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Abstract
Text-based emotion detection presents a significant challenge in the development of modern interactive systems, given the lack of non-verbal cues in digital communication. This study evaluates two Transformer-based models, namely BERT-Base and DistilBERT, in the task of single-label multi-class classification emotion classification using the Multimodal EmotionLines Dataset, which consists of multi-utterance conversations from the TV series Friends. The research focuses on the models’ performance in understanding emotions from individual text-based utterances. BERT-Base is known for its high accuracy in capturing semantic context but requires substantial computational resources. In contrast, DistilBERT is a lightweight version offering better computational efficiency, though its performance relative to BERT-Base in the context of emotion detection needs further investigation. This study involved data collection and preprocessing, model training with consistent hyperparameter settings, and evaluation using accuracy, precision, recall, and F1-score metrics. Each utterance was classified independently without conversational context. BERT-Base achieved 65% accuracy, a macro-F1 score of 0.39, and an inference time of 9.448 ms, while DistilBERT achieved 63% accuracy, a macro-F1 score of 0.40, and an inference time of 5.238 ms. These results indicate that DistilBERT provides comparable classification performance with approximately 44.6% lower inference latency, although its suitability for resource-constrained devices requires further evaluation.
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1. INTRODUCTION
In today's digital era, human interaction increasingly relies on text-based platforms such as instant messaging, social media, and online forums. Understanding emotions expressed through text is therefore important for applications such as empathetic chatbots and emotion-aware conversational systems. However, text-based emotion recognition remains challenging because emotional expressions can be implicit, ambiguous, and dependent on linguistic context. Traditional machine learning approaches, such as Support Vector Machines (SVM), Naive Bayes (NB), and Decision Trees, have limitations in capturing complex semantic relationships between words. Transformer-based language models offer an alternative by learning contextual representations of text [1].

Emotion Recognition in Conversations (ERC) presents additional challenges because the emotion expressed in an utterance may depend on previous statements, speaker interactions, and changes in conversational situations. The Multimodal EmotionLines Dataset (MELD) provides a benchmark for studying these challenges through multi-party conversational dialogue [2]. This differs from social media datasets such as Twitter. Although Twitter presents its own challenges, such as short messages, informal language, and slang, individual tweets can often be understood independently without relying on surrounding tweets [2], [3]. In contrast, the main challenge of the MELD dataset is understanding emotions in a sequence of connected utterances, where the meaning of each sentence is influenced by the surrounding dialogue. Although MELD was originally developed to support multimodal emotion recognition, this study focuses specifically on text-based emotion classification [4].

Deep learning approaches based on the Transformer architecture, particularly the Bidirectional Encoder Representations from Transformers (BERT) model, have demonstrated superior performance in understanding relationships between words and sentence structures across various Natural Language Processing (NLP) tasks [5]. BERT-Base, one of the main variants of BERT, is capable of capturing rich semantic relationships within text, making it well suited for detecting implicit emotions in sentences. Although BERT-Base achieves high performance, its large number of parameters requires substantial computational resources, making it less suitable for deployment in resource-constrained environments [6]. To address this limitation, DistilBERT was developed as a lighter alternative that significantly reduces model size while maintaining competitive performance [7]. Therefore, this study investigates the performance of BERT-Base and DistilBERT for text-based emotion classification using the MELD dataset to identify the best balance between classification accuracy and computational efficiency.

Several studies have investigated the use of Transformer-based models for emotion detection tasks. Cortiz et al. [8] compared several Transformer models, including BERT, DistilBERT, RoBERTa, XLNet, and ELECTRA, for emotion recognition using the GoEmotions dataset. Their results showed that DistilBERT achieved significantly faster inference than BERT-Base while maintaining only slightly lower accuracy. However, their study did not use dialogue-based conversational datasets such as MELD. Mozhdehi et al. [9] developed EmotionalBERT, a model based on BERT-Base, for emotion classification on Twitter data. Their model improved classification accuracy despite using limited training data, demonstrating the effectiveness of BERT-based models in understanding implicit emotions. Nevertheless, their work focused only on social media text rather than conversational dialogue. Igali et al. [10] applied DistilBERT for emotion analysis in short text conversations and showed that it outperformed traditional machine learning models such as SVM and Random Forest. However, their study was limited to Twitter data instead of the multi-party conversational dialogue available in the MELD dataset. In addition, Dharma et al. [5] proposed a multimodal architecture that combined DistilBERT for text with Long Short-Term Memory (LSTM) for audio using the MELD dataset. Although their model outperformed previous baselines, the improvement in recognizing emotions from individual utterances remained limited. This finding suggests that accurately identifying emotions from a single utterance is still a challenging problem. Similarly, Makhmudov et al. [11] proposed a multimodal approach that combined Convolutional Neural Networks (CNN) for audio with BERT-Base for text on the MELD dataset. Although their model achieved better performance than previous approaches, the study focused on multimodal learning rather than text-only emotion classification. 

