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 Sentiment analysis has become an important approach to extracting 

opinions from textual data. One frequently used preprocessing 

technique is stemming, which aims to reduce words to their root forms. 

However, the impact of stemming on classification performance, 

feature complexity, and computational efficiency remains an open 

issue. This study evaluated the effect of stemming on IMDb sentiment 

analysis using four machine learning algorithms: Naïve Bayes, 

Support Vector Machine (SVM), Decision Tree, and Random Forest. 

The dataset consisted of 50,000 IMDb movie reviews represented 

through TF-IDF feature extraction. Performance evaluation was 

conducted using accuracy, precision, recall, F1-score, feature 

complexity analysis, and computational runtime measurements. The 

results demonstrated that stemming successfully reduced TF-IDF 

features from 99,249 to 68,991, representing a feature reduction of 

30.49%. However, stemming slightly decreased classification 

performance across all evaluated algorithms. SVM achieved the 

highest accuracy of 89.74% without stemming and 89.32% with 

stemming. Despite the minor decrease in accuracy, stemming 

improved computational efficiency for tree-based algorithms, 

particularly Decision Tree and Random Forest. These findings indicate 

that stemming does not always improve sentiment classification 

performance but can significantly reduce feature complexity and 

computational costs.  
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1. INTRODUCTION  

The rapid growth of user-generated content on digital platforms has led to a substantial increase in 

textual data containing opinions, experiences, and evaluations of products and services. As a result, sentiment 

analysis has become one of the most important research areas in Natural Language Processing (NLP) because 

it enables automatic identification of public sentiment from textual information [1]. Among various publicly 

available datasets, the Internet Movie Database (IMDb) has become one of the most widely adopted 
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benchmarks for sentiment classification due to its balanced distribution of positive and negative reviews and 

its linguistic diversity [2]. The large vocabulary and morphological variations found in IMDb reviews present 

significant challenges for text classification models, making data preprocessing an essential stage before 

machine learning algorithms are applied. 

Text preprocessing aims to transform unstructured textual data into a structured numerical 

representation suitable for computational analysis. Common preprocessing procedures include case folding, 

tokenization, stop-word removal, and stemming [3]. Among these techniques, stemming has received 

considerable attention because it reduces inflected or derived words into their root forms, thereby decreasing 

vocabulary size and simplifying feature representation [4]. Theoretically, reducing redundant lexical variations 

is expected to improve the effectiveness of feature extraction methods such as Term Frequency–Inverse 

Document Frequency (TF-IDF) while simultaneously lowering computational complexity. 

Despite its widespread adoption, the effectiveness of stemming remains inconclusive. Several 

previous studies have reported improvements in text classification performance after applying stemming 

because the reduction of morphological variations produces a more compact feature space [5]. Conversely, 

other studies have demonstrated that stemming may remove important semantic information embedded in 

different word forms, resulting in reduced classification accuracy [6]. This inconsistency suggests that the 

effectiveness of stemming is highly dependent on dataset characteristics, language structure, feature 

representation, and the classification algorithm employed. 

Most previous studies primarily evaluate preprocessing techniques based on conventional predictive 

performance metrics, including accuracy, precision, recall, and F1-score [7], [8]. Although these metrics are 

essential for assessing classification capability, they do not fully explain the overall impact of preprocessing 

on machine learning models. In practical applications involving high-dimensional textual data, feature 

dimensionality and computational efficiency are equally important because they directly influence memory 

consumption, processing time, and model scalability [9]. Nevertheless, comprehensive investigations that 

simultaneously analyze classification performance, feature complexity, and computational efficiency remain 

relatively limited. 

Another limitation observed in the existing literature is that most comparative studies evaluate only 

one or two machine learning algorithms, making it difficult to generalize the influence of preprocessing 

techniques across different learning paradigms [10]. Probabilistic methods such as Naïve Bayes, margin-based 

classifiers such as Support Vector Machine (SVM), tree-based methods such as Decision Tree, and ensemble 

learning approaches such as Random Forest possess fundamentally different learning mechanisms. 

Consequently, the influence of stemming may vary substantially among these algorithms, particularly when 

processing high-dimensional TF-IDF feature representations. 

