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PRACTICAL ISSUES OF THE ESTIMATION AND CHOICE OF MACHINE LEARNING
MODELS FOR THE FORECASTS BUILDING IN DIFFERENT SUBJECT DOMAINS

The paper is devoted to the practical issues of machine learning models estimation for predicting processes in
different subject domains. In the progress of work, there were undertaken the number of core steps. An analysis of
theoretical and practical scientific sources on the use of traditional and modern models for forecasting in various
domains is conducted to identify possible consequences of the use of different models risks. The features of building
predictive models in selected domains (medicine, meteorology, finance, and sales) are determined. The criteria and
their metrics for the models’ estimation are determined. To perform a comparative analysis and estimation of ma-
chine learning models for forecasting processes in selected subject areas, a web application was developed. A num-
ber of predictive models are constructed with the help of the developed web application. The results of forecasting
using traditional and modern models in the selected subject domains are analyzed and evaluated according to crite-
ria of accuracy, speed and complexity. Based on the comparative analysis of machine learning predictive models,
the practical recommendations have been formulated for the correct choice of a model for specific domain forecast-

ing tasks. The prospects of the research are outlined in the lines of automatizing the selection of better model.

Keywords: comparative analysis of predictive models; estimation of machine learning models; forecasting for
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Introduction

Statement of the problem. Machine learning
(ML) as one of the leading branches of artificial intelli-
gence provides powerful tools for effective analysis of a
significant amount of data and establishment of patterns
based on such analysis. On the other hand, the demand
for efficient forecasting of processes in various fields of
activity is constantly growing, which actualizes the jus-
tification of a balanced choice and implementation of
predictive machine learning models based on their com-
parative analysis.

The conducted study of scientific and practical
sources indicates a significant interest of the experts in
the problems of comparative analysis of ML models by
various metrics. However, most works provide results
of evaluation of models for building forecasts in one
specific field or for solving a specific prediction prob-
lem [1; 3; 4] and others.

At the same time, it is necessary to underline the
need for the models estimation in the context of the spe-
cifics of building forecasts for different subject areas.
This is due to the fact that each sphere has its own spe-
cific features and requirements for forecasting. For ex-
ample, in the financial sector it is essential to predict
market trends, while in medicine it is paramount to an-
ticipate the progress of diseases and predict the number
of incidents.

On the other hand, ML offers a large number of
models today, each of which has its own advantages and
disadvantages. The models estimation based on their
comprehensive comparative analysis will help identify
the most effective algorithms and models for specific

types of data and tasks, which helps to increase the
forecasts accuracy that determines the effectiveness of
decision-making in the domains of economics, medical
service, education, meteorology, astronomy, etc. [1; 2;
4; 5]. It is also essential that ML is used in various in-
dustries, such as finance, medicine, technology, logis-
tics, marketing, education, etc. Therefore, comparative
analysis of models and their estimation will allow adapt-
ing best practices from one area to resolve the tasks in
another one, promoting the interdisciplinary approaches.

Thus, ML models estimation based on their com-
parative analysis in terms of the peculiarities of fore-
casting in different subject areas is important for in-
creasing the efficiency and accuracy of forecasts.

Analysis of recent research and publications. As
it was mentioned above, an analysis of theoretical and
practical scientific sources on the use of traditional and
modern models for forecasting in various domains is a
way to identify possible consequences of the use of dif-
ferent models, which actualizes the learning of recent
studies on the theme of the current research. In this con-
text, based on the sources learning [10-12; 23; 24] and
others, it was made a sort of generalization of the fea-
tures of selected models (Holt-Winters, SARIMA,
LSTM, Random Forest, XGBoost, Prophet, Gaussian
process, polynomial regression) presented below.

Thus, according to studies, the Holt-Winters model
is effective in simple forecasting scenarios where fast
forecast updates are critical. Due to its simplicity and
low computational requirements, it is well suited for
tasks where it is necessary to respond quickly to chang-
es in trends [12].

SARIMA model allows modeling both non-
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seasonal and seasonal components of time series, which
makes it an excellent choice for economic and financial
data, which often include both cyclical and seasonal
fluctuations [13; 14].

LSTM networks are a powerful tool in deep learn-
ing for time series forecasting, especially when it is es-
sential to regard long-term dependencies in the data.
This makes them ideal for complex tasks where patterns
in the data are distributed over large time intervals [18].

The Random Forest model is used to process time
series that have a high degree of nonlinearity and rela-
tionships between features. It is suitable for a variety of
industries due to its ability to perform classification and
regression, making it a universal choice [21; 22].

