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Abstract

The rapid expansion of language learning in higher education highlights the need for data-driven approaches to monitor
student progress and provide timely instructional support. This study aims to develop a predictive framework for Mandarin
vocabulary mastery using supervised machine learning. A dataset of 147 undergraduate students was analyzed, incorporating
study hours, number of exercises, pre-test scores, and attendance as predictors of learning outcomes. Logistic Regression,
Random Forest, and XGBoost algorithms were trained and evaluated, with XGBoost achieving the highest performance
(accuracy 88%, Fl-score 0.88), demonstrating its superior ability to capture complex learning patterns. Analysis of feature
importance revealed that pre-test scores and the number of exercises were the most influential predictors of student success.
Furthermore, a prototype graphical user interface (GUI) was developed to visualize predictions in real time, enabling
instructors to identify at-risk students and adjust teaching strategies accordingly. The novelty of this study lies in integrating
predictive analytics with pedagogical applications, bridging machine learning and educational practice. Beyond its technical
contributions, this research provides practical insights for higher education stakeholders, showing how predictive models can
support early intervention, enhance curriculum design, and promote evidence-based decision-making in Mandarin vocabulary
instruction.
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1. Introduction

Mandarin Chinese has become increasingly important
in global education, business, and intercultural
communication. Its expanding role has increased the
demand for effective instructional strategies for non-
native learners [1]. However, vocabulary acquisition
remains a persistent challenge in second-language
learning because it requires not only memorization but
also repeated exposure, contextual understanding, and
sustained practice [2]. Conventional teaching
approaches often rely on delayed assessment and
teacher observation, making it difficult to identify
students at risk of poor learning outcomes at an early
stage [3]. This limitation highlights the need for
predictive approaches that can support more timely and
data-informed instructional decisions.

Data-driven prediction has been widely adopted in
educational research to monitor student progress and

estimate academic outcomes. Previous studies have
shown that machine learning can support the prediction
of student success, graduation, and broader academic
performance using structured educational data [4], [5].
In parallel, research on artificial intelligence in
education has emphasized the growing role of
predictive and adaptive systems in improving feedback,
learner support, and self-regulated learning processes
[6], [7]. These developments suggest that predictive
analytics is increasingly relevant for educational
decision-making, but its application remains uneven
across specific learning domains.

In language education, predictive analytics has been
applied to several areas, including reading performance,
pronunciation  assessment, general  language
proficiency, and learner behavior modeling [8-11].
Some studies have used logistic regression and
classification-based methods to estimate language
proficiency or identify learners at risk [9], [12], while
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others have shown that combining multiple predictors
can improve predictive accuracy [13], [14]. Ensemble
methods such as Random Forest have also been
reported to capture nonlinear relationships in learning
outcomes more effectively than simpler baseline
models [15], [16], and broader evidence suggests that
ensemble approaches can reveal hidden patterns that are
not easily detected by conventional statistical
techniques [17], [18].

Recent studies have also highlighted the importance of
prior knowledge, behavioral indicators, and adaptive
modeling in language-related learning contexts.
Research on Mandarin and related educational settings
has emphasized the contribution of prior ability to
subsequent learning performance [19], [20].
Meanwhile, machine learning and deep learning
approaches have shown potential for distinguishing
learner profiles and supporting early intervention [10],
[11], [21].

Other studies have discussed the broader value of Al-
based prediction systems for personalized feedback,
early warning mechanisms, and targeted educational
support [22-24]. Taken together, these studies confirm
the potential of predictive analytics in language
learning, but they also show that the field has focused
more strongly on general proficiency or broad learning
behavior than on vocabulary-specific mastery in
Mandarin. While these studies demonstrate strong
predictive capabilities, most of them focus primarily on
model accuracy rather than on interpretability or
practical classroom integration.

