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Student academic performance has been continuously examined 
by theorists and practitioners worldwide. Yet, the academic 
performance of freshmen as newcomers who often face challenges 
and need assistance has gained little attention from theorists and 
practitioners.�This� pilot� study�uncovers� key� factors� inÀuencing� the�
academic performance of freshmen at a technical and vocational 
university in Taiwan. Using predictive analytics, this study explored 
how data-driven methods can enhance students’ performance. The 
analysis utilized the recursive feature elimination (RFE) method for 
feature selection using two AI-driven models of a Neural Network 
and a Decision Tree. The research sample included 1,928 freshmen 
from a technical and vocational university in Taiwan. The input 
factor dimensions comprised demographic, socio-economic, and 
family background variables. The output factor was the grade point 
average� for� the� 򟿿rst� term� of� the� academic� year� 2020/2021.� The�
results showed that among the tested models, the Decision Tree 
surpassed the Neural Network with an accuracy, precision, recall, 
and F1 of 86.0% (D1) and of approximately 90.0% (D2); and an 
ROC-AUC of 86% (D1) and 87% (D2). The three factors-students’ 
fathers’ careers, major, and the average monthly income of students’ 
parents-had�the�highest�positive�and�signi򟿿cant�impact�on�freshmen’s�
academic performance. This work provided AI-driven models serving 
as an early warning system and identify the strongest predictors 
of academic performance among freshmen. It is expected to assist 
educational policymakers in developing proactive measures to 
increase the number of excellent students and to reduce the number 
of underperforming/at-risk students at early stages.
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1. INTRODUCTION

Students’ academic performance plays a vital role in the quality of education (Alhazmi & 
Sheneamer, 2023). A high proportion of both outstanding and underperforming students has a crucial 
impact�on�universities’� reputations,�public� image,�and�¿nancial� implications�for�governments.�It� also�
signi¿cantly�a󯿿ects�students’�motivation�and�shapes�the�design�and�delivery�of�university�courses�(Bai�
et�al.,�2021).�Even�though�universities�have�continuously�o󯿿ered�a�variety�of�support�measures,�such�
as academic supplements and grants, these methods may be inappropriate in terms of timing and may 
not be well prepared to reduce the ratio of withdrawals/at-risk students and to increase the number of 
high-performing students. Consequently, university policy makers have expressed a strong demand for 
early performance prediction measures (López-Zambrano et al., 2021) to help increase the number of 
outstanding students and reduce the number of underperforming students during the early stages of 
study,�before� students�reach� the�¿nal� semester.�They�have�also�placed�high�expectations�on�an�early�
warning�system�to�identify�inÀuential�factors�associated�with�high-�and�low-achievers�before�the�start�
of�the�¿rst�academic�term�in�order�to�predict�students’�learning�trends,�plan�accordingly,�and�implement�
timely incentives and preventive measures.

An�early�warning�system�alone�is�not�enough�to�e󯿿ectively�enhance�students’�academic�performance,�
since�understanding�the�inÀuential�factors�a󯿿ecting�students’�academic�performance�at�the�early�stage�of�
their educational process is complex (Alhazmi & Sheneamer, 2023). To better foster students’ academic 
performance at the early stages, the academic performance, especially outstanding and underperforming 
performance,��among�freshmen,�should�receive�greater�attention,�as�achievement�in�the�¿rst�year�plays�
a crucial role in shaping students’ attitudes and performance in subsequent academic years (Martins 
et al., 2021). Additionally, freshmen as newcomers frequently need more assistance because they face 
a�variety�of�challenges�during�their�transition�to�university�life�(Meehan�&�Howells,�2018),�including�
high�school-university�transition�(Mulaudzi,�2023),�university�expectations-reality�mismatch�(Zaťková�
et al., 2025), low academic achievement (Rodríguez et al., 2017), adaptation to an independent learning 
environment�(Cameron�&�Rideout,�2022),�and�economic�di൶culties�(Brooker�et�al.,�2017).�First-year�
students�are�also�more�likely�to�drop�out�of�their�university�programs�(Azmitia�et�al.,�2018).�

