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ARTICLE INFO ABSTRACT

Prediction of student academic achievement is a very important research

Article history area; this can be seen from the many researchers who conduct research
Received in this area. To make predictions, a machine learning model is needed.
Revised Along with their parameters, the majority of machine learning models
Accepted have associated hyperparameters. However, knowing the right mix of

hyperparameters is essential for robust model performance. A
methodical procedure called hyperparameter optimization (HPO) aids in

Keywords determining the appropriate values for them. In this study we compared
Hyperparameters four hyperparameters tuning techniques, namely HyperOpt, Random
Gradient Boosting Tree Search, Optuna and Grid Search. The results of the hyperparameters
Grid Search from each of these techniques are then used in machine learning
Random Search algorithms to predict student academic achievement. Validation uses the
Optuna 5-fold cross validation method while performance testing uses Mean

absolute error. From the experimental results it was found that the
hyperparameter technique The best method for predicting student
academic achievement in machine learning models is gridsearchcv.

This is an open access article under the CC-BY-SA license.

1. Introduction

Predicting academic achievementis one of the main areas in educational data mining [1]. To date,
there are 13,653 documents documented in Scopus that discuss students' academic performance.
Research on student academic achievementwas first conducted in 1954 by Reed M. Merrill in order
to evaluate student academic achievementon probation. Articles related to student academic
achievementfrom 2002 to 2021 totaled 13,016 articles. The country with the highest number of
articles related to the topic of student academic achievementis the United States with 4,098 articles,
followed by India with 815 articles, China, Spain, Australia with 700 articles each. Meanwhile,
Indonesia is ranked 8th with 470 articles. The development of research with a focus on predicting
the academic achievementof students in the last ten years has also experienced a remarkable
increase. There were 1027 articles in Scopus from 2012-2021. Based on these data, the prediction of
student academic achievementis an important and interesting research area to study.

Student academic achievement prediction models generally use the GPA variable as a target.
Classify GPA into classes [2]-[5]. In addition, some researchers use regression models to improve
student academic achievement[6], [7]. Regression models such as graddient boosting regression tree
(GBRT), random forest and neural networks involve a number of hyperparameters that must be
setup before using them [8].

The goal of GBRT is to enhance the regression achievementof a single model by combining
many fitted models. As a result, GBRT uses two algorithms: the decision tree (DT) group's
regression tree and gradient boosting, a general metalearning approach used to combine single
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regression tree models [9]. We will concentrate on this model since it is currently the best-
performing approach for the majority of Kaggle contests [10], [11] and because the achievementis
greatly influenced by the selection of the hyperparameters.

Algorithms that use machine learning automatically pick up new information and, as a result,
modify their internal parameters in response to new information. These parameters are referred to as
"model parameters"” or just "parameters” for short. However, there are some settings that must be
made beforehand rather than being changed throughout the learning process. These parameters are
commonly known as "hyperparameters.” While model parameters illustrate how input data is
converted into the desired output, hyperparameters indicate the structure and organization of the
model itself. Depending on the selection and values of a machine learning model's hyperparameters,
its achievementcan significantly affect, A machine learning can get significantly higher accuracy
when it makes the right hyperparameter tuning [12], [13].

Tuning hyperparameters is an important step before implementing a prediction algorithm [8],
[14]-[16]. Model achievementdepends on hyperparameters model selection [17]. The choice of the
hyper-parameter configuration is known to have a significant impact on the achievementof machine
learning models [16]. [15], [18] Tuning Hyperparameters for Deep Learning, [12], [16], [19] tuning
hyperparameter to machine learning algorithms, [20] to ensemble machine learning, [21] to random
forest, [22], [23] to neural networks, [24] to SVM. [25] Manual search is one method for Hyper-
Parameter optimization; however, this requires a significant amount of time.

The originality of the paper is found in the comparison of numerous hyperparameter tuning
techniques to Predicting Student Academic Achievement. Four hyperparameter techniques are
applied in this research; Grid Search, Random Search, Optuna and HyperOpt.

