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ABSTRACT
Graduate employability prediction has become increasingly important as universities

seek to understand the factors influencing employment outcomes and to improve academic
planning. However, prior studies in this area often rely on limited datasets, evaluate only a
narrow range of models, and lack systematic feature assessment, which restricts the robust-
ness and generalizability of their findings. This study addresses these limitations by devel-
oping a comprehensive multi-model data-mining framework to predict the employability of
graduates from Rajamangala University of Technology Lanna (RMUTL). A dataset of 4,352
graduate records from the 2023 academic year was analyzed. Three filter-based feature-
selection techniques—chi-square, information gain, and correlation-based evaluation—were
applied to identify the most influential predictors. Five machine-learning algorithms (Deci-
sion Tree, Random Forest, Gradient Boosted Trees, Naïve Bayes, and K-Nearest Neighbors)
were trained and evaluated using accuracy, precision, recall, F1-score, and AUC. The results
show that Random Forest achieved the highest accuracy (83.72%), while Gradient Boosted
Trees yielded the highest AUC (0.813), indicating superior class-separation performance.
Key predictive factors identified across models included curriculum, education level, de-
partment, faculty, campus, gender, and GPA level. This study provides a structured compar-
ative modeling framework and identifies institution-specific predictors that influence grad-
uate employability. The findings offer practical implications for curriculum enhancement,
evidence-based academic planning, and career-guidance development aimed at improving
employment outcomes for RMUTL graduates.
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1. Introduction
The Ministry of Higher Education,

Science, Research, and Innovation in Thai-
land oversees numerous higher educa-
tion institutions, both public and private.
Among these is Rajamangala University of
Technology Lanna (RMUTL), which oper-
ates in alignment with its institutional vi-
sion. The university’s mission emphasizes
vocational and technological education as
well as the development of professional ed-
ucators at national and international lev-
els, with the overarching goal of produc-
ing graduates who possess practical com-
petencies and meet the quality and profes-
sionalism standards of the labor market.
Given this mission, graduate employment
outcomes have become an increasingly im-
portant measure of institutional effective-
ness, highlighting the need for RMUTL to
better understand and support the employa-
bility of its graduates.

One of the major challenges within
Thai higher education is the persistent im-
balance between the number of graduates
produced and the actual demand for skilled
labor. This mismatch contributes to un-
deremployment and highlights the need for
more effective workforce planning. Al-
though this issue has been widely discussed
at the national level, empirical evidence at
the institutional level—especially in voca-
tional and technology-oriented universities
such as RMUTL—remains limited. As a
result, universities lack institution-specific
insights that could help identify at-risk stu-
dent groups, adjust curricula, or design tar-
geted interventions. This represents a clear
gap between national policy discussions
and institution-level data-driven practice.

Despite RMUTL’s initiatives to sup-
port students, the university currently lacks
a systematic, predictive framework to ana-
lyze employment outcomes. Existing grad-

uate data remains an underutilized asset, of-
ten stored passively rather than being used
for strategic forecasting. In the era of big
data, Artificial Intelligence (AI) and Data
Mining have become essential tools for
decision-making across various industries.
Previous studies have demonstrated the ef-
ficacy of machine-learning models—such
as Decision Trees [1], Random Forests [2],
Gradient Boosted Trees [3], Naïve Bayes
[4], and K-Nearest Neighbor [5]—in di-
verse domains ranging from groundwater
assessment [11] to genomic classification
[12]. However, the application of these
advanced techniques within the context of
Thai vocational higher education remains
limited. Specifically, no prior research
has systematically applied these predictive
models to RMUTL’s unique institutional
dataset to forecast employability, represent-
ing a significant research gap.

