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Abstract

The economic complexity index defines the basis of the modern theory of economic complexity and
reflectsthe level of knowledge embedded in the production structure of the economy. This study examines
the direct relationship between the economic complexity index and gross regional product (GRP) while
taking into account other factors of the GRP production function in its generalized representation. As
a result, we can isolate the impact of the economic complexity index from other phenomena. The non-
linear nature of the relationship between economic complexity and GRP is revealed, and the direct
relationship is manifested only at sufficiently high values of economic complexity, exceeding a certain
threshold, which is found endogenously using econometric methods. In addition, the paper studies
the relationship between economic complexity and indices of sectoral specialization. We found that
there is a direct relationship between economic complexity and the extractive industry index and no
relationship with the level of development of manufacturing industry. We obtained a clarification of the
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generalized production function of GRP, in which the threshold effect of the influence of economic

complexity manifested itself as a factor of nonlinear dependence describing the elasticity of labor: a
high level of economic complexity provides greater labor productivity. Overall, the results of the study
of the dependence of GRP on economic complexity lead to the conclusion that increasing economic

complexity can be an effective way to stimulate economic growth and development, but only starting
from a certain threshold level. This suggests that an economy must reach a minimum level of diversity
and complexity in its industrial activities before it can experience the productivity gains necessary for

substantial GRP growth.
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Introduction

or a relatively long time, economists have

agreed that a country’s ability to create and

distribute income depends on its productive
structure, as discussed in papers such as [1—-3]. Paper
[4] presents a study of the convergence of productivity
levels across US states and finds that higher productiv-
ity levels are associated with a more diverse and com-
plex production structure.

However, quantifying the productive structure of
a country is difficult. Various approaches have been
attempted, such as the concentration index, which
measures the share of agriculture, manufacturing or
services in the economy, as well as aggregate measures
of diversity and concentration [5]. Other approaches
measure diversification by dividing sectors into related
and unrelated sectors [6—8]. However, these methods
have their limitations, including the possibility of some
bias, since large countries or regions tend to be more
diversified. In addition, they do not take into account
the interconnections between different economic
activities, complexity and sophistication of production
activities.

These shortcomings are resolved by considering
the identified comparative advantages and construct-
ing an economic complexity index [9—11]. The eco-
nomic complexity index allows us to obtain estimates
of the complexity of economic structures, taking into
account both the diversity and uniqueness of sectors.
This allows us to reflect both the breadth and depth of
the economic structure.

One of the most important aspects of economic
complexity is sectoral network structure, which meas-
ures the degree to which different sectors of the econ-
omy are interconnected through production processes.
This interconnectedness is believed to facilitate the
transfer of knowledge, technology and other resources
between sectors and support economic growth. Large
values of the economic complexity index indicate that
the structure of the economy is dominated by inter-
connected sectors. For example, sectors with long pro-
duction cycles, such as electronics and engineering,
require higher levels of coordination and knowledge
and therefore have high levels of economic complex-
ity. In contrast, economic structures dominated by pri-
mary and agricultural sectors have low values of eco-
nomic complexity.



The paper [12] presents calculations of the eco-
nomic complexity index for countries and shows how
it can be used to forecast economic growth and identify
potential areas for diversification and development of
the economies of countries.

The relationship between economic complexity and
gross domestic product (GDP) is of great interest to
economists, since GDP is a widely accepted indicator
of regional production and economic development.

The authors of [11] have shown that countries with
a more complex production structure tend to have
higher levels of economic growth and higher GDP per
capita, which in turn are associated with lower poverty
rates and better social welfare [13]. Hence, one may
conclude that development policies should aim to cre-
ate conditions that will stimulate growth in economic
sophistication (for a more detailed discussion see [10]).

In recent years, statistical studies have used the eco-
nomic complexity index as an explanatory factor for
economic growth, knowledge level, human capital,
inequality and other socio-economic indicators [12,
14, 15]. However, the relationship between economic
complexity and socioeconomic indicators is not always
unambiguous, and there are other factors that may
influence this relationship. As will be shown in this
paper, often the assumption or conclusions that there is
a direct relationship of GRP with economic complex-
ity is erroneous, because, as a rule, other basic indica-
tors of the economy and science are not considered.

