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The object of this study is the prediction of digi-
tal learning achievement. The problems solved in this
study are the low accuracy and efficiency of the predic-
tion model caused by the complexity of the learning data
and the limitations of conventional tuning methods such
as grid search and random search which are unable to
optimally navigate the wide and non-linear parameter
space. The results obtained show that the integration
of quantum annealing into the hyperparameter opti-
mization process can significantly improve model per-
Jormance. Model accuracy increased from 82% to 91%,
with consistent improvements in precision, recall, and
Fl-score. The model also showed faster convergence
and lower losses on both training and testing data, indi-
cating better generalization capabilities to new data.
Interpretation of these results concludes that quantum
annealing can navigate the parameter space efficiently,
exploring combinations of values that are unreachable
by conventional methods. The main feature and charac-
teristic of these results lies in its ability to combine the
computational efficiency of LightGBM with the explo-
ration of complex solutions through quantum methods,
making it very suitable for dynamic learning problems.
The scope and conditions of practical use of the devel-
oped model include digital-based learning management
systems, adaptive learning platforms. These findings are
relevant to be applied in the development of artificial
intelligence-based education systems that support per-
sonalization in the current era of digital transformation
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1. Introduction

The transformation of education towards the digital
era has presented new opportunities and challenges in the
learning process. Although various digital platforms such
as learning management systems have been widely imple-
mented, most are still static and unable to adjust the learn-
ing approach to the individual needs of students [1]. This
inequality raises serious problems, especially in terms of the
effectiveness and equity of learning outcomes. On the other
hand, educational institutions now have access to abundant
and diverse learning activity data, but it has not been opti-
mally utilized to support data-based decision making [2, 3].
The problem becomes more complex when the very large
and diverse learning activity data is not utilized optimally,
even though the data has great potential to produce accurate
learning achievement prediction models, starting from forum
participation data, quiz results, material interactions, learn-
ing duration, to cognitive evaluations. However, educational
institutions currently still have difficulty building adaptive
predictive models due to limitations in managing big data,
identifying hidden patterns, and overcoming the uncertainty
of student learning performance caused by various external
factors such as socio-economic conditions, technological
disruptions, or mental health issues [4, 5]. Machine learning
has emerged as one of the intelligent approaches that is able
to identify patterns from learning data automatically and
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predict student learning outcomes individually. Neural Net-
work is a learning model that can be built to provide adaptive
recommendations, detect the risk of academic failure, and
suggest early intervention [6]. There are shortcomings in ML
algorithms that are highly dependent on the right hyperpa-
rameter optimization process, where finding the best pa-
rameter combination is a complex process that requires high
computation time and is prone to overfitting or underfitting
problems. For this reason, a more efficient and accurate hy-
perparameter optimization method is needed, one of which is
the quantum annealing approach [7]. Quantum annealing is
an optimization method based on quantum mechanics prin-
ciples that is able to explore the solution space more widely
and efficiently than classical methods such as grid search
or random search. This technique is designed to find global
solutions in high-complexity combinatorial optimization
problems, and has shown promising results in various indus-
trial applications [8, 9].

In the context of learning prediction, quantum annealing
can be utilized to optimize the configuration of machine
learning models more quickly and accurately, thereby re-
ducing training time and increasing the precision of student
learning outcome predictions [10]. The integration of ma-
chine learning and quantum annealing in education has
great potential to create an adaptive, precise, and data-driven
learning system that is automatically able to adjust learning
strategies to the conditions and needs of each student. With




this approach, educational institutions can make maximum
use of learning activity data to build models that are able
to predict learning outcomes, recommend materials, and
identify students at risk of academic failure earlier and more
precisely [11, 12]. These studies comprehensively identify key
variables of digital learning activities, such as participation
rate, interaction duration, and response to materials, which
are then processed into input for artificial intelligence-based
prediction algorithms. These studies also offer contributions
in improving the effectiveness of technology-based learning,
increasing the efficiency of decision-making processes in
education, and supporting the ongoing digital transforma-
tion of education. The uniqueness of these studies lies in the
application of quantum computing technology, which has so
far been used more in the fields of logistics, finance, and bio-
informatics, into a relatively new educational realm [13, 14].

