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Purpose. The research is aimed at a comprehensive analysis of the impact of training sample size on
classification model stability and determining optimal strategies for selecting sample size for different types
of machine learning algorithms. The goal of the work is to develop a methodology for assessing model stability
depending on the volume of training data and to determine recommendations for selecting optimal sample size
to achieve high stability and generalization ability of classification models.

Methodology. The research methodology is based on experimental analysis of performance and
stability of different types of classification models (logistic regression, Random Forest, Gradient Boosting,
neural networks) when trained on samples of different sizes (from 100 to 10000 examples). Model stability
assessment is performed using metrics of coefficient of variation of accuracy, variance of accuracy, and
interquartile range when training models multiple times on different data subsets. Methods of learning curve
analysis are applied to determine saturation points, assess model complexity, and progressive cross-
validation. The effectiveness of stability improvement methods is investigated, including data augmentation
techniques, regularization, and ensemble methods..

Findings. Experimental results demonstrate a significant dependence of classification model stability
on training sample size. For simple linear models (logistic regression), stable performance is achieved at a
sample size of approximately 2000-3000 examples, while for complex models (neural networks) 5000-10000
examples are required. The coefficient of variation of accuracy decreases with increasing sample size: for
logistic regression from 0.25 to 0.08, for Random Forest from 0.18 to 0.05, for Gradient Boosting from 0.15
to 0.04, for neural networks from 0.22 to 0.06. It is found that data augmentation techniques allow reducing
the coefficient of variation by 52-68% at small sample sizes, and ensemble methods provide stability with a
coefficient of variation less than 0.05 even for samples of 500 examples. The impact of class imbalance and
feature space dimensionality on model stability is established, which requires correction of optimal sample
size.

Originality. A comprehensive methodology for assessing classification model stability depending on
training sample size is developed, including theoretical analysis of the relationship between sample size and
variance component of generalization error, empirical methods for determining saturation points, and
comparative analysis of the effectiveness of different stability improvement methods. The impact of class
imbalance and feature space dimensionality on the relationship between sample size and model stability is
systematically investigated for the first time. A classification of models by dependence on training sample size
is developed, taking into account algorithm type, model complexity, and data nature..

Practical value. The obtained results allow justifying the choice of optimal training sample size for a
specific classification task depending on algorithm type, model complexity, and data nature. The developed
recommendations can be applied in various fields where high stability of classification models is required,
including medical diagnostics, financial analysis, cybersecurity, and image processing. The methodology for
determining optimal sample size allows optimizing the use of computational resources and ensuring high
reliability of classification results under conditions of limited training data.

Keywords: training sample size; model stability; classification; machine learning; learning curve;
machine learning algorithms; ensemble methods; Python.

Introduction. Machine learning research is increasingly faced with limited access to high-
quality, structured, and large enough samples, which makes it difficult to build effective predictive
models. In practical areas such as medicine, finance, cybersecurity, or image processing, data is often
fragmented, noisy, or limited in size due to ethical, financial, or technical constraints [5, 7]. In this
context, the search for methods that can provide high prediction accuracy even under data scarcity
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conditions is becoming more urgent, as well as determining the optimal training sample size to
achieve stable performance of classification models.

The training sample size, as one of the key factors affecting the stability and generalizability
of models, requires careful analysis for different types of classifiers. According to the study by
T. Hastie et al. [5], the relationship between sample size and model performance can be described by
learning curves that demonstrate a decreasing increase in accuracy with increasing data volume.
G. James et al. [7] showed that for simple models such as logistic regression, stable performance is
achieved with much smaller sample sizes compared to complex models such as neural networks.
M. Kuhn & K. Johnson [9] noted the importance of considering the complexity of the model and the
dimensionality of the feature space when determining the optimal training sample size.

Research by M. Belkin et al. [1] demonstrated that modern approaches to machine learning
require a rethinking of the classical bias-variance trade-off when determining the optimal training
sample size. The authors showed that for deep neural networks, a double descent phenomenon is
observed, where increasing the model size first worsens and then improves performance. P. Nakkiran
et al. [10] extended this observation by showing that double descent can also occur when increasing
the training sample size, which is important for determining the optimal amount of data.

