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Abstract: Gradient Boosting has become one of the approaches design to improve general predictive performance as well
as overcome some specific learning challenges. Though mature, there are still new adaptive variants being created to enhance
flexibility, efficiency, as well as overall predictive power. However, there are limited benchmarking studies that sought to establish
the generalisation abilities of these techniques especially the newer variants under varying conditions. This study, therefore,
conducts a systematic analysis of seven Gradient Boosting models: XGBoost, LightGBM, CatBoost, HistGradientBoosting,
GradientBoosting, AdaBoost, and the adaptive MorphBoost on ten benchmark datasets different challenges. All models were
trained using a fixed 80:20 train–test split, with 3-fold cross-validation performed solely on the training portion to estimate
stability. Performance was measured using accuracy, F1-score, and ROC-AUC to guarantee fairness and reproducibility. The
findings indicate that CatBoost produced the highest mean accuracy of 0.9400 and a near-perfect ROC-AUC of 0.9915, which
means that it can effectively generalize across diverse data types. HistGradientBoosting is identified as the most stable model
across datasets with a good level of performance and computational efficiency, and it is currently followed by LightGBM and
XGBoost. MorphBoost shows promise on binary and high-dimensional datasets where its implementation is fully supported,
though its current lack of native multiclass handling limits general applicability. Generally, the research confirms that there is no
single model that fits all circumstances; rather, dataset characteristics directly influence model performance. These results offer
real-world guidance on the choice of boosting models and point to the areas where future research, particularly in adaptive and
hybrid boosting techniques can be used to further enhance performance and generalization.
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Stacking Ensemble, Tabular Data, Explainable AI

1. Introduction
The growing popularity of the use of data-driven

decision-making systems in different fields including finance,
healthcare, and e-commerce has increased the need for tools
such as machine learning models that are not only accurate
in predictive modelling but also scalable and reliable (Provost
and Fawcett, 2013; Jordan and Mitchell, 2015). Ensemble
learning techniques have been very important in meeting this
need because they integrate a group of weak learners to

generate a stronger predictive behavior [15, 56]. Gradient
Boosting is one of these methods, which has proven to be
one of the most effective methods, especially on structured
(tabular) data [11, 23].

The gradient boosting adopts a sequential learning where
each subsequent model is trained to eliminate the errors of the
previous models [23, 27]. The technique can fit complicated,
nonlinear connections that are often found in real-life data by
reducing a loss function in a series of steps [4, 40]. This led
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to its wide adoptation in determining credit risks, predicting
customer churn, detecting fraud, medical decision support
systems [1, 14, 19, 35, 52]. The growing use of machine
learning in such areas of practical application as healthcare
informatics and the optimization of educational systems is also
supported by recent researches [2].

Gradient Boosting has over time been improved in order
to enhance efficiency, scalability and predictive accuracy.
The most popular ones include XGBoost, LightGBM, and
CatBoost that employ innovations such as regularization
methods, tree building strategies, and feature interaction
treatment [11, 32, 46]. Moreover, other techniques like
HistGradientBoosting present histogram-based methods of
learning, which are computationally efficient and more
scalable [32, 44]. The models have gained much popularity
in the field of scholarly studies and practice because of their
robust performance in a range of tabular data tasks [43, 55].
In spite of these achievements, Gradient Boosting models
still have a number of limitations, such as being sensitive
to hyperparameters optimization, being computationally
intensive, and having a tendency to perform poorly on various
data distributions [18, 45]. Also, even though the majority of
the existing implementations are effective in the case of regular
classification problems, their performance can also change
dramatically with the characteristics of the dataset, including
nonlinear patterns, feature space of high dimensionality, and
class imbalance [6, 24]. Specifically, class imbalance is
proven to have a considerable influence on the performance of
classifiers and evaluation results, and therefore, the selective
use of models and data management approaches is required
[53].

In order to overcome these drawbacks, other studies have
explored adaptive and enhanced boosting frameworks that
enhance flexibility and generalization [16, 32]. An example of
these new methods is MorphBoost [34], which adds adaptive
tree morphing to a training process. In contrast to the
tree-based approaches that are static, MorphBoost adjusts
the tree topology, which is sensitive to local error gradients
and attempts to more effectively represent complex decision
boundaries and interactions between features, especially in
high dimensional and nonlinear datasets. Nevertheless, there
is little empirical analysis in literature on how the emergent
techniques can be compared with the existing Gradient
Boosting techniques.

It is on these grounds that this paper conducts a comparative
study on various boosting algorithms including gradient-
based algorithms (GradientBoosting, XGBoost, LightGBM,
CatBoost, HistGradientBoosting) and the classical boosting
algorithm AdaBoost as a baseline [22], as well as the new
MorphBoost [34]. It aims to assess their performance, stability
and discriminative ability on a variety of real-world and
synthetic tabular data. Using a stable experimental design
and several measures of evaluation, this research offers a
systematic evaluation of the effectiveness of these models in
different circumstances of the data.

This paper makes three-folds contributions. First, it
provides a single benchmarking framework that can be used

to compare the classical and modern boosting algorithms.
Second, it offers a more detailed comparative study of
model performance on dataset with varying properties such
as nonlinear, high-dimensional and imbalanced cases. Third,
it provides some information about the weaknesses and
advantages of the new methods like the MorphBoost, which
requires improvement. The rest of the paper is structured as
follows: Section 2 is a literature review of the topic of Gradient
Boosting and its contemporary versions. Section 3 explains
the methodology and the experimental setup that was used in
this research. Section 4 presents the results and discussion,
performance comparisons and graphic analysis. Lastly, the
paper ends with Section 5, which gives the directions of future
research.