Optimizing learning in the digital era has become a very
relevant scientific issue considering the rapid development
of educational technology and the increasing need for adap-
tive, efficient, and personalized learning systems. Amid the
increasing complexity of digital learning data, predictive
approaches based on artificial intelligence are crucial to iden-
tify student learning patterns and adjust teaching strategies
in real-time. The relevance of this issue is also reinforced by
the global demand for education that is responsive to individ-
ual needs, as well as the limitations of conventional learning
models in handling the diversity of learning behaviors. In
this context, the integration of machine learning and quan-
tum computing, especially quantum annealing, is a strong
foundation for presenting predictive solutions that are not
only accurate but also efficient on a large scale.

Therefore, studies that are devoted the integration of
machine learning and quantum annealing is relevant for con-
crete solutions to the problem of learning prediction in the
complex digital era. The results of these studies will provide
important contributions in designing appropriate learning
recommendation systems, accelerating the transformation
of digital education, and strengthening data-based academic
decision-making support systems.

2. Literature review and problem statement

Research [15] applied classification techniques such as de-
cision trees and support vector machines to classify students’
achievement levels based on their demographic data and inter-
active behavior during the online learning process. The model
built in the study showed moderate accuracy and successfully
captured some of the basic patterns of the learning data. How-
ever, there are unresolved issues related to the limitations of
the model’s performance due to the lack of optimal hyperpa-
rameter tuning. The reasons for this may include objective dif-
ficulties in exploring complex and high-dimensional parame-
ter spaces. To overcome this difficulty is to use an optimization
method that is able to explore the parameter space efficiently
and find the optimal configuration in a shorter time. This
approach has been used in other fields through the application
of quantum annealing. So, all of this shows that implementing
the integration of machine learning algorithms with quantum
annealing produces a learning achievement prediction model
that is not only accurate and adaptive.

In research [16], implementing hyperparameter optimi-
zation in deep learning models for educational data mining,
using classical grid search approach and random search

technique. Experiments conducted show that although these
methods are able to improve model performance compared
to default settings. In developing machine learning-based
learning models, the hyperparameter tuning process is a
crucial step that affects the final performance of the model.
Common approaches used, such as grid search and random
search, although widely applied, have significant limitations.
The main problem lies in the high computational cost and
execution time required, especially when dealing with large
and complex parameter spaces. The brute-force method used
in these approaches is inefficient, because it explores all pos-
sibilities without intelligent strategy selection. Approaches
such as quantum annealing have been used in various opti-
mization domains due to their ability to find global solutions
in faster time with higher resource efficiency. So, the integra-
tion of machine learning techniques and quantum annealing
methods can optimize hyperparameters in learning outcome
prediction models.

In research [17] applied a hybrid approach using light
gradient boosting machine (LightGBM) and Bayesian opti-
mization to predict the potential for students to drop out of
school. This study shows that LightGBM is very efficient in
handling large-scale tabular data and has good predictive
ability in the context of education. However, there is an unre-
solved problem related to the limitations of the search space
in Bayesian optimization which is local in nature, so it has
the potential to miss the optimal configuration in a complex
and multi-peak (multi-modal) parameter space. To overcome
these limitations is to apply a global optimization technique
that is able to explore the parameter space thoroughly and
efficiently. Quantum annealing, as a quantum mechan-
ics-based optimization method, has been proven effective
in solving large-scale combinatorial optimization problems
through a global exploration approach to the solution space.
So, the integration of LightGBM with quantum annealing
as an alternative global hyperparameter tuning method can
improve the quality of predictions in the education system.

Research [18] simulated annealing algorithm to solve com-
binatorial optimization problems in educational environments.
The results show that this algorithm is able to effectively avoid
local minimum traps, especially in tasks such as complex sched-
uling and assessment. However, there is an unresolved problem
related to the relatively high convergence time of simulated
annealing. The main reason for this is the explorative nature
of the algorithm which requires many iterations to reach the
optimal solution, thus requiring large computational resources
and inefficient processing time to be applied in real-time or
adaptive digital education systems. To overcome this limitation
is to utilize optimization methods inspired by the principles of
quantum mechanics, such as quantum annealing, which has
been proven to be able to offer faster convergence and wider and
more efficient exploration of the solution space. Thus, integrat-
ing quantum optimization methods such as quantum annealing
into machine learning-based learning models in the context of
education is very much needed.

