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Abstract 

This study aimed to examine and validate the consistency 
and predictive patterns of human-led undergraduate 
admissions decisions through the application of machine 
learning models. Unlike traditional holistic evaluation 
processes conducted by human assessors, this study 
compared five machine learning algorithms − Gradient 
Boosting, Random Forest, Support Vector Machine, Logistic 
Regression, and XGBoost − to identify the most accurate 
prediction model. The analysis utilized a dataset of 1,554 
application records from the 2024 application cycle. To 
further improve prediction accuracy, Latent Dirichlet 
Allocation (LDA) was utilized to extract relevant features 
from unstructured textual data. The findings revealed that 
the XGBoost model performed best in predicting admission 
outcomes. This result is attributed to the learning 
mechanisms of tree-based ensemble models, which is 
capable of capturing the complex interactions between non-
linear score patterns and various others variables. Major 
factors influencing admission decisions encompassed 
interview scores, type of application, and document 
evaluation scores, highlighting their significance in the 
selection process and validating the effectiveness of the 
XGBoost as a supportive tool. These findings not only 
provide practical recommendations for improving prediction 
accuracy but also inform future research directions in data-
driven strategies for high-stakes educational assessment. 
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Introduction 

As Korea has experienced a sharp decline in birth rates, the number of students enrolling in 
higher education institutions (HEIs) has also dramatically decreased yearly (Anderson & 
Kohler, 2013; Ma, 2016; Yoo & Sobotka, 2018). This demographic crisis is likely to cause 
financial instability for universities and widen educational disparities between rural and 
urban areas. In this educational context, it is crucial for universities to attract potential 
applicants and support their successful academic progression to ensure institutional 
stability. High dropout rates and low graduation rates further emphasize the importance of 
ensuring that admission decisions are consistent and well-aligned with  each institution’s 
educational goals and expectations (Zafra & Ventura, 2009). Moreover, intensified 
competition among universities has increased the need for transparent and systematic 
admissions decision-making processes to maintain institutional stability (Romero & Ventura, 
2007; Jia & Mareboyana, 2013; Yadav et al., 2012).  

To address these issues, HEIs must implement rigorous admission standards that 
assess the academic compatibility between students and institutions (Kotsiantis, 2012). 
Furthermore, to reduce educational disparities, universities should adopt admission criteria 
that reliably predict students’ future academic success, confirming fair access to higher 
education (Geiser & Santelices, 2007). Recent advances in technology suggest that machine 
learning models can serve as a supportive tool to validate complex decision patterns 
involved in undergraduate admissions decision-making processes, ultimately optimizing 
decision-making and improving educational outcomes.  

Over the past few years, HEIs in Korea have embraced internal selection methods with 
distinct admission requirements (Kim & Kim, 2024). Despite these efforts, many universities 
continue to struggle with assigning available spots for first-year students. Applicants often 
favor programs considered prestigious or superior, leading to difficulty in filling quotas (Zafra 
& Ventura, 2009). Although researchers have investigated the efficiency of several markers 
of student preparation, there is no consensus among HEIs regarding the most effective 
admission criteria (Geiser & Santelices, 2007). Moreover, traditional admission processes 
often fail to fully capture applicants’ potentials, sometimes reinforcing systemic biases. The 
challenges of predicting student admission success persist due to differing opinions on 
which indicators should be prioritized as admission criteria (Romero & Ventura, 2007). 
Consequently, HEIs face increasingly complex admission and registration issues, particularly 
in managing large-scale datasets (Nghe et al., 2007). To tackle these challenges, developing 
and empirically testing a comprehensive predictive model is necessary to examine and 
validate current admissions decision-making processes. 

Well-designed admission criteria can increase successful enrollments by matching 
students with programs that fit their skills, thereby reducing dropout risks and improving 
degree completion rates (Lakkaraju et al., 2015). Machine learning and data mining should 
be considered as useful tools to reflect students’ needs, minimize academic failure and 
achieve academic goals, as highlighted by Romero and Ventura (2007). Data mining 
algorithms can uncover hidden patterns in large datasets, which can lead to improvements 
in both student outcomes and the reputation of HEIs (Lakkaraju et al., 2015). Predictive 
machine learning models analyze data to identify trends and make informed predictions 
about future outcomes (Lantz, 2019). 
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Existing research has extensively explored the effectiveness of data mining and 
machine learning applications in HEIs (Lantz, 2019; Lakkaraju et al., 2015; Romero & 
Ventura, 2007). However, few studies have examined how these tools are applied to 
examine and validate the undergraduate admissions decisions in South Korea’s unique 
educational context, where demographic shifts and societal expectations place increasing 
pressure on HEIs (i.e., Jo, 2018; Kim, 2024; Kim & Kim, 2024). Therefore, this current study 
aimed to examine whether machine learning models can effectively analyze and replicate 
decision patterns in holistic undergraduate admissions, and to identify the key factors 
influencing admission decision-making. Specifically, this study focused on following research 
questions:  