In [16], a generalized GRP production function
was obtained, in which regional output depends on the
number of employed persons (L), the value of fixed
assets (K) with their elasticity coefficients, which are
given by the sectoral structure of GRP, and the number
of researchers (P) (distinguished as an additional pro-
duction factor with a constant elasticity coefficient).
These factors of the production function will be con-
sidered as the main characteristics of the economy.

The purpose of this paper is to test two hypotheses
using data on the regions of the Russian Federation.
First, we will examine whether there is a direct rela-
tionship between the index of economic complexity and

GRP. Second, we will examine whether there is a direct
relationship between economic complexity and the fac-
tors of the generalized production function. For this
purpose, we will use the methodology of finding direct
relationships and hypothesis family testing [16, 17].

1. Data

Let us consider GRP for the year 2019 and the main
factors of the generalized GRP production function
from [16]:
¢ gross regional product for the year 2019 [18];
¢ fixed assets at the end of 2019 [18];

¢ average annual number of employed persons for
2019 [18];

¢ indices of extractive (S,) and manufacturing (S,)
industries for 2019 (see below);

¢ number of researchers in 2019 [18].

Let us explain in more detail about the indices of
extractive (S§,) and manufacturing (§,) industries,
which characterize the sectoral features of the region.
These indices were constructed by the author based on
the data of GRP sectoral structure using component
analysis with rotation and reflect the sectoral speciali-
zation of the regions under consideration (Fig. ). The
data of the GRP sectoral structure included the main
six industries that determine the nature of the economy
of the Russian regions [18]:

¢ agriculture, forestry, hunting, fishing and fish
farming;

mining, oil and gas;
manufacturing;
wholesale and retail;

real estate operations;

* & & o o

public administration and military security; social
security.

Further, these indicators were expressed through two
factors by the method of principal components with rota-
tion (Fig. 1), which account for more than 80% of the
explained variance in the data for the year 2019. For other
close years, very similar results are observed, indicating a
very slow change in the structure of regional GRP.
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Fig. 1. Distribution of Russian regions in the space of sectoral orientation indices
(listed in ascending order; based on data for 2019).

At the same time, we considered the data on tax rev-
enues for 82 sectors of the Russian Federation regions
[19], which reflect the production volumes of each sec-
tor of the economy for export and for domestic con-
sumption. Based on these data, an index of economic
complexity was constructed for 2019—2020 [20].
Figure 2 shows the estimates we obtained of the eco-
nomic complexity index. Note that the index of eco-
nomic complexity, in fact, is equivalent to the gener-
alized eigenvector of the matrix “region—region,” the
elements of which characterize the nested structures of
economies.

The region of economic complexity values can be
roughly divided into ranges, within which locally the points
are well approximated by linear rank dependencies:

¢ Range-1: regions with a predominance of unique
sectors in the economic structure. As a rule, these
regions are characterized by specialization in the

extractive industry. For them, the average value of
the extractive industry index (+13.64). A sufficiently
high average value of the manufacturing industry
index (+11.05) indicates the presence of regions
with a mixed-type structure, where manufacturing
sectors are also sufficiently represented.

Range-2: regions with a weakly diversified mix of
strong sectors and non-unique sectors. These regions
include regions with emerging economies. Average
value of the extractive industry index (+7.16),
average value of the manufacturing industry index
(+7.45).

Range-3: regions with highly diversified structures of
strong sectors and long value chains. This includes
regions characterized by the presence of long
value chains and specialization in manufacturing.
The average value of the extractive industry index
(—3.87) indicates the absence of extractive industry
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Fig. 2. Estimates of economic complexity by regions of the Russian Federation
(listed by ascending order; based on data for 2019).

in most of these regions. The average value of the
manufacturing industry index is (+17.68).

