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The modern electric vehicle market is characterized by rapid development and 
significant fluctuations driven by technological, economic, and political factors. 
Forecasting sales dynamics is critically important for the strategic planning 
of manufacturers, investors, and government institutions. However, existing 
forecasting methods often lack accuracy due to data heterogeneity, insufficient 
consideration of market-specific features, and influencing factors.
This paper proposes a conceptual model for forecasting electric vehicle sales 
dynamics in the global market. The model incorporates market clustering, time 
series analysis, and both causal and non-causal forecasting models. The model 
includes the following stages: data collection, clustering of markets based on 
dynamic characteristics, construction of causal (regression model using an MLP 
neural network) and non-causal (ARIMA, RNN, hybrid model) forecasting models, 
as well as evaluation of forecast quality and selection of the most relevant model.
The scientific novelty of the research lies in a comprehensive approach that 
combines modern forecasting methods, enabling improved prediction outcomes 
in an emergent economy. The proposed model demonstrates potential due to its 
use of hybrid methods and the integration of neural networks alongside traditional 
statistical approaches.
The research results may be valuable for manufacturers, investors, and government 
bodies in planning infrastructure projects, developing support policies, and 
assessing market trends. The model also opens up opportunities for further research 
in the field of forecasting dynamic markets.
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Сучасний ринок електромобілів характеризується стрімким розвитком та 
значними коливаннями, зумовленими технологічними, економічними та 
політичними факторами. Прогнозування динаміки продажів є критично 
важливим для стратегічного планування виробників, інвесторів та державних 
установ. Однак існуючі методи прогнозування часто мають обмежену 
точність через неоднорідність даних, недостатнє врахування специфіки 
окремих ринків та факторів що на них впливають.
У цій статті запропоновано концептуальну модель прогнозування 
динаміки обсягів продажів електромобілів на світовому ринку, яка включає 
кластеризацію ринків, аналіз часових рядів, каузальні та некаузальні моделі 
прогнозування. Модель включає такі етапи: збір даних, кластеризацію 
ринків за характером динаміки, побудову каузальних (регресійна модель 
за допомогою нейронної мережі MLP) та некаузальних (ARIMA, RNN, 
гібридна модель) моделей, а також оцінку якості отриманих прогнозів та 
вибір найбільш релевантної моделі.

ECONOMIC AND MATHEMATICAL MODELING 
AND INFORMATION TECHNOLOGIES IN ECONOMICS
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Наукова новизна дослідження полягає в комплексному підході, який поєдную 
сучасні методи прогнозування, що дозволить покращити результати прогнозів в 
умовах емерджентної економіки. Запропонована модель має потенціал завдяки 
використанню гібридних методів та використанню нейронних мереж наряду із 
традиційними статистичними підходами.
Результати дослідження можуть бути корисними для виробників, інвесторів та 
державних органів при плануванні інфраструктурних проектів, розробці політик 
підтримки та оцінці ринкових тенденцій. Модель також відкриває перспективи 
для подальших досліджень у галузі прогнозування динамічних ринків.

Statement of the problem

The modern world is undergoing an active transition 
to environmentally friendly technologies, among which 
electric vehicles hold a special place. The growing popularity 
of electric vehicles is driven by their environmental 
benefits, cost-effectiveness in operation, and support 
from governments across various countries. However, the 
global electric vehicle market is marked by significant 
differences in sales volume dynamics between countries. 
These differences depend on a range of factors such as 
government policy, the level of economic development, 
electricity and fuel prices, and the deployment of charging 
infrastructure.

Forecasting the sales dynamics of electric vehicles in 
the global market is an important tool for strategic planning, 
the development of effective public policies, and business 
decision-making. However, the accuracy of forecasts is 
often limited due to data heterogeneity, the unpredictability 
of changes in regulatory mechanisms, and the rapid pace of 
technological advancement. Therefore, there is a need to 
create adaptive models that consider both global and local 
factors influencing the market.

Currently, a significant portion of existing forecasting 
research focuses either on causal models, which account 
for specific influencing factors, or on non-causal models, 
which analyze time series. However, these methods 
are typically used separately and little attention is paid 
to integrating these approaches into a comprehensive 
forecasting framework to improve prediction accuracy. 
Additionally, the issue of clustering markets based on their 
dynamic characteristics is underexplored in the literature, 
despite its potential to significantly enhance forecast 
quality for each specific market group.

