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Abstract: This study explores advanced feature engineering and semantic enrichment methods to enhance text clas-

sification, focusing on detecting figurative language in tweets. The novel features introduced, Syno_Lower_Mean

and Syn_Mean, measure the use of uncommon synonyms and the mean frequency of synonyms, capturing

semantic richness crucial for detecting figurative expressions. Using resources like SenticNet and Framester, we

enrich our feature set with sentiment and frame semantic information. Our approach includes extensive data

preprocessing, sophisticated feature selection, and implementing various classification models, such as SVM,

KNN, Logistic Regression, Decision Trees, Random Forest, BERT, and LSTM networks. We rigorously evaluate

each model’s performance to assess the effectiveness of our features and enrichment methods. Putting emphasis

on model explainability, we use decision tree analysis, feature importance analysis, and the TREPAN algorithm to

approximate SVM decisions. Although we focus on figurative language detection, our methods have broader

implications for various NLP text classification tasks. Our findings demonstrate significant improvements in

classification accuracy and interpretability through innovative feature design and dataset enrichment.

Keywords: feature engineering; text classification; figurative language; semantic enrichment; machine learning;

natural language processing

1. Introduction

Feature engineering is a fundamental aspect of machine learning that significantly impacts the
effectiveness of models, especially in the domain of natural language processing (NLP). In NLP, text
classification serves a variety of applications such as sentiment analysis, spam detection, and topic
categorization. This study aims to advance feature engineering and semantic enrichment techniques to
enhance the performance of text classification models. The detection of figurative language in tweets,
including sarcasm and irony, provides an ideal experimental context due to its complexity and the
nuanced nature of such language.

The importance of feature engineering cannot be overstated. It involves the creation, selection,
and transformation of raw data into meaningful features that improve the accuracy and interpretability
of the model. This process is critical for NLP tasks, where the representation of text data directly
influences the performance of classification algorithms.

Our research builds on the foundation laid by Recupero et al. (2019), who demonstrated the
potential of semantic features in text classification. Using external knowledge bases such as SenticNet
and Framester, we aim to enrich the set of characteristics used for classification. These semantic
resources provide additional context that helps to capture the subtle nuances of figurative language,
which are often challenging for traditional models to detect.

In this study, we introduce two novel features, Syno_Lower_Mean and Syn_Mean, designed to
quantify the use of less common synonyms and the mean frequency of synonyms for each word in
a tweet, respectively. These features, along with sentiment-related information from SenticNet and
semantic features from Framester, form the core of our enhanced feature set.

The primary objective of this research is to improve the accuracy and interpretability of text
classification models through advanced feature engineering and semantic enrichment. We hypothesize
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that the integration of these innovative features will lead to significant improvements in the detection
of figurative language in tweets. Furthermore, we aim to demonstrate that our methods are broadly
applicable to other text classification tasks in NLP.

This paper is structured as follows. Section 2 provides a background on text classification
and feature engineering in NLP. Section 3 details the methodologies used in this study, including
data exploration, pre-processing, and classification techniques. Section 4 presents the experimental
results, including model performance comparisons and feature importance analysis. Finally, Section 5
concludes with a discussion of the findings and potential directions for future research.

2. Background

In the realm of natural language processing (NLP), text classification is a key task that encompasses
various applications, including sentiment analysis, spam detection, and topic categorization [1–3].
Feature engineering, a critical step in the machine learning pipeline, involves transforming raw data
into informative features that enhance model performance [4].

Recent advances have highlighted the importance of semantic features in improving text classifica-
tion accuracy. Semantic enrichment, which leverages external knowledge bases such as SenticNet and
Framester, has been shown to provide valuable context to textual data, thus enhancing the detection of
nuances such as figurative language [5–7].

The detection of figurative language, including sarcasm and irony, is particularly challenging due
to the inherent ambiguity and context-dependence of such expressions [8,9]. Previous studies have
used various machine learning and deep learning models to tackle this problem, with mixed results.
Traditional machine learning algorithms like Naive Bayes, Support Vector Machines (SVM), Decision
Trees, k-Nearest Neighbors (KNN), and Random Forest have been widely used [10–13]. More recently,
deep learning models such as BERT, RoBERTa, and LSTM have been used to capture the semantic
complexities of language [14–16].