Owing to the digitalization of academic processes, universities can gain, store, and analyze 
students’ big data, which is available in school databases. If these data are transformed into meaningful 
knowledge, they can be useful for the quality of education and helping students achieve their academic 
objectives at the early stages (Alhazmi & Sheneamer, 2023). Data mining and educational data mining 
through�Arti¿cial�Intelligence�(AI)�algorithms�can�aid�universities�in�addressing�students’�performance�
challenges�(López-Zambrano�et�al.,�2021;�Alhazmi�&�Sheneamer,�2023).�In�recent�years,�data�mining�
and�AI-driven�models� have� been� e󯿿ectively� employed� to� predict� student� academic� performance� in�
studies�such�as�those�by�Kaunang�and�Rotikan�(2018),�Musso�et�al.�(2020),�Mengash�(2020),�López-
Zambrano�et�al.�(2021),�Alhazmi�and�Sheneamer�(2023),�Kassaw�and�Demareva�(2024),�and�Çırak�et�al.�
(2024). Yet, previous studies reviewed in this study primarily relied on during- or post-course/semester 
factors, such as degree completion (Musso et al., 2020) and e-learning activities (Moreno-Marcos et al., 
2020)�to�uncover�inÀuential�factors�a󯿿ecting�students’�learning�performance.�Additionally,�freshmen�
have received less attention among scholars. These methods cannot help universities in general, and 
vocational�universities�in�Taiwan�in�particular,�gain�su൶cient�time�to�implement�proactive�measures�
and provide timely support for students with outstanding or poor academic performance. Thus, this 
study aims to:
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1) Explore the� factors� that� most� strongly� inÀuence� excellent� and� underperforming� academic�
performance among freshmen

2) Develop AI-driven models that serve as an early detection system for freshmen’ academic 
performance

For� practical� purposes,� this� work� makes� a� major� contribution� to� improving� the� academic�
performance of students in Taiwanese vocational universities. This work provided AI-driven models that 
can serve as an early warning system. By using enrollment information factors, which can be obtained 
as soon as students enroll at universities, this study can aid school leaders in identifying outstanding 
and�underperforming�students,�as�well� as�the� inÀuential�factors,�before� they�begin� their�¿rst�term.� It�
is expected to assist educational policy makers and stakeholders in developing proactive measures to 
reduce the number of underperforming/at-risk students from the early stages of their studies.

2. LITERATURE REVIEW

2.1. Data Mining in Education

Data mining is an automated step in the process of knowledge discovery in databases, focusing on 
discovering�new�and�useful�knowledge�from�big�data�(Shu�et�al.,�2023).�It�has�been�e󯿿ectively�applied�in�
the�social�sciences�(Shu�et�al.,�2023),�healthcare�(Southall�et�al.,�2019),�and�tourism�(Shapoval�et�al.,�2018).��
Recently, data mining approaches through machine learning or AI algorithms have increasingly inspired 
diverse researchers to analyze educational data to explore potential and practical solutions to academic 
problems and resolve educational research issues (Arcinas et al., 2021). This novel approach is known as 
educational data mining or data mining in education (Romero & Ventura, 2007). The process of data mining 
in education comprises several steps: data collection, data preprocessing, data mining, interpretation and 
evaluation,�and�knowledge�extraction,�as�displayed�in�Figure�1�(Romero�&�Ventura, 2007).

 
Figure 1. The Process of Data Mining in Education (Romero & Ventura, 2007)

Educational data mining is able to retrieve meaningful knowledge from analyzing large-scale data 
collected in educational systems to better understand students’ learning trends and conditions (Sarra et 
al.,�2019;�Arcinas�et�al.,�2021).�The�purposes�of�data�mining�in�education�are�to�(a)�predict�students’�
academic� performance,� (b)� explore� and� upgrade� current� domain�models,� (c)� analyze� the� inÀuences�
of� diverse� types�of� instructional� support,� and� (d)� improve�scienti¿c�knowledge� (López-Zambrano�et�
al., 2021). In order to add value, data mining in education must assist educational policy makers in 
enhancing students’ academic performance and future success for sustainable development (Sarra et al., 
2019;�Huynh-Cam�et�al.,�2022).�This�study�was�carefully�conducted�based�on�the�theoretical�background�
of data mining in education and followed its guidance in order to add value to educational systems.
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2.2. Students’ Academic Performance
For� decades,� applications� of� data� mining� approaches� in� education� have� successfully� supported�

university�policy�makers�in�their�e󯿿orts�to�enhance�students’�academic�performance�and�success.�Researchers’�
concerns�have�ranged�from�entry�levels�to�graduation�levels�across�the�university�timeline.�For�instance,�at�
the entry level, as part of an early warning system, Lau et al. (2019) used socio-economic background 
variables�and�scores�in�Chinese,�English,�Mathematics,�Comprehensive�Science,�and�the�Pro¿ciency�Test�in�
the national university entrance examinations to predict students’ performance using statistical methods and 
a Neural Network (NN) algorithm. They concluded that the NN model performed better, with an accuracy 
of�84.8%,�a�recall�of�94.8%,�a�precision�of�86.3%,�and�an�Area�Under�the�ROC�Curve�of�86%.�They�also�
con¿rmed�that�the�most�inÀuential�predictors�of�grade point average across four university years were gender 
(female students), English scores, and students’ mothers’ background characteristics.   