While previous studies primarily examine pretrained Transformer models or multimodal approaches, research on text-based ERC has also demonstrated the importance of modeling conversational context. DialogueGCN, proposed by Ghosal et al. [12], uses graph convolutional networks to represent relationships between speakers and utterances. COSMIC, developed by Ghosal et al. [13], incorporates commonsense knowledge to improve the interpretation of emotions and interactions within conversations. Similarly, DialogueCRN, proposed by Hu et al. [14], applies contextual reasoning to extract and integrate emotional information across dialogue turns. These approaches demonstrate how conversational dependencies can support emotion recognition. A recent survey by Pereira et al. [15] further highlights the importance of contextual information and the continuing challenges of textual ERC. However, context-aware architecture operates under a different input setting from models that classify each utterance independently. Their results therefore provide useful background but are not directly equivalent to those obtained from an utterance-only evaluation.

Although previous studies have explored Transformer-based models and context-aware approaches for emotion recognition, limited attention has been given to systematically examining the relationship between classification performance, emotion-specific errors, and inference efficiency when MELD utterances are processed independently without conversational context. Rather than introducing a new model architecture, this study provides a controlled empirical comparison of BERT-Base and DistilBERT under the same experimental conditions. Specifically, it investigates three research questions: (RQ1) How do BERT-Base and DistilBERT differ in overall classification performance, particularly accuracy and macro-F1 score, and in their ability to recognize individual emotion classes? (RQ2) What differences in inference latency are observed between BERT-Base and DistilBERT under the same hardware and evaluation conditions? (RQ3) What emotion-specific error patterns are observed when MELD utterances are classified independently, and which patterns may indicate limitations of excluding conversational context? By examining these aspects together, this study aims to provide a more comprehensive understanding of the performance–efficiency trade-off and the challenges of utterance-only emotion recognition in conversational dialogue.

2. METHODS AND DATA
This research consists of four main stages, starting with data collection, model configuration, hyperparameter tuning, and model evaluation.

2.1 Data Collection
The dataset used in this study is the Multimodal EmotionLines Dataset (MELD), which was developed from the EmotionLines dataset by incorporating audio and video modalities into the original text-based dialogues. The emotion label of each utterance was then re-annotated based on information from all three modalities: text, audio, and video. MELD contains approximately 13,000 utterances from 1,433 dialogues in the television series Friends. Each utterance is annotated with one of seven emotion categories: anger, disgust, fear, joy, neutral, sadness, and surprise [2].

To illustrate the structure of the MELD dataset, Table 1 presents examples of utterances along with their corresponding emotion labels. The dataset is divided into three subsets: training, validation, and testing. Table 2 summarizes the number of dialogues and utterances in each subset. A dialogue refers to a sequence of utterances exchanged between characters, whereas an utterance is a single spoken sentence within that dialogue. The distribution of emotion categories across the training, validation, and testing subsets is presented in Table 3. 

This study formulates emotion recognition as a seven-class text classification task. Since this study focuses on text-based emotion classification, each utterance is treated as an independent input, and the models predict its emotion label using only the text of that utterance. Surrounding dialogue turns, speaker identities, audio signals, and visual information are not included in the model input. An important limitation of this task formulation is the potential mismatch between the information used to annotate the dataset and the information available to the models. MELD emotion labels were assigned using textual, audio, and visual information, whereas the present models receive only isolated text. Consequently, some emotion labels may depend on vocal expressions, facial cues, or conversational context that cannot be inferred reliably from the input text alone. Therefore, incorrect predictions may reflect not only limitations of the classification models but also insufficient information in the input utterance. This limitation is considered when interpreting the class-level results and confusion patterns.

Table 1. Examples of utterances along with their corresponding emotion labels
	Dialogue_ID
	Utterance_ID
	Speaker
	Utterance
	Emotion
	Season
	Episode

	1
	0
	Joey
	But then who? The waitress I went out with last month?
	Surprise
	9
	23

	1
	1
	Rachel
	You know? Forget it!
	Sadness
	9
	23

	1
	2
	Joey
	No-no-no-no, no! Who, who were you talking about?
	Surprise
	9
	23

	1
	3
	Rachel
	No, I-I-I-I don't, I actually don't know
	Fear
	9
	23

	4
	0
	Rachel
	Hey!
	Surprise
	3
	11

	4
	1
	Ross
	Hi!
	Joy
	3
	11

	4
	2
	Rachel
	What are you doing here?
	Surprise
	3
	11

	4
	3
	Ross
	Ah y'know, this building is on my paper route so I...
	Neutral
	3
	11




Table 2. Distribution of Dialogues and Utterances in the MELD Dataset
	Subset
	Number of Dialogues
	Number of Utterances

	Training
	1039
	9989

	Validation
	114
	1109

	Testing
	280
	2610




Table 3. Emotion Distribution of the MELD Dataset
	Emotion
	Training
	Validation
	Testing

