Awvailable online at www.ijournalse.org

[]
il EMERGING SCIENCE JOURNAL

(ISSN: 2610-9182)

L] ‘ Emerging Science Journal

EMERGING SCIENCE JOURNAL

Vol. 9, No. 5, October, 2025

Adaptive Segmentation of Information Sequences for Machine
Learning Modular Regression Models

Ilya Lebedev 1o, Mikhail Sukhoparov e, Viktor Semenov 1@, Dmitry Khasanov !

1 St. Petersburg Federal Research Centre of the Russian Academy of Sciences, St. Petersburg, 199178, Russian Federation.

2Russian State Hydrometeorological University (RSHU), St. Petersburg, 192007, Russian Federation.

Keywords:

Machine Learning;
The research objective is to construct an adaptive model for modular machine learning structures Adaptive Models;
that improves the processing quality of information sequences. The novelty of the proposed . .
methodology is that it can identify segments of an information sequence obtained using various ~Frocessing Quality Improvement;
methods and assign models with the best quality indicator values to subsequences. Classical methods =~ Regression Models;
allow tuning of the model to the entire data sample. The improvement consists of the proposed  \jean Square Error (MSE):;
solutions that consider the inverse problem of forming segments of data sequences, such that their
properties correspond to the processing model. The proposed methodology was tested on various
models and datasets. Segmentation and assignment of regression models with the best characteristics
to individual segments allow the reduction of the mean square error (MSE) and mean absolute error
(MAE) to 8%. The findings show an opportunity to increase of 5-8% for weak LR, SVM, and GR
models, while strong DT, CNN, ANN, ANFIS, and XGBoost models improve by 1-4% in scenarios

Abstract

Mean Absolute Error (MAE).

Article History:

with limited data. Segmentation enables more efficient training and reduces sensitivity to noise and = Received: 30  May 2025
outliers. The proposed solution allows the selection of segmentation strategies and model )

combinations considering local data properties. Its application enables the implementation of ~Revised: 15 August 2025
existing machine learning architectures to improve the quality of training and analysis of information Accepted: 02 September 2025

sequences and increase adaptability, scalability, and interpretability.
Published: 01  October 2025

1- Introduction

Analyzing information sequences obtained during the operation of heterogeneous observation objects is a complex
process [1]. Time series and information sequences play important roles in various fields. The analysis of financial
markets, the state of information systems, climate change, energy generation, and various types of activities necessitates
the development of effective models and methods for processing time series that involve solving classification and
forecasting problems. Improving the quality indicators of data processing is one of the fundamental tasks of machine
learning (ML) methods. The main direction of the solution is associated with the formation of effective data processing
models. The achievable values of the quality indicators of basic processing algorithms, such as the naive Bayes classifier,
linear discriminant, and decision trees, depend on the properties of the processed samples. Simple models may lose their
adequacy in the event of changes in distributions, event frequency, and trends. The data sequence can be divided into
separate segments to improve productivity and processing quality [2]. Segmentation can provide a good approximation
for data processing models. However, several issues related to the choice of segments must be solved for efficient
implementation. Sequence length, number of segments, outliers, noise, and data properties can significantly affect the
results. There are several possible partitioning options [3].
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When processing regression dependencies, situations often appear when the relationship between the response and
explanatory variables changes sharply at particular points [4]. For example, in sociology, these are different slices of
public opinion; in medicine, the risks of diseases may differ significantly on the age of people; in power engineering,
the generation of electricity may depend on climate and temperature conditions; a sharp increase in information and
service messages may occur at specific external impacts in the analysis of the state of information systems and networks.
Methods of detecting discord are used to identify the points of sharp change in the relationship between variables. In the
first case, the task is to find the most appropriate model for forecasting or searching for extreme values [5-7]. In the
second case, patterns between the response and explanatory variables in intervals limited by change points must be
identified.

Sequence segmentation is one of the most significant tasks for improving the quality of regression analysis. Segments
whose information properties do not correspond to data processing models can significantly deteriorate processing
results. The solution to this problem depends on the processing of noise, outliers, and abnormal values of the data sample,
which cannot always be unambiguously interpreted. Segmentation helps adapt to data and reduces computational
complexity as data volume increases.

This study aims to improve the quality of information sequence processing by using efficient modular, adaptive, and
universal computational structures with data sample partitioning to form subsequences with optimal properties and
information structures for training and applying regression models. The novelty is in the methodology for selecting
segments of an information sequence obtained using different methods by distinguishing the quality functional of
regression processing models. The proposed solution’s peculiarity is the segment selection for the ML algorithm, which
in practice allows for more efficient adjustment of the model to the data.

2- Literature Review

Regression and forecasting problems have been solved using various ML techniques. The most popular processing
model is the neural network (NN). Convolutional neural network (CNN), Recurrent neural network (RNN), GAN, and
DNN architectures have been used to solve tasks, and these architectures are constantly being improved [8]. New
neural network models, such as the KAN, have the properties of adaptability and flexibility of tuning to solve subject-
oriented regression problems, have great opportunities for expansion and scalability, and ensure high data processing
speed. However, their use causes some problematic issues of computational complexity, memory limitations when
training on large datasets related to “vanishing” and “explosive” gradients, training stability, and the need to build
data processing and storage architecture when solving large-scale data processing problems. Despite the advantages
of the capacity to compute hidden patterns, a large amount of data is still required to train a neural network, which is
not always available.

In general, a neural network is a superposition of functions, where neurons and their sets play the role of functions
[9-11]. Within this framework, an alternative is to replace the superposition of functions based on neurons with functions.
These are data processing models that implement naive Bayes algorithms, decision trees, support vectors, or other neural
network structures. The sequence of their use leads to the same problem solution as that with a complex construction
neural network. It is possible to obtain a general model with better interpretability of results, less resource-intensive, and
achieving results commensurate with the neural network by defining the rules of application of less complex and less
resource-intensive models separately and selecting the most appropriate algorithms depending on the data properties and
current processing processes. However, selecting and building such models is a nontrivial task that requires optimizing
the processes that occur.

The models can optimize and select the data sequence properties. The optimization process has two main directions.
They aim to improve the quality of processed data and build an efficient processing model [12].

