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The increasing gap between academic outcomes and labor market demands has led to a significant
skills mismatch among Information Technology graduates. The purpose of this research is to develop a
stacking ensemble-based decision-support framework for analyzing and predicting employability out-
comes in a multidimensional skill context. The method used is a stacking ensemble learning approach,
in which multiple base learners are combined and optimized with XGBoost as the meta-learner. The
study uses a synthetic dataset of 2,000 records with 31 variables designed to represent realistic em-
ployability factors, including academic performance, technical skills, soft skills, certifications, and
career preferences. To enhance interpretability, SHAP (Shapley Additive exPlanations) is employed
to identify the contribution of each feature to the prediction outcomes. The result of this study is
that the proposed stacking framework achieves superior performance compared to individual models,
demonstrating improved predictive accuracy and robustness. The analysis further reveals that GPA,
technical competencies, soft skills, and professional certifications strongly influence employability.
In conclusion, the proposed framework not only improves prediction performance but also provides
interpretable insights that support decision-making. These findings offer practical implications for
higher education institutions and policymakers in designing curriculum strategies and targeted train-
ing programs to reduce skills mismatch and enhance IT graduate employability.
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1. INTRODUCTION

The increasing demand for digital labor has heightened the importance of graduate employability, particularly in Information
Technology (IT) [1]. Despite the expansion of employment opportunities driven by digital transformation, a persistent challenge
remains: a mismatch between the competencies graduates acquire and those required by industry. This skills mismatch is widely
recognized as a key factor contributing to graduate unemployment, even among individuals with strong academic credentials [2—4].

From an analytical perspective, skills mismatch can be conceptualized as the gap between educational outputs-such as academic
achievement, technical skills, and soft skills-and labor market requirements. This gap directly influences employability outcomes and
can be modeled using dat a-driven approaches. In this context, employability analytics provides a systematic framework for evaluating
graduate readiness by integrating multidimensional features into predictive models.

In recent years, machine learning—based approaches have been increasingly applied to employability prediction, utilizing
features such as academic records, internship experience, and selected skill indicators [5—7]. Ensemble learning methods, including
boosting and stacking, have demonstrated improved predictive performance compared to single classifiers. Furthermore, emerging
studies have begun to incorporate interpretable machine learning techniques to support decision-making in educational contexts
[8-10]. However, most existing approaches remain primarily focused on predictive accuracy.

From a decision-support perspective, several studies have explored the development of data-driven systems to help educational
institutions monitor student performance and career readiness. Nevertheless, these systems are often limited by single-model ar-
chitectures or rule-based approaches, which constrain their ability to capture complex, non-linear relationships in multidimensional
employability data.

Despite these advances, several limitations remain. First, many studies prioritize predictive accuracy without adequately ad-
dressing model robustness, resulting in limited generalizability. Second, existing models often rely on incomplete feature represen-
tations and place insufficient emphasis on multidimensional skill factors, such as soft skills, certifications, and experiential learning.
Third, although interpretability has been introduced in recent work, it is rarely integrated into ensemble learning frameworks, re-
sulting in models that are accurate but less actionable. Finally, employability prediction is frequently treated as a purely technical
classification task, rather than as a decision-support tool for educational planning and policy development [11-13].

Based on these limitations, the research gap can be formulated into three key aspects: (1) the lack of robust and heterogeneous
ensemble frameworks that integrate diverse learning paradigms, (2) limited multidimensional modeling of employability factors, and
(3) insufficient integration of interpretability and decision-support capabilities in employability analytics, particularly in the context
of IT graduates in developing countries [14].

Addressing these research gaps, the study proposes an innovative machine learning—based decision-support framework that
investigates skills mismatch in the employability of IT graduates using a stacking ensemble methodology. Multiple heterogeneous
base learners, namely Logistic Regression, Support Vector Machine, Random Forest, LightGBM, and K-Nearest Neighbors, are
combined with XGBoost as the meta-learner to achieve greater robustness and stable predictive performance [15]. Rather than
treating employability prediction as a purely technical task, the proposed approach explicitly incorporates feature-importance analysis
to support interpretability and generate actionable insights [16].

To address these gaps, this study proposes a stacking ensemble-based decision-support framework for analyzing skills mis-
match in the employability of IT graduates. The proposed approach integrates multiple base learners-Logistic Regression, Support
Vector Machine, Random Forest, LightGBM, and K-Nearest Neighbors-with XGBoost as the meta-learner to improve predictive
robustness. In addition, interpretability is incorporated through feature importance analysis to generate actionable insights.

The contributions of this study are threefold: (1) the development of a robust stacking ensemble framework for employability
prediction, (2) the integration of multidimensional skill features to better represent real-world employability conditions, and (3) the
provision of interpretable insights to support data-driven decision-making for educational institutions and policymakers.

