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Abstract 

Sentiment analysis on ecotourism reviews presents specific challenges due to descriptive writing styles, the use of 

ambiguous words, and contextual meaning shifts (contextual polarity shift). These characteristics often cause lexicon-

based approaches to produce unstable polarity labels. This study aims to evaluate the influence of two lexicon 

weighting methods, namely Mean Weighting and Summation Weighting, on the initial sentiment labeling of 

mangrove ecotourism reviews and to assess the performance of machine learning models trained using these labels. 

The research method includes text preprocessing, lexicon-based scoring using the InSet lexicon, feature extraction 

with Term Frequency–Inverse Document Frequency (TF–IDF), and the training of two classification algorithms, 

Support Vector Machine (SVM) and Logistic Regression (LR). The results show that the Mean Weighting method 

produces more stable polarity scores and higher model performance. The combination of SVM with Mean Weighting 

achieves the best results with an accuracy of 0.902, macro precision of 0.876, macro recall of 0.819, a macro F1-

score of 0.841, and a weighted F1-score of 0.899. Meanwhile, LR with Mean Weighting reaches an accuracy of 0.891 

with a similar performance pattern. In contrast, the Summation Weighting method results in lower performance for 

both algorithms. Error analysis indicates that neutral sentences and ambiguous words such as “bagus” and “ramai” 

frequently lead to misclassification. These findings highlight that the choice of lexicon weighting method plays a 

crucial role in improving sentiment classification accuracy and contributes to the development of hybrid approaches 

in text mining and sentiment analysis for the Indonesian language.  
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1. INTRODUCTION 

The rapid development of digital platforms such as Google Maps and various travel applications 

has led to a significant increase in the publication of tourism reviews by visitors. These reviews serve 

as an important source of information, as they not only describe tourists’ experiences but also reflect 

perceptions of service quality, environmental conditions, and destination management [1], [2]. In the 

context of ecotourism, including mangrove areas, visitor opinions are often descriptive in nature and 

contain a combination of positive and negative evaluations that are not always expressed explicitly [3], 

[4]. This condition makes sentiment analysis more challenging compared to other types of text [5]. 

Recent studies have shown that language used in tourism reviews tends to exhibit a high level of 

ambiguity and is prone to polarity changes depending on sentence context, a phenomenon known as 

contextual polarity shift [6], [7]. 

In Indonesian sentiment analysis research, three main approaches have been widely adopted: 

lexicon based, machine learning based, and hybrid models. The lexicon based approach relies on 
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sentiment dictionaries such as InSet, which contain lists of positive and negative words along with their 

associated polarity weights, and then aggregates these word scores to determine document level 

sentiment. Previous studies indicate that InSet is one of the most widely used Indonesian sentiment 

lexicons, however, most research applies simple aggregation strategies, such as summation or score 

difference, and rarely discusses in detail how to handle words that potentially exhibit dual polarity [8], 

[9]. The phenomenon of contextual polarity shift is also a major cause of sentiment labeling inaccuracies 

in static lexicon based approaches, particularly for descriptive and context-dependent texts [10], [11], 

[12]. These findings suggest that lexicon weighting strategies play an important role in determining the 

quality of the resulting sentiment labels [13], [14]. 

Machine learning approaches, particularly Support Vector Machine (SVM), have been reported 

to achieve higher accuracy than purely lexicon based methods when labeled data are available. In several 

public and social issues, SVM combined with TF–IDF features has demonstrated superior accuracy 

compared to single lexicon-based models [14], [15]. The use of TF–IDF improves text representation 

by emphasizing words that are more relevant to sentiment, thereby supporting more accurate 

classification processes [16]. A number of studies have integrated lexicons with machine learning in 

hybrid approaches, where lexicons are used as feature sources or for initial labeling, while final 

classification is performed using SVM, Logistic Regression, or other algorithms [17], [18], [19], [20], 

[21]. Such approaches have been shown to improve classification performance across various domains, 

including tourism reviews and digital application reviews. 

In the Indonesian research context, the InSet Lexicon has been applied across multiple domains. 

Abdillah et al. (2022) combined InSet and SentiStrength with SVM on social media data and 

demonstrated that classification performance is strongly influenced by domain characteristics and the 

static nature of lexicons [13]. Nadira et al. (2023) manually adjusted InSet weights for mobile banking 

application reviews and achieved high performance; however, the approach was domain-specific and 

had not been tested across different contexts [22]. Other studies have shown that variations in lexicons 

and initial labeling mechanisms directly affect accuracy and sentiment class distribution [11], [15]. In 

addition, several studies emphasize that text weighting schemes such as TF–IDF play a crucial role in 

classification performance, although they do not explicitly discuss polarity aggregation strategies within 

Indonesian sentiment lexicons [14]. 

Based on the above review, several research gaps can be identified. First, there has been no 

systematic study comparing Mean Weighting and Summation Weighting for words that appear 

simultaneously in both positive and negative InSet dictionaries, particularly in the context of Indonesian 

tourism or ecotourism reviews. Second, although hybrid approaches have been widely applied, 

systematic evaluations of the performance of Support Vector Machine and Logistic Regression on 

features derived from different lexicon weighting schemes remain limited, especially for mangrove 

ecotourism reviews on Google Maps. 

