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Abstract. User-generated content, particularly sentiment-rich reviews, is a critical data source for the 

tourism industry. However, analyzing this data presents significant computational challenges: (1) high-

dimensional feature spaces from text (e.g., TF-IDF) which increase computational complexity, and (2) 

severe class imbalance, which skews classifier performance towards the majority class (e.g., positive 

reviews). While deep learning models have emerged, classical machine learning offers robust alternatives 

when properly optimized. This study proposes and evaluates a hybrid classification framework based on 

Support Vector Machine (SVM), chosen for its proven efficacy in high-dimensional text classification. To 

address the aforementioned challenges, the model integrates two key techniques: Recursive Feature 

Elimination (RFE) to select the most salient features and reduce computational load, and the Synthetic 

Minority Oversampling Technique (SMOTE) to create a balanced data distribution for training. 

Experimental results demonstrate the profound impact of this integrated approach. Data balancing with 

SMOTE significantly improved model performance, boosting baseline accuracy from 76% to 96% (without 

RFE) and 78% to 95% (with RFE). The final optimized model (SVM+RFE+SMOTE) achieved high-

performance metrics of 96% accuracy, 96% precision, 97% recall, and a 97% F1-score. Furthermore, RFE 

successfully reduced computation time (e.g., from 70s to 40s on a 956-review set). This study concludes 

that the proposed SVM+RFE+SMOTE framework is a highly effective and efficient method for sentiment-

based classification of real-world tourism reviews.  

1 Introduction 

The tourism sector plays an important role in driving 

economic growth by generating income, creating jobs, 

and fostering inter-sectoral relationships. Various 

studies have shown that tourism contributes 

significantly to the growth of Gross Domestic Product 

(GDP) through foreign exchange earnings, job creation, 

and improving the quality of the regional economy [1], 

[2]. Therefore, the government and tourism destination 

managers must carry out promotion and improvement of 

destination quality in a sustainable manner. In addition, 

advances in technology that also present many social 

media present a lot of user content that automatically 

presents positive or negative opinions about a 

destination. Therefore, sentiment analysis of social 

media can also be used as a reference to present 

destinations that are of higher quality and have a positive 

image.  

Sentiment analysis plays an important role in 

handling tourism destination reviews, supporting 

tourism organizations to identify user opinions and 

make informed decisions to improve services [3], [4], 

[5], [6], [7]. By analyzing opinions containing emotions 

and social media users' interests in certain tourism 

destinations through sentiment analysis, organizations 
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can understand the emotional level associated with the 

destinations they manage, helping them to create 

strategic plans and marketing strategies to increase the 

attractiveness of the destination [4]. By utilizing 

sophisticated techniques such as the BERT model and 

attention fusion mechanisms (such as in Transformer), 

sentiment analysis can accurately extract emotional 

features from reviews, thereby improving the 

classification accuracy and effectiveness-efficiency of 

the decision-making process in the tourism sector [5]. In 

addition, sentiment analysis is also able to classify 

reviews into several different sentiment categories, such 

as positive, neutral, and negative. This facilitates easier 

decision-making, including in developing tourism 

organization management strategies [3], [7]. 

Recent studies have shown that the best machine 

learning methods for sentiment analysis of tourism 

reviews involve advanced deep learning techniques such 

as Long Short-Term Memory (LSTM) and 

Convolutional Neural Networks (CNN) [8]. These 

models have shown high levels of accuracy in sentiment 

analysis tasks, with LSTM achieving an accuracy of 

96.42% on a hotel dataset. In addition, the use of 

Bidirectional LSTM (Bi-LSTM) and Convolutional Bi-

LSTM models have shown effectiveness in sentiment 

analysis tasks, achieving accuracies of 86.09% and 

                 
, 01027 (2025)EPJ Web of Conferences https://doi.org/10.1051/epjconf/202534401027344

AIPTEC 2025

   © The Authors,  published  by EDP Sciences.  This  is  an open  access  article distributed under the  terms of the Creative Commons Attribution License 4.0
 (http ://creativecommons.org/licenses/by/4.0/). s

mailto:husnir@trunojoyo.ac.id


85.87%, respectively [2]. Furthermore, the application 

of Support Vector Machine (SVM) and K-Nearest 

Neighbor (KNN) algorithms has also shown promising 

results in classifying sentiment in tourism destination 

reviews, with SVM achieving a test accuracy of 95% 

and KNN achieving an accuracy of 84% [9]. These 

methods, when combined with attention mechanisms 

and fusion approaches, can improve the accuracy and 

efficiency of sentiment analysis in tourism reviews, 

aiding in the decision-making process for tourism 

organizations [3], [5], [10]. 