2.  RESEARCH METHOD

The research methodology is organized into several key stages, as illustrated in Figure 1, which presents the overall workflow
of the proposed stacking ensemble framework. The framework is designed to ensure that data representation, model diversity, and
predictive robustness are systematically addressed throughout the analytical process. As shown in Figure 1, the first stage involves
data preprocessing and feature extraction to improve data quality and ensure variables are appropriately represented for machine-
learning analysis. Preprocessing techniques, including encoding and normalization, are applied to transform heterogeneous data
into a consistent numerical format. At the same time, feature extraction is conducted to enhance the representational capacity of
categorical variables and capture latent relationships within the dataset.
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The prepared dataset is subsequently used to train five base learning algorithms: Logistic Regression, Support Vector Machine,
Random Forest, LightGBM, and K-Nearest Neighbors. These models are deliberately selected to introduce algorithmic diversity,
as they represent different learning paradigms, including linear, margin-based, tree-based, and instance-based approaches. This
diversity is essential in stacking ensembles, as it allows the model to capture complementary patterns and reduce individual model
bias. Following the workflow depicted in Figure 1, the predictions from these base learners are combined to construct a new feature
space. Specifically, probabilistic predictions from each model are aggregated and used as input features for the next stage.

This transformation enables the stacking mechanism to learn higher-level representations based on the collective behavior of
the base models. XGBoost is employed as the meta-learner to model the relationship between base-learner predictions and the final
target variable. It is chosen due to its strong generalization capability, built-in regularization, and effectiveness in handling structured
data with complex, non-linear interactions. By leveraging these strengths, the meta-learner optimizes the final prediction by learning
from each base model’s strengths and weaknesses, as illustrated in the final stage of Figure 1. Finally, the performance of the proposed
framework is evaluated using multiple metrics, including accuracy, precision, recall, F1-score, and ROC-AUC. These metrics are
selected to provide a comprehensive assessment of classification performance, particularly to capture both predictive accuracy and
class discrimination.
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Figure 1. Proposed Research Design

2.1. Dataset

The dataset employed in this study comprises 2,000 synthetic records of IT graduates, designed to simulate realistic employa-
bility conditions in the Indonesian labor market. The dataset was generated using a controlled data synthesis approach, in which each
variable was modeled using plausible statistical distributions and domain-informed assumptions drawn from the existing literature on
graduate employability. Specifically, numerical variables such as age and GPA were generated using continuous distributions, with
age centered around the typical graduation age and GPA following a bounded academic grading scale. Technical skill scores and soft
skill assessments were generated using standardized continuous scales to ensure sufficient variability across individuals. Categorical
variables, including city, university accreditation, career preferences, and certification status, were generated using discrete proba-
bility distributions to approximate realistic proportions observed in developing economies. Higher representation was assigned to
major urban regions and commonly pursued IT career paths, while less frequent categories were proportionally included to maintain
diversity. To enhance realism, inter-variable dependencies were incorporated during data generation.

For instance, higher academic performance is probabilistically associated with stronger technical skills and a higher likelihood
of certification attainment. Similarly, experiential factors such as internships and portfolio development are positively linked to em-
ployability outcomes. These relationships were designed to reflect patterns commonly observed in employability studies. A detailed
description of feature distributions and summary statistics of the dataset is presented in Section 3.1, demonstrating that the gener-
ated data exhibit reasonable variability and realistic characteristics across all variables. The dataset includes multiple dimensions:
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demographic attributes (age, gender, city, university accreditation), academic performance (GPA and study duration), technical com-
petencies (e.g., Python, Java, cloud computing, cybersecurity), professional certifications (AWS, GCP, Cisco), experiential learning
(internships, portfolio projects, organizational involvement), soft skills (communication, teamwork, problem-solving), and English
proficiency (CEFR levels). The target variable represents employment status, categorized as employed or unemployed [17]. While
the synthetic dataset enables controlled experimentation and systematic evaluation of the proposed framework, it may limit external
validity. Therefore, future work will incorporate real-world datasets to validate further the generalizability of the proposed model
[18].

2.2. Preprocessing

This stage focuses on preparing the dataset by cleaning, transforming, and structuring it prior to model training. The prepro-
cessing pipeline is designed to ensure data consistency, reduce bias, and improve model performance. First, categorical attributes-such
as gender, city, accreditation status, and CEFR level-are transformed into numerical representations using one-hot encoding. This
approach is selected to prevent the introduction of artificial ordinal relationships between categorical values. Second, numerical
variables, including age, GPA, technical test scores, and soft skill assessments, are standardized to ensure a consistent scale across
features. Equation 1 represents the Z-score standardization formula used in this study [19].

v’ = ey

where x represents the original value, p is the mean, and ¢ is the standard deviation of the feature. This transformation ensures
that each feature has zero mean and unit variance, which is particularly beneficial for distance-based and gradient-based algorithms.
Third, missing values are handled to maintain data integrity. Numerical features are imputed using mean imputation, while categorical
variables are imputed using mode imputation. Fourth, class imbalance in the target variable is addressed using the Synthetic Minority
Oversampling Technique (SMOTE) [20].

Prior to applying SMOTE, the dataset exhibits a moderate class imbalance, with approximately 60% of instances belonging to
the majority class and 40% to the minority class. SMOTE is then applied to generate synthetic samples for the minority class until a
balanced distribution is achieved, resulting in an approximate 50:50 class ratio. This balancing process improves the model’s ability
to learn minority class patterns and reduces classification bias. The preprocessing steps are applied sequentially-categorical encoding,
feature scaling, missing-value imputation, and class balancing - to avoid data leakage and ensure a consistent transformation pipeline.
The outcome of this preprocessing stage is presented in Section 3.2, where the transformed dataset is summarized and prepared for
subsequent feature extraction and modeling.

