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Abstract—TikTok Shop generates a large volume of user reviews containing valuable information regarding customer satisfaction,
service quality, and user experience. However, manually analyzing large amounts of review data is inefficient and time-consuming,
making sentiment classification an important approach for automatically extracting user opinions. This study aims to analyze and
compare the performance of Random Forest and Support Vector Machine (SVM) algorithms in classifying TikTok Shop reviews.
The dataset was obtained from Kaggle and consisted of 3,145 review records. Data preprocessing was conducted through cleaning,
case folding, tokenization, stopword removal, and stemming, resulting in 2,376 valid review records. Feature extraction was
performed using the Term Frequency—Inverse Document Frequency (TF-IDF) method. The dataset was then divided into training
and testing sets using an 80:20 ratio before classification using Random Forest and SVM algorithms. Model performance was
evaluated using accuracy, precision, recall, and F1-score metrics. The results showed that Random Forest achieved an accuracy of
89.71%, precision of 79.50%, recall of 87.00%, and F1-score of 83.00%, while SVM achieved an accuracy of 91.60%, precision
0f'87.70%, recall of 82.60%, and F1-score of 85.10%. These findings indicate that SVM outperformed Random Forest and provided
better overall performance for sentiment classification of TikTok Shop reviews.
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1. INTRODUCTION

The development of digital technology and the internet has significantly driven the growth of e-commerce and social
e-commerce in recent years, thereby transforming the way people interact in digital trade activities (Saepudin et al.,
n.d.). Social commerce is a form of electronic commerce that integrates social media with online transaction activities,
enabling users to interact, promote, and purchase products within a single digital platform(Meridha Isnaeni et al.,
2026; Rissa Nurfitriana Handayani, 2021). One of the fastest-growing social e-commerce platforms is TikTok Shop,
which integrates short-form videos, live streaming, affiliate marketing, and online transaction features into a single
digital application(Eva Lasfianal, 2023; Sopi Nurdini & Dadang Munandar, 2025). The emergence of TikTok Shop
has not only transformed companies' digital marketing strategies but has also influenced consumer behavior in seeking
product information and making online purchasing decisions(Leo Edward 1, 2025; Tyas Febianil, 2023).

In the purchase decision-making process, online customer reviews serve as an important source of information
that consumers use to evaluate product quality, service quality, and user experiences related to a product or e-
commerce platform(Azza Amira et al., 2020; William Chandra, 2024). Customer reviews are also known to influence
consumer trust, customer loyalty, and purchase decisions, as reviews reflect the actual experiences of previous users
with a product or digital service(Apriana et al., 2025; Nurul et al., 2024; Rahmat Yuliawan, 2025). The high level of
user activity in providing opinions and reviews on TikTok Shop generates a large volume of textual data that can be
utilized as a valuable source of information for understanding users’ perceptions and sentiments toward the products
and services available on the social commerce platform(Raden Sigit Surya Pratama, 2025; Rissa Nurfitriana
Handayani, 2021).

The increasing number of customer reviews on digital platforms has made manual opinion analysis less
effective and more time-consuming(Ambika Hapsari & Dwi Indriyanti, 2023; Chehal et al., 2021). Therefore,
sentiment analysis has become an important approach in the fields of text mining and Natural Language Processing
(NLP) for automatically identifying positive, negative, and neutral sentiments from unstructured textual data(Arif
Bijaksana Putra Negara, 2023; Harnelia, 2024). Sentiment analysis is widely used to understand user opinions on
social media, marketplaces, and e-commerce platforms, as it can assist companies in evaluating service quality,
customer satisfaction, and consumer perceptions of a product(Ambika Hapsari & Dwi Indriyanti, 2023; Larasati et
al., 2022). With the growing volume of customer review data, various machine learning techniques have been widely
adopted to conduct automated text classification, offering greater accuracy and efficiency compared to manual
analysis(E. Fitri et al., 2020; Rohanah et al., 2021).

