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Abstract: This paper presents a comprehensive assessment procedure for evaluating Ensemble-based
Machine Learning algorithms in the context of exoplanet classification. Each of the algorithm hy-
perparameter values were tuned. Deployments were carried out using the cross-validation method.
Performance metrics, including accuracy, sensitivity, specificity, precision, and F1 score, were eval-
uated using confusion matrices generated from each implementation. Machine Learning (ML)
algorithms were trained and used to identify exoplanet data. Most of the current research deals with
traditional ML algorithms for this purpose. The Ensemble algorithm is another type of ML technique
that combines the prediction performance of two or more algorithms to obtain an improved final
prediction. Few studies have applied Ensemble algorithms to predict exoplanets. To the best of
our knowledge, no paper that has exclusively assessed Ensemble algorithms exists, highlighting a
significant gap in the literature about the potential of Ensemble methods. Five Ensemble algorithms
were evaluated in this paper: Adaboost, Random Forest, Stacking, Random Subspace Method, and
Extremely Randomized Trees. They achieved an average performance of more than 80% in all metrics.
The results underscore the substantial benefits of fine tuning hyperparameters to enhance predictive
performance. The Stacking algorithm achieved a higher performance than the other algorithms. This
aspect is discussed in this paper. The results of this work show that it is worth increasing the use of
Ensemble algorithms to improve exoplanet identification.

Keywords: Ensemble algorithms; machine learning; cross-validation; exoplanet prediction; Kepler
object of interest; confusion matrix

1. Introduction

Exoplanets are planets outside of our solar system. The discovery of exoplanets has
been an active field of research in recent decades and has leveraged the development
of various techniques to detect and characterize these distant planets. In 1992, the first
exoplanet was discovered in a closed orbit around a pulsar [1]. Among the exoplanet
detection methods were the following: detection by radial velocity, host star influence
(astrometry), and the transit method. The radial velocity technique detects a planet through
the star’s radial velocity relative to the planetary system’s rotation at its center of mass.
In astrometry, it was discovered that it would be possible to detect an exoplanet via the
influence of its host star on its orbit and luminosity. The transit method detects exoplanets
by identifying the periodic variations in the star’s light as the planet passes in front of the
star during its orbit [2].

In 2009, NASA launched the Kepler telescope in a region of space with more than
200,000 stars, aiming to detect exoplanets. From Kepler’s data, over 1000 candidates
for exoplanets were detected using the transit method. These exoplanets underwent
analysis to verify whether they would indeed be confirmed exoplanets or false-positive
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data originating from different sources, such as binary eclipses or background binary
eclipses. The dataset created by the Kepler program is known as the Kepler Object of
Interest (KOI) [3].

In the past, exoplanet detection relied on manual methods. Currently, researchers are
using Machine Learning algorithms due to the advancements in artificial intelligence [4].
These algorithms are capable of analyzing datasets faster than manual analysis [5]. Super-
vised classification is a commonly used Machine Learning technique for dataset analysis.
It can identify and classify data according to their respective classes [6]. Ensemble algo-
rithms, among others, are a type of classification algorithm. They combine predictions from
multiple algorithms to improve their predictive performance [7].

Many fields, such as medicine, finance, and pattern recognition, have used Ensemble
algorithms. For example, Farooq et al. [8] compared Machine Learning algorithms used
for predictive maintenance of ball bearing systems. They mentioned these algorithms
enhance the efficiency of modern industrial systems. In that paper’s results, the Ensemble
algorithm Extreme Gradient Boosting achieved the highest prediction accuracy of 96.61%.
In spite of that, the application of Ensemble algorithms for exoplanet detection is still
scarce. Several scientific sources support this observation. In a study published by Nigri, E.
and Arandjelovic, O. [9], the researchers only used one Ensemble algorithm. The others
were non-Ensemble. In this paper, the Ensemble algorithm achieved the best performance.
Nonetheless, other researchers have not mentioned the Ensemble algorithms as a viable
approach for identifying exoplanets. Fluke, C. and Jacobs, C. [10] published a literature
review on the artificial intelligence used in astronomy. They identified the five most typical
algorithms for exoplanet detection. However, none of them were Ensemble algorithms.
Schanche et al. [11] compared different Machine Learning algorithms for exoplanet detec-
tion. They provided a comprehensive overview of the techniques used. However, they did
not mention Ensemble algorithms as an approach that has been explored in the scientific
literature related to exoplanet identification.