To address this gap, this research
aims to develop and evaluate predictive
models for RMUTL graduate employabil-
ity. The novelty of this study is twofold.
First, unlike general educational studies,
this research integrates specific institutional
variables unique to a multi-campus vo-
cational university—including curriculum
type, faculty, graduate level, campus loca-
tion, GPA, and job status—to capture the
complex factors influencing technical em-
ployment. Second, the study employs a
rigorous comparative analysis of multiple
data mining techniques (Gradient Boosted
Trees, Random Forests, K-Nearest Neigh-
bors, Decision Trees, and Naïve Bayes)
combined with advanced feature-selection
methods. This approach goes beyond sim-
ple descriptive statistics, offering a robust,
algorithmic framework to identify the most
significant predictors of employability.

The objective of this research is to
identify key characteristics influencing em-
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ployment outcomes and to determine the
most accurate predictive model for the uni-
versity. The findings will provide action-
able insights for RMUTL administrators to
enhance curriculum development, design
targeted career guidance services, and im-
prove strategic workforce planning. The
methodology follows standard data prepa-
ration and model development procedures,
utilizing RapidMiner Version 10.1 to ana-
lyze integrated institutional databases. The
remainder of this paper is organized as fol-
lows: Section 2 reviews relevant literature,
Section 3 details the research methodology,
Section 4 presents the results and discus-
sion, and Section 5 concludes the study.

2. Materials and Methods
The main program of the proposed

algorithm is shown in Fig. 1.

Fig. 1. Main program of the proposed algo-
rithm.

The primary program of the proposed
algorithm, as depicted in Fig. 1, is struc-
tured by the CRISP-DMmethodology [13].
The iterative nature of CRISP-DM distin-
guishes it from other methodologies, en-
abling adaptability and flexibility tailored to
specific project requirements. This iterative
approach encompasses six key steps: Busi-
ness Understanding, Data Understanding,
Data Preparation, Modeling, Evaluation,

and Deployment. These phases are inter-
linked and iterative throughout the project
lifecycle, underscoring the importance of
feedback loops for refining and enhancing
outcomes.

2.1 Business understanding
The context for this study revolves

around the landscape of higher education
in Thailand, characterized by a proliferation
of public and private institutions. Despite
this, there exists an imbalance between the
supply of graduates and the demands of the
job market, posing a significant barrier to
the nation’s advancement. Many graduates
find themselves ill-prepared for the work-
force, leading to challenges in securing em-
ployment matching their qualifications. To
address this issue, our study aims to predict
graduates’ employability by examining fac-
tors influencing their job prospects and de-
veloping a predictive model.

2.2 Data understanding
The prediction of graduates’ employ-

ability hinges on the collection and analy-
sis of relevant data. We leverage datasets
comprising graduate employability records
and students’ academic performance aver-
ages across various faculties. Data from the
academic year are utilized, sourced from in-
stitutions such as the Faculty of Engineer-
ing, Faculty of Agricultural Science and
Technology, Faculty of Fine Arts and Ar-
chitecture, Faculty of Business Administra-
tion and Liberal Arts, and the College of
Technology and Interdisciplinary Studies.
These datasets are compiled in Microsoft
Excel spreadsheets provided by university
districts, totaling 4,352 records.

2.3 Data preparation
We performed data cleaning, which

involved removing data from records that

147



T. Promnuchanont et al. | Science & Technology Asia | Vol.31 No.1 January - March 2026

contained inaccurate, redundant, or both
types of information. It is necessary to do
an analysis on a total of 3,561 pieces of data
at this point in time. Developing a model
for the goal of projecting graduate employ-
ability was accomplished through the uti-
lization of the attribute selection approach.
We refer to the process of selecting fea-
tures as the feature selection process. This
is a method that allows us to select valu-
able qualities and contribute to model sim-
plification. We use this approach to ex-
amine characteristics or factors that influ-
ence the prediction of employment oppor-
tunities for graduates. It is of the utmost
necessity to take attributes into considera-
tion when it comes to generating models
that are both more accurate and efficient.
At this stage of the process, we apply both
domain-knowledge-based and filter-based
approaches. Through the application of do-
main knowledge approaches, the selection
of qualities that have a direct impact on the
prediction outcomes and the elimination of
irrelevant attributes are accomplished. This
was followed by the application of three
methods: the Chi-Square statistics, infor-
mation gain, and correlation-based analy-
sis.

