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Abstract 

 The determination of civil servant teacher certification patterns has so far been conducted 

administratively based on minimum requirement fulfillment, without systematically 

uncovering the relationships among teacher attributes, particularly for a population of 

thousands of teachers with varying characteristics. This study aims to analyze the certification 

pattern of teacher elementary school teachers in Asahan Regency using the C4.5 and Random 

Forest algorithms, to identify the most dominant attributes associated with certification status, 

and to compare the classification performance of both algorithms. A quantitative approach 

was applied using secondary data from the Basic Education Data of the Asahan Educational 

Office for the 2024/2025 academic year, covering 2,330 of elementary school teachers (civil 

servants and government contract employees) with eight predictor attributes (age, sub-district, 

position, education level, employment status, rank/grade, years of service, and weekly 

teaching hours) and one target attribute (certification status). The data were split using an 

80:20 train–test scheme and evaluated using confusion matrix, accuracy, precision, recall, F1-

score, and the ROC-AUC curve. Results show that C4.5 achieved an accuracy of 82.90%, a 

precision of 84.42% and 80.65%, and an AUC of 0.8984, while Random Forest achieved a 

higher accuracy of 83.98%, with a more balanced precision of 87.36% and 79.60% across 

classes. Feature importance analysis identified rank as the most dominant predictor of 

certification status for both algorithms, followed by age and years of service. Overall, the two 

algorithms achieved comparable performance, with C4.5 offering stronger interpretability and 

Random Forest offering more stable feature importance estimates, making both valuable tools 

for education authorities in evaluating teacher certification patterns. 
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Introduction 

Improving the quality of education through greater teacher professionalism is a 

national priority in Indonesia. The teacher certification program, mandated under Constitution 

Number. 14 of 2005 on Teachers and Lecturers, is one of the primary instruments for ensuring 

that teachers possess the pedagogical competence and professional accountability required to 

meet national standards [1]. 

In practice, however, certification patterns are still determined administratively based 

on minimum requirement fulfillment, without systematically analyzing how attributes such as 

rank, age, years of service, and educational background interact. This limitation becomes 

more pronounced when thousands of teachers with varying characteristics must be evaluated, 

motivating the use of analytical techniques capable of processing large volumes of 

administrative data and revealing hidden patterns. 

Machine learning offers a powerful approach for such evaluation. The C4.5 decision 

tree is a widely used method due to its interpretability and rule-based classification output [2], 

while Random Forest, an ensemble learning technique, has demonstrated improved predictive 

accuracy and reduced overfitting by combining multiple decision trees [3]. Prior studies 

applying C4.5 to teacher certification data have identified rank as the most decisive root 

attribute [2], yet few studies have directly compared C4.5 and Random Forest for this task in 

the Indonesian context using both classification-status targets and an expanded predictor set. 

This study addresses that gap by comparing C4.5 and Random Forest for predicting teacher 

certification status in Asahan Regency, using eight predictor attributes. The objectives are to: 

(1) evaluate and contrast the predictive performance of C4.5 and Random Forest, (2) 

determine the most dominant attributes influencing certification status, and (3) provide 

evidence-based insights to support the Asahan Educational Office in evaluating certification 

patterns. 

 

Literature Review 

A decision tree maps data attributes into a tree structure based on decision rules. C4.5 

builds this tree by selecting the splitting attribute with the highest gain ratio, computed from 

the entropy of each attribute, producing rules that are directly interpretable [2]. Random 

Forest extends this idea through ensemble learning: it builds many decision trees from 

bootstrap samples and random feature subsets, then aggregates predictions through majority 

voting [3], which increases robustness against overfitting compared with a single tree . 

Several studies have compared the two algorithms across classification domains. 

Ernawati and Karim compared Random Forest and C4.5 for car-price classification [4], while 

Sudarto et al. compared their accuracy for classifying student performance [5]; both studies 

reported Random Forest slightly outperforming C4.5 in accuracy, while C4.5 retained an 

advantage in interpretability. In the health domain, Barutu et al. found C4.5 slightly 

outperforming Random Forest when predicting diarrheal disease in toddlers [6], indicating 

that the relative performance of the two algorithms is dataset-dependent. 