To address these research gaps, this study performs a comprehensive evaluation of the impact of 

stemming on IMDb sentiment analysis using four widely adopted machine learning algorithms, namely Naïve 

Bayes, Support Vector Machine (SVM), Decision Tree, and Random Forest. Movie reviews are transformed 

into numerical vectors using the TF-IDF feature extraction technique, while model performance is evaluated 

using an 80:20 train-test split. A separate 10-fold stratified cross-validation procedure is employed for 

statistical significance testing using the Wilcoxon Signed-Rank Test. The evaluation framework incorporates 

three complementary perspectives: classification performance (accuracy, precision, recall, and F1-score), 

feature complexity measured by TF-IDF dimensionality, and computational efficiency measured by training 

and testing runtime. 

The primary novelty of this research lies in its multidimensional evaluation framework. Unlike most 

previous studies that emphasize predictive accuracy as the sole performance indicator, this research 

simultaneously investigates the trade-off between predictive performance, feature complexity, and 

computational efficiency after the application of stemming. Furthermore, statistical significance testing using 

the Wilcoxon Signed-Rank Test is employed to determine whether the observed performance differences are 

statistically meaningful rather than resulting from random variation. This comprehensive evaluation provides 

a deeper understanding of the practical implications of stemming for sentiment analysis systems operating on 

large-scale textual datasets. 

The contributions of this study can be summarized as follows. First, it provides an empirical 

evaluation of stemming across four machine learning algorithms representing different computational 

paradigms. Second, it quantitatively measures the influence of stemming on TF-IDF feature dimensionality 

and computational runtime in addition to conventional classification metrics. Third, it investigates the trade-

off between predictive performance and computational efficiency using statistical significance analysis. The 

findings of this study are expected to provide practical guidance for researchers and practitioners in selecting 

appropriate preprocessing strategies for sentiment analysis applications, particularly when balancing 

classification effectiveness and computational resource requirements. 
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2. METHOD  

2.1 Research Design 

This study employed a quantitative experimental research design to investigate the impact of 

stemming on sentiment classification performance, feature complexity, and computational efficiency in IMDb 

movie reviews. The experimental approach was selected because it enables objective comparison of multiple 

machine learning algorithms under identical preprocessing and evaluation settings. Similar experimental 

designs have been widely adopted in recent sentiment analysis research to assess the effectiveness of text 

preprocessing techniques and classification models [11]. 

The research consisted of six sequential stages: data acquisition, text preprocessing, feature extraction, 

machine learning classification, model validation, and performance evaluation. Each stage was designed to 

ensure that the influence of stemming could be objectively measured without introducing variations from other 

experimental components. The overall research framework is presented in Figure 1. 

 
Figure 1. Research Framework 

2.2 Data Acquisition 

The dataset used in this study was the IMDb 50K Movie Reviews dataset obtained from the Kaggle 

repository. The dataset consists of 50,000 English-language movie reviews, equally distributed into 25,000 

positive reviews and 25,000 negative reviews. Each record contains two attributes: review, representing the 

textual content, and sentiment, representing the corresponding sentiment label. 

Prior to model development, an Exploratory Data Analysis (EDA) was conducted to identify the characteristics 

of the dataset, including data completeness, class distribution, and text characteristics. The analysis indicated 

that the dataset contains no missing values and exhibits a balanced class distribution, making it suitable for 

supervised sentiment classification. Similar data acquisition and exploratory analysis procedures have been 

implemented in recent sentiment analysis studies to ensure dataset quality before model construction [12]. 

Table 1 summarizes the characteristics of the dataset used in this research. 

 

Table 1. Dataset Characteristics 
Characteristis Description 

Dataset IMDb 50k Movie Reviews 

Source Kaggle 

Number of Documents 50.000 
Positive Reviews 25.000 

Negative Reviews 25.000 

Attribute Review, Sentiment 

 

2.3 Text Preprocessing 

Text preprocessing was performed to convert raw textual reviews into structured data suitable for 

machine learning algorithms. The preprocessing pipeline consisted of HTML tag removal, case folding, 

tokenization, stop-word removal, and stemming. These preprocessing techniques have been widely employed 

in recent sentiment analysis research to improve text quality prior to feature extraction [13]. 

