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Abstract - The development of online lectures in Indonesia has encouraged universities to develop more targeted branding
strategies, particularly in increasing brand awareness and digital engagement. Public perceptions reflected in open
digital sources, particularly online news portals, are important data sources for understanding how online lectures are
perceived by the public. This study aims to analyze public opinion on online lectures in Indonesia using web scraping,
text mining, TF-IDF Vectorizer, and the K-Means Clustering algorithm. Initial data was obtained through web scraping
using several Indonesian keywords related to online lectures and resulted in 108 text documents. After duplicate removal,
noise filtering, and text preprocessing, the number of documents used in the analysis was reduced to 60 documents. The
analysis stages included text cleaning, normalization, feature extraction using TF-IDF, determining the optimal number
of clusters using the Elbow Method and Silhouette Score, and clustering using K-Means. The results showed that the
optimal number of clusters was 4 clusters. The formed clusters represent the themes of online lecture academic activities,
social and cultural dimensions, distance education and policy, as well as economic, regulatory, and technological
aspects. The TF-IDF matrix yielded 1669 features, while the final evaluation yielded a Silhouette Score of 0.0345. PCA
visualization showed overlap between clusters, indicating that public perception of online lectures is multidimensional.
The conclusion of this study shows that the TF-IDF and K-Means approaches can be used to map public opinion and
develop more contextual, data-driven, and relevant online lecture branding recommendations for universities.
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1. INTRODUCTION

The development of information technology has driven significant transformations in various sectors,
including higher education [1]. This is especially true since the COVID-19 pandemic, which has accelerated
the adoption of online lectures. Although some educational institutions have returned to face-to-face learning
after the pandemic, online lectures remain a strategic choice, both for efficiency, expanded access, and learning
flexibility. The phenomenon of online lectures has become increasingly relevant, especially after the pandemic,
as people have begun to realize the flexibility and accessibility offered by online learning systems [2]. On the
other hand, the public is now increasingly critical in choosing educational institutions, including in assessing
the quality and credibility of online lecture programs. This has encouraged higher education institutions to
strengthen their branding strategies, not only through conventional promotions, but also through data-driven
approaches and a deeper understanding of public perception in the digital space. However, the challenge of
building brand awareness and a positive image for online lecture programs in Indonesia remains a problem.
Many higher education institutions face difficulties in positioning themselves amidst increasing competition
and varying public perceptions of online education.

In this context, the use of data technologies such as web scraping, text mining, and machine learning opens
opportunities to collect and analyze public opinion from various digital sources [3][4][5][6][7]. The
development of digital technology and social media has generated large amounts of text data originating from
public opinion, user reviews, and online discussions, necessitating text mining techniques to extract
information and knowledge from this unstructured data [8]. One relevant approach is text feature extraction
using the TF-IDF (Term Frequency - Inverse Document Frequency) method and opinion or topic grouping
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using the K-Means clustering algorithm [9]. The combination of these two techniques can provide insight into
perceptions and key themes developing in the community regarding online lectures, thus serving as the basis
for developing a more targeted branding strategy [10].

Several previous studies have demonstrated the successful implementation of this approach. Research by
Purniawan et al. clustered news results from web crawling from the Detik.com site using TF-IDF and K-
Means, which proved effective in identifying dominant topics [10]. Fonda et al. utilized a similar method in
analyzing public opinion on Twitter to support a travel agency's marketing strategy [11]. Meanwhile, Saputri
et al. used TF-IDF and K-Means based on Cosine Similarity to cluster student internship titles [ 12]. In the field
of disasters, Alfian applied the K-Means method in classifying disaster information from online text data [13].
Aryanti and Mahendra also integrated TF-IDF with classification methods for analyzing public opinion in
Indonesian on social media [14]. Several studies have shown that document clustering techniques can be used
effectively to analyze public opinion on social media and online platforms, including Twitter and Reddit [15].

However, there is still very little research that specifically examines the brand positioning of higher education
institutions based on public opinion data related to online lectures through open digital data, such as social
media and discussion forums using unsupervised learning approaches like K-Means. In fact, these platforms
are a real reflection of public narratives, hopes, and criticisms that can be a source of valuable insights for
educational institutions. The availability of large amounts of public opinion data in the digital space requires
a systematic and objective analytical approach. Recent research trends also indicate the increasing need for
adaptive and automated clustering methods, including the use of AutoML and more systematic cluster
evaluation [16], [17]. This study seeks to fill this gap by offering a web-scraping-based approach to open
digital sources, particularly online news portals, to explore public perceptions of online lectures in Indonesia.
The obtained data will be processed using the TF-IDF method and then clustered with the K-Means algorithm
to identify perception clusters that can be used as the basis for branding recommendations. In the context of
branding, analysis of online opinion texts has been used to understand brand image and brand position in the
minds of consumers, so that it can be the basis for developing more targeted digital communication strategies
[18].