The Gaussian process works effectively with small
data sets and high uncertainty in the data. It is especially
useful for problems where it is necessary to estimate the
uncertainty of predictions [20].

Polynomial regression is considered to be a leader
in forecasting and trend analysis. It is well suited for
tasks where the data is relatively simple and does not
contain complex nonlinear interactions [22].

The XGBoost model is characterized by high per-
formance and efficiency in large and complex datasets,
providing high forecast accuracy. Its application is es-
pecially relevant in the financial sector and retail [23].

The Prophet model, developed by Facebook to
solve forecasting problems in business, can be applied
to daily data with strong seasonal effects and a large
number of missing values [24; 25].

The researchers also point out [9; 24; 25] that
models such as Exponential Smoothing and ARIMA are
excellent for traditional forecasting tasks where trends
and seasonality are important. Neural networks (such as
LSTM) can detect complex relationships in data with
long feedback loops, making them extremely useful for
highly dynamic and complex systems. Ensemble meth-
ods (e.g. Random Forest and XGBoost) apply a combi-
nation of forecasts from multiple models to improve the
forecasts stability, which is ideal for tasks where a lot of
input variables has to be considered. Gaussian processes
are suitable for scenarios where smoothness and conti-
nuity of data are important, and they are commonly im-
plemented in domains where these properties are key.
Prophet models are often used in retail and event plan-
ning due to their ability to effectively handle seasonal
fluctuations and the impact of special events.

Therefore, the conducted analysis of recent re-
search testifies that the said models meet a broad range
of time series forecasting demands in various industries,
from simple to complex datasets, and provide flexibility
in choosing approaches depending on the specifics of
the task. Besides, each of these models has its own
unique features and advantages in certain domains and
situations, which emphasizes the significance of justi-
fied model selection depending on the specific require-

ments and data characteristics to achieve the best fore-
casting results. These models may be applied individu-
ally or in combination to achieve the best results in spe-
cific forecasting scenarios.

In addition, based on the learning of research [4-8;
15-17; 18], four main subject areas were identified in
which there is an increased demand for the building of
effective predictive models: medicine and healthcare,
meteorology, finance and sales. Below we are describ-
ing the selected domains from the standpoint of the need
and challenges of building accurate forecasts, as well as
the features of forecasting tasks. The features of build-
ing forecasts in the selected domains can vary signifi-
cantly depending on the specifics of the data, the dy-
namics of processes and the final goals of applying the
predictive models of machine learning.

Medicine and healthcare are the most paramount
areas of our lives in the context of predicting the spread-
ing of epidemics that pose a global threat to humanity.
The facilities to accurately forecast morbidity is key to
planning responses to threats to human health, optimiz-
ing the resources of medical institutions, and public
information policies. The challenges in forecasting are
taking into account a wide range of essential factors
(like social habits, population mobility, changes in
health policies, and the variability of virus strains).

The specificity of predictive tasks in the field of
medicine is that forecasting disease cases can include
seasonality and random spikes. It is often important to
consider seasonal fluctuations and sudden spikes in
morbidity that can cause pandemics. Another feature is
the power of external factors, i.e. vaccination, govern-
ment measures, changes in population behavior can
dramatically change trends. There is also high dyna-
mism in this field, as data can change rapidly over time,
which requires flexible and rapidly adaptive forecasting
models [7; 8].

Meteorology is also a branch where accurate fore-
casting is urgent. Weather forecasting is important for
many sectors, including agriculture, aviation, energy
and others. Efficient weather forecasts can significantly
reduce economic losses and increase safety. The chal-
lenges and features of weather forecasting are regarding
a large number of variables which are interdependent
and difficult to model (temperature, wind, humidity,
precipitation, and others), as well as climate change,
which introduces additional difficulties [6; 19]. In addi-
tion, weather forecasting has to deal with high unpre-
dictability, as changes in weather conditions can be ab-
rupt and unexpected.

One more domain that requires effective forecast-
ing is economics and finance, especially in the context
of predicting stock price trends or cryptocurrencies.
Financial markets depend on forecasts to make invest-
ment decisions. Accurately predicting market move-
ments can significantly increase profits and reduce risks.
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The challenges in forecasting here are high volatility,
unpredictability of markets, and the impact of unex-
pected global events that can radically change market
trends. The specificity of forecasting is that prices can
change dramatically due to political events, global and
local economic changes affecting markets, and psycho-
logical influences. Investment decisions are often based
on human emotions and psychology, which makes accu-
rate forecasting difficult.