1. Which machine learning model, among Gradient Boosting, Random Forest, Support 
Vector Machine (SVM), Logistic Regression, and XGBoost, most effectively captures 
and replicates admission decision patterns? 

2. What are the key factors influencing admission decisions? 

Literature Review 

Artificial Intelligence (AI) and Machine Learning (ML) 
Technologies powered by artificial intelligence (AI), including data mining or ML, are 
increasingly utilized at universities for a variety of academic analyses. These educational 
technologies serve multiple purposes, such as predicting admission outcomes and student 
performance, as well as identifying at-risk students. For example, Ekowo and Palmer (2016) 
demonstrated the potential of AI-driven analytics in improving admission decisions and 
student support systems. They concluded that AI technologies could predict admission 
outcomes and students’ academic performance with high accuracy.   

Data mining refers to the process of extracting valuable insights from large datasets 
(Hussain et al., 2019; Taub & Azevedo, 2018). Dataset have accumulated over time within a 
institutional system, containing latent information which can be extracted to support 
evidence-based decision-making. In the educational context, educational data mining 
uniquely focuses on analyzing institutional data to identify learning challenges and academic 
performance trends among learners (Al-Alawi et al., 2023; Bucos & Drăgulescu, 2018), thus 
supporting data-driven decision-making (Baker et al., 2009; Bharara et al., 2018; Tair & El-
Halees, 2012). As one of the key technologies in this area, Latent Dirichlet Allocation (LDA) 
− a widely used probabilistic topic modeling approach − is often applied to efficiently create 
and fit topic models to large e-learning corpus, enabling the analysis of huge amounts of 
textual data (Blei et al., 2003; Blei & Lafferty, 2007; Hussain et al., 2019). LDA was employed 
in this study due to institutional constraint regarding labeled training data and the need for 
interpretable topic structure to facilitate subsequent administrative reporting. 

ML, on the other hand, involves the development of algorithms which enables 
computers to learn patterns from data with minimal explicit rule-based programming, hence 
enhancing machine intelligence while maintaining human oversight (Arora, 2024). ML has 
been extensively applied in HEIs to enhance various academic and administrative processes. 
These applications include estimating students’ academic performance, evaluate learning 
practices, and increase administrative efficiency (Al-Alawi et al., 2023; Altabrawee et al., 
2019; Rastrollo-Guerrero et al., 2020). Specifically, ML has been utilized to examine 
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academic performance and student achievement (Altabrawee et al., 2019; Fernandes et al. 
2019; Rastrollo-Guerrero et al., 2020), predict dropout and graduation potential (Ahuja & 
Kankane, 2017), evaluate learning processes (Khan et al., 2020), and identify learning risks 
by analyzing students’ textual feedback (Ibrahim, 2023). Although ML and data mining share 
similarities, their objectives differ: ML focuses on instructing machines to learn from defined 
parameters while data mining seeks to identify patterns or rules within large datasets (Arora, 
2024).  In summary, data mining and ML provide a methodological foundation for analyzing 
how complex institutional decisions are structured and for validating whether such decision 
patterns can be reliably replicated through data-driven models.  

Comparison of ML Model Performance  
This study focused on ML techniques to enhance prediction accuracy in the holistic 
undergraduate admissions review process. Specifically, the study evaluated models such as 
Gradient Boosting, Random Forest, Support Vector Machine (SVM), Logistic Regression, and 
XGBoost. These models’ performance varies depending on data characteristics, selected 
factors, and evaluation criteria. Among these, XGBoost has emerged as one of the top-
performing models for admission prediction tasks, particularly for complex datasets with 
high dimensionality (Chen & Guestrin, 2016). By handling non-linear relationships and 
interaction effects, XGBoost is particularly suitable for capturing the multi-dimensional 
criteria present in the holistic undergraduate admissions processes (Breiman, 2001; Hastie 
et al., 2009). However, its computational complexity may pose challenges for large datasets.  
Random Forest, an ensemble method known for interpretability and accuracy, often 
provides more accessible feature importance metrics than boosting algorithms. While it 
excels at managing structured data and features such as academic performance, interviews, 
or extracurricular activities, and efficiently handles overfitting, Random Forest may not 
perform as well as XGBoost in high-dimensional or complex datasets.   

