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Abstract— Sentiment analysis based on social media datasets 

is complicated since these texts usually contain informal 

speech, links, references to users, punctuation marks and 

other noisy components. In this paper, we explore the impact 

of text preprocessing on the process of sentiment 

classification via machine learning algorithms. The 

experiments have been performed using the sentiment 

subdataset of the TweetEval benchmark. This data collection 

includes texts with negative, neutral and positive sentiment. 

There were two types of text under investigation: minimally 

preprocessed texts and carefully preprocessed texts. For 

feature extraction, we applied Term Frequency–Inverse 

Document Frequency (TF-IDF). For classification, we 

utilized such algorithms as Multinomial Naive Bayes, 

Logistic Regression, and Support Vector Machine (SVM). 

The evaluation of classifiers was performed through 

accuracy, precision, recall and F1-score metrics. We found 

that preprocessing did not positively affect all of the 

classifiers equally. The classifier Naive Bayes got some 

benefits from text preprocessing while Logistic Regression 

and SVM had better performance working with minimally 

preprocessed texts. The best performance was observed by 

Logistic Regression that gave accuracy of 58.95% and F1-

score of 57.84%. The obtained results show that excessive 

text preprocessing can lead to losing valuable sentiment-

related information and preprocessing methods need to be 

chosen according to the specificities of the dataset and 

classifier. 
Keywords— Sentiment Analysis, Social Media, Text 

Preprocessing, Machine Learning, TF-IDF Introduction 

(Heading 1) 

I. INTRODUCTION 

Social media has become a significant medium for giving 

voice to opinion, experience, preference and response to 

product, service, event and public issues. The amount of user-

generated content they include is considerable and offers 

useful insights for organizations, researchers, and decision 

makers. But having to review so much information in text is 

tedious and time consuming. Sentiment analysis is a way of 

determining the emotional state of a text and, in general, 

classify it as positive, negative, or neutral in an automatic 

way. For sentiment classification, a number of techniques 

such as Natural Language Processing (NLP) and machine 

learning (ML) are widely used. A typical sentiment analysis 

system consists of two phases: (1) converting the textual data 

into numerical features and (2) feeding the features to a 

classification algorithm. Computationally efficient, relatively 

easy to implement, and appropriate for high dimensional text 

features, traditional machine learning algorithms like Naive 

Bayes, Logistic Regression, and Support Vector Machine 

(SVM) still can be useful in this task. These algorithms can 

achieve good results when used in conjunction with Term 

Frequency-Inverse Document Frequency (TF-IDF), 

bypassing the need for complex deep learning architectures 

or significant computational power. 

 

Although this is good, sentiment analysis of social media text 

is still difficult as the text is typically informal and 

unstructured in nature. Social media users often employ 

hyperlinks, user mentions, hash tags, punctuation, 

abbreviations, repeated characters, and inconsistent 

capitalization. A large portion of information is thus included 

in a single posting which may not necessarily be related to 

the sentiment. These noisy elements can make the feature 

space larger and can be detrimental to a machine learning 

model's ability to detect salient sentiment patterns. 

 

Text preprocessing is, therefore, one of the crucial steps in 

the sentiment classification process. Typical pre-processing 

steps include converting text to lowercase, discarding 

hyperlinks and user mentions, filtering out superfluous 

punctuation, splitting sentences into tokens, discarding stop 

words and lemmatizing words. These operations are used in 

a variety of ways, but they are not always discussed by 

themselves in terms of their contribution to classification 

performance. Many sentiment analysis research work focus 

primarily on comparing sophisticated classification models, 

but the impact of the noisy social media text and its 

transformation to a clean representation is given relatively 

less practical consideration. 

 

The present study aims to give light on this fact by studying 

the influence of effective text preprocessing on the 

performance of a machine learning-based sentiment 

classification. The study adopts a comparative experimental 

approach without the use of a complex model or a 

complicated algorithm. To investigate the impact of text 
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cleaning on classification results, the social media texts are 

processed in different ways.Social media texts are 

preprocessed in various ways to assess the effect of text 

cleaning on the classification results. The textual content is 

textually converted to numerical feature vectors using TFIDF 

method and classification models Naive Bayes, Logistic 

Regression, and SVM is used. 