Business is an integral part of economic life, and
sales are an important part of it. Accurate sales forecast-
ing allows companies to optimally manage inventory,
reducing storage costs and reducing losses from under-
sales or overproduction, plan production and develop
marketing strategies. This is especially important in
industries with fast cycles, such as retail and
e-commerce. Effective forecasting also supports strate-
gic planning of business operations based on expected
demand, providing a better understanding of market
trends.

Challenges in forecasting sales and demand in-
clude taking into account seasonality, fashion trends,
economic conditions and competitive actions. Specifics
of sales forecasting [18] include the impact of economic
cycles. Economic slowdowns and booms, as well as
pronounced seasonal trends, can significantly affect
demand. Another feature of forecasting in this industry
is the consideration of promotions, as special offers and
marketing campaigns can increase sales in the short
term, making it difficult to build an accurate forecast.

Thus, understanding the above features is key to
developing effective forecasting approaches in each of
these areas, that allow to select or adapt forecasting
models to anticipate future trends accurately.

In addition, based on the analysis of relevant
sources the following generalization was done. Each of
the identified subject areas requires a unique approach
to modeling and data analysis, and the selected forecast-
ing methods have certain advantages that may be ap-
plied to resolve specific tasks in each area. For example,
deep learning enables to reveal complex patterns in
morbidity data, while classical statistical models can
effectively predict seasonal fluctuations in sales or
weather.

The choice of these four subject areas for com-
parative analysis of predictive models is caused by sev-
eral key reasons that reflect their urgency in the con-
temporary world, as well as their relevance for demon-
strating the potential of using the considered forecasting
models. They do not just represent a wide range of ap-
plications for estimating predictive models but are also
crucial for the progress of key sectors of the global
economy and society.

The aim of the work is to build and compare pre-
dictive machine learning models in selected subject do-

mains to evaluate them and select the most effective
solutions for the specific tasks of each branch.

To achieve the said goal, there were undertaken
the number of steps that make main contribution of the
paper. A review of theoretical and practically-driven
scientific sources on the use of traditional and modern
models for forecasting in various domains is conducted
to identify possible consequences of different models
implementation, including potential risks. The features
of building predictive models in selected domains are
determined. A web application is developed that allows
building a number of forecasting models. The results of
forecasting using traditional and modern models in dif-
ferent subject domains are learnt and evaluated accord-
ing to certain criteria.

Main part
1. Preparation stage

The presented above learning of the essence of ML
models, the identified features of forecasting in selected
subject areas, and the purpose of the work made us de-
fine criteria for evaluating models, which will allow us
to establish the compatibility and feasibility of using
different predictive models in the chosen subject do-
mains.

According to the learnt studies, time series models
may be analyzed based on various aspects that help de-
termine their suitability and effectiveness for specific
tasks. Among the numerous criteria for the estimation of
forecasting models the following ones were selected
based on [26; 27]. Accuracy is considered one of the
most significant criteria, since it determines how well
the model predicts real values and determines how rele-
vantly the constructed forecasts match the actual data.
For any subject area, it is essential that forecasts are as
close as possible to real values, since the effectiveness
of actions based on these forecasts depends on this
[26; 27]. Accuracy is often quantified using statistical
measures: mean absolute error (MAE), root mean
square error (RMSE), mean absolute percentage error
(MAPE), etc.

MAPE assesses the average absolute percentage
error for predicted and actual values and is expressed as
a percentage. As was mentioned above, linear regres-
sion is a statistical method which enables to estimate
connection between two numerical variables according
to the ration:

1 n
MAPE =—->’
=

l

100, (1)

i
where 4; —actual value;

F; —predicted value;

n — number of observations.

Lower MAPE values indicate better forecasting
accuracy. However, MAPE can be biased by values
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close to zero.

RMSE measures the square root of the mean of the
squares of the differences between the forecasted and
real values detecting how well the model’s predictions
match the actual values:

RMSE = 2)

It is essential to mind that RMSE tends to increase
significantly when outliers are present, as it squared the
errors before averaging.

When comparing ML models, it is needed to as-
sess the prediction performance of multiple methods at
once, as this allows for a more complete picture
[26; 27]. One method may be more dependent on outli-
ers, whereas another one may be more sensitive to small
values. If one method has limitations (for example,
MAPE may be ineffective at zero values), combining it
with other metrics can help reduce the impact of these
limitations. Different metrics can emphasize different
aspects of accuracy. For instance, RMSE can be helpful
for revealing large errors, while MAPE gives an idea of
relative accuracy. Combining methods can also tailor
better the estimate to the specific conditions or features
of the data we are working with.