The use of text mining and clustering to formulate branding strategies for online lectures in Indonesia is still
relatively limited, especially those based on digital public opinion data [19]. Therefore, the use of web
scraping, text mining, and clustering techniques is important to extract patterns of public perception hidden in
text data. Through this research, it is hoped that a thematic mapping of public opinion on online lectures in
Indonesia will be obtained, which can be used as a strategic reference for Higher Education Institutions in
developing more targeted and data-driven branding and communication approaches. These findings are also
relevant for Distance Learning (PJJ) and Cyber Universities in Indonesia.

2. LITERATURE REVIEW

2.1. Literature Review

Branding online lectures in Indonesia has become increasingly important in the digital era, especially since the
increased adoption of online learning post-pandemic. In this regard, data-driven approaches such as text mining
and clustering have great potential to understand public perceptions of online-based higher education
institutions. Text mining itself is an analytical approach that aims to extract information, patterns, and
knowledge from large amounts of unstructured text data available [8]. One relevant approach is the use of the
TF-IDF method and the K-Means algorithm in clustering public opinion from data obtained through web
scraping. TF-IDF is used to represent text documents into numeric vectors by considering the relative
importance of a word in the document and the entire corpus [20][21]. Furthermore, K-Means is one of the most
widely used unsupervised learning algorithms in text clustering due to its simplicity and efficiency in handling
large-scale data [22].

Purniawan et al. demonstrated the successful application of TF-IDF and K-Means in clustering news from
detik.com into 27 groups based on content similarity [10]. This technique is highly relevant for clustering
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public opinion from various online news sources related to educational institutions. Fonda et al. strengthened
the relevance of this method in the business sector by extracting public opinion from Twitter as the basis for a
travel agency's marketing policy [11]. This approach can be adapted for online college branding strategies,
namely by analyzing how institutions are perceived by the public on social media. The combination of TF-
IDF and K-Means has been applied in various studies to cluster text documents and social media data based
on topic similarity [23][24]. Furthermore, cluster quality evaluation can be done using metrics such as
Silhouette Score and visual analysis, as applied in social media document clustering studies [15][16].

Furthermore, Ompo and Pakereng studied how tweets related to Zalora Indonesia can be grouped to identify
the type of content that attracts the most engagement [3]. This finding is important for the context of digital
branding, because it can be applied in measuring the effectiveness of online campus communication strategies
on platforms such as Twitter. Meanwhile, Simanjuntak et al. uses a Word Embedding approach to improve the
quality of Indonesian language news clustering, which can enrich semantic analysis in mapping perceptions of
online lectures [4]. In the realm of opinion analysis, Adhiatma and Qoiriah utilized the TF-IDF method and
deep neural network for sentiment classification from customer reviews [9]. This technique is very applicable
in evaluating prospective students' perceptions of online education services, which are recorded in digital
reviews or comments. Analysis of online review texts and opinions has been used to evaluate brand image and
brand positioning in various industrial sectors [18].

From these studies, it appears that the integration between web scraping, TF-IDF, and K-Means (as well as
additional techniques such as Word Embedding and DNN) is very relevant and adaptive in the context of
public opinion analysis. Therefore, applying similar techniques in online college branding studies in Indonesia
can provide strategic insight for making promotional decisions and strengthening the identity of digital-based
educational institutions. In the educational context, analysis of social media discussions can provide strategic
insights to increase brand awareness and digital engagement of educational institutions [19][25].

2.2. Research Novelty

This research offers a new approach in analyzing public perceptions of online lectures in Indonesia using web
scraping techniques for open digital sources, particularly online news portals, which are then processed using
a combination of the TF-IDF Vectorizer and the K-Means Clustering algorithm. The novelty lies in the
integration of these processes to form an online lecture branding strategy recommendation system based on
public data, by using the dimensions of brand awareness and digital engagement as interpretive dimensions
for strengthening the image of higher education institutions in the digital era.

2.3. Linkage to Literature Review

Research on text analysis and clustering has been extensively conducted in various contexts, such as news
clustering [10], social media trend analysis [11], and digital marketing strategies [3]. The common approach
used is a combination of TF-IDF as a feature extraction technique and K-Means as a clustering method to find
patterns in large text data. The data sources used generally come from online news platforms or social media,
and the data collection is done using crawling or web scraping. Several studies have shown the success of this
approach in simplifying the classification of unlabeled documents, for example in news from detik.com [10],
Twitter data in the tourism sector [11], and online business promotions such as Zalora [3]. In addition,
advanced approaches have also been developed through a combination of TF-IDF with neural network
methods for sentiment classification [9], as well as the use of word embedding to maintain semantic context
[4]. However, the literature review has not found any research that specifically:

1. Integrates web scraping of digital content related to online lectures in Indonesia, particularly from open
online news sources.
2. Uses clustering results as the basis for higher education branding strategies.