Support Vector Machine (SVM) shows several 

strengths for sentiment analysis, as highlighted in some 

research papers. SVM has been shown to outperform 

other algorithms such as Naive Bayes in terms of 

accuracy, with reported values ranging from 0.80394 to 

0.93 [11], [12]. Additionally, SVM exhibits high 

accuracy, balanced precision, recall, and a robust ROC 

curve, making it effective in distinguishing between 

positive and negative sentiments in text classification 

tasks [13]. SVM has shown superior performance over 

Naive Bayes Classifier (NBC) in terms of accuracy, 

precision, recall, f-measure, and Area Under Curve 

(AUC), especially when dealing with imbalanced 

datasets [14]. SVM has also been successfully used in 

classifying review data with high percentages of 

accuracy, precision, and recall, making it a reliable 

choice for sentiment analysis applications [15]. These 

findings collectively emphasize the robustness and 

effectiveness of SVM in sentiment analysis tasks, 

making it a preferred choice for researchers and 

practitioners in the field. 

SVM has several shortcomings, starting with the 

inability to handle the peculiarities of natural language 

in the form of ambiguous content such as typos and 

emoticons in reviews which can reduce the accuracy of 

the algorithm [3]. SVM also has difficulty in handling 

sarcasm in reviews which can lead to misinterpretation 

and affect the overall accuracy of sentiment analysis 

[16]. SVM may not always outperform other models in 

terms of precision, recall, and F1 score indicating that 

its performance can vary depending on the specific 

dataset and context [17]. Despite this, SVM remains a 

valuable tool in sentiment analysis, especially when 

combined with other techniques such as feature 

engineering to improve its accuracy and effectiveness 

[16]. Some other shortcomings of SVM are its high 

computational complexity on very large data (very large 

number of features), requires proper parameter tuning to 

optimize the performance of the model, cannot handle 

missing values, may not be effective for non-linearly 

separable data if not using kernel techniques, making 

SVM unsuitable for online or real-time applications. 

2 Methods 

The purpose of this study is to overcome the 

shortcomings of SVM, especially the high 

computational complexity by performing recursive 

feature selection. Several studies have shown that data 

class imbalance can limit the accuracy of SVM so that 

data balancing is needed, one of which is using 

oversampling. These two approaches are represented by 

the Recursive Feature Elimination (RFE) and Synthetic 

Minority Oversampling Technique (SMOTE) methods. 

The SVM Classifier is used to identify tourism 

destination reviews based on their sentiment into one of 

two classes: positive or negative. The combination of 

these 3 approaches is expected to improve the 

performance of the classifier in detecting review 

tendencies. Table 1 shows several articles that have 

combined SVM with RFE. 

Table 1. Performance of SVM Classifier with RFE. 

Article 

Pre-

processing + 

Feature 

Extraction 

Methods Result 

[18] 

Case folding 

Lemmatization 

Stop-word 

removal 

Tokenizing 

SVM 

K-NN 

n-gram 

SVM + 

Unigram is the best 

[19] 

Case Folding 

Tokenizing 

Stemming 

Normalization 

Stop-word 

Removal 

SVM 

N-gram 

RFE 

Noise 

Reduction 

SVM+RFE+Unigram 

is the best 

[20] 

Tokenizing 

stop-word 

Removal, 

Short-word 

removal, 

Stemming 

SVM,  

RFE 

TF-IDF 

High 

Accuracyshortest 

time  

[21] 

Cleaning 

Stop-word 

removal 

Stemming 

Tokenizing 

SVM & 

BFTAN, 

SVM, 

BFTAN, 

TAN, NB, 

RF  

Word2Vec 

SVM with feature 

selection is the best 

[22] 

Transform 

Case 

Tokenizing 

Normalization 

Stemming. 

