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Abstract

Text classification remains one of the most common NLP tasks, with applications in spam detection,
sentiment analysis, and document categorization. This paper presents a lightweight comparative
study of feature extraction techniques using two widely adopted NLP toolkits, NLTK and spaCy,
applied to a benchmark dataset from the UCI Machine Learning Repository. By integrating
traditional linguistic features (token counts, POS tagging, stopword filtering) with semantic
embeddings, we evaluate the effectiveness of each toolkit in building a baseline classification system.
Experimental results provide insights into the trade-offs between linguistic preprocessing and
modern vectorization methods, offering practical recommendations for small-scale text mining
projects.
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1. Introduction

The exponential growth of mobile communication has brought numerous benefits but has also
led to a surge in unsolicited and fraudulent text messages[1], commonly referred to as spam. Short
Message Service (SMS) spam not only clutters user inboxes but also poses risks such as financial
scams, phishing, and exposure to malicious links[2]. Detecting spam messages accurately remains a
critical task in natural language processing (NLP), particularly for applications in cybersecurity and
user safety[3].

Traditional spam detection approaches relied heavily on handcrafted rules and keyword-based
filtering, which often failed to adapt to the evolving tactics of spammers[4]. With the advent of
machine learning, text classification techniques have gained significant attention for their ability to
learn patterns from labeled datasets and generalize to unseen data[5]. Preprocessing, however, plays
a decisive role in determining the performance of such classifiers, as noisy or redundant text features
can adversely affect prediction accuracy[6].

Among the most widely used NLP toolkits, the Natural Language Toolkit (NLTK) and spaCy
provide a variety of preprocessing utilities such as tokenization, lemmatization, and stopword
removal. While both libraries are extensively adopted in research and industry, there has been limited
comparative analysis of their effectiveness in real-world classification tasks like SMS spam detection.
Addressing this gap is essential, as practitioners and researchers often face the practical challenge of
selecting the most suitable toolkit for their applications[7-10].

In this paper, we conduct a comparative study of NLTK- and spaCy-based preprocessing
pipelines using the UCI SMS Spam Collection dataset, a well-established benchmark for spam
classification. Logistic Regression is employed as a lightweight yet effective baseline classifier,
allowing us to isolate and evaluate the impact of preprocessing choices on overall model
performance[11-13]. Furthermore, we incorporate error analysis through confusion matrices, word
clouds, and keyword frequency visualizations to highlight the types of linguistic patterns that lead
to misclassification.
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The contributions of this work are threefold:

1. We presented a reproducible and accessible comparison of NLTK and spaCy preprocessing

in the context of SMS spam detection.

2. We evaluated the influence of preprocessing pipelines on classification performance using

multiple metrics, including precision, recall, F1-score, and AUC.

3. We provided an error analysis that identifies linguistic weaknesses in each approach,

offering insights for future improvements.

The rest of this paper is organized as follows: Section 2 reviews related work in spam detection
and text preprocessing. Section 3 describes the methodology, including dataset and experimental
setup. Section 4 presents results and error analysis. Section 5 concludes the paper and suggests
directions for future research.

2. Literature Review

SMS spam detection has appeared as an important application within NLP and machine
learning domain, progressing from early statistical models to advanced deep learning
frameworks[11-13]. Initial research focused on fundamental feature extraction and classification
methods, which demonstrated the feasibility of applying ML to text-based spam filtering. For
example, researchers used the bag-of-words representation combined with a Naive Bayes classifier
to distinguish between spam and legitimate messages, achieving competitive accuracy on benchmark
datasets such as the UCI SMS Spam Collection[14].

[15] investigated a range of feature extraction and selection techniques in Python, applying
multiple classifiers to benchmark datasets. For instance, they compared term TFIDF (term frequency
document inverse frequency) features with word n-grams, and evaluated classifiers such as Logistic
Regression, Random Forests, and Support Vector Machines, showing that TF-IDF with SVM
produced the highest accuracy.