	Anger
	1109
	153
	345

	Disgust
	271
	22
	68

	Fear
	268
	40
	50

	Joy
	1743
	163
	402

	Neutral
	4710
	470
	1256

	Sadness
	683
	111
	208

	Surprise
	1205
	150
	281




2.2 Model Configuration
This study evaluates two pretrained Transformer-based models, BERT-Base and DistilBERT, for text-based emotion classification. BERT-Base is a pre-trained language model developed using two pre-training objectives: Masked Language Modeling (MLM) and Next Sentence Prediction (NSP) [16]. In the MLM task, the model learns to predict words that have been intentionally masked in a sentence by using the surrounding context, including both preceding and following words. Meanwhile, the NSP task enables the model to learn the logical relationship between two sentences by predicting whether the second sentence naturally follows the first. The BERT-Base architecture consists of 12 encoder layers, each containing 768 hidden units and 12 self-attention heads [17]. This architecture allows BERT-Base to generate bidirectional contextual representations for every token by simultaneously considering information from both the left and right contexts [18]. As a result, BERT-Base is highly effective at understanding complex textual meaning, making it well suited for emotion classification tasks [19], [20].

On the other hand, DistilBERT was developed as a lightweight alternative to BERT-Base while maintaining comparable performance [21], [22]. DistilBERT is created using the Knowledge Distillation technique, in which knowledge from a large teacher model is transferred to a smaller student model. In this process, the original BERT model serves as the teacher, enabling the student model to learn similar language representations with a much smaller architecture. As a result, DistilBERT is approximately 40% smaller and 60% faster than BERT-Base while retaining about 97% of its language understanding capability. Consequently, DistilBERT contains only 6 encoder layers, while preserving the same hidden size (768) and number of attention heads (12) as BERT-Base [23]. This design makes DistilBERT an attractive choice for applications that require lower computational costs and faster inference, particularly in resource-constrained environments [24], [25].

The pretrained checkpoints used in this study were bert-base-uncased for BERT-Base and distilbert-base-uncased for DistilBERT, obtained from the Hugging Face Transformers library and implemented within the PyTorch framework. Utterances are tokenized using their respective model-specific tokenizers (BertTokenizer and DistilBertTokenizer) and mapped to a standard maximum sequence length of 128 tokens, which handles truncation and padding. Each sequence classification architecture utilizes its corresponding pre-trained checkpoint with an added sequence-classification head configured with a linear projection layer mapping to the 7 unique emotion classes (neutral, surprise, fear, sadness, joy, disgust, and anger).

The model was built and evaluated on NVIDIA T4 Tensor Core GPU and an Intel(R) Xeon(R) CPU running at 2.20 GHz. The software environment utilized PyTorch 2.x+, Hugging Face Transformers 4.x+, and TensorFlow 2.x+, operating strictly in 32-bit single-precision floating-point (FP32) mode.

2.3 Hyperparameter Configuration
The hyperparameter configuration in this study was designed to ensure that both models learn effectively from the available training data. The same hyperparameter configuration was applied to both models. Although identical hyperparameters do not necessarily represent the optimal configuration for each architecture. It can ensure a fair and objective comparison. This approach allows any performance differences to be attributed to the model architecture rather than to variations in the training configuration [26]. 

The maximum sequence length was set to 128 tokens because MELD utterances consist of relatively short conversational texts. This configuration was selected to balance computational efficiency and input coverage. Sequences shorter than 128 tokens were padded at the end (post-padding), while sequences exceeding this limit were truncated from the end (post-truncation). Python, NumPy, PyTorch (including GPU backends), and TensorFlow libraries use 42 as global seed. Both models are trained for 10 epochs using a batch size of 16 and optimized using the AdamW optimizer with a learning rate of 2e-5, incorporating a linear learning-rate schedule with zero warmup steps (no learning rate warmup) and default weight decay. 

No gradient clipping or mixed-precision acceleration (FP16/AMP) are implemented, meaning training runs in default single-precision FP32 mode on Nvidia CUDA-enabled GPU hardware. For model validation and lifecycle control, checkpointing is performed at the end of each epoch by assessing validation accuracy, where the best state parameters are continuously monitored and saved, ensuring that the final evaluation on the test dataset utilizes the best-performing iteration of each model. These hyperparameter values were selected based on the standard recommendations for fine-tuning BERT-based models [17].

2.4 Model Evaluation
An evaluation was conducted to assess the performance of the proposed models in text-based emotion classification using conversational dialogue. The evaluation employed standard multi-class classification metrics, including accuracy, precision, recall, and F1-score, calculated using the macro-average approach. The macro-average metrics were chosen because they provide an unbiased evaluation across all emotion classes, regardless of class frequency. This is particularly important because the MELD dataset has an imbalanced class distribution [27]. The formulas for these evaluation metrics are presented in Equations (1)–(4).

	(1)


	(2)


	(3)

	(4)

The accuracy metric in Equation (1) represents the overall proportion of correctly classified samples. The remaining evaluation metrics are defined based on three quantities: True Positive (TPi), False Positive (FPi), and False Negative (FNi) for each emotion class i. A True Positive (TPi) is the number of samples correctly classified as the i-th emotion. A False Positive (FPi) is the number of samples incorrectly predicted as the i-th emotion when they actually belong to another class. A False Negative (FNi) is the number of samples belonging to the i-th emotion that are incorrectly classified as another emotion [28].

