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ABSTRACT 

The digital age has resulted in a massive increase in the amount of available textual data, including 

articles, comments, texts, and updates on social networks. The value of analyzing such a large volume of 

data extends to many other industries and applications, as it provides important insights into the 

perspectives of customers, strategic decision-making, and market demands. Detecting emotions in texts 

faces challenges due to linguistic patterns and cultural nuances. This study proposes a system capable of 

accurately identifying emotions expressed in text using a variety of machine learning models, including 

logistic regression, extra randomized tree, voting, SGD, and LinearSVC. It also employs different feature 

extraction techniques, such as TF-IDF, Bag-of-Words, and N-grams, comparing their performance in these 

models. An evaluation was carried out using two English emotion datasets, namely ISEAR and AIT-2018, 

using F1 score, accuracy, recall, and precision. The findings demonstrate the ability and effectiveness of 

the system to detect emotions conveyed within texts. The LinearSVC model with N-grams achieved the 

highest accuracy of 88.63% on the ISEAR dataset, while the extra randomized tree classifier with N-grams 

achieved 89.14% accuracy on the AIT-2018 dataset. Furthermore, the SGD model with TF-IDF achieved 

88.18% and 84.54% accuracy on the ISEAR and the AIT-2018 datasets, respectively. 

Keywords-emotion detection; textual data; machine learning; data encoding; feature extraction 

I. INTRODUCTION  

Emotion analysis in text is vital across diverse domains, 
including social media, product reviews, scientific research, 
and social studies. By examining user comments and 
understanding their perspectives, emotion analysis helps 
monitor brand and product reputations, improve consumer 
engagement, and develop products and services that align with 
user needs [1, 2]. Its impact extends to public opinion, media 
analysis, and human-automated system interactions, enhancing 
the comprehension of public reactions and communication 
effectiveness [3-5]. 

Despite its significance, identifying emotions in text 
presents challenges due to linguistic variability and cultural 
nuances. Balancing verbal and emotional analysis remains 
difficult, but advances in natural language processing and 
machine learning models can address these issues [7]. This 
study introduces a system designed to accurately analyze and 
identify emotions in texts using various learning models and 
feature extraction methods. The system incorporates Logistic 
Regression (LR), Extra Randomized Tree (ERT), Voting 
Classifier (VC), SGD, and LinearSVC, along with TF-IDF, 
Bag-of-Words (BoW), and N-grams for feature extraction. 
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II. RELATED WORKS 

Many studies have investigated emotion recognition from 
text using various methods and datasets. The ISEAR dataset, 
which includes emotions such as joy, shame, fear, sadness, and 
guilt, has been widely used, along with the AIT-2018 dataset. 
In [8], an emotion recognition method was proposed using LR, 
achieving an F1 score of 85%. In [9], emotions were analyzed 
using VSM and STASIS on the ISEAR dataset, achieving 
average accuracies of 0.53 and 0.50, respectively. This 
approach involved preprocessing, such as removing 
unnecessary words and using Word Sense Disambiguation 
(WSD), to enhance the accuracy of STASIS. In [10], a system 
was proposed to classify emotions on social media using 
natural language processing techniques and machine learning 
algorithms. This system achieved 91.7% accuracy with SMO 
and 85.4% with J48 on a dataset of 13,000 tweets classified 
into six emotions. In [11], Random Forest (RF), K-Nearest 
Neighbor (KNN), Naïve Bayes (NB), and Support Vector 
Machine (SVM) classifiers were used to perform sentiment 
analysis on scientific articles. The results showed F1 scores of 
88% with SVM and 87% with NB. 

