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Abstract—Selecting quality programming content creators on platforms such as YouTube is becoming a complex challenge as
digital educational content expands. This research designs a systematic approach by combining K-Means algorithm and MAUT
method to objectively evaluate and rank creators. Data from 100 programming channels was analysed using K-Means, resulting in
three main clusters based on audience views and interactions. The leading cluster was identified with an average of 335,461 views
per video and an engagement rate of 0.31%. The MAUT method then ranked the creators in this cluster, revealing Brackeys as the
best programming contentcreator with an optimal balance between audience reach and participation with a final score of 0.624.
The results show that the integration of these two methods is effective in providing a data-driven solution for educational content
selection, as well as a reference for creators in improving the quality of the material. The combination of K-Means and MAUT not
only answers the need for objectivity in content curation, but also enriches the literacy of multidimensional evaluation methods in
the era of online learning.
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1. INTRODUCTION

The digital era has brought about significant changes in the way learning is conducted, especially in the field of
programming. Online learning strategies have a significant impact on students' academic performance, with an
emphasis on the importance of using appropriate teaching methods to improve learning outcomes|[ 1]. Content creators
are now modern educators who provide easily accessible learning materials through various platforms, such as
YouTube. YouTube content creators have shown a positive impact in improving the learning experience[2], [3], [4].
However, as the number of content creators increases, new challenges arise in identifying high-quality creators in an
objective and structured manner. A systematic selection mechanism plays an important role in enhancing online
community engagement[5]. This situation demands an approach that is capable of evaluating and categorizing content
creators based on various relevant criteria.

Various methods have been proposed to address these challenges. Data mining and Multi-Criteria Decision
Analysis (MCDA) methods have shown their effectiveness in systematically evaluating alternatives[6], [7]. In data
mining, K-means Clustering as a solution for optimizing data distribution in machine learning, which is relevant in
grouping content creators based on their characteristics[8]. On the other hand, the MAUT (Multi-Attribute Utility
Theory) method has been proven effective in multi-criteria decision making in decision support systems. An
innovative MAUT framework to improve the Decision-making process, with a comprehensive guide on implementing
this method [7][9]. For Clustering optimization, the use of the Elbow method to determine the optimal number of
Clusters in K-Means provides a strong methodological foundation[10], [11]. In this study, data was obtained through
scraping using the YouTube API to collect information about content creators, such as the number of followers,
interaction levels, and content quality. The K-Means algorithm was used to group creators based on these data patterns.
Furthermore, the MAUT method was applied to rank the groups that had been formed, taking into account the weight
of the relevant criteria[12], [13].

Previous research conducted by Ridha Maya Faza Lubis and her team in 2023 focused on efforts to reduce the
increasing death rate from cervical cancer. In this study, they used clustering techniques to group data based on similar
characteristics. The K-Means algorithm was implemented with the help of the RapidMiner application. The results
showed that cluster 1 had the largest amount of data. Of the 72 cervical cancer data analyzed, 28 were classified as
cervical cancer sufferers, while the other 44 data were not included in that category[14].

Ayu Pangestu and Taufik Ridwan in 2022 aimed to group water customers based on the volume of water usage
in cubic units. This grouping is done to provide information on customer categories based on water sales data at PAM
Kerta Raharja. In this study, the method used is the K-Means algorithm. Water sales data that has been processed using
the Weka application is grouped into three categories, namely economical, moderate, and wasteful. The results of the
calculation using the K-Means algorithm show that there are three cluster groups. Cluster 0 with a centroid (46.6) is a
group of customers who are classified as wasteful, consisting of 9 people. Cluster 1 with a centroid (13.6) is a group
of customers with moderate water usage, while cluster 2 with a centroid (25.4) is a group of customers who are
economical in water usage[15].

Mohammad Aldinugroho Abdullah and Rima Tamara Aldisa in 2023 highlighted the importance of Decision
Support Systems (DSS) in warehouse manager recruitment. The conventional recruitment process carried out by HRD
with various requirements often makes prospective candidates feel difficult and reluctant to apply. As a result, HRD
also has difficulty finding the right candidate. DSS is present as a solution to overcome this problem. DSS helps HRD
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in identifying and analyzing the criteria needed for the warehouse manager position, as well as providing a list of the
most suitable candidates. In the study, the application of DSS with the MAUT method and ROC weighting resulted
in the best decision, namely a candidate named Dindin Samsudin with a Ui value = 0.761. These results indicate that
Dindin Samsudin is the most qualified candidate for the warehouse manager position[16].