Our study builds on these advancements by introducing novel feature engineering techniques
and leveraging semantic resources to enhance the classification of figurative language in tweets. We
hypothesize that the integration of innovative features, combined with extensive data preprocessing
and model explainability analysis, will yield significant improvements in classification accuracy and
interpretability.

3. Methodologies

3.1. Data Exploration and Preprocessing

Our preprocessing pipeline involved several key steps:

3.1.1. Text Cleaning

We performed a thorough text cleaning process to ensure the quality and consistency of the data.
This included converting all text to lowercase to avoid case sensitivity issues. We remove mentions
and hyperlinks that do not contribute to the semantic content of tweets. Punctuation marks were also
eliminated, as they can introduce noise into the data. Additionally, we removed stop words, which
are common words that typically do not carry significant meaning in the context of text classification.
Emoticons and hashtags were extracted and recorded as binary indicators, as they can provide valuable
contextual information about the sentiment and topic of the tweet [17,18].

3.1.2. Feature Enrichment

We introduced two novel features to capture semantic nuances in the text:

• Syno_Lower_Mean: This feature quantifies the use of less common synonyms by calculating the
mean frequency of synonyms that are less frequently used in the language.
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• Syn_Mean: This feature represents the mean frequency of all synonyms for each word in a tweet,
providing an aggregate measure of synonym usage.

We also used SenticNet to extract sentiment-related information, such as polarity and emotion,
and Framester to extract semantic features, such as frame semantics and conceptual relations [19,20].

3.1.3. Feature Selection

To identify the most impactful characteristics, we employ a decision tree-based feature selection
technique. We trained 200 trees with random parameters and analyzed the importance scores of
the features. This approach allowed us to select the most informative features while reducing the
dimensionality of the dataset [11].

3.1.4. Imbalanced Learning

Addressing class imbalance is crucial in text classification tasks, especially when dealing with
figurative language detection. We implemented a random subsampling technique to balance the
classes by randomly selecting a subset of the majority class samples. This approach helped prevent the
model from being biased towards the majority class [21].

3.1.5. Tokenization and Counting

We used CountVectorizer to transform the text into a bag-of-words representation, which captures
the frequency of words in the text. Additionally, we used Word2Vec for dense vector embeddings,
which represent words in a continuous vector space based on their semantic similarity. This combina-
tion allowed us to capture both the frequency and semantic information of the text [22,23].

3.2. Classification

We implemented and compared various classification models, including:

• Support Vector Machines (SVM): A powerful classifier that finds the optimal hyperplane to
separate classes in a high-dimensional space [24].

• k-Nearest Neighbors (KNN): A simple, yet effective, classifier that assigns a class label based on
the majority class of its nearest neighbors in the feature space [25].

• Logistic Regression: A linear model that estimates the probability of a sample belonging to a
class using a logistic function [26].

• Decision Trees: A non-parametric model that splits the data into subsets based on feature values,
creating a tree-like structure of decisions [27].

• Random Forest: An ensemble method that combines multiple decision trees to improve accuracy
and reduce overfitting [11].

• BERT (Bidirectional Encoder Representations from Transformers): A deep learning model that
captures the context from both directions in a text, providing a rich representation of language [14].

• Long Short-Term Memory (LSTM): A type of recurrent neural network (RNN) that can learn
long-term dependencies in sequential data, making it suitable for text classification [16].

To optimize the performance of the selected models, a systematic approach to hyperparameter tuning
was adopted. Grid search and randomized search techniques were employed to explore and identify
the most effective hyperparameter configurations for each model. This process aimed to enhance the
models’ predictive capabilities and generalization to unseen data. The model building process involved
the use of differently preprocessed datasets, including those pre- and post-feature selection, and
incorporating various encoding techniques. This approach allowed for a comprehensive exploration
of the impact of data preprocessing on model performance. It ensured that the models were trained
on well-processed and representative data, thereby improving their ability to capture the nuances of
figurative language in tweets.
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3.3. Explainability

To enhance model interpretability, we focused on several explainability techniques:

• Decision Tree Analysis: We analyse the structure of decision trees to understand the decision
rules and the importance of the features.