In research [19] the use of quantum annealing as an op-
timization technique for model parameter tuning in various
domains, such as logistics and energy systems. In the study,
the authors reformulate the hyperparameter optimization
problem into the form of quadratic unconstrained binary
optimization (QUBO), then solve it with the help of the
D-Wave quantum processor. The results obtained show that
quantum annealing is able to find the global minimum ef-
ficiently, even in complex and high-dimensional parameter



spaces. There is an unresolved problem, namely the limited
application of quantum annealing in the context of educa-
tion, especially for hyperparameter tuning in predictive mod-
els of digital learning. To overcome this problem, quantum
annealing was applied to the existing educational machine
learning framework, and tested directly in the case of pre-
dicting learning outcomes based on student behavior data.

In research [20], development of predictive models for
adaptive learning platforms by utilizing deep learning ap-
proaches and real-time student behavior data. This model is
designed to adjust the learning process based on actual stu-
dent interactions with the system, and has been proven to
achieve a high level of prediction accuracy. However, there
are unresolved issues related to the hyperparameter tuning
process which is still done manually. This manual approach
is not only time-consuming and resource-consuming, but
also risks producing suboptimal configurations, especially
in complex and dynamically changing learning environ-
ments. to overcome these limitations is to integrate auto-
matic and intelligent optimization strategies in the hyperpa-
rameter tuning process. So, integrating quantum annealing
in the hyperparameter optimization process for predictive
models on adaptive digital learning platforms can overcome
these problems.

In research [21], application of ensemble learning
framework to predict student engagement level in massive
open online courses (MOOC) platform. In this approach,
several machine learning models are combined to improve
the prediction accuracy of student participatory behavior,
such as frequency of accessing materials, participation in
forums, and completion of assignments. However, there
is an unresolved problem, namely the difficulty in de-
termining the optimal configuration of hyperparameters
of the combined models. Complexity increases with the
increasing number of models in the ensemble, making the
parameter selection process a major challenge that directly
impacts the final performance of the system. to overcome
this difficulty is to treat hyperparameter selection as a
global optimization problem and implement it through a
more robust and efficient method with quantum annealing
emerging as an alternative approach that is able to explore
the solution space widely and find the optimal configura-
tion faster than classical optimization methods. quantum
annealing, which is formulated through the quadratic
unconstrained binary model.

All this allows to assert that it is expedient to conduct a
study on the integration of the quantum annealing method in
the ensemble learning framework for educational predictive
systems is highly recommended.

3. The aim and the objectives of the study

The aim of this study is to develop a learning model that
can be predicted accurately based on student digital data us-
ing a machine learning approach with optimization through
quantum annealing.

To achieve this aim, the following objectives are accom-
plished:

- to integrate quantum annealing in machine learning
models with LightGBM;

- to predict learning models with LightGBM utilizing
quantum annealing to perform hyperparameter optimi-
zation.

4. Materials and methods

The object of this study is the prediction of digital learning
achievement. The main hypothesis of the study is the integra-
tion of machine learning algorithms with the quantum anneal-
ing optimization method can significantly improve the accuracy
and efficiency in predicting digital learning models compared
to conventional approaches such as grid search and random
search. The assumptions underlying this hypothesis include the
assumption that the learning data used is representative and has
high complexity parameters, thus requiring a more efficient and
adaptive optimization method. quantum annealing is expected
to be able to explore space solutions more intelligently and quick-
ly, and find optimal configurations in a shorter time. In the con-
text of the complexity of the system complexity described, this
study assumes that the digital learning environment has uni-
form characteristics and that the metric evaluation model used
is consistent. This simplification is done to ensure that the focus
of the analysis remains on the effectiveness of the prediction
method and not on external variables that are difficult to control.

This study involved 500 respondents consisting of active
students at the higher education level who participated in brave
learning through the learning management system (LMS) plat-
form. Data were collected through two main sources, namely a
Likert-based questionnaire that measures cognitive, affective,
and motivational aspects, and activity log data from the LMS
that includes information such as login frequency, access dura-
tion, task completion, and participation in discussion forums.
The data structure used includes numeric and categorical vari-
ables, with a total of 20 input features classified into three main
groups: data demographics, interactive behavior in the LMS,
and student perceptions of the effectiveness of digital learning.
This data is then processed through the stages of normalization,
removal of duplicate data, and handling of missing values before
being used in the prediction model training process.