Agung Triayudi and his team in 2022 highlighted the importance of making the right and effective decisions
in determining superior regional products that need to be prioritized. In the midst of increasingly tight competition,
local governments (PEMDA) are required to choose the best products. Decision Support Systems (DSS) can be a
solution by helping to identify and analyze priority criteria, as well as producing alternative products that have the
potential to be developed. Based on the application of the ROC and MAUT methods, coffee products are ranked first
with the highest utility value, making them the most potential superior regional product to be developed[17].

In 2023, Eugenius Kau Suni and Stephen Aprius Sutresno conducted a study, this study focused on developing
a decision support system to evaluate the performance of content creators at the Aurora News Agency, which has more
than 700 members. The TOPSIS method was used to determine the ranking of the best content creators based on data
from 630 content creators with a total of 10,916 contents. The results showed that Anemz Tv was ranked first with a
preference value of 0.4368, followed by Talenta. TV in second place with a value of 0.3203. Further analysis revealed
differences in strategies between content creators, with some focusing on quantity and others on quality of content. In
conclusion, the TOPSIS method can be implemented simply with fast computing and produces diverse preference
values[18].

This combined approach integrates the strengths of K-Means in data clustering and MAUT in weighted
evaluation, offering significant advantages over single methods. With this approach, the study is expected to provide
a systematic solution to help educational platforms curate content, support creators in improving their quality, and
make it easier for users to choose the best learning resources.

2. RESEARCH METHODOLOGY
2.1 Research Stages

Good research follows a structured and coherent flow. Each step in this flow contributes to the quality of the final
research result. The stages in this research can be likened to a map that guides the researcher from the beginning to
the end of the research process. These stages are visualized in Figure 1.
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Figure 1. Research Stages

Based on Figure 1, this research begins with a problem analysis which is a crucial stage to identify and
understand the problems to be studied. This stage involves collecting relevant information and data. A good problem
analysis will determine the direction and focus of the research, so that the research does not lose direction and produces
useful results. Furthermore, a literature study is conducted to examine the research topic by collecting, analyzing, and
synthesizing information from various trusted sources systematically and in a structured manner. The third stage is
data collection to answer the problem formulation. The collected data is then processed using an appropriate algorithm.
In this study, the K-Means clustering algorithm is used and evaluated with the RapidMiner platform. One of the
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clusters is then selected as a sample for decision making using the MAUT method. The implementation of research is
not only a complement, but also an important element that shows the real impact of research on society. The results
of the implementation are proof that research can answer needs and provide solutions to problems in the field.
Implementation shows the practical application of research and its benefits for life, so that research does not only stop
in the academic realm, but also contributes positively to the progress of society. The final stage is writing a research
report that presents the findings and results of the research comprehensively. This report must be written in language
that is easy to understand and systematically structured.

2.2 Data Mining

Data Mining is the process of identifying valuable patterns and insights from massive data sets. It uses statistical,
mathematical, and artificial intelligence techniques to extract useful information from data. Data mining can be applied
across a range of sectors, including marketing, finance, healthcare, and e-commerce, to uncover trends, make
predictions, and improve decision-making efficiency[19], [20], [21], [22].

2.3 Decision Support System

Decision Support System (DSS) is a computer-based system designed to facilitate decision-making in an organization
or company. DSS provides information, data analysis, and various tools that assist in information processing. The
main advantage of DSS is its ability to handle semi-structured or unstructured problems. Structured problems have
predetermined solutions, while semi-structured and unstructured problems have more complex and situational
solutions. In this context, DSS provides comprehensive information to decision makers to help them find the most
appropriate solution. DSS uses various methods in decision-making, including PSI, EXPROM II, WASPAS, OCRA,
TOPSIS, MAUT, SAW, COPRAS, MOORA, AHP, ARAS, WP, EDAS, and MOOSRA[23], [24], [25], [26], [27], [28],
[29], [30], [31].

