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Abstract: In recent years, there has been growing interest in leveraging physiological signals, such as
Electrocardiogram (ECG) data, for emotion classification tasks. This study explores the efficacy of utilizing
Transformer models, a state-of-the-art architecture in natural language processing, for emotion classification using ECG
signal data. The proposed methodology involves preprocessing the ECG signals, extracting relevant features, and model
architecture consists of DistiiBERT model, Pooling Layer to obtain a fixed-size representation of the ECG signal,
Dropout Layer to prevent overfitting, Fully Connected Layer for classification. Experiments are conducted on publicly
available dataset, demonstrating the effectiveness of the proposed approach compared to traditional machine learning
methods. The results suggest that DistilBERT Transformer model can effectively capture complex temporal
dependencies within ECG signals, thereby achieving notable performance of 76% accuracy in emotion classification
tasks. This research contributes to the growing body of literature exploring the intersection of physiological signals and
deep learning techniques for affective computing applications.

Index Terms: Emotion Recognition, ECG Signals, Transformers, Tokenization, DistilBERT Model.

1. Introduction

In the realm of affective computing, the quest to comprehend human emotions has long been a fascination for
researchers and practitioners alike. Emotions, being integral to human experience, manifest in various forms and
intensities, shaping our interactions, decisions, and well-being. Among the myriad avenues explored in emotion
detection, the fusion of physiological signals and machine learning stands out as a promising frontier.
Electrocardiography (ECG) signals[1], reflecting the cardiac activity of an individual, offer a rich source of
physiological data for probing emotional states. Leveraging the advancements in deep learning, particularly
Transformer models, presents a compelling approach to discerning nuanced emotional patterns from ECG data.

The utilization of Transformer models[2,3], originally popularized in natural language processing tasks, has
witnessed a burgeoning interest across diverse domains due to their efficacy in capturing long-range dependencies and
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contextual information. Emotion recognition using physiological signals, particularly electrocardiograms (ECG)[4],
involves analyzing heart activity to determine an individual's emotional state. ECG measures the electrical activity of
the heart, providing data on heart rate variability (HRV), which is influenced by the autonomic nervous system's
response to emotional stimuli. By examining patterns in HRV, such as changes in heart rate and the balance between
sympathetic and parasympathetic nervous system activities, researchers can infer emotional states like stress, anxiety,
happiness, or calmness.

Transformers excel in emotion classification due to their self-attention mechanism[5], which allows them to weigh
the importance of different parts of the input sequence, thus capturing complex interdependencies within ECG data.
Unlike traditional recurrent neural networks (RNNs) or convolutional neural networks (CNNSs), Transformers do not
suffer from vanishing gradient issues and can process entire sequences simultaneously rather than sequentially. This
enables the model to maintain a holistic understanding of the input data, making it particularly effective for identifying
temporal patterns associated with different emotional states. Additionally, the scalability of Transformers allows them
to be fine-tuned on specific emotion recognition tasks, thereby enhancing their performance and making them adaptable
to various datasets and conditions. These advantages make Transformer models[6] a powerful tool for advancing the
field of emotion classification using physiological signals.

Furthermore, the integration of Transformer models with ECG signal processing heralds a paradigm shift in the
landscape of affective computing. Potential applications include developing systems that can monitor patients'
emotional states continuously and alert healthcare providers to potential issues, enabling proactive management of
mental health, Improve the effectiveness of educational tools by adapting the content and teaching strategies according
to the learner's emotional engagement and stress levels. Integrating emotion classification systems into smart home
devices to provide personalized experiences, such as adjusting lighting, music, or temperature based on the user's mood.

In this paper, we elucidate the theoretical underpinnings of our proposed methodology, delineating the intricacies
of Transformer-based emotion classification with ECG signal data. We delve into the architectural nuances of
Transformer models, elucidating their efficacy in capturing temporal dynamics and contextual dependencies inherent in
ECG waveforms. Subsequently, we expound upon the preprocessing steps and feature extraction techniques tailored for
ECG data, ensuring compatibility with Transformer architectures[7]. Through empirical evaluations and comparative
analyses, we demonstrate the efficacy and robustness of our approach across diverse emotional contexts, underscoring
its potential for real-world applications in healthcare, affective computing, and beyond.