A criterion of model complexity affects how diffi-
cult it is to understand, configure, and maintain. The
simplicity of a model often makes it more understanda-
ble and accessible to a wide range of specialists. Simple
models, such as polynomial regression, are easier to
understand and use, while complex models, such as
LSTM, require more in-depth knowledge and experi-
ence.

The speed of a model’s calculations is also an im-
portant criterion, especially when working with large
amounts of data or in real time. High execution speed
allows you to get results faster and reduces the cost of
computing resources. For instance, in the case you need
to update forecasts frequently or work with large data
sets, the speed of the model’s execution is critical.

According to sources [24-26], a criterion such as
scalability determines how well a model can work with
increasing amounts of data. This is important to ensure
that the model works stably as the amount of data in-
creases. In cases where data is constantly growing, such
as when analyzing social media or large financial mar-
kets, the model should be able to manage increasing
amounts of information without losing efficiency.

Regarding these criteria, model evaluation be-
comes a multifaceted process that allows not only to
select the most effective model, but also to optimize its
application in a specific domain. This, in turn, can lead
to more informed decisions and improved results in
each selected field of activity.

Thus, given the above analysis of ML models, the
specific features of forecasting in selected subject do-

mains, and also taking into account the above criteria,
the feasibility of using the specified predictive models
to solve problems in specific subject domains was estab-
lished (Tab. 1).

Table 1
The feasibility of applying predictive ML models to the
tasks solving in specific subject areas

Model/ Finan- Medi- Mete- Sales
Domain cial cine orology
Holt-Winters + - + +
method
SARIMA + - + +
LSTM + + + +
Random Forest + + +
Gaussian process - + + -
Polynomial - + — -
regression
XGBoost + + + +
Prophet + - - -

Source: obtained by the author.

It should also be underlined that the selection of
the most influential criteria for evaluating a predictive
model depends on the specific goal. For example, for a
medical diagnosis model, accuracy may be the strongest
factor, while for a traffic prediction model, speed may
be more important. Evaluating predictive models
against these criteria helps researchers and developers
compare different models and choose the best one for a
particular task, identify and correct errors in the models,
generally improve their performance and increase con-
fidence in the models, and promote their wider adop-
tion.

2. Results

To perform a comparative analysis of ML models
for forecasting processes in selected subject areas, a
web application was developed. Python was chosen as
the main programming language for implementing the
forecasting models themselves and for developing the
server side, i.e. implementing the MVC model. The cli-
ent side was created using the html/css/javascript tech-
nology stack, the Chart]JS library for building graphs
and Ajax for dynamic data display.

Data sources were selected (mostly APIs and
open-access datasets). For forecasting processes in the
financial sector, Finance was used — a popular Python
library that provides an API for obtaining historical
market data from Yahoo Finance. It is widely used in
financial applications, like stock or cryptocurrency
analysis, as it provides an easy and convenient way to
obtain financial data without complex settings or paid
services.

The open-access repository Repository by the Cen-
ter for Systems Science and Engineering (CSSE) at
Johns Hopkins University was chosen as the data re-
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source for building models in healthcare field. It pro-
vides comprehensive information, including daily data
on cases, deaths, and recoveries taken from different
sources (e.g. government reports and medical institu-
tions).

To build weather forecasts, data from Meteostat
was used, which is an open API that provides access to
historical and current meteorological data for their anal-
ysis. It enables to receive information from various
world weather stations, including data on temperature,
precipitation, wind, and other weather parameters. Me-
teostat uses data from state meteorological services,
aviation weather stations, and other open sources, which
allows you to obtain highly accurate information. The
data itself can include daily aver-
age/maximum/minimum temperature, precipitation,
solar radiation, hourly data on temperature, humidity,
direction, and speed.

The resource from which the dataset for sales was
selected is Data World. Data World is a data sharing,
storage, and analysis platform that allows users to ac-
cess a variety of data sets, including commercial, aca-
demic, and open-source resources. Users can upload,
share, and analyze data, as well as participate in collab-
orative projects.

Besides the resources with available datasets, sev-
eral tools and libraries were implemented to create each
of the ML models, as some models require a compre-
hensive approach, from building the model itself to
finding the optimal parameters to reach the highest ac-
curacy minimizing also the time for calculations.

