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METHOD OF INTELLECTUAL ANALYSIS OF SHORT HIGH-DIMENSIONAL
SAMPLES BASED ON BAGGING ENSEMBLE WITH DATA AUGMENTATION

One of the persistent and critical challenges in the application of machine learning and statistical analysis methods in the
medical field remains the effective processing of small data — datasets containing a limited number of observations for practical,
ethical or biological reasons. In contrast to large-scale population studies or broad epidemiological databases, many real-world clinical
scenarios involve working with small samples: individual patient data, rare diseases, early stage studies or specialized diagnostic
procedures. As a result, researchers and clinicians are often forced to work with incomplete, sparse, or highly unbalanced data in an
effort to create accurate and robust models that can be used to inform important clinical decisions. Thus, the development of efficient,
reliable, and interpretable methods for processing short data is not only a methodological necessity but also a practical requirement
of modern medicine. One of the most common ways to partially solve the problem of small sample analysis is data augmentation.
Increasing the number of instances in the training set often has a positive effect on the accuracy of models. However, in the case of
augmented data, relying on a single modeling strategy is sometimes not enough. Often, combining augmentation and ensemble
learning approaches can lead to significant improvements in model robustness and performance.

This article develops a new method for intellectual analysis of short high-dimensional data samples for solving regression
modeling problems, based on the use of a bagging ensemble of artificial neural networks with an additional data augmentation
procedure. Its training algorithm and results are described in detail. Using this method, two medical problems were solved. predicting
the level of bone fragility in patients with osteoarthritis and the percentage of body fat. According to the results of comparing the
main performance metrics of the developed approach and the baseline models, proposed method demonstrated the best results for
both problems. The developed bagging ensemble can be used in cases where the amount of available data is limited and classical
models do not provide the required accuracy.

Keywords: small data, high-dimensional data, generalized regression neural network, data augmentation, ensemble
learning, bagging, regression.

I"TABPUJIIOK Mwupocnas

Hauionansuuit yHiBepcuter «JIbBiBCbKa MOMITEXHIKA»

METO/ IHTEJIEKTYAJIBHOT'O AHAJII3Y KOPOTKUX BUCOKOBUMIPHUX
BUBIPOK HA OCHOBI BEI'THI'OBOI'O AHCAMBJIIO 3 AYTMEHTALICIO JAHUX

OBHIED 3 MOCTIVIHMX | KpUTUYHUX TTPOBTIEM V' 3aCTOCYBAHHI METOAIB MALUMHHOIO HaBYaHHA Ta CTATUCTUYHOIO aHaslizy B
MEAUYHIY rasty3i 38/MLIGETLCS ePEKTUBHE 06POBKA Manx AaHnx — HabopiB AaHux, LUO MICTSITb OBMEXEHY KifIbKICTb CITOCTEDEXEHD 3
IPAKTUYHUX, ETUYHUX a60 GIOIOrYHMX NPMYnH. Ha BIAMIHY Bi4 MacwTabHux MOMyASUIHUX AOCTIKEHb ab0  LLUMPOKMUX
ernigemionoridHnx 6a3 AaHnx, 6araro peasibHuXx KaiHIYHUX CLEHaPIIB NEPEABaYaoTs poOOOTY 3 HEBE/MKUMYU BUOIDKaMN. AaHi OKPEMUX
NaLIEHTIB, PIAKICHI 3aXBOPIOBAHHS, AOCKEHHS HA PaHHIX CTagisax abo crieyianizoBaHi [iarHOCTuYHI MpoLyesypH. Sk pe3y/ibTar,
AOC/IAHNKM T MEAUKM YaCTO 3MyLUEH| MPaLIlOBATH 3 HEMOBHUMY, DO3DIIKEHUMU a60 AyKe HE3OANaHCOBaHUMU AaHnmy, OO
CTBOPUTU TOYHI Ta HaBiViHIi MOAEST, SIKi MOXHAE BUKOPHCTOBYBATU LV15 IPUNHSTTS BaX/IMBUX KITIHIYHUX DilleHb. TakuM YuHOM, po3pobKka
eQhEKTUBHIX, HALIMIHMX Ta IHTEDIPETOBAHNX METOLIB OBPOGKN KOPOTKUX [aHUX € HE JIMLLIE METOLO/IONMYHOK HEOBXIAHICTIO, ane v
IDaKTUYHOKO BUMOIOK0 CyqacHoi meanumiy. OBHUM 3 HAVITOLUMPEHILLINX CIIOCO6IB YaCTKOBOrO BUPILLIEHHS IPOBIEMU aHa/lBy
HeBe/MKUX BUOIPOK € JOMOBHEHHS AaHNX. 30I/IbLUEHHS KiIbKOCTI €K3EMI/ISPIB Y HABYa/IbHOMY HabOpI YacTo ro3UTUBHO BI/IMBAE Ha
TOYHICTE MOgenes. OQHAK y BUNAAKY AOMOBHEHNX AaHNX [TOKIaAAaTUCS Ha O4HY CTPATEI 0 MOAEMOBAHHS [HOAI HEAOCTaTHLO. YacTo
[10E4HaHHS  ITIX04I8 ayrMeHTauli 1@ aHCamMb/IeBOro HAaBYAHHS MOXE IPU3BECTU [0 3HAYHOIO [OKPAELUEHHS CTIMKOCTI Ta
TPOAYKTUBHOCTI MOJEJTI.