This stage includes data cleaning from duplication and
anomalies, handling missing values using the median imputa-
tion method and multivariate regression, normalizing numeric
features using the min-max scaling technique, and transform-
ing categorical features using one-hot encoding. After the
preprocessing process is complete, the data is divided into two
parts, namely the training set of 80% and the testing set of 20%,
using the stratified sampling method to maintain the proportion
of class distribution. Model performance evaluation is carried
out using several metrics, including accuracy, precision, recall,
Fl-score, and AUC-ROC. The evaluation is carried out thor-
oughly with the 5-fold cross-validation method to avoid overfit-
ting and ensure the model’s generalization ability to new data.
The integration between LightGBM and quantum annealing in
this study is expected to produce a prediction system that is able
to accommodate the dynamics of digital learning adaptively and
efficiently, as well as support data-based decision-making pro-
cesses in higher education management in the digital era. This
study begins with the design of a system architecture which is
further explained in Fig. 1.

Fig. 1 shows the architecture of a machine learning-based
learning prediction system with quantum annealing optimiza-
tion that illustrates a workflow consisting of seven main stages
that are integrated with each other to support learning optimi-
zation in the digital era. The process starts from the data collec-
tion stage, where data is collected through the digital learning
assessment form and the institutional database and learning
management system (LMS) containing information related to
digital learning activities, assessments, and interactions. The



collected data is then processed in the data processing stage,
which includes cleaning data from duplication and missing
values, normalizing numeric scales, transforming categorical
features, and exploring the initial data through exploratory data
analysis techniques to identify relevant patterns or irregularities
before the modeling stage. Then the system performs feature
extraction to produce key predictive variables, such as the level
of learning engagement, student digital readiness, learning eval-
uation results, and teaching strategies used. These variables are
important inputs in the machine learning model stage, where
the light gradient boosting machine algorithm is used as the
core model because of its ability to handle large-scale and com-
plex data. At this stage, the parameter space that was optimized
is also defined to obtain the most effective model configuration.

or underfit, so an intelligent optimization approach is needed
to find the best hyperparameter values. In this study, the ap-
plication of quantum annealing is used to solve this problem
efficiently. Mathematically, LightGBM aims to minimize the
total loss function which is a combination of the loss function
and model complexity regularization contained in (1)
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where ( ( Yo j}i) - a loss function such as log loss or mean
squared error, and 2 - a complexity penalty to prevent over-
fitting. The main goal is to find the hyperparameter configu-
ration h € Hwhich minimizes prediction errors on validation
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Fig. 1. System architecture

The model optimization process is carried out by the op-
timization engine which implements the quantum annealing
technique to efficiently explore the parameter space and find the
global optimum solution, especially for hyperparameters such
as the number of decision leaves, tree depth, and learning ratio.
The results of the trained model are then evaluated through the
evaluation metrics stage, using evaluation indicators such as
accuracy, precision, recall, F1-score, and AUC-ROC to measure
the performance of learning achievement predictions compre-
hensively. The integration between the machine learning pro-
cess and quantum optimization is expected to produce a learn-
ing prediction system that is accurate, computationally efficient,
and adaptive to the dynamics of digital learning.

5. Quantum annealing results for optimizing learning
prediction models in the digital era

5.1. Integration of quantum annealing in machine
learning models with LightGBM

In the development of machine learning-based prediction
systems, optimal hyperparameter selection and configuration
is one of the main challenges that greatly affect model perfor-
mance. LightGBM, as a popular and efficient gradient boost-
ing algorithm, is widely used in large-scale classification and
regression tasks, including in the context of digital learning
model prediction. However, the performance of this model is
highly dependent on the combination of hyperparameters such
as num_leaves, max_depth, learning_rate, and min_data_in_
leaf. A non-optimal combination can cause the model to overfit

penalty for each parameter combination. The

solution of this QUBO system, namely z*, is then

mapped back into the optimal hyperparameter
configuration h* to be used in training the Light GBM model
as shown in (4)

h* = decode(z*) = f, 5, (h*)- @

This integration not only improves accuracy, but also
training time efficiency because quantum annealing is able to
perform probabilistic global searches based on quantum phys-
ics phenomena such as tunneling and superposition, which are
difficult to imitate by classical optimization algorithms. With
quantum annealing the system can avoid local minimal traps
in parameter space, which are often the cause of inefficiency
of conventional machine learning models. To optimize the
4 hyperparameters of LightGBM will use the values:

hy: num_leaves — 16 opsi — 4 bit;

h,: max_depth — 8 opsi — 3 bit;

hj: learning_rate — 10 opsi — 4 bit.

hy: min_data_in_leaf — 8 opsi — 3 bit.

