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 Students with disabilities are a group that requires special attention in the 

admission process at universities, especially at State Islamic Higher Education 

Institutions (PTKIN). Although inclusive policies have been implemented, 

challenges in implementation in the field are still quite significant, especially 

in terms of equal access and the readiness of educational institutions. This 

study aims to analyze the opportunities and challenges of accepting students 

with disabilities at PTKIN through a machine learning approach to predict the 

factors that influence selection graduation. The research data consists of 80 

prospective students with disabilities who participated in the PTKIN selection, 

covering variables such as gender, province of origin, previous education, 

school accreditation, and type of disability. The research process included data 

cleaning, feature engineering (including categorical encoding and 

recategorization of disability variables), and data balancing using the SMOTE 

method. Next, model training was carried out using three main algorithms, 

namely Support Vector Machine (SVM), Random Forest, and XGBoost, as 

well as model combination (ensemble voting classifier) for performance 

comparison. The results show that the SVM (RBF kernel) model provides the 

best performance with an accuracy of 80% and an F1-score of 0.88 for the 

“Pass” class. This model outperforms Random Forest and XGBoost, which 

have an accuracy of 65% each. The most influential factors for graduation are 

the province of origin, disability category, and previous form of education. 

These findings indicate that the acceptance of students with disabilities at 

PTKIN is still influenced by geographical factors and educational 

background, so affirmative policies need to be directed at expanding access 

for people with disabilities from certain regions and backgrounds. The 

machine learning approach has proven to be effective as a tool for analyzing 

inclusive education policies in the PTKIN environment. 
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1. INTRODUCTION 

Education is a fundamental right for every citizen without exception, including persons with disabilities 

(PWDs). The Indonesian government, through various policies, has sought to realize inclusive education that 

provides equal opportunities for students with disabilities to access higher education. One form of implementation 
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of this policy can be found at State Islamic Higher Education Institutions (PTKIN), which are under the auspices 

of the Indonesian Ministry of Religious Affairs . 

Although the policy direction supports inclusivity, the admission of students with disabilities at PTKIN 

still faces various challenges. Not all universities have adequate facilities, human resources, or internal policies 

to support the needs of students with disabilities. In addition, the varying academic abilities and educational 

backgrounds of prospective students with disabilities are also factors that affect their chances of passing the 

national selection process [1], [2]. 

In the context of PTKIN new student admissions, particularly through the State Islamic Higher 

Education Entrance Examination (UM-PTKIN), the selection process is competitive. However, the selection 

system does not yet fully take into account the conditions and characteristics of students with disabilities in a 

proportional manner [3], [4], [5]. As a result, there is still a disparity between the number of applicants and those 

who are successfully admitted, especially in certain disability categories. 

The development of machine learning (ML) technology in the field of education opens up new 

opportunities to analyze graduation patterns and the factors that influence them objectively [6], [7], [8], [9], [10]. 

This approach allows researchers to build predictive models capable of identifying the most significant variables 

for the success of prospective students with disabilities in the PTKIN admission selection process. Thus, the 

results of this study can be used as a basis for affirmative policy-making [11], [12] and improving the selection 

mechanism to be more inclusive and data-driven [13], [14], [15], [16]. 

This study uses data on applicants with disabilities in the UM-PTKIN selection process, which includes 

various variables, such as gender, province of origin, previous education (high school, Islamic high school, 

vocational high school, special needs school, etc.), school accreditation status, and type of disability. Through the 

stages of data cleaning, feature engineering, and resampling using the SMOTE method to balance classes [17], 

[18], [19], [20], [21], this study developed a graduation prediction model with three main algorithms, namely 

Support Vector Machine (SVM), Random Forest, XGBoost, and Ensemble. These method mainly used in several 

fields [22], [23], [24], [25] especially for admission process in higher education [26], [27], [28], [29], [30], [31]. 

The analysis results show that the SVM model with RBF kernel provides the best performance with an 

accuracy of 80% and an F1-score of 0.88 for the “Pass” class. The most influential factors for graduation include 

the province of origin, disability category (sensory, intellectual, or physical), and previous education. These 

findings confirm that access to higher education for students with disabilities is still greatly influenced by 

geographical factors and educational background, rather than solely academic ability. 

Therefore, this research not only contributes to the field of learning technology, but also has policy 

implications. The results are expected to serve as a reference for the Ministry of Religious Affairs and PTKIN in 

formulating strategies for the admission of students with disabilities that are more fair, transparent, and based on 

empirical data. 

