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Abstract: Recently, a number of intriguing ideas that
prioritize accuracy and speed—such as XGBoost,
LightGBM, and CatBoost—have added to the family of
gradient boosting algorithms. Scalable ensemble
method XGBoost has proven to be a dependable and
effective machine learning problem solution. LightGBM
is a precise model that uses selective selection of high
gradient cases to provide incredibly quick training
performance. To increase the model's accuracy,
CatBoost alters the gradient computation to prevent the
prediction shift. This paper offers a useful examination
of the performance of these unique gradient boosting
variations in terms of training speed, generalization,
and hyper-parameter configuration. Furthermore, a
thorough comparison of gradient boosting, random
forests, LightGBM, XGBoost, and random forests has
been carried out utilizing both the models' default
settings and highly calibrated models. Despite the few
discrepancies, the comparison's findings show that
CatBoost outperforms the other algorithms in terms of
both AUC and generalization accuracy throughout the
datasets under study. While LightGBM is the quickest
approach available, it isn't the most precise. In terms of
training speed and accuracy, XGBoost comes in second.
Lastly, two new techniques are suggested and used to do
a thorough examination of the impact of hyper-
parameter adjustment in XGBoost, LightGBM, and
CatBoost.

Keywords: XGBoost, LightGBM, CatBoost, AdaBoost,
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I INTRODUCTION

The recent advances in computing power and
machine learning (ML) have given rise to several
innovations and developments in many areas of
research and human lives. In the last few years,
advancements in machine learning, a subset of
artificial intelligence (Al), have transformed and
inherently changed almost every area of our
lives [1], [2]. Particularly, ML has been applied in
disease diagnosis [3], fraud detection [4], text

classification [5], and image recognition [6], among
others. Unlike humans, ML algorithms consider
several factors when making decisions, and they are
not prone to fatigue or prejudice. Meanwhile,
learning can sometimes be challenging, especially
when  learning from  high-dimensional and
imbalanced datasets [7], [8], [9]. Research has shown
that conventional ML algorithms tend to
underperform when trained with imbalanced
datasets [10]. Therefore, researchers have frequently
resorted to new and improved learning approaches,
such as ensemble and deep learning.

Ensemble learning and deep learning are two
approaches that have dominated the machine learning
domain [11], [12], [13]. Ensemble learning methods
train  multiple base learners and combine their
predictions to obtain improved performance and
better generalization ability than the individual base
learners [14]. The fundamental idea behind ensemble
learning is the recognition that machine learning
models have limitations and can make errors. Hence,
ensemble learning aims to improve classification
performance by harnessing the strengths of multiple
base models. Meanwhile, some limitations of ML
algorithms include: that they result in models with
high variance, high bias, and low accuracy [15], [16].
However, several studies have shown that ensemble
models often achieve higher accuracy than single ML
models [17]. Ensemble methods can limit the
variance and bias errors associated with single ML
models; for example, bagging reduces variance
without increasing the bias, while boosting reduces
bias [18], [19], [20]. Overall, ensemble classifiers are
more robust and perform better than the individual
ensemble learners.

Ensemble learning methods are broadly categorized
into boosting, bagging, and stacking [21]. Gradient
boosting, XGBoost, and AdaBoost are examples of
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boosting algorithms, while random forest and Extra
Trees classifier are well-known bagging algorithms.
Meanwhile, examples of the stacking framework
include super ensemble and blending
techniques [22], [23], [24]. These ensemble
algorithms have achieved excellent performance in
various ML applications [25], [26], [27]. Their
utilization in many real-world applications is also
well-known [28]. Due to their high performance,
ensemble methods are the go-to algorithms in many
machine learning competitions. When implementing
ensemble classifiers, the accuracy and diversity of the
base learners are two essential factors that need to be
considered [29]. Most ensemble algorithms ensure
diversity through data resampling or by altering the
structure of the individual learners [30]. Furthermore,
base learners that ensure higher accuracy than
random guessing are desirable. The individual
learners need to have separate knowledge of the task
being learned and are also expected to have errors
different from the others.

In the past, researchers have conducted some general
ensemble learning reviews [31], [32], [33], reviews
that focus on ensemble learning for feature
selection [34], reviews on ensemble learning in
healthcare applications [35], and a review of recent
developments and applications of ensemble
learning [36]. Other ensemble learning reviews in the

literature include those that focus on intrusion
detection systems [37], sentiment analysis [38], and
big data [39]. Taxonomy for characterizing ensemble
methods was presented in [40]. Most published
reviews and surveys provide a general overview of
ensemble learning and focus on its applications in
specific tasks. However, what is lacking in the
literature is a succinct explanation of ensemble
learning algorithms, their early developments, and
concise mathematical and algorithmic representations
in one peer-reviewed article. We think it is relevant
and timely to have a survey that fills this gap,
considering the rise in the popularity of ensemble
methods, their application in diverse problems, and
the introduction of more recent variants such as
XGBoost, LighGBM, and CatBoost.

