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Abstract: TikTok Fashion Affiliate generates short, informal user comments with a
variety of communicative intentions, necessitating a text representation capable of
preserving key information within the comments. This study aims to evaluate Norm-
Based Softmax Weighting as a non-learned weighting mechanism and compare it
with Mean Pooling for classifying the intent of Indonesian-language TikTok Fashion
Affiliate comments. The comment dataset was independently annotated by three
annotators with a Krippendorff’s Alpha of 0.7950 and classified into three classes:
Question, Request, and Opinion. Word2Vec Skip-gram with a dimension of 100 was
used to generate comment representations, which were then compared using Mean
Pooling and Norm-Based Softmax Weighting in Support Vector Machine (SVM)
and Logistic Regression models. Hyperparameters were selected via Grid Search
using Macro F1 as the optimization criterion. To prevent data leakage, Word2Vec
was trained only on the training data and retrained on each fold. Evaluation was
performed using the test data, 5-Fold Stratified Cross-Validation, and Leave-One-
Video-Out. The results showed that SVM with Norm-Based Softmax Weighting
achieved a Macro F1 score of 0.7995, slightly higher than Mean Pooling’s 0.7913.
In contrast, for Logistic Regression, Mean Pooling achieved a Macro F1 score of
0.7846, which was higher than the 0.7768 achieved by Norm-Based Softmax
Weighting. However, ablation analysis and statistical testing did not reveal any
significant differences. Leave-One-Video-Out validation revealed performance
variations across videos and a decline in performance compared to random data
splitting. Thus, Norm-Based Softmax Weighting is a competitive non-learned
weighting alternative, but its effectiveness depends on the classifier and data
characteristics.
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INTRODUCTION

The growth of social media-based commerce has transformed the way consumers interact with products and
content creators. TikTok has become one of the platforms driving this trend through affiliate marketing, where
content creators promote products and direct users to make purchases via the platform’s shopping features. Fashion
affiliate content generates many short, informal comments, such as questions about products, requests for
additional information, and opinions on the promoted products. Classifying comments based on communication
intent can provide a more specific understanding of user interactions compared to conventional sentiment
classification because the focus is on identifying the user’s communicative intent, rather than determining whether
the user’s attitude is positive or negative (Harahap & Sazali, 2024).

Word2Vec has been widely used to represent Indonesian-language text because its vector representations are
capable of capturing relationships between words and can be combined with conventional machine learning
algorithms (Andriyani et al., 2024). However, the conversion of Word2Vec vectors at the token level into a single
representation of a comment generally uses Mean Pooling, in which all tokens in the comment contribute equally
to the final vector. Aggregation that assigns equal weights to all tokens may not be able to sufficiently distinguish
the contributions of different tokens in representing communicative intent, especially in short social media
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comments (Hendrawan et al., 2022). This situation highlights the need to test aggregation mechanisms that can
assign different weights to each token without unduly increasing the complexity of the representation.

This study uses Attention-Weighted Word2Vec, an approach that combines Word2Vec embeddings with
token weighting before aggregating them into a comment representation. Weighting is applied using Norm-Based
Softmax Weighting as a non-learned weighting mechanism. This mechanism calculates the L2 norm of each
Word2Vec token embedding, then normalizes the score using the softmax function to generate token weights.
Unlike learned attention in Transformer-based architectures, which learns parameters through the training process,
this approach does not use queries, keys, and values, nor does it use additional attention parameters. The L2 norm
is used as a weighting heuristic, not as a direct measure of a token’s semantic importance. Thus, the effectiveness
of the weighting must be evaluated through empirical testing of classification performance.

To address this gap, this study conducted an ablation experiment that explicitly compared Mean Pooling and
Norm-Based Softmax Weighting using the same Word2Vec representations. Both aggregation strategies were used
to form comment representations, which were then classified into three categories Question, Request, and Opinion
using Support Vector Machines (SVM) and Logistic Regression. A comparison of the two classifiers was
conducted to determine the consistency of the aggregation strategies’ impact on classification results. To enhance
methodological reliability, Word2Vec was trained exclusively on the training data and retrained separately on each
fold during the representation generation process. Hyperparameter selection for classification was performed using
a grid search with Macro F1 as the optimization criterion. Additionally, the study evaluated the reliability of the
annotations and tested the model’s generalization ability through validation on videos not used in the training
process.

Based on these issues, this study aims to evaluate whether Attention-Weighted Word2Vec using Norm-Based
Softmax Weighting produces representations that are competitive compared to conventional Mean Pooling in the
classification of the intent of Indonesian-language TikTok Fashion Affiliate comments. The contributions of this
study encompass three aspects: providing an independently annotated intent classification dataset; evaluating a
lightweight, untrained weighting mechanism against Mean Pooling as a baseline; and testing the model’s reliability
and generalization ability through cross-validation with data leakage control and video-based evaluation.

