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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.

KOHILEIITYAJIBHA MOJAEJIb TIPOI'HO3YBAHHSA IMHAMIKHU OBCATIB ITPOJAKIB
EJEKTPOMOBLJIB HA CBITOBOMY PUHKY
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Kurouosi cioBa:
MIPOTHO3YBaHHS MTPOJIAXKIB,
4acoBl PsIH, Kay3aabHi MOIEII,
HeKay3aJbHI MOJIelTi, HeHpOoHHI
Mepexi, KilacTepu3artis.

CyyacHHH PHHOK EJEKTPOMOOLTIB XapaKTEePHU3yEThCS CTPIMKHM PO3BHUTKOM Ta
3HAUHUMHU KOJMBAHHSMH, 3YMOBJICHMMH TEXHOJIOTIYHHUMH, E€KOHOMIYHMMH Ta
HONITHYHUMH  (akTopaMu. [IporHo3yBaHHS JAWHAMIKM HPOAAXKIB € KPUTUYHO
BaXJTMBUM JIJISI CTPATETIYHOTO IJIAHYBaHHS BUPOOHUKIB, IHBECTOPIB Ta Aep KaBHUX
ycraHoB. OjHaK iCHYIOYl METOIM IPOrHO3YBAaHHS YacTO MalOTh OOMEXKEHY
TOYHICTH Yepe3 HEOAHOPIIHICTh MaHWX, HEIOCTAaTHE BpPaxyBaHHS crenupiku
OKpEeMHUX PHUHKIB Ta (PaKTOPIB 10 HAa HUX BILTUBAIOTE.

Y wii crarri  3anpolOHOBAaHO KOHLENTYalbHY MOJENb IPOrHO3YBaHHS
JMHAMIKH 00CSATIB IPOJIaXKiB €IEKTPOMOOLITIB Ha CBITOBOMY PHHKY, SIKa BKIIFOYAE
KIIACTEePH3AIlif0 pUHKIB, aHAJi3 YaCOBUX PSAiB, Kay3albHI Ta HeKay3aJbHI MOIEIi
nporHo3yBaHHs. Mojenb BKIIOYae Taki eranu: 30ip JaHMX, KJIACTEPU3AIlifo
PHHKIB 3a XapakTepoM JUHaMIKH, 1MOOyJIOBYy Kay3albHHMX (perpeciiiHa Mojensb
3a moroMororo HelpoHHOi Mepexki MLP) ta mekaysampHux (ARIMA, RNN,
ribpuiHa MoZIeNb) MOJIEJIeH, a TaKOK OILIHKY SIKOCTI OTPUMAaHHUX IMPOTHO3IB Ta
BUOIp HAMOUIBII peJIEBAHTHOT MOJIEII.
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HaykoBa HOBHM3HA JIOCHI/DKSHHS TOJSATAE B KOMIUICKCHOMY TIAXOJ, SIKUI MOEAHYIO
Cy4acHi METOJH TIPOTrHO3YBAHHSI, 110 JIO3BOJIUTH [TOKPAIUTH PE3YJIBTATH POTHO3IB B
YMOBaxX €MEp/HKEHTHOI €KOHOMIKH. 3alpOIIOHOBaHA MOJIENb MA€ IMOTEHITIAT 3aBISKH
BUKOPHCTAHHIO TOPHIHUX METOJIIB Ta BUKOPHCTAHHIO HEHPOHHUX MEPEK HapsiIy 13
TPaJUIIIHHAME CTATUCTHIHUMU IT1IXOIAMH.

Pesynsrat nociimpKeHHs! MOXKYTh OyTH KOPUCHUMH U1 BUPOOHMKIB, IHBECTOPIB Ta
JIep’KaBHUX OpTaHiB ITPH TUIAHYBaHHI iHPPaCcTPYKTYPHHX MPOSKTIB, pO3pOOIIi MOTITHK
MATPUMKH Ta OLIHIII PUHKOBUX TEHIICHITIA. Mo TakoXK BiKPUBAE TTEPCTICKTHBH
JUTSL TIOJAJTBIIINX TOCIIKEeHb y Tajly3i MPOTHO3YyBaHHSI JMHAMIYHUX PUHKIB.

Statement of the problem

The modern world is undergoing an active transition
to environmentally friendly technologies, among which
electricvehicleshold aspecial 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
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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;

¢) 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]:

N
Zi:lxiyi (1)
ZN x-2ZN y?
=1 L=t

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
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Fig. 1 — Scheme of the conceptual model
of forecast construction

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.
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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=2""_1, )

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<H<0,5and3) 0,5< H <1.

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 e (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=1,n), 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 p :

D, (X):{(x(t),x(t+l),...,x(t+p—1))}, t=1,n,03)

which represents a set of points called "M-history"
(p=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
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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 p >2m + 1, 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 p 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 @ and b be two real random variables; then
the Pearson correlation coefficient (PCC) is defined as [21]:

pla.p) - 142 @)

G40

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

5 _E’(a, b)

p (a,b) - 0‘2102 (5)

One of the most important properties of SPCC is that

0<p’(ab)<l (6)

SPCC indicates the strength of the linear relationship
between two random variables a and b. If p? (a, b) = 0,
then a and b are uncorrelated. The closer the value of
P’ (a, b) is to 1, the stronger the correlation between the
two variables. If the two variables are independent, then
P’ (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
correlations is as follows[24]:

— strong, or dense, with a correlation coefficient of
p>0,70;

—average at 0,50 <p <0,69;

— moderate at 0,30 < p <0,49;

—weak at 0,20 < p <0,29;

— very weak at p <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,

interpretation of
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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 R, and variable B has rank R, Assuming
d represents the difference between the two ranks, i.e.
d = R —R,, then Spearman’s correlation coefficient p is
calculated by the following formula:

2
p=1--SZd ™
n (n - 1)
where 7 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 R?) 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 R? 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]:

Vb)) o 8
vo) T ®

where V(y)=c, — variance of a random variable y,
V (ylx)=c’— 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:

R =1-
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~2
o RSS/n RSS

RR=1-Z =181 _ 85 (9
52 TSS/n TSS

where Y,1=1 etz =Y — f’t)z

— sum of squares of regression residuals, Y& V& —
actual and estimated values of the explanatory (dependent)
variable.

TSS = Yie1(¥: — ¥)?* = néy —total sum of squares.

y= 1 D'y, —average value of observed (actual) data.
t=1
In the case of classical linear multiple regression

(regression with a constant):
TSS = RSS + ESS , ne ESS =Y (9 — ¥)?— sum
of squares explained. And as a result:

r - ESS
~TSS

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 fto 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

(10)
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(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:

%

A

Nz

W/

ANTAN
NX X/ X X7
X @i

InputlLayer

Hidden Layers

Output Layer

Fig. 2 — Diagram of an MLP neural network [32]
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A-F
A

where A, is the actual value, and F, is the forecasted value.
Their difference is divided by the actual value A. The
absolute value of this ratio is summed over each forecasted
time point and divided by the number of observations .
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.

MAPE =10012 s (11)
na

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
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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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