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TEOPETUYHI 3ACAIN MOAEJIOBAHHA CUCTEMHOTI'O
BILJIMBY PO3BUTKY LIUPKYJIAPHOI EKOHOMIKU
HA EKOHOMIYHY BE3IIEKY

Cmammsa npedcmaeasie meopemuyuny 0CHOBY 0451 MOOEAIOGAHHA CUCHMIEMHO20 GHAUBY
PO3BUMKY UUDPKYAAPHOI eKOHOMIKU HA eKOHOMI4HYy 0e3neKy. 3anponoHo6aHa MamemMamu4Ha
Modeab no6y0oeana 3 GUKOPUCMAHHAM KOMNO3UMHUX IHOUKAMOPI6, OMPUMAHUX WASAXOM
Hopmaaizayii ma aunaaizy eoaoenux xomnowenm (PCA), i dodamrkoeo pozwupena uacosumu
EKOHOMEMPUHHUMU Memooamu, maxumu sk eekmopna aemopeepecisa (VAR), eéexmopna moodeawp
rxopexuii nomuaku (VECM) ma anaaiz npuuunnocmi Ipeiindywcepa. Modeav 3abe3neuye
CMpPYKmMYpOoGaHy anarimu4ny 06asy 045 po3yMIiHHA CKAAOHUX 63AE€MO036’°3Ki6 | MA€E NPAKMU4HY
YiHHiCMb 048 CNPAMYBAHHA PO3POOKU NOAIMUK Yy KOHMEKCMAX 6i0HO0BACHHA Ma CMAL020
PO3GUMKY.

Karouoei caoea: uyupkyrapha ekoHoOMIKa; eKOHOMiuHa Oe3neka; CUCMEMHUL aHAAI3;
eKcmpanoaayiiine MoOeA08aHHS,; CUSHAPHUL AHANI3; eKOHOMEMPUKA Yaco8ux psois.

Problem statement. The ongoing war in Ukraine has exposed critical vulnerabil-
ities in national economic systems, underscoring the need for adaptive, resilient, and
forward-looking economic strategies. In this context, ensuring economic security is
not merely a theoretical concern but a practical imperative for national survival,
recovery, and sustainable development. Ukraine’s ability to withstand and recover
from external shocks depends increasingly on the robustness of its internal systems —
financial, energy, social, environmental, and technological.

At the same time, the global policy and research landscape is experiencing a par-
adigmatic shift toward circular economy (CE) strategies. The CE framework has
gained momentum across the European Union [1] as a means of achieving sustain-
ability, resource independence, and long-term competitiveness. However, in develop-
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ing economies, including Ukraine, the implementation and evaluation of CE prac-
tices remain underdeveloped. There is a notable gap in measuring circularity, model-
ing its system-wide impacts, and integrating it meaningfully into national develop-
ment strategies. CE policies in the region are often fragmented, lacking both an evi-
dence-based foundation and a systemic analytical framework.

This study addresses this gap by offering an original systemic model that links CE
development to the structural components of economic security. Grounded in the
methodological principles of economic systems analysis, the research treats the national
economy as a complex, interdependent system, where changes in one subsystem can prop-
agate across others. By framing CE as both a driver and stabilizer of systemic performance,
the model contributes to a deeper understanding of long-run national resilience.

Moreover, the study introduces a novel extrapolation-based methodology that
allows for the transfer of empirical relationships from CE-leading countries to
Ukraine. This method enables scenario-based analysis of “what-if” outcomes — pro-
jecting how Ukraine’s economic security indicators might respond if circular econo-
my policies similar to those of advanced economies were implemented domestically.
This feature transforms the model from an academic tool into a practical instrument
for strategic planning and policy design, particularly in post-conflict recovery.

By combining theoretical depth, empirical modeling, and applied foresight, the
research supports the broader agenda of sustainable transformation and institutional
modernization in Ukraine. It also contributes methodologically to the evolving field
of economic systems analysis by introducing cross-dimensional integration, dynam-
ic modeling, and forward-looking scenario extrapolation.

Formulating the purposes of the article. The purpose of this article is to develop a
systems-based econometric model that quantifies the impact of circular economy
development on the structural components of economic security and to apply this
model to Ukraine through scenario-based extrapolation.

Section 1. Economic Security, Circular Economy, and the indicator-based analyt-
ical framework

This section establishes the theoretical and methodological foundation for the
study. It introduces the core concepts of economic security and the circular economy,
outlining their systemic relevance and mutual interdependence. By framing these
domains as analytically compatible, the section motivates their integration into a uni-
fied model. Particular attention is given to the selection and structuring of indicators
that allow for the quantification of each dimension. The indicator framework serves
as the empirical basis for constructing composite indices and exploring causal rela-
tionships through econometric modeling in subsequent sections.

The Circular Economy: conceptual foundations and strategic relevance. The cir-
cular economy (CE) is a transformative economic paradigm that seeks to decouple
economic growth from resource consumption and environmental degradation [2]. In
contrast to the traditional linear model of production and consumption, character-
ized by the "take—make—dispose" sequence, the circular economy emphasizes the
continuous circulation of materials and energy through strategies such as reuse,
repair, recycling, remanufacturing, and sustainable design. This paradigm promotes
systemic efficiency, minimizes waste, and preserves the functional value of products
and resources across economic cycles.
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At its core, the CE is built upon three foundational principles: designing out
waste and pollution by rethinking product life cycles and industrial processes; keep-
ing products and materials in use through enhanced durability, maintenance, and
reuse; regenerating natural systems by returning nutrients to ecosystems and reduc-
ing environmental burdens. The transition to a circular economy is not only an eco-
logical imperative but also a strategic response to rising global uncertainties, includ-
ing supply chain disruptions, resource scarcity, climate risks, and geopolitical insta-
bilities. By optimizing material flows and enhancing resource independence, CE
contributes directly to national economic resilience — making it an essential compo-
nent of modern economic security strategies.