To investigate the influence of stemming, two preprocessing scenarios were designed. 

Scenario I applied HTML tag removal, case folding, tokenization, and stop-word removal without 

performing stemming. 

Scenario II applied the same preprocessing pipeline followed by stemming using the Porter Stemmer 

algorithm before feature extraction. 

The comparison between these two scenarios enabled the effect of stemming on feature representation 

and model performance to be objectively evaluated while maintaining identical experimental conditions. 

 

2.4 Feature Extraction 

Following preprocessing, each movie review was transformed into numerical feature vectors using 

the Term Frequency–Inverse Document Frequency (TF-IDF) weighting scheme. TF-IDF assigns higher 

weights to terms that frequently occur within a document but appear less frequently across the entire corpus, 

thereby improving the discriminative capability of textual features [14]. 

𝑇𝐹(𝑡, 𝑑) =
𝑓𝑡,𝑑

∑ 𝑡′𝑓𝑡′,𝑑

                                         (1) 

Data Acquisition
Text 

Preprocesing

TF-IDF 
Feature 

Extraction

Machine 
Learning 

Classification

Fold Cross 
Validation

Performance 
Evaluation
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𝐼𝐷𝐹(𝑡) = 𝑙𝑜𝑔 (
𝑁

𝐷𝐹(𝑡)
)                                            (2) 

𝑇𝐹𝐼𝐷𝐹(𝑡, 𝑑) = 𝑇𝐹(𝑡, 𝑑) × 𝐼𝐷𝐹 (𝑡)                  (3) 

 

Where f(t,d) denotes the raw frequency of term t in document d, N represents the total number of 

documents, and DF(t) indicates the number of documents containing term t. In addition to generating feature 

vectors for classification, the total number of TF-IDF dimensions was recorded to evaluate feature complexity 

under each preprocessing scenario. 

 

2.5 Machine Learning Classification 

Four supervised machine learning algorithms representing different learning paradigms were 

employed in this study, namely Naïve Bayes (NB), Support Vector Machine (SVM), Decision Tree (DT), and 

Random Forest (RF). These algorithms were selected because they are among the most widely used methods 

in sentiment analysis research and demonstrate different learning characteristics when handling high-

dimensional textual data [15]. 

Naïve Bayes represents a probabilistic learning approach suitable for sparse textual features. Support 

Vector Machine constructs an optimal separating hyperplane and has consistently demonstrated superior 

performance in text classification tasks. Decision Tree generates hierarchical decision rules based on feature 

selection criteria, whereas Random Forest combines multiple decision trees using the ensemble learning 

strategy to improve prediction stability and reduce overfitting. 

To ensure a fair comparison, identical TF-IDF representations, training data partitions, and validation 

strategies were applied to all classification algorithms. 

 

2.6 Research Procedure 

The research procedure implemented in this study is summarized in Figure 2. 

 
 

Figure 2. Research Procedure 

 

Figure 2 illustrates the research procedure employed in this study. The research began with the 

acquisition of the IMDb 50K Movie Reviews dataset, which was subsequently analyzed using Exploratory 

Data Analysis (EDA) to identify its characteristics, including data quality, class distribution, and textual 

properties. Subsequently, two text preprocessing scenarios were implemented, namely preprocessing without 

80:20 Trainset split 
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stemming and preprocessing with stemming. In both scenarios, textual data were transformed into numerical 

feature representations using the Term Frequency–Inverse Document Frequency (TF-IDF) method. The 

resulting feature vectors were then used as input for four supervised machine learning algorithms: Naïve Bayes, 

Support Vector Machine, Decision Tree, and Random Forest. 

The primary classification experiments were conducted using an 80:20 train-test split. A separate 10-

fold stratified cross-validation procedure was subsequently performed to obtain fold-level accuracy scores for 

the Wilcoxon Signed-Rank Test. Model performance was evaluated based on classification metrics, including 

accuracy, precision, recall, and F1-score, as well as feature complexity measured by the number of TF-IDF 

dimensions and computational efficiency measured by training and testing time. Finally, the Wilcoxon Signed-

Rank Test was performed to determine whether the performance differences observed between the stemming 

and non-stemming scenarios were statistically significant. 