Therefore, this study aims to design and apply two lexicon weighting schemes, Summation 

Weighting and Mean Weighting with a specific focus on InSet Lexicon entries that appear in both 

positive and negative dictionaries, and to compare the effects of these weighting schemes on the 

distribution and outcomes of sentiment labels for mangrove ecotourism reviews on Google Maps. In 

addition, this study evaluates and compares the performance of Support Vector Machine and Logistic 

Regression models trained using sentiment labels generated from each weighting scheme, based on 

measurable indicators such as accuracy, precision, recall, and F1-score. Through this approach, the study 

is expected to contribute to the development of more adaptive hybrid lexicon machine learning sentiment 

analysis methods that are better suited to the linguistic context and domain characteristics of Indonesian 

ecotourism. 

https://jutif.if.unsoed.ac.id/
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2. RESEARCH METHODS 

The research stages consist of text preprocessing, lexicon weighting to generate polarity scores, 

and sentiment label determination based on the resulting scores. Lexicon weighting is performed using 

the InSet sentiment dictionary as the source of word polarity values, where two weighting approaches, 

Mean Weighting and Summation Weighting are applied to handle cases in which a word appears 

simultaneously in both the positive and negative dictionaries. After the polarity scores are obtained, 

sentiment labels are assigned and subsequently used as the basis for training the classification models 

in the following stage [23]. 

2.1 Problem Formulation 

Lexicon-based sentiment analysis is employed to determine the polarity of a text based on the 

weights of its constituent words [24]. Let there be a set of texts defined in Equation (1). 

 𝐷 = {𝑑1, 𝑑2, … , 𝑑𝑛} (1) 

Each text is represented as a set of tokens, as defined in Equation (2). 

 𝑑𝑖 = {𝑤1, 𝑤2, … , 𝑤𝑚} (2) 

Given two InSet sentiment dictionaries, namely the positive dictionary 𝐿+and the negative 

dictionary 𝐿−, each containing pairs (𝑤, 𝑠𝑤) with sentiment weights 𝑠𝑤 ∈ ℝ  [25]. when a word appears 

in both dictionaries with different weights 𝑠𝑤
+ dan 𝑠𝑤

−, this study applies two weighting approaches to 

handle such cases. 

2.1.1 Method 1 (Mean Weighting) 

When a word is found in both the positive and negative dictionaries, the sentiment polarity score 

is calculated using the average of the two scores [26]. The formulation of the Mean Weighting approach 

is shown in Equation (3). 

 𝑆𝑤 =
𝑆𝑤

+ + 𝑠𝑤
−

2
 (3) 

2.1.2 Method 2 (Summation Weighting) 

When a word is found in both the positive and negative dictionaries, the sentiment polarity score 

is calculated by summing the positive and negative scores [26]. The formulation of the Summation 

Weighting approach is shown in Equation (4). 

 𝑆𝑤 = 𝑠𝑤
+ + 𝑠𝑤

− (4) 

2.1.3 Sentiment Polarity Score Computation 

The sentiment score of a text is calculated using Equation (5) [27]. 

 𝑆𝑖 =  ∑ 𝑆𝑤

𝑤 ∈ 𝑑𝑖

 (5) 

The sentiment label is then determined based on a threshold value of 𝜃 = 0.2 , as defined in Equation 

(6). 

 

 

(6) 
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The threshold value θ = 0,2 is selected to reduce the influence of minor polarity fluctuations 

caused by low-weight sentiment words. Preliminary analysis of the sentiment score distribution 

indicates that smaller threshold values tend to assign non-neutral labels to reviews with weak or 

ambiguous sentiment, whereas larger threshold values significantly reduce the proportion of reviews 

labeled as Neutral [28]. 

2.2 Research Stages 

The research stages are illustrated in Figure 1. 

 

 
Figure 1. Research Stages 

 

The research workflow shown in Figure 1 describes a sequence of processes starting from data 

collection to model evaluation. The study begins with the collection of user reviews from Google Maps, 

followed by a text preprocessing stage consisting of case folding, cleaning, duplicate removal, 

tokenization, stopword removal, and stemming to produce clean and standardized text. Case folding is 

performed to convert all text into lowercase format. Duplicate removal aims to eliminate duplicated 

reviews or review spam. Tokenization is then applied to split sentence strings into individual word units. 

During this process, a sequence of characters is segmented into word-level tokens. To remove common 

words that are considered non-informative, such as “itu” (that), “dan” (and), “yang” (which), and “atau” 

(or), a stopword removal process is applied. Finally, stemming is performed to remove affixes and 

convert each word into its base form. 

Next, the positive and negative InSet sentiment dictionaries are extracted as the basis for 

computing word polarity weights. To handle words that appear in both dictionaries, two proposed 

lexicon weighting methods, Mean Weighting and Summation Weighting are applied. These methods 

generate sentiment scores and polarity labels for each text. Subsequently, features are extracted using 

TF–IDF before proceeding to the classification stage using two algorithms, namely Support Vector 

Machine (SVM) and Logistic Regression (LR). The final stage involves evaluating the performance of 

each model using accuracy, precision, recall, and F1-score metrics to assess the impact of different 

lexicon weighting methods on classification performance. A confusion matrix is also employed to 

examine prediction error patterns for each sentiment class. 

