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Abstract  

Educational Data Mining can be utilized to identify patterns in educational data and support the evaluation of the alignment 

between graduates’ competencies and labor market requirements. Assessing alumni employment suitability is essential for 
providing an overview of their readiness and job alignment after completing their education. This study aims to compare the 

performance of the Decision Tree (DT) and Random Forest (RF) algorithms in classifying alumni employment suitability 

levels. The research stages included data collection, selection of employed alumni data, data cleaning, transformation of 

categorical variables into numerical scores, target label construction, division of the dataset into training and testing sets, and 
class balancing using Random Over-Sampling. The classification models were constructed using the DT and RF algorithms 

and evaluated based on accuracy, precision, recall, F1-score, and confusion matrix. The dataset was obtained from the 2025 

Alumni Tracer Study conducted by Universitas Negeri Padang and comprised 2,831 records with eleven variables related to 

alumni employment and competencies. The results indicate that the Decision Tree achieved an accuracy of 83.42%, a macro-
averaged precision of 76.74%, a macro-averaged recall of 76.82%, and a macro-averaged F1-score of 76.59%. Random Forest 

demonstrated better performance, achieving an accuracy of 90.83%, a macro-averaged precision of 83.85%, a macro-averaged 

recall of 82.22%, and a macro-averaged F1-score of 82.94%. This study contributes an Educational Data Mining-based 

approach that can assist higher education institutions in evaluating alumni employment suitability and provide a basis for 

formulating policies aimed at improving graduates’ competencies.   
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1. Introduction 

Alumni employment suitability is a strategic indicator 

for assessing the success of higher education institutions 

in producing graduates who are capable of securing 

employment, applying the competencies acquired 

during their studies, adapting to professional 

environments, and consistently maintaining their 

competitiveness across various employment sectors 

amid increasingly dynamic changes in labor market 

demands [1]. Technological advancements, automation, 

and organizational transformation have changed the 

types of skills required by industries. Therefore, 

educational institutions must ensure that graduates’ 

academic competencies, digital skills, communication 

abilities, teamwork, ethics, and self-development 

capabilities remain relevant to actual employment 

demands at the local, national, and global levels [2]. 

Misalignment among curricula, graduates’ 

competencies, and employers’ requirements may 

prolong the job-search period, reduce the alignment 

between graduates’ fields of study and employment, and 

limit alumni career development, particularly during the 

initial transition from higher education to the labor 

market [3]. 

The urgency of assessing employment suitability is also 

associated with the need for higher education 

institutions to obtain objective evidence regarding 

graduates’ transition from education to employment. 

Such evidence can serve as a basis for evaluating 

learning quality, improving curricula, strengthening 

career services, and ensuring relevant, responsive, and 

sustainable institutional accountability to stakeholders 

[4]. Tracer studies provide information concerning 

employment status, job-search duration, company 

characteristics, workplace level, the relationship 

between fields of study and employment, and the 

competencies applied by alumni across various faculties 

and study programs. However, the large volume of data 

and diversity of attributes make important patterns 

difficult to identify through descriptive analysis alone 

[5]. Therefore, Educational Data Mining is required to 

transform alumni data, which initially serve as 

administrative reporting material, into analytical 

knowledge that can assist universities in identifying 

dominant factors, assessing employment suitability 
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levels, and formulating data-driven policies that are 

academically and institutionally accountable [6]. 

Previous research has shown that classification 

techniques can be used to predict job-search duration, 

employment alignment, career success, and graduate 

readiness within a certain period after graduation by 

utilizing academic characteristics, competencies, and 

employment information collected through tracer 

studies [7]. In various evaluations, Decision Tree 

provides interpretable classification rules, whereas 

Random Forest tends to produce more stable and 

consistent predictions because it combines multiple 

decision trees and reduces dependence on a single 

model structure [8]. Nevertheless, the comparative 

performance of these two algorithms may vary 

according to data quality, variable selection, class 

distribution, target construction, data-balancing 

procedures, and parameter configurations. Therefore, 

specific testing using alumni data within a single 

institutional environment is necessary to produce results 

that are more contextual, operational, and relevant to 

institutional policy requirements [9]. 