I. Chi-square statistics [14] is a filter-
based feature selection strategy that uses
statistical tests to screen attributes. The
Chi-square statistic measures the strength
of association between an attribute and the
class label and is used to rank attributes ac-
cording to their statistical importance, as
shown in Eq. (2.1).

𝑥2 =
𝑛∑
𝑖=1

(𝑂𝑖 − 𝐸𝑖)2

𝐸𝑖
, (2.1)

where 𝑥2 represents Chi-Square statistics,
𝑂𝑖 represents observed frequency, and 𝐸𝑖

represents expected frequency, which is

equal to the quantity of data multiplied by
the proportion predicted to be present.

II. The information gain [15] is a
feature selection strategy that is utilized
to evaluate the worth of data division by
computing the gain value for each dimen-
sion. This technique is included in the in-
formation selection technique. If there is
a dimension that possesses the highest gain
value, then that dimension is selected to be a
subgroup which possesses the classification
power of Eq. (2.2).

𝐺𝑎𝑖𝑛 = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑝) −
𝑘∑

𝑖=1
( 𝑛𝑖
𝑛
𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑖)),

(2.2)

where 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑝) is the entropy of the
root node before the split, 𝑘 is the number
of child nodes generated by splitting on a
given attribute, 𝑛𝑖 is the number of samples
in child node 𝑖, 𝑛 is the total number of sam-
ples in the parent node, and 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑖) is
the entropy of child node 𝑖 computed from
Eq. (2.3).

𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝑖) = −
𝑚∑
𝑗=1

𝑝( 𝑗 |𝑖) log2 𝑝( 𝑗 |𝑖),

(2.3)

where 𝑝( 𝑗 |𝑖) is the proportion of samples in
node 𝑖 that belong to class 𝑗 , 𝑚 is the total
number of classes, and the conditional prob-
abilities satisfy the normalization condition∑𝑚

𝑗=1 𝑝( 𝑗 |𝑖) = 1.
III. The correlation-based methodol-

ogy [16] is a method for choosing attribute
qualities that consider the relationships be-
tween attribute groups that are determined
by valuing predictability. It can also be
used to manage unimportant attributes by
selecting and ranking subgroups of dimen-
sions. Information that has no association
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with other classes and is substantially cor-
related with a particular class as Eq. (2.4).

𝑀𝑠 =
𝑘𝑟𝑐 𝑓√

𝑘 + 𝑘 (𝑘 − 1)𝑟 𝑓 𝑓
(2.4)

where 𝑟𝑐 𝑓 is the average association be-
tween dimensions, 𝑟 𝑓 𝑓 is the mean relation-
ship of the variable to class ( 𝑓 ∈ 𝑠), and 𝑀𝑠

is the searchable value of the 𝑆 subgroup di-
mension, which contains dimension 𝑘 .

The characteristic with the greatest
weight value will be produced from the
eight attributes with the weight value as in-
dicated in Table 1 by employing three dif-
ferent ways to determine the weight value
and rank the weight value.

Table 1 shows the attribute sequenc-
ing based on statistical significance. An
attribute’s maximum weight will be deter-
mined by combining the following 7 vari-
ables: curriculum, edu_level, department,
faculty, area, gender, and gpa_level.

Table 1. Attribute sequencing based on statisti-
cal significance.

Attribute Chi-
Square

Information
Gain Correlation

curriculum 1135.190 0.237 0.102
edu_level 953.667 0.201 0.460
department 568.270 0.109 0.069
faculty 323.005 0.058 0.077
area 93.885 0.016 0.073
gender 32.268 0.005 0.086
gpa_level 27.061 0.004 0.004