Then all hyperparameter combinations can be represent-
ed by n = 14 binary variables z1, z2, ..., z14. quantum anneal-
ing then solves according to (5)

14 14
min S~
Zl,...,zlAe{O,l};jngljZlZ] ®

The final result of quantum annealing will provide a Z* con-
figuration that minimizes the LightGBM loss on the validation
data, and this configuration is used for the final training of the
model. With this approach, the integration of quantum anneal-
ing into the LightGBM model becomes a powerful, intelligent,



and computationally efficient hyperparameter optimization
method. In the context of this research, the QA use allows the
learning model prediction system to be more adaptive to indi-
vidual learning characteristics and digital data uncertainty, thus
encouraging the creation of a more optimal learning process in
the digital era

In the process, preprocessing is carried out on the learning
dataset which includes features such as learning duration,
discussion participation, grade history and number of assign-
ments collected and demographic attributes. The dataset is di-
vided into two parts such as training data of 80% and test data
of 20%. The LightGBM model in the process is trained with the
default configuration as a baseline. Then the hyperparameter
optimization process is carried out using quantum annealing,
especially for important parameters such as learning_rate,
max_depth, num_leaves, and min_child_samples. This op-
timization process maps the tuning problem into the form of
quadratic unconstrained binary optimization which is then
solved using the principle of quantum energy reduction to find
the optimal configuration. The results of the training loss and
test loss trend graphs are shown in Fig. 2.

In Fig. 2, there was training results such as a training loss
trend graph showing that the LightGBM model with default pa-
rameters has an initial loss value of 0.49 which decreases slowly
to reach 0.33 at the 10" epoch. In contrast, the model optimized
with quantum annealing starts training with a lower loss, which
is 0.44, and experiences a faster decrease to reach 0.25 at the
10™ epoch. This shows that the tuned model not only converges
faster but also achieves a lower minimum loss value, indicating
effectiveness in learning data patterns during training. In the
test loss, the default model shows loss stabilization in the range
of 0.34 to 0.35, while the model with quantum annealing is able
to maintain the testing loss at a lower number, which is around
0.27 to 0.28. This proves that the optimized model is not only
superior in training, but also shows good generalization to new
data. In other words, the model does not experience overfitting
and is able to provide accurate predictions on data that has never
been seen before.
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5.2. Learning model prediction with LightGBM uti-
lizes quantum annealing to perform hyperparameter
optimization

The learning model with LightGBM was produce a model
that is integrated with the quantum annealing optimization
technique in predicting efficient learning models in training
and displaying high and stable accuracy performance. Quan-
tum annealing, which is a quantum computing-based ap-
proach, is used to optimize LightGBM hyperparameters such
as learning_rate, num_leaves, and max_depth, which play
an important role in determining the complexity and robust-
ness of the model. This optimization process has successfully
improved the predictive ability of LightGBM, as demonstrat-
ed by the evaluation of the training and testing accuracy
of the model at various epochs. The graph shown in Fig. 2
illustrates the trend of increasing accuracy on both training
and testing data during the training process for 10 epochs.
At the beginning of training (epoch 1), the training accu-
racy was recorded at 80%, while the testing accuracy was
at 78%. Along with the progress of the training process and
the application of the optimal configuration resulting from
quantum annealing, the accuracy increased gradually and
significantly. At epoch 5, the training accuracy had reached
90% and the testing accuracy was at 88%, indicating that the
model not only learned well from the training data, but also
able to generalize to new data. Towards the end of training,
the model accuracy peaked at 93% for training data and 91%
for testing data. The small difference between training and
testing accuracy indicates that the model does not experi-
ence overfitting, and instead has stability in understanding
data patterns. This proves that hyperparameter optimization
using quantum annealing successfully balances the learning
ability and generalization of the model. The following is an
evaluation of the model in Fig. 3.