From a systemic standpoint, the circular economy touches multiple domains
that overlap with economic security, including: energy transformation, through ener-
gy efficiency and the integration of renewables in production loops; technological
innovation, as CE implementation drives demand for new design principles, indus-
trial processes, and digital traceability systems; financial sustainability, by creating
cost savings through efficiency gains and new business models; social resilience, via
job creation in repair, recycling, and secondary materials industries; environmental
protection, by reducing emissions, pollution, and ecosystem stress.

Given these broad interactions, the circular economy can be conceptualized not
only as a sustainability agenda but also as a strategic lever for enhancing a country’s long-
term economic stability, autonomy, and adaptability. As such, it becomes analytically rel-
evant to incorporate CE performance into the framework of economic security.

Economic Security: structural dimensions and systemic importance. Economic
security (ES) refers to the capacity of a country to ensure stable, sustainable, and
resilient economic development that protects national interests, maintains socio-
economic stability, and mitigates internal and external risks [3]. It encompasses the
economy's ability to withstand shocks, adapt to changing global conditions, and
maintain critical economic functions under uncertainty. Economic security is a mul-
tidimensional concept that integrates financial, energy, innovation, environmental,
and social dimensions, each contributing to the systemic stability and strategic auton-
omy of the national economy. To effectively analyze and assess economic security, it
is necessary to disaggregate it into distinct functional components. This decomposi-
tion allows for a more precise understanding of the structure and dynamics of eco-
nomic resilience. Each component — financial stability (F), energy security (P),
innovative potential (I), environmental security (E), and social welfare (S) — repre-
sents a critical subsystem that contributes to the overall robustness and sustainability
of the economy. Isolating these elements enables targeted analysis, facilitates data-
driven policy design, and provides a clearer picture of how individual sectors respond
to internal pressures and external disruptions. Moreover, this approach allows for the
quantification of interdependencies between domains, which is particularly impor-
tant in complex systems such as national economies.

Financial stability (F) refers to the resilience of the financial system to internal
and external shocks, and its ability to maintain the normal functioning of markets,
financial institutions, and monetary mechanisms. It encompasses exchange rate sta-
bility, low inflation, a balanced state budget, the stability of the banking system, a low
level of debt burden, and a well-structured financial market system.
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Energy security (P) reflects a country's ability to ensure a stable and reliable sup-
ply of energy resources for its economy and population. This includes the diversifica-
tion of energy supply sources, availability of strategic energy reserves, energy effi-
ciency and conservation, resilience of energy infrastructure to accidents and natural
disasters, and the presence of domestic energy resources such as oil, gas, coal, and
renewables.

Innovative potential (I) describes the economy’s capacity to develop and imple-
ment new technologies, products, and services, contributing to long-term economic
growth. This includes investment in research and development (R&D), patent activ-
ity, the level of education and workforce training, cooperation between research insti-
tutions and businesses, and support for startups and innovative enterprises.

Environmental safety (E) refers to the state's ability to maintain a healthy envi-
ronment and minimize the negative impact of economic activity on nature. It
includes the condition of air, water, and soil, biodiversity preservation, waste man-
agement, use of renewable resources, and implementation of environmental protec-
tion measures and education.

Social welfare (S) reflects the overall quality of life of the population, encom-
passing economic, social, and cultural dimensions. It includes income levels, access
to education and healthcare, employment levels and working conditions, the social
security system, and the quality of housing and infrastructure.

Indicators and data sources: measuring circularity and economic security. The
operationalization of both economic security and the circular economy requires the
use of robust, multi-dimensional indicators drawn from credible international and
national data sources. Given the systemic nature of these domains, the indicators
must capture diverse functional aspects across environmental, economic, social,
technological, and institutional dimensions.

For each component of economic security, internationally recognized data sources
provide relevant time-series indicators that ensure comparability and methodological
rigor. Financial stability is measured using the Bertelsmann Transformation Index (BTI)
[4], which evaluates the soundness of fiscal policy, inflation control, and currency stabil-
ity. Energy security is assessed through the World Energy Council’s Energy Trilemma
Index [5], covering the reliability of supply, energy access, and environmental sustain-
ability, as well as data from the IEA Energy Statistics Browser [6], which offers informa-
tion on primary energy sources, energy dependency, and national energy mixes.
Innovation potential is captured by the Global Innovation Index (GII) developed by
WIPO [7], which reflects both innovation inputs, such as institutional capacity, human
capital, R&D investment and outputs like patents and high-tech exports. Environmental
safety is represented by indicators from the Yale Environmental Performance Index
(EPI) [8], including lead exposure, air quality, waste management, and biodiversity met-
rics, complemented by Eurostat’s data on air emissions, material footprint, and resource
productivity. Social welfare is measured using the Human Development Index (HDI)
from the UNDP [9], which combines life expectancy, education, and income dimen-
sions, as well as OECD social indicators that reflect income inequality, employment
conditions, and access to essential public services such as healthcare and education.