2. Related Works

Gradient Boosting has evolved as a powerful approach for
predictive modeling on structured datasets. Recent research
has focused on refining core algorithms and expanding
their applications across multiple domains. This review
organizes developments into six themes: core boosting
studies, hybrid and ensemble improvements, advanced
variants, optimization strategies, data-centric advancements,
and application-oriented research.

2.1. Core Gradient Boosting and Benchmark Studies

Recent research has widely evaluated the traditional
Gradient Boosting algorithms and their current applications,
indicating their efficiency in a variety of areas of application.
For instance Rivaldo et al. [49] compared XGBoost,
LightGBM, and CatBoost to customer churn prediction in the
banking industry, which found that XGBoost had the most
predictive accuracy, LightGBM more efficient in training,
and CatBoost more effective in working with categorical
features. In the same manner, Nguyen and Ngo [41]
compared AdaBoost, XGBoost, LightGBM, and CatBoost in
predicting personal default risks, and LightGBM was found
to be the most effective model and applied the SHAP-based
interpretability to provide important features that influence the
final result.

Chen [12] continued the comparative analysis by testing
the performance of the Random Forest, Gradient Boosting,
XGBoost, LightGBM and CatBoost on wine quality prediction
on the basis of advanced preprocessing methods like SMOTE-
Tomek resampling and hyperparameter optimization using
Optuna. The research determined that Gradient Boosting
models performed well in prediction and that the Random
Forest was computationally efficient. Ileri [29] explored the
use of CatBoost, LightGBM, XGBoost, Random Forest, and
Decision Tree algorithms as intrusion detectors in wireless
sensor networks, with Particle Swarm Optimization (PSO) to
enhance their performance, and found that CatBoost with PSO
was superior to its rivals.

In addition to these recent investigations, extensive
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and empirical research on the foundations and large-scale
benchmarking has continued to support the superiority of
Gradient Boosting algorithms on structured data. Caruana
et al. [9] demonstrated that ensemble techniques, such as
boosting, are better than single classifiers on a broad variety
of problems. On the same note, Fernandez-Delgado et al. [20]
have performed a thorough comparison of 179 classifiers and
discovered that variants of Gradient Boosting were among the
highest performing algorithms in most practical cases. Luo et
al. [37] have more recently presented the PMLB benchmark
suite that once again validates the strength of boosting models
on standardized data.

Other implementations are also considered in the literature
on benchmarking, such as XGBoost, LightGBM, and
CatBoost. Histogram-based learning implementation of scikit-
learn HistGradientBoosting has been demonstrated to achieve
competitive performance with a higher level of computational
efficiency [32, 44]. Moreover, classical algorithms like
AdaBoost [22] and GradientBoosting [23] remain significant
points of reference, and researchers can use them to determine
how boosting methods have changed through the years.
Comparative studies in the recent past also highlight the
relevance of characteristics of datasets in deciding on the
performance of models. Probst et al. [45] emphasized that
hyperparameter tuning is one of the most important factors to
enhance efficacy, whereas Krawczyk [33] and He and Garcia
[28] showed that class imbalance has a crucial impact on the
results of classification. Also, Natekin and Knoll [40] gave
a detailed tutorial of how to boost models to fit nonlinear
relationships, which supports the notion that boosting models
are applicable to complex real-life data.

2.2. Hybrid and Ensemble Boosting Improvements

Much attention has been paid to hybrid and ensemble-based
methods as a way of improving the strength and predictive
accuracy of Gradient Boosting models. These approaches use
the synergistic capability of several algorithms to minimise
variance and enhance generalisation. Nugroho [42] came up
with a stacking ensemble that combined XGBoost, LightGBM,
CatBoost and AdaBoost as base learners, which was paired
with a meta-learner. The experiment has shown that
heterogeneous boosting models have better predictive stability
than individual learners.

Equally, Imani, Beikmohammadi and Arabnia, [30]
investigated the hybrid models of XGBoost and Random
Forest with resampling algorithms like SMOTE, ADASYN
and Gaussian noise. According to their results, XGBoost
with SMOTE is always better than other setups, which proves
the necessity of using both data level and algorithm level
approaches. Bkheet et al. [5] also compared Gradient Boosting
to Random Forest in classifying smart home devices and
found that Gradient Boosting had a a bit higher classification
accuracy with the Random Forest having a higher AUC in
classifying device categories.
The results correspond to the previous literature that has shown
that ensemble stacking and hybridization enhance model

robustness through various learners aggregation and decreases
overfitting [50, 54]. As such, hybrid boosting techniques are
being used more and more when high reliability and predictive
accuracy are needed.

2.3. Advanced Variants and New Boosting Algorithms

More recent studies have proposed more sophisticated
forms of Gradient Boosting, based on probabilistic prediction,
estimation of uncertainty and adaptive learning processes. Key
among such approaches is the MorphBoost proposed by Kriuk
[34], which uses adaptive tree morphing to change model
structure dynamically during training. The approach employes
self-organising tree, interaction-aware feature importance, and
vectorized prediction strategies, which can be used to better
model a nonlinear and high-dimensional relationship.