Logistic Regression is widely used as a baseline model due to its simplicity and 
interpretability, but it often fails to capture the complex, non-linear relationships common 
in holistic admissions data (Hosmer et al., 2013). Gradient Boosting, like XGBoost, delivers 
high accuracy and is effective in reducing bias and variance, particularly with balanced 
datasets. However, it can be less efficient on very large or high-dimensional data. Support 
Vector Machine (SVM) performs well when margins are clear and noise is minimal, but its 
effectiveness decreases in noisy, multi-dimensional admissions datasets compared to 
ensemble methods such as XGBoost or Random Forest (Obsie & Adem, 2018; Smola & 
Schölkopf, 2004). Because holistic undergraduate admissions involve nonlinear and 
interactive evaluation structures, comparing different ML models is essential to determine 
which approach most effectively captures these underlying decision patterns. 

Previous Studies on ML Model Performance  
Prior studies have shown that ML models effectively predict student enrollment success in 
university admissions (Alghamdi et al., 2020; Maulana et al., 2023; Mengash, 2020; 
Raghavendran et al., 2021; Walid et al., 2022;). For instance, Wu et al. (2023) proposed a 
method for admission committees to identify and select suitable applicants. Using a logistic 
regression analysis and publicly available datasets, they evaluated model performance 
through a confusion matrix, comparing predicted and actual data. Their analysis achieved 
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an 80% correlation between predicted and actual admission outcomes. The authors 
concluded that their approach could improve enrollment strategies by enabling more 
accurate applicant selection. Maulana et al. (2023) explored ML algorithms to address the 
limitations and systematic biases of conventional admission policies. They compared several 
ML models such as K-Nearest Neighbors, Random Forest, SVM, and XGBoost. Random Forest 
demonstrated the highest performance in terms of accuracy, consistency, and reliability. 
Notably, cumulative GPA emerged as the most influential predictor, with a feature 
importance score of 0.80, emphasizing the key role of academic performance in admissions. 
These results highlighted the potential of Random Forest in optimizing the admission 
decisions.  

Similarly, Walid et al. (2022) examined six ML models using a realistic dataset and 
evaluated performance metrics including the Area Under the Curve (AUC), Precision, Recall, 
and F-Measure. They demonstrated the scalability of ML methods for international student 
admissions by utilizing diverse and multifaceted datasets. Their findings revealed that 
combining the Support Vector Machine (SVM) model with advanced resampling techniques, 
such as borderline SVM-based SMOTE, improved prediction accuracy by effectively handling 
imbalanced datasets. 

Mengash (2020) demonstrated how ML algorithms and data mining techniques 
predicted applicants’ academic success prior to admission. Using data from 2,039 students 
enrolled in a university between 2016 and 2019, the study found that Artificial Neural 
Networks (ANN) achieved a 79.22% accuracy rate in predicting academic performance. The 
study also identified the Scholastic Achievement Admission Test (SAAT) as the most reliable 
predictor of academic success, recommending its use in admission criteria. The study 
validated the effectiveness of prediction modeling in HEIs, suggesting that admission 
committees could use these models to optimize the allocation of limited institutional 
resources. In a similar context, Alghamdi et al. (2020) compared Linear Regression, Decision 
Tree, and Logistic Regression models to determine the most effective model for predicting 
graduate admission. The finding revealed that Logistic Regression demonstrated the highest 
precision, with the lowest error rate (7.2%). 

Alyahyan and Düştegör (2020) conducted a comprehensive review of factors 
influencing academic success in universities, including academic and non-academic variables 
into predictive models. Their findings showed that ensemble models outperformed the 
conventional statistical methods. They also confirmed that cognitive factors, such as high 
school GPA and standardized test results, along with non-cognitive factors, such as 
motivation, were identified as key determinants of academic success. In a similar vein, Yağcı 
(2022) applied several algorithms, including Random Forests, K-Nearest Neighbors, Logistic 
Regression, SVM, and Naïve Bayes to predict students’ final grades. Using data from 1,854 
students at a university in Türkiye, their model achieved 70-75% accuracy, emphasizing the 
importance of data-driven approaches for early identification of at-risk students and timely 
interventions. 