2.4 K-Means Clustering

K-Means is a method used in data analysis to group data into several groups based on existing attributes. The main
goal of the K-Means algorithm is to find the center of the group called the centroid, where data with similar
characteristics will be grouped together. The initial process of this algorithm involves determining the desired number
of groups (k) and setting the initial position of the centroid randomly. Next, the algorithm will calculate the distance
between each data and the centroid and group the data to the closest centroid. After that, the position of the centroid
is updated by calculating the average of the data in each group. This process is repeated continuously until there is no
change in the placement of the data or reaches a predetermined stopping criterion[32], [33], [34], [35], [36], [37] The
stages of K-Means Clustering start with determining of the number of clusters. After that, in the first iteration
calculating of the centroid center by using randomly taken data values as the initial centroid center. After determining
the initial centroid, the next step is calculating the shortest distance using the initial centroid, for the formula can be
seen in equation 1 below.

dEuclidean(X' Y) = ?:1(Xi - Yl)z (1)

d(x,y) is the distance of data x to the center of cluster y, Xi is the i-th data on the n-th data attribute and i is the
j-th data on the n-th data attribute. Data that has the closest value will be grouped together in one group (cluster), while
data that has a greater distance will be placed in a different group.

Perform the next iteration using the new centroid position, which is determined based on the group with the
minimum distance to the data. The formula can be seen in equation 2 below.

Ki=—%" X 2

This process is repeated from the first step until it reaches the last iteration. If there is a change in the group
centroid position, then the iteration will continue. However, if there is no change in the centroid position of the group,
then the iteration process will be stopped.

2.5 MAUT Method

The Multi-Attribute Utility Theory (MAUT) method is an approach to decision making that involves comparing
multiple options based on a set of criteria. Each criterion has a weight that reflects its level of importance in the
decision-making process. To determine the best option, the utility value of each option is calculated by multiplying
the weight of each criterion by the value of the criterion in question. The option with the highest utility value is
considered to be the option that best suits the user's preferences. In the MAUT method, criteria weights are expressed
on a scale of 0 to 1, where 0 indicates that the criterion is not important, while 1 indicates that the criterion is very
important. The utility value of each option can be directly compared to determine the best option[38], [39], [40], [41],
[42], [43], [44], [45], [46], [47], [48], [49], [50], [51], [52], [53]. The initial process that needs to be done in applying
the MAUT method is to form a decision matrix that can be seen in the following equation 3 which comes from the
sample data in the study.
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X11 X12 X1n
Xij = |%¥21 X2z Xon (3)
Xm1 Xm2 Xmn
Where m is the number of candidate alternatives, n is the number of evaluation criteria and Xij is the
performance of the alternatives with respect to the performance of j. The next step is to perform normalisation. For
benefit criteria use equation 4, while for cost criteria use equation 5.
« Xi]-—min(Xij)

Tij = Tnax(xg)-min(x;;) )
maX(Xij)—min(Xif)

)

After the normalisation process, then calculate the Marginal Utility (Uij) value of each alternative using the
following equation 6.

_ el
U= 17

u (6)

Calculating the Final Utility Value (Ui) is the last stage in applying the MAUT method. The process of
calculating the utility value is done by multiplying the weight of each criterion with the value of the criteria concerned.
This utility value reflects how well an option fulfils the desired criteria, for the formula can be seen in equation 7
below.

U=X7=1 U;. W, (7

The utility value (uj) indicates the level of suitability of each alternative. This value is calculated by combining
the attribute weights (wj) and the actual level (uij) of each alternative. The alternative with the highest utility value is
the most recommended choice.

3. RESULTS AND DISCUSSION

This study applies a quantitative approach by integrating the Clustering method and multi-criteria ranking. The
selection of this approach is based on the need to produce objective and measurable analysis in identifying
programming content creator performance patterns. The Clustering method was chosen because of its ability to
identify natural structures and groupings that emerge from data based on characteristic similarities, thus providing a
more systematic understanding of content creator segmentation in the online programming learning ecosystem. To
achieve a comprehensive evaluation, this study implements the Multi-Attribute Utility Theory (MAUT) method in the
content creator ranking process. MAUT. The following is the general architecture of the use of both methods in the
research used in completing this research.