3. Uses brand awareness and digital engagement as interpretive dimensions to support educational institution
branding recommendations.
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In contrast to previous research which focused on comparing clustering methods and topic modeling [26], this
research focuses on the use of clustering results as a basis for recommendations for online lecture branding
strategies. Therefore, this research occupies a unique position by combining proven techniques in text mining
and clustering but applied specifically to the branding needs of online lectures in Indonesia. This approach is
expected to not only provide a general overview of public perception but also provide a strong basis for
developing higher education institutions' digital communication and marketing strategies in a more targeted
manner.

3. RESEARCH METHODOLOGY

3.1. Research Design

This study uses an exploratory quantitative approach utilizing text mining and clustering techniques to analyze
public opinion regarding online lectures in Indonesia. The web scraping method is used in the data collection
stage to obtain public opinion data from open digital sources. The data collection and data analysis processes
are carried out as two separate stages, with the web scraping dataset used as input for analysis in Google Colab.
The collected dataset is then analyzed using Google Colab through several stages, namely text data
preprocessing to clean and normalize the data, feature extraction using TF-IDF Vectorizer, and data clustering
using the K-Means Clustering algorithm based on theme similarity. The TF-IDF and K-Means-based clustering
approaches were chosen because they have been widely used in large-scale text document analysis and have
proven effective in grouping documents based on content similarity [22][27]. The clustering results are
analyzed and interpreted to produce recommendations for online lecture branding strategies based on public
opinion data. This methodological approach was chosen because it can systematically process large amounts
of unstructured text data and provide a thematic overview relevant to the needs of higher education branding.

In this study, public perception is operationally defined as the thematic representation of public opinions,
narratives, or information regarding online lectures that appear in open digital sources and can be analyzed as
text documents. Public perception is not measured as the individual attitudes of respondents; instead, it is
mapped through document content similarity based on text features derived from TF-IDF. Consequently, this
study does not involve sentiment analysis, nor does it aim to classify opinions as positive, negative, or neutral.
Furthermore, the study eschews supervised classification approaches in favor of K-Means-based document
clustering to group documents according to thematic proximity. Brand awareness and digital engagement are
not included as numerical variables in the analysis model; rather, they serve as an interpretive framework for
translating clustering results into branding strategy recommendations. Thus, the relationship between the four
clusters and the dimensions of brand awareness and digital engagement is interpretive based on the dominant
themes within each cluster rather than a causal relationship or a direct statistical measurement.

3.2. Research Flow

The research flow is exploratory with several evaluative and iterative stages, particularly in the data validation
process and determining the number of clusters. The branching and iterations in the research flow reflect the
decision-making process in obtaining representative clustering results. The research flow is visually shown in
Figure 1 and will be explained further.

3.2.1. Problem Identification and Research Objectives
The research began with identifying problems related to the need for a branding strategy for online
lectures in Indonesia and formulating research objectives.

3.2.2. Data Collection

a. Data Sources
The research data consisted of public opinion documents discussing online lectures in Indonesia.
Data were collected from open digital sources, particularly online news portals, containing public
information or narratives related to online lectures.
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Figure 1. Research flowchart.

b. Data Collection Techniques
Data collection was conducted using web scraping techniques on public content relevant to the
research topic. Web scraping-based digital data collection techniques have been widely used in
public opinion analysis, document clustering, and social media mining [15], [28]. The data
collection process utilized Python libraries appropriate to the development environment. The web
scraped dataset was then saved in CSV format and used as input for subsequent analysis.

c. Dataset Description and Selection Criteria

The dataset used in this study was obtained through web scraping from open digital sources
containing public information, opinions, or narratives related to online lectures in Indonesia. The
scraping process was designed to collect data from several sources, including online news portals
and online discussion forums. Based on the scraping scripts, the targeted sources included Detik,
Kompas, CNN Indonesia, and Kaskus. However, the raw dataset that was successfully collected
and used in the final analysis consisted of documents from Detik and Kompas. Each document
contains four main attributes: date, source, keyword, and text. The date column represents the
data collection date, the source column indicates the origin of the document, the keyword column
shows the search keyword used during scraping, and the text column contains the main textual
content extracted from the source.

Data collection was conducted on December 25, 2025, using five search keywords: “kuliah online”,
“kuliah daring”, “pembelajaran jarak jauh”, “kampus online”, and “universitas online”. The initial
scraping process produced 108 text documents, consisting of 58 documents from Detik and 50
documents from Kompas. Based on keyword distribution, the initial dataset consisted of 22 documents
for “kuliah online”, 22 documents for “kuliah daring”, 22 documents for “pembelajaran jarak jauh”,

21 documents for “kampus online”, and 21 documents for “universitas online”.

The inclusion criteria in this study were as follows: documents had to be obtained from open digital
sources, contain content relevant to online lectures or distance learning in the context of higher
education, include processable textual content, and be retrieved using the predefined search keywords.
Meanwhile, the exclusion criteria included duplicate documents, empty texts, very short texts, website
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3.2.3.