Despite these successes, challenges still persist in using ML models for admission 
decisions including model overfitting issues, and classification bias. Advanced models, such 
as Random Forest and Neural Networks, particularly prone to overfitting, while fluctuations 
in traditional admission records can cause classification bias. These challenges highlight the 
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need for more generalized evaluation criteria and multidisciplinary datasets to enhance 
model validity and reliability. Namoun and Alshanqiti (2020) noted that previous studies 
often relied on limited datasets from specific universities, which reduced generalizability of 
findings, though ML models demonstrated great potential for predicting university 
admissions and evaluate students’ academic performance. Although research on model 
performance has been steadily accumulating, the application of these models to analyze and 
validate admission decision patterns within Korean university admissions remains limited. 
To address this gap, this study aims to examine and validate admission decisions using 
diverse datasets and various ML models. Our ultimate goal is to develop robust, replicable 
predictive models that offer practical insights for improving university admissions processes 
and policies. Rather than proposing that automated decision-making should replace the 
human evaluation, this study positions ML as a supportive tool designed to complement 
human-led holistic review admissions. 

Research Methodology 

Dataset  
This study analyzed data collected from applicants for the 2024 academic year as part of the 
holistic undergraduate admissions review process at a regional university in Jeollanam-do, 
South Korea. The dataset was anonymized prior to analysis, and the study received approval 
from the Institutional Review Board (IRB) at the authors’ institution.   

A total of 1,554 student records were used in the final dataset. A total of 30 attributes 
extracted from application materials were used as the major inputs for the analysis, as 
shown in Table 1. These variables were categorized into two types of data: Structured data 
(binary, categorical, and numerical) and unstructured data (textual data including teacher 
comment or narrative records). The unstructured textual data were preprocessed and 
analyzed using Latent Dirichlet Allocation (LDA), a topic modeling method. Specifically, the 
variables include such as age, gender, type of high school, school size, residence area, 
academic major, the aggregate academic records, teachers’ comprehensive evaluation 
comments (including academic activity, extracurricular activity, overall behavioral 
characteristics), a set of documentation evaluation scores across four areas  (i.e., academic 
competence, major fit, potential for development, and community competence), along with 
a set of interview scores.  
 
Table 1. 
List of Features Used in Analysis 

Category Type Details 

Structured 
Data 

Binary · Eligibility Status 
· Acceptance Status 

Categorical · Application type 
  Applied College  
· Academic track 
· Recruitment Unit 
· Gender 

· Province 
· City/district 
· High School Name 
· High School Type  

Numerical · Number of Classes  
· Number of Students 
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· Converted Academic Scores  
· Document Evaluation: Total average scores, Academic Competency, Major 

Suitability, Potential for Development, Community Competency 
 Interview Evaluation: Total Average, Academic Competency, Major Suitability, 

Potential for Development Average, Community Competency 

Unstructured 
Data 

Textual · Creative Experiential Activity Record: Autonomous Activities, Club Activities, 
Career Activities 

· Behavior Characteristics and Comprehensive Opinion   
· Subject-Specific Details: General Subjects, Arts and Physical Education Subjects 

 
The initial stage for admissions process involves reviewing and evaluating all submitted 

application materials. In the second stage, applicants who pass the initial review are invited 
for an interview. The final decision on acceptance or rejection is made by the admissions 
committee, based on the combined scores from both stages (Bornmann et al., 2006; Young 
et al., 2022).  

Preprocessing Pipeline for LDA Topic Modeling of Unstructured Data   
In this study, unstructured data consisted of teachers’ comments and narrative descriptions 
of academic and extracurricular activities (e.g., academic/extracurricular activity, overall 
behavioral characteristics). To convert unstructured texts into analyzable data, the 
preprocessing stages consisted of the following steps:  
 

a. Text consolidation: Various types of textual data, originally distributed across 
multiple columns, were consolidated into a single text corpus per applicant to ensure 
consistency in the downstream analysis (Siino et al., 2024). 

b. Lowercasing and punctuation removal: The consolidated texts were converted to 
lowercase, and extraneous elements such as special characters and numbers were 
removed to prepare the data for further analysis (Wang et al., 2019). 