LITERATURE REVIEW

Word2Vec is a word embedding method that represents words as vectors of a certain dimension based on their
relationships with the surrounding context. This representation allows words with similar usage patterns to occupy
nearby positions in vector space. In Indonesian text processing, Word2Vec has been used for various text
classification tasks, including sentiment analysis of product reviews (Andriyani et al., 2024), user sentiment toward
investment apps and platforms (Suharman et al., 2025), and fake news detection (Asramanggala et al., 2023). In
Word2vec-based research, multiple tokens need to be combined into a single vector that represents the entire text.
One commonly used approach is mean pooling, which involves calculating the average of the vectors of all tokens.
This approach is simple and requires no additional parameters, but it assigns equal weight to each token and thus
does not account for differences in how tokens contribute to the representation of comments (Hendrawan et al.,
2022).

Attention-Weighted Word2Vec is an approach that combines Word2Vec representations with token weighting
before the vectors are aggregated into a comment representation. This approach allows each token to contribute
differently to the final representation, unlike mean pooling, which assigns equal weight to all tokens. Embedding-
based weighting has been used in several text representation approaches to enhance the information retained during
the aggregation process (Zhao et al., 2022). In this study, this concept is implemented through Norm-Based
Softmax Weighting, a norm-based weighting strategy applied to Word2Vec vectors to generate comment
representations. This approach is positioned as a non-learned aggregation mechanism and is evaluated through a
comparison with mean pooling on the comment intent classification task.

Support Vector Machines (SVMs) are one of the most widely used classification methods for text data because
they can handle high-dimensional feature representations. The combination of SVMs and Word2Vec has been
applied to various text classification tasks and has demonstrated competitive performance (Rizky & Lhaksmana,
2023). SVM performance is also influenced by hyperparameter selection, particularly when using the Radial Basis
Function (RBF) kernel; therefore, hyperparameter tuning is necessary to obtain an appropriate model configuration
(Wicaksana & Huda, 2025).

Logistic regression was used as a benchmark classifier against SVM because it is a relatively simple and
efficient classification method for text data (Saputra et al., 2025). Using both classifiers allows us to test whether
the effects of Attention-Weighted Word2Vec representations and mean pooling remain evident across different
classification algorithms. Thus, the evaluation focuses not only on differences in aggregation strategies but also
on the consistency of their performance when used with different classifiers.

Intent classification is an approach for identifying the underlying goals or intentions of an utterance based on
linguistic information contained in the text. In the analysis of social media comments, this approach can be used
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to distinguish the communicative functions conveyed by users, so that the information obtained is not limited to
sentiment polarity. Research on comments on digital platforms shows that modeling user intent can be used to
identify different forms of interaction based on their communicative purposes (Harahap & Sazali, 2024). In this
study, this concept is applied to TikTok Fashion Affiliate comments, focusing on “Question,” “Request,” and
“Opinion” as categories of intent. These categories serve as the basis for evaluating the ability of Word2Vec-based
representations to distinguish users’ communicative intentions.

METHOD
Research Framework
This study uses the Attention-Weighted Word2Vec framework to classify the intent of comments on TikTok
Fashion Affiliate content. The research framework applies Norm-Based Softmax Weighting as a non-learned
weighting mechanism to assign weights to Word2Vec token representations before classification using Support
Vector Machines (SVM) and Logistic Regression. To evaluate the contribution of this weighting mechanism, the
study compares Norm-Based Softmax Weighting with Mean Pooling using the same Word2Vec representations.
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Figure 1 Research Framework

Figure 1 shows the research workflow, which consists of several main stages, starting from the collection and
labeling of comments through to the model classification and evaluation process. The comment data obtained from
TikTok Fashion Affiliate video content first undergoes a preprocessing stage to produce more structured text.
Next, the text is represented using Word2Vec with the Skip-gram approach, then aggregated using two strategies:
Mean Pooling as the baseline and Norm-Based Softmax Weighting as a non-learned weighting mechanism. Both
representations are used as input for SVM and Logistic Regression, with hyperparameter selection performed via
Grid Search. Evaluation is conducted using classification metrics, 5-Fold Stratified Cross-Validation, and video-
based validation using LOVO and GroupKFold to compare the performance, stability, and generalization ability
of each combination of representation and classifier.

Data Collection and Labeling

The data for this study was obtained by scraping user comments from 10 TikTok videos classified as “Fashion
Affiliate” content. The videos were selected based on their engagement levels, number of comments, and relevance
to the promotion of women’s fashion products. The scraping process yielded 4,215 comments as the initial dataset
for the study.