 

Performance of the classifiers selected is evaluated with the 

help of accuracy, precision, recall and F1 score. A 

comparative study is then carried out to find the best model 

and also identify the amount of improvement in sentiment 

classification that can be achieved by preprocessing. This 

allows one to understand how text preparation relates to 

model performance and yet keep a a computationally 

efficient, repeatable model workflow. 

 

This work is significant for the development of systematic & 

practical preprocessing framework for noise reduction in 

social media text before the process of Sentiment 

classification. It compares the effect of text preprocessing on 

classification accuracy by conducting comparative 

experiments and reports the results of three widely used 

machine learning algorithms that are used with a common 

feature representation, TF-IDF. These models are evaluated 

for their performance using various metrics such as accuracy, 

precision, recall, and F1-score. Moreover, the study has 

presented a simple and repeatable framework for sentiment 

classification without special hardware and a high level of 

complexity deep learning architecture. 

 

II. LITREATURE REVIEW 

 

Rosenthal et al. [7] introduced the benchmark of the 

SemEval-2017 Task 4 for sentiment analysis in Twitter as an 

important benchmark for sentiment classification methods. 

The study focused on different sentiment-related tasks such 

as sentiment classification of tweets into positive, negative, 

and neutral categories. The authors emphasized that the 

context, expressions and irregularity of short and informal 

social media messages can have a negative impact on 

sentiment. The benchmark gave a common ground for which 

various sentiment analysis methods could be compared and 

was also an important precursor to social media sentiment 

datasets. 

Barbieri et al. [9] presented TweetEval, a common 

benchmark for the evaluation of tweet classification 

techniques for various tasks in social media analysis. The 

benchmark features sentiment analysis and offers fixed 

partitions for training, validation, and testing to ensure 

consistent model evaluation. Their work highlighted the need 

to have standardized datasets for comparison of the 

classification approaches. The present study is also relevant 

to the sentiment component of TweetEval, as this component 

has negative, neutral, and positive social media posts and can 

serve as a good ground for investigating the impact of 

preprocessing on the performance of the classification model. 

Effrosynidis et al. [19] reviewed various pre-processing 

methods applied to tweets for sentiment analysis, and 

investigated the effects of each pre-processing step on the 

classification. They concluded that the preprocessing 

operations do not have the same effect on the model 

performance and the usefulness of any specific operation 

might vary from one data set to another and from one 

classification method to another. The study revealed that the 

removal of noisy elements can enhance the textual 

consistency, however some cleansing may be more than 

necessary and useful sentiment information may be lost. It 

supports the necessity of an experimental assessment of 

preprocessing instead of the assumption that pre-processing a 

text extensively is always beneficial for sentiment 

classification. 

Symeonidis et al. [18] have carried out a comprehensive 

comparative study of the preprocessing techniques for 

Twitter sentiment analysis and their interactions. The authors 

explored various strategies of text pre-processing and 

illustrated that text pre-processing could significantly impact 

classification accuracy. They also concluded that the 

preprocessing/classification relationship is non-linear in 

nature since some preprocessing is helpful in one 

experimental context and less useful in the other. The present 

study is closely related with this one as it compares Naive 

Bayes, Logistic Regression and SVM among different social 

media text representations with the help of TF-IDF, either 

with minimal processing or systematic pre-processing. 

 
III. METHODOLOGY 

The research uses a comparative experimental method to 
evaluate the influence of text preprocessing on social 
media sentiment classification. The research was 
performed based on an open-source social media dataset. 
The main steps of the methodology involve collecting 
data, preprocessing texts, extracting features, training the 
model, and evaluating its performance. 

A. Dataset Description 

 
The sentiment dataset used in this work was collected from 

the TweetEval official repository provided by the Cardiff 

NLP team. TweetEval is a benchmark dataset which is 

created to be applied in various tweet classifications. In the 

current research, only sentiment classification dataset was 

utilized. 