c. Stopword removal: A custom stopword list (including both Korean and English 
stopwords such as “and,” “but,” etc.) was created to filter out commonly used words 
that add little analytical value. This is a standard noise-reducing step in text 
preprocessing (Bird et al., 2009; Kaur & Buttar, 2018; Pradana & Hayaty, 2019). 

d. Stemming: Stemming was applied to standardize different word forms by reducing 
them to their root. For instance, terms like “participate,” “participating,” and 
“participated” were all converted to “participate,” which helps to maintain 
consistency in the analysis (Ibrahim, 2023; Singh & Gupta, 2017). 

e. Tokenization: The processed texts were tokenized into individual terms prior to 
vectorization.  

 
Following preprocessing, a bag-of-words representation using count vectorization was 

constructed to create the document-term matrix required for LDA modeling. Count 
vectorization calculates word frequencies within each document and creates structured 
representations suitable for topic modeling (Yang et al., 2022). Latent Dirichlet Allocation 
(LDA) was implemented using the Gensim library with the following parameters: number of 
topics = 5, Alpha = symmetric, Eta = symmetric, iterations = 1,000, random_state = 42 (Baker 
& Yacef, 2009; Blei et al., 2003; Prihatini et al, 2018). Topic coherence scores were computed 
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to validate the optimal number of topics, ensuring that each extracted topic was meaningful 
and interpretable. 

For each applicant, the probability distributions across the five topics were extracted 
from the LDA output and used as continuous input features in the predictive models 
(Prihatini et al., 2018). In Table 2, these topics included Overall Academic Achievement, 
Extracurricular Activities and Leadership, Performance-based Academic Activity, and 
Content-based Academic Activity, and Miscellaneous Factors such as Communicative 
Competence in English. 
 
Table 2. 
The Result of the Top 5 Topic Extraction Using LDA 

Topic Topic Classification Top Keywords 

Topic 1 
Overall Academic Achievement 

(GPA) 
Present, Understanding, Being, Appearance, Time, 

Explain, In Class, Participate 

Topic 2 
Extracurricular Activities and 

Leadership 
In Activity, Content, Career Path, Together, Role, Become 

Aware, Participate 

Topic 3 
Performance-based Academic 

Activity 
 Music, Participation, Musical, Understanding, Opinion, 

Work, Composer, In Work, Activity, Actively 

Topic 4 Content-based Academic Activity 
 Presentation, In Class, Social, World, Economy, 

Exploration, Small, Opinion, Family 

Topic 5 
Communicative Competence in 

English 
English, Utilize, Have, Work, Literature, Effort, As a 

Student, Ability 

 

These topic probability features were concatenated with structured variables and 
used as a model input (Bujang et al., 2021; Chen & Guestrin, 2016; Mengash, 2020)   

Evaluation Metrics 
Model performance was evaluated using accuracy, precision, recall, F1-scores, and AUC 
scores (Bowers & Zhou, 2019). Accuracy was calculated as (TN + TP) / (FN + TN + TP + FP).  
Precision and recall were calculated as TP / (TP + FP)  and TP / (TP + FN), respectively.  Two 
additional evaluation metrics are the F1 score and AUC (Area Under the Curve) score. The 
F1 score, calculated as the harmonic mean of precision and recall, provides a balanced 
evaluation when there is a trade-off between these two metrics (Chicco & Juman, 2020).  
The AUC score, derived from the Receiver Operating Characteristic (ROC) curve, measures 
the model’s ability to discriminate between different classes. A higher AUC score indicates 
better overall performance in identifying true positives while minimizing false positives.   

Model Training  
In this study, five ML models ‒ Gradient Boosting, Random Forest, XGBoost, Logistic 
Regression, and Support Vector Machine (SVM) ‒ were selected to predict admission 
outcomes, implemented using the scikit-learn library for both training and evaluation. The 
dataset was divided into training and test sets using an 80:20 split (1,243 samples for training 
and 311 for testing), using stratified random sampling to preserve the class distribution of 
admitted and non-admitted applicants in both sets. The random state was fixed as 42 for 
reproducibility. Model performance was evaluated on the test set using predefined metrics. 
Prior to testing, five-fold stratified cross-validation with grid search was performed on the 
training set to conduct systematic hyperparameter tuning for each algorithm.  
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Data Analysis Procedure 
Figure 1 below illustrates the overall data analysis procedure combining both structured and 
unstructured data. Unstructured data, including teacher comments, were preprocessed and 
underwent LDA topic modeling. The resulting topic features were then integrated with the 
preprocessed structured data to construct the final feature set for model training. The target 
variable was “Acceptance status” (binary: admitted=1, not admitted=0). This variable was 
excluded from input features in order to prevent data leakage. Prior to model training, the 
class distribution was examined and found that the numbers of admitted and non-admitted 
applicants were fairly balanced. As the data was relatively balanced, no resampling methods 
were applied. Missing values accounted for less than 3% of the dataset, and were imputed 
using the mean for numerical features and the mode for categorical features.   
 