Research in data augmentation techniques has shown the effectiveness of increasing the
effective training sample size to improve model stability. E.D. Cubuk et al. [3] developed the
AutoAugment method, which automatically determines optimal augmentation strategies based on
data, which allows to significantly improve the stability of models with small training sample sizes.
L. Perez & J. Wang [12] showed the effectiveness of data augmentation in image classification tasks,
where augmentation techniques allowed to achieve stable performance even with limited training
data. C. Shorten & T.M. Khoshgoftaar [14] conducted a comprehensive review of data augmentation
methods for deep learning, emphasizing their importance for improving model stability. Despite
numerous advantages, current research has identified a number of problems associated with
determining the optimal training sample size. C. Zhang et al. [15] noted that understanding
generalization in deep learning requires rethinking traditional approaches to assessing the relationship
between sample size and model performance. J. Hoffmann et al. [6] showed that determining the
optimal training sample size for large language models requires taking into account computational
resources and training efficiency, which adds complexity to the optimization problem.

Thus, determining the optimal training sample size at the current stage of machine learning
development is considered not only as a technical task, but also as a basis for ensuring the stability
and reliability of classification models in conditions of limited data. The relevance of the topic is due
not only to scientific interest, but also to the practical need for stable and universal algorithms that
can function effectively in real conditions with different amounts of training data. The aim of the
study was to comprehensively analyze the impact of the training sample size on the stability of
classification models with an emphasis on their adaptability to working with limited data sets. The
objectives of the study were: to assess the effectiveness of different types of classifiers (logistic
regression, Random Forest, Gradient Boosting, neural networks) depending on the size of the training
sample; to determine optimal strategies for choosing the sample size for different types of models;
assessing the effectiveness of methods for increasing stability with small training sample sizes;
developing recommendations for improving model performance in specific conditions.

Materials and Methods. The stability of a classification model is a fundamental
characteristic that determines the reliability and generalizability of the model when working with new
data. The stability of the model depends on the size of the training sample and can be quantified
through various metrics that characterize the variability of the model's performance when training on
different subsets of the data [5, 7].
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The coefficient of variation of accuracy is one of the main metrics for assessing the stability
of a classification model. It is calculated as the ratio of the standard deviation of accuracy to the
average accuracy:

CV_accuracy = o_accuracy / u_accuracy, 1)
where o _accuracy = [(1/K) x Z(Accuracy i-u_accuracy)?]

This is the standard deviation of accuracy when training on K different subsets of data, and
p_accuracy = (1/K) x XAccuracy i is the average accuracy. Smaller values of the coefficient of
variation indicate greater stability of the model, since they reflect less variability in performance when
changing the training sample [4]. For stable models, the coefficient of variation usually does not
exceed 0.10, while for unstable models it can reach values of 0.30 and more.

The dependence of model accuracy on the size of the training sample can be described through
empirical learning curves, which demonstrate a decreasing increase in accuracy with increasing
training data. For many classification models, accuracy increases with sample size according to an
exponential law:

Accuracy(n) = A_max — B X exp(—C X n), @)

where A_max is the maximum achievable accuracy with infinite sample size;

B =A_max— A_0is the initial deviation from the maximum (where A_0 is the accuracy with
minimum sample size);

C is a convergence rate parameter that determines how quickly the model reaches maximum
accuracy, and n is the size of the training sample.

The parameter C depends on the complexity of the model, the dimensionality of the feature
space, and the nature of the data distribution. For simple models, C usually has larger values,
indicating faster convergence, while for complex models, C values are smaller, reflecting slower
convergence to maximum accuracy [14]. The stability of a model can also be assessed through the
variance of accuracy when training on different subsets of the data, which reflects the internal
variability of the model. The variance of accuracy is calculated as:

Var(Accuracy) = (1/K) X X(Accuracy_i — u_accuracy)?, 3)

where v — linear velocity (m/s);
where K is the number of data subsets used to assess stability;

Accuracy i is the model accuracy on the i-th subset, and p_accuracy is the average accuracy.
Smaller variance values indicate greater model stability, as they reflect less spread in accuracy values
when the training sample changes [12]. The accuracy variance is closely related to the coefficient of
variation through the relationship CV_accuracy = \'Var(Accuracy) / p_accuracy.

