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Abstract: This study aims to predict potential declines in students' 
Minimum Completeness Criteria (KKM) in higher grades (4th, 5th, and 6th) 
by analyzing their cognitive, affective, and psychomotor scores from lower 
grades (1st, 2nd, and 3rd). Using a quantitative research method, various 
machine learning algorithms were applied, including Naive Bayes, K-
Nearest Neighbors (KNN), Support Vector Machines (SVM), and Neural 
Networks. The dataset comprised students' scores across cognitive, 
affective, and psychomotor domains from the lower grades. After training 
and comparing the models, the Neural Network algorithm demonstrated 
the best performance, achieving 89% accuracy and 100% recall. These results 
indicate that the model can help teachers identify students at risk of 
struggling with KKM standards in higher grades, enabling early 
interventions. The study concludes that Neural Networks offer a promising 
tool for early detection of academic challenges in elementary education. 
 
Keywords: Classification; KKM; Minimum completeness criteria; 
Supervised machine learning 

  

Introduction 
 

The minimum completeness criterion (KKM) is the 
minimum grade standard that must be achieved by 
students in a certain subject. KKM is used as a 
benchmark to determine whether students have reached 
the expected standards or not. In some cases, KKM is 
used as a condition to move up to the next level or get a 
graduation in a school (Mahdiansyah et al., 2017). 
Therefore, it is crucial to ensure that students achieve 
KKM in each subject. Minimum completeness is the 
minimum level of achievement that must be achieved by 
students to meet the competency standards that have 
been set by the government. The achievement of 
minimum completeness by students is very important to 
ensure equal access to education for all students, as well 
as to ensure that the quality of education provided by 
schools meets the set standards. The achievement of 

minimum completeness can also be an indicator of the 
success of an educational program and can help teachers 
and principals in improving teaching methods and 
curriculum to suit the needs of students (Selviani et al., 
2022). This will have an impact on improving the quality 
of education provided and increasing students' ability to 
compete in the world of work. 

Standards for assessing learning outcomes and 
learning processes have been established, especially in 
Indonesia. The determination of the assessment 
standards includes three main aspects, namely affective 
or attitude, cognitive or knowledge, and psychomotor or 
skills (Mahdiansyah et al., 2017). Affective refers to 
students' attitudes, values, and emotional responses, 
focusing on their social and behavioral development. 
Cognitive pertains to the intellectual abilities of 
students, such as their capacity to understand, analyze, 
and solve problems. Psychomotor involves the physical 
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skills and coordination necessary for tasks that require 
movement and manual dexterity. These three aspects 
are considered equally important in the assessment of 
learning outcomes and processes. 

Learning in elementary school is divided into two 
parts, namely low grade learning, namely grades 1, 2 
and 3 and high grade learning, namely grades 4, 5 and 6 
(Zulvira et al., 2021) and research conducted by Dwi & 
Audina (2021) states that the low numeracy ability of 
elementary school students at the upper level is also 
caused by the mastery of basic numeracy skills such as 
addition, subtraction,  multiplication, and division that 
is still lacking in the lower class. Based on this 
relationship, this study focuses on the prediction of the 
KKM scores of elementary school students at the upper 

level based on the achievements of students in the lower 
grades. 

The urgency of this research stems from the critical 
role that KKM plays in determining students' academic 
progression and overall educational success. As KKM is 
often a deciding factor for students to advance to the 
next grade level or graduate, it is essential to ensure that 
students meet these benchmarks early on. However, 

without early detection of potential academic 
challenges, students who struggle in lower grades may 
continue to face difficulties in higher grades, ultimately 
affecting their ability to meet KKM standards. This could 
lead to negative consequences, such as delayed 
progression or failure to complete school on time. By 
developing a predictive model that can identify students 
at risk of falling below KKM standards, educators can 
intervene early and provide necessary support to ensure 
students' success. Such a model not only helps prevent 
academic failure but also contributes to improving the 
overall quality of education by enabling targeted 
interventions that address students' specific needs. 
Therefore, this research is crucial for fostering equitable 
education and ensuring that all students have the 
opportunity to succeed academically. 

Machine Learning (ML) is a branch of Artificial 
Intelligence (AI) that allows computers to learn and 
improve their performance in a specific task through 
experience and data provided (Charbuty & Abdulazeez, 
2021). One of the intelligence from ML models or 
algorithms is obtained by applying the Supervised 
Machine Learning method (Tungadi et al., 2018). 
Supervised Machine Learning is one of the methods to 
train a model using past data that has labels so that the 
model makes it possible to predict future outcomes (Sen 
et al., 2020). 