In [12], WordNet-Affect and EmoSenticNet were used for 
emotion classification on the AIT-2018 dataset, achieving 
88.23% accuracy with EmoSenticNet. In [13], 64.08% 
accuracy was achieved using multinomial NB on the ISEAR 
dataset. In [14], the ISEAR dataset was processed to simplify 
syntax and expand words using synonyms, achieving 65% 
accuracy. In [15], LSTM and nested SVM were employed, and 
LSTM achieved 94.15% accuracy. In [16], SVM achieved 
83.31% accuracy in airline sentiment analysis. In [17], NB and 
KNN were used to analyze tweets, achieving 72.60% accuracy 
with NB. In [18], various machine and deep learning 
techniques were employed on the SemEval2018 dataset, 
achieving up to 91.90% accuracy with LSTM. In [19], various 
classifiers were used on the AffectiveTweets dataset, achieving 
up to 90.2% accuracy with NB. In [20], LSTM achieved 
91.90% accuracy. In [21], a hybrid approach, combining CNN, 
Bi-GRU, and SVM, achieved 80.11% accuracy. In [22], CNN-
LSTM with multiple embeddings achieved an accuracy up to 
90.4%. In [23], a system using BiGRU and BiLSTM achieved 
87.66% accuracy. In [24], different SVM kernels were 
employed on the ISEAR dataset, achieving 61.8% accuracy 
with linear kernels. In [25], a sequential neural network model 
on Twitter data achieved 89.98% accuracy. 

This study introduces a system for emotion detection 
utilizing machine learning models, including Logistic 
Regression, Extra Trees, Voting Classifier, SGD, and 
LinearSVC, along with feature extraction techniques such as 
TF-IDF, Bag-of-Words (BoW), and N-grams. 

 

 
Fig. 1.  The architecture of the proposed method. 

III. METHODOLOGY 

A. Data Collection 

This study focuses on the comprehensive analysis of 
sentiment and emotion across two essential datasets, as shown 
in Figure 2. 

 

 
Fig. 2.  Emotion analysis across the datasets. 

The first dataset used is the ISEAR dataset [26], well-
regarded in the domain of English language research. 
Comprising 7,102 texts, this dataset meticulously classifies 
emotions into four distinct classes: fear, joy, sadness, and 
anger. Additionally, the SemEval-2018 Affect In Tweets 
distant supervision corpus was used, commonly known as the 
AIT-2018 dataset [27]. This extensive corpus encompasses 
20,000 texts, representing a broad spectrum of emotions, 
including anger, sadness, love, fear, joy, and surprise. These 
datasets served as the foundation of this investigation, offering 
a diverse and comprehensive repository to analyze and evaluate 
emotion recognition and sentiment analysis within textual data. 

B. Data Preprocessing 

Preprocessing is a crucial set of steps applied to the dataset 
before feature extraction and model training to enhance results. 
In this study, preprocessing involved eliminating stop-words, 
special characters, and non-English words, such as quotation 
marks, parentheses, and apostrophes. Additionally, numerical 
values were removed and text was converted to lowercase to 
prevent redundancy. Finally, stemming was used to reduce 
words to their root form, facilitating more effective analysis 
and comparison. 

C. Data Encoding 

1) Term Frequency-Inverse Document Frequency (TF-IDF) 

This is a method to determine a word's relevance in a 
document based on how frequently it appears. This method 
consists of two parts to extract information from the text, [28, 
29]: 

 Term Frequency (TF): The following equation is used to 
calculate each document's unique TF, which expresses the 
frequency of a particular phrase relative to the total number 
of words in the document. 

����, �� � 	
��
���� �	 ���� � �� ���
���� �
����� ��
� ��
�� �� ��� � ���
����  (1) 
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 Inverse Document Frequency (IDF) is used to reduce the 
weight of phrases that appear frequently in a group of 
documents and increase the weight of uncommon terms in 
all documents, as shown in 

������ � log # ����� �
�$�
 �	 ���
����%
���
����% ���������& ��� ��
� �' (2) 

Finding terms that are more significant than others is made 
easier by looking at their TF-IDF values, which are higher for 
words that occur frequently in the document and less frequently 
in other documents. TF and IDF are combined in (3) to 
accomplish this. 

�� − �����, ��  �  ����, ��  ∗  ������  (3) 

2) Bag of Words (BoW) 

Regardless of word order or grammatical relationships, 
texts are mathematically processed as a set of utilized words 
using the BoW, also known as the Bag of Features (BoF), 
algorithm [30]. The great results of this algorithm can be 
attributed to its ease of use in performing mathematical 
operations. The text is divided into a collection of words, and 
the frequency of occurrence and presence of each word in the 
text is calculated. 