3.24.

3.2.5.

navigation fragments, advertisements, system-generated text, and textual content that did not
substantively represent public information or public opinion related to online lectures.

During the initial data inspection, no missing values were found in the raw dataset. However, 48
duplicate documents were identified based on identical content in the text column. These duplicate
documents were removed to prevent repeated information from influencing the clustering results. After
duplicate removal, the dataset was reduced from 108 documents to 60 documents. Therefore, 48
documents, or approximately 44.44% of the initial dataset, were removed, while 60 documents, or
approximately 55.56%, were retained as the clean dataset.

Text preprocessing was then conducted through several stages, including case folding, removal of non-
alphabetic characters, tokenization, Indonesian stopword removal, and stemming. After preprocessing,
an additional filtering step was applied based on the length of the clean_text column, with a threshold
of more than 20 characters. This threshold was used to ensure that each document contained sufficient
textual information to be represented using TF-IDF. The inspection results showed that all 60 cleaned
documents had a clean_text length greater than 20 characters; therefore, no additional documents were
removed at this stage.

Text Data Preprocessing

Data preprocessing was carried out to clean and normalize text data before further analysis. The
preprocessing steps include:

Case folding (converting text to lowercase);

Cleaning of non-alphabetical characters (URLs, punctuation, and symbols);
Tokenization;

Removal of Indonesian stopwords; and

Stemming using the Indonesian stemming algorithm.

o a0 o

This stage is implemented using the Python programming language in the Google Colab environment.

Feature Extraction with TF-IDF

The preprocessed text data is then represented numerically using the TF-IDF Vectorizer. This method
is used to measure the importance of a word in a document relative to the entire document collection.
Mathematically, the TF-IDF weight of a term in a document can be written as follows:

TFIDF(t,d) = TF(t,d) X IDF(t) (D)
with:

IDF(t) = lOg (HTF(Q) + 2)

where TF(t,d) indicates the frequency of occurrence of term t in document d, N indicates the total
number of documents, and DF (t) indicates the number of documents containing term t. This equation
indicates that words that frequently appear in a single document but are less common across all
documents will have a higher weight.

Clustering with K-Means

The K-Means Clustering algorithm is used to group public opinion data based on TF-IDF feature
similarities. The K-Means algorithm is used because of its ability to efficiently group text data after
feature extraction [22], [29]. The number of clusters is determined through exploratory analysis to
obtain representative clustering results. The main goal of the K-Means algorithm is to minimize the
distance between each data point and the nearest cluster center. The objective function of K-Means
can be written as follows:
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where ] is the total distance within the cluster, k is the number of clusters, x; is the TF-IDF
representation of the document vector, C; is the j-th cluster, and p; is the centroid of the j-th cluster.

The smaller the J value, the closer the document is to its cluster center. The centroid of each cluster is
calculated based on the average of all data within that cluster. The centroid calculation can be written

as follows:
1 4)
w=re ¥ 5
T Gl '

where 1 is the centroid of the j-th, | C; | is the number of data points in the j-th, and x; is the vector
of documents belonging to that cluster. This equation is used to update the centroid position at each

K-Means iteration.
3.2.6. Analysis and Interpretation of Results

The clustering results were analyzed by identifying dominant keywords in each cluster and interpreting
the resulting public perception themes. Dimensionality reduction and cluster visualization were used
to aid the interpretation of the clustering results, as recommended in a document cluster evaluation
study [16]. The interpretation of the clustering results served as the basis for developing
recommendations for branding online lectures in Indonesia.

3.2.7. Implementation Environment

The entire data analysis process, from preprocessing to clustering and evaluation, was implemented
using Google Colab with the Python programming language.

4. RESULTS AND DISCUSSION

4.1. Description of Initial Data from Web Scraping Results

Research data was obtained through web scraping from online digital media sources using several Indonesian
keywords related to online lectures. The initial data collection yielded 108 text documents, consisting of the
titles and content of news articles/public opinion related to online lectures in Indonesia, as shown in Figure 2.

Initial data count: 108

date source keyword text
0 2025-12-25 Detik  kuliah online \r\n ADVERTISEMENT\r\n Kementerian Pendidik...
1 2025-12-25 Detik  kuliah online  Universitas Sumatera Utara mengumumkan pihakny...
2 2025-12-25 Detik  kuliah online Anda menyukai artikel ini Artikel disimpan Saa...
3  2025-12-25 Detik  kuliah online Mahasiswi di Magelang ini rela tiap hari duduk...
4 2025-12-25 Detik  kuliah online \r\n ADVERTISEMENT\r\n Pemerintah Finlandia...

Figure 2. Example of web scraping data from online lecture opinions (initial data).