Within the same institutional context, several studies applied C4.5 or Random Forest 

to administrative classification problems similar to this study. Hamzah and Sitorus applied 

C4.5 to classify diabetes indications with an accuracy of 85.78% [7]. Ismail et al. applied 

Random Forest and Gradient Boosting Machines to analyze the ASN Professionalism Index 

in Asahan Regency the same research location as this study—identifying the implementing-

staff position as the most dominant attribute [8]. Ernawati et al. compared Random Forest and 

K-Nearest Neighbors for classifying poverty status in Labuhanbatu Regency [9], and Siahaan 

et al. applied C4.5 to predict user age groups from demographic attributes in a public 

satisfaction survey [10]. These studies collectively support the relevance of C4.5 and Random 
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Forest for classifying administrative status based on demographic and employment attributes, 

as undertaken in this study. 

 Beyond direct algorithm comparisons, several studies have applied machine learning 

classification more broadly to administrative and decision-support contexts related to this 

study. Rasyid et al. applied machine learning to improve the efficiency of the student 

admission decision-making process at Pembangunan Panca Budi University[11] . Siregar et 

al. compared Naive Bayes and C4.5 for selecting UMKM product types based on vocational 

training data [12], and Sunjaya et al. applied Naive Bayes and Support Vector Machine to 

classify online shopping ratings [13]. In a directly analogous classification task, Fitriyanti et 

al. applied C4.5 to classify student graduation predicates based on GPA and study-period 

requirements, demonstrating the algorithm's suitability for predicting categorical academic 

and administrative outcomes similar to certification status [14]. 
 

Research Methodology 

 This study follows a quantitative approach, which emphasizes the analysis of 

numerical data processed using statistical and computational methods [15]. The research 

procedure comprises seven interrelated stages, as illustrated in Fig. 1: literature study, data 

collection, data processing, exploratory data analysis, model implementation, model 

evaluation, and results and reporting. 

  

  
Fig. 1. Research methodology framework [17]. 

In the literature study stage, relevant prior research on the C4.5 and Random Forest 

algorithms, teacher certification, and related classification studies was reviewed to establish 

the theoretical basis and identify the research gap addressed in this study. 

The data collection stage involved gathering secondary data from the Basic Education Data 

(Dapodik) of the Asahan Regency Education Office for the 2024/2025 academic year, 

covering teacher records relevant to the certification program. 
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During data processing, the collected records were cleaned and standardized through 

data selection, encoding of categorical attributes, and removal of incomplete or duplicate 

entries, followed by an 80:20 split into training and test sets. 

Exploratory Data Analysis (EDA) was then performed using descriptive statistics and 

visualization to examine attribute distributions, relationships, and the balance between 

certified and not-yet-certified classes, informing subsequent modeling decisions. 

In the model implementation stage, classification models were built using the C4.5 

and Random Forest algorithms on the training data, as detailed in Sections III-B and III-C. 

The model evaluation stage assessed both models on the held-out test set using confusion 

matrix, accuracy, precision, recall, F1-score, and ROC-AUC, enabling a direct comparison of 

their classification performance, as detailed in Section III-D.Finally, in the results and 

reporting stage, the evaluation outcomes and feature importance findings were compiled into 

statistical summaries and interpretive discussion to support decision-making by the Asahan 

Educational Office, as presented in Section IV. 

3.1 Data Acquisition and Preparation 

The dataset used in this study represents elementary school civil servant teachers 

participating in the certification program, obtained from the Basic Education Data of the 

Asahan Educational Office for the 2024/2025 academic year. A total of 2,310 records were 

retained for analysis out of 9,101 initial records after data cleaning and selection. 

The dataset includes eight predictor attributes and one target attribute, certification 

status, as shown in Table I. Age, sub-district, position, education, employment status, rank, 

years of service, and weekly teaching hours are the predictors used to build the classification 

models. 