Naïve 

Bayes, 

SVM, k-

NN 

Highest accuracy of 

SVM  

2.1 Architecture 

Fig. 1 shows the architecture of the proposed approach 

to present a classifier with high accuracy and shorter 

computation time. In general, the system consists of: 

1. Input. In this first stage, reviews of tourism 

destinations from Tripadvisor and Google Maps are 

collected. The precision of the keywords determines 

the quality and scope of the downloaded reviews. 

The keywords used are the names of the destinations, 

for example "Surabaya Zoo", "Asta Tinggi 

Sumenep", and "Pantai Sembilan". The downloaded 

reviews will be labeled manually and experts are 

asked to validate the labels. 

2. Text preprocessing. This stage is very important in 

determining the quality of the data, including 

tokenizing (dividing sentences into a list of words, 

usually spaces and punctuation as separators 

between words), case folding (changing each letter 

in the review to lower case), cleaning (removing 

URLs, punctuation, numbers, hashtags, and 

usernames), normalization (changing non-standard 

or slang words into standard words with the help of 
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a slang word dictionary), filtering or stop-word 

removal (removing words that do not differentiate 

between reviews), and stemming or lemmatization 

(returning words to their basic form, usually applied 

to words with affixes) [23].  

3. Feature extraction using TF-IDF (Term 

Frequency-Inverse Document Frequency).  

4. Data balancing. In many cases, tourism destination 

datasets have unbalanced classes, sometimes the 

number of reviews in the positive class is much more 

than the number of reviews in the Negative class, 

sometimes vice versa. In this study, the number of 

reviews in the negative class is much less. The 

SMOTE technique is used to increase the number of 

reviews from the minority class (negative) so that the 

number is the same or balanced with the number in 

the Positive class. The generation of synthetic 

reviews in SMOTE uses a gamma value in the form 

of the distance between minority classes. 

5. Feature Selection and Modeling. By default, big 

data has a very large number of features and this 

results in computational complexity. The RFE 

approach is used to recursively select the most 

important features to produce the best model with a 

minimum number of features. The dataset is divided 

into two, namely training and validation data. 

6. Testing or Output. Testing data in the form of 

reviews is used to test the resulting model. The 

output of this final section is the sentiment class of 

the review: Positive or Negative. 

 

 

Review

+
-

Save to CSV

Dataset

Labelling

INPUT PREPROCESSING

Tokenizing

Case folding Cleaning

Normalizing

FilteringStemming

FEATURE EXTRACTION
TF.IDF

Features

BALANCING 
Apply SMOTE

FEATURE SELECTION & 
MODELLING

Apply RFE

Apply SVM

ModelSelected
Features

TESTING

Features

Best Model

Fig. 1. Architecture of SVM-RFE with SMOTE.

2.2 Dataset dan preprocessing 

Review data collection from Tripadvisor was done using 

a web scraping tool in Python called Selenium, while 

reviews from Google Maps can use the instance chrome 

extension. The total number of initial reviews collected 

was 760, of which 340 came from Tripadvisor. This 

dataset was labeled, validated and preprocessed. In text 

mining studies, words are termed as terms or features. 

Then term extraction or weighting was carried out 

following the TF-IDF formula (1), (2) and (3) [24].  

 

𝑇𝐹 = 0,5 +  0,5 ×  
𝑇𝐹

𝑚𝑎𝑥 (𝑇𝐹)
 (1) 

 

𝐼𝐷𝐹𝑡 = 𝑙𝑜𝑔 (
𝐷

𝐷𝐹𝑡
) (2) 

 

𝑊𝑑,𝑡 = 𝑇𝐹𝑑,𝑡𝑥 𝐼𝐷𝐹𝑑,𝑡 (3) 

 

Where: 

TF = the number of occurrences of a word in a particular 

document or review 

max(TF) = the highest number of occurrences of a 

particular term within the same review.  

D = total number of reviews in the corpus  

DFt = document frequency, which is the number of 

reviews containing the term t.  

IDF = inverse of DF. 