The collected comments were then manually labeled into three intent categories: Question, Request, and
Opinion. “Question” includes product-related inquiries; “Request” includes requests for information or specific
actions; and “Opinion” includes statements or evaluations of products or content.

Labeling was performed by three independent annotators: a researcher, a TikTok user, and an affiliate content
creator. Each annotator read the comments in their entirety and determined the category based on context and
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communicative intent, with the most dominant intent used if the comment contained more than one form of
communication. Disagreements over labels were resolved through majority voting; the label receiving at least two
out of three votes was designated as the consensus label. Inter-annotator agreement was evaluated using Cohen’s
Kappa for each pair of annotators, as well as Fleiss’ Kappa and Krippendorff’s Alpha for overall agreement.
Agreement calculations were performed on 4,215 initial comments prior to the preprocessing stage. The consensus
label was used as the ground truth in the creation of the classification dataset.

Data Preprocessing

The text preprocessing stage is performed to clean and normalize TikTok comments before the feature
extraction process. This process aims to reduce noise in the text data, standardize token representations, and
improve the quality of the input for the embedding generation stage. Given that TikTok comments tend to be short,
informal, and contain a wide variety of slang, preprocessing is a crucial step in producing more consistent text
representations.
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Figure 2 Data Preprocessing

Word2Vec Feature Representations

Text feature representations were created using the Word2Vec technique with a Skip-gram architecture. This
approach was used to transform the processed tokens into low-dimensional numerical vectors capable of capturing
the semantic relationships between words found in comments related to TikTok Fashion Affiliate (Ayuningtyas &
Tantyoko, 2024).

Suppose a comment is represented as a token T'. Each token ¢; is then mapped to a d-dimensional embedding
vector v; in this study, d is set to 100 dimensions:

T ={ty,ty,...,t,} ¢))
ti - V; S Rd (2)

The Word2Vec model was configured with a window size of 5, a minimum word frequency (min-count) of
2, and 100 epochs. The resulting vector representations were then used to form comment representations through
two aggregation strategies, Mean Pooling as the baseline and Norm-Based Softmax Weighting as a non-learned
weighting mechanism.

To prevent data leakage, Word2Vec training was conducted exclusively using the training data. During the
cross-validation process, the Word2Vec model is retrained on the training data in each fold and used to represent
the validation data in that fold. Thus, neither the validation data nor the test data is used in the creation of the
vocabulary or embeddings. Tokens in the validation or test data that are not present in the training data vocabulary
are ignored, and comments that do not contain in-vocabulary tokens are represented by zero vectors.

Attention-Weighted Embedding

Each token represented using Word2Vec must be aggregated into a single vector that represents the entire
comment. Mean Pooling is performed by calculating the average of all token vectors, so that each token contributes
equally to the final representation (Hara et al., 2026). If a comment consists of n tokens with embedding vectors
v;, the comment representation is calculated using the equation:

1% 3)
Zmean = ; Z Ui

i=1
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Mean Pooling is used as a baseline to compare performance with the Norm-Based Softmax Weighting method,
which involves non-learned weighting based on the L2 norm of vector embeddings. The embedding norm is used
as magnitude-based information (Liu et al., 2020). The L2 norm is used as a heuristic to determine relative weights,
not as a direct measure of a token’s semantic importance.

For each token, the weighting score is calculated based on the L2 norm of the embedding vector:

score; = ||v;]|2 @)

exp(score; — maxy(scorey)) (5
?:1 exp(score; — maxy(score)) + ¢

a; = softmax(score;) =

The weights obtained are used to generate a representation of the comments through weighted aggregation:

zzzn:ai-vi ©

i=1

Unlike Mean Pooling, which assigns equal weights to each token, this mechanism assigns weights based on
the L2 norm of the embedding in a non-learned manner. Thus, the attention mechanism used here is norm-based
weighting, rather than learned attention as in the Transformer. Its effectiveness is evaluated by comparing it to
Mean Pooling using the same classifier.

Classification Model

The feature representations generated by the Mean Pooling and Norm-Based Softmax Weighting aggregation
processes are used as input for comment intent classification. This study uses two machine learning classification
algorithms: Support Vector Machine (SVM) and Logistic Regression.

Support Vector Machine (SVM)

SVM is used as one of the classifiers to model the decision boundary on the Word2Vec feature representation.
The Radial Basis Function (RBF) kernel is used to handle the nonlinear relationships between features in
distinguishing the three categories of comment intent. The parameters C and y (gamma) were optimized via Grid
Search, using Macro F1 as the model selection criterion. Class weights were set to “balanced” to mitigate the
impact of class imbalance.

