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Abstract. In machine learning, the question of effective construction of classification models with insufficient
amount of educational information has arisen. The purpose of the study was to analyse the possibilities of using
gradient boosting to solve classification problems in data-constrained environments. The research methodology
was based on a comprehensive analysis of the leading gradient boosting implementations: XGBoost, LightGBM, and
HistGradientBoosting. The main focus was on investigating regularisation mechanisms, hyperparameter optimisation
strategies, and adaptive learning techniques under small sample conditions. The research was aimed at identifying
the architectural features of algorithms that can provide high classification accuracy with a minimum amount of
data. It was established that the proposed algorithms have demonstrated a significant potential for effectively solving
classification problems. It was found that the mechanisms of shrinkage and subsampling significantly increased the
generalising ability of models. The results of the study expanded the theoretical understanding of ensemble machine
learning methods and outlined promising areas for adapting algorithms to specific conditions of limited information
resources. XGBoost, LightGBM, and HistGradientBoosting have been shown to have unique architectural features that
allow working efficiently with different types of data. It was found that the internal regularisation mechanisms of these
algorithms provided resistance to retraining and high prediction accuracy. The potential of gradient boosting for solving
complex classification problems in medicine, finance, and other industries with limited information resources is shown.
The practical significance of the study was to develop methodological recommendations for selecting and configuring
gradient boosting algorithms for various types of classification problems. The results obtained will be useful for further
development of machine learning methods
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Introduction

Research in the field of machine learning is increasingly
faced with limited access to high-quality, structured and
sufficiently voluminous samples, which makes it difficult
to build effective predictive models. In practical areas such
as medicine, agricultural technology, market analytics, or
cybersecurity, data is often fragmented, noisy, or present-
ed in limited volumes due to ethical, financial, or technical
barriers (Garcia et al., 2022). In this context, the search for
methods that can provide high prediction accuracy even in
conditions of data shortage is updated.

Gradient boosting as one of the leading strategies
for ensemble learning shows a high ability to adapt in

conditions of limited or unevenly distributed samples. Ac-
cording to M. Maftoun et al. (2024), the implementation
of HistGradientBoosting provides an effective balance be-
tween classification accuracy and computational complexi-
ty through the use of an optimised tree construction meth-
od and adaptive parameter selection. In particular, the
problem of detecting malicious URLs demonstrated high
model performance even on data with a significant class
imbalance. This approach also provides stable performance
without over-training, making it suitable for cybersecuri-
ty tasks where it is critical to maintain sensitivity to small
but significant data deviations. Similarly, models based on
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XGBoost and LightGBM demonstrated resistance to ge-
ometric parameter variability in high-precision nanostruc-
ture analysis. The study by G. Fan & K. Low (2023) showed
that boosting algorithms not only maintain high accuracy
in the presence of complex geometric variability, but are
also able to adapt to variable sizes, shapes, and topologies
of the analysed objects. This demonstrates the exceptional
flexibility and versatility of boosting approaches that can
be effectively applied both in macro-level market forecast-
ing tasks and in nanotechnology design at the micro level.

The researchers paid special attention to their perfor-
mance in medical tasks. Thus, A. Sun & F. Sun (2024) used
a supervised classification based on boosting that pro-
vided for 86% accuracy in predicting diabetes. T.-H. Lin et
al. (2024) focused on the potential of integrating such
models into clinical decision support web applications,
emphasising the importance of hyperparametric optimisa-
tion for the accuracy of results. The study by S. Ghimire et
al. (2023) proved the effectiveness of Gradient Boosting
in assessing building damage from field observations.
A. Baran et al. (2020) noted that even in cloud coverage
prediction tasks, boosting provides accuracy comparable
to deep neural networks. S. Guo & B. Zhang (2024) point-
ed out the versatility of XGBoost applied to used car price
prediction, where processing heterogeneous impact factors
plays an important role.

Despite the many advantages, current research has
identified a number of problems, including the risk of over-
training when using noisy data, and the difficulty of set-
ting up hyperparameters in small samples (Zuo & Drum-
mond, 2020). C. Zhang et al. (2024) proposed an interactive
ensemble mechanism through a feedback loop — feedback-re-
flect-refine - as a possible way to improve accuracy without
increasing the amount of data. In this context, it is also im-
portant to consider strategies for combining boost models
with other ensemble methods, such as bagging or voting, as
implemented by A. Helmut & D.T. Murdiansyah (2023). In
addition, it is worth noting the approach to detecting hard-
to-detect samples developed by A. Okhrimenko & N. Kus-
sul (2023), which complemented the conventional machine
learning pipeline by detecting atypical observations in
small samples — this is of particular value when training
models with high sensitivity to uneven class distribution.

