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Abstract—Decision tree algorithms have remained some of the
most popular tools for supervised learning tasks. This has been
because of their comprehensibility, malleability, and robustness to
accommodate varying types of data. Nevertheless, their accuracy
and performance are dependent on the use of impurity measures
to guide the process of tree splits. The standard impurity
measures, such as the Gini impurity, Entropy, and Classification
Error, tend to face problems as the complexity, imbalance, and
noise levels are raised. This often gives rise to overfitting. An
examination of the disadvantages and present research efforts
on impurity-based optimization of decision trees, as well as the
study of new paradigms such as the use of Rényi Entropy, the
utilization of the Tsallis Entropy, combinations of impurity func-
tions, complexity-aware tree splits, and tailored impurity function
augmentation, makes it clear that there are efforts underway
to improve the accuracy, robustness, and comprehensibility, as
well as the processing complexity, for the tasks of decision tree
algorithms.
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I. INTRODUCTION

Decision trees remain widely used in machine learning
and data mining because they are interpretable, flexible, and
effective for classification and prediction tasks [1][2][3]. Their
practical value is especially evident in applications where
transparent decision rules are needed to explain model behavior
and support human decision-making.

However, the performance of a decision tree depends
strongly on the impurity measure used to select splits [2][3].
When impurity is estimated poorly, the resulting tree may
overfit the training data, become unnecessarily deep, and
generalize poorly to unseen samples [4]. These limitations
are more pronounced in complex, noisy, or high-dimensional
datasets, where conventional split criteria may not capture the
structure of the data effectively.

Decision trees, despite their seemingly simple model, pos-
sess the potential for representing and exploring the intri-
cate interdependencies. In addition, decision trees constitute
an understandable and easily comprehensible model, making
them applicable for exploratory and descriptive data analysis
[5]. Nevertheless, if the tree-growing algorithm ineffectively
calculates the impurity of the nodes, it would most possibly
lead to biased decision tree analysis. The effectiveness of tree
growing as an algorithmic process would, therefore, depend
on the choice of the impurity measure of the nodes that
splits the potential splits. The values of the selected variables
influence the point of splits and the corresponding split rule.
Since the split rule becomes understandable, the decision tree
provides an easily comprehensible representation of the data

concerning the classes and the selected covariates. The model
would express a tree structure, and the process of interpreting
the tree would involve the nodes, branches, and terminal nodes
of the tree [6].

II. BACKGROUND AND SIGNIFICANCE

In the vast arena of data mining, decision tree algorithms
are considered one of the basic tools, much admired for their
high degree of interpretability and manipulability. Several deci-
sion tree algorithms have come into existence over the years,
each having their respective algorithms belonging to CART,
ID3, C4.5, CHAID, and then the Random Forest algorithm
proposed by Breiman. This wide range of algorithms available,
though, becomes one of the most significant challenges, as
there always exists the challenge of choosing the best tree
algorithm for optimal performance.

It needs to be accepted that the decision tree algorithms,
especially for continuous variables, always face the potential
challenge of an infinite number of splits and always tend to
preserve the distribution of class probabilities, which often
leads to the model overfitting. Moreover, the greediness factor
always poses a significant challenge, as the basic motive
for making the decisions always becomes the search for the
highest degree of purity as the basic splitting criterion. These
factors, specifically the challenges faced by the decision tree
algorithms, like the potential challenge of an infinite number of
splits and greediness, are already known and addressed by tree
pruning and the addition of the factor of randomness during
the development stage [7][8].

III. RESEARCH MOTIVATION AND OBJECTIVES

Even to date, the decision tree remains a basic classification
technique in machine learning. Despite the many benefits of
the existing classification algorithms based on the decision
tree approach, ID3, C4.5, and CART classification algorithms
have some limitations in predictive accuracy when applied to
imbalanced, noisy, or high-dimensional datasets. One of the
main demerits of the classification algorithms discussed above
can be attributed to the need to rely on a fixed set of impurity
criteria. These include Shannon entropy and the Gini index.

Current research developments in the context of impurity
function design techniques—such as the application of general
concepts of entropy, Rényi entropy, and the Tsallis entropy ap-
proach applied to RS-entropy—have shown promising results.
There also exists a great scope of empirical research in the
context of the application of improvements in the impurity
function. At the same time, there also exists a research gap in
terms of the complex relationships of impurity in trees. This
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research aims to improve the accuracy of the decision tree
classification technique and prevent overfitting by designing
new impurity measures. These research objectives are:

e To investigate the inadequacy of the classic measures
of impurities (e.g., Gini index, Shannon entropy) in
the context of decision trees for different datasets.

e To develop new impurity criteria involving general
measures of entropy and the consideration of param-
eters for flexible evaluation of splits.

e To test the proposed impurity measures empirically
on a series of benchmark databases in order to see
how well the measures perform in terms of accuracy
in comparison to traditional decision tree algorithms.

e To test the effect of the improved impurity functions
when applied in combination with the concepts of
pruning, ensemble learning techniques, and feature
selection.

e To establish the statistical significance and general-
izability of the devised methods by performing val-
idation techniques such as cross-validation and non-
parametric tests.

Achieving the above objectives would ensure the advance-
ment of the existing decision tree approach to one that provides
higher accuracy and robustness without compromising the need
for interpretability in trustworthy Al

IV. STRUCTURE OF THE LITERATURE REVIEW

The literature review in this study is organized into a logical
and progressive structure designed to contextualize the role
of impurity functions in decision tree construction, highlight
current scientific gaps, and synthesize contemporary research
addressing these gaps. The structure is intentionally crafted
to guide the reader from foundational knowledge toward ad-
vanced theoretical and empirical developments. It is organized
into the following major components:

A. Foundations of Decision Tree Methodology

This section discusses the theoretical background of deci-
sion tree algorithms, their history, and their universality within
the machine learning and data mining communities. This
section explains the important attributes such as explainability,
hierarchical representation, and flexibility and how the use
of impurity measures is fundamental to the design of high-
performance tree-based algorithms. This section helps the
reader understand the challenges of continuous features, greedy
splitting, and overfitting.

B. Classical Impurity Functions and Their Limitations

This section of the study evaluates commonly employed
impurity estimates, such as the Gini Index, Shannon Entropy,
and Error, along with their definitions, mathematical formula-
tion, and theoretical characteristics. This section lays consid-
erable emphasis on the performance problems associated with
conventional impurity estimation algorithms, which are prone
to difficulties such as imbalance, noise robustness, scalability,
and the generation of complex decision trees.
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C. Emerging and Alternative Impurity Measures

This section integrates the latest research efforts for im-
provement and new forms of impurity values, such as the use
of Rényi entropy, Tsallis entropy, MECC, and combinations.
The latest research on comparisons between such impurity
measures and classical impurity measures, as well as the
advantages derived from tunable parameters and probabilistic
formulations, are discussed.