It should be noted that the smallest dispersion of
economic complexity values is observed for points from
Range 1, and the dispersion of points from Range 3 is
the largest. The minimum average value of the extractive
industry index is for regions with economic complexity
in Range 1, and the maximum for Range 3.

2. Research methodology

The proposed methodology aims to obtain an ana-
Iytical expression describing the impact of economic
complexity on gross regional product (GRP). The
methodology consists of several steps:

1. Identification of explanatory variables directly
related to GRP. The first step is to identify the variables
that are directly related to GRP (hereinafter referred

to as ¥, — GRP of the i-th region). This is done using
the technique of the so-called “causal analysis” or
analysis of the direct relationships structure [16]. Let
us explain this concept. If in a set of random variables
(including both resultant and explanatory variables)
Z=(Z, Z, .., Z), the conditional distribution of
value Z from all others is determined only by their part
Zj, Z,, ..., Z, (those not included in the condition can
take any values). Let us denote by lowercase letters
Z,, -, 2, the realized values of the corresponding ran-
dom variables Z,, Z,, ..., Z. Then the definition of
direct relationships can be written as:

P(z|z,, ...

forallz, ...,

0 2) = P22, 2 s 2) 2

»z), (1)

and the variables Zj, Z,, ..., Z are called directly related

to the variable Z. In the continuous case, the par-
tial correlations of Z with the directly related (and



only with them!) are not zero. Namely, if Z and ZJ are
directly correlated, then different from zero will be:

corr(Z,,Z)|Z_) =

i &

=corr(Z,. _PrZi(Z_(i,j))sZj-_Pij(Z—(i‘j))’ (2)

where Z_; ;) — the set of variables excluding Z and Z;
PrZi (Z_(,.’ j)) and Pr, (Z_(,-‘ j)) — projection of Z and Z
onto the linear subspace sp (Z,(,-, j))

2. Identification of the form of the relationship
between GRP and economic complexity: monotonic or
non-monotonic? To identify the non-monotonic rela-
tionship between GRP and economic complexity, the
estimation of the non-parametric Nadaraya—Watson
kernel regression g (x) is used [21]:

" w (x) log(Y')
g, (x)= 2,00 log(l)

y2
exp[—]
- 2
where w,(x) = k(xTX‘} k(y)=————2;

log(Y) — logarithm of GRP for i-th region;
X — ranks of economic complexity for i-th region;

k(y) — kernel of nonparametric regression (3) with
parameter 7, 7— window width in nonparametric ker-
nel regression (3).

Note that the window width 7 was estimated using
the so-called leave-one-out estimate cross validation,
see [22] for details:

Topt = argl;l’linzilil(log()’[)—gn(i)(X[))Z, (4)

where (/) means that point / is not considered when
computing the nonparametric estimate at point X.
The use of cross validation with one point left out is
particularly useful when the data size is small, as it
allows the model to be trained on almost the entire
data set. However, for large data, this cross-validation
approach can be computationally expensive because
the model has to be retrained for each individual data
point.

3. Construction of nonlinear regression dependence
of GRP on directly related explanatory variables. After
the variables that are directly related to GRP (denoted
by ¥, — GRP of the i-th region, i = 1, ..., N) are identi-
fied, the form of non-monotonic dependence of GRP
and economic complexity is determined, a nonlin-
ear regression dependence on these variables is con-
structed:

Y=fx,0) +¢e,i=1,.., N, (3)

where f: R~ R a nonlinear function of the explanatory
and directly related to Y, variables, x, Rk;

N p
0 R — vector of true values of the unknown param-
eters;

(¢, are assumed to be independent identically distrib-
uted random variables (not necessarily normally dis-
tributed) with E(e) = 0 and Var(c) = o°.

Under the assumption that the function f(-) is
known, the parameter vector @ of model (5) is esti-
mated as the solution to the following problem:

A . N 2
0:arg£n1nzi:](Y[—f(x[,0)) . (6)

Finding a solution to this problem is done by
numerical methods using the Levenberg—Marquardt
algorithm [23, 24].