Feature space formation methods can improve the data processing quality. Among them are approaches that perform
data separation based on clustering, search for time-series disagreement points, and detect “concept drift.” The problem
of finding these points with the changing properties of predictors and target variables is essential for solving many
applied problems using stepwise (SSR). Many methods, such as Bayesian analysis, maximum likelihood method,
quantile regression, and nonparametric and analytical methods, have been applied for this purpose. However, the
complexity of an approximating function passing through such points often leads to high computational and resource
costs when searching for this function.

Many researchers have considered sampling separation processes as an auxiliary in machine learning methods. These
depend on the type and properties of the processed information. Several basic directions exist for the processing of
information sequences. For example, Rinaldo et al. [13] used classical clustering methods. Despite their relative
simplicity, they improve the processing quality of data with specific properties. In high-dimensional environments, when
more than one change point exists, detection and localization problems arise. Data segmentation methods that employ
dynamic programming [14-16], binary segmentation, and Bayesian methods [17] can be used to solve this problem.
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Bayesian approaches for regressions on change points were proposed in previous studies [17-19], but the solutions
described in them have high computational complexity and require numerous iterations when using the Monte Carlo
method to model Markov chains. Golzari Oskouei et al. [20] used statistical thresholds for sequence segmentation. The
outliers and noise of the observed objects must be considered in this solution to improve processing accuracy. Bardwell
& Fearnhead [21] presented a segmented regression method using linear transition to estimate the regression model’s
change points. Wang et al. [22] proposed deep learning methods. The qualitative performance of data processing depends
on resource intensity and data analysis. Huang et al. [23] used an extended Dickey-Fuller test for data stationarity to
identify segments. Lu & Chang [24] reviewed a pattern-based method to identify time-series segments. Tallman and
West [25] proposed an approach based on maximum likelihood search by applying a dynamic programming method.
Studies [26, 27] have implemented a method of simultaneous multiscale change point estimation (SMUCE), which
simultaneously determines the points and confidence intervals. Wang et al. [28] proposed a binary-segmentation method
for sample partitioning.

Table 1 presents the characteristics of the methods considered, prerequisites for their application, and emerging
difficulties.

Table 1. Characteristics of the sequence segmentation methods considered

Characteristics

Segmentation methods

Advantages

Disadvantages

Classical clustering methods
Dynamic programming methods
Binary segmentation methods
Bayesian methods

Method based on statistical sequence
segmentation thresholds

The segmented regression method

Deep learning methods

Segmentation method using the
extended Dickey-Fuller test (ADF)

Template method for identifying
time-series segments

Simultaneous multiscale change
point estimation (SMUCE)

Relatively easy to implement

Useful when the target function is a non-

differentiable, discrete variable change
Simple implementation and high speed of processing
Implementation on small sample sizes and high-

dimensional data

High sensitivity and proven mathematical apparatus

Simplicity of the computational algorithms

Achieved high-quality indicators with an adequate
model

Adapted for series with stationarity

Multiple similarity and dissimilarity metrics were
used.

The number of jumps, their location, and confidence
intervals for disagreement points are estimated.

Strong dependence on the data properties
More resource-intensive than other methods

A high probability of erroneous segmentation

Preliminary description subjectivity, which can lead to weak qualitative
indicators

The quality of the results depends on data analysis and interpretation
(determining and interpreting outliers and noises of observation objects
is necessary).

The accuracy of change point detection decreases as the data width
increases; this method is sensitive to data variability (variance shift).

Dependent on the initial properties of the sequence; complicated model
building; resource-intensive; and requires numerous iterations

The complexity increases significantly in the case of the non-stationary
series. There is also a need to check several points of discrepancy

Dependent on the quality of templates and selected similarity and
dissimilarity criteria

Requires solving a resource-intensive optimization problem in which a
sufficiently large number of local solutions may exist at intervals.

Segmentation is one of the areas for improving the quality of data processing. This article discusses the selection of
segmentation methods and assignment of models to segments using a pre-selected quality indicator. Its application
allows for assigning models with the best performance in individual segments in ensemble ML methods. As a result, it
is possible to compensate for the individual shortcomings of individual models while minimizing the impact of random
errors. The selection of segmentation methods, assignment of models to a segment, and assessment of the achieved
quality indicator make it possible to consider the local properties of the data. This can be important under resource
constraints because training an individual algorithm on a local segment reduces computational costs compared to training
a complex model on the entire sample. In the case of data property transformation, training on a local segment allows
for faster model reconfiguration. Data segmentation using control of quality indicators of processing models allows for
assigning different areas of competence to different algorithms, selecting a model that has the best performance on the
data of a separate segment, and determining the internal structure of the data for further analysis and processing. For the
effective use of segmentation in ensemble methods, the properties of the data must be evaluated under various external
and internal influences.

Data segmentation in ML impacts the performance of models. It allows models to focus on specific data subsets,
which often leads to more accurate predictions or classifications. However, the impact of segmentation depends on the
type of model and the tasks it is used for. The internal structure of the data is determined for further analysis, processing,
investigation of probable relationships between observation objects, and discovery of new patterns. They aim to reduce
variance and improve generalizability [29]. Data partitioning, considering the imbalance, and the distribution of
observation objects help improve the SVM, RF, and XGBoost models’ quality indicators [30].

The second direction is related to the search for the most efficient DPM. Basic algorithms, such as linear regression,
logistic regression, the machine vector method, and neural network approaches, are used in simple problems. The
obtained values of the processing quality indicators depend on the processed samples’ properties. The presence of
outliers, data linearity, and variables’ independence significantly affected the quality indicators of the processing results.
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Approaches aimed at forming ensembles of models and algorithms that combine several machine-learning methods
have been used to overcome these disadvantages and improve the quality of information sequence processing [31, 32].
Table 2 summarizes the main ensemble methods and their characteristics defined in Mohammed & Kora [32].

Table 2. Characteristics of the main ensemble methods

Main Ensemble .
Methods Advantages Disadvantages

Reduces the impact of single model errors, thereby improving
Bagging overall accuracy. Reduces sensitivity when transforming data
properties and allows parallel training of processing models

In the case of “wrongly” selected models, bagging can worsen the result.
Significant computational resources are required when training complex models

Prone to overtraining with weak models; demonstrates significant computational
Boosting Effective for dealing with unbalanced data samples complexity and results in complex compositions that are difficult to tune when
solving practical problems.