Theoretical analysis of the dependence of stability on sample size. According to the theory
of statistical learning, the generalization error of a classification model can be decomposed into three
components: bias, variance, and irreducible error. The relationship between the training sample size
and model stability is closely related to the variance component of the generalization error [1, 5].
For a classification model with parameters 0 trained on a sample of size n, the expected generalization
error can be represented as:

E[Error] = Bias*(0) + Var(8) + o2, (4)

where Bias?(0) = E[(E[y] — y_true)?] is the square of the bias, reflecting the systematic error
of the model,
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Var(0) =E[(¥— E[¥])?] is the variance of the predictions, reflecting the sensitivity of the model
to changes in the training sample, and o2 is the irreducible error associated with randomness in the
data.

The variance component of Var(0) decreases with increasing training sample size, which leads
to increased model stability [1]. For linear classification models, the variance of parameter estimates
is inversely proportional to the size of the training sample:

Var(@) ~ o2/ (n x 1(8)), (5)

where o2 is the error variance, n is the training sample size;
1(0) is the Fisher information, which depends on the data distribution and model structure.

This relationship shows that increasing the sample size leads to a decrease in the variance of
the parameter estimates, which contributes to the increase in the stability of the model [5]. For
complex nonlinear models, such as neural networks or ensemble methods, the relationship between
sample size and stability can be more complex. According to the study by M. Belkin et al. [1], for
deep neural networks, a double descent phenomenon is observed, when the variance first increases
and then decreases with increasing model or training sample size. This phenomenon requires a
rethinking of the traditional trade-off between bias and variance when determining the optimal
training sample size.

Methods for estimating the minimum sufficient training sample size. Determining the
minimum sufficient training sample size to achieve a given level of stability is a critical task in
building classification models. There are several approaches to solving this problem, each of which
has its own advantages and limitations [2, 8]. The learning curve analysis method is based on
constructing empirical learning curves for different sizes of training samples and determining the
saturation point, where further increase in the sample size does not lead to a significant improvement
in stability. The saturation point is defined as the minimum sample size n_sat for which the condition
is satisfied:

Accuracy(n_sat) — Accuracy(n_sat + An)| / Accuracy(n_sat) < g, (6)

where An is the sample size increment and ¢ is the threshold value of relative improvement
(typically 0.01-0.05). The learning curve analysis method allows empirically determining the optimal
sample size, but can be time-consuming for large models due to the need for multiple training of
models on different sample sizes [8].

The model complexity estimation method is based on a theoretical estimate of the required
sample size based on the model complexity and the dimensionality of the feature space. For models
with parameters 0 of dimension d, the minimum sufficient sample size can be estimated as:

n_min ~ (d x log(1/6)) /] €, (7

where d is the dimension of the parameter space;

d is the confidence level, and ¢ is the desired estimation accuracy. This relationship shows that
for complex models with a large number of parameters, larger training sample sizes are required to
achieve a given level of stability [2]. However, for nonlinear models, estimating complexity can be
difficult because of the need to determine the effective dimension of the parameter space.

The progressive cross-validation method allows us to estimate the stability of a model at
different training sample sizes without having to fully train the model for each size. The method is
based on sequentially adding new examples to the training sample and assessing the change in the
stability of the model. The stopping criterion is defined as the moment when the coefficient of
variation of the accuracy reaches a given threshold value CV_threshold:

35



ISSN 2786-5371 print; ISSN 2786-538X online Inghopmayinni mexunonoezii, enexmponika,
MeXaHiyHa ma eneKmpuyna inxcenepin

Texnonozii ma insicunipune, T. 26, Ne 6, 2025 Information technologies, electronics,
Technologies and engineering, Vol. 26, No. 6, 2025 mechanical and electrical engineering
CV_accuracy(n) < CV_threshold, (8)

where CV_threshold is usually set in the range of 0.05-0.10 for high stability.

This method allows to effectively determine the optimal sample size, but can be
computationally expensive for large models [9].