Previous research has demonstrated that machine learning algorithms, including Support Vector Machine
(SVM), Random Forest, Naive Bayes, Decision Tree, and Logistic Regression, are widely employed in sentiment
classification because of their effectiveness in handling high-dimensional text data(E. Fitri et al., 2020; Rohanah et
al., 2021; Saepudin et al., n.d.). In text classification, preprocessing plays a crucial role, as customer review data often
contain noise, misspellings, symbols, emojis, abbreviations, and non-standard language that can negatively impact the
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performance of classification models(Jessica Angelina et al., 2023). Therefore, preprocessing techniques such as
cleaning, case folding, tokenization, stopword removal, normalization, and stemming are essential for generating a
more structured representation of textual data prior to the classification stage(Azza Amira et al., 2020). In addition to
preprocessing, feature extraction methods such as Term Frequency—Inverse Document Frequency (TF-IDF) are also
widely used in sentiment analysis research because they can assign weights to important words, thereby improving
the quality of feature representation in textual data(Y. Setiawan et al., 2023).

Various machine learning algorithms have been employed in sentiment classification research to analyze user
opinions on social media and e-commerce platforms(E. Fitri et al., 2020; Larasati et al., 2022). Algorithms such as
Naive Bayes, Decision Tree, Logistic Regression, Support Vector Machine (SVM), and Random Forest are widely
applied because they can perform automated text classification with relatively high accuracy on high-dimensional
data(Homepage et al., 2026; Oktavianto et al., 2024; Rohanah et al., 2021). Previous studies have shown that Support
Vector Machine (SVM) is frequently used in sentiment analysis because it has strong capabilities in handling sparse
matrices and text data generated through TF-IDF feature extraction(Cristina Angelika & Suhari, 2026; Fathirachman
Mahing et al., 2024). Meanwhile, Random Forest is also widely used in text classification because it can reduce
overfitting through ensemble learning and bagging approaches applied to decision trees (R. R. Fitri et al., 2025).
Furthermore, several previous studies have demonstrated that the combination of text preprocessing, feature
extraction, and machine learning algorithms can improve the performance of sentiment classification on social media
and digital marketplace data(Aldean et al., 2022; Khab Sulaiman Dalam et al., n.d.).

Although various machine learning algorithms have been widely used in sentiment analysis research, each
method still exhibits different performance characteristics in the text classification process (Alqaraleh et al., 2024; Dai
et al., 2024). Support Vector Machine is known for its strong ability to handle high-dimensional data and sparse
matrices, which often results in high classification performance in text-based sentiment analysis studies(Das et al.,
2021; J. C. Setiawan et al., 2023). Furthermore, SVM is considered effective in the classification process because it
can construct an optimal hyperplane to separate data classes more accurately (Madjid et al., 2023; Pakpahan et al.,
2023). Other studies have shown that the use of appropriate kernels and parameters can improve the classification
performance of Support Vector Machine on unstructured text data(Ahmed Khan et al., 2024; Basarslan & Bal, 2025).
On the other hand, Random Forest has the advantage of reducing overfitting through ensemble learning and bagging
approaches applied to decision trees(Dwi Utami Putra, 2025; Rahmawati et al., 2024).

Random Forest is also known to provide stable classification performance in text classification and sentiment
analysis studies involving social media and digital marketplace data(Arifin et al., 2021; Aufa et al., 2023).
Furthermore, Random Forest is capable of aggregating multiple decision trees, thereby improving classification
accuracy on complex and diverse datasets (Megawan et al., 2025; Setyabudi & Aryanny, 2025). However, Random
Forest models tend to be more difficult to interpret and require greater computational resources compared to other
simpler classification methods(Lestari et al., 2025; Zainottah et al., 2025). In addition to algorithmic factors, text
preprocessing, dataset balancing, and feature extraction techniques such as TF-IDF are also known to significantly
influence the performance of sentiment classification in various machine learning studies(Armaeni et al., 2024;
Mabharani & Yell, 2025; Muawanah et al., 2023).

Previous studies on sentiment analysis in digital platforms have generally focused on the use of a single
classification algorithm without conducting a comprehensive comparative analysis of the performance of multiple
machine learning models(Alqaraleh et al., 2024; Das et al., 2021). Most previous studies have also primarily utilized
review data from Twitter, YouTube, Shopee, Tokopedia, and other general marketplaces rather than Indonesian-
language data from TikTok Shop(Dai et al., 2024; Rahmawati et al., 2024). Studies that specifically compare the
performance of Support Vector Machine and Random Forest in the classification of TikTok Shop reviews remain
relatively limited, making it unclear which algorithm performs best for the characteristics of social commerce data(Nur
Khaliza et al., 2022; Setyabudi & Aryanny, 2025). Furthermore, differences in text preprocessing, feature extraction
techniques, and the amount of training data used have led to varying model accuracy results across previous
studies(Lestari et al., 2025; Zainottah et al., 2025).