 

The public link to the dataset is presented below: 

Source of Dataset: https://github.com/cardiffnlp/tweeteval 

The sentiment dataset consists of English language tweets 

categorized into 3 classes: negative, neutral, and positive. The 

tweets have real social media text that contains informal 

words, hyperlinks, usernames, hashtags, punctuation, and 

other features typical of online communication. 

 

There are separate training, validation, and test sets available 

in the repository. This dataset structure was used in the 

experiment in order to get replicable results. The training set 

was used for model training, and test set – for evaluation of 

the performance. 

 

B. Text Preprocessing 

 
The central aim of this research is to find out if text 

preprocessing affects sentiment classification. That is why 

the experiments have been done on two variants of the same 

set of data. The first variant had minimally preprocessed 

tweets and served as the baseline for the experiments. The 

second variant was preprocessed according to the certain 

scheme. 
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This preprocessing scheme is as follows: 

 

Tweet Before Preprocessing → Converting to Lowercase 

→ Eliminating Hyperlinks and User Mentions → Deleting 

Unnecessary Punctuation and Special Characters → 

Removing Stopwords → Preprocessed Tweet 

 

The performance of the models on the original data and 

preprocessed data has been compared to find out the impact 

of text cleanin. 

 

C. Feature Extraction 

 
The texts have been transformed into numbers using Term 

Frequency-Inverse Document Frequency (TF-IDF). TF-IDF 

places more emphasis on the terms which can help 

differentiate one document from another and less emphasis 

on terms which appear very often in the corpus. The TF-IDF 

Vectorizer has been fitted on training data only and later 

applied on test data. The process of feature extraction has 

been done in the same way for both minimally processed text 

and preprocessed text. 

 

D. Machine Learning Models 

 
Three popular algorithms for machine learning were chosen 

for sentiment classification: Multinomial Naive Bayes, 

Logistic Regression, and SVM. The choice was made due to 

the simplicity and high efficiency of these models in text 

classification. Naive Bayes algorithm uses probability 

calculation for classifying texts. Logistic Regression 

recognizes the relationship between textual data and 

sentiments. SVM determines the boundary separating the 

three classes of sentiments. All of the algorithms were trained 

individually with the use of TF-IDF features. 

 

E. Experimental Procedure 

 
These experiments were carried out under two different text 

scenarios. The first experiment involved the training of the 

models with minimally processed text. The second 

experiment involved the training of the models with 

preprocessed text. 

The general process was as follows: 

 

TweetEval Dataset → Two Text Scenarios → TF-IDF 

Features Extraction → Naïve Bayes, Logistic Regression, 

and SVM → Performance Evaluation 

The same training and testing dataset was used for all models. 

 

F. Performance Evaluation 

 
The performance of the three models was measured by means 

of accuracy, precision, recall, and F1 score. While the 

accuracy represented the total correctness of the models' 

prediction, the precision and recall showed how well the 

models predicted the sentiment classes. Additionally, the 

confusion matrix was applied to assess both correct and 

wrong classification of negative, neutral, and positive tweets. 

The performances of the three models were compared both 

before and after the preprocessing to find out which model 

performed better and to estimate the influence of text 

preprocessing on sentiment classification. 

 

IV. RESULTS AND DISCUSSION 

 

The experiments were performed on the dataset of sentiments 

which were extracted from the official TweetEval repository. 

The dataset included 45,615 training tweets, 2,000 validation 

tweets, and 12,284 test tweets. There were 3,972 negative, 

5,937 neutral, and 2,375 positive tweets in the test set. Three 

models, including Multinomial Naive Bayes, Logistic 

Regression, and Support Vector Machine (SVM), were tested 

under two types of text condition: the one that had undergone 

minimal processing and the systematic preprocessing of text. 

 

The TF-IDF approach was utilized to convert the textual 

information into numerical features. In order to have an 

experiment framework as simple as possible, only 5,000 TF-

IDF features were used. The same training and test sets were 

applied to all six experimental scenarios.  

 

A. Overall Classification Results 

 
The results of all the three ML algorithms for the two 

preprocessing scenarios are shown in Table I. Accuracy, 

weighted precision, weighted recall, and weighted F1-score 

have been considered for comparison. 