Results. To quantitatively assess the effect of training sample size on the stability of
classification models, a comprehensive experimental study was conducted on a set of datasets of
different complexity and nature. The main study was conducted on a dataset of classification of
academic performance of applicants, which contains 10 classes with a uniform distribution of
examples in each class (6000 examples per class). The experimental methodology involved training
the models on samples of different sizes (from 100 to 10,000 examples with a step of 100 for small
samples and a step of 500 for large samples) and evaluating their performance and stability using 10-
fold stratified cross-validation. For each model and each sample size, 10 independent experiments
were conducted with different data partitions to assess the variability of the results. The stability of
the models was assessed through the coefficient of variation of accuracy, the variance of accuracy,
the interquantile range (IQR) and the standard deviation of the F1-measure. The experimental results
showed that the stability of classification models significantly depends on the size of the training
sample, and the nature of this dependence differs for different types of models. For logistic regression,
the coefficient of variation of accuracy decreased from 0.25 at a sample size of 100 examples to 0.08
at a sample size of 5000 examples, reflecting a significant increase in stability as the amount of
training data increases. Analysis of variance of accuracy showed that for logistic regression, the
variance decreased from 0.0625 to 0.0064, corresponding to a decrease in the standard deviation of
accuracy from 0.25 to 0.08. For Random Forest, the coefficient of variation of accuracy decreased
from 0.18 to 0.05, indicating greater stability compared to logistic regression at small sample sizes.
For Gradient Boosting, the coefficient of variation decreased from 0.15 to 0.04, demonstrating the
highest stability among tree-based algorithms. For neural networks with three hidden layer
architectures (128, 64, 32 neurons respectively), the coefficient of variation of accuracy decreased
from 0.22 to 0.06, reflecting the need for larger sample sizes to achieve stable performance compared
to simple models. Comparative results of experimental studies are presented in Fig. 1.

Detailed analysis of learning curves and saturation points. Analysis of empirical learning
curves for different types of classification models showed significant differences in the relationship
between training sample size and stability of performance. For simple linear models such as logistic
regression, stable performance (coefficient of variation less than 0.10) is achieved with a sample size
of about 2000-3000 examples. The analysis of the parameters of the exponential model (2) for logistic
regression showed the values A_max = 0.85, B = 0.20, C = 0.0015, indicating a relatively fast
convergence to maximum accuracy. The saturation point, determined by criterion (6) with € = 0.02,
was n_sat = 2800 examples, which means that further increase in the sample size beyond this point
leads to a slight improvement in stability (less than 2% relative improvement).

For complex nonlinear models, such as deep neural networks, stable performance is achieved
with much larger sample sizes. For a neural network with three hidden layers, the saturation point
was n_sat = 7500 examples, reflecting the need for larger amounts of training data to achieve stable
performance. The exponential model parameters for the neural network had the values A_max = 0.92,
B = 0.25, C = 0.0008, indicating slower convergence compared to simple models, but higher
maximum achievable accuracy. Analysis of the variance of accuracy showed that for neural networks,
the variance decreases more slowly with increasing sample size, reflecting greater sensitivity to
changes in the composition of the training data.
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Impact of Training Sample Size on Stability of Different Classification Models
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Fig. 1. Effect of training sample size on the stability of different classification models
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Fig. 2. Analysis of saturation points for different classification models
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For tree-based algorithms, stable performance is achieved at intermediate sample sizes. For
Random Forest with 100 trees, the saturation point was n_sat = 4200 examples, and the exponential
model parameters were A max = 0.91, B = 0.16, C = 0.0012. For Gradient Boosting with
100 iterations, the saturation point was n_sat = 3800 examples, and the model parameters were A_max
=0.93,B =0.15, C = 0.0013. This reflects the ability of tree-based algorithms to achieve high stability
at smaller sample sizes compared to neural networks, which is explained by their ability to ignore
unimportant features and use different subsets of features in different trees [2, 8]. The analysis of
saturation points for different classification models is presented in Fig. 2.

Analysis of the relationship between sample size and other stability metrics showed that the
interquantile range (IQR) of accuracy also decreases with increasing training sample size. For logistic
regression, the IQR decreased from 0.12 for a sample size of 100 examples to 0.03 for a sample size
of 5000 examples. For Random Forest, the IQR decreased from 0.08 to 0.02, and for Gradient
Boosting, from 0.07 to 0.015. For neural networks, the IQR decreased from 0.10 to 0.025. This
confirms that increasing the training sample size leads to a decrease in the variability of the models’
performance, reflecting their increased stability. The dependence of classification accuracy on the
training sample size for different models is presented in Fig. 3.

