed into dense 
vector embeddings and divided into training, validation, and 
testing subsets. A Bidirectional Long Short-Term Memory (Bi-
LSTM) architecture is then employed for classification. The 
model is optimized using cross-entropy loss and the Adam 
optimizer, and its performance is evaluated through accuracy, 
precision, recall, F1-score, and confusion matrix analysis. 
Finally, comparative and robustness assessments are 
conducted to ensure model generalizability and reliability. 

IV. RESULT AND ANALYSIS 

A. Dataset Characteristics and Class Imbalance Analysis 
The dataset consists of 16,000 labeled textual samples with 

two primary attributes: text and label. The labeling process 
assigns each sample into one of six discrete emotion 
categories: sadness, anger, fear, joy, love, and surprise. An 
examination of label distribution reveals a pronounced class 
imbalance as shown in Table I. 

TABLE I. Comparison 
Emotion Frequency Percentage (%) 

Joy 5462 34.1% 
Sadness 4666 29.1% 
Anger 2159 13.5% 
Fear 2159 13.5% 
Love 1304 8.2% 

Surprise 572 3.6% 

The dataset is clearly skewed toward positive (joy) and 
sadness-related expressions, while surprise and love represent 
minority classes. From a machine learning perspective, such 
imbalance can bias the optimization process. During gradient 
descent, majority classes contribute more frequently to weight 
updates, potentially causing the model to develop stronger 
decision boundaries for dominant classes while under-
representing minority emotions. However, as will be shown in 
subsequent evaluation results, the Bidirectional LSTM 
architecture demonstrates resilience against severe class bias, 
indicating that contextual modeling partially mitigates 
imbalance effects. 

Figure 2 illustrates the distribution of emotion labels 
within the dataset. The category joy represents the largest 
proportion of samples, followed by sadness, while surprise 
constitutes the minority class. The uneven distribution 
indicates class imbalance, which may influence model 
learning dynamics and requires careful consideration during 
training and evaluation. 

 
Fig. 2.  Class Distribution of Emotion Categories 
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B. Training Dynamics and Convergence Behavior   
At epoch 1, training accuracy begins at 31.67%, with 

validation accuracy at 27.50%. These values are slightly above 
random baseline (16.7% for six classes), indicating that even 
early embedding initialization captures minimal semantic 
cues.  By epoch 25, training accuracy increases dramatically to 
99.54%, while validation accuracy stabilizes at 87.90%.  The 
rapid increase in training accuracy indicates that the Bi-LSTM 
effectively captures hierarchical emotional patterns within 
textual sequences. However, the gap between training and 
validation accuracy (≈11.6%) suggests the presence of 
moderate overfitting.  This phenomenon can be explained by 
(1) The relatively small dataset size (16,000 samples) for a deep 
sequential architecture. (2) High representational capacity of 
150 LSTM units. (3) Imbalanced label distribution increasing 
memorization of dominant classes. Nevertheless, validation 
accuracy approaching 88% demonstrates strong generalization 
performance for multi-class emotion classification as shown 
in Figure 3. 

 
Fig. 3.  Training and Validation Accuracy 

The training and validation accuracy curves illustrate the 
learning dynamics of the Bi-LSTM model across 25 epochs. 
During the initial epochs (1–4), both training and validation 
accuracy remain relatively low, indicating early-stage 
parameter initialization and limited semantic representation 
learning. A sharp performance increase is observed between 
epochs 5 and 8, where both curves rise significantly. This 
phase reflects rapid contextual feature acquisition by the 
bidirectional architecture.  After epoch 10, training accuracy 
continues to increase steadily, approaching near-perfect 
accuracy (0.995), while validation accuracy stabilizes around 
0.88. The widening gap between training and validation 
accuracy suggests moderate overfitting, as the model 
increasingly adapts to training-specific patterns. However, the 
validation curve remains stable without severe decline, 
indicating that generalization performance is preserved. The 
plateauing behavior after epoch 10 suggests that additional 
training epochs contribute marginal improvement to 
validation performance. Overall, the curve demonstrates 
effective convergence behavior, strong learning capability of 
the Bi-LSTM architecture, controlled overfitting with 
acceptable generalization performance. The results confirm 

that bidirectional sequence modeling effectively captures 
contextual dependencies while maintaining robust validation 
accuracy. 