2. Literature Review

Nita, Sihem, et al. [8] In this study, a novel convolutional neural network (CNN) architecture is introduced for hu-
man emotion recognition based on electrocardiogram (ECG) signals, utilizing the DREAMER dataset. The proposed
approach focuses on augmenting the ECG dataset by generating a substantial number of diverse ECG samples through a
randomized, concatenated, and resampled process, mimicking realistic ECG episodes. Subsequently, a seven-layer
CNN classifier is proposed to detect human emotions in terms of valence, arousal, and dominance levels. Experimental
results conducted on the DREAMER database using the proposed data augmentation strategy demonstrate promising
accuracy rates of 95.16% for valence detection, 85.56% for arousal detection, and 77.54% for dominance detection. The
CNN classifier exhibits superior performance across all emotion dimensions. However, training CNN models for emo-
tion detection using ECG signals necessitates a considerable amount of ECG data.

Cui, Lei, et al.[9]The authors discussed the use of Emotion recognition through wearable devices utilizing ECG
signal capture. They proposed a deep convolutional neural network equipped with attentional mechanisms, notably the
Convolutional Block Attention Module (CBAM), to address individual differences in emotion recognition tasks. CBAM
integrates channel attention and spatial attention to enrich the representation of ECG features from various channels and
regions, respectively. Results demonstrated superior performance compared to conventional methods. In the realm of
ECG-based emotion recognition, channel attention in CBAM allocates weights to different ECG feature channels, while
spatial attention assigns weights to different regions within each channel. Leveraging publicly available datasets
(WESAD, DREAMER, and ASCERTAIN), the study achieved state-of-the-art results in both multi-class and two-
category classification tasks. By incorporating attention mechanisms in channel and spatial dimensions, the model can
effectively emphasize relevant features, potentially enhancing classification accuracy. However, the utilization of deep
convolutional neural networks with attention mechanisms and large convolutional kernels may entail higher
computational demands, which could limit their applicability in real-time or resource-constrained scenarios.

Habib, AKM Ahasan, et al.[10] This study presents a unimodal emotion classifier system utilizing
electrocardiogram (ECG) signals, acquired through a capacitive sensor-based non-contact ECG belt system. The
research outlines the application of this system to capture emotional responses across various age groups. Machine
learning classifiers, specifically Support Vector Machine (SVM) and Random Forest (RF), were trained and evaluated
using 10-fold cross-validation on three distinct sets of ECG data collected from 45 subjects, with 15 subjects per age
group. The ECG signals underwent preprocessing, and ten features were extracted from each sample interval. The
developed SVM and RF classifiers exhibited high classification accuracy, indicating the potential of ECG signals for
rapid and reliable detection of emotional states. The minimum classification accuracies attained were 86.6% for SVM
and 98.2% for RF models. By utilizing a non-contact capacitive ECG belt system, the study eliminates the need for
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conventional ECG electrodes, offering a more comfortable and user-friendly experience. However, the inclusion of only
15 subjects per age group may raise concerns regarding the generalizability of the results due to the relatively small
sample size.

Li, Yang, et al. [11] The authors emphasized the significance of emotion detection and the development of systems
capable of responding to an individual's emotional state, which can enhance user experiences across various
applications. This study enhances the accuracy of emotion recognition from ECG signals by employing wavelet
transform for signal analysis. Features extracted from the ECG signal are obtained from the AMIGOS database using a
wavelet scattering algorithm, enabling the capture of signal characteristics at different time scales. These features serve
as inputs for various classifiers to assess their performance. Results indicate that the proposed feature extraction and
classification algorithm achieve an accuracy of 88.8% for valence, 90.2% for arousal, and 95.3% for two-dimensional
classification, surpassing previous studies' performance. This algorithm holds promise for emotion classification using
wearable devices. The wavelet scattering algorithm enables simultaneous analysis of the ECG signal across different
temporal scales and in both time and frequency domains. However, the method's validation was limited to classifying
emotions in two dimensions only.