Thus, the development of a forecasting model for 
electric vehicle sales dynamics in the global market – one 
that combines time series analysis with factor analysis and 
takes into account the specific characteristics of different 
national markets – is a relevant and pressing task.

Analysis of recent studies and publications

Forecasting sales dynamics is one of the key tasks in 
the field of economic analysis and management. In modern 
scientific literature, various forecasting methods are widely 
covered, including time series analysis, causal models, 
machine learning, and combined approaches.

Among classical approaches for forecasting non-
stationary time series, ARIMA models are widely used 
and thoroughly described in [1]. These models allow 

for predictions based on historical data; however, their 
limitations include the requirement of stationarity and 
dependence on a fixed model structure. Furthermore, 
studies [2, 3] explore extensions of classical models 
through the use of seasonal integration and adaptive filters.

Causal models focus on identifying and quantifying 
the factors that influence the variables being forecasted. 
Research [4] highlights the importance of analyzing 
correlations between economic, social, and infrastructural 
indicators for predicting sales volumes. In particular, 
factors such as government subsidies, fuel prices, and 
the availability of charging infrastructure play a decisive 
role in determining the dynamics of electric vehicle sales. 
Studies [5, 6] demonstrate that regression models can be 
effective in accounting for these factors, though they are 
limited by their assumption of linear relationships.

Recent research has devoted considerable attention to 
the use of machine learning methods for forecasting sales 
dynamics. Neural networks – especially recurrent neural 
networks (RNN) and multilayer perceptrons (MLP) – 
have proven to be effective tools for modeling nonlinear 
dependencies and handling large datasets. Studies [7, 8, 
9] show that hybrid models combining neural networks 
with traditional time series analysis methods deliver higher 
forecasting accuracy compared to either approach used 
independently.

Another promising direction is the clustering of markets 
based on the similarity of their development dynamics. In 
works [10, 11], clustering algorithms are proposed that 
group economic agents in electric vehicle markets to build 
specialized models and analyze the resulting information. 
This enhances forecast accuracy and enables model 
adaptation to local conditions.

Despite significant progress in the field, several 
unresolved issues remain. In particular, there is insufficient 
research on the integration of market clustering methods 
with both causal and non-causal forecasting models. 
Additionally, further study is needed on the adaptation 
of hybrid models to the rapidly changing environment 
characteristic of the electric vehicle market.

Therefore, there is a need to develop a model that 
incorporates market clustering based on sales dynamics, 
factor analysis, and modern modeling methods to improve 
the accuracy of forecasts for electric vehicle sales dynamics.

Objectives of the article
The aim of this study is to develop a conceptual model 

for forecasting the dynamics of electric vehicle sales in the 
global market, which will enhance forecast accuracy through 
a multi-stage process structure. This structure integrates the 
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following components: market clustering based on dynamic 
characteristics, time series analysis, factor analysis, and the 
application of various forecasting methods.

The model is designed to serve as a universal forecasting 
tool that enables adaptation to the specific features of 
different national markets. It aims to ensure effective use in 
both the private and public sectors for planning purposes in 
the context of the rapidly evolving electric vehicle market.

The main material of the research
To forecast the dynamics of electric vehicle sales in the 

global market, a conceptual model will be developed based 
on the following key stages:

a) Market clustering – to account for the specific 
characteristics of sales volume dynamics in different 
electric vehicle markets;

b) Development and use of causal models – to identify 
the impact of defined factors on sales dynamics;

c) Development and use of non-causal models – to 
capture the nature and characteristics of time series, enabling 
faster results based on historical data without delving into 
cause-and-effect relationships, particularly for datasets 
with strong temporal patterns;

d) Forecast generation using the developed models;
e) Comparative analysis of forecast accuracy and 

determination of the most effective forecasting method for 
different market clusters.

The structure of the model is illustrated in the diagram 
(Fig. 1). Each stage of the model plays a key role in the 
forecasting process. 

Let us take a closer look at the main stages of forecast 
construction using the proposed model:

Stage 1. Data collection on electric vehicle sales 
volumes

At this initial stage, data is collected on the dynamics of 
electric vehicle sales across various countries. It is advisable 
to consider sources such as: official reports from electric 
vehicle manufacturers, statistical data from government 
agencies, and information from open databases such as EV 
Volumes [12], IEA [13], among others.

Additional variables should also be included, such 
as data on charging infrastructure development, subsidy 
levels, demographic and economic indicators, as well as 
electricity prices.

