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Abstract - The relocation of the capital city of the Republic of Indonesia from Jakarta to the
Nusantara Capital City (IKN) is a critical topic for the public, as it is designated as a strategic
national project. However, the lack of public participation may generate community concerns
regarding its potential impact. This research involved extracting public opinion from YouTube
comments to identify the community’s desires, thereby providing policymakers with valuable
information. Clustering the comments using the K-Means method successfully extracted public
opinions from 27,063 comment data points. Among the key findings, a significant public concern
is the potential for the construction project to be abandoned or stalled (“mangkrak’). Additionally,
while the clustering results showed good cohesion, the cluster separation indicated a significant
overlap in the data. This is further reflected by the average similarity score of 0.4234972.
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1. INTRODUCTION

The development of the Nusantara Capital City (IKN) in East Kalimantan is a national
strategic project that has generated diverse responses from the public [1]. As a major issue
involving political, social, economic, and environmental aspects, several key issues that emerged
from previous research include the lack of public participation and the short timeframe for the
formulation of legislation [2]. This has raised deep public concern about the humanitarian impact
it will have [3], as well as concerns regarding social inequality and potential environmental
damage [4].

The IKN is frequently discussed by Indonesian people in various media outlets,
particularly social media. Through social media, people can freely express their opinions, whether
in the form of support, criticism, or suggestions [5]. The large amount of distributed opinion data
makes manual analysis inefficient, necessitating computational methods to process and analyze
the data [6]. However, processing unstructured opinion data requires data mining and machine
learning techniques to transform it into meaningful information. Therefore, several previous
studies have used text processing techniques to extract information from online media [7], [8].
Research conducted by Ahmad Yusuf et al. analyzed the sentiment of 1,836 Twitter posts,
resulting in six policy recommendations, including openness and transparency, mitigation of
social impacts and evictions, environmental protection, efficient budget management, inclusive
infrastructure development, and local economic development [9]. Other research related to IKN
focuses on improving the performance of pre-processing and data classification techniques,
namely that conducted by Hidayah using 2177 Twitter upload data and the Random Forest
classification method [10]. Other methods that are often used are Naive Bayes and SVM [11],

[121, [7].
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Sentiment analysis is a method used to determine the tendency of public opinion on a
particular issue, whether it is positive, negative, or neutral [8]. However, sentiment analysis using
text classification methods is not always the right method for extracting information from text
documents because classification techniques require documents or data with predetermined
sentiment labels. Therefore, in this study, a data grouping approach using clustering techniques
is emphasized to extract information from text documents. Data uploaded from social media was
grouped using the K-Means method. K-Means is an unsupervised learning algorithm capable of
grouping data into several clusters based on similar characteristics [13], [14]. In the context of
sentiment analysis, K-Means can be used to group public opinion into specific categories without
requiring labeled training data. The advantages of this algorithm are its simplicity, efficiency in
handling large data, and the ability to reveal hidden patterns in public opinion data.

This study provides a new perspective on the application of clustering to analyze public
opinion related to government policies. This study uses YouTube as the primary platform for
public opinion formation in Indonesia. The use of YouTube comments specifically related to
capital city issues has not been widely studied, so this study contributes to understanding the
digital community's perceptions of the capital's development.

Thus, the application of the K-Means algorithm in cluster analysis related to the
development of the National Capital City (IKN) is expected to provide a clearer picture of public
perception. This research contributes to the development of social media analytics studies relevant
to policymakers in Indonesia. The results of this analysis can serve as a reference for the
government and policymakers in understanding public opinion and as a basis for decision-making
that aligns with public aspirations.

2. RESEARCH METHOD

Research on sentiment analysis regarding the development of the Nusantara Capital City
(IKN) using the K-Means clustering method was conducted through several systematic stages, as
follows:

Probl . . .
Start > r-:‘r . E"T » Literature Review —» Data Collection
Identification

k

Applying the K- ) Data . Data Pre-
Means Algorithm Representation Processing
Evaluation of Analysis and . Finish
Clustering Results Interpretation

Figure 1. Flow and Research Stages

2.1. Problem Identification

The first stage is identifying the problem to be studied. The development of the
Indonesian IKN has generated diverse public opinions, both supportive and anti-social. These
opinions are widely disseminated on social media and online news portals. Therefore, a method
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for analyzing public comments is needed to identify trends in public opinion regarding the
development of the IKN.

2.2. Literature Review

Next, a literature review was conducted to review previous research related to text
clustering analysis using clustering algorithms. Several text processing methods were chosen,
including the text cleaning method, the Stemming method, and the Text Embedding method [15].
In this study, the K-Means algorithm was chosen as a text clustering method because it is capable
of clustering text data quickly and efficiently, and is suitable for use with large amounts of data.