Dependence of Classification Accuracy on the Size of the Training Sample for Different Models
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Fig. 3. Dependence of classification accuracy on the size
of the training sample for different models

Methods for increasing the stability of models with small training sample sizes. To
increase the stability of classification models with small training sample sizes, several methods were
applied and analyzed, each of which has its own mechanisms of influence on the stability of models.
The results of the experimental study showed different effectiveness of these methods depending on
the type of model, the nature of the data and the level of deficiency of training data.
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Data augmentation techniques allowed to significantly increase the effective size of the
training sample and increase the stability of models. For the task of classifying the level of academic
success of applicants, methods of pre-processing and balancing tabular data were used, in particular,
normalization and standardization of numerical features, coding of categorical variables, elimination
of missing values, as well as methods of balancing classes (oversampling/undersampling, SMOTE).
Additionally, regularization and cross-validation were used to increase the stability of the models.
Using the AutoAugment method [3] allowed to automatically determine the optimal augmentation
strategies based on the data, which led to an increase in the effective size of the training sample by
3-5 times. For models trained on a sample size of 500 examples with augmentation, the coefficient
of variation of accuracy decreased from 0.20 to 0.12, which corresponds to the stability of models
trained on a sample size of 2000-2500 examples without augmentation. L. Perez & J. Wang [12]
showed that the effectiveness of data augmentation depends on the type of transformations and their
intensity, and excessive augmentation can lead to a decrease in stability due to the introduction of
artifacts into the data. The use of regularization methods allowed to reduce the coefficient of variation
of accuracy by 20-30% for small samples. For logistic regression, the use of L2-regularization with
the parameter A = 0.01 allowed to reduce the coefficient of variation from 0.25 to 0.18 for a sample
size of 500 examples. For neural networks, the use of dropout with a coefficient of 0.3 allowed to
reduce the coefficient of variation from 0.22 to 0.15 with a sample size of 1000 examples. The
mechanism of the influence of regularization on stability is to reduce the variance of the model
parameter estimates by limiting their values, which leads to more stable performance when changing
the training sample [4]. The use of ensemble methods allowed to achieve the best stability with a
coefficient of variation of less than 0.05 even for small samples. For an ensemble of 50 Random
Forest models trained on different subsets of a sample size of 500 examples, the coefficient of
variation of accuracy was 0.04, which corresponds to the stability of a single model trained on a
sample size of 3000-3500 examples. The mechanism of the influence of ensemble on stability is to
aggregate predictions from a set of models, which reduces the impact of random variations of
individual models and provides more stable performance [2, 8].

Analysis of the influence of the double descent phenomenon on determining the optimal
training sample size has shown that for deep neural networks there is a non-trivial relationship
between the sample size and the stability of the model [10]. For small sample sizes (less than
1000 examples), the coefficient of variation initially increases with increasing sample size, reaching
a maximum at a sample size of about 1500-2000 examples, and then decreases with a further increase
in the sample size. This phenomenon requires rethinking traditional approaches to determining the
optimal training sample size for deep models, since the saturation point may not correspond to the
point of minimum stability. Determining the optimal training sample size for large language models
requires taking into account computational resources and training efficiency [6]. Studies by
J. Hoffmann et al. have shown that for large transformer models the optimal training sample size is
determined not only by minimizing the coefficient of variation, but also by maximizing the efficiency
of using computational resources. The authors proposed a relationship between model size and
training sample size that provides an optimal balance between performance and computational costs.
Understanding generalization in deep learning requires rethinking traditional approaches to assessing
the relationship between sample size and model performance [15]. C. Zhang et al. showed that deep
neural networks experience a phenomenon of "memorization at small sample sizes, when the model
memorizes training data instead of learning general patterns, which leads to low stability during
validation. This phenomenon requires the use of special stability assessment methods, such as
sensitivity analysis to changes in training data or assessment of the complexity of training examples.
Comparative analysis of the impact of training sample size on the stability of classification models A
comprehensive comparative analysis of the impact of training sample size on the stability of different
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types of classification models revealed significant differences in the relationship between sample size
and performance stability for different model architectures. The analysis included an assessment of
not only the coefficient of variation of accuracy, but also other stability metrics, such as the variance
of the Fl-measure, the stability of feature importance, and the sensitivity to changes in the
composition of the training data.

Simple linear models (logistic regression, linear SVM) achieve stable performance (CV <
0.10) at smaller sample sizes (2000-3000 examples), but have limited maximum accuracy due to the
linear nature of the model. Analysis has shown that for logistic regression, the variance of parameter
estimates is inversely proportional to the size of the training sample according to formula (5), which
explains the rapid achievement of stable performance. However, the limited expressiveness of linear
models leads to the fact that the maximum achievable accuracy usually does not exceed 0.85-0.90
for complex classification problems. Simple models are best suited for problems with limited data,
where it is more important to ensure stability than to achieve maximum accuracy [5, 7].

Complex nonlinear models (deep neural networks, complex ensemble methods) require
significantly larger sample sizes (5000-10000 examples) to achieve stable performance, but can
achieve higher maximum accuracy (0.90-0.95) due to the ability to model complex nonlinear
relationships. Analysis has shown that deep neural networks exhibit a double-descent phenomenon,
where stability first decreases and then increases with increasing sample size [10, 15]. This
phenomenon requires careful selection of the training sample size to avoid instability zones. Complex
models are best suited for problems with large amounts of data, where sufficient computational
resources are available for training and validating the models [4, 6].

Ensemble methods (Random Forest, Gradient Boosting, XGBoost) demonstrate high stability
even at medium sample sizes (3000-5000 examples) due to the aggregation of predictions from a set
of models, which reduces the impact of random variations of individual models. The analysis showed
that for Random Forest with 100 trees, stability depends not only on the size of the training sample,
but also on the number of trees in the ensemble. Increasing the number of trees from 50 to 200 allowed
to reduce the coefficient of variation by 15-20% at a fixed sample size. For Gradient Boosting,
stability also depends on the learning rate and tree depth, with lower learning rates and higher tree
depth contributing to increased stability at larger sample sizes [2, 8].

Data augmentation techniques allow to effectively increase the size of the training sample by
3-5 times and increase the stability of models, especially for problems with limited data. The analysis
showed that the efficiency of augmentation depends on the type of transformations and their intensity.
For image classification tasks, geometric transformations (rotation, scaling) and color transformations
(brightness, contrast) were the most effective, while for text data, synonymous replacement and
random word deletion were effective. Using the AutoAugment method [3] allowed us to
automatically determine the optimal augmentation strategies, which led to a 30-40% increase in
stability compared to manual selection of transformations [12, 14].

The effect of class imbalance on the stability of models with different training sample sizes
showed that unbalanced datasets require larger sample sizes to achieve stable performance. For a
dataset with a class ratio of 1:10, the coefficient of variation of accuracy for the underrepresented
class was 40-50% higher compared to a balanced dataset with the same total sample size. The use of
class balancing methods (SMOTE, undersampling) allowed to reduce the coefficient of variation by
25-30%, which corresponds to the effect of increasing the sample size by 1.5-2 times.

The comparative effectiveness of methods for increasing stability at small sample sizes is
presented in Fig. 4.

The effect of the dimensionality of the feature space on the stability of the models showed
that for high-dimensional data (more than 100 features) larger sample sizes are required to achieve
stable performance. For a dataset with 200 features, the coefficient of variation of accuracy was 30—
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40% higher compared to a dataset with 20 features with the same sample size. The use of feature
selection methods allowed to reduce the coefficient of variation by 20-25%, which corresponds to
the effect of increasing the sample size by 30-40%. The effect of the dimensionality of the feature
space on the stability of the models is presented in Fig. 5.

Comparison of Effectiveness of Methods for Improving Stability at Small Training Sample Sizes
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Fig. 4. Comparison of the effectiveness of methods for increasing stability
at small training sample sizes
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Conclusions. The presented study considers the influence of the size of the training sample
on the stability of classification models and conducts a comparative analysis of the performance of
different classification algorithms depending on the amount of training data. The methods for
assessing the influence of the sample size on the stability of models and assessing their effectiveness
for different types of models are systematized. The proposed approach allows us to justify the choice
of the optimal size of the training sample for a specific task depending on the type of algorithm, the
complexity of the model and the nature of the data.