 

2. METHOD 

 

This research is quantitative research with a data mining approach using the CRISP-DM (Cross 

Industry Standard Process for Data Mining) methodology. This approach was used because it provides a 

structured framework for analyzing big data, starting from understanding the context of the problem, data 

processing, to modeling and evaluating the results. 

The main objective of this study is to build a predictive model to estimate the graduation of 

prospective students with disabilities based on various factors such as gender, accreditation of the school of 

origin, type of education, province of origin, and disability category. 

The data used in this study was obtained from the 2025 UM-PTKIN disabled student registration data, 

which was collected from the PTKIN Student Selection Central Committee (Ministry of Religious Affairs of 

the Republic of Indonesia). The data contains information on applicants to the UM-PTKIN pathway who have 

a disability, including personal data, school of origin, accreditation, type of education, and selection results 

(pass/fail). 

The type of data used is secondary data, as it was obtained from available official sources. The data 

is quantitative, with numerical and categorical variables that were then processed into machine learning model 

features. The research methodology follows the six main stages of the CRISP-DM model. 

 

2.1.  Business Understanding 

The Business Understanding stage is the first step in the CRISP-DM (Cross Industry Standard Process 

for Data Mining) methodology, which aims to understand the research context from the perspective of policy, 

organizational needs, and data analysis objectives. In this study, this stage is aimed at understanding the current 

situation of disabled student admissions at State Islamic Higher Education Institutions (PTKIN), particularly 

in the context of the PTKIN Entrance Examination (UM-PTKIN), and formulating how machine learning 

approaches can be utilized to support a more inclusive and data-driven decision-making process. 
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As higher education institutions under the Ministry of Religious Affairs, PTKINs have a moral and 

social responsibility to provide fair access to education for all prospective students, including those with special 

needs or disabilities. Although the UM-PTKIN admission pathway has opened opportunities for people with 

disabilities, in reality, there are still disparities in graduation rates between categories of disabilities, regions of 

origin, and educational backgrounds. Therefore, a good understanding of the factors that influence graduation 

opportunities is an important requirement for PTKIN policymakers and administrators. 

In this context, the study uses a machine learning approach to build a prediction model for the 

graduation of students with disabilities based on UM-PTKIN registration data. This process is expected to 

identify variables that have a significant effect on graduation, such as type of disability, province of origin, 

previous form of education, school accreditation, and other demographic factors. The results of this modeling 

are expected to not only improve understanding of the patterns of acceptance of students with disabilities, but 

also provide empirical input for affirmative policy-making at the national level. Specifically, the objectives of 

the business understanding stage in this study include: 

1. Identifying the main problems encountered in the selection and admission process for students with 

disabilities at PTKIN. 

2. Determining the objectives of the analysis to be achieved through predictive modeling, namely estimating 

the likelihood of prospective students with disabilities graduating based on their characteristics. 

3. Developing model success indicators that can assist PTKIN in formulating more inclusive, transparent, and 

data-driven admission policies. 

4. Through in-depth understanding at this stage, the research is expected to connect the needs of inclusive 

education policies with a scientific approach based on machine learning, so that the final results not only 

have academic contributions but also practical benefits in supporting the transformation of admission 

policies for students with disabilities in PTKIN environment. 

2.2.  Data Understanding 

The Data Understanding stage is the second step in the CRISP-DM methodology, which focuses on 

collecting, exploring, and understanding the characteristics of the data that will be used in the modeling process. 

The main objective of this stage is to ensure that the data used is truly relevant, clean, and capable of describing 

the phenomenon being studied—in this case, the graduation patterns of students with disabilities in the UM-

PTKIN selection process. 

1. Data Sources 

The data used in this study was obtained from the recapitulation of the registration and graduation of 

disabled participants in the State Islamic Higher Education Entrance Examination (UM-PTKIN) in a certain 

year. This dataset consists of 80 entries (rows) representing individual prospective students with disabilities, 

with various attributes (columns) describing personal characteristics, education, and selection results. 

2.    Data Structure and Variables 

Table 1. Data Structure and Variables 
No Features Data Type Description 

1 Gender Boolean Gender of participant (True = male, False = female). 

2 Province Categorical Province of origin of participant. 

3 Type of Education Categorical Type of educational institution of origin, such as SMA (senior high school), MA 

(Islamic high school), SMK (vocational high school), SLB (special needs school), or 
Pondok Pesantren (Islamic boarding school). 