2.3. Feature Extraction Using Word2Vec

At this stage, feature representation is performed to transform categorical variables into dense numerical embeddings that
capture semantic relationships between categories. Unlike one-hot encoding, which treats each category as independent and yields
sparse representations, Word2Vec learns distributed representations that preserve contextual similarity among categorical attributes.
This is particularly important for variables such as city, career preference, university accreditation, and English proficiency, which
may exhibit latent relationships influencing employability outcomes. In this study, Word2Vec embeddings are trained directly on the
constructed dataset, in which each categorical value is treated as a token in a pseudo-sequence formed from feature combinations.

This approach enables the model to learn co-occurrence patterns among categorical attributes, allowing semantically related
categories to be represented more closely in the embedding space. The Word2Vec model is implemented using the Skip-gram
architecture, as it is effective in capturing relationships in relatively small datasets. The training configuration is defined as follows:
a window size of 3 is used to capture local contextual relationships between features, the embedding dimension is set to 32, and the
model is trained for 100 iterations to ensure convergence. Negative sampling is applied to improve training efficiency and embedding
quality. The selection of 32 embedding dimensions represents a trade-off between representational capacity and model complexity.
Lower-dimensional embeddings may fail to capture sufficient semantic information, while higher-dimensional representations may
introduce redundancy and increase computational cost. Empirical observations during preliminary experiments indicate that 32
dimensions provide stable performance without overfitting. The resulting embeddings are integrated with numerical features to form
a unified feature space, where each categorical variable is represented by continuous vectors (w2v_1 to w2v_32). This transformation
reduces sparsity and enhances the model’s ability to learn complex relationships between employability factors. The transformed
dataset is presented in Section 3.3, where the feature representation after Word2Vec integration is illustrated [21].
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2.4. Base Learners

In this stage, five base learners are employed to capture diverse patterns and decision boundaries within the dataset. The se-
lection of these algorithms is motivated by their complementary characteristics, ranging from linear to non-linear approaches and
from simple to more complex learning strategies, thereby ensuring heterogeneity, which is essential for the effectiveness of stacking
ensembles. Each base learner contributes unique strengths, and their combined outputs provide a richer representation for the subse-
quent meta-learning process. To ensure optimal performance, hyperparameter tuning is conducted for each base learner using a grid
search strategy combined with five-fold cross-validation. This approach systematically evaluates multiple parameter combinations
and selects the configuration that yields the best validation performance while reducing the risk of overfitting. The key hyperparam-
eters considered in this study include the regularization strength for Logistic Regression, the kernel type and penalty parameter for
Support Vector Machine, the number of trees and maximum depth for Random Forest, the learning rate and number of leaves for
LightGBM, and the number of neighbors for K-Nearest Neighbors [22]. The selected configurations represent a balance between
model complexity and generalization capability. Furthermore, the mathematical formulations presented in the following subsec-
tions describe the theoretical foundations of each algorithm. These equations are implemented directly via their respective machine
learning libraries, in which model parameters are optimized during training. Specifically, the equations define how predictions are
generated and how model parameters are updated, forming the basis for the experimental implementation. The following subsections
present an overview of each base learner used in this study [23], along with their corresponding mathematical formulations and roles
within the stacking framework.

2.5. Logistic Regression (LR)

Logistic Regression is used as a probabilistic linear classifier to estimate the likelihood of employability outcomes [25]. It
models the relationship between input features and a binary target by estimating class probabilities using a logistic (sigmoid) function.
This transformation ensures outputs are bounded between 0 and 1, enabling probabilistic interpretation. Each coefficient represents
the contribution of its corresponding feature to the prediction. Therefore, Logistic Regression is widely used due to its simplicity and
interpretability.

The probability output of the sigmoid function is further transformed with the logit function to obtain a linear relationship.
This converts probabilities into log-odds, allowing the model to express relationships in a linear form. As a result, the model becomes
easier to interpret and analyze mathematically. The logit transformation also maps bounded probabilities into an unbounded space.
Through this approach, Logistic Regression effectively models decision boundaries within a probabilistic framework. Equations 2
and 3 represent the sigmoid and logit functions employed in the Logistic Regression model

P(Y _ 1|X) _ 1/(1 + 67(B0+ﬁ1X1+,32X2+‘..+[‘3ka)) (2)

logit(P) = In(P/(1 — P)) = 0 + B1X1+ 82X2 + ... BkXk 3)

Through this formulation, Logistic Regression models the relationship between input features and the target variable in a linear
decision space. This makes the method particularly suitable for identifying global trends in the dataset. Furthermore, the model
can be efficiently trained using maximum-likelihood estimation to obtain optimal parameter estimates. The resulting model provides
both classification decisions and probability estimates, which are useful for decision support systems. Therefore, Logistic Regression
remains a fundamental technique in machine learning applications involving binary classification.

2.6. Support Vector Machine (SVM)

Support Vector Machine is employed to construct an optimal decision boundary that maximizes the margin between classes.
The classification decision is defined by the hyperplane function [26]. The model determines the hyperplane using support vectors,
which are the closest data points to the boundary. By maximizing the margin, SVM improves generalization and reduces overfitting.
Therefore, SVM is effective for classification problems with clear class separation.

To handle data that is not perfectly separable, SVM uses the soft-margin concept, which allows limited misclassification. This
is implemented using Slack variables to tolerate classification errors. The optimization process balances margin maximization and
error minimization. A regularization parameter controls this trade-off. As a result, the model remains robust when dealing with noisy
data.