2.3 Lexicon Weighting Model 

Most previous studies have applied simple approaches to handle words that appear in both 

sentiment dictionaries, such as selecting only one weight or removing ambiguous words altogether [29], 

[30]. Recent studies, however, indicate that combining word weights can produce more stable and 

informative polarity representations [31]. Accordingly, this study compares two weight aggregation 

strategies, Mean Weighting and Summation Weighting to examine their effects on sentiment 

classification performance. The lexicon weighting process employed in this study is illustrated in Figure 

2. 

https://jutif.if.unsoed.ac.id/
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Figure 2. Lexicon Weighting Workflow 

 

The lexicon weighting procedure shown in Figure 2 begins by extracting each review from the 

preprocessed dataset and segmenting it into word tokens. Each token is then matched against the positive 

and negative InSet dictionaries. If a word is found in only one of the dictionaries, its corresponding 

polarity weight is directly applied. However, if the same word appears in both dictionaries, the 

associated positive weight (w+) and negative weight (w-) are processed using the two evaluated 

weighting approaches, namely the Mean and Summation methods. 

The Mean method computes the combined weight as the average of the two values, (𝑤+ +

𝑤−)/2, thereby providing a balancing effect for ambiguous words. In contrast, the Summation method 

directly adds the two weights  (𝑤+ +  𝑤−), resulting in an accumulated polarity score. Each token 

weight is then stored and summed to obtain the final polarity score of a review. This score is 

subsequently used to determine the sentiment label based on predefined labeling rules, where a score 

greater than zero is classified as Positive, a score equal to zero is classified as Neutral, and a score less 

than zero is classified as Negative. This process generates automatic sentiment labels for all reviews, 

which are then used as training data in the classification stage. 

2.4 Machine Learning Classification 

2.4.1 Support Vector Machine (SVM) 

Support Vector Machine (SVM) is well known for its superior performance in high-dimensional 

text data and TF–IDF-based representations due to its ability to maximize the margin between classes 

[32]. For multiclass classification problems, this study adopts the One-vs-Rest (OvR) strategy, in which 

a separate binary classifier is trained for each sentiment class. 

2.4.2 Logistic Regression (LR) 

Logistic Regression (LR) is a linear model that is widely used in sentiment analysis because of 

its computational efficiency, interpretability, and competitive performance on TF–IDF-based text data. 

Previous studies have shown that LR serves as a strong baseline for text classification tasks and achieves 

performance comparable to SVM in many scenarios [33]. 

2.5 Evaluation Metrics 

Model performance is evaluated using several classification metrics commonly employed in 

sentiment analysis, namely accuracy, precision, recall, and F1-score. These metrics are computed based 

https://jutif.if.unsoed.ac.id/
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on the values of true positive (TP), true negative (TN), false positive (FP), and false negative (FN) [34]. 

Accuracy measures the proportion of correctly classified instances relative to the total number of test 

samples and is formulated using Equation (7). 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (7) 

Precision measures the degree of correctness of the model in predicting a particular class and is 

defined using Equation (8). 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (8) 

Recall indicates the model’s ability to correctly identify all actual instances belonging to a specific 

class and is formulated using Equation (9). 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (9) 

The F1-score represents the harmonic mean of precision and recall, which is used to evaluate the 

balance between these two metrics and is defined using Equation (10). 

 𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ⋅ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (10) 

In addition to these metrics, this study also employs a confusion matrix to analyze prediction error 

patterns for each sentiment class. The confusion matrix provides information on the number of correct 

and incorrect predictions for each class, enabling the evaluation of model sensitivity to specific classes, 

identification of frequently confused classes, and detailed assessment of classification error distribution 

[35]. The evaluation is conducted for each combination of lexicon weighting methods (Mean and 

Summation) and classification algorithms (SVM and Logistic Regression). 

3. RESULTS 

3.1. Data Preprocessing 

Table 1. Examples of Review Translation Results 

Original Review Text Translated Review Text 

A good place for a photoshoot either you just want 

to snap some sceneries or posing on the decks. 

Tempat yang bagus untuk pemotretan, baik 

Anda hanya ingin mengambil beberapa 

pemandangan atau berpose di dek. 

Вход 10к с человека. Место супер топ! Дорожки 

хорошие, гулять интересно, прохладно. Есть 

парковка, есть пара местных кафе 

Tiket masuk 10k per orang. Tempat super top! 

Jalannya bagus, menarik untuk dilalui, dan 

sejuk. Ada tempat parkir, ada beberapa kafe 

lokal 

ちょうど雨が降りだして  ちょっと残念な景色
是した。 

Hujan baru saja mulai turun, membuat 

pemandangannya agak mengecewakan. 

 Sangat indah, tenang dan mempunyai suasana جميل جدا وهادئ واجواء منعشه انصح بزيارته 

yang menyegarkan. Saya sarankan 

mengunjunginya 
 

The dataset used in this study was derived from user reviews on Google Maps related to various 

mangrove ecotourism locations across Indonesia. Data collection was conducted using the Apify 

platform, a cloud-based web scraping and data extraction tool. A total of 55,784 review records were 

https://jutif.if.unsoed.ac.id/
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initially retrieved, not all records contained textual reviews. After filtering, only reviews that included 

textual content were retained, resulting in 28,368 usable reviews. 

Although the collected data included several attributes, this study focused exclusively on the 

textual review field for subsequent analysis. The reviews were written in multiple languages. To ensure 

consistency during preprocessing, all reviews were translated into Indonesian using the deep_translator 

library in Python. Examples of the original and translated reviews are presented in Kesalahan! Sumber 

referensi tidak ditemukan.  