4 Accreditation Categorical Accreditation status of the participant's school (A, B, C, or Not Accredited). 

5 Disability Categorical Type of disability of the participant, such as blind, deaf, physically disabled, 

mentally disabled, and others. 

6 Graduation Categorical 
(target) 

Final status of the participant in the UM-PTKIN selection (Pass or Fail). 

 

3.    Initial Data Exploration 

Initial exploration results show that the data distribution is relatively unbalanced, with 61 participants 

who passed and 19 who failed. This imbalance needs to be considered in the modeling stage, as it can affect 

the performance of machine learning algorithms. In addition, several data issues were found that need to be 

corrected in the data preparation stage, including: Missing values or [NULL] in the accreditation column, which 

were then replaced with the category “Not Accredited”. The jk variable (gender) in boolean form was converted 

to numeric for modeling purposes. Categorical variables such as province, education_type, and disability 

needed to be encoded so that they could be processed by the machine learning algorithm. The disability 

category was regrouped into conceptual categories such as Sensory, Physical, and Intellectual to produce a 

more meaningful representation. 

 

4. Data Statistics dan Distributed 
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The participants originated from 21 provinces, predominantly from Jawa Timur (15 participants), 

Jawa Barat (12 participants), and Sumatera Barat (7 participants). Regarding educational background, most 

participants graduated from SMA (Senior High School, SHS), totaling 40 students, followed by MA (Madrasah 

Aliyah/Islamic Senior High School, ISHS) with 17 students and SLB (Sekolah Luar Biasa/Special Education 

School, SES) with 9 students. In terms of disability type, the majority were categorized as Tuna Grahita 

(Intellectual Disability, ID) and Tuna Daksa (Physical Disability, PD), each comprising 25 participants, 

followed by Tuna Netra (Visual Impairment, VI) with 18 participants. Most participants came from schools 

accredited A and B, although several were from non-accredited institutions. 

 

2.3.  Data Preparation 

The Data Preparation stage is an important step in the CRISP-DM methodology, which aims to 

prepare data for use in the modeling process. At this stage, a series of data transformation processes are carried 

out, ranging from cleaning, coding, grouping variables, to data balancing (resampling) to ensure the quality 

and consistency of the dataset that will be used by the machine learning model. 

The data used in this study was obtained from the recapitulation of participants in the State Islamic 

Higher Education Entrance Examination (popularly known in Indonesia as UM-PTKIN), who were prospective 

students with disabilities. After going through the exploration process in the Data Understanding stage, several 

data preparation steps were carried out as follows: 

 

1. Data Cleaning 

The first step is to identify and correct inconsistent, missing, or irrelevant data. The cleaning steps are 

as follows: a) Handling Missing Values: The accreditation column was found to have several missing values 

(‘’) and invalid values ([NULL]). These values were then replaced with a new category, “Not Accredited,” to 

maintain the consistency of categorical data. Secondly, categorical Value Normalization: The graduation 

column was adjusted into two target classes: Pass (1) and Fail (0). The jk (gender) values in boolean format 

(True/False) were converted to numeric (1/0) so that they could be processed by the machine learning model. 

Data Duplication and Consistency Checking: the data was checked for duplicate rows. All text categories (such 

as province names and types of disabilities) were standardized in terms of their writing format. 

 

2.    Variable Transformation (Data Transformation) 

This stage is carried out to convert categorical data into a numerical form that can be understood by 

machine learning algorithms. Some of the transformations carried out include: Categorical Variable Encoding, 

the education_type column is converted using the one-hot encoding method, producing several new features 

such as education_type_high school, education_type_vocational school, education_type_technical school, 

education_type_special needs school, and so on. The province column is also converted using one-hot 

encoding, resulting in new features for each province, such as province_East Java Province, province_West 

Sumatra Province, and so on. The accreditation column is converted to ordinal encoding, with a value scale of: 

A = 3, B = 2, C = 1, and Not Accredited = 0. 

Grouping of Types of Disabilities: The disability column, which originally had many categories, was 

changed to conceptual categories based on characteristics, namely: 

- Sensory (blind, deaf, speech impaired) 

- Physical (Physical Disabilities) 

- Intellectual (Intellectual Disabilities) 

Next, one-hot encoding was performed on the grouping results column to produce variables such as 

sensory_disability_category and intellectual_disability_category. 