 

TABLE I: PERFORMANCE COMPARISON OF 

SENTIMENT CLASSIFICATION MODELS 

 

Text 

Conditi

on 

Model Accu

racy 

Preci

sion 

Rec

all 

F1-

Sco

re 

Minimal

ly 

Process

ed 

Multin

omial 

Naive 

Bayes 

55.33

% 

59.23

% 

55.3

3% 

51.8

9% 

Minimal

ly 

Process

ed 

Logisti

c 

Regres

sion 

58.95

% 

59.89

% 

58.9

5% 

57.8

4% 

Minimal

ly 

Process

ed 

SVM 57.83

% 

58.30

% 

57.8

3% 

57.1

4% 

Systema

tically 

Preproc

essed 

Multin

omial 

Naive 

Bayes 

55.36

% 

58.36

% 

55.3

6% 

52.8

8% 

Systema

tically 

Preproc

essed 

Logisti

c 

Regres

sion 

58.03

% 

58.81

% 

58.0

3% 

56.9

7% 
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Systema

tically 

Preproc

essed 

SVM 56.71

% 

57.17

% 

56.7

1% 

56.0

7% 

 

The findings indicate that Logistic Regression on minimally 

processed texts performed better compared to the other 

algorithms. It gave 58.95% accuracy, 59.89% precision, 

58.95% recall, and 57.84% F1-score. SVM gave the second-

best results after applying it to the minimally processed text 

with 57.83% accuracy and 57.14% F1-score. 

 

Multinomial Naive Bayes had worse overall performance in 

terms of accuracy than Logistic Regression and SVM. 

Nevertheless, Multinomial Naive Bayes is the only algorithm 

that had slight improvement after the systematic 

preprocessing. Accuracy and F1-Score of Multinomial Naive 

Bayes changed slightly from 55.33% to 55.36% and from 

51.89% to 52.88% correspondingly. 

 

B. Effect of Text Preprocessing 

 
The main objective of the study was to determine whether 

systematic preprocessing improves sentiment classification. 

Table II presents the change in accuracy and F1-score after 

preprocessing. 

 

TABLE II: EFFECT OF SYSTEMATIC TEXT 

PREPROCESSING 

 
Results have shown that there was no consistent improvement 

of all classifiers due to systematic preprocessing. There was 

only a slight increase in accuracy of Naïve Bayes with a 

slightly greater improvement in the F1 score. On the other 

hand, logistic regression and support vector machine both 

performed worse than before preprocessing, with logistic 

regression having its accuracy drop from 58.95% to 58.03% 

and the F1 score going down from 57.84% to 56.97%. Similar 

trends were also seen in support vector machine, which had 

an accuracy fall from 57.83% to 56.71% and F1 score decline 

from 57.14% to 56.07%. 

 

Such results demonstrate that some of the elements being 

filtered out during systematic preprocessing carry important 

information for sentiment classification. Punctuation marks, 

repetitions of letters, capitalization, hashtags, among other 

things, represent sentiment expression on social media. Such 

elements are filtered out through preprocessing, and as a 

result, some information is lost. 

 

C. Model Comparison 

 
Of all three models, Logistic Regression showed the most 

effective classification results. Its effectiveness means that a 

linear model is capable of classifying sentiments in 

combination with TF-IDF features. Moreover, the 

effectiveness of this model in classification was especially 

noticeable for the least preprocessed tweets, which means 

that it is advantageous to use the minimum amount of 

preprocessing of social media texts. SVM performed almost 

equally well as the rest two models and took the second place 

in both experiments. Its effectiveness was comparable to that 

of Logistic Regression; however, the accuracy of this model 

was most affected by preprocessing. Naive Bayes showed the 

lowest accuracy among the rest two models. On the other 

hand, its response to preprocessing was not similar to the one 

of the other two models. 

 

D. Confusion Matrix Analysis 

The confusion matrix of the best-performing 

model, Logistic Regression with minimally 

processed text, is presented in Table III. 