• Feature Importance Analysis: We calculated feature importance scores for decision trees and
SVM to identify the most influential features in the classification tasks [28].

• TREPAN Approximation: We approximated the TREPAN algorithm to explain SVM predictions
by extracting decision rules from a trained SVM model [29].

4. Experimental Results

4.1. Dataset

The selection of the data set for this project aligns with the reference article, providing a basis for
meaningful comparisons between our results and those of the original study. The dataset employed
for experimentation comprises tweets sourced from diverse corpora, encompassing both figurative
language (containing irony and sarcasm) and nonfigurative expressions. To address the tasks of
detecting figurative language and classifying tweets with irony and sarcasm, tweets from SemEval-
2015 Task 10 and Task 11 were used. The comprehensive dataset incorporated both figurative and
non-figurative tweets. To enhance the input datasets, we extended them by including additional
features, as explained in Section 3.1.2. The dataset is then preprocessed as outlined in Section 3.1.1
following these steps: text cleaning, feature enrichment with Syno Lower Mean and Syn Mean, feature
selection based on decision trees whose selec- tion consisted of 49 variables, imbalanced learning and
vectorization. Various preprocessed datasets are employed for model training, encompassing datasets
pre- and post-feature selection, along with distinct encoding techniques.

4.2. Classification Task 1: Figurative vs Non-Figurative Language

To demonstrate the importance and effectiveness of the preprocessing step, the classification
models were initially trained and tested on the raw dataset: in all cases, this essentially highlighted the
limitations of the classifiers, as the models struggled to achieve accurate or consistent results due to
the presence of noise, unstructured data or redundant information in the raw dataset. Subsequently,
by applying the preprocessing described before (Section 3.1), a significant improvement was observed
in the performance of the classifiers. This evidence clearly emphasizes how crucial it is to implement a
well-designed preprocessing step to ensure that classification models can learn effectively and produce
reliable results.

4.2.1. Support Vector Machines

We analysed three scenarios with SVM:

1. Without Class Weights: In this scenario, we trained the SVM model without adjusting the class
weights. The model showed moderate performance but was biased towards the majority class.

2. With Class Weights 0: 0.85, 1: 0.7: To address class imbalance, we adjusted class weights,
assigning higher weights to the minority class. This resulted in an improved F1 score of 0.60,
indicating a better performance in the detection of figurative language [24].

3. With Class Weights 0: 0.35, 1: 0.4, Using Only Syn_Lower_Mean and Syn_Mean Features: We
further refined the model by using only the two novel features and adjusting the class weights.
This scenario aimed to evaluate the effectiveness of the new features. The performance was
comparable to scenario (b), demonstrating the significance of the novel features.

4.2.2. k-Nearest Neighbors

KNN was evaluated with different configurations:
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• Baseline Model: The baseline KNN model showed moderate performance with an accuracy of
0.60.

• With SenticNet Information: Incorporating sentiment-related information from SenticNet im-
proved the accuracy to 0.66, highlighting the importance of semantic features [25].

4.2.3. Logistic Regression

Logistic Regression was tested with and without negation handling techniques:

• Baseline Model: The baseline model performed poorly with an accuracy of 55%.
• With Negation Handling: Adding techniques to handle negations, such as reversing the polarity

of sentiment-bearing words, significantly improved the accuracy to 65% [26].

4.2.4. Decision Tree Classifier

Decision Trees were evaluated with various feature sets:

• All Features: Using all features, the decision tree classifier achieved an accuracy of 64%.
• Novel Features Only: When using only the two novel features, Syno_Lower_Mean and Syn_Mean,

the model maintained a similar accuracy, demonstrating the strength of these features [27].

4.2.5. Random Forest

The Random Forest model was tested with different configurations:

• CountVectorizer without NEG Features: The model achieved the highest accuracy of 70% using
CountVectorizer for bag-of-words representation without including negation features [11].

