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METHODS OF FORECASTING AND DATA CLASSIFICATION BASED ON NEURAL NETWORKS

Abstract. The article is devoted to a comprehensive review of neural network models in forecasting and classification tasks.
Finding the strengths and weaknesses of different forecasting methods using neural networks. Exploring the possibilities of
improving the use of neural networks in forecasting and classification tasks.

The purpose of the work. The purpose of this work is to study methods of forecasting and data classification based on
neural networks. Which means a review of existing approaches and finding new ways to improve the solution of the above
problems. Finding ways to improve existing models. The task of this study is to compare existing methods of using neural
networks in forecasting problems and to obtain new approaches to improve existing methods.

Methodology. It is based on the analysis of scientific publications on neural network models, as well as prediction and
classification methods. For this purpose, the characteristics and methods of comparative analysis of the strengths and
weaknesses of neural networks are provided. As well as recommendations for improving prediction methods, where possible.

Scientific novelty. The solution to the problems set and the scientific novelty of this research lies in identifying ways to
improve methods and in a criterion-based comparison of existing methods for using neural networks in data classification
and prediction tasks, improving new approaches based on existing ones to improve the processing processes of the above-
mentioned tasks.

Conclusions. Analysis of neural network models in forecasting tasks revealed their strengths and weaknesses. Criterion
analysis established the advantages of forecasting methods using neural networks. Recommendations for improving forecasting
methods are proposed.
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Apocnas MMABJEHKO, Hatansa BAJIEH/IA. METOAU MMPOTHO3YBAHHA TA KJIACU®IKALI JAHUX HA
OCHOBI HEIPOHHUX MEPEX

AHomayis. Cmamms npucesyeHa KOMNAeKCHOMY 024150y modesell HelpOHHUX Mepexc y 3a0a4ax npo2HO3y8aHHs ma
Kaacugikayii. 3Haxo0xiceHHs CUAbHUX Ma CAAOKUX CMOPIH PIZHUX cnocobis npo2HO3y8aHHS i3 3aCMOCY8AHHAM HelPOHHUX
Mepedic. JJocaidxiceHHs Modcausocmell NoAINWeEHHS 8UKOPUCMAHHSA HeUPOHHUX Mepexc y 3a0ayax npozHO3Yy8aHHs md
Kaacugikayii.

Mema po6omu. Memoto yiei pobomu € docaidxceHHs Memodie npo2HO3y8aHHs ma Kaacugikayii daHux Ha ocHosi
HellpoHHux mepedic. llJo o3Hauae 02150 8ixce HasiBHUX nidXodie ma 3HAxX00XHCeHHsT HO8UX Cnocob6ie 0151 800CKOHANEHHS
supiwieHHs 8UWe8KA3aHUX 3a0ay. 3HAX0diceHHsl Cnocobi8 noainweHHs icHy4ux modesetl. 3a80aHHAM 0aHO20 00CAIOHCEHHS
€ NOPIBHAHHS ICHYIOHYUX Memo0di8 BUKOPUCMAHHS HEUPOHHUX MepedC y 3a0a4ax Npo2Ho3y8aHH s i 8 3006ymky Hogux nioxodie
04151 nokpaujeHHs icHyro4ux memodis.

Memodosozisn. basyemvcs Ha auanizi Haykosux ny6aikayiti modeseli HelpOHHUX Mepedc, a makoxc memodie
npozHo3ysaHHss ma Kaacugikayii. Jas yvbo2o eukopucmaHo HAJAHHS Xapakmepucmuku ma memoodu NOpi8HsNbHO20
aHai3y CUAbHUX Ma cAa6KUX cmMoOpiH HelUPOHHUX Mepedxc. A makox HadaHHs pekomeHdayill wodo nosainweHHs memodie
npo2HO3y8aAHHS, de ye MON*CAUBO.

Haykoea Hogu3Ha. BupiweHHs1 nocmas/ieHux 3a0a4 ma Haykoea HOBU3HA 0aHO20 00CAI0HCeHHS NoAsi2aE y 8Us18AEHH]
cnocob6is noninweHHs memodie may KpumepiaabHOMy NOPIBHSIHHI ICHYOYUX Memodi8 BUKOPUCMAHHSA HEUPOHHUX Mepedxc, ¥
3adavax Kaacugikayii ma npozHo3y8aHHs daHux, 800CKOHA/1eHHS HOBUX Ni0X00i8 Ha 0CHO8I 8Jice ICHYIO4UX, 0151 NOKPAWeHHS
npoyecie 06pobKU U e3a3Ha4eHUX 3a0ay.