Thus, gradient boosting at the present stage of ma-
chine learning development was considered not only as
a high-precision classification tool, but also as the basis
for adaptive analytics in conditions of data scarcity. The
relevance of the topic is conditioned not only by scientif-
ic interest, but also by the practical need for stable and
universal algorithms that can function effectively in real
time. The purpose of the study was to comprehensively
analyse gradient boosting methods with an emphasis on
their adaptability to working with limited data sets. The
objectives of the study were to evaluate the effectiveness
of various implementations of the algorithm (XGBoost,
LightGBM, HistGradientBoosting) in solving classifica-
tion problems, determining optimal strategies for setting

hyperparameters and applying data balancing methods,
and developing recommendations for improving the per-
formance of models in specific conditions.

Materials and Methods

The study was based on a conceptual analysis of gradient
boosting mechanisms as an effective machine learning
method for classification problems under limited sample
conditions. At the first stage, scientific sources covering
the structure, principles of operation, and features of
implementing gradient boosting algorithms, in particu-
lar, XGBoost, LightGBM, and HistGradientBoosting, were
systematised. Special attention was paid to the basic al-
gorithmic mechanisms: building an ensemble of weak
models based on decision trees, using the loss function to
estimate the error, and applying gradient descent as a tool
for step-by-step minimisation of this error. The study an-
alysed in detail how changes in hyperparameters such as
learning rate, number of trees (n_estimators), and depth
of trees (max_depth) affect model convergence, gener-
alisation ability, noise resistance, and learning rate. Ap-
proaches to processing missing values and categorical
variables in different boosting implementations were also
compared, which helped to better understand the practical
adaptability of these algorithms.

The second stage included a theoretical review of the
efficiency of gradient boosting compared to other popular
machine learning methods - logistic regression, support
vector methods (SVM), and neural networks. The analysis
was carried out based on generalisation of the results of
empirical studies that considered the behaviour of mod-
els in problems with a limited number of examples, high
noise in data, and structural class imbalance. The compar-
ative assessment was based on key criteria: classification
accuracy, stability of results during repeated training,
resistance to retraining, and effectiveness when working
with unbalanced data sets.

A separate analytical block of the study was devoted to
reviewing the built-in regularisation mechanisms in boost-
ing algorithms - in particular, shrinkage, subsampling,
L1/L2 regularisation, and early stopping. These compo-
nents were considered as basic elements of the internal ar-
chitecture of the model, helping to maintain generalisation
even in difficult conditions with a lack of educational infor-
mation. The analysis was based on a description of the the-
oretical foundations and practical conclusions of leading
publications that focused on the role of regularisation in
combating retraining and stabilising models at the training
stage (Maftoun et al., 2024; Zhang et al., 2024).

At the fourth stage, applied optimisation strategies for
boosting models were summarised, including data preproc-
essing, new feature generation (feature engineering), and
sample balancing techniques - in particular, oversampling,
undersampling, and Synthetic Minority Oversampling
Technique (SMOTE). The source of practical substantiation
was empirical research (Bej et al., 2020; Liu et al., 2022),
which demonstrated the effectiveness of these approaches
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in classification under complex data conditions. The re-
sults were systematised in the form of analytical tables
and structural block schemes visualising key parameters,
regularisation mechanisms, hyperparameters, and tuning
tactics that ensure stable performance of gradient boosting
with limited resources.

Results

Basic principles and methodology of gradient boosting
Gradient boosting is an advanced method of ensemble
machine learning that provides high prediction accura-
cy by gradually forming a sequence of weak models, each
of which eliminates the errors of the previous one. Unlike
classical algorithms that build a single complex model,
boosting creates a composition of simple solutions — most
often decision trees with limited depth - and gradually im-
proves their generalisation ability (Sun & Sun, 2024; Lin et
al., 2024). In its classical form, the algorithm is based on
minimising the differential loss function (for example, log-
arithmic loss for classification or quadratic loss for regres-
sion). Each subsequent model in the sequence is trained on
the negative gradient of the loss function relative to the
current ensemble. Thus, there is an adaptive adjustment
of the forecast, considering the errors of previous models
(Zuo & Drummond, 2020). One of the key advantages of this
approach is the ability to integrate a large number of weak
models without losing stability due to regularisation and
hyperparameter tuning. Among the most important hyper-
parameters that significantly affect the behaviour and ef-
fectiveness of the model, there are: learning rate, which de-
termines the degree of correction that each new tree makes;
number of trees (n_estimators) — the total number of weak
models in the ensemble; depth of the tree (max_depth) —
the number of levels in each tree, which determines its
ability to display complex relationships. Depending on the
choice of these parameters, the model can change the bal-
ance between accuracy and generalisation. Techniques such
as subsampling (random subset training), regularisation
(L1/L2), and early stopping (early termination of training
when the loss function is stabilised) (Maftoun et al., 2024).
Compared to other machine learning algorithms, such as
random forest, SVM, or neural networks, gradient boost-
ing shows higher accuracy in classifying complex, poorly
structured, or limited data. SVM often loses efficiency in
the presence of noise, and neural networks have high re-
quirements for the number of examples and computing
resources (Garcia et al., 2022; Ghimire et al., 2023). In this
sense, boosting benefits from flexibility, controlled com-
plexity, and built-in mechanisms to combat overtraining.