 
TABLE III: CONFUSION MATRIX OF THE BEST-

PERFORMING MODEL 

 
 

From the confusion matrix, it is seen that the classifier 

classified 1,497 negative sentiments, 4,365 neutral 

sentiments, and 1,379 positive sentiments. Neutral sentiments 

were the class with the highest number of correctly classified 

tweets. This might be due to the presence of many neutral 

sentiments in the test dataset. There was a classification 

problem between negative and neutral sentiments. Of the 

3,972 negative sentiments, 2,104 were classified as neutral. 

In addition, 889 positive sentiments were classified as 

neutral. This shows that neutral sentiments were the most 

difficult barrier between negative and positive sentiments. 

 

The reason for the existence of the classification problem 

among sentiments is the type of language used in social 

media. It could be the case where one tweet contains different 

sentiments, indirect meanings, sarcastic sentiments, or 

context-based sentiments. The representation of the 

importance of a term does not reveal the context. 
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E. Discussion of Findings 

 
It has been shown that the effect of text preprocessing on 

social media sentiment classification is model-dependent. It 

was expected that cleaning from noise will positively affect 

all three classification models; however, the obtained results 

were not as clear-cut as this expectation. Preprocessing was 

helpful for Naive Bayes (especially regarding the F1-score), 

while it decreased the accuracy of Logistic Regression and 

SVM. This result proves that heavy preprocessing is not the 

right way for social media text classification because features 

perceived as noisy still contain valuable data related to the 

user's sentiments. 

 

The research has also revealed that a basic machine learning 

framework allows performing sentiment classification 

effectively without using complex deep learning models. The 

most efficient method of classification was Logistic 

Regression in combination with TF-IDF feature extraction 

which required only a moderately complex implementation 

and produced high accuracy of prediction. It can be 

concluded that the efficiency of preprocessing depends on the 

selected classifier. Instead of applying any set of rules for 

cleaning social media text regardless of the task, 

preprocessing methods need to be validated experimentally. 

As a result of the current study, the use of minimally 

processed text was found to be the most effective strategy for 

Logistic Regression and SVM, while preprocessing improved 

the work of Naive Bayes classifier. The key finding of the 

study is that effective preprocessing does not equal maximal 

removal of the text elements. 

 

V. CONCLUSION 

 

This work focused on the impact of text preprocessing on the 

sentiment classification of social media posts using machine 

learning approaches. For the experimental part of this 

research, the subset containing the sentiment data was 

extracted from the TweetEval database. The research 

compared three popular classifiers, namely, Multinomial 

Naive Bayes, Logistic Regression, and Support Vector 

Machine. The extraction of features from the text was 

performed with the help of the TF-IDF algorithm. The 

evaluation of the three models was carried out on both 

minimally preprocessed and systematically preprocessed text 

samples. Experimental results have demonstrated that text 

preprocessing was beneficial for improving the performance 

of all three classifiers to the same degree. Only Multinomial 

Naive Bayes classifier showed a certain increase in 

performance due to the application of systematic text 

preprocessing, especially in terms of F1-score. On the 

contrary, the use of minimally preprocessed text led to better 

outcomes for Logistic Regression and SVM classifiers. 

Logistic Regression yielded the highest results with the 

minimally preprocessed text, showing an accuracy of 58.95% 

and an F1-score of 57.84%. Such results indicate that 

preprocessing of text is not always beneficial in terms of 

improved sentiment classification of social media data. There 

is some information in such texts that can be useful for 

classification, namely, information contained in punctuation, 

hashtags, repeating of the characters and other informal 

elements of the text. Thus, the selection of preprocessing 

should be made according to the specificities of the dataset 

and classification algorithm, but not as a mandatory step of 

text cleaning. The research has proved that traditional ML 

algorithms offer a rather simple solution to the problem of 

social media sentiment analysis. The combination of TF-IDF 

and Logistic Regression offered the best results in the 

absence of deep learning architecture. However, the 

difficulties in distinguishing between negative/positive and 

neutral tweets demonstrate the limitation of the traditional 

features representation. The future works may include the 

research of the effect of selective preprocessing on the 

sentiment classification of social media data. 
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