Reda, Haftu Tasew, et al.[12] The authors introduces a novel emotion detection algorithm that leverages newly
generated time-series data from the Poincarémap of RR, QT, and ST intervals, alongside a genetic algorithm feature
selection method and p-value criteria feature reduction. The algorithm employs MLP, KNN, and sum classifiers to
discriminate between high/low arousal, positive/negative valence, and stress/non-stress states using only ECG signals
from the MOHNOB-HCI and WESAD datasets. Results indicate the superior performance of the extracted time-series
data from the Poincarémap of RR, QT, and ST intervals compared to traditional ECG and HRV signals. The study
demonstrates the effectiveness of SVM classifier in minimizing experimental error and improving machine learning
generalization, albeit at the cost of complex and time-consuming computational requirements.

Ashrafuzzaman, Mohammad, et al.[13] This review encompasses recent research and applications of emotion
recognition and assessment based on individual EEG, EDA, ECG, and EMG signals, both individually and in combina-
tion. These psychological signals find utility in various applications, including CAD activity monitoring, cognitive as-
sessment, driving stress detection, and evaluation of driver mentality. While EEG is commonly utilized independently,
EDA and ECG are frequently employed in multimodal scenarios, with pulse wave signals less commonly utilized. Ma-
chine learning and deep learning techniques are commonly applied for emotion recognition and classification across di-
verse fields. However, psychological signals possess unique properties, such as temporal and spatial dimensions, neces-
sitating the exploration of more suitable approaches for emotion recognition. Notably, an experiment involving 150
participants yielded an accuracy of 91.8% through an application integrating ECG, EMG, respiration, and skin tempera-
ture data. Establishing models and systems capable of meeting user needs often requires a diverse array of physiological
signals.

Han, Yinghua, et al.[14] The paper discusses a novel approach for classifying emotions based on physiological
signals, particularly ECG and GSR data, using Continuous Wavelet Transform (CWT) and deep learning techniques.
The study focuses on utilizing Russell's two-dimensional circumplex model to classify emotions based on valence and
arousal. ECG signals were recorded using the Shimmer 2R5 platform, while GSR recordings were obtained from
participants watching short videos. The signals were processed using CWT to generate scalograms, which were then
converted into images for classification using Convolutional Neural Network (CNN) models. The research aims to
enhance emotion classification accuracy and explores group emotion elicitation scenarios. Overall, the study contributes
to the field of human-computer interaction based on emotional intelligence.

Hegazy, Hanem 1., et al.[15] The paper focuses on objectively measuring pain by analyzing electrocardiogram
(ECG) responses under neutral and fear emotional contexts. Pain classification achieved up to 97.4% balanced accuracy
using combined emotional data and up to 97.7% using an emotionally independent approach. Participant-independent
pain classification reached a balanced accuracy of up to 94.9%, employing a leave-one-out cross-validation strategy.
Random Forest outperformed other models. The findings indicate The potential for recognizing pain via ECG
responses despite varying emotional contexts and autonomic nervous system perturbations. Achieving high balanced
accuracy rates (up to 97.7%) in classifying pain under different emotional contexts. Understanding ECG features in pain
classification is limited, hindering translation and clinical comprehension of findings. While our model's accuracy is
slightly lower, it benefits from the Transformer's ability to capture long-range dependencies and contextual nuances
within the ECG signal data, offering a robust alternative to CNN-based approaches.