AdaBoost Robust to noisy and unbalanced data Sensitive to outliers
Gradient Boosting  More robust to errors and missing data than most other models  Extremely sensitive to outliers and wastes enormous resources in their presence

Irregular, sparse data without observations and significant gaps between

XGBoost Best performance with regular and dense data observations
. . . Prone to overtraining; demonstrates significant increase in computational
Stacking Enables the creation of multilevel models

complexity as the number of models increases; requires model usage

Hybrid Ensemble Relatively high accuracy and versatility when processing

samples with different properties Sensitive to data quality and quantity; it is complicated to tune models

In addition to the aforementioned ensemble methods, complex multilevel models can be built using sampling systems,
weighted voting, rule-based decision-making systems, a priori knowledge of the data, cascades of simple models, and
deep neural networks [33]. One of the directions for the formation of effective computational structures can be used, for
example, to level the problem of choosing the distance between switching regions, performing statistical tests to
determine the most appropriate trend, and knowing the change points in piecewise regression. The main disadvantages
of the algorithm structures are the complexity of training, aggregation of results, resource intensity, and increased
running time. Improperly selected models and methods of aggregating their results can deteriorate the overall forecast.

Lebedev & Sukhoparov [34] used a multi-model approach that forms an ensemble of models and algorithms that
combines several machine-learning methods to overcome the identified problematic issues of improving the quality of
regression sequence processing. Rule-based decision-making systems, a priori knowledge of the data, weighted,
sampling-based voting systems that evaluate models based only on their past prediction performance [35], cascades of
simple algorithms, and deep neural networks [36] can be applied.

Transformer and AutoML technologies are actively developed based on similar solutions, and models of the modular
approach and mixture of experts (MoE) are improved. However, along with significant advantages in data processing,
they have some limitations, being “black boxes,” and require significant computational resources to function and store
knowledge and databases. Despite some success, the problem of sparse data remains for these technologies. Simple
models, such as depth-constrained decision trees, can better address this problem.

All modern methods focus on processing information with specific properties. Their main disadvantages are the
computational complexity of training, resource intensity, and the need to use external databases and knowledge, which
are significant limitations in implementing local, embedded, and autonomous systems. In the case of the transformation
of data properties without the organization of constant learning processes, the model may lose adequacy over time [37,
38].

A methodology that uses data-sampling partitioning to form subsequences with optimal properties and information
structures to train and apply regression models must be developed. This methodology aims to improve the processing
quality, which is ensured by the computational structures formed with its help, combining modularity, allowing the
replacement of regression models, the possibility of transformation, providing a change in the computational structure,
leveling the errors of some models at the expense of others, and having the ability to interpret the results and form the
composition based on the requirements of computing resources.

3- Methodology
3-1- Characteristics of the Proposed Method

One of the main challenges in solving sequence-processing problems is building an optimal model that makes it
possible to achieve high-quality processing performance. This study involved the development of a methodology for the
adaptive segmentation of information sequences and the assignment of regression models to segments. The proposed
methodology and other methods based on shortest separation sequence (SSS) can deal with outliers and noise and reduce
the time required for model preparation and training. Figure 1 illustrates the proposed solution.
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Figure 1. Conceptual diagram of the proposed methodology’s process sequence

Initially, the processing models and segmentation methods were defined. Data sequences were segmented using
different methods. Models were trained on the segments. Each segment was assigned the processing model with the best
value for the selected quality indicator. Consequently, an aggregation model can be implemented for each segmentation
method that contains the segments’ best-quality indicator models. Furthermore, depending on the problem to be solved
and the constraints, we select a segmentation method and an optimal aggregation model or build a parallel, cascade,
hierarchical structure of selected methods and models, similar to ensemble methods.

Classical ML approaches adjust the learning models to the properties of the training sample. The proposed solution
considers the inverse problem of forming segments of data sequences such that their properties correspond to the
processing model.

This study proposes a methodology for forming information subsequences based on the quality indicators of the
processing models. Its peculiarity is tuning machine learning models to the processed data by dividing the sequence into
segments and selecting the segmentation method such that the properties of the data obtained in the segment best fit the
processing model. In contrast to the classical approach, the analysis and selection of segments of the data sequence are
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formed for the model when the model is tuned to the data in the proposed methodology. When applied to regression and
forecasting problems, building a range of aggregation models for different methods of segmenting a single sequence
makes it possible to build multilevel models and ensembles that reduce processing errors and sensitivity to outliers.

The methodology focuses on building modular structures where some functions can be replaced with others. Any
segmentation method can be used to divide a sequence. Simple algorithms and more complex NN structures, ensembles,
and hybrid models can be used. It provides an opportunity to scale depending on available resources and required quality
indicators to determine the composition of processing models, pre-select segments describing the subject area for
customizing the model and its use in local low-power devices or high-performance systems, and mitigate certain
disadvantages of various current technologies. These disadvantages include the transformer’s resource requirements,
AutoML tuning complexities, and sensitivity to sparse XGBoost data. Depending on the goals and requirements for
solving regression problems, a situation may arise when operating without the integration of simpler models is sufficient.

Different sequence segmentation methods result in segments with information that possesses different properties. The
segment properties depend on the number of observation objects and their distributions, trends, and periodicity. Various
models can be used to process segments. The quality indicators of the model depend on the segment information
properties. Some models show the best results on segments for one method of sequence partitioning, whereas other
models when choosing another method of partitioning or changing its parameters.

In the proposed solution, the segmentation method is linked to a model that defines a processing model with a
sequence segmentation method. The proposed methodology aims to process segments with any properties, and the
quality is ensured by assigning a model. The proposed solution does not gravitate toward dividing the data using any
specific method. If one model was unsuitable for segment processing, another model with a higher quality index value
was applied. If the aggregated model, composed of the models assigned to the segments, has insufficient quality
indicators, another known segmentation method can be used, and the achieved quality indicator values may be analyzed.

However, the proposed solution works under conditions where the properties of the general population on the segment
remain unchanged. If this condition is met, the processed sequence size decreases. Segments can be selected to reduce
outliers and data noise. Simpler models can be used to process them. They are easier to select based on the segments’
properties. However, if the properties are distorted when forming segments or, for example, if the number of observation
objects in the segment is too small, the model will lose its adequacy, and the results will deteriorate.

The first step is to select a method to segment the sequence while using a predetermined quality index of the
processing model. The next step is to build an aggregate model consisting of the algorithms that achieve the segment’s
best quality indexes.