Y uii crarti po3pobreHo HOBuY METO4 IHTEIEKTYA/IbHOMO aHasnizy KOPOTKuX 6araTtoBUMIpHUX BUOIDOK AaHuX A/1S
PO3BA3aHHS 33434 PErpeciiHoro MoOAEOBAHHS, 3aCHOBaHM HA BUKOPUCTAHHI GEITHIrOBOro aHCaMob/Io LUITYYHNUX HEVPDOHHUX MEPEX
3 A04ATKOBOKO MPOLERYPOIO ayrMEHTALT AaHUX. LeTalrlbHO OIUCaHI Moro a/iropuTM HaBYaHHS Ta PeE3y/ibTaty. 3a JOMOMOIor Liboro
MeTO4Y 6yJ/10 BUPILLIEHO ABI MEANYHI 3a4a4I: MTPOrHO3yBaHHs DiBHS KPUXKOCTI KICTOK Y MALIIEHTIB 3 OCTEOaPTPUTOM Ta BIACOTKA KUPY
B OpraHiBmi. 3a pesy/ibTatamu OPIBHIHHS OCHOBHUX METPUK EQEKTUBHOCTI PO3POB/IEHOro rigxody T1a 6a30Bux MOAENEY,
PO3PO6IEHM METOL MPOAEMOHCTPYBAB HauKpalyi pe3ysibTami 4715 060X 3a4a4. Po3pobrieHmi 6eriHroBmi aHcambsis Moxe Gyt
BUKOPUCTaHMI Yy BUNEAKAEX, KOs O6CII JOCTYITHUX AGHUX OBMEXEHMH, a KITaCUYHI MOZE HE 3a6E3MeHy 0T HEOBXIAHOI TOYHOCTI,

KntoqoBi crioBa: Masi AaH|, BUCOKOPO3MIDHI AaH[,  HEMDOHHA MEPEXa y3ara/IbHEeHOI PEerpecli ayrMeHTauis AaHux,
aHcambriese HaB4arHs], OErTiHr, perpecis.
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INTRODUCTION
The dependence of modern medicine on data-driven technologies opens up new possibilities for diagnosis,
prognosis, treatment planning and clinical decision-making. However, one of the persistent and critical challenges in
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the application of machine learning and statistical analysis methods in the medical field remains the effective
processing of small data — datasets containing a limited number of observations for practical, ethical or biological
reasons [1]. In contrast to large-scale population studies or broad epidemiological databases, many real-world clinical
scenarios involve working with small samples: individual patient data, rare diseases, early stage studies or specialized
diagnostic procedures. Despite their limited volume, such data often have high information value and can be the key
to the development of personalized medicine, early detection of diseases or adaptation of treatment to individual
patient characteristics.

The problem of small data is particularly acute in the fields of rare disease research, pediatrics, and critical
care, where large-scale data collection is impossible or extremely difficult due to low prevalence, high collection costs,
or ethical constraints. In addition, privacy concerns, strict data sharing regulations, and fragmented storage of medical
information across institutions further limit the availability of large, unified databases [2]. As a result, researchers and
clinicians are often forced to work with incomplete, sparse, or highly unbalanced data in an effort to create accurate
and robust models that can be used to inform important clinical decisions.