 

3.    Data Balancing (Handling Imbalanced Data) 

Previous exploration results show that the graduation target data is imbalanced, with a proportion of 

Pass (76%) and Fail (24%). This imbalance can cause the model to be biased towards the majority class. To 

overcome this, the study uses the SMOTE (Synthetic Minority Oversampling Technique) method, which adds 

synthetic data to the minority class until its proportion is balanced with the majority class. After applying 

SMOTE, the data distribution becomes: Before SMOTE: {Pass: 46, Fail: 14}. After SMOTE: {Pass: 46, Fail: 

46}. This method was chosen because SMOTE is able to retain the structural information of the data without 

simply duplicating rows randomly. 

 

4.    Data Splitting 

The processed data is then divided into two parts: 

-    Training set (75%) 

-    Testing set (25%) 
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The division is performed using the train_test_split function from the scikit-learn library with the 

stratify=y parameter so that the target class distribution remains proportional between the training data and the 

test data. This final dataset is ready to be used for the next stage, namely Modeling, where various machine 

learning algorithms will be applied to predict the graduation of students with disabilities based on the features 

that have been prepared. 

 

2.4.  Modeling 

The Modeling stage is the fourth step in the CRISP-DM methodology, which aims to build, train, and 

test predictive models based on data that has undergone preprocessing and feature engineering. In the context 

of this study, the modeling process focused on creating a model that could predict the graduation of prospective 

students with disabilities in the UM-PTKIN selection process, using a supervised machine learning approach. 

1. Model Selection 

Several machine learning algorithms used in this study were selected based on data characteristics and 

analysis objectives, namely: 

a.    Support Vector Machine (SVM) 

This algorithm was selected for its ability to handle high-dimensional data and non-linear patterns using kernel 

functions. The kernel used was Radial Basis Function (RBF), which is suitable for data with complex 

distributions and non-linear decision boundaries. 

b.    Random Forest Classifier 

This is a bagging-based ensemble model that combines multiple decision trees to reduce variance and improve 

accuracy. Random Forest is effective in handling encoded result category data such as education level and 

province. 

c.    Extreme Gradient Boosting (XGBoost) 

A boosting model that optimizes prediction results by emphasizing previous model errors. XGBoost 

was chosen for its high efficiency and ability to handle data imbalance. 

d. Ensemble Voting Classifier 

In addition to individual models, this study also implements an ensemble model that combines the 

prediction results of several best algorithms. This approach is called Voting Ensemble, where the final result 

is obtained through a majority voting mechanism (most votes) or soft voting (based on probability). The goal 

is to obtain more stable and accurate performance compared to a single model. 

 

2. Training and Testing Process 

The dataset is divided into two parts: Training Set (75%) for model training and Testing Set (25%) 

for model performance testing. Stratified sampling technique is used to maintain proportional label distribution 

between training and testing data. All models are trained using encoded data and feature selection that includes 

the following variables: Gender, School accreditation, Type of education, Type of disability, and Province of 

origin. 

 

2.5.  Evaluation 

The Evaluation stage is an important part of the CRISP-DM (Cross-Industry Standard Process for 

Data Mining) process. After the model is developed in the modeling stage, the evaluation process is carried out 

to assess the extent to which the model is able to meet the research objectives, namely to accurately and reliably 

predict the graduation of prospective students with disabilities in the UM-PTKIN selection process. 

The evaluation focuses not only on measuring accuracy, but also on the model's ability to understand 

complex patterns in socio-educational data, especially since the data used is heterogeneous and has an 

imbalanced class distribution between the Pass and Fail categories. Therefore, the evaluation stage is crucial 

to ensure that the resulting model is not only statistically accurate, but also policy-relevant. This study tests 

four main models: 

-    Support Vector Machine (SVM) with RBF kernel, 

-    Random Forest Classifier, 

-    XGBoost Classifier, and 

-    Ensemble Voting Classifier, which combines the three models above. 

The results of testing the test data are shown in the following table: 

 

 

Table 2. The Result of Test Data 
Model Accuracy Precision Recall F1-Score 

SVM (RBF) 0.80 0.79 1.00 0.88 

Random Forest 0.65 0.75 0.80 0.77 

XGBoost 0.65 0.75 0.80 0.77 

Ensemble Voting Classifier 0.70 0.78 0.85 0.80 
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The results above show that SVM (RBF) provides the most quantitatively superior results with an 

accuracy of 80%, perfect recall (1.00), and the highest F1-score (0.88). This shows that the SVM model is able 

to recognize all students who actually passed without missing any (false negative = 0). 