3-2-Problem Setting

To implement the methodology, we define a sample of observation objects X, processing models {a,,...,ay} € 4, and
data segmentation methods {u,,...,u;} € 2. Information sequence X is divided into separate segments. This results in a
set of partitioning methods X* where the segments are processed by models a;. We need to find method p* to divide the

sequence into segments X*' = {Xf;*,...,xi*“*} and assign a processing model a; € A with the best value of the quality
- . u*
functional Q(a;(x), X,-) - o J0a% to each segment.

The mean square error (MSE) and mean absolute error (MAE) metrics can be used as quality functions for regression
estimation depending on the problems to be solved. Thus, the main focus is to assign the best quality models for segment
processing, which in some cases makes it possible to pay less attention to implementing computationally complex
regression data segmentation procedures that consider the properties of the observation objects in the data sequences.

On the one hand, the precondition of the proposed methodology is the assumption of data heterogeneity, and on the
other hand, the arising ambiguity, for example, in high-dimensional conditions where more than one point may exist in
the localization region. The observation objects of a regression sequence can form different regions where trends and
data properties change, resulting in segments where the trend direction may change or where a linear relationship may
exist in some cases and a non-linear relationship in others. Consequently, different functions better approximate different
subsequences within X.

Considering the partitioning methods y, € 2 of the data sequences {X";l, .. .,X,‘#m} € X* and obtaining different
combinations of segments, it is necessary to choose the partitioning method p* and determine the aggregable processing
function a* consisting of the models whose use achieves the best quality indicators for the segments:

a’,u* = argmaxQ(a;(x, X*)) (1)
HIENR,a;EA

By determining the sample partitioning method and assigning the algorithm with the highest performance according
to the training results to each segment compared to the other algorithms, we obtain an aggregated sequence processing
model. The best-predefined segmentation methods and number of segments were selected to build the ML models.
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3-3- Implementation of Methodology

The methodology is implemented in several stages. The first step is to select the basic processing algorithms. Attention
is focused on implementing learning processes to ensure the diversity of models solved using various data manipulations,
forming feature spaces, samples, and fundamentally different processing models. The next step is to analyze the
underlying models, which usually requires the exclusion of models that do not achieve high prediction accuracy.
Subsequently, we processed the obtained results.

Figure 2 shows the proposed methodology’s general algorithmic sequence.

S

v

[ Loading the data sequence ]

s

Configuration of the segment-forming

\ 4

parameters
[ Forming the sequence segments ]
[ Sequence division into training and test parts }

v

Selecting the data processing models

v

Model training

v

Evaluation of quality functional

)

v

Selection of the best model for segment formation

v

Selection of the best model and segment formation method

ST T

Figure 2. Flowchart of the general algorithmic sequence of actions

N

The proposed methodology implementation involves ten steps to configure the models and perform their predefined
tasks.

Step 1: Search for methods of sample partitioning {u, ..., 1.} € 2.
Step 2: The number of segments is increased to a certain maximum value.

Step 3: Processing sample X by partitioning method p, forming segments {X“:Ll, D ¢

i ,...,X,‘;lw} € x* for this method
1
and for the number of segments m, j — segment ordinal number.

Step 4: Search for the number of segments.
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Step 5: Search for processing models.
Step 6. Training models a; on segments X].‘:ll.

Step 7: If not all models have been trained, return to step 5; otherwise, determine the best of the models {a4,...,ay} € 4
on the segment X”l by the value of the model quality factor a’w = argmaxQ(a (x, X”’))
€A

Step 8: If not all segments have been processed, return to step 4; otherwise, determlne the sample Xht = {Xluiz’ . X,‘,‘jul}

for the selected method and the selected number of segments and form an aggregation model from the
models {a',...,a™m} € A, showing the best results in quality factor value for m segments on the sample x%!
atn (x X‘”) x € X}
after processing by the method p al!(x, X}) = - .
a™wm (x, XT’:[M ),x € Xk
1 My

Step 9: If the maximum number of segments has not been reached, return to step 2. Otherwise, determine the number
of segments of the p method sample X partitioning at which the best quality factor has been achieved, and
determine the sample segments and the model that achieves the best quality factor m# = argmax Q(aht(x, XM

me(1,..
and determine the sample segments X‘”,” = {X/},.... X"} and the model that achieves the best quality factor
when partitioned by the method i a,, (x, Xhi) = argmaxQ(a”’(x Xh).

aEA

mlll

Step 10. If there are still sequence partitioning methods left, then return to step 1. Otherwise, the final selection of the

sample partitioning method is made, where the maximum quality factor u* = argmaxQ(at', (x,X%4,)) is
HEU
achieved, and the number of segments obtained by the selected sample partitioning method m* =

argmax Q(amul (x,Xh%.)), determine the segments of the sample processed by the selected partitioning method
me(1,...,

X ={X . X::w*}' and finally form the aggregation processing model a*'(x, X*") =

a”. (xX" ),xEX”*
1#

a* (xX )xex“

Implementlng the methodology involves performing actions to form an information sequence and defining the
processing methods. Each partitioning method has certain parameters, such as the number of partitions. For simplicity,
we can assume that methods with different parameters are partitioning methods. All methods receive the input data
sample X and form segments X“;l,...,xl‘\jlm. Data can be one-dimensional or multidimensional information sequences

depending on the problem to be solved. The partitioning method y; € 2 forms a set of sample segments {X“;l, .. .,X,\‘;lm} €
XH,

All predetermined sequence processing models were trained on the observation objects of each set of
segmentsx‘{;l,...,x‘,‘v;w formed by the partitioning methody, €2, and all predefined sequence processing

models {a,,...,ay} € A were trained. Subsequently, the system is regulated, where for each partitioning method y; € 2 of
all trained models {a,,...,ay} € A on the segmentsx‘l‘;l,...,xﬂm obtained with its application; the values of the quality

functional Q(ai(x,Xj’:’)) are compared. Each partitioning method y; € 2 on each segment Xj‘:l corresponds to the best
L L
quality factors.

Based on expression (1), a partitioning method g, € 22 is selected where the best models show the best results on the
segments, forming tuples < ajuZ,X]!:l > where a model is assigned to a segment.
1

The solution exhibits exponential computational complexity. Many repetitive routine operations necessitate the
analysis of the calculation results at separate stages of model formation to eliminate unpromising resource-intensive
processes. The results of the methodology application are the model formation and the choice of the segmentation
method. If the model loses its adequacy, the methodology can be launched independently and in parallel with the system
operation.

The methodology is aimed at use in situations where heuristic methods could prove challenging. For example, in the
case of multidimensional data, hidden patterns or ambiguous situations can be interpreted in different ways. In the
proposed solution, segment selection is performed automatically using the quality functional.

If sufficient resources are available, several sequence segmentations can be considered to form ensembles of
aggregation models, thereby reducing sensitivity to errors. The availability of resources under the restriction of the
selected models, number of segments, and segmentation methods makes it possible to use the methodology by organizing
a parallel estimation process for changing data properties and forming segmentation methods and processing models on
its basis. The proposed solutions can be improved using continuous learning methods (CLM) [39-41]. Figure 3 shows
the element interrelationship framework for the implementation of self-learning technology. Certain actions for training
and model formation can operate in parallel.
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Figure 3. Framework of element interrelationships

The incoming information flow is then processed. The properties of the observed objects were analyzed and
calculated. They correlate with segments, and a predetermined model is selected with the best values of the quality
function on a similar segment of the training sample for their processing. The model’s predicted results were compared
with the actual values of the observed objects obtained from the recording systems and devices. If the errors increase
above a predetermined threshold, a decision is made to form a data sample.

4- Results
4-1-Experimental Setup

The experiment aimed to evaluate the change in qualitative indicators of different models of information sequence
processing when segmentation methods are applied to the considered methodology. The realized experimental evaluation
of the models and the data are available in Semenov [42] using two low-complexity segmentation approaches. In one
case, a supervised approach with segment boundaries based on an optimal change-point detection algorithm with linear
computational cost was used [43]. In the second case, we used an approach that divides the sequence into segments equal
to the number of observations. Segmentation using k-means was considered for the multidimensional dataset data.

The proposed methodology was evaluated for predicting one-dimensional and multidimensional data sequences, and
the qualitative indicators were compared across different datasets. The input data format represents an information
sequence for one-dimensional data [44], and the dimensionality of the dataset data determines this format for
multidimensional data. In the first case, the information sequence of the observation objects contained m equal parts,
and in the second case, m segments using information about the change points. The output data format represents the
predicted regression values. Simple cross-validation covered each segment without normalization and outlier processing.
The sample included two parts: training and testing. The number of runs was 10. The parameters of the models are
determined by the implementation and standard environment settings [42, 45]. Table 3 summarizes the study’s main
characteristics.

Table 3. Characteristics of the experimental models

Models Characteristics
LR Free and linear terms for each predictor.
SVM The linear kernel function.
GR The quadratic exponential kernel function
DT Binary tree. The tree depth depends on the training sample.

CNN Activation function (reLU), hidden layer size is 10.
ANN Activation function reLU, the hidden layer size is 8.
ANFIS Two membership functions for each variable, three selections in the fuzzy logic domain, 10 training iterations.

XGBoost  The maximum tree depth is 5, the number of trees is 100, the learning rate is 0.1,
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The optimization of model parameters did not change and was constant during data processing because only the
segmentation effect on the loss function results was evaluated. The experiment used datasets with processability by
relatively simple models; therefore, the high adaptability architectures and models, such as Transformer and KAN, were
not considered in the experiment.

The algorithmic sequence of actions during the experiment is shown in Figure 4.

Input data:

X — Initial test sample;
i — Sample partitioning methods;

a; — Data processing models LR, SVM, GR, DT, CNN, ANN, ANFIS;
Lmse (8, XJ“' ), Lmae( 8, XJ“' ) — MSE and MAE loss function;
M M
M — Maximum number of segments;
L — Number of methods
Output data:

g_msei — MSE function value
g_maei — MAE function value

begin
Forl=1,...,L I Search for partitioning methods
Form=1,...,M /I Search for the number of segments
p X — {X”;l:---:X,ill;---:X#m} € XH /I Sample processing
Forj=1,..,m /1 Search for the number of segments
Fori=1,...,N /] Search for models
q_msei=Lmsi (8; , X i‘l ), _ _
/I Loss function calculation
0_maei=Lmeei( &; , X ;:'I ),
end

Figure 4. Pseudocode of the experiment

The values of ¥, obtained using the segment-assigned model were calculated and compared with the true value of y;.
Quality indicators for data processing were determined using MSE and MAE metrics.

1 n A
MSE=1>" (= y) @
1 A
MSE=1>" (= y) )
i=1

where ¥, is the predicted value,y; is the true value, and n is the number of objects observed.

MSE highlights large errors and allows the selection of a model that produces fewer gross forecast errors. However,
if one or more outliers produce a significant error, squaring will lead to the false conclusion that the entire model is
performing poorly. MAE is less sensitive to outliers than MSE. This makes it a preferred option when outliers are present
in the data but should not significantly affect the model’s overall performance. MAE and MSE are not universal metrics
by themselves; they should be considered based on the tasks being solved and the data’s properties. The proposed
methodology gives preference to models and a segmentation method that achieve the best values of a pre-selected quality
indicator.

4-2- Experiment on one-Dimensional Data

The experimental data for the one-dimensional regression were obtained from the dataset [44]. Sequence values
ranged from 0 to 4500. The sequence was segmented using two methods. Figure 5 shows an example of segmentation
into four segments equal to the number of observation objects (Figure 5-A) and an example of segmentation by the
algorithm for optimal change-point detection (CPD) with linear computational costs with four segments S1-S4 (Figure
5-B).
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Figure 5. Segmentation of the sequence on the axes “time t - value A” into four segments S, Sz, S3, and S4 ((a) equal parts;
(b) distribution by algorithm for optimal change point detection with linear computational costs)

Figure 5 shows that different information sequences appear in the segments because of different methods of
segmentation. The spread of values, distributions, and number of observation objects may differ significantly. These
variations could have a significant impact on the training processes and quality indicators achieved by the different
models.

Figure 6 summarizes the Equation MSE 2 and Equation MAE 3 values in each segment and whole sample processing

for each model.