Although prior studies have provided useful insights
into modeling student performance through various
machine learning algorithms [25-29]. Most have been
conducted in English-learning or general academic
contexts rather than in Mandarin vocabulary learning
contexts. Similarly, studies on ensemble and deep
learning models in education have demonstrated strong
predictive capability [30-34], yet many of them place
greater emphasis on model performance than on how
predictions can be translated into practical classroom
use. As a result, two gaps remain evident: first, limited
work has specifically addressed predicting Mandarin
vocabulary mastery; second, practical implementation
for teacher-facing instructional support remains
underdeveloped.

Therefore, this study aims to develop and evaluate
supervised machine learning models for predicting
Mandarin  vocabulary learning outcomes using
behavioral and academic indicators, namely study
hours, completed exercises, pre-test scores, and
attendance. In addition to comparing Logistic
Regression, Random Forest, and XGBoost, this study
introduces a prototype graphical user interface (GUI) to
demonstrate how predictive results can be used in real
time to support education. The novelty of this research
lies in integrating predictive modeling with practical
pedagogical application, thereby transforming model
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outputs into actionable insights for early intervention
and data-informed Mandarin vocabulary instruction.
Beyond predictive performance, this study also
emphasizes methodological transparency and practical
applicability. The proposed framework is designed not
only to generate accurate predictions but also to support
interpretable and actionable use in real educational
settings.

2. Methods

This study uses a quantitative experimental design with
supervised machine learning to predict learning
outcomes of  Mandarin  vocabulary. This
methodological approach was designed to ensure that
each analytical step, from data preprocessing to model
evaluation, directly supports the study’s objective of
predicting Mandarin vocabulary learning outcomes and
providing actionable insights for instructors. Such a
design allows for systematic investigation of patterns
between predictors of learning and performance in a
reproducible and unbiased fashion.

The workflow process involves dataset preparation,
preprocessing, exploratory analysis, model building,
and performance evaluation. Use of a systematic
method in this way not only assures methodological
validity but also aligns with best practices of learning
analytics and educational data mining, as asserted by
[35].

2.1 Research Framework

The research framework provides a clear, sequential
procedure that covers all stages of the study. It begins
with dataset preparation, followed by preprocessing and
exploratory analysis, and continues with model
development and evaluation. The prediction stage is the
final step, in which the trained model generates results
for new input data. This stage also incorporates the
graphical user interface (GUI) as a practical tool to
visualize and apply the model’s real-time predictions
for educational use, as illustrated in Figure 1.

| Dataset |

v

| Preprocessing |
v

| Exploratory Data Analysis |
v

| Modeling |
v

| Evaluation |
v

| Prediction |

Figure 1. Research Framework of the Study
2.2 Dataset

The dataset for this study came from undergraduate
students in an introductory Mandarin course. Each
record contained four predictor variables: weekly study
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hours (Hours Study), number of completed exercises
(Exercises), pre-test score (PreTest), and class
attendance (Attendance), as well as the post-test score
(PostTest). The dependent variable, Status, was derived
from the post-test score, with scores of 70 or higher
labeled Pass and scores below 70 as Fail. The class
distribution was skewed toward the Pass category,
indicating a moderate imbalance between passing and
failing students. This distribution reflects the overall
improvement observed after the course and was taken
into account during model selection and evaluation.
After removing three incomplete records, 147 valid
samples remained, with descriptive statistics presented
in Table 1.

Table 1. Descriptive Statistics of the Dataset

Variable Min Max Mean Std. Dev
Hours_Study 2 10 5.1 1.8
Exercises 15 60 34.7 9.3
PreTest Score 30 85 56.4 12.7
Attendance (%) 60 100 85.2 7.5
PostTest Score 40 95 71.6 11.2

2.3 Data Preprocessing

Data preprocessing was conducted to ensure data
consistency and readiness for model analysis.
Incomplete records were removed, resulting in 147
valid entries for further processing. All numerical
features were normalized to a range between 0 and 1,
and the output variable Status was encoded as binary
(Pass = 1, Fail = 0). The dataset was then divided into
70% for training and 30% for testing, with the post-test
score used solely to define the target label and excluded
from the predictors.

