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Abstract— The representation of women in Science, Technology, Engineering, and Mathematics (STEM)
continues to face various challenges rooted in social, cultural, and structural factors. This study aims to analyze
public sentiment regarding the role of technology in promoting women’s participation in STEM through a
machine learning approach. The research data were obtained from 1,533 social media comments using web
scraping techniques. After preprocessing, the data were automatically labeled using the VADER Lexicon-Based
approach. To address class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was applied.
Text features were extracted using Term Frequency-Inverse Document Frequency (TF- IDF) and analyzed
using the Support Vector Machine (SVM) algorithm with four kernels: linear, radial basis function (RBF),
polynomial, and sigmoid. The VADER labeling results indicated that 98% of the comments were positive, while
2% were negative. The application of SMOTE proved effective in balancing class distribution, thereby
improving model performance. Among the evaluated models, the linear kernel achieved the best performance
with an accuracy of 98.31%, precision of 98.33%, recall of 98.31%, F1-score of 97.71%, and AUC of 85.81%.
The overwhelming dominance of positive sentiment may introduce bias in interpreting the results, thus
requiring caution when drawing conclusions about actual public perceptions. These findings confirm that
sentiment analysis based on SVM and VADER can provide a clearer understanding of public perceptions and
serve as a strategic foundation for developing policies to strengthen women’s engagement in STEM
sustainably..

Keywords: Women in STEM, Sentiment Analysis, SVM Kernels, Vader Lexicon.

Intisari— Keterwakilan perempuan dalam bidang Sains, Teknologi, Teknik, dan Matematika (STEM)
masih menghadapi berbagai tantangan yang bersumber dari faktor sosial, budaya, maupun struktural.
Penelitian ini bertujuan untuk menganalisis sentimen publik terkait peran teknologi dalam mendorong
partisipasi perempuan di STEM melalui pendekatan machine learning. Data penelitian diperoleh dari

1.533 komentar media sosial menggunakan teknik web scraping. Setelah melalui tahap preprocessing,
data dilabeli secara otomatis menggunakan pendekatan VADER Lexicon-Based. Untuk mengatasi
ketidakseimbangan kelas, digunakan metode Synthetic Minority Over-sampling Technique (SMOTE).
Fitur teks diekstraksi menggunakan Term Frequency-Inverse Document Frequency (TF-IDF) dan
dianalisis menggunakan algoritma Support Vector Machine (SVM) dengan empat kernel, yaitu linear,
radial basis function (RBF), polynomial, dan sigmoid. Hasil pelabelan VADER menunjukkan bahwa 98%
komentar bersentimen positif, sedangkan 2% bersentimen negatif. Penerapan SMOTE terbukti efektif
dalam menyeimbangkan distribusi kelas sehingga meningkatkan kinerja model. Dari evaluasi model,
kernel linear menunjukkan performa terbaik dengan akurasi 98,31%, precision 98,33%, recall 98,31%,
Fl-score 97,71%, dan AUC 85,81%. Dominasi sentimen positif yang sangat besar berpotensi
menimbulkan bias dalam interpretasi hasil, sehingga perlu kehati-hatian dalam menyimpulkan persepsi
publik yang sebenarnya. Temuan ini menegaskan bahwa analisis sentimen berbasis SVM dan VADER
mampu memberikan gambaran yang lebih jelas mengenai persepsi publik, sekaligus menjadi dasar

BY NG

Z"—'I turnitiifditedbak o 17 ueg st Decree of the Disjen Penguatan RisBang Kemenristekdikei Submission ID trn:oigz::3618:138805637
No.225/E/KPT/2022, December 07, 2022, Published by LPPM Universitas Nusa Mandiri



7) turnitin

Page 8 of 17 - Integrity Submission

Submission ID trn:oid:::3618:138805637

VOL. 10.NO. 3 FEBRUARY 2025
P-ISSN: 2685-8223 | E-ISSN: 2527-4864
DOI: 10.33480 /jitk.v10i2.XXXX

JITK (JURNAL ILMU PENGETAHUAN

DAN TEKNOLOGI KOMPUTER)

Z’q turnE:lPage 8 of 17 - Integrity Submission

strategis bagi penyusunan kebijakan untuk memperkuat keterlibatan perempuan di bidang STEM secara

berkelanjutan.

Kata Kunci: Perempuan dalam STEM, Analisis Sentimen, Kernel SVM, Veder Lexicon.