D. Decision Tree Performance Challenges

After the discussions on impurity functions, the following
section looks into the persisting issues involved in the creation
of decision trees, such as overfitting, sparseness, missing
values, instability, and lack of generalizability. This section
combines the findings regarding the role of impurity functions
in the above issues and the gaps for the creation of tailored
impurity functions.

E. Complementary Optimization Techniques

Impurity measures alone cannot completely address the
shortcomings of decision trees. In this section, we review meth-
ods that can improve performance when used in conjunction
with improved impurity measures. The main strategies are:

e  Pruning techniques, including cost-complexity prun-
ing, error-based pruning, and bootstrap out-of-bag
pruning.

e  Feature selection methods, namely filter and wrapper
approaches.

e  Ensembling techniques, including Bagging, Boosting,
and hybrid models.

Literature suggests that the incorporation of advanced im-
purity functions coupled with these complementary techniques
results in decision trees that are more stable and generalizable.

F. Tree Optimization: State-of-the-Art Developments

This section covers modern developments, including
gradient-based learning of decision trees, differentiable tree ar-
chitectures, splitting criteria driven by changes in distributions,
and parallelized frameworks for building trees. It also provides
an overview of research into weakly supervised anomaly detec-
tion, financial modeling, educational analytics, and explainable
Al to understand real-world usage and effectiveness of state-
of-the-art tree optimization techniques.

G. Identified Gaps and Research Opportunities

The final section synthesizes the literature to identify
specific enduring gaps:

e  The need for impurity functions that are fit for com-
plex, heterogeneous data.

e Lack of adaptive mechanisms for impurity selection.

e Limited integration with explainability and inter-
pretability tools.

e A lack of theoretical guarantees for new impurity
formulations.
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These gaps motivate the current study, which seeks to
systematically investigate and appraise customized impurity
functions that enhance accuracy, reduce overfitting, and im-
prove computational efficiency in decision tree learning.

V. DECISION TREE: AN OVERVIEW

A decision tree is indeed one of the most powerful al-
gorithms in supervised learning for both classification and
regression tasks. It is still the most widely used algorithm
today and can be visually represented as a flowchart, where
each leaf will correspond to the output that is expected from
the decisions made from the internal branches. The tree needs
to be structured from a root down to the leaves by balancing
readability and performance (see Fig. 1) [9]. It should be
compact and use easily interpretable, stable variables with solid
classification power as measured by its impurity. This is sig-
nificant in keeping the tree concise for making sure predictive
strength is maintained, especially in high-stake decisions where
early trees should still accommodate some level of uncertainty

[2].
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Fig. 1. Traditional decision tree [10].

A. Definition and Characteristics

Decision trees are generally known and accepted as basic
techniques used in machine learning. The flexibility offered by
decision trees is due to the ability to handle various attribute
types, such as nominal, ordinal, interval, and continuously
scaled attributes. In nominal attributes, the value is tested,
and specific value information is used to transition to the next
leaf [11]. In contrast, neighboring value ordering is used to
establish a cut point, showing symmetry to the cut point, with
the attribute value of the present case indicated by belonging
to the region defined by the cut points. When the value of
the region and corresponding cut points are divided into the
region defined by the cut points, the attribute itself is said
to be multidimensional. Varying the value of the region and
the cut point could trigger a leaf transition, showing that the
decision tree structure could vary by adjusting attribute values
to the figure defined by quadruplets [12]. The ability to divide
and conquer nominal and ordinal attributes enables the easy
convergence of decision trees to attribute types. Further, using
trees to continuously scaled attributes is enabled due to the
structure of the leaf node, allowing the use of decision trees on
problems involving interval, spatial, and continuously scaled
attributes [13].

Forward pruning techniques, used to improve simplification
models, are normally dependent on validation data, which is
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further divided into training and validation samples. These
algorithms work to optimize decisions to obtain the lowest
possible tree, which is guaranteed to keep validation samples
having lower individual errors than training sets’ probable
errors. This is known as the cost-estimation approach, which
expects methods used to estimate decision costs to avoid errors
associated with performance, so as to derive an expansive and
correct tree to predict and adapt to new and changing test/live
situations.

B. Common Impurity Functions

In light of identifying Gini impurity and entropy as the
most common impurity methods, the importance of the essen-
tial differences between their usages in decision tree building is
discussed [14]. In comparison to more balanced datasets, Gini
impurity is generally more biased toward the majority class,
while entropy is generally more balanced and tends to generate
smaller trees. In support of the comparative assessment, it has
been found to work best on balanced datasets and class distri-
butions [14]. This could explain why, under various datasets,
Gini impurity has been found to outperform entropy on several
instances [15][16]. When most instances are negligible, it has
been observed to have less bias compared to entropy, which
tends to reduce differences between impurities by biasing indi-
viduals to identify a more significant categorization ordering,
albeit generating more suitable root node splittings [17]. In
contexts when explainability is most paramount, the smaller-
sized trees generated by Gini impurity could prove to be more
beneficial, owing to their ease of understanding. Moreover,
it is also more applicable to real-case problems due to high
efficiency [18][19].

VI. IMPURITY FUNCTIONS IN DECISION TREES

In decision tree models, nodes are represented by the
attributes contained in the datasets, and the leaf node is used
to define the class to which the datasets belong [20]. In
discriminative learning, it is essential to identify the decision
nodes by calculating the impurities, Eq. (1), present at the
nodes used to divide the datasets. Given the fact that a node
holds the impurities present in the datasets, the choice of
input variables is important at the node during learning [21].
Various impurity measures have been developed to cope with
input variable selection [21]. Impurities used to build decision
trees include basic measures on errors, such as information
entropy, the Gini index, and rule-based methods [22]. Using
various impurities and a fixed probabilistic constraint along
with learning on nodes, the idea of I-Optimal trees is developed
based on the basic set of I-Optimal responses to probability,
which aims to minimize the maximum non-negative relative
entropy between the errors and the trees, and to develop
insertable trees based on information functions and two-class
tree optimization [23][24].

impurity = 1 — purity @))]

Decision trees have found broad applications in data mining
[25]. Decision trees have long been known to effectively and
significantly provide easier methods to understand complicated
procedures involving decision-making [26]. Moreover, the in-
terpretable attribute of decision trees is unique to the algorithm,
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adding to their popularity [27]. Compared to other models
used to perform classification, decision trees are surprisingly
more interpretable [28]. Decision trees have found broad
applications ever since their creation and belong to a broad
array of fields, including but not restricted to, bioinformatics,
simplification of constraint programming problems, engineer-
ing, machine learning, modeling survival probability of trees,
natural resource management, learning parity problems, and
virtual screening, apart from applications to ensembles and
forests [29][30]. Various extensions to the basic concept of
decision trees have been developed, including but not restricted
to, conic trees, conditional inference trees, decision stumps,
frequent decision trees, interactive fuzzy decision trees, multi-
grain trees, multitrigger model trees, quantile random forests,
totally corrective linear decision trees, and weight boosting
[11][31].