The measurement of circular economy progress also relies on international
datasets, with Eurostat providing one of the most comprehensive and methodologi-
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cally coherent statistical frameworks in this domain [10]. Core dimensions of circu-
larity include the Circular Material Use Rate, which reflects the proportion of total
material input sourced from recycled materials, and Material Import Dependency,
indicating the extent to which domestic material use relies on imports. Additional
metrics include the Recycling Rate of Municipal Waste, the Generation of Waste per
Capita, and the Landfilling Rate of Waste, as well as sector-specific indicators such as
Waste Generation by Economic Activity. Broader systemic measures include Green
Public Procurement Rates, the Eco-Innovation Index as compiled by the European
Environment Agency [11] and the OECD [12], Employment in Circular Economy
Sectors, and levels of Private Investment in CE-related Innovation. These indicators
are primarily sourced from the Eurostat Circular Economy Indicators database, the
OECD Circular Economy Monitoring Framework, the Ellen MacArthur
Foundation, and regional baseline reports on circularity [13].

Together, these indicators allow for the development of a composite circular
economy index that reflects a country’s overall performance and trajectory in transi-
tioning from a linear to a circular model. These CE indicators are then used to exam-
ine their relationship with economic security components in the econometric frame-
work presented in the study.

Section 2. Model construction and theoretical framework

This section outlines the construction of the analytical model used to explore the
relationship between circular economy development and economic security. It begins
with the formulation of a composite indicator for economic security, which integrates
multiple dimensions of the concept into a single metric using normalization and
weight assignment via Principal Component Analysis (PCA). A similar composite
index is constructed for the circular economy. These indicators serve as the founda-
tion for a series of regression models designed to quantify the influence of circular
economy performance on economic security. The section concludes with both a
baseline regression and a system of component-specific equations, which together
form the structural core of the theoretical model.

Composite economic security indicator. To enable a structured and quantitative
assessment of economic security, it is useful to construct a composite indicator that
integrates the key components into a single synthetic measure. A composite indicator
provides a consolidated view of economic resilience by aggregating multiple, poten-
tially heterogeneous indicators into one index [14]. This approach facilitates cross-
country comparisons, trend analysis over time, and quantitative modeling of systemic
interactions. It also helps to reduce complexity while preserving essential information
about the structure and state of the economy.

The composite economic security indicator is calculated using the following formula:

n
ES = Z Wit X (D
i=1

where ES is the composite economic security indicator, x; is the normalized value of
the i-th indicator, w; is the weight assigned to the i-th indicator, reflecting its relative

importance and # is the total number of indicators included in the composite index.
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Min—max normalization. To ensure proper aggregation, each indicator must be
brought to a common scale, typically through normalization. One of the most wide-
ly used methods is min—max normalization, which transforms the original value of an
indicator into a value between 0 and 1. The normalized value x; of indicator y; is cal-

culated as follows:

Yo = Vi = Yimin @)
= oL TLmm

Yimax — Yimin
where y; min and Yi, max represent the minimum and maximum values of the indi-

cator within the observed sample, respectively.
If the indicator has a negative effect on the overall system (i.e., higher values indi-
cate a worsening situation), the normalized value is adjusted using the following formula:

Vi = Yimin

X =1—— L
Yimax — Yi,min

3)
This approach ensures that all indicators contribute to the composite index in a
consistent and interpretable manner, with higher normalized values indicating more
favorable outcomes.
Determining Weights via Principal Component Analysis (PCA). To assign
appropriate weights w; to individual indicators in a composite index, one widely

accepted statistical method is Principal Component Analysis (PCA) [15]. PCA is a
dimensionality-reduction technique that identifies the most significant variables by
analyzing their variance and intercorrelations. In the context of composite indicator
construction, PCA helps determine the contribution of each indicator based on its
statistical influence within the dataset.

To begin, each indicator must be standardized to ensure comparability. The stan-
dardized value z; of indicator x; is calculated as:

Xy
4= )

where y; is the mean and o; is the standard deviation of the indicator.

Next, either a covariance or a correlation matrix is computed. If the indicators
are measured on different scales, a correlation matrix is used to capture the strength
of linear relationships between variables. If all indicators are already standardized or
expressed in the same units, a covariance matrix may be used. From the selected
matrix, eigenvalues (A1, A2, ..., A») that reflects the amount of variance explained by a

principal component and corresponding eigenvectors (vi, v, ..., w) that defines the

direction and composition of the principal component as a linear combination of the
original indicators are calculated.
The first principal component (PC:) is selected, as it explains the highest pro-

portion of variance in the data. It can be expressed as a linear combination of the
standardized indicators:

PCy = a1z1 + ayzy + -+ apz, Q)
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where the coefficients a; are derived from the eigenvector corresponding to PC| and

reflect the statistical importance of each indicator.

The weights for the composite indicator are derived by normalizing the absolute
values of the coefficients of the first eigenvector:

W= |a;]| ©)
;=
2y

This formula ensures that the weights reflect the relative contribution of each
indicator to the overall variation captured by the first principal component.

Composite circular economy indicator. In a similar manner to the construction of
the economic security indicator and based on equations (1)—(6), the circular econo-
my indicator CFE is defined as a composite index that aggregates several relevant sub-
indicators reflecting key dimensions of circularity. This approach enables a holistic
and quantifiable representation of a country’s progress toward implementing circular
economy principles. The indicator is calculated as follows:

n
CE = ZWL"X,: (7)
i=1

where CE is the composite circular economy indicator, x; is the normalized value of

the i-th sub-indicator, w; is the weight assigned to the i-th sub-indicator and # is the

total number of sub-indicators included in the composite index.

The selection of sub-indicators should reflect various dimensions of the circular
economy, including resource efficiency, material reuse, recycling rates, waste genera-
tion, and dependency on imported materials. The weights w; can be derived using the

PCA-based approach described earlier to reflect the relative contribution of each sub-
indicator to the overall variance in the dataset.