Because the dataset contained more passing than failing
students, model evaluation did not rely solely on
accuracy. Precision, recall, and F1-score were also used
to provide a more balanced assessment of classification
performance in the presence of class imbalance. To
improve robustness, cross-validation was applied
during model development to reduce dependence on a
single data partition and to support more reliable model
comparison prior to final testing.

The cross-validation procedure was conducted within
the training data, while the testing set was reserved for
final evaluation. Due to the exploratory nature of the
study and the absence of complete experimental logs,
specific fold configurations were not retained.

2.4 Exploratory Data Analysis

The exploratory data analysis began with examining the
cumulative distribution of students’ pre-test and post-
test scores to capture overall learning progress. Figure
2 shows that the post-test distribution shifts to the right
compared to the pre-test, indicating measurable
improvement in vocabulary acquisition. The
cumulative curves reveal that a higher proportion of
students reached scores above the passing threshold
after the course. These findings suggest that the learning
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intervention was effective in enhancing vocabulary
mastery.

o Cumulative Distribution of Pre-Test and Post-Test Scores

Test Type
—— PreTest
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Cumulative Probability
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Figure 2. Cumulative Distribution of Pre-Test and Post-Test Scores

A correlation analysis was then conducted to identify
interrelationships among the study variables
influencing learning outcomes. As illustrated in Figure
3, study hours, number of exercises, and pre-test scores
show moderate positive correlations with post-test
performance. Attendance demonstrates a weaker but
still meaningful relationship, underscoring the
importance of consistent participation. These
relationships guided the feature selection process for
Correlation Heatmap of Study Variables
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Figure 3. Correlation Heatmap of Study Variables

Finally, distribution comparisons were performed to
explore how learning behaviors differ between passing
and failing students. Figure 4 shows that those who
passed generally had higher study hours, completed
more exercises, scored better on the pre-test, and
attended classes more regularly. These behavioral
patterns confirm that the selected variables have strong
discriminative power. The results provide a clear
rationale for their inclusion in the machine learning
models.
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comprehensively to

Table 2. Summary of Final Model Configuration

Model Main Configuration
Logistic Solver: liblinear; penalty: L2; maximum
SIstic iteration: 1000; regularization strength (C):
Regression

1.0; random state: 42

Number of estimators: 100; criterion: Gini,
maximum depth: default; minimum
samples split: 2; minimum samples leaf: 1;
random state: 42

Number of estimators: 100; learning rate:
0.10; maximum depth: 3; subsample: 0.80;

Random Forest

/," XGBoost colsample bytree: 0.80; evaluation metric:
logloss; random state: 42
The selected algorithms provide complementary

Figure 4. Distribution of Numerical Variables Based on Pass and
Fail Categories

2.5 Machine Learning Models

This study employed three supervised machine learning
algorithms to predict Mandarin vocabulary mastery:
Logistic Regression, Random Forest, and XGBoost.
Logistic Regression was used as a baseline classifier
because of its interpretability and effectiveness in
binary classification tasks. Random Forest was applied
to capture nonlinear relationships and reduce overfitting
through ensemble learning. XGBoost was selected
because of its strong performance on structured
educational data and its ability to model complex
interactions among learning-related variables.

During model development, parameter tuning and
cross-validation were performed to improve robustness
before final testing. Because the present study was
designed with a practical educational focus and a
relatively modest dataset size, the tuning process was
kept limited, and model configurations were not
exhaustively optimized. Instead, the analysis prioritized
comparative model performance, interpretability of the
main predictors, and practical feasibility for classroom-
oriented deployment.

To improve methodological transparency and
reproducibility, the final model configurations used in
this study are summarized in Table 2. The
configurations represent the main parameters applied
during model implementation. Although the tuning
process was limited due to the modest dataset size,
documenting these settings provides a clearer basis for
interpreting the reported model performance and
supports partial replication of the experimental
procedure.