INTRODUCTION

The involvement of women in Science,
Technology, Engineering, and Mathematics (STEM)
has long been a global issue that requires serious
attention. Despite various efforts to increase
women’s participation in STEM, gender disparities
remain significant in many countries [1],[2].
Factors such as gender stereotypes, the lack of
female role models, and biases in selection
processes are among the major challenges[3].
Although the number of women entering STEM
fields has increased, they continue to face structural
and cultural barriers that limit their career
advancement[4]. STEM represents a sector that
drives global innovation and technological progress.
However, women’s participation in this field
remains relatively low. In Indonesia, data from
2021 show that women accounted for only 40.6% of
the STEM workforce, a lower proportion compared
to Malaysia (48.6%) and Thailand (53.2%) [5].
According to The Global Gender Gap Report 2023,
while women represent 49.3% of the global
workforce outside STEM, they comprise only 29.2%
of the workforce in STEM[6]. This disparity is
influenced by structural, social, and cultural
obstacles such as gender stereotypes, the lack of
role models, and limited access to education and
employment opportunities in STEM [7]. Digital
technology is expected to help reduce this gap by
expanding access to education, providing
technology-based training, and fostering inclusive
work environments[1]. However, evaluations of the
effectiveness of such programs remain limited.
Thus, public sentiment analysis becomes a relevant
approach to understanding societal perceptions of
the role of technology in promoting women’s
participation in STEM.

Sentiments expressed through social media,
online forums, digital news, and other online
platforms can be analyzed to capture levels of
acceptance, support, and perceived barriers [8], [9].
Sentiment analysis enables the identification of
sentiment patterns, trends, and factors influencing
public perceptions [10]. Public sentiment analysis
on social media can offer valuable insights into how
society views women in STEM. Social media
platforms often reflect people’s attitudes and
opinions toward certain issues, including women'’s
involvement in STEM [11].

In this study, sentiment analysis is conducted
using the Support Vector Machine (SVM) approach,
which has proven to be one of the

most effective text classification algorithms [12]..
Several studies suggest that SVM works by
identifying the optimal hyperplane that separates
data classes, thereby distinguishing positive and
negative opinions with high accuracy [9]. To
enhance SVM'’s ability to handle non-linear data,
several kernels are applied, including Linear, Radial
Basis Function (RBF), Polynomial, and Sigmoid[13].
These kernels allow data transformation into
higher-dimensional spaces, enabling better
recognition of complex text patterns.

This study also aims to address the issue of
class imbalance in sentiment datasets using the
Synthetic Minority Over-sampling Technique
(SMOTE)[14]. SMOTE improves the representation
of minority classes by generating synthetic samples
based on existing data, thereby enabling the SVM
model to learn more effectively and accurately [15].
By employing TF-IDF for feature extraction,
applying SVM with various kernel functions, and
integrating SMOTE for re-sampling, this research
seeks to provide a more accurate understanding of
public perceptions regarding women’s
participation in STEM. The findings are expected to
serve as a strategic foundation for developing more
effective policies to sustainably enhance women'’s
engagement in STEM.

The application of the VADER Lexicon method
for sentiment labeling, combined with the SMOTE
technique and analyzed using the Support Vector
Machine (SVM) algorithm, is hypothesized to
produce an accurate classification model that
effectively represents public perceptions in a more
balanced manner regarding the role of technology in

promoting women’s participation in the STEM
fields.

MATERIALS AND METHODS

This study was conducted to analyze public
sentiment regarding the issue of women’s
involvement in STEM by utilizing the Support
Vector Machine (SVM) algorithm with Linear, RBF,
Polynomial, and Sigmoid kernels. The methods
employed include data collection, preprocessing,
lexicon-based labeling, TF-IDF feature extraction,
model development, and kernel evaluation.
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Figure 1. Research Procedure

A. Dataset Collecting

This study uses data obtained from social
media through web scraping techniques. The
scraping process resulted in 1,533 public
comments from social media users. These data were
then used as the primary dataset to be analyzed in
order to explore public sentiment regarding the
issue of women’s participation in STEM.

B. Preprocessing

At this stage, the dataset was processed through

several steps to ensure data quality and to prevent

potential issues during the training process [16].

The preprocessing steps were carried out as

follows:

1. Remove Duplicate.
This step was performed to check the dataset
for missing values or duplicate entries.
Redundant or irrelevant data may affect the
analysis results and therefore must be
removed.

2. CaseFolding
In this step, all letters were converted into
lowercase. The purpose is to standardize the
representation of words that are essentially
the same but written in different formats,
thereby improving consistency.

3. DataCleansing
This process cleans the data by removing
unnecessary elements such as hashtags (#),
emoticons, URLs (e.g, www.), or certain
symbols. Data cleansing is performed to make

@ BY NG

the dataset more structured and ready for
analysis.

4. Tokenization
Tokenization splits text or sentences into the
smallest units called tokens (words or phrases).
These tokens are then used in the analysis
process.

5. Stopwords Removal
At this stage, common words with no significant
meaning, such as conjunctions or connectors,
were removed. Eliminating stopwords allows
the model to focus more on important words in
sentiment analysis.