Mengash�(2020)�employed�high-school�GPA,�Scholastic�Achievement�Admission�Test�scores,�and�
General�Aptitude�Test�scores�to�predict�the�GPA�for�the�¿rst�two�semesters�of�study�among�2,039�university�
students�majoring�in�computer�science�in�the�Kingdom�of�Saudi�Arabia,�using�NN,�Decision�Tree�(DT),�
Support Vector Machine (SVM), and Naïve Bayes (NB) algorithms. The study found that the NN algorithm 
surpassed�the�others,�with�an�accuracy�of�79.22%,�precision�of�81.44%,�recall�of�78.03%,�and�an�F1-score�
of�79.70%.�The�¿ndings�also� indicated� that�early�predictors�of�students’�performance�after�the�¿rst� two�
semesters included students’ Scholastic Achievement Admission Test scores and pre-admission information. 

Interestingly,�Musso�et� al.� (2020)�applied�GPA,�academic� retention,�and�degree�completion� to�
predict�academic�performance�from�the�second-�to�the�¿nal-academic�year�of�655�Argentinean�students�
from introductory psychology classes (Psychology, Communication, Business, and Marketing), using 
a NN algorithm. They found that the NN model achieved maximum overall accuracy, precision, recall, 
speci¿city,�and�F1-scores�of�100%.�They�also�found�that�learning�strategies�were�the�strongest�predictors�
of�students’�GPA,�whereas�background�information�was�the�strongest�predictor�of�students’�academic�
retention decisions, and coping strategies were the strongest predictors of degree completion. 

A review of AI-driven models indicates that many previous studies surveyed in the present work 
have successfully employed DT and NN supervised learning algorithms, using students’ academic 
performance as the class label. 

The�DT�algorithm�has�been�successfully�utilized�for�prediction�and�classi¿cation�in�the�domain�
of machine learning (Albreiki et al., 2021). DT is a model-based method that uses a tree-shaped graph. 
Factors�appearing� in� the� tree�are�considered� important;� in�contrast,� factors� that�do�not�appear� in� the�
tree� are� considered�unimportant� (Matzavela�&�Alepi,�2021;�Huynh-Cam� et�al.,� 2022).�Compared� to�
other supervised learning algorithms, DT can provide readable knowledge rules, which are helpful for 
university decision-making processes (Huynh-Cam et al., 2022). Evidently, DT has been successfully 
used�in�educational�¿elds�due�to�its�high�prediction�accuracy,�ease�of�use,�and�ease�of�understanding�
and�interpretation�for�knowledge�representation�(Matzavela�&�Alepi,�2021;�Ahmad�et�al.,�2025).�This�
success supports the selection of the DT model for this study.

NN is a computational model that imitates the neural structures and processes of the human brain. 
Its structure includes an input layer, a hidden layer, and an output layer. The input layer receives data, 
the�hidden� layer�processes� the�data,� and�the�output� layer�produces� the�¿nal�output.�Several�previous�
studies, such as Mengash (2020) and Musso et al. (2020),   successfully used NN to predict learning 
performance. Since NN is the foundation of AI, which was originally designed to solve problems that 
are impossible for humans to carry out, this study applied NN as a comparison base.

In�short,�due�to�the�successful�applications�and�signi¿cant�attention�given�to�AI-driven�approaches�
mentioned above, this study followed this trend by employing AI-driven methods to forecast freshmen’s 
academic performance at a Taiwanese vocational university using enrollment information factors.
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2.3. Feature Selection Methods

Feature�selection�is�a�method�used�to�select�a�subset�of�relevant�features�from�a�larger�set�of�original�
datasets� in�order�to�address�over¿tting�problems�and�enhance�predictive�performance�(Chandrashekar�
& Sahin, 2014). This process helps researchers select suitable features for the training dataset, identify 
the most relevant features for predicting target data, and determine which features should be eliminated 
or retained for further analysis, thereby improving predictive performance. One of the most popular 
feature� selection�methods� is� the� recursive� feature� elimination� (RFE)� algorithm,� since�RFE� tends� to�
remove redundant and weak features while retaining independent features (Priyatno & Widiyaningtyas, 
2024).�RFE�starts�with�the�entire�set�of�features�and�removes�the�least�informative�feature�from�the�total�
feature�set�one�by�one�in�each�iteration.�This�study�used�the�RFE�method�to�select�relevant�features�for�
constructing AI-driven models.

3. MATERIALS AND METHODS

There�are�six�steps�employed�in�this�research�as�displayed�in�Figure�2.�Each�step�is�described�in�
detail in the following subsections.

 

Figure 2. Research Procedure Employed in this Study

(1) Step 1. Sample, data collection and preparation

The�sample�used�in�this�pilot�study�included�1,928�freshmen�enrolled�in�a�technical�and�vocational�
university�in�Taiwan�at�the�end�of�the�¿rst�term�of�the�2020/2021�academic�year.�They�were�randomly�
selected from ten majors at the target university via the school database. Students’ identities were 
kept anonymous for ethical purposes. The input (independent) factors included thirteen enrollment 
information variables (Table 1), grouped into three major dimensions-demographic, socio-economic, 
and� family�background.�The�output� (dependent)� factor�was� the�grade�point�average� (GPA)�score� for�
students’�¿rst�term�of�the�target�year.