Fig. 3 will explain the comparison of LightGBM model
performance before and after hyperparameter optimization
using quantum annealing, based on four main evaluation
metrics: accuracy, precision, recall, and F1-score.

Training and Testing Loss Declining Trend

Train Loss - LightGBM (Default)
—=—Train Loss - LightGBM + Quantum Annealing
-=+-Test Loss - LightGBM (Default)
—+—Test Loss - LightGBM + Quantum Annealing

Epoch

Fig. 2. Training loss and test loss trend graph



Comparison of LightGBM Model Evaluation Metrics
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Fig. 3. Model evaluation graph

From the graph, it can be seen that the LightGBM model
with default settings has quite good performance, but can still be
improved. After optimization with quantum annealing, all four
evaluation metrics experienced a significant increase, reflecting
an overall improvement in model performance. Model accuracy
increased from 82% to 91%, indicating that the tuned model is
able to make more accurate predictions overall. Precision, which
measures the accuracy of positive predictions, also increased
from 80% to 89%, meaning the model is more reliable in pro-
ducing correct positive predictions. Recall, which measures the
model’s sensitivity to positive data, increased from 81% to 90%,
indicating that the model is better able to detect correct posi-
tive cases. Fl-score, as a combined metric between precision
and recall, increased from 80.5% to 89.5%, reflects that the
optimized model is not only more accurate, but also balanced
in terms of precision and sensitivity. The improvement in all
these evaluation metrics is evidence that quantum annealing is
effective in finding the optimal hyperparameter configuration,
which ultimately has a direct impact on improving the quality
of predictions. This optimized LightGBM model is not only bet-
ter at classifying, but also more stable and efficient in handling
complex learning data. With this performance, the model is very
suitable for use in intelligent learning systems that require high
accuracy in predicting student achievement or needs.

In the process of building a predictive model, systematic
repetition of execution is an important step to ensure the
consistency and reliability of the results. The model in the
study was run 10 to 30 times to reduce the influence of ran-
dom fluctuations in the training and testing process. Then
validation techniques such as k-fold cross-validation allow
the model to be evaluated on various subsets of data in turn,
resulting in more stable and representative performance esti-
mates. Evaluation metrics such as accuracy, precision, recall,
and F1-score need to be averaged across all validation itera-
tions or folds, and supplemented with dispersion measures
such as standard deviation.

6. Discussion of prediction model with quantum
annealing for learning model optimization

Model development by performing optimal hyperparam-
eter configuration is very important in the development of
machine learning-based prediction systems, especially in the
LightGBM algorithm. To overcome the challenge of finding
the best combination of hyperparameters, the quantum an-
nealing (QA) approach is used as an efficient and intelligent
optimization method. By transforming the problem into the
form of quadratic unconstrained binary optimization (QUBO),
the search process can be carried out through quantum phys-
ics principles such as superposition and tunneling, which
enable probabilistic global search. The results obtained in
this study significantly demonstrate the effectiveness of the
integration of the light gradient boosting machine (LightGBM)
algorithm with the quantum annealing optimization method
in building an accurate and efficient learning achievement
prediction model in the digital era. As shown in Fig. 2, the
decreasing trend in loss in both data training and testing
shows that the model with hyperparameter tuning through
quantum annealing not only reaches convergence faster,
but also produces lower loss values than the model with the
default configuration. This is explained mathematically in
Equations (1) to (5), where the process of finding optimal
values for four main parameters - num_leaves, max_depth,
learning_rate, and min_data_in_leaf - formulated in the form
of quadratic unconstrained binary optimization (QUBO) and
solved through a quantum computing approach. The proposed
method is unique compared to conventional approaches such
as grid search or random search that have been widely used
in ML model tuning. quantum annealing utilizes the princi-
ples of quantum tunneling and superposition to navigate the
solution space globally and probabilistically, thus avoiding the
local minima trap that is often an obstacle in conventional
ML model optimization.



The comparative results in Fig. 3 confirm this advantage: all
evaluation metrics experienced significant improvements after
the optimization process, including accuracy increased from
82% to 91%, precision from 80% to 89%, recall from 81% to 90%,
and F1-score from 80.5% to 89.5%. This shows that this method
comprehensively improves model performance in terms of both
precision and generalization ability. When compared to previous
studies using Bayesian optimization or simulated annealing, the
quantum annealing method is proven to be superior in terms of
computational time efficiency and final configuration quality.