 
Figure 1. Data Analysis Procedure 

 
Results & Discussions 

Predictive Accuracy of ML Models  
Table 3 summarizes the performance results of the five ML models focusing on their 
effectiveness.   
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Table 3. 
Performance Comparison for the ML Models 

Model Accuracy Precision Recall F1-score AUC 

Gradient Boosting 0.865 0.869 0.865 0.865 0.95 

Random Forest 0.850 0.807 0.805 0.806 0.91 

XGBoost 0.871 0.876 0.871 0.872 0.95 

Logistic Regression 0.865 0.871 0.865 0.865 0.95 

SVM 0.571 0.326 0.571 0.415 0.86 

 
As presented in Table 3, XGBoost achieved the highest accuracy at 87.1%, followed by 

Logistic Regression and Gradient Boosting at 86.5%, Random Forest at 85.5%, and SVM at 
57.1%.  In addition to accuracy, XGBoost also demonstrated the highest precision (87.6%), 
recall (87.1%), and F1 score (87.2 %), indicating stable performance across multiple 
evaluation metrics. Similarly, AUC values for all models exceeded 0.85, with XGBoost and 
Gradient Boosting obtaining the highest AUC score (0.95), suggesting strong discriminative 
ability between admitted and non-admitted applicants. Figure 2 provides a visual 
comparison of model accuracy.  

 

 
Figure 2. Model Accuracy Comparison 

 
Tree-based ensemble models such as Random Forest, Gradient Boosting, and 

XGBoost, which evaluate the importance of each feature in the model’s predictions, are 
particularly effective in capturing non-linear relationships within datasets. In contrast, linear 
models such as Logistic Regression and the SVM when used with the specific kernel or 
parameter settings adopted in this study, performed relatively poorly in capturing the non-
linear relationships present in features derived from unstructured data. 
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Figure 3. Confusion Matrix of XGBoost Model 

Due to its outstanding performance among all evaluation metrics, XGBoost was 
selected for subsequent analysis. Figure 3 displays the confusion matrix for the XGBoost 
model, with a focus on its performance in predicting admission outcomes. The results are 
expressed as percentages. The model accurately predicted 90.0 % of students who were 
admitted (true positive) and 85.0 % of students who were not admitted (true negative). 
However, it also misclassified 15.0 % of students who were not admitted, predicting them 
as admitted (false positive), and 10.0 % of admitted students as not admitted (false 
negative). These results indicate that, despite the model’s high overall predictive accuracy, 
classification errors persist, particularly in distinguishing borderline cases. 
 

 
Figure 4. AUC Score Comparison 

Figure 4 shows that all models achieved an AUC value greater than 0.85. This indicates 
strong performance in distinguishing between admitted and non-admitted applicants. Both 
XGBoost and Gradient Boosting achieved an AUC score of 0.95, consistent with prior 
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research that highlights the high AUC scores obtained by tree-based models in educational 
datasets (Deist et al., 2018; Ling et al., 2003; Ojajuni et al., 2021; Sahin, 2020; Walid et al., 
2022).  

Interpretation of Model Performance  
The strong performance of XGBoost, Gradient Boosting, and Random Forest can be 
attributed to their tree-based ensemble models, which are capable of modeling nonlinear 
relationships and complex interactions among features. On the contrary, Logistic Regression 
relies on linear decision boundaries, which limits its effectiveness when dealing with topic-
derived textual features that often demonstrate more complex patterns. Although SVM can 
capture non-linear patterns through the appropriate choice of kernel function, its lower 
performance in this study suggests that the data representation used here was not ideal for 
this method. 