A hold-out method with an 80:20 train–test split was employed, using total sampling 

for the population [16]. This resulted in 1,868 training records and 462 test records, on which 

model performance was evaluated. 

  

Table I. Attribute Descritions 

Variable Data Type 

Age Int64 

Region Name Object 

Position (PTK) Object 

Education Object 

Employment Status Object 

Rank Object 

Years of Service Int64 

Weekly Teaching Hours Int64 

Certification Status Object (Target) 

3.2  Implementation of C4.5 for Teacher Certification 

A decision tree for predicting teacher certification status was built using the C4.5 

algorithm. The algorithm splits the dataset based on the attribute that produces the greatest 

reduction in entropy, defined as [16]: 

(16) 

where  denotes the proportion of class i in dataset S. Because information gain can 

favor attributes with many distinct values, C4.5 uses the Gain Ratio for attribute selection 

[17]: 
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 (19) 
The attribute with the highest gain ratio is chosen as the decision node, and the process 

repeats recursively until a stopping criterion is met. The resulting tree produces rules that 

explain how attributes such as rank, age, and years of service relate to certification status. [18] 

3.3 Implementation of Random Forest for Teacher Certification 

Random Forest builds multiple decision trees from bootstrap samples of the dataset, 

considering only a random subset of attributes at each split. This reduces correlation between 

trees and helps prevent overfitting. The prediction for an input instance is obtained through 

majority voting across all trees: [19] 

   [20] 

where denotes the prediction of the  tree and T is the total number of trees. 
In addition to improving predictive stability, Random Forest produces feature importance 

scores that highlight the attributes most strongly associated with certification status, which is 

valuable for policymakers seeking to understand certification patterns. 

3.4 Model Evaluation 

 Both models were evaluated on the same 462-record test set using confusion matrix, 

accuracy, precision, recall, F1-score, and the ROC-AUC curve, allowing for a direct and 

consistent comparison of classification performance. 

 

Results 

Testing was carried out on 462 records (20% of the dataset), separate from the 1,868 

training records used to build the models. 

  
Fig. 2. C4.5 confusion matrix. 

The confusion matrix of the C4.5 model (Fig. 2) shows that the model correctly 

classified 233 certified teachers and 150 not-yet-certified teachers, while 36 certified teachers 

were misclassified as not-yet-certified and 43 not-yet-certified teachers were misclassified as 

certified. 

Table II presents the C4.5 classification report, showing an overall accuracy of 

82.90% on 462 test records, with precision of 84.42% and recall of 86.62% for the certified 

class, and precision of 80.65% and recall of 77.72% for the not-yet-certified class. Compared 

with the imbalanced-recall behavior often reported for C4.5 on skewed datasets, this model 

shows a relatively balanced recall across both classes, reflecting a moderately balanced class 
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distribution in the dataset (269 certified vs. 193 not-yet-certified in the test set); this contrasts 

with more heavily skewed datasets, where SMOTE-based resampling has been shown 

necessary to improve minority-class recall for Random Forest and Gradient Boosting 

classifiers [22]. 

Table II. C4.5 Classification Report 

Class Precision Recall F1-Score Support 

Certified 84.42% 86.62% 85.50% 269 

Not Cert. 80.65% 77.72% 79.16% 193 

Accuracy   82.90% 462 

Macro Avg 82.53% 82.17% 82.33% 462 

Weighted Avg 82.84% 82.90% 82.85% 462 

  

  
Fig. 3. Random Forest Confusion Matrix. 

The confusion matrix of the Random Forest model (Fig. 3) shows that the model 

correctly classified 228 certified teachers and 160 not-yet-certified teachers, with 41 certified 

teachers misclassified as not-yet-certified and 33 not-yet-certified teachers misclassified as 

certified. 