3) N-grams 

N-grams provide additional information about word 
associations and allow texts to be represented in a way that 
takes context and order into consideration, improving the 
performance of machine learning models. N-grams can be 
referred to by various names [31], including uni-grams, bi-
grams, tri-grams, and four-grams. This study used both uni-
grams and bi-grams. Natural language processing algorithms 
use this algorithm to extract features from texts as contiguous 
sequences. 

D. Machine Learning Models 

Models were trained on the extracted features to analyze 
text sentiments. This study focused on five classifier 
algorithms. 

1) Logistic Regression (LR) 

LR is one of the machine learning models used for binary 
or multiple classification of extracted data. The LR classifier 
trains on the features to find the optimal weighted parameters 
that lower the cost function. The wider the vocabulary size *, 
the longer it will take to train and produce predictions. The 
probability value can range from 0 to 1 [31, 32]. 

2) Extremely Randomized Trees (ERT) Classifier 

Every Decision Tree (DT) is built from the initial training 
sample [33], and at each test node, it is given a random sample 
to select the best feature to partition the data according to a 
mathematical criterion. This study used the criterion 'gini' [34], 
denoted as in (4), to represent the criteria function used for 
evaluating the quality of the split. Since the ERT classifier 
randomly selects the value by which the features will be 
divided and subnodes will be generated, it is considered one of 
the machine learning models that trains multiple DTs and 
compiles their results to produce a forecast. 

�+ � 1 − ∑ .�
/�

�01     (4) 

where .� represents the probability of samples falling into class 
2 for a given node. 

3) Voting Classifier (VC) 

This is a machine learning model that makes predictions 
about a class or output by looking at the class with the highest 
chance of being selected as an output [35, 36]. It performs the 
classification process by aggregating the results of every 
classifier that is fed to it, as opposed to creating custom 
models. Three models, LR, DT, and Support Vector Classifier 
(SVC), were integrated into soft voting [37]. To obtain the final 
classification, these models compute the expected probabilities 
for every category and combine them. 

4) Stochastic Gradient Descent (SGD) 

This model is widely applied to obtain the best agreement 
between expected and actual results [38], minimize the cost 
function in machine learning projects, and determine the model 
parameters that yield the highest accuracy in both training and 
testing data. Instead of using the entire dataset as a single batch 
during training for each epoch in SGD, small random chunks of 
data, referred to as batches, are used to compute the gradient 
and update the parameters. 

5) Linear Support Vector Classification (LinearSVC)  

Based on SVM, this is a linear classification model for 
binary or multiple data classification. The objective of this 
model is to determine the ideal lines that divide the different 
input features [39]. These locations are called support vectors, 
and the best hyperplane is the one with the largest margin. The 
objective is to increase the margin. The distance between the 
support vectors is called the margin. The number of 
hyperplanes varies with the diversity of classes [40]. 

E. Model Prediction 

The models were trained on the training dataset following 
the completion of the data preprocessing and representation 
steps. The test dataset is used to confirm that the models can 
accurately predict text sentiment after training. The test dataset 
is subjected to the same preprocessing and representation 
techniques as the training dataset. The performance of the 
models was then assessed using widely adopted performance 
metrics. It should be mentioned that each model has a different 
architecture that affects its performance and results. 

F. Model Evaluation 

Models for text classification are frequently evaluated 
based on how accurate they are. The model's accuracy 
measures how effectively it predicts the right classification 
given the inputs.  

34456748 � # �9 : �;
�9 : �; : <9 : <;' ∗ 100  (5) 

Precision assesses how well the model can classify positive 
cases. Regardless of whether the texts were correctly or 
wrongly classified, it computes the ratio of correctly classified 
positive texts to all positively classified texts. 

.6>4�?�@* � # �9
�9 : <9' ∗ 100   (6) 
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Conversely, recall measures how well the model can 
recognize real positive examples. Equation 7 computes the 
proportion of texts that were accurately categorized as positive 
to all texts that are actually positive. 

A>47BB � # �9
�9 : <;' ∗ 100   (7) 

F1 score is widely used to balance detecting strength and 
accuracy, combining recall and precision into a single metric. 

�1 ?4@6> � #2 ∗ 9
���%��� ∗ D�����
9
���%���: D�����' ∗ 100  (8) 

The number of positive texts that were correctly classified is 
denoted by �. , the number of negative messages that were 
accurately classified is represented by �E , �.  denotes the 
quantity of true negative texts that were classified as positive, 
and �E  is the number of genuine positive texts that were 
classified as negative. 