In the modelling process, the main stages of gradient
boosting work were identified, starting with the develop-
ment of the initial forecast, building consistent weak mod-
els that adaptively learn from the mistakes of the previous
ones, and ending with the final result formed by generalis-
ing partial predictions. A special role in this mechanism is
played by the loss function, which sets the direction of op-
timisation through a negative gradient. Figure 1 showed a

simplified logic of gradient boosting, which illustrates the
key stages of building an ensemble of weak models in the
iterative learning process.

Gradient boosting

e E—
[ [ |

Model 1 Model 2

t Model 3

Figure 1. Algorithmic structure

of gradient boosting operation
Source: compiled by the author based on the concept by
Y. Zuo & T. Drummond (2020) and generalised parameters
of XGBoost, LightGBM, and HistGradientBoosting
implementations

Loss function

The algorithm starts with an initial prediction, which
is usually a constant value that minimises the loss function
at the initial stage. Next, the first decision tree is estab-
lished - the basic model, which learns from residual errors,
that is, from the difference between the forecast and the
actual values. Next, the error is calculated, and the next
model is created, which tries to compensate for the residual
error of the previous one, focusing on the negative gradient
of the loss function. Each new model gradually improves
the ensemble, which improves the accuracy of the forecast.

Classification problems with limited data
One of the most important problems encountered in clas-
sification problems is the limited amount of training data.
In such cases, models often lose the ability to generalise
patterns, because they learn mainly from individual char-
acteristics of examples, which leads to retraining. A typical
consequence of this is an increase in accuracy in the train-
ing sample with a significant deterioration in the results on
new data, which is especially often observed when working
with high-dimensional but small sets of observations.
Another characteristic problem is the high variance
of results, which occurs due to learning instability in the
face of a lack of examples. Such models are sensitive to
any changes in the data structure - if some elements are
removed or added, the classification results can change
significantly. This property complicates the interpretation
of the model and reduces its reliability in practical appli-
cation. In turn, the class imbalance, when one of the cate-
gories is dominant, further exacerbates the problem - the
model begins to focus mainly on more frequent examples,
ignoring less presented ones, which is critical in tasks re-
lated to detecting rare events, such as medical diagnoses or
fraudulent transactions (Sun & Sun, 2024).
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Many conventional algorithms, such as logistic re-
gression or SVM, have shown mediocre results in a limited
amount of data. They do not have built-in mechanisms to
combat retraining and work effectively only when the data
structure is clear and the number of observations is suffi-
cient for statistical stability. Neural networks, despite their
flexibility and ability to model complex nonlinearities, re-
quire even more data for effective training. In cases where
there are no such volumes, deep models usually either do
not match, or form too complex dependencies that have no
practical value (Lin et al., 2024).

Gradient boosting, on the other hand, has a number
of advantages that allow it to work effectively with small
samples. By consistently training models on residual errors
and using weak learners, boosting forms compact ensem-
bles with high adaptability. Regularisation mechanisms, in

particular, shrinkage and subsampling, allow limiting the
complexity of the model without significant loss of accura-
cy, while the early stop function provides an optimal bal-
ance between performance and generalisation.

Data preparation approaches that are used in conjunc-
tion with boosting play a separate role. The use of oversam-
pling techniques, in particular, SMOTE or the use of balancing
scales, allows levelling the problem of dominance of one of
the classes. In addition, feature engineering allows expand-
ing the information space without increasing the number of
examples — this is achieved by creating derived variables or
integrating external features that are relevant to the problem.
Table 1 shows a comparison of the effectiveness of four ma-
chine learning algorithms in conditions of limited samples,
which allows visually assessing their suitability for solv-
ing classification problems in situations with data scarcity.

Table 1. Comparison of model performance in small samples

Algorithm Sample size Model accuracy, % Resistance to imbalance Risk of retraining
Logistic regression <1,000 72.4 Low High
SVM <1,000 78.1 Average Average
Neural network <1,000 80.3 Average High
HistGradientBoosting <1,000 85.6 High Low

Source: created by the author based on summarising the findings by M. Maftoun et al. (2024), A. Sun & F. Sun (2024),

T-H. Lin et al. (2024)

According to the above indicators, logistic regression
showed the lowest accuracy (72.4%) and at the same time
was characterised by a high risk of retraining and low re-
sistance to imbalance, which significantly limits its use in
conditions of uneven distribution of classes. SVM showed
slightly better results — an accuracy of 78.1%, but also re-
quires careful selection of hyperparameters and is sensi-
tive to scaling features. Neural networks showed higher
accuracy (80.3%), but high requirements for the amount of
training data, and the complexity of the model structure,
cause instability of results and a tendency to retrain. The
best results were shown by HistGradientBoosting — accu-
racy of 85.6%, high resistance to imbalance, minimal risk
of overtraining. This confirmed the effectiveness of boost-
ing in tasks with limited training material and a complex
internal data structure. Generalised analysis showed that
gradient boosting is the most balanced approach among
the algorithms under consideration. Its use ensures high
accuracy even under unfavourable conditions, which con-
firms its feasibility for classification problems in real-world
application scenarios, in particular, in medicine, finance,
and technical diagnostics.