Data - Data - Dete{mmmg the‘ Opt!mal
collection Z| Preprocessing 2| Number of Clusters Using the
- Elbow Method

Evaluation of Grouping 2 Implementation of K-Means
Results Method

Best Cluster > Ranking with MAUT Method >  Visualization

Figure 2. General Architecture

Based on Figure 2, this study carries out a series of analysis processes starting from data collection to
visualization of results. The initial stage begins with data collection, followed by data preprocessing to ensure the
quality and consistency of the data to be analyzed. Data preprocessing is crucial because it is the foundation for
accurate analysis in subsequent stages. After the data is ready to be analyzed, the process continues to determine the
optimal number of Clusters using the Elbow Method. This method was chosen because of its ability to determine the
right number of Clusters based on the decrease in the Sum of Square Error (SSE) value, thus providing an objective
basis for determining the number of Clusters. The results of the EIbow Method are then used as input for the Clustering
process using the K-Means algorithm. After the Cluster is formed, an evaluation is carried out to ensure the quality of
the resulting grouping. The final stage of the analysis process involves ranking using the MAUT method to provide
an assessment of the best content creators in the Cluster. The results of the analysis are then visualized and stored to

Copyright © 2025 Author, Page 278
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v7i1.7310
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 7, No 1, June 2025 Page: 275-286

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v7i1.7310

facilitate interpretation and use of the research results. This series of processes is designed systematically to ensure
comprehensive and scientifically accountable analysis results.

3.1 Data Collection and Preprocessing

In this study, the data collection process was carried out by utilizing the YouTube Data API v3 implemented through
Google Apps Script integrated with Google Spreadsheet. This approach was chosen because of its ability to automate
the data retrieval process efficiently and in a structured manner. The YouTube API provides access to various important
metrics needed for content creator analysis, including Channel statistics and video performance. The data scraping
process was designed to collect information from 100 selected programming Channels. The implementation was
carried out using several main functions that were integrated with each other, the data collection process (data
scraping) from YouTube using Google Apps Script in a spreadsheet. The process begins by receiving input in the form
of video duration in ISO 8601 format, the dates of the first and last videos, and the number of videos. The
parseDuration function is used to convert the video duration from ISO 8601 format to total seconds. Furthermore, the
calculateUploadFrequency function calculates the frequency of video uploads based on the dates of the first and last
videos and the number of videos. Finally, the scrapeContentCreator function scrapes data from YouTube. This function
opens a spreadsheet, reads a list of content creator names, and retrieves data from the YouTube API for each content
creator. The extracted data is then processed and stored in a spreadsheet. This process also addresses potential errors
that may occur during data collection. The data collected includes key metrics needed for in-depth analysis such as
Channel Statistics (subscriber count, total views, video count), Engagement metrics (likes, comments, views per
video), Content consistency (upload frequency, video duration), and Historical performance (Channel age, growth
metrics). The following is a sample of data that will be used in this study.

Table 1. Sample Data

channel title number_of total views O o aseV iews_ average_yide
- _videos - per video o _duration

Jombo 30 47102748 1570091,6 90,47
Programming Tutorials 292 3217408 11018,52 159,59
CroatCode 48 55778098 1162043,71 450,52
Programming with Mosh 230 224093242 974318,44 85,99
Telusko 2013 302619924 150332,8 79,15
Programiz 176 12037623 68395,59 320,34
Fireship 698 524927114 752044,58 20,2
The Coding Sloth 33 12598319 381767,24 644,82
w3schools,com 301 8656962 28760,67 7,08
ThePrimeTime 1122 175116363 156075,19 81,36
Hablu Programmer 719 13624174 18948,78 122,63
Coding with Lewis 630 184241311 292446,53 61,1
Tim Kim 8 7192333 899041,63 585
freeCodeCamp,org 1789 819551736 458106,06 508,79
AdiCodeHub 91 749496 8236,22 117,97
TitanTech 130 9542396 73403,05 15,25

After data preprocessing is carried out, the data samples that will be used in the grouping process become 76
data from a total of 100 initial data samples.