[16] applied diverse ML algorithms and emphasized the significance of preprocessing in model
performance. For example, they demonstrated that applying text normalization (such as stemming
and stopword removal) before training classifiers like k-Nearest Neighbors (k-NN) and Decision
Trees improved F1-scores by reducing noise in the dataset.

Recent works highlight comparative evaluations between shallow and deep models. [2]
investigated evasive techniques in SMS spam filtering, revealing the robust gaps between shallow
ML models and deep neural networks. [17] presented a comparative analysis of ensemble methods
such as Random Forest, Gradient Boosting, and AdaBoost against traditional classifiers, underscoring
the superiority of ensembles. [49] further compared ML approaches for SMS spam detection, pointing
out challenges in scalability.

Many comprehensive surveys also provide valuable insights. Al Saidat et al. [6] presented a
survey of NLP and ML-based spam detection techniques, benchmarking algorithms against accuracy,
precision, and recall. [8] explored both ML and deep learning methods, applying datasets from UCI
to build robust models. [1] applied machine learning with focus on Relevance Vector Machines
(RVM), highlighting real-time application challenges, while [11] introduced an ML-based approach
with high accuracy on benchmark datasets.

The integration of NLP techniques has expanded the scope of spam detection. [12] proposed
SMS spam classification using NLP-based pipelines to enhance detection performance. [14]
investigated named entity recognition (NER) with SpaCy for improving text classification while
ensuring privacy preservation. [4] benchmarked text preprocessing algorithms, noting SpaCy
Tokenizer’s superior lexical diversity. Similarly, [18,19] discussed preprocessing applications
leveraging NLTK, while [21] highlighted challenges in multilingual preprocessing for Japanese texts.
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Additional preprocessing improvements were studied in Rianto et al. [16], where stemming
improved classification accuracy, and [23], who corrected misspelled words to enhance Indonesian
text classification. [25] provided a comprehensive guide on NLP toolkits such as spaCy, NLTK, and
Keras for text analysis. [26] leveraged spaCy for email spam classification, while [28] compared ML
models across multiple platforms including SKLearn, NLTK, and spaCy. Parallel advancements in
related ML domains provide context for SMS spam research[20,22,24]

Collectively, these studies highlight the diverse evolution of SMS spam detection, contextualized
within broader Al and ML research[27-29]. The literature demonstrates the importance of
preprocessing, model selection, cross-domain applications, and security frameworks in building
resilient spam detection systems.

3. Methodology

This research adopts a structured approach to SMS spam detection, combining robust
preprocessing techniques with classical machine learning algorithms[30-32]. The methodology
focuses on comparing different feature extraction methods to identify the most effective approach for
accurate classification[33-35].

3.1. Data Collection

The SMS dataset we used in this study was obtained from publicly available repositories and
consists of both spam and ham (non-spam) messages [36,37]. Each message is labeled, enabling a
supervised learning framework for classification [38—40]. The dataset we selected covers wide range
of messages that vary in language, length, and structure, allowing the models to recognize diverse
linguistic patterns linked to spam detection. To improve the quality of the input, preprocessing
techniques such as text normalization, tokenization, and stopword removal were applied. The
choosen dataset provides a reliable benchmark for assessing the performance of classification
algorithms in practical spam filtering scenarios.

3.2. Text Preprocessing

Preprocessing plays a crucial role in enhancing model performance. Two feature extraction
approaches were employed: NLTK and spaCy. Standard preprocessing steps included lowercasing,
tokenization, removal of stopwords, and filtering based on word length. This allowed the models to
focus on meaningful textual patterns while reducing noise[41-43]. The removal of punctuation
marks, numerical characters, and special symbols were done to ensure consistency across the dataset.
The Lemmatization techniques were also applied which reduces words to their base/dictionary form,
this in turn improves generalization across different word variations. We also tested stemming for
comparing these results, though lemmatization yielded more semantically meaningful results. Also,
the whitespace normalization and duplicate removal were performed to further refine the dataset.
All these preprocessing steps ensured a clean and structured input for the classification models,
significantly improving their robustness and reliability.