BucHogku. AHani3 modesell HellpoHHUX Mepedc Yy 3a0avyax NpocHO3Y8AHMs 8USBUE iX CU/bHI Mma CAA6KI CmOpoHU.
Kpumepiaavhuii anaais ecmaxosus nepesaz2u memoodié NpOZHO3Y8AHHA (3 BUKOPUCMAHHAM HEUPOHHUX Mepedi.
3anponoHosaHo pekomeHdayii uWjodo 800cKkOHA1EHHS MemOodie NpO2HO3Y8AHHS.

Kniouoei cnoea: memodu npozHo3ysaHHs, Memodu kaacugikayii, Modeai HelIpOHHUX Mepexc, MAWUHHE HA8YAHHSI.
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Problem statement. The relevance of this topic is largely justified by the interest of scientists in the field
of information technology. Since there are different approaches to forecasting and classification problems at
the moment, it is important to study them to identify the likelihood of their improvement.

Also, such studies are relevant due to the practical need to study methods and various models in the
commercial sector. The available methods are diverse and rely on different approaches to the use of neural
networks, but are still not perfect in solving certain problems. That is why there is a demand for the prospect
of their improvement and optimization. Therefore, the analysis and criterion-based comparison of existing
methods and tools is a popular task.

Modern progress in the field of information technology intensively develops existing approaches in
various data analysis tasks. And sometimes modern scientific progress introduces new technologies
intensively, even ahead of the development of the existing ones and the introduction of innovations.
Therefore, there is a growing need for a comprehensive analysis of existing approaches in order to find their
advantages in individual tasks and the possibility of their improvement.

Training neural networks begins with a variety of data that are collected and used to train models. Large
amounts are required for deep learning [8]. The size of the data has a significant impact, since the more data
there is, the more efficiently the program works.

Since different neural network models may be suitable for different tasks, it is important to evaluate their
advantages and disadvantages specifically in prediction and classification tasks.

Another important task is to find new useful approaches to improve and use them in data forecasting and
classification tasks.

Even some varieties of the same neural network may have a significant advantage over others, for
example, in forecasting tasks, since they are better suited to detecting dependencies, both short-term and
long-term. When analyzing the research problem, one should also pay attention to the analysis of forecasting
methods in tasks with incomplete or heterogeneous data.

As the world rapidly grows in. terms of the amount of data that needs analysis and the need to make
informed decisions based on available data (possibly incomplete and heterogeneous) in various industries,
it is important to explore new approaches and analyze existing methods of forecasting and classifying data.

Neural networks, in some cases, demonstrate high efficiency in machine learning tasks, but sometimes
their application in real-world conditions can often face a number of challenges [9].

For example, such challenges often include the need to adapt models to the specifics of the data, increasing
their robustness to noise, and the ability to generalize their application across different types of data.
The importance of this research is due to both the increasing complexity of modern forecasting tasks and the
need for highly accurate and reliable algorithms for data classification in various industries, such as finance,
medicine, energy, and others.

The need to improve existing prediction and classification methods is especially relevant in conditions
where there is insufficient information in the data models to analyze the behavior of the system or to provide
an assessment of it. Since many tasks involve performing a certain analysis on data of different formats
and sources, this requires research and comparison of models for compliance with these features and their
effectiveness in analyzing different data. Therefore, sometimes the integration of heterogeneous data sources
is important for research.

It is important to critically compare the key capabilities, advantages and disadvantages of information
technologies for data forecasting using neural networks, using metrics for assessing efficiency and accuracy.

Modern neural networks can often require significant computational resources and large data sets for
training, which can limit their application in some practical tasks [10]. Therefore, research and benchmarking of
prediction and data classification approaches that take these limitations into account are of utmost importance.

Analysis of recent research and publications. Recently, intensive development of research in the field
of application of neural networks has been ongoing. New practices of application are being developed and
already accepted methods are being modernized [5].