Logistic Regression

Logistic Regression is used as a baseline model to evaluate the impact of representation strategies on intent
classification. This model is used to predict three intent categories based on feature representations generated by
Mean Pooling and Norm-Based Softmax Weighting. The parameter C is optimized using Grid Search with Macro
F1 as the selection criterion.

Hyperparameter Tuning and Evaluation

Hyperparameter selection was performed using grid search on the training data with 5-fold cross-validation.
Each hyperparameter combination was evaluated using Macro F1 as the scoring function, and the combination
with the highest average Macro F1 value was selected as the optimal set of parameters. For the SVM with a Radial
Basis Function (RBF) kernel, the grid search was conducted by testing values of C equal to 0.1, 1, 10, and 100, as
well as values of y values of “scale” equal to 0.01, 0.1, and 1. Meanwhile, Logistic Regression is tuned by testing
values of C equal to 0.01, 0.1, 1, 10, and 100. The search process is performed separately for each combination of
classifier and aggregation strategy, namely Mean Pooling and Norm-Based Softmax Weighting.

In each fold, Word2Vec was trained using the training data and applied to the validation data. The best
hyperparameters were selected based on the average Macro F1 score across the five folds. The test data was not
used in the tuning process but was used only for final evaluation using Accuracy, Macro Precision, Macro Recall,
and Macro F1-score. The same procedure was applied to SVM and Logistic Regression for both representation
strategies.

Token Weighting Analysis

The analysis was conducted to evaluate the relationship between the L2 norm and token relevance to a class
using mutual information on the training data. Spearman’s correlation was calculated for tokens with a minimum
document frequency of 5, along with partial correlations with document frequency as a control variable. On the
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test data, the maximum distributions were observed for uniform weights, normalized entropy, and cosine similarity
relative to the Mean Pooling representation in comments containing at least two in-vocabulary tokens.

RESULT
Dataset and Annotation Results
A total of 4,215 comments from 10 TikTok Fashion Affiliate videos were collected as the initial dataset. The
annotation results from three annotators were then compared to determine agreement and consensus labels.
Examples of annotation results, consensus labels, and annotator agreement scores are presented in Table 1.

Table 1 Annotation Examples and Inter-Annotator Agreement

Comment Al A2 A3 Label Number Agreement
Consensus _ of Votes Status
kak yang rok tutu Question Question Question  Question 3 Fully Agreement
pink sama
kemejanya beli
dimana?
keranjang Question Question Request  Question 2 Majority Agreement
kuningnya mana (2 out of 3)
kk ¢
kak tolong spill Request Request Request Request 3 Fully Agreement
semuanya
bagus bgt sukaaa Opinion  Opinion  Opinion Opinion 3 Fully Agreement
link nya mana kka Question Question Request  Question 2 Majority Agreement
(2 out of 3)

Agreement Measure Value
Cohen’s Kappa (A1l vs A2) 0.7336
Cohen’s Kappa (A1l vs A3) 0.7004
Cohen’s Kappa (A2 vs A3) 0.9413
Fleiss’ Kappa 0.7949
Krippendorft’s Alpha 0.7950

The annotation results show that 3,631 comments (86.1%) received full agreement, while 584 comments
(13.9%) had label discrepancies and were resolved through majority voting. For comments with label
discrepancies, the category receiving at least two out of three votes was designated as the consensus label.
Agreement measurement results show that the annotation process exhibits a fairly strong to very high level of
agreement among annotators. The A2 vs. A3 pair demonstrated high consistency, while the Al vs. A2 and Al vs.
A3 pairs showed good levels of agreement. Overall, Fleiss’ Kappa and Krippendorff’s Alpha values approaching
0.80 indicate that the three annotators assigned labels relatively consistently. These results demonstrate adequate
reliability in the annotation process; therefore, the consensus labels obtained through majority voting were used as
the ground truth in the classification stage.

After establishing the consensus labels, the data underwent a preprocessing stage. Removing missing values
and duplicates reduced the number of comments from 4,215 to 3,034. Next, 390 comments that did not yield valid
tokens after preprocessing were excluded, resulting in 2,644 comments as the final dataset, with an average of 3.8
tokens per comment. The distribution of the final dataset by intent category is presented in Table 2.

Table 2 Final Dataset Distribution

Intention Class Number of Comments Percentage
Question 495 18.7%
Request 627 23.7%
Opinion 1,522 57.6%
Total 2,644 100%

Based on Table 2, the “Opinion” category is the class with the highest number of comments, namely 1,522
comments (57.6%), while “Request” and “Question” have 627 comments (23.7%) and 495 comments (18.7%),
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respectively. This distribution indicates a class imbalance, so evaluation cannot be based solely on accuracy;
Macro F1 must be considered to assign equal weight to each class.