IV. EXPERIMENTAL RESULTS 

This study employed two distinct datasets, ISEAR and AIT-
2018, which cover a broad spectrum of subjects and contexts. 
Each dataset was divided into 80% for training and 20% for 
testing. Before analysis, the data were preprocessed to reduce 
noise and extract relevant text segments reflecting emotions. 
The features were then extracted from these text segments 
using the TF-IDF, BoW, and N-grams algorithms. 
Subsequently, classification algorithms such as LR, ERT, VC, 
SGD, and LinearSVC were employed for emotion detection. 
Table I and Figure 3 show the results using the AIT-2018 
dataset. The ERT model using N-grams to extract the features 
had the best results, with an accuracy of 89.14%. The other 
models also achieved good results. With TF-IDF, BoW, and N-
grams, the SGD classifier achieved fairly similar results 
(84.54%, 84.14%, and 84.39%, respectively). The lowest 
accuracy obtained using BoW was 79.17% with the ERT, and 
the lowest accuracy obtained using TF-IDF was 79.27% with 
LR. As for N-grams, it achieved good results, with the lowest 
accuracy being 77.31% with LR. 

TABLE I.  MODELS' OUTPUT ON THE AIT-2018 DATASET 

Model 

name 

Feature 

extraction 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1 score 

(%) 

LR 
TF-IDF 79.27 78.82 66.34 70.47 
BoW 83.94 80.49 78.13 79.13 

N-grams 77.31 80.07 62.4 67.03 

ERT 
TF-IDF 86.38 83.35 81.01 81.98 
BoW 86.76 82.42 82.87 82.53 

N-grams 89.14 85.97 84.18 84.96 

VC 
TF-IDF 84.46 79.96 80.92 80.41 
BoW 79.17 74.55 74.04 74.21 

N-grams 87.56 83.57 84.53 83.99 

SGD  
TF-IDF 84.54 81.2 80.07 80.47 
BoW 84.14 79.83 80.97 80.26 

N-grams 84.39 82.74 78.08 79.8 

LinearSVC 
TF-IDF 84.29 81.3 79.62 80.36 
BoW 83.53 78.98 79.22 79.07 

N-grams 84.99 81.87 80.34 81.06 

 

 
Fig. 3.  Models' performance using the AIT-2018 dataset. 

In the ISEAR dataset, the SGD model with TF-IDF 
achieved an accuracy of 88.18%, while the LinearSVC model 
with N-grams achieved the best accuracy of 88.63%. With TF-
IDF, BoW, and N-grams, 87.39%, 87.05%, and 87.56% 
accuracy was achieved, respectively, with the ERT model. The 
lowest accuracy obtained using BoW, TF-IDF, and N-grams 
was 84.63%, 84.52%, and 86.15%, respectively, with the ERT 
classifier. Table II and Figure 4 show the results achieved with 
the five models on the ISEAR dataset. These results show that 
the LinearSVC model using N-grams achieved the highest 
accuracy (88.63%), suggesting the importance of considering 
sequential word arrangements for emotion classification. 
Additionally, the SGD model with TF-IDF features performed 
well (88.18%), demonstrating its effectiveness in capturing 
meaningful patterns in text. The ERT model demonstrated 
robustness across different feature extraction methods, 
achieving accuracies ranging from 87.05 to 87.56%. However, 
the ERT classifier achieved lower accuracies, indicating limited 
improvement over individual classifiers. These findings 
emphasize the need to explore diverse models and techniques 
to optimize emotion classification performance. 