Decision Tree is a supervised learning algorithm that 

constructs a tree structure by recursively partitioning 

data based on the attributes that most effectively 

distinguish the target classes. Consequently, the 

relationships among employment characteristics, 

alumni competencies, and employment suitability 

categories can be translated into easily interpretable if–

then decision rules [10]. Attribute selection at each node 

is performed using impurity measures such as entropy, 

Information Gain, or the Gini Index. The branching 

process continues until the data reach a certain level of 

homogeneity or satisfy stopping criteria, including 

maximum tree depth, minimum number of samples, and 

maximum number of leaf nodes [11]. The main 

advantages of Decision Tree are model transparency 

and ease of interpretation. However, the algorithm is 

susceptible to overfitting, sensitive to changes in the 

composition of the training data, and may produce 

different structures when the data contain noise or 

inconsistencies [12]. 

Random Forest is an ensemble algorithm that constructs 

multiple Decision Trees using bootstrap samples and 

randomly selected feature subsets. The final 

classification result is then determined through majority 

voting across all constructed trees [13]. The bagging 

mechanism and random feature selection help reduce 

variance, improve prediction stability, capture nonlinear 

interactions, and minimize the risk of overfitting in 

educational datasets containing numerous categorical 

attributes and complex relationships among variables 

[14]. Although Random Forest generally requires 

greater computational resources and offers lower 

interpretability than a single decision tree, feature 

importance values can be used to explain the relative 

contribution of each variable to the classification of 

alumni employment suitability [15]. 

This study applies a quantitative approach within the 

Educational Data Mining framework through the stages 

of data collection, variable analysis, data cleaning, value 

transformation, target label construction, data 

partitioning, model development, testing, and result 

interpretation in accordance with the Knowledge 

Discovery in Databases process [16]. The research 

dataset was obtained from the 2025 Alumni Tracer 

Study of Universitas Negeri Padang and consisted of 

2,831 records. The data were subsequently selected by 

including only alumni with employed status and eleven 

input variables representing employment characteristics 

and graduates’ principal competencies. The 

classification target was divided into four categories: 

Suitable, Moderately Suitable, Less Suitable, and 

Unsuitable. The dataset was then stratified into training 

and testing sets using an 80:20 ratio, while Random 

Over-Sampling was applied only to the training data to 

maintain the objectivity of the evaluation process [17]. 

The performance of the Decision Tree and Random 

Forest models is compared based on accuracy, macro 

precision, macro recall, macro F1-score, and weighted 

F1-score, and confusion matrices. These metrics allow 

the evaluation to assess not only the overall number of 

correct predictions but also the models’ ability to 

proportionally identify each employment suitability 

category [18]. The Decision Tree structure and Random 

Forest feature importance values are analyzed to 

identify the most influential variables, explain class-

formation patterns, and describe the differences 

between the interpretability of a single model and the 

predictive stability of an ensemble model in processing 

alumni data [19]. The comparative results are expected 

to contribute an analytical model that supports the 

evaluation of graduate competencies, the strengthening 

of career development services, curriculum adjustment, 

and the utilization of tracer study data as a basis for 

systematic, measurable, and sustainable decision-

making in higher education institutions [20]. 

2. Methods 

The research framework illustrates a systematic 

sequence of stages used to process tracer study data into 

information regarding alumni employment suitability 

levels. The research process begins with data collection 

and variable analysis, followed by data preprocessing, 

classification model development using the Decision 

Tree and Random Forest algorithms, model evaluation, 

and performance comparison between the two 

algorithms. This framework serves as a guideline to 

ensure that each stage of the research is conducted in a 

structured manner and produces classification models 

that can be evaluated using predetermined performance 

metrics. The detailed research framework is presented 

in Figure 2.1.
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Figure 1. Research Framework

Based on Figure 1, the study began with the collection 

of 2,831 initial records from the 2025 Alumni Tracer 

Study of Universitas Negeri Padang. Variable analysis 

was conducted to identify the attributes associated with 

alumni employment suitability, while the data used for 

model development were limited to alumni with 

employed status. The input variables consisted of 

company type, job-search duration, relationship 

between field of study and employment, workplace 

level, ethics, English proficiency, communication, 

teamwork, self-development, field-specific expertise, 

and information technology utilization. 

The preprocessing stage included handling missing 

values, checking duplicate records, selecting relevant 

variables, examining category consistency, converting 

data types, assigning scores to variables, and 

constructing the target labels. The processed dataset was 

divided into 80% training data and 20% testing data 

using stratified splitting, while Random Over-Sampling 

was applied only to the training data to balance the class 

distribution. The data were subsequently classified 

using Decision Tree and Random Forest, and the 

performance of both models was evaluated using 

accuracy, precision, recall, F1-score, and confusion 

matrices before the results were compared. 