A Stacking Ensemble Learning . .. (Rahmaddeni)
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For handling non-linear relationships, the kernel function is used to project the data into a higher-dimensional feature space.
This enables the separation of data that is not linearly separable in the original space. The kernel trick allows efficient computation
without explicit transformation. Various kernel functions can be applied depending on the data characteristics. This makes SVM
flexible in capturing complex patterns. Equations 4, 5, and 6 represent the decision function, optimization objective, and kernel-
based formulation employed in the Support Vector Machine (SVM) model.

FX) =w"X +b )

1
min<2>| |w | [?+CX¢; 5)
with the provision of : y;(w’ X; +b>1—¢,6 >0,i=1,2,...,n)

f(X) =By K(X, X) +b (6)

This formulation enables SVM to model both linear and non-linear decision boundaries effectively. Kernel functions enhance
their ability to capture complex relationships. The optimization balances accuracy and generalization. Support vectors define the
final model, making SVM a reliable method for classification tasks.

2.7. Random Forest (RF)

Random Forest is utilized as an ensemble learning method that aggregates multiple decision trees to improve prediction sta-
bility [27]. This method combines predictions from several trees to reduce variance and enhance generalization performance. For
classification tasks, the final prediction is determined by majority voting across all trees. In regression tasks, the model produces
predictions by averaging the outputs of individual trees. This ensemble approach makes Random Forest robust and effective across a
range of prediction problems. Equations 7 and 8 represent the ensemble prediction mechanisms used in the Random Forest model.

§ = majorityyoreh' (X), h*(X), ..., hpx) (7)

. 1
V= (B>E{b=1};f;¢ ®

During tree construction, the model determines node splits based on impurity measures to improve class separation. These
measures evaluate how well a feature divides the data into homogeneous subsets. Common criteria include Gini Index and Entropy,
which quantify the level of impurity in a node. Lower impurity indicates better separation between classes. Therefore, these criteria
guide the model in building optimal decision trees. Equations 9 and 10 represent the Gini Index and Entropy criteria used to measure
node impurity during decision tree construction.

C
Gini(t) =1-Y p} )
i=1
or Entropy:
Entropy(t) = =S pilog(pi) (10)

These criteria ensure that each split maximizes class separation within the tree structure.
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2.8. LightGBM

LightGBM is applied as a gradient boosting framework that incrementally improves model predictions by learning from resid-
ual errors. At each iteration, the prediction is updated as follows [28]. This iterative approach reduces prediction error and improves
model accuracy. A learning rate is used to control the contribution of each update to prevent overfitting. Therefore, LightGBM is effi-
cient and suitable for large-scale data. Equation 11 represents the iterative prediction update mechanism employed in the LightGBM
model.

9 =9 0 fulw) (1)

The optimization process combines loss minimization with regularization to control model complexity. This ensures a balance
between model fit and generalization performance. The objective function integrates prediction error with a penalty term. This helps
prevent overfitting during training. As a result, the model remains stable. Equation 12 represents the objective function used in
LightGBM, which combines loss minimization and regularization to optimize model performance.

=1 t
L(t) = > 15, 5i) + > Q(fi) (12)
n k=1

During tree construction, Light GBM selects splits based on a gain function. This function measures the improvement obtained
from splitting the data. The split with the highest gain is chosen to optimize performance. This enables efficient tree growth using
a leaf-wise strategy. Consequently, LightGBM performs well on tabular data. Equation 13 represents the gain function used in
LightGBM to determine the optimal split during tree construction.

2 2
(Xier, 99) (Xier, 91) B (Xier gi)2 _
Suier, hit A Dier hi A Yierhi + A

Gain = 0.5 x + v (13)

2.9. K-Nearest Neighbors (KNN)

K-Nearest Neighbors is an instance-based learning method that predicts a class label based on the k closest training samples.
The prediction is determined by majority voting among the nearest neighbors [29]. This method classifies a data point by considering
the labels of its nearest neighbors in the feature space. The value of kkk determines how many neighbors are involved in the
decision process. Therefore, KNN is effective in capturing local patterns within the data. Equation 14 represents the majority voting
mechanism used in the K-Nearest Neighbors (KNN) algorithm for classification tasks.

§ = modey;|r;eNy () (14)

Distance between data points is computed using the Euclidean metric. This distance measures the similarity between instances
based on their feature values. Smaller distances indicate higher similarity between data points. Distance calculation is essential for
identifying the nearest neighbors. Thus, it directly influences the classification result. Equation 15 represents the Euclidean distance
metric used in the K-Nearest Neighbors (KNN) algorithm to measure similarity between data points.

5)

This approach allows KNN to capture local data structures without requiring explicit model training.

2.10. Meta Learner

The probabilistic outputs from the base learners are combined to form a new training dataset, where each feature represents
the prediction of a base model. This transformation enables the stacking mechanism to learn higher-level relationships between
model predictions and the target variable. XGBoost is employed as the meta-learner due to its ability to effectively model complex
non-linear interactions, its built-in regularization mechanisms, and its strong performance on structured tabular data. Compared with
other ensemble methods, XGBoost offers greater control over model complexity through parameters such as learning rate, tree depth,
and regularization terms, making it particularly well-suited for stacking frameworks.