The scarcity of research using Ensemble algorithms in exoplanet detection is a rel-
evant issue. These algorithms could improve the accuracy and reliability of the results.
Considering the complexity of astronomical data, combining multiple algorithms could
reduce the challenges faced using traditional methods. Therefore, it is evident that there
is a need for further research and studies that explore the use of Ensemble algorithms for
exoplanet identification.

Even though the use of the Ensemble algorithm is still scarce, some papers have shown
that the Ensemble algorithm’s predictive performance is superior to traditional algorithms
in exoplanet databases. Priyadarshini et al. [4] described the use of an Ensemble technique
for a neural network. Their paper’s results showed that the Ensemble algorithm achieved a
better prediction performance than the traditional algorithms. Similarly, Bhamare et al. [12]
compared the performance of four algorithms to predict exoplanets. The two types of
algorithms used were Ensemble and two non-Ensemble. The article results revealed the
Ensemble algorithm Adaboost achieved the best predictive performance.

This paper aims to conduct a comprehensive assessment and comparative analysis of
five Ensemble algorithms—Adaboost, Random Forest, Stacking, Random Subspace Method,
and Extremely Randomized Trees—focusing on their effectiveness in classifying exoplanets
from the KOI dataset. The primary goal was to identify which algorithm performs best in
terms of exoplanet identification. To achieve this, we implemented each algorithm using
cross-validation, followed by the generation of confusion matrices to capture both correct
classifications and errors. From these results, we computed key performance metrics,
including accuracy, sensitivity, specificity, precision, and F1 score, to evaluate and compare
the strengths and weaknesses of each algorithm.

2. KOI Dataset

The exoplanet dataset used in this paper was the KOI. The NASA Exoplanet Science
Institute (NExScI) developed this dataset. It accumulates information on confirmed exo-
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planets, candidate exoplanets for further analysis, and false-positive data. The false-positive
data have patterns similar to exoplanets. However, they originate from other sources, such
as eclipses. The dataset is publicly available for research and provides some tools for
data analysis. The dataset contains fifty columns and 9.654 rows. Some features of this
dataset include the following: stellar parameters (position, magnitude, and temperature),
exoplanet parameters (mass and orbital information), and categorization of the data (light
curve or radial velocity curve) [13].

3. Ensemble Classification Algorithms

The fundamental concept of the Ensemble algorithm is to combine multiple algorithms.
This combination compensates a wrong prediction from an algorithm with a correct predic-
tion from another. Therefore, the final prediction performance of the Ensemble algorithm
will also be better than that of a single algorithm named inductor [7].

Figure 1 illustrates the concept of a typical Ensemble model for classification, compris-
ing two steps [14]:

1. Classifying data using classification algorithms. These algorithms are called classifiers.
2. Unifying multiple prediction results from the classifiers into a single function and

achieving the overall result with a voting scheme.

Data 

transformation
Classifier

Classifier

Predicted result

Data 

transformation

... ...

Predicted result

...

Voting scheme

Final result

Training dataset Test dataset

Figure 1. Ensemble algorithm concept for predicting data.

Five Ensemble algorithms from the Python library scikit-learn were selected for study
based on their diversity in three characteristics: fusion method, dependency, and training
approach [7]. The chosen algorithms were Adaboost, Random Forest, Stacking, Random
Subspace Method, and Extremely Randomized Trees. They are described in Table 1.

Table 1. Characteristics of the Ensemble algorithms.

Algorithm Fusion Method Dependency Training Approach

Adaboost Weighting Dependent Input manipulation
Random Forest Weighting Independent hybridization

Stacking Weighting Independent hybridization
Random Subspace Method Weighting Independent Partitioning

Extremely Randomized Trees Meta-learning Independent Manipulated learning

During the development of an Ensemble Algorithm, it is necessary to consider diver-
sity and predictive performance. Diversity means to unite many inductor models to predict
the data with high performance. To include inductors in the Ensemble model, one must
consider the following approaches:

• Input manipulation: Each base inductor is fitted using different subsets of the data.
• Manipulated learning: The use of each inductor is constantly changed. The way the base

inductor searches the optimal solution under the hypotheses spaces is manipulated.
• Partitioning: The dataset can be split into smaller subsets, where each of them will be

used to train a specific inductor.
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• Hybridization: To join at least two strategies during the construction of the Ensem-
ble algorithm.