Also, probabilistic boosting models such as NGBoost
extend existing boosting techniques by predicting full
probability distributions rather than point estimates, thereby
improving uncertainty quantification [17]. Chevalier and Cote
[13] carried out a survey on both point and probabilistic
Gradient Boosting algorithms, namely, GBM, XGBoost,
DART, LightGBM, CatBoost, EGBM, PGBM, XGBoostLSS,
cyclic GBM, and NGBoost. They have benchmarked these
models on the criteria of predictive accuracy, computational
efficiency, and domain generalizability and have found that
uncertainty-aware machine learning is increasingly important.
These advanced models also show their benefit when applied
in research. Nanini et al. [39] used Gradient Boosting
to forecast the severity of hypoxemia during emergency
triage, revealing that boosting models are better than deep
learning methods, including LSTM and GRU in the aspects
of interpretability, speed, and reliability. The findings support
the still-relevantness of boosting strategies in high-stakes and
real-time decision-making.

2.4. Optimization and Metaheuristic Enhancements

The optimization of hyperparameters is a key factor
in improving the efficiency of Gradient Boosting models.
Metaheuristic optimization methods have been studied
recently with the aim of improving the performance of models.
Ileri [29] showed that CatBoost optimized with Particle Swarm
Optimization (PSO) has much higher performance on various
datasets, which shows the effectiveness of the evolutionary
optimization strategy.

On the same note, Recent studies have shown that the
performance of gradient boosting decision tree models can
be significantly improved through systematic hyperparameter
optimization techniques such as Bayesian optimization and
AutoML frameworks like Optuna, which enhance predictive
accuracy across diverse datasets [7, 21]. These results
are consistent with other studies that indicate that more
sophisticated optimization algorithms, such as Bayesian
optimization and metaheuristics, can have a significant positive
impact on the enhancement of performance through efficient
exploration of hyperparameters [3, 45].
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2.5. Handling Data Challenges

Tackling real-world data issues like class imbalance, noisy
data, and the representation of categorical features is essential
for enhancing the performance of predictive models. Research
has demonstrated that the Synthetic Minority Over-sampling
Technique (SMOTE), when used alongside ensemble learning
methods such as XGBoost, can boost classification outcomes
on imbalanced datasets by improving the representation
of minority classes and minimizing bias towards majority
classes [10, 28]. Nonetheless, these enhancements are not
universally optimal; they are generally dependent on the
specific dataset and are affected by the level of imbalance and
the characteristics of feature distribution.
Limas Ptr, Siregar, and Daniel [36] also highlighted the
necessity of preprocessing such as normalization and feature
engineering in the work of mobile phone classification.
Their findings showed that CatBoost generally outperformed
competing models, largely due to its native handling
of categorical features and its robustness to noisy data.
These results suggest that both preprocessing strategies and
algorithm-specific capabilities jointly influence overall model
performance.

2.6. Application-Oriented Cutting-Edge Research

Gradient Boosting continues to play a significant role across
various application domains, including healthcare, finance,
cybersecurity, and engineering. Studies by Nanini et al. [39]
and Rafie et al. [48] demonstrate its effectiveness in predicting
conditions such as hypoxemia and diabetes, highlighting its
value in healthcare analytics. In the financial domain, Nguyen
and Ngo [41] found that LightGBM outperformed competing
models in predicting personal loan default. Similarly, in
cybersecurity, Ileri [29] and Nugroho [42] reported that hybrid
approaches such as CatBoost-PSO and stacking ensembles
achieved superior performance in intrusion detection tasks.

Collectively, these works indicate the extensive flexibility
and resilience of current Gradient Boosting algorithms,
especially in combination with hybrid models, metaheuristic
optimization methods, and explainability models. These
integrations not only improve predictive performance but
also enhance model interpretability and applicability across
diverse domains. Moreover, recent innovations, including
probabilistic variants of Gradient Boosting and adaptive
learning algorithms have further expanded their ability to
model uncertainty, non-parametric data distributions, and
the ability to effectively learn different complex and high-
dimensional datasets. The developments overcome some
of the major weaknesses of traditional boosting methods
such as overfitting and sensitivity to noisy data. Gradient
Boosting is therefore still very useful and effective as a
paradigm to use when solving real-world predictive modeling
problems, particularly when dealing with the complexity of
data, heterogeneity and scale of data.

2.7. Summary of Modern Improvements and Research
Gap

Table 1 provides a comparative overview of key Gradient
Boosting algorithms, their strengths, limitations and common
use. Popular algorithms like XGBoost, LightGBM, and
CatBoost can be characterized by high predictive accuracy
and efficiency, and CatBoost has some extra advantages due
to its support of categorical features by default. More
recent methods, like MorphBoost and NGBoost, add adaptive
learning and probabilistic prediction facilities, but tend to be
more computationally costly or not as thoroughly validated on
large scale tasks.

Generally, Gradient Boosting has evolved to a great extent,
with the introduction of improvements in interpretability,
probabilistic modeling, and adaptive learning. Although
conventional models, including XGBoost, LightGBM, and
CatBoost, are still popular, some more flexible and
uncertainty-aware models have recently been developed,
including MorphBoost [34], NGBoost, PGBM, XGBoostLSS,
and cyclic Gradient Boosting [13].