Stage 2. Market clustering based on sales dynamics
Once the data is collected, markets are clustered based 

on their sales dynamics. It is recommended to use the 
Pearson correlation metric for this purpose, as it allows 
grouping countries into clusters that show the highest 
correlation in their sales dynamics. This metric is calculated 
using the following formula [14]:
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Stage 3. Modeling the Dynamics of Sales Volumes
The application of causal (cause-and-effect) and non-

causal (statistical) models in forecasting the dynamics of 
sales volumes is appropriate, as each of these approaches 
has its own advantages and limitations. Using both 

approaches in parallel makes it possible to compensate for 
the shortcomings of individual methods and to improve 
forecasting accuracy.

Non-causal models, such as ARIMA, recurrent neural 
network (RNN) models, or hybrid methods, are effective 
in detecting time dependencies, trends, and seasonality. 
However, they do not take into account external influencing 
factors. Conversely, causal models, such as regression 
analysis or multifactor neural network models, allow for 
the assessment of the impact of marketing, economic, or 
social factors, but may underestimate complex nonlinear 
relationships hidden in historical data.

The combined use of both approaches provides 
more stable and interpretable forecasts. This enables the 
generation of the most accurate results, especially under 
conditions of structural shifts or market instability. 

3.1. Non-Causal Models
At this stage, the dynamic characteristics of time series 

are analyzed, followed by the forecasting of future values 
of sales volumes.

The following approaches are proposed for forecasting: 
ARIMA models, recurrent neural networks (RNN), and a 
hybrid method based on a homogeneous structure.

 

Fig. 1 – Scheme of the conceptual model  
of forecast construction
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The construction of the proposed non-causal models 
requires pre-forecast analysis to identify the characteristics 
of the time series. Various time series analysis methods are 
used to detect nonlinear (chaotic) behavior in economic 
data [15].

In our opinion, for the proposed forecasting methods, 
it is advisable to use the following tools for studying 
nonlinear dynamics, namely: traditional R/S analysis 
(Rescaled Range Analysis) – Hurst exponent method, 
phase analysis, and recurrence analysis.

To obtain an overall assessment of the fractal properties 
of the time series (TS), we will apply the Hurst rescaled 
range algorithm [16].

It is known [16] that if a system produces a Hurst 
statistic H over a sufficiently long period, this indicates 
the result of interdependent events. The measure of such 
interdependence, as is well known, is the correlation 
coefficient. The influence of the present on the future can be 
expressed through the following correlation relationship: 

C H� ��2 12 1 ,                              (2)

where C is the correlation measure, H is the Hurst exponent.
The range of values ​​of the Hurst exponent H is the 

interval [0;1]. The value of the exponent H allows us to 
divide (classify) all TS into three groups: 1)  H = 0 5, ,  
2)  0 0 5� �H ,  and 3) 0 5 1, � �H .

Value H = 0 5,  indicates a random TS: events are 
random and uncorrelated (in accordance C = 0 ). The 
present does not affect the future.

If H � � �0 5 1, ;� , then the considered TS is persistent, or 
trend-resistant and is characterized by the effect of long-
term memory. Events are more correlated, the closer the 
value of H is to unity (respectively, C also approaches 
unity or 100% correlation according to (2)).

Values of H within the interval H � � �0 0 5; ,�  correspond 
to antipersistent time series. In a loose definition, 
antipersistence means a tendency to revert to the mean or, 
in other terms, frequent reversal (alternation of positive 
and negative increments) more often than in a random 
process. Thus, the Hurst exponent H is a key indicator for 
diagnosing the nature of the development of a system or 
process.

To test the validity of the results regarding the presence 
of long-term memory based on the value of the Hurst H 
index, we propose to use the test for random mixing of the 
levels of the TS.

Phase analysis is one of the effective methods for 
obtaining information about the nature of the dynamics 
of the system under consideration [17]. For a time series 
X x t t n� � � �� �, ,1 , this representation method is used to 
return from the observed state of the system to its previous 
state. This "return" is implemented by the method of time 
delays and is carried out by constructing a phase trajectory 
(phase portrait) of dimension ρ :

�� �X x t x t x t� � � � � �� � � �� �� �� �, , ...,1 1 ,   t n= 1, , (3)

which represents a set of points called "M-history" 
( � � M). For any time series (TS), the set of all its 
M-histories defines the corresponding set of points in the 
pseudo-phase (or lag) space. In this case, when using the 

terms "phase portrait" or "phase trajectory," it is implied 
that neighboring points of set (2) are visually connected by 
straight or curved line segments for clarity. 

