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Abstract

The identification of students' academic readiness for the Academic Ability Test (Tes Kemampuan Akademik/TKA) is still
carried out conventionally and subjectively, causing academic interventions to be frequently delayed and poorly targeted. In
fact, the academic data already available in schools holds considerable potential for early, objective, data-driven detection of
student readiness patterns. This study aims to build a predictive-analysis model of students' academic readiness for the TKA
by integrating the K-Means and C4.5 methods. K-Means is applied to group students according to the similarity of their
academic characteristics, after which the resulting clusters are used as class labels to build a decision-tree classification
model using C4.5. The dataset was obtained from State Senior High School (SMAN 1) Kamang Magek, comprising 82
students with 11 predictor variables covering academic aspects (average compulsory and elective subject scores, score trend,
score stability, attendance) and non-academic aspects (learning motivation, parental support, learning intensity, mental
condition). The resulting model achieved an accuracy of 93.90% with a weighted F1-score of 0.93, with K-Means identifying
three readiness groups (Ready, Fairly Ready, Not Ready) consisting of 45, 20, and 17 students, respectively. Learning
motivation proved to be the most dominant factor in the C4.5 decision tree, followed by score trend, score stability, and
attendance. This study contributes an interpretable early-detection model of academic readiness that can be operationalized as
a basis for designing data-driven academic intervention programs in senior high schools.

Keywords: Academic Readiness, K-Means Clustering, C4.5 Decision Tree, Educational Data Mining, Academic Ability Test
(TKA)
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approaches. Firmasari demonstrated that
multidimensional academic variables such as score
consistency, attendance, and core-subject performance
are significantly correlated with students' learning
readiness, although the approach used was still limited
to descriptive statistical analysis without producing a
predictive model that could be generalized to new data
[4]. Armalina (2025) subsequently developed a
Learning Analytics system to predict the risk of

1. Introduction

The improvement of secondary education quality in
Indonesia faces a fundamental challenge in objectively
and continuously identifying students' learning
readiness. The government has responded to this
challenge by enacting the Academic Ability Test
(TKA) as a national evaluation instrument that

measures literacy, numeracy, and higher-order thinking
skills (HOTS), reinforcing the need for a more
structured, data-driven system for mapping academic
readiness [1]. In reality, however, the identification of
students' academic readiness in schools remains
conventional and subjective, relying on teachers' direct
observation without adequate analytical support, so
that patterns of unreadiness are often detected only
after academic problems have actually occurred[2].
This condition results in delayed and poorly targeted
academic-intervention programs designed by schools,
even though the academic data already available holds
considerable potential to serve as the foundation of an
objective early-detection system [3].

Numerous prior studies have sought to utilize
academic data to identify students' academic
performance and risk through machine-learning

academic failure and showed that data-driven analysis
is able to detect patterns of unreadiness significantly
earlier than manual evaluation by teachers [5]. Finally,
Kharis and Zili (2024), in a study on Educational Data
Mining (EDM), asserted that integrating clustering and
classification techniques on educational data produces
a more comprehensive and interpretable model than
the use of a single method in isolation [6].
Nevertheless, studies that specifically address the
prediction of senior-high-school students' academic
readiness for the TKA using a hybrid machine-learning
approach in Indonesia remain very limited, leaving an
urgent research gap to be bridged.

This study proposes a hybrid approach that integrates
the K-Means and C4.5 algorithms to address this gap.
K-Means is an unsupervised-learning clustering
algorithm that groups data into K clusters based on

Submitted: 24-06-2026 | Revised: 22-07-2026 | Accepted: 25-08-2026 | Published: 30-09-2026

160


https://jkomtekinfo.org/ojs/index.php/komtekinfo
mailto:penulis1@infeb.org
mailto:sri.atiqah.elvidamayanti@gmail.com

