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Abstract. This study aims to enhance the accuracy of sentiment classification for Madura coastal tourism 

reviews using Random Forests optimised via Information Gain (IG) feature selection and hyperparameter 

tuning. The research contribution is an efficient hybrid framework that improves classification performance 

by integrating data-driven feature-relevance analysis and parameter optimisation techniques. The 

methodology involves several stages, including data scraping from online travel platforms, text 

preprocessing (cleaning, tokenisation, and stemming), TF-IDF feature extraction, feature selection using IG 

thresholds, and model optimisation using GridSearchCV. Experimental results show that the combination 

of Information Gain and hyperparameter tuning significantly increases the Random Forest model’s 

accuracy. At an IG threshold of 0.0002, the model achieved the highest accuracy of 89.69%, while the 

0.0004 threshold provided nearly similar accuracy (89.18%) with fewer features, making it more efficient. 

These findings indicate that careful feature selection and parameter tuning can improve model generalisation 

and efficiency. In conclusion, this study contributes to advancing sentiment classification in tourism data 

analytics through an optimised Random Forest model and provides insights for future research in data-driven 

modelling for decision support in the tourism sector. 

1 Introduction 

Tourism is a strategic sector that plays an important role 

in driving regional and national economic growth 

through travel, recreation, and the exploration of 

cultural and natural potential [1]. In Indonesia, including 

the Madura region, tourism has become one of the 

leading sectors contributing to local economic 

development, job creation, cultural preservation, and 

supporting infrastructure development [2]. 

Various strategies have been implemented to enhance 

the competitiveness of tourist destinations, including 

improving facilities, optimising digital promotion, and 

strengthening tourism-based creative economies to 

improve community welfare [3][4]. One of the main 

contributors to Regional Original Revenue (PAD) is 

coastal tourism, which serves as a flagship destination 

that continues to grow through promotional activities 

and infrastructure development [5][6]. 

In the digital era, social media and travel platforms 

play a significant role in tourism promotion. Through 

reviews, photos, and videos shared online, tourists can 

influence public perceptions of destinations both 

positively and negatively [7][8][9]. These reviews have 

become a vital source of data for analysing tourist 

satisfaction and perceptions of destinations [10]. 

However, challenges arise when review texts contain 

spelling or typographical errors, which can reduce the 

accuracy of text data analysis. Such errors hinder 
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Natural Language Processing (NLP) and affect 

sentiment analysis results that serve as a basis for 

decision-making [11][12][13]. 

In the context of Madura’s coastal tourism, sentiment 

analysis of tourist reviews plays an essential role in 

assisting the government and destination managers to 

improve service quality and formulate effective 

marketing strategies [14][15]. Therefore, an analytical 

approach that can enhance the accuracy of sentiment 

classification models is required. 

In recent years, sentiment analysis has been 

increasingly recognised as part of the broader field of 

computational science and data-driven modelling, 

which is closely related to physics and applied 

mathematics through statistical learning and 

optimisation methods. In this scientific context, 

algorithms such as Random Forest and Information 

Gain implement probabilistic models and entropy-based 

feature evaluation concepts that are also fundamental in 

physical information theory. 

Text Mining is the process of extracting information 

from unstructured text data to enable large-scale data 

analysis. Natural Language Processing (NLP) is used to 

identify and extract opinions from text, transforming 

textual content into quantitative data for decision-

making [16]. Sentiment analysis is one of the main 

applications of text mining, aiming to classify opinions 

in text into positive, negative, or neutral categories [17]. 

The initial stage of sentiment analysis is Natural 
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Language Preprocessing, which includes a series of 

techniques to prepare text data for analysis [18]. 

One of the most widely used classification methods 

in sentiment analysis is the Random Forest Classifier 

(RF) [19][20]. This algorithm delivers strong 

performance compared to other classification methods 

due to its ensemble learning, which combines multiple 

decision trees. However, RF also has weaknesses in 

terms of accuracy and data stability, especially when too 

many or irrelevant features are included [21][22]. 

Therefore, feature extraction and selection techniques 

are necessary to improve the model’s accuracy and 

stability [23][24][25]. 

One of the approaches to enhance accuracy is by 

applying the Information Gain (IG) method for feature 

selection and Hyperparameter Tuning on the Random 

Forest (RF) model [26][27]. Information Gain, based on 

the principle of entropy reduction, helps identify the 

most relevant features for sentiment categories, 

reducing noise and improving model efficiency 

[28][29]. Meanwhile, hyperparameter tuning optimises 

key parameters of the RF algorithm—such as the 

number of trees, maximum depth, and number of 

selected features—to achieve optimal classification 

performance [30]. 