A. Gini Impurity

The Gini impurity has several advantages. First, it sig-
nificantly handles the issue of class imbalance. While it is
ideal to have a balanced learning set, the Gini impurity has a
tendency to lean towards the smaller classes, thus increasing
their chances of reaching the top of the decision tree [32].
Moreover, it places the most frequent class at the top of the
tree, having a greater influence than any other class. As a
result, it quickly divides the large set into the upper nodes
of the tree. Thus, the Gini impurity is often considered one
of the most suitable impurity measures to be used in decision
trees and random forests. The integrity of the tree model would
significantly be affected if inappropriate measures were used
[33]. In addition, the Gini impurity is also effective in reducing
the complexity of the tree, and the efficiency of the tree-
building algorithm is increased due to the reduced number
of operations [34]. Moreover, it has been evident that the
computational complexity of the Gini impurity is lower than
information gain, and it is computationally efficient [35].

The Gini impurity measures the probability of randomly
choosing an instance that would be assigned to a different
class than it should. For a node ¢, it is defined as Eq. (2):

Gini(t

—1—ij, )

where, p; is the proportion of instances of class j in node
t and k is the number of classes [36]. The Gini impurity has
value 0 when instances belonging to a node are maximally
pure (all in a single class), and in the binary case it reaches
its maximum of 0.5 when instances are equally distributed be-
tween the two classes, which corresponds to maximal impurity
[37].

B. Entropy

Mathematically, the concept of entropy has been used
to define the measure of Eq. (3) and Eq. (4) disorder or
unusable energy present at the molecular level [38]. In contrast,
the concept of entropy has been used to define the average
amount of information, the measure of uncertainty associated
with a source, and also the amount of randomness associated
with a message. In essence, the more diversity, the more
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entropy [39]. Another concept, conditional entropy, is used to
define the remaining uncertainty associated with the random
variable, having knowledge of another variable, and is given
by H(Y|X) = S(I) [39]. There is a relationship between con-
ditional entropy and entropy. In decision trees, the concept of
information has been defined to mean the impurity associated
with a dataset [40].

=—> p(x)log, p() 3)
€S
IG(S, A) = E(S) - Y p(t)E(t) = E(S) - E(S|4) (4
teT

1) Rényi entropy: Current literature has further revived
interest in using Rényi entropy, Eq. (5), to increase the
correctness of decision trees [41]. This has been proven to
outperform standard methods of measuring uncertainty and
has prospects to tackle problems of unbalanced datasets. The
impact of several Rényi measures on the efficiency of decision
trees has also been analyzed, reflecting the ability to measure
uncertainty associated with datasets to improve the accuracy
of models [42]. Studies have also attempted to measure Rényi
uncertainty along with other measures to increase decision tree
efficiency [43].

R(D) =

k
1 v
1—~ log (;ﬂ) ()

2) Tsallis entropy: When used as an impurity measure,
Tsallis entropy, Eq. (6), has been proven to increase the
efficacy of decision trees, as the inclusion of unconventional
measures of impurity, including Tsallis entropy, has led to
optimal results in decision tree models [44]. The importance of
understanding the potential impact of Tsallis entropy on deci-
sion tree performance should not go unnoticed. Moreover, the
inclusion of Tsallis entropy has led to significant improvements
in the accuracy of decision trees. Cumulatively, the literature
suggests that the inclusion of Tsallis entropy could prove to
be a worthy tool to improve decision tree performance [41].

1-3% pg
Sq: Zz:lpz (6)

qg—1
C. Classification Error

The impurity measures under consideration demonstrate
the importance of weights used when determining impurities
[45]. The classification error function, Eq. (7), is used as an
impurity measure on the terminal set and is a measure used to
evaluate the splitting attribute, which depends on the selection
attribute used to decide on splitting [46]. The classification
error function is universally suited to a number of classes and
is known by the name Gini impurity coefficient when used
on two classes, and it is one of the impurity measures used
in the empirical field. When achieving accuracy is assessed, a
high-value item could incur more costs than a lower-value item
[47]. The relevance of understanding measures of cost or loss
is critical to accurately compute splittings and variables [48].
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The aim of the present review is to demonstrate the potential
role of the use of ranging functions on the flexibility offered
by decision trees to social scientific studies [49]. In some
situations, it is also possible to utilize a boosting algorithm
with closely similar statistical power to handle various MC
matrices [50].

E(D) = 1 — max(p;) )

VII. DECISION TREE PERFORMANCE CHALLENGES

Decision tree induction involves mainly three broad phases:
formation of the tree structure, pruning, and leaf node assign-
ment. Formation of an efficient decision tree is very important,
and it is always desirable to have a decision tree with similar
class distributions of the child nodes [12]. Nevertheless, it is
often difficult to satisfy such a restriction when working on
practical problems. In addition, it is more complex to develop
a homogeneously structured decision tree with morphological
information than to generate an effectively shaped decision tree
[29].

Decision trees are a widely used technique for classification
and prediction. The strength behind decision trees lies in
their simplicity, usefulness, and ability to capture relationships
with a fewer number of restrictions on their structure. This
technique is helpful when it is required to work on moderate
to large-sized datasets and involves very little input information
on specifying the problem. It is, however, important to keep in
mind that decision trees are vulnerable to noise present within
the input, which often causes the creation of a large number
of rules [51].

A. Overfitting

As data scientists and machine learning experts, researchers
have the power to set criteria to govern tree models to avoid
overfitting. This is possible by incorporating the number of
training samples (n) and the number of relevant variables to
predict the target variable (m), such that n is at least equal
to 2m [52]. The number representing relevant variables is
used either in the leading section of the data divide or by
adding up all the conditions used to classify each training
sample to the target category. This enables each category to
hold distinct activated conditions to facilitate the validity of
inferential modeling. Although simplistic, it is very effective
to control the structure and number of relevant input variables
to grow the decision tree modeling approach. Other techniques
involving the effective utilization of weighted and optimized
systems to identify relevant attributes and unique amounts of
data to correctly categorize are also capable of increasing the
efficacy of the aforementioned rule to n > 2m [53].