D = document or review dth 

t = word, term, feature of the keyword  

W = weight of dth review against term t 
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The TF-IDF vector must be normalized with the 

Euclidean norm following the formula (4) [24]:  

 

𝑉𝑛𝑜𝑟𝑚 =  
𝑣

√𝑣1
2 + 𝑣2

2 + ⋯ + 𝑣𝑛
2
 

(4) 

 

In a searching system, a similarity measure indicates 

the level of relevance between two documents or a query 

and a document. A widely used approach is cosine 

similarity, which measures the cosine value (0 to 1) 

between two vectors in a vector space model. The cosine 

similarity between Query Q and Document D is shown 

in formula (5).  

 

(𝑄, 𝐷) =
𝑄 ∙ 𝐷

|𝑄||𝐷|
 (5) 

 

Where: 

Q = TF-IDF of terms in Q 

D = TF-IDF of terms in D 

|Q| = query length 

|D| = document length 

Formula (5) will be used to measure, rank and 

eliminate features contained in the corpus when using 

RFE as a feature selection approach. 

2.3 Data balancing: SMOTE 

In text classification, imbalanced data can reduce the 

accuracy of the classifier. Data resampling techniques 

can be used to balance the data before the classifier is 

trained and the model is obtained. In general, there are 

two resampling approaches, namely: (1) Random 

Oversampling and (2) Random Under-sampling. 

Random Oversampling works by randomly generating 

more replicated samples from the minority label until 

there is a balance for all classes. This technique is also 

called naive random over-sampling. Oversampling can 

also create new samples by taking samples that have 

been randomly generated and replacing the original 

samples [25]. One of the Random Oversampling 

techniques is SMOTE [26]. This method is used to 

increase the amount of data from the minority class by 

replicating the data. The explanation above can be 

written with the formula (6). 

 

𝑑𝑖𝑠𝑡 =  √(𝑋1 + 𝑋1)2 + (𝑋2 + 𝑋2)2 + ⋯ + (𝑋𝑛 + 𝑋𝑛)2 

 

𝑋𝑠𝑦𝑛 = 𝑋𝑖 + (𝑋𝑘𝑛𝑛 + 𝑋1)𝛿 

(6) 

 

Where i is a positive integer number of keywords 

and δ is a random number between 0 and 1. 

2.4 Feature selection: RFE 

Recursive Feature Elimination (RFE) is a feature 

selection method for identifying key features in a 

dataset. It involves developing a model with the best 

features after repeatedly eliminating some of the least 

important features until the desired number of features 

is obtained. Although RFE can be used with any 

supervised learning method, Support Vector Machines 

(SVM) are the most popular pairing [27]. RFE ranks 

features using the formula (7): 

 

𝑊 = ∑  

𝑛

𝑖=1

𝑎𝑖𝑦𝑖𝑥𝑖 (7) 

Where: 

W = weight vector 

x = attribute input value 

ai = support vector machine 

yi = data class 

The RFE algorithm works in the following steps: 

1. Rank the importance of each feature using the 

selected RFE machine learning algorithm. 

2. Remove some of the least important features. 

3. Build a model using the remaining (top-ranked) 

features. 

4. Repeat steps 1-3 until the desired number of features 

is achieved. 

2.5 Classifier: SVM  

SVM is a supervised learning method that can be used 

for classification and regression tasks. In classification 

tasks, SVM has been mathematically mature and has a 

well-defined concept compared to other classification 

techniques. SVM can solve linear and nonlinear 

classification problems. SVM works by finding the 

optimal hyperplane to maximize the distance between 

classes [28]. Hyperplane is a feature that can be used to 

separate classes in a dataset as shown in Fig. 2. 

 

 

Fig. 2. Linear hyperplane in SVM. 

According to [28] the SVM linear classification 

hyperplane is denoted in formula (8). 

 

𝑓(𝑥) = 𝑤𝑡𝑥 + 𝑏 (8) 

 

So we get equations (9) and (10). 

 
[(𝑤𝑡 . 𝑥𝑖 ) +  𝑏] ≥  1 𝑓𝑜𝑟 𝑦1 =  +1 (9) 

[(𝑤𝑡 . 𝑥𝑖 ) +  𝑏] ≤  −1 𝑓𝑜𝑟 𝑦1 =  −1 (10) 

 

Where xi = training data set, i = 1,2,3......n.  
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The best hyperplane separates two class boundary 

planes maximally. This hyperplane is able to maximize 

the margin or distance between two sets of objects or 

reviews from different classes [28].  