The developed application has one page which
contains two drop-down lists for selecting a subject area
(weather, stocks, sales, medicine) and a list of built
models (LSTM, Holt-Winters, XGBoost, etc.). Besides,
the application page has a field for displaying graphs
and the obtained metric values (RMSE, MAPE and exe-
cution time).

After user’s selecting a specific subject domain
and model, the application sends a request for the rele-
vant data to the backend, and after processing, receives
this data in JSON format and displays the training, test,
and predicted datasets on a graph using Chart.js, which
allows you to compare real and anticipated values for
different models and areas. Metrics for assessing the
accuracy and speed of the model are also returned in the
JSON response, so they are also updated dynamically
when a specific model and domain are selected, which
allows the user to evaluate the effectiveness of each
model in real time. Selected results of building a fore-
cast by the developed web application are shown in
Fig. 1-4 below.
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Fig. 1. Prediction for average temperature
in the meteorology area built by Holt-Winters method
Source: built by the author’s developed application.
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Fig. 2. Prediction for bitcoin in the financial domain
built by LSTM method
Source: built by the author’s developed application.
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Fig. 3. Prediction of goods sales
built by Gaussian processing
Source: built by the author’s developed application.
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Fig. 4. Prediction of the amount of COVID-19 patients
in the medicine domain built by XGBoost model
Source: built by the author’s developed application.

Let us present the results of a comparative analysis
of all eight models in four subject domains according to
the criteria of accuracy (RMSE and MAPE metrics) and
speed (Tab. 2-5), obtained using the developed app.
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Table 2
Results of building predictive models for
average temperature for meteorology

Model Accuracy Speed (s)
RMSE | MAPE (%)
Holt-Winters method 5.41 79 5.38
SARIMA 5.06 68 22.36
Polynomial regression 5.06 96 0.28
Gaussian process 1.9 26 6.35
Prophet 5.29 87 0.4
LSTM 227 44 38.37
Random Forest 2.34 44 0.25
XGBoost 2.18 41 6

Source: obtained using the author’s developed app.

Table 3
Results of building predictive models for bitcoin
in a financial domain

Model Accuracy Speed (s)
RMSE | MAPE (%)
Holt-Winters method 5.41 79 5.38
SARIMA 5.06 68 22.36
Polynomial regression 5.06 96 0.28
Gaussian process 1.9 26 6.35
Prophet 5.29 87 0.4
LST™M 2.27 44 38.37
Random Forest 2.34 44 0.25
XGBoost 2.18 41 6
Source: obtained using the author’s developed app.
Table 4
Results of building predictive models in a sales domain
Model Accuracy Speed (s)
RMSE | MAPE (%)
Holt-Winters method 315313 98 0.45
SARIMA 301848 84 16.12
Polynomial regression | 326409 89 0.28
Gaussian process 287488 110 3.46
Prophet 375686 90 33.18
LSTM 318664 84 5.74
Random Forest 55820 9 0.22
XGBoost 52743 11 7.55
Source: obtained using the author’s developed app.
Table 5

Results of building models for predicting the incidence
of COVID-19 in the medical domain

Model Accuracy Speed (s)
RMSE | MAPE (%)

Holt-Winters method 156834 32 343
SARIMA 127756 31 5.19
Polynomial regression | 141350 52 0.27
Gaussian process 87375 32 4.67
Prophet 166199 35 10.6
LSTM 111139 45 36.68
Random Forest 137759 36 0.23
XGBoost 129643 30 7.77

Source: obtained using the author’s developed app.

Summing up the comparing and estimation of the
obtained predictive models as for the criteria of accura-
cy and speed in different subject domains, we could
conclude the following.

The Holt-Winters model works well over time
when there is clearly defined seasonality or trends. It is
most effective in the financial domain for predicting
bitcoin, where there are cyclical patterns. However, in
the sales domain with more chaotic data that do not
have a clear seasonal structure, the outcomes are much
worse. On the whole, the model does not demonstrate
high results in any of the areas (they are either average
or generally low). Perhaps this model would be a good
solution when trying to predict on even smaller datasets.
ML models are not effective when working with very
small datasets, so the Holt-Winters model and SARIMA
can be useful.

SARIMA, like the previous model, is unable to
manage large data amount, demonstrating good results
only for the medicine sphere. In other subject domains,
it poorly understood data patterns and could not effi-
ciently adapt and build an accurate forecast. This model
also adapts poorly for the data with noise, which is ob-
tained in the results for the sales and financial domains.