These configurations were selected to balance
predictive performance and model stability, particularly
because the dataset consisted of only 147 wvalid
observations. Although the models were not
exhaustively optimized, reporting the main parameters
improves transparency and provides a clearer basis for
partial replication. Future studies should retain
complete tuning logs and report all experimental

strengths for the study objective. Logistic Regression
offers a simple and interpretable baseline, Random
Forest captures nonlinear relationships through
ensemble learning, and XGBoost provides stronger
predictive capability for structured educational data.
This combination supports a comparative evaluation of
supervised machine learning approaches for Mandarin
vocabulary outcome prediction.

2.6 Evaluation Metrics

The first evaluation metric used in this study is
accuracy, which measures the proportion of correctly
classified observations among all cases. Accuracy
provides a general assessment of model performance
and is commonly used as a baseline metric in binary
classification tasks; its computation is summarised in
Equation 1.
TP+TN

TP+TN+FP+FN

(1

Here, TP denotes the number of true positives, TN the
true negatives, FP the false positives, and FN the false
negatives. Higher accuracy indicates better overall
classification, though it may mnot fully reflect
performance on imbalanced datasets.

Accuracy =

The second metric is precision, which evaluates the
model’s ability to correctly identify positive cases
among all predicted positives. Precision is critical in
educational prediction, as it reflects confidence in
classifying students as passing, as defined in Equation
2.

TP
TP+FP

)

Precision emphasizes minimizing false positives,
ensuring that students are not incorrectly predicted to
pass. A higher precision score indicates stronger
reliability in positive classifications.

Precision =

The third metric is recall, which measures the
proportion of correctly identified positive cases out of
all actual positives. Recall is crucial when missing at-

risk students could have serious educational

consequences, as shown in Equation 3.

Recall = —=~ 3)
TP+FN
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Recall penalizes models that fail to identify true
positives, ensuring that most students who pass are
correctly identified. High recall indicates that the model
captures most of the students who actually passed.

The fourth metric is the Fl-score, representing the
harmonic means of precision and recall. This measure
balances false positives and false negatives, especially
in the presence of uneven class distributions, as shown
in Equation 4.

Fl1=2x Precz.s%oanecall (4)
Precision+Recall

The Fl-score provides a single value capturing the

trade-off between precision and recall. Higher F1

values indicate a better balance in correctly identifying

both passing and failing students.
2.7 Prediction Process

Once the models were trained and evaluated, the
selected classifier was used to predict student learning
outcomes based on observed behavioral and academic
indicators. New data, including study duration, exercise
count, pre-test score, and attendance, were processed
through the same preprocessing pipeline as the training
data.

The model generated Pass or Fail predictions with
probability scores indicating confidence. This
prediction phase was implemented through a Python-
Tkinter Graphical User Interface (GUI), enabling real-
time use of the model for classroom monitoring and
instruction. The same preprocessing procedure used
during model training was applied to new input data
before prediction to maintain methodological
consistency.

3. Results and Discussions

The results show measurable improvement in students’
Mandarin vocabulary learning, as reflected by higher
post-test scores than pre-test performance. Three
supervised machine learning algorithms, namely
Logistic Regression, Random Forest, and XGBoost,
were trained and evaluated to predict these outcomes.
Among them, XGBoost achieved the best performance
and was further examined through confusion matrix
analysis, feature importance, ROC evaluation, and
prediction output.

3.1 Initial Data Analysis

Descriptive analysis revealed an improvement in
learning outcomes, with mean scores increasing from
56 on the pre-test to 72 on the post-test, indicating a
measurable vocabulary gain. Correlation analysis
revealed a moderate correlation between pre- and post-
test scores (r = 0.52) and between practice intensity
(number of exercises) and post-test scores (r = 0.47),
which suggests that prior knowledge and practice
intensity do matter. The distribution of outcomes
showed that 120 students (81.6%) passed and 27
(18.4%) failed, indicating that most students met the
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minimum mastery threshold after the instructional
period. These results suggest that frequent practice and
prior ability play important roles in Mandarin
vocabulary development and may inform curriculum
planning and early instructional support.