The margin value between 2 boundary planes based 

on the distance of the line to the center point can be 

represented by equation (11). 

 
1 − 𝑏 − (−1 − 𝑏)

||𝑊||
=  

2

||𝑊||
 (11) 

 

This margin value is then maximized by minimizing 

the value of ||W|| as the denominator. 

2.6 Evaluation  

There are 4 scenarios to assess the performance of the 

SVM classifier that has been built. Here are test 

scenarios to find out which approach is capable of 

delivering the best performance of SVM in sentiment 

analysis: 

1. SVM. This test only uses SVM and involves all 

reviews, RFE and SMOTE are not applied. 

2. SVM-SMOTE. This test balances the data class 

before running the SVM classifier as in point 1. RFE 

is not applied. 

3. SVM-RFE. Unlike point 2, in this test RFE is applied 

but SMOTE is not. 

4. SVM-RFE-SMOTE. In this test, the data class is 

balanced first using SMOTE before the feature 

selection RFE and training of the SVM classifier is 

carried out recursively. 

Confusion matrix [29] is used to summarize and 

report performance in the form of accuracy, precision, 

recall and f1-score values from the classification process 

that has been carried out. The classification output label 

will be compared with the original label. The matrix for 

the two target classes (positive and negative) can be seen 

in Fig. 3, while the metrics used to measure the success 

of the classifier are formulas (12), (13), 14) and (15), 

namely accuracy, precision, recall, and F1 score. Each 

metric provides unique insights into model behavior, 

especially in scenarios with imbalanced data. 

1. Accuracy measures the overall correctness of a 

model by calculating the ratio of true predictions to 

total predictions. However, it can be misleading in 

imbalanced datasets where the majority class 

dominates [30]. 

2. Precision or positive predictive value, indicates the 

proportion of true positive results among all positive 

predictions. It is crucial when the cost of false 

positives is high, such as in medical diagnoses [31]. 

3. Recall or sensitivity, measures the proportion of true 

positives identified by the model. It is particularly 

important in scenarios where missing a positive case 

(false negative) is critical [31]. 

4. The F1 score is the harmonic mean of precision and 

recall, providing a single metric that balances both 

concerns. It is especially useful in imbalanced 

datasets, where it can better reflect model 

performance than accuracy alone [30]. 

Figure 3 shows the concepts of true positives (TP), 

true negatives (TN), false positives (FP), and false 

negatives (FN) which are very important for evaluating 

model performance. The differences between these four 

terms are summarized below: 

1. True Positive (TP): Correctly identified positive 

instances. For example, in sentiment analysis, a 

correctly classified positive review is a TP [32]. 

2. True Negative (TN): Correctly identified negative 

instances. In the context of security testing, a 

correctly identified non-vulnerability is a TN [33]. 

3. False Positive (FP): Incorrectly identified positive 

instances. This occurs when a model predicts a 

positive outcome that is actually negative, such as 

misclassifying a benign review as positive [34]. 

4. False Negative (FN): Incorrectly identified negative 

instances. This is particularly problematic in 

sentiment analysis, where failing to identify a 

negative sentiment can lead to misleading 

conclusions [32]. 

 

   Actual Values 

 

 

Predicted 

Values 

 Positive Negative 

Positive 

True 

Positive 

(TP) 

False 

Positive 

(FP) 

Negative 

False 

Negative 

(FN) 

True 

Negative 

(TN) 

Fig. 3. Confusion Matrix with two target class. 

 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 𝑋 100% (12) 

 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 𝑋 100% (13) 

 

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 𝑋 100% (14) 

 

F1-Score = 2x 
𝑅𝑒𝑐𝑎𝑙𝑙 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 𝑋 100% (15) 

Where: 

TP = number of true positives (TP) 

TN = number of true negatives (TN) 

FP = number of false positives (FP) 

FN = number of false negatives (FN) 

3 Results 

In the first scenario (only SVM), a classifier (model) is 

trained to classify reviews into one of the positive or 

negative sentiment class. Before being sent to the SVM, 

the dataset is divided into two: 50% is used as training 

data and the rest as validation data. The test records the 

best accuracy and the time required to achieve that 

accuracy value. 