3.1. Adaboost

Adaboost is the most well-known Ensemble classification algorithm. The Adaboost
structure relies on dependency. Therefore, the result of each inductor prediction conse-
quently influences the construction of the next one. The central concept of Adaboost is to
focus on previously misclassified instances during the new inducer training.

The first iteration of the algorithm applies an equal weight value to all instances. In the
following iterations, each misclassified instance will receive a higher weight value than the
correctly classified instances. Furthermore, weights are assigned to the inductors according
to their overall predictive performance [7].

3.2. Random Forest

The most popular Ensemble algorithm was presented and independently developed
by Ho, T. [15] and Amit, Y. and Geman, D. [16]. This algorithm was named Random Forest.
Later, this algorithm was modified and became popular via the work of [17]. Random
Forest’s popularity continues to increase due to its simplicity and predictive performance.
Random Forest is also considered an easy method to modify compared to other methods [7].

The fundamental concept of the Random Forest model is to classify the data using
many uncorrelated decision trees because of their randomness. Predictions from deci-
sion trees have higher performance when they are connected rather than individually.
Besides being trained on different datasets, decision trees use specific variables for decision
making [18].

3.3. Stacking

Stacking, or stacked generalization, uses a meta-learning algorithm to learn the best ap-
proach to merge the prediction from three or more Machine Learning algorithms. Stacking’s
primary characteristic is to use the main capacities of various algorithms. The predictions
of each algorithm become a new training dataset and are added to a new layer named
meta-model in the Stacking process [19].

3.4. Random Subspace Method

Ho, T. [20] introduced the Random Subspace Method algorithm and developed it to
build decision trees. This algorithm analyzes the entire dataset with a high dimension
of variables, randomly creates sets of samples of low dimensionality (i.e., a low number
of variables, which, in the literature, is called subspace), and builds a classifier. In the
next step, a combination rule is applied for the final decision. The Random Subspace
Method is a simple and popular Ensemble method. However, using random samples from
a high-dimensional dataset is impractical. Subspace random sampling is time consuming
as it must ensure a sufficient and exact number of samples from a high-dimensional dataset,
leading to considerable computational effort [21].

3.5. Extremely Randomized Trees

The Extremely Randomized Trees or Extra Trees algorithm was proposed by [22].
The algorithm training process is conducted randomly. Besides adding the best attribute
among a random subset of variables, variable split points are also randomly created during
training [7]. Likewise, for each variable (randomly selected in each interior of a node),
a maximum discretization point (cut point) is randomly selected for splitting instead of
choosing the best-cut point based on the local sample [23].

4. Methodology for Evaluating the Algorithms

All algorithms were trained and tested on the online platform Kaggle, which provides
hardware with the following configuration: 30 Gb of RAM and CPU with four cores.
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The algorithms were evaluated according to some performance measurement metrics
mentioned by Tharwat, A. [24]. A confusion matrix was created with the following values:
TP (true positive) exoplanets confirmed and classified as confirmed, TN (true negative)
exoplanet candidates and classified as candidates, FP (false positive) exoplanet candidates
but classified as confirmed, and FN (false negative) exoplanets confirmed but classified
as candidates. The result from the confusion matrix allowed the following metrics to be
calculated and analyzed, where the results of Equations (1) to (5) are multiplied by 100 and
are shown in percentages (%):

Accuracy (Acc): This is the percentage of data predicted correctly. Equation (1) is the
ratio between the samples correctly classified and the total number of data samples.

Acc =
(TP + TN)

(TP + TN + FP + FN)
(1)

Sensitivity (Sen): This is the percentage of data predicted correctly that belongs to
positive classes. It is also called recall. Equation (2) is the ratio between positive samples
classified correctly and the total number of positive samples.

Sen =
(TP)

(TP + FN)
. (2)

Specificity (Spec): This is the percentage of data predicted correctly that belongs to
negative classes. Equation (3) is the ratio between negative samples classified correctly and
the sum of negative samples classified correctly and incorrectly. It is similar to sensitivity
but with a focus on negative classes.

Spec =
(TN)

(TN + FP)
. (3)

Precision (Prec): This is the percentage of correct positive predictions made. Equation (4)
is the ratio between correct classified positive data and the sum of correct and incorrect
classified positive data.

Prec =
(TP)

(TP + FP)
. (4)

F1 score (F1): This is the harmonic mean between precision and specificity. The F1
Score is expressed by Equation (5).