3.3. Feature Representation

For NLTK, the features were represented using token counts and TF-IDF vectors capturing both
the frequency and relative importance of terms within the dataset. Token counts provided a
straightforward representation by simply recording how often each word appears in a document,
forming the basis for the traditional Bag-of-Words (BoW) model.

Although this approach is easy to implement and computationally efficient, it treats all words
as independent units and ignores contextual meaning. The limitation was addressed, TF-IDF
weighting was applied, which downscales the impact of frequently occurring but less informative
words (such as “the” or “and”) while giving more weight to terms that are unique and therefore more
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discriminative. This property makes TF-IDF particularly effective in text classification tasks like spam
detection, where certain keywords carry strong predictive power [44,45].

On the other hand, spaCy was employed to leverage its pre-trained language models for
extracting contextual embeddings. Unlike BoW and TF-IDF, which rely solely on surface-level
frequency statistics, embeddings encode semantic and syntactic information by mapping words into
dense, continuous vector spaces. This enables the model to capture relationships such as word
similarity and contextual usage, which are often lost in traditional representations. For example,
words like “offer” and “deal” may appear in different contexts but convey similar intent in spam
messages. Embedding-based representations allow the classifier to recognize such semantic parallels,
thereby improving classification accuracy. SpaCy’s embeddings are derived from large-scale corpora,
ensuring that the representations are both generalizable and context-sensitive.

The contrast between these two approaches highlights a broader trade-off in feature engineering
for text classification. TE-IDF is highly interpretable and computationally lightweight, making it ideal
for baseline models and smaller datasets. It lacks the ability to capture deeper linguistic nuances or
contextual meaning. Embeddings are computationally more demanding but offer richer
representations that can adapt to varied sentence structures and subtle semantic cues. In spam
detection, this can make the difference between correctly identifying a cleverly disguised spam
message and misclassifying it as ham.

Combining traditional and modern feature extraction techniques can yield robust results. For
instance, hybrid models that integrate TF-IDF features with embeddings have been shown to enhance
performance by exploiting the complementary strengths of both approaches. TF-IDF ensures that
highly discriminative keywords are not overlooked, while embeddings contribute contextual depth
and semantic understanding. These combinations are particularly useful when dealing with real-
world datasets that exhibit high variability, as in the SMS dataset used in this study.

3.4. Model Selection

Classical machine learning classifiers, including Logistic Regression and Naive Bayes, were
selected due to their efficiency and interpretability in text classification tasks. Each model was trained
and evaluated using both NLTK and spaCy features to compare performance[46,47].

3.5. Evaluation Metrics

The models were assessed using standard metrics: accuracy, precision, recall, and F1 score.
Additionally, ROC and precision-recall curves were employed to evaluate the classifiers’
discriminative power and balance between precision and recall[48,49].

The choice of selecting both NLTK-derived features (token counts and TF-IDF vectors) and
spaCy-based embeddings allowed for a comprehensive comparison of how different feature
representations impact classifier performance.

4. Results

The experimental evaluation provides a comparative assessment of the performance of multiple
machine learning classifiers when applied to SMS spam detection using two distinct feature
extraction techniques: NLTK-based preprocessing and spaCy-based preprocessing. To offer a
comprehensive view, we present both quantitative performance measures and qualitative
visualization of errors and decision patterns.

The initial analysis examined the distribution of misclassified terms by extracting the most
frequent keywords among incorrect predictions for both NLTK and spaCy pipelines. As shown in
Figure 1, the side-by-side bar chart highlights common tokens that frequently contributed to
misclassifications. To complement this, word clouds were generated to provide a more intuitive
representation of high-frequency misclassified terms. The visualization in Figure 2 clearly reveals
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that the linguistic patterns associated with short promotional content were a key source of false
positives and negatives.
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Figure 1. Top Misclassified Keywords (4-5 Letter Words Only, Stopwords Removed.
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Figure 2. Word clouds of misclassified messages for NLTK and spaCy pipelines.