• With Additional Features: Incorporating additional semantic features from SenticNet and
Framester resulted in marginal improvements in accuracy.

4.2.6. BERT

BERT was evaluated with various regularization techniques:

• Baseline Model: The baseline BERT model showed signs of overfitting, with performance
peaking early and declining in later epochs.

• With Regularization: Implementing regularization techniques, such as dropout and early stop-
ping, mitigated overfitting and improved generalization, achieving an accuracy of 68% [14].

4.2.7. Long Short-Term Memory

LSTM was tested with different feature sets:

• Baseline Model: The baseline LSTM model achieved an accuracy of 61%.
• With Extended Feature Set: Incorporating the extensive feature set, including semantic and

sentiment features, improved the accuracy but also introduced challenges in training due to the
increased complexity of the feature space [16].

4.2.8. Model Performance Comparison

Figure 1 shows a comparison of the accuracy achieved by different models in the task of classifying
figurative vs. non-figurative language.
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Figure 1 shows a comparison of the accuracy achieved by different models in the task
of classifying figurative vs. non-figurative language.
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Figure 1: Comparison of model accuracies for figurative vs non-figurative lan-
guage classification

4.3 Classification Task 2: Sarcasm vs Irony

In this second classification task, the objective was to discern between irony and sar-
casm in tweets that feature figurative language. It is crucial to note that this task did
not follow the first in sequence, as it did not operate on the same initial dataset. This
decision was made to avoid splitting the original data twice and to avoid the constraint
of not having to achieve optimal results on the initial task, which could potentially
compromise the validity of the second task. Consequently, we used data sets from Task
11 of SemEval-2015 [14], which were already available and comprised exclusively figu-
rative language. We applied the identical preprocessing pipeline described in Section
3.1 for the initial task. . The best performances were achieved by:

• Random Forest: The model achieved an accuracy of 73% by leveraging en-
semble learning to improve robustness and accuracy [3].

• Logistic Regression: With careful feature engineering and negation handling,
the logistic regression model also achieved an accuracy of 73% [20].

• Naive Bayes: The Naive Bayes model showed the best performance with an
accuracy of 74%, benefiting from its probabilistic approach to text classification
[26].

7

Figure 1. Comparison of model accuracies for figurative vs non-figurative language classification.

4.3. Classification Task 2: Sarcasm vs Irony

In this second classification task, the objective was to discern between irony and sarcasm in tweets
that feature figurative language. It is crucial to note that this task did not follow the first in sequence,
as it did not operate on the same initial dataset. This decision was made to avoid splitting the original
data twice and to avoid the constraint of not having to achieve optimal results on the initial task,
which could potentially compromise the validity of the second task. Consequently, we used data sets
from Task 11 of SemEval-2015 [30], which were already available and comprised exclusively figurative
language. We applied the identical preprocessing pipeline described in Section 3.1 for the initial task. .
The best performances were achieved by:

• Random Forest: The model achieved an accuracy of 73% by leveraging ensemble learning to
improve robustness and accuracy [11].

• Logistic Regression: With careful feature engineering and negation handling, the logistic regres-
sion model also achieved an accuracy of 73% [26].

• Naive Bayes: The Naive Bayes model showed the best performance with an accuracy of 74%,
benefiting from its probabilistic approach to text classification [31].

4.3.1. Performance Comparison of Traditional Models

Figure 2 illustrates the performance of traditional models in the task of classifying sarcasm vs
irony.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 July 2024                   doi:10.20944/preprints202407.1179.v1

https://doi.org/10.20944/preprints202407.1179.v1


7 of 13

4.3.1 Performance Comparison of Traditional Models

Figure 2 illustrates the performance of traditional models in the task of classifying
sarcasm vs irony.
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Figure 2: Performance comparison of traditional models for sarcasm vs irony
classification

5 Feature Importance Analysis

Understanding the importance of different features in our classification tasks is crucial
for interpreting the model’s decisions and improving its performance. In this section,
we analyze the relative importance of various features used in our study, using methods
such as decision trees and Support Vector Machines (SVM). This analysis helps identify
which features contribute the most to the model’s accuracy and provides insights into
the underlying patterns in the data.