3.2 Model Performance

To compare predictive performance, three supervised
models were trained and tested (Random Forest,
Logistic Regression, and XGBoost). As shown in Table
3, XGBoost provided the best result (accuracy 0.88,
precision 0.89, recall 0.87, F1-score 0.88), followed by
Random Forest (accuracy 0.85) and Logistic
Regression (accuracy 0.81). These findings indicate
that ensemble-based boosting methods more effectively
capture the complexity of learning indicators in
predicting Mandarin vocabulary outcomes. They also
suggest that machine learning can support earlier
monitoring of student performance and more timely
instructional intervention.

Table 3. Performance of Machine Learning Models

Model Accuracy  Precision Recall Fl-score
Logistic 0.81 0.82 0.79 0.80
Regression
Random 0.85 0.86 0.84 0.85
Forest
XGBoost 0.88 0.89 0.87 0.88

The superior performance of XGBoost in this study is
consistent with prior findings that ensemble boosting
methods are effective at capturing complex, nonlinear
relationships in educational data [15], [16]. Compared
with Logistic Regression, which assumes a more direct
linear relationship between predictors and outcomes,
XGBoost is better able to model interactions among
prior knowledge, learning practice, attendance, and
study behavior. This is particularly relevant in
vocabulary learning, where performance is unlikely to
depend on a single factor in isolation.

Compared with Random Forest, which also
accommodates nonlinear patterns, XGBoost benefits
from sequential learning that iteratively corrects
prediction errors. This likely contributed to its stronger
performance in the present dataset, where the predictive
signal appears to emerge from the combined influence
of multiple behavioral and academic indicators. These
findings support the use of boosting-based ensemble
approaches when learner outcomes are shaped by
interacting variables rather than by a single dominant
feature.

3.3 Evaluation of the Best Model XGBoost

The confusion matrix in Figure 5 shows that the
XGBoost model correctly classified most students in
both Pass and Fail categories, with only a small number
of misclassifications. This indicates that the model
achieved balanced classification performance and
effectively ~distinguished learner outcomes. The
relatively low number of errors suggests that the model
is sufficiently reliable to identify learner profiles in the
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present dataset and may be useful for early instructional
support.

Confusion Matrix - XGBoost

60

50

40

True label

30

20

F 10

Predicted label

Figure 5. Confusion Matrix of XGBoost

Feature importance analysis was conducted to examine
the model’s decision-making process. Pre-test scores
contributed the most to the predictions, accounting for
42% of the model weight, followed by the number of
exercises at 31%, attendance at 17%, and weekly study
time at 10%. These results indicate that prior knowledge
and consistent practice are the strongest predictors of
vocabulary mastery. Such insights can guide instructors
in designing adaptive learning activities that reinforce
these key factors, as illustrated in Figure 6.

Feature Importance (XGBoost)

PreTest Score

Exercises

Attendance

Hours Study

k T T T v T T T y
o] 5 10 15 20 25 30 35 40
Feature Importance (%)

Figure 6. Feature Importance of XGBoost

From a language-learning perspective, these findings
reflect vocabulary acquisition as a cumulative and
reinforcement-based process. The strong contribution
of pre-test scores indicates that prior lexical knowledge
provides a critical foundation for subsequent learning,
as learners with stronger initial vocabulary are better
positioned to recognize, retain, and integrate new
words. The importance of completed exercises further
highlights the role of repeated practice and retrieval in
strengthening vocabulary mastery, while attendance
supports sustained exposure and continuity of learning.
These findings align with previous studies highlighting
the interaction between prior knowledge, practice
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intensity, and learner engagement in shaping language
learning outcomes [19-21]. Together, the findings
suggest that vocabulary mastery is not driven by a
single factor, but emerges from the combined influence
of cognitive readiness and sustained learning behavior.

To further strengthen model interpretability, an
additional =~ model-based  feature contribution
visualization was included. The visualization supports
the feature importance results by showing that pre-test
score and completed exercises were the dominant
contributors to the XGBoost prediction output,
followed by attendance and weekly study hours, as
shown in Figure 7.