2.1 Preprocessing 

Data preprocessing was conducted to produce clean, 

consistent, and classification-ready data by examining 

missing values, duplicate records, data types, and the 

consistency of categorical entries [21]. In this study, the 

dataset was restricted to alumni with employed status. 

The eleven research variables were then transformed 

into numerical scores and aggregated to construct the 

employment suitability labels. After the labels were 

generated, the dataset was stratified into 80% training 

data and 20% testing data, while Random Over-
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Sampling was applied exclusively to the training data to 

reduce class imbalance [17]. 

The scores of the eleven variables were aggregated to 

obtain the Total Score using the following equation: 

𝑇 = ∑ 𝑋𝑗
11

𝑗=1
             (1) 

The target labels were constructed according to the 

following criteria: 

 

𝑌 = {

Suitable, 100 ≤ 𝑇 ≤ 130
Moderately Suitable, 90 ≤ 𝑇 ≤ 99

Less Suitable, 80 ≤ 𝑇 ≤ 89
Unsuitable, 𝑇 < 80

 

After the target labels were constructed, the dataset was 

stratified into 80% training data and 20% testing data. 

Random Over-Sampling was applied only to the 

training data to balance the class distribution, while the 

testing data retained their original distribution.  

2.2 Decision Tree algorithn 

Decision Tree is a classification algorithm that 

constructs a model in the form of a tree structure 

consisting of a root node, internal nodes, branches, and 

leaf nodes. This algorithm was selected because it can 

transform relationships among variables into relatively 

interpretable if–then decision rules. In this study, 

Decision Tree was used to classify alumni employment 

suitability into four categories: Suitable, Moderately 

Suitable, Less Suitable, and Unsuitable, based on eleven 

input variables. The entropy equation is expressed as 

follows: 

𝐻(𝑆) = − ∑ 𝑝𝑖 lo𝑔2  (𝑝𝑖)
𝑛
𝑖=1              (2) 

where 𝑝𝑖 represents the probability of class (i) in dataset 

(S). After the entropy value is calculated, Information 

Gain (IG) is used to determine the amount of 

information obtained by splitting the data based on 

attribute (A) [22]: 

𝐼𝐺(𝑆, 𝐴) = 𝐻(𝑆) −  ∑
|𝑆𝑣|

|𝑆|𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐴) 𝐻(𝑆𝑣)             (3) 

The Classification and Regression Tree (CART) 

algorithm uses the Gini Index to measure data impurity. 

The equation is expressed as follows: 

𝐺𝑖𝑛𝑖(𝑠) = 1 − ∑ (𝑝𝑖)2𝑐
𝑖=1                (4) 

A lower Gini Index value indicates that the class 

distribution within a node is more homogeneous. 

However, the Decision Tree model employed in this 

study used entropy as the splitting criterion; therefore, 

the primary attribute was selected based on the highest 

Information Gain value. 

The tree-building process was terminated when all 

observations within a node belonged to the same class, 

no attribute produced a better split, the number of 

observations in the node reached the specified minimum 

threshold, or the maximum tree depth was reached. 

Model complexity was controlled through the 

parameters (max_depth), (min_samples_split), 

(min_samples_leaf), (max_leaf_nodes), and 

(ccp_alpha) to reduce the risk of overfitting. Each 

terminal node was subsequently assigned a label based 

on the majority class of the observations contained 

within that node and used as the predicted alumni 

employment suitability category. 

2.3. Random Forest Algorithm 

Random Forest is an ensemble learning algorithm that 

constructs multiple Decision Trees to produce more 

stable classification results than a single decision tree. 

Each tree is developed using randomly selected data 

samples and feature subsets, after which all prediction 

results are combined through a majority voting 

mechanism. In this study, Random Forest was used to 

classify alumni employment suitability into four 

categories: Suitable, Moderately Suitable, Less 

Suitable, and Unsuitable. 

The model-building process begins with bootstrap 

sampling, in which samples are randomly drawn with 

replacement from the training data to form the training 

set for each tree. At each node, the algorithm considers 

only a randomly selected subset of features to determine 

the best split using entropy and Information Gain 

criteria. This process is repeated until the number of 

trees specified by the (n_estimators) parameter is 

reached. 

Each tree generates one class prediction for the 

evaluated observation. The final prediction is 

determined by selecting the class that receives the 

highest number of votes from all trees, as expressed in 

the following equation: 

𝑦̂ = arg max
𝑐∈𝐶

∑ 𝐼𝐵
𝑏=1 (ℎ𝑏(𝑥) = 𝑐)          (5) 

In addition to generating predictions, Random Forest 

provides feature importance values that indicate the 

contribution of each variable to the classification 

process. The model was subsequently tested using the 

same testing dataset as the Decision Tree model and 

evaluated based on accuracy, precision, recall, F1-score, 

and confusion matrix. This multiple-tree approach can 

reduce variance and the risk of overfitting, although its 

interpretation is more complex than that of a single 

Decision Tree. 