Accurate feature correction and selection are crucial 

stages in text mining and NLP because both play a 

central role in extracting meaningful information from 

unstructured text [31]. In sentiment analysis, NLP is 

used to identify opinions and represent them in 

quantitative data that supports decision-making [32]. 

The Random Forest algorithm is known for its strong 

performance and generalisation ability compared to 

other classification methods; however, it still faces 

challenges related to model stability and sensitivity to 

imbalanced data [33]. Therefore, applying Information 

Gain for feature selection and Hyperparameter Tuning 

is essential to enhance accuracy, robustness, and 

consistency. Additionally, implementing N-Gram and 

TF-IDF methods during feature extraction helps capture 

word patterns and relationships, ensuring that only the 

most influential terms for sentiment classification are 

retained[34]. 

In this study, the improvement of sentiment 

classification accuracy is achieved through the 

combination of Information Gain feature selection and 

hyperparameter tuning on the Random Forest model. 

The tuning process aims to optimise parameters such as 

the number of trees, maximum depth, and number of 

features selected for each decision tree, leading to 

optimal classification performance. The combination of 

these two approaches is expected to improve the 

performance of the RF model in analysing tourist 

reviews and produce more accurate data to support 

decision-making for the development of the tourism 

sector in Madura.  

2 Methods 

This study applies a quantitative experimental approach 

comprising several main stages: data collection, 

preprocessing, feature extraction, feature selection, 

modelling, and evaluation. The overall research 

workflow is illustrated in Fig. 1. 

 

 

Fig. 1. Research flowchart showing the input–process–output 

stages. 

The Input stage includes acquiring tourism review 

data; the Process stage involves text preprocessing, 

feature extraction, feature selection, and model 

development; and the Output stage produces the final 

evaluation results of the sentiment classification model. 

2.1 Data collection 

The initial stage of this study involved collecting data in 

the form of tourist reviews and comments on coastal 

tourism in Madura. The data were obtained from various 

social media and travel platforms using a data scraping 

technique [35]. 

The scraping process used Python libraries such as 

BeautifulSoup and Selenium to extract textual content 

from posts and comment sections related to Madura’s 

coastal tourism. After merging data from each platform, 

a total of 1,634 review entries were collected for 

sentiment analysis. 

2.2 Data labelling 

The scraped data were then manually labelled to 

categorise opinions into two sentiment classes: positive 

and negative. Three different annotators conducted the 

labelling process to maintain consistency and data 

reliability. 

If differences of opinion occurred during labelling, a 

majority voting method was used, with the most 

frequently chosen label as the final result. A linguistics 

expert subsequently validated the labelling outcomes to 

ensure contextual and semantic accuracy. As a result, 

966 reviews were labelled as positive and 668 as 

negative. 
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2.3 Pre-processing 

Pre-processing was conducted to structure the collected 

reviews and facilitate subsequent data analysis [36]. 

This stage included several steps as follows: 

1. Case Folding – converting all text to lowercase for 

uniformity. 

2. Cleaning – removing non-alphabetic characters, 

punctuation marks, numbers, URLs, emojis, and 

special symbols. 

3. Tokenising – splitting text into smaller units 

(tokens). 

4. Normalisation – converting informal or non-

standard words into their standard forms. 

5. Filtering (Stopword Removal) – removing common 

words that do not contribute significant meaning. 

6. Stemming – reducing words to their root forms using 

an Indonesian stemming algorithm. 

This preprocessing step produces a clean text corpus that 

is ready for feature extraction [37]. 

2.4 Feature extraction 

Feature extraction aims to transform text into numerical 

form using the Term Frequency–Inverse Document 

Frequency (TF-IDF) technique [38]. TF-IDF calculates 

the weight of each term based on its frequency in a 

document relative to its frequency across the entire 

corpus. 

The processed dataset is transformed into a 

numerical vector matrix by computing term frequency 

(TF) using Equation (2), followed by inverse document 

frequency (IDF) using Equation (3), and then 

calculating the TF-IDF value with Equation (4). Finally, 

v-norm weighting is applied using Equation (5) [38]. 

2.5 Feature selection 

After feature extraction, feature selection was 

performed using the Information Gain (IG) method to 

identify the most relevant features associated with 

sentiment categories. Information Gain measures the 

reduction in entropy, allowing the selection of features 

that contribute the most to classification accuracy 

[39][40]. 