5.1 Decision Tree Feature Importance

Decision trees are inherently interpretable models that allow us to visualize the decision-
making process. By examining the structure of the tree and the features used at each
split, we can gain insights into which features are most influential. In our study, we
used decision tree-based feature selection to identify the most impactful features.

The novel features Syno Lower Mean and Syn Mean were found to be among the
most important features in our decision tree models. These features quantify the
use of less common synonyms and the mean frequency of synonyms for each word
in a tweet, respectively. Their high importance scores indicate that capturing the
richness and variability of language usage is critical to detect figurative language. This
finding underscores the value of innovative feature engineering in enhancing model
performance.

Semantic features extracted from SenticNet and Framester also ranked highly in
terms of importance. SenticNet’s sentiment-related information, such as polarity and
emotion, provided valuable context for understanding the emotional tone of tweets.
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5. Feature Importance Analysis

Understanding the importance of different features in our classification tasks is crucial for inter-
preting the model’s decisions and improving its performance. In this section, we analyze the relative
importance of various features used in our study, using methods such as decision trees and Support
Vector Machines (SVM). This analysis helps identify which features contribute the most to the model’s
accuracy and provides insights into the underlying patterns in the data.

5.1. Decision Tree Feature Importance

Decision trees are inherently interpretable models that allow us to visualize the decision-making
process. By examining the structure of the tree and the features used at each split, we can gain insights
into which features are most influential. In our study, we used decision tree-based feature selection to
identify the most impactful features.

The novel features Syno_Lower_Mean and Syn_Mean were found to be among the most important
features in our decision tree models. These features quantify the use of less common synonyms and
the mean frequency of synonyms for each word in a tweet, respectively. Their high importance scores
indicate that capturing the richness and variability of language usage is critical to detect figurative
language. This finding underscores the value of innovative feature engineering in enhancing model
performance.

Semantic features extracted from SenticNet and Framester also ranked highly in terms of impor-
tance. SenticNet’s sentiment-related information, such as polarity and emotion, provided valuable
context for understanding the emotional tone of tweets. Framester’s semantic features, including
frame semantics and conceptual relations, enriched the dataset with additional layers of meaning. The
high importance of these features highlights the importance of semantic enrichment in improving text
classification accuracy.

Traditional linguistic features, such as n-grams and part-of-speech tags, were also important,
but to a lesser extent compared to the novel and semantic features. While these features have been
widely used in NLP tasks, our study shows that combining them with advanced semantic features and
innovative feature engineering can yield better results. This combination leverages the strengths of
both traditional and modern approaches to feature extraction.
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Figure 3 provides a visualization of the relative importance of the top features identified by our
decision tree models. The bar chart illustrates how each feature contributes to the model’s decision-
making process, with Syno_Lower_Mean and Syn_Mean being the most prominent.

Framester’s semantic features, including frame semantics and conceptual relations, en-
riched the dataset with additional layers of meaning. The high importance of these
features highlights the importance of semantic enrichment in improving text classifi-
cation accuracy.

Traditional linguistic features, such as n-grams and part-of-speech tags, were also
important, but to a lesser extent compared to the novel and semantic features. While
these features have been widely used in NLP tasks, our study shows that combining
them with advanced semantic features and innovative feature engineering can yield
better results. This combination leverages the strengths of both traditional and mod-
ern approaches to feature extraction.

Figure 3 provides a visualization of the relative importance of the top features
identified by our decision tree models. The bar chart illustrates how each feature con-
tributes to the model’s decision-making process, with Syno Lower Mean and Syn Mean
being the most prominent.
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Figure 3: Feature importance analysis

5.2 Support Vector Machines (SVM) Feature Importance

SVM models, while not as inherently interpretable as decision trees, can still pro-
vide insights into feature importance through techniques such as weights analysis and
approximation methods like TREPAN.