The subsequent preprocessing stage includes case folding, text cleaning, duplicate removal, 

tokenization, stopword removal, and stemming. This sequence of processes aims to reduce lexical 

variation, eliminate non-informative elements, and suppress linguistic noise commonly found in online 

reviews. As a result, the preprocessed text becomes more consistent and relevant for both lexicon-based 

sentiment score computation and TF–IDF feature extraction. Examples of the preprocessing results are 

presented in Table 2. 

 

Table 2. Examples of Review Preprocessing Results 

Original Review Text Casefolding Tokenisasi Stopword Removal Stemming 

Tempat yang bagus 

untuk pemotretan, baik 

Anda hanya ingin 

mengambil beberapa 

pemandangan atau 

berpose di dek. 

tempat yang 

bagus untuk 

pemotretan baik 

anda hanya ingin 

mengambil 

beberapa 

pemandangan 

atau berpose di 

dek 

['tempat', 'yang', 

'bagus', 'untuk', 

'pemotretan', 'baik', 

'anda', 'hanya', 'ingin', 

'mengambil', 

'beberapa', 

'pemandangan', 'atau', 

'berpose', 'di', 'dek'] 

['tempat', 'bagus', 

'pemotretan', 'baik', 

'mengambil', 

'beberapa', 

'pemandangan', 

'berpose'] 

['tempat', 

'bagus', 

'potret', 

'baik', 

'ambil', 

'beberapa', 

'pandang', 

'pose'] 

Hujan baru saja mulai 

turun, membuat 

pemandangannya agak 

mengecewakan. 

hujan baru saja 

mulai turun 

membuat 

pemandangannya 

agak 

mengecewakan 

['hujan', 'baru', 'saja', 

'mulai', 'turun', 

'membuat', 

'pemandangannya', 

'agak', 

'mengecewakan'] 

['hujan', 'baru', 

'mulai', 'turun', 

'membuat', 

'pemandangannya', 

'mengecewakan'] 

['hujan', 

'baru', 

'mulai', 

'turun', 

'buat', 

'pandang', 

'kecewa'] 

Sangat indah, tenang 

dan mempunyai 

suasana yang 

menyegarkan. Saya 

sarankan 

mengunjunginya 

sangat indah 

tenang dan 

mempunyai 

suasana yang 

menyegarkan 

saya sarankan 

mengunjunginya 

['sangat', 'indah', 

'tenang', 'dan', 

'mempunyai', 'suasana', 

'yang', 'menyegarkan', 

'saya', 'sarankan', 

'mengunjunginya'] 

['sangat', 'indah', 

'tenang', 

'mempunyai', 

'suasana', 

'menyegarkan', 

'sarankan', 

'mengunjunginya'] 

['sangat', 

'indah', 

'tenang', 

'punya', 

'suasana', 

'segar', 

'saran', 

'unjung'] 

 

Overall, the preprocessing stage plays a crucial role in improving the quality of text 

representation. The normalization of word forms and the removal of irrelevant elements help reduce 

bias in lexicon based sentiment score calculation, while also producing more stable and informative TF–

IDF features for subsequent classification stages. 

3.2. Dataset dan Distribusi Label Sentimen 

After the text preprocessing stage which includes case folding, duplicate removal, tokenization, 

stopword removal, stemming, and text normalization, a total of 23,485 cleaned reviews were obtained. 

These processed texts were then used as the basis for sentiment label assignment using the InSet lexicon-

https://jutif.if.unsoed.ac.id/
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based approach. Sentiment labeling was performed using two lexicon weighting schemes, namely 

Method 1 (Mean Weighting) and Method 2 (Summation Weighting). For both methods, sentiment 

polarity was calculated by aggregating the lexicon scores of each word appearing in a review. The 

distribution of sentiment label counts generated by both methods is presented in Table 3, while the 

comparison of their percentage proportions is illustrated in Figure 3. 

 

Table 3. Sentiment Label Distribution 

Sentiment Class 
Method 

Mean Weighting Summation Weighting 

Positif 9195 8786 

Negatif 12095 12107 

Netral 2195 2592 

 

 
Figure 3. Percentage Distribution of Sentiment Labels for Both Weighting Methods 

 

Based on these results, the Negative class dominates the dataset under both weighting methods. 

Using Method 1, the proportion of Negative sentiment reaches 51.5%, followed by Positive sentiment 

at 39.2% and Neutral sentiment at 9.3%. A relatively similar distribution pattern is also produced by 

Method 2, although slight differences in class proportions are observed due to differences in the 

weighting mechanisms applied. 

The dominance of the Negative class under both methods reflects the characteristics of mangrove 

ecotourism reviews, where users tend to express dissatisfaction more explicitly regarding specific 

aspects such as facilities, cleanliness, accessibility, or environmental conditions. In contrast, the 

relatively small proportion of the Neutral class indicates that most reviews contain evaluative elements, 

even when they are conveyed in a descriptive manner. This pattern suggests that the ecotourism domain 

is characterized by opinions that are not entirely neutral, implying that lexicon-based labeling strategies 

can directly influence the resulting class distribution. 