3. Methodology

3.1 Proposed Model

The first stage is gathering data. Apply preprocessing techniques to the data that was obtained. Categorical values
are transformed into numerical values via label encoding. The text data is tokenized and encoded[16] using the
DistilBERT tokenizer. This tokenizer converts the input text into tokens, which are numerical representations suitable
for feeding into the neural network. The required features are obtained using recursive feature elimination. Divide the
data into training and testing data after using the feature extraction technique. Utilise training data to develop the
DistilBERT model[17]. Utilise testing data to evaluate the model’s performance after it has been trained. after which
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you should deploy the model.
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Fig. 1. Flow Diagram of Proposed Model

Figure 1 describes the flow of steps takes place in classification of emotions initializing from data collection,
Handling Missing Values, Tokenization and Encoding , Padding and Truncation for data preprocessing, DistilBERT
Model for feature extraction, pooling layer is then applied to these embeddings to aggregate them into a fixed-size
representation for the entire input sequence,

the dropout layer serves as a regularization method employed to mitigate overfitting, and then data is splitted into
training and testing. Fully Connected (Linear) Layer is used for classification of emotions and the logits are the final
output of the model, representing the model's predictions for each input sequence. These logits can be converted to
probabilities using a softmax function, and the class with the highest score can be selected as the predicted label.

3.2 Data Collection

Source of Dataset: https://data.mendeley.com/datasets/g2p7vwxyn2/4
The data is collected from the Dataset named “Young Adult's Affective Data (YAAD) Using ECG and GSR
Signals”.

Description:

The dataset comprises three components: raw data, extracted ECG features, and self-annotation labels. Raw data
includes both multimodal and single modal data in .mat format. Multimodal data encompasses ECG and GSR
recordings for 12 participants, along with 21 stimulus videos divided into three sessions. Similarly, single modal data
consists of ECG recordings from an additional 13 participants. These physiological signals correspond to six basic
emotions (surprise, anger, fear, happiness, sadness, disgust) along with a neutral state. Participants performed self-
annotation for these emotional states and provided scores for valence, arousal, and dominance. Seven emotion-related
features were extracted from each ECG sample and are available as supplementary material for further analysis.
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Time

Fig. 2. Line chart of valence, arousal, and dominance over time
The graph in fig. 2 represents three variables—Valence, Arousal, and Dominance—measured over time.

e Valence: Typically indicates the emotional value associated with a stimulus, with higher values representing
more positive emotions.

o Arousal: Reflects the level of alertness or stimulation caused by a stimulus, where higher values suggest
greater excitement or activity.

o Dominance: Often relates to the degree of control or influence one feels in a situation, with higher values in-
dicating a stronger sense of control.

Each variable is tracked on a scale from 0 to 10 and plotted against time, which extends from 0 to 250 units. The

bars’ heights at each time point reflect the level of each variable, with blue for Valence, green for Arousal, and orange
for Dominance. This type of graph is useful for observing how emotional responses or perceptions change over a period.

Anger Disgust

Surprise
Neutral

Fear

Happy

Sad

Mixed

Fig. 3. A Pie Chart Analysis of VVaried Emotions

Fig. 3 describes the pie chart that represents the distribution of various emotions with corresponding percentages.
Each emotion is color-coded, making it easy to distinguish between them. The ‘Happy’ section is the largest at 28.2%,
colored in red, followed by ‘Mixed’ emotions at 21.0% in blue. Other emotions like ‘Sad’, ‘Fear’, and ‘Disgust’ each
constitute 9.9% and are colored in green, yellow, and orange respectively. ‘Anger’ takes up 7.1% of the chart in pink,
‘Surprise’ is at 6.3% in grey, and the smallest section is ‘Neutral’ at 8.3%, colored in light blue.
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3.3 Data Preprocessing

Data preprocessing is a fundamental and integral phase in the data analysis and machine learning workflow,
focusing on refining raw datasets for optimal utilization in modeling and analysis. A key aspect of this process involves
data cleaning, where techniques are employed to handle missing values and identify and address outliers that could
potentially distort analytical results.