In SVM, the weights assigned to each feature can indicate its importance in the
classification task. Features with higher absolute weight values have a more significant
impact on the decision boundary. Our analysis of SVM weights revealed that the
novel features Syno Lower Mean and Syn Mean, along with semantic features from
SenticNet and Framester, had substantial weights. This result aligns with the findings
of the decision tree analysis, reinforcing the importance of these characteristics.

To further interpret the SVM model, we employed the TREPAN algorithm, which
approximates decision rules from a trained SVM model. TREPAN generates a decision
tree that mimics the behaviour of the SVM, making it easier to visualize and under-
stand the model’s decisions. The decision tree generated by TREPAN confirmed the
high importance of the novel and semantic features, as these features were frequently
used at the top splits of the tree.

The consistency between the feature importance rankings from decision tree and
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Figure 3. Feature importance analysis.

5.2. Support Vector Machines (SVM) Feature Importance

SVM models, while not as inherently interpretable as decision trees, can still provide insights
into feature importance through techniques such as weights analysis and approximation methods like
TREPAN.

In SVM, the weights assigned to each feature can indicate its importance in the classification task.
Features with higher absolute weight values have a more significant impact on the decision boundary.
Our analysis of SVM weights revealed that the novel features Syno_Lower_Mean and Syn_Mean,
along with semantic features from SenticNet and Framester, had substantial weights. This result aligns
with the findings of the decision tree analysis, reinforcing the importance of these characteristics.

To further interpret the SVM model, we employed the TREPAN algorithm, which approximates
decision rules from a trained SVM model. TREPAN generates a decision tree that mimics the behaviour
of the SVM, making it easier to visualize and understand the model’s decisions. The decision tree
generated by TREPAN confirmed the high importance of the novel and semantic features, as these
features were frequently used at the top splits of the tree.

The consistency between the feature importance rankings from decision tree and SVM analyses
underscores the robustness of our findings. Both methods identified Syno_Lower_Mean, Syn_Mean,
SenticNet, and Framester features as crucial for accurate classification. This agreement highlights the
reliability of these features in the improvement of text classification models.

5.3. Implications of Feature Importance Analysis

The insights gained from the feature importance analysis have several implications for future
research and practical applications.

The high importance of Syno_Lower_Mean and Syn_Mean features demonstrates the potential of
innovative feature engineering techniques. Future research should continue to explore and develop
new features that capture the richness and variability of language, particularly in the context of
figurative language detection.

The significant contribution of semantic features from SenticNet and Framester underscores the
value of semantic enrichment. Integrating external knowledge bases and leveraging semantic resources
can provide additional context and improve the accuracy of text classification models. Researchers
should consider incorporating a wide range of semantic features to enhance their models further.
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Although traditional linguistic characteristics remain important, their combination with advanced
semantic characteristics and innovative feature engineering can yield superior results. This holistic
approach leverages the strengths of both traditional and modern techniques, resulting in more robust
and accurate models.

Enhancing the interpretability and explainability of text classification models is crucial for their
practical application. Techniques such as decision tree analysis and the TREPAN approximation
provide valuable insights into model decisions, making them more transparent and trustworthy.
Future research should focus on developing and refining explainability frameworks to facilitate the
adoption of these models in real-world scenarios.

5.4. Concluding Remarks on Feature Importance Analysis

In conclusion, the feature importance analysis conducted in this study highlights the critical role
of innovative feature engineering and semantic enrichment in enhancing text classification models.
The high importance of Syno_Lower_Mean, Syn_Mean, and semantic features from SenticNet and
Framester underscores the value of these approaches. By combining traditional linguistic features
with advanced semantic features, researchers can develop more robust and accurate models. The
insights gained from this analysis provide a foundation for future research and practical applications,
encouraging further exploration and refinement of feature engineering and semantic enrichment
techniques.

6. Conclusions and Future Work

This study explored the enhancement of text classification models through innovative feature
engineering and semantic enrichment, specifically targeting the detection of figurative language
in tweets. The research incorporated novel features, including Syno_Lower_Mean and Syn_Mean,
alongside existing semantic resources such as SenticNet and Framester. The results demonstrate that
advanced feature engineering techniques and semantic enrichment can significantly improve the
performance and interpretability of text classification models.