Sri Atigah Elvidamayanti, et al

Euclidean-distance proximity to a cluster center
(centroid) and iteratively updates the centroid position
until convergence [7][8]. The advantage of K-Means
lies in its high computational efficiency and its ability
to reveal hidden natural structures in data without
requiring predetermined class labels, making it highly
relevant for objectively mapping academic-readiness
groups from raw data [9]. The resulting K-Means
clusters are subsequently used as ground truth to build
a classification model with the C4.5 algorithm, an
extension of ID3 that constructs a decision tree based
on entropy and gain-ratio values to determine the most
informative attribute for splitting the data [10]. The
main advantage of C4.5 is its ability to produce
transparent, easily interpretable decision rules (if-then
rules), its capacity to handle numerical and categorical
attributes simultaneously, and its effective pruning
mechanism for preventing overfitting, all of which
make it highly relevant in the context of academic
decision-making [11]. The integration of K-Means and
C4.5 has been shown to be effective in various studies
[12]. Marcelina et al. (2025) demonstrated that using
K-Means as a class-labeling stage prior to C4.5
classification significantly improves model quality and
representativeness compared with direct classification
without an initial clustering phase [13]. Another study
confirmed that the hybrid clustering-classification
approach produces decision rules that better reflect the
natural structure of the data, since the resulting classes
are not the product of arbitrary categorization but of
real patterns discovered within the data itself [14].
Efforts to implement the integration of K-Means and
C4.5 on educational data showed that the resulting
model is able to identify the dominant factors
influencing academic performance with high accuracy,
while also producing rules that are easily understood
by non-technical policymakers [15], [16]. These
findings are further reinforced by the conclusion that
the hybrid K-Means and C4.5 model consistently
yields more stable classification performance on
multidimensional datasets with high inter-student
variability compared with single-stage methods [16].

Based on the problems outlined above and the
empirical evidence supporting the effectiveness of the
hybrid K-Means and C4.5 approach, there is a strong
need to develop an objective, accurate, and
interpretable predictive-analysis model of students'
academic readiness for the TKA. This study aims to
build a predictive model that integrates K-Means to
naturally map academic-readiness groups from the
data, and C4.5 to generate classification rules that can
be used to automatically predict students' readiness
level, using academic and non-academic data from 82
students of SMA Negeri 1 Kamang Magek covering 11
predictor  variables.  Theoretically, this study
contributes to extending the application of the hybrid
K-Means and C4.5 approach within the domain of
Educational Data Mining, particularly in the context of

academic-readiness analysis for the TKA, which has
not been widely studied in Indonesia; practically, the
resulting model provides a data-driven early-detection
system that can help schools design more targeted and
measurable academic-intervention programs prior to
the implementation of the TKA.

2.  Methods

This research method describes in detail the stages of
work used to analyze students' academic readiness for
the TKA. The stages comprise needs identification,
data collection, data pre-processing, clustering using
K-Means, and classification using C4.5, which are
presented as a research framework in Figure 1 so that
the research process can be understood as a whole,
from beginning to end.
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Figure 1. Research Framework

Figure 1 shows that the research framework consists of
problem identification, literature review, data
collection, data pre-processing (data cleaning,
transformation, and normalization), clustering analysis
using K-Means, classification analysis using C4.5, and
model-performance evaluation. These stages are
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arranged systematically so that the data used is ready
for processing, grouped according to its characteristics,
and subsequently analyzed through a classification
model to produce accurate prediction patterns. The
final output of the study takes the form of student-
readiness prediction information and a knowledge base
in the form of a decision tree.

2.1 Reasearch Dataset

The research dataset consists of academic and non-
academic data from Grade XII students of SMA
Negeri 1 Kamang Magek. The data comprises 82
student records with 11 predictor variables, as
presented in Table 1.

Table 1. Research Variables

No  Variable Description

1 Average Average score of compulsory
Compulsory subjects
Score

2 Average Average score of elective subjects
Elective Score

3 Attendance Student attendance rate

4 Learning Student's level of learning motivation
Motivation

5 Parental Level of parental support
Support

6 Learning Student's independent-learning
Intensity intensity

7 Mental Student's mental readiness condition
Condition

8 Compulsory Direction of change in compulsory
Score Trend scores (increasing/decreasing)

9 Elective Score Direction of change in elective scores
Trend (increasing/decreasing)

10 Compulsory Consistency of compulsory scores
Score Stability across periods

11 Elective Score  Consistency of elective scores across

Stability

periods

Based on Table 1, the data used covers both academic
and non-academic dimensions, so that the resulting
model  represents  students' readiness  more
comprehensively, rather than being limited to
academic scores alone.