2.3. Data Collection

Data was collected from social media platforms, specifically YouTube. The data used in
this research is 27063 comments data. The data collection process was carried out using official
APIs or web scraping techniques. The videos were selected based on the keywords “IKN” or “Ibu
Kota Nusantara”. Other parameters considered were videos with the most views, the highest
ratings, and the most recent release date.

2.4. Data Pre-Processing
The obtained raw data then undergoes a pre-processing stage to improve the quality of
the text data [16], [17]. The steps taken include:
1) Crawling, which is collecting raw text data from YouTube videos, which is obtained from
national news channels
2) Cleaning, which removes special characters, links, emojis, and unnecessary punctuation.
3) Case Folding, which converts all text to lowercase.
4) Tokenization, which is breaking down sentences or text documents into smaller units
called tokens (usually individual words).
5) Stopword Removal, which removes common words that do not contribute to sentiment
analysis, such as “yang”, “dan”, or “di”.
6) Stemming, which converts words to their base form, using the literary library. This
method is used to further reduce the dimension of data [18].

2.5. Data Representation

After pre-processing, the text is converted into a numerical representation using the
sentence embedding method. The sentence embedding method used is the Universal Sentence
Encoder with Deep Averaging Network. Universal Sentence Encoder is a powerful and widely
used Natural Language Processing (NLP) model developed by Google. Its core function is to
transform variable-length pieces of text, such as sentences, phrases, or short paragraphs, into
fixed-length, high-dimensional numerical vectors. This method was chosen because of its speed
and efficiency for large amounts of data [19].

2.6. Applying the K-Means Algorithm

The next step is applying the K-Means algorithm to cluster the data. The number of
clusters is determined first. The K-Means algorithm works by determining the center point
(centroid), then grouping the data into the closest clusters. This process is repeated iteratively
until the centroid value stabilizes. K-Means uses a function shown in Equation 1.

we = Z{'(=1 erci”x —wll? (1)
Y = squared distances between each data point
C = cluster i
k = number of clusters
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X = embedding vector
Wi = centroid of C

Since the data is pre-processed and transformed by Universal Sentence Encoder, the input to the
algorithm is a matrix where each row is a dense, high-dimensional sentence embedding. The
process is divided into two main stages: first is iterating to find the optimal k number using the
Elbow method, and the final clustering. Both stages use K-Means clustering. Figure 2 shows the
process used in this research.

Input Sentence Iterate K-Means while
Define Number of £ f3y .
elne Jumbero Embedding Data —> calculate squared
distances
Assign Clusters and Run K-Means using Plot within cluster
evaluation optimal number of k& € sum of squares and
identify Elbow Curve

Figure 2. Steps of the K-Means Algorithm

2.7. Evaluation of Clustering Results

To assess the quality of clustering results, internal evaluation methods such as the Cosine
Similarity Index are used [20], [21]. The Cosine Similarity is used to show how well each data
point falls within its own cluster compared to other clusters. Since the Universal Sentence Encoder
embeddings are typically approximately normalized, the denominator in the cosine similarity
formula approaches 1. Therefore, the Inner Product of the two vectors is often used as an efficient
and equivalent measure of similarity, as shown in Equation 2.

Similarity (A, B)= A .B 2)

The Cosine Similarity ranges from -1 to 1, including:
1) A value close to 1 indicates that the data fits within its cluster and is well separated from
other clusters.
2) A value close to 0 indicates that the data is on the boundary between two clusters.
3) A value close to -1 indicates that the data is more similar to other clusters than to itself (a
poor cluster).
Additionally, the researchers used a similarity matrix to assess the level of similarity
between comments numerically and visualized the clustering results to assess the well-separated
comment groups. To calculate the Similarity Matrix using the formula in Equation 3.

S=E.ET (3)

If E is the embedding matrix where each row is a sentence vector, the similarity matrix S
is computed as the dot product of the embedding matrix and its transpose. This operation yields
an N times N matrix where N is the number of sentences.

The combination of these approaches was used to assess the success of the K-Means
method in clustering YouTube comments based on similar content or discussion topics.
Furthermore, the authors used a similarity matrix and visualized the clustering results to assess
the success of the K-Means method in clustering comment text.

2.8. Analysis and Interpretation
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Clustering results are then analyzed to determine trends in public opinion without
determining sentiment. This analysis can be further deepened by examining the most frequently
occurring words in each cluster. The interpretation results of each cluster will be used to formulate
recommendations that can be used by the government in formulating policies.