Based on these quantities, the macro precision in Equation (2) measures the average proportion of correct predictions among all samples predicted as each emotion class. In other words, it indicates how often the model's predicted emotion labels are correct. The macro recall in Equation (3) measures the average ability of the model to correctly identify all samples belonging to each emotion class. Finally, the macro F1-score in Equation (4) is calculated as the average F1-score across all emotion classes. For each class, the F1-score is the harmonic mean of precision and recall, meaning that it becomes low when either precision or recall is low. Therefore, the macro F1-score provides a balanced measure of classification performance across the N emotion classes [29]. The macro-averaging approach used in Equations (2)–(4) assigns equal weight to every emotion class, ensuring that the performance on minority classes contributes equally to the overall evaluation.

In addition to classification performance, the average inference time per sample was also measured to evaluate computational efficiency. Inference time was measured by recording the elapsed wall-clock time required to process the entire test dataset through a DataLoader under a `torch.no_grad()` context. The timer was started immediately before iterating through the test DataLoader and stopped after all batches had been processed. The average inference time per sample was calculated by dividing the total elapsed time by the number of test samples. The measurement was performed once for each model, without explicit CUDA synchronization before and after timing. No repeated timing measurements or uncertainty estimates were obtained.

3. RESULTS
This section presents the training and testing results of the two models, BERT-Base and DistilBERT, for text-based emotion classification in conversational dialogue. The results include training and validation curves, as well as evaluation metrics such as loss, accuracy, precision, recall, and F1-score. In addition, confusion matrices are used to examine the classification patterns of both models by identifying correctly and incorrectly predicted emotion classes. Finally, the overall performance of BERT-Base and DistilBERT is compared and discussed.

3.1 Training Results
This subsection presents the learning curves for the BERT-Base and DistilBERT models. Each learning curve shows the training and validation loss as well as the training and validation accuracy over 10 training epochs. As shown in Figure 1(a) and Figure 1(b), the BERT-Base model exhibited a consistent improvement on the training data throughout the training process. The training accuracy increased steadily from 0.5806 in the first epoch to 0.9524 in the tenth epoch. Similarly, the training loss decreased from 1.2590 to 0.1648, indicating that the model continued to fit the training data more effectively with each epoch.

The validation performance, however, followed a different trend. The validation accuracy increased from 0.6069 in the first epoch to its highest value of 0.6150 at the second epoch. Afterward, it gradually declined, reaching 0.5870 by the tenth epoch. Likewise, the validation loss reached its minimum value of 1.1881 at the second epoch before increasing continuously to 2.0072 at the final epoch. The gap between the training and validation curves after the second epoch indicates that the model began to overfit the training data. Therefore, the model from epoch 2 was selected as the final BERT-Base model because it achieved the highest validation accuracy (0.6150) with a training accuracy of 0.6824, a training loss of 1.0009, and a validation loss of 1.1881.

A similar trend can be observed for the DistilBERT model in Figure 2(a) and Figure 2(b). The training accuracy increased consistently from 0.5980 in the first epoch to 0.9710 in the tenth epoch, while the training loss decreased from 1.2215 to 0.0918. These results indicate that the model learned the training data effectively throughout the training process. In contrast, the validation performance improved only during the early stages of training. The validation accuracy increased from 0.5816 in the first epoch to its highest value of 0.6005 at the second epoch, after which it gradually declined to 0.5690 by the tenth epoch. Similarly, the validation loss reached its lowest value of 1.1865 at the second epoch before increasing steadily to 2.6459 at the final epoch. This pattern also suggests that the model started to overfit after the second epoch. Consequently, the DistilBERT model from epoch 2 was selected as the final model because it achieved the highest validation accuracy (0.6005), with a training accuracy of 0.6752, a training loss of 0.9944, and a validation loss of 1.1865.
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Figure 1. BERT-base Model Training Results Graphs; (a) Accuracy Graph; (b) Loss Graph
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Figure 2. DistilBERT Model Training Results Graphs; (a) Accuracy Graph; (b) Loss Graph

3.2 Evaluation Results
After the BERT-Base and DistilBERT models have been trained and selected based on the best performance on validation data, the next step is to evaluate the capabilities of each model on the test dataset. This evaluation includes analysis of the performance and efficiency metrics of both models. The summary results of the evaluation on test data are presented in Table 4. The table shows that the BERT-Base model recorded an Accuracy of 0.65, a Precision of 0.40, a Recall of 0.40, and an F1-Score of 0.39, with an inference time of 9.45 ms/sample. Meanwhile, the DistilBERT model obtained Accuracy 0.63, Precision 0.52, Recall 0.39, and F1-Score 0.40, with an inference time of 5.24 ms/sample.