The characteristics of textual data on social commerce platforms also tend to be more dynamic, as they contain
informal language, abbreviations, emojis, typographical errors, and non-standard language that can affect the
sentiment classification process(Basarslan & Bal, 2025; J. C. Setiawan et al., 2023). Several previous studies have
also exhibited dataset imbalance and disproportionate sentiment class distributions, which may affect the stability of
classification model performance(Arifin et al., 2021; Megawan et al., 2025). Furthermore, some studies have focused
solely on accuracy values without considering precision, recall, and F1-score as evaluation metrics for a more
comprehensive assessment of classification model performance(Indrayuni & Acmad Nurhadi, 2025; Pakpahan et al.,
2023). Therefore, further research is needed to analyze the performance of classification algorithms that can provide
optimal results on TikTok Shop review data, which are characterized by dynamic and unstructured textual
content(Aufa et al., 2023; Dwi Utami Putra, 2025).

Based on these issues, this study proposes a performance analysis of the Random Forest and Support Vector
Machine algorithms for the classification of TikTok Shop reviews using a Natural Language Processing approach and
TF-IDF feature extraction(Ebrahim et al., 2023; Gasparetto et al., 2022). This study applies several preprocessing
steps, including cleaning, case folding, tokenization, stopword removal, normalization, and stemming, to improve the
quality of textual data before the classification process is performed(Ahmad Farhan AlShammari, 2023; Kalaivani &
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Kuppuswami, 2019). In addition, the use of TF-IDF is known to provide a more optimal representation of word
weights, thereby improving feature quality in machine learning-based text classification processes(Mohammad
Alkharboush, 2021; Sri, 2025). This study also compares the performance of Support Vector Machine and Random
Forest using evaluation metrics such as accuracy, precision, recall, and F1-score to identify the best classification
model for TikTok Shop review data(Bellar et al., 2024; Palanivinayagam & Damasevicius, 2023).

The use of these evaluation metrics is considered capable of providing a more comprehensive assessment of
model performance than relying solely on accuracy(Chinnalagu & Durairaj, 2021; Qasim et al., 2022). In addition,
TikTok Shop review data exhibit unstructured textual characteristics, such as typographical errors, emojis,
abbreviations, and informal language, which require optimal preprocessing before sentiment classification can be
performed(Atia Nevrada & Syaputra, 2025; Puh & Bagi¢ Babac, 2023). Previous studies have also shown that the
quality of preprocessing and feature extraction has a significant influence on the performance of machine learning-
based sentiment classification models(Deski Manalu et al., 2025; Saraswati & Diatri Indradewi, 2022). Therefore, this
study is expected to contribute to the development of sentiment analysis methods on social commerce platforms and
serve as a reference for future research on sentiment classification using digital review data(Alshehri & Algarni, 2023;
Zhou et al., 2024).

2. RESEARCH METHODS

2.1 Dataset Collection and Preprocessing

The dataset used in this study was obtained from Kaggle under the title “TikTok Tokopedia Seller Center Reviews”.
The dataset contains user reviews related to experiences, complaints, and satisfaction with TikTok Shop services and
features. A total of 3,145 review records were collected and categorized into positive and negative sentiment classes.
These reviews were used as the primary data source for sentiment classification using Random Forest and Support
Vector Machine algorithms. Examples of the original review dataset used in this study are presented in Table 1.

Table 1. Examples of TikTok Shop Review Dataset

No Review Content Sentiment
1 tolong keuangan transfer rekening berbeda rekening daftarkan buka toko orang rekening ter Negative
isi rekening tolong pendaftaran toko batasi akun daftarkan hilang lupa sandi kasih minim kali
2 sumpah ya aplikasi seller buruk tuh duitnya langsung masuk saldo nunggu berhari-hari butuh  Negative
modal belanja pakai kecewa aduh payah
3 susah ribet Negative
4 capai bikin dekripsi tolak kacau Negative
5 pelanggaran upload barang Negative
3145 kendala masuk tiktikshop seller verifikasi dokumen dokumen terdaftar akun uang ketarik Negative