The cause of overfitting can therefore be said to result from
the inclusion of noise and unnecessary attributes, which the
tree is trying to capture and employ to classify or explain
the training data. The overfitting of the data is not sudden
during the attribute selection procedure but starts with the
selection of the optimal attribute and the inclusion of less
optimal attributes to the tree nodes. The tree continues to grow
until a considerable amount of irrelevance and interference is
injected into it. The problem occurs because the training data
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have been optimized solely to suit the specific data the tree
is growing on and may result in incorrect classification during
the presentation of new instances [54]. Beginning with decision
trees, overfitting is a basic flaw associated with them owing
to their ability to learn and generalize data but not accurately
enough. Noisy data during training are also associated with
this flaw. When the attributes of the tree grow to complexity
with too many nodes compared to the number of training
instances, it is said to experience overfitting, marked by too
much unnecessary modeling [52].

B. Handling Missing Values

Decision trees are commonly used to classify instances
within a specific domain defined by a problem. The instances
are divided into several sub-domains, and a model is built
based on each domain and a set of attributes. This is conducted
recursively. Several other learning methods are also found,
which contain nodes not connected to decision trees. These
methods are mainly used to improve the induction of decision
trees [55].

Decision trees with missing information can also be han-
dled using measures of impurities, which determine how to
treat the missing information. Missing information may require
filling using the most frequent value, and another measure of
impurities may also be used to measure the influence of the
missing information on the decision tree. When attributes are
continuous, the average is commonly used, and when discrete,
the mode is used. After structuring information and classes
associated with information, the algorithm determines the best
splitting and modes.

On the other hand, Quinlan developed the C4.5 algorithm
to build decision trees, which works effectively with attributes
that require either continuous or discrete information. It divides
instances into various areas defined by a test and assigns
instances to paths showing maximum information gain. In
the meanwhile, Fernando et al. have made improvements to
develop more efficient training and increase the efficiency
of neural learning by reducing the influence of missing in-
formation [56]. Some authors also go into detail on how
missing data are handled during splitting when constructing
decision trees, while others consider it another value to take
into consideration along with other attribute values. As a result,
the diversity discussed above encompasses a wide review of the
subject to guarantee readers are knowledgeable on the various
perspectives on the issue [57].

VIII. ENHANCING DECISION TREE PERFORMANCE

Current algorithmic developments involving decision tree
impurity are an interesting solution, although not without
restrictions [58]. Moreover, the existence of impurities is not
convex, thereby increasing the complexity of reaching an
optimal solution, and it is not guaranteed to converge within
a fixed time span dependent on the input attributes [59].
Thus, it has also been realized that, to a great extent, the
rigid measure of impurity is often settled with the measure of
minimum quality, with the hope of achieving optimal models
with impurities below a certain threshold. Unfortunately, such
relaxation of impurity measures has further triggered unwanted
occurrences of overfitting decisions on the decision trees [60].
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Decision trees, although having high capabilities on classi-
fication problems, are also faced with demerits, largely due
to the presence of noisy information in the datasets. Most
learning models are also known to be highly affected by
impurities, and more so when it is regarding class imbalance
[28]. Although it has been realized to a great extent that having
robust positions against impurities and enough data regarding
impurities to learn is important, impurity is not invariant. If
it is considered to a large extent, it is known to negatively
affect learning models, and if the impurities are considered to
a lesser extent, it often has to consider a rule regarding the pure
attributes of the minority class and is further embedded into
the decision trees. Under such conditions, it has been realized
to largely overfit the trees, correctly categorizing instances in
the minority classes and largely misclassifying instances in the
majority classes [61].

A. Pruning Techniques

There is a possibility of overfitting during the creation
of a decision tree, which may result in the creation of a
very large tree [62]. Although the aim is to develop an apt
representation of data, it often tends to remember the data
and perform very well on it. This problem can be mitigated
through pruning. Pruning the tree can be achieved by cost-
based pruning using the resubstitution error, the estimate of
the error, or by methods such as the bootstrap out-of-bag
error, which serves as a validation technique and is very
useful, particularly when reducing the time complexity [63].
The bootstrap out-of-bag error can also act as a third option
that combines these techniques and serves as a validation
procedure, and is very helpful, particularly when reducing the
time complexity.

The entire process of pruning allows the creation of an
unbiased terminal tree, which provides efficient access to
the basic structure of the data, namely the relation between
impurities and the decision tree [64]. By using metrics such
as the Gini index and entropy, along with validation and
techniques such as the random forest, it is possible to increase
robustness, which allows the creation of a better and more
universally applicable model [65]. Decision tree methods are
used owing to their immediacy and ability to divide observa-
tions into separate subsets, which results in them becoming
an extremely efficient tool and very difficult to reproduce and
verify by other techniques such as multivariate methods [27].
Decision trees along with impurities are flexible methods and
can handle nominal and continuous independent variables [4].
The technique, which is similar to a set of binary tests, is
able to identify optimal cutting points on the independent
variables to increase the purity of the groups, which is very
helpful to behavioral analysts and market experts, and is able
to provide very rapid characterization and understanding of
the data. Hence, it is able to act as an extremely efficient
description tool, identifying the region of interest surrounding
the most basic subsets of various variables [66].

B. Feature Selection Techniques

Input feature priority techniques imply ranking input fea-
tures based on relevance to the target task. This is helpful
to identify the optimal number and priority of input features
to retain. Input feature selection is divided into two broad
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categories: filter and wrapper techniques. In filter techniques,
importance is ranked, and measures such as the ¢-statistic
and F-statistic are used. These techniques can select subsets
of top-k features and are used during the first stages of
data preprocessing. There are various input feature selection
techniques, and some of the most important ones are discussed
below.

In contrast, wrapper methods utilize a search procedure
along with a model to assess the performance of various
subsets of features [67]. Features are selected and dropped
based on their ability to improve or hinder the performance
of the model [68]. In contrast to filters, the wrapper technique
can select a feature that is important to the model yet not
directly associated with the target, and drop a feature that is
less important but directly associated with the target [3]. As
such, the wrapper technique often outperforms filters [69].

The objective of the feature selection procedure is to
discover a set of attributes within the input features to enable
the creation of a predictive model with enhanced accuracy,
which can develop a more efficient predictive model by learn-
ing the most distinguishing features while avoiding unwanted
characteristics [70]. Several advantages are associated with
feature selection, including the creation of more interpretable
models, the ability to develop models with faster speeds and
smaller sizes, the elimination of variables highly associated
with the target, and the attainment of negligible value. There
are two types of feature selection methods [5, 71].

C. Ensemble Methods Techniques

In the decision trees literature, an ensemble technique com-
bines N models (developed by using the same input learning
algorithm) to attain a unique prediction for every instance
within the test data [72]. There are two basic methods to
design an ensembling technique of decision trees [73]. Bagging
involves creating an ensemble by randomly sampling, with
replacement, elements within the training example and using
the sample to develop the respective model [74]. Boosting
techniques are based on an iterative technique wherein models
are developed on the entire training example, and weights
are finally given to poorly predicted instances (see Fig. 2)
[75]. These poorly predicted instances also display a greater
tendency to be selected into the training example of the next
models [76][77]. These methods are further coupled with
decision trees to generate an ensembling technique of models
[781[79].

1) Bagging: When it is used correctly, involving decision
trees as base models, bagging can generate very good pre-
dictive models. However, it should never be forgotten that
bagging works mainly to decrease variance, which is why it is
most beneficial when used on high-variance models. Another
important factor is to include homogeneous and robust base
models. When base models are not satisfactory, it is possible
to improve performance by differently initializing base models
randomly and using differently defined discretization methods,
such as divide techniques and Vapnik methods [80]. While
it is true that, when used correctly, bagging and resampling
methods can often involve more active and complex processes
than other techniques used to generate ensembles, it is also
very important to understand and appreciate the strength of
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bagging, which is to accurately and efficiently develop predic-
tive models [81].

The basic bagging algorithms require a robust learning
algorithm, which is true when bagging is used with decision
trees [11]. When used on decision trees, bagging produces a
mixture model where each individual model is obtained using
a bootstrap sample of the training instances, and the training
involves all instances and variables in the training set. The pre-
dictions of the individual models (decision trees) are averaged
in regression and combined via voting in classification [76].
The best possible results are achieved when the training is
carried out on noisy data and data with a high dimensionality.
Bagging is most effective when it decreases the variance of
the base learner when it is unstable.

(A) bagging (B) boosting
step 1 = ! - step 1
create multiple data 5D i D create multiple data sets
sets through random & | | : through random sampling
sampling with ] 1 T 1 i ! with replacement over
replacement : — i weighted data
HDN- - B Dy - WDyl Dy
step 2 . B‘ L i s i 'D" 'Dz - ‘D"]' 2 D" step 2
build multiple ,l l l l j / l / l / l build learners
learners in paraliel a sequentially
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step 3 ! step 3
combine all learners ! combine all learners
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Fig. 2. Bagging and boosting tree-based ensemble [10].

2) Boosting: XGBoost, which is a very reliable and highly
researched boosting algorithm, is very similar to residual-
fitting boosting but is distinguished by adding a specific weight
to each classifier based on the accuracy rate. The weights are
incorporated into the overall classifier, which makes XGBoost
a forward stage-wise fitting algorithm [82]. Unlike traditional
methods, XGBoost gives more weight to instances that were
classified inaccurately to influence the learning process of new
classifiers. The concept of boosting has the ability to improve
a weak solution to a strong solution [6].

Boosting techniques present the problem of optimization by
working on iterative improvements of specific loss functions by
training on instances with more importance. The next classifier
is dependent on the most important instances, which are
determined by the distribution defined by the earlier classifier.
These techniques, such as AdaBoost and RankBoost, increase
the importance of instances by modifying the distribution after
each classifier. Other boosting techniques, such as Brown-
Boost, work differently by approximating the loss function
without changing the distribution after each classifier [73][79].

IX. RELATED WORK

Mao et al. [83] present a new decision tree classification
algorithm based on a two-term RS-entropy concept, aiming
to improve the flexibility and accuracy of models. The au-
thors highlight the insufficiencies of existing decision tree
approaches such as ID3, C4.5, and CART, which rely on
rigid splitting rules defined by Shannon entropy and the
Gini index. RS-entropy, a generalized concept encompassing
Shannon, Rényi, Tsallis, and r-type entropies, allows dynamic
splitting rules defined by adjustable parameters. Furthermore,
the authors enhance the two-term information formula by

Vol. 17, No. 4, 2026

incorporating penalty factors to account for attribute complex-
ity, resulting in the RSEIM algorithm. Empirical experiments
on eight UCI datasets show that RSE and RSEIM greatly
outperform traditional algorithms in classification accuracy
without increasing model complexity. Genetic algorithm—based
parameter optimization further strengthens RSEIM’s robust-
ness and resistance to overfitting. Pairwise comparisons and
Nemenyi tests confirm the statistical superiority of RSEIM.

He et al. [84] propose a dynamic Bayesian node-splitting
algorithm to improve the performance of the random forest
algorithm by overcoming inefficiencies in traditional splitting
methods. The algorithm dynamically calculates posterior prob-
ability distributions during the splitting process, enabling more
accurate identification of optimal split points. The authors
also introduce a dynamic thresholding mechanism weighted
by misclassification errors to prevent overfitting. Experiments
conducted across multiple UCI datasets show improvements in
accuracy, robustness, and computational efficiency compared
to classical random forest models.

In the work of Ferreira et al. [85], decision tree models are
used to support clinical decision-making regarding impaired
physical mobility in trauma patients. Using the C4.5 algorithm,
the authors identify eight essential nursing diagnoses and
construct classification trees to determine key predictors such
as age, length of hospital stay, and injury severity score. The
results demonstrate that decision trees can effectively guide
clinicians in prioritizing patient care and integrating data-
driven assessments into trauma management.

Ciftcioglu et al. [86] introduce a predictive model for esti-
mating shear strength in reinforced concrete beams, optimizing
decision trees using the Lévy Flight algorithm to overcome the
limitations of traditional machine learning approaches. Using
an extensive dataset featuring numerous structural variables,
the authors compare classical decision tree models with Lévy
Flight-enhanced variants. Results show that the optimized
models produce superior accuracy, robustness, and adaptability
while reducing overfitting. Metrics such as RMSE, MAE, and
R? confirm that the new method significantly outperforms
traditional decision trees.

Li et al. [87] present an extensive analysis of a decision
support system (DSS) for vending machines using machine
learning techniques, including an improved C4.5 decision tree
algorithm and neural networks. The modified C4.5 algorithm
reduces runtime and slightly improves accuracy relative to the
original. Using a backpropagation neural network (BPNN),
the authors show strong alignment between predicted and real
sales trends. Reinforcement learning is also incorporated to
further enhance the DSS’s efficiency and forecasting accuracy.

New splitting rules for Gradient Boosting Decision Trees
(GBDT) are proposed by DeLise [88] to address out-of-
distribution (OOD) generalization—a major challenge due
to era-dependent distribution shifts. Unlike Empirical Risk
Minimization (ERM), which assumes i.i.d. data, the new rules
leverage cross-era information to build more robust models.
Theoretical analysis and experiments using simulated datasets
and real-world financial market data (e.g., Numerai) show
improvements over classical GBDT.

Marton et al. [89] introduce GradTree, a technique for
learning hard, axis-aligned decision trees using gradient de-
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scent rather than traditional greedy methods. By employing
backpropagation and the straight-through estimator, GradTree
jointly learns all tree weights, producing enhanced accuracy
and generalization performance in binary and multiclass tasks.
Experimental results demonstrate that GradTree surpasses ex-
isting algorithms while supporting external loss functions and
dynamic splitting.

Zeng [20] examine fundamental assumptions about impu-
rity functions in decision trees, focusing on non-negativity and
concavity. The authors show that impurity functions are not
inherently non-negative and analyze conditions where impurity
decreases may be harmful. They further demonstrate that
concavity guarantees non-negative impurity decreases in multi-
way splits. Experiments on the German credit dataset show that
a linear hybrid of the Gini index and entropy outperforms each
impurity measure individually.

In their study, Arbiv et al. [90] explore human-centered
optimizations for decision trees to improve interpretability.
The authors evaluate design modifications and algorithmic
enhancements aimed at reducing the gap between complex data
structures and user understanding. Their findings show that
optimally designed trees significantly improve human decision-
making by presenting information in a more comprehensible
format.

Loreti and Visani [91] assess parallelization strategies for
building decision trees in the GLEAMS explainability frame-
work, which struggles with scalability. By applying distributed
computing through the Ray platform, they compare multiple
parallel methods and identify performance strengths and weak-
nesses. The results highlight improvements in efficiency and
scalability in alignment with modern explainability demands.

Finke et al. [92] investigate tree-based methods for weakly
supervised anomaly detection at the Large Hadron Collider
(LHC). Their work demonstrates that Boosted Decision Trees
(BDTs) outperform deep neural networks in training efficiency
and robustness to noise. Using gradient boosting and ensemble
techniques, the authors show that BDTs can effectively operate
in high-dimensional spaces with many uninformative variables,
improving model-independent searches for new physics phe-
nomena.

Baena-Rojas et al. [93] present a hybrid approach to Multi-
Criteria Decision-Making (MCDM) to identify international
markets for small and medium-scale coffee roasting businesses.
The hybrid approach combines and balances the benefits of
quantitative and qualitative techniques to improve the effi-
ciency and viability of International Market Selection (IMS).
A case study involving 18 Colombian SMEs producing coffee
shows that cultural variables and techniques improve the effi-
ciency of the MCDM solution. The most promising countries
are the US, the Netherlands, and South Korea, demonstrating
the feasibility of the proposed solution.

Ujwal and Malik [94] suggest a system called Perfor-
manceX, which utilizes Educational Data Mining (EDM) to
enhance performance and minimize dropout ratios. The authors
present a selective algorithm involving filter and wrapper meth-
ods to select important attributes based on student datasets.
Using machine learning classifiers, including a fusion voting
classifier, the system achieves an accuracy of 99.41%, with
the best result obtained by the random forest classifier. The
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work clearly emphasizes the relevance of structuring student
performance on effective attributes to improve learning and
career advancement.

Bouke et al. [18] introduce the BukaGini algorithm, a new
feature selection algorithm suitable for machine learning. The
algorithm leverages the concept of the Gini impurity index
to improve the evaluation of interactions between features,
including linear and nonlinear associations. Comparisons con-
ducted on various datasets, such as High School Students’ Per-
formance, Cancer Data, Spambase, and UNSW-NB15, indicate
that BukaGini generally attains greater accuracy improvements
than conventional Gini index methods, ranging between 0.32%
and 2.50%.

Pathan and Sharma [95] analyze improvements to the deci-
sion tree algorithm to increase classification accuracy and min-
imize tree size. Their discussion of preprocessing techniques
focuses on handling missing information and uncertainty. The
proposed decision tree algorithm, optimized using the Gini
impurity, is more efficient than regular decision trees based
on criteria such as precision, recall, F-score, and accuracy.

Subramani and Muruganantharaj [96] propose the En-
hancedTree+ algorithm, an advanced decision tree classifier
designed to enhance accuracy, interpretability, and robustness
when dealing with complex datasets. Although decision tree
algorithms are easy to implement, they suffer from overfit-
ting and loss of interpretability when handling complex data.
EnhancedTree+ addresses these problems by incorporating
smarter splitting rules and pruning. Extensive experimentation
on the Titanic dataset shows that EnhancedTree+ outperforms
standard decision tree classifiers and competes favorably with
models such as random forests and gradient boosting. The
experiments clearly indicate improvements in accuracy, preci-
sion, recall, and F1-score, implying strong practical viability.

Asif et al. [97] address global health issues related to
cardiovascular diseases by presenting a machine learning so-
Iution involving preprocessing, hyperparameter tuning, and
ensemble learning techniques. The authors combine three
Kaggle datasets with similar attributes to construct an extensive
dataset. Using an Extra Trees classifier, normalization, and
grid search cross-validation, the proposed solution achieves an
effectiveness of 98.15%. The results suggest strong potential
to correctly identify cardiovascular disease, which may greatly
aid in prevention, diagnosis, and treatment, thereby reducing
morbidity and mortality.

The work by Cui et al. [98] targets the robustness of
Gradient Boosted Decision Trees (GBDT) and offers a tech-
nique to improve it by employing one-hot encoding and regu-
larization. Although efficient, GBDT models are vulnerable
to slight changes in input data. By converting the models
into linear form using one-hot encoding and applying L;
and Lo regularization, substantial improvements in robustness
are achieved. The study shows that regularization methods
help alleviate vulnerabilities to data perturbations, ultimately
improving efficiency.

Custode and Iacca [99] explore the integration of evo-
lutionary algorithms and Q-learning to provide interpretable
decision trees for reinforcement learning (RL). Their work
tackles problems such as premature convergence to local op-
tima by adopting a two-level optimizer. Experimental analysis
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conducted on classical RL tasks (CartPole-v1, MountainCar-
v0, and LunarLander-v2) and on a pandemic control domain
clearly shows the competitive efficiency of the proposed solu-
tion for both interpretable and non-interpretable models. The
results demonstrate that interpretable models can match or even
improve upon the performance of non-interpretable ones, even
in high-stakes domains such as pandemic control.

Riansyah et al. [100] publish a study on improving the
accuracy of the C5.0 decision tree algorithm for data mining
classification using adaptive boosting (AdaBoost). They high-
light several flaws of the C5.0 algorithm, including suscep-
tibility to overfitting and accuracy degradation when dealing
with unbalanced data. These flaws are mitigated by AdaBoost,
which adjusts the weights of incorrectly classified samples.
In a case study involving hepatitis data, accuracy is increased
from 80.58% to 82.98%, while the classification error rate is
significantly reduced. This shows AdaBoost’s ability to trans-
form a weak classifier into a strong one through reweighting
of training samples.

In their work, B et al. [101] present Permutation Deci-
sion Trees (PDTs), an extension of classical decision trees
that uses the Effort To Compress (ETC) complexity mea-
sure—interpreted as an impurity measure—to enable permu-
tations of instances. Compared to Shannon entropy and Gini
impurity, ETC captures the importance of instance ordering,
making PDTs sensitive to permutations. The authors also
propose Permutation Bagging, an implementation of PDTs
that does not rely on stochastic sampling but instead uses
random feature selection. Although the approach has promising
applications, comparisons with standard random forests clearly
show the superiority of Permutation Bagging and Permutation
Decision Forests, particularly when handling critical data in-
stances and dependencies.

Awad and Fraihat [102] study the efficacy of recursive
feature elimination with cross-validation using decision tree
models (DT-RFECYV) for feature selection in intrusion detec-
tion systems (NIDSs). Employing the UNSW-NB15 dataset
with 42 features, they improve accuracy while reducing the
number of features. The findings reveal that using the optimal
15 features obtained by DT-RFECV yields a binary classifi-
cation accuracy of 95.30%, comparable to that achieved using
the full feature set. This work maintains high accuracy while
speeding up detection and reducing storage requirements by
65% through feature selection.

Zhang and Gionis [16] propose a new algorithm for de-
cision tree induction that incorporates complexity guarantees
during learning. Although classic algorithms such as C4.5
and CART are effective in terms of accuracy, they offer no
guarantees regarding the complexity of the constructed trees
and may thus produce poorly interpretable models. The new
algorithm improves on these approaches by adding a greedy
heuristic that balances tree size, cost, and impurity, yielding
logarithmic guarantees on complexity. As a result, it produces
trees that are both interpretable and accurate. The paper
represents an important contribution by explicitly addressing
the trade-off between accuracy and interpretability.

Roshanski et al. [103] propose a new algorithm, FACET,
designed to ensure that decision trees remain compact while
preserving modeling power. Although decision trees often
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provide a simple and robust modeling framework, their growth
can lead to overly large and complex models. FACET seeks to
maintain compactness by using automated modeling principles
and feature extraction to construct concise tree representations.
Experimental analysis on 82 different datasets is conducted
to verify the efficiency and effectiveness of the proposed
technique.

Bodine and Hochbaum [104] present the Max-Cut Decision
Tree with modified PCA, published in SN Computer Science,
with the aim of optimizing the decision tree algorithm. Their
work remedies problems associated with standard CART Gini
trees by incorporating two major innovations. First, Max-Cut
is designed to maximize separation between class instances,
making it less prone to overfitting. Second, the integration
of Node Means PCA dynamically adapts dimensions at each
node, reducing running time and improving efficiency. Exper-
imental validation across multiple datasets, including CIFAR-
100, shows considerable performance improvements.

Horvéth et al. [105] propose a new method for adding
robustness to the certification of decision-stump ensembles
via deterministic smoothing. Although tree-based models are
widely used in high-risk domains such as healthcare and
finance, their robustness certification lags behind that of neu-
ral networks. The authors introduce deterministic robustness
certificates for ensembles with numerical and categorical at-
tributes. Their method uses dynamic programming to compute
exact output distributions under randomization and provides
an MLE-optimal learner for robust stump-based boosters.
Experiments demonstrate improved efficiency and accuracy
compared to existing robustness-certification approaches for
tree models.

Li and Chen [106] address the shortcomings of con-
ventional univariate decision trees (UDTs) by introducing a
new splitting rule based on Geometric Mean Metric Learning
(GMML). They propose the diagonalized GMMLDT, which
accelerates tree construction by quickly identifying the most
discriminative splitting feature while preserving explainability.
Experiments on standard benchmark datasets show that both
dGMMLDT and its multivariable extension, dGMMLMDT,
achieve comparable or superior accuracy with up to a ten-fold
speedup relative to full GMML.

Lee et al. [33] propose a decision tree algorithm that
improves classification accuracy by incorporating class dis-
tances. The method modifies the traditional Gini index using
a combination of Rao and Stirling distances, producing more
clearly separated class boundaries during splitting. Testing on
multiple datasets—including contraceptive method choice, car
evaluation, and yeast—demonstrates that the new algorithm
consistently outperforms the traditional Gini index.

Manzali et al. [107] propose Enhancing Weak Nodes in
Decision Trees (EWNDT), an approach designed to improve
decision tree efficiency by addressing weak nodes using data
augmentation. The algorithm augments data associated with
weak nodes by artificially grouping neighboring nodes and
re-evaluating candidate splits, thereby increasing model ro-
bustness. Experiments on UCI repository datasets show that
EWNDT outperforms conventional pruning-based techniques.

Agarwal et al. [108] propose Hierarchical Shrinkage (HS),
a post-processing regularization technique for decision trees

www.ijacsa.thesai.org

993 |Page



(IJACSA) International Journal of Advanced Computer Science and Applications,

and random forests. HS shrinks predictions toward the mean
of ancestor nodes through a single regularization parameter
while preserving the tree structure. Experiments across varied
datasets demonstrate that HS significantly improves predictive
performance and interpretability. The authors also link their
method to ridge regression applied to decision stumps, pro-
viding theoretical grounding.

Arabameri et al. [81] assess decision tree-based ensemble
machine learning algorithms for landslide susceptibility map-
ping in the Taleghan—Alamut Basin, Iran. The study employs
Credal Decision Tree (CDT) models integrated with Bagging,
Multiboost, and Subspace algorithms using eighteen condi-
tioning factors. Model performance is evaluated using ROC
curves and k-fold cross-validation. Results show that CDT-
Multiboost achieves the highest performance, with an average
AUC of 0.993, indicating strong feasibility for generating re-
liable landslide-susceptibility maps to mitigate future hazards.

X. METHODOLOGY

This study follows a structured literature-review method-
ology rather than an original empirical design. The aim is
to synthesize recent research on impurity measures used in
decision-tree learning and to compare how the reviewed studies
report performance, robustness, and interpretability.

The review methodology is organized into three phases:

e Literature identification: Relevant studies published
between 2020 and 2025 were collected from the
literature cited in this study, with emphasis on work
addressing classical impurity measures, generalized
entropy-based criteria, hybrid split functions, prun-
ing strategies, feature selection, and ensemble-based
decision-tree optimization.

e Screening and categorization: The selected studies
were grouped according to their primary contribu-
tion, including impurity-function design, performance
optimization, overfitting control, interpretability, and
application domain. This step enabled consistent com-
parison across methods and research themes.

e Comparative synthesis: Findings were synthesized
qualitatively by comparing the reported outcomes of
the reviewed papers, including accuracy trends, ro-
bustness to class imbalance and noise, model com-
plexity, and computational considerations. No new
experiments were conducted in this study.