Fig. 4 shows the report provided by the scikit-learn 

library when running the SVM classifier with a linear 

kernel. The accuracy, precision, recall, and f1-score 

values of the SVM classifier on unbalanced data can be 

said to be sufficient (70% to 80%). The best accuracy of 

the SVM is 76%. The confusion matrix reflecting this 

report is shown in Fig. 5. 
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Fig. 4. Accuracy, precision, recall, and f1-score of SVM 

classifier without RFE on unbalanced data reported by scikit-

learn. 

  Actual Values 

 

 

Predicted Values 

 Positive Negative 

Positive TP=82 FP=30 

Negative FN=59 TN=209 

Fig. 5. Confusion matrix of SVM classifier without RFE on 

imbalanced data. 

Based on the confusion matrix in Fig. 5 which shows 

True Positive = 82, False Positive = 59, True Negative 

= 209, and False Negative = 30, using formula (12) we 

obtain: 

 

Accuracy = 
82+209

82+209+59+30
 ×  100% = 76% 

 

Precision = 
82

82+30
 ×  100% = 73%  

 

Recall = 
82

82+59
 ×  100% = 58%  

 

F1-Score = 2x 
58 𝑥 73

58+ 73
 𝑋 100% = 65% 

 

In the second scenario where the data is balanced 

using SMOTE before being fed to the SVM, a confusion 

matrix is obtained as in Fig. 6. In this approach, the best 

accuracy is 96% which shows a significant increase 

from the first scenario of 20%. This test proves that data 

balancing using SMOTE is able to improve the 

performance of the SVM classifier. The condition of 

data before and after SMOTE is applied can be seen in 

Table 2. 

 

  Actual Values 

 

 

Predicted Values 

 Positive Negative 

Positive TP=130 FP=7 

Negative FN=9 TN=234 

Fig. 6. Confusion matrix of SVM classifier without RFE on 

balanced data (second testing scenario). 

Table 2. Dataset before and after SMOTE. 

 
Number of 

Reviews 

Number of 

Positive  

Number of 

Negatives  

Before 760 478 282 

After 956  478 478 

 

Fig. 6 shows the True Positive value = 130, False 

Positive = 9, True Negative = 234, and False Negative = 

7 so that using formula (12) we obtain: 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
130 + 234

130 + 9 + 7 + 234
𝑥 100% = 96% 

 

Precision = 
130

130+7
 𝑋 100% = 95% 

 

Recall = 
130

130+9
 𝑋 100% = 94% 

 

F1-Score = 2x 
94 𝑥 95

94+ 95
 𝑋 100% = 95% 

 

 

  Actual Values 

 

 

Predicted Values 

 Positive Negative 

Positive TP=86 FP=58 

Negative FN=27 TN=209 

Fig. 7. Confusion matrix of SVM-RFE classifier on 

imbalanced data. 

Next, in the third scenario, the SVM Classifier is run 

recursively along with the RFE feature selection but the 

data is not balanced with SMOTE. This test shows that 

this SVM-RFE approach provides a maximum accuracy 

of 78% when the number of features involved is 1992 

out of a total of 2106 features. When compared to the 

first scenario, this test did not provide a significant 

increase in accuracy. The Confusion Matrix in Fig. 7 

shows the magnitude of False Positive (58) and False 

Negative (27). 

The final scenario is a test that runs SVM and 

recursive feature selection (SVM-RFE) on data that has 

been balanced with SMOTE. The result shows the 

classification metric values where the accuracy of SVM-

RFE-SMOTE is able to provide the best accuracy of 

95%. Fig. 8 shows that only a few reviews are 

misclassified (19), namely 12 False Positives and 7 

False Negatives. 

 

  Actual Values 

 

 

Predicted Values 

 Positive Negative 

Positive TP=134 FP=12 

Negative FN=7 TN=227 

Fig. 8. Confusion matrix of SVM-RFE classifier on balanced 

data (SMOTE). 