The final dataset, consisting of 2,644 comments, was divided into 2,115 training comments (80%) and 529 test
comments (20%) using a stratified split. The test data consists of 305 “Opinion” comments, 125 “Request”
comments, and 99 “Question” comments. The training data is used for model training and hyperparameter tuning,
while the test data is used to evaluate the model’s final performance after the hyperparameter tuning process is
complete.

Hyperparameter Tuning and Cross-Validation Results

Hyperparameter selection was performed to obtain the best configuration for each combination of classifier
and representation strategy. The grid search process was conducted on the training data using 5-fold cross-
validation, with Macro F1 as the primary criterion for hyperparameter selection. The results of the best
configurations for SVM and logistic regression using mean pooling and norm-based softmax weighting are
presented in Table 3.

Table 3 Hyperparameter Tuning

Model Representation Best C Best y CV Macro F1
SVM Mean Pooling 1 1 0.8302
Norm-Based Softmax 10 scale 0.8153
Logistic Regression Mean Pooling 10 - 0.7823
Norm-Based Softmax 100 - 0.7914

Based on Table 3, the SVM with Mean Pooling achieved the highest CV Macro F1 score of 0.8302 with C =
1 and y = 1. The SVM with Norm-Based Softmax Weighting achieved a CV Macro F1 score of 0.8153 with C =
10 and y = "scale". In Logistic Regression, Norm-Based Softmax Weighting produced a CV Macro F1 score of
0.7914 with C = 100, slightly higher than Mean Pooling, which achieved 0.7823 with C = 10. Thus, changes in
the representation strategy yield different results for the two classifiers: the CV Macro F1 score decreased by
0.0149 for the SVM when using Norm-Based Softmax Weighting, while for Logistic Regression, it increased by
0.0091 compared to Mean Pooling.

After the optimal hyperparameters were obtained, the model was evaluated using 5-fold stratified cross-
validation on the training data while maintaining the class proportions in each fold. The evaluation was conducted
using Accuracy and Macro F1 to determine the performance for each fold and their averages.

& WW et 0 & VM (=0 il

Figure 3 5-Fold Stratified Cross-Validation

Figure 3 shows the results of 5-fold stratified cross-validation based on accuracy and macro F1 score for each
fold. In the Norm-Based Softmax Weighting representation, SVM achieved an average Accuracy of 0.8402 and a
Macro F1 score of 0.8153, while Logistic Regression achieved an average Accuracy of 0.8147 and a Macro F1
score of 0.7914. These results show variations in performance across the five folds, with the average values used
to illustrate the model’s performance during the validation process.

Classification Performance Comparison

A comparison of classification performance was conducted to evaluate the effectiveness of two representation
strategies Mean Pooling and Norm-Based Softmax Weighting in Support Vector Machine (SVM) and Logistic
Regression models for classifying the intent of comments on TikTok Fashion Affiliate content. The evaluation on
the test data included a confusion matrix analysis as well as overall metrics, namely Accuracy, Macro Precision,
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Macro Recall, and Macro Fl-score. The evaluation results were used to compare the performance of each
combination of representation and classifier in classifying the categories Question, Request, and Opinion.

A. Confusion Matrix Analysis

Figure 4 shows the normalized confusion matrix for SVM and Logistic Regression using Norm-Based Softmax
Weighting. A comparison with Mean Pooling is conducted using overall performance metrics and ablation
analysis. The diagonal values indicate the proportion of predictions that match the true labels, while the off-
diagonal values indicate inter-class classification errors.
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Figure 3 Confusion Matrix of Classification Models
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Based on Figure 4, SVM achieved an accuracy of 82.42%, while Logistic Regression achieved 79.96%. For
SVM, the proportion of correct predictions for the Opinion, Question, and Request classes was 0.86, 0.74, and
0.81, respectively. For Logistic Regression, the proportions of correct predictions were 0.79, 0.75, and 0.87,
respectively. These values indicate that the two models exhibit different prediction patterns across each class, with
the highest rate of correct predictions in the “Opinion” class for SVM and in the “Request” class for Logistic
Regression.

B. Class-Specific Classification Performance

We compared classification performance across each intent category to assess the ability of each combination
of model and representation strategy to distinguish between the Opinion, Question, and Request classes. We
evaluated performance using Precision, Recall, and Fl-score on the test data. In addition to class-specific
performance, we used Accuracy to indicate the overall performance of each combination of model and
representation.