Feature Contribution of XGBoost Model

Pre-test scare

Completed exercises

Predictor

Attendance

Weekly study hours

0 10 20 30 40 50
Relative Feature Contribution (%)

Figure 7. Model-Based Feature Contribution Visualization of
XGBoost

This pattern indicates that the model’s predictions were
mainly influenced by pedagogically meaningful
variables. In practical terms, students with stronger
initial vocabulary knowledge and more consistent
exercise completion tended to receive higher
probability scores for the Pass category, whereas lower
pre-test scores and limited practice were associated with
a greater risk of being classified as Fail. Future studies
may extend this analysis using SHAP values or other
instance-level explainability techniques to provide a
more detailed interpretation of individual student
predictions.

The ROC-AUC value of 0.99 indicates very strong
discriminative ability of the XGBoost model in
separating Pass and Fail categories within the present
dataset. The ROC curve is presented in Figure 8.
However, this result should be interpreted cautiously
because the dataset contains only 147 valid samples and
was collected from a single learning context. In small
datasets, exceptionally high AUC values may partly
reflect cohort-specific patterns rather than fully
generalizable predictive performance. Therefore, the
high ROC-AUC should not be understood as definitive
evidence of model robustness across different Mandarin
learning populations.

To reduce the risk of overfitting, several precautions
were applied during model development. First, the post-
test score was excluded from the predictor set and used
only to define the target label, preventing direct leakage
from the outcome variable. Second, the dataset was
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separated into training and testing subsets, with the
testing set reserved for final evaluation. Third, cross-
validation was applied during the development stage to
reduce dependence on a single data split. Fourth, model
interpretation was supported by feature importance
analysis, which showed that the prediction was driven
by pedagogically meaningful variables, particularly
pre-test scores and completed exercises. Nevertheless,
further validation using larger samples, external
cohorts, and repeated experimental settings is required
before the model can be claimed to have strong
generalization capability.

ROC Curve - XGBoost

1.0 1 >

0.8 L4

0.6 ’

True Positive Rate
~

0.4 4

0.2 A ’

004 7 ROC curve (AUC = 0.99)

T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 8. ROC Curve of XGBoost (AUC = 0.99)
3.4 Prediction Output

After training and validating the XGBoost model, it was
used to predict new student records not used during
training. The input features included weekly study
hours, number of completed exercises, pre-test score,
and attendance percentage, all of which were processed
using the same preprocessing pipeline as the training
data. The model generated Pass or Fail labels together
with  probability scores indicating prediction
confidence. To demonstrate practical feasibility, a
Python-Tkinter graphical user interface (GUI) was
developed, as shown in Figure 9. The GUI functions as
a prototype interface that allows instructors to enter
student data and obtain real-time predictions for
classroom monitoring and instructional decision-
making.

From an educational practice perspective, the GUI may
extend the predictive model's value beyond statistical
output by making prediction results more accessible to
instructors. Rather than waiting until the end of a
course, teachers may use prediction scores to identify
students who may need earlier support, such as
additional vocabulary exercises, remedial review, or
closer monitoring of attendance. In this sense, the
predictive framework functions not only as a
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classification tool but also as a pedagogically oriented
support mechanism for more responsive teaching.

Gl - X

Mandarin Vocabulary Learning Outcome Predictor

Input Output

Hours Study 7

Probability Score 0.87
Exercises 50
Predicted Status Pass
PreTest Score 68
Attendance 90

Figure 9. GUI for Mandarin Vocabulary Prediction

A small usability observation was also conducted to
obtain preliminary feedback on the GUI prototype. Two
Mandarin instructors were asked to review the interface
workflow, including data input, prediction generation,
and interpretation of the output label. Their feedback
indicated that the interface was simple to operate and
that the Pass/Fail prediction could help instructors
identify students who may require additional support.
However, they also suggested that future versions
should include clearer probability interpretation,
warning indicators for at-risk students, and brief
instructional recommendations linked to the prediction
result. This preliminary observation suggests that the
GUI has practical potential, although broader usability
testing is still required before classroom deployment.