2. Method

In previous studies we have compared several prediction algorithms to predict student academic
achievement, researchers discovered that the best technique for this is the Gradient Boosting
Regression Tree (GBRT) [6]. For this reason, in this study we tuned hyperparameters on the
algorithm. Figure 1. show the steps for this study.
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Fig. 1. Research Steps

2.1. Hyperparameters

During training, parameters model acquires their values. You cannot manually set this value.
From the provided data, the model learns. Model parameters also include, for instance, the linear
regression model's coefficients [26].

In contrast, hyperparameters are not determined from the data; instead, researchers need to set
them manually. During the model-building phase, researchers must always specify the values for
hyperparameters before starting the training process [26].
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2.2.Gradient Bosting Tree (GBT)

Other names for the Gradient Boosting Algorithm are Gradient Tree Boosting, Stochastic
Gradient Boosting, and GBM. One of the best machine learning models recently established is the
Gradient Boosting Machine (GBM). The GBM performs exceptionally well on medium-sized
datasets with no more than a few million observations and structured data, where the data is
organized into rows and columns. The GBM functions as an ensemble approach by training
numerous individual learners, typically decision trees. This is the fundamental information you
need to understand about the GBM. However, in a GBM, the trees are trained sequentially, with
each tree learning from the mistakes of the preceding ones, unlike in a random forest where the
trees are trained in simultaneously. Gradient Descent is used to aggregate the contributions of each
individual learned during training to create a single strong ensemble learner from the hundreds or
thousands of weak learners (the weights of the individual trees would therefore be a model
parameter).

There are numerous hyperparameters available in the GBM that may be adjusted to influence
both the general ensemble (such the learning rate) and the individual decision trees (such as the
maximum depth of a tree or the number of leaves it has). Because there are complicated
interactions between hyperparameters, it is challenging to determine which combination of
hyperparameters will function best based solely on theory. Thus, hyperparameter tuning is required
because there is no other method to determine the best hyperparameter values than to test a large
number of possible combinations on a dataset.

The ensemble model can be categorized into three main groups: Miscellaneous Parameters,
Boosting Parameters, and Tree-Specific Parameters. The parameters used for defining a tree are;
min_samples_leaf, max_leaf _nodes, min_samples_split, max_depth, min_weight_fraction_leaf and
max_features. Parameters for managing boosting is learning_rate, n_estimators and subsample.
miscellaneous parameters that have an impact on the general functionality are verbose, presort,
warm start random state, loss, and init [27]. We will modify four parameters in this study:
max_depth, learning_rate, n_estimators, and subsample similar to the approach taken by [18], [28]
for tuning GBRT.

Four parameters will be adjusted in this study: max_depth, learning_rate, subsample, and
n_estimators. The n_estimators parameter controls the number of improvement steps, with a higher
number typically enhancing performance as gradient boosting can handle overfitting well; its value
should be between 1 and infinity. The learning_rate parameter adjusts the contribution of each tree;
a higher learning rate means each tree has less impact, creating a trade-off with n_estimators, and
its value ranges from 0 to infinity. Max_depth determines the depth of the tree, with a tree of depth
h capturing interactions of order h, resulting in up to 2h leaf nodes and 2~h - 1 split nodes if set to
h. The subsample parameter indicates the fraction of the sample used for fitting each base learner;
values less than 1.0 lead to Stochastic Gradient Boosting, increasing bias but reducing variance.
The subsample value should be between 0 and 1.

2.3. Data Sets

Prediction of student academic achievementusing data related to education. The process of
processing educational data is called Educational Data Mining (EDM). An Indonesian university
served as the setting for this study. The data set was compiled at the conclusion of the semester of
2022 and consists of 16-week lecture data from every student. In this study, academic data, such as
GPA data, demographic data, which include gender and residence, economic data, such as parental
income data, and student organization activity data derived from student participation in campus
organizations are combined with data from the university's LMS (Moodle) for one semester. These
data are combined with Moodle records that have been extracted. GPA is chosen as the goal column
for this data set's experimentation because it serves as a general benchmark for assessing academic
achievementin students. Student information is taken out of the Moodle LMS, and information from
various sources is combined and filtered in accordance with predetermined standards. The LMS
records were collected for 19 weeks (one semester beginning in February) and resulted in a total of
199,700 recordings 8,500 enrolled students who participated in lectures. When a student registers as
a new student, the academic information system (SIA) provides demographic and academic data,
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while registration data provides economic information. The student affairs department's co-
curricular data comes in the form of extraction findings from university-based organization decrees.
The data's inconsistent values are eliminated. Students with a GPA below 1, those who use the LMS
very infrequently, those who have academic information but no LMS record, and so on are some
examples of these students. Consequently, 4436 student data sets' worth of information were
examined for the study