Different IG threshold values (0.0002, 0.0004, 

0.0006, 0.0008) were tested to evaluate their effect on 

the Random Forest model’s performance. Features with 

IG values above the threshold were retained, while those 

below were removed to reduce dimensionality and 

noise. 

2.6 Modelling and hyperparameter tuning 

Before model training, the dataset was split into training 

(80%) and test (20%) sets. The Random Forest 

algorithm was used as the primary classifier due to its 

robustness and ensemble-based performance [41]. To 

optimize model accuracy, GridSearchCV was applied 

for hyperparameter tuning, exploring the best 

combinations of parameters such as n_estimators, 

max_depth, min_samples_split, and min_samples_leaf 

[42].  

The optimal parameters obtained from the training 

phase were then used to construct the final sentiment 

classification model. 

2.7 Model evaluation 

Model evaluation aimed to measure the classification 

performance of the trained Random Forest model. 

Evaluation metrics included accuracy, precision, recall, 

and F1-score, all derived from the confusion matrix 

[43][44][45].  

This evaluation process ensures the model's 

reliability by assessing both correctness and the balance 

between positive and negative sentiment predictions. 

3 Result and discussion 

3.1 Feature extraction 

The feature extraction stage employed the Term 

Frequency–Inverse Document Frequency (TF-IDF) 

technique, which converts the stemmed text into 

numerical vectors representing term importance within 

the corpus [38]. The implementation using the Scikit-

learn library produced a sparse matrix with weighted 

term frequencies, as illustrated in Table 1. 

Tabel 1. TF-IDF results. 

D father event … tourism form 

1 0.384898 0 … 0 0 

2 0 0 … 0 0 

3 0 0 … 0 0 

… … … … … … 

1633 0  … 0 0 

1634 0 0 … 0 0 

 

The TF-IDF weighting enabled the model to 

distinguish important words for sentiment classification 

by assigning higher weights to terms that appear 

frequently in a document but less frequently in other 

documents. This process ensured that only the most 

discriminative words were retained for feature selection 

using Information Gain. 

3.2 Feature selection 

Feature selection was conducted using the Information 

Gain (IG) method to determine which features 

contributed most to classification accuracy. Features 

with IG values above the threshold were selected, while 

the rest were removed to reduce noise and 

dimensionality. 

Four threshold values (0.0002, 0.0004, 0.0006, and 

0.0008) were tested to evaluate model sensitivity to 

feature relevance. As shown in Table 2, a lower 

threshold retained more features but did not always yield 

better accuracy. 
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Table 2. Information gain results and selected features. 

Feature No Feature Information Gain 

1 father 0.002033 

2 event 0.002325 

… … … 

2030 tourism 0.004660 

2031 form 0.002107 

 

This indicates that selecting a moderate threshold 

value (0.0004) provides an efficient trade-off between 

the number of features and classification accuracy, 

reducing computational cost without significant loss of 

performance. 

3.3 Model optimisation and evaluation 

Before model evaluation, the dataset was split into 80% 

for training and 20% for testing. The Random Forest 

model was trained with optimal hyperparameters 

obtained using GridSearchCV: n_estimators = 145, 

max_depth = None, min_samples_split = 5, and 

min_samples_leaf = 1. 

The model achieved its highest accuracy of 89.69% 

at an IG threshold of 0.0002, while the 0.0004 threshold 

produced nearly identical accuracy (89.18%) with fewer 

features, as presented in Table 3. The confusion matrix 

in Fig. 2 demonstrates that the model achieved balanced 

classification between positive and negative classes. 

Table 3. Evaluation matrix results of the testing scenario. 

Threshol

d 

(Accurac

y) 

Total 

Featur

es with 

IG 

Class 
Precisio

n 

Reca

ll 

F1-

Scor

e 

0,0008 

(88,14%) 
578 

Positiv

e 
90% 85% 87% 

Negati

ve 
87% 91% 89% 

0,0006 

(88,14%) 
1277 

Positiv

e 
87% 89% 88% 

Negati

ve 
90% 87% 88% 

0,0004 

(89,18%) 
1845 

Positiv

e 
92% 85% 88% 

Negati

ve 
87% 93% 90% 

0,0002 

(89,69%) 
1965 

Positiv

e 
90% 88% 89% 

Negati

ve 
89% 91% 90% 

 

These results confirm that feature selection and 

hyperparameter tuning effectively improve 

classification accuracy and model stability. 