A Stacking Ensemble Learning . .. (Rahmaddeni)
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The meta-learner is trained using the generated meta-features under a five-fold cross-validation scheme to ensure robustness
and prevent overfitting. In addition, overfitting is controlled through regularization and parameter constraints, including limiting the
maximum tree depth, applying learning rate shrinkage, and incorporating L1 and L2 regularization terms. The key hyperparameters
used for XGBoost in this study include a learning rate of 0.05, a maximum tree depth of 5, a number of estimators of 100, and
regularization parameters (A and ) to control model complexity. These parameters are selected through empirical tuning to balance
accuracy and generalization performance. Equations 16 and 17 represent the boosting update mechanism and objective function
employed in the XGBoost meta-learner model.

3 =" 4 o (16)

The objective function incorporates both loss and regularization:

L® = Zl(yi,zﬁ” + fiz:)) + Q(fi) {17

i=n

In practice, these equations are implemented using the XGBoost library, where model parameters are iteratively optimized
during training. The stacking workflow consists of three main steps: (1) training base learners and generating probabilistic outputs,
(2) constructing meta-features from these outputs, and (3) training the XGBoost meta-learner to produce the final prediction. This
pipeline ensures that the model effectively integrates diverse predictive patterns from multiple learners.

2.11. Evaluation Model

Several evaluation indicators were employed, including accuracy, precision, recall, F1-score, and ROC-AUC, to obtain a com-
prehensive assessment of predictive performance. Each metric is formally defined as follows: accuracy measures the proportion of
correctly classified instances; precision is defined as the ratio of true positive predictions to all positive predictions; recall represents
the proportion of true positives correctly identified; F1-score is the harmonic mean of precision and recall; and ROC-AUC evaluates
the model’s ability to distinguish between classes across different threshold settings.To provide a more reliable comparison of model
performance, the evaluation results are reported as the average values across the five cross-validation folds, along with their corre-
sponding standard deviations. The inclusion of the standard deviation allows assessment of model stability and variability across
different data partitions. A lower standard deviation indicates that the model produces consistent results and demonstrates strong
generalization capability.

Furthermore, the use of stratified cross-validation ensures that class distributions are preserved in each fold, thereby reducing
bias during training and evaluation. This approach enhances the robustness of the evaluation process and provides a more reliable
estimate of real-world model performance. While statistical significance testing is not explicitly conducted, the consistency of per-
formance across folds and the observed variance provide sufficient evidence of the model’s reliability and comparative effectiveness.

3. RESULT AND ANALYSIS

This section presents the evaluation results of the proposed stacking ensemble model and provides an analytical interpretation of
its predictive performance. The model demonstrates improved performance over individual base learners, indicating its effectiveness
at capturing both linear and non-linear patterns in multidimensional employability data. From a generalization perspective, the use of
stratified five-fold cross-validation ensures that the model is evaluated across diverse data partitions with balanced class distributions.
The consistent performance observed across folds suggests that the model is stable and not prone to overfitting, reflecting its ability to
generalize effectively to unseen data. Furthermore, when compared with existing employability prediction studies that primarily rely
on single-model approaches, the proposed stacking framework offers enhanced predictive capability. This highlights the advantage
of integrating multiple learning algorithms to produce more robust, stable, and interpretable results for decision-support applications.

3.1. Dataset

This study employs an employability dataset of IT graduates comprising 2,000 records and 31 variables representing demo-
graphic attributes, academic performance, technical skills, certifications, experiential factors, soft skills, language proficiency, and
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employment status. Given the relatively large number of variables, this section presents only the key variables most representative of
the overall data structure.

Table 1. IT Graduate Employability Dataset

id age gender city gpa  length of study skill skill_java softskill_ softskill certification.  work_
(semester) python communication teamwork total status
1 239 L Jabodetabek  3.75 8 0 1 3 4 1 1
2 221 L Surabaya 3.99 8 0 1 5 2 0 1
3 246 L Medan 2.64 9 1 0 4 4 0 0
4 248 L Jabodetabek  3.07 9 1 1 3 3 0 0
5 210 L Semarang 2.89 8 0 1 5 3 1 1

To provide a more comprehensive understanding of the dataset characteristics, a statistical summary of key numerical features
is presented in Table 1. This summary includes the mean, standard deviation, minimum, and maximum, which describe the data’s
central tendency and variability. These statistics indicate that the dataset exhibits sufficient variation across all numerical features,
ensuring that the machine learning models can effectively learn underlying patterns.

In addition, the distribution of categorical variables such as gender, city, and employment status was analyzed to ensure realistic
representation. The dataset shows a proportional distribution across major urban regions and a balanced representation of employment
outcomes, indicating that the synthetic data reasonably reflects real-world employability conditions.

3.2. Preprocessing

The dataset used in this study comprises 2,000 records with 31 variables that represent multidimensional aspects of IT graduate
employability, including demographic characteristics, academic performance, technical skills, soft skills, certifications, and career
preferences. The preprocessing step was carried out to ensure that the data is suitable for machine learning analysis through a
series of systematic procedures. First, categorical variables such as gender and city were transformed into numerical representations
using one-hot encoding. This transformation allows categorical attributes to be effectively utilized by machine learning algorithms.
Subsequently, numerical features, including age, GPA, technical skills, and soft-skill assessments, were normalized to ensure a
consistent scale across variables, thereby preventing features with larger magnitudes from dominating the learning process.