There have been several studies on the application 
of machine learning in predicting students' KKM scores. 
Hartanti et al. (2018) used the Naïve Bayes algorithm to 
classify KKM achievement and found that Naïve Bayes 
achieved an accuracy of 78%. Similarly, Purwaningsih & 

Nurelasari (2021) conducted research focusing on the 
use of the K-Nearest Neighbor (KNN) algorithm to 
classify student graduation levels, reporting an 
impressive accuracy of 96.49%. These studies, however, 
used different datasets, making it difficult to 
conclusively determine which algorithm is most 
effective for predicting KKM values. 

Saputra et al. (2022) expanded on this by comparing 
several classification algorithms, including Naïve Bayes, 
Support Vector Machines (SVM), Neural Networks 
(NN), and K-Nearest Neighbor (KNN). Using a dataset 
of 1,000 records from a dataset provider website, they 
concluded that the Neural Network algorithm 
performed best, with an accuracy of 99.50%. Despite 
these findings, the reliance on second-party data 

introduces the potential for bias in the results. 
Given the varying results of these studies and the 

potential biases due to different data sources, there is a 
need for further research using primary data directly 
from schools. This study compares classification 
algorithms, including Naïve Bayes, K-Nearest Neighbor, 
Support Vector Machines, and Neural Networks, using 
actual KKM data to avoid biases and determine which 

algorithm offers the most accurate predictions. The 
models will be evaluated using a confusion matrix to 
assess their effectiveness in classifying students' KKM 
scores. 

To assist teachers in identifying students at risk of a 
decline in KKM scores, a system is required to predict 
such issues early. Building a predictive model using 
machine learning algorithms could allow for human-
level accuracy in analyzing student performance data. 
This intelligence is achieved through supervised 
machine learning models trained on historical data, 
including students' affective, cognitive, and 
psychomotor scores. Therefore, this study aims to 
determine which classification algorithm provides the 
highest accuracy for predicting students' KKM scores. 
 

Method 
 

This research adopts a quantitative approach with 
an experimental design to compare machine learning 
algorithms in predicting students' Minimum 
Completeness Criteria (KKM) scores in higher grades 
based on their performance in lower grades. First, data 
were collected from school records, focusing on the 
cognitive, affective, and psychomotor scores of students 
in grades 1 through 3. Second, the collected data 
underwent preprocessing, which involved cleaning, 
normalizing, and formatting to ensure their suitability 
for machine learning analysis. Third, four machine 
learning algorithms—Naïve Bayes, K-Nearest 
Neighbors (KNN), Support Vector Machines (SVM), and 
Neural Networks—were trained using the preprocessed 
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data. These models were designed to classify and predict 
KKM scores for students in grades 4, 5, and 6. Fourth, 
the models were evaluated using performance metrics 
such as accuracy, precision, recall, and F1-score to 
determine their predictive effectiveness. Finally, the 
models were compared, and the algorithm with the best 
overall performance was selected as the most suitable for 
predicting student achievement. This final model can 
assist educators in identifying students at risk of not 
meeting KKM standards, allowing for early intervention 
and tailored support. 

The approach taken in this study is quantitative 
with the type of experimental research, where this study 

conducts test scenarios by comparing the algorithms of 
Naïve Bayes, K-Nearest Neighbors (KNN), Support 
Vector Machines (SVM) and Neural Networks in 
supervised machine learning to measure, analyze, and 
classify data so that it can be used as a system that can 
predict student achievement. To clarify how the 
researcher solves the problem, namely how to build a 
model that can classify student KKM scores and how to 
determine the classification algorithm with the best 
accuracy in predicting student KKM scores, it can be 
seen in the research flow in Figure 1. 

 

 
Figure 1. Research flow 

 
Data Collection Methods 

The data used in this study was collected through 
several methods to ensure completeness and accuracy, 
the first of which is documentation. The data 
documentation in this study focuses on collecting data 
on cognitive, affective, psychomotor and KKM scores of 
students. Next is an interview to explore more 
information related to student KKM data. Technical 
information related to the provision of student KKM 

scores by teachers is needed to support the description 

of this research. 
 
Data Processing Methods 

To train a machine learning model, input data is 
needed so that data is the life of a machine learning 
(Murray et al., 2021). Likewise, in this study, to find an 
algorithm with the best accuracy in classifying students' 
KKM scores in high grades, data in the form of affective, 
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cognitive, and psychomotor scores of students in the two 
grades below is needed. The sample data used in this 
study can be seen in Figure 2. 