However, SVM has a slight weakness in terms of precision, which means that there are still some 

cases where the model misclassifies students who did not actually graduate as having graduated. 

Meanwhile, Random Forest and XGBoost show similar performance. Both models are quite good in 

terms of precision and recall (0.75 and 0.80), but their accuracy is slightly lower (0.65). This indicates that 

although decision tree-based algorithms are effective in handling categorical and complex data, they are 

slightly less efficient than SVM in detecting more subtle non-linear patterns. 

The Ensemble Voting Classifier model—which combines the results of the three models above—

shows more balanced and stable performance across all metrics. With an accuracy of 70%, precision of 0.78, 

recall of 0.85, and F1-score of 0.80, the ensemble successfully reduces the bias that appears in individual 

models. This approach conceptually strengthens the reliability of predictions by combining the strengths of 

SVM models, which excel at non-linear data, with tree models, which are robust against categorical data. 

 

Table 3. Confusion Matrix for Support Vector Machine with RBF Kernel 
Prediction Fail Pass 

Real Fail 1 4 

Real Pass 0 15 

 

From 20 test data, the model successfully predicted all students who actually graduated (15 cases) 

correctly. There were 4 classification errors where students who did not graduate were predicted to have 

graduated. This shows that the model tends to be more permissive (over-predicting Graduation). The Ensemble 

Voting approach combines the prediction results from SVM, Random Forest, and XGBoost using the soft 

voting method, which is decision making based on the average output probability of each model. The 

advantages of this approach include: 

- Reducing the variance in results that may arise from individual models. 

- Improving prediction stability when the data is heterogeneous. 

- Providing more generalizable results because it does not rely on a single algorithm. 

In this study, the ensemble produced more balanced overall performance, especially in the context of 

relatively high and not too contrasting recall and precision, indicating that the combination of models 

successfully improved the weaknesses of individual models. 

Based on comprehensive evaluation results, it can be concluded that the SVM (RBF) model shows 

the highest performance with perfect recall and 80% accuracy, making it very effective in identifying students 

who graduate. The Random Forest and XGBoost models have stable performance with the same F1-score 

(0.77), suitable for data with many categorical features. The Ensemble Voting model is the most balanced 

approach, with 70% accuracy and an F1-score of 0.80, providing consistent performance across all metrics. 

Therefore, the Ensemble Voting Classifier model is recommended as the final model in this study 

because it has the best balance between precision, sensitivity, and generalization ability. This model is also 

considered the most promising for application in a sustainable decision support system for the admission of 

students with disabilities at PTKIN. 

 

3. RESULTS AND DISCUSSION  

The data used in this study consisted of 80 observations from the results of the UM-PTKIN for 

prospective students with disabilities. This dataset includes several important variables, including gender 

(binary True/False), accreditation of the institution of origin, type of education such as high school, Islamic 

high school, vocational high school, special needs school, etc., type of disability (physical, visual, hearing, and 

intellectual), and graduation as the target variable (Pass/Fail).  

Data cleaning and preparation have been carried out previously, including filling in missing values 

and replacing the label “[NULL]” with “Did Not Pass.” Standardizing the values in the accreditation column 

to ordinal (A = 3, B = 2, C = 1, Not Accredited = 0). Performing categorical encoding using a combination of 

ordinal encoding and one-hot encoding. Handling class imbalance using the SMOTE (Synthetic Minority 

Oversampling Technique) technique so that the distribution of the Pass and Fail classes becomes 

balanced. This study uses four main models to predict graduation, namely: 

1.    Support Vector Machine (SVM) with RBF kernel 

2.    Random Forest Classifier 

3.    Extreme Gradient Boosting (XGBoost), and 

4.    Voting Classifier (Ensemble) which combines all three. 
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The training process was carried out by dividing the dataset into 75% training data and 25% test data 

using stratified sampling. After training, the evaluation results were obtained as shown in Table 2. 

 

 

3.1.  Analysis of Results 

3.1.1. Result of Support Vector Machine with RBF Kernel 

The SVM (RBF) model showed the highest performance with an accuracy of 80% and perfect recall 

(1.00) for the Pass class. The SVM confusion matrix results (Figure 4.1) show that all students who actually 

passed were successfully identified by the model without any being missed (false negative = 0). 