A graphical representation of a system on the phase plane 
(or in phase space), where the coordinate axes correspond 
to the values of the system’s variables (levels of the time 
series), is called the phase portrait of the system. The 
behavior of phase points over time, described by the phase 
trajectory, and the collection of such phase trajectories for 
any initial conditions form the phase portrait. The phase 
portrait is a mathematical method for representing the 
system’s behavior and a geometric depiction of individual 
motions. It also reflects equilibrium states, periodic and 
chaotic motion of the phase point, the logic of the system’s 
behavior, and its dependence on external and internal 
influences.

Objective information about the nature of the behavior of 
a dynamic process can be obtained through the observation 
of the time series X, based on Takens’ theorem [18]: if the 
system generating the time series is m-dimensional and the 
inequality � � �2 1m , then, in the general case, the phase 
trajectories will reproduce the dynamics of the studied 
system. There exists a diffeomorphism between the phase 
trajectories and the true data generated by the system. 
This result allows making conclusions about the behavior 
of the system based on observational data and, moreover, 
obtaining information for forecasting this behavior.

Analysis of the phase portrait allows us to determine 
the type and characteristic features of the dynamics of a 
particular system.

To determine the embedding dimension of a time series, 
the false nearest neighbor method is applied, as described 
in [19]. This method is based on the assumption that, with 
successive iterations, neighboring points of the phase 
trajectory remain sufficiently close. However, if the nearest 
points move away from each other, they are considered 
false nearest neighbors. The goal of the method is to select 
such an embedding dimension ρ for the time series at which 
the proportion of points with false neighbors is minimized.

Based on the calculated embedding dimension and 
lag parameters, recurrence plots of the time series are 
constructed.

The analysis of statistical characteristics of the 
recurrence plot allows determining measures of the 
complexity of the recurrence structure [20], namely:

recurrence rate (%REC),
determinism measure (DET),
average (ADL) and maximum (MDL) diagonal line 

lengths of the recurrence plot.
Based on the analysis of these statistical characteristics, 

it is possible to identify the presence of homogeneous 
processes with independent random values; processes 
with slowly varying parameters; periodic or oscillatory 
processes corresponding to nonlinear systems. Thus, the 
analysis of the recurrence surface enables the assessment 
of the characteristics of a nonlinear object using relatively 
short time series, facilitating prompt decision-making in 
the management of the object.

3.2 Causal Models. Preparation for forecasting 
using a causal model involves several key stages aimed 
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at identifying and assessing factors that influence the 
dependent variable, as well as building a mathematical 
model of the relationships. The main stages of this process 
include determining the factors affecting the behavior of 
the dependent variable, correlation analysis, and regression 
analysis of these factors.

At the first stage, factors that may affect sales volumes 
are identified. Both theoretical approaches (economic 
models, expert assessments) and empirical methods 
(analysis of historical data, market trends) are used. Factors 
can be internal (prices, product assortment) or external 
(consumer income levels, social factors, competition, 
macroeconomic conditions). It is important at this stage 
to formulate hypotheses about the influence of each factor 
on the dependent variable and to determine potential 
interrelationships.

After identifying the factors, correlation analysis is 
conducted to evaluate the strength and direction of the 
relationship between each factor and the dependent variable. 
Correlation analysis is performed using either the Pearson 
correlation coefficient [21] or Spearman's rank correlation 
coefficient [22], depending on the nature of the data.

Speaking of the Pearson correlation, let us explain how it 
is calculated. Let a and b be two real random variables; then 
the Pearson correlation coefficient (PCC) is defined as [21]:

�
� �

a b
E a b

a b

,
,

�
� �� � � � �                         (4)

where E(a, b) is the cross-correlation (covariance) between 
a and b, and �a E a� � �2  і �b E b� � �2  dispersions of 
signals a and b, respectively. Ultimately, it will be more 
convenient to work with the squared Pearson correlation 
coefficient (SPCC):

�
� �

2
2

2 2
a b

E a b

a b

,
,

�
� �� � � � �                       (5)

One of the most important properties of SPCC is that

0 2� � � �� a b, � 1                        (6)

SPCC indicates the strength of the linear relationship 
between two random variables a and b. If p2 (a, b) = 0, 
then a and b are uncorrelated. The closer the value of  
p2 (a, b) is to 1, the stronger the correlation between the 
two variables. If the two variables are independent, then  
p2 (a, b) = 0. However, the reverse is not true, since the 
PCC only detects linear dependencies between the two 
variables a and b. For nonlinear dependencies, the PCC 
may be zero.