According to the results presented in [23, 24], under
sufficiently large » and appropriate regularity assump-
tions (such as twice continuously differentiable f(x,, 0)
with respect to 0), the LSE-estimator 0 has an asymp-
totically normal distribution:

év~1vp(6f,a2 [(F(a*))rf(a* )}IJ (7)

here F(0" )= o\x.5) (x.6) RV
whnere ( )— 20, " € .
J = i»j

Thus, this methodology combines several statistical
techniques including causal analysis, non-parametric
estimation and non-linear regression to establish the
relationship between economic complexity and GRP.



3. Research results

Let us analyze the mutual relations between eco-
nomic complexity and the above-mentioned charac-
teristics of science, the economy in the regions of the
Russian Federation. For this purpose, the matrix of
partial correlations was estimated using the data for
the year 2019 and the hypotheses about the absence
of direct relationship between each variable and eco-
nomic complexity were consistently tested (Table I).

Table 1 (right part) presents the results of testing the
family of hypotheses about equality of partial corre-
lations to zero; for a more detailed description of the
testing procedure of the hypotheses considered [16].
Units indicate cases when there are no direct relation-
ships between economic complexity and the corre-
sponding variable.

As can be seen from Table 1, economic complexity is
not related to the index of manufacturing industry, but
it is related to the index of extractive industry. Figure 3
provides visual confirmation for that.

Among all the variables considered, economic com-
plexity has a statistically significant direct relationship

with the extractive industry index. The existence of this
relationship indicates that the scenario of a transition
from an extractive-based economy (e.g., mining or
oil, gas) to a more diversified one (in particular, ori-
ented towards long value chains) is associated with an
increase in the level of economic complexity.

The lack of a relationship between the economic
complexity index and the manufacturing index may
imply that the mere presence of manufacturing in the
economy is not sufficient to increase its complexity.
This may be the case if manufacturing is concentrated
in a few low-complexity industries or if other sectors of
the economy remain underdeveloped.

As shown in Table 1, the partial correlation for GRP
and the economic complexity index is insignificant,
while in the case of the partial correlation for ranks,
there is a statistically significant relationship for these
variables (hypothesis accepted at 5% level). This indi-
cates the existence of a non-linear relationship between
the index of economic complexity and GRP.

Let us take a closer look at the form of dependence
of the logarithm of GRP on the ranks of economic
complexity (Fig. 4).

Table 1.
Statistical estimates of partial correlations with economic complexity
(for original variables and their ranks) for 2019.
Results the family of hypothesis testing for equality of partial correlations to zero
. . . Ho:
Partial HO: Partial correlation . .
- . . . . partial correlation
correlation partial correlation with economic T T
with economic with economic complexity complexit
complexity complexity is zero for ranks for ranl?s is zvero
Fixed assets 0.16 1 0.20 1
Average annual number of employed persons -0.30 0 -0.06 1
GRP -0.14 1 -0.24 0
Researchers 0.03 1 -0.05 1
Extractive industry index -0.53 0 -0.61 0
Manufacturing industry index -0.12 1 -0.01 1
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Note that the U-shaped dependence in Fig. 4,
obtained wusing nonparametric Nadaraya—Watson
regression, suggests that there cannot be a simple linear
relationship between economic complexity and GRP.

A U-shaped relationship between economic com-
plexity and GRP implies that both very low and very
high levels of economic complexity correspond to high
GRP, while medium levels of economic complexity
correspond to lower values of GRP. Thus, we can dis-
tinguish the following types of regional economies:

1. Low economic complexity, high GRP: regional
economies tend to be rich in natural resources and their
GRPs are heavily concentrated in extractive industries
such as oil, gas or mining. Despite the low complexity
of their economies (as they are mainly focused on one
or a few sectors), these regions can have high GRPs
due to the high market value of their resources and
intensified mining.

2. High complexity, high GRP: regional economies
with high economic complexity tend to have a wide
range of developed and interconnected industries that
include high-tech industries. These regions are typi-
cally characterized by high levels of industrialization,
investment in human capital and technological inno-
vation.