Base regression model. To empirically capture the relationship between the cir-
cular economy and economic security, a baseline linear regression model is intro-
duced. This model reflects the hypothesis that the development of circular economy
practices contributes to strengthening specific dimensions of economic security. The
goal is to quantify the extent to which variation in the composite circular economy
indicator explains changes in the respective components of economic security. The
model is specified as follows:

ES, = Basey + Eff,CE, + Err, (8)

where ES; denotes the value of a selected component of economic security in year 7,
CEy; is the value of the composite circular economy indicator in year 7, Base)is the

baseline level of economic security when the circular economy index is zero (inter-
cept term), Eff] represents the estimated effect of the circular economy indicator on

economic security (regression coefficient) and Err; is the unexplained variation or

error term for year .
This basic model serves as the analytical foundation for assessing whether
increases in circular economy performance are associated with improvements in eco-
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nomic security outcomes. It also forms the basis for more complex time-series analy-
ses, where dynamic interdependencies and delayed effects may be explored through
advanced econometric techniques.

System of component-specific regression equations. To capture the differentiat-
ed influence of the circular economy on each individual component of economic
security, the baseline model can be expanded into a system of regression equations.
Each equation isolates a particular domain of economic security — financial stability
(F), energy security (P), innovative potential (/), environmental security (£), and
social welfare (5) — and estimates its relationship with the circular economy indica-
tor:

F, = Basel + Efff CEF + Errf
P, = Basel + Efff CEF + Errf
I; = Base} + Eff{CE} + Err{
| E, = Basef + EffECEE + Errf
S; = Basej + Eff{CE; + Err{

(€))

where Fy, Py, Iy, E;, Sy denote the values of the five components of economic securi-

tyinyear, CE/, ..., CEf represent the relevant (or disaggregated) circular economy

indicators used to explain each component (if the same CF index is used across all,
this can be simplified), Base(*is the intercept for component X, Eff|*is the estimat-

ed effect of the circular economy on component X, Err/ is the error term for

component X, with Xe {F, P, I, E, S}.

This system allows for the possibility that the circular economy exerts varying
degrees of influence across different aspects of economic security, depending on the
structure of the economy, policy implementation, and other contextual factors.

Section 3. Methodological framework for model validation

Validation is a critical component of system modeling, particularly when the goal
is to understand and quantify the influence of one subsystem (in this case, the circu-
lar economy) on another (economic security). Without empirical validation, even a
well-structured theoretical model remains speculative. Applying appropriate statisti-
cal methods not only ensures the internal consistency of the model but also provides
evidence that the observed relationships are statistically significant, robust over time,
and not the result of random fluctuations or spurious correlations. In the context of
systems analysis, such validation helps to confirm whether the modeled interconnec-
tions reflect real-world systemic behavior.

To verify the hypothesized relationship between the circular economy and eco-
nomic security within a dynamic systems context, a set of time-series econometric
techniques may be employed. While the present study focuses on the theoretical con-
struction of the model, this section outlines a methodological pathway for future
empirical validation. The proposed methods are rooted in systems analysis and enable
the assessment of both short-term predictive relationships and long-term structural
dependencies between the variables.

Stationarity assessment: Augmented Dickey—Fuller (ADF) test. In time series
analysis, stationarity refers to the property whereby a variable’s statistical character-
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istics —such as mean, variance, and autocorrelation — remain constant over time.
Many econometric models, including linear regression, assume that the input data
are stationary. If the data are non-stationary, the resulting estimates may be biased or
misleading, potentially revealing false correlations (known as spurious regressions)
and leading to inaccurate predictions.

The Augmented Dickey—Fuller (ADF) test is commonly used to verify whether
a time series exhibits stationarity [16]. The null hypothesis (H) of the test is that the

series has a unit root, i.e., it is non-stationary. The alternative hypothesis (H7) is that

the series is stationary. In the context of the base model (8) he ADF test is proposed
for checking the stationarity of each time series used in the model, such as ES; and

CE,. For instance, to assess whether economic security (£S) is stationary, the follow-
ing form is applied:
p
i=1
where AES;is the value of the time series at time 7, AES; =ES; — ES;_;is the first dif-
ference, o is a constant (intercept), By is an optional time trend, y is the coefficient
tested for stationarity (if y <0, the series is considered stationary), 8; are coefficients
of lagged differences, & is the random error term, p is the number of lags included to

control for autocorrelation.
If either variable is found to be non-stationary, it can be transformed using first
differences (e.g., AES;=ES; — ES;_j) and tested again. This process is repeated until

stationarity is achieved.
A similar procedure would be followed for CEy.

P
ACEt =(X-l—ﬁt-l—'yCEt_l-l-Z(SlACEt_l-l-St (11)
i=1
Once both time series £S;and CEyare confirmed to be stationary (or have been

properly transformed to stationarity), reliable regression estimates can be obtained
and interpreted. We considered variables ES;and CE; to be integrated of order zero,

or 1(0), if they are stationary in their original form. In that case we can estimate the
regression using Ordinary Least Squares (OLS) method. If a variable becomes sta-
tionary after first differencing, it is classified as order one, or /(1). If stationarity is
achieved only after second differencing, the series is considered /(2), which is rare
and typically unsuitable for standard cointegration analysis. In /(1) case, ES; and CE;

cannot be reliably analyzed using simple regression techniques in levels due to the risk
of spurious results. However, if both variables are found to be /(1) and not /(2), it
becomes methodologically valid to proceed with cointegration testing using Johansen
method, which examines whether a stable long-term equilibrium relationship exists
between them.