TABLE II.  MODELS OUTPUT ON THE ISEAR DATASET 

Model 

name 

Feature 

extraction 

Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1 score 

(%) 

LR 
TF-IDF 85.64 86.34 85.28 85.7 
BoW 85.02 85.56 84.92 85.19 

N-grams 87.05 87.39 86.87 87.1 

ERT 
TF-IDF 87.39 88.37 86.93 87.46 
BoW 87.05 87.81 86.69 87.13 

N-grams 87.56 87.85 86.69 87.14 

VC 
TF-IDF 84.52 84.74 84.42 84.5 
BoW 84.63 84.93 84.51 84.67 

N-grams 86.15 86.51 86 86.19 

SGD  
TF-IDF 88.18   88.37 88.15 88.25 
BoW 84.68 85.36 84.4 84.8 

N-grams 86.43    87.08 86.12 86.53 

LinearSVC 
TF-IDF 87.95 88.13 87.88 87.99 
BoW 85.53 86.09 85.46 85.73 

N-grams 88.63 88.83 88.52 88.65 

 
The findings of this study were compared with those of [8] 

on the ISEAR dataset. The LR model in [8] achieved an F1 
score of 85%. This study achieved similar results with LR, 
utilizing both TF-IDF and BoW techniques, achieving 85.7% 
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and 85.19% F1 scores, respectively. Using the LR model with 
N-grams surpassed the results of [8], attaining 87.1% F1 score. 
Table III provides a comparative overview of the results of this 
study alongside those of prior studies. Additionally, in [23] 
BoW with LR and RF achieved 81.34% and 81.54% accuracy, 
respectively. However, this study demonstrated enhanced 
performance, achieving 85.02% accuracy with BoW and LR. 

 

 
Fig. 4.  Models' performance using the ISEAR dataset. 

In [8], the method employed for feature extraction remained 
unspecified. In [23], preprocessing steps included 
lemmatization and stemming, whereas this study adopted only 

stemming. When using a combination of stemming and 
lemmatization, there can be conflicting results and interference 
between the processes of stemming and converting words to 
their infinitive forms (lemmatization). This inconsistency can 
sometimes lead to a loss of linguistic accuracy. In addition, 
efforts were made to expand abbreviations to their full forms. 
Despite these discrepancies, the proposed study consistently 
yielded remarkable results, with performance metrics ranging 
from 84.63% to 88.63% across the five models evaluated on 
the ISEAR data set. A comparative analysis with the findings 
of [18] and [12] underscores the robustness of this study, 
particularly evident in the superior results achieved on the AIT-
2018 dataset. The variance with [18] and [12] can be attributed 
to the use of different classification algorithms, the difference 
in the number of emotions, and the size of the dataset. 

 
As shown in Table III, various methods were employed in 

previous studies. Most studies used different classification 
algorithms from this study, except [8] and [23], which aimed to 
detect emotions conveyed through textual data using the same 
datasets using LR. To our knowledge, the ERT, VC, SGD, and 
LinearSVC classifiers have not been evaluated in any previous 
study in this context. This study used TF-IDF, BoW, and N-
grams techniques to extract features from the datasets. 
Furthermore, although previous studies predominantly focused 
on both TF-IDF and BoW for feature extraction, they neglected 
the utilization of N-grams, whose efficacy was demonstrated in 
this study. 

TABLE III.  COMPARISON WITH PREVIOUS STUDIES 

Ref. Dataset #Tweets/Texts #Emotions Data encoding methods Machine learning models 
Performance 

Accuracy (%) F1 (%) 

[18] AIT-2018 10983 8 
TF-IDF, BoW, and Word2vec Naïve Bayes, 80.9 76.2 
TF-IDF, BoW, and Word2vec Random Forest 81.9 79.4 
TF-IDF, BoW, and Word2vec Support Vector Machine 81.5 79.8 

[12] AIT-2018 4000 4 

TF-IDF, and WordNet Support Vector Machine 49.23 - 
TF-IDF, and WordNet Decision Tree 45.64 - 
TF-IDF, and WordNet Multinomial Naive Bayes 47.17 - 

TF-IDF, and EmoSenticNet Support Vector Machine 86.42 - 
TF-IDF, and EmoSenticNet Decision Tree 80.09 - 
TF-IDF, and EmoSenticNet Multinomial Naive Bayes 88.23 - 

[8] ISEAR - 5 - Logistic Regression - 85 

[23] Dataset 7102 4 
BoW Logistic Regression 81.34 - 
BoW Random Forest 81.54 - 

This 
study 

ISEAR 7102 4 

TF-IDF Logistic Regression 85.46 85.7 
BoW Logistic Regression 85.02 85.19 

N-grams Logistic Regression 87.05 87.1 
N-grams LinearSVC 88.63 88.65 
TF-IDF SGD 88.18 88.25 

AIT-2018 20000 6 
N-grams Extra Tree 89.14 84.96 

BoW Extra Tree 86.76 82.53 
N-grams Voting 87.56 83.99 

 

V. DISCUSSION 

The findings demonstrate that feature extraction techniques 
and classification models greatly influence performance, 
underscoring the critical role of method choice in emotion 
classification tasks. For the AIT-2018 dataset, the ERT 
classifier with N-grams achieved the highest accuracy of 
89.14%, highlighting the effectiveness of N-grams in capturing 
sequential text dependencies essential for nuanced emotion 

detection. Although the SGD classifier produced consistent 
results across different feature extraction methods, ERT 
showed the lowest accuracy with BoW at 79.17%. This 
suggests that the ERT classifier might be less effective in 
aggregating predictions from multiple classifiers for this 
dataset, possibly due to its limitations in leveraging the 
nuanced features captured by other extraction methods. In 
contrast, in the ISEAR dataset, the LinearSVC model with N-
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grams attained the highest accuracy of 88.63%, with the SGD 
model using TF-IDF also performing well at 88.18%. These 
results emphasize the strength of TF-IDF in extracting 
significant text features. The ERT model proved robust across 
various feature extraction methods, with accuracies between 
87.05% and 87.56%, while VC again underperformed with 
accuracies ranging from 84.63% to 86.15%. This pattern 
suggests that, although ensemble methods such as VC may be 
advantageous, they may not always surpass individual models 
in every scenario. Comparing the results with those of [8] and 
[23], LR with N-grams resulted in an F1 score of 87.1%, 
surpassing previous results and demonstrating that N-grams 
can provide a more nuanced representation of text for improved 
classification. Similarly, while in [23] LR and RF with BoW 
achieved 81.34% and 81.54% accuracy, respectively, this study 
achieved superior results with 85.02% accuracy using BoW 
and LR, further validating the effectiveness of this approach. 

Methodologically, this study used stemming alone, 
avoiding lemmatization, which contrasts with some previous 
studies that used both processes. This choice likely contributed 
to more consistent results by preventing potential conflicts 
between stemming and lemmatization. Additionally, 
abbreviation expansion possibly improved the clarity and 
completeness of the textual data used for emotion detection. 
The findings also underscore the importance of feature 
extraction methods. Despite the predominant focus of previous 
research on TF-IDF and BoW, this study highlights the 
effectiveness of N-grams, which, although underutilized in 
previous studies, demonstrated consistent high performance in 
capturing critical sequential patterns in text. 

VI. CONCLUSION 

In fields such as politics, social sciences, and marketing, 
obtaining meaningful insights from human responses is crucial. 
Analyzing sentiment and emotions in text poses significant 
challenges due to the complexity of human language. This 
study addressed these challenges by employing five machine 
learning models, LR, ERT, VC, SGD, and LinearSVC, along 
with various feature extraction techniques, including TF-IDF, 
BoW, and N-grams, to detect emotions in text. These methods 
were tested on two datasets, ISEAR and AIT-2018. The results 
indicated that the ERT model with N-grams achieved the 
highest accuracy of 89.14% on the AIT-2018 dataset, while the 
LinearSVC model with N-grams reached an accuracy of 
88.63% on the ISEAR dataset. The SGD model with TF-IDF 
also demonstrated strong performance, with an accuracy of 
88.18% on ISEAR. These findings highlight the superior 
ability of N-grams to capture sequential text patterns and 
improve classification accuracy. In contrast, the VC, 
particularly with BoW, showed consistently lower 
performance, underscoring its limitations in this context. 

This study underscores the importance of selecting the 
appropriate feature extraction methods and models for effective 
emotion detection. The notable performance of N-grams in 
combination with ET and LinearSVC models illustrates their 
potential to improve classification results. Although ensemble 
methods, such as VC, have their advantages, they may not 
always exceed the effectiveness of individual models. The 
novelty of this work lies in the comparative evaluation of these 

techniques and models, providing new insights into their 
relative effectiveness. Future research should investigate 
additional models, including deep learning approaches, and 
leverage larger, multilingual datasets to further enhance 
emotion detection accuracy and capabilities. 
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