6. Stemming
The final step is stemming, which reduces words

to their root form using the Sastrawi stemmer.

C. Lexicon-Based Labeling

At this stage, sentiment labeling was carried out
using the VADER lexicon-based approach. Each text
in the stemming column was analyzed using
the polarity_scores() function from the Sentiment
Intensity Analyzer to generate sentiment scores
[17]. Among the results, the compound score was
used to indicate the overall polarity of the sentence.
If the compound score = 0, the text was labeled as
positive, whereas if the compound score

< 0, it was labeled as negative. These scores and
labels were then stored in new columns, namely
sentiment score and sentiment [18]. In this way,
each text that had gone through preprocessing and
stemming could be automatically categorized as
either a positive or negative opinion based on the
VADER lexicon- based approach [19]. However, the
labeling results should be interpreted with caution,
as it remains unclear whether this phenomenon
truly reflects public perception or is merely the
result of sampling bias, given the predominance of
positive sentiments.

D. Data Splitting

At this stage, the sentiment-labeled dataset was
divided into two main parts: the training set and the
testing set [20]. The training set was used to build
and train the classification model, while the testing
set was used to evaluate the model’s performance
on previously unseen data [21].

E. Re-sampling with SMOTE

This study applied the Synthetic Minority Over-
sampling Technique (SMOTE) to address the issue
of data imbalance. In imbalanced datasets, one class
contains significantly fewer samples compared to
the dominant class. Algorithm-based approaches
typically adjust classification mechanisms to
account for such conditions [22]. To mitigate this
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issue, a resampling strategy was employed using
SMOTE oversampling, which is recognized as one
of the most widely used techniques for enhancing
the effectiveness of oversampling [23].
Accordingly, the application of SMOTE
strengthened the model’s ability to recognize the
minority class, ultimately leading to more effective
detection [14].

F. TF-IDF

At this stage, text feature extraction was
carried out using the Term Frequency-Inverse
Document Frequency (TF-IDF) method [24]. The
text in the stemming column was transformed into
a numerical representation so that it could be

I:I Accredited Rank 2 (Sinta 2)
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processed by machine learning algorithms [25]. This
process employed the TF-IDF Vectorizer with an n-
gram setting of (1,2) to capture both single words and
two-word combinations. As a result, each document
was represented in the form of word weights that
indicate the level of importance of each term within
the overall text corpus.

G. Modeling

This stage was carried out to develop a
classification model using a data split ratio of 80:20
for training and testing. The model’s performance
was then compared across four different kernels,
namely Radial Basis Function (RBF), Linear,
Polynomial, and Sigmoid.

H. Evaluation Kernel

The final stage involved evaluating the kernels used
in this study, namely RBF, Linear, Sigmoid, and
Polynomial. The evaluation was conducted using
the confusion matrix by examining the values of
accuracy, precision, recall, and F1-score. In addition
to the confusion matrix, the Receiver Operating
Characteristic (ROC) curve and the Area

Under the Curve (AUC) values were also employed.
Recall, precision, and F-measure are commonly
used metrics for evaluating the performance of
machine learning experiments.

RESULTS AND DISCUSSION

A. Preprocessing

Preprocessing was carried out to clean and
transform raw text so that it could be more
effectively processed by machine learning
algorithms and analyzed. Table 1 presents the
preprocessing results in this study, which consisted
of several steps, namely removing duplicates, case
folding, text cleansing, tokenization, stopword
removal, and stemming.

Table 1. Preprocessing Results
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B. TF-IDF

The use of the TF-IDF feature extraction
technique applied in this study is beneficial for
identifying important words in a document and
supporting the text analysis process[26].. Figure 1
illustrates the results of feature extraction
processing using the TF-IDF method implemented

in Python.

C. Labeling Results with the VADER Method

Classification using the VADER lexicon
produced 1,501 positive reviews and 31 negative
reviews. The labeling process conducted with the
VADER lexicon showed that 98% of the reviews
were categorized as positive, while 2% were
categorized as negative. Table 2 presents the
sentiment scoring results generated by the VADER
lexicon, which include negative scores, positive
compound scores, and polarity values.

Table 2. Sentiment Labeling Results Using the
VADER Lexicon

Data Sentiment

Score

Polarity

@kris****_s*** _ factory manager
tempat kerja lama cewek, smart
dan win solutif bangat malah.
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D. Re-Sampling with SMOTE

Figure 2 presents a comparison of class
distribution before and after applying the Synthetic
Minority Over-sampling Technique (SMOTE). In
the left graph (Class Distribution Before SMOTE),
the positive class dominates with 1,153 samples,
while the negative class contains only 25 samples.
This imbalance indicates a skewed dataset, which
may affect the performance of machine learning
models, as they tend to be biased toward the
majority class (positive). In the right graph (Class
Distribution After SMOTE), the number of samples
in the negative class was increased by generating
synthetic data through SMOTE. As a result, both
positive and negative classes became balanced, each
with 1,153 samples. With this balanced distribution,
the machine learning model can learn more
effectively without bias toward one class.