3. Medium level of complexity, lower GRP: regional
economies that are in the process of transitioning to
a more diversified and complex economy. There is a
lack of developed capacity to efficiently produce more
complex goods and services.

Thus, according to Fig. 4, we can distinguish two
possible paths to higher GRP: (i) through natu-
ral resource extraction or (ii) through the develop-
ment of a more sophisticated industrialized economy.
Each pathway has its own advantages and challenges.
For example, resource-rich regions may achieve high
GRP quickly, but they may face instability due to fluc-
tuations in commodity prices and may have difficulty
diversifying their economies.

Due to the non-monotonicity of the correspond-
ence between the logarithm of GRP and economic
complexity, we take as a threshold for economic com-
plexity the argument x,,, at which the minimum of the

constructed nonparametric Nadaraya—Watson regres-
sion (3) g, (x)is reached (Fig. 4):

X, = argrxnin grw(x) = 46.

The rank X, corresponds to an economic complex-
ity value of 0.45.

Let’s estimate the threshold impact of economic
complexity on GRP:

cor(GRP, ECI| ECI>0.45, X oy o) = 0.79,
coGRP, ECI| ECI< 0.45, X_ =-0.18,

(GRP, ECV

where X ., 4, all considered indicators of science

and economy except GRP and ECI.

Thus, only at values of economic complexity exceed-
ing 0.45, there is a direct relationship between GRP
and the economic complexity index.

Based on the identified threshold direct relationship
between economic complexity and GRP, the represen-
tation of the extended production function for GRP
was summarized:

Y =c- Kﬁl(sl’sz)L/jz(Sl’sz’T)PY +e€, (8)

where

HySy i 'Sz)

575 (81:5,.T) =

(/‘2‘51 Ty,

(

e
/31 (SI’SZ) -
I+ e

(S +45-Sy 404 T?)

e

1+/1]e(

;qu,+;3452+1472) ’

{EC[, if ECI > 0.45

0, otherwise ;

Y, AL AL AL A

12 MY Flgs My ,ulg qu’ /13 - COHStantS;

Y — gross regional product in 2019;

K — fixed assets at the end of 2019;

L — average annual employment for 2019;
P — number of researchers for 2019;

ECI — economic complexity index calculated from
data for 2019;



S, and §, — indices of extraction and manufacturing,
respectively, calculated for 2019;

¢ — errors of model (8).

Note that the expression found for GRP is esti-
mated with greater accuracy, namely R* = 0.982, which
is greater than in [16].

Endogeneity in model (8) occurs when the error ¢
is statistically dependent on one or more explanatory
variables among K, L, P, S, S,, T. Namely:

E(|K, L, P,S, S, T)#0.

It is well known that the presence of endogeneity
leads to bias and invalidity of the LSE-estimators of
the model parameters, leading to incorrect conclusions
about the statistical significance of the relationships. To
test the hypothesis about the absence of endogeneity is
equivalent to the hypothesis testing for independence of
each explanatory variable and errors in model (8). To
test independence, we use the Hilbert—Schmidt inde-
pendence criterion [25]. In contrast to the statistics in
the Hausman test for independence of explanatory vari-

ables and the residuals of the model, which is assumed
to be linear [26], the Hilbert—Schmidt test for inde-
pendence allows for the presence of nonlinearity. A high
value of the Hilbert—Schmidt independence criterion
for a pair of variables indicates their dependence, while a
low value corresponds to independence. Assuming that
the null hypothesis is independence of the pair of vari-
ables under consideration, 7able 3 presents the results
of the test.

As can be seen from the results of Table 3, the
hypothesis that errors in model (8) are independent of
explanatory variables is not rejected.

In order to make sure that the observed lack of rela-
tionship between errors and explanatory variables is not
due to confounding variables, we test for conditional
independence. For this purpose, we can also use the
Hilbert—Schmidt independence criterion (7able 4).