Our key findings can be summarized as follows:

• Effectiveness of Novel Features: The introduction of Syno_Lower_Mean and Syn_Mean features
had a substantial impact on the model’s performance. These features, which quantify the use of
less common synonyms and the mean frequency of synonyms for each word in a tweet, provided
valuable semantic insights that enhanced the classification accuracy. The decision tree-based
feature selection technique confirmed the high importance of these features.

• Importance of Semantic Enrichment: Leveraging semantic resources like SenticNet and Framester
proved to be highly beneficial. SenticNet provided sentiment-related information that helped
capture the emotional context of tweets, while Framester offered frame semantics and conceptual
relations that enriched the feature set. The integration of these semantic features resulted in
better detection of figurative language, as evidenced by the improved performance of models
that included these features.

• Handling Class Imbalance: Addressing class imbalance through techniques like random sub-
sampling was crucial for improving model performance. Imbalanced datasets can lead to biased
models that favour the majority class, reducing the overall classification accuracy. By implement-
ing random subsampling, we ensured that the models were trained on balanced datasets, which
enhanced their ability to detect figurative language accurately.

• Comparison of Classification Models: Among the various classification models tested, Random
Forest achieved the highest accuracy for figurative language detection, followed closely by
BERT and Logistic Regression. Traditional machine learning models like SVM and KNN also
performed well, particularly when semantic features were included. The performance of these
models underscores the importance of combining traditional machine learning techniques with
advanced feature engineering and deep learning approaches.
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6.1. Detailed Analysis of Experimental Results

• Support Vector Machines (SVM): SVM models were evaluated under three scenarios, revealing
the critical role of class weighting and feature selection. The scenario with adjusted class weights
(0: 0.85, 1: 0.7) showed a marked improvement in F1-Score, demonstrating the effectiveness of
addressing class imbalance. Additionally, using only the novel features Syn_Lower_Mean and
Syn_Mean with class weights (0: 0.35, 1: 0.4) yielded comparable performance, highlighting the
significance of these features in detecting figurative language.

• k-Nearest Neighbors (KNN): The KNN model’s performance improved significantly with the
inclusion of SenticNet information, achieving an accuracy of 0.66. This result indicates that
semantic features play a vital role in enhancing the model’s ability to capture contextual nuances,
thereby improving the classification of figurative language.

• Logistic Regression: Logistic Regression showed notable improvements when negation han-
dling techniques were incorporated. The baseline model achieved an accuracy of 55%, which
increased to 65% with the addition of negation handling. This finding underscores the impor-
tance of addressing linguistic nuances, such as negations, to improve model performance in text
classification tasks.

• Decision Tree Classifier: The Decision Tree classifier maintained comparable accuracy when
using only the novel features, Syno_Lower_Mean and Syn_Mean. This result demonstrates
the robustness of these features in capturing essential semantic information. The model’s
performance underscores the potential of innovative feature engineering techniques to enhance
text classification.

• Random Forest: Random Forest emerged as the best-performing model, achieving an accuracy
of 70% with the CountVectorizer representation. The inclusion of additional semantic features
from SenticNet and Framester resulted in marginal improvements, indicating that the model’s
robustness and ensemble learning capabilities played a significant role in its high performance.

• BERT: BERT’s performance highlighted the challenges of overfitting in deep learning models.
The baseline model showed signs of overfitting, which were mitigated by implementing regular-
ization techniques such as dropout and early stopping. With these adjustments, BERT achieved
an accuracy of 68%, demonstrating its potential for capturing complex semantic relationships in
text data.

• Long Short-Term Memory (LSTM): The LSTM model faced challenges with the extensive feature
set, achieving an accuracy of 61%. Despite these challenges, the model benefited from the
semantic features, indicating the importance of further refinement and optimization to fully
leverage the potential of LSTM in text classification tasks.

• Sarcasm vs. Irony Classification: For the task of classifying sarcasm versus irony, traditional
models like Random Forest, Logistic Regression, and Naive Bayes performed exceptionally
well, achieving accuracies of 73%, 73%, and 74%, respectively. These results demonstrate the
effectiveness of probabilistic and ensemble learning approaches in handling nuanced language
detection tasks.