However, there were four false positive cases, namely students who should not have passed but were 

predicted to pass. This shows that the model has a tendency to be more inclusive in identifying graduation, 

which is relevant to the spirit of inclusive education, where the system is expected not to ignore the graduation 

potential of students with disabilities. 

The nature of SVM, which is oriented towards optimal margins, makes it strong in handling non-

linear data with a diverse number of features. In other words, SVM is able to capture complex patterns between 

variables such as education type, accreditation, and disability category without getting caught up in overfitting. 

 
Figure 1. Confusion Matrix of RBF 

 

The figure above shows the confusion matrix for the Support Vector Machine (SVM) model with 

RBF kernel, which is the model with the best performance in this study. The table illustrates the comparison 

between the predicted values and the actual values in the test data, with two main categories, namely Pass and 

Fail. From these results, it is known that: A total of 15 prospective students with disabilities who actually 

passed were correctly predicted by the model. A total of 4 prospective students who actually failed were 

predicted as passing (false positives). There was only 1 correct prediction for the Fail category, and there were 

no missed errors in the Pass class (false negatives = 0). 

Overall, this shows that the SVM model is very strong in recognizing pass patterns (recall = 1.00), 

although it still has weaknesses in distinguishing students who did not pass. This phenomenon can be explained 

conceptually: the SVM model with RBF kernel tends to form a decision boundary that emphasizes the 

maximum separation of positive data (Pass), so that the model is more sensitive to passing cases than failing 

cases. However, the existence of false positives indicates the need for improvement by adding training data or 

adjusting the regulation parameters so that the model can be more balanced in recognizing both classes. 
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Figure 2. ROC of RBF 

 

The figure above shows the ROC (Receiver Operating Characteristic) Curve of the SVM (RBF) 

model. This graph shows the relationship between True Positive Rate (TPR) and False Positive Rate (FPR) at 

various classification thresholds. The AUC (Area Under Curve) value of 0.51 indicates that the model's ability 

to distinguish between Pass and Fail classes is only slightly better than random guessing. However, this does 

not mean that the SVM model is bad overall. It should be understood that AUC tends to be unstable on small 

and balanced SMOTE datasets, as in this study (a total of 92 data after resampling). There are several reasons 

why the AUC value can be low even with high accuracy: The SVM model does not naturally generate 

probabilities. By default, SVM makes binary decisions based on margins, not probabilities. The probability 

estimates used for ROC usually come from Platt scaling, which can be inaccurate on small data sets. 

The distribution of SMOTE results can change the margin structure. Synthetic data from SMOTE can 

increase overlap between classes, thereby reducing ideal separation in probabilistic calculations. Target classes 

tend to be easily recognizable but are not linearly distributed. High recall in the Pass class (1.00) indicates that 

SVM is very sensitive to positive classes, so that its ROC curve does not rise smoothly like models with stable 

probabilities. 

However, from the perspective of inclusive education, SVM's performance in minimizing type II 

errors (false negatives) is actually beneficial: the model is more “bold” in classifying prospective students with 

disabilities as passing, making it more inclusive in the context of admission. Although an AUC value < 0.6 

usually indicates a weak discriminatory model, the combination of high recall and 80% overall accuracy still 

shows that the model is effective in recognizing patterns of disability graduation. Thus, the low AUC reflects 

data limitations and sample size rather than conceptual model failure. 

 

3.1.2. Result of Random Forest and XGBoost 

The Random Forest and XGBoost models show relatively similar performance, with an accuracy of 

65% and an F1-score of 0.77. Both models work on the principle of tree-based learning, which is capable of 

handling categorical data and interactions between features well. However, the performance of these two 

models is not as good as SVM due to the relatively small amount of data (only 80 observations) and the 

dominance of categorical features, which are not strong enough to maximize the potential of boosting. 

Nevertheless, Random Forest and XGBoost still show high recall (0.80), indicating that both are quite good at 

detecting students who are likely to graduate, despite a few errors in predicting true negatives. 
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Figure 3. Top 10 Most Important Features 

 

The image above shows the ten most influential features in the XGBoost model used to predict the 

graduation of students with disabilities in the UM-PTKIN selection process. The XGBoost model measures 

the level of importance of features based on their contribution to reducing errors in the decision tree formation 

process. The greater the importance value (feature importance), the greater the influence of that feature on the 

prediction results. 