Polynomial regression demonstrates high speed in
all domains, but this model demonstrates generally low
accuracy. It does not cope with nonlinear and complex
dependencies, which is typical for most forecasting
tasks. Polynomial regression can be useful in simple
domains with clear trends, where there is not a signifi-
cant amount of variable data.

Gaussian process builds an accurate forecast but is
a complex model. It shows the best results in most do-
mains (except sales with chaotic data). At the same
time, the model has average speed values on small data
sets, which can be a universal choice for small datasets.

The Prophet model performs poorly in most do-
mains. It does not detect trends well and produces poor
quality forecasts.

LSTM performs well in accuracy in most domains
(except sales) and works well with nonlinear and com-
plex dependencies. However, the model is quite slow
and quite difficult to tune. At the very least, it can be
sped up a bit by a few seconds or even tens of seconds
(which can be significant) without losing model accura-
cy, but it may take longer to tune.

The Random Forest model demonstrates the high-
est speed in all domains, while maintaining fairly high
accuracy everywhere, except for the medical domain (it
can be assumed that the increase in uncertainty and dy-
namism in the data of this domain worsens its results).
This model easily adapts to scalability, understands
complex patterns, and can also provide effective fore-
casting in chaotic data conditions (for example, in the
sales domain).

The XGBoost model is a powerful tool in all do-
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mains. This model demonstrates high accuracy, scalabil-
ity, and average speed values. In the sales domain, this
model showed the best results because it is able to pro-
cess complex data sets. One of its main disadvantages is
the complexity of its setup.

Therefore, regarding the universality of use, such
models are Random Forest and XGBoost, which
showed stable results in all domains. Random Forest
works well in a wide range of tasks, showing a good
balance between accuracy and speed. The XGBoost
model has a high ability to adapt to different types of
data, providing accurate results in all domains. The con-
structed models and forecast results were also analyzed
by the level of complexity of their construction in the
context of prediction based on historical data. Below we
highlighted several main indicators that should be con-
sidered when assessing the models complexity:

—the amount of data preprocessing that detects
whether the model requires scaling, normalization, fill-
ing in missing values, or specific data transformation;

—the number of hyperparameters answers the
question of how many parameters need to be adjusted or
how many combinations of possible settings;

—the interpretability of the model indicates the
complexity of understanding the results and the reasons
for the model’s decision;

— tuning and optimization are one of the most im-
portant indicators providing information about whether
it is easy to adjust the model to new data and if the
model requires a lot of time to find optimal parameters;

— the toolset required to implement the model is al-
so an important parameter: the tools, libraries, and pro-
gramming skills needed to build the model and how
easily a beginner can master them.

The model complexity was defined by the levels
regarding the above indicators.

Level 1 — Basic. The model is easy to implement
and does not require specific data processing, is easy to
interpret.

Level 2 — Intermediate. The model requires some
simple parameter settings and optimization, is easy to
interpret, does not require additional data transfor-
mations or large number of tools for construction.

Level 3 — Medium. The model may require addi-
tional setup of the dataset, may have many parameters
to set. The results are also easy to interpret, and the
model does not take many tools to build it or much ef-
forts for its optimization.

Level 4 — High. The model uses many tools, re-
quires a lot of time to optimize hyperparameters, re-
quires good skills in working with certain libraries and
interpreting the results of prediction.

The complexity assessment of each model is given
in Tab. 6.

Table 6

Estimation of the complexity of building ML models
for processes predictions

Model

Level of
complexity

Justification

Polynomial
regression

Basic

The model does not need
complex data processing or
setup, the set of
hyperparameters is very small,
so the setup is simple; does not
take complicated optimization
or a lot of efforts for data
preparation, so it is ideal for
basic level.

Holt-
Winters
method

Inter-
mediate

The model requires some basic
data processing and setup but
remains simple to interpret and
to implement. Requires minor
adjustment of smoothing for
trend and seasonality.

SARIMA
Prophet

Medium

The models require more
attention to data processing.
SARIMA requires the
identification and
transformation of seasonal
components, optimization of
parameters (integration order
and autocorrelation). Prophet
also requires tuning for
seasonality, trends, and the
impact of certain events.
Both models allow for flexible
forecasting, but for their correct
operation, require significant
training and some skills in
working with libraries.