MSE of the sample MAE of the sample
250 - 12 -
ELR ELR
200 - = QR 107 =QR
8 m
150 - SVM SVM
mGR 6 - =GR
100 +
= ANN 4 = ANN
50 CNN 5 ] CNN
B ANFIS u ANFIS
0 - 0 -
MSE it MSE ravn MSE all MAE it MAE ravn MAE all

Figure 6. MSE and MAE loss function when approximating the whole sample and when divided into four segments by the
equal number of observation objects (ravn) and the algorithm for optimal change point detection with linear computational
costs (it).

The obtained MSE and MAE values demonstrate the positive impact of segmentation using both the first and second
methods. The loss function values were lower for all considered models after segmentation than for the entire sample.
For the case under consideration, segmentation using the optimal change point detection algorithm with linear
computational costs was preferable to segmentation into an equal number of observation objects. The compact location
and sensitivity to trend changes influence the simplicity of the processing models. Segmentation improves the quality
metrics of the models for the given data. They can capture the nuances and patterns specific to each segment, resulting
in improved overall performance.

Figure 7 shows the MSE and MAE values of the processing models for each of the four segments. The information
properties of the segments change when partitioning the sequence using the selected segmentation methods, resulting in
different quality indicators for the processing models. This parameter can be used to assign the processing model to the
segment with the best values.
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Figure 7. The MSE and MAE values of the algorithms for segments were obtained using an equal number of observation
objects (ravn) and the algorithm for optimal change point detection with linear computational costs (it)

In different segments, due to differences in the properties of the objects of observation, the processing models show
different values of quality indicators. This is a characteristic of machine learning tasks, in which models are trained on
a predetermined set of data. Considering each segment separately, we can identify models with better quality indicators.
However, when implementing processing models, it is necessary to track possible changes in data properties that can
decrease quality indicators. The quality indicators of the model achieved during the processing depend on the number
of segments. Figure 8 shows the dependence of the average MSE and MAE values of the models on the number of
segments obtained for the two partitioning methods. When assessing the effect of the number of segments m on the MSE
and MAE values, the number of segments increased from 1 (the entire sample) to 35. The values of the MSE and MAE
loss functions for the models and partitioning methods were estimated.

250
mitLR mravn LR ®itQR
200 mravn QR mit SVM ravn SVM
=it GR mravn GR =it ANN
150 mravn ANN mit CNN mravn CNN
MSE =it ANFIS mravn ANFIS
)
0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35
m
14
mijtLR mravn LR =itQR
12 mravn QR HitSVM ravn SVM
10 mit GR mravn GR Hit ANN
‘ mravn ANN it CNN mravn CNN
8 uit ANFIS uravn ANFIS
MAE ‘
i |
N ||
-
0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35
m

Figure 8. Dependence of MSE and MAE values on the number of segments m for the linear regression obtained by dividing
into equal parts according to the number of objects (ravn) and the algorithm for optimal change point detection with linear
computational costs.
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Figure 8 shows that the number of segments influences the MSE and MAE values. The presented data show the
average loss function values per processing model across varying segments. The loss function values decrease as the
number of segments increases. The more segments created, the smaller the MSE and MAE become for the selected
models and segmentation methods. When the loss function values of the models reach a plateau, an increase in the
number of segments does not significantly improve the quality function. If the number of segments grows unlimited,
microsegments containing insufficient observation objects may compromise model adequacy. One of the solutions to
limit the minimum number of objects may be the application of various heuristic rules; for example, the number of
objects of observation should be ten times more than the model parameters. However, this does not guarantee that the
objects in this area repeat the properties of the general population, which can lead to ambiguous model estimation results.

4-3- Experiment on Multidimensional Data

In most practical cases, the analyzed data are multidimensional, which imposes specific difficulties in their
preliminary processing when detecting outliers and noise and in the unambiguous interpretation of emerging phenomena.
Multiple regression was applied to evaluate the quality indicators obtained when segmenting a multidimensional data
sequence. The sample from Xhu [44] was used as the study dataset.

Figure 9 shows plots of variations in MSE (m) and MAE (m) depending on the number of segments m for the LR,
SVM, GR, DT, CNN, ANN, and ANFIS algorithms. The plots show that for most relatively simple models, such as LR,
SVM, and GR, segment reduction without considering the properties of the objects contained therein can increase the
processing quality factors.

110
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70 GR w
L 2]
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=
ig CNN CNN
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Figure 9. Dependence of MSE and MAE values of different algorithms on the number of segments m for multiple regression
when segmenting by division into equal segments (a) and using the algorithm for optimal change point detection with linear
computational costs (b).

Data segmentation affects different data processing models differently due to variations in segmentation methods,
segment information properties, and algorithm configurations. It did not have a strong effect on individual models. For
example, DT exhibits minimal sensitivity because node-level partitioning inherently optimizes locally, whereas
segmentation does not guarantee global optimality. Reducing the volume of data and sample imbalance affects neural
network models. In the case of an existing linear dependence of the data sequence, it has a small effect on linear
regression. However, the proposed segment size reduction methodology did not achieve this effect for all models. For
example, for the data sample under consideration, reducing the segment size has a weaker effect on the DT algorithm
than on the other algorithms. The MSE and MAE values for this algorithm decreased significantly.
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4-4- Experiment on Dataset Values

The experiment involved the analysis of a series of different sets of multiple regression data. Samples [46-48] were
used as the experimental data. The effect of segmentation on quality indicators Equations 2 and 3, was evaluated. The
sample was partitioned into 15 and 30 segments by the algorithm for optimal change-point detection with linear
computational costs by segmenting into an equal number of observation objects, and the MSE and MAE loss functions
were determined for each model by the k-means algorithm. Table 4 presents the prediction results of segments and the
entire sample.