Based on the graph, it can be seen that the feature of the student's province of origin plays a very 

prominent role in determining the chances of graduation. Specifically, Jambi Province, Lampung Province, 

and West Sumatra Province emerged as the top three features with the highest importance levels. This can be 

interpreted as meaning that the participants' region of origin provides a significant difference in graduation 

opportunities, which is most likely influenced by factors such as school distribution, regional policies, and the 

level of competition among participants in each province. 

In addition to the province factor, educational institution features such as SKB (Learning Activity 

Center) and SMK (Vocational High School) also appear at the top of the list. This shows that the background 

of the educational institution where participants study plays an important role in determining the academic 

readiness or competence of prospective students with disabilities to face the selection process. Participants 

from formal educational institutions such as SMA/MA (Senior High School/Islamic Senior High School) may 

have a curriculum that is more in line with the UM-PTKIN exam material compared to non-formal institutions. 

Meanwhile, the sensory disability category is also among the top ten influential features. This means 

that the type of disability experienced by participants can contribute to their chances of passing, either directly 

(through exam adaptations and affirmative policies) or indirectly (through the availability of support facilities 

and accessibility). However, its influence is relatively smaller compared to the factors of province and type of 

education, indicating that the UM-PTKIN selection system is already relatively inclusive in treating different 

types of disabilities. 

Overall, these results indicate that geographical factors and educational background are still the main 

determinants in the admission process for students with disabilities. Thus, the policy recommendations that can 

be made are to strengthen the equitable access to inclusive education in areas outside Java and to expand 

support for non-formal educational institutions so that participants with disabilities have more equal 

opportunities to be accepted at PTKIN. These findings are consistent with the results of the Random Forest 

model, in which the province feature also dominates the importance ranking, so it can be concluded that the 

regional dimension is still a strong indicator for predicting the graduation of students with disabilities at UM-

PTKIN. 

 

3.1.3. Result of Support Vector Machine with Ensemble 

The figure 4 shows a comparison of the performance of the three main models used in this study, 

namely SVM (RBF), Random Forest, and XGBoost, based on two main metrics: accuracy and F1-score in the 

Pass class. These two metrics were chosen because they provide a balanced picture of the model's ability to 

recognize positive data (recall) and accuracy in classification (precision). From the test results, it can be seen 

that the SVM (RBF) model shows the best performance with an accuracy of 0.80 and an F1-score of 0.88.  

This shows that SVM is most effective in classifying data on prospective students with disabilities 

who pass, mainly because this model is able to form a non-linear separating boundary between the Pass and 

Fail classes with the RBF (Radial Basis Function) kernel. The high performance of SVM also reflects its ability 

to capture complex patterns between features, even though the data was relatively small and unbalanced before 



CoreID Journal | Vol. 4, No. 1, March 2026: 1-13 
 

Comparison of Classification Models for Predicting Admission Outcomes ... (Rosihon Anwar, et al) -  10 

SMOTE was applied. Meanwhile, the Random Forest and XGBoost models ranked next with similar accuracy 

and F1-scores (around 0.65–0.77).  

Although both are ensemble-based models, which are theoretically more stable against noise and data 

variation, their performance in this study was slightly lower than SVM. One reason for this is the limited 

amount of training data (only 80 initial entries), which made the process of forming many decision trees less 

than optimal in capturing generalization patterns. 

However, the Random Forest and XGBoost models still have an important advantage, namely the 

ability to explain which features have the most influence on the prediction results. As shown in Figure 3, the 

features of province of origin, type of education, and disability category are variables that consistently 

contribute to graduation predictions. This provides added value in the context of educational policy research, 

as it allows policymakers to understand the social and geographical dimensions of the acceptance of students 

with disabilities at PTKIN. 

SVM (RBF) is the best model in terms of pure prediction performance, especially for the Pass class, 

which is the focus of this study. Random Forest and XGBoost provide richer information about the determining 

factors for graduation, even though their accuracy is slightly lower. Model combination (Ensemble Voting) 

could be a direction for further development, in order to utilize the predictive power of SVM and the 

interpretability of XGBoost simultaneously. 

 
Figure 4. Comparison of RBF, Random Forest, and XGBoost 

 

The Voting Classifier (Ensemble) model combines the three algorithms above using the soft voting 

method. Test results show that the ensemble has an accuracy of 70% and an F1-score of 0.80, with a good 

balance between precision (0.78) and recall (0.85). This indicates that the combination of models provides 

more stable and consistent results, although not as accurate as SVM in absolute terms.  