The general classification and interpretation of 
correlations is as follows[24]:

– strong, or dense, with a correlation coefficient of  
ρ > 0,70;

– average at 0,50 < ρ < 0,69;
– moderate at 0,30 < ρ < 0,49;
– weak at 0,20 < ρ < 0,29;
– very weak at ρ < 0,19.
That is, factors with moderate correlation and below 

clearly cannot be used for further model construction.
We know that simple linear correlation describes the 

relationship between two variables or phenomena; that is, 

when one of the variables changes, it causes a change in 
the other, whether an increase or a decrease. When both 
variables increase or decrease together, their relationship 
is positive. Conversely, when one variable decreases while 
the other increases, their relationship is negative.

A simplified definition of the Spearman rank correlation 
coefficient can be given as follows: it is a coefficient that 
expresses the strength and direction of the relationship 
between two phenomena. This relationship can be either 
positive or negative, and weak or strong. Spearman’s 
correlation is used for rank correlation, where variable 
A has rank RA and variable B has rank RB. Assuming  
d represents the difference between the two ranks, i.e.  
d = RA−RB​, then Spearman’s correlation coefficient ρ is 
calculated by the following formula: 

� � �
�
�� �1

6

1

2

2

d

n n
i                             (7)

where n is the number of ordered pairs of observations.
The next step is to conduct regression analysis [23] to 

quantitatively assess the impact of independent variables 
on the dependent variable. Most often, the method of 
multiple linear regression is used, which allows estimating 
the contribution of each factor to the change in the predicted 
value. To build the regression model, regression coefficients 
are determined, which show how much the dependent 
variable changes with a change in each independent factor. 
Additionally, the statistical significance of the model is 
evaluated (F-test, coefficient of determination R2) as well 
as the significance of individual factors (t-test, p-value).

For assessing the goodness of fit in multiple linear 
regression, the coefficient of determination or R2 is a 
very straightforward tool and is most commonly used in 
practice. Although it is not recommended as the final tool 
for model selection, it provides an indication of how well 
the chosen explanatory variables predict the response [25]. 
However, besides statistical significance, it is necessary to 
confirm how the selected independent variable affects the 
dependent variable.

In the context of classical multiple linear regression, 
the coefficient takes values between 0 and 1. It is generally 
accepted that the closer the coefficient is to 1, the better 
the model. The coefficient of determination increases with 
the inclusion of predictors (independent variables) in the 
model. However, this does not necessarily mean that a 
model with more predictors is better than a model with 
fewer predictors. Therefore, the coefficient of determination 
should be used only as one of the metrics for evaluating the 
validity of the model.

The coefficient of determination is defined as follows [26]:

R
V y x

V y y

2
2

2
1 1� �

� �
� �

� �
| �

�
� � �,                     (8)

where V y y� � � ��2  – variance of a random variable y, 
V y x|� � � ��2 – conditional variance of the dependent 
variable (variance of the model error).

To calculate the sample coefficient of determination, 
sample estimates of the values of the corresponding 
variances are used:
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𝑅𝑅𝑅𝑅2 = 1 − 𝜎𝜎𝜎𝜎�2

𝜎𝜎𝜎𝜎�𝑦𝑦𝑦𝑦2
= 1 − 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝑛𝑛𝑛𝑛

𝑇𝑇𝑇𝑇𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝑛𝑛𝑛𝑛
 =  1 −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝑇𝑇𝑇𝑇𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
   ,   (9) 

where 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = ∑ 𝑒𝑒𝑒𝑒𝑡𝑡𝑡𝑡2 = ∑ (𝑦𝑦𝑦𝑦𝑡𝑡𝑡𝑡 − 𝑦𝑦𝑦𝑦�𝑡𝑡𝑡𝑡)2𝑛𝑛𝑛𝑛
𝑡𝑡𝑡𝑡=1

𝑛𝑛𝑛𝑛
𝑡𝑡𝑡𝑡=1   

– sum of squares of regression residuals, 𝑦𝑦𝑦𝑦𝑡𝑡𝑡𝑡 , 𝑦𝑦𝑦𝑦�𝑡𝑡𝑡𝑡 – actual and estimated values 

of the explanatory (dependent) variable. 

𝑇𝑇𝑇𝑇𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  ∑ (𝑦𝑦𝑦𝑦𝑡𝑡𝑡𝑡 − 𝑦𝑦𝑦𝑦�)2 = 𝑛𝑛𝑛𝑛
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As a result of data analysis and preparation, a causal 
model is formed that explains the influence of key factors 
on sales volumes and can be used to forecast future values 
of the dependent variable under certain conditions.