Table 4. Sample processing (modeling performed by the authors based on [46-48])

Dataset Segmenting method Model MSE MAE
Whole sample 15 segments 30 segments Whole sample 15 segments 30 segments
LR 76.32 74.97 724 8.74 8.69 8.67
SVM 110.11 93.33 90.01 10.49 9.66 8.71
GR 66.18 55.37 50.45 8.14 7.44 6.87
The change point DT 39.98 38.46 37.66 6.32 5.52 5.49
detection algorithm CNN 34.36 32.96 317 5.63 551 5.42
ANN 32.26 32.09 31.56 5.62 5.52 5.49
ANFIS 27.67 27.19 26.81 5.61 5.12 4.93
XGBoost 26.12 26.1 26.01 5.59 511 49
LR 92.52 84.84 68.54 9.62 9.21 8.28
SVM 112.51 97.25 89.35 10.12 9.34 8.96
GR 67.7 56.86 54.09 8.11 7.41 6.64
Dividing into equal DT 39.39 36.48 352 6.28 6.04 5.93
Dataset 1
segments CNN 36.2 34.83 34.14 6.18 5.84 5.59
ANN 33.43 32.14 31.89 6.13 5.85 5.81
ANFIS 27.33 26.85 26.41 5.52 5.06 4.93
XGBoost 26.11 26.09 26.01 5.51 5.05 5.04
LR 84.43 81.91 70.47 9.28 9.08 8.83
SVM 106.31 90.3 85.18 10.39 9.55 8.93
GR 65.94 55.12 47.28 8.19 7.43 6.83
Kemeans DT 39.7 36.5 35.46 6.35 6.18 5.99
CNN 35.78 349 33.42 6.17 6 551
ANN 35.85 35.12 34.23 6.01 5.78 5.47
ANFIS 335 32.04 31.61 5.66 5.2 4.79
XGBoost 30.62 29.99 27.04 5.43 5.19 5.03
LR 0.0327 0.031 0.0282 0.0049 0.0042 0.0039
SVM 0.0631 0.0618 0.0518 0.0127 0.0089 0.0085
GR 0.0334 0.0332 0.0331 0.0059 0.0053 0.0049
The change point DT 0.0258 0.0208 0.0204 0.0039 0.0033 0.0029
detection algorithm CNN 0.0298 0.0297 0.0296 0.0042 0.0041 0.004
ANN 0.0381 0.0375 0.0368 0.0051 0.0049 0.0048
ANFIS 0.0235 0.0232 0.0231 0.0038 0.0035 0.0032
XGBoost 0.0231 0.023 0.0229 0.0031 0.003 0.0029
LR 0.0429 0.0425 0.0423 0.0063 0.0059 0.0055
SVM 0.0754 0.0669 0.0661 0.0143 0.0118 0.0106
GR 0.0438 0.042 0.0419 0.0067 0.0064 0.0061
Dataset 2 Dividing into equal DT 0.0354 0.0349 0.0343 0.0051 0.0048 0.0047
segments CNN 0.0332 0.0329 0.0328 0.0049 0.0047 0.0046
ANN 0.0311 0.0307 0.0301 0.0047 0.0046 0.0045
ANFIS 0.0261 0.0246 0.0241 0.0041 0.0039 0.0038
XGBoost 0.0257 0.0241 0.024 0.0039 0.0036 0.0035
LR 0.0462 0.045 0.0436 0.0073 0.0071 0.0068
SVM 0.0808 0.0778 0.0744 0.0189 0.0159 0.0158
GR 0.0429 0.0417 0.0409 0.0064 0.0057 0.0055
K-means DT 0.0359 0.035 0.0349 0.0058 0.0052 0.0051
CNN 0.0334 0.0331 0.0329 0.0053 0.0051 0.005
ANN 0.0321 0.0319 0.0318 0.0049 0.0048 0.0047
ANFIS 0.0311 0.031 0.0309 0.0044 0.0043 0.0042
XGBoost 0.0279 0.0269 0.0267 0.0032 0.0031 0.003
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LR 6.84 6.44 6.05 0.7 0.68 0.65
SVM 9.63 9.06 8.53 0.83 0.81 0.77
GR 4.66 4.38 412 0.56 0.55 0.53
The change point DT 3.68 3.47 3.36 0.4 0.43 0.41
detection algorithm CNN 358 337 3.26 0.43 0.42 0.4
ANN 352 34 3.39 0.43 0.42 0.41
ANFIS 3.39 3.37 3.36 0.39 0.38 0.37
XGBoost 331 3.29 3.28 0.37 0.36 0.35
LR 11.56 10.89 10.24 0.91 0.89 0.86
SVM 16.28 15.32 14.41 1.08 1.05 1.01
GR 7.87 7.41 6.97 0.73 0.7 0.68
Dataset 3 Dividing into equal DT 6.22 5.86 5.52 0.57 0.55 0.54
segments CNN 6.04 5.68 5.35 0.56 0.54 0.53
ANN 5.93 5.58 5.25 0.55 0.53 0.49
ANFIS 5.87 5.52 5.2 0.55 0.49 0.47
XGBoost 5.6 5.44 5.41 0.46 0.39 0.38
LR 7.08 7.07 6.45 0.57 0.55 0.54
SVM 12.79 11.77 9.54 0.92 0.89 0.77
GR 5.06 4.49 3.86 0.49 0.47 0.46
DT 47 4.09 3.09 0.36 0.35 0.34
K-means
CNN 4.33 41 3.99 0.34 0.33 0.32
ANN 3.25 3.19 3.18 0.31 0.29 0.24
ANFIS 3.19 3.18 3.17 0.29 0.23 0.21
XGBoost 3.14 31 3.07 0.23 0.22 0.2

The data were verified using the Wilcoxon t-test. The null hypothesis Hy is as follows: “Post-experiment performance
is less than pre-experiment performance,” and the alternative hypothesis Hj is as follows: “Post-experiment performance
exceeds pre-experiment performance.” For the data groups in Table 3, pairwise comparisons of the MSE and MAE
column values show Temp< T¢r at a significance level of p < 0.01. Thus, H1 is rejected. The comparison shows that the
experimental data segmentation of the sample, in most cases, improves the data-processing quality indicators Equation
2 and 3.

The results in Table 4 show that reducing the sequence segment size mainly reduced the MSE and MAE loss functions
by 3-8%. Segmentation changes the data properties. Segmentation affects weak models more significantly than strong
models. The results show an opportunity to increase by 5%-8% for weak models, whereas an improvement of 1%-4%
is observed for strong models in scenarios with limited data.

Linear models work better in the short term, whereas nonlinear models require large training datasets and resources
to achieve good results. If the sequences in the segments replicate the properties of the population and have sufficient
training data, then strong models, such as XGBoost, are rather good at identifying patterns in the data. In this case, the
quality score may be affected by the reduction of outliers and noise in the observations in the segments during
segmentation, which may not have a significant impact on the achieved quality score of a model trained on the entire
sample. The manifestation of nonlinearity and the appearance of objects treated as outliers within a segment can lead to
worse processing results, for example, for SVM and LR. The performance of strong models is negatively affected by
incomplete data for ANFIS, data-deficient and suboptimal choice of architecture for ANN and CNN, and probable
overfitting or incorrect setting of parameters on small datasets for XGBoost. Replacing the model on the segment with
another model with better performance is possible in such situations. Nevertheless, the methodology shows the
possibility of improving the MSE and MAE performance for relatively simple models in information sequence
segmentation by selecting segments and assigning models to them.

5- Discussion

This paper proposes a methodology for analyzing the quality metrics of the processing models. In contrast to known
solutions that perform the tuning of machine learning models to the processed data, this new methodology divides a
sequence into segments so that the properties of the data obtained in the subsequence best match the processing model.
Therefore, the model is tuned on a data sample and subsequences with data properties are formed and selected to fit the
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processing model. Such an approach generates subsequences from a data sample and then tests machine learning
algorithms and processing models on them. The selection criterion was designed to achieve the best quality factor when
all possible variants were attempted, allowing the selection of the best available model.

Reducing the size of the segments by increasing their number is reasonable up to a certain point. There was no
significant improvement in the quality of the data processing models after reaching the limit. Assigning algorithms with
better quality indicators to the segments improves the quality indicators of sample processing compared to individual
classifiers and group methods by 3-8%.

The results show that segmentation has a greater impact on improving the performance of linear classifiers. The
impact was smaller in the case of nonlinear classifiers. Table 4 provides an overview of forecasting on various datasets
using and without the proposed solution. Segmentation consistently leads to improvements for all baseline methods on
all datasets, with an average improvement in MSE and MAE of approximately 8% for weak models and approximately
3% for strong models. The proposed technique allows preparing univariate and multivariate data for weak models LR,
SVM, GR models for different datasets was 5%-8%, for stronger models DT, CNN, ANN, ANFIS, XGBoost 1%-4%.
For strong models, the technique improves results for samples with small data. In both cases, the technique allows
segmenting samples of information sequences on which the segment data agrees better with the training models.

Although direct comparisons between the results presented in this study are difficult due to the different conditions
and approaches used for data processing, an indirect assessment was performed by comparing the calculated quality
indicators with other works using different approaches to data sample segmentation and separation.

Implementation of the graph model [40] for finding break points for dividing time series improved data processing
quality by 8%. The use of a fuzzy mechanism for identifying break points of regression sequences [40] improved the
quality of the model processing by 7%. Data clustering, as studied in Piernik & Morzy [49], improved the model’s
performance for classification problems when dividing a sample using class labels and a distance function within 3%-
5%. The use of the author’s “Segment, Shuffle, and Stitch” approach [50] for data sequences using neural network
processing increased the quality indicators by an average of 5% for various datasets. The integration of regression models
performing preprocessing and data division into the deep learning models proposed in Shmuel et al. [51] increased the
MSE indicator from 4% to 11%. Based on the comparison, the proposed method demonstrates acceptable and sometimes
superior performance compared to the recently proposed machine and deep learning models. However, direct
comparisons are difficult due to differences in the data used to conduct the studies.

The results obtained are comparable with those obtained in previous studies [40, 43, 49-52]. However, the proposed
methodology is relatively simple and allows us to divide sequences into different regression data types. Therefore, it is
possible to form modular computational structures of various complexity and replace one model with another.
Experiments show that segmenting the data sample and applying different approximation models provide a certain level
of quality indicator values.

In some cases, the proposed methodology can be used as an alternative to the data augmentation strategy, especially
on large datasets. Data augmentation methods are generally more suitable for small datasets. Due to the lack of variability
and diversity, their impact is often less pronounced on large datasets [51]. Segmentation allows the use of local properties
of segments.

However, the proposed building regression model methodology for data processing has certain limitations. First, the
main limitation, as well as many other ML methods, is the problem of sparse data. When applying the proposed solution,
the data should replicate the general population’s properties to build an adequate processing model. Second, the sample
under consideration must have the characteristics of the general population. If this property is not met, the proposed data
processing model’s adequacy becomes problematic. Third, in the process of dividing the data into segments, situations
may appear when there are too few observation objects in the training sample, which does not allow us to accurately
estimate the properties and train the model on these segments. Fourth, when using the proposed solution, the data should
be analyzed to avoid overfitting.

6- Conclusion

This study presents a methodology for constructing adaptive models of modular ML structures to improve the
processing quality of information sequences. Unlike traditional approaches that adapt models to the properties of the
entire dataset, this methodology solves the inverse problem of forming and selecting data segments that correspond to
pre-selected processing models. The proposed solution enables processing by assigning models with the best selected
quality indicators to each data segment. The main limitations of this study include the need to optimize model assignment
to overcome computational complexity, the sensitivity of algorithms to segment properties, and issues related to data
quality and training samples. In addition, the segment size should be carefully controlled to maintain model adequacy.
From a theoretical perspective, this methodology enables the construction of modular models based on segments,
providing flexibility and adaptability to various types of data. This approach supports the creation of complex models,
where each segment is processed by a specialized function with configurable parameters. This modularity helps

Page | 2435



Emerging Science Journal | Vol. 9, No. 5

overcome the limitations of existing methods, including sensitivity to boundaries in piecewise regression, susceptibility
to noise in XGBoost, and high resource requirements. For simple datasets, the methodology improves interpretability,
while for complex problems, it enables the creation of custom computational structures, improving performance, and
reducing system limitations.

Future research should focus on optimizing segmentation methods and refining model assignment strategies for high-
dimensional data to overcome these shortcomings. Improving the methodology’s adaptability to dynamic datasets will
increase its practical value. Additional research could explore its integration into zero- and low-precision learning, where
automatic segmentation and structure detection improve feature selection and classification efficiency [53]. The
methodology is applicable to a variety of domains, including economics, healthcare, and manufacturing, particularly for
time series and complex data stream regression analysis. In practice, it can be used to improve productivity, analyze
device or system health, and optimize customer service processes. Its advantage is the reduction of repetitive operations
in data sequence analysis, which mitigates costs and frees up computing resources. Additionally, the methodology
enables the development of self-learning systems that can adapt over time without significant retraining. This makes it
highly relevant in environments that require flexible and scalable ML models. Overall, the proposed solution facilitates
the development of modular, interpretable, and resource-efficient modeling strategies, which have far-reaching
implications for ML and DDM.
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