3.2 Determining the Number of Clusters

After the data is collected and processed, the next step is to determine the most appropriate number of clusters to
group content creators using the K-Means algorithm. Choosing the right number of clusters is crucial to ensure that
the clustering results produce relevant and easily interpretable groups. In this study, the EIbow method is used, which
is based on the calculation of the Within-Cluster Sum of Squares (WCSS) for various values of the number of clusters
(k). This method selects a value of k that results in a significant decrease in WCSS, which measures how well the data
is grouped within each cluster. This process begins with data pre-processing, where raw data that may contain missing
values or anomalies is corrected to ensure clean and representative data. Next, data normalization is performed using
RobustScaler to address the problem of uneven data distribution, keeping each variable on an equal scale and reducing
the impact of anomalies. Without normalization, variables with a larger range of values can dominate the analysis.
After the data is normalized, the K-Means algorithm is applied to the data for various values of k ranging from 2 to
10, and WCSS is calculated for each value of k. The results are used to construct an Elbow curve, which visualizes
the decrease in WCSS and helps determine the optimal number of clusters. The point at which the decrease in WCSS
begins to slow down indicates the best number of clusters, as adding further clusters does not provide significant
improvement in data separation. This process ensures that the number of clusters chosen best describes the structure
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of the data, allowing for more effective and accurate analysis in subsequent steps. Next, the results of the WCSS
calculation for various values of k are used to construct an Elbow curve. This curve visualizes the decrease in WCSS
as the number of clusters increases. The point at which the decrease in WCSS begins to slow down (elbow point)
indicates the optimal number of clusters chosen. The following is a visualization of the Elbow curve that illustrates
the results of this analysis.

Elbow Method For Optimal k

500 7

450 \

400 \\
350

250 \

200 \-

150

WCSS
w
=]
o

‘\ \ |
] T

T T T T
2 3 4 5 6 7 8 9 10
Number of Clusters (k)

Figure 3. Elbow Method Results

Based on the Elbow method analysis in Figure 3, there is a significant decrease in the Within-Cluster Sum of
Squares (WCSS) value until it reaches K = 3. After that point, the decrease in WCSS slows down and forms a kind of
'elbow' on the curve. This indicates that increasing the number of clusters after K = 3 does not provide a significant
increase in performance, but rather increases the complexity of the model. Therefore, the optimal number of clusters
selected for further analysis is K = 3.

3.3 Implementation of K-Means Method

After determining the optimal number of Clusters, the next step is to apply the K-Means algorithm to group the
Channels based on similar characteristics. This process aims to form homogeneous groups, thus facilitating further
analysis of patterns and relationships between Channels. The following table 2 contains the final clustering results
after applying the K-Means method.

Table 2. Clustering results using the K-Means method

channel title number_of total views average_yiews cer e average_yid Cluster
_videos _per_video eo_duration

Programming Tutorials 292 3217408 11018,52 159,59 0
Telusko 2013 302619924 150332,8 79,15 0
Programiz 176 12037623 68395,59 cer e 320,34 0
w3schools.com 301 8656962 28760,67 e s 7,08 0
ThePrimeTime 1122 175116363 156075,19 81,36 0
Hablu Programmer 719 13624174 18948,78 122,63 0
Coding with Lewis 630 184241311 292446,53 61,1 2
freeCodeCamp.org 1789 819551736 458106,06 508,79 2
Ethio Programming 767 8081349 10536,31 34,35 0
Learn Coding 937 241120641 257332,59 154,16 2
Sahil & Sarra 200 69838869 349194,34 35,99 2
Aaron Jack 122 36680208 300657,44 234,41 1
The StudyTube Project 119 3833897 32217,62 346,51 0
Pentanik IT Solution Park 1369 15250727 11140,05 e 2,93 0
AdiCodeHub 91 749496 8236.22 cer e 117.97 0
TitanTech 130 9542396 73403.05 15.25 0

After clustering the content creator data, there are 50 content creators grouped into cluster 0, 11 data grouped
into cluster 1 and cluster 2 as many as 15 data. Clustering results are obtained without using dimensionality reduction
techniques, which means that the data is used in its original form by maintaining two important features, namely
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average views per video and engagement rate. After the Clustering process is complete, an evaluation is carried out
by analyzing various metrics such as average views, average engagement, and Cluster size. The Composite score is
calculated based on the average views and engagement, which provides an overall picture of the performance of each
Cluster. Based on this score, the best Cluster for further analysis can be selected. The following is a visualization of
the clustering results using the K-Means method.
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Figure 4. Visualization of Clustering Results with K-Means