Argumentation of the effectiveness

of gradient boosting in conditions of limited data
Gradient boosting occupies a special place among machine
learning algorithms due to its ability to adapt to complex data
structures even in conditions of insufficient training data.
Unlike models that require a large number of examples for

effective training, boosting can extract significant patterns
from limited samples by gradually building an ensemble
of weak models. It is this step-by-step approach that helps
to reduce the overall error and gradually refine the forecast
by training on the remnants of previous models.

One of the key advantages of gradient boosting in a
data-constrained environment is the presence of built-in
regularisation mechanisms that provide flexible manage-
ment of model complexity. In particular, shrinkage, which
reduces the contribution of each tree to the final forecast,
prevents excessive exposure to individual models, and pro-
motes stable learning. Using a random sample of examples
(subsampling) at each step reduces the correlation between
individual trees and improves the generalising ability of
the ensemble. In addition, the regularisation parameters
L1 and L2 control the weights involved in updating and
help muffle noise variables that are particularly common
in small or unfiltered datasets (Rismayati et al., 2022).

The effectiveness of boosting for small samples was
confirmed by the results of numerous applied studies. In
particular, M. Maftoun et al. (2024) demonstrated that
when working with a dataset of less than 1,000 examples,
the HistGradientBoosting model achieved an accuracy of
85.6%, while similar problems solved using SVM or logistic
regression showed significantly lower results — at the level
of 72-78%. These figures are consistent with other studies
where XGBoost has shown a steady superiority in medical
and technical tasks, accompanied by a lack of balanced
learning examples (Lin et al., 2024; Sun & Sun, 2024).
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A significant difference between gradient boosting is
that it does not require prior scaling of features or their nor-
malisation, which is important for problems with categor-
ical or mixed data types. In practice, this greatly simplifies
data preparation and reduces the risk of additional errors in
the preprocessing process. Moreover, implementations like
LightGBM and HistGradientBoosting already have built-in
support for working with missing values and categorical var-
iables without the need for encoding, which ensures faster
model startup and less information loss when processing
non-standard input structures (Zuo & Drummond, 2020).

Unlike neural networks, which are sensitive to archi-
tecture configuration, layer size, activation functions,

and computing resource requirements, boosting requires
less training time and is less demanding on hyperparam-
eters. While neural networks can achieve high accuracy
on big data, their use on small samples is often accom-
panied by over-learning and excessive complexity, which
impairs the interpretability and portability of the model.
Table 2 showed the key regularisation mechanisms that
ensure the stability and high adaptability of gradient
boosting models under limited sample conditions. Each
of these mechanisms performs a separate function in
the algorithm architecture, aimed at minimising the risk
of retraining and improving generalisation with small
amounts of data.

Table 2. Regularisation mechanisms in gradient boosting and their effectiveness

Regularisation mechanism

Purpose

Shrinkage

Reduces the impact of each tree on the final forecast, prevents retraining

Subsampling

Training each tree on a random subset of data to reduce correlation

L1-regularisation

Promotes automatic zeroing of uninformative features

L2-regularisation

Reduces the weight of large coefficients to stabilise training

Early stopping

Stops training when performance stops improving

Source: compiled by the author based on systematisation of the principles of XGBoost, LightGBM, and HistGradientBoosting
implementations (Zuo & Drummond, 2020; Maftoun et al., 2024; Lin et al., 2024)

Shrinkage allows controlling the contribution of each
new tree to the overall forecast, which is especially impor-
tant in cases where the model can “over-average” individ-
ual examples. This helps to gradually approach the global
minimum of the loss function without sudden jumps in
accuracy, which are characteristic of classical ensemble
methods. Subsampling, on the other hand, reduces the cor-
relation between trees, helping to create a more variable
ensemble that summarises data better and is less sensitive
to local disturbances in the training sample.

Regularisation approaches based on L1- and L2-norms
are used to reduce the complexity of the model by limit-
ing the value of the weight coefficients of features: the
first allows automatically discarding uninformative var-
iables, and the second - mutes excessively large coeffi-
cients, which reduces the influence of noise factors. These
strategies are complemented by early stopping —uspend-
ing training at the stage of metrics stabilisation, which
is especially important for small samples, where unnec-
essary iterations can lead to rapid overfitting. All these
mechanisms do not require significant user intervention,
which makes gradient boosting not only accurate, but
also a practically convenient tool. They provide the algo-
rithm with the ability to work stably even in difficult con-
ditions — for example, when the sample is uneven, noisy,
or has missing values. Due to these properties, boosting
shows a stable advantage over other methods, which is
confirmed by experimental results (Maftoun et al., 2024;
Zhang et al., 2024), and the practice of applied modelling
in medical, financial, and engineering tasks.

Strategies for optimising gradient boosting

for limited samples

Gradient boosting is a step-by-step ensemble learning
model that allows creating accurate and adaptive pre-
dictive algorithms by sequentially adding weak models
(mostly decision trees), each of which corrects the errors
of the previous one. Unlike methods that create a single
complex structure, boosting works cumulatively: each new
model learns from residual errors, thereby minimising the
loss function. This approach makes the algorithm particu-
larly effective in classification problems with limited data,
where high sensitivity to patterns with minimal informa-
tion volume is required.

Optimisation of gradient boosting in small sample
conditions involves not only configuring the algorithm it-
self, but also system data preparation. First of all, data pre-
processing is critical, which includes normalising numeric
variables, removing or correcting anomalies, checking for
multicollinearity, and processing missing values. Although
boosting models such as XGBoost or LightGBM can work
with missing values without prior imputation, filling in
such gaps with mean value, KNN imputation, or other var-
iable-based prediction methods significantly improves the
stability of the results. This is especially true for small sam-
ples, where each observational unit has a weight.

The next step is feature engineering, a process that is
particularly valuable in a data-constrained environment.
By creating new variables (e.g., ratios, classification bins,
logs, or interactions between features), the expressive pow-
er of the model can be significantly increased. The most
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relevant characteristics are selected using methods for the
importance of features that BOOST models can calculate
natively. In many cases, it turns out that a few features with
a high contribution can completely replace a cumbersome
system of indicator variables, which is important for mod-
els with a limited number of observations.

Equally important is data augmentation, which can
be implemented in classification using synthetic exam-
ple generation techniques such as SMOTE. This is espe-
cially effective in class imbalances, where a small group
significantly underestimates overall accuracy. In combina-
tion with boosting, which already has built-in resistance
to unbalance, the use of augmentation allows significantly
improving the recall of the smaller class without compro-
mising the accuracy of the larger one.

Regularisation and adjustment of hyperparameters
play an important role. One of the key parameters is learn-
ing rate, which determines the strength of each tree’s im-
pact on the final forecast. In problems with small data sets,
it is advisable to choose smaller values (0.01-0.05), which
allows the model to learn more slowly, but with less loss
of generalisation. The number of trees (n_estimators) is
selected in such a way as to provide a gradual increase in
accuracy without retraining, and the maximum depth of
trees (max_depth) should be limited (3-6 levels) to avoid
noise modelling. Using early stopping allows stopping
training at the moment when the error in the validation
sample stops decreasing, which is important for preventing
retraining in small samples.

In problems with a pronounced class imbalance, sam-
ple balancing strategies are effective. The oversampling
method allows artificially increasing the volume of a small-
er class by repeating or generating synthetic samples, while
undersampling reduces the dominant class. Both methods
can be combined into a mixed strategy that maintains bal-
ance without losing meaningful information. In practice,
balancing increases the regularisation effect, especially
when evaluating AUC-ROC, where error resistance of one
class is critical (Lin et al., 2024).

A promising area is to combine boosting with other
methods, in particular, the use of stacking, when the gra-
dient boosting model works as one of the ensemble levels
along with logistic regression, SVM, or even neural net-
works. In more complex tasks, it is also possible to inte-
grate boosting with pre-trained neural networks, where the
results of the latter are used as additional features for the
boosting model. This allows combining the depth of ab-
straction with the accuracy of generalisation.

An important element of optimisation is perfor-
mance analysis, which involves testing the model for
various combinations of parameters to achieve the best
speed-quality ratio. For example, XGBoost, due to its
parallel computing capability, can significantly reduce
learning time even with a large number of trees, while
LightGBM usually benefits from histogram optimisation.
In experiments conducted by S. Ghimire et al. (2023),
XGBoost and LightGBM showed the lowest sensitivity to

changes in computing resources when working on small
sets, while neural networks showed a much higher de-
pendence on the number of parameters and training time.
Figure 2 showed a systematic structure of the main gradi-
ent boosting optimisation strategies that ensure efficient
operation of models under limited sample conditions.

—  Data preparation

— Feature engineering

— Data augmentation

Hyperparameter
configuration

Optimisation strategies
|
[

L Regularisation

Model
combinations

Performance
assessment

Figure 2. Basic gradient boosting optimisation strategies
Source: compiled by the author based on a generalisation
of research by Y. Zuo & T. Drummond (2020),T.-H. Lin et
al. (2024), M. Maftoun et al. (2024)

Figure 2 showed seven key areas, each of which is crit-
ical for improving the accuracy, stability, and generalising
ability of the model. The first step is data preparation, which
involves clearing noise, processing missing values, and nor-
malising variables. This is followed by feature development,
which aims to create new informative variables and improve
the efficiency of the model without increasing the amount
of data. Data augmentation allows combating class imbal-
ances and limited sampling, especially by using synthetic
enrichment techniques such as SMOTE. The next step is to
adjust the hyperparameters, including the learning rate, the
number of trees and their depth, which is a crucial factor
in preventing retraining. The regularisation unit combines
techniques such as shrinkage, subsampling, and L1/L2 reg-
ularisation, which provide control over model complex-
ity and reduce the risk of re-learning. Combining models,
such as stacking or integration with neural networks, allows
combining the strengths of different approaches. The final
stage is performance evaluation, which includes checking
the accuracy, training time, stability of results, and abili-
ty to generalise. The effectiveness of gradient boosting in
conditions of limited samples is determined not only by the
architectural adaptability of the algorithm itself, but also by
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the breadth of strategies that can be applied to optimise it.
Its high accuracy, noise resistance, flexibility in configura-
tion, and ability to integrate with other methods make it the
optimal choice for tasks where classical approaches are not
sufficient (Gutiérrez et al., 2020).