From a methodological perspective, processing small datasets poses a number of unique challenges. The
application of classical machine learning models often requires a large number of samples to avoid overfitting, so data
limitations make their effective use impossible [3]. In addition, medical data often have high dimensionality (e.g.,
genetic markers, laboratory tests) relative to the number of available observations, which complicates analysis due to
the so-called “curse of dimensionality”. Such conditions require the development of specialized approaches that can
compensate for the lack of data while maintaining interpretability and reliability of results — critically important
properties in the medical environment.

The importance of addressing this problem goes far beyond academic interest — it has a direct impact on
patient health, the efficiency of healthcare, and the ability to make timely clinical decisions. For example, in
emergency or intensive care settings, decisions often have to be made on the basis of very limited and dynamic
information [4]. Similarly, in the early stages of drug development, preliminary conclusions based on small patient
groups require particularly careful analysis. In such situations, robust methods for processing short data can
significantly affect the timeliness of diagnosis, treatment adjustment, and the overall quality of medical decisions.

Thus, the development of efficient, reliable, and interpretable methods for processing short data is not only
a methodological necessity but also a practical requirement of modern medicine. In this work, we aim to contribute to
this direction by proposing a new approach that takes into account the unique challenges of short data in the medical
environment.

RELATED WORKS

One of the most common ways to partially solve the problem of small sample analysis is data
augmentation [5]. Increasing the number of instances in the training set often has a positive effect on the accuracy of
models. However, in the case of augmented data, relying on a single modeling strategy is sometimes not enough.
Therefore, augmentation and ensemble learning approaches often complement each other and, when combined, can
lead to significant improvements in model robustness and performance.

In [6], the authors review existing ensemble methods for solving regression problems. They note that
ensemble techniques for classification problems cannot always be successfully used for regression problems. The
authors divide the ensemble approach into three key stages: generation (creation of a set of basic regression models),
prunning (selection of the most effective models from all candidates), and integration (combining the results). [6] also
provides a classification of ensemble techniques and demonstrates the key differences between them.

The paper [7] considers the problem of unbalanced regression, when certain ranges of values of the target
variable occur much less frequently than others (similar to the problem of imbalanced classes). To improve the
efficiency of the analysis of such samples, the authors propose a modified version of bagging, where classical
bootstrapping is supplemented with resampling taking into account imbalance. According to the results of experiments
on 20 regression datasets from various industries (including medical), this method demonstrated an advantage in
accuracy compared to standard bagging.

[8] presents another approach to solving the problem of imbalanced regression, which is based on a
combination of weighted resampling and data augmentation. For data augmentation, the researchers use several
existing techniques (for example, from [9] and [10]). The authors demonstrate that their augmentation approach
significantly improves the quality of predictions in regression problems with imbalanced target variables compared to
baseline methods. Thus, the works [7] and [8] are examples of a successful combination of augmentation and
ensembles for problems where the amount of data is insufficient.

Another approach of this type is the work [11], which proposes a method of doubling inputs for processing
short data samples. The authors take traditional machine learning models, such as support vector regression, as a basis
and, using specific augmentation of the dataset, achieve better analysis efficiency compared to basic models. The
essence of this approach is to use the Cartesian square of the support sample to significantly increase its size.

In [12] the approach from [11] was further developed. The authors modified the input doubling method for
the case of analyzing high-dimensional short-volume data. The developed method, unlike the original one, does not
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multiply the number of attributes in the augmented sample. This characteristic allows avoiding potential problems
associated with a large number of features during training and application of the model. This approach demonstrated
a lower prediction error for tasks in the field of medicine, compared to the original one. However, the accuracy of this
model still has the potential to be improved when using ensemble principles. Thus, further development of this
direction of short-volume data analysis is relevant.

The aim of this work is to develop a new method based on ensemble principles and an augmentation
approach to improve the efficiency of intellectual analysis of short high-dimensional datasets in the medical field.

Materials and methods

The approach proposed in [12] is based on the augmentation of short datasets with subsequent prediction
using a generalized regression neural network (GRNN), developed by D. Specht [13]. This model does not require
training in the traditional sense, instead it uses a support sample to calculate the value of the output variable.

The generalized regression neural network consists of 4 layers. Its structural scheme is presented in Fig. 1.

Input
layer

Summation
layer

Cutput

layer

Fig. 1. Structural scheme of GRNN

The output value (prediction) y of a generalized regression neural network can be calculated as:

Sy e 00
Y0 ==
o= )
2 2 M

where x is the input vector; y; is the value of the target variable for the i-th vector of the support sample of
size N; R; is the Euclidean distance from the input vector to the i-th vector of the support sample; ¢ is the smoothing
factor.