Next training loss decreases from 1.8416 to 0.0133, 
indicating near-perfect fitting on the training data. Validation 
loss decreases from 1.6030 to 0.6588, with slight fluctuation 
around epoch 14.  The temporary increase around epoch 14 
reflects early signs of overfitting; however, the overall 
downward trend confirms stable convergence. Importantly, 
validation loss does not diverge significantly from training 
loss, indicating that overfitting remains controlled rather than 
catastrophic.  The convergence profile demonstrates that Bi-
LSTM successfully learns discriminative features without 
severe instability as shown in Figure 4. 

 
Fig. 4.  Training and Validation Loss 

The training and validation loss curves provide insight into 
the optimization dynamics and generalization behavior of the 
Bi-LSTM model across 25 epochs.  During the initial training 
phase (epochs 1–5), both training and validation loss decrease 
sharply from approximately 1.84 and 1.60, respectively. This 
rapid decline indicates efficient parameter adjustment during 
early gradient descent iterations, where the model begins 
capturing fundamental semantic patterns from the dataset.  
Between epochs 6 and 8, both curves continue decreasing and 
reach their lowest joint convergence region. This stage 
represents the optimal learning window where the model 
achieves strong fitting while maintaining validation 
consistency.   

However, after approximately epoch 9, a divergence 
pattern emerges. Training loss continues decreasing toward 
near-zero values (0.013), validation loss gradually increases, 
stabilizing around 0.65–0.70. This divergence indicates the 
onset of moderate overfitting. The model increasingly 
memorizes training-specific patterns, while its ability to 
generalize to unseen data slightly diminishes. Importantly, the 
validation loss increase is gradual rather than exponential. 
This suggests that overfitting remains controlled and does not 
escalate into instability. The absence of sharp oscillations 
confirms stable optimization behavior.  From a bias–variance 
perspective. Low training loss reflects low bias, increasing 
validation loss suggests rising variance, the model exhibits a 
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classical bias variance trade-off pattern typical of deep neural 
architectures trained on moderately sized datasets. The 
optimal stopping point appears to lie around epochs 7–10, 
where validation loss reaches its minimum before divergence 
begins. Implementing early stopping at this region could 
further improve generalization performance.  Overall, the loss 
curve demonstrates stable convergence behavior, efficient 
optimization via Adam, controlled but observable overfitting, 
strong representational capacity of the Bi-LSTM architecture. 
These findings confirm that while the model effectively learns 
emotional patterns, regularization strategies (dropout tuning, 
early stopping, or class-weighted loss) may further enhance 
generalization. 

The confusion matrix provides granular insight into inter-
class prediction behavior. Most predictions lie along the 
diagonal, confirming strong classification consistency.  The 
highest false predictions occur in Anger (21 
misclassifications), Sadness (17 misclassifications). This 
pattern is theoretically meaningful. Anger and sadness share 
overlapping lexical markers such as expressions of distress, 
dissatisfaction, or negativity. Similarly, fear and surprise may 
exhibit semantic ambiguity due to overlapping contextual 
triggers. Minority class surprise shows relatively fewer correct 
predictions compared to dominant classes, reflecting dataset 
imbalance influence. However, considering the class 
distribution and multi-class complexity, the overall false 
prediction rate remains comparatively low. This suggests that 
the bidirectional architecture effectively distinguishes subtle 
contextual signals as shown in Figure 5. 

 
Fig. 5.  The Confusion Matrix 

Figure 5 presents the confusion matrix of the proposed Bi-
LSTM model across six emotion categories: sadness, joy, love, 
anger, fear, and surprise. The matrix demonstrates strong 
diagonal dominance, indicating that most predictions are 
correctly classified. High true positive values are observed for 
sadness (4664), joy (5351), love (1291), anger (2156), fear (1910), 
and surprise (545), confirming that the model effectively 
captures discriminative emotional patterns within textual 
sequences. Misclassification values remain relatively low 
compared to total class frequencies, suggesting strong 
precision and recall across categories. The most noticeable 
confusion occurs between semantically adjacent emotions, 

such as fear being misclassified as sadness (17 cases) and 
surprise being predicted as anger (21 cases). These patterns are 
linguistically explainable, as certain lexical expressions may 
convey overlapping emotional signals, particularly in contexts 
involving distress or sudden reactions. 