Based on Figure 4, the Clustering results obtained from the K-Means analysis show three Clusters with
different characteristics in terms of the number of views and engagement levels. Cluster 0, consisting of 50 Channels,
has an average of 57,014.91 views per video, but its engagement level is quite low, at 0.22%. This illustrates that
although the Channels in this Cluster have a large audience, interaction with that audience tends to be less active. On
the other hand, Cluster 1, although it only contains 11 Channels, stands out with a higher average of 105,942.22 views
per video, and a very good engagement level, reaching 2.86%. The Channels in this Cluster have a more engaged
audience and interact with the content more intensely. Meanwhile, Cluster 2 consists of 15 Channels and has a very
high average of 335,461.95 views per video, although its engagement level is slightly lower than Cluster 1, at 0.31%.
This cluster shows a wide audience reach and consistency in gaining attention. Based on the composite score
evaluation, Cluster 2 was selected as the best Cluster for further analysis using the MAUT method, due to its good
balance between high number of views and adequate engagement level. This cluster shows great potential in terms of
audience reach and content performance, making it an optimal choice for further development strategies. The
following table 5 contains data grouped into cluster 2.

Table 5. Content Creator Data in Cluster 2 (Best Cluster)

channel title average_views_p subscriber  upload frequency (vid total lik engagemen  Clust
- er_video count eos/month) es t rate er
Coding with 292446,53 629000 131,38 67445 0,04 2

Lewis

freeco(iegcamp' 458106,06 10300000 523,61 100298 0,01 2
Learn Coding 257332,59 2220000 165,27 13914 0,01 2
Sahil & Sarra 349194,34 778000 24,95 541911 0,78 2
Low Level 295789,64 774000 105,11 325580 0,43 2
Brackeys 468926,08 1850000 7,41 15 53507 0,76 2
Alex Lee 216548,38 421000 3,19 112100 0,42 2
Kevin Stratvert 509215,45 3370000 299,56 68013 0,01 2
Ishan Sharma 212019,62 1640000 918,65 437631 0,14 2
E“gx;kes 25642142 899000 57,65 229997 0,36 2
CodeWithHarry 364455,34 7000000 634,38 276225 0,03 2
Codeiyapa 307460,34 46800 6,8 2632 0,01 2
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channel title average views p  subscriber upload frequency (vid total lik engagemen  Clust

er video count eos/month) es t rate er
Jenny's 28251731 1810000 158.25 45566 0.02 2
Lectures CS IT > > s
Scratch Team 253827.69 244000 2.13 237958 0.85 2
TechWorld 507667.42 1190000 2,93 462957 0.75 2
with Nana

3.4 Ranking with MAUT Method

The final stage of analysis involves ranking the Channels in the best Cluster, namely in table 5 using the MAUT
method. Only 5 criteria or attributes are used in this ranking because there are several criteria with similar assessments
such as the number of views and average views, so it is sufficient to use one of the two criteria, as well as for the other
criteria. The following Table 6 contains the criteria used in the assessment of the data sample

Table 6. Types of Criteria

Criteria Code Description Criteria Weight
Cl average views per video 0,0125
C2 subscriber _count 0,05
C3 upload frequency (videos/month) 0,5875
C4 total likes 0,2375
C5 engagement rate 0,025

Based on Table 6, the five criteria are of the benefit type and it is also seen that criterion C3 is more prioritized
than other criteria. After determining the level of importance of the criteria in table 6, the ranking process then begins
by determining the evaluation matrix that considers several options in decision making until the overall evaluation
process is carried out to obtain the best ranking of the content creator. More clearly, the following are the ranking
stages using the MUAT method.

a. Evaluation matrix for considering multiple options when making decisions (Xij).

292446,53 629000 131,38 67445 0,04
458106,06 10300000 523,61 100298 0,01
257332,59 2220000 165,27 13914 0,01
349194,34 778000 24,95 541911 0,78
295789,64 774000 105,11 325580 0,43
468926,08 1850000 7,41 1555073 0,76
216548,38 421000 3,19 112100 0,42
Xij= | 509215,45 3370000 299,56 68013 0,01
212019,62 1640000 918,65 437631 0,14
256421,42 899000 57,65 229997 0,36
364455,84 7000000 634,38 276225 0,03
307460,84 46800 6,8 2632 0,01
282517,31 1810000 158,25 45566 0,02
253827,69 244000 2,13 237958 0,85
507667,42 1190000 2,93 462957 0,75

b. Calculate the current matrix normalization (77;).
. _ xXjj—min(rij)
YT max(ri)-min(ri))