Differences between Mean Weighting (Method 1) and Summation Weighting (Method 2) are 

evident in the resulting sentiment label distributions, which are directly influenced by the mathematical 

formulations of each method. In Summation Weighting, sentiment polarity scores are computed by 

https://jutif.if.unsoed.ac.id/
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directly summing word weights, causing the score magnitude to increase as the number of sentiment-

bearing words in a review grows. Consequently, reviews containing multiple sentiment words tend to 

receive larger absolute scores and are more frequently classified into extreme classes (Positive or 

Negative), leading to a reduced proportion of Neutral labels. In contrast, Mean Weighting calculates the 

average of word weights when polarity conflicts occur, thereby normalizing the influence of the number 

of sentiment words and producing a more stable and proportional label distribution. This pattern 

indicates that lexicon weighting particularly the Mean approach, is more effective for short to medium 

length reviews containing ambiguous words, as it reduces text length bias and yields more representative 

sentiment labels. The resulting label distribution at this stage forms an essential foundation for the 

training and evaluation of classification models in subsequent stages. 

3.3. Training and Testing Data Split 

To ensure a reliable model development process, the sentiment-labeled dataset was divided into 

training and testing sets using an 80:20 ratio. This split was performed using a stratified sampling 

strategy to maintain the original label proportions in both the training and testing sets. By doing so, each 

sentiment class (Negative, Neutral, and Positive)  remains proportionally represented, preventing the 

model from being biased toward any particular class. The data split results for Method 1 (Mean 

Weighting) are presented in Table 4. 

 

Table 4. Training and Testing Data Distribution for Method 1 (Mean Weighting) 

Label 
Training Data Testing Data 

Number of Samples Percentage (%) Number of Samples Percentage (%) 

Negatif 9676 51,50% 2419 51,5% 

Netral 1756 9,35% 439 9,35% 

Positif 7356 39,15% 1839 39,15% 

 

As shown in Table 4, the proportions of Negative, Positive, and Neutral classes in the training 

and testing sets remain consistent with the original dataset distribution, where the Negative class 

continues to dominate, followed by the Positive class, and the Neutral class representing the smallest 

proportion. This consistency indicates that the stratification process successfully preserves the label 

distribution structure, ensuring that model evaluation results are not affected by shifts in class 

composition between the training and testing stages. The training and testing data distribution for 

Method 2 (Summation Weighting) is presented in Table 5. 

 

Table 5. Training and Testing Data Distribution for Method 2 (Summation Weighting) 

Label 
Training Data Testing Data 

Number of Samples Percentage (%) Number of Samples Percentage (%) 

Negatif 9700 51,63% 2407 51,25% 

Netral 2055 10,94% 537 11,43% 

Positif 7033 37,43% 1753 37,32% 

 

The resulting distribution pattern exhibits a similar trend to that of Method 1, although minor 

differences in percentage values are observed due to variations in the weighting mechanism applied 

during the initial labeling stage. Nevertheless, the class proportions in both the training and testing sets 

remain consistently maintained, allowing for an objective and fair comparison of model performance 

between Method 1 and Method 2. 
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Overall, the results of the training and testing data split demonstrate that the use of stratified 

sampling provides a solid foundation for training classification models. With balanced and consistent 

label distributions across both weighting methods, performance differences observed in subsequent 

evaluation stages can be directly attributed to the characteristics of the lexicon weighting strategies and 

classification algorithms employed, rather than to differences in data structure. 

3.4. TF–IDF Feature Analysis 

TF–IDF feature analysis was conducted to identify lexical characteristics that distinguish reviews 

labeled as Negative, Neutral, and Positive under each lexicon weighting method. TF–IDF representation 

was employed because it emphasizes informative terms within a review while reducing the influence of 

common words that frequently appear across documents. As such, TF–IDF features provide a relevant 

statistical basis for sentiment classification. The distribution of the highest weighted TF–IDF features 

for Method 1 (Mean Weighting) is presented in Figure 4, which illustrates the top 20 dominant features 

for each sentiment class. 

 

 
Figure 4. Top TF–IDF Features for Method 1 

 

Based on Figure 4, the Negative class is characterized by dominant features such as “tempat” 

(place), “kurang” (lacking), “banyak” (many), and “sampah” (trash). Although some of these words are 

lexically neutral, their contextual usage in the reviews reflects negative evaluations of facilities and 

environmental conditions perceived as inadequate. This pattern indicates that negative reviews in the 

mangrove ecotourism domain tend to focus on the physical condition of locations and site management. 

In contrast, the Positive class is dominated by high-weight TF–IDF features such as “indah” 

(beautiful), “nyaman” (comfortable), “hutan” (forest), and “foto” (photo), which reflect visual appeal, 

comfort, and natural attractions. The dominance of these features suggests that positive reviews 

emphasize aesthetic aspects and recreational experiences. Meanwhile, the Neutral class is characterized 
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by terms such as “wisata” (tourism), “mangrove”, and “bagus” (good), which are largely informative 

and do not explicitly convey emotional orientation. This lexical pattern explains why the Neutral class 

is more difficult to distinguish during classification. The TF–IDF feature distribution for Method 2 

(Summation Weighting) is shown in Figure 5, which presents the dominant features for each sentiment 

class. 

 

 
Figure 5. Top TF–IDF Features for Method 2 

 

The results in Figure 5 indicate that the dominant features identified using Method 2 are largely 

similar to those obtained with Method 1. This similarity confirms that differences in lexicon weighting 

mechanisms (Mean and Summation) do not substantially alter the statistical structure of the vocabulary 

in the dataset. Consequently, differences in classification performance observed during evaluation are 

more strongly influenced by the quality and stability of the sentiment labels generated by each weighting 

method rather than by changes in TF–IDF feature distributions. 