Therefore, this paper provides a concise yet deep
insight into ensemble learning methods and
algorithms. The paper aims to differentiate between
the three main ensemble methods: bagging, boosting,
and stacking. Particular focus is placed on the
mathematical and algorithmic representations of the
widely used ensemble algorithms, including random
forest, gradient boosting, AdaBoost, XGBoost,
LightGBM, and CatBoost. This review is for ML
researchers and practitioners who intend to
understand ensemble learning and the various
ensemble algorithms.

*Boosting algorithms can enhance the performance of weak learners and generate more

- «While bagging tackles variance, boosting specifically targets and reduces bias, often leading to

« By iteratively learning from the errors made by preceding models, boosting models produce a
*Boosting models are flexible and can work with different kinds of data, like binary,
*Boosting can effectively handle datasets with mixed data types and non-linear relationships,
«The learning rate and stopping criteria in boosting provide greater control over model
sSome boosting algorithms, like XGBoost, offer built-in feature importance measures,
providing valuable insights into which features contribute most to the model’s predictions.
*Boosting algorithms use regularization techniques and stopping criteria to keep the model
«Boosting algorithms can be less sensitive to outliers compared to bagging, as subsequent
+Boosting models can handle missing data by applying appropriate weights to the available
«A multitude of loss functions, including those utilized in classification and regression tasks,

=Some boosting algorithms like AdaBoost can effectively handle imbalanced datasets where

«Boosting can be used with many different ML algorithms, including decision trees, linear

Betterdooiracy precise predictions as compared to individual weak models.
m”udum more accurate predictions, especially for complex problems.
Sequential learning more robust ensemble capable of accurately identifying and rectifying errors.
{ support categorical, and numerical data.
diverse features outperforming bagging in such scenarios.
Siactiming contrl complexity and prevent overfitting,
Feature importance
insights
Less prone to
overfitting from remembering the training data, which lowers the risk of overfitting.
Robustness to
outliers models focus on correcting errors from previous ones.
data data points.
function support are compatible with boosting,
imbalanced data = one class is significantly smaller than the other.
Wide support of ML
L algorithms models, and neural networks.

Fig. 1. Advantages of boosting.

11 BOOSTING ALGORITHMS

Boosting algorithms Boosting methods use an
iterative training process to train base models or

weak learners, with an increasing emphasis on
misclassified examples in each iteration. Doing it this
way, the focus is on fixing the errors made by earlier
models, which improves prediction performance,
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including better accuracy. Many boosting methods
have been proposed [41]. Each enhances
classification performance by manipulating specific
stages of the general boosting scheme. In this study,
we considered the following seven boosting
algorithms.

A. Boosting

Boosting is a machine learning technique capable of
converting weak learners into a strong classifier. It is
a type of ensemble meta-algorithm used for reducing
bias and variance. Meanwhile, a weak learner is a
classifier that performs a bit better than random
guessing, while strong learners are those that attain
good accuracy [42], and they are the core of which
the boosting ensemble algorithms are built. The
boosting algorithm was first discussed in a 1990
paper by Schapire [43] in response to a question
asked by Kearns and Valiant [44] if a set of weak
learners could produce a single strong learner. The
work by Schapire [43] had a significant impact on
machine learning and statistics, which led to the
development of several boosting algorithms,
including AdaBoost [69] and XGBoost [45].

The main idea behind boosting involves iteratively
applying the base learning algorithm to adjusted
versions of the input data [46]. In particular, boosting
techniques use the input data to train a weak learner,
compute the predictions from the weak learner, select
misclassified training samples, and train the
subsequent weak learner with an adjusted training set
comprising the misclassified instances from the
previous training round [47]. The iterative learning
process continues until a predefined number of base
learners is obtained, and the base learners are
weighted together [48]. Boosting focuses more on
reducing bias than variance [49]. Therefore, it
enhances base learners with a high bias and low
variance, such as decision stumps (a decision tree
with one internal node). Misclassified samples get
more weight, causing the base learner to focus on
such samples. Hence, if the base classifier is biased
against specific samples, those samples are given
more weight; hence, the algorithm corrects the bias.
However, this iterative learning approach makes
boosting unsuitable for learning noisy data because
the weight given to noisy samples is usually much
greater than the weights given to the other samples,
thereby forcing the algorithm to focus excessively on
the noisy samples, resulting in overfitting. Despite
that, boosting-based ensemble methods are among

the most successful algorithms in applied machine
learning [50], [51].

1) AdaBoost

Adaboost functions by dynamically adjusting the
weights of weak learners without prior knowledge.
During the training process, the error rate of the
estimator is used to assess each base learner’s
weakness. The AB algorithm often uses decision tree
stumps to solve classification and regression
problems. [53]

The AdaBoost algorithm is a type of boosting
algorithm capable of using weak learners to obtain a
robust classifier. It was developed in 1995 by Freund
and Schapire [54] and is among the most robust ML
algorithms. AdaBoost was the first successful
boosting algorithm, and the base learners are decision
trees having a single split. Because the decision trees
are short, they are usually called decision stumps.
The most successful AdaBoost implementation is the
AdaBoost M1, used for binary classification
tasks [55].

The AdaBoost learning process involves training a
base classifier using a base algorithm, usually a
decision tree. The sample weights are adjusted with
respect to the classifier’s predictions, and the
adjusted samples are employed for training the
subsequent classifier. Therefore, the misclassified
samples are assigned larger weights and correctly
classified instances are assigned lesser weights,
ensuring that subsequent classifiers give more
attention to the misclassified samples.

The different base learners are added sequentially and
weighed to obtain the strong classifier [56]. At every
iteration, the AdaBoost algorithm assigns weights to
each instance in the training  set [57].
Given m labelled training

instances S={(x1,y1),...,(xi,yi),...,(xm,ym)} ,
whereyiis the target label of samplexi,
and yieY={-1,+1}, the weight D1 of  the
sample xi and the weight update Dt+1 are computed
as:

t

where ht(x) is the base classifier, t=1,...,T is the
number of iterations, Zt denotes a normalization
factor, while at is the weight of the classifier ht(x) .
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The weight at measures the importance of the
classifier ht(x) when obtaining the final classifier
prediction. The instances that are wrongly predicted
in ht(x) are assigned larger weights in the t+1 training
round. Furthermore, Zt is selected such that Dt+1 will
be a distribution. Zt and ot are obtained using:

Z, =Y Dy(i) exp (—ouyihu(a:)) (5)

t+1

1 1—e¢
; =§In ( o t) (6)

where et represents the error rate of the classifier, and
it is obtained using:

& = Plhu(z:) # 4l = 3 Dii)Tlh(a) # vl )

When the given number of iterations have been
completed, the final strong classifier is computed
using:

T
H(z) = sign (Z a;ht(:r)) (8)

Algorithm 1 AdaBoost.M1 Algorithm

Input: training data S=(x1,y1),...,(x2,y2),...,(xm,ym)
The base algorithm L

The number of iterations T .

Procedure:

Initialize the weight D1 of sample xi using (3)
fort=1,...,T:

1. Train the base classifier ht(x) by minimizing et .
2. Calculate the weight at of the classifier using (6).
3. Update the sample weights using (4)

end for
Output:

Apply (8) to combine the predictions of the base
classifiers to obtain the final strong classifier H(x)

2) Gradient Boosting

Gradient boosting is a machine learning algorithm
that uses the boosting technique to create strong
ensembles. It mainly uses decision trees as the base
learner to produce a robust ensemble classifier, and it
is also called gradient boosted decision tree (GBDT).
The gradient boosting technique was first introduced
by Breiman [58], who noted that boosting can be
represented as an optimization technique on an
appropriate loss function.

Subsequently, an extended version of the gradient
boosting algorithm was developed by Friedman [59].
The learning process of this algorithm involves
sequentially training new models to obtain a robust

classifier. It is developed in a step-by-step manner
similar to other boosting techniques, but its core idea
is to develop base learners that are highly correlated
with the negative gradient of the loss function related
to the entire ensemble [60].

Gradient boosting (GB) [64] is an ensemble method
that builds a predictive model by combining weak
learners sequentially, while the weights of each
estimator are adjusted individually before being
added. The GB algorithm reduces the discrepancy
between expected and actual values by fixing residual
errors of previous estimators.