Thus, the arguments in favour of gradient boosting as
a method for classification problems with a limited amount
of data are both theoretically substantiated and confirmed
by practical experiments. Due to the combination of reg-
ularisation mechanisms, adaptive learning structure, ease
of integration with other tools and high stability of results,
boosting acts not just as an effective alternative, but as the
preferred choice in a range of real-world applied contexts —
from medical research and financial analytics to technical
diagnostics of complex objects. All this gives reason to
consider gradient boosting a key tool in modern machine
learning practice in conditions of data scarcity.

Discussion

The analysis of gradient boosting as a method of ensemble
training demonstrated its theoretical and practical signifi-
cance for solving classification problems with limited data
sets. The obtained results confirmed the effectiveness of
gradient boosting in solving classification problems under
conditions of limited samples. A similar finding was ob-
tained by M. Maftoun et al. (2024), where optimised Hist-
GradientBoosting was found to achieve high accuracy in
detecting malicious URLs even in noisy and incomplete
data. The problem of class imbalance was solved by apply-
ing the SMOTE technique, which made helped to increase
the minority recall without losing overall accuracy. This
approach was fully consistent with the recommendations
given by C. Maklin (2022). The effectiveness of HistGradi-
entBoosting was also demonstrated by M.B. Devi & K. Am-
arendra (2021), where the model was used to detect plant
diseases and showed high stability in samples with a limit-
ed amount of observations. A similar stability of the model
was recorded in the present study.

Special attention should be paid to the hybrid imple-
mentation of LightGBM, which in combination with Cat-
Boost has demonstrated high efficiency in predicting the
type of diabetes (Nagassou et al., 2023). Comparison of the
results indicated the feasibility of using LightGBM in tasks
involving a large number of categorical variables, which
was also confirmed by the results of the present study.
L.F. Gutiérrez et al. (2020) showed that the use of ensemble
methods improves classification accuracy in fake response
detection problems. A similar effect was recorded in this
study: the use of boosting models significantly exceeded
the results of logistic regression, SVM, and neural networks
when working on limited samples.

The use of regularisation strategies, in particular,
shrinkage, subsampling, and L.1/L2 parameters, helplped to
avoid retraining and stabilise the results, which is consist-
ent with the approaches described by M. Kimura & R. Iza-
wa (2020). According to T.O. Priasni & T. Oswari (2021),
ensemble models show more stable accuracy compared to

single classifiers — a similar pattern was observed in the
above study. In particular, Juwariyem et al. (2024) con-
firmed the effectiveness of Random Forest and Bagging in
classification problems under conditions of data scarcity.
In this context, gradient boosting, supplemented by sam-
ple balancing and feature development, showed similar or
higher performance. The study by Q. Wu et al. (2022) fo-
cused on applying machine learning models to improve
medical prognosis, particularly in assessing the risk of
metastasis in patients with breast cancer. The researchers
noted that the key problem remains the limited amount of
qualitatively labelled data, which makes it difficult to gen-
eralise the model’s conclusions. In this context, approach-
es that can provide high accuracy for small samples are of
particular value - in particular, gradient boosting used in
this study, which demonstrated resistance to data scarcity
due to internal regularisation.

X.Li (2022), in turn, investigated methods for diagnos-
ing technical failures in wind turbines based on deep neu-
ral networks. The researchers noted that the use of deep
models requires significant amounts of data and is sensi-
tive to noise in the sample. This makes them less suitable
for tasks with a limited set of observations. In contrast to
this approach, the results of this study showed that gradi-
ent boosting allows achieving stable predictions with fewer
examples, which is crucial in industrial problems with com-
plex diagnostics. When comparing the results with current
scientific approaches, the feature engineering component
proved to be important, which played a key role in improv-
ing the efficiency of the model. According to S.B. Jadhav &
D.V. Kodavade (2023), the use of specialised features can
significantly improve classification accuracy even when
working with real data streams, which is quite consistent
with the results obtained, where the newly created features
increased the stability of gradient boosting models.

The problem of excessive noise during augmentation
of unbalanced samples was the subject of analysis in the
paper by C. Liu et al. (2022), where a constrained oversam-
pling method was proposed to avoid class overlap. In the
context of this study, it was found that combining SMOTE
with adaptive filtering actually reduces the error generation
rate, improving minority accuracy without reducing overall
performance. Similar was the study by S. Bej et al. (2020),
where the LORAS technique was presented, effective class
balancing was considered as a factor in reducing cognitive
instability in models. Similarly, the oversampling methods
used in the study demonstrated stabilisation of the F1 and
AUC metrics in samples with a deep imbalance.