LSTM,
XGBoost,
Random
Forest,
Gaussian
process,
Polynomial
regression

High

LSTM requires extensive data
preparation (scaling, time-series
transformation) and a complex
architecture for training.
XGBoost requires fine-tuning of
a large number of
hyperparameters (number of
trees, depth of trees, and
training coefficients).
Gaussian processes also involve
a complex mathematical
framework and require careful
tuning of kernel functions.
These models require a deep
understanding of machine
learning techniques and a
significant amount of time to
optimize and fit parameters. For
this reason, they are difficult to
interpret and optimize.

Source: obtained by the author.

Thus, it can be concluded that the choice of a pre-

diction model rests on several crucial factors (the scale
of the data, the needed accuracy, the computation time,
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and the model tuning). These factors vary depending on
the specifics of the domain, so the models must be se-
lected coming from the exact task and goals that are
intended to reach.

First of all, the scale of the data has an crucial role
in the choice of model. For large datasets, such as finan-
cial markets, models that can efficiently process large
amounts of information are suitable. For example,
XGBoost and LSTM scale well and can work with large
data sets. At the same time, in the areas of healthcare or
economic analysis with smaller amount of data, tradi-
tional models can be applied, which take more computa-
tional resources, but can be more effective for accurate
predictions on smaller samples.

The accuracy of the prediction is another important
factor. In critical industries such as medicine or finance,
where any error can have serious consequences, com-
plex models are used that can model subtle dependen-
cies in the data. For example, models like LSTM,
XGBoost, or Gaussian processes can provide high accu-
racy.

Computational time is also a determining factor,
especially for real-time tasks such as trading or traffic
management. In such cases, it is important that the
model can learn and predict quickly, so models that
provide speed, such as Random Forest, are used. How-
ever, in long-term forecasts, such as production or sales
planning, training time is not as critical, and therefore
more computationally expensive models such as
XGBoost, LSTM, or Gaussian processes can be used.

Besides, different models take different time con-
sumption to tune and optimize. More complex ones like
XGBoost or LSTM have many hyperparameters that
need to be optimized, making them more time-
consuming to implement. Thus, when speed is a priori-
ty, models with minimal tuning requirements, such as
Holt-Winters, may provide a better choice.

Therefore, the choice of a model should always be
driven by the balance between accuracy, speed, data
processing requirements and tuning complexity. In each
specific case, the specifics of the subject area and the
forecasting goals should be regarded to choose the op-
timal model.

3. Practical recommendations

Based on the conducted estimations of ML predic-
tive models, the following practical recommendations
have been formulated for the correct choice of a model
for specific industry forecasting tasks.

1. Before choosing a model, it is essential to ana-
lyze thoroughly the historical data on which the predic-
tion will be built. This includes an analysis of the data
features (size, quality, number of missing values, data
distribution, etc.) that may affect the model selection.

2. It is advisable to assess the specific needs of the
industry and the specific task, which will help to choose
the most relevant model. This may include requirements
for accuracy, model response speed, the facility to inter-
pret results, and robustness data to noise.

3. It is advisable to test several different models on
a subset of the data to find out which one copes better
with the given conditions. The cross-validation use and
other evaluation methods can help to objectively com-
pare models.

4. The model used should contribute to improving
the quality and decision-making efficiency in the rele-
vant field. Therefore, it is advisable to analyze how the
model’s results affect decision-making processes and
what risks may arise from incorrect predictions. An as-
sessment of the model’s ability to scale with increasing
data volumes and its technical support in the long term
is also recommended.

In the context of the prospects of the research, it
would be beneficial to automatize the selection of better
ML model.

Conclusions

The paper is devoted to the practical issues of ML
models estimation for predicting processes in different
subject domains.

In the progress of work, there were undertaken the
number of core steps.

An analysis of theoretical and practical scientific
sources on the use of traditional and modern models for
forecasting in various domains is conducted to identify
possible consequences of the use of different models
risks. The features of building predictive models in se-
lected domains (medicine, meteorology, finance, and
sales) are determined.

The criteria and their metrics for the models’ esti-
mation are determined.

To perform a comparative analysis and estimation
of ML models for forecasting processes in selected sub-
ject areas, a web application was developed. A number
of predictive models are constructed with the help of the
developed web application. The results of forecasting
using traditional and modern models in the selected
subject domains are analyzed and evaluated according
to criteria of accuracy, speed and complexity.

Based on the comparative analysis of ML predic-
tive models, the practical recommendations have been
formulated for the correct choice of a model for specific
domain forecasting tasks.