 

 
 
 

 
Figure 2. Dataset 

 
Data preprocessing always has an important effect 

on the performance of supervised machine learning 
algorithms (Alexandropoulos et al., 2019), so that to 
prepare data can be an input to machine learning 
algorithms, treatment such as instance selection to select 
a subset of relevant or representative data instances to 
be used in model training. The attributes used in this 
study are class, grades of Religious Education, PPKn, 
Mathematics, Science, Social Studies, SBDP, PJOK, 
Mulok as well as the number of permits, sick and 
without information; and missing value imputation to 
replace the missing value in the dataset with the 
estimated or calculated value. 

Furthermore, the data labeling process for historical 
data of affective, cognitive and psychomotor values in 
each class is labeled "0" which does not reach the KKM 
score and "1" which reaches the KKM value when it has 
entered the upper class. Based on Figure 2, this 
researcher used 90 student data with 43 attributes 
consisting of 39 data with the label "0" and 51 data with 
the label "1". 

Data grouping is also the most important part of 
training a supervised machine learning. This process is 
carried out by grouping the data that already has labels 
into two parts, namely training data (80%) which is used 
to train the model and testing data (20%) which is used 
to evaluate the model (Alexandropoulos et al., 2019). 
 
Data Analysis Methods 

The method used in this study is quantitative 
analysis using several algorithms, namely Naïve Bayes, 
Support Vector Machine, Neural Network and K-
Nearest Neighbor which are made in the python 
programming language. Experiments on some of these 
algorithms were carried out to obtain the algorithm with 
the best accuracy for the problem of predicting students' 
KKM scores at the upper level based on student data at 
the lower level. Model training or model training is a 
process in machine learning where a model learns from 
existing data to make predictions or make decisions. 
During this process, machine learning algorithms use 
training data to find patterns or relationships that can be 
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used to predict the output of new inputs. This process 
involves adjusting the model's parameters to minimize 
errors between the model's predictions and the actual 
results. 

Naïve Bayes (NB) is an technique that uses simple 
probabilities based on Bayesian inference theory with 
strong assumptions of independence. NB is a 
classification statistic that can be used to estimate the 
likelihood that each particular class will have members. 
Nave Bayes is often used to categorize dataset data from 
intensive training. Bayesian theorem as follows: 

P(C|A) =
P(A|C). P(C)

P(A)
 (1) 

Information: 
P(A∣C) is the probability of hypothesis A being given 
evidence C (posterior). 
P(C∣A) is the probability of proof C given that 
hypothesis A is true (likelihood). 
P(A) is the initial probability of hypothesis A (prior). 
P(C) is the probability of evidence C. 

Support Vectore Machine (SVM) is a supervised 
learning algorithm that has good capabilities in 
analyzing data for classification and regression. SVM 
works to find the best hyperlane for splitting data into 
two classes, and maximizing the margin between the 
two classes (Suryani & Mustakim, 2022). Linear model 
used on SVM to generate optimal hyper lane using 
equations: 

f(w, x) =  w. x + b (2) 

Information: 
w is the weight vector. 
x is the feature vector. 
b is the bias or intercept. 

SVM learns the parameters by solving optimization 
problems using the following equation: 

min
1

2
wTw + C ∑ max (0,1 − yi

,(wTxi + b))

p

i=1

 (3) 

Information: 
wTw is Manhattan Norm (also known as L1 norm). 
C is Penalty parameter (can be an arbitrary value or a 
value selected using parameter-hyper tuning). 
yi

,  is Actual label. 
wTxi + b is Predictor function. 

A Neural Network (NN) is an algorithmic model 
inspired by how neurons in the human brain work. Each 
neuron in the human brain is interconnected and 
information flows from each of the neurons. NN itself 
has three layers, namely input, hidden and output 
layers. A hidden layer can consist of one or two hidden 
layers and theoretically there is no basic research on how 
many hidden layers are adequate for the network. In a 

neural network there is a neuron, which allows it to map 
different inputs to an output, this is the most 
fundamental element in any NN (Ridwan et al., 2020). 