tolong solusinya pengambilan dana

As shown in Table 1 several examples of the original review dataset used in this study. The collected reviews
contain various writing styles, inconsistent word forms, and textual noise that may affect the performance of sentiment
classification. Therefore, a preprocessing stage was conducted to improve the quality of the textual data before feature
extraction and classification. The preprocessing procedures included cleaning, case folding, tokenization, stopword
removal, and stemming. Cleaning was performed to remove unnecessary characters, symbols, punctuation marks, and
irrelevant text elements from the review data. Case folding was applied to convert all characters into lowercase letters
to ensure consistency in text representation. Tokenization was then used to split review sentences into individual
words or tokens. Stopword removal was conducted to eliminate commonly used words that do not contribute
significantly to sentiment classification. Finally, stemming was applied to transform words into their root forms,
reducing variations in word representation. These processes were applied to transform the review texts into a cleaner
and more structured format suitable for machine learning analysis. Examples of the preprocessing results are presented
in Table 2.

Table 2. Examples of Text Preprocessing Results

No Original Review
1 tolong keuangan
transfer rekening
berbeda rekening

Cleaning

tolong keuangan
transfer rekening
berbeda rekening

Tokenizing

['tolong', 'keuangan',
'transfer’, 'rekening’,
'berbeda’, 'rekening’,

Stopword Removal

['tolong', 'keuangan',
'transfer’, 'rekening’,
'berbeda’, 'rekening’,

Stemming
tolong keuangan
transfer rekening
berbeda rekening

daftarkan buka
toko orang
rekening ter isi
rekening tolong
pendaftaran toko

daftarkan buka
toko orang
rekening ter isi
rekening tolong
pendaftaran toko

'daftarkan', 'buka’,
'toko', 'orang’,

'rekening', 'ter', "isi',

'rekening', 'tolong’,

'daftarkan', 'buka’,
'toko', 'orang’,

'rekening', 'ter', "isi',

'rekening', 'tolong’,

daftarkan buka
toko orang
rekening ter isi
rekening tolong

'pendaftaran’, 'toko',  'pendaftaran’, 'toko',  pendaftaran toko
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No Original Review  Cleaning Tokenizing Stopword Removal  Stemming
batasi akun batasi akun 'batasi’, 'akun’, 'batasi', 'akun’, batasi akun
daftarkan hilang  daftarkan hilang  'daftarkan', 'hilang',  'daftarkan', 'hilang',  daftarkan hilang
lupa sandi kasih lupa sandi kasih 'lupa’, 'sandi', 'kasih', 'lupa’, 'sandi', 'kasih', lupa sandi kasih
minim kali minim kali 'minim’, 'kali'] 'minim’, 'kali'] minim kali

2 sumpah ya sumpah ya ['sumpah', 'ya', ['sumpah', 'ya', sumpah ya
aplikasi seller aplikasi seller 'aplikasi', 'seller’, 'aplikasi', 'seller’, aplikasi seller
buruk tuh duitnya  buruk tuh duitnya 'buruk’, 'tuh’, 'buruk’, 'tuh’, buruk tuh duitnya
langsung masuk langsung masuk 'duitnya’, 'langsung', 'duitnya', 'langsung',  langsung masuk
saldo nunggu saldo nunggu 'masuk’, 'saldo’, 'masuk’, 'saldo’, saldo nunggu
berhari butuh berhari butuh 'nunggu', 'berhari', 'nunggu', 'berhari', berhari butuh
modal belanja modal belanja 'butuh’, 'modal’, 'butuh’, 'modal’, modal belanja
pakai kecewa pakai kecewa 'belanja’, 'pakai’, 'belanja’, 'pakai’, pakai kecewa
aduh payah aduh payah 'kecewa', 'aduh’, 'kecewa', 'aduh’, aduh payah

'payah’'] 'payah’']

3 susah ribet susah ribet ['susah’, 'ribet'] ['susah’, 'ribet'] susah ribet

4 capai bikin capai bikin ['capai', 'bikin', ['capai', 'bikin', capai bikin
dekripsi tolak dekripsi tolak 'dekripsi', 'tolak’, 'dekripsi', 'tolak’, dekripsi tolak
kacau kacau 'kacau'] 'kacau'] kacau

5 pelanggaran pelanggaran ['pelanggaran’, ['pelanggaran’, pelanggaran
upload barang upload barang 'upload', 'barang'] 'upload', 'barang'] upload barang