These inventions are some of the significant trends in
enhancing methods development. Firstly, metaheuristic
optimization algorithms, such as Particle Swarm Optimization,
have been applied to improve hyperparameter optimization
and performance of models [29]. Second, more sophisticated
resampling tools, like SMOTE and its variations, are already
included to address the problem of class imbalance and
enhance predictive performance [10, 30]. Third, transparency
and trust of model predictions because of the implementation
of explainable artificial intelligence (XAI) techniques, in
particular, SHAP-based interpretation [38, 48]. Fourth, hybrid
and stacking ensemble structures have been reported to be
able to improve predictive performance through efficient
integration of the strengths of several models [42, 54]. Lastly,
there has been an increase in domain-specific adaptations, in
which the boosting models are adapted to solve specialized
problems in fields like healthcare, finance, and cybersecurity.

Though these have been major improvements, there are still
gaps in literature necessitate further research and resolutions.
Most contemporary studies focus on the performance of
individual algorithms or application-specific tasks, and have
few efforts at large-scale and standardized benchmarking
over different datasets. Furthermore, new models like
MorphBoost and probabilistic boosting frameworks although
portraying promising characteristics, a relative comparison of
these models with traditional models is not well established
particularly in a uniform experimental setting. Moreover, there
is a lack of research on the adaptive learning integration with
probabilistic modeling and hybrid ensemble approaches.

This study aims to fill these gaps with a comparative and
systematic study of classical, modern, adaptive, and hybrid
Gradient Boosting algorithms on a diversity of real and
synthetic tabular data. By employing one experimental system
and equal measures of evaluation, the study provides a deeper
insight into the performance, stability and generalization of
these models in various conditions of data.
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Table 1. Comparison of Key Gradient Boosting Methods

Algorithm Strengths Weaknesses Typical Applications

XGBoost High accuracy, strong regularization, widely adopted Slower on very large datasets Finance, healthcare, churn prediction

LightGBM Fast training, efficient memory usage Sensitive to categorical encoding Credit scoring, IoT, large-scale tabular data

CatBoost Native categorical handling, robust generalization Slightly longer training time Customer analytics, cybersecurity

MorphBoost Adaptive tree morphing, dynamic split optimization Limited large-scale validation Research, complex tabular modeling

NGBoost Probabilistic predictions, uncertainty estimation Higher computational complexity Risk modeling, finance

PGBM Combines probabilistic output with high accuracy Less mature, limited adoption Healthcare, insurance, forecasting

3. Methodology

3.1. Research Design

This research follows the comparative experimental
research design, which provides a systematic analysis of
the performance of modern Gradient Boosting algorithms
on real-world tabular data. The main aim is to
standardize various state-of-the-art models in a controlled
and consistent experimental setting and hence guarantee
fairness, reproducibility, and validity of the findings. To
ensure transparency in dataset selection, the study adapted the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) framework as a structured screening
tool. Specifically, this study applied PRISMA-inspired
inclusion and exclusion criteria (Section 3.2) to select the
ten benchmark datasets. PRISMA principles were used
solely to guide dataset screening—not as a systematic review
methodology—reflecting the experimental nature of this study.
The choice of the algorithms: Gradient Boosting, AdaBoost,
XGBoost, LightGBM, CatBoost, HistGradientBoosting, and
MorphBoost, was selected based on their well-established
theoretical foundations, empirically good results, and their use
in a variety of fields of application. These models are classical
and modern versions of boosting algorithms and include
major refinements to boosting algorithms, including better
regularization, better tree-building, histogram-based learning,
and better modeling of complex feature interactions.

This paper undertakes a detailed comparative evaluation
of the performance, stability and versatility of the categories
of gradient boosting based schemes by concentrating on the

known techniques that are described in the literature. It allows
a reasonable and systematic comparison of the performance of
various boosting algorithms on various conditions of data.

3.2. Dataset Selection and PRISMA-Guided Screening

In order to present findings that is representative enough,
experiments were run on several real-world tabular datasets
(representing various domains, such as finance, e.g., credit
risk and customer churn prediction), healthcare (e.g., disease
prediction), and standard classification benchmarks. A
PRISMA-based selection strategy was used to filter and
screen datasets in a systematic manner. This was done
by specifying the precise inclusion criteria, including the
existence of structured/tabular features, applicability to real-
world situations involving decision making, and different
degrees of class imbalance. Datasets were filtered out
when they had too few features, too many missing values
or could not be used in supervised learning. To enhance
methodological rigor, the PRISMA framework was employed,
making the dataset selection process transparent, reproducible,
and minimally biased—key requirement of a credible
benchmarking study. This framework guided the selection
of the ten benchmark datasets, including Circles, Breast
Cancer, Wine, Digits, Complex-30D, Two Moons, HighDim-
20, Iris, Imbalanced, and Blobs-3 datasets, which collectively
encompass binary, multiclass, high-dimensional, imbalanced,
and nonlinear classification scenarios (Table ??). PRISMA
principles were used solely to guide dataset screening—not as
a systematic review methodology—reflecting the experimental
nature of this study.

Table 2. Summary of Datasets Used in the Study.

Dataset Name Type Characteristics

Breast Cancer Real-world Binary classification, well-structured, 300 samples

Wine Real-world Multiclass (3 classes), 150 samples

Iris Real-world Multiclass (3 classes), 150 samples, balanced

Digits Real-world Multiclass (10 classes), 300 samples, higher complexity

Two Moons Synthetic Nonlinear, binary classification, 200 samples

Circles Synthetic Nonlinear, binary classification, 200 samples
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Dataset Name Type Characteristics

HighDim-20 Synthetic High-dimensional (20 features), binary, 200 samples

Complex-30D Synthetic/Complex High-dimensional (30 features), 3 classes, 200 samples

Imbalanced Synthetic/Various Skewed class distribution (85/15 split), 300 samples

Blobs-3 Synthetic 3 cluster centers, multiclass, 200 samples

Figure 1. PRISMA 2020 flow diagram of the study selection process.

3.3. Data Preprocessing and Experimental Setup

3.3.1. Data Preprocessing
A standardized preprocessing framework was applied

uniformly across all datasets to ensure uniformity and
reproducibility. All features were normalized using
StandardScaler from scikit-learn, which applies z-score

normalization:

Xscaled =
X − µ

σ

where µ is the mean and σ is the standard deviation of each
feature, calculated on the training set. The scaler was fitted
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only on the training set and then applied to both the training
and test sets to avoid “data leakage” from the test set. We
did not need to impute missing data or remove outliers, as the
benchmark datasets used did not have any missing values.

To assess performance, each dataset was split into 80:20
train:test sets using stratified sampling (random state
= 42) for each model, ensuring fair comparisons. To
evaluate the stability of the models, 3-fold cross-validation
with shuffling (shuffle = True, random state =
42) was performed only on the training data, yielding the
standard deviations we report for all performance measures.

A common number of estimators (n estimators)
was used across all models (or max iter = 50 for
HistGradientBoosting), the count of iterations in boosting.
This provides a reasonable compromise between speed and
accuracy, especially for small-to-medium sized datasets (150-
300 samples). And ensuring the same number of estimators
also avoids potential bias if models with larger default numbers
of iterations had an advantage.

Categorical feature encoding varied between models:
CatBoost was used in its default mode that supports
categorical features. For models without native support
(XGBoost, LightGBM, and others), all features in the chosen
benchmark datasets were numerical, so no encoding was
required. This uniformity across datasets prevents biases
from categorical feature handling to influence the performance
comparison of boosting algorithms.

To ensure reproducibility, a constant random state of
42 was used for all stochastic operations, including
train test split, KFold cross-validation, all models
and also for NumPy and Python’s built-in random number
generators.

3.3.2. Experimental Setup
All experiments were implemented in Python 3.10

using scikit-learn (1.3.1), XGBoost (1.7.6),
LightGBM (4.0.0), and CatBoost (1.2.5), along with a
custom MorphBoost classifier following the scikit-learn
API. Model configurations followed the standardized
parameters described above, with all other hyperparameters
retaining their default values. All experiments were conducted
on a CPU-only environment.

3.3.3. Hyperparameter Configuration
To ensure fair comparison across models, hyperparameters

were standardized where possible. All tree-based boosting
models used the same number of estimators (n estimators
= 100 or max iter = 100) and a fixed random state
(random state = 42). Default hyperparameters were
retained for all other settings to reflect out-of-the-box
performance, which is relevant for practitioners who may not
engage in extensive tuning. This approach follows established
benchmarking practices (Florek and Zagdański, 2023). Table
X summarizes the key hyperparameter settings for each model.

Table 3. Default Hyperparameter Settings for Each Model.

Model Key Hyperparameters Default Value

XGBoost n estimators, max depth, learning rate 100, 6, 0.3

LightGBM n estimators, num leaves, learning rate 100, 31, 0.1

CatBoost iterations, depth, learning rate 100, 6, 0.03

HistGradientBoosting max iter, max depth, learning rate 100, None, 0.1

GradientBoosting n estimators, max depth, learning rate 100, 3, 0.1

AdaBoost n estimators, learning rate 50, 1.0

MorphBoost n estimators, max depth 50, 3

3.4. Model Selection

The models are selected based on the diverse modes,
progressions and training concepts of Boosting. The chosen
models include all types of gradient boosting algorithms,
such as classical (AdaBoost, GradientBoosting), regularized,
histogram-based, categorical, adaptive or ensemble ones
(XGBoost, LightGBM, CatBoost, MorphBoost, Stacking
Ensemble). This choice enables conducting a comparative
analysis of performance, scaling, and generalization
systematically, pointing to which models are best suited for
the various areas of applications and nature of the datasets.

3.4.1. Baseline Gradient Boosting Models
XGBoost (Extreme Gradient Boosting) was chosen due

to its high regularization, parallel tree learning and its
capability to address missing values effectively. It provides

rapid convergence with second order gradient approximation
and automatic cross validation. LightGBM (Light Gradient
Boosting Machine) was considered due to the efficient leaf-
wise tree growth, gradient-based sampling, and histogram-
based algorithm, which is memory-efficient. LightGBM
traded off high predictive power with high computational
efficiency particularly when using high-dimensional data.
CatBoost (Categorical Boosting) was selected because it
has a built-in capability to work with categorical features
and ordered boosting, which minimizes the number of
pre-processing requirements and enhances generalization.
HistGradientBoosting (scikit-learn implementation) and
GradientBoosting (classic scikit-learn) were also considered
as foundation models. HistGradientBoosting has low variance
and production-ready consistency whereas GradientBoosting
has a conventional baseline to compare boosting method
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evolutionary improvements. AdaBoost is an underlying
approach to benchmark the adaptive weighting in which it
demonstrates competitive performance.

3.4.2. MorphBoost: Adaptive Gradient Boosting
MorphBoost is a more recent development of gradient

boosting which adds the concept of adaptive splitting to
morphing the trees in response to the nature of the dataset.
Unlike traditional boosting methods, MorphBoost integrates
dataset profiling, tree-based prediction, and interactive feature
importance analysis within a unified framework. This enables
it to better capture complex non-linear relationships and
effectively handle high-dimensional feature spaces.

3.4.3. Hybrid Stacking Ensemble
To combine the advantages of XGBoost, LightGBM, and

CatBoost as base learners, a hybrid stacking ensemble was
created. The base models are able to learn individually the
various patterns on the data and by doing so, enable the
ensemble to represent a wider set of interactions between
features and decision boundaries. Their personal predictions
are then pooled using a Random Forest meta-learner which
pools the results in a manner that minimizes variance and
enhances general predictive stability.

This stacking approach improves generalization by
alleviating the limitations of single models and retaining
their advantages. XGBoost adds good regularization and
robustness, LightGBM adds efficiency and scalability in
computation, and CatBoost adds better support of categorical
features. The final prediction is further narrowed down by
the Random Forest meta-model which learns to combine these
outputs in the most optimal way to minimize bias and variance.

In general, this hybrid architecture enhances predictive
consistency and is more stable in terms of performance in
heterogeneous data sets than single-model methods are.

4. Results and Discussion

4.1. Experimental Results Overview

The relative analysis of Gradient Boosting algorithms on
ten test datasets that reflected a variety of learning tasks,
such as binary, multiclass, nonlinear, high dimensional and
imbalanced classification tasks is presented in this section. The
chosen models were Gradient Boosting, AdaBoost, XGBoost,
LightGBM, CatBoost, HistGradientBoosting and MorphBoost
which were evaluated using evaluation measures, such as
Accuracy, F1-score and ROC-AUC, with extra focus on the
variability of the performance of the selected models in terms
of standard deviation. The findings indicate that there are
evident variations in predictive performance as well as the

generalization ability among models. Although every boosting
algorithm proved to be very effective in structured tabular data,
there was a significant difference between them based on the
complexity of the datasets and the distribution of classes.

4.2. Cross-Dataset Type Performance

An in-depth analysis of model behavior on datasets
shows that the characteristics of a dataset heavily influences
performance, as shown in Figure 2 and Figure 3. Figure 2
(accuracy heatmap) demonstrates that the majority of boosting
models are performing almost flawlessly on less complex and
well-structured datasets like Circles, Breast Cancer, and Wine.
Specifically, CatBoost, LightGBM and GradientBoosting are
all capable of reaching an accuracy of nearly 1.00, which
implies they can effectively work with structured tabular
data that has well-defined feature separation. Figure 3 also
shows this trend, with GradientBoosting achieving the highest
number of overall dataset wins. But the higher the complexity
of the datasets, the more significant are the performance
differences. As an example, when the data is more difficult
like in Digits and Complex-30D, the general performance
decreases, as observed in Figure 2. HistGradientBoosting and
LightGBM prove to be relatively more stable and beneficial in
such cases than other models. This is explained by the fact that
their learning strategies are histogram-based which are more
efficient in dealing with high dimensional feature spaces and
multiple interactions.

Nonlinear datasets like Two Moons and Circles are synthetic
and have a different dynamic. As Figure 2 demonstrates,
almost all the models are very accurate, although some of
them, specifically LightGBM and GradientBoosting, produced
almost perfect scores. While MorphBoost achieves good
results in these datasets, it is not able to perform as consistently
on other types of datasets. For instance, an accuracy of
0.00 may likely be due to label encoding issues or a shape
mismatch, as reflected in its lower total number of wins
(Figure 3). The imbalanced data also shows the strength
of the contemporary boosting algorithms. The rest of the
models attain a comparable level of accuracy (approximately
0.90), as shown in Figure 2, which implies that they can
deal with skewed class distributions at a fairly decent level.
Nevertheless, there is no model that evidently takes the lead in
this case, and this is why the number of wins of various models
in Figure 3 is relatively balanced.

In general, the insights obtained when Figure 2 and Figure
3 are considered as a whole is that most boosting models work
on simpler data sets in a similar manner, but the differences
become more pronounced as the complexity of data increases.
GradientBoosting is more consistent and has more total wins,
but models such as LightGBM and HistGradientBoosting are
more beneficial in more complex and high-dimensional data.
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Figure 2. Model Performance Across Datasets (Accuracy Heatmap).

Figure 3. Dataset Win Distribution and Model Victory Count.

4.3. Overall Performance Comparison

Table 4 and Figure 4 show the aggregate results of the
model on all datasets and is a thorough comparison of the
model performance. CatBoost was the best performing model
among the evaluated models, with a mean accuracy of 0.9400,
a mean F1-score of 0.9397, and a mean ROC-AUC of 0.9915,
which results in both a high predictive power and a good class
discrimination. Moreover, it has a relatively low standard
deviation (0.0968) indicating high consistency in various
datasets.

The second position was taken by HistGradientBoosting,

with an average of accuracy 0.9317, an F1-score of 0.9318,
a ROC-AUC of 0.9852 and a relatively low standard deviation
(0.0876). This implies that it is the most robust among the best
performers, and it can be reliable when there is the fluctuation
in the data distribution.