The four test scenarios above show that the SVM 

classifier achieves the highest accuracy when all 

(unselected) terms are involved in model building on a 

dataset that has been balanced using SMOTE, which is 

96%. Previously, when SVM was run on an unbalanced 

dataset, only 76% accuracy was obtained. This shows 

the great influence of dataset balancing in text 

classification. The first test (without SMOTE, without 

RFE) produced 76% accuracy and almost the same 

accuracy was given by the third test (RFE without 

SMOTE) which was 78%. These two tests show that 

feature selection is not able to significantly improve 

classifier accuracy. In essence, feature selection only 

selects and reduces the number of features so that the 

computation can be completed in a shorter time, not 

increasing accuracy. This can be seen from the reduction 

in computation time from 56 seconds to 25 seconds 

(Table 3) on the 760 reviews. This time difference will 
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certainly be greater when the amount of data in the 

dataset is larger, for example above one million reviews. 

Table 3. Summary of accuracy and computation time  

# Scenario 
Best 

accuracy  

Time 

(s) 

1 
SVM without RFE and 

SMOTE  
76 56 

2 
SVM with SMOTE, No 

RFE  
96 70 

3 
SVM with RFE, No 

SMOTE 
78 25 

4 
SVM with RFE and 

SMOTE  
95 40 

 

The last scenario involving SMOTE and RFE is 

interesting to discuss because it is the focus of this study 

and is most likely to be the best approach. In this test, 

the accuracy obtained was 95%, almost the same as the 

second test (96%). The number of reviews that failed to 

be classified in these two tests was also almost the same, 

namely 16 (second test) compared to 19 (fourth test). 

These two tests emphasize the large influence of 

SMOTE oversampling on the performance of the SVM 

classifier while strengthening the previous analysis that 

feature selection including RFE is unable to improve the 

performance of the classifier. Feature selection is tasked 

with selecting the best features to reduce computation 

time, while data balancing functions to improve the 

quality of learning or training of the classifier. The 

fourth scenario provides an accuracy of 95%, almost the 

same as the second scenario but the time required to 

complete the computation is much smaller, namely 70 

seconds (second scenario) compared to 40 seconds 

(fourth scenario) on a dataset containing 956 reviews. 

4 Conclusions 

The experimental results from the four conducted 

scenarios validate this study's primary hypotheses. It 

was empirically demonstrated that applying feature 

selection and data balancing yields significant 

improvements in both computational efficiency and 

model performance. Specifically, the application of 

Recursive Feature Elimination (RFE) resulted in a 

substantial reduction in training latency. For a dataset of 

760 reviews, computation time was reduced from 56 

seconds to 25 seconds. A similar reduction from 70 

seconds to 40 seconds was observed on a larger dataset 

of 956 reviews. Concurrently, the implementation of the 

Synthetic Minority Oversampling Technique (SMOTE) 

for data balancing provided a pronounced improvement 

in predictive accuracy. In the model configuration 

without RFE, accuracy surged from 76% to 96%. A 

similar, significant gain from 78% to 95% was observed 

even when RFE was applied. These findings collectively 

underscore the critical roles of RFE for optimizing 

efficiency and SMOTE for enhancing predictive power 

in sentiment classification tasks, especially those 

involving high-dimensional and imbalanced datasets. 

Based on these findings, several avenues for future 

research are recommended to further enhance the 

model's performance and robustness: 

1. Expansion of the Class Model: Incorporating a 

Neutral class to accommodate reviews that exhibit 

ambiguity or lack clear positive or negative 

sentiment. This would transition the model from 

binary to multi-class classification, better reflecting 

the complexity of real-world data. 

2. Dataset Augmentation and Diversity: Expanding the 

dataset volume and sourcing reviews from a wider 

array of platforms (e.g., social media, travel blogs). 

A larger, more heterogeneous dataset would improve 

the model's generalization capabilities against 

diverse linguistic styles. 

3. Advanced Preprocessing: Implementing more 

sophisticated preprocessing techniques to manage 

informal language. This includes the normalization 

of domain-specific slang (slang words), the semantic 

interpretation of emoticons, and methods for 

ambiguity resolution. 

4. Model Optimization and Tuning: A comprehensive 

exploration of alternative SVM kernels (e.g., 

Polynomial, RBF) beyond the linear kernel. 

Furthermore, integrating systematic hyperparameter 

tuning (e.g., Grid Search, Bayesian Optimization) is 

crucial to fully optimize the classifier's performance. 
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