Table 4. Model Evaluation Results
	Model
	Accuracy
	Precision
	Recall
	F1-Score
	Inference Time

	BERT-Base
	0.65
	0.40
	0.40
	0.39
	9.448

	DistilBERT
	0.63
	0.52
	0.39
	0.40
	5.238



For more in-depth analysis, details of the performance of each emotion class for both models are presented in Table 5. The performance was evaluated using precision, recall, and F1-score metrics for each emotion class. Overall, both models achieved their best performance on the Neutral class, which also has the largest number of samples (1,256). BERT-Base achieved a precision of 0.74, a recall of 0.85, and an F1-score of 0.79, while DistilBERT achieved a precision of 0.72, a recall of 0.86, and an F1-score of 0.78. The high recall values indicate that both models were able to correctly identify most of the Neutral samples. For the Surprise class, the performance of the two models was very similar. BERT-Base achieved an F1-score of 0.57, which is slightly higher than DistilBERT's 0.56. 

Table 5. Classification Model Report
	Model
	Emotion Class
	Precision
	Recall
	F1-Score
	Number of Samples

	BERT-Base
	Neutral
	0.74
	0.85
	0.79
	1256

	
	Surprise
	0.55
	0.59
	0.57
	281

	
	Fear
	0.00
	0.00
	0.00
	50

	
	Sadness
	0.40
	0.25
	0.30
	208

	
	Joy
	0.64
	0.56
	0.60
	402

	
	Disgust
	0.00
	0.00
	0.00
	68

	
	Anger 
	0.46
	0.52
	0.49
	345

	DistilBERT
	Neutral
	0.72
	0.86
	0.78
	1256

	
	Surprise
	0.53
	0.60
	0.56
	281

	
	Fear
	0.50
	0.02
	0.04
	50

	
	Sadness
	0.43
	0.29
	0.34
	208

	
	Joy
	0.56
	0.55
	0.55
	402

	
	Disgust
	0.44
	0.10
	0.17
	68

	
	Anger 
	0.45
	0.33
	0.38
	345



For the Joy class, BERT-Base performed better, achieving a precision of 0.64, a recall of 0.56, and an F1-score of 0.60, while DistilBERT obtained an F1-score of 0.55. The Anger class showed relatively low performance for both models. BERT-Base achieved an F1-score of 0.49, which is higher than DistilBERT's 0.38. Similarly, both models also showed low performance on the Sadness class. BERT-Base obtained an F1-score of 0.30, while DistilBERT performed slightly better with an F1-score of 0.34. This means that only about one-third of the 208 Sadness samples were correctly classified. The poorest performance was observed for the Fear and Disgust classes, which also have the fewest samples, with only 50 and 68 instances, respectively. For BERT-Base, both classes obtained precision, recall, and F1-score values of 0.00. DistilBERT showed a slight improvement, achieving an F1-score of 0.04 for Fear and 0.17 for Disgust. 

To provide a more detailed analysis of the classification results, the confusion matrices shown in Figure 3 are used to examine the classification errors made by each model. In the confusion matrix, the rows represent the true labels, while the columns represent the predicted labels. This visualization helps identify which emotion classes are correctly recognized and which are commonly confused with other classes.

For the Neutral class, both BERT-Base and DistilBERT correctly classified most of the samples. As shown in Figure 3(a), BERT-Base correctly identified 1,064 out of 1,256 Neutral samples, while DistilBERT correctly classified 1,077 samples in Figure 3(b). The most common errors occurred when Neutral samples were predicted as Joy or Surprise. The two models also performed well in the Surprise class. BERT-Base correctly classified 165 out of 281 samples, while DistilBERT correctly classified 168 samples. Most classification errors occurred when Surprise was predicted as Neutral, Anger, or Joy. For the Joy class, both models achieved reasonably good performance. BERT-Base correctly identified 226 out of 402 samples, while DistilBERT correctly classified 220 samples. The largest source of error was predicting Joy as Neutral or Anger.
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Figure 3. Confusion Matrix; (a) BERT-base; (b) DistilBERT

The Anger class was more difficult to classify. BERT-Base correctly classified 181 out of 345 samples, whereas DistilBERT correctly classified only 115 samples. Most errors occurred when Anger was predicted as Neutral, Joy, or Surprise. Both models also struggled with the Sadness class. BERT-Base correctly classified 51 out of 208 samples, while DistilBERT correctly classified 60 samples, meaning that only about one-fourth of the Sadness samples were correctly recognized. Most Sadness samples were incorrectly classified as Neutral. 

The Fear class was the most difficult emotion for both models to recognize. BERT-Base did not correctly classify any of the 50 Fear samples, which is consistent with its performance metrics of 0.00 shown in Table 5. Instead, all Fear samples were misclassified as Neutral, Anger, Surprise, Sadness, or Joy. The Disgust class also showed very poor performance. BERT-Base failed to correctly classify any Disgust samples, while DistilBERT correctly identified only 7 out of 68 samples. Most Disgust samples were incorrectly predicted as Neutral or Anger.

4. DISCUSSION
The experimental results reveal a metric-dependent trade-off between BERT-Base and DistilBERT. BERT-Base achieved slightly higher accuracy (0.65 vs. 0.63) and macro-recall (0.40 vs. 0.39), while DistilBERT obtained higher macro-precision (0.52 vs. 0.40) and a marginally higher macro-F1 score (0.40 vs. 0.39). However, these results were obtained from a single training run for each model using the same hyperparameters.