2376 kendala masuk kendala masuk ['kendala', 'masuk’, ['kendala', 'masuk’, kendala masuk
tiktikshop seller tiktikshop seller 'tiktikshop', 'seller’, 'tiktikshop', 'seller’, tiktikshop seller
verifikasi verifikasi 'verifikasi', 'verifikasi', verifikasi
dokumen dokumen 'dokumen’, 'dokumen’, dokumen
dokumen dokumen 'dokumen’, 'dokumen’, dokumen

terdaftar akun
uang ketarik
tolong solusinya
pengambilan
dana

terdaftar akun
uang ketarik
tolong solusinya
pengambilan
dana

'terdaftar', 'akun',
'uang', 'ketarik’',
'tolong', 'solusinya’,
'pengambilan',
'dana']

'terdaftar’, 'akun',
'uang', 'ketarik’',

'tolong', 'solusinya’,

'pengambilan’,
'dana']

terdaftar akun
uang ketarik
tolong solusinya
pengambilan
dana

Based on the preprocessing results shown in Table 2, the review texts became cleaner and more structured
through the application of cleaning, case folding, tokenization, stopword removal, and stemming. After preprocessing,
a total of 2,376 review records were retained and used for feature extraction and sentiment classification. The
preprocessed data were then transformed into numerical representations using the TF-IDF method before being
classified using the Random Forest and Support Vector Machine algorithms. To ensure the quality and consistency of
the dataset used in this study, a duplicate removal process was conducted before the feature extraction stage. This
process aimed to eliminate redundant review records that could potentially affect the performance and reliability of
the classification models.

a. Duplicate Removal
Before the preprocessing stage, duplicate reviews were identified and removed to improve data quality and avoid
redundancy in the classification process. The original dataset contained 3,145 review records, of which 769 records
were identified as duplicates. After the duplicate removal process, 2,376 unique review records remained and were
used for subsequent preprocessing, feature extraction, and classification stages.

Table 3. Dataset Summary Afer Duplicate Removel

Description Records
Original Dataset 3,145
Duplicate Reviews Removed 769
Final Dataset 2,376

As shown in Table 3, the original dataset consisted of 3,145 review records. After the duplicate removal process,
769 duplicated reviews were eliminated, resulting in a final dataset of 2,376 unique review records. The resulting
dataset was subsequently used for TF-IDF feature extraction and sentiment classification using Random Forest
and Support Vector Machine algorithms.
b. Feature Extraction Using TF-IDF

Term Frequency—Inverse Document Frequency (TF-IDF) is a feature extraction method used to transform textual
data into numerical representations. TF-IDF assigns weights to terms based on their importance within a document
and across the dataset. Several mathematical formulations of TF-IDF are presented in Equations (1) - (3).
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_ _fd)
TF(t,d) = SNCTD) (1)
N
(IDF(t) = log 5 (2)
TFIDF(t,d) = TF(t,d) x IDF(t) 3)

Equation (1) calculates the term frequency of a word within a document. Equation (2) computes the inverse
document frequency to measure the uniqueness of a term across all documents. Equation (3) combines TF and IDF
to generate the final TF-IDF weight used as input features for Random Forest and Support Vector Machine
classification.
c. Train-Test Split

After the TF-IDF transformation process, the dataset was divided into training and testing sets using the train-test
split technique. The data were partitioned using an 80:20 ratio, where 80% of the data were used for training and
20% were used for testing. This partitioning was applied before the classification process using Random Forest
and Support Vector Machine algorithms.

Table 4. Dataset Partition Using Train-Test Split

Dataset Number of Records Percentage
Training Data 1900 80%
Testing Data 476 20%
Total 2376 100%

As shown in Table 4, the dataset was divided into 1,900 training records and 476 testing records. The training data
were used to build the classification models, while the testing data were utilized to evaluate and compare the
performance of Random Forest and Support Vector Machine models.

2.2 Research Framework

This study employed a research framework to systematically analyze and compare the performance of Random Forest
and Support Vector Machine algorithms in classifying TikTok Shop reviews. The framework consists of several
stages, including dataset collection, duplicate removal, text preprocessing, TF-IDF feature extraction, train-test split,
classification using Random Forest and Support Vector Machine, and performance evaluation using accuracy,
precision, recall, and F1-score metrics. The overall research process is illustrated in Figure 1.

Dataset Collection
from kaggle
(3145 Reviews)

v

Duplicate Removal
(769 Reviews Removed)

i

2376 Reviews hasil

v

Text Preprocessing

Cleaning

Case Folding
Tokenization
Stopword Removal
Stemming

i

TF-IDF Feature Extraction
(3683 Features)

¥
Train-Test Split
(1900 Training | 476 Testing)
v

Support Vector Machine

(Accuracy, Precision,
Recall, F1-Score)

[ Performance Evaluation ]

Performance Comparison ]
Best Model Selection
(SVM)

Figure 1. Research Framework of the Proposed Study
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As shown in Figure 1, the research process began with collecting the TikTok Tokopedia Seller Center Reviews
dataset consisting of 3,145 review records. Duplicate reviews were removed to improve data quality and eliminate
redundant information, resulting in 2,376 review records used for further analysis. The data were subsequently
preprocessed through cleaning, case folding, tokenization, stopword removal, and stemming. After preprocessing, TF-
IDF was applied to transform textual data into numerical features, generating 3,683 features. The resulting features
were divided into training and testing datasets using an 80:20 ratio, consisting of 1,900 training records and 476 testing
records. The classification process was then performed using Random Forest and Support Vector Machine algorithms.
Finally, both models were evaluated using accuracy, precision, recall, and F1-score metrics, followed by a
performance comparison to determine the best-performing model.

2.3 Random Forest

Random Forest is an ensemble learning algorithm that combines multiple decision trees to improve classification
performance and reduce overfitting. The algorithm constructs several decision trees using different subsets of training
data and determines the final prediction through a majority voting mechanism. Several mathematical formulations
used in the Random Forest algorithm are presented in Equations (4) - (9).

D,cD (4)
Gini(D) =1- Y p} (%)
Ginigpye (D) = Z;%Giniw]-) (©6)
Gain(D,A) = Gini(D) — Ginigyye (D) (7
9 = mode(hy (x), by (%), - .., hn () )
Fly= Y. AI(t)) 9)

Equation (4) represents the bootstrap sampling process used to generate different training subsets for each
decision tree. Equations (5) and (6) describe the Gini Index and Gini Split, which are used to measure node impurity
and determine the best data partition. Equation (7) calculates Information Gain to evaluate the contribution of each
feature during tree construction. Equation (8) represents the majority voting mechanism used to produce the final
classification result from multiple decision trees. Finally, Equation (9) measures feature importance, which indicates
the contribution of individual features to the sentiment classification process.

2.4 Support Vector Machine

Support Vector Machine (SVM) is a supervised machine learning algorithm widely used for text classification and
sentiment analysis. The main objective of SVM is to find an optimal hyperplane that maximizes the margin between
different classes. By maximizing the separation boundary, SVM can achieve high classification performance,
particularly when handling high-dimensional data generated through TF-IDF feature extraction. Several mathematical
formulations used in the SVM algorithm are presented in Equations (10) - (16).

f)=wlx+b (10)
wix+b=0 (11)
wix+b>1 12)
wix+b<— (13)
Margin = ”;—” (14)
miné hwl? (15)
K(x;, %) = x[ x; (16)

Equation (10) represents the SVM decision function used to classify input data. Equations (11), (12), and (13)
define the hyperplane and class boundaries used to separate different sentiment classes. Equation (14) calculates the
margin between classes, where a larger margin generally leads to better generalization performance. Equation (15)
represents the optimization objective used to determine the optimal hyperplane by minimizing the weight vector.
Equation (16) shows the linear kernel function used to calculate the similarity between feature vectors in the
transformed feature space.

2.5 Performance Evaluation

Performance evaluation was conducted to assess and compare the classification performance of Random Forest and
Support Vector Machine models. The evaluation process was based on the confusion matrix and measured using
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accuracy, precision, recall, and F1-score metrics. Several evaluation metrics used in this study are presented in
Equations (17) - (20).

TP+TN

Accuracy = ———— (17)
TP+TN+FP+FN
P TP
Precision = (18)
TP+FP
TP
Recall = (19)
TP+FN
PrecisionxRecall
F1-Score = 2 x —cstonxrecar (20)
Precision+Recall

Equation (17) measures the overall classification accuracy of the model. Equation (18) evaluates the proportion
of correctly predicted positive instances among all predicted positives. Equation (19) measures the ability of the model
to identify actual positive instances, while Equation (20) combines precision and recall into a single metric to provide
a balanced evaluation of classification performance.