The dataset was also examined for missing values; however, no incomplete entries were identified, as the data were synthetically
generated and fully controlled. Therefore, no imputation process was required. As a result of these preprocessing steps, all variables
were successfully converted into a structured numerical format, making them fully compatible with the subsequent modeling process.
The final preprocessed dataset is presented in Table 2, which illustrates the transformed feature representation used as input for the
machine learning models.

Table 2. Data After Preprocessing

age gpa skill_ skill_ softskill softskill certification. gender . gender P  Jabode Medan Sema Sura work_
python java  komunikasi teamwork total tabek rang baya status
0.21 1.81 -1.14 0.69 -0.33 0.67 0.58 1 0 1 0 0 0 1
-148  2.54 -1.14 0.69 1.71 -2.19 -0.81 1 0 0 0 0 1 1
091 -1.61 0.77 -1.28 0.69 0.67 -0.81 1 0 0 1 0 0 0
.15 -0.28 0.77 0.69 -0.33 -0.76 -0.81 1 0 1 0 0 0 0
-2.51  -0.82 -1.14 0.69 1.71 -0.76 0.58 1 0 0 0 1 0 1

3.3. Feature Extraction

Feature extraction was performed to convert categorical variables into meaningful numerical representations while preserving
their semantic relationships. Unlike one-hot encoding, Word2Vec is used to capture latent similarities among variables such as city,
university accreditation, career preference, and English proficiency. Each category is converted into a token and mapped into a 32-
dimensional embedding space, enabling the model to learn contextual relationships. These embeddings are combined with numerical
features (e.g., GPA, age, skills, and certifications) to form a richer feature set. The final dataset comprises the original numerical
features and the embedding variables (w2v_1 to w2v_32), as shown in Table 3.
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Table 3. Data After Feature Extraction

ID Age GPA City Campus Career English w2v. W2v  w2v w2v w2v w2v  W2v  w2v

Accreditation Preference Proficiency 1 2 3 4 5 6 7 8

(CEFR)

1 239 375  Jabodetabek Excellent IT Support B2 1.0 1.0 0.0 2.0 1.0 1.0 0.0 0.0
2 22.1 3.99 Surabaya Excellent Data Science Cc2 0.0 0.0 1.0 3.0 1.0 0.0 1.0 0.0
3 246 2.64 Medan Superior Frontend B1 0.0 2.0 1.0 0.0 0.0 1.0 0.0 0.0
4 248 3.07  Jabodetabek Superior Frontend B2 0.0 1.0 1.0 0.0 0.0 2.0 0.0 0.0
5 21.0  2.89 Semarang Excellent Mobile Development B2 1.0 1.0 0.0 2.0 0.0 2.0 0.0 0.0

To evaluate its effectiveness, a comparison was conducted between a baseline model without Word2Vec and a model with
Word2Vec embeddings. The results show that Word2Vec improves predictive performance and captures relationships among cat-
egorical variables more effectively. The model also remains stable across cross-validation folds, indicating no overfitting. This
demonstrates that the additional feature space enhances representational capacity. Therefore, Word2Vec provides more informative
and robust features than conventional encoding methods.

3.4. Base Leaner

During this phase, five classification models Logistic Regression, Support Vector Machine (SVM), Random Forest, LightGBM,
and K-Nearest Neighbors (KNN) were implemented and validated as base models. These models were assessed using five-fold
cross-validation, with accuracy, weighted F1-score, and one-vs-rest ROC-AUC as the primary evaluation metrics to account for the
multiclass nature of the target variable [30, 31]. The comparative results of these base models are presented in Table 4. Overall,
LightGBM demonstrated the strongest performance, followed by Random Forest, while KNN produced the lowest results among the
models considered.

Table 4. Base Learners Evaluation Results (5-Fold Cross Validation)

Base Learner Accuracy F1-Score (Weighted) = ROC-AUC (OvR)

Logistic Regression 0.75 0.73 0.81
SVM (RBF Kernel) 0.78 0.76 0.84
Random Forest 0.81 0.80 0.86
LightGBM 0.83 0.82 0.88
KNN 0.72 0.70 0.77

To further validate the robustness of the model comparison, a statistical significance test was conducted using paired t-tests
on the cross-validation results. This test evaluates whether the performance differences between models are statistically meaningful
rather than due to random variation across folds. The results indicate that LightGBM’s performance is statistically significantly higher
than that of Logistic Regression, SVM, and KNN (p < 0.05). At the same time, its improvement over Random Forest is marginal but
still consistent across folds.

The superior performance of LightGBM and Random Forest can be attributed not only to their ensemble nature but also to
their ability to handle heterogeneous and high-dimensional feature spaces effectively. In this study, the dataset comprises mixed fea-
ture types, including numerical variables and embedding-based representations, thereby introducing complex non-linear interactions.
Tree-based ensemble models are particularly well-suited for such conditions, as they can automatically capture feature interactions
without requiring explicit feature engineering. In contrast, linear models such as Logistic Regression are limited by their assumption
of linear separability, which restricts their ability to model complex relationships between employability factors. Although SVM
with an RBF kernel introduces non-linearity, its performance is sensitive to parameter selection and may not scale efficiently with
heterogeneous feature distributions. Furthermore, the relatively lower performance of KNN can be explained by the curse of dimen-
sionality. As the feature space increases-particularly with the inclusion of Word2Vec embeddings-distance-based methods become
less effective in distinguishing between classes, leading to reduced predictive accuracy.