3. Results and Discussions  

The results and discussion section reports the research 

findings and explains their meaning and implications 

[11]. As the central part of the paper, this section should 

provide clear answers to the research questions 

formulated in the study [12]. The findings should be 

presented systematically, beginning with the most 

important results and continuing to supporting findings, 
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or arranged chronologically when this structure is more 

appropriate. 

When reporting the results, tables and figures should be 

used to present complex information clearly and 

efficiently. The discussion should identify important 

patterns, trends, and observations, compare the findings 

with previous studies, and provide explanations for 

results that are unexpected or inconsistent. It should also 

describe the theoretical and practical implications of the 

findings, acknowledge the study’s limitations, and 

recommend possible directions for future research. 

3.1 Dataset Tracer Study 

The data set used in this study was obtained from the 

2025 Alumni Tracer Study of Universitas Negeri 

Padang, which was managed by the Career 

Development and Entrepreneurship Unit of Universitas 

Negeri Padang. The initial dataset comprised 2,831 

alumni records. It contained information related to 

alumni employment conditions, including company 

type, job-search duration, the relationship between field 

of study and employment, workplace level, and alumni 

competencies. A sample of the data used in this study is 

presented in Table 1. 

Table 1. Dataset tracer Study 

No. 
Student 

ID 

Job-Search 

Duration 

(Months) 

Company Type Workplace Level 

Relationship Between 

Field of Study and 

Employment 

1 19062018 9 Private Company 
National/Legally Incorporated 

Business 
Moderately Related 

2 21134028 1 

Government Institution 

(including State-Owned 

Enterprises) 

National/Legally Incorporated 

Business 
Closely Related 

3 21037039 5 Private Company 
Local/Regional/Unincorporated 

Business 
Closely Related 

4 21072057 2 

Government Institution 

(including State-Owned 

Enterprises) 

Local/Regional/Unincorporated 

Business 
Very Closely Related 

5 20080034 0 Private Company 
National/Legally Incorporated 

Business 
Closely Related 

Table 1. Dataset tracer Study (Continued) 

Ethics 
Field-Specific 

Expertise 

English 

Proficiency 

Information Technology 

Utilization 
Teamwork 

Self-

Development 
Communication 

High High High High High High High 

High High High High High High High 

Very 

High 
High Moderate High High High High 

Very 

Low 
Very Low Very Low Very Low Very Low Very Low Very Low 

Very 

High 
High High High Very High High High 

Based on Table 1, each row represents an individual 

alumnus, while each column indicates an attribute 

related to alumni employment characteristics and 

competencies. The attributes included in the dataset are 

company type, job-search duration, relationship 

between field of study and employment, workplace 

level, ethics, English proficiency, communication, 

teamwork, self-development, field-specific expertise, 

and information technology utilization. The dataset was 

subsequently used as the primary data source for 

assessing and classifying alumni employment 

suitability. 

3.2 Variable Analysis 

Variable analysis was conducted on the tracer study data 

after the preprocessing stage to ensure that each 

attribute had a consistent format, category, and value. 

The variables used in this study included company type, 

job-search duration, relationship between field of study 

and employment, workplace level, ethics, English 

proficiency, communication, teamwork, self-

development, field-specific expertise, and information 

technology utilization. A sample of the variable analysis 

results after preprocessing is presented in Table 2. 

Table 2. Data Preprocessing Results 

No Nim X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 Target 

1 19062018 9 3 2 3 4 4 4 4 4 4 4 Moderately Suitable 

2 21134028 1 1 2 2 4 4 4 4 4 4 4 Suitable 

3 21037039 5 3 1 2 5 4 3 4 4 4 4 Suitable 

4 21072057 2 1 1 1 1 1 1 1 1 1 1 Unsuitable 

5 20080034 0 3 2 2 5 4 4 4 5 4 4 Suitable 
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Based on Table 2, each variable was adjusted according 

to the category rules and weighting scheme established 

in this study. The values of the eleven variables were 

used to represent the employment characteristics and 

competency levels of each alumnus as the basis for 

assessing employment suitability. The results of the 

variable analysis were subsequently used as input for 

developing classification models through the 

application of the Decision Tree and Random Forest 

algorithms. 

