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 The digital era has made online shopping easier, but it has also presented significant 

challenges regarding product authenticity, especially for branded goods that are often 

counterfeited. This study aims to detect discrepancies between product ratings and reviews 

for Adidas products on Tokopedia. A total of 2,180 data points were obtained using web 

scraping techniques with Python. The data was processed through data pre-processing and 

feature extraction using TF-IDF. Machine learning algorithms Support Vector Machine 

(SVM) and Random Forest were applied with a training and testing data split of 80:20. The 

final evaluation results showed that the SVM model achieved an accuracy of 93.1% and an 

F1 score of 92.5%, while Random Forest achieved an accuracy of 83.7% and an F1 score 

of 82.7%. This indicates that sentiment analysis can be effectively used to detect 

discrepancies between ratings and reviews, which can support the development of product 

authenticity detection systems on e-commerce platforms. 
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INTRODUCTION 

 

The increasing use of online marketplaces such as Tokopedia has transformed consumer behaviour in the digital era. However, 

product authenticity remains a critical issue, especially for branded items that are often counterfeited. Customer reviews and ratings 

are key indicators of product quality and trustworthiness, but inconsistencies between them—such as high ratings with negative 

comments—make it difficult to assess authenticity. 

 

This study focuses on analyzing such inconsistencies to support authenticity detection in Tokopedia’s fashion product category. 

Using a dataset of Indonesian-language reviews on Adidas products, Support Vector Machine (SVM) and Random Forest 

algorithms are applied to classify sentiment, detect inconsistencies, and re-rate reviews as needed. Previous research has rarely 

addressed this direct relationship between rating-review alignment and product authenticity. 

 

The aim of this research is to: (1) identify inconsistency patterns between ratings and reviews, (2) re-evaluate inconsistent reviews, 

and (3) compare the effectiveness of SVM and Random Forest in this task. The scope is limited to textual analysis using machine 

learning techniques without involving user metadata. 

  

RESEARCH METHODOLOGY 
 

Previous research on sentiment analysis in e-commerce has explored various machine learning algorithms, such as Naïve Bayes, 

Support Vector Machine (SVM), Random Forest, K-Nearest Neighbours (KNN), and Recurrent Neural Networks (RNN). These 

studies emphasize the importance of effective preprocessing techniques including TF-IDF, SMOTE, TOMEK LINK, and NLP-

based normalization. However, few have addressed the alignment between star ratings and review content in the context of product 

authenticity—this is the gap that this study aims to fill. 

This research proposes a multi-stage sentiment analysis pipeline to detect inconsistencies between product ratings and review 

texts, with a focus on Adidas fashion products on Tokopedia. The stages of this research include data collection, preprocessing, 
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labelling, feature extraction, model training, inconsistency detection, re-rating inconsistent data, and final classification. The 

complete research flow is shown in Figure 1. 

 

2.1 Data Collection 

 
The dataset was obtained through web scraping techniques using the Python requests, BeautifulSoup, and Selenium libraries. A 

total of 2,180 product reviews related to Adidas fashion products (e.g., shoes, shirts, hats) were collected from Tokopedia. Each 

review contains the following fields: review text, product title, and user rating (1–5 stars). The data was stored in .csv format for 

further analysis. 

 

2.2 Data Preprocessing 

 
The preprocessing stage included several steps to clean and normalize the data: 

 Lowercasing: All text was converted to lowercase. 

 Stopword Removal: Common stopwords in Indonesian were removed using a predefined stopword list. 

 Tokenization: Reviews were split into individual words. 

 Stemming: Words were reduced to their root form using an Indonesian stemmer. 

 Filtering: Only reviews with ratings of 1–2 (negative) and 4–5 (positive) were retained; neutral ratings (3) were excluded. 

 

2.3 Labelling and Feature Extraction 

Each review was labelled as positive (1) or negative (0) based on its star rating. Feature extraction was done using the TF-IDF 

vectorizer with unigram and bigram features, which transformed the textual data into numerical vectors suitable for machine 

learning models. 

 

2.4 Sentiment Classification 

Two machine learning algorithms were used to build baseline sentiment classification models: 

 Support Vector Machine (SVM): Effective in handling high-dimensional text data. 

 Random Forest: Able to detect complex patterns through ensemble learning. 

The dataset was split into 80% training and 20% testing, and model performance was evaluated using accuracy, precision, recall, 

and F1-score. 
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2.5 Inconsistency Detection and Re-Rating 

After obtaining sentiment predictions, each predicted sentiment was compared with the original rating label to identify 

inconsistencies. If the sentiment and the rating did not align, the review was marked as inconsistent. 

Subsequently, a second model was trained using only consistent data, to learn the proper relationship between review text and 

rating. This model was then used to re-rate inconsistent reviews. The re-rated data was combined with the consistent data to create 

the final dataset. 