a. Tokenization and encoding

Tokenization and encoding are critical steps in transforming the raw text data into a format suitable for input into
the DistiBERT model. Tokenization involves splitting the text into smaller units called tokens, which are typically
words or subwords, using the DistilBERT tokenizer[18]. This step converts the textual data into a list of tokens that the
model can understand. Encoding follows tokenization, where these tokens are mapped to their corresponding numerical
IDs as defined in DistilBERT's vocabulary. Additionally, the encoding process handles padding and truncation to
ensure all input sequences are of uniform length, as required by the model. The “tokenizer® method returns these token
IDs along with attention masks, which indicate the actual tokens versus the padding tokens. The attention masks are
essential for the model to differentiate between meaningful tokens and padding during processing. By converting the
raw text into token IDs and attention masks, tokenization and encoding bridge the gap between human-readable text and
the numerical input that the DistilBERT model requires for training and inference.

b. Padding and Truncation

Padding and truncation are essential steps in preprocessing the text data to ensure it conforms to the fixed input
size required by the DistilBERT model. The tokenizer converts the text into token IDs and manages the length of the
sequences. Since input sequences can vary in length, padding and truncation standardize them to a consistent length,
specified by max_length, which is set to 128 in this case. Padding adds special [PAD] tokens to shorter sequences until
they reach the maximum length, ensuring uniformity across the batch. Truncation, on the other hand, shortens
sequences that exceed the maximum length by discarding the tokens beyond this limit. These processes are crucial for
efficient batch processing and to ensure the model operates correctly, as DistilBERT and other transformer models
require inputs of the same length. By managing the input sequence lengths, padding and truncation facilitate the
efficient and effective training and evaluation of the model.

3.4 Feature Extraction

DistilBERT, a type of transformer-based model[19,20], is used as a feature extractor in this process. DistilBERT
stands for "Distilled BERT," which means it is a compressed version of BERT that retains most of its performance
while reducing its size and computational requirements. It transforms the raw text data into fixed-size feature vectors,
which are then fed into a classifier (e.g., a fully connected layer) for emotion prediction. The feature extraction step
involves leveraging Utilize the pre-trained language model to acquire contextualized representations of the input text,
capturing semantic and syntactic information essential for effective classification.

DistilBERT, created by Hugging Face, is a condensed iteration of the BERT (Bidirectional Encoder
Representations from Transformers) model. It aims to provide a smaller, faster, and more memory-efficient version of
BERT while retaining most of its performance. Here's an overview of the pretrained DistilBERT model:

1. Architecture : DistilBERT follows the same Transformer-based architecture as BERT, consisting of multiple
layers of encoder blocks. However, it employs a simplified version of BERT's architecture by reducing the
quantity of layers, hidden units, and attention heads.

Fig. 4 represents the architecture of DistilBERT model which involves the following steps:

i Input: The input to DistilBERT is tokenized text, which is typically represented as a sequence of word or
subword tokens.
ii. Tokenization: The input text is tokenized into word or subword tokens using the DistilBERT tokenizer.
iii.  Word Embedding + Positional Encoding: Each token is embedded into a high-dimensional vector space, and
positional encodings are added to account for the order of tokens in the sequence.
iv. Encoder Stack: The core of the DistilBERT architecture comprises numerous stacked encoder layers. Each
encoder layer contains the following sublayers:
a. Multi-Head Self-Attention: This mechanism enables each token to attend to other tokens in the input
sequence, capturing contextual relationships.
b. Feed-Forward Network: This sublayer applies a simple fully connected feed-forward neural network to
each token's representation independently.
V. Output: The output of the encoder stack is a set of contextualized embeddings for each token in the input
sequence. These embeddings encapsulate the contextual information regarding of each token based on its
surrounding tokens.
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2. Distillation Process: The DistilBERT model is trained using a process called knowledge distillation. This
process entails training a compact model (DistilBERT) to emulate the functionality of a larger, more intricate
model (BERT). The training objective includes not only minimizing the traditional cross-entropy loss but also
minimizing the difference between the predictions of the two models.

l Tokenization |

Word Embedding | Positional Encoding

Encoder Stack(Multiple Layers)

Encoder Layer 1

Multi-Head Self-Attention

Feed-Forward Network

Output(Contextu
al Embedding)

In the proposed architecture, the pooling layer[21] follows the DistilBERT model's output. Its main purpose is to
condense the information extracted from the input text sequences into a fixed-length representation that can be easily
processed by subsequent layers. Pooling is implicitly performed using the hidden state of the [CLS] token from the
DistilBERT model. It takes the representation of the first token ([CLS]) from the last layer's hidden states produced by
the DistilBERT model. The output given by this pooling mechanism is a single, fixed-size vector that encapsulates the
aggregate information of the entire input sequence. This selected representation is then passed through a dropout layer
for regularization.