Due to the growth of computing power and the availability of large amounts of data, the rapid
development of the application of neural networks in forecasting and classification tasks has taken place. For
example, the development of recurrent architectures has proven its effectiveness in time series forecasting
tasks. This has made it possible to significantly increase the accuracy of forecasting compared to classical
methods such as ARIMA or regression analysis [11]. Various scientific publications demonstrate the
integration of neural networks into various fields of use. For example, on stock exchanges, they can be used
to predict rates and global trends. Neural network models used for forecasting can also be used in other
fields, for example, in DSS [14]. In medicine, they can be used to classify images to detect the development of
diseases. Rapid progress creates new challenges for research. Analysis of recent research and publications.
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The purpose of this article is to analyze and generalize the criteria-based comparison of the main neural
network models in data forecasting and classification tasks, as well as to determine their effectiveness in
performing individual tasks.

To implement this goal, the following tasks have been formulated: 1) to analyze existing neural network
architectures; 2) to describe their features in forecasting and classification tasks; 3) to conduct a criteria-
based comparison of methods and identify their advantages and disadvantages; 4) to consider examples of
the use of neural networks for data forecasting and recovery of lost data; 5) to provide recommendations on
existing neural network models; 6) to identify promising areas of research in the future.

To achieve this goal, it is necessary to generalize and systematize the existing material on neural network
models, forecasting and classification methods, problems and challenges of the existing research processes,
and also to conduct a comprehensive criteria-based comparison of the advantages and disadvantages of
existing architectures.

Presentation of the main material. The tasks of forecasting and data classification are key components
of the analysis and processing of digital data in the modern field of information technology.

Classification is aimed at assigning objects to a certain category according to their input parameters and
certain patterns. Forecasting, in turn, means predicting future values of the system taking into account the
existing patterns in past data. Classical forecasting tasks include such methods of time series analysis as
ARIMA and SARIMA, as well as linear and polynomial regression [3]. They are mainly used to find the result
for data with simple trends and seasonality, but can reveal weaknesses in the presence of a significant amount
of noise or a large amount of lost data.

Key features of classical forecasting methods:

— ARIMA. A statistical method of modeling time series. Sometimes it can be weak for nonlinear processes,
but its advantage is the clarity of the parameters.

— SARIMA. An extension method of ARIMA, but its use is more directed specifically to seasonal
fluctuations. Therefore, this method is effective in problems where it is important to take seasonality into
account seasonality.

— Linear regression. A mathematical model that describes the relationship between variables as a straight
line on a graph.

— Polynomial regression. Improves linear regression because it takes into account curvilinear
dependencies.

Classical classification problems include methods such as logistic regression, discriminant analysis, and
the KNN method. Such classical approaches are effective for small amounts of data, but can be vague in the
absence of defined parameters.

Key features of classical classification methods:

— Logistic regression. A binary classification model that works well for simple tasks, but has difficulties in
scaling to multi-class data.

— LDA method. The method searches for linear boundaries between classes.

— kNN method. The method is effective in object classification tasks based on similarity to the closest
examples.

Unlike classical approaches to data prediction and classification, neural networks can demonstrate much
greater efficiency and flexibility [15]. Because neural networks can detect complex dependencies in large
amounts of data and provide high accuracy of prediction and classification.

Neural networks are increasingly becoming a standard in many areas of prediction and classification.
For example, in security and medical image processing tasks and in forecasting fluctuations and trends in the
financial sector. The active development of artificial intelligence has ensured the introduction of improved
neural network architectures, such as convolutional (CNN), recurrent (RNN, LSTM) and transformer
models [2]. Also, a significant impetus for their development was the fact that modern data is characterized
by a large volume and various nonlinear connections.

Neural networks consist of layers - combinations of neurons. Neural networks can have a single-layer or
multilayer structure. Layers can be: output, hidden, input.

In a multilayer neural network (in addition to the main layers), there are also intermediate layers.
In different architectures of neural networks, the number of intermediate layers can be different. The number
depends on the complexity of the neural network.

During the calculation, neurons receive data from a layer and transmit it to the next neurons [7]. Such
actions create connections that have their own weight and are called synapses.

CNN architecture is characterized by the use of convolutional layers to find local features. The advantages
of the architecture include: high efficiency in working with graphic information. The architecture does not
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require manual creation of features and can perfectly detect object patterns. CNNs are typically used for
image processing, but CNNs can also be used for prediction tasks. For example, to predict the next value of a
financial chart by treating the chart data as a sequence of local patterns.