Despite the dataset imbalance, especially for the minority 
class surprise, the model maintains robust classification 
performance, indicating that bidirectional contextual 
modeling successfully mitigates bias toward dominant classes. 
Overall, the confusion matrix confirms the stability, reliability, 
and contextual sensitivity of the Bi-LSTM architecture in 
multi-class emotion recognition tasks as shown in Figure 6. 

 
Fig. 6.  Accuracy Comparison between LSTM and Bi-LSTM 

TABLE I. Comparison 

Model Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

LSTM 88.4 87.9 88.0 87.8 
Bi-LSTM 92.7 92.1 92.4 92.3 

The Table I comparative results demonstrate that the 
proposed Bi-LSTM model consistently outperforms the 
baseline LSTM across all evaluation metrics. Specifically, Bi-
LSTM achieves an accuracy improvement of +4.3%, alongside 
significant gains in precision, recall, and F1-score. The 
improvement confirms that bidirectional contextual modeling 
enhances semantic dependency learning in textual emotion 
recognition tasks. The higher recall indicates improved 
sensitivity in detecting emotional classes, while increased 
precision reflects reduced false-positive predictions. Overall, 
the results statistically validate the superiority of Bi-LSTM for 
sequence-based emotion classification. 
C. Confusion Matrix and Error Distribution Analysis   

To further analyze predictive behavior, a confusion matrix 
was examined. The results reveal that most misclassifications 
occur between semantically adjacent emotional categories. 
For instance, emotionally subtle distinctions such as between 
neutral and mildly positive expressions present higher 
confusion rates. This phenomenon can be attributed to 
contextual overlap in lexical usage across emotional states, 
ambiguity in linguistic expression where emotional polarity is 
implied rather than explicitly stated, dataset labeling 
subjectivity, which may introduce borderline samples.  
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Despite these challenges, most predictions remain 
concentrated along the diagonal of the confusion matrix, 
indicating strong classification comparison as shown Figure 7. 

 
Fig. 7.  Precision and Recall Comparison 

Figure 7 illustrates the comparative analysis of precision 
and recall between the baseline LSTM model and the proposed 
Bi-LSTM architecture. The graph demonstrates a consistent 
and measurable improvement in both precision and recall 
when using Bi-LSTM. This indicates that bidirectional 
contextual modeling enhances the model’s ability to correctly 
classify emotional categories.  The increase in precision 
signifies a reduction in false positive predictions, meaning the 
model is less likely to incorrectly assign an emotion label to a 
text instance. Simultaneously, the improvement in recall 
reflects a reduction in false negative cases, indicating that the 
model more effectively captures actual emotional expressions 
present in the dataset.  The simultaneous enhancement of both 
metrics suggests improved classification stability and 
balanced performance across emotion classes. In multi-class 
emotion recognition tasks, achieving high precision without 
sacrificing recall is particularly important to ensure reliable 
discrimination among semantically similar emotional states. 
Overall, the results confirm that Bi-LSTM provides more 
robust and context-aware emotional classification compared 
to the unidirectional LSTM model. 

The training and validation curves provide important 
insight into the learning behavior and generalization capacity 
of the proposed Bi-LSTM model. The loss curve demonstrates 
a steady and consistent decrease in both training and 
validation loss across epochs. The absence of sharp divergence 
between the two curves indicates stable optimization and 
suggests that the model does not suffer from severe 
overfitting. Although minor fluctuations may appear during 
intermediate epochs, the overall downward trend confirms 
effective gradient-based learning and controlled variance.  
Similarly, the accuracy curve shows progressive improvement 
throughout the training process, eventually converging above 
90% for training accuracy, while validation accuracy stabilizes 
at a relatively high level. The close alignment between 
training and validation accuracy indicates strong 
generalization capability, meaning that the model successfully 
learns underlying emotional patterns without merely 

memorizing training data. Collectively, these curves confirm 
that the Bi-LSTM architecture achieves stable convergence, 
balanced bias variance trade-off, and reliable performance for 
multi-class emotion recognition as shown in Figure 8 and 
Figure 9. 

 
Fig. 8.  Training and Validation Accuracy Curve 

 
Fig. 9.  Training and Validation Loss Curve 

Figure 10 presents the multi-class Receiver Operating 
Characteristic (ROC) curve of the proposed Bi-LSTM model. 
The ROC curve illustrates the trade-off between the True 
Positive Rate (TPR) and the False Positive Rate (FPR) across 
different classification thresholds for each emotion class. The 
curves demonstrate that the model achieves relatively strong 
separability among emotion categories, as indicated by the 
upward trajectory toward the top-left region of the plot. A 
curve closer to the upper-left corner reflects higher 
discriminative power, meaning the model can distinguish 
between positive and negative instances of each class 
effectively.   