3. RESULTS AND DISCUSSION

3.1 Random Forest Classification Results

The Random Forest model was trained using 1,900 training records and evaluated using 476 testing records. The
model performance was assessed using a confusion matrix and classification metrics, including accuracy, precision,
recall, and F1-score. The confusion matrix of the Random Forest model is presented in Figure 2.
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Figure 2. Confusion Matrix of Random Forest

As shown in Figure 2, the Random Forest model correctly classified 307 negative reviews and 120 positive
reviews. However, 31 negative reviews were incorrectly classified as positive, while 18 positive reviews were
incorrectly classified as negative. The results indicate that the Random Forest model was able to distinguish between
positive and negative sentiments effectively, as evidenced by the relatively high number of correct predictions
compared to misclassified instances. Overall, the confusion matrix demonstrates that Random Forest achieved good
performance in classifying TikTok Shop reviews.

Table 5. Performance of Random Forest Model

Metric Value
Accuracy 89.71%
Precision  79.50%
Metric Value
Recall 87.00%
F1-Score  83.00%

As shown in Table 5, the performance evaluation results of the Random Forest model. The model achieved an
accuracy of 89.71%, indicating that the majority of review sentiments were classified correctly. Furthermore, the
model obtained a precision of 79.50%, recall of 87.00%, and F1-score of 83.00%. The relatively high recall value
indicates that Random Forest was effective in identifying sentiment instances, while the overall results demonstrate
that the model provided good classification performance for TikTok Shop review data.
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3.2 Support Vector Machine Classification Results

To provide a fair comparison, the Support Vector Machine model was trained and evaluated using the same training
and testing datasets as the Random Forest model. The classification performance of the Support Vector Machine
model is presented through the confusion matrix shown in Figure 3.

Confusion Matrix of Support Vector Machine
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Figure 3. Confusion Matrix of Support Vector Machine

As shown in Figure 3, the Support Vector Machine model correctly classified 322 negative reviews and 114
positive reviews. However, 16 negative reviews were incorrectly classified as positive, while 24 positive reviews were
incorrectly classified as negative. Compared to the Random Forest model, SVM produced fewer false positive
predictions, indicating a better ability to distinguish negative sentiment reviews. Overall, the confusion matrix
demonstrates that the Support Vector Machine model achieved strong classification performance on the TikTok Shop
review dataset.

Table 6. Performance of Support Vector Machine Model

Metric Value
Accuracy 91.60%
Precision  87.70%
Recall 82.60%
F1-Score 85.10%

As shown in Table 6, the performance evaluation results of the Support Vector Machine model. The model
achieved an accuracy of 91.60%, which was higher than the accuracy obtained by Random Forest. In addition, SVM
achieved a precision of 87.70%, recall of 82.60%, and F1-score of 85.10%. These results indicate that Support Vector
Machine provided strong and balanced classification performance, making it effective for sentiment classification of
TikTok Shop reviews represented using TF-IDF features.

3.3 Performance Comparison of Random Forest and Support Vector Machine

To compare the performance of Random Forest and Support Vector Machine, several evaluation metrics were
analyzed, including accuracy, precision, recall, and F1-score. The comparison results are presented in Figure 4.

Performance Comparison of Random Forest and SVM
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Figure 4. Performance Comparison of Random Forest and Support Vector Machine
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Figure 4 shows that Support Vector Machine achieved higher accuracy, precision, and F1-score values than
Random Forest. SVM obtained an accuracy of 91.60%, precision of 87.70%, and F1-score of 85.10%, while Random
Forest achieved 89.71%, 79.50%, and 83.00%, respectively. However, Random Forest produced a higher recall value
of 87.00% compared to 82.60% achieved by SVM. These results indicate that SVM generally provided better
classification performance for the TikTok Shop review dataset.

Table 7. Performance Comparison of Random Forest and Support Vector Machine

Metric Random Forest SVM
Accuracy 89.71% 91.60%

Precision 79.50% 87.70%
Recall 87.00% 82.60%
F1-Score 83.00% 85.10%

As shown in Table 7, Support Vector Machine outperformed Random Forest in most evaluation metrics. The
higher accuracy and F1-score achieved by SVM indicate a better balance between precision and recall, suggesting
that SVM was more effective for sentiment classification of TikTok Shop reviews in this study.