The fact that the data is both numer-
ical and alphabetic is the reasoning behind
this. In order to collect data in a format that
is suitable for analysis in line with data min-
ing techniques, we have changed the data by
exchanging the values of the data. This was
done in order to gain suitable data. A per-
son’s gender, grade point average, level of
graduation, and work position are the three
characteristics that are considered. Listed
below are the particulars of the modifica-

tion that has been made available. Statis-
tical information relative to gender the un-
derlying data did not indicate gender, so the
data were transformed based on titles. For
example, the prefix ”Mr.” was changed to
”male.” This was done because the data did
not define gender. We have modified the
data structure for the average academic per-
formance (GPA) data by dividing the GPA
levels into five distinct levels. This was
done in order to maintain the integrity of the
data. Excellent (GPA > 3.5) to Fail (GPA <
2.0) ratings provide a clear marker for aca-
demic accomplishment. Those with a GPA
of 3.5 or more are recognized for their aca-
demic achievements, while those below 2.0
are identified for further assistance. There
are now only two outcome data points for
the employment status data, which was the
original result data. Regarding this job sta-
tus, there were initially eight findings in to-
tal. The information related to the picture
status has been altered to ”yes”, in contrast
to the image status, which has remained at
”no”. A snippet will be generated after the
complete data change process has been suc-
cessfully completed. The employment sta-
tus data (job status), which was the result
data, was reduced from eight results to just
two outcome data. The status of the unem-
ployed is changed to No, and the status of
the employed is changed to Yes. The pro-
cess of modifying and categorizing data, as
exemplified by the structured datasets pro-
vided, enhances the clarity and usefulness
of the information for analysis and decision-
making. By organizing attributes such as
Gender, Curriculum, Field of Study, Fac-
ulty, Graduate Level, Campus, GPA Level,
and Job Status into a standardized format,
stakeholders can more effectively interpret
and utilize the data.
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2.4 Modeling
The data analysis at this stage in-

volves the utilization of models and data
mining techniques, encompassing five dis-
tinct procedures: Decision Tree, Ran-
dom Forest, Gradient Boosting Tree, Naïve
Bayes, and K-Nearest Neighbor analysis.

The machine learning model known
as a decision tree (DT) is multifunctional
and user-friendly, and it may be utilized
for classification as well as regression prob-
lems. In terms of its conceptual represen-
tation, it is comparable to a flowchart, with
each internal node representing a feature (or
attribute) and a choice depending on the
value of that feature, which then leads to
following branches that reflect the various
possible outcomes. An ultimate choice or
forecast is represented by the leaf nodes of
the tree. Decision tree prediction catego-
rizes occurrences that qualify for the under-
lying event. Each hierarchy makes deci-
sions hierarchically. It has 3 symbols: 1)
The root node is the uppermost interme-
diate node that clearly represents the deci-
sion norm; 2) the line represents the deci-
sion link; and 3) the bottom node, called
the leaf node, represents the group of data
that will be forecast to the root node of the
decision tree, or the decision results. The
decision tree process must choose the opti-
mum properties to lay out the root nodes for
separation. Eq. (1) shows the number of
branches, sub-branches, and other branches
with feasibility values. Fig. 2 shows each
variable (C1, C2, and C3) as a circle, and
the judgment outcomes (Class A and Class
B) as rectangles. To properly categorize a
sample to a class, each branch is labeled as
”True” or ”False” based on the outcome of
the test of its preceding node.

According to the Random Forest ap-
proach (RF), in order to acquire the desired
results, it is necessary to execute the same

Fig. 2. A decision tree (DT) illustration.

predictive model several times on the same
data set. Each time a training session is car-
ried out, a distinct subset of the training data
is selected. The decisions that are produced
by the prediction models are then used to
cast a vote on which class is selected the
majority of the time. As a consequence of
this, the problem of excessive variance that
originatedwith each tree would be resolved.
After selecting the master from several dif-
ferent decision trees, with the number of
predictive models ranging from ten to more
than one thousand, each of which receives
a distinct collection of data sets and gener-
ates its own forecasts, the final prediction
result is selected from the prediction values
that received the most votes. A few differ-
ent decision trees are selected. Fig. 3 shows
an example of a random forest made up of
three distinct decision trees. A random sub-
set of the training datawas used to train each
of those three decision trees.