Distribusi Kelas Sebelum SMOTE Distribusi Kelas Sesudah SMOTE

positit negatif positif negatif

Source: (Putri, 2025)
Figure 2. Comparison of Class Distribution Before

and After Applying SMOTE
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Figure 3. Word Cloud of Common Themes and

Dominant Keywords

The word cloud in Figure 3 shows that the words

“women,” “technology,” and “STEM” are the three
most dominant terms, reflecting the main focus of
public discussion on women’s involvement in
science and technology. The prominence of the
word “women” emphasizes that gender equality and
women'’s participation remain key issues within the
STEM context. Meanwhile, the appearance of the
word “technology” indicates that this field is often
seen as a tangible representation of progress and
innovation, yet one still largely dominated by men.
The term “STEM” represents a multidisciplinary
space symbolizing intellectual advancement and
professional careers, while also revealing the
existing gender participation gap. Together, these
three words illustrate the social dynamics between
potential, opportunity, and challenges faced by
women in contributing to the STEM fields.

Evaluation Results of SVM and Kernels

The best performance of the SVM model with
the applied kernels can be seen in Table 3 below.

Table 3. Summary of SVM Kernel Comparison

kernel Accuracy  Precision Recall F1 AUC
Score

0 rbf 97.63 96.97 97.63 9724 8253

1 Linear 98.31 98.33 98.31 97.71 8581

2 Poly 97.63 96.97 97.63 97.24  82.06

3  sigmoid  96.95 96.68 96.95 96.81  80.33

- Accredited Rank 2 (Sinta 2 based on the Decree of the Ditjen Penguatan Rst

Source: (Putri, 2025)
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Source: (Putri, 2025)
Figure 4. Comparison of SVM Models Based on

Kernels

Table 3 and Figure 4 present a summary of the
performance comparison of Support Vector
Machine (SVM) models using four different kernels:
RBF, Linear, Polynomial, and Sigmoid. The table
shows the evaluation results based on five key
classification metrics: Accuracy, Precision, Recall,
F1-Score, and AUC (Area Under the Curve). From
the results, the Linear kernel achieved the best
overall performance, with the highest accuracy of
98.31%, precision of 98.33%, recall of 98.31%, F1-
Score 0f 97.71%, and an AUC of 85.81%. From these
results, the Linear kernel demonstrated the best
overall performance, consistent with the findings of
[27] which stated that the Linear kernel performs
very well on text or structured data. The Linear
kernel achieved the highest accuracy of 98.31%,
precision of 98.33%, recall of 98.31%, F1-Score of
97.71%, and an AUC value of 85.81%. The RBF and
Polynomial kernels showed very similar
performance, with accuracy and F1-Score values of
approximately 97.63% and 97.24%, respectively,
although both recorded lower AUC scores
compared to the Linear kernel. Meanwhile, the
Sigmoid kernel exhibited the lowest performance
among the four, with an accuracy of 96.95%. Based
on these findings, it can be concluded that the Linear
kernel provides the most optimal classification
results for the dataset used, both in terms of
accuracy and its ability to correctly identify positive
cases (recall) as well as minimize false positives
(precision).

CONCLUSION

The Polynomial kernel recorded an accuracy of
97.63%, precision of 96.97%, F1-score of 97.24%,
and an AUC of 82.06%. The Sigmoid kernel
produced an accuracy of 96.95%, precision of
96.68%, F1-score of 96.81%, and an AUC of 80.33%.
Meanwhile, the best performance was achieved by
the Linear kernel, with an accuracy of 98.31%,
precision of 98.33%, F1-score of 97.71%,

and an AUC of 85.81%. These findings indicate that
the use of different kernels in the SVM method
enhances accuracy in analyzing public sentiment on
empowering women in STEM. Furthermore,
sentiment labeling with the VADER Lexicon
revealed that positive sentiments were more
dominant than negative ones. However, the class
imbalance between positive and negative
sentiments was successfully addressed through the
application of SMOTE, which generated synthetic
samples for the minority class and balanced the data
distribution. This study concludes that sentiment
analysis provides a clearer understanding of public
perceptions and can serve as a strategic foundation
for developing effective policies to increase
women'’s participation in STEM. Future research is
recommended to compare SVM with other
algorithms such as Naive Bayes, Random Forest, or
K-Nearest Neighbors (KNN), to employ larger and
more diverse datasets, and to consider deep
learning approaches in order to improve accuracy
and deepen insights into public perceptions
regarding women'’s involvement in STEM.
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