Each document has date, source, keyword, and text attributes. At this stage, the data still contains various
forms of noise, such as advertisement text, media system notifications, and snippets of text that do not
substantively represent public opinion. Table 1 presents the distribution of documents based on the data sources
used in this study. Although the scraping process was designed to target several open digital sources, including
online news portals and online discussion forums, the final raw dataset that was successfully collected and
processed consisted of documents from Detik and Kompas. Table 1 shows the number of documents obtained
from each source before and after the data selection and duplicate removal process.
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Table 1. Distribution of documents by data source.

Data Source Source Category Initial Documents Documents After Selection
Detik Online news portal 58 50
Kompas Online news portal 50 10
CNN Indonesia  Online news portal 0 0
Kaskus Online discussion forum 0 0
Total 108 60

In addition to the source-based distribution, the dataset was also examined based on the search keywords used
during the scraping process. Table 2 shows the distribution of documents for each keyword in the initial dataset
and after the data selection process. This information is important to clarify how each keyword contributed to
the final dataset used in the TF-IDF and K-Means clustering analysis.

Table 2. Distribution of documents by search keyword.

Search Keyword Initial Documents Documents After Selection
kuliah online 22 22
kuliah daring 22 8
pembelajaran jarak jauh 22 12
kampus online 21 9
universitas online 21 9
Total 108 60

4.2. Noise Filtering and Clean Dataset Formation

After the initial inspection of 108 documents, duplicate removal was performed based on identical textual
content in the text column. A total of 48 duplicate documents were identified and removed, reducing the dataset
to 60 documents. This means that 44.44% of the initial dataset was removed, while 55.56% was retained for
further analysis. Subsequently, filtering based on the clean_text length was applied using a threshold of more
than 20 characters. This threshold was used to remove texts that were too short to provide meaningful thematic
information for TF-IDF representation. However, all 60 cleaned documents met this threshold, so no additional
documents were removed during the length-based filtering stage. An example of the dataset after the filtering
and text preprocessing processes is shown in Figure 3.

df = df [df["clean_text"].str.len() > 20].reset_index(drop=True)
print("Number of data after noise filtering:", len(df))

Number of data after noise filtering: 60

Figure 3. Dataset after noise filtering and text preprocessing.

date source keyword text clean_text
0 2025-12-25 Detik  kuliah online \r\n ADVERTISEMENT\r\n Kementerian Pendidik... advertisement menteri didik sains teknologi ke...
1 2025-12-25 Detik  kuliah online  Universitas Sumatera Utara mengumumkan pihakny... universitas sumatera utara umum kuliah serang ...
2 2025-12-25 Detik  kuliah online Anda menyukai artikel ini Artikel disimpan Saa... suka artikel artikel simpan media sosial pisah...
3

2025-12-25

Detik  kuliah online Mahasiswi di Magelang ini rela tiap hari duduk... mahasiswi magelang rela duduk pinggir jalan ku...

Figure 4. Filtered dataset.
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The filtered dataset was then used as a clean dataset for all subsequent analysis stages. The clean dataset, as
seen in Figure 4, has the following column structure: date; source; keyword; text; clean_text. The clean_text
column represents the preprocessed text, which has undergone case folding, non-alphabetic character cleaning,
Indonesian stopword removal, and stemming. Qualitatively, the preprocessed text displays more concise words
and focuses on the context of online lectures, such as lecture, online, student, campus, and university.

4.3. Feature Extraction Using TF-IDF Vectorizer

The clean dataset was then transformed into a numerical representation using the TF-IDF Vectorizer. The TF-
IDF configuration used included the use of unigrams and bigrams (ngram_range = (1,2)), as well as word
occurrence restrictions using min_df and max_df, as shown in Figure 5.

tfidf_vectorizer = TfidfVectorizer(
ngram_range=(1, 2),
min_df=2,
max_df=0.9,
max_features=5000

Figure 5. TF-IDF configuration.

The feature extraction results produce a 60 x 1669 TF-IDF matrix, indicating that each document is represented
by 1669 word features. This matrix serves as the primary basis for the clustering process using the K-Means
algorithm.

4.4. Determining the Optimal Number of Clusters
4.4.1. Evaluation with the Elbow Method

The number of clusters was determined exploratively using the Elbow Method by observing the change in
inertia values for k =2 to k = 10. Inertia represents the within-cluster sum of squared distances, where a lower
value indicates that documents are closer to their assigned cluster centroids. As shown in Table 3, inertia
continuously decreased as the number of clusters increased. However, the reduction became more gradual after
k = 4, indicating that adding more clusters produced a smaller marginal improvement in compactness.
Therefore, k = 4 was considered a reasonable candidate based on the Elbow Method, especially because it
provided a balance between cluster compactness and interpretability.

Table 3. Inertia and silhouette score for different numbers of clusters.