 After collecting raw data, Microsoft excel 2019 was used for preprocessing. Firstly, several 
irrelevant factors, such as names, ID numbers, birth dates, and birthplaces, were removed. Next, all 
students�with�missing�values-for�example,�unknown�GPA�scores�and�students�who�dropped�out�or�were�
suspended�before�the�end�of�the�¿rst�term-were�excluded.�This�means�that�these�samples�had�no�output�
factor�(GPA).�In�supervised�machine�learning�methods�used�to�predict�GPA,�AI�models�learn�by�mapping�
input�factors� to�a�target�output-GPA.�If�a�speci¿c�sample�is�missing�the�GPA�factor,� it�has�no�correct�
answer for AI models to learn from. Consequently, when building the training set for this problem, 
samples�containing�missing�values�in�the�target�output�(GPA)�are�often�removed�because�they�lack�the�
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necessary labeled output. Secondly, as computers can only understand numerical values, all categorical 
values were transformed into numerical values. Table 1 describes the input and output factors utilized in 
this�study�and�their�corresponding�transformed�values.�Figure�3�shows�the�correlation�matrix�among�the�
employed input and output factors. Next, the preprocessed data were normalized using Eq. (1).

where X_N is the normalized-, X_max is the maximum-, and X_min is the minimum values.

Table 1. Description of the Input and Output Factors Employed in this Study

ID No. Feature description Values and their transformed values

Output Academic performance (class label) Excellent�(EX)�=�5;�Very�good�(VG)�=�4;
Good�(G)�=�3;�Average�(AVG)�=�4;�Poor�(PR)�=�1

X1 Major

Finance�=�1;�Business�administration�=�2;
Architecture�=�3;�Applied�chemistry�=�4;
Leisure�service�management�=�5;
Industrial�design�=�6;�Applied�English�=�7;
Information�Management�=�8;
Industrial�engineering�management�=�9;
Civil and construction engineering = 10

X2 Gender Men=1, women=2

X3 Students’ home address Not�applicant�=�0;�North�=�1;�South�=�2;
Central�=�3;�East�=�4

X4 University�admission�type General�admission=1;
International-student admission=2

X5 Student’s parents’ average monthly 
income (in Taiwan dollars)

Very�low:�≤�25,000�=�1
Low: Above 25,000~40,000 = 2
Medium: Above 40,000~60,000 = 3
High: Above 60,000~100,000 = 4
Very high: Above 100,000 = 5

X6 Student lives in dormitory or not Outside�=�0;�In-dorm�=�1

X7 Students’ living expenses support 
Parents/family�provided=1;�Self-earning=3;
Studying� loans=4;� Full-time� job=5;� Part-time� job=6;�
Scholarships/grants in- and out school=7

X8 Studying loans in- and out- school Yes = 1, No = 0

X9 Free/reduced�tuition�fee Free/reduce�=�1;�Not�free/reduce�=�0

X10 Student fathers’ career
State�o൶cer�=�1;�Teacher�=�2;�Laborer�=�3;
Businessmen�=�4;�Agriculture�=�5;
House�husband�=�6;�Others�=7

X11 Father’s�highest�education�status PhD�=�6;�Master�=�5;�Specialist�=�4;�Bachelor�=�3;�

X12 Student mothers’ career
State�o൶cer�=�1;�Teacher�=�2;�Laborer�=�3;�
High�school�=�2;�Below�high�school�=�1
Businessmen�=�4;�Agriculture�=�5;�Housewife�=�6

X13 Mother’s highest education status Specialist�=�4;�Bachelor�=�3;�High�school�=�2;�
Below high school = 1
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Figure 3. Confusion Matrix Heatmap of the Employed Input and Output Factors

Finally,�we�used� the�output� factor�“GPA�scores”�as�a�class� label� to�classify� the�data�based�on�
Taiwanese grading score system (100-point scale). Table 2 shows the class distribution of employed 
samples�by�GPA�scores.

Table 2. Class Distribution of Employed Samples by GPA Scores (n=1928)

No. GPA score Class distributed Number of students Percentage (%)

1 90-100 points Excellent (EX) 71 3.68

2 80�-�89�points Very�Good�(VG) 707 36.67

3 70-79 points Good�(G) 770 39.94

4 60-69 points Average�(AVG) 295 15.30

5 Below 60 points Poor (PR) 85 4.41

As displayed in Table 2, it is obvious that compared to other classes, the class “EX” and “PR” 
are�minority�with� a� small� number�of� samples�71(3.68%)�and� 85� (4.41%),� respectively;�yet� they� are�
meaningful for university decision makers. This means that class imbalance was clearly present. 
Consequently,�we�conducted�three�classi¿cation�cases�to�handle�class�imbalance�problem�as�follows.�

-�Case�A,�namely�Origin,�used�original�dataset�with�¿ve�classes�(Table�2)�as�a�base�comparison.�

-�Case�B,�namely�Focus�and�Combine�(FC),�emphasized�two�minority�class�“EX”�and�“PR”.�For�the�
research�purposes,�predictions�on�minority�classes�“EX”�and�“PR”�were�prior�for�analysis.�Thus,�at�¿rst,�
we�removed�the�class�“G”.�Then�we�combined�2�classes:�“EX”�and�“VG”�to�create�a�new�class�“nEX”.�
Similarly,�we�combined�2�classes:�“AVG”�and�“PR”�to�create�a�new�class�“nPR”.�Yet,�after�combining,�
the imbalance problem was present between two new classes “nEX” and “nPR”. Additionally, the AI 
models could not gain expected prediction performance. Thus, we used a resampling method - random 
oversampling, adapted from Chang et al. (2021) and Huynh-Cam et al. (2022) in Case C to solve the 
imbalanced data problem between two new classes “nEX” and “nPR”. 

- Case C, namely Oversampling (OS), randomly oversampled the minority class “nPR” until it 
approximately equals to the majority class “nEX”.  We used this resampling method to handle class 
imbalance problems in this work because Chang et al. (2021) and Huynh-Cam et al. (2022) illustrated 
that�oversampling�is�one�of�the�e󯿿ective�solutions�for�handling�class�imbalance�problems.
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Table 3. Numbers of Samples in Case B and Case C

Case No. GPA score Class Number of students Distribution
Case B:

Focus�and�Combine�
(FC)

1

2

80�~100�pts.

69 ~ below 60 pts

nEX

nPR

778�(40.35%)

380�(19.71%)

Combine 2 class: 
“EX”�&�“VG”

Combine 2 class: 
“AVG”�and�“PR”

Case C:
Oversampling (OS)

1
2

80�-�100�pts
69 ~ below 60 pts

nEX
nPR

778�(40.35%)
760�(39.42%)

Remain the same
Oversampled

�(2)�Step�2.�Feature selection
The prepared data was divided into two datasets for building AI models. Dataset 1 (D1) used all 

full�13�factors�(Table�1)�as�a�base�comparison.�Dataset�2�(D2)�used�10�RFE-selected�factors,�including�
X1,�X2,�X4,�X5-X8,�X10,�X11,�and�X13.�

(3) Step 3. AI-driven models building
This�study�utilized�two�AI�models:�NN�and�DT�to�predict�and�explore�the�most�inÀuential�factors�

for excellent and poor academic performance of freshmen. We utilized DT due to its wide application, 
simplicity, ease of use and ease of interpretation. DT can be visualized in an understandable manner and 
be clearly interpreted through visualized models. We applied NN as a comparison base since it is the 
foundation of AI model.  

The�study� deployed� the�experiments�on�Windows�Operating�System�with�a�3.80�GHz� Intel(R)�
Xeon(R)� E-2174G� CPU� and� 64� GB� of� RAM.� The� Python� 3� programming� language,� using� Jupyter�
Notebook software (version 6.5.4) with Scikit-learn packages was used to build the models and analyze 
the data. Each AI model was constructed, employing a 5-fold cross validation (CV) process (Browne, 
2000)�with�¿ve�di󯿿erent�training-testing�data�(80:20).�This�means�that�Dataset�1�(D1)�and�Dataset�2�(D2)�
were�split�into�¿ve�di󯿿erent�data�folds�with�the�ratio�80:20�(Table�4).�Each�data�fold�took�turn�to�be�used�
as a training dataset to build NN and DT models. The rest were used as the testing models. The mean 
value�and�standard�deviation� (SD)�of�¿ve�data� folds�(5-fold�CV)�were�used� for�comparing�prediction�
performance among AI models for each dataset. Table 5 shows parameters used for these AI models.

Table 4. Data Spit for Neural Network and Decision Tree Model
Sample Number of samples Percentage

Training set
Testing set

Total

1542
386
1928

80%
20%
100%

Table 5. Parameters Used for Constructing AI Models
Models Parameters Values

DT
Criterion Gini�for�measuring�the�impurity�and�avoiding�over¿tting*
Max depth 3-5 to prune the tree
Random state None

NN

Hidden layer size 17, 10
Activation function relu, sigmoid
Learning rate 0.01
Optimizer adam
Loss Binary cross entropy
Epochs 100

*�Its�value�is�between�0-1,�where�0�is�perfectly�pure.�Further�explanation�is�available�at�https://youtu.be/
sEIrZ66Pj0E?si=TIbbXeOn-otpiMTL
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(4) Step 4. AI-model evaluation 
After�building�AI�models�(Step�3),�¿ve�evaluation�metrics�-�accuracy,�precision,�recall,�F1,�and�

ROC-AUC,�which�were�adjusted�from�(Huynh-Cam�et�al.,�2024)�and�(Chang�et�al.,�2021),�were�used�to�
assess AI models’ performance through Eqs. (2)-(5). These metric values are 0-1, where 1 means perfect 
performance�and�0�refers�to�poor.�True�Positive�(TP)�means�truly�“EX”�students�are�correctly�classi¿ed�
as�“EX”;�True�Negative�(TN)�means�truly�“PR”�students�are�correctly�classi¿ed�as�“PR”.�False�Positive�
(FP)�and�False�Negative�(FN)�are�errors,�in�which�truly�“EX”�and�“PR”�students�are�misclassi¿ed.