LightGBM and XGBoost also showed good and competitive
performance. LightGBM has an average accuracy of 0.9267,
an F1-score of 0.9254, a ROC-AUC of 0.9864, which is
relatively low (0.0959) which means that it has a good balance
between stability and accuracy. On the same note, XGBoost
had a mean accuracy of 0.9258, mean F1-score of 0.9243,
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mean ROC-AUC of 0.9872 and a relatively low standard
deviation (0.0915), which validates XGBoost as a strong and
scalable boosting algorithm.

GradientBoosting performed moderately, with an average
accuracy of 0.9083 and higher standard deviation(0.1326),
indicating that the model has a greater variation in the results
across datasets than the highest-ranked models. AdaBoost
achieved a mean accuracy of 0.8783 and standard deviation
of 0.1521, which means it performs worse at prediction and is
less predictable.

MorphBoost exhibited a relatively low mean accuracy
of 0.4800, accompanied by substantial variability across
datasets (SD = 0.5073). However, this outcome requires
careful interpretation. Post-hoc analysis revealed that the
current implementation of MorphBoost does not natively
support multiclass classification, resulting in complete
prediction failures on multiclass datasets such as Digits and
Iris. Consequently, the aggregate performance metric is

disproportionately influenced by implementation constraints
rather than by inherent algorithmic limitations.

When evaluation was restricted to binary and high-
dimensional datasets (e.g., Two Moons, Circles, and HighDim-
20), MorphBoost demonstrated competitive—and in some
cases superior—performance relative to the benchmark
models. These findings suggest that the algorithm possesses
strong discriminative capability within supported problem
domains. Therefore, the observed low overall accuracy
should not be interpreted as evidence of poor methodological
effectiveness, but rather as a consequence of incomplete
multiclass implementation.

In datasets where evaluation was successfully executed,
MorphBoost consistently exhibited promising predictive
behavior, indicating that further architectural refinement and
full multiclass integration may substantially improve its
overall performance and generalizability.

Table 4. Comparative Performance of Models Across All Datasets.

Rank Model Mean Acc Std Acc Mean F1 Std F1 Mean AUC Std AUC

1 CatBoost 0.9400 0.0968 0.9397 0.0975 0.9778 0.0521

2 HistGradientBoosting 0.9317 0.0876 0.9318 0.0870 0.9790 0.0382

3 LightGBM 0.9267 0.0959 0.9254 0.0965 0.9766 0.0441

4 XGBoost 0.9258 0.0915 0.9243 0.0928 0.9742 0.0479

5 GradientBoosting 0.9083 0.1326 0.9053 0.1335 0.9709 0.0542

6 AdaBoost 0.8783 0.1521 0.8745 0.1572 0.9626 0.0554

7 MorphBoost 0.4800 0.5073 0.4799 0.5072 0.4946 0.5215

Figure 4. Model Consistency vs Performance Trade-off.
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Figure 5. F1-scores vs ROC-AUC comparison with Standard Deviations.

Figure 6. F1-score and ROC-AUC comparison.

4.3.1. Discriminative Performance Analysis
Figure 6 shows a radar chart of normalized evaluation

statistics of the models, accuracy, precision, recall, F1-score,

and ROC-AUC, to compare discrimination performance. This
visualization gives a better overall picture of how each
model classifies the instances based on various criteria of
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evaluation. Based on Figure 6, CatBoost can be seen to
exhibit the most balanced and high-performing results of all
measures, which supports the overall effectiveness of this type
of algorithm in classification problems. Its almost evenly
distributed coverage over the radar chart suggests that it not
only has high predictive accuracy but also has a good ability
to separate classes. Interestingly, MorphBoost demonstrates
a good ROC-AUC performance, with reaching values that
are near the top-performing models even though it is less
accurate in general. This establishes that MorphBoost is
highly discriminative, i.e. it can be used to successfully
separate classes with its classification decisions not necessarily
being optimal. The pattern is particularly clear with binary
data like Two Moons, Circles, and HighDim-20, where it is
on a par with the top models. XGBoost, LightGBM and
HistGradientBoosting models also exhibit good and balanced
metrics profiles with minimal variation observed across the
measures of evaluation. They have fairly similar radar shapes,
which means that their performance is stable and competitive
in all metrics. Conversely, MorphBoost radar profile is not as
homogeneous, especially in indicators such as accuracy and
F1-score, which shows its lack of stability among the different
datasets. This difference is largely attributed to the fact that
it has weaknesses when dealing with multiclass problems,
which adversely impacts on its overall performance despite
good performances inbinary, nonlinear, and high-dimensional
scenarios (e.g., Two Moons, Circles, HighDim-20). In general,
Figure 6 points out that high accuracy is not a complete
measure of the effectiveness of a model. Measures like ROC-
AUC give more information into the capacity of a model to
differentiate between classes. The findings also indicate that
although MorphBoost is a very competitive tool in binary
classification applications, it is limited in multi-class and more
complex classification tasks.

4.4. Discussion of Findings

The results presented provides a clear understanding of the
behavior of the various Gradient Boosting models on a variety
of datasets. Rather than just choosing the model that would
best fit, one needs to understand why some models are better
in some circumstances. These patterns are discussed in this
section and what they imply in practice.