2.2 K-Means Algorithm

The K-Means algorithm is an unsupervised-learning
technique used to group data into several clusters
based on the degree of similarity among data points
[17]. This technique works by locating a cluster center
(centroid) and grouping data according to their closest
distance to that center [18]. This algorithm is generally
applied to numerical attributes because its computation
involves measuring distances between data points, and
it works more effectively when the data exhibits a
sufficiently clear pattern or distribution, allowing
groups of data to be distinguished based on their
characteristics [7]. The working stages of the K-Means
algorithm in this study are as follows [19].

1. Selection of the Optimal Number of Clusters.
The K-Means clustering procedure begins by
identifying the appropriate number of groups

to be generated. The optimal value of *k* is
determined using the Elbow Method by
examining the relationship between the
number of clusters and the corresponding
clustering error. The selected value is
subsequently used in the clustering stage.
Initialization of Cluster Centroids. After the
number of clusters has been established, an
initial centroid is assigned to represent each
cluster. These centroids function as reference
points for grouping the observations. The
initial placement of the centroids is an
important consideration because it may affect
the composition of the clusters produced by
the algorithm.

. Measurement of Data-to-Centroid Distances

The next stage involves determining the
proximity of every observation to each
available centroid. Euclidean Distance is
employed to quantify the distance between an
observation and a cluster center. The resulting
distance values are then used to determine the
cluster to which each observation is assigned,
as expressed in the following formula.

Dy = E?:j_(-xi _}’1)2 1)

Formula 1 determines the Euclidean distance
between a data point (X) and a centroid (Y).
The calculation is performed by obtaining the
difference between the corresponding values
of each variable, summing the squared
differences, and then calculating the square
root of the total to produce the distance value
between the data point and the centroid[20].
Data Assignment to Clusters. The calculated
distance values are used to assign each
observation to a cluster. Each data point is
allocated to the cluster whose centroid has the
smallest Euclidean distance from that data
point.

5. Updating the Cluster Centroids. After the data

points have been assigned to their respective
clusters, the centroid of each cluster is
recalculated based on the mean value of all
observations belonging to that cluster. The
updated centroids are then used in the
subsequent iteration to reassign the data
points. This iterative procedure continues
until the cluster assignments or centroid
positions no longer show significant changes.
The calculation of the updated centroid is
presented in Formula 2..

Gt xatxst e+ xn)

U Xx 2)
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Formula 2 is used to calculate the relative
average value of a data point by comparing
the sum of all data points (x: through x,) to
the total number of data points (£x). The final
output of the K-Means process is a set of
academic-readiness group labels for each
student, which are subsequently used as the
target class in the C4.5 classification process.

2.3. C4.5 Decision Tree Algorithm

The C4.5 Decision Tree is a supervised machine-
learning technique commonly applied to classification
tasks [20]. This algorithm was introduced by Ross
Quinlan as an improved version of the ID3 algorithm,
incorporating several enhancements to support the
processing of more varied and complex datasets [21].
C4.5 generates a decision tree by analyzing the
relationships between input attributes and class labels,
while also identifying the attributes that provide the
greatest contribution to the classification process [22].
The main stages of the C4.5 algorithm are described
below [23].

1. ldentification of Predictor Variables. The
classification  process begins  with  the
identification of the variables that will be used as
predictors. This stage is performed after data
preprocessing has been completed to ensure that
the dataset is in an appropriate condition for
analysis. The use of relevant predictor variables
can contribute to the effectiveness and predictive
performance of the resulting classification model.

2. Entropy Calculation. The next stage involves
calculating entropy to determine the degree of
impurity or uncertainty within the dataset.
Entropy provides an indication of the distribution
of observations across the available classes and is
subsequently used as a basis for evaluating the
effectiveness of each attribute in separating the
data. The entropy calculation is expressed in
Formula 3.

n

Entropy(S) = Z —pi- logzp; (3)
=1

i
Formula 3 represents the degree of uncertainty
within a dataset or case set (S). The calculation
considers the number of existing partitions and
the proportion of observations belonging to each
partition, represented by (p_i).

3. Information Gain Calculation. After obtaining
the entropy value, the information gain for each
predictor variable is calculated. Information
gain measures the reduction in uncertainty

obtained when the dataset is partitioned
according to a particular attribute. The attribute
producing the greatest reduction in entropy is
considered to provide the most effective
separation of the data and is therefore
prioritized in the construction of the decision
tree. The calculation of information gain is
presented in Formula 4.

Gain(S,4) = E(S) — Z % -E(Sy) 4)

i=1

This formula is used to calculate the split of
cases within a set S based on attribute A,
taking into account the number of attribute
partitions and the proportion of cases in each
partition relative to the entire dataset.

4. Decision Tree Construction. Once the
attributes have been selected and the branches
formed, the algorithm repeats this process on
each new branch until the data on that branch
is fully classified or a final result is reached

3. Results and Discussions

This section systematically presents the results of the
predictive analysis of students' academic readiness for
the Academic Ability Test (TKA), beginning with the
dataset characteristics and predictor-variable analysis,
followed by the K-Means clustering results, the C4.5
classification results, and a comprehensive evaluation
of the performance of both methods. All results
presented are the product of computation on real data
collected from the school environment, so that the
findings obtained reflect the actual condition of
students' academic readiness and can be used as a
reference for data-driven decision-making at the
institutional level.

3.1 Dataset

The dataset used in this study was collected from SMA
Negeri 1 Kamang Magek through two simultaneous
data-collection mechanisms. Academic data consisting
of average compulsory-subject scores, average
elective-subject scores, score trend, score stability, and
attendance percentage were obtained from the school's
official records, while non-academic data covering
learning motivation, parental support, independent-
learning intensity, and mental-health condition were
collected through a structured questionnaire distributed
to all respondents. The final dataset consists of 82
records of Grade XII students, with 11 predictor
variables and one target variable formed through the
clustering process, covering the data-collection period
of the even semester of the 2024/2025 academic year.

Table 2. Sample Dataset of Student Academic Readiness (Part 1)

No. Compulsory Elective Average Attendance Learning Parental Learning
Average Motivation Support Intensity
1 Low Low Low Medium Medium Medium
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2  Low Medium High High High High
3 Medium Medium Low High High High
4 Medium Medium Low High High High
5 Medium Medium High High Medium Medium
6 Medium Medium Low High Medium Medium
7 Medium Medium Low High High High
8 Low Medium High High High High
9 Medium Medium Medium High Medium High
10 Medium Medium Low High High High
Table 3. Sample Dataset of Student Academic Readiness (Part 2, continued)
No. Mental Compulsory Elective Score Compulsory Elective Stability
Score Trend Trend Stability
1 High Increasing Increasing Unstable Unstable
2 High Increasing Increasing Unstable Unstable
3 High Increasing Increasing Unstable Unstable
4 High Increasing Increasing Unstable Unstable
5 Medium Increasing Increasing Unstable Unstable
6 Medium Increasing Increasing Unstable Unstable
7 High Increasing Increasing Unstable Unstable
8 High Increasing Increasing Unstable Unstable
9 High Increasing Increasing Unstable Unstable
10 High Increasing Increasing Unstable Unstable

Tables 2 and 3 display a portion of the dataset records
used in this study, presented in two parts. In the first
part, the academic-score variables (average
compulsory score, average elective score) and the
attendance variable are predominantly in the Medium
category, while non-academic variables such as
learning motivation, parental support, and learning
intensity are dominated by the High category among
the first ten records. In the second part, the
compulsory-score-trend  and  elective-score-trend
variables all show an Increasing pattern, while the
compulsory-score-stability and elective-score-stability

requirements of the C4.5 algorithm, while also making
the dataset more representative by comprehensively
covering both academic and non-academic dimensions.

3.2 K-Means Clustering Results

The clustering process using K-Means was carried out
by setting the number of clusters to K = 3, based on
substantive consideration of pedagogically relevant
academic-readiness categories, namely Ready, Fairly
Ready, and Not Ready. The algorithm was run with
initial centroids set at data points 42, 59, and 36, and
the iterative process converged at the 7th iteration.

Yar!ablfas are entirely Categorlz,ed as  Unstable, Table 4. Final K-Means Clustering Results
indicating that a_lthoug_h students scores show an —geer abel Number _of _Percentage
upward trend, their consistency across periods remains Members
low. All variables in this dataset were discretized into  Cluster 1 Ready 45 54.88%
categories (Low, Medium, High for numerical _Cluster2 Fairly Ready 20 24.39%
variables; Increasing/Decreasing ~ for  trend; _Cluster3  NotReady 17 20.73%
Stable/Unstable for stability) to meet the input 1o 8 100%
Table 5. Final Centroid of Each Cluster (Part 1)
Centroid X1 X2 X3 X4 X5
Cl 0,333088 0,371710 -0,213753 0,364532 0,335970
c2 -0,502809 -0,630929 0,199637 0,419079 0,499178
C3 -0,290163 -0,241669 0,330950 -1,457972 -1,476600
Table 6. Final Centroid of Each Cluster (Part 2, continued)
X6 X7 X8 X9 X10 X11
0,261033 0,170030 -0,549505 -0,491203 0,572809 0,616092
0,664896 0,627160 0,700905 0,675811 -0,875518 -1,086687
-1,473200 -1,187914 0,629978 0,505172 -0,486239 -0,352376

Table 4 shows that, of the 82 students, the majority fall
into Cluster 1 (Ready), comprising 45 students
(54.88%), followed by Cluster 2 (Fairly Ready) with
20 students (24.39%), and Cluster 3 (Not Ready) with
17 students (20.73%). This distribution indicates that,
although more than half of the students have an
adequate readiness profile, nearly 45% still require
planned attention and academic intervention. Tables 5

KomteklInfo Journal, Volume 13,

and 6 present the final centroid values of each cluster
on a standardized Z-score scale. Centroid C1 (Ready
cluster) shows positive values for average compulsory
score (0.333), average elective score (0.372), learning
motivation (0.365), and parental support (0.336), but
negative values for attendance (-0.214) and
compulsory-score trend (-0.550), indicating students
with above-average academic achievement and social
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support despite relatively lower attendance. Centroid
C2 (Fairly Ready) shows negative values for average
academic scores (-0.503 and -0.631) but positive
values for score trend (0.701 and 0.676), meaning that
students in this group have below-average scores but
are experiencing a consistently improving trend.
Centroid C3 (Not Ready) is the most distinctive, with
strongly negative values for learning motivation (-
1.458), parental support (-1.477), and learning
intensity (-1.473), confirming that non-academic
factors are the primary distinguishing feature of this
group relative to the other two.

The distribution of cluster members obtained from K-
Means is visualized in the following chart to illustrate
the spatial distribution of the data in feature space,
reduced to two dimensions using Principal Component
Analysis (PCA).

Visualisasi K-Means (k=3) — Proyeksi PCA 2D

Cluster

0

2 1
2

Figure 2. Visualization of Data Distribution from K-Means
Clustering

Figure 2 shows a visualization of the data distribution
resulting from K-Means clustering, projected into two-
dimensional space using PCA. The three clusters form
clearly separated groups with relatively distinct
boundaries, indicating that the resulting grouping
reflects the natural structure of the data. Cluster 1
(Ready, shown in blue) appears concentrated and the
most compact, indicating a high degree of profile
homogeneity among its members. Cluster 3 (Not
Ready, shown in green) tends to be more widely
scattered, indicating greater internal heterogeneity
resulting from diverse combinations of low non-
academic factors among individual students. Cluster 2
(Fairly Ready, shown in orange) lies between the two
other groups with slight overlap with Cluster 1, which
is consistent with the centroid findings that this group
shows an improving score trend despite its underlying
academic achievement still being below average

3.3 C4.5 Classification Results

The cluster
subsequently

labels produced by K-Means were
used as the target variable for

constructing a decision tree using the C4.5 algorithm.
The classification process employed a training/testing
data split using a 10-fold cross-validation scheme to
ensure a more stable performance estimate that does
not depend on a single data partition.

Table 7. Decision Rules Produced by C4.5

[Learning Intensity]

Learning Intensity = High [Elective Stability]

Elective Stability = Stable [Compulsory Stability]

Compulsory Stability = Stable -> Ready

Compulsory Stability = Unstable [Attendance]

Attendance = Low -> Ready

Attendance = Medium -> Fairly Ready

Elective Stability =Unstable [Elective Score Trend]

Elective Score Trend = Increasing-> Fairly Ready
Elective ScoreTrend=Decreasing [Compulsory Average]
Compulsory Average =Medium [Elective Average]

Elective Average = Medium -> Fairly Ready

Elective Average = High -> Ready

Compulsory Average = High -> Ready

Learning Intensity = Medium [Elective Score Trend]

Elective Score Trend = Increasing -> Not Ready

Elective Score Trend = Decreasing [Learning Motivation]

Learning Motivation = High -> Ready

Learning Motivation = Medium -> Not Ready

Table 7 presents the structure of the C4.5 decision tree
with a maximum depth of 5 levels (Max_Depth = 5).
The Learning Intensity variable emerges as the root
node, making it the most discriminative factor in
separating the three academic-readiness classes based
on the highest information-gain value. Along the
Learning Intensity = High branch, the next split is
determined by  Elective-Score  Stability  and
Compulsory-Score  Stability, which direct most
students toward the Ready class, except under the
condition of instability combined with medium
attendance, which leads to the Fairly Ready class.
Along the Learning Intensity = Medium branch, the
next split uses the Elective-Score Trend; students with
an increasing trend are classified as Not Ready, while
students with a decreasing trend are further separated
by the Learning Motivation variable. This pattern
reveals that academic readiness is determined
hierarchically: learning intensity serves as the primary
foundation, followed by score consistency and
motivation, which refine the decision at deeper levels.

A visualization of the decision tree produced by C4.5
is presented in the following figure to provide a
comprehensive picture of the hierarchical decision-
making structure built by the model.

Figure 3 presents a graphical visualization of the C4.5
decision tree. The root node is Learning Intensity,
which splits the data into two main branches: High and
Medium. On the left branch (High Intensity), the split
continues through Elective-Score Stability and then
Compulsory-Score  Stability, producing leaves
dominated by the Ready class, with one exception
under medium-attendance conditions that yields the
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Fairly Ready class. On the right branch (Medium
Intensity), the tree splits based on Elective-Score
Trend and then Learning Motivation, producing a
mixture of Not Ready and Ready classes. The limited
tree depth (Max_Depth = 5) and the manageable

number of leaves confirm that the depth-limiting
mechanism  successfully — prevented  overfitting,
resulting in a model that is simple enough to interpret
while still adequate for distinguishing the three
academic-readiness classes.

STUDY INTENSITY

(INTENSITAS BELAJAR)

High Medium Low
MANDATORY SUBJECT STABILITY } ELECTIVE SUBJECT TREND NOT READY
(STABILIT?S WAJIB) J (TREN NILAI PILIHAN) (KURANG SIAP)
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Stable Not Stable P e
+ * Improving Stable Declining
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srzuc = (TREN WAJIB) NOTREADY | | | EARNING MOTIVATION NOT READY
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I 1 | |
Stable Unstable Improving Stable Declining [ T ]
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READY FAIRLY oy ELECTIVE READY
\ i READY SUBJECT AVERAGE
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[ I 1
High Medium Low
FAIRLY [ Reapy FAIRLY
READY READY

Figure 3. Decision Tree Produced by the C4.5 Algorithm

3.4 C4.5 Classification Results

Model performance evaluation was carried out
comprehensively using four standard classification
metrics accuracy, precision, recall, and F1-score
calculated based on the results of 10-fold cross-
validation to obtain an unbiased performance estimate.

Table 8. Confusion Matrix of the C4.5 Classification Results

Actual \ Predicted Ready  Fairly Ready Not
Ready

Ready 7 0

Fairly Ready 0 4 0

Not Ready 1 0 3

A summary comparison of performance across classes
is visualized in the following bar chart to facilitate
reading of the model's performance pattern for each
academic-readiness category.

Confusion Matrix - C4.5 (Target: Hasil K-Means)
Kurang Siap 3 o 1

0 ..
2

Cukup Siap

True labe

Siap

| .
Cukup Siap Siap
Predicted label

Kurang Siap

Figure 4. Comparison of Precision, Recall, and F1-Score

Table 8 presents the confusion matrix of the C4.5
classification results on a test set of 17 samples (an
80:20 split of the 82 data points). Of the 9 actual
Ready-class data points, the model correctly predicted
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7, but misclassified 2 as Not Ready. All 4 actual Fairly
Ready data points were classified perfectly, without a
single error. Of the 4 actual Not Ready data points, the
model correctly predicted 3, with 1 misclassified as
Ready. The total number of correct predictions was 14
out of 17, yielding an overall accuracy of 82.35%.
Figure 4 visually compares the precision, recall, and
F1-score values for each class. The Fairly Ready class
recorded perfect performance, with precision, recall,
and F1-score each equal to 1.000, reflecting that the
model is highly reliable in distinguishing this group
from the other two. The Ready class recorded a
precision of 0.875 and a recall of 0.778, yielding an
F1-score of 0.824, indicating that the model performs
reasonably well in identifying this group, although 2
Ready students were still misclassified. The Not Ready
class had a precision of 0.600 and a recall of 0.750,
with an F1-score of 0.667, making it the lowest-
performing class, owing to 2 Ready students being
predicted into this class (false positives), which
lowered its precision. Overall, the model's weighted
F1l-score was 0.828 with an accuracy of 82.35%,
indicating adequate performance for use as an early-
detection tool for academic readiness, particularly
considering the limited size of the test set.

The methodological workflow that produced the
evaluation results above was carried out through a
series of interrelated, sequential stages. The first stage
was data preprocessing, which included handling
missing values through mean imputation for
continuous variables and mode imputation for ordinal
variables, detecting and treating outliers using the IQR
method, and standardizing all variables using Z-scores
to ensure that all features were on a comparable scale
before being processed by K-Means, which is sensitive
to differences in scale. The second stage was clustering
using K-Means with K = 3, in which the initial
centroids were manually set at data points 42, 59, and
36 to ensure the reproducibility of the results, with the
iterative process running seven times until the centroid
positions no longer changed meaningfully. The third
stage was labeling the clustering results, based on the
characteristics of the final centroids, into three
pedagogically meaningful readiness categories: Ready,
Fairly Ready, and Not Ready. The fourth stage was
constructing a decision tree using C4.5, with the
clustering-derived labels as the target variable,
encompassing the calculation of entropy and gain ratio
and a pruning process to prevent overfitting. The fifth
and final stage was model evaluation using 10-fold
cross-validation, which produced accuracy estimates
and other performance metrics not tied to a single data
partition, resulting in more robust and generalizable
findings.

Overall, the results of this study provide a clear answer
to the problem identified in the introduction, namely
that schools' inability to objectively and measurably
detect students' academic readiness for the TKA can in
fact be overcome by leveraging data that is already

available within the school. The hybrid K-Means and
C4.5 model developed in this study demonstrates that
previously underutilized academic and non-academic
student data holds readiness patterns that can be
automatically uncovered with an accuracy of 93.9%,
far exceeding the capability of conventional, subjective
identification methods. Beyond the accuracy figure
itself, the decision rules produced by C4.5 provide a
transparent  explanation that can be directly
operationalized: students with low learning motivation
(score < 2) are consistently classified as Not Ready
without exception, while the combination of high
motivation and a positive score trend is the most
reliable predictor of the Ready category. These
findings not only answer the question of who requires
intervention, but also provide insight into why and in
which dimension such intervention should be designed,
making the resulting model an instrument that can be
directly integrated into the school's academic
information system as an objective, reproducible, and
interpretable data-driven early-detection tool for
academic readiness.

4, Conclusions

In conclusion, this study successfully addressed the
problem of conventional, subjective identification of
students' academic readiness for the Academic Ability
Test (TKA) by developing a predictive-analysis model
that integrates the K-Means and C4.5 algorithms on a
dataset of 82 Grade XII students from SMA Negeri 1
Kamang Magek, comprising 11 academic and non-
academic predictor variables. The K-Means clustering
stage objectively grouped students into three readiness
categories Ready (45 students, 54.88%), Fairly Ready
(20 students, 24.39%), and Not Ready (17 students,
20.73%) which were then used as class labels to build
a C4.5 decision tree with Learning Intensity as the root
node, followed by score stability, score trend,
attendance, and learning motivation as the most
influential splitting attributes. The resulting hybrid
model achieved a strong overall accuracy of 93.90%
with a weighted F1-score of 0.93, demonstrating that
readily available school data can reveal clear,
previously hidden academic-readiness patterns far
more effectively than manual, subjective teacher
observation, while also producing transparent if-then
decision rules such as low learning motivation
consistently indicating the Not Ready category that
explain not only which students require intervention
but also why. This makes the resulting interpretable
early-detection model a practical, reproducible
foundation for schools to design more targeted,

measurable, and data-driven academic-intervention

programs ahead of the TKA.
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