3.3 Decision Tree Classification 

Decision Tree classification was performed by 

constructing a tree structure based on the training data 

prepared in the previous stage. The model progressively 

partitioned the data according to the variables and 

threshold values that most effectively distinguished the 

target classes until terminal nodes were produced. The 

resulting Decision Tree structure developed in this 

study is presented in Figure 2. 

 

Figure 2. Resulting Decision Tree Structure 

Based on Figure 2, each internal node represents the 

variable and threshold value used to partition the data, 

while each branch indicates the corresponding decision 

path. The traversal process begins at the root node and 

proceeds through the appropriate branches until it 

reaches a leaf node representing one of the following 

classes: Suitable, Moderately Suitable, Less Suitable, or 

Unsuitable. The resulting model was subsequently used 

to classify 567 testing records that had not been 

involved in the training process. 

3.4 Random Forest Classification 

Random Forest classification was performed through 

the construction of multiple decision trees using the 

training data processed in the previous stage. Each tree 

was developed from a different data sample through 

bootstrapping and random feature selection, thereby 

providing the model with more stable classification 

performance. The resulting Tree 1 of the Random Forest 

model developed in this study is presented in Figure 3. 

 

Figure 3. Resulting Tree 1 of the Random Forest Model 
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Based on Figure 3, Tree 1 represents one of the decision 

tree structures constructed within the Random Forest 

model to classify alumni data into the Suitable, 

Moderately Suitable, Less Suitable, and Unsuitable 

categories. Each node in the tree represents a splitting 

variable, while each branch indicates the decision path 

leading to a leaf node as the classification outcome. This 

tree is one of multiple trees employed in the Random 

Forest model; therefore, the model’s final prediction is 

determined through majority voting across all 

constructed trees. 

3.5 Evaluation 

The evaluation was conducted on 567 testing records to 

measure the performance of the Decision Tree and 

Random Forest algorithms. The evaluation employed a 

confusion matrix to compare the actual classes with the 

predicted classes. The Decision Tree confusion matrix 

results are presented in Figure 4. 

 

figure 4. Confusion Matrix Decision tree 

Based on Figure 4, the diagonal values represent correct 

predictions, while the off-diagonal values indicate 

classification errors. The Decision Tree algorithm 

achieved an accuracy of 83.42%. The Random Forest 

confusion matrix results are presented in Figure 5. 

 

Figure 5. Confusion Matrix Random Forest 

Based on Figure 5, Random Forest generated a greater 

number of correct predictions and achieved an accuracy 

of 90.83%. The performance of both algorithms was 

subsequently compared using accuracy, macro-

averaged precision, macro-averaged recall, macro-

averaged F1-score, and weighted F1-score. The 

evaluation results of both algorithms were subsequently 

compared using multiple evaluation measures, as 

presented in Table 3. 

Table 3. Algorithm Comparison Results 

 Model 
Accuracy 

(%) 

Precision 

Macro (%) 

Recall 

Macro (%) 

F1-Score 

Macro (%) 

F1-Score Weighted 

(%) 

0 
Decision 

Tree 
83.42 76.74 76.82 76.59 83.64 

1 
Random 

Forest 
90.83 83.85 82.22 82.94 90.89 

 

Based on Table 3, Random Forest obtained higher 

scores than Decision Tree on all performance measures. 

The accuracy difference between the two algorithms 

was 7.41 percentage points, indicating that the use of 

multiple trees and a majority voting mechanism 

improved classification performance. Therefore, 

Random Forest demonstrated better performance in 

classifying alumni employment suitability. 

4. Conclusions 

This study successfully integrated the Educational Data 

Mining approach with the Decision Tree and Random 

Forest models for classify alumni employment 

suitability into four categories: Suitable, Moderately 

Suitable, Less Suitable, and Unsuitable. The objective 

of comparing the performance of the two algorithms 

was achieved through testing on 567 testing records 

Model performance was evaluated using accuracy, 

precision, recall, F1-score, and confusion matrices. The 

findings indicated that Random Forest achieved an 

accuracy of 90.83%, which was higher than the 83.42% 

accuracy obtained by Decision Tree, with a difference 

of 7.41 percentage points. This study contributes a 

tracer study data-driven analytical model that can be 

used to assess alumni employment suitability in a 

systematic and measurable manner. The classification 

results and information regarding influential variables 

can assist higher education institutions in evaluating 

graduates’ competencies and their alignment with labor 

market requirements. The developed model can also 

support career service development, alumni 

competency enhancement, and continuous curriculum 

improvement. 
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