 

2.7 Model Validation 

The primary classification experiments used an 80:20 train-test split with a fixed random state of 42. 

The same data partition was applied to the four classification algorithms under both preprocessing scenarios to 

ensure a consistent comparison. Classification performance was subsequently evaluated on the held-out test 

set using accuracy, precision, recall, and F1-score. 

In addition to the primary train-test evaluation, a separate 10-fold stratified cross-validation procedure 

was conducted for statistical analysis. The cross-validation results were used to obtain accuracy scores for each 

fold under the stemming and non-stemming scenarios. These paired fold-level scores were subsequently 

compared using the Wilcoxon Signed-Rank Test. 

 

2.8 Performance Evaluation 

The proposed models were evaluated using three complementary evaluation dimensions. 

The first dimension was classification performance, which was measured using Accuracy, Precision, 

Recall, and F1-score. These metrics provide comprehensive information regarding the predictive capability of 

each classification algorithm [16]. 

The second dimension was feature complexity, measured by the total number of TF-IDF features 

generated after each preprocessing scenario. This evaluation was conducted to determine the effectiveness of 

stemming in reducing feature dimensionality. 

The third dimension was computational efficiency, evaluated by measuring model training time and 

testing time. Lower computational cost indicates greater efficiency, particularly when processing high-

dimensional textual datasets. 

Finally, statistical significance analysis was performed using the Wilcoxon Signed-Rank Test with a 

significance level of α = 0.05. A p-value lower than 0.05 indicates that the observed differences between the 

stemming and non-stemming scenarios are statistically significant rather than resulting from random variation. 

 

2.9 Computational Environment 

The experiments were conducted using Google Colaboratory (Google Colab) as the computational 

platform. The experimental environment used Python 3.12.13, Scikit-learn 1.6.1, and NLTK 3.9.1. The runtime 

environment was based on an Intel(R) Xeon(R) CPU @ 2.20 GHz with 2 CPU cores and approximately 12.67 

GB of RAM. No NVIDIA GPU was available during the runtime environment used for the experiment. 

 

3. RESULT AND DISCUSSION  

A series of comparative experiments was conducted using the IMDb 50K Movie Reviews dataset to 

investigate the impact of stemming on sentiment classification. The evaluation considered four complementary 

aspects, namely classification performance, feature complexity, computational efficiency, and statistical 

significance. By comparing preprocessing scenarios with and without stemming, this study provides a 

comprehensive assessment of the influence of lexical normalization on machine learning-based sentiment 

analysis. 

3.1 Results 

3.1.1 Classification Performance 

The predictive performance of the four supervised machine learning algorithms was evaluated using 

an 80:20 train-test split with a fixed random state of 42. The obtained results, including Accuracy, Precision, 

Recall, and F1-score, are presented in Table 2. 
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Table 2. Classification Performance Comparison 

Algorithm Condition Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Naïve Bayes 
Without 

Stemming 
86.64 87.78 85.37 86.56 

Naïve Bayes With Stemming 86.06 87.05 84.98 86.00 

SVM 
Without 

Stemming 
89.74 89.20 90.61 89.90 

SVM With Stemming 89.32 88.47 90.61 89.53 

Decision 

Tree 
Without 

Stemming 
72.57 73.17 71.94 72.55 

Decision 

Tree 
With Stemming 71.76 72.15 71.60 71.87 

Random 

Forest 

Without 

Stemming 
86.13 86.56 85.79 86.18 

Random 

Forest 
With Stemming 85.30 85.30 85.57 85.44 

 
To facilitate the comparison of classification performance across all evaluation metrics, Figure 3 

illustrates the Accuracy, Precision, Recall, and F1-score obtained by each classifier under the two 

preprocessing scenarios. 

 

 
Figure 3. Classification Performance Comparison 

 

The experimental results demonstrate that Support Vector Machine (SVM) consistently achieved the 

highest predictive performance under both preprocessing scenarios, reaching an accuracy of 89.74% without 

stemming. Conversely, Decision Tree yielded the lowest classification accuracy among the evaluated 

algorithms. Although the reductions in performance were relatively small, all classifiers experienced a decline 

in accuracy after stemming was applied. This observation indicates that lexical normalization through 

stemming did not improve sentiment classification performance on the IMDb dataset and, instead, slightly 

reduced the discriminative capability of the extracted textual features. 