Fig. 3. Random forest approach (RF) illustra-
tion.
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The Gradient Boosting Tree tech-
nique (GBT) has gained prominence due to
its superior performance in predictive mod-
elling tasks. This technique is a power-
ful ensemble learning technique. Gradi-
ent Boosting Tree is a method that pro-
duces a sequence of decision trees progres-
sively, with each tree learning to remedy
the flaws of its predecessors. This contrasts
with Random Forest, which groups together
numerous decision trees at the same time.
Gradient descent optimization is the foun-
dation upon which GBT is built. In this ap-
proach, the method minimizes a loss func-
tion by iteratively fitting new trees to the
residual errors of prior models. This is the
fundamental idea behind GBT. At each it-
eration, the method calculates the gradient
of the loss function and compares it to the
prediction that the current ensemble of trees
has provided. After that, it creates a new
tree that is designed to imitate the negative
gradient, which ultimately results in a re-
duction in the residual error as shown in Fig.
4.

Fig. 4. Gradient Boosting Tree (GBT) illustra-
tion.

A classification method with an in-
dependence assumption among predictors,
the Naïve Bayes classifier (NB) is based on
Bayes’ Theorem. A Bayes classifier, to put
it simply, makes the assumption that the ex-
istence of a given feature in a class is inde-
pendent of the existence of any other fea-

ture. For classification tasks like text classi-
fication, this well-liked supervised machine
learning technique is employed. It simu-
lates the distribution of inputs for a certain
class or category since it is a member of the
generative learning algorithm family. With
this method, the algorithm can quickly and
accurately produce predictions since it is
predicated on the idea that the attributes of
the input data are conditionally independent
given the class. The new sample instance
in Fig. 5 is represented by the “white” cir-
cle, and it must be assigned to the “red” or
“green” class.

Fig. 5. Naïve Bayes classifier (NB) illustration.

The K-nearest Neighbors’ method,
or KNN for short, is made to solve re-
gression and classification issues with ease.
Its foundational principle assumes that in-
stances that are similar to each other are
situated close to each other in the feature
space. KNN requires all available exam-
ples to be stored for it to work. New cases
are then categorized using a similarity mea-
sure. Distance metrics like the Euclidean
distribution or the Manhattan distance are
frequently used to construct this similar-
ity measure. KNN is used in classification
tasks to determine which class label is more
commonly used among a given data point’s
K-nearest neighbors. The value of K, or
the number of neighbors that should be con-
sidered, is one of the most crucial factors
that defines the efficacy of the model and
its ability to be generalized. A larger K
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value produces smoother decision borders
with the possibility for a higher bias, while
a smaller K number produces choice bor-
ders that may be more complex and have a
higher variation. Similar to this, KNN can
predict the result of a new data point in re-
gression tasks by averaging the target val-
ues of its closest neighbors or by taking the
majority vote. A simplified illustration of
the K-neighbor algorithm is shown in Fig.
6. Because the ”star” obtains more ”votes”
from the ”green” class, it is classified as
”red” when K = 3. However, the identical
sample item is classified as ”red” with K = 6
since it now obtains more ”votes” from the
”blue” class.

Fig. 6. K-nearest Neighbors (KNN) illustration.

2.5 Evaluations
Four key metrics—accuracy, preci-

sion, recall, and F-measure—are commonly
employed to evaluate the performance of
data categorization models. Two methods
of data division are utilized: split testing
and cross-validation. In split testing, data
is divided into training and testing sets in a
70:30 ratio. Cross-validation employs the
K-Fold Cross Validation method, dividing
data into ten equal parts. Model perfor-
mance is assessed using the confusion ma-
trix table, as depicted in Fig. 7.

Fig. 7 displays the confusion matrix
table, utilized for assessing the model’s per-

Fig. 7. Confusion matrix table evaluates model
performance.

formance. A result is deemed a TP (true
positive) when the forecast aligns with the
actual event. False positives, or FPs, occur
when accurate forecasts conflict with actual
outcomes. Conversely, a TN (true nega-
tive) signifies cases where both the predic-
tion and actual data are inaccurate. This im-
plies that predicted outcomes do not match
actual events, and in rare instances where
the prediction is accurate, the event indeed
occurs as predicted. In this study, TP sig-
nifies accurately forecasting graduates se-
curing jobs. FP denotes predicting employ-
ment for a graduate who remains unem-
ployed. TN predicts graduates remain job-
less, contrary to reality. FN indicates pre-
dicting a graduate does not find employ-
ment when they have. Model performance
is evaluated using the confusion matrix as
follows.

Accuracy is calculated as the propor-
tion of correct predictions relative to the to-
tal predictions made, akin to Eq. (2.5).

𝐴𝑐𝑐𝑢𝑟𝑒𝑛𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
.

(2.5)

Recall refers to the process of find-
ing the percentage of data that is retrieved
with all of the necessary information and
satisfies the requirements. This procedure
is considered to be the process of recall. in
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a manner analogous to Eq. (2.6).

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
. (2.6)

A technique for measuring the right
number of numbers is called precision,
based on the information anticipated to rep-
resent the class in question, as shown in Eq.
(2.7).

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
. (2.7)

As seen in Eq. (2.8), the F-Measure
is a technique for averaging the Precision
value, and the Recall value represents the
overall performance of the response class.

𝐹1 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
. (2.8)

Specificity, also known as the True
Negative Rate, is the percentage of samples
that are really of the Negative Class and are
projected to be of that class, as indicated in
Eq. (2.9).

𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
, (2.9)

𝐹𝑃𝑅 =
𝐸𝑃

𝑇𝑁 + 𝐹𝑃
, (2.10)

𝐹𝑁𝑅 =
𝐸𝑃𝐹𝑁

𝑇𝑁 + 𝑇𝑃
. (2.11)

In Eq. (2.10), the False Positive Rate
(FPR) represents the fraction of samples
that belong to the Negative Class but are in-
correctly projected to belong to the Positive
Class. According to Eq. (2.11), the False
Negative Rate (FNR) is the proportion of
positive class samples that are wrongly pro-
jected to be negative class samples.

The ROC AUC (Receiver Operat-
ing Characteristic Area Under the Curve)
score is a widely used metric for evalu-
ating the performance of binary classifi-
cation models. It provides a single mea-
sure that summarizes the model’s ability

to discriminate between positive and neg-
ative classes across various threshold set-
tings. The ROC curve plots the true positive
rate (sensitivity) against the false positive
rate (1-specificity), illustrating the trade-off
between recall and the false positive rate.
The AUC score, which ranges from 0 to
1, represents the probability that the model
will rank a randomly chosen positive in-
stance higher than a randomly chosen neg-
ative one. A model with an AUC score
of 0.5 is equivalent to random guessing,
while a score of 1 indicates perfect discrim-
ination. This metric is particularly useful
in imbalanced datasets where other perfor-
mance measures might be misleading, mak-
ing the ROC AUC score a crucial tool for
assessing the robustness and effectiveness
of classification models.

2.6 Development
Following the evaluation of the fore-

casting model, a graduate from Rajaman-
gala University of Technology Lanna se-
cured employment. The researcher intends
to disseminate the findings to relevant uni-
versity departments, the Office of Aca-
demic Affairs and Registrars, and admis-
sions departments to optimize data utiliza-
tion. The insights gained, including the
benefits of addingmajors or courses, can in-
form curriculum development and enhance
student admissions processes.

3. Results and Discussions
In order to conduct this study, the

dataset that was utilized was collected
from Rajamangala University of Technol-
ogy Lanna, which is located in Chiang-
mai, Thailand. A total of 4,352 samples
of data that are important to the employ-
ability and academic performance of stu-
dents during the academic year 2023 are in-
cluded in the dataset. Following the con-
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clusion of split testing, the test results are
presented sequentially for clarity. In addi-
tion, it is essential to compare the results
across the board when the process of pro-
jecting the data and performance is being
carried out. To ensure meaningful and re-
liable interpretation, multiple performance
metrics—including accuracy, recall, preci-
sion, F1-score, and AUC—were jointly an-
alyzed rather than relying on a single indi-
cator.

At the center of the performance
analysis of any model that is derived from
the ROC curve is the value of the AUC,
which stands for the area under the curve.
We consider this number as a key signal
to determine the model’s ability to differ-
entiate between distinct classes. The fact
that the area under the curve (AUC) value
has increased indicates that the model is
more successful in distinguishing between
positive and negative classes, as demon-
strated in Figs. 8(a) – 8(e). However, AUC
alone cannot fully represent model stabil-
ity in real-world prediction tasks; therefore,
the trade-off between precision and recall
must also be considered. In Fig. 8(a), Ran-
dom Forest has 0.784 AUC. Random For-
est has the second-highest AUC, indicating
strong class differentiation. Random Forest
has the best F1-score, indicating a balance
between accuracy and recall, but its AUC is
lower than Gradient Boosted Trees’. This
suggests that RF generates more stable pre-
dictions due to its ensemble of decorrelated
trees, which reduces overfitting and handles
heterogeneous educational data more effec-
tively than GBT.

In Fig. 8(b), the Naive Bayes method
has an AUC of 0.783. AUC values are
higher than decision trees and equivalent
to K-nearest Neighbors. The Naive Bayes
model can distinguish classes; however, it
is not the most accurate. The decision trees

in Fig. 8(c) have an AUC of 0.778. Its
lowest AUC indicates that it can differen-
tiate lower classes relative to other mod-
els. However, decision tree’s accuracy and
F1-score values remain acceptably distinct,
indicating that the model is still success-
ful in some cases. In Fig. 8(d), the K-
nearest Neighbors has an AUC of 0.783.
The AUC value matches the Naive Bayes
method, indicating excellent class differen-
tiation. Despite a lower AUC value, K-
Nearest Neighbors has a higher F1-score
than Naive Bayes. We get 0.813 AUC for
gradient-boosted trees. Its area under the
curve (AUC) value is the highest of all mod-
els, indicating that it can distinguish classes
well. As shown in Fig. 8(e), a high area
under the curve (AUC) value suggests that
true positive and true negative prediction
rates are higher than false positive and false
negative prediction rates. However, the se-
quential boosting process makes GBTmore
sensitive to noisy or imbalanced datasets,
explaining why GBT—despite having the
highest AUC—still yields a lower F1-score
and less consistent performance than RF.

AUC measurements of the ROC
curve allow us to draw inferences.
Gradient-boosted trees have a high AUC
and stand out as a model that can distin-
guish the best-performing classes among
all models. Random Forest has the highest
F1 score and AUC. This makes it a useful
memory aid for balancing accuracy and
recall. Naive Bayes and K-Nearest Neigh-
bors have equal AUCs, indicating they can
distinguish classes well. Decision trees
have the lowest AUC but high accuracy and
F1-scores, making them a favorable choice
in some cases. If you need a model that can
distinguish high classes, gradient-boosted
trees may be best. However, if you want a
model that balances precision and recall, a
random forest may be better.
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Fig. 8. Five models with a ROC curve.

Taken together, these results sug-
gest that GBT excels in ranking capabil-
ity, while RF provides the most consistent
classification performance. For practical
employability prediction—where both mis-
classification types matter—RF’s balanced
precision–recall behavior makes it a more
reliable model than GBT despite its lower
AUC.

Five distinct machine learning mod-
els are compared in Table 2 based on perfor-
mance metrics: Random Forest (RF), Gra-
dient Boosting Trees (GBT), Naive Bayes

(NB), K-Nearest Neighbors (KNN), and
Decision Trees (DT). Accuracy, recall, pre-
cision, F1-score, and area under the curve
(AUC) are the measures that are taken into
consideration.

Table 2. Consider each model’s overall perfor-
mance.
Model Accuracy Recall Precision F1-score AUC
RF 83.72 78.98 83.68 81.26 0.784
GBT 81.96 81.11 79.75 80.42 0.813
NB 81.66 78.21 79.92 79.06 0.783
KNN 82.06 78.03 80.77 79.38 0.783
DT 83.12 77.89 83.42 80.56 0.778

Random Forest (RF): With a good
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F1-score of 81.26, RF achieves the highest
accuracy (83.72%) and precision (83.68%).
Its recall rate is 78.98%, and its AUC is a
reasonable 0.784. Gradient Boosting Trees
(GBT) show the greatest AUC (0.813) and
strong recall (81.11%). It has an F1-score
of 80.42, accuracy of 81.96%, and precision
of 79.75%. With an accuracy of 81.66%,
recall of 78.21%, precision of 79.92%, and
an F1-score of 79.06, Naive Bayes (NB) ex-
hibits impressive results. It has an AUC of
0.783. K-Nearest Neighbors (KNN) has an
F1-score of 79.38, accuracy of 82.06%, re-
call of 78.03%, and precision of 80.77%. It
has an AUC of 0.783. Decision Trees (DT)
has the lowest AUC of 0.778 out of all the
models, with an accuracy of 83.12%, preci-
sion of 83.42%, F1-score of 80.56, and re-
call of 77.89%.

Overall, both DT and RF demon-
strate higher levels of accuracy and preci-
sion, with RF having a slightly higher F1-
score than DT. It is possible that GBT is a
strong contender because to its greater re-
call and AUC; however, this will rely on
the usage and the significance of each met-
ric. Based on a holistic evaluation of all
performance indicators, the Random For-
est model is the most suitable algorithm
for employability prediction, as it provides
strong accuracy, precision, and F1-score
while demonstrating greater robustness to
overfitting compared to GBT.

4. Conclusion, Limitations and Fu-
ture Research Ideas

This study compared five machine
learning algorithms—Decision Tree, Ran-
dom Forest, Gradient Boosted Trees, Naïve
Bayes, and K-Nearest Neighbors—to pre-
dict the employability of graduates from
Rajamangala University of Technology
Lanna (RMUTL). Among the models, Ran-
dom Forest demonstrated the best overall

performance, particularly in accuracy and
F1-score, making it the most effective ap-
proach for practical employability predic-
tion. Although Gradient Boosted Trees
achieved the highest AUC, its lower sta-
bility across metrics suggests that Random
Forest offers a more balanced and reliable
solution.

The findings are consistent with prior
research in educational data mining. Kot-
siantis [17] reported the usefulness of Deci-
sion Tree and Naïve Bayes for student out-
come prediction. Natek [18] highlighted
the strength of Random Forest in mod-
eling complex educational datasets, while
[19] and [20] emphasized the growing
importance of data mining and ensemble
learning for supporting academic decision-
making. The alignment between the present
results and previous evidence reinforces
the suitability of ensemble-based models—
particularly Random Forest and Gradient
Boosted Trees—for employment prediction
in higher education contexts.

4.1 Limitations
There are some limitations to this

study, although the results are promising.
First, the study was conducted within a sin-
gle institution, and therefore the findings
may not be generalizable to other universi-
ties or regions. A second limitation is that
the study did not explicitly address the po-
tential issue of class imbalance in employ-
ment status, which may have influenced the
accuracy and comparative performance of
the models. In addition, the study does
not provide detailed information about the
parameter tuning process for each model,
which may raise questions regarding the
fairness and consistency of the comparison.
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4.2 Future Research Ideas
1) Future studies may expand the

dataset to include additional academic years
in order to improve the generalizability of
the model.

2) explored, as these factors may fur-
ther contribute to employability outcomes.

3) Methods to address class imbal-
ance, including SMOTE and cost-sensitive
learning, should be applied to enhance the
stability and fairness ofmodel performance.

4) A job or career guidance appli-
cation based on the best-performing model
could be developed and made available for
use by career services or academic advisors.
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