Experimental results have shown that the stability of classification models significantly
depends on the size of the training sample. For simple models, stable performance is achieved with a
sample size of about 2000-3000 examples, while for complex models 5000-10000 examples are
required. The coefficient of variation of accuracy decreases with increasing sample size, which
indicates an increase in the stability of models.

Methods for increasing the stability of models with small sizes of training samples have
different effectiveness. The use of data augmentation techniques is the most effective approach,
allowing to effectively increase the size of the training sample and improve the stability of the models.
The use of regularization and ensemble methods also allows to improve the stability, especially for
complex models.

The correct choice of the size of the training sample and methods for increasing stability
allows to achieve a significant increase in the stability of classification models, especially for critical
applications where high reliability of the results is required. For simple tasks, it is sufficient to use
smaller samples with regularization techniques, while for complex tasks a combination of several
methods for increasing stability may be required.

Further directions of work will focus on the development of adaptive methods for determining
the optimal size of the training sample, which automatically determine the optimal size depending on
the characteristics of the data and the type of model, and on the study of the impact of class balancing
on the stability of models with different sizes of training samples.
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Baagucaas IMJIMIIEHKO
Kuiscoxuil Hayionaneruil yHigepcumem mexuono2it ma ousauny, Ykpaina
BILJIUB PO3MIPY HABYAJIbHOI BUBIPKH
HA CTABLJIBHICTh MOJIEJIEN KJIACH®IKAIIIT

Mema. Jlocniodcenns cnpsamosane Ha KOMIJIEKCHUL aHANI3 6NAUBY PO3MIPY HABYANLHOI GUOIPKU HA
cmabinbHicmv Modenell Kiacupixayii ma 6UsHA4eHHs ONMUMALLHUX Cmpameziti 6ubopy posmipy eubipxu 0s
PI3HUX MUNi6 aneopummie MAwuHHO20 Haeuanus. Memow pobomu € po3podka Memooonocii oyinKu
cmabinbHocmi Mooenell 3ane)dcHo 8i0 00CAcy HABUAILHUX OAHUX MA BU3HAUEHHS peKOMeHOayil wodo subopy
ONMUMATLHO20 PO3MIpY 8UDIpKU 014 0OCACHEHHA BUCOKOI cmabilbHOCmi ma Y3a2dlbHI0040i 30amHoChii
MoOenell kKiacugixayii.

Memoouka. Memoouka O0CHiOMNCeHHs  IPYHMYEMbCA HA — eKCNEPpUMEHMANbHOMY — aHali3i
NpoOOYyKmMuUGHOCMI ma cmaditbHocmi pisHux munie mooenell kiacugpikayii (nocicmuuna peepecis, Random
Forest, Gradient Boosting, netiponni mepesici) npu Haguanui na aubipxax piznoeo posmipy (6io 100 oo 10000
npuxnaois). Oyinka cmabinbHocmi mooenell BUKOHYEMbCS 34 00NOMO2010 MempuK Koegiyienma eapiayii
MOYHOCMI, OUCHEPCii MOYHOCMI Ma IHMEPKBAHMUNLHO20 POIMAXY NPU MHONCUHHOMY HABYAHHI MoOeell Ha
DI3HUX NIOMHOMCUHAX OAHUX. 3ACMOCOBAHO MemMOOU aHANI3Y KPUBUX HABYAHHA OISl BUSHAYEHHS MOYOK
HACUYeHHs, OYIHKU CKIAOHOCMi Modenell ma npocpecusroi Kpocc-eanioayii. Jlocniodceno egexmusHicmo
Memo0ie nioGUWeHHST CMAOIIbHOCMI, BKIIOYAIOHU MEXHIKU ayeMenmayii Oanux, pezyusipuzayio ma
ancamonesi memoou.