 

3.1.2 Feature Complexity Analysis 

To evaluate the influence of stemming on feature representation, the dimensionality of the TF-IDF 

feature space was analyzed for both preprocessing scenarios. The resulting statistics are summarized in Table 

3. 
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Table 3. TF-IDF Feature Complexity 

Condition Number of Features 

Without Stemming 99,249 

With Stemming 68,991 

Feature Reduction 30.49% 

 

The application of stemming substantially reduced the dimensionality of the TF-IDF feature space, 

decreasing the number of extracted features by 30.49%. This reduction was achieved by transforming multiple 

inflected and derived word forms into common root forms, thereby eliminating redundant lexical variants and 

reducing vocabulary size. The resulting compact feature representation is expected to improve computational 

efficiency while maintaining the essential semantic information required for classification. 

 

3.1.3 Computational Efficiency 

The reduction in feature dimensionality also influenced the computational cost of model construction 

and prediction. Table 4 presents the training and testing times obtained for each classification algorithm. 

. 

Table 4. Runtime Comparison 

Algorithm Condition Training Time (s) Testing Time (s) 

Naïve Bayes Without Stemming 0.159 0.035 

Naïve Bayes With Stemming 0.107 0.013 

SVM Without Stemming 1.974 0.006 

SVM With Stemming 2.098 0.005 

Decision Tree Without Stemming 140.104 0.062 

Decision Tree With Stemming 111.228 0.054 

Random Forest Without Stemming 342.067 1.435 

Random Forest With Stemming 279.889 1.125 

 

The experimental results indicate that stemming generally improved computational efficiency for 

Naïve Bayes, Decision Tree, and Random Forest, as reflected by reduced training and testing times. The most 

substantial improvements were observed in tree-based algorithms, where Decision Tree and Random Forest 

reduced their training times by approximately 20.6% and 18.2%, respectively. In contrast, SVM showed a 

slight increase in training time after stemming, although its testing time decreased slightly. 

 

3.1.4 Statistical Significance Analysis Using the Wilcoxon Signed-Rank Test 

To verify whether the observed performance differences between the stemming and non-stemming 

scenarios were statistically significant, the Wilcoxon Signed-Rank Test was performed on the accuracy scores 

obtained from the 10-fold cross-validation procedure. A significance level of α = 0.05 was adopted, where a p-

value below 0.05 indicates a statistically significant difference. 

 

Table 5. Wilcoxon Signed-Rank Test Results 

Algorithm 
Accuracy Without 

Stemming (%) 
Accuracy With 

Stemming 
Difference (%) P-value Conclusion 

Naïve Bayes 86.87 86.17 -0.70 0.001953 Significant 

SVM 89.93 89.41 -0.52 0.003906 Significant 

Decision Tree 72.39 72.29 -0.10 0.716797 
Not 
significant 

Random Forest 85.83 85.37 -0.46 0.019531 significant 

 
The statistical analysis confirms that the influence of stemming varied across the evaluated classifiers. 

Naïve Bayes, Support Vector Machine, and Random Forest produced p-values below the significance 

threshold, indicating that the observed differences in classification performance were statistically significant 

despite their relatively small magnitude. These findings suggest that changes in lexical representation 

introduced by stemming had a measurable impact on the learning process of these algorithms. In contrast, 

Decision Tree produced a p-value considerably greater than 0.05, indicating that its slight reduction in accuracy 

was not statistically significant. This result implies that Decision Tree was comparatively less sensitive to the 

feature representation changes introduced by stemming. 
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3.2 Discussion 

The findings of this study demonstrate that the effectiveness of stemming cannot be evaluated solely 

from the perspective of classification accuracy. Instead, its impact should be examined through multiple 

complementary dimensions, including predictive performance, feature complexity, computational efficiency, 

and statistical significance. This multidimensional evaluation provides a more comprehensive understanding 

of how text normalization influences machine learning performance in sentiment analysis. 