Despite the promising results, this study has several lim-
itations. First, access to quantum annealing hardware such as
the D-Wave processor is still limited and relies on paid cloud-
based services. Second, the transformation of the parameter
space into the QUBO binary format requires a complex rep-
resentation of variables, which if not designed efficiently can
affect the scalability of the system. Third, although the model
shows stability on the test data, the range of data used is still
limited to the context of higher education digital learning, so
generalization to other learning domains such as high schools
or commercial online courses still needs to be validated.

Unlike Bayesian optimization [14] obtaining an accu-
racy increase of 5-6% from the LightGBM baseline, which
relies on the Gaussian process surrogate model and proba-
bility-based exploration, the QA method in this study allows
achieving a higher accuracy increase from the baseline from
82% to 91%, as well as improvements in precision metrics
from 80% to 89%, recall from 81% to 90%, and F1-score
from 80.5% to 89.5% as seen in Fig. 3. This shows that the
QA approach not only produces a more optimal parameter
configuration but also accelerates model convergence, as
seen from the decreasing loss trend in Fig. 2. Then compared
to [13] conducting a simulated annealing approach where the
gradual temperature decrease process sometimes gets stuck
at a local optimum, especially in high-dimensional space,
QA offers advantages in terms of computation time and final
solution quality because it is able to explore the solution space
in a shorter time without losing the quality of the final con-
figuration. In addition, quantum annealing reduces the need
for manual tuning that is usually required by grid search.

This study can actually be potentially applied in the con-
text of elementary education, especially to support adaptive
learning systems in elementary schools. In an elementary ed-
ucation environment, this model can be used to early identify
students who experience learning difficulties, understand
their participation patterns in online activities, and provide
recommendations for teaching strategies tailored to indi-
vidual needs. To ensure the effectiveness of using the model
at this level, supporting conditions are needed such as the
availability of digital learning data through an LMS platform
that is appropriate to the age and characteristics of students,
teacher involvement in data monitoring, and adequate tech-
nological infrastructure in the school environment. With a
pedagogically and technically adapted approach, the applica-
tion of this model in elementary education has the potential
to improve the quality of learning interventions and support
personalization of education from an early stage.

The weakness of this study lies in the lack of exploration
of additional parameters or interactions between features in
the dataset that can affect prediction performance. In addi-
tion, there has been no sensitivity analysis to determine how
much changes in certain hyperparameter values can affect
the prediction results. This weakness can be minimized in
future studies by conducting ablation tests on parameter

combinations or incorporating aspects of model interpret-
ability to explain the contribution of features to prediction
results. Further development of this study includes extending
the model usage scenario into a real-time recommendation
system, where adaptive decisions can be provided directly to
students or lecturers based on predicted learning outcomes.
Possible challenges include the need for integration with
complex LMS systems, model adaptation to sequential or
time-based data (e.g. progressive learning), and limitations
on the stability of quantum devices when used in produc-
tion systems. Methodological challenges may also arise in
combining quantum optimization with deep learning model
architectures that require higher parameterization.

7. Conclusions

1. The integration of quantum annealing (QA) in
LightGBM hyperparameter optimization has been proven to
be effective in improving the accuracy and efficiency of the
training model. By transforming the hyperparameter config-
uration search problem into quadratic unconstrained binary
optimization (QUBO) form, QA is able to explore a large
solution space efficiently and avoid local minimum traps. The
model results show significant improvements in evaluation
metrics such as accuracy of 91%.

2. This study proves that the integration of quantum an-
nealing optimization techniques into the LightGBM mod-
el significantly improves the prediction performance of the
learning model. By optimizing important hyperparameters
such as learning_rate, num_leaves, and max_depth, quantum
annealing successfully improves the generalization ability and
accuracy of the model. Further evaluation shows significant
improvements in all key metrics accuracy increased from 82%
to 91%, precision from 80% to 89%, recall from 81% to 90%, and
Fl-score from 80.5% to 89.5%. This improvement reflects the
balance between the detection ability and accuracy of the model
in predicting complex data. Repeated testing and the use of
cross-validation (k-fold) ensure the consistency of the results, re-
duce random bias, and increase the reliability of the evaluation.
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