To provide a visual overview of class separability, dimensionality reduction was performed using 

two-dimensional Principal Component Analysis (PCA) on the TF–IDF representations, as shown in 

Figure 6. 

The visualization in Figure 6 reveals a tendency for sentiment-based clustering, although overlaps 

between classes remain evident. The Negative class forms a relatively denser region compared to the 

Positive and Neutral classes, indicating more consistent lexical patterns in negative reviews. In contrast, 

substantial overlap between the Neutral class and other classes reflects lexical similarity, which 

contributes to misclassification in the Neutral class and is further discussed in the confusion matrix 

analysis. 
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Figure 6. Two-Dimensional PCA Visualization of TF–IDF Features (Method 1) 

 

Overall, the TF–IDF feature analysis demonstrates that the dominant features align with the 

semantic characteristics of mangrove ecotourism reviews. However, vocabulary overlap across 

sentiment classes, particularly involving ambiguous words, limits perfect class separation and represents 

an important factor influencing classification performance in the evaluation stage. 

3.5.  Evaluation 

Model performance evaluation was conducted by comparing Support Vector Machine (SVM) and 

Logistic Regression (LR) under two lexicon weighting approaches, namely Method 1 (Mean Weighting) 

and Method 2 (Summation Weighting). Performance comparison focused on accuracy, macro F1-score, 

weighted F1-score, and prediction error patterns observed through confusion matrices. All experiments 

employed TF–IDF feature representations and stratified train test splits to ensure consistent class 

distributions. 

3.5.1. Model Combination Evaluation 

All models were trained using TF–IDF feature representations and evaluated on stratified test 

data. A summary of the overall performance for each model combination is presented in Table 6, using 

evaluation metrics including accuracy, macro precision, macro recall, macro F1-score, and weighted 

F1-score. 

 

Table 6. Performance Evaluation of Model Combinations 

Model Accuracy 
Precision 

(Macro) 

Recall 

(Macro) 

F1-Score 

(Macro) 

F1-Score 

(Wighted) 

SVM + Lexicon Mean (Metode 1) 0,902 0,876 0,819 0,841 0,899 

SVM + Lexicon Summation 

(Metode 2) 
0,888 0,859 0,779 0,804 0,88 

Logistic Regression + Lexicon 

Mean (Metode 1) 
0,891 0,878 0,792 0,822 0,886 

Logistic Regression + Lexicon 

Summation (Metode 2) 
0,876 0,867 0,757 0,786 0,865 
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Based on Table 6, the combination of SVM with Method 1 (Mean Weighting) demonstrates the 

most superior and consistent performance across all evaluation metrics, achieving an accuracy of 0.902, 

a macro F1-score of 0.841, and a weighted F1-score of 0.899. The relatively balanced macro precision 

and macro recall values (0.876 and 0.819, respectively) indicate that this model not only performs well 

overall but also maintains balanced classification performance across sentiment classes, including the 

minority Neutral class. These results suggest that normalizing lexicon scores through averaging 

produces a more stable label structure that can be more effectively learned by a margin-based classifier 

such as SVM.  

In contrast, when SVM is combined with Method 2 (Summation Weighting), a performance 

degradation is observed across all major metrics. Notably, the macro F1-score decreases from 0.841 to 

0.804, and macro recall declines from 0.819 to 0.779. This reduction indicates an increase in 

misclassification for certain classes, particularly the Neutral class. The decline can be attributed to the 

tendency of the Summation method to generate polarity scores with larger magnitudes, which increases 

the likelihood of assigning reviews to extreme classes (Positive or Negative) and reduces model 

sensitivity to ambiguous or informative reviews. 

A similar pattern is observed for Logistic Regression. The combination of LR with Method 1 

achieves an accuracy of 0.891 and a macro F1-score of 0.822, outperforming LR combined with Method 

2, which yields a macro F1-score of only 0.786. Although LR generally exhibits lower performance than 

SVM, these results confirm that lexicon weighting schemes play a critical role in shaping sentiment 

label quality, even for linear classifiers. Mean Weighting enables LR to learn TF–IDF feature 

distributions more proportionally, whereas Summation Weighting tends to amplify bias toward majority 

classes. 

Overall, the results presented in Table 6 confirm that Mean Weighting is more effective than 

Summation Weighting, particularly when used as the basis for sentiment labeling in supervised 

classification. Mean based lexicon weighting is better suited to ecotourism reviews, which are typically 

short to medium in length and often contain words with ambiguous polarity, as it reduces the dominance 

effect of sentiment word frequency. These findings also indicate that SVM achieves optimal 

performance when trained on a stable labeling structure, making the combination of SVM and Mean 

Weighting the most effective approach in this study. 

3.5.2. Class Performance and Confusion Matrix Analysis 

Confusion matrix analysis provides a detailed view of the prediction error patterns produced by 

each model. Figure 7 presents the confusion matrices for the SVM based models, while Figure 8 

illustrates the results for the Logistic Regression (LR) models. 