The construction of a causal model using regression 
based on neural networks can be performed using ready-
made software products that have proven effective in 
similar studies [27, 28, 29, 30]. One example of such a 
product is Statistica 13. The multilayer perceptrons (MLP) 
used in this software are among the most popular neural 
network architectures today.

In this architecture, each neuron computes a weighted 
sum of its input data and passes it through a transfer 
function f to produce the output. For each neural layer in 
the MLP, there is also a bias term. The bias is a neuron 
whose activation function is constantly set to 1. Like other 
neurons, the bias connects to neurons in the upper layer 
through a weight often called the threshold. Neurons and 
biases are arranged in a layered feedforward topology. 
Thus, the network can be simply interpreted as an 
input-output model with weights and thresholds as free 

(adjustable) model parameters. Such networks can model 
functions of almost arbitrary complexity, with the number 
of layers and units in each layer defining the complexity of 
the function [31].

A schematic diagram of the MLP neural network [32] 
is shown in Fig. 2.

In this architecture, each neuron computes 
a weighted sum of its input data and passes it 
through a transfer function to generate the output. 
This method allows building a model that describes target 
(dependent) variables based on independent ones. In other 
words, when constructing this model, the interdependence 
of variables is taken into account, revealing the causal 
nature of the model. Such networks enable the creation of 
process (dynamic) models of almost arbitrary complexity, 
with the number of layers and units in each layer determined 
by the complexity of these processes [31].

Thus, the simultaneous application of causal and non-
causal models is a promising approach in sales forecasting, as 
the final result benefits from the strengths of each model in its 
respective use case. This is especially relevant in a dynamic 
business environment, where underestimating external or 
internal factors can lead to significant forecasting errors.

Stage 4. Forecast Construction
At the forecasting stage, predictions are generated 

according to each model. However, the common steps in 
the forecasting process are as follows:

−	 splitting the data into training (80-90%) and testing 
(10-20%) sets;

−	 determining the model parameters;
−	 training the model (parameter optimization);
−	 forecasting future values;
−	 determining confidence intervals;
−	 comparing the forecast with actual data.
Stage 5. Comparison of Forecast Quality Results 

At this stage, the accuracy of the obtained forecasts 
is evaluated, for example, using MAPE (Mean 
Absolute Percentage Error). Models are compared 
based on their performance within each cluster. 
The Mean Absolute Percentage Error (MAPE) is a measure 
of forecasting accuracy in statistics. It typically expresses 
accuracy as a ratio defined by the formula: 

 

Fig. 2 – Diagram of an MLP neural network [32]
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where At​ is the actual value, and Ft is the forecasted value. 
Their difference is divided by the actual value At​. The 
absolute value of this ratio is summed over each forecasted 
time point and divided by the number of observations n.

Stage 6. Selection of the Best Forecasting Method 
Based on the evaluation results of forecast accuracy, the 
forecasting method that demonstrates the highest accuracy 
is selected. This method is considered the best fit for the 
specific market characteristics of the given cluster.

Conclusions

In the course of this research, a conceptual model 
for forecasting the dynamics of electric vehicle sales 
volumes in the global market was developed. The model 
incorporates market clustering, time series analysis, and 
both causal and non-causal forecasting approaches. The 
proposed model allows for consideration of the specific 
characteristics of different markets, which is a key factor 
in ensuring high forecast accuracy in a rapidly changing 

environment. Thus, the scientific novelty of this study lies 
in the integrated approach to forecasting that combines the 
aforementioned tools.

The relevance of the research is driven by the rapid 
development of the electric vehicle market, which is a 
crucial segment of the global automotive industry. The 
growing demand for electric vehicles is accompanied 
by significant fluctuations caused by technological, 
economic, and political factors. Accurate forecasting of 
sales dynamics is critically important for manufacturers, 
investors, governments, and other stakeholders to enable 
effective planning and decision-making.

The proposed model also demonstrates innovation 
through the use of modern techniques such as neural 
networks and hybrid forecasting methods, allowing for 
a substantial improvement in accuracy compared to 
traditional models.

The obtained results can be applied for strategic 
planning at the level of investors, governmental support 
programs, and infrastructure projects. Furthermore, the 
proposed model lays the groundwork for further scientific 
research in forecasting under dynamic market conditions.
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