At the emotion-class level, BERT-Base achieved higher F1 scores for Neutral, Surprise, Joy, and Anger, while DistilBERT performed slightly better on Sadness, Fear, and Disgust. Neutral achieved the highest F1 score for both models, followed by Joy and Surprise. Both models correctly identified more than half of the Surprise samples, although some were confused with Neutral, Anger, or Joy. BERT-Base also performed better on Joy and Anger, whereas both models showed relatively low performance on Sadness. The weakest results were observed for Fear and Disgust, with BERT-Base recording F1 scores of 0.00 for both classes and DistilBERT achieving only 0.04 and 0.17, respectively.

These findings suggest that class imbalance may contribute to the difficulties in recognizing underrepresented emotions, particularly Fear and Disgust. However, classification performance may also be associated with differences in emotional expression. For example, Surprise achieved relatively good performance despite having fewer samples than Anger, suggesting that some surprise expressions may contain more recognizable linguistic cues. In contrast, Fear, Disgust, and Sadness may be expressed through subtle or ambiguous language that is difficult to interpret from an isolated utterance.

The confusion matrices provide further insight into these classification difficulties. Neutral was sometimes confused with Joy or Surprise, while Joy was frequently misclassified as Neutral or Anger. Anger was also confused with Neutral, Joy, and Surprise. For example, the utterance "Oh, you're kidding me!" was predicted as Surprise rather than Anger. Although the utterance expresses frustration in its original dialogue, it can also indicate surprise when interpreted without conversational context.

Sadness was frequently misclassified as Neutral. For example, the utterances "Yeah." and "I broke it." were predicted as Neutral, although their original conversational contexts indicated sadness. Similarly, the utterance "Where is Leslie?" was classified as Neutral rather than Fear. These examples illustrate the limitations of isolated-utterance classification, as the emotional meaning may depend on surrounding dialogue rather than explicit emotional words. Therefore, these errors should not be attributed solely to the models' classification abilities.

Fear and Disgust were particularly difficult to recognize. BERT-Base failed to correctly identify samples from either class, while DistilBERT correctly identified only a small number. Fear was frequently confused with Neutral or Anger, whereas Disgust was often predicted as Neutral or Anger. For example, the utterance "That joke wasn't funny, and it offended women, doctors, and monkeys!" was classified as Anger instead of Disgust. This example illustrates how different negative emotions may share similar linguistic expressions, making them difficult to distinguish using text alone.

Regarding inference efficiency, DistilBERT recorded a lower average inference time of 5.24 ms per sample compared with 9.45 ms for BERT-Base, representing an approximately 44.6% reduction under the evaluated conditions. However, these measurements were obtained from a single timing run without explicit CUDA synchronization or uncertainty analysis. Therefore, the observed difference should be interpreted as a preliminary indication of potential inference efficiency rather than evidence of a consistent speed advantage.

Overall, the findings indicate that BERT-Base achieved slightly higher accuracy, whereas DistilBERT obtained a marginally higher macro-F1 score and lower observed inference latency. The error analysis also highlights the challenges of recognizing minority emotions and interpreting context-dependent expressions from isolated utterances. Furthermore, MELD labels were informed by multimodal information, while the models used only textual input, which may contribute to some classification difficulties. Future studies should investigate context-aware approaches, imbalance-aware training strategies, repeated experiments with different random seeds, and comparisons with established text-only MELD/ERC baselines to provide a more comprehensive evaluation.

5. CONCLUSION
This study compared BERT-Base and DistilBERT for text-based emotion classification using the MELD dataset. The results showed a metric-dependent trade-off: BERT-Base achieved slightly higher accuracy (0.65 vs. 0.63), while DistilBERT obtained a marginally higher macro-F1 score (0.40 vs. 0.39) and lower measured inference time (5.24 vs. 9.45 ms per sample). However, these differences should be interpreted cautiously due to the absence of repeated experiments and uncertainty analysis. Several limitations should be acknowledged, including the use of isolated utterances without conversational context, text-only inputs, and class imbalance. Future research should investigate context-aware models, imbalance-aware training strategies, comparisons with established text-only MELD/ERC baselines, and more comprehensive evaluations of model stability and inference efficiency. Overall, this study provides an initial comparison of BERT-Base and DistilBERT for isolated-utterance emotion classification and identifies opportunities for further improvement.