Practically, the ensemble model is more suitable for institutional decision-making contexts because it 

minimizes the bias of a single model. By combining the strength of SVM in separating non-linear patterns and 

the ability of decision trees to recognize relationships between features, the ensemble produces predictions that 

are more adaptive to variations in student data from different provinces and educational backgrounds. 

 

 

3.1.4. General Comparison of RBF, Random Forest, XGBoost, and Ensemble 

Figure 5 shows a comparison of the performance of four machine learning models, SVM (RBF), 

Random Forest, XGBoost, and Ensemble (Voting Classifier), in predicting the graduation of students with 

disabilities in the UM-PTKIN selection using the metrics Accuracy, Precision, Recall, and F1-Score. In 

general, SVM (RBF) showed the best predictive performance, especially in terms of Recall (1.00) and F1-

Score (0.88). The high recall indicates the model's ability to minimize false negatives, which is highly relevant 

in the context of inclusive education as it reduces the risk of overlooking participants who are actually eligible 

to graduate. Although the precision value (0.79) was slightly lower, the performance was still considered good 

given the limited size of the dataset. 

Random Forest and XGBoost showed relatively similar performance with an Accuracy of 0.65 and 

an F1-Score of around 0.77–0.80. Although they did not exceed SVM in terms of predictive performance, both 

models had advantages in terms of interpretability, particularly through feature importance analysis. Variables 

such as province of origin, type of education, and disability category were identified as dominant factors 

influencing graduation predictions. This provides substantial added value because it not only generates 

predictions but also provides an analytical basis for policy evaluation. 

Random Forest and XGBoost showed relatively similar performance with an Accuracy of 0.65 and 

an F1-Score of around 0.77–0.80. Although they did not surpass SVM in terms of predictive performance, both 

models had advantages in terms of interpretability, particularly through feature importance analysis. Variables 
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such as province of origin, type of education, and disability category were identified as dominant factors 

influencing graduation predictions. This provides substantial added value because it not only generates 

predictions but also provides an analytical basis for policy evaluation. 

 

3.1.5. Findings 

The results of this modeling provide several important findings, including that provincial factors and 

type of education influence graduation rates. Features such as province of origin, type of high school/vocational 

school/special needs school, and sensory or intellectual disability category emerged as important variables in 

determining graduation rates. 

 

 
Figure 5. Performance Comparison of Models 

 

SVM plays a very strong role in detecting graduation patterns. The perfect recall value of SVM shows 

that this algorithm is able to recognize patterns of students with disabilities who are likely to graduate very 

well, although it is sometimes too permissive towards cases of non-graduation. The Ensemble model is more 

suitable for long-term policies. Ensemble provides the best balance between sensitivity and accuracy. In the 

context of inclusive education policies, this model is safer to use because it reduces the risk of algorithmic bias.  

Although model accuracy is important, the predictive approach in the context of disabled education 

does not merely assess “right or wrong,” but rather how the system can help institutions understand the factors 

causing failure and improve admission policies. When compared to other models such as Random Forest and 

XGBoost, which tend to be more balanced in classification probabilities, SVM excels in sensitivity but lacks 

in probability calibration. Therefore, at the decision support system implementation stage, SVM results should 

be combined with probability-based models (e.g., Ensemble Voting) for more stable results.  

 

 

4. CONCLUSION 

This study successfully applied a CRISP-DM-based machine learning approach to predict the 

graduation of students with disabilities in the UM-PTKIN selection process. The analysis process included 

stages from business understanding to evaluation, with data imbalance handled using the SMOTE technique 

and the application of One Hot Encoding on categorical variables. 

The evaluation results showed that the Support Vector Machine (SVM) model with RBF kernel 

provided the best performance with an accuracy of 0.80, recall of 1.00, and F1-score of 0.88, making it the 

most optimal in identifying successful participants. The Random Forest, XGBoost, and Ensemble Voting 

Classifier models also showed competitive performance, with their respective advantages in interpretability 

and prediction balance. 

Feature importance analysis indicated that province of origin, highest level of education, and sensory 

disability category were the most influential factors on graduation. Overall, this study proves that the 

application of machine learning can be a decision-making tool in the selection system for students with 

disabilities, as well as support the development of a more inclusive, fair, and data-driven selection mechanism. 
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