3. Results and Discussion

Results

To compare the four hyperparameter techniques above, we use the scikit-learn library in Python
i.e.; GridSearchCV, RandomizedSearchCV, Optuna and Hyperopt
3.1.GridSearchCV

The GridSearchCV tool from scikit-learn library in Python was used to tune hyperparameters. It
calculates the score of each model based on the scoring index after all parameters are evaluated. This
helps identify the best model and parameter combination. This method improves development
efficiency by automating the tuning process, but it can be time-consuming, especially as the number
of parameters and possible values increases. Key parameter ranges are typically set and refined
beforehand to help control this.

The first parameter, called Estimator, is a Scikit-learn machine learning model that acts as our
foundational model. The search space is defined by the Python dictionary {param_grid}. There are
256 potential options for our 4-dimensional search space (4 x 4 x 4 x 4). This means that we used
Grid Search to train 576 different models. The scoring system that is used to evaluate the
achievementof the model. Usual classification terms include "accuracy" or "roc auc." The terms "r?"
or "neg_mean_squared_error" are preferred for regression. Grid search will run n_jobs parallel jobs,
which is the number specified below. Set a greater value computer CPU has numerous cores. All
cores are used when the value is -1. This will speed up the execution process. The cross-validation
fold count, denoted as “cv', typically ranges from 5 to 15, with common values being 5, 10, or 15.
With “cv’ set to 5 in this case, each hyperparameter combination is tested five times. This results in a
total of 1,280 iterations (256 combinations x 5 folds). We set the vulnerable parameters as
n_estimators [50, 100, 200, 300], learning_rate [0.1, 1, 1.5, 2], max_depth [2, 8, 12, 16], subsample
[0.9, 0.5, 0.2, 0.1]. The results of experiments using Grid Search are shown in Figure 2.

3.2.RandomizedSearchCV

In addition to Gridsearchcv the scikit-learn library also provides RandomizedSearchCV for
tuning hyperparameters. When choosing the best combination of hyperparameters, random search
does not examine all possible possibilities. Instead, it uses the RandomizedSearchCV function's
n_iter parameter to check a defined number of alternatives that are randomly chosen.

The majority of the variables are the same as those in the GridSearchCV function. In this case,
param_distributions, not param_grid, defines the search space. Aside from that, the number of
hyperparameter combinations to be chosen at random is specified by the n iter parameter. This is
due to the fact that not all hyperparameter combinations defined in the search space are checked by
random search. It just takes a random sampling of possible combinations into account. Here,
n_iter=10 designates that a random sample of size 10 with 10 unique hyperparameter combinations
will be used. Consequently, random search only develops 10 distinct models (previously, 256
models with Grid Search). Controls the randomization of the sample of hyperparameter
combinations obtained at each execution. Any integer will do. The total number of iterations in this
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example is 100 (10 x 10), which is significantly fewer than in the previous situation (1280
iterations). We set the vulnerable parameters as same with Grid Search. The results of experiments
using Random Search are shown in Figure 3.
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Fig. 3. Results from Random Search

3.3.Optuna

According to the authors [29], Optuna offers several key features: (1) efficient searching and
pruning strategies; (2) a define-by-run API that allows users to dynamically create the parameter
search space; and (3) an easy setup and flexible architecture suitable for various tasks, from large-
scale distributed computing to lightweight experiments using an interactive interface. We set the
vulnerable parameters as learning_rate: trial.suggest_float ("learning_rate", 0.1, 0.5), n_estimators:
trial.suggest_int("n_estimators”, 2, 300), subsample: trial.suggest float (“"subsample”, 0.1, 1),
max_depth: trial.suggest_int("max_depth”, 1, 8). The results of experiments using Optuna are
shown in Figure 4.

trial = study.best_trial
print{'MAE: {}'.format(trial.value})
print("Bast hyperparameters: {}".format(trial.params))

MAE: ©.2787275973463638

Best hyperparameters: {'n_estimators’: 186, 'subsample’: 8.6

661231647189927, 'learning_rate’': ©.18819773329797556, 'max_

depth’: &}

Fig. 4. Results from Optuna
3.4. Hyperopt
The Scikit-Learn library can automatically adjust its algorithms owing to Hyperopt-Sklearn. Both

model selection and hyperparameter tuning are possible with it. The solvers RS, SA, and TPE have
been implemented in Hyperopt-Sklearn [30]. We set the wvulnerable parameters space as
learning_rate: hp.uniform(‘learning_rate', 0.1, 1), n_estimators: hp.choice('n_estimators', [100, 200,
300]), subsample: hp.choice('subsample’, [.5, .75, 1]), and max_depth: hp.quniform('max_depth’, 1,
15, 1). The results of experiments using Hyperopt are shown in Figure 5.

SCORE:
2.5297682594263802
SCORE:

©.39407370642178734
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1e0% | NIl 1¢°/10e [es:55<ee:ee, 3.56s/trial, best
loss: B.35686489533686555]

{"learning_rate': 8.18543128484457938, 'max_depth': 5.8,
‘'n_estimators': 1, 'subsample’: 2}

Fig. 5. Results from Hyperopt

The hyperparameter analysis results shown in the Table 1, GridSearchCV emerged as the most
effective technique, with the lowest Mean Absolute Error (MAE) of 0.249. The parameters used in
GridSearchCV, including a small learning rate (0.02) and a high number of estimators (300), show
that this approach successfully optimizes the balance between model complexity and generalization,
allowing the model to learn more deeply and carefully. In contrast, RandomizedSearchCV produces
a slightly higher MAE, namely 0.259, although parameters such as a higher learning rate (0.1) and a
lower number of estimators (50) may cause the model to be less optimal in capturing the complexity
of the data. Optuna, with an MAE of 0.278, shows worse performance than GridSearchCV and
RandomizedSearchCV. The parameters used, such as larger subsamples and lower max depth, may
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limit the model's capacity to effectively capture data patterns. Finally, Hyperopt produced the
highest MAE of 0.368, with parameters such as a very small number of estimators and a low max
depth, indicating that this model most likely suffers from underfitting and cannot adequately capture
the complexity of the data. Overall, GridSearchCV seems to provide the best results and represents a
more effective approach in determining hyperparameters for this model.

Table 1. Hyperparameter Techniques Values

Hyperparameter learning_rate subsample n_estimators max_depth MAE

Techniques

GridSearchCV 0.02 0.5 300 16 0.249

RandomizedSearchCV 0.1 0.5 50 12 0.259

Optuna 0.1 0.666 106 8 0.278

Hyperopt 0.109 2 1 5 0.368
Discuss

Based on the experiments that have been carried out, it shows that GridSearchCV is the best
hyperparameter technique feed with the lowest MAE value. Meanwhile [17] said that Optuna is
better when compared to HyperOpt, Optunity and SMAC. [31] Random search is faster when
compared to grid search, but cannot guarantee the results. [22] Grid Search is better than Random
Search but the best method is Self-Tuning Networks. [32] Grid Search shows better stability than
Random Search. However, this difference is not big. [33] recommend more Random Search to
search for the best hyperparameters. [34] discover that the Hyperopt technique works better than the
Random search and Grid search methods due to its higher mean Gini score, a sign of more accurate
predictions. Random Search shows the best achievementwhen compared to TPE, Grid Search, and
CMAES [35].

4. Conclusion

The results showed that from the comparison of the four hyperparameter techniques, they had
almost the same MAE value. Vulnerable MAE values between techniques are insignificant.
GridSearchCV is a technique that has the lowest MAE value, but to achieve this value requires a
large estimator value and depth and a very small learning_rate.
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