REFERENCES
[1]	J. Wang and C. Zhang, “Cross-modality fusion with EEG and text for enhanced emotion detection in English writing,” Front. Neurorobotics, vol. 18, Jan. 2025, doi: 10.3389/fnbot.2024.1529880.
[2]	S. Poria, D. Hazarika, N. Majumder, G. Naik, E. Cambria, and R. Mihalcea, “MELD: A Multimodal Multi-Party Dataset for Emotion Recognition in Conversations,” in Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics, A. Korhonen, D. Traum, and L. Màrquez, Eds., Florence, Italy: Association for Computational Linguistics, Jul. 2019, pp. 527–536. doi: 10.18653/v1/P19-1050.
[3]	F. Mohammad et al., “Text Augmentation-Based Model for Emotion Recognition Using Transformers,” Comput. Mater. Contin., vol. 76, no. 3, pp. 3523–3547, 2023, doi: 10.32604/cmc.2023.040202.
[4]	J. Zhao et al., “Multimodal Feature Fusion Method for Unbalanced Sample Data in Social Network Public Opinion,” Sensors, vol. 22, no. 15, p. 5528, Jan. 2022, doi: 10.3390/s22155528.
[5]	D. A. Dharma and A. Zahra, “Emotion Recognition on Multimodal with Deep Learning and Ensemble,” Int. J. Adv. Comput. Sci. Appl., vol. 13, no. 12, 2022, doi: 10.14569/IJACSA.2022.0131278.
[6]	S. Mustavi Maheen, M. Rahman Faisal, Md. R. Rahman, and Md. S. Karim, “Alternative non-BERT model choices for the textual classification in low-resource languages and environments,” in Proceedings of the Third Workshop on Deep Learning for Low-Resource Natural Language Processing, C. Cherry, A. Fan, G. Foster, G. (Reza) Haffari, S. Khadivi, N. (Violet) Peng, X. Ren, E. Shareghi, and S. Swayamdipta, Eds., Hybrid: Association for Computational Linguistics, Jul. 2022, pp. 192–202. doi: 10.18653/v1/2022.deeplo-1.20.
[7]	E. Michael, G. M. Rose-Mary Owusuaa, T. Kate, A. Peter, P. O. Kwame, and B. A. Linda, “Sentiment analysis and classification of Ghanaian football tweets from the 2022 FIFA World Cup,” Indones. J. Electr. Eng. Comput. Sci., vol. 34, no. 1, pp. 497–507, Apr. 2024, doi: 10.11591/ijeecs.v34.i1.pp497-507.
[8]	D. Cortiz, “Exploring Transformers models for Emotion Recognition: a comparision of BERT, DistilBERT, RoBERTa, XLNET and ELECTRA,” in Proceedings of the 2022 3rd International Conference on Control, Robotics and Intelligent System, in CCRIS ’22. New York, NY, USA: Association for Computing Machinery, Oct. 2022, pp. 230–234. doi: 10.1145/3562007.3562051.
[9]	M. H. Mozhdehi and A. E. Moghadam, “Textual emotion detection utilizing a transfer learning approach,” J. Supercomput., vol. 79, no. 12, pp. 13075–13089, Aug. 2023, doi: 10.1007/s11227-023-05168-5.
[10]	A. Igali, A. Abdrakhman, Y. Torekhan, and P. Shamoi, “Tracking Emotional Dynamics in Chat Conversations: A Hybrid Approach using DistilBERT and Emoji Sentiment Analysis,” Aug. 03, 2024, arXiv: arXiv:2408.01838. doi: 10.48550/arXiv.2408.01838.
[11]	F. Makhmudov, A. Kultimuratov, and Y.-I. Cho, “Enhancing Multimodal Emotion Recognition through Attention Mechanisms in BERT and CNN Architectures,” Appl. Sci., vol. 14, no. 10, p. 4199, Jan. 2024, doi: 10.3390/app14104199.
[12]	D. Ghosal, N. Majumder, S. Poria, N. Chhaya, and A. Gelbukh, “DialogueGCN: A Graph Convolutional Neural Network for Emotion Recognition in Conversation,” in Proceedings of the 2019 Conference on Empirical Methods in Natural Language Processing and the 9th International Joint Conference on Natural Language Processing (EMNLP-IJCNLP), K. Inui, J. Jiang, V. Ng, and X. Wan, Eds., Hong Kong, China: Association for Computational Linguistics, Nov. 2019, pp. 154–164. doi: 10.18653/v1/D19-1015.
[13]	D. Ghosal, N. Majumder, A. Gelbukh, R. Mihalcea, and S. Poria, “COSMIC: COmmonSense knowledge for eMotion Identification in Conversations,” in Findings of the Association for Computational Linguistics: EMNLP 2020, T. Cohn, Y. He, and Y. Liu, Eds., Online: Association for Computational Linguistics, Nov. 2020, pp. 2470–2481. doi: 10.18653/v1/2020.findings-emnlp.224.
[14]	D. Hu, L. Wei, and X. Huai, “DialogueCRN: Contextual Reasoning Networks for Emotion Recognition in Conversations,” in Proceedings of the 59th Annual Meeting of the Association for Computational Linguistics and the 11th International Joint Conference on Natural Language Processing (Volume 1: Long Papers), C. Zong, F. Xia, W. Li, and R. Navigli, Eds., Online: Association for Computational Linguistics, Aug. 2021, pp. 7042–7052. doi: 10.18653/v1/2021.acl-long.547.