The experimental results reveal a clear trade-off between predictive performance and computational 

efficiency. The application of stemming successfully reduced the TF-IDF feature space from 99,249 to 68,991 

features, representing a 30.49% reduction in feature dimensionality. This substantial reduction confirms that 

stemming effectively merges multiple inflected and derived word forms into common root forms, thereby 

eliminating redundant lexical representations. From a computational perspective, a more compact feature space 

decreases memory requirements and simplifies matrix operations during both training and prediction. 

Consequently, stemming contributes positively to computational efficiency, particularly when processing 

large-scale textual datasets. 

Despite the significant reduction in feature dimensionality, none of the evaluated machine learning 

algorithms exhibited improved classification performance after stemming was applied. Instead, all models 

experienced slight decreases in accuracy, indicating that lexical normalization does not always benefit 

sentiment classification. This finding suggests that several morphological variations preserved meaningful 

semantic information within IMDb movie reviews. Words sharing the same lexical root may still convey 

different contextual nuances, emotional intensity, or grammatical functions. When these variations are reduced 

to a single root form, part of the discriminative information useful for distinguishing positive and negative 

sentiments may be lost, resulting in a slight decline in predictive performance. 

Among the evaluated algorithms, Support Vector Machine consistently achieved the highest 

classification performance under both preprocessing scenarios. This result demonstrates the robustness of SVM 

when handling high-dimensional TF-IDF representations. Unlike tree-based learning methods, SVM constructs 

an optimal separating hyperplane by maximizing the margin between classes, enabling it to maintain strong 

predictive performance even when the feature space contains a large number of dimensions. The relatively 

small decrease in SVM accuracy after stemming indicates that its decision boundary remains stable despite 

changes in lexical representation, confirming its suitability for sentiment classification involving sparse, high-

dimensional textual features. 

In contrast, Decision Tree and Random Forest exhibited greater sensitivity to stemming. Although 

Random Forest maintained competitive predictive performance, it experienced the largest reduction in 

accuracy among all evaluated classifiers. Decision Tree also showed a decline in predictive performance, 

although the Wilcoxon Signed-Rank Test indicated that this decrease was not statistically significant. These 

observations suggest that tree-based learning algorithms rely more heavily on lexical diversity during the 

attribute-selection process. When multiple word variations are merged into identical root forms, the availability 

of discriminative splitting attributes decreases, potentially reducing the quality of the generated decision rules. 

However, the non-significant statistical result obtained for Decision Tree also indicates that its observed 

performance reduction may be attributable to natural variation rather than a systematic effect of stemming. 

Although stemming did not improve predictive accuracy, its contribution to computational efficiency 

was substantial. The reduction in TF-IDF dimensionality accelerated model construction, particularly for tree-

based algorithms. Decision Tree achieved a training-time reduction of approximately 20.6%, while Random 

Forest reduced training time by approximately 18.2%. These improvements indicate that reducing the number 

of candidate features substantially decreases the computational burden associated with repeated feature 

evaluation during node splitting. Consequently, the computational advantages of stemming become 

increasingly important for large-scale sentiment analysis systems where processing speed and resource 

utilization are critical considerations. 

The statistical significance analysis further strengthens the reliability of these findings. The Wilcoxon 

Signed-Rank Test produced statistically significant results for Naïve Bayes, Support Vector Machine, and 

Random Forest, indicating that the observed performance differences between the stemming and non-stemming 

scenarios were unlikely to have occurred by chance. Conversely, the non-significant result obtained for 

Decision Tree suggests that this algorithm is comparatively more robust to changes in feature representation 

introduced by stemming. These findings demonstrate the importance of complementing conventional 

evaluation metrics with statistical hypothesis testing to distinguish genuine methodological effects from 

random experimental variation. 

The results of this study also address the research gaps identified in the Introduction. Previous 

sentiment analysis studies have generally evaluated stemming using conventional performance metrics such as 

accuracy, precision, recall, and F1-score. In contrast, this study demonstrates that the effectiveness of 
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preprocessing techniques should be assessed from a broader perspective that includes feature complexity, 

computational efficiency, and statistical significance. By integrating these complementary evaluation 

dimensions, the proposed framework provides a more comprehensive assessment of preprocessing 

effectiveness than studies that rely exclusively on predictive performance. 