Fig. 4. Architecture of DistilBERT Model

3.5 Pooling Layer

3.6 Dropout Layer

The Dropout layer[22] is a regularization technique frequently employed in neural networks to mitigate overfitting
and enhance the model's generalization capability. During the training phase, it functions by randomly deactivating a
portion of input units, setting them to zero, effectively "dropping out" some neurons. After extracting the representation
of the first token ([CLS]) from the last hidden states of the DistilBERT model, this representation is passed through a
dropout layer before being fed into the fully connected (linear) layer for classification. The dropout layer, defined with a
dropout rate of 0.1, randomly sets 10% of the elements in the input tensor to zero during each training iteration. This
stochastic process helps in preventing the model from relying too heavily on any individual neurons, thus encouraging it
to learn more robust and generalized features. By introducing this regularization technique, the model is less likely to
overfit the training data and can generalize better to unseen data, ultimately improving its performance on the test set.

3.7 Fully Connected(Linear) Layer

The fully connected (or linear) layer is commonly referred to as the output layer when it is the last layer of a neural
network, particularly in classification tasks. In a fully connected layer[23,25], each neuron or node it is linked to every
neuron in the preceding layer, creating a dense network of connections. The input to the fully connected layer is the
pooled output from the DistilBERT model. This pooled output is derived from the last hidden state of the first token of
the sequence, which is intended to capture the aggregated information from the entire sequence. This output is passed
through a dropout layer for regularization before being fed into the fully connected layer. It then processes this input by
applying a linear transformation, which projects the high-dimensional input into a lower-dimensional space with a size
equal to the number of classes. The output from the fully connected layer, referred to as ‘logits’, is a set of raw scores
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corresponding to each class label. During training, the logits are passed directly to the cross-entropy loss function,
which internally applies the softmax operation to convert these scores into probabilities and computes the loss against
the true labels. During evaluation, the model uses these logits to determine the predicted class by selecting the class
with the highest logit score for each input in the batch.

The loss function and optimizer are crucial components in training a neural network model.

1) Loss Function (CrossEntropyLoss):

The loss function measures the difference between the model's predicted output and the actual desired target
labels.

The formula for the Cross-Entropy Loss function, also known as Logarithmic Loss or Negative Log Likeli-
hood, is typically defined as:

CrossEntropyLoss(y.9)=—x >_,[y:(log(#)) + (1 — y)log(1 — 9,)] (1)

Equation-(1) y is the ground truth label (typically represented as a one-hot encoded vector for multi-class classifi-
cation). y is the predicted probability distribution over the classes and N is the number of samples in the dataset.

Cross-EntropyLoss is commonly employed for tasks involving multi-class classification like the above pro-
posed model.

It computes the negative log likelihood loss between the predicted probability distribution and the true proba-
bility distribution of the classes.

By optimizing this loss function, the model learns to produce probability distributions that are closer to the
ground truth labels.

2) Optimizer (Adam):

The optimizer is responsible for updating the parameters of the model (e.g., weights and biases) during train-
ing to minimize the loss function.

Adam is a popular optimization algorithm that combines ideas from adaptive methods and momentum-based
methods.

Adam optimizer[24] updates the weights of the neural network parameters using the following formulas:

m; = 1. (M) + (1 — 1) g¢ )
Ve = Bo. (Ue—q) + (1 = By). g¢ (3)
My = T (4)

00 = o (5)

O41 = 0, — 7= () (6)

Equation- (2),(3),(4),(5),(6) represents

Where m, and v, are the first and second moment estimates (mean and uncentered variance) of the gradients,
respectively.

g represents the gradient of the loss function with respect to the parameters at time step t’.