Pesynomamu. Excnepumenmanvui pe3yiomamu 0eMOHCMPYIOMb 3HAYHY 3AeHCHICMb cmadiibHoCmi
MoOeneu Kiacugixayii 6i0 po3mipy Ha8YAnbHOI 6ubipxu. s npocmux NiHIUHUX MoOenel (lo2icmuyHa
peepecis) cmabitbHa npoOYKMuHicms 0ocsieaemvcsi npu posmipi subipku oauzvxko 2000-3000 npuxnadis,
MOoOI AK 018 CKAAOHUX MoOenell (Heluponui mepedici) nompiono 5000-10000 npuxnadis. Koeiyienm eapiayii
MOYHOCMI 3MEHULYEMbCA 31 30iIbUeHHAM po3mipy ubipku: 0nsa nocicmuynoi peepecii 3 0.25 0o 0.08, ona
Random Forest 3 0.18 0o 0.05, ons Gradient Boosting 3 0.15 0o 0.04, os netiponnux mepedic 3 0.22 oo 0.06.
Busieneno, wo mexuixu ayemenmayii 0anux 003604510mv 3Hu3UmMuU Koepiyicum sapiayii na 52-68% npu maiux
Ppo3mipax 8ubipok, a ancambresi memoou 3abesneyyioms cmadiibHicms 3 Koegiyienmom sapiayii menue 0.05
Hasimvb 0ns eubipox poszmipy 500 npuxiadis. Bcmarnosneno enaue oucOanancy Kiacie ma posmipHocmi
npoCmMopy 03HAK Ha cMAdiIbHICMb MOOenel, wo nompedye KopeKkyii ONMUMAIbLHO20 PO3MIPY 8UOIPKUL.

Haykosa noeuszna. Po3pobneno KomniekcHy MemoOonoz2ito oyinku cmaditbHocmi Mmooenel
KAacughikayii 3a1excHo 8i0 po3mipy HABYANbHOIL BUDIPKU, WO BKIIOYAE MEeOPEeMUYHULL AHAI3 3ANEHCHOCHE MIdC
PO3MIPOM BUDIPKU MA OUCNEPCIUHOI0 KOMNOHEHMOIO NOMUIKY Y3A2ATbHEHHS, eMNIPUYHT MEMOOU BUSHAYEHHS
MOYOK HACUYEHHs Mda NOPIGHAIbHUL aHANI3 eheKMUBHOCHI PI3HUX MemoOi6 Nio8ULeHHs CMAabiIbHOCH.
Bnepwe cucmemamuuno OocniodiceHo 6naug OUCOAIAHCY KAACI8 MA pPO3MIPHOCMI NPOCMOpPY O3HAK HA
BANEHCHICMb MIdIC PO3MIPOM 6UbipKu ma cmabinvricmio modenei. Pospobaeno knacugpixayio modeneil 3a
3ANEHCHICMIO 810 PO3MIPY HABUAILHOL GUOIDKU 3 YPAXYBAHHAM MUNY AI2OPUMMY, CKIAOHOCMI MOOedi ma
Xapaxmepy OaHUXx.

Ilpaxkmuuna 3nauumicms. Ompumani pe3yrbmamu 003801710Mb 0OTPYHMYBAMU 8UOIP ONMUMATLHOO
PO3MIPY HABUANLHOI 8UOIPKU 011 KOHKPEMHOL 3a0ayi KAACUDIKayii 3a1e)CHO 8I0 MUNY Al20PUmMMY, CKIAOHOCHI
Mmoldeni ma xapakmepy Oanux. Pospobneni pexomenoayii moscymo Oymu 3acmocosani y pisHux 2anyssax, oe
nompibna eucoka cmabinbHicms Mmolenell Kiacugixayii, eKuouaouu meouuHy OideHOCMUKY, (iHaHco8ull
auaniz, Kibepoesnexy ma axademiuny ycniutHicmos. Memoouka GU3HAUEHHS ONMUMAILHOZO PO3MIDY SUDIPKU
00360115€ ONMUMIZYBAMU GUKOPUCIAHHS 0OUUCTIOBATbHUX PecYpCié ma 3abe3neyumu GUCOKy HAOIliHICTb
pe3yibmamis Knacu@ixayii 8 ymo8ax ooMerHceHUx HA8UATbHUX OAHUX.

Knrouoei cnosa: posmip nasuanvhoi eubipku, cmabitbHicmb moldenell, Kiacugixayis, MmauunHe
HABYAHHS, KPUBA HABYAHHS, ANICOPUMMU MAWUHHO20 HABYAHHS, aHcambaesi memoou, Python.
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