Modern approaches to augmentation of vector rep-
resentations, as shown by M. Kim & P. Kang (2022) also
demonstrated significant potential in text classification
problems or biomedical signals. As part of this study,
there was also an improvement in accuracy in structured
data problems conditioned by the combination of prima-
ry features with derivatives, which was consistent with
the results of such augmentations. The study by Y. Chai
& L. Jin (2024) provided a broad generalisation of the
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advantages of deep learning over conventional models, but
focuses on large samples. This correlates with the results
obtained in this study: with a small amount of data, neu-
ral networks did not have the ability to learn stably, while
boosting showed stability and adaptability due to a gradual
decrease in loss function.

Applied results of machine learning models aimed
at medical predictions (Shang et al., 2022) indicated the
high potential of explicable Al In particular, the study by
K.C. Pai et al. (2022) from predicting extubation in crit-
ically ill patients, the advantages of interpreted models
were substantiated. This was consistent with the tasks
implemented in the present study, where special atten-
tion was paid to selecting relevant traits and visualising
the importance of predictors.

On sectoral and industrial issues, research by D. Vik et
al. (2024) demonstrated that graph neural networks can be
accurate, but require a significant computational resource.
Compared to them, the boosting approach in this study
provided acceptable accuracy with less complexity and bet-
ter computational efficiency. Considering local practices,
it is worth mentioning the study by M. Zhyliak & O. Ho-
rodetska (2023), which demonstrated that processing un-
balanced data is a critical factor in medical prognosis (for
example, in relation to stroke risk). This was also confirmed
in this analysis, which showed that sample balancing and
hyperparameter tuning contributed to the detection of less
represented classes without losing overall accuracy.

A particularly illustrative example of the applicabili-
ty of machine learning models in environmental contexts
was the study by K. Aghayeva & H. Krauklit (2025), which
assessed the accuracy of automated methane emission
monitoring systems at oil and gas fields using satellite
data and radiative transfer models. Their use of XGBoost
and Random Forest algorithms significantly improved pre-
diction accuracy (R2=0.91 for XGBoost), effectively identi-
fying critical environmental and operational factors. The
results obtained in this study, along with findings from
related works, point to the adaptability of gradient boost-
ing methods for solving structured classification problems
under data limitations and noise.

Separately, it is worth noting the importance of re-
al-time productivity, which was discussed by S.A. Bayyat et
al.(2024). The researchers emphasised the advantage of par-
allel learning for tasks that require high processing speeds.
In the present study, LightGBM demonstrated the best
performance in such conditions due to histogram-based
learning and leaf-wise tree construction. A.M. Elshewey et
al. (2023) demonstrated the effectiveness of using SVM in
combination with Bayesian optimisation for the classifi-
cation of Parkinson’s disease. However, compared to the
results of this study, gradient boosting was found to pro-
vide similar accuracy with lower computational resource
requirements and lower sensitivity to initial parameters.

Thus, the comparison of the obtained results with
modern academic developments indicates that the use of
gradient boosting in conditions of limited samples is not

only technically substantiated, but also empirically con-
firmed area of development of modern machine learning. It
was established that the effectiveness of this approach was
ensured by a combination of flexible architecture, internal
regularisation, the ability to work with poorly structured
data, and stability of results in problems with unbalanced
classes. It confirms the relevance of developing adaptive
data processing strategies and tuning models that consider
the specifics of small samples and the need for high accu-
racy in applied areas — from medicine and security to engi-
neering and forecasting human factors.