Table 4 Classification Performance by Intention Class

Model Representation Class Precision  Recall F1-Score Accuracy
SVM (RBF) Mean Pooling Opinion 0.8319 0.9246 0.8758
Question 0.7439 0.6162 0.6740 82.99%
Request 0.8889 0.7680 0.8240
Norm-Based Softmax Opinion 0.8647 0.8590 0.8618

Weighting Question 0.6636 0.7374 0.6986 82.42%

Request 0.8707 0.8080 0.8382

Logistic Mean Pooling Opinion 0.9041 0.8033 0.8507
Regression Question 0.6293 0.7374 0.6791 80.91%

Request 0.7746 0.8800 0.8240

Norm-Based Softmax Opinion 0.9023 0.7869 0.8406
Weighting Question 0.5873 0.7475 0.6578 79.96%

Request 0.7956 0.8720 0.8321

Based on Table 4, the SVM with Mean Pooling achieved an accuracy of 82.99%, while the SVM with Norm-
Based Softmax Weighting achieved 82.42%. The highest F1-score for SVM was observed in the Opinion class
(0.8758 and 0.8618), while the Question class had the lowest values (0.6740 and 0.6986). For Logistic Regression,
the Accuracy was 80.91% and 79.96% for Mean Pooling and Norm-Based Softmax Weighting, respectively. The

*name of corresponding author

@ 0 e This is anCreative Commons License This work is licensed under a Creative
BY WNC 2606

Commons Attribution-NonCommercial 4.0 International License.


https://doi.org/10.33395/sinkron.v10i4.16843

S - k Sinkron : Jurnal dan Penelitian Teknik Informatika
ln r n Volume 10, Number 4, October 2026 e-ISSN : 2541-2019
JURNAL & PENELITIAN TEKNIKINFORMATIIA DOI : https://doi.org/10.33395/sinkron.v10i4.16843 p-ISSN : 2541-044X

highest F1-Score was also found in the Opinion class, while the Question class had the lowest scores for both
representation methods. These results indicate performance differences across classes and representation
strategies, which are further compared using overall metrics and ablation analysis.

C. Overall Performance Evaluation

An overall performance evaluation was conducted to compare the impact of the strategies on SVM and Logistic
Regression using the test data. The comparison included Accuracy, Macro Precision, Macro Recall, and Macro
F1-score. The evaluation results for the four combinations of models and representations are presented in Table 5.

Table 5 Overall Classification Performance on the Test Set

Model Representation Accuracy Macro Macro Macro
Precision Recall F1-Score

SVM (RBF) Mean Pooling 82.99% 82.15% 76.96% 79.13%

Norm-Based Softmax Weighting ~ 82.42% 79.97% 80.15% 79.95%

Logistic Mean Pooling 80.91% 76.93% 80.69% 78.46%

Regression Norm-Based Softmax Weighting ~ 79.96% 76.17% 80.21% 77.68%

Based on Table 5, SVM achieved higher performance than Logistic Regression for both representation
strategies. On the test data, SVM with Mean Pooling achieved the highest accuracy of 82.99%, while the highest
Macro F1 score was achieved by SVM with Norm-Based Softmax Weighting at 79.95%. For Logistic Regression,
Mean Pooling yielded an accuracy of 80.91% and a Macro F1 score of 78.46%, which were higher than the 79.96%
accuracy and 77.68% Macro F1 score achieved with Norm-Based Softmax Weighting. These results indicate that
changes in representation strategies have different effects on each classifier.

Ablation Analysis

Ablation analysis was conducted to evaluate the impact of aggregation strategies on classification performance
using Word2Vec with SVM and Logistic Regression. The evaluation was based on accuracy and macro F1 score
on the test data. The evaluation results for both aggregation strategies are shown in Figure 5.
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Figure 4 Ablation Comparison of Mean Pooling and Norm-Based Softmax Weighting

Based on Figure 5, in SVM, Norm-Based Softmax Weighting increased the Macro F1 score from 0.7913 to
0.7995 (+0.0082) compared to Mean Pooling, but the accuracy decreased from 0.8299 to 0.8242. In Logistic
Regression, the Macro F1 score decreased from 0.7846 to 0.7768, while Accuracy decreased from 0.8091 to
0.7996. These results indicate that the impact of the aggregation strategy on performance differs between the two
classifiers.

To test the significance of the performance differences, a McNemar test was conducted, and a 95% confidence
interval was calculated for the difference in Macro F1. The test results are presented in Table 6.