 

2.6 Final Model and Evaluation 

The final classification model was trained on the complete dataset (re-rated + consistent). SMOTE was applied to address class 

imbalance before training. The model's effectiveness was evaluated again using accuracy, precision, recall, and F1-score to measure 

its ability to classify sentiment and consistency accurately. 

 

 

RESULT AND DISCUSSION 

3.1 Model Evaluation Before SMOTE 

Before applying class balancing using SMOTE, both Support Vector Machine (SVM) and Random Forest (RF) models showed 

differences in handling the imbalanced dataset. Figures 1 and 2 illustrate the evaluation metrics of both models. 

 
Figure 1. support vector machine evaluation before smote 

 
Figure 2. random forest evaluation 

 

The results of testing without SMOTE using Support Vector Machine achieved an accuracy of 94%, precision of 93%, recall of 

93%, and an f1-score of 93%. Meanwhile Random Forest showed slightly different performance, with an accuracy of 85%, 

precision of 83%, recall of 83%, and an f1-score of 83%. These results indicate that without class balancing, both models are still 

capable of delivering satisfactory performance, despite the potential for bias toward the majority class due to the imbalance in label 

distribution in the training data. 

 

3.2 Final Model Evaluation (After SMOTE) 

To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was applied. The final evaluation results 

of SVM and RF are shown in figure 3, figure 4, and Table 1. 

 
Figure 3. support vector machine evaluation after smote 
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Figure 4. random forest evaluation after smote 

 

Table 1. Evaluation after smote 

Model Accuracy Recall Precision F1 Score Best Params 

SVM 93.12% 92.31% 92.78% 92.53% 

{'C': 10, 'kernel': 'linear', 

'class_weight': None, 'gamma': 

'scale'} 

RF 83.72% 83.04% 82.51% 82.75% 

{'n_estimators': 200, 'max_depth': 

None, 'min_samples_leaf': 1, 

'min_samples_split': 2, 

'class_weight': 'balanced'} 
Applying SMOTE to balance the label distribution caused a consistent decline in the performance of both models, with the 

application of SMOTE showing a drop in accuracy, precision, recall, and F1 score compared to before SMOTE was applied. 

 

3.3 Discussion 

The SVM model consistently outperformed Random Forest in all metrics—accuracy, recall, precision, and F1-score—both 

before and after applying SMOTE. This result aligns with literature stating that SVM is well-suited for high-dimensional text 

classification, particularly when paired with TF-IDF vectorization. The use of a linear kernel with hyperparameter tuning further 

enhanced the margin separation between consistent and inconsistent review samples. 

On the other hand, while Random Forest offered flexibility and robustness, its performance lagged behind SVM, especially in 

recall and precision. This is likely due to the RF's reliance on feature randomness, which may underperform in sparse textual 

datasets. 

The application of SMOTE significantly helped improve class balance, leading to better generalization of both models. This 

highlights the importance of handling imbalanced data in review classification tasks, especially when detecting subtle 

inconsistencies between textual sentiment and numerical ratings. 

 

CONCLUSION 

The purpose of this study is to build a text-based sentiment classification system for product evaluations that can tell the 

difference between the rating given and the genuine sentiment indicated in the review. The many steps of the experiment, such as 

data preparation, initial classification, inconsistency detection, rerating of inconsistent reviews, and final classification, reveal that 

the proposed pipeline strategy works well to make the model more accurate and dependable. 

The first classification model, which used Support Vector Machine (SVM), discovered that 207 of the 2,180 reviews (9.5%) had 

ratings that didn't match what they were supposed to say. By separating the reviews that didn't match and training a rerating model 

just on the consistent data, the system was able to modify the rating labels to better reflect the genuine thoughts expressed in the 

text. 

The SMOTE approach made the rerating findings more realistic by changing the way the review content was spread out. The 

final models trained on this combined dataset did the best, with SVM attaining an accuracy of 93.1% and an F1-score (macro) of 

92.5%. The Random Forest model, on the other hand, was 83.7% accurate and had an F1 score (macro) of 82.7%. The results reveal 

that the method of discovering and resolving label problems makes the data much better and the classification much more accurate. 

But there are certain drawbacks that SMOTE might have. SMOTE produces bogus samples based on the k-nearest neighbors of 

the minority class. This means that if you apply it on high-dimensional and sparse representations like TF-IDF vectors, you can 

end up with fake data that doesn't actually indicate what text reviews are about. This could make models less accurate or recall in 

some cases because they learn from artificial patterns that aren't in real-world data. 

So, even though this strategy works well to improve the accuracy of sentiment classification, you should be very careful when 

utilizing oversampling methods like SMOTE for text-based classification tasks. 
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