(5) Step 5. Comparison
After evaluation, we compared and selected the AI model and data fold, having the highest 

important�scores,�to�extract�the�top�inÀuential�factors�for�¿rst�year�students’�academic�performance.����
(6) Step 6. Discussion and conclusion 
After�¿nalizing� the�most� inÀuential� factors,�we�summarized� the�research�outcomes,� suggested�

several practical solutions for university leaders, and drew a basic map for future studies.
4. RESULTS
4.1. Results of Model Evaluation
This study used two AI models - NN and DT - to classify excellent and poor academic performance 

of freshmen using two datasets. Dataset 1 (D1) employed fully 13 original input factors without using 
any feature selection methods as a base comparison. Dataset 2 (D2) used 10 factors selected using 
the�RFE�method� (Step�2).�We�used�overall� accuracy,�precision,� recall,�F1,�and�ROC-AUC� to�assess�
AI-models’�performance�across�two�datasets.�Firstly,�we�judged�the�results�of�the�¿rst�four�evaluation�
metrics. Table 6 compares these metrics. 

In�Case�A�(Origin),�it�is�obvious�that�the�overall�accuracy,�precision,�recall,�F1�results�of�DT�and�
NN algorithms are very low. In particular, for D1, DT performs better than NN with overall accuracy 
of�50.0%�(2.6),�precision�of�25.7%�(25.0),�recall�of�26.3%�(25.1),�and�F1�of�23.7%�(20.5),�respectively.�
For�D2,�its�accuracy,�precision,�recall,�and�F1�scores�are�52.3%�(0.6),�23.0%�(1.4),�24.0%�(0.0),�and�23.3�
(0.6), respectively. This means that in Case A, the minority classes “EX” and “PR” cannot be detected 
correctly,�indicating�this�classi¿cation�results�are�meaningless.�The�low�accuracy�may�result�from�5-class�
classi¿cation.�Consequently,�Case�B�(FC)�only�emphasized�two�minority�classes:�“EX”�and�“PR”.�

In Case B, all evaluation metrics of DT and NN models constructed in both D1 and D2 increase. 
In�particular,�for�D1,�the�accuracy,� precision,�recall,�and�F1�scores�of�DT�model�rise�to�65.0%�(0.7),�
60.5%�(6.4),�59.0%�(0.0),�and�60.0�(2.8),�respectively.�For�D2,�accuracy�increases�up�to�63.7%�(0.6),�
precision�rises�to�53.3%�(0.6),�recall�is�up�to�57.0%�(1.7),�and�F1�increases�to�55.0%�(1.0),�respectively.�
These values for NN model built in D1 and D2 do not much higher than those in Case A. 

In�Case�C,�it�is�clear�that�the�accuracy,�precision,�recall,�F1�values�of�DT�and�BB�models�built�in�
Case�C�(OS),�signi¿cantly�and�stably�increase.�Between�two�models,�DT�model�surpasses�NN�with�all�
values�of�86.0%�for�D1�and�of�approximately�of�90.0%�for�D2.�This�advisable�that�Case�C�should�be�
used for further analysis.
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Table 6. A Comparative Model Evaluation between Two Datasets

Dataset Classi¿cation� Model 
Performance (%) (Mean, SD)

Accuracy Precsion Recall F1

Dataset 1: 
Full�factors

Case A: Origin
DT 50.0 (2.6) 25.7 (25.0) 26.3 (25.1) 23.7 (20.5)
NN 45.0 (5.3) 19.3 (16.7) 21.3�(25.8) 18.7�(18.5)

Case�B:�FC�
DT 65.0 (0.7) 60.5 (6.4) 59.0 (0.0) 60.0�(2.8)
NN 47.0�(2.8) 33.5 (4.9) 15.0�(8.5) 20.5 (9.2)

Case C: OS
DT 86.0�(0.0) 86.0�(7.1) 86.0�(5.7) 86.0�(0.0)
NN 69.0 (0.0) 68.5�(3.5) 71.5 (0.7) 67.5 (0.7)

Dataset 2: 
RFE-selected�
factors

Case A: Origin
DT 52.3 (0.6) 23.0 (1.4) 24.0 (0.0) 23.3 (0.6)
NN 43.3 (1.5) 0.0 (0.0) 0.0 (0.0) 0.0 (0.0)

Case�B:�FC�
DT 63.7 (0.6) 53.3 (0.6) 57.0 (1.7) 55.0 (1.0)
NN 51.7 (9.0) 35.0 (16.7) 23.7 (27.6) 26.0 (24.6)

Case C: OS
DT 89.0�(2.8) 89.5�(3.5) 88.5�(2.1) 89.0�(2.8)
NN 68.5�(2.1) 67.5 (2.4) 69.5 (4.9) 68.5�(3.5)

In� the� ¿nal� step,�we�computed�ROC-AUC�metric� for� in-depth�comparison.� From�Figure�5,� it�
is�clear� that�DT�performs�better�and�more�stable�than�NN�with�an�AUC�of�86%�(D1)�and�87%�(D2).��
This can be concluded that DT model can be able to correctly classify excellent and underperformed 
students�better�than�the�NN�model.�Thus,�DT�was�used�to�extract�the�top�inÀuential�factors�for�freshmen’s�
academic performance.

Dataset 1 (D1): Full factors Dataset 2 (D2): RFE-selected factors

Figure 5. Comparisons on ROC-AUC between Two Datasets (Case C: OS)

4.2. Results of Feature Selection

Figure� 6� shows� the� rankings� of� feature� importance� retrieved� from� D1� and� D2.� Student�
mothers’ career (X12) and student fathers’ career (X10) are the most influential factors for excellent 
and�underperformed�academic�performance�of� first�year� students.�Free/reduced� tuition� fee�(X9)�
and student lives in dormitory or not (X6) hardly affect students’ excellent and poor performance, 
respectively.
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(a) Dataset 1 (D1): Full factors (b) Dataset 2 (D2): RFE-selected factors
Figure 6. Feature Importance Rankings of Two Datasets

4.3. Comparative Results of Feature Importance
Table 7 lists the rank order of the most important features driving excellent and underperformed 

academic performance of freshmen. The top three factors associated with outstanding and underperformed 
academic performance comprise student fathers’ career (X10), major (X1), and excellent and average 
monthly income of student’s parents (X5). 

Table 7. Comparisons of Feature Importance between Two Datasets (Decision Tree Model)

Rank 
order

Dataset 1: 
Full factors

Importance 
score

Dataset 2:
RFE-selected factors

Importance 
score

The�most�inÀuential�factors�
¿nalzed*

1 X12 0.172 X10 0.210 X10 Student fathers’ career
2 X1 0.161 X1 0.206 X1 Major

3 X10 0.160 X5 0.117 X5 Student’s parents’ 
average monthly income

4
5
6
7
8
9

10

X5
X2
X7
X11
X4

X13
X8

0.094
0.069
0.067
0.066
0.065
0.047
0.039

X7
X11
X2
X13
X4
X8
X6

0.102
0.079
0.078
0.073
0.061
0.037
0.036

N/A

11
12
13

X6
X3
X9

0.028
0.016
0.016

N/A

* Note: Selected based on importance scores and frequency between two datasets.

5. DISCUSSION

The�research�¿ndings�indicated�that�fathers’�careers,�students’�majors,�and�parents’�average�monthly�
income�signi¿cantly�impact�the�academic�performance�of�¿rst-year�students�from�Taiwanese�vocational�
and�technological�universities.�These�results�are�aligned�with�the�¿ndings�of��Mengash�(2020)�and�Musso�
et�al.�(2020).��These�¿ndings�suggest�that�collaboration�between�parents�and�schools�plays�an�important�
role in improving the academic performance of freshmen in Taiwan. Educational stakeholders should take 
several practical and proactive actions to improve the academic performance of freshmen both internally 
and�externally�(Rodríguez�et�al.,�2017;�Brooker�et�al.,�2017;�Meehan�&�Howells,�2018;�Mulaudzi,�2023). 
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Internally,� at� the� school� level,� university� policy�makers� should� o󯿿er�¿nancial� grants� to� aid�
students�in�overcoming�¿nancial�di൶culties�and�arrange�academic�support�teams�to�address�academic�
issues. These practical and proactive measures can help freshmen overcome the extreme challenges 
they� face� during� the� early� stages� of� university� life� (Rodríguez� et� al.,� 2017;�Brooker� et� al.,� 2017;�
Meehan�&�Howells,�2018;�Mulaudzi,�2023).�Students�who�are�predicted�early�to�have�poor�academic�
performance may receive timely interventions to improve their academic achievement (Alhazmi, & 
Sheneamer,�2023).�For�underperforming�students,�schools�can�implement�early�warning�counseling�
measures and provide remedial teaching resources, individualized teaching assistance, and outside-
the-classroom support to help them integrate into a new learning environment and community. These 
suggested�measures� can� e󯿿ectively� prevent� underperforming� students� from� falling� behind� in� their�
learning process and dropping out during the early stages of study, thereby increasing the number 
of� outstanding� students.� For� outstanding� students,� apart� from� elite� and� excellence� scholarships,�
universities� should� o󯿿er� advanced� support� programs� such� as� special� classes� for� professional� and�
technical development, license examination training, entrepreneurial competitions, and other skill 
development opportunities. 

It�is�illustrated�that�the�second�most�inÀuential�factor�associated�with�the�academic�performance�
of freshmen in Taiwanese vocational and technological universities is the major in which students 
enroll;� hence,� at� the� academic� department� level,� several� practical� and� proactive� actions� should� be�
considered� to� help� freshmen.� For� example,� departments� should� create� a� more� supportive,� positive,�
friendly, and stimulating learning environment (Cameron & Rideout, 2022). Students often wish to be 
recognized;�thus,�school�policy�makers�and�teachers�should�pay�more�attention�to�outstanding�students�
and provide appropriate encouragement. Such encouragement may take the form of positive feedback 
and recognition, as well as organized competitions and activities that promote academic excellence. 
Teachers should promptly provide feedback on students’ assessments and assignments, which can 
support students’ learning. Peer mentoring, in which an experienced student supports a less experienced 
student by providing useful knowledge and information, is also recommended because this method can 
help�freshmen�transition�to�the�university�environment�(Chalapati�et�al.,�2018).�At�universities,�students�
encounter�many�di൶culties.�For�example,�learning�and�teaching�methods,�academic�requirements,�and�
learning�materials�are�often�quite�di󯿿erent�from�those�in�high�school.�Students�have�just�transitioned�
from high school to university, where they are expected to study independently. Their expectations of 
university�life�may�not�match�reality�(Zaťková�et�al.,�2025).�Additionally,�they�may�lack�experience�in�
course registration and may not know how many credits are appropriate for their studies. 

Externally, parents should actively monitor and support their children’s academic progress and 
help�them�overcome�di൶culties�during�their�early�university�years.�As�illustrated,�the�most�inÀuential�
factor� a󯿿ecting�students’�academic� performance� is� fathers’� careers.�According� to�Taiwanese� culture,�
students� are� often� highly� dependent� on� their� parents.� Family� background� signi¿cantly� inÀuences�
Taiwanese�students’�academic�performance.�As�¿rst-year�students�have�just�left�home�and�begun�living�
independently� for�the�¿rst� time,� they�strongly�need�parental�support,� especially� from�their�fathers,� in�
terms�of�both�guidance�and�¿nancial�assistance.�

6. CONCLUSION

Student academic performance has been continuously examined by theorists and practitioners 
worldwide. Yet, the academic performance of freshmen as newcomers who often face greater challenges 
and require more assistance-has received limited attention from theorists and practitioners. Many 
previous related studies used during- or post-course/semester factors, such as degree completion and 
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e-learning�activities,�to�uncover�inÀuential�factors�a󯿿ecting�students’�learning�performance.�However,�
these methods cannot provide universities in general, and vocational universities in Taiwan in particular, 
with� su൶cient� time� to� implement� proactive� measures� and� provide� timely� support� for� students� with�
outstanding and poor academic performance. The present study used enrollment information factors 
to� construct�AI-driven�models-NN� and�DT-and� to� explore� the�most� inÀuential� factors� a󯿿ecting� the�
academic�performance�of�freshmen.�The�results�con¿rmed�that�the�DT�model�performed�better�than�the�
NN�model,�with�an�accuracy�of�91%�and�an�F1-score�of�89.5%.�This�study�signi¿cantly�contributed�to�
the theories and practices related to improving students’ academic performance.   

For� practical� purposes,� this� work� provided� predictors� of� outstanding� and� underperforming�
academic performance among freshmen at Taiwanese vocational universities. These predictors aided 
school policy makers in identifying outstanding and underperforming students before they began 
their�¿rst�term,�as�these�factors�can�be�obtained�at�the�time�of�enrollment.�The�early�prediction�models�
can�serve�as�an�early�warning�system�for�vocational�universities� in�Taiwan.�Based�on�these�¿ndings,�
educational�policy�makers�can�have�su൶cient�time�to�prepare�additional�support�measures�and�proactive�
actions to improve students’ academic performance. These predictors can also be used as benchmarks 
for other educational institutions. 

For�theoretical�purposes,�this�study�contributed�to�the�integration�of�AI-driven�models�with�the�
RFE�feature�selection�method,�serving�as�an�early�warning�system�for�students’�academic�performance.�
Regarding�data�analysis,� the�¿ndings�indicate�that,�when�using�AI�models,� the�oversampling�method�
is�e󯿿ective�in�handling�data�imbalance�issues�because�it�can�provide�better�classi¿cation�performance.�
Most importantly, this study suggested that, when dealing with data collected directly from school 
databases, data containing personal information must be handled carefully for ethical reasons.        

Although� the� present� research� o󯿿ered� major� contributions� to� the� theories� and� practices� of�
predicting freshmen’s academic performance, it still has some limitations. This research was conducted 
as a pilot study at a vocational university in Taiwan, and the research data were collected from a single 
vocational university in Taiwan. Hence, the results cannot be generalized to other universities with 
similar contexts. However, evidence suggests that data from other universities can also be used in future 
research�to�benchmark�the�¿ndings�of�this�study.
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