Table 6 Ablation and Statistical Comparison of Aggregation Strategies

Model A Accuracy A Macro 95% CI A F1 McNemar Conclusion
F1 p-value
SVM (RBF) —0.0057 +0.0082 [-0.0253; 0.0416] 0.7877 Not Significant
Logistic Regression —0.0095 —0.0078 [-0.0294; 0.0137] 0.4869 Not Significant
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The results of the statistical tests show that the changes in performance for both classifiers are not significant.
For the SVM, the increase in Macro F1 of 0.0082 has a 95% confidence interval of [—0.0253; 0.0416] and a
McNemar p-value of 0.7877. For Logistic Regression, the change in Macro F1 of —0.0078 has a 95% confidence
interval of [-0.0294; 0.0137] with p = 0.4869. Both confidence intervals include zero, and the p-values are greater
than 0.05. Thus, based on the test data from this study, the improvement in performance of Norm-Based Softmax
Weighting over Mean Pooling is not supported by statistically significant evidence.

Token Weighting Analysis

A token analysis was performed on 277 tokens with a minimum document frequency of 5 in the training data.
L2 norm showed a weak positive correlation with mutual information regarding class (Spearman’s r = 0.151; p =
0.0119), but correlated more strongly with document frequency (r = 0.520; p < 0.001). After controlling for
document frequency, the partial correlation between L2 norm and mutual information became negative ((r = -
0.200); (p = 0.0008)). For example, tokens such as tunjukkan, apa, and mana have relatively low L2 norms 3.639,
3.400, and 3.658, respectively with mutual information values of 0.112, 0.081, and 0.031. Conversely, tokens with
the highest L2 norms, such as tu, buru, and set, have mutual information values ranging from 0.001 to 0.002. These
findings suggest that L2 norm does not always correlate with a token’s relevance in distinguishing intention
classes.

Weighting diagnostics on 371 test comments containing at least two in-vocabulary tokens showed that the ratio
of the maximum weight to the average uniform weight was 1.563. The normalized entropy reached 0.889, with a
value of 1.000 indicating a uniform weight distribution. Furthermore, the cosine similarity between the vector
resulting from Norm-Based Softmax Weighting and the Mean Pooling vector reached 0.9731. These results
indicate that the weight distribution tends to be nearly uniform and that both strategies produce very similar
representations. This finding helps explain why the performance differences between the two strategies in Table 6
are not statistically significant.

Generalization Analysis

To evaluate the model’s generalization ability on videos different from the training data, an out-of-video
validation was performed using the Leave-One-Video-Out (LOVO) approach. Each video was sequentially set
aside as test data, while the other videos were used as training data. The evaluation used Macro F1 for each
combination of classifier and representation strategy, with the results per video presented in Figure 6.
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Fig. 5 Out-of-Video Validation Using Leave-One-Video-Out

Based on Figure 6, the Macro F1 score shows variations in performance across videos for both classifiers. For
the SVM, the combined Macro F1 score for all LOVO predictions was 0.7579 with Mean Pooling and 0.7777 with
Norm-Based Softmax Weighting, while the average Macro F1 score per video was 0.7146 + 0.1359 and 0.7308 +
0.1390, respectively. For Logistic Regression, the combined Macro F1 scores were 0.7564 and 0.7569, with per-
video averages of 0.7244 + 0.1235 and 0.7184 =+ 0.1265. The Macro F1 per video ranged from 0.4231 to 0.8799
across all configurations. These results indicate that model performance may vary across the test videos, while
changes in representation strategies yield distinct patterns for each classifier. For group-based validation,
GroupKFold yielded a Macro F1 score of 0.7614 for SVM with Mean Pooling and 0.7755 with Norm-Based
Softmax Weighting, while Logistic Regression achieved 0.7571 and 0.7555.

DISCUSSIONS
The results of the study show that the effect of Norm-Based Softmax Weighting on classification performance
differs between Support Vector Machines (SVM) and Logistic Regression. In SVMs, Norm-Based Softmax
Weighting improves Macro F1 compared to Mean Pooling, although Accuracy decreases slightly. Conversely, in
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Logistic Regression, the use of Norm-Based Softmax Weighting reduces both Macro F1 and Accuracy compared
to Mean Pooling. The results of ablation analysis and statistical testing indicate that these differences do not yet
provide sufficient evidence to conclude that one aggregation strategy is generally superior. These findings suggest
that norm-based weighting produces representations that are competitive with Mean Pooling, but its contribution
depends on the classifier used.

The difference in performance between SVM and Logistic Regression indicates that the effectiveness of a
representation strategy is determined not only by the feature representation but also by the characteristics of the
classifier used. SVM outperformed Logistic Regression under both representation strategies, both in the evaluation
of the test data and in cross-validation. This finding suggests that the Word2Vec representation used in this study
is more suitable when combined with SVM to form decision boundaries between intent classes. These results are
consistent with previous studies showing that the use of Word2Vec with SVM is a competitive approach for
classifying Indonesian-language text (Andriyani et al., 2024; Rizky & Lhaksmana, 2023). Thus, the comparison
of the two classifiers in this study demonstrates that changes in aggregation strategies need to be considered in
conjunction with the characteristics of the classification model used.