K-Nearest Neighbors (KNN) is a machine learning 
algorithm used for classification and regression tasks. 
KNN is a non-parametric algorithm that does not make 
any assumptions about the distribution of data. It is an 
instance-based algorithm which means it stores all the 
training instances and classifies new instances based on 
similarities with the stored training instances. Here are 
the steps to calculate the K-Nearest Neighbor algorithm 
method to classify new data that is not yet known 
(Chasanah et al., 2022). Determine the number of 
neighbors, the number of k taken is generally odd 
because it avoids the same amount of distance in the 

classification process. From the data that has been given, 
then proceed to calculate the euclidean distance of each 
object. The result of the distance calculation then the 
objects are sorted from the smallest euclid distance. The 
results of the classification are collected according to the 
categories on the label. After the calculation is carried 
out, the prediction results from the category determined 
by the KNN method will appear. Here is the equation 

for the KNN Algorithm. 

dij = √∑ (xik − xjk)
2p

k=1
 (4) 

Information: 
dij is Distance between object i and j. 

xik is Object value i in the k variable. 
xjk is The value of object j on k variable. 

p is Number of variables. 
To obtain the model with the best accuracy, the 

experimental scenario will then be evaluated using the 
Confusion matrix method to assess the accuracy in 
classifying students' KKM scores so that it can be known 
which algorithm is most suitable for the problem. 
 

Result and Discussion 
 
Result 

To find out whether a student will achieve a KKM 
score or not, this study compares the algorithms of 
Naïve Bayes, Support Vector Machine, Neural Network 
and K-Nearest Neighbor. The evaluation results for each 
algorithm can be seen in Figure 3. 

In comparison, Naïve Bayes misclassified 3 
students who met KKM (false negatives) and incorrectly 
predicted 2 students who did not meet KKM as passing 
(false positives). This demonstrates that Naïve Bayes has 
more difficulty in correctly classifying students who 
meet the criteria. SVM performed similarly, with 5 true 
positives, 3 false negatives, and 0 false positives, making 
it highly precise for class 0 but limited in recall. KNN 
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had a more balanced performance, with 6 true positives, 
2 false negatives, and 1 false positive, indicating a more 
reliable performance overall compared to Naïve Bayes 
and SVM. Based on Figure 3 using the conusion matrix, 

the values of accuracy, precision and recall are known. 
The test results of each model can be seen in Table 1. 

 
 
 

 
 

Figure 3. Confusion matrix test model results 

 
Table 1. Recap of the results of the testing model 

Model Accuracy (%) Class Precision (%) Recall (%) 

Naïve bayes 72 0 71 62 

1 73 80 

Support vector 
machine 

83 0 100 62 

1 77 100 

Neural network 89 0 80 100 

1 100 80 

K-nearest 
neighbor 

83 0 86 75 

1 82 90 

 
As shown in Table 1, the Neural Network model 

outperformed the other models with an accuracy of 89% 
and a perfect recall of 100% for class 0, indicating that it 
successfully identified all students who met KKM. In 
contrast, Naïve Bayes had the lowest accuracy at 72%, 
with a recall of only 62% for class 0, suggesting it 
struggled to correctly predict students who met KKM. 

SVM and KNN both achieved an accuracy of 83%, but 
KNN had a higher recall of 75% for class 0, making it 
more effective in identifying students who met KKM 
compared to SVM, which had a recall of 62%. The 
following results of the comparison of accuracy and 
recall in class 0 can be seen in Figure 4. 
 

 
Figure 4. Comparison of accuracy and recall between models 

72%
83% 89% 83%

62% 62%

100%

75%

0%

20%

40%

60%
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120%
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Based on Figure 4, This chart visually highlights the 
trade-offs between precision and recall across the 
models, showing that while SVM had high precision, it 
was less effective in identifying all students who met 
KKM compared to KNN and Neural Network. In 
conclusion, the Neural Network model was the best-
performing algorithm, with a balanced combination of 
high accuracy (89%) and perfect recall (100%) for 
students who meet KKM. This suggests that it is the 
most effective tool for early detection of students who 
are likely to meet KKM, allowing educators to focus their 
attention on students who may need further support. 
KNN, with its balanced recall and accuracy, also 
performed well, while SVM, though precise, showed 
limitations in recall. Naïve Bayes consistently 

underperformed, making it less suitable for predicting 
student success in this context. 
 
Discussion 

The application of artificial intelligence technology, 
especially machine learning, offers solutions that can 
help schools and teachers to identify students who need 
special attention from an early age (Ahadi et al., 2015; 
Riza et al., 2024; Sinaga et al., 2024; Sudais et al., 2022; 
Suharti, 2024; Sulistiyo et al., 2020). This study uses a 
supervised machine learning-based prediction model 
trained using data on affective, cognitive, and 
psychomotor scores of students at low levels (grades 1, 
2, and 3), to predict KKM achievement at high levels 
(grades 4, 5, and 6). 