Number of Clusters (k) Inertia Silhouette Score

2 53.2544 0.0210
3 50.9774 0.0310
4 49.2695 0.0345
5 48.1270 0.0302
6 46.8219 0.0351
7 45.0072 0.0428
8 43.6214 0.0477
9 42.2191 0.0565
10 40.8757 0.0515

The Elbow graph, as shown in Figure 6, shows a relatively sharp decrease in inertia at small k values and
begins to level off after k = 4. This finding indicates that using more than four clusters does not significantly
improve the quality of data clustering.
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Elbow Method for Determining the Optimal k

Number of Clusters (k)
Figure 6. Elbow Method graph for determining the optimal number of clusters.
4.4.1. Evaluation with Silhouette Score (Multi-k)

In addition to the Elbow Method, an evaluation was also conducted using the Silhouette Score to measure the
quality of cluster separation. The Silhouette Score is used to measure how close a data set is to its respective
cluster compared to other nearby clusters. Mathematically, the silhouette value for a data set can be written as
follows:

N _ b —a® &)
s@ = max(a(i), b(i))

where a(i) is the average distance of data i to all other data in the same cluster, while b(i) is the average
minimum distance of data i to the data in the closest other cluster. A higher Silhouette Score indicates that the
data is more closely aligned with the cluster it belongs to.

Silhouette Score for Various Values of k

0.055 A
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0.045 -

0.040 ~

0.035 ~

Silhouette Score

0.030 -

0.025 ~

0.020 A

2 3 4 5 6 1 8 9 10
Number of Clusters (k)

Figure 7. Silhouette score values for various numbers of clusters.
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In addition to the Elbow Method, Silhouette Score was used to evaluate the degree of separation between
clusters. The Silhouette Score values for k = 2 to k = 10 are also presented in Table 3. The results show that
the Silhouette Score values were generally low across all tested k values, indicating weak numerical separation
among clusters. The highest Silhouette Score was obtained at k = 9, with a value of 0.0565. However, this
value remained very low and produced too many clusters for a dataset consisting of only 60 documents. In
such a small and heterogeneous text dataset, a higher k value tends to fragment the documents into smaller
groups, which may reduce the practical interpretability of the resulting themes. Changes in the Silhouette Score
value against variations in the number of clusters are shown in Figure 7.

Although k =9 produced the highest Silhouette Score, this study selected k = 4 as the final number of clusters
based on three considerations. First, the Elbow Method showed that the decrease in inertia began to become
more gradual after k = 4. Second, k = 4 produced thematically interpretable clusters that could be mapped into
meaningful branding dimensions, namely academic activities, social and cultural dimensions, distance
education and policy, and economic, regulatory, and technological aspects. Third, the study aimed to generate
branding recommendations rather than maximize predictive clustering performance. Therefore, k = 4 was
selected as a compromise between numerical evaluation, thematic interpretability, and the practical objective
of developing online lecture branding recommendations.

4.5. Clustering Results Using K-Means

The K-Means algorithm was implemented using a fixed random seed (random_state = 42) and 10 initializations
(n_init = 10) to reduce the influence of random centroid initialization. The final clustering model with k = 4
produced a Silhouette Score of 0.0345 and an inertia value of 49.2695. The resulting cluster distribution was
17 documents in Cluster 0, 10 documents in Cluster 1, 8 documents in Cluster 2, and 25 documents in Cluster
3. A separate repeated-run stability test across multiple random seeds was not conducted in this study.
Therefore, clustering stability was controlled through a fixed random seed and multiple initializations. The
low Silhouette Score and overlapping PCA visualization indicate that the resulting cluster structure should be
interpreted as exploratory thematic groupings rather than strongly separated or predictive clusters.

4.6. Top-Term Analysis and Cluster Theme Interpretation

Cluster theme analysis was conducted by identifying the words with the highest TF-IDF weights at each cluster
centroid (top terms per cluster). The analysis results show the clusters as follow:

Cluster 0: kuliah, daring, mahasiswa, ajar, kampus, universitas
Cluster 1: natal, wisuda, keluarga, agama, selamat

Cluster 2: sekolah, siswa, ajar jarak, dinas, pjj

Cluster 3: aplikasi, harga, rp, juta, riset, pasal

aoc o

The resulting cluster pattern shows similarities to the results of previous research on Twitter data that grouped
opinions based on the main discussion themes [24][30], as shown in the following cluster thematic
interpretation.

a. Cluster 0 — Academic Activities of Online Lectures in Higher Education
Represents public perception of the core activities of online lectures, such as the learning process, the
role of lecturers, and student experiences.

b. Cluster 1 — Social, Cultural, and Academic Moments
Shows that online lecture discourse is also related to social and cultural values and important academic
moments such as graduations and religious celebrations.

c. Cluster 2 — Distance Education and the Role of Government Institutions
Depicts public perception, which still associates online lectures with national distance education
policies and the role of government institutions.

d. Cluster 3 — Economic Aspects, Regulations, and Campus Technology Innovation
Highlights aspects of education costs, the use of digital applications, and regulations and policies that
influence the implementation of online lectures.
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4.7. Implications for Brand Awareness and Digital Engagement

The clustering results provide interpretive implications for online college branding strategies. The relationship
between the clusters and branding dimensions in this study is based on the interpretation of dominant keywords
and main themes in each cluster. Thus, brand awareness and digital engagement are positioned as interpretive
outcomes of document clustering, not as variables directly calculated by the K-Means algorithm.

a. Brand Awareness. Clusters 0 and 2 demonstrate the importance of building the image of online
colleges as a legitimate, structured, and high-quality higher education system.

b. Digital Engagement. Clusters 1 and 3 emphasize the importance of emotional engagement, social
value, cost transparency, and ease of use of digital platforms to increase public engagement.