 

 
Figure 7. Confusion Matrix of the SVM Classifier 
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As shown in Figure 7, the combination of SVM with Method 1 (Mean Weighting) achieves a high 

number of correct predictions for the Negative and Positive classes, accompanied by relatively low cross 

class misclassification. Although the Neutral class remains the most challenging to predict accurately, 

this combination yields a higher number of correct Neutral predictions compared to the other model 

configurations. This pattern supports the results reported in Table 6, where this model achieves the 

highest macro F1-score and weighted F1-score. These findings indicate that Mean Weighting produces 

a more balanced sentiment label structure, enabling SVM to construct more consistent decision 

boundaries across classes. 

In contrast, SVM combined with Method 2 (Summation Weighting), as depicted in Figure 7, 

exhibits an increase in cross class misclassification, particularly between the Negative and Positive 

classes, along with a noticeable decline in prediction accuracy for the Neutral class. This observation is 

consistent with the reduction in macro F1-score reported in Table 6, suggesting that score accumulation 

in the Summation method amplifies extreme polarity values and reduces the model’s sensitivity to 

neutral or ambiguous reviews. 

 

 
Figure 8. Confusion Matrix of the Logistic Regression Classifier 

 

A similar trend is observed for Logistic Regression, as illustrated in Figure 8. LR combined with 

Method 1 maintains relatively stable performance on the majority classes but produces more 

misclassifications in the Neutral class compared to SVM. Meanwhile, the combination of LR with 

Method 2 results in the highest overall error rate, particularly for the Neutral class, which is frequently 

misclassified as either Negative or Positive. This outcome highlights the higher sensitivity of linear 

models to imbalanced sentiment score distributions, especially when lexicon weighting is based on 

summation. 

Overall, the confusion matrix analysis presented in Figure 7 and Figure 8 confirms that the 

combination of SVM and Mean Weighting delivers the most consistent performance across all sentiment 

classes. This superiority is reflected not only in aggregate evaluation metrics but also in more controlled 

and interpretable misclassification patterns, particularly in reducing cross class confusion among the 

primary sentiment categories. 

3.5.3. Error Analysis 

Error analysis was conducted to identify misclassification patterns occurring in the best 

performing model, namely SVM with Method 1 (Mean Weighting), and to compare these patterns with 

other model configurations. This analysis aims to reveal sources of classification errors that are not fully 
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captured by aggregate evaluation metrics. A summary of the total number of misclassified instances for 

each model is presented in Table 7. 

 

Table 7. Summary of Classification Errors 

Model Number of Misclassifications 

SVM 459 

Logistic Regression 513 

 

Based on Table 7, the SVM model with Mean Weighting produces the lowest number of 

misclassifications compared to the other configurations. This result is consistent with its superior 

accuracy and F1-score reported in Table 6. The noticeable difference in error counts between Method 1 

and Method 2 across both algorithms indicates that the stability of sentiment labels generated by the 

lexicon weighting scheme plays a direct role in reducing prediction errors, rather than the classification 

algorithm alone. To further investigate the nature of these errors, Table 8 presents representative 

examples of misclassified reviews produced by the best model (SVM + Mean Weighting). 

The examples in Table 8 demonstrate that misclassifications are not solely caused by individual 

word weights, but also by the limitations of TF-IDF feature representation in capturing contextual 

relationships between words. Reviews containing positive terms such as “bagus” (good) or “ramai” 

(crowded) may still be labeled as negative when these words appear within an overall negative 

evaluative context, for instance in sentences that include complaints about facilities or cleanliness. 

 

Table 8. Examples of Misclassified Reviews 

Review Text Actual Label Predicted Label 

“bagus tapi kotor” Negatif Positif 

“cukup bagus” Netral Positif 

“ramai dan sesak” Negatif Netral 

 

These findings indicate the presence of contextual polarity shift, where word level polarity does 

not necessarily align with the sentiment of the entire sentence. This phenomenon constitutes a major 

source of classification errors, particularly for the Neutral class and in cross class predictions between 

Positive and Negative sentiments. Although the Mean Weighting method helps balance the influence of 

opposing polarity scores for ambiguous words, the Bag-of-Words based representation used by TF-IDF 

remains unable to explicitly model semantic dependencies and sentence structure, making certain 

misclassifications unavoidable. 

Overall, this error analysis highlights that improvements in model performance are not 

determined solely by the choice of classification algorithm or lexicon weighting strategy, but are also 

constrained by the expressive capacity of the text representation. These results reinforce earlier findings 

that the combination of Mean Weighting and SVM yields the most stable performance, while still 

exhibiting limitations in handling complex linguistic context and semantic ambiguity. 

3.5.4. Words Appearing in Both InSet Lexicon Dictionaries 

Based on the processing results using the InSet Lexicon, which consists of a positive dictionary 

and a negative dictionary, one word was identified as appearing in both dictionaries. Several examples 

of words that appear in both dictionaries are presented in Table 9. 

The results in Table 9 show that ambiguous words produce different score values when calculated 

using Method 1 (Mean Weighting) and Method 2 (Summation Weighting). In the Summation method, 

positive and negative weights are directly summed, resulting in larger polarity values. In contrast, the 
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Mean method computes the average of the two weights, producing more proportional scores. This 

difference in weighting mechanisms directly affects the sentiment score at the token level and the 

accumulation of sentiment scores at the overall review level. 