F1 =
2TP

(2TP + FP + FN)
. (5)

Time consumption: Experimentally, this is the time consumed by each algorithm
execution and is measured in seconds. Equation (6) is the difference between the end and
start of the algorithm execution.

TimeElapsed = Endo f Execution − Starto f Execution. (6)

4.1. Data Preprocessing

The KOI file “cumulative.csv” was retrieved from the electronic site [25]. The untreated
dataset contained 9564 rows and 50 columns. For data preprocessing, the following steps
were followed.

1. Removing columns: Six columns were selectively removed due to their lack of sub-
stantive contribution to the predictive modeling. These columns were found to serve
solely as identifiers, devoid of significant relevance to the prediction task at hand.

• rowid: A sequential number that identifies each row. A primary key of the dataset;
• kepid: A unique random number that identifies the possible exoplanet;



Electronics 2024, 13, 3950 6 of 14

• kepoi_name: A second unique random number that identifies the possible exoplanet;
• kepler_name: Textual data naming the exoplanet;
• koi_pdisposition: Textual data that provide the best possible explanation of the

data origin. Since the KOI had another column named koi_disposition, it was
necessary to remove this column so as to not intervene in the prediction;

• koi_score: A value between 0 and 1 that indicates the confidence in the
KOI disposition.

The following columns “koi_teq_err1” and “koi_teq_err2” were also removed because
they were completely empty.

2. Limiting the values of the target column: Only the values candidate and confirmed
were left. Given the presence of false-positive data within the column, it was deemed
essential to focus solely on instances classified as either candidate or confirmed
exoplanets. Accordingly, rows containing false-positive values were removed from
the dataset to ensure the accuracy and integrity of the assessment.

3. Transforming the target column “koi_disposition” into binary values: The target col-
umn underwent transformation into binary values. Given that this column originally
comprised two distinct string values, i.e., candidate or confirmed, a binary encoding
was applied. Specifically, a value of 1 was assigned to instances denoted as candidate
exoplanets, while a value of 0 corresponded to confirmed exoplanets. This approach
ensured the suitability of the data for subsequent analytical procedures.

4. Replacing missing values in the “koi_tce_delivname” column: The missing entries
were replaced with the mean of all values present within this column. Given that
this column primarily consisted of categorical variables, a transformation utilizing
dummy variables was undertaken to transform the data into numerical form.

5. Splitting the dataset into two parts: X (independent variables) and y (which was the
only target column “koi_disposition”) (dependent variable).

6. Submitting the training and test data to a scaling function StandardScaler, which
normalized the data within the same range of values [26].

7. Creating two sets of data: 70% of the data were randomly split for training and 30%
for testing.

8. Creating a seed to generate the same random number every time to ensure the
algorithm always ran on the same random numbers.

After data treatment, the training dataset had 3178 rows and 43 columns. The target
column “koi_disposition” contained 1589 confirmed exoplanets and 1589 candidates.

4.2. Dataset Training and Testing

To mitigate overfitting, this study utilized the cross-validation k-fold technique out-
lined by Raschka, S. [27]. This approach involves dividing the dataset into 10 subsets and
iteratively selecting each subset as a validation set while using the remaining subsets for
training. This process was iterated 5 times to ensure reliability. By averaging the perfor-
mance metrics from each fold, including accuracy, sensitivity, precision, specificity, and F1
score, a comprehensive assessment of the model’s performance was obtained.

4.3. Implementation of the Ensemble Algorithms

Each Ensemble algorithm was implemented at least two times. During the first
implementation, the hyperparameter values were kept as the initial. However, in the
second implementation, the Grid Search function in Python was responsible for tuning the
algorithm’s hyperparameters. For each algorithm, some important hyperparameters were
chosen; they are described in Section 5. The Grid Search tested a configuration that yielded
the highest accuracy on the prediction process [28]. Afterward, these new values were
passed to their respective hyperparameters to predict the exoplanets. A confusion matrix
demonstrated at each implementation the number of correct and incorrect predictions of
the Ensemble algorithms.
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5. Results
5.1. Adaboost Implementation

In the first implementation, the algorithm Adaboost managed to correctly predict
502 confirmed exoplanets (TP) and 599 candidate exoplanets (TN). The algorithm achieved
an accuracy value of 81.37%. Adaboost has only two hyperparameters: estimator number
and learning rate. Figure 2a shows the confusion matrix with the obtained results. These
hyperparameters had, respectively, the following initial values: 50 and 1.0. The algorithm
consumed 88 seconds to predict the result.

FP

105

7.70%

Predicted Value

A
ct

u
a

l 
V

a
lu

e

Posi�ve

TP

502

36.83%

FN

157

11.52%

TN

599

43.95%

Nega�ve

P
o

si

�

v
e

N
e

g
a

�

v
e

(a)

FP

105

7.70%

Predicted Value

A
c
t
u

a
l 

V
a

lu
e

Positive

TP

516

37.86%

FN

143

10.49%

TN

599

43.95%

Negative

P
o
s
it
iv
e

N
e
g
a
ti
v
e

(b)

Figure 2. Confusion matrix with the (a) initial and (b) improved hyperparameter values for Adaboost.

In the second implementation, the hyperparameter values were modified in the fol-
lowing way: the number of estimators was changed from 50 to 974, and the learning
rate was changed from 1.0 to 0.1. After changing the values for the hyperparameters, the
percentage of Adaboost’s accuracy increased, reaching 82.52% when compared to the first
implementation. Therefore, the second implementation prediction accuracy was 1.15%
higher than the first Adaboost implementation.

The Adaboost algorithm correctly predicted 516 confirmed exoplanets (TP) and
599 candidate exoplanets (TN). This result shows that the algorithm is more efficient
when the value of the hyperparameter numbers of the estimators is greater than the initial
value. However, regarding the learning rate hyperparameter, the algorithm obtained a
better result when it was lower than its initial value. The algorithm took 1627 seconds
to predict the result. When compared with previous executions, it took eighteen times
more time.

All other performance metrics, sensitivity, specificity precision, and F1 score, had a bet-
ter result. For the improved hyperparameter values, Figure 2b shows the confusion matrix.

5.2. Random Forest Implementation

In the first implementation, the algorithm Random Forest correctly predicted 514 con-
firmed exoplanets (TP) and 593 candidate exoplanets (TN). The algorithm achieved an
accuracy value of 82.25%. The algorithm took 176 seconds. Figure 3a shows the confusion
matrix with the obtained results.

Random Forest has 18 hyperparameters and, arbitrarily, only four were selected due
to their values changing. The elected hyperparameters were as follows: the number of
estimators, maximum number of variables, maximum depth of trees, and criterion. The
hyperparameter initial values were as follows: number of estimators = 100, maximum
number of variables = sqrt, maximum depth of trees = none, and criterion = gini.

In the second implementation, the hyperparameter values were changed in the fol-
lowing way: number of estimators = 1600 and criterion = entropy. The other following
hyperparameters were kept their initial values: the maximum number of variables and
maximum depth of trees. The algorithm’s accuracy achieved 82.64%. This meant there was
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an increase of 0.34% regarding the first implementation. The results showed that increasing
the number of trees contributed to a higher accuracy performance. The algorithm took
2916 s to predict the result. When compared with previous executions, it took sixteen times
more time.

The sensitivity of the algorithm increased from 79.45% to 76.64% and specificity from
84.68% to 85.72%. The other performance metrics also increased when compared to the
first implementation. The confusion matrix in Figure 3b shows an increase of 4 confirmed
exoplanets (TP) and 12 candidate exoplanets (TN) that were correctly predicted.
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Figure 3. Confusion matrix with the (a) initial and (b) improved hyperparameter values for
Random Forest.

5.3. Stacking Implementation

In the first implementation, it was necessary to select values for the hyperparameter
estimators. The reason for this was that this hyperparameter did not have initial values. Ar-
bitrarily, two estimators (Ensemble algorithms) were chosen: Random Forest and Gradient
Boosting. These two estimators were added with their hyperparameter initial values. The
algorithm LogisticRegression, which is the meta modeling default, was kept. The Stacking
algorithm precisely predicted 527 confirmed exoplanets (TP) and 599 candidates exoplanets
(TN). The accuracy performance reached 82.72%, and it was superior to Adaboost and
Random Forest. Figure 4a shows the confusion matrix with the obtained results. The
algorithm consumed 2772 s.
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Figure 4. Confusion matrix for the (a) first and (b) second implementation of Stacking.

In the second implementation, the LogisticRegression algorithm was still kept as a
meta-model. The values of some of the hyperparameters of the estimator algorithms, i.e.,
Random Forest and Gradient Boosting, were changed. The hyperparameters changed
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in Random Forest were the same as those configured previously, that is, the number of
estimators = 1600, maximum number of variables = sqrt, maximum depth of trees = none
and criterion = entropy. The hyperparameters that were changed in Gradient Boosting were
as follows: number of estimators = 1600 and learning rate = 0.1. The accuracy achieved was
83.03%, which was an increase of 0.31% compared to the first implementation. Furthermore,
all performance metrics achieved a greater result except sensitivity, which remained at
80.05%. The algorithm took 10,856 s to predict the result. When compared with previous
executions, it took three times more time. The confusion matrix with the obtained results is
shown in Figure 4b.

As previously mentioned, the Stacking algorithm can use two or more estimators as a
base algorithm to make predictions. Thus, nine Ensemble and non-Ensemble algorithms
were trained to compare their accuracy performances. This training process only happened
without a cross-validation process because a faster analysis of the proposed algorithms
could then be performed.

The prediction results of the trained algorithms are represented in Figure 5 in ascending
order of accuracy performance. The Gradient Boosting algorithm had the best performance
as an estimator among all of the other algorithms as it classified the exoplanets with an
accuracy of 82.53%. Note that the non-Ensemble algorithms, Naive Bayes, K Nearest
Neighbor, and Decision Tree, had the three worst results. This evidence shows that the
Ensemble algorithms produced superior performances in predicting the exoplanet data
even with the initial hyperparameter values.

Stacking achieved the best performance among all of the algorithms. This result
may be due to Stacking’s ability to utilize a meta-model layer that works with the data
previously generated by other algorithms when using Stacking. Consequently, Stacking
used its second meta-model layer to best combine the capabilities of each chosen algorithm
in its structure.
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71.75%

75.78%
80.77% 81.07% 81.29% 81.73% 81.73% 82.53%
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Figure 5. Accuracy results for the algorithms tested as estimators for Stacking.

From these nine tested algorithms, five combinations of estimators were created.
They were based on the algorithms’ accuracy performances and variation in the union of
Ensemble and non-Ensemble algorithms. The proposed estimators were as follows.

1. LGBMC Classifier + Gradient Boosting: Two Ensemble algorithms with high accuracy
performance;

2. Neural Network + K Nearest Neighbor + Decision Tree: Three non-Ensemble algorithms;
3. Random Forest + Gradient Boosting + LGBMC Classifier + XGBC Classifier + Ad-

aboost: Five Ensemble algorithms;
4. Random Forest + Naive Bayes: An Ensemble and non-Ensemble algorithm;
5. Random Forest + Adaboost: Two Ensemble algorithms.

Each combination of estimators was passed to the Stacking algorithm as an estimator.
Table 2 presents the performance of each estimator in the exoplanet prediction. Stacking
with Estimator 1 achieved the best performance among all in terms of accuracy with 83.08%.
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Also, it reached a sensitivity, specificity, precision, and F1 score that was higher than the
first implementation.

Table 2. Prediction results of the five estimators for Stacking.

Metric Estimator 1 Estimator 2 Estimator 3 Estimator 4 Estimator 5

Accuracy 83.08% 75.54% 82.29% 81.73% 82.24%
Sensitivity 80.18% 74.53% 79.94% 79.97% 80.13%
Specificity 85.96% 78.40% 85.79% 84.54% 84.67%
Precision 84.88% 77.21% 84.51% 83.57% 83.67%
F1 Score 82.41% 74.25% 82.12% 81.76% 81.77%

5.4. Random Subspace Method Implementation

In the first implementation, the Random Subspace algorithm correctly predicted
478 confirmed exoplanets (TP) and 602 candidate exoplanets (TN). The algorithm achieved
an accuracy of 80.55%. Figure 6a shows the confusion matrix with the obtained results. The
algorithm took 217 s to complete its predictions.

The Random Subspace algorithm has eleven hyperparameters. Three hyperparameters
were arbitrarily selected for value change. The selected hyperparameters were as follows:
the number of estimators, the maximum number of samples, and the maximum number of
variables. Their initial values were, respectively, 10, 1, and 1.

In the second implementation, the hyperparameter values that yielded the best results
with a 81.91% accuracy were as follows: number of estimators = 1000, maximum number
of samples = 0.1, and the maximum number of variables remained at 1. To increase the
performance of the algorithm on data prediction, more estimators, a low sample rate, and
variables were needed. The algorithm took 1312 s to predict the result. When compared
with previous execution, it took six times more time.

Considering the results of all the metrics, a confusion matrix was generated, as pre-
sented in Figure 6b. The performance of the algorithm in predicting confirmed exoplanets
(TP) was superior to the previous one with initial hyperparameter values. The algorithm
correctly predicted 29 more confirmed exoplanets (TP). In addition, it also incorrectly
predicted 5 less candidate exoplanets (TN) compared to the first implementation. The
algorithm achieved a better result on all performance metrics, except for specificity, when
compared to the first implementation.
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Figure 6. Confusion matrix with the (a) initial and (b) improved hyperparameter values for the
Random Subspace Method.

The Random Subspace algorithm allows for alteration of its hyperparameter estimator,
which is a decision tree as its initial value, by other algorithms. Therefore, considering this
aspect, the algorithm was implemented five times, each time with a different algorithm act-
ing as an estimator. The algorithms used for this objective were Random Forest, Adaboost,
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Gradient Boosting, Logistic Regression, and Stacking. The results of the Random Subspace
Method estimator prediction are presented in Table 3.

Table 3. Prediction results with five estimators for the Random Subspace Method.

Metric Random
Forest Adaboost Gradient

Boosting
Logistic

Regression Stacking

Accuracy 81.88% 81.18% 81.61% 76.30% 81.77%
Sensitivity 79.35% 77.54% 73.33% 66.00% 78.97%
Specificity 84.12% 84.44% 85.15% 85.93% 84.34%
Precision 83.33% 83.29% 83.71% 81.46% 83.22%
F1 Score 81.25% 80.46% 80.92% 72.92% 81.04%

The algorithm Random Subspace Method with Random Forest acting as initial estima-
tor obtained the best performance for accuracy with 81.88%, sensitivity with 79.35%, and
F1 score with 81.25%. However, using the non-Ensemble Logistic Regression algorithm
as an estimator achieved the best specificity with 85.93%. The best precision, with 83.71%,
was achieved by the Random Subspace Method, with the Ensemble algorithm Gradient
Boosting as an estimator. Table 4 shows the confusion matrix results of each algorithm
when acting as an estimator of the Random Subspace Method.

Table 4. Confusion matrix results with different estimators for the Random Subspace Method.

Metric Random
Forest Adaboost Gradient

Boosting
Logistic

Regression Stacking

True Positive (TP) 584 589 596 605 587
True Negative (TN) 514 525 510 435 522
False Positive (FP) 120 115 108 99 117

False Negative (FN) 145 134 149 224 137

5.5. Extremely Randomized Trees Implementations

In the first implementation, the Extremely Randomized Trees algorithm correctly
predicted 510 confirmed exoplanets (TP) and 596 candidate exoplanets (TN). The algorithm
achieved an 82.06% accuracy. Figure 7a shows the confusion matrix with the obtained
results. The algorithm took 67 s.
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Figure 7. Confusion matrix with the (a) initial and (b) improved hyperparameter values for Extremely
Randomized Trees.

This algorithm has 18 hyperparameters. Four of them were selected arbitrarily for
value modification. The selected hyperparameters were as follows: the number of estima-
tors, maximum number of variables, maximum tree depth, and criterion. These hyperpa-
rameters had the following initial values 100, sqrt, none, and gini, respectively.
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In the second implementation, the algorithm achieved a higher accuracy of 82.36%
compared to the first implementation. The hyperparameter values that changed were as
follows: number of estimators = 200 and criterion = entropy. The hyperparameter maximum
number of variables and maximum tree depth remained at their initial values. All metrics,
except precision, had a slight increase. Figure 7b exhibits the confusion matrix. Extremely
Randomized Trees correctly predicted five more confirmed exoplanets (TP). However, it
also predicted four less candidate exoplanets (TN) than the first implementation. The
algorithm took 155 s to predict the results. When compared with the previous execution, it
took two times more time.

5.6. Comments

Table 5 displays the results obtained by the Ensemble algorithms with their initial and
improved hyperparameter values. It was observed that Stacking achieved the best accuracy
and F1 score performance. Based on the previously shown results, this algorithm was the
most versatile and had the highest predictive power of all. Its versatility is because of the
option of using several algorithms as estimators, such as Ensemble and non-Ensemble
algorithms. In contrast, the same did not happen with the other algorithms such as Random
Forest, which used only decision trees as an estimator.

Table 5. Comparison of the Ensemble algorithms’ prediction results.

Accuracy Sensitivity Specificity Precision F1 Score

Initial Improved Initial Improved Initial Improved Initial Improved Initial Improved

Adaboost 81.37% 82.52% 77.54% 78.44% 85.14% 86.51% 83.69% 85.12% 80.46% 81.61%
Random Forest 82.25% 82.64% 79.45% 79.64% 84.68% 85.72% 83.64% 84.54% 81.73% 81.91%

Stacking 82.72% 83.08% 80.05% 80.18% 85.20% 85.96% 84.31% 84.88% 82.04% 82.41%
Random Subspace Method 80.55% 81.91% 74.87% 78.60% 85.39% 85.14% 83.36% 84.04% 78.73% 81.07%

Extremely Randomized Trees 82.06% 82.36% 78.64% 78.83% 85.41% 85.68% 84.54% 84.40% 81.32% 81.51%

6. Discussion

In summary, the choice of the five Ensemble algorithms was based on the diversity of
their operating models, which were as follows: fusion method, dependency, and training
approach. This choice allowed for a result that integrated the different structures of these
algorithms.

Adaboost, the first algorithm evaluated, obtained an accuracy of 81.37% with its initial
hyperparameter values. In its second implementation, the technique called hyperparameter
tuning was used. Using this technique, different values of the algorithm’s hyperparameters
were tested one hundred times. This process resulted in a combination of hyperparameters
that produced the highest accuracy. As a result, Adaboost had its number of estimators
and its learning rate altered, and, with this new configuration, the accuracy increased by
over 1.1% and reached 82.52%. This result shows that the Adaboost algorithm can predict
more accurately when it has more estimators in its structure.

The Random Forest algorithm, which joins decision trees, obtained the third-best
accuracy among the five algorithms when implemented with its initial hyperparameter
values. Random Forest achieved 82.25% of accuracy. This algorithm is simple to implement
and has good predictive performance. Therefore, this algorithm is one of the most used
among Ensemble algorithms. After the combination of hyperparameter values, the accuracy
improved by 0.39%. Among the altered hyperparameters, the number of estimators that
had their value significantly increased from 100 to 1600 decision trees were highlighted.

The Stacking algorithm, in contrast to the Random Forest algorithm, unites not only
trees, but also different algorithms. Stacking achieved the best performance among all
algorithms using initial hyperparameter values, reaching an accuracy of 82.72%. This result
may be due to Stacking’s ability to utilize a meta-model layer that works with the data
previously generated by the algorithms included in Stacking. Consequently, Stacking uses
its second meta-model layer to best combine the capabilities of each chosen algorithm in its



Electronics 2024, 13, 3950 13 of 14

structure. In the second implementation, the value of some of the hyperparameters from
the two chosen estimators of Random Forest and Gradient Boosting were changed. The
Stacking algorithm reached an accuracy of 83.03%. Because of the capacity of Stacking to
join two or more algorithms, five different algorithm combinations, acting as estimators,
were implemented. The combination of LGBMC and Gradient Boosting algorithms, both
Ensemble, produced an accuracy of 83.08%. This result was the best obtained by all
of the algorithms, demonstrating that the Stacking algorithm is the most effective for
exoplanet prediction.

The Random Subspace Method algorithm performed similarly to Adaboost and
showed an improvement of over 1% of accuracy. This algorithm, when using the combina-
tion of hyperparameter values, achieved an accuracy of 81.91%. This algorithm has a simple
structure, even though it uses decision trees as estimators and creates random samples of
variables. The algorithm could not achieve 82% of accuracy even with its hyperparameter
values changed.

The Extremely Randomized Trees algorithm achieved an accuracy of 82.06% in the first
implementation. This algorithm had a high accuracy, and it was only lower than Stacking.
In the second implementation, the accuracy only increased 0.3%. This algorithm achieved
a minor improvement in accuracy. This algorithm has a random process that occurs
throughout its execution stage, and this characteristic can explain this small positive result.

This study demonstrated that Ensemble algorithms have a great capacity to identify
exoplanets. All algorithms managed to reach an accuracy greater than 80%. However,
it is necessary to adjust hyperparameter values for a better result. The astronomy and
computer science fields could use the greater predictive power of these algorithms to
improve exoplanet identification. In this paper, all of the exoplanet predictions were
conducted using the KOI dataset.

For future work, other datasets, such as TESS, K2, and Corot from the NASA exo-
planet archive, could be used to determine if the performance of Ensemble algorithms is
different on other data sources. The interpretability of the Ensemble algorithms could be
deeper explored in future research to enhance the reproducibility and understanding of the
decision-making process.
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