6.2. Implications and Broader Applications

The methodologies and findings of this study have broader implications for various NLP tasks
beyond figurative language detection. Novel feature engineering techniques and semantic enrichment
approaches can be applied to other text classification tasks, such as sentiment analysis, topic catego-
rization, and spam detection. The success of these techniques in enhancing model performance and
interpretability suggests their potential for widespread adoption in NLP applications.

6.3. Future Research Directions

Building on the insights gained from this study, several avenues for future research can be
explored:
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• Enhanced Feature Engineering: Further exploration of innovative feature engineering techniques
is warranted. Future research could focus on developing additional semantic features, such as
contextual embeddings and syntactic patterns, to capture more complex language nuances.

• Advanced Semantic Enrichment: The integration of more sophisticated semantic resources, such
as knowledge graphs and contextualized word embeddings (e.g., ELMo, GPT-3), could provide
richer semantic context and improve classification accuracy. Investigating the use of multi-modal
data, such as images and videos, alongside textual data, could also enhance the detection of
figurative language.

• Deep Learning Optimization: Optimizing deep learning models like BERT and LSTM through
advanced regularization techniques and hyperparameter tuning could mitigate overfitting and
improve generalization. Exploring hybrid models that combine traditional machine learning
algorithms with deep learning approaches may also yield superior performance.

• Explainability and Interpretability: Enhancing the interpretability of text classification models
remains a critical area of research. Developing explainability frameworks that provide clear and
intuitive insights into model decisions will facilitate the adoption of these models in real-world
applications. Techniques such as SHAP (SHapley Additive exPlanations) and LIME (Local
Interpretable Model-agnostic Explanations) could be explored to improve model transparency.

• Real-World Applications: Applying the methodologies developed in this study to real-world
applications, such as social media monitoring, customer feedback analysis, and automated
content moderation, will validate their effectiveness and robustness. Collaborations with industry
partners could provide valuable data and practical insights, further enhancing the relevance and
impact of this research.

6.4. Concluding Remarks

In conclusion, this study demonstrates the potential of advanced feature engineering and semantic
enrichment techniques to enhance text classification models. Using a focus on the detection of figurative
language in tweets, we have shown that thoughtful data set enrichment, innovative feature design, and
integration of semantic resources can significantly improve classification accuracy and interpretability.
The findings of this study provide a foundation for future research and practical applications in the
field of natural language processing.

The incremental improvement in model performance with feature engineering, as illustrated in
Figure 4, highlights the value of continuous experimentation and refinement. As the field of NLP
continues to evolve, the methodologies and insights presented in this study will contribute to the
development of more robust, accurate, and interpretable text classification models.

Our study serves as a stepping stone for further advancements in NLP, encouraging researchers
and practitioners to explore new avenues for feature engineering and semantic enrichment. By
continuing to push the boundaries of what is possible in text classification, we can unlock new
capabilities and applications, ultimately driving the field forward and creating more intelligent and
responsive systems.
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• Real-World Applications: Applying the methodologies developed in this
study to real-world applications, such as social media monitoring, customer
feedback analysis, and automated content moderation, will validate their effec-
tiveness and robustness. Collaborations with industry partners could provide
valuable data and practical insights, further enhancing the relevance and impact
of this research.

6.4 Concluding Remarks

In conclusion, this study demonstrates the potential of advanced feature engineering
and semantic enrichment techniques to enhance text classification models. Using a
focus on the detection of figurative language in tweets, we have shown that thoughtful
data set enrichment, innovative feature design, and integration of semantic resources
can significantly improve classification accuracy and interpretability. The findings of
this study provide a foundation for future research and practical applications in the
field of natural language processing.

The incremental improvement in model performance with feature engineering, as
illustrated in Figure 4, highlights the value of continuous experimentation and re-
finement. As the field of NLP continues to evolve, the methodologies and insights
presented in this study will contribute to the development of more robust, accurate,
and interpretable text classification models.
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