3. RESULTS AND DISCUSSION

3.1. Problem Identification and Literature Review

An analysis of YouTube comments related to the development of the Nusantara Capital
City (IKN) reveals a wide range of public opinions across various videos, particularly those
discussing political, economic, and environmental issues. However, the sheer volume and
unstructured nature of these comments pose a major challenge to efficiently understanding public
perceptions. Initial data collection results indicate that YouTube comments often contain informal
language, emoticons, and a mix of Indonesian and slang, complicating manual analysis.

This research focuses on applying the K-Means algorithm to group comment text into
several thematic clusters that represent public opinion on the development of the new capital city.
The clustering results are expected to assist the government, media, and researchers in
understanding public opinion trends objectively and quickly.

3.2. Data Collection

In this study, 27063 comment uploads were successfully collected from 12 videos in June
2025. The attributes of the data collected include Author, Publish Date, Like Counts, and
Comments.

3.3. Data Pre-Processing

Data preprocessing is used to reduce noise and data dimensionality. The methods used
include cleansing, case folding, stop word removal, and finally, stemming. After stemming, empty
comments and comments containing only one character are removed. The preprocessing results
have successfully reduced the data size by 20%. Figure 3 below shows the data dimensionality
reduction for each preprocessing method.

4,200,000
4,000,000

3,800,000

3,600,000

Size (Byte)

3,400,000
3,200,000
3,000,000

QP S
2 oy

Pre-processing Methods

Figure 3. Data Size at Pre-Processing Steps
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It can be concluded that the Case Folding and Stopwords methods contribute the most to
data size reduction. This is because both processes involve the removal of words and characters.
Stemming can reduce the data size, although not as much as Case Folding and Stopwords, as this
stage only converts words to their bases without any word removal.

3.4. Sentence Embedding

Sentence Embedding is applied to data that has undergone preprocessing. At this stage,
the data is successfully transformed into a vector of real numbers. Figure 4 below shows some of
the results of sentence embedding using the Universal Sentence Encoder Library. The resulting
embedding vector will be processed using the K-Means method to obtain its clusters.

Embedding for comment
Embedding for comment
Embedding for comment
Embedding for comment
Embedding for comment
Embedding for comment
Embedding for comment
Embedding for comment
Embedding for comment
Embedding for comment

: [0.048547256737947464, -0.04365519434213638, -9.06206384301185608, ©.81158249782949686, -0.048517484217882156, ©.85680754¢
1 [0.007513972464948893, -0.023588534383654594, -0.06820865720510483, ©.81176538411527872, -8.86192219257354736, -0.9472967¢
1 [0.922273847833275795, -0.@15585077926516533, ©.0759504958987236, ©.858845768852098465, -0.04657096043229103, ©.0925260833!
: [0.895396026968956, -8.025834478437900543, ©.80972290158821209, ©.012414882890880108, ©.06293277442455292, -08.81317805424:
: [-8.0021627829410135746, -08.02602274902164936, -0.04631788562374115, ©.0@367632657289505, ©.0629071369767189, -0.010080413%
: [-0.0824914684933698177, -0.007645791862159967, -8.013309292495250702, 0.04836001247167587, -0.052018895745277485, -0.012:
: [0.809611349552869797, -0.05221948577030182, -0.07494647055864334, -0.82480331063270569, ©.804439414944499731, -8.0056618¢
: [0.84539414122700691, ©.012898515909910202, -0.06470436602830887, ©.83674280270934105, 0.86472267955541611, -08.8066799852¢
: [-0.026660847471523285, -0.808884201757609844, -0.047484881566762924, -8.01872478611767292, -0.011997323483228683, -@.045:
@: [0.004320527892559767, -08.03344932943582535, -9.b6529834674167633, 0.88569729832932353, -8.85010566860437393, 0©.02728016:
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Figure 4. Comment Vector

3.5. K-Means Clustering

After sentence embedding, the text data is grouped into clusters using the K-Means
method. The elbow method is used to determine the optimal number of clusters. This method
relies on calculating the Within-Cluster Sum of Squares (Distortion), also known as the inertia,
for a range of k values. WCSS measures the sum of squared distances between each point and its
assigned cluster centroid. As k increases, the WCSS inherently decreases because the data points
are partitioned into smaller, more numerous clusters, reducing the distance to their respective
centroids.

The results are typically visualized by plotting the WCSS against k. The “optimal” k is
identified at the point where the decrease in WCSS begins to slow down significantly, forming
an “elbow” in the plot. Figure 5 below shows the number of k against the Sum of Squares
(Distortion). Based on Figure 6, the number of clusters of 3 was chosen as the optimal k value
because at that point the “elbow” shape is visible.

Elbow Method for Optimal k

0.74

072

DHstarmian

DEE

DEE

oA -

Figure 5. Elbow Method
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The documents were then grouped into 3 clusters by running the K-Means method one
last time. Next, the groups of sentences formed were labeled cluster 0, cluster 1, and cluster 2.