Thus, according to the results presented in Table 4,
the hypothesis of conditional independence of errors
and explanatory variables in model (8) is also con-
firmed.

Table 2.
Parameter estimates of model (1) and their statistical significance
Estimate Sd. error t-value p-value

C 6.77 0.42 453 0.00 b
K, 1.79 0.21 2.72 0.01 b
w, (extractive industry index; fixed funds) 0.01 0.00 3.53 0.00 o
w, (manufacturing industry index; fixed funds) -0.02 0.01 -3.68 0.00 e
A 0.33 0.26 -4.35 0.00 e
A, (extractive industry index; employed) -0.01 0.01 -1.96 0.05 *

A, (manufacturing industry index; employed) 0.05 0.01 3.83 0.00 o
A, (economic complexity) 3.34 1.16 2.89 0.01 *
y (researchers) 0.05 0.02 2.81 0.01 *

Denotations: *** — p-value at less than 0.001 level, ** — p-value at less than 0.01 level, * — p-value at less than 0.05 level.



Table 3.

Testing the hypothesis of independence of the errors of model (8)
and its explanatory variables

Pairs of variables Hilbert-Schmidt independence criterion p-value Existence of independence
e, T 0.0000033 013 independent
e, K 0.0000364 0.8 independent
e, L 0.0000366 0.79 independent
e, P 0.0000257 0.97 independent
68 0.000193 0.27 independent
e, S, 0.000237 0.23 independent

Table 4.

Testing hypotheses about conditional independence of errors of model (8)
and its explanatory variables

Pairs of variables | condition Hilbert-Schmidt independence criterion p-value Existence of independence
(,T|IT,L,P,S,S,) 0.00000154 0.1 independent
(¢,K|T,L,P,S,S) 0.0000503 0.98 independent
(e, L|T,K,P,S,,S,) 0.000258 0.45 independent
(¢, P|IT,K,L,S,,S) 0.000149 0.89 independent
(¢,8,|T,K, L, P,S) 0.000368 0.77 independent
(¢, S,IT,K, L, P,S) 0.000657 0.18 independent

The presence of a statistically significant posi-
tive parameter A, at truncated economic complexity
suggests the possibility of the effect of “spillover” of
innovations. Regions with a more complex production
structure tend to have greater diversification, which
creates opportunities for inter-sectoral diffusion of
knowledge and technology, which in turn can lead to
increased innovation and productivity growth. In addi-
tion, a region that produces a variety of products and
has interconnected production processes has more
opportunities to exploit economies of scale.

Figure 5 illustrates that increasing returns to scale
are characteristic of regions with high elasticity of labor
and low elasticity of capital.

As can be seen from Fig. 5, the growth of labor elas-
ticity is accompanied by a decrease in the elasticity of
capital and vice versa. This indicates a shift in the pro-
duction function due to sectoral differences of regional
economies.

Figure 6 shows that the presence of diminishing
returns to scale is characteristic of regions with a high



concentration of extractive industries in the structure
of the regional economy. Declining returns to scale
mean that a proportional increase in labor and capi-
tal leads to a less than proportional increase in output.
This may be because extractive industries (e.g. mining,
oil and gas) are often capital intensive and may face
problems such as resource depletion, environmental
regulations or high operating costs.

Figure 7 shows that increasing returns to scale are
characteristic of regions with high manufacturing con-
centration and high economic complexity. Sufficiently
large values of economic complexity, exceeding the
threshold of 0.45, correspond to large returns to scale.

Labor elasticity

Since the economic complexity index characterizes
the concentration of related sectors in the structure
of an economy, as an economy becomes more com-
plex, networking or relatedness facilitates the sharing
of best practices and collaboration on innovation, and
hence contributes to higher productivity. In a complex
economy characterized by intricate inter-sectoral link-
ages and advanced production, the wealth of diverse
knowledge and skills tends to be high. Sectoral related-
ness allows this knowledge to be transferred between
sectors, contributing to overall productivity. With high
levels of sectoral relatedness, innovations and techno-
logical advances are more easily diffