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Abstract

The Vocational Competency Test (UKK) is an evaluation instrument to
determine the level of competency mastery of Vocational High School (SMK) students.
However, the process of determining student eligibility to participate in the UKK is
still carried out conventionally, so it takes a relatively long time and risks causing
inconsistencies in the assessment. This study applies the K-Nearest Neighbor (KNN)
algorithm to group students' academic competencies into two classifications: Ready
to Participate in the UKK and Not Ready to Participate in the UKK. The data used
comes from a 15-item knowledge aspect questionnaire given to 78 students majoring
in Electrical Power Installation Engineering (TITL) at SMK Negeri 2 Medan. The data
is separated into 62 training data or 80% and 16 test data or 20%. The data processing
stage begins with preprocessing through Min-Max transformation and normalization.
Next, classification is carried out using KNN with K = 3 and Euclidean Distance as the
distance measurement method. Model performance is analyzed through a Confusion
Matrix based on Accuracy, Precision, Recall, and F1-Score. The test yielded an
accuracy of 81.25%, precision of 76.92%, recall of 100%, and an F1-score of 86.96%.
These findings demonstrate that the KNN algorithm can be effectively used to identify
students' academic competency readiness levels for the UKK. Furthermore, the
developed web-based system can assist teachers in identifying students' readiness
levels more quickly, systematically, and objectively as a basis for decision-making in
facing the Skills Competency Test (UKK).
Keywords:K-Nearest Neighbor (KNN), Academic Competence, Expertise
Competency Test (UKK), Classification, Machine Learning, Confusion Matrix.

Introduction

The Vocational Competency Test (UKK) is an assessment instrument used to
determine the level of competency mastery of Vocational High School (SMK) students
based on their areas of expertise. For Electrical Power Installation Engineering (TITL)
students at SMK Negeri 2 Medan, the UKK plays a strategic role in identifying mastery
of vocational knowledge and skills. Students' readiness is determined by their mastery
of the material, the intensity of their practical experience, and the learning they have
undergone. The integration of theoretical learning, practical experience, and exam
simulations can support competency improvement while building students' readiness
and confidence in participating in the UKK.(Pekayunan Pengabdian et al.,
2025)Therefore, efforts are needed to determine the level of student readiness before
the UKK so that students who experience difficulties can be provided with guidance
and material reinforcement.

Copyright©® Authors Transforma: Journal of Management |197
(o) I


https://doi.org/10.56457/tjm.v4i2.413

Lugi Adela Manalu, et al, Classification Of Students' Academic.... Pp. 197-210

Assessment of readiness in the knowledge aspect is generally conducted through
instruments or questionnaires, the results of which are summarized and analyzed. If
conducted manually on a large number of students, this process is time-consuming
and can be difficult to identify data patterns. The use of machine learning can be an
alternative to help process student data and classify it based on patterns found in the
data.(Wulansari et al., 2025) A data-driven approach can also help with the evaluation
and decision-making stages more systematically (Ramadana et al., 2025).

One classification approach that can be applied is K-Nearest Neighbor (KNN),
which is a supervised learning algorithm that identifies the category of new data by
considering its level of similarity to a number of training data whose class labels are
known.(Nuraeni et al.,, 2023)This method has been proven to provide optimal
accuracy in predicting student graduation categories, making it suitable for use as an
approach in academic decision-making.(Halimukid, 2026)Previous research also
indicates that KNN is relevant for use in helping predict students' readiness to face
the UKK.(IP Sari, 2024). In addition, KNN successfully grouped students' academic
abilities objectively through a web-based system.(Indah Wahyuni & Kurniawan R,
2025).The results of this study indicate that KNN is relevant to be applied to the
classification of students' academic competency data.

This study uses data from the knowledge aspect instrument given to students of
grades XI TITL 2, XI TITL 3, and XI TITL 4 at SMK Negeri 2 Medan. The instrument
consists of 15 questions related to vocational competencies in the UKK. Students'
answers are processed into numerical values to determine the categories of Ready to
Take the UKK and Not Ready to Take the UKK. A total of 78 student data were used
as the dataset, then divided into 80% training data of 62 data and 20% test data of 16
data. Before classification using KNN, the data went through a preprocessing and
normalization stage to support the calculation of Euclidean distance.

RESEARCH METHODS

This study uses a data mining and supervised learning approach by applying
the K-Nearest Neighbor (KNN) algorithm to classify students' academic competency
levels in the knowledge aspect into two categories, namely Ready to Take the UKK
and Not Ready to Take the UKK. The research object focuses on students majoring in
Electrical Power Installation Engineering (TITL) at SMK Negeri 2 Medan. Data were
collected through a test instrument or knowledge questionnaire in the form of 15
structured questions based on vocational material. Answers from 78 students were
collected through Google Forms and measured objectively with a score weighting of
1 to 5. The total score for each student was obtained from the sum of the instrument
scores, then labeled readiness. Students with a total score of 63 and above were
categorized as Ready to Take the UKK, while scores below 63 were categorized as Not
Ready to Take the UKK.

The entire dataset of 78 student data was then partitioned with a proportion of
80% as training data of 62 data and 20% as test data of 16 data. Before the classification
process was run, the data first went through a preprocessing stage in the form of value
transformation into numeric form and data normalization. The method used was Min-
Max Normalization to change the range of attribute values into intervals of 0 to 1. This
stage is very crucial so that each question attribute has a balanced contribution and
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weight in the distance calculation, thus avoiding the dominance of a certain value
scale.

After the data was normalized, the KNN modeling process was carried out by
measuring the distance between each test data and all training data using the
Euclidean Distance calculation based on 15 question attributes. The results of the
distance calculation were then sorted from smallest to largest to determine the nearest
neighbors. Classification testing was evaluated at several variations of odd K values,
namely K=3,K=5,K=7 K=9, and K = 11. The final classification was determined
based on a majority voting mechanism from the most dominant class among the K
nearest neighbors. From this testing, the value of K = 3 was selected as the best model
parameter because it produced an optimal level of performance. Model performance
evaluation was systematically measured using a Confusion Matrix that calculates
Accuracy, Precision, Recall, and F1-Score metrics. All these stages were built and
presented through a web-based system to facilitate a structured analysis of student
readiness.

Research results

System implementation is the process of translating the design into a web-based
application to identify students' readiness for the Skills Competency Test (UKK) using
the K-Nearest Neighbor (KNN) algorithm. The application utilizes the PHP
programming language and the Bootstrap framework for the interface, enabling the
system to be run through a web browser with a responsive and practical design.

The implementation follows the research stages in Chapter III, which include
reading the dataset, separating training data and test data, normalization using the
Min-Max method, measuring distance with Euclidean Distance, classification using
the K-Nearest Neighbor algorithm, and testing model performance using the
Confusion Matrix.

The system is designed with a simple usage mechanism, namely the user simply
enters a CSV-formatted dataset and sets the K value. After the parameters are
determined, the system runs the entire classification process automatically and
presents training data, test data, prediction results, and model evaluation metrics.
System Home Page

The main page is the initial interface of the application, used by users to perform
the classification process. This page provides a form for uploading a dataset in CSV
format and inputting the K value used as a parameter in the K-Nearest Neighbor
algorithm. The system's main page is shown in Figure 4.1.

. Aplikasi Klasifikasi KNN

Kesapan Ssw engiiut Ujlan Kompaterss Keailan (UXK)

hunzsan Toknik Instalas Tonaga Ustrik - SMK Nogoti 2 Medan

Upload Data CSV

Dats Suwa Q1 -Q15

File CSY Niw K

Chocse Fle  No file chosen k=3 v & Proses Klastias|
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Figure 4.1System Home Page

Based on Figure 4.1, the application's main page has a simple interface, making
it easy for users to perform the classification process. Users simply need to select the
dataset file to be used and then enter the K parameter value according to their research
needs. Once all the data is entered, the classification process is executed by pressing
the KNN process button.

The K parameter is the number of nearest neighbors used as the basis for
decision-making in the K-Nearest Neighbor algorithm. In this study, a value of K=3
was used, in accordance with the predetermined test scenario.

Data Set Reading Implementation

After the user selects a dataset and presses the Process KNN button, the system
reads the uploaded CSV file. Each row of data is processed using PHP's CSV read
function and then saved to an array as the primary dataset for use in the classification
process.

The research dataset consists of student identities and fifteen question attributes
(Q1 to Q15) obtained from completing the UKK readiness instrument. Furthermore,
the system calculates each student's total score as the basis for determining class labels:
Ready to Take the UKK or Not Ready to Take the UKK.

The system then displays information regarding the amount of data successfully
read, the amount of training data, the amount of test data, and the K parameter value
used in the classification process. The dataset information image is presented in Figure
4.2.

| Informasi Dataset

Trsdid Akuw) Mdsl

63 81.25%

=W

Figure 4.2Dataset Information

Data Normalization Implementation

The next step is the data normalization process, applying the Min-Max
Normalization method. This process aims to equalize the value ranges of all attributes
so that no attribute has a greater influence than another in the distance calculation
process.

In system implementation, the minimum and maximum values are calculated
based on the training data and then used to normalize both the training and test data.
This approach was chosen to prevent data leakage in the classification process, which
is when information from the test data is used in the model learning process.

The normalization methods used are:
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X' = X — Xnin

Xmax - Xmin

with:
"= normalized result value,

X= original value of attribute,

Xmin= minimum attribute value,

Xmax= Mmaximum attribute value.

Normalization results in the transformation of the values of all attributes into a
scale of 0 to 1, so that each attribute has a relatively equal contribution weight in the
Euclidean Distance calculation process. The normalized data results on the training
data are shown in Table 4.1, while the test data are presented in Table 4.2.

Table 4.1Training Data Normalization

Data Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9
L1 00. | 4.62986 0.0520
(D12) 00.05 |00.25 |1 1 00.05 05 | 1111 00.25 33333
L2 0.0520 | 0.0520 0.0520 | 0.0520
(D56) 0 83333 | 83333 1 0025 1 1 83333 | 83333
L3 0.0520 4.62986 | 0.0520 | 0.0520
(D24) 00.05 100.25 1 00.05 83333 00.05 1 1111 83333 | 83333
L4 0.0520 | 0.0520 00. 0.0520
(D22) 1 83333 | 83333 1 00.05 05 1 1 83333
L5 0.0520 | 0.0520 00. | 4.62986
(D28) 1 83333 | 83333 1 0 05 | 1111 0025 11
L6 0.0520 0.0520
(D32) 1 1 33333 00.25 |00.05 |1 1 83333 00.05
L7 0.0520 4.62986 0.0520
(D27) 1 0 1 83333 0 1 1111 1 83333
L8 0.0520 | 0.0520 | 0.0520 4.62986
(D9) 00.05 ) 0025 83333 | 83333 | 83333 1 1111 1 1
L9 0.0520 0.0520 0.0520 | 0.0520
(D60) | 83333 00.25 |1 83333 0 1 1 83333 | 83333
L10 0.0520 0.0520
(D66) 1 83333 1 1 1 1 1 1 83333
L62 0.0520
(D23) 1 1 1 1 1 1 1 1 83333

Sc | Normal
Q10 Q11 Q12 Q13 Q14 Q15 | or | ization | Label
e | (Score)
4.6298 00.25 0.0520 | 4.6298 | 0.0520 1 55 3.28958 | Not
61111 ’ 83333 | 61111 | 83333 3333 ready
4.6298 4.75138
61111 1 1 1 1 1 63 3889 Ready
4.6298 0.0520 Not
61111 00.05 33333 1 1 1 58 |3.8375 ready
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0 00.05 g50353230 ;6121918 00.05 553331;35 58 | 3.8375 :(a)tiy
0 0 00.05 55331;35 25035323)0 1 52 327242097 rl\erzgfiy
! 250353230 250353230 ! 1 1 64 ?&97?’8402 Ready
4.6298 | 0.0520 1 2.3145 1 4.6298 59 4.02013 | Not
61111 | 83333 83333 61111 8889 ready
! 250353230 1 2i6121918 1 1 64 Z;'79738402 Ready
1 00.05 |1 g-l6121918 1 1 g | 438611 | Not ;
2i6121918 250353230 1 §'3331;35 1 1 69 2'68:7791 Ready
2i6121918 250353230 1 1 1 1 72 ?'73798652 Ready
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Table 4.2Data Normalization Table

Data Q1 Q2 Q3 Q4 Q5 | Q6 Q7 Q8 Q9
U1l 0.0520
D19) | 1 1 1 1 1 |1 |1 1 P
U2 0.0520
D33 | 1 1 1 1 |1 |1 1 P
U3 00. | 00. |462.986.1 0.0520
(D7) 00.05 |00.25 |1 1 05 |05 |11 00.25 8333
U4 00. |462.986.1 | 0.0520
(D67) 00.05 0 00.25 0 0 05 |11 3333 00.25
U5 0.0520 0.0520
(D25) | 8333 1 1 1 1 1 1 1 8333
U6 0.0520 0.0520
D16 |05 |1 1 e |11 |1 1 233
u7 0.0520 | 0.0520 | 0.0520 1 00. |00. | 231.458.3 1 0.0520
(D26) | 8333 8333 8333 25 (05 |33 8333
Us 0.0520 | 0.0520 | 0.0520 | 00. | 00. | 462.986.1
(D20) 00.05 8333 8333 8333 05 |05 |11 0025 |1
Ule6 0.0520
D59) | 1 1 1 1 1 |1 |1 1 P

o1 | sc Norfnah
Q10 Q11 Q12 Q13 Q14 zation Label
5 ore
(Score)
46.298 | 0.0520 462.98 649.652.7
611 | 8333 |1 6111 | © L7l g Ready
0.0520
1 1 1 1 3333 1 73 |1 Ready
46.298 0.0520 | 462.98 | 0.0520 Not
611 00.25 8333 6.111 8333 1 55 | 29125 ready
46.298 231.45 Not
611 00.25 10 8.333 ! ! 4210 ready
1 1 1 1 1 1 73 |1 Ready
46.298 | 0.0520 462 .98 - 470.416.6
611 | 8333 |1 6111 | © 03 163 | ¢ Ready
333
0.0520 | 0.0520 | 231.45 Not
1 8333 8333 8.333 1 1 61 | 425.625 ready
46.298 0.0520 | 231.45 268.819.4 | Not
611 00.05 8333 8.333 0025 11 o4 44 ready
46.298 | 0.0520 462 .98 649.652.7
611 | 8333 |1 6111 | © L7 g Ready
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Table 4.2 shows the normalization results for 16 test data sets. The normalization
process uses the minimum and maximum values obtained from the training data to
prevent data leakage in the classification process. These normalization results are then
used as input in the Euclidean Distance calculation.

Implementation of K-Nearest Neighbor Algorithm Calculation

After the normalization stage is complete, the system determines the proximity
of each test data set to the entire training data set using a Euclidean distance
calculation. The calculation is performed on fifteen normalized attributes, resulting in
a distance value between each data set.

The Euclidean Distance equation used refers to the Euclidean Distance formula
equation 2.2 as follows:

n

dery) = | ) -y
i=1
with:
d(x,y) = distance between test data and training data
x; = value of the i-th attribute in the test data
y, = value of the ith attribute in the training data

n= number of attributes

After all distances have been calculated, the system sorts the distance values
from smallest to largest using a sorting function. Next, the K = 3 nearest neighbors
with the smallest distance values are selected.

The system determines the predicted class based on majority voting, namely the
category most found in the seven nearest neighbors will be the test result. The results
of the K-Nearest Neighbor algorithm calculation are presented in Table 4.3. Table
4 3K-Nearest Neighbor Algorithm Calculation Results

Table 4.3 shows that the system displays classification results for each test data
set, including the actual label, predicted results, a list of nearest neighbors and their
distances, and the classification status. This information makes it easier for users to
understand the decision-making process carried out by the K-Nearest Neighbor
algorithm.

System Evaluation Implementation

The final stage in system implementation is displaying the results of the
classification model evaluation. After all test data has been predicted, the system
compares the predictions with the actual labels to obtain True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN) values.

These four components are used as the basis for calculating Accuracy, Precision,
Recall, and F1-Score values. The calculations are performed automatically by the
system based on the results of the Confusion Matrix. The system evaluation is
presented in Figure 4.3.
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l Confusion Matrix | d Metrik Evaluasi
Atuial \ Prochlod Sap Mengibuti UKK Beburr Siap Meng o UKK AN g
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' 1
Baksm Sop Menghuti UKK
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it Pt S 100% 86.96%

Matrik Nila Fersontase

Figure 4.3System Evaluation

Based on Figure 4.3, the system successfully displayed the model evaluation
results automatically after the classification process was completed. This information
was used as a basis for determining the performance of the K-Nearest Neighbor
algorithm in classifying students' readiness to participate in the UKK.

System Testing

System testing was conducted to identify the application's ability to classify
students' readiness for the Skills Competency Test (UKK) using the K-Nearest
Neighbor (KNN) algorithm. Testing was conducted after the entire implementation
process was completed, starting with dataset reading, data division, normalization,
distance calculation using Euclidean Distance, and the classification process using the
majority voting method.

The dataset used in the testing consisted of 78 student data. The entire data set
was then divided into 62 training data sets and 16 test data sets using a ratio of
80%=20%. The K parameter value used in this study was K=3, while the normalization
method used Min-Max Normalization and the distance calculation used Euclidean
Distance.

The test parameters used can be observed in Table 4.4.

Table 4.4Testing Parameters

No Parameter Mark

1 Number of Datasets 78 Data

2 Training Data 62 Data

3 Test Data 16 Data

4 Algorithm K-Nearest
Neighbor

5 K value 3

6 Normalization Method Min-Max
Normalization

7 Distance Calculation Method Euclidean
Distance
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Based on Table 4.4, the testing process was conducted using a single test scenario
with a K value of 3. The training data served as a reference in the classification process,
while the test data was used to measure the model's ability to predict student
readiness classes. After the classification process was completed, the system compared
the predicted results with the actual labels to obtain a Confusion Matrix value.

Test Results

The classification results obtained from the system were then evaluated using a
Confusion Matrix. The Confusion Matrix was applied to identify the number of data
points that the system successfully and unsuccessfully classified. The test results are

presented in Table 4.5.
Table 4.5Confusion Matrix
Actual/ Prediction Ready to Take the Not Ready to Take
UKK the UKK
Ready to Take the 10 0
UKK
Not Ready to Take 3 3
the UKK

Based on Table 4.5, the True Positive (TP) value was 10 data, True Negative (TN)
data was 3 data, False Positive (FP) data was 3 data, and False Negative (FN) data was
0 data. These values indicate that all students who were truly in the Ready to Take the
UKK category were successfully recognized by the system. However, there were still
2 students who were actually in the Not Ready to Take the UKK category, but were
predicted as Ready to Take the UKK.

In addition to the Confusion Matrix, the system also calculates model evaluation
scores consisting of Accuracy, Precision, Recall, and F1-Score. The model evaluation
results can be seen in Table 4.6.

Table 4.6Model Evaluation Results

No Evaluation Metrics Mark Results
1 Accuracy 0.8125 81.25%
2 Precision 0.7692 76.92%
3 Recall 1 100%

4 F1-Score 0.8696 86.96%

Based on Table 4.6, the Accuracy value was 81.25%, indicating that the system
was able to correctly classify 14 of the 16 test data. The Precision value of 76.92%
indicates that most of the data predicted as Ready to Take the UKK aligned with the
actual conditions.

A 100% recall value indicates that all students in the Ready to Take the UKK
category were successfully recognized by the system without any misclassification
errors. Furthermore, an Fl-score of 86.96% indicates that the model strikes a good
balance between Precision and Recall, thus achieving good classification performance.
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Discussion of Test Results
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Test results indicate that the application has implemented all stages of the K-
Nearest Neighbor algorithm according to the specified design. The system process
includes loading the dataset, separating training and test data, normalizing using the
Min-Max method, calculating Euclidean distance, implementing majority voting, and
automatically performing model prediction and evaluation.

Based on the evaluation, the K-Nearest Neighbor algorithm demonstrated good
classification capability on the research dataset, as reflected in its Accuracy score of
81.25%. This value indicates that the majority of the test data can be mapped to the
correct class. Meanwhile, a Recall score of 100% indicates that the system successfully
identified all students who were actually ready to take the UKK.

However, there were still three data points predicted as Ready to Take the UKK
when they were actually in the Not Ready to Take the UKK category. This resulted in
the Precision value falling short of 100%, at 76.92%. This misclassification indicates
that some data points had characteristics quite similar to the Ready to Take the UKK
class, so the K-Nearest Neighbor algorithm grouped them into that class based on the
majority of nearest neighbors.

Overall, the test results indicate that the system has been able to implement the
K-Nearest Neighbor algorithm well and produce adequate classification performance
to assist the process of identifying students' readiness to take the Skills Competency
Test (UKK).

Conclusion

Based on the findings of the study that has been carried out, it can be concluded
that the questionnaire data measuring the knowledge aspects of students in the
Electrical Power Installation Engineering (TITL) department at SMK Negeri 2 Medan
has been successfully processed into a structured dataset for classification purposes.
The data processing process includes data labeling, preprocessing, normalization
using the Min-Max method, and separating the dataset into training data and test data
as input for the K-Nearest Neighbor (KNN) algorithm. In addition, the KNN
algorithm has been implemented in a web-based system to determine the category of
students' academic competency readiness, namely Ready to Take the UKK and Not
Ready to Take the UKK. Testing at a value of K = 7 resulted in an Accuracy level of
87.50%, Precision 83.33%, Recall 100%, and F1-Score 90.91%. These results indicate
that the KNN method can be used effectively to support the process of identifying
students' readiness in facing the Skills Competency Test (UKK).
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