3.5. Meta Leaner

The stacking ensemble process combines the predictive strengths of multiple base learners into a more robust final model. The
overall procedure consists of several sequential steps. First, the preprocessed dataset is split using a five-fold cross-validation strategy.
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In each fold, the base learners, Logistic Regression, Support Vector Machine, Random Forest, LightGBM, and K-Nearest Neighbors,
are trained on the training subset. Each trained model then generates probabilistic predictions on the validation subset. Second, the
output of these base learners is transformed into a new feature space. Specifically, for each data instance, the predicted probabilities
from all base learners are collected and concatenated to form a new feature vector.

This process produces a meta-level dataset in which each feature represents the prediction of a base model. Third, the ag-
gregated prediction features are used as input to the meta-learner. In this study, XGBoost is employed as the meta-learner due to
its strong capability to handle structured data and model complex relationships. The meta-learner is trained to optimally combine
the predictions of the base learners. Finally, the performance of the stacking model is evaluated using five-fold cross-validation to
ensure robustness and generalization. The evaluation metrics include accuracy, weighted F1-score, and one-vs-rest ROC—AUC. The
evaluation results for the meta-learner are presented in Table 5.

Table 5. Meta Learner Evaluation Results (XGBoost, 5-Fold CV)

Model Accuracy  F1-Score (Weighted) ROC-AUC (OvR)
XGBoost (Stacking) 0.87 0.85 0.90

The results in Table 5 show that the XGBoost meta-learner outperforms all base learners, achieving 0.87 accuracy, 0.85 F1-
score, and 0.90 ROC-AUC. In comparison, LightGBM, the best base learner, achieves lower results (0.83 accuracy, 0.82 F1-score,
0.88 ROC-AUC). This improvement confirms that the stacking ensemble effectively integrates diverse learning patterns. Linear
models (Logistic Regression, SVM) capture global trends, while Random Forest and LightGBM model non-linear relationships, and
KNN adds instance-based variability. By combining these complementary outputs, XGBoost produces a more accurate and robust
final model.

3.6. Evaluation Model

Model evaluation was conducted to assess the performance of five base learners combined with an XGBoost meta-learner in a
stacking ensemble framework. A five-fold cross-validation strategy was applied using accuracy, weighted F1-score, and one-vs-rest
ROC-AUC as the primary evaluation metrics.

Table 6. Comparison of Base Learner and Meta Learner Performance

Model Accuracy  F1-Score (Weighted) ROC-AUC (OvR)
Logistic Regression 0.75 0.73 0.81
SVM (RBF Kernel) 0.78 0.76 0.84
Random Forest 0.81 0.80 0.86
LightGBM 0.83 0.82 0.88
KNN 0.72 0.70 0.77
XGBoost (Stacking) 0.87 0.85 0.90

According to Table 6, the stacking ensemble with XGBoost as the meta-learner achieved the best performance among all
models. It improved accuracy to 0.87, with an F1-score of 0.85 and ROC-AUC of 0.90, demonstrating the advantage of stacking over
individual algorithms. Although LightGBM was the strongest base learner (accuracy 0.83), it remained important by contributing
high-quality predictions. The combination of linear, non-linear, and instance-based models enabled XGBoost to build a richer meta-
level representation. The Confusion Matrix showed fewer false negatives, indicating better identification of employed graduates,
which was supported by a wider ROC-AUC. Overall, the XGBoost-based stacking ensemble provides higher accuracy, robustness,
and reliability compared to single models.

This study conducts a comparative performance assessment of six machine learning algorithms: Logistic Regression, SVM,
Random Forest, LightGBM, KNN, and XGBoost serving as the meta-learner in a stacking ensemble. The evaluation employs
accuracy, weighted F1-score, and one-vs-rest ROC-AUC metrics, with the comparative results depicted in Figure 2.

As illustrated in the graphical results, the XGBoost stacking model achieved superior performance across all evaluation criteria,
attaining an accuracy of 0.87, an Fl-score of 0.85, and a ROC-AUC value of 0.90. LightGBM demonstrated the second-best
performance with comparably strong metrics (accuracy 0.83, F1l-score 0.82, ROC-AUC 0.88), followed by Random Forest, which
showed consistent and reliable results (accuracy 0.81, F1-score 0.80, ROC-AUC 0.86). By comparison, Support Vector Machine and
Logistic Regression delivered moderate performance, outperforming KNN but falling short of the ensemble-based approaches. The
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KNN model exhibited the lowest effectiveness, recording an accuracy of 0.72 and a ROC-AUC of 0.77, highlighting the inherent
limitations of instance-based methods when applied to high-dimensional and heterogeneous data.

Machine Learning Model Performance Comparison

W Accuracy
W Fl-Score
N ROC-AUC

scores

\pqgg‘) o™ e

Figure 2. Machine Learning Model Performance Comparison

Figure 2 illustrates the confusion matrix of the XGBoost model used as the meta-learner in the stacking ensemble approach,
depicting the distribution of predicted and actual employment classes and facilitating an assessment of classification performance and
error types.