These cluster findings can be used as a basis for developing digital branding and communication strategies, in
line with research that utilizes text analysis to understand brand perceptions and image [18], [19]. A cluster-
based branding approach allows for the development of more contextual and targeted communication
strategies, as shown in Table 4.

Table 4. Branding Strategy Recommendations Based on Public Opinion Clusters

Cluster Main Theme Branding Recommendations
Cluster 0 Academic Activities for =~ Emphasize the quality of the learning process, lecturer
Online Lectures competence, and students' academic experience in online
courses.
Cluster 1 Social and Cultural Integrate online course narratives with social values, family
Dimensions values, and academic moments such as graduation
ceremonies.
Cluster 2 Distance Education and Clarify the differentiation between online university courses
Policy and distance learning at schools and affirm the institution's
legitimacy.
Cluster 3 Economics, Regulation, Display cost transparency, easy application access, and
and Technology compliance with educational regulations.

4.8. Final Clustering Evaluation with Silhouette Score

The final clustering evaluation yielded a Silhouette Score of 0.0345. This value indicates that the separation
between clusters is still relatively weak and there are overlapping themes between clusters. However, in the
context of heterogeneous text-based public opinion data and a limited data set (60 documents), this value is
still acceptable for exploratory and interpretative purposes. The focus of this research is on mapping themes
and public perceptions, not on optimizing cluster performance predictively.

4.9. Dimensionality Reduction and Cluster Visualization Using PCA

To aid interpretation of the clustering results, dimensionality reduction was performed using Principal
Component Analysis (PCA) into two main components. Simply put, the PCA process can be understood as
the projection of high-dimensional data into a lower-dimensional space through principal components. This
projection can be written as follows:

Z=XW (6)

where X is the TF-IDF data matrix, W is the principal component matrix, and Z is the projection of the data
into a lower-dimensional space. In this study, PCA was used to visualize the distribution of clusters into two
principal components. The visualization of the clustering results in the two-dimensional PCA space is shown
in Figure 8, which shows the distribution and overlap between clusters.
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Figure 8. Visualization of online lecture opinion clusters using PCA.

PCA results show that the first component explains approximately 5.24% of the data variation, whereas the
second component explains approximately 5.18% of the data variation. The total variation explained by the
two principal components is approximately 10.4%, indicating high complexity in TF-IDF-based text data.
Cluster visualization in the two-dimensional PCA space shows significant overlap between clusters. This
finding is consistent with the low Silhouette Score and strengthens the conclusion that public perceptions of
online lectures are multidimensional and overlapping.

4.10. Discussion

The results of this study show that TF-IDF Vectorizer and K-Means Clustering can be used to identify thematic
structures in public discourse related to online lectures in Indonesia. The four clusters generated in this study
represent academic activities of online lectures, social and cultural dimensions, distance education and policy,
and economic, regulatory, and technological aspects. These findings indicate that public perception of online
lectures is not formed by a single dominant issue, but by several interrelated themes. This result is in line with
previous studies showing that TF-IDF and K-Means can be used to group text documents based on content
similarity, such as online news clustering [ 10] and Twitter-based public opinion clustering for marketing policy
[11]. However, unlike those studies, this research applies document clustering specifically to the context of
online lecture branding in higher education.

The low Silhouette Score obtained in this study indicates that the clusters were not strongly separated
numerically. This condition can be explained by several factors. First, the dataset used in this study was
relatively small, consisting of only 60 documents after duplicate removal and preprocessing. A limited number
of documents can make cluster boundaries less stable because each cluster is formed from a relatively small
number of textual observations. Second, the TF-IDF matrix produced 1669 features from only 60 documents,
indicating a high-dimensional and sparse representation. In text clustering, sparsity can reduce the ability of
distance-based algorithms such as K-Means to clearly separate documents, because many documents may
share only a small number of common terms.