Given a training set S={xi,yi}N1, the gradient
boosting technique aims to find an
approximation, FA(x) , of a function Fx(x) that maps
the  predictor  variablesxto  their  response
variablesy, by minimizing the specified loss
function L(y,F(x)) . The GBDT creates an additive
approximation of F(x) through a weighted sum of
functions:

Fm(x)=Fm—1(x)+pmhm(x) 9)

where pm represents the weight of
the mth function, hm(x) . These functions are the
decision tree models in the ensemble. The algorithm
performs the approximation iteratively. Meanwhile, a
constant approximation of Fx(x) is achieved using:

N
Fy(z) = argmin, Z L(y;, @) (10)

=1
Successive base learners aim to minimize

N
(thm(x)) = a'rgmin'p:h ZL(yi:En—l("zi) +ph{ci)) (]-1)
i=l1
Meanwhile, rather than performing the optimization
task directly, every hmcan be considered a greedy
step in a gradient descent optimization for Fx [61].
Therefore, every hm s trained with a new training
set D={xi,rmi}Ni=1, where rmi represents the false
residuals, and it is the difference between the output
of an individual base classifier and the actual
label [62]. The false residual is also called pseudo
residuals, and it is computed as:
S [M (12)

§F(x) ]p[:) Fri(x)
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Algorithm 2 Gradient Boosting
Input: - training data § = (1, 11);- s (@2 w); - (Tmy Ym)

A differential loss function L(y, F(z))

The number of iterations T'.
Procedure:
1) Initialize the model with a constant value using
Fy = argmin, )_:;\r 1 L(yi, Q)
2)form=1,...,.M:
(1) Calculate the false residuals

- _[Jblv;,l-m]}
" ) ] Pz 1 (z)

(11) Train a base learner using the training set

N

D= T Tmig_

(iii) Obtain p,, by performing the line search optimization:
(pmhm(x)) = argming Y7, Lys, B 1(22) + phz:))
(iv) Update the model:
Fa(z) = Fr 1(2) + prbim(T)
end for

Output:  Return the final model F,(z) .

3) XGBoost

The XGBoost algorithm is a decision tree-based
ensemble that employs the gradient boosting
framework. It is a scalable and highly accurate
algorithm wused for classification and regression
applications. The XGBoost has recently dominated
the applied machine learning domain and has won
several Kaggle competitions. It was developed in
2016 by Chen and Guestrin [65], having several
advancements compared to the conventional gradient
boosting algorithm. Unlike the gradient boosting, the
XGBoost loss function contains a regularization term
that prevents overfitting [66]:

n M
Ly(F(z) = Y L{y:, F(:)) + Y Q(hs) (13)
i=1

m=1

where F(xi) represents the prediction on
the i—th instance at
the M—th iteration, L(x) represents a loss function
that computes the differences between the predicted
class and the actual class of the target variable.
Meanwhile, Q(hm) denotes the regularization term,
and it is formulated as:

Q) = VT 1 %,\| wl|? (14)

where Y represents the complexity parameter, and it
controls the minimum loss reduction gain required

for splitting an internal node. Assigning a high value
to Y leads to simpler trees. Meanwhile, T represents
the number of leaves in the tree, Ais a penalty
parameter, and o denotes the output of the leaf nodes.
Meanwhile, unlike the first-order derivative in
GBDT, a second-order Taylor approximation of the
objective function is employed in the XGBoost.
Therefore, Equation 13 is transformed thus:

Ly =Y. [S’ifm(l'i] t %hiﬁa(l‘i) + (k) (15)
i-1
where gi and hi denote  the first and second
derivatives of the loss function.

Assuming |j represents the samples in leaf node j,
then the final loss value is calculated by summing the
loss values of the various leaf nodes. Hence, the
objection function is represented as:

r
Ly = Z [(Zg\) wj + %(Eh‘ t )n) »‘f] T (16)
i,

=1 icl

4) LightGBM

The light gradient boosting machine (LightGBM) is
an efficient implementation of the gradient boosting
algorithm, and it was developed in 2017 by
researchers at Microsoft [67]. It can be used for
classification, ranking, and other ML problems. The
LightGBM algorithm uses two novel methods,
Gradient-based One-Sided Sampling (GOSS) and
Exclusive Feature Bundling (EFB), ensuring the
algorithm trains faster and achieves high accuracy.
The GOSS technique is a modification of the gradient
boosting technique, which takes into account the
training instances that lead to a larger gradient,
thereby making the learning process fast and
reducing the computational complexity of the model.

Specifically, the GOSS technique involves excluding
a considerable number of training examples with
small gradients and uses only the remaining examples
to compute the information gain [68]. The reason
behind excluding samples with small gradients is that
instances with large gradients are more useful in
calculating the information gain (IG). Hence, the
GOSS technique achieves excellent estimation of the
IG with a reduced sample size [67]. Meanwhile, the
EFB method performs a feature selection task by
bundling sparse mutually exclusive attributes,
thereby reducing the number of attributes [69].
Several attributes are almost exclusive in sparse
feature space, i.e. they hardly take nonzero values
simultaneously [70]. A typical example of exclusive
features is One-hot encoded features. Furthermore,
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the EFB technique bundles such features to reduce
the dimension of the feature matrix [71].

The main benefit of the LightGBM is that it is fast
and mostly leads to a very efficient model. Secondly,
it has a low memory consumption since it converts
continuous values to discrete bins. Thirdly, it
achieves much higher accuracy than most boosting
methods, resulting from the introduction of GOSS
and EFB techniques. Lastly, the LightGBM
algorithm performs well when trained with large
datasets, with a faster training time than the XGBoost
algorithm [72]. In terms of disadvantages, the
LightGBM can overfit small training datasets easily
as it performs better with large datasets. Also,
splitting the tree leaf-wise could result in overfitting
because more complex trees are produced.

Meanwhile, the LightGBM has been applied for
different classification problems, achieving excellent
results [73], [74], [75], [76], and its procedure is
presented in Algorithm 3. A detailed explanation of
the LightGBM technique can be found in [67]. Also,
a comprehensive mathematical overview of the
LightGBM algorithm is presented in [77].

Algorithm 3 LightGBM
Toput: training data S — (23, 01)s -, (32, 0), - (721 3e)

The loss function L (y, 8(z))

The number of iterations T .

The sampling ratio of large gradient data a , and the sampling ratio of small gradient data b .
Procedure:

1) Merge mutually exclusive features of z; , i = {1,..., N} using the EFB technique.

2) Initialize O (z) = argmin, \;‘m L(y;c)

g)fort=1,...,T:

(1) Compute the absolute values of zradients:

. [u.ry,,sslm] i
' 8() Jo()-6,(x)’

={1L...,N}

(1) Resample the dataset using the GOSS technique

topN = a x len(D);randN = b x len(D); sorted — Get SortedIndices(abs(r)); A = sor

D’'=A+B;

(iii) Calculate information gain values

) T \
R R R R CARE )
Vild) =5 ( ul(d) f (d)

(iv) Obtain a new decision tree B;(z)  on set I’
(v) Update 0, (z) = 6, ; () +O4(z)'
end for

Output: SRI) = Or(z)

5) CatBoost

The CatBoost algorithm is an implementation of
gradient  boosting  proposed in 2017 by
Prokhorenkova et al. [78]. The algorithm effectively
handles categorical features during the training phase.
A notable improvement in CatBoost is its ability to
perform unbiased gradient estimation that reduces
overfitting. Therefore, in order to estimate the
gradient of each example at every boosting iteration,
the CatBoost algorithm omits that example from
being used to train the current model [79].

Another notable improvement in the CatBoost
algorithm is how it automatically transforms
categorical features into numerical ones. Categorical
features contain a discrete set of values termed
categories that are mostly not comparable. Hence,
these features are not suitable for building decision
trees in their present state. The categorical features
are often converted to numerical features at the
preprocessing stage, where they are replaced with
numerical values. One-hot encoding is the most
common method applied to low-cardinality
categorical attributes, in which the original feature is
replaced with a binary variable.

However, CatBoost applies an improved and more
robust approach that does not lead to overfitting and
ensures all the examples in the training set are used
for training the model. This method involves
performing a random permutation of the training set,
and for every sample, the algorithm calculates the
average label value for the sample with the same
category value located before the given one in the
permutation [102]. If 6=(c1,...,0n) is the
permutation, then xop,k is replaced with

g1 . IR 7d
>_4j ]|-'1-7_,_-k— -Tur,,.-k_}aJ ta.p

(17)

~pol -
>_4' ][on!k—la,:k]}{v; ta

111 CONCLUSION

Ensemble learning algorithms have been widely used
in numerous classification and regression tasks across
a wide range of disciplines, including medical
diagnosis, fraud detection, sentiment analysis, and
anomaly detection, because of their strong learning
capabilities. This paper provides a succinct but
thorough introduction to ensemble learning, covering
everything from its early inception to the most recent
advancements in algorithm technology. One of the
primary types of ensemble methods covered in this
study is boosting. The popular ensemble algorithms,
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random forest, AdaBoost, XGBoost,

LightGBM, and CatBoost, are highlighted. For
machine learning practitioners and researchers who
want to comprehend ensemble learning and the
widely used ensemble algorithms, this paper will be
essential reading.
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