This methodology aligns the study with its actual scope as
a survey and provides a transparent basis for the discussion
and comparison presented in later sections.

XI. DISCUSSION

The reviewed literature shows a clear evolution in the
role of impurity functions in decision-tree construction. While
classical approaches such as the Gini index and Shannon en-
tropy remain dominant for their simplicity and computational
efficiency, they exhibit significant limitations when applied to
modern datasets characterized by imbalance, high dimensional-
ity, noise, and non-linear interactions. As documented through-
out the study, these drawbacks manifest through biased splits,
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deeper and less interpretable trees, and an increased tendency
toward overfitting—an issue exacerbated by the greedy, locally
optimal nature of standard tree-building algorithms.

Recent studies explore alternative impurity
measures—such as Rényi entropy, Tsallis entropy,
cost-sensitive error functions, MECC, and ETC-based

measures—to more accurately quantify uncertainty in
multi-class, imbalanced, or temporally sensitive datasets.
These functions provide improved modeling flexibility by
introducing tunable parameters, non-linear weighting schemes,
or domain-specific structural priors. Importantly, emerging
work demonstrates that combining impurity measures (for
example, linear mixtures of Gini and entropy) can outperform
individual functions for specific classes of problems.

Beyond impurity functions themselves, the literature un-
derscores the importance of complementary techniques such as
pruning, ensemble learning, feature selection, and error-based
optimization to mitigate overfitting and excessive tree growth.
Studies show that when decision trees employ improved im-
purity functions in conjunction with these techniques, the
resulting models consistently outperform baseline CART and
C4.5 variants in terms of accuracy, robustness, computational
cost, and interpretability.

XII. RESULTS AND COMPARISON

This section summarizes the findings reported in the re-
viewed literature rather than presenting original experimental
results. The comparison focuses on four recurring dimensions
discussed across the surveyed studies:

e Predictive performance: Reported changes in accu-
racy, precision, recall, and F1-score.

e  Model complexity: Tree depth, number of nodes, and
resulting interpretability.

e  Robustness and overfitting: Sensitivity to noise, class
imbalance, and training-data variation.

e  Computational efficiency: Reported training cost and
scalability with larger datasets.

As summarized in Table I, the reviewed studies generally
indicate that adaptive impurity measures and impurity-aware
optimization strategies can improve decision tree behavior
relative to classical split criteria, especially when combined
with pruning, feature selection, or ensemble learning. These
findings should be interpreted as a synthesis of published
evidence, not as new benchmark results produced by the
present study.

XIII. CONCLUSION

This literature survey demonstrates that impurity func-
tions play a foundational role in shaping the performance,
interpretability, and computational properties of decision-tree
models. Traditional impurity measures, while effective for
structured and balanced datasets, often fall short in modern
applications characterized by complexity, heterogeneity, and
noise. A new generation of impurity functions—incorporating
tunable parameters, non-linear weighting, temporal sensitivity,
or structural complexity guarantees—has shown substantial
empirical and theoretical promise.
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TABLE I. CONDENSED SUMMARY OF REVIEWED DECISION TREE RESEARCH (2020-2025)

ID | Authors / Year Method / Algorithm | Key Contributions Datasets Results
1 Mao (2025) RSEIM / RS-Entropy | Generalized entropy-based DT with tun- | 8 UCI Higher accuracy vs
able splitting CART/C4.5
2 | He (2025) Dynamic ~ Bayesian | Posterior-probability split optimization | UCI Faster + more robust
Splits RF
3 Ferreira (2025) C4.5 Clinical DT Mobility prediction in trauma patients Clinical Better diagnostic in-
sights
4 Ciftcioglu (2025) DT + Lévy Flight Optimization for nonlinear engineering | Concrete beams Improved RMSE,
data MAE, R?
5 Li (2024) Modified C4.5 DSS Faster DT for vending machine DSS DSS data Higher accuracy, re-
duced runtime
6 Delise (2024) Era-aware GBDT Robust OOD generalization under distri- | Numerai Strong OOD perfor-
bution shifts mance
7 Marton (2024) GradTree Full-tree gradient-descent optimization Benchmarks Higher accuracy vs
greedy DT
8 Zeng (2024) Impurity Theory Clarifies impurity properties; beneficial | German Credit Mixed measures out-
mixtures perform baseline
9 Loreti (2024) Parallel DTs (Ray) Scalable parallelization for explainability | GLEAMS Faster DT building
10 | Finke (2024) BDTs for Weak Su- | Noise-robust anomaly detection LHC Better than deep nets
pervision
11 | Baena-Rojas (2023) | Hybrid MCDM Tree | IMS ranking for SMEs 18 SMEs Identified US, NL, KR
as best markets
12 | KVG (2023) PerformanceX EDM | Attribute selection + DT Student data 99.41% accuracy
13 | Bouke-Bukagini BukaGini Interaction-aware impurity UNSW, UCI +0.32-2.50% accuracy
(2023)
14 | Pathan (2023) Improved Gini DT Missing-data robust preprocessing UcCI Higher precision/recall
15 | Subramani (2023) EnhancedTree+ Improved splitting + pruning Titanic Beats DT/RF/GBDT
16 | Asif (2023) Ensemble Health | Extra Trees + preprocessing Kaggle heart 98.15% accuracy
Trees
17 | Cui (2023) Robust GBDT L1/L2 regularized GBDT Real + synthetic More robust predic-
tions
18 | Custode (2023) EVO + Q-Learning | Interpretable RL trees RL benchmarks Competitive with deep
Trees RL
19 | Riansyah (2023) C5.0 + AdaBoost Boosting for imbalance Hepatitis Accuracy 1 from
80.6—83%
20 | Bodin (2022) Max-Cut DT + PCA | Class-separating splits + node PCA CIFAR-100 49% better accuracy,
94% faster
21 | Horvath (2022) Robust Stumps DP-based exact robustness certification | Mixed datasets Better certified robust-
ness
22 | Li (2022) GMMLDT Metric-learning-based DT splitting Benchmarks Up to 10x speedup
23 | Lee (2022) Distance-based Gini | Rao-Stirling distances in impurity UcCI Higher accuracy
24 | Manzali (2022) EWNDT Weak-node data augmentation UCI Superior to pruning
25 | Arabameri (2022) CDT + Multiboost Uncertainty-aware hazard mapping Landslides AUC = 0.993
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