Ordinary Least Squares (OLS) approach. If the ADF test confirms that both ES;

and CE; are stationary, i.e., integrated of order zero /(0), it is methodologically
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appropriate to estimate the base model (8) using the Ordinary Least Squares (OLS)
method [17]:

B =XX)—-1X'Y (12)

where X is the matrix of explanatory variables (including CEy), Y is the vector of
observed values of the dependent variable ESj, B is the vector of estimated coeffi-

cients.
OLS minimizes the sum of squared residuals 2 Erry* and produces efficient and

unbiased parameter estimates under standard assumptions.
To evaluate whether the circular economy indicator has a statistically significant
impact on economic security, a t-test can be performed for the coefficient Eff|. The

null hypothesis is: HyEff ;= 0 (no effect), H j:Eff 1 # 0 (effect exists). The t-statistic is
calculated as:

__Eh (13)
SE(Eff1)
where SE(EJf]) ) is the standard error of the coefficient estimate.

If the p-value is less than 0.05, the null hypothesis is rejected, indicating that the
circular economy has a statistically significant effect on economic security.

Cointegration analysis: Johansen test. When two or more time series are non-
stationary, traditional regression techniques may lead to spurious results. However, if
the variables are cointegrated — meaning they share a stable long-run equilibrium
despite short-term fluctuations — valid modeling becomes possible. This concept is
particularly important in systems analysis, where individual components may evolve
independently in the short term but remain structurally linked over time.

The Johansen test is a widely used method for detecting such cointegration rela-
tionships [18]. Unlike simpler pairwise approaches (e.g., the Engle—Granger test),
the Johansen framework can identify and test for multiple cointegrating vectors with-
in a multivariate system. This makes it particularly suitable for analyzing the interde-
pendent components of economic security.

In this study, once the Augmented Dickey-Fuller test confirms that both ES;and

CE; are non-stationary but integrated of the same order (1), the Johansen test is

applied to determine whether a long-run equilibrium relationship exists between
them. If cointegration is present, it supports the theoretical assumption that circular
economy performance and economic security co-evolve over time. His finding justi-
fies the use of a Vector Error Correction Model (VECM) to capture both short-term
dynamics and long-term adjustments.

The Johansen cointegration test begins with the estimation of a Vector
Autoregressive (VAR) model in levels. In a two-variable case involving economic secu-
rity £S5y and circular economy CE;, the VAR model of order k can be expressed as:

Zt - AIZt—l + Azzt_z + -+ Ath—k + St (14)
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where _ [ES,] isa vector of the non-stationary variables.
t—lc Et]
A; are coefficient matrices for lagged variables, ¢, is a vector of white noise errors.
This form models the joint evolution of the system but does not distinguish
between short-term dynamics and long-run relationships. Therefore, when variables
are integrated of order one /(1), the VAR model is not suitable for direct estimation
in levels, as it may produce spurious results. Instead, the VAR model is reformulated
into a Vector Error Correction Model (VECM) to enable proper testing for cointe-
gration.
This transformation enables the explicit modeling of both short-run fluctuations
and long-run equilibrium dynamics between the variables. The VECM form of the
model is written as:

k-1
AZ, =17, + Z LAZiy + &, (15)

1 AES
where AZ;is the Vec]ti%r of first differences of the variables: Z; = [ AC EZ] , Zs_7 is the
lagged level vector [ c Ez_ 1], 1lis the cointegration matrix containing long-run information,

I are coefficient matrices for short-run effects, €, is the white noise error vector, k is

the number of lags included in the system.

This structure allows the Johansen method to test for cointegration by examining
the rank of the matrix /1. If the rank of I7is greater than zero but less than the num-
ber of variables, it indicates the existence of one or more stable long-run relationships
among the variables. The matrix contains all information about the long-term equi-
librium relationships between the variables in the system. Its rank determines the
number of cointegrating vectors, which in turn indicates whether and how the vari-
ables are connected over the long run. The matrix /7 is decomposed as:

n=ap’ (16)
where B is the cointegrating vector (or matrix): it defines the long-run equilibrium
relationships (e.g., ESt — Effl CEY), o is the adjustment coefficients matrix: it cap-
tures how quickly each variable responds to deviations from the long-run equilibrium
(i.e., how the system “corrects” back to balance).

The product o ensures that only those combinations of Z; that are cointegrated

are influencing the system over time. If the rank of /7 is 0, then no cointegration
exists. If the rank is 1, there is one stable long-run relationship — this is the ideal case
for the two-variable system of economic security and circular economy indicators.
The Johansen test uses the eigenvalues of /7to calculate the trace statistic and maxi-
mum eigenvalue statistic, which are compared to critical values to determine the
number of cointegrating vectors. If cointegration is confirmed, the VECM framework
becomes the appropriate modeling tool, capturing both the system’s short-run adjust-
ments and its long-run equilibrium path.

However, while cointegration confirms the existence of a long-run relationship,
it does not reveal the direction or timing of influence between the variables [19]. This
gap is addressed by Granger causality analysis [20], which explores whether past val-
ues of one variable help predict changes in another.
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Granger causality: directional influence in dynamic systems. In the context of
this study, the test assesses whether past values of the circular economy indicator CE;

contain statistically significant information for forecasting the economic security
indicator ES}, beyond what can be explained by past values of ES; alone. The test

compares two regression models — restricted and unrestricted. First model (restrict-
ed) — ESyis regressed only on its own past values (this serves as the benchmark):

ESt = ao + alESt_l + azESt_z + o + Et (17)

where, o) is the intercept, and a,; are coefficients showing how strongly past values of

economic security influence its current level.
In second model (unrestricted) lagged values of the circular economy indicator
CE;are added to see if they improve the model’s ability to predict ESy.

ESt = 0!0 + alESt_l + o+ ,81CEt_1 + ﬁZCEL'—Z + 4 gt, (18)

where f3; are coefficients that capture the influence of past values of CE;on current ES;.

An F-test is used to evaluate whether the coefficients on the lagged CE; terms
(i.e., B, By, ...) are jointly significantly different from zero. Null hypothesis Hy: CE;
does not Granger-cause ES; (i.e., all B; = 0). Alternative hypothesis Hj: at least one

B £ 0. If these coefficients are jointly significant, it implies that circular economy
developments contain predictive information about economic security, and we con-
clude that CE Granger-causes ES. The same procedure can be applied in the oppo-
site direction to assess whether ES Granger-causes CE.

Although Granger causality does not imply true causation in a structural or the-
oretical sense, it provides valuable insight into the predictive structure of the dynam-
ic system. This information is particularly useful for model specification, lag selec-
tion, and understanding temporal interdependencies, all of which are critical for con-
structing robust VAR or VECM models.

VAR modeling: when no cointegration is present. If both the circular economy
indicator CEt and the economic security indicator ES; are found to be non-station-

ary but become stationary after first differencing (i.e., both are (1)), and the
Johansen test reveals no cointegration, then the appropriate modeling framework is
the Vector Autoregression (VAR) model in first differences [21]. The VAR model cap-
tures short-term dynamic interactions between the variables by expressing the change
in each variable as a function of the past changes in both variables. Unlike the Vector
Error Correction Model (VECM), the VAR in differences does not include any long-
run equilibrium component, as cointegration is absent.

For the two-variable system in this study, the VAR model (with one lag, for sim-
plicity) in first differences can be specified as:

{AESt = 0(0 + alﬁESt_l + azACEt_l + glt (19)
ACEt = ﬁo + ﬁlACEt—l + BZAESt—l + EZt
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where AES; = ES; — ES;_j, ACE, = CE; — CE,_j, o;and P; are estimated coeffi-
cients, € 7;and gy are error terms.

Each equation describes how the current change in a variable depends on the
previous changes in itself and the other variable. For example, the first equation
shows whether past changes in circular economy performance have a significant
short-term effect on changes in economic security. The VAR model is estimated using
Ordinary Least Squares (OLS) for each equation. This estimation provides the short-
run relationships, their statistical significance, and a framework for assessing how the
variables interact dynamically over time. The appropriate number of lags to include is
typically determined by information criteria such as AIC (Akaike Information
Criterion) or BIC (Bayesian Information Criterion).

Although the VAR model does not account for long-run equilibrium, it remains
a valuable tool for analysing interdependencies, feedback mechanisms, and forecast-
ing short-term behaviour in systems where no cointegration exists.

VECM modeling: when cointegration is confirmed. When the circular economy
indicator CE; and the economic security indicator ES; are both integrated of order

one /(1), and the Johansen test confirms the presence of cointegration, the appropri-
ate modeling framework is the Vector Error Correction Model (VECM) [22]. Unlike
the VAR model, which captures only short-run dynamics, the VECM integrates both
short-term adjustments and long-run equilibrium relationships.

The VECM is derived by reparametrizing the VAR model in levels into a form
that explicitly accounts for deviations from long-run equilibrium. For the two-vari-
able system in this study, the VECM with one lag is specified as:

{AESt = al(ESt_l - 9 ‘ CEf—l) + V1AESt_1 + )/ZACEt—l + &1t
ACEy = B1(ESy_1 — 0 - CE¢_q) + 81ACE;_1 + 8,AES;_1 + &3,

where AES;, ACE; are the first differences, ES;_j — 0 CE;_j is the error correction
term, representing the long-run equilibrium relationship, oy and B are adjustment
coefficients, measuring how quickly the variables return to equilibrium after a shock,
y; and §; are short-run dynamic coefficients, €1 and 7; are error terms.

The key feature of the VECM is the error correction term, which captures the
deviation from long-run equilibrium at time 7/—1. The coefficients o] and ] show
how each variable responds to restore equilibrium. For instance, if o.j < 0 and statis-
tically significant, it indicates that when the system is out of equilibrium, ES; will
adjust in the direction needed to correct the imbalance. Estimation of the VECM
provides insight into long-run relationships (via the cointegrating vector 0), speed of
adjustment (via o] and 1) and short-run causality and feedback loops (via the lagged
differenced terms). Thus, the VECM offers a comprehensive framework that com-
bines the strengths of both long-run equilibrium analysis and short-run dynamic
modeling. In the context of circular economy and economic security, it enables the
evaluation of whether improvements in circular economy performance lead to sus-
tainable, equilibrium-consistent gains in economic security over time.

Modeling Procedure Overview. The process of selecting an appropriate modeling
framework for analysing the relationship between circular economy performance and
economic security follows a structured sequence of econometric tests and decisions.

(20)
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The procedure begins with a stationarity check using the Augmented Dickey—Fuller
test. If both variables are stationary in levels (i.c., integrated of order zero, 1(0)), a
standard regression using Ordinary Least Squares is appropriate.

If the variables are non-stationary but become stationary after first differencing
(i.e., I(1)), the next step is to test for cointegration using the Johansen method. This
involves estimating a Vector Autoregressive model in levels, reformulating it as a Vector
Error Correction Model, and evaluating the rank of the cointegration matrix /7.