 

 

 

 

Fig. 2. Confusion matrix of the best trial scenario. 

3.4 Comparison with previous studies 

Compared to prior studies using traditional models such 

as Naïve Bayes and Support Vector Machine (SVM), 

the proposed Information Gain–Random Forest (IG-RF) 

approach shows better performance in sentiment 

classification. For instance, the Naïve Bayes models 

used by Jonnala et al. [18] and Alsemaree et al. [43] 

achieved accuracies of 82%-85%, whereas our 

optimised IG-RF model reached 89.69%. 

Similarly, the work of Kanwar et al. [27] 

demonstrated the effectiveness of Random Forest 

combined with grid search for optimisation in 

environmental modelling, supporting our finding that 

hyperparameter tuning contributes significantly to 

improved model generalisation. Moreover, the 

integration of Information Gain for feature selection, as 

applied in studies by Zhou and Xue [28] And Dhanka et 

al. [29], also proved effective in reducing 

dimensionality while maintaining model performance. 

These comparisons confirm that combining entropy-

based feature selection and parameter tuning provides 

substantial benefits for text-based sentiment analysis. 

3.5 Implications and explanation of findings 

The main finding of this study is that the Information 

Gain threshold directly influences model efficiency and 

interpretability. A smaller threshold retains more 

features, which may slightly improve accuracy but 

increases computational load, while a moderate 

threshold (0.0004) maintains nearly equivalent accuracy 

with fewer features. The integration of GridSearchCV 

tuning enhances the model’s adaptability to diverse data 

distributions, thereby improving generalisation 

capability. 

3.6 Strengths and limitations 

The strength of this study lies in combining Information 

Gain and hyperparameter tuning to systematically 

optimise the Random Forest model, which effectively 

balances accuracy and efficiency. Furthermore, the 

inclusion of a real-world dataset (tourist reviews) 

N
eg

at
iv

e 

 
P

o
si

ti
v

e
 

Positive Negative 

 

                  
, 01053 (2025)EPJ Web of Conferences https://doi.org/10.1051/epjconf/202534401053344

AIPTEC 2025

4



demonstrates the practical applicability of data-driven 

sentiment analysis in social sciences. 

However, the study has certain limitations. The 

dataset is limited to binary sentiment categories 

(positive/negative) and does not include neutral 

expressions. Moreover, spelling correction and 

semantic-level preprocessing were not implemented, 

which could further enhance accuracy in future research. 

Future studies may integrate deep learning architectures 

such as BERT or LSTM to capture contextual 

information and improve model performance. 

4 Conclusion 

This study successfully improved sentiment 

classification accuracy by integrating Information Gain 

(IG) feature selection and hyperparameter tuning into 

the Random Forest (RF) model. The experimental 

results demonstrated that applying IG thresholds and 

tuning parameters such as n_estimators, max_depth, 

min_samples_split, and min_samples_leaf effectively 

optimised the model’s accuracy and stability. The 

highest accuracy of 89.69% was achieved at an IG 

threshold of 0.0002, while a slightly lower threshold of 

0.0004 yielded comparable accuracy (89.18%) with 

fewer features, indicating that feature efficiency can be 

achieved without sacrificing model performance. 

The theoretical contribution of this study lies in 

demonstrating the effectiveness of entropy-based 

feature selection combined with parameter optimisation 

as a robust framework for text-based sentiment analysis. 

This finding supports the principle that reducing entropy 

through Information Gain aligns with improved 

classification consistency and generalisation in 

ensemble models. From an applied perspective, the 

proposed model provides a reliable analytical 

framework for understanding public opinion—

particularly in tourism-related datasets—where 

accuracy and computational efficiency are essential. 

However, this research still has limitations. The dataset 

used was restricted to binary sentiment categories 

(positive and negative), excluding neutral or mixed 

opinions that may provide deeper insights. In addition, 

semantic-level preprocessing and spelling correction 

were not implemented, which may affect the model’s 

ability to handle noisy text inputs. 

For future work, it is recommended to incorporate 

semantic-based preprocessing methods such as word 

embeddings (Word2Vec, FastText) or contextual deep 

learning architectures (LSTM, BERT) to capture 

meaning and contextual relationships more effectively. 

Further studies could also expand the sentiment classes 

and explore cross-domain datasets to enhance model 

generalisation across different application areas. 
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