According to the augmentation method presented in [12], a new support sample is formed according to the

following formulas:

I:Train = XTrain ® jN + jN ®(_XTrain)

_ 2
ITrain = pTrain ® JN (3)
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Frain = jN ® Prrain %)

ATram [ Train Train Train ] (5)

where Xrrain iS the initial support sample of data in the form of a matrix; prrain is the column vector of
predictions made using GRNN for each of the vectors of the initial support sample; jn is a column vector of ones of
size N; ® is the Kronecker product operation.

Among the main advantages of this method:

e for each pair of vectors of the initial sample, the differences of the corresponding attributes are calculated,

which are used as new features in the augmented sample, allowing to avoid the use of artificial instances and

noise;

° predictions obtained using the classical GRNN model complement the instances of the augmented
sample with new informative features;

° the dimensionality of the augmented sample increases by only 2 features, which avoids a multiple

increase in the number of attributes.

The described features of the algorithm from [12] allow us to expect a potential improvement in its
performance when used in combination with ensemble approaches, in particular bagging. Bagging involves building
a set of independent models on different random subsets of the training data, , after which the results of these models
are averaged. This approach reduces the variance of the predictions, makes them less sensitive to noise and random
features of the sample, and also increases the overall efficiency of the model. The use of augmented data subsamples
in the process of training each model enhances the diversity of the ensemble, which is especially important for small
sets, and provides a synergistic effect in increasing the accuracy and reliability of regression predictions.

In this work, we have developed an ensemble method that improves the efficiency of analyzing short high-
dimensional samples of medical data by taking advantage of the combination of the augmentation approach from [12]
and bagging. The main steps of the proposed algorithm are:

Formation of three random subsets of support sample vectors of a certain size (90% of the initial sample).

2. Augmentation of each of the subsets using the method from [12].

3. Creating generalized regression neural network models, using each of the augmented samples obtained

in step 2.

4. Obtaining predictions for test examples using each of the models created in step 3.

5. Calculating final predictions by averaging the results of all models.

The scheme of the developed ensemble approach is visualized in Fig. 2.

We applied the proposed ensemble method to solve two practical problems in the medical field, each of
which has significant practical importance for the diagnosis and prevention of diseases:

e predicting the level of bone fragility for patients with osteoarthritis (dataset 1 — [14]);
e body fat percentage prediction (dataset 2 — [15]).
Both datasets using which we evaluated the performance of our method are short and high-dimensional:
e dataset 1 contains 34 instances (6 attributes);
e dataset 2 contains 24 observations (7 attributes).

MODELING, RESULTS, AND COMPARISON

Four key metrics were selected to assess the model’s performance, each of which provides a comprehensive
description of accuracy and computational cost. These include: mean absolute error (MAE), which measures the
average deviation of predicted values from actual values; mean square error (MSE), which reflects the average value
of the squares of deviations and is more sensitive to large errors; root mean square error (RMSE); and median error
(MedE), which characterizes the central tendency of errors [16].

The simulation was performed using the Python programming language and a wide range of its scientific
libraries, including numpy for array and numerical operations, scipy for mathematical calculations and optimization,
and sklearn for implementing machine learning tools. Before performing the main procedure, the augmented data
sample was scaled using the MaxAbsScaler transformation.

The search for optimal values of the two key parameters 61 and 62 was carried out in the range from 0.001
to 10 using the global optimization algorithm Dual Annealing, which combines elements of simulated annealing and
local search to increase the accuracy and reliability of the result [17]. To calculate the values of the metrics, a 5-fold
cross-validation procedure was used, which allows for a more objective assessment of the quality of the predictions.
The final results of the experiments for dataset 1 are given in Table 1, and for dataset 2 - in Table 2.
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Final Predictions
Fig. 2. Scheme of the developed ensemble approach
Table 1
Modeling results for dataset 1
Time, msec ol 62 MAPE RMSE MAE MSE MedAE
0,215  [0,011
0,055 £0.004 0,009 0,150  [0,371£0.134  4,786=0.970 3,740+0.858 23,847 £9.232 2,879+0.968
0,105  [0,162
Table 2
Modeling results for dataset 2
Time, msec ol 02 MAPE RMSE MAE MSE MedAE
2,924 0,143
0,035+0.002 6,263 0,117 0,060£0.016 1,004+0.156 0,839+0.117 1,033+0.314 0,779+0.090
2,357 0,136

In addition, we compared the obtained performance metrics of the proposed comprehensive method and the
approaches of which it consists:
traditional generalized regression neural network;

bagging (based on GRNN);

augmentation algorithm (based on GRNN) from [12].
In general, the developed method demonstrated the best prediction accuracy. The comparison showed that
the combination of different approaches is a promising direction for research.
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A visualization of the comparison of RMSE and MAE for the first dataset can be seen in Fig. 3. As can be
seen, the proposed ensemble significantly improved the values of the metrics compared to the baseline approaches.
For example, the developed method reduced RMSE by 7.68% and MAE by 7.01% compared to the augmentation
approach from [12].