Overall, the findings indicate that the decision to apply stemming should be aligned with the primary 

objective of the sentiment analysis system. When maximizing classification accuracy is the principal objective, 

stemming may not be necessary because lexical normalization can remove informative semantic cues 

embedded in textual reviews. Conversely, when computational efficiency, memory optimization, and feature-

space reduction are prioritized, stemming represents an effective preprocessing strategy. Therefore, the 

contribution of stemming should be interpreted as an optimization technique that balances predictive 

performance against computational resource requirements rather than as a preprocessing step intended solely 

to improve classification accuracy. 

The principal contribution of this study lies in demonstrating that stemming introduces a measurable 

trade-off between predictive performance and computational efficiency in TF-IDF-based sentiment analysis. 

Unlike previous studies that focused predominantly on classification accuracy, this research provides empirical 

evidence that preprocessing techniques should be evaluated using multiple complementary dimensions. This 

comprehensive evaluation framework offers a broader understanding of how lexical normalization influences 

machine learning performance and provides practical guidance for selecting preprocessing strategies according 

to specific application requirements. 

 

 

4. CLOSING  

This study investigated the impact of stemming on sentiment classification by evaluating its influence 

on classification performance, TF-IDF feature complexity, computational efficiency, and statistical 

significance using the IMDb 50K Movie Reviews dataset. Four supervised machine learning algorithms, 

namely Naïve Bayes, Support Vector Machine (SVM), Decision Tree, and Random Forest, were employed to 

compare two preprocessing scenarios: without stemming and with stemming. 

The experimental results indicate that the application of stemming successfully reduced the TF-IDF 

feature space from 99,249 to 68,991 features, representing a 30.49% reduction in feature dimensionality. This 

reduction improved computational efficiency by decreasing model training time, particularly for tree-based 

algorithms, where Decision Tree and Random Forest achieved training-time reductions of approximately 

20.6% and 18.2%, respectively. These findings confirm that stemming is an effective preprocessing technique 

for simplifying textual feature representations and reducing computational cost. 

However, the reduction in feature complexity was not accompanied by improvements in predictive 

performance. All evaluated classifiers experienced slight decreases in classification accuracy after stemming 

was applied. Among the evaluated models, Support Vector Machine consistently achieved the highest 

classification performance under both preprocessing scenarios, while Decision Tree produced the lowest 

predictive performance. Furthermore, the Wilcoxon Signed-Rank Test confirmed that the performance 

differences observed for Naïve Bayes, Support Vector Machine, and Random Forest were statistically 

significant, whereas the changes observed for Decision Tree were not statistically significant. These findings 

demonstrate that the influence of stemming varies across machine learning algorithms and should not be 

generalized without empirical evaluation. 

The principal contribution of this study is the comprehensive evaluation of stemming from multiple 

complementary perspectives rather than relying solely on classification accuracy. The findings demonstrate 

that stemming introduces a measurable trade-off between predictive performance and computational 

efficiency. While lexical normalization effectively reduces feature dimensionality and computational 

requirements, it may simultaneously remove discriminative lexical information that remains valuable for 

sentiment classification. Therefore, the effectiveness of preprocessing techniques should be assessed using 

multidimensional evaluation criteria, including predictive performance, feature complexity, computational 

efficiency, and statistical significance. 

From a practical perspective, the findings suggest that the selection of preprocessing strategies should 

be aligned with the primary objective of the sentiment analysis system. If maximizing classification accuracy 

is the primary concern, stemming may not always be necessary. Conversely, if computational efficiency, 

memory optimization, and feature-space reduction are prioritized, stemming represents an appropriate 

preprocessing technique for large-scale text mining applications. 

Future research may extend this work by investigating alternative text normalization techniques, such 

as lemmatization or contextual normalization, and by integrating advanced feature representation methods, 

including word embeddings and transformer-based language models. Furthermore, evaluating these 

preprocessing techniques across multilingual datasets and diverse application domains would provide broader 

https://doi.org/10.30998/faktorexacta.v19i2.4606
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insights into the relationship between lexical normalization, feature representation, and sentiment classification 

performance. 
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