At the class level, Opinion and Request tend to be easier to classify than Question across all model
configurations. The Question class has the lowest F1-score, ranging from 0.6578 to 0.6986, while the highest F1-
score is achieved for the Opinion or Request classes. In SVM, Norm-Based Softmax Weighting increased the
Recall for the “Question” class from 0.6162 to 0.7374 and the Fl-score from 0.6740 to 0.6986. In Logistic
Regression, these changes did not follow the same pattern. These results indicate that token weighting can aid in
the classification of certain classes, but its effect is not consistent across all categories. This may be related to the
relatively short and informal nature of TikTok comments, meaning that the boundaries between comments
expressing questions and requests may share similar linguistic characteristics.

The findings of this study provide additional insights into the use of Word2Vec and token weighting
mechanisms in text classification. The use of Word2Vec in conjunction with SVMs has demonstrated competitive
performance on various text classification tasks, while token weighting approaches can be used to contribute
differently to text representations (Muchori & Maina, 2025; Zhao et al., 2022). This study extends these tests
through ablation experiments that directly compare Mean Pooling and Norm-Based Softmax Weighting on the
same classifier. However, the results of diagnostic analysis indicate that the L2 norm cannot be positioned as a
direct measure of a token’s semantic relevance. After controlling for frequency, the partial correlation between the
L2 norm and mutual information with respect to the class is negative (r = -0.200), and the resulting weights
approach uniform weights (cosine similarity to the Mean Pooling vector is 0.9731); thus, the mechanism used is
more accurately understood as a non-learned weighting heuristic rather than a measure of semantic importance.

Video-based validation results show that the model’s generalization ability is lower than that of random data.
In the Leave-One-Video-Out test, the combined Macro F1 score for SVM increased from 0.7579 with Mean
Pooling to 0.7777 with Norm-Based Softmax Weighting, whereas for Logistic Regression the difference was very
small, at 0.7564 and 0.7569, respectively. The GroupKFold results show a similar pattern for SVM, but not for
Logistic Regression. Performance variation across videos is also quite significant, with the Macro F1 score per
video ranging from 0.4231 to 0.8799. Therefore, the improvement from Norm-Based Softmax in some
configurations cannot yet be considered a consistent advantage. These findings suggest that the characteristics of
each video can influence the model’s ability to generalize to new comments. Additionally, the research dataset is
limited to 10 TikTok Fashion Affiliate videos focusing on women’s products; thus, the research results cannot yet
be generalized to all types of TikTok content or other product categories.

CONCLUSION

This study evaluates Attention-Weighted Word2Vec with Norm-Based Softmax Weighting as a non-learned
weighting mechanism for classifying the intent of TikTok Fashion Affiliate comments. The results show that
Norm-Based Softmax Weighting delivers competitive performance compared to Mean Pooling, but does not
consistently outperform it. In SVM, Norm-Based Softmax Weighting yields a slightly higher Macro F1 score than
Mean Pooling, whereas in Logistic Regression, its performance declines. SVM also outperforms Logistic
Regression for both representation strategies. Ablation results and statistical tests have not yet provided sufficient
evidence to conclude that Norm-Based Softmax Weighting is generally superior.

The research findings indicate that representation strategies and classifiers need to be considered together. The
“Opinion” and “Request” classes tend to be easier to classify than “Question,” while diagnostic analysis shows
that the L2 norm does not directly reflect the relevance of token classes. Therefore, Norm-Based Softmax
Weighting is more appropriately viewed as a simple, non-learned heuristic weighting mechanism rather than a
direct measure of a token’s semantic importance. Video-based validation also revealed a decline in performance
and inter-video variability, indicating that model generalization is still influenced by data characteristics.

This study has limitations regarding the amount and scope of the data, specifically 10 TikTok affiliate videos
focused on women’s fashion products. The Leave-One-Video-Out validation results show a decrease in Macro F1
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compared to random data splitting, as well as significant performance variation across videos; thus, the model’s
generalization ability still needs to be examined on data with a greater variety of videos, product categories, and
comment characteristics. Future research is recommended to expand the number and variety of videos as well as
product categories, while also developing a weighting mechanism that more directly accounts for token-level
information. Thus, this study provides an empirical evaluation of the use of non-learned weighting in Word2Vec
and demonstrates that the choice of representation strategy must be considered in conjunction with the
characteristics of the classifier and the data used.
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