As shown in Table III, Random Forest achieved an overall accuracy of 83.98%, with 

precision of 87.36% and recall of 84.76% for the certified class, and precision of 79.60% and 

recall of 82.90% for the not-yet-certified class. Compared with C4.5, Random Forest 

produced higher precision for the certified class and higher recall for the not-yet-certified 

class, resulting in a higher weighted-average F1-score (84.02% versus 82.85%). 

Table III. Random Forest Classification Report 

Class Precision Recall F1-Score Support 

Certified 87.36% 84.76% 86.04% 269 

Not Cert. 79.60% 82.90% 81.22% 193 

Accuracy   83.98% 462 

Macro Avg 83.48% 83.83% 83.63% 462 

Weighted Avg 84.12% 83.98% 84.02% 462 
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Fig. 4. ROC curve of the C4.5 decision tree. 

  
Fig. 5. ROC curve of the Random Forest. 

Receiver Operating Characteristic (ROC) analysis was used to further evaluate the 

discriminatory ability of the C4.5 classifier. As shown in Fig. 4, the ROC curve for both the 

certified and not-yet-certified classes sits well above the diagonal reference line, with an Area 

Under the Curve (AUC) of 0.8984 for both classes, indicating good discriminatory capability. 

An equivalent ROC-AUC evaluation for Random Forest as shown in Fig. 5, the ROC curve 

for both the certified and not-yet-certified classes sits well above the diagonal reference line, 

with an Area Under the Curve (AUC) of 0.9054 for both classes, indicating good 

discriminatory capability 

Both algorithms consistently identified rank as the most dominant attribute associated 

with certification status, with a gain ratio of 0.7515 in C4.5 and a feature importance of 0.395 

in Random Forest, consistent with methodological guidance on interpreting random forest 

variable importance scores in behavioral and social science research [21]. Teachers in lower 

ranks (II/a–III/b) were predominantly not yet certified, while teachers in higher ranks (III/c 

and above) were predominantly certified. In C4.5, subsequent splits occurred on age and years 

of service, whereas in Random Forest, years of service (0.155) and employment status (0.127) 

showed a more pronounced contribution, reflecting the ensemble's ability to capture attribute 

contributions that may be masked by rank in a single tree. This pattern parallels findings in 

other administrative classification contexts, such as employee promotion prediction using 

Random Forest, where similarly formal hierarchical attributes have been shown to be strong 
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predictors of status outcomes [22]. Because holding a teaching certificate is itself often a 

prerequisite for rank promotion among civil servants, this relationship should be interpreted 

as associative rather than causal. 

Overall, the accuracy difference between the two algorithms (1.08 percentage points) 

indicates no substantial practical gap in performance for this dataset. C4.5 offers stronger 

interpretability through its explicit decision rules, while Random Forest offers more balanced 

classification performance and more stable feature importance estimates, making both 

algorithms valuable tools for the Asahan Regency Education Office in evaluating teacher 

certification patterns. 

 

Conclusion 

 This study successfully built C4.5 and Random Forest classification models to analyze 

the certification pattern of ASN elementary school teachers in Asahan Regency based on eight 

predictor attributes. The C4.5 algorithm identified rank/grade as the root node with the highest 

information gain, followed by subsequent splits on age and years of service, achieving an 

accuracy of 82.90% on 462 test data points. The Random Forest algorithm produced a similar 

pattern through feature importance analysis across 100 decision trees, achieving an accuracy 

of 83.98%, with rank/grade remaining the top attribute while also revealing a more 

pronounced contribution from years of service and employment status compared to C4.5. 

The performance comparison shows that the two algorithms have relatively comparable 

classification capability (an accuracy difference of 1.08 percentage points), so both are worth 

considering as the basis for an evaluation support system for the Asahan Regency Education 

Office. Because the dominance of the rank/grade attribute is potentially associative due to 

administrative promotion requirements, further qualitative verification is recommended before 

this pattern is used as a basis for causal policy. Future research is recommended to consider 

non-demographic factors such as teacher performance, competency test results, and 

motivation, and to maintain regular updates of Dapodik data to improve the accuracy and 

reliability of predictive models in the future. 
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