RNNs use recurrent connections that help take into account previous states of the sequence. RNNs use
connections that can form directed loops (Fig. 1). This approach allows them to store hidden state and
information about the inputs to the sequence. Effective use in time series forecasting tasks is a feature of
RNNs.

Hidden
Layers

Input
Layers

Fig. 1. RNN scheme

The architecture of RNN consists of the following components: input layer, recurrent connection, hidden
layer. The main feature is the recurrent connection [4]. This approach allows you to store information at each
time step.

The LSTM architecture is an improved RNN, but with memory caches to store long-term dependencies [6].
The feature of LSTM is that this model can store information for a long time. It is convenient to use in
prediction and classification tasks. Transformers is a modern neural network architecture characterized
by the use of the attention mechanism. This mechanism helps to process all elements of a sequence
simultaneously. Unlike other neural network models, transformers analyze the entire context at once, rather
than step by step. This approach allows for the effective detection of global dependencies. Transformers are
commonly used in text analysis, but they can also be used in other areas. For example, they can be used to
predict time series. Using the attention mechanism allows the model to analyze dependencies between
elements regardless of their distance. In forecasting, the model can take into account not only the latest
values, but also past ones.

During the study, it is important to apply criterion-based comparison of neural network models in data
prediction and classification tasks. During the search and preparation of information from open sources,
the advantages of the models were analyzed [13]. Also, it is advisable to use linear adaptive convolution
with weighting coefficients. Based on the analyzed information from literary sources, we will evaluate the
models [1]. We will evaluate the models according to the criteria (Tab. 1). The criteria are indicated by an
ordinal scale from 1 to 10.

Table 1
Vector description of models according to selected criteria
Criteria
Models Ability to model long-term Speed Model size, Accuracy in Accuracy in
dependencies complexity forecasting tasks | classification tasks
CNN 3 7 7 5 9
RNN 6 6 7 7 7
LSTM 9 7 6 9 8
Transformers 10 7 6 9 9

Since CNN has worse parameters, according to the Pareto principle, this model can be excluded [12].
Therefore, we will exclude this model from the calculations and continue the calculation of utility.
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To perform a qualitative comparative analysis, we will perform normalization and create a normalized
description of alternatives. As a result, all values will be in the range from 0 to 1, where 1 corresponds to the
best value, and 0 corresponds to the worst value.

The next step is to proceed to the normalization calculations and enter the data (Tab 2).

Table 2
Normalized vector description of alternatives
Criteria
Models Ability to model Model size, Accuracy in Accuracy in
long-term Speed . . e
. complexity forecasting tasks | classification tasks
dependencies
RNN 0 0 1 0 0
LSTM 0 0 1 0.5
Transformers 1 0 1 1

Since certain criteria have different priorities in model evaluation, they are different in importance. We use
linear adaptive convolution with weighting coefficients to calculate the utilities.

As a result, the utility (k) of the models in forecasting and classification tasks will be as follows: RNN
(k=0.16), LSTM (k = 0.52), Transformers (k = 0.65).

So, as a result of the criterion comparison with weight coefficients, we can conclude that transformers
have greater utility. It was also found that the given neural network models can improve the results when
adding additional layers.

Conclusions. As a result of the criterion comparison based on the selected indicators, the relative utility
of the models in forecasting and classification tasks was determined. The results indicate that transformer
architectures have greater utility and demonstrate the best balance between accuracy in forecasting and
classification tasks. Transformers have some of the highest indicators. The results also showed that LSTM
remains very effective in forecasting time series.

The study analyzed classical methods of forecasting and classification of data: ARIMA, SARIMA, regression
models, logistic regression, kNN. Also, an analysis of modern approaches based on neural networks was
carried out: CNN, RNN, LSTM, transformers. It was found that classical algorithms remain useful in conditions
of limited data volumes and pronounced dependencies. Neural networks have high performance in most
modern tasks. They have the ability to take into account long-term dependencies and work in forecasting and
classification tasks. The comparison results indicate the prospects of using transformer architectures in both
forecasting and classification tasks.

It has been found that the prediction results of neural network models can be improved by adding
additional layers. Further research in this direction can focus on increasing the number of layers and making
changes to the architecture of neural networks, developing hybrid approaches. Therefore, neural networks
are an effective tool for modern data analytics.
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