3.6. Evaluation of Clustering Results

To evaluate the performance of the K-Means method on clustering results, several
methods were used, including calculating the average similarity, visualizing clustering results
using scatter plots, and visualizing the similarity matrix.

Chuslar Visualicalivn (PCA)

ielee e

Figure 6. Scatter Plot 3 Clusters

Based on the figure, the performance of the K-Means algorithm can be summarized using
the concepts of Separation and Cohesion. In terms of separation, a good clustering method can be
seen from the clear boundaries between two clusters, as seen in Figure 6, where the boundaries
of each cluster are clearly visible. However, the separation distance between the clusters is very
close, indicating the method is less able to separate the clusters. This could be caused by the text
data having high similarity.

Judging from the cohesion, it appears that Cluster 2 has a high level of cohesion. This
means the cluster is very homogeneous or cohesive. All members of the cluster share very similar
characteristics. Meanwhile, cluster 0 has scattered points, this could suggest the cluster is a good
representation of a broad group, or that the clustering algorithm may not have found the most
optimal grouping, or perhaps the data itself naturally forms a more diffuse group.

Figure 7 below shows the similarity matrix of the sentence embedding. It can be seen that
the structure can be said to be weak, or there is a lot of overlap in the data. This is evident from
the average similarity calculation of 0.4234972, indicating no directional relationship or
unrelatedness in the data used.
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Figure 7. Similarity Matrix

3.7. Analysis and Interpretation
This section will discuss the interpretation of each cluster. There are three clusters
interpreted: cluster O, cluster 1, and cluster 2.

Word Cloud for C|uster 0
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Figure 8. Word Cloud for Cluster 0
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Cluster 0, as a whole, depicts a critical discussion about the future of the Nusantara
Capital City Project, led by “Mulyono” (Jokowi). The discussion is driven by hopes (Mantap,
Lanjut, Semoga) and criticism (Mangkrak), with the project’s success heavily dependent on
investor support. This debate also allegedly involves the role of Buzzers, who attempt to shape

public opinion.

Word Cloud for Cluster 1

ibu kota nes kata)akarta inge mana bangun ” ”
pat Jangan O "1 ,.[ ng lada I v PE llhlJ'lI l
d J

semu 3maJu =

prabo

berita

Flgure 9. Word Cloud for Cluster 1

Overall, Cluster 1 reflects the two-sided debate that frequently arises in the public sphere
(especially on social media) regarding the Nusantara Capital City (IKN). One side conveys the
message: “IKN (Keren Indonesia) harus Lanjut dan Mantap demi Rakyat”, which is balanced by
a critical concern: “Apakah IKN di bawah Jokowi akan Mangkrak?” This cluster is not only about
development, but also about the political future and legacy of the project.

Word Cloud for Cluster 2

bukan Jaen LOU \f".h«samg”ba ny kbﬁ:nll,
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Figure 10. Word Cloud for Cluster 2

1300

e-ISSN : 2356-2579 | p-ISSN : 1412-2693, DOI : 10.62411/tc.v24i4.14905



Techno.COM, Vol. 24, No. 4, November 2025: 1292-1302

Cluster 2 as a whole reflects deep public concern that the ongoing New Capital City (IKN)
project is at risk of stalling, which would have significant consequences for Indonesia and its
people, especially if it falls short of Jakarta’s. The focus is on the urgency of the project’s
completion, and the responsibility for this is explicitly placed on Mr. Jokowi.

4. CONCLUSION

Based on the research findings, the comment documents obtained from YouTube
regarding the IKN (Indonesia’s new capital city) project have been successfully categorized into
3 clusters. From these three clusters, it can be concluded that the public desires clarity regarding
the capital relocation project, especially in the event of a change in leadership. Furthermore, the
risk of the project being abandoned (“mangkrak”) would carry significant consequences for both
Indonesia and its people, particularly in terms of financial loss and time. The history of other
failed or unsuccessful projects may influence this concern. The government should reiterate its
commitment to the IKN, which has already been done with the issuance of Presidential Regulation
Number 79 of 2025. However, the project’s continuation cannot be borne solely by the
government but requires investor support, as implied in Cluster 0.

From the technical side of text clustering using K-Means, the Pre-Processing stage
successfully reduced the data dimension by 20%. However, in the sentence embedding stage, the
average similarity is 0.4234972, indicating a significant overlap within the data. This is reflected
in the visualization of the cluster results, which are overlapping and closely spaced. Future
research could compare whether other sentence embedding methods would yield the same pattern
or if other clustering methods should be used. Alternative sentence embedding methods include
TF-IDF, Word2Vec, and BERT, while other clustering methods include DBSCAN.
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