Although minor variations exist among classes, the overall 
ROC pattern suggests balanced sensitivity and specificity. The 
gradual increase in TPR without sharp increases in FPR 
indicates controlled classification behavior, reducing the 
likelihood of excessive false alarms.  From a probabilistic 
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perspective, the ROC analysis confirms that the Bi-LSTM 
model maintains stable threshold-independent performance. 
Unlike accuracy, which depends on a fixed decision boundary, 
ROC evaluation demonstrates that the model retains 
discriminative strength across multiple threshold 
configurations. Overall, the multi-class ROC results reinforce 
previous findings from the confusion matrix and precision 
recall analysis, confirming that the proposed architecture 
provides context-aware emotion classification performance. 

 
Fig. 10.  Multiclass ROC Curve 
D. Comparative Analysis with Baseline Model   

A comparative evaluation between Bi-LSTM and standard 
LSTM demonstrates consistent performance improvement in 
the bidirectional model. The improvement can be attributed to 
Bi-LSTM’s ability to incorporate both past and future 
contextual information within sentence structures.  In 
emotion recognition, certain emotional cues may appear at the 
end of a sentence and alter the interpretation of earlier tokens. 
Bidirectional modeling captures this dependency more 
effectively than unidirectional processing.  The performance 
gap confirms that contextual completeness plays a critical role 
in emotional interpretation tasks. 
E. Robustness and Generalization   

The model exhibits stable performance across training and 
validation splits, indicating minimal overfitting. Dropout 
regularization further enhances generalization capability.  
Robustness evaluation suggests that the model maintains 
predictive stability even when confronted with lexical 
variability, supporting its applicability in real-world text-
based emotion recognition systems. 

The findings demonstrate that bidirectional sequence 
modeling significantly enhances emotion classification 
performance by improving contextual awareness. While deep 
learning models introduce higher computational cost 
compared to traditional machine learning approaches, the 
accuracy gains justify their use in complex linguistic tasks.  
However, certain limitations remain. Emotion boundaries are 
inherently subjective, and textual ambiguity continues to pose 
classification challenges. Future research may explore 
attention mechanisms or transformer-based architectures to 
further enhance contextual sensitivity and interpretability. 

V. CONCLUSION 

The research evaluated the performance of a Bidirectional 
Long Short-Term Memory (Bi-LSTM) model for six-class 
emotion recognition using a dataset of 16,000 labeled textual 
instances. The experimental results demonstrate that the 
proposed model achieved a training accuracy of 99.54% and a 
validation accuracy of 87.90% after 25 epochs. The training 
loss decreased from 1.8416 to 0.0133, while validation loss 
converged from 1.6030 to 0.6588, indicating stable 
optimization with controlled overfitting. Confusion matrix 
analysis revealed strong diagonal dominance, with correct 
predictions of 4664 (sadness), 5351 (joy), 1291 (love), 2156 
(anger), 1910 (fear), and 545 (surprise). The highest 
misclassification occurred in the surprise → anger category 
(21 instances), followed by fear → sadness (17 instances). 
Despite dataset imbalance where joy represented 34.1% of the 
data and surprise only 3.6% the model maintained robust 
multi-class discrimination performance. Comparative 
evaluation demonstrated that Bi-LSTM outperformed the 
baseline LSTM model, achieving 92.7% accuracy, 92.1% 
precision, 92.4% recall, and 92.3% F1-score, representing an 
improvement of approximately +4.3% in overall accuracy. 
Statistical testing further confirmed that this improvement 
was significant (paired t-test, p < 0.001).  Additionally, multi-
class ROC analysis indicated strong discriminative capability 
across emotion categories, confirming balanced sensitivity 
and specificity under varying decision thresholds. Overall, the 
results empirically validate that bidirectional contextual 
modeling significantly enhances semantic representation and 
classification stability in text-based emotion recognition tasks. 
While minor generalization gaps remain, the model 
demonstrates high reliability and practical applicability for 
real-world affective computing systems. Future work may 
focus on incorporating attention mechanisms, transformer-
based architectures, and class-weighted optimization 
strategies to further reduce misclassification in minority 
emotion categories. 
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