If cointegration is confirmed, the VECM is applied to capture both short- and
long-term dynamics. If no cointegration is found, a VAR model in first differences is
used to model short-term interactions only. In parallel, Granger causality tests help
determine the direction of predictive influence between variables, providing valuable
input for model specification. Fig. 1 illustrates the complete decision-making process.

[ CE and ES data selection J

!

CE and ES indicators

!

Regression model ]

'

Augmented Dickey-Fuller test ]

Stationarity
1(0) |« > 1(1)

[ Ordinary Least Squares ] [ Johansen method ]

—

—

A 4

[ Granger causality ]

Cointegration

—p Yes

[ Vector Autoregressive model } [ Vector Error Correction Model }

Figure 1. Econometric modeling pathway for circular economy and economic
security analysis

Section 4. Adaptation for Ukraine and exploring future scenarios

This section proposes the adaptation of the theoretical framework to the
Ukrainian context in order to assess the potential effects of circular economy reforms
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on national economic security. Building on the regression estimates derived from
countries with more advanced circular economy practices, a "what-if" analytical
approach is introduced. The aim is to simulate how Ukraine’s economic security pro-
file might respond if similar policy measures were implemented. This modeling exer-
cise provides a basis for scenario-based evaluation of policy choices in a post-crisis
development environment.

Applying regression results for Ukraine. To evaluate the potential impact of cir-
cular economy development on Ukraine's economic security, this study proposes an
extrapolation approach based on the regression models previously estimated for
countries that have already implemented circular economy policies. The logic follows
from the base model (8) and its extended component-specific system (9). In this
extrapolation, the estimated regression coefficients derived from a donor country are
applied to Ukrainian data. The extrapolated values of each component of economic
security for Ukraine are calculated as follows:

(Fya = Basel + EffFCEE,
Pys = B;S;(f + E?EJCELI;A
{ Iy = Base} + EffICE}, Q1)
Eya = Base{ + EffECEE,
\Sya = Bases + EffSCES,

where Xp4 represent the extrapolated values of Ukraine’s economic security

components, Base,* and Eff;* are the intercept and slope coefficients transferred from
the donor country model for component X, CE,,* is the hypothetical circular econo-
my sub-index for Ukraine under an assumed policy scenario, with X €{F, P, I, E, S}.

The error terms Err/* are excluded in this step because the extrapolation focuses
on the expected (deterministic) component of the model. This formulation treats the
system as a vector-valued approximation, enabling a multidimensional assessment of
how CE policies might influence Ukraine’s economic security profile.

By comparing the extrapolated scenario with actual values, this approach
enables a structured “before-and-after” evaluation of circular economy impacts,
offering insights into which dimensions of economic security would benefit most
from reform adoption.

Before-and-after comparison. To assess the practical significance of circular
economy reforms on Ukraine’s economic security, a comparative analysis is con-
ducted between two scenarios:

1. The status quo, which reflects the actual values of economic security indica-
tors observed in Ukraine

2. The policy scenario, which reflects the extrapolated values Fy4, Pigs 114

Ey4, Sy obtained from equation (21), assuming Ukraine had implemented circu-

lar economy measures similar to those of the reference country.
The differences between actual and extrapolated values indicate the hypothetical
gain (or loss) in each component of economic security due to circular economy inte-
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gration. This comparison provides a grounded basis for evaluating not only the over-
all effectiveness of such reforms, but also which dimensions of economic security
would benefit most. The before-and-after analysis adds a scenario-based dimension
to the model, allowing for evidence-informed policy discourse on the benefits and
trade-offs of circular economy strategies in a national security context.

While the extrapolation analysis provides a static snapshot of what the econom-
ic security landscape in Ukraine could look like under alternative policy scenarios, it
does not capture how these effects may evolve over time. To address this limitation
and assess the temporal dimension of circular economy impacts, three parallel tools
are considered: ARIMA models, machine learning algorithms, and simulation-based
approaches — each offering unique advantages for exploring future trajectories of eco-
nomic security under varying conditions.

ARIMA modeling. The AutoRegressive Integrated Moving Average (ARIMA)
model is one of the most widely used approaches for forecasting economic time
series, particularly when the data exhibit strong trends, autocorrelation, or seasonal-
ity [23]. ARIMA is a univariate model, meaning it forecasts the future value of a vari-
able based solely on its own past values and past errors, making it especially suitable
when a clean, interpretable projection is needed.

An ARIMA model is typically denoted as ARIMA(p, d, g), where p refers to the
number of autoregressive (AR) terms, which capture the influence of past values of
the variable, d indicates the degree of differencing needed to make the series station-
ary, q specifies the number of moving average (MA) terms, which account for past
forecast errors.

ES; forecasting might be expressed as:

14 q
ESt =a+ Z ﬁiESt—i + Z ngt—j + &t (22)
i=1 j=1

where ¢, represents the random error term at time 7, b; and vj are coefficients esti-
mated from the data.

The ARIMA model is particularly advantageous due to its simplicity, trans-
parency, and ease of interpretation — features that are especially valuable in policy-
oriented contexts. However, its reliance on linear relationships and single-variable
input makes it less effective in situations where economic security is influenced by
multiple interacting factors, such as complex feedback loops or nonlinear patterns —
areas where more advanced methods may be required.

Machine learning forecasting. While traditional statistical models like ARIMA
are well-suited for structured and linear data, machine learning (ML) approaches
offer greater flexibility in modeling complex, nonlinear, and multi-factor relation-
ships that often characterize the dynamics of economic security [24]. These methods
are particularly useful when the relationships between variables are not easily speci-
fied a priori or when high-dimensional input data are available.

In this context, machine learning techniques such as Long Short-Term Memory
(LSTM) neural networks, gradient boosting algorithms (e.g., XGBoost, Light GBM),
or ensemble regression models can be applied to forecast economic security indica-
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tors using both historical values of circular economy metrics and lagged values of the
target variable itself.
A generalized ML-based forecasting structure can be expressed as:

ES; = f(CE,_1,ES;—1,ES; 3, ...) (23)

where f{') denotes a nonlinear mapping learned from the data.

This flexible formulation allows the model to uncover hidden patterns, interaction
effects, and nonlinear trajectories that may be missed by conventional approaches. Machine
learning forecasting is particularly well-suited for long-run projections, where nonlinear
dependencies and multi-step effects accumulate over time. These models are also highly
adaptive and can improve their predictive accuracy as more data become available.

However, their key drawback lies in the lack of interpretability — especially for
neural networks, which may pose challenges for policy communication and causal
reasoning. As a result, ML methods are often best used in combination with trans-
parent models to validate patterns or simulate alternative scenarios.

Scenario simulation modeling. In addition to statistical and machine learning
methods, simulation-based forecasting provides a powerful tool for analyzing the
future dynamics of economic systems under uncertainty and hypothetical interven-
tions. These approaches are particularly valuable when the goal is not only to predict
outcomes but also to explore a wide range of potential scenarios, structural changes,
or policy shocks. Two key simulation techniques applicable in this context are Monte
Carlo simulation and Agent-Based Modeling (ABM).

Monte Carlo simulation involves running a large number of stochastic experiments
to assess the range and probability distribution of future outcomes [25]. In the context
of this study, key variables such as future values of the circular economy indicator CE},

or the effectiveness coefficient Ejff, can be treated as random variables drawn from

defined probability distributions. The extrapolation model (21) is then simulated
repeatedly across thousands of runs to produce a distribution of possible economic
security trajectories. This approach is particularly well-suited for risk assessment, sensi-
tivity analysis, and stress testing, enabling researchers and policymakers to evaluate how
changes in assumptions or external shocks may influence long-term results.

Agent-Based Modeling provides a bottom-up simulation framework in which
individual economic actors, such as firms, households, or government agencies, are
modeled as autonomous agents with defined behaviors, decision rules and interac-
tions [26]. In this setup, a CE-related policy (e.g., subsidies for recycling, eco-design
regulations) can be introduced at the government level, and the model tracks how this
policy influences the behavior of firms and households over time. ABM is particular-
ly useful for capturing emergent effects, feedback loops, and behavioral heterogene-
ity, which are difficult to represent in aggregate statistical models. This makes it an
ideal tool for evaluating complex systems such as the interplay between circular econ-
omy interventions and national economic security dynamics.

Comparison of forecasting approaches. To synthesize the forecasting options pre-
sented in this section, Tab. 1 provides a comparative overview of the three method-
ological approaches: ARIMA, machine learning, and simulation modeling.
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Table 1. Comparison of forecasting approaches

Method Strengths Limitations Best used for
ARIMA — Transparent, — Assumes linearity Short-term
interpretable — Limited to forecasting with
— Handles trends and univariate inputs clear time-series
autocorrelation well structure
Machine learning — Captures nonlinear — Requires more data Long-term
and complex — Often difficult to forecasting with
relationships interpret (“black multifactor
— High predictive box”) influences
accuracy
Simulation — Handles uncertainty — High complexity Policy impact
modeling and behavioral — Requires strong analysis and
diversity assumptions and alternative scenario
— Useful for scenario calibration evaluation
testing

Each approach offers distinct strengths and limitations depending on the nature
of the data, the complexity of the relationships involved, and the intended use of the
forecast. By contrasting these tools side by side, the table helps clarify how different
modeling strategies can support evidence-based analysis of the future trajectory of
economic security under circular economy reforms.

Conclusions. This study developed a theoretical modeling framework to examine
how circular economy development may influence various components of economic
security. Drawing from system dynamics, regression analysis, and cointegration the-
ory, the model integrates a composite CE indicator and disaggregates ES into five key
components: financial stability, energy security, innovation potential, environmental
safety, and social well-being. While empirical validation remains a task for future
research, the structure and logic of the model support the hypothesis that progress in
circular economy performance is likely to generate positive effects on national eco-
nomic security, both in the short and long term.

The proposed framework offers a structured approach for policymakers to eval-
uate the potential security benefits of circular economy strategies. By combining
composite indicators with econometric analysis and scenario-based extrapolation,
the model allows not only for evidence-based assessment but also for simulation of
alternative policy outcomes — including “what-if” analyses for countries like
Ukraine. This can inform the design of national CE roadmaps aligned with broader
security and resilience goals.

This article presents a conceptual and theoretical model without empirical esti-
mation. The reliability of its results therefore depends on future data availability and
correct specification of real-world parameters. The framework also assumes linear
relationships in its base regression form and relies on composite indices, which can
obscure heterogeneity in underlying indicators. Moreover, while the system is well
suited to national-level analysis, it does not yet account for regional variations or
international interdependencies.

Several avenues for future investigation emerge from this study. First, empirical
validation of the model using real data across multiple countries and years is essen-
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tial. Second, integration of machine learning techniques or agent-based models can
enhance the analysis of nonlinear and behavioral dynamics. Finally, incorporating
more detailed circular economy sub-indicators, such as waste intensity, green inno-
vation uptake, or material dependency, would enable a more granular understanding
of which CE strategies are most effective in strengthening economic security.
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