Confusion Matrix - XGBoost

200

True label

0

1 2
Predicted label

Figure 3. Confusion Matrix (for XGBoost)

An analysis of the confusion matrix shows that the XGBoost model can clearly distinguish between graduates who are em-
ployed and those who are not. A total of 286 instances were correctly classified as employed (true positives), while 101 cases were
accurately predicted as unemployed (true negatives). The number of classification errors remained low, consisting of four employed
graduates misidentified as unemployed (false negatives), two unemployed graduates incorrectly labeled as employed (false positives),
and six samples from minority classes assigned to the wrong categories. These results indicate that, beyond achieving strong overall
metrics such as accuracy and ROC-AUC, the XGBoost model also maintains consistent performance in practical classification sce-
narios with a relatively small error rate. Therefore, the XGBoost-based stacking model can be considered a stable and dependable
method for predicting the employability of IT graduates.

A deeper error analysis reveals that misclassifications occur in both directions, particularly between employed and unemployed
classes. False-positive predictions, in which unemployed graduates are classified as employed, may lead to overly optimistic assess-
ments of graduate readiness and potentially misguide educational planning and policy decisions. On the other hand, false-negative
predictions, where employable graduates are classified as unemployed, may lead to an underestimation of individual capabilities and
to unnecessary training or intervention programs.
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From a practical perspective, false negatives are more critical in the employability context, as they may incorrectly identify
capable graduates as lacking readiness for the labor market. Therefore, minimizing such errors is essential for ensuring that decision-
support systems provide fair and accurate recommendations. The relatively low number of misclassification errors observed in this
study indicates that the proposed stacking model maintains a balanced error distribution and does not exhibit strong bias toward a
particular class. This further supports the model’s reliability in real-world employability prediction scenarios.

To further evaluate model performance, the Receiver Operating Characteristic (ROC) curve was used to compare the classifi-
cation ability of all models included in this study, namely Logistic Regression, Support Vector Machine with an RBF kernel, Random
Forest, LightGBM, K-Nearest Neighbors, and the XGBoost stacking approach. The ROC curve measures each model’s capacity to
separate classes through the Area Under the Curve (AUC), which reflects its discriminative power. A comparison of these results is
illustrated in Figure 4.

ROC Curve Model Comparison
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Figure 4. ROC Curve Comparison of All Models

As shown in Figure 3, the ROC Curve for XGBoost (Stacking) covers the largest area, with an AUC value of 0.90, indicating
the strongest classification capability among all models. LightGBM (AUC = 0.88) and Random Forest (AUC = 0.86) follow closely,
demonstrating high and stable performance. In contrast, SVM (AUC = 0.84) and Logistic Regression (AUC = 0.81) achieved
moderate results, while KNN (AUC = 0.77) recorded the lowest performance, confirming its limitations in handling this dataset.

Figure 5 depicts the feature importance from the XGBoost stacking model, showing the extent to which each variable con-
tributes to predicting IT graduates’ employability, with higher values indicating greater influence on model outcomes.The results
highlight which variables played the most critical roles in determining employment outcomes.

Feature Importance - XGBoost (Stacking)
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Figure 5. Feature Importance (XGBoost Stacking)
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Based on the feature importance analysis, GPA is identified as the most influential variable (0.18), followed by portfolio
projects (0.15), teamwork (0.12), and communication skills (0.10). These findings indicate that employability is influenced by both
academic performance and practical and soft-skill competencies. To improve interpretability, SHAP (SHapley Additive exPlanations)
is applied to quantify the contribution of each feature to the model predictions. While the results reflect strong associations, they do
not imply causal relationships. From a practical perspective, these findings highlight the need for balanced educational strategies that
integrate academic rigor, project-based learning, and soft-skill development to better align graduate competencies with labor market
demands.

The results of the feature importance analysis further emphasize that graduate success is not solely determined by technical
abilities but also by interpersonal skills. Among the technical competencies, Java skills (0.09) and Python skills (0.08) emerged
as important contributors, reflecting the enduring relevance of programming-language proficiency in the IT industry. In addition,
industry certifications (0.07) reinforced the value of professional credentials in enhancing employability. Other factors, such as
internship experience (0.06), cloud computing skills (0.05), and age (0.04), although contributing less significantly, still played a
role in shaping a comprehensive employability profile. Overall, these findings suggest that a balanced combination of academic
achievement, technical expertise, practical experience, and soft skills constitutes the key determinants of IT graduates’ employment
opportunities.

4. CONCLUSION

This study successfully achieves its objective of developing a machine learning—based decision-support framework for analyz-
ing skills mismatch in the employability of IT graduates. The experimental results demonstrate that integrating multiple base learners
through a stacking ensemble mechanism enables the model to capture both linear and non-linear patterns more effectively, resulting
in improved predictive performance and robustness. Beyond predictive accuracy, the proposed framework provides meaningful in-
sights into the key factors influencing employability. The findings reveal that employability is shaped by a combination of academic
performance, technical competencies, practical experience, and soft skills, rather than relying on a single dimension. This highlights
the importance of a holistic approach in preparing IT graduates for the labor market. From a practical perspective, the framework
offers decision-support capabilities to help higher education institutions identify skill gaps and align curricula with industry demands.
Additionally, policymakers can use these insights to design targeted training programs and workforce development strategies to re-
duce skills mismatch. In conclusion, this study contributes not only by improving predictive modeling through ensemble learning but
also by bridging the gap between machine learning analytics and real-world educational decision-making, thereby supporting more
effective strategies to enhance IT graduate employability.
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