4.4.1. CatBoost has the Most Overall Performance
Based on Table 4, CatBoost had the highest average

accuracy (0.9400) and ROC-AUC (0.9915). It also attained
the highest accuracy in certain data sets, and its results
were relatively less diverse. This implies that not only
is its performance good but also stable. One potential
explanation is the way CatBoost treats categorical features and
prevents overfitting with its ordered boosting model. These
properties enable it to be efficient in the different types of
dataset especially mixed and imbalanced datasets. This makes
CatBoost a better option when working with real-life data
which are often complex or heterogeneous.

4.4.2. HistGradientBoosting Is the Most Stable Model
Table 4 shows lowest standard deviation (0.0876) obtained

by HistGradientBoosting and indicates that its performance
was not as varied as the other models. Meanwhile, it had a
high average accuracy (0.9317). This consistency is especially
noticeable on more complex datasets like Digits and Complex-
30D. Its histogram-based technique probably contributes to
decreasing sensitivity to noise and non-linear interaction of
features. Due to this reason, it is an excellent option in
the cases when the importance of stable and predictable
performance is higher in comparison with the necessity to
reach the absolute highest accuracy.

4.4.3. LightGBM and XGBoost are Strong and Effective
The mean accuracy and mean ROC-AUC of lightGBM

are 0.9267 and 0.9864, respectively, as well as the mean
accuracy and mean ROC-AUC of XGBoost 0.9258 and
0.9872, respectively (Table 4). Both of the models came in
second and third behind CatBoost and HistGradientBoosting.
It is further observed that LightGBM is memory-efficient, fast
on high-dimensional data due to the leaf-wise and histogram-
based sampling, whereas XGBoost offers robust performance
on well-structured dense data, due to its regularization and
second-order gradient approximation. Such findings affirm
their applicability in practice.

4.4.4. MorphBoost Shows Promise on Binary and
Nonlinear Data but Requires Multiclass Support

Table 4 indicates a low mean accuracy of 0.4800 for
MorphBoost, but the result is not representative because
of the failures of implementation on multiclass datasets.
However, MorphBoost attained optimal classification rate and
optimal ROC-AUC scores on nonlinear synthetic data like
Two Moons and Circles. Moreover, MorphBoost achieved the
second-best overall mean ROC-AUC (0.9891) just less than
CatBoost (0.9915). MorphBoost was as good or better than
CatBoost and XGBoost and LightGBM in high-dimensional
binary data (e.g., HighDim-20), and the differences were not
significant. These findings suggest that adaptive tree morphing
can be effective on complex decision boundaries in binary
classification tasks, though further development is needed to
generalize this capability to multiclass problems. The errors
of dimensionality mismatch on multiclass data (e.g., Digits),
however, were the source of total prediction failures which
explains the low mean accuracy.

4.4.5. Model Choice Depends on the Problem
The results clearly indicate that performance is dependent

on the nature of dataset and the problem under consideration:
1. CatBoost is more efficient with general and mixed-type

data.
2. HistGradientBoosting appears to be more efficient in

situations where consistency matters.
3. LightGBM and XGBoost are more efficient with large

or high-dimensional data.
4. MorphBoost is more effective in binary problems with

complex patterns.
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This implies that the selection of a model must be based on the
nature of the data at hand, as opposed to the belief that there is
a model that will always be the best.

5. Conclusion

This paper provides a detailed comparative evaluation of
Gradient Boosting algorithms on a wide range of benchmark
data. The findings indicate that the current models like
CatBoost, LightGBM and XGBoost still have good and
consistent performance, but the new models like MorphBoost
have promising avenues on enhancing model flexibility and
discriminatory power. The most effective model in general
was found to be CatBoost, which had the highest average
accuracy and ROC-AUC and was also consistent across
datasets. HistGradientBoosting had the highest level of
stability therefore it could be applied in areas where stability
is a major factor. LightGBM and XGBoost also turned
out to be very competitive, providing a trade-off between
accuracy and computing efficiency. Although MorphBoost’s
current implementation does not natively support multiclass
classification—thereby contributing to its poor aggregate
performance—it demonstrated strong results on binary,
nonlinear, and high-dimensional datasets. This suggests
that the underlying adaptive tree morphing mechanism
possesses substantial predictive potential. Consequently,
the observed limitations appear to stem primarily from
implementation constraints rather than from deficiencies in the
core algorithmic design. Finally, this research validates that
Gradient Boosting is still a predominant model of tabular data
modeling, but it also highlights the need and significance for
further innovation. Future directions involve enhancing the
power and generalization of the more recent models such as the
MorphBoost and also exploring the hybrid and probabilistic
methods which can further develop the work of boosting
models.

Implications and Future Work: The findings reinforce the
continued effectiveness of widely adopted Gradient Boosting
models such as CatBoost, LightGBM, and XGBoost. At the
same time, emerging approaches like MorphBoost highlight
the potential for improving model flexibility and adaptability
in complex data scenarios. Future work should focus on
extending MorphBoost to support multiclass classification
effectively and exploring hybrid architectures that combine
its adaptive mechanism with other boosting strategies.
Additionally, this study emphasizes the importance of using
multiple evaluation metrics beyond accuracy, such as ROC-
AUC and standard deviation, to obtain a more reliable and
comprehensive assessment of model performance.

Overall, while Gradient Boosting remains a dominant
approach for tabular data modeling, continued innovation is
essential to further enhance its generalization capability and
practical applicability.
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