[15]	P. Pereira, H. Moniz, and J. P. Carvalho, “Deep emotion recognition in textual conversations: a survey,” Artif. Intell. Rev., vol. 58, no. 1, p. 10, Nov. 2024, doi: 10.1007/s10462-024-11010-y.
[16]	H. Zou and Z. Wang, “A semi-supervised short text sentiment classification method based on improved Bert model from unlabelled data,” J. Big Data, vol. 10, no. 1, p. 35, Mar. 2023, doi: 10.1186/s40537-023-00710-x.
[17]	J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding,” in Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies, Volume 1 (Long and Short Papers), J. Burstein, C. Doran, and T. Solorio, Eds., Minneapolis, Minnesota: Association for Computational Linguistics, Jun. 2019, pp. 4171–4186. doi: 10.18653/v1/N19-1423.
[18]	Y. Chang, “Multilingual sentiment analysis during the pandemic using deep learning models,” Appl. Comput. Eng., vol. 43, pp. 284–293, Feb. 2024, doi: 10.54254/2755-2721/43/20230847.
[19]	M. S. Islam and L. Zhang, “A Review on BERT: Language Understanding for Different Types of NLP Task,” Jan. 26, 2024, Preprints: 2024011857. doi: 10.20944/preprints202401.1857.v1.
[20]	X. Xu, Y. Chang, J. An, and Y. Du, “Chinese text classification by combining Chinese-BERTology-wwm and GCN,” PeerJ Comput. Sci., vol. 9, p. e1544, Aug. 2023, doi: 10.7717/peerj-cs.1544.
[21]	R. S. Barbon and A. T. Akabane, “Towards Transfer Learning Techniques—BERT, DistilBERT, BERTimbau, and DistilBERTimbau for Automatic Text Classification from Different Languages: A Case Study,” Sensors, vol. 22, no. 21, p. 8184, Jan. 2022, doi: 10.3390/s22218184.
[22]	B. P. Kumar, M. S. Ahmed, and M. Sadanandam, “DistilBERT: A Novel Approach to Detect Text Generated by Large Language Models (LLM),” Feb. 01, 2024, Research Square. doi: 10.21203/rs.3.rs-3909387/v1.
[23]	V. Sanh, L. Debut, J. Chaumond, and T. Wolf, “DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter,” Mar. 01, 2020, arXiv: arXiv:1910.01108. doi: 10.48550/arXiv.1910.01108.
[24]	D. Gifu and C. Silviu-Vasile, “AI vs. Human: Decoding Text Authenticity with Transformers,” Jul. 25, 2024, Preprints: 2024072014. doi: 10.20944/preprints202407.2014.v1.
[25]	S. Kumar, S. Deep, and P. Kalra, “Enhancing Customer Service in Banking with AI: Intent Classification Using Distilbert,” Int. J. Curr. Sci. Res. Rev., vol. 07, no. 05, May 2024, doi: 10.47191/ijcsrr/V7-i5-32.
[26]	S. Bunrit, V. N. Kerdprasop, and K. Kerdprasop, “Systematic Configuration for Hyperparameters Optimization in Transferring of CNN Model to Disaster Events Classification from UAV Images,” J. Image Graph., vol. 11, no. 3, pp. 263–270, Sep. 2023, doi: 10.18178/joig.11.3.263-270.
[27]	J. a Ilemobayo et al., “Hyperparameter Tuning in Machine Learning: A Comprehensive Review,” J. Eng. Res. Rep., vol. 26, no. 6, pp. 388–395, Jun. 2024, doi: 10.9734/jerr/2024/v26i61188.
[28]	A. Tharwat, “Classification assessment methods,” Appl. Comput. Inform., vol. 17, no. 1, pp. 168–192, Jul. 2020, doi: 10.1016/j.aci.2018.08.003.
[29]	G. Naidu, T. Zuva, and E. M. Sibanda, “A Review of Evaluation Metrics in Machine Learning Algorithms,” in Artificial Intelligence Application in Networks and Systems, R. Silhavy and P. Silhavy, Eds., Cham: Springer International Publishing, 2023, pp. 15–25. doi: 10.1007/978-3-031-35314-7_2.

image1.png
095

0.90

0.85

0.80

Accuracy

065

0.60

BERT Accuracy over Epochs

BERT Loss over Epochs

—— Validation Accuracy

s

2.00

175

150

125

100

075

050

025

—— Train Loss
—— Validation Loss





image2.png
Accuracy

095

0.90

075

070

065

0.60

055

Accuracy over Epochs

Loss over Epochs

—— Train Accuracy
—— Vvalidation Accuracy

Loss

25

2.0

15

10

05

00

— Train Loss
—— Validation Loss.





image3.png
actual

3-

dsgust oy

anger

Confusion Matrix - BERT

E o
B 165 o
2 s o
100 1 o
101 1 o
2 10 o
8 u o

Peutral  surprise fear

2

5

B

2

oy

dsqust

)

181

anger

1000

800

600

- 00

-200




image4.png
Actual

sadness

oy fear  surprise  neutral

disqust

anger

Confusion Matrix - DistilBERT

107 4« o
5 168 o
2 s 1
% n o
n2 2 1
2 7 o
% 52 o

nedtral  suprise  fear

EY

60

sadness
Predicted

6

220

63

dsqust

2

2

2

us

anger

-200