The results of this study Neural Network model 
demonstrated the highest overall performance, 
achieving an accuracy of 89% and a perfect recall of 100% 
for class 0 (students who meet KKM). This suggests that 
Neural Networks are particularly well-suited for this 
type of predictive task, as they can accurately detect all 
students who are on track to meet KKM while 
maintaining strong overall prediction accuracy 
(Almeida & Azkune, 2018; Gawlikowski et al., 2023; 
Juniawan et al., 2024). The model's high recall is critical 
in educational contexts, as identifying students who 
meet KKM helps ensure that resources and interventions 
are directed towards those who are truly at risk of 
underperforming. The success of this model could be 
attributed to its ability to capture complex patterns in the 
dataset, which includes cognitive, affective, and 
psychomotor scores (Abiodun et al., 2019; Alwosheel et 
al., 2018). 

While SVM and KNN both achieved similar 
accuracy levels (83%), the trade-offs between precision 
and recall are evident. SVM’s perfect precision for class 
0, paired with lower recall, suggests that while it can 
identify students who meet KKM with high confidence, 
it may fail to recognize some students who actually meet 
the criteria. This might be problematic in educational 

interventions, where missing students who need 
support could hinder their academic success. On the 
other hand, KNN strikes a more balanced performance 
with a recall of 75%, showing it is better at identifying 
students who meet KKM compared to SVM, though not 
as good as Neural Networks. Naïve Bayes, with an 
accuracy of 72% and a recall of 62%, exhibited the 
weakest performance overall. This can likely be 
attributed to the model's assumption of independence 
between features, which may not hold true in a dataset 
that includes complex interactions between cognitive, 
affective, and psychomotor aspects (Blanquero et al., 
2021; Chen et al., 2020; Zhang et al., 2018). In educational 
contexts, such a model would not be ideal, as its lower 
recall indicates a higher likelihood of misclassifying 

students who meet KKM, potentially leading to 
inaccurate intervention strategies. 

The results from this study have clear implications 
for educational practice, particularly in early detection 
of students' academic performance. Positive 
relationships between teachers and students in the 
learning process can narrow the achievement gap for 
students who have difficulty in the established 

achievement process (Kincade et al., 2020; Mayanda et 
al., 2024). The superior performance of the Neural 
Network model suggests that it could be used to support 
teachers and administrators in identifying students at 
risk of not meeting the KKM early on, allowing for 
timely interventions (Azizah et al., 2024; Kroesch et al., 
2022; Nurita et al., 2024; Zilz & Pang, 2021). The 
Minimum Completeness Criteria (KKM) having a far-
reaching impact on student academic and career future 
(Cole et al., 2016; Johnson & Stage, 2018; Karalekas et al., 
2020). By incorporating such predictive models into 
school systems like this study, educators could prioritize 
resources more effectively, tailoring support to students 
who need it most. 

However, while machine learning models like 
Neural Networks provide strong predictive capabilities, 
educators must remain aware of the limitations inherent 
in the data. Factors beyond cognitive, affective, and 
psychomotor scores, such as socioeconomic status, 
family environment, and other external influences, may 
also impact student performance and should be 
considered when designing intervention strategies 
(Aulia et al., 2024; Ayuningtyas & Kuswandi, 2024; 
Burchinal et al., 2020; Engelhardt et al., 2019; Marks, 
2016; Rafidah et al., 2024; Xing, 2023). Additionally, 
continuous evaluation and improvement of these 
models are necessary to ensure they remain effective as 
educational practices and student profiles evolve. 
Future research could expand on these findings by 
incorporating additional features into the models, such 
as social or environmental factors, to further enhance 
their predictive accuracy. Furthermore, different 
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machine learning techniques, such as ensemble 
methods, could be explored to see if they can outperform 
Neural Networks in this context. Investigating how 
models like Neural Networks can be implemented in 
real-world educational settings would also be valuable 
to determine their practical utility and impact on student 
outcomes. 
 

Conclusion 
 

Based on the findings of this study, students' 
cognitive, affective, and psychomotor scores in the lower 
grades can be effectively used to build a predictive 
model for determining the likelihood of students 
meeting the Minimum Completeness Criteria (KKM) in 
higher grades. Among the machine learning algorithms 
tested, including Naïve Bayes, Support Vector Machine, 
Neural Network, and K-Nearest Neighbor, the Neural 
Network algorithm emerged as the most effective, with 
an accuracy of 89% and a recall of 100%. These results 
demonstrate the potential of machine learning, 
particularly Neural Networks, in identifying students at 
risk of falling below KKM standards, thus enabling 
timely intervention to enhance student outcomes. This 
approach highlights the significant role that machine 
learning can play in improving the quality of education 
in Indonesia by supporting educators in addressing 
students' academic challenges early on. 
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