The prospects of the research are outlined in the
lines of automatizing the selection of better machine
learning model.
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NMPAKTUYHI MUTAHHA OLIHIOBAHHSA | BABOPY MOAENENA MALLMHHOIO HABYAHHSA OANA NOBYAO0OBU
NPOrHO3IB Y PIBHUX MPEOMETHUX FTANY3AX

JLE. I'pusyn

Cmamms npucesauena npakmuiHuM NUMAHHAM OYIHKU MOOellell MAUUHHO20 HAGYAHHA Olisl NPOSHO3YEAHHs NPoYecie y pis-
Hux npeomemuux obnacmsax. OyiHio8anHs MoOenel MAWUHHO20 HAGUAHHS HA OCHOSL IX NOPIGHANILHO20 AHANIZY 3 MOYKU 30Dy
0cobIUBOCMEN NPOSHO3Y6AHHA 6 DISHUX NPEOMEMHUX 2aNy35X € aKMyaabHUM Ol NIOGUWEHHS eeKMUSHOCII Ma MOYHOCMI
npozrosie. Memoro pobomu € nobyoosa ma NOpPiGHAHHA NPOSHOZHUX MOOeNell MAWUHHO20 HAGYAHHA Y BUOPAHUX NPEOMEMHUX
obnacmsax 0ns ix oyinku ma eubopy HailepeKMusHiuWUX pierb 01 KOHKPEemHUX 3a80aHb KOJCHOT eanysi. Y npoyeci pobomu
6y110 30iticHeHO HU3KY OCHOGHUX KpoKie. [Ipoeedeno ananiz meopemuunux ma npaKmuyHux HaAyKoux odcepen wooo GUKOPUC-
MAKHA MPAOUYTIHUX MA CYYACHUX MoOenell 08 NPOSHO3Y8AHHA 6 PIZHUX 00IACMAX 3 MEMOI UABNEHHA MONCIUBUX HACTIOKIB
BUKOPUCTNANHA PIZHUX MOOeell, No8 A3aHUX 3 pusuxamu. Busnaueno ocobausocmi nooyoosu npocHosHux mooeneil y euOpaHux
obnacmax (meduyuna, ginancu, npodaxci ma memeoponoeis). Busnaueno xpumepii ma ix mempuxu 012 oyinku mooenei. /[na
npoeedeHHs NOPIBHANLHO20 AHANIZY MA OYIHKU MOOeNell MAWUHHO20 HABYAHHSA 05l NPOSHO3YBAHHS NPOYeCis y 6UOPAHUX npeo-
MemHux obaacmsx Oyno po3pobreno 8e6-0o0amok. 3a 0onomo2o1 po3pobierozo 6eb6-000amKy no6y006ano psio NPOSHOZHUX
Mmooeneti. Pesynomamu npoeHo3y8arHs 3 GUKOPUCMAKHAM MPAOUYILHUX MA CYHACHUX MoOenell y 6UOPaHux npeomemHux oonac-
MSAX NPOAHANI308AHO MA OYIHEHO 3a KPUMepIisiMu MoYHOCHI, W8UOKOCMI Ma CKAAOHOCMI. sl OYIHKU CKIAOHOCMI UOLIEHO H-
OuKamopu ma pieHi, 8i0N0GIOHO 00 AKUX 32PYNOBAHO MO0 3a PIBHAMU 3 6I0N0GIOHUM 06IpyHmYysanuam. Ha ocHoei nopiensne-
HO20 aHANIZY NPOSHOZHUX MOOeell MAUWUHHO20 HABYAHHS CHOPMYTbOBAHO NPAKMUYHI peKOMeHOayii wodo ehekmusHo2o subopy
MoOeni 01 KOHKPEeMHUX 3a0ay NPOSHO3Y8AHHS 8 0OPAHUX NPEOMEMHUX 2ATY35X, WO Modce OYymu GUKOPUCIAHUM (daxieysamu npu
1n06y008i npocro3ie. OKpecieno nepcnekmusu 00CIiONCeH s 8 HANPAMKAX asmomMamusayii eubopy Kpawoi mooei.

Kniouosi cnosa: eeo-3acmocysanns; mawunHe HASYAHHA, OYIHIOBAHHA MOOenell MAWUHHO20 HAGYAHHSA, NOPIGHATbHUL
AHATI3 NPOSHOZHUX MOOeell; NPAKMUYHI PeKOMeHOayil; NPOSHO3Y8aAHHs Ol PI3HUX NpeoMemHux obaiacmell.
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