3.4 Discussion of Random Forest and Support Vector Machine

Figure 5 shows that the Support Vector Machine model achieved a higher accuracy score than the Random Forest
model. SVM obtained an accuracy of 91.60%, while Random Forest achieved an accuracy of 89.71%. The difference
indicates that SVM was more effective in separating positive and negative sentiment classes within the TikTok Shop
review dataset. This superior performance can be attributed to the ability of SVM to handle high-dimensional feature
spaces generated by TF-IDF representation. Consequently, SVM demonstrated better overall classification capability
and can be considered the most suitable algorithm for sentiment classification in this study.

Accuracy Comparison of Classification Models
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Accuracy Score

Random Forest SVM

Figure 5. Accuracy Comparison of Classification Models

Figure 5 This study analyzed and compared the performance of Random Forest and Support Vector Machine
algorithms for sentiment classification of TikTok Shop reviews using TF-IDF feature extraction. A total of 2,376
review records were obtained after duplicate removal and preprocessing, and subsequently transformed into 3,683
textual features using TF-IDF. The experimental results showed that both algorithms achieved good classification
performance. Random Forest obtained an accuracy of 89.71%, precision of 79.50%, recall of 87.00%, and F1-score
of 83.00%. Meanwhile, Support Vector Machine achieved an accuracy of 91.60%, precision of 87.70%, recall of
82.60%, and Fl-score of 85.10%. Overall, Support Vector Machine outperformed Random Forest in terms of
accuracy, precision, and Fl-score, indicating its superior capability in classifying TikTok Shop review sentiments.
Therefore, Support Vector Machine can be considered the most suitable classification model for the dataset used in
this study.

4. CONCLUSION

This study analyzed and compared the performance of Random Forest and Support Vector Machine (SVM) algorithms
for sentiment classification of TikTok Shop reviews using TF-IDF feature extraction. The dataset consisted of 3,145
review records obtained from Kaggle. After the duplicate removal process, 2,376 unique review records remained and
were used for preprocessing, feature extraction, and classification. The preprocessed reviews were transformed into
3,683 numerical features using the TF-IDF method before the classification process was performed. The experimental
results demonstrated that both Random Forest and SVM achieved good classification performance. Random Forest
obtained an accuracy of 89.71%, precision of 79.50%, recall of 87.00%, and F1-score of 83.00%. Meanwhile, SVM
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achieved an accuracy of 91.60%, precision of 87.70%, recall of 82.60%, and F1-score of 85.10%. The comparison
results showed that SVM achieved higher accuracy, precision, and F1-score values than Random Forest. Although
Random Forest produced a slightly higher recall value, SVM provided better overall classification performance. The
ability of SVM to handle high-dimensional TF-IDF feature representations contributed to its superior performance in
classifying TikTok Shop review sentiments. Therefore, Support Vector Machine can be considered the most suitable
classification algorithm for the dataset used in this study. The findings of this study may serve as a reference for future
sentiment analysis research and assist in selecting appropriate machine learning models for social commerce review
classification. Future studies may explore larger datasets, additional feature extraction techniques, and advanced
machine learning or deep learning approaches to further improve classification performance.
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  T F ( t , d ) =   f ( t , d )    ∑  k  f ( k , d )


  I D F ( t ) = log ⁡   N  D F ( t )


  T F I D F  ( t , d ) = T F  ( t , d ) × I D F  ( t )


    D  b ⊂ D


  G i n i ( D ) = 1 −   ∑  i = 1  c    p  i 2


  G i n   i  s p l i t ( D ) =   ∑  j = 1  n    ∣   D  j ∣  ∣ D ∣ G i n i (   D  j )


  G a i n  ( D , A ) = G i n i  ( D ) − G i n   i  s p l i t  ( D )


    y ^ = mode ⁡ (  h 1 ( x ) ,  h 2 ( x ) , . . . ,  h  n ( x ) )


  F   I  j =   ∑  t = 1  T  Δ I ( t , j )


  f ( x ) =   w  T x + b


    w  T x + b = 0


    w  T x + b ≥ 1


    w  T x + b ≤ −


  M a r g i n =  2  ∥ w ∥


  min ⁡  1 2 ∥ w  ∥ 2


  K (   x  i ,   x  j ) =   x  i  T   x  j


  A c c u r a c y =   T P + T N  T P + T N + F P + F N


  P r e c i s i o n =   T P  T P + F P


  R e c a l l =   T P  T P + F N


  F 1 - S c o r e = 2 ×   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l