Third, the heterogeneous nature of the scraped sources also contributed to the overlapping cluster structure.
The dataset contained texts from online news portals with different writing styles, topics, and contextual
focuses. As aresult, several documents may contain overlapping terms related to education, technology, policy,
and social issues at the same time. This explains why the PCA visualization showed overlapping clusters and
why the Silhouette Score remained low. Similar challenges have also been discussed in document clustering
and topic modeling studies on social media data, where short, noisy, and heterogeneous texts often produce
overlapping thematic structures [15].
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Compared with previous studies, the findings of this study confirm the usefulness of TF-IDF and K-Means as
an initial exploratory approach for identifying dominant themes in textual data. Purniawan et al. [10] applied
TF-IDF and K-Means to cluster online news articles, while Fonda et al. [11] used K-Means clustering on
Twitter data to support marketing policy. In contrast, this study does not only group documents, but also
interprets the resulting clusters as a basis for online lecture branding recommendations. Therefore, the main
contribution of this study lies in translating document clustering results into strategic branding implications,
particularly for strengthening brand awareness and digital engagement in higher education.

The results also show that the use of TF-IDF has limitations in capturing semantic similarity between
documents. TF-IDF represents documents based on term frequency and inverse document frequency, but it
does not fully capture contextual meaning or semantic relationships between words. Previous studies using
word embeddings have shown that embedding-based representations can improve text clustering by capturing
semantic relationships more effectively [23], [24]. Therefore, future studies may consider using word
embeddings or large language model embeddings to obtain more semantically meaningful clusters, especially
when dealing with heterogeneous public opinion texts.

In relation to document clustering and topic modelling, this study is closer to document clustering because it
assigns each document to a cluster based on TF-IDF feature similarity. It does not perform sentiment analysis
and does not classify opinions into positive, negative, or neutral categories. This distinction is important
because previous research has compared document clustering and topic modelling as different approaches for
discovering thematic structures in text data [26]. The present study contributes to this area by showing how
document clustering can be adapted for a practical branding context, where the resulting clusters are not treated
merely as computational outputs, but as interpretative foundations for developing more contextual online
lecture branding strategies.

Overall, the low numerical cluster separation should not be interpreted as a failure of the study, but as an
indication that public perception of online lectures is multidimensional and overlapping. The clusters provide
exploratory thematic insights rather than predictive or strongly separated groupings. For practical branding
purposes, these thematic insights are still useful because they help universities understand which issues are
associated with online lectures in public discourse. Nevertheless, the clustering quality may be improved in
future studies by expanding the data collection period, increasing the number of documents, incorporating
more diverse digital sources, and using semantic text representations to reduce the limitations of sparse TF-
IDF features.

5. CONCLUSIONS

Based on the research results, it can be concluded that web scraping, text mining, TF-IDF Vectorizer, and K-
Means Clustering approaches can be used to analyze public perceptions of online lectures in Indonesia. Public
opinion data was collected from open digital sources using several Indonesian keywords related to online
lectures. The data was then stored in a dataset and analyzed using Google Colab. The initial data collection
consisted of 108 text documents. After duplicate removal, noise filtering, and preprocessing, the data used in
the analysis decreased to 60 documents. The preprocessing steps included text cleaning, normalization,
removal of irrelevant characters, stopword removal, and stemming, thus preparing the text data for analysis.

Next, the cleaned text data was represented numerically using TF-IDF Vectorizer. The feature extraction
results produced a 60 x 1669 TF-IDF matrix, indicating that each document is represented by 1669 feature
words. This matrix was then used as input in the clustering process using the K-Means algorithm. Based on
the evaluation using the Elbow Method and Silhouette Score, the number of clusters used in this study was
determined to be four. The clustering results indicate that public perception of online lectures is not a single
entity but rather is divided into several main themes: academic activities in online lectures, social and cultural
dimensions, distance education and policy, and economic, regulatory, and technological aspects.

The final evaluation using the Silhouette Score obtained a value of 0.0345, indicating that the separation
between clusters is relatively weak and there are overlapping themes between documents. This finding is
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further reinforced by the PCA visualization, which shows that the distribution of clusters in two-dimensional
space still overlaps. However, in the context of exploratory research based on heterogeneous and limited public
opinion text data, these results still provide a useful initial overview for understanding public perception
patterns toward online lectures in Indonesia.

Overall, this study demonstrates that the results of public opinion clustering can be used as a basis for
developing more contextual and data-driven recommendations for online lecture branding. Clusters related to
academic activities and distance learning policies can be used to strengthen brand awareness, particularly in
building the image of online lectures as a legitimate, structured, and high-quality higher education system.
Meanwhile, clusters related to social, cultural, economic, regulatory, and technological aspects can be utilized
to increase digital engagement through communication narratives that are more emotional, transparent, easily
accessible, and tailored to community needs. Thus, this research provides a practical contribution to
universities in developing more targeted online lecture branding strategies, as well as providing academic
contributions in the application of text mining and clustering techniques in the context of higher education in
Indonesia. Future studies are recommended to expand the data collection period and include a more diverse
range of digital sources to increase the number of documents analyzed. Such data expansion is expected to
reduce sparsity in the TF-IDF matrix which comprises 1,669 features in this study and improve numerical
cluster separation.
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