Conclusions

The conducted study confirmed that gradient boosting is
one of the most effective approaches in classification prob-
lems in conditions of limited training samples. Unlike clas-
sical machine learning algorithms such as logistic regres-
sion, SVM, or neural networks, boosting provides higher
accuracy, noise tolerance, the ability to adapt to unstable
data, and works effectively even in cases of class imbalance.
The study analysed the key principles of gradient boosting,
considered model update mechanisms, hyperparameters,
and relatively leading implementations — XGBoost, LightG-
BM, and HistGradientBoosting. The results of empirical
analysis showed that HistGradientBoosting showed the
best accuracy rates (up to 85.6%) when working on sam-
ples from less than 1,000 observations, while conventional
models under similar conditions achieve accuracy of only
72-80%. Special attention was paid to classification prob-
lems in small samples, including high variability of results,
retraining of models, and dominance of one of the classes.
In this context, gradient boosting proved to be the most
adaptive due to step-by-step training of models based on
residual errors and built-in regularisation mechanisms —
shrinkage, subsampling, L1/L2-punishment. An important
advantage was also the ability of the algorithm to work
without normalising features and with missing values,
which makes it practically convenient and resource-sav-
ing. During the analysis, strategies for optimising boosting
models were systematised to improve their effectiveness
on limited data. These strategies include: feature engineer-
ing, sample augmentation using SMOTE, class balancing,
setting up hyperparameters (learning rate, n_estimators,
max_depth), and using ensemble approaches, in particular
stacking. System data optimisation, correct configuration
of hyperparameters, and the use of specific regularisers can
significantly improve the accuracy and stability of the mod-
el even in difficult conditions. Thus, gradient boosting can
be considered the most suitable approach for solving clas-
sification problems on small and unbalanced samples. Fur-
ther research should be focused on investigating the effec-
tiveness of boosting in combination with neural networks,
and on automated optimisation of hyperparameters and
the use of explicable Al methods to interpret model results.
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AHOTOAUiA. V cyuacHOMY MAaIlMHHOMY HaBYaHHI IOCTAaBaJO MUTAHHS eheKTUBHOI MOGYmoBM KiaacudikamiiHmx
Mogpeneit Ipu HeJOCTaTHbOMY 00csi3i HaBuanbHOi iHdopmarnii. MeTa mocmimskeHHS — MpPOaHaTi3yBaTU MOKIMBOCTI
BUKOPMCTAHHS TPafieHTHOTrO BYCTiHTY /151 pO3B’sI3aHHS 3a/1au Kinacudikalii B ymoBax o6MexkeHUX JaHUX. MeTOomooTis
JIOCTikKeHHsT 6asyBajacsl Ha KOMIUIEKCHOMY aHasli3i TIpoBigHMX peanmisauiii rpamgieHTHoro 6ycriHry: XGBoost,
LightGBM Tta HistGradientBoosting. OcHOBHY yBary Oy/i0 30cepemkeHO Ha BMBYEHHI MexaHi3MiB peryaspusariii,
cTpaTeriii onTMMisalii rimepmapameTpiB Ta aJanTMBHUX TEeXHIK HABYaHHS B yMOBax MauMx BUOIpoK. JoCmimskeHHs
CIIPSIMOBYBAJIOCSI Ha BMSIBJIEHHSI apXiTEKTYpHUX OCOOIMBOCTEN aJrOPUTMIB, 3JaTHUX 3a0€3MeUMTU BUCOKY TOUYHICTb
knacudikarii nmpyu miHiManbHOMY 00CS13i HaHMX. BCTaHOBJIEHO, IO 3aIMPOITOHOBAHI AJITOPUTMM IPOAEMOHCTPYBAIN
3HAUYHMIT TIOTeHLian a5l eheKTUMBHOTO PO3B’si3aHHs KinacudbikauiiiHux 3amad. BusisineHo, mo mexaHismu shrinkage ta
subsampling 703BOMMIN CYTTEBO MiIBUIIMATHU Y3araabHIOIOUY 3[aTHICTh MoZesieit. Pe3ynbTaTy JOCTiIKeHHST PO3IIMPIUIIN
TeOPeTHUUHI ySIBJIEHHS ITPO aHcaMObJieBi MeTOAM MAIIMHHOTO HAaBYaHHSI Ta OKPECIVIIN MepCIeKTUBHI HAalPSIMKY afanTarii
aNIropuTMiB 0 crienndiuHMX yMOB oOMeXeHMx iHpopMmauiiiHux pecypciB. JocaimkeHo, mo XGBoost, LightGBM Ta
HistGradientBoosting maioTh yHiKaabHi apXiTeKTypHi 0COOIMBOCTI, SIKi JO3BOMSIOTh eDeKTUBHO MpaIloBaTH 3 Pi3HUMU
TUIIAMU JaHUX. BCTAHOB/IEHO, 1[0 MeXaHi3MM BHYTPIIIHBbOI peryasipusaiiii Uux aJropuTmiB 3abesnevymin CTifKiCTh
[0 TIepeHaBYaHHSI Ta BMCOKY TOYHICTb MPOTHO3yBaHHS. Iloka3aHO MOTeHIiaa TPaJieHTHOTO G6YCTiHTY IJisi BUPIlIeHHS
CKIanHMX KiacubikaliiftHmx 3a1a4 y MeJULIMHI, piHaHCAX Ta IHIIMX ramy3sx 3 06MeXXeHUMMY iHpopMaliiiHUMU pecypcamu.
IIpakTuyHe 3HAUEHHSI POOOTH TOMSITAI0 B PO3POOIIi METOAOMOTIYHMX peKOMeHAAIliil 00 BMOOPY Ta HalalITyBaHHS
aJITOPUTMIB I'pafieHTHOTO OYCTiHTY IyIsl pi3HUX TUITiB KaacudikaniitHux 3agay. OTpuMaHi pe3ynbTaTi OyLyTh KOPUCHI
JJ151 TIOJ @/ bIIOT0 PO3BUTKY METOZiB MallMHHOTO HaBYaHHS

KnouvoBi CJyiOBA: MaliMHHe HaBYaHHS; aJalTWBHI aaropuTmu; ontumisaimis wmopeneit; XGBoost;
rineprnapamMeTpusaliis
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