Influencing Factors in the Decision-Making Process 
Feature importance analysis using XGBoost, which demonstrated superior predictive 
performance, was conducted to identify the five most influential variables among the thirty 
input features. These selected variables were further examined to assess their specific 
impact on admission decisions. Figure 5 illustrates the relative importance score of the top 
five features.  
 

 
Figure 5. Top 5 Features Influencing Admission Decisions 

 
Among these features, ‘Interview Evaluation: Total Score,’ emerged as the most 

influential variable, suggesting that  interview-based evaluations play a substantial role in 
final admission decisions (Bastedo et al., 2018; Hossler et al., 2019). ‘Application Type: 
General Student Admission’ was also found to be a significant feature, indicating that the 
type of admission application may affect the decision-making process, likely because 
evaluation criteria differ among various  application channels. Next, ‘Document Evaluation: 
Total Score’ underscores the role of academic and extracurricular achievements. This finding 
is supported by Hossler et al. (2019) research on comprehensive evaluations in the holistic 
admissions review process. Furthermore, ‘Interview Evaluation: Academic Competency’ 
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reflects applicants’ readiness for the academic challenges of university life, while ‘Interview 
Evaluation: Major Suitability’ highlights aligning applicants’ profiles and interests with their 
intended field of study, ultimately supporting improved long-term academic outcomes. 
Overall, the findings demonstrate that both academic performance in document-based 
evaluations and interview-based assessments (competency and suitability, in particular) 
influence holistic admission decisions. 

Conclusion 

This study applied various ML models to predict university admission outcomes. The analysis 
found that tree-based ML models generally demonstrated higher predictive power than 
traditional statistical models, which suggests that these models can effectively capture 
nonlinear relationships in the admission context where complex academic achievement 
indicators and background variables interact (Alghamdi et al., 2020; Xu, 2024). 

Notably, the integration of Latent Dirichlet Allocation (LDA) with ML models enabled 
the inclusion of unstructured data into the analysis process. This approach facilitated the 
identification of non-academic factors such as field-specific interests and extracurricular 
activities alongside academic records (e.g., GPA) as significant contributors to admission 
decisions (Mengash, 2020). This study demonstrated that combining unstructured data 
enables the discovery of latent patterns that conventional methods might overlook. This 
finding highlights the importance of non-academic factors in admission decision-making, 
which aligns with the foundational rationale of the holistic undergraduate admissions review 
process.  

The results of the study have several implications for HEIs. First, ensemble methods 
like XGBoost and Random Forest demonstrated superior predictive performance for 
admission outcomes. By employing advanced predictive models, HEIs can support admission 
evaluation processes while streamlining committee workflows. This extension beyond 
conventional variables addresses a critical gap in prior studies. 

To maximize the impact of the study’s findings, HEIs may consider applying these 
models as decision-support tools in real-world admission processes. For example, the 
admissions office could integrate factors such as interview scores and extracurricular 
activities into systematic evaluation tools, enabling a more comprehensive and focused 
review of shortlisted applicants. HEIs with limited evaluation resources may consider 
adopting AI-driven technologies to support evidence-based decision-making. Beyond 
enrollment accuracy, these models may support procedural consistency (Chen & Guestrin, 
2016; Posselt, 2016). 

However, this study makes it clear that improved predictive performance does not 
immediately justify fully automated admission decisions. Analyzing variable importance and 
interpretability helps to understand the relationships between the internal structure of 
models and the factors contributing to predictions, but this analysis is not intended to 
mechanically replace individual applicant judgments. 

At the same time, this study acknowledges several limitations. First, the dataset used 
in this study was derived from a single regional university in South Korea, which may limit 
the generalizability of the findings to institutions with more diverse demographics and 
academic contexts. Second, external factors such as applicants’ socioeconomic status or 
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geographic location, which might influence admission outcomes, were not considered in this 
study. Lastly, the complexity of advanced ML models could also pose challenges for HEIs, 
particularly those lacking sufficient technical expertise required for their implementation. 

These limitations present opportunities for future research. For example, real-time 
data updates and adaptive learning mechanisms in ML models could improve their 
responsiveness to changes in institutional priorities or applicant pools. Conducting 
longitudinal studies on student success after admission would provide deeper insights into 
consequential validity and effectiveness of these predictive models. Refining predictive 
models in this manner would enhance their applicability to dynamic educational 
environments. However, ethical safeguards and institutional accountability must remain 
central to the implementation of these advanced technologies. 
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