RMSE MAE
Proposed Proposed
bagging hagging
Augmentation Augmentation
GRNN GRNN
Bagging Bagging
GRNN GRNN
Classical Classical
GRNN GRNN

Fig. 3 Visualization of errors for dataset 1: a- RMSE; b-MAE

Figure 4 visualizes the comparison of the obtained performance metrics for the second dataset. The
developed ensemble also outperformed all baseline models in terms of the calculated metrics. For example, the
proposed approach improved RMSE (5.01%) and MAE (7.09%) compared to the augmentation method from [12].

RMSE MAE
Proposed 1.004 Proposed 0.839
hagging bagging
Augmentation Augmentation 0.903
GRNN GRNN
Bagging 1.489 Bagging 1162
GRNN GRNN
Classical Classical 1.169
GRNN GRNN
a b

Fig. 4 Visualization of errors for dataset 2: a- RMSE; b-MAE

We also recorded the execution time of each of the evaluated models. The comparison results were
visualized in Fig. 5. As expected, the augmentation technique significantly increases the duration of the algorithm.
The use of bagging also requires more time due to the use of multiple models.

International Scientific-technical journal
«Measuring and computing devices in technological processes» 2025, Issue 3

149



Mixcnapoonuit HayKoeo-mexniuHuil JHeypHan
«BumiproganbHa ma o64ucioganibHa mexHika 8 mexHoJ102i4HUX npoyecax»
ISSN 2219-9365

Execution time, msec Execution time, msec

Proposed

, 55.0 Proposed
bagging

bagging

35.0

Augmentation

21.2 Augmentation
GRNN

GRNN

14.2

Bagging 4.3 Bagging 3.3
GRNN GRNN

Classical M1.8 Classical B1.4
GRNN GRNN

a b

Fig. 5 Execution time comparison: a- for the obd; b- for the body_fat

The obtained results of the comparison of metrics demonstrate that the proposed augmentation-
bagging approach outperforms the basic methods in terms of prediction accuracy for both tasks. The improvement in
the quality of the analysis, in particular the reduction of the mean absolute error (MAE) and the root mean square error
(RMSE), can be explained by a combination of two key factors: expanding the support sample through augmentation
and reducing the variance of the predictions through the use of an ensemble of models.

Bagging provides averaging of the results of many independent models. This reduces the impact of
random errors of individual models and makes the prediction more stable. The use of augmented data at the stage of
forming the support subsamples increases the diversity of the ensemble, which is one of the key factors in increasing
the accuracy. In medical tasks, where even a small increase in accuracy can be critical for practical application, such
a combination of methods provides particularly significant advantages.

At the same time, the results show that the increase in accuracy is accompanied by an increase in
the execution time of the algorithm. The main reason for this is the need to train more models within the ensemble, as
well as the increase in the amount of training data through augmentation. In addition, the increase in the number of
models in the ensemble leads to a proportional increase in duration.

Thus, the proposed method demonstrates a trade-off between increasing accuracy and increasing
computational costs. In many medical applications, where prediction accuracy takes priority over computational
speed, this compromise is justified. However, for tasks where time is a critical factor, it may be advisable to use
simpler algorithms.

CONCLUSIONS

In this paper, a new method for intellectual analysis of short high-dimensional datasets for solving regression
problems based on a combination of ensemble principles and augmentation was proposed, and its algorithm and results
are described in detail. Two medical problems were solved using the approach: predicting the level of bone fragility
in patients with osteoarthritis and the percentage of body fat.

According to the results of comparing the main performance metrics of the developed approach and the
baseline models, the proposed method demonstrated superiority for both problems. The proposed bagging method can
be used in cases where the amount of available data is limited and traditional models do not provide the required
accuracy. Further research may include a combination of other ensemble strategies and the described data
augmentation principles to further improve efficiency.
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