B, and B, are the decay rates for the first and second moment estimates, typically set to 0.90. and 0.999,
respectively.

im, and ¥, are bias-corrected estimates of the first and second moments, respectively.

n is the learning rate.

€ is a small constant added to the denominator for numerical stability.

6, are the updated parameters at time step ‘t+1°.

The above formulas outline the adaptive learning rate method of the Adam optimizer, which efficiently adjusts the
learning rates for each parameter based on the estimated moments of the gradients.
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e It maintains adaptive learning rates for each parameter, allowing different parameters to update at different
rates based on the magnitude of their gradients.

e Adam also uses momentum, which helps accelerate the convergence of the optimization process by accumu-
lating past gradients.

4. Experimental Work

4.1 Correlation Matrix

A correlation matrix is a square matrix that exhibits the correlation coefficients between pairs of variables within a
dataset. Each cell in the matrix represents the correlation coefficient between two variables, with values spanning from -

1to 1.
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Fig. 5. Correlation Matrix of the Proposed Model

In Fig. 5 it describes the correlation matrix of the proposed model. The numerical values in the heatmap range
from -1.00 to 1.00, with:

i indicating a perfect positive correlation (as one variable increases, so does the other).
ii.  -1.00 indicating a perfect negative correlation (as one variable increases, the other decreases).
iii.  Values close to 0 indicating no correlation.

The colours correspond to these values, with darker reds indicating higher positive correlations and darker purples
indicating higher negative correlations. The diagonal, which shows a correlation of 1.00 for each variable with itself, is
expectedly dark red. Each cell represents the correlation between the emotional states indicated by the row and column.
For example, a cell intersecting the row for “Valence level” and the column for “Happy” would show how the valence
level (overall positivity or negativity of an emotion) correlates with the frequency or intensity of happiness.

4.2 AUC-ROC Curve

Fig. 6 represents the AUC-ROC Curve of the proposed model. The graph depicting the Receiver Operating Char-
acteristic (ROC) Curve for multiple classes from 0 to 7 which represents the classes of emotions.

e ROC Curve: It’s used to evaluate the effectiveness of a classification model by plotting the true positive rate
(TPR) against the false positive rate (FPR) at various threshold settings.

e AUC Values: The Area Under the Curve (AUC) indicates the model's capacity to differentiate between clas-
ses. Higher AUC values mean better model performance.

e Class Performance: Each class is represented by a different colored line with its AUC value. Class 0 has an
AUC of 0.95, indicating a fair ability to distinguish it from other classes.
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Fig. 6. AUC-ROC Curve

4.3 Confusion Matrix

Fig. 7 shows the DistilBERT Model confusion matrix when used on the test data. Each cell in the matrix represents
the number of instances where the corresponding true label (Y-axis) was classified as the predicted label (X-axis). The
intensity of the color indicates the count of instances. Darker colors represent higher counts, while lighter colors
represent lower counts.

e  True Label (Y-axis): The actual labels from the test dataset.
e Predicted Label (X-axis): The labels predicted by the model.
e Numbers in the cells are the actual counts of instances for each pair of true and predicted labels.

The confusion matrix shows that the model has varying performance across different classes. Class 3 has the high-
est correct predictions (12 times). Class 6 shows some confusion with class 4 and class 6 itself. Misclassifications are
highlighted in cells that are off the diagonal. The confusion matrix presented provides a comprehensive overview of the
classification performance of a DistilBERT model on a multi-class classification task.