To further evaluate classification boundaries, ROC curves were plotted for all models under both
feature sets (Figure 3). The ROC analysis indicates that Logistic Regression with NLTK features
achieved the highest AUC, suggesting better discrimination between spam and ham messages.
Similarly, Precision-Recall (PR) curves (Figure 4) highlight that Naive Bayes with NLTK
preprocessing delivered superior recall performance, while spaCy features tended to increase
precision at the cost of recall.
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Figure 3. ROC curves of classifiers under NLTK and spaCy feature sets.
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Figure 4. Precision—Recall curves of classifiers under NLTK and spaCy feature sets.

Error analysis was performed using confusion matrices across all classifiers and feature
combinations (Figure 5). These visualizations reveal that NLTK-based feature extraction generally
yielded fewer false negatives compared to spaCy, especially for Logistic Regression and Naive Bayes.
However, spaCy tended to minimize false positives, indicating that each feature extraction pipeline
carries distinct trade-offs.
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Figure 5. Confusion matrices of classifiers for NLTK and spaCy features.

A consolidated comparison of model performance metrics is provided in Table 1. Logistic
Regression with NLTK features achieved the highest accuracy (98.29%) and F1 score (0.932), while
Naive Bayes with NLTK demonstrated a better balance between recall (0.933) and precision (0.842).
In contrast, spaCy-based models achieved perfect precision in some cases but at the cost of

significantly lower recall, reflecting reduced sensitivity in spam detection.

Table 1. Performance metrics (Accuracy, Precision, Recall, F1) for each model and feature extraction method.

Model Features

Logistic Regression NLTK 0.9829
Logistic Regression spaCy 0.9641
Naive Bayes NLTK 0.9677
Naive Bayes spaCy 0.9650

0.9924

1.0000

0.8424

1.0000

Accuracy Precision Recall F1

0.8792 0.9324
0.7315 0.8450
0.9329 0.8854
0.7383 0.8494

To visualize the comparative effectiveness of the models, Figure 6 presents a bar plot of F1 scores

across classifiers for both feature sets. The results confirm that NLTK preprocessing consistently

provides a more balanced outcome compared to spaCy, particularly in terms of recall and overall F1
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performance. These findings are also consistent with earlier error and keyword distribution analyses,
where NLTK captured more context from misclassified cases.

F1 Score Comparison: NLTK vs spaCy Features
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Figure 6. Bar chart of F1 score comparison between NLTK and spaCy features.

This study demonstrates the effectiveness of comparing feature extraction approaches,
specifically NLTK and spaCy, for SMS spam detection using classical machine learning models. The
results indicate that while both feature sets yield high overall accuracy, NLTK-based features
generally provide a more balanced trade-off between precision and recall, resulting in higher F1
scores, whereas spaCy features tend to favor precision at the expense of recall. This highlights the
importance of feature selection in optimizing model performance depending on the application’s
requirements, whether prioritizing minimizing false positives or maximizing correct spam detection.
Overall, the findings emphasize that careful preprocessing and feature representation significantly
influence the reliability and robustness of automated SMS spam classifiers, providing actionable
insights for deploying real-world text classification systems.

5. Conclusion

In this study, we explored the effectiveness of different feature extraction methods and machine
learning models for SMS spam detection. The results demonstrate that careful preprocessing and
model selection can significantly improve classification performance, highlighting the potential of
combining classical algorithms with tailored text features for practical spam filtering applications.

6. Limitations and Future Work

Limitations:
1. Thestudy is limited to a specific dataset, which may not fully represent all types of SMS spam

encountered in real-world scenarios.
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2. Only a subset of machine learning models and feature extraction techniques were explored,

leaving other potentially effective approaches unexamined.

Future Work:
1. Expanding the dataset to include diverse languages and SMS formats could improve model

generalizability.

2. Investigating advanced deep learning architectures and ensemble methods may further

enhance detection accuracy and robustness.
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