% __ 292446,53—212019,62

5 = =0,2706
509215,45-212019,62
458106,06—212019,62

5 = = 0,8280
509215,45-212019,62
257332,59-212019,62

= =0,1525
509215,45—-212019,62

Calculate the normalization values C1 to C5 on the 4th to 15th data, after calculating the normalization search for
all criteria, then calculate the marginal utility.
2
i i O )
c. Calculate Marginal Utility (u;;): u;; = T
£(02706)2 _4 ‘
Uy, =———=0,0444

1.71
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2(08280)2 _

U21 = T = 0,5760
(0,1525)2 _
Uy = 51 00138
1.71

Calculate Marginal Utility on data 4 to data 15 by following the same steps as those done in the marginal utility
search criteria for data 1 to data 3 above. After obtaining the overall marginal utility value, the next process is to
calculate the overall evaluation value (uj) using equation formula 7, where the wj value used is in accordance with
the criteria weight in table 6. The following is table 7 containing the results of the MAUT method calculation.

Table 7. Final Results (Ranking)

Channel Title Utility (Uj) Rank
Coding with Lewis 0,127 12
freeCodeCamp.org 0,543 2

Learn Coding 0,116 14

Sahil & Sarra 0,392 6

Low Level 0,247 9
Brackeys 0,624 1
Alex Lee 0,120 13

Kevin Stratvert 0,420 5
Ishan Sharma 0,254 8
Error Makes Clever 0,176 10
CodeWithHarry 0,424
Codeiyapa 0,097 15
Jenny's Lectures CS IT 0,138 11
Scratch Team 0,269
TechWorld with Nana 0,542 3

Table 7 presents the ranking data and utility values (Uj) of various programming-related YouTube channels.
The "Brackeys" channel is ranked first with the highest utility value, which is 0.624, followed by "freeCodeCamp.org"
in second place with a value of 0.543, and "TechWorld with Nana" in third place with a value of 0.542. The
"CodeWithHarry" and "Kevin Stratvert”" channels are ranked fourth and fifth with utility values of 0.424 and 0.420,
respectively. Several other channels such as "Sahil & Sarra", "Scratch Team", "Ishan Sharma", "Low Level", and
"Error Makes Clever" are also included in the list with varying utility values. The channel with the lowest utility value
is "Codeiyapa" with a value of 0.097. The following figure 5 provides an overview of the popularity and quality of
content from various programming YouTube channels.

Top 10 Programming Channels Based on MAUT Analysis

Brackeys

freeCodeCamp.org

TechWorld with Nana

CodeWithHarry

Kevin Stratvert

Channel

Sahil & Sarra

Scratch Team

Ishan Sharma

Low Level

Error Makes Clever

T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6
Utility Score

Figure 5. Visualization of MAUT ranking results

Figure 5 presents a list of the top 10 programming channels based on the MAUT analysis. Each channel is
assigned a utility score that is visualized as a horizontal bar graph. The longer the bar, the higher the utility score of
the channel, which means the better the channel performs in meeting the various criteria assessed in the MAUT
analysis. Based on the figure, the channel "Brackeys" is ranked first with the highest utility score, followed by
"freeCodeCamp.org" in second place, and so on.
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4. CONCLUSION

This study successfully integrates the K-Means algorithm and the MAUT method to systematically identify the best
programming content creators. The results of chapter 3 show that this approach is able to provide a data-based solution
that supports the argument in chapter 1, namely the importance of an objective selection mechanism in selecting
quality creators in the digital era. By utilizing the theories and methods discussed in chapter 2, this study proves the
effectiveness of the combination of K-Means in data clustering and MAUT in multi-criteria evaluation. Through the
analysis process, data from 100 content creators were collected using the YouTube API and processed to ensure their
quality and consistency, after going through the preprocessing stage, the data used became 76. The K-Means algorithm
was used to group creators based on characteristics such as average views per video and interaction level. Determining
the optimal number of Clusters was done using the Elbow method, which produced relevant and measurable
groupings. Furthermore, the MAUT method was applied to rank creators in each Cluster based on a composite score
that reflects overall performance. The results showed that the Cluster with the highest composite score included the
best performing creators, both in terms of engagement rate and average views. Therefore, the Channel "Brackeys" is
ranked first with the highest utility value of 0.624, followed by "freeCodeCamp.org" in second place with a value of
0.543, and "TechWorld with Nana" in third place with a value of 0.542. This approach not only supports the theoretical
argument about the effectiveness of MCDA but also provides empirical evidence that the combination of K-Means
and MAUT is a powerful method for evaluating creator content performance.
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