Confusion Matrix
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Fig. 7. Confusion Matrix of Proposed Model
5. Result and Discussion

This section describes the result of DistilBERT Model Transformer using precision, recall, f1-score, support.
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Table 1. Classification Report of DistilBERT Model for Different Emotion Classes

Emotion Class Precision Recall F1-score Support
Class 0 (Anger) 0.75 0.75 0.75 4
Class 1 (Disgust) 1.00 0.60 0.75 5
Class 2 (Happy) 1.00 0.80 0.89 5
Class 3 (Fear) 1.00 0.86 0.92 14
Class 4 (Neutral) 0.50 091 0.65 11
Class 5 (Surprised) 0.75 1.00 0.86 3
Class 6 (Sad) 1.00 0.40 0.57
Class 7 (Mixed) 1.00 0.50 0.67

Table 2. Macro avg and Weighted avg of the Proposed Model

Precision Recall F1-score Support
Macro avg 0.88 0.73 0.76 51
Weighted avg 0.86 0.76 0.77 51

Table. 1 represents classification report .This represents a classification report from a machine learning model,
showing performance metrics for each class (0-7).where these classes represents the different emotions. Table. 2 repre-
sents the macro-average and weighted average.

Precision: Indicates the precision of positive predictions for each class.

Recall: Measures the ability of the model to find all the relevant cases within a class.

F1-Score: Combines precision and recall into a single metric that balances both.

Support: The number of actual occurrences of the class in the dataset.

Macro-average: Calculates the average AUC score across all classes without considering class imbalance.
Weighted-average: Aggregates the contributions of all classes equally, which is suitable for imbalanced da-
tasets.

For example, Class 1 has a precision of 1.00, meaning all predictions for this class were correct, but a recall of 0.60,
indicating that the model missed 40% of actual Class 1 instances. The f1-score of 0.75 for Class 1 is the harmonic mean
of precision and recall, reflecting both metrics. The model's overall accuracy stands at 0.76, indicating it accurately pre-
dicted 76% of all classes. The macro average assigns equal importance to each class, whereas the weighted average
considers the support of each class. These averages offer insight into the model's overall performance across all classes.

The following figures represents the precision, recall, f1-score of each Emotions separately.

Class - Anger
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Fig. 8. Metric Representation of Anger
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Fig. 9. Metric Representation of Disgust
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Fig. 10. Metric Representation of Happy
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Fig. 12. Metric Representation of Mixed
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Fig. 14. Metric Representation of Sad
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Class - Meutral
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Fig. 15. Metric Representation of Neutral

Fig. 8 represents the precision, recall, F1-score of Anger Emotion. Similarily Fig. 9 represents the metrics of
Disgust emotion, Fig. 10 represents the evaluation metric of Happy emotion, Fig. 11 represents the metrics of Fear ,Fig.
12 represents the precision,recall, F1-score of Mixed Emotion,Fig. 13 represents the evaluation metric of Surprised
Emotion, Fig. 14 represents the precision,recall, F1-score of Sad Emotion,Fig. 15 represents the precision recall, F1-
score of Neutral emotion.

6. Conclusion and Future Work

In the pursuit of advancing emotion classification utilizing Transformer models with ECG signal data, our
proposed approach has yielded promising results, achieving an accuracy of 76%. Through a meticulously designed
methodology encompassing tokenization, encoding, padding, and truncation for data preprocessing, coupled with the
integration of the DistilBERT model for feature extraction, we have demonstrated the efficacy of leveraging deep
learning techniques for discerning emotional states from physiological signals. The application of Transformer
architectures, renowned for their ability to capture long-range dependencies and contextual information, has empowered
our model to distill nuanced emotional patterns embedded within ECG waveforms. By aggregating token embeddings
via a pooling layer and incorporating dropout regularization to mitigate overfitting, we have ensured the robustness and
generalizability of our emotion classification framework. The utilization of fully connected (linear) layers for
classification, culminating in an output layer for interpreting learned features, underscores the translational potential of
our approach in real-world applications. While achieving a 76% accuracy signifies a notable advancement in emotion
classification, there remain avenues for further enhancement and refinement. Future endeavors may explore ensemble
techniques or fine-tuning strategies to bolster model performance and generalize across diverse demographic cohorts or
emotional contexts. Additionally, the integration of multimodal data fusion, incorporating complementary physiological
signals or contextual information, holds promise for enriching the fidelity and interpretability of emotion detection
systems.
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