Table 9. Words Appearing in Both Positive and Negative InSet Lexicons 

Ambiguous Word 
Positive 

Weight 

Negative 

Weight 

Mean Weight 

(M1) 

Summation Weight 

(M2) 

bagus +3 –1 +1 +2 

indah +4 –2 +1 +2 

ramai +1 –1 0 0 

bersih +2 –1 +0.5 +1 

 

These findings are consistent with the results of the previously conducted error analysis, where 

words such as “bagus”, “indah”, and “ramai” frequently appeared in misclassification cases. When such 

words occur in sentences containing negative evaluations, the Summation method tends to amplify the 

contribution of certain polarity scores, thereby increasing the likelihood of reviews being classified into 

extreme classes. Conversely, the Mean method produces more stable values, reducing the dominance of 

a single type of weight in determining the final label. Differences in lexicon weighting strategies directly 

influence the stability of sentiment scores at the word level, which subsequently affects the quality of 

review labeling. These findings reinforce earlier results indicating that Mean Weighting is more suitable 

for reviews containing words with dual meanings, particularly in the ecotourism context, which is rich 

in descriptive expressions and subjective evaluations. Nevertheless, although Mean Weighting produces 

more consistent weighting, the limitations of Bag of Words–based approaches in capturing sentence 

context remain a source of error that cannot be fully resolved. 

4. DISCUSSION 

This study demonstrates that the combination of the Mean Weighting lexicon strategy and the 

Support Vector Machine (SVM) algorithm achieves the best overall performance, with an accuracy of 

0.902 and a macro F1-score of 0.841. These findings confirm that a lexicon aggregation strategy that 

normalizes word polarity values is more effective in handling lexical ambiguity and the phenomenon of 

contextual polarity shift in Indonesian review texts. This pattern is consistent with the findings reported 

by Abdillah et al. [13] and Alfauzan et al. [14], who emphasized that sentiment label stability has a 

direct impact on improving the performance of SVM based models. 

Compared with the studies by Khairani et al. [20] and Noviani et al. [18], the results of this study 

further support the conclusion that integrating lexicon-based labeling with machine learning techniques 

can improve sentiment classification accuracy, particularly when using TF–IDF features. This study 

extends previous work by explicitly evaluating two lexicon weighting schemes, namely Mean 

Weighting and Summation Weighting, which have not been extensively examined in the context of the 

Indonesian language. The evaluation results indicate that Mean Weighting outperforms Summation 

Weighting because it produces a more proportional and stable label distribution. Such stability facilitates 

SVM in constructing optimal decision boundaries between sentiment classes. 

When compared with the studies by Aulia et al. [12] and Lubihana and B. Y. [16], which applied 

purely lexicon based approaches in the tourism domain, this research demonstrates a significant 

performance improvement through the adoption of a hybrid approach combining lexicon-based labeling, 

TF–IDF feature representation, and SVM classification. Similar findings were reported by Syahrul and 

Fatharani [17], who observed an accuracy improvement of approximately 5–10% using hybrid lexicon 
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machine learning models. Therefore, this study reinforces existing evidence that hybrid approaches can 

effectively mitigate the limitations of static lexicons in representing contextual semantics. 

From a theoretical perspective, these findings support the views of Wang et al. [29] and Jiang et 

al. [31], who argued that polarity aggregation strategies that account for weight balance can enhance 

semantic coherence in sentiment representations. The Mean Weighting approach is shown to provide a 

stabilizing effect on data with high ambiguity, such as ecotourism reviews, where the same word may 

convey positive or negative sentiment depending on its contextual usage. 

From a methodological standpoint, the primary contribution of this study lies in the systematic 

evaluation of two lexicon weighting schemes for Indonesian sentiment analysis through an adaptive 

enhancement of the InSet lexicon weighting mechanism. This aspect has not been previously examined 

in a structured manner. The proposed approach contributes to the development of more context-aware 

hybrid sentiment analysis frameworks by demonstrating that the combination of Mean Weighting and 

SVM yields more stable and accurate results than single-lexicon models or simple summation-based 

weighting strategies. 

5. CONCLUSION 

This study confirms that the combination of the Mean Weighting lexicon strategy and the Support 

Vector Machine (SVM) algorithm represents the most effective approach for sentiment analysis of 

Indonesian-language ecotourism reviews. This approach successfully addresses the limitations of 

traditional lexicon-based methods by normalizing the polarity values of ambiguous words, thereby 

producing a more proportional label distribution and improving model performance stability. With an 

accuracy of 0.902 and a macro F1-score of 0.841, the SVM model combined with Mean Weighting 

demonstrates a strong ability to consistently classify sentiment in texts characterized by high semantic 

ambiguity. 

The main contribution of this research lies in the systematic development and evaluation of two 

Indonesian lexicon weighting schemes through the application of Mean Weighting and Summation 

Weighting. The findings provide a new methodological foundation for the development of hybrid 

sentiment analysis approaches that integrate lexicon weighting, statistical feature representations (TF–

IDF), and machine learning algorithms. In this regard, the study strengthens the basis for advancing 

Natural Language Processing (NLP) technologies in local language contexts with high semantic 

diversity, such as the Indonesian language. 

For future research, the proposed model can be extended by integrating deep learning approaches 

and contextual word embedding representations, such as Bidirectional Encoder Representations from 

Transformers (BERT) or IndoBERT. These approaches are expected to capture contextual meaning 

between words more effectively, reduce errors caused by contextual polarity shifts, and improve model 

generalization across different domains and writing styles. Such integration may also broaden the 

applicability of the model to tourism recommendation systems, public opinion analysis, and other 

sentiment-based applications within the Indonesian NLP ecosystem.  
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