3.5 Limitations and Future Work

Several limitations should be considered when
interpreting the findings of this study. First, the dataset
consisted of 147 valid records collected from a single
cohort of undergraduate Mandarin learners. The
exceptionally high ROC-AUC value should also be
considered in this context, as small and homogeneous
datasets may inflate discrimination metrics and increase
the possibility of overfitting. Although the predictive
results are encouraging, the relatively small sample size
limits statistical stability and increases sensitivity to
sampling variation. As a result, the reported
performance may reflect patterns that are specific to the
present cohort and may not fully represent broader
learner populations.

Second, the class distribution was moderately
imbalanced, with more students in the Pass category
than in the Fail category. To address this condition,
model evaluation was based not only on accuracy but
also on precision, recall, and F1-score to provide a more
balanced assessment. Nevertheless, the imbalance may
still affect sensitivity to minority cases, particularly
students at risk of failing. Future studies may compare
the present baseline approach with alternative strategies
such as oversampling, synthetic minority generation,
undersampling, or class-weighted learning.

Third, the analysis relied on only four predictors: study
hours, completed exercises, pre-test scores, and
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attendance. Although these variables represent
important academic and behavioral indicators, they do
not fully capture the broader factors that may influence
Mandarin vocabulary acquisition. Future research
should incorporate additional educational variables
such as learner motivation, interaction logs from digital
learning platforms, assignment completion patterns,
socio-demographic background, prior exposure to
Mandarin, feedback quality, and learning strategy use.
Including these variables may improve predictive
robustness, reduce model dependency on a narrow set
of indicators, and provide a more comprehensive
understanding of the factors shaping vocabulary
learning outcomes.

Fourth, although cross-validation and comparative
model testing were applied to improve robustness, the
study does not retain a complete record of all detailed
parameter configurations explored during model
development. This limits full methodological
reproducibility and should be acknowledged as a
technical limitation of the present work. Future research
should therefore document tuning settings and
experimental logs more comprehensively.

Lastly, although a small usability observation with
instructors offered preliminary insights into the GUI
workflow, the prototype has not yet been assessed
through systematic classroom trials or broader user
testing. Future research should therefore evaluate its
usability, instructor acceptance, and practical
contribution to instructional intervention and
vocabulary learning outcomes. In addition, future
studies  should incorporate more  advanced
explainability techniques, such as SHAP wvalues or
instance-level feature contribution analysis, to clarify
how each predictor influences individual student
predictions.

4. Conclusions

This study evaluated the effectiveness of supervised
machine learning models for estimating Mandarin
vocabulary learning performance using data from 147
students. The results showed a notable improvement in
mean scores, from 56 on the pre-test to 72 on the post-
test, with an 81.6% pass rate. Among the evaluated
models, Logistic Regression achieved an accuracy of
0.81, Random Forest reached 0.85, and XGBoost
attained the highest performance with an accuracy of
0.88 and an F1-score of 0.88. Although the ROC-AUC
result was high, it should be interpreted as preliminary
because the model was evaluated on a small and
context-specific dataset. These findings indicate that
predictive modeling can effectively capture meaningful
relationships  between learning indicators and
vocabulary outcomes.

The analysis further showed that pre-test scores and the
number of exercises were the strongest predictors,
followed by attendance and study hours. This finding
reinforces the importance of prior knowledge,
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consistent practice, and learner engagement in
Mandarin vocabulary learning. For a practical
demonstration, a prototype GUI based on the XGBoost
model was developed to support real-time prediction
and instructional monitoring.

This study contributes to educational data mining by
demonstrating how predictive modeling can be
effectively integrated with practical pedagogical
applications in Mandarin vocabulary learning.
However, because the study was based on a relatively
small and context-specific dataset, the findings should
be interpreted with appropriate caution. Future studies
should also expand the predictor set by including
motivational, behavioral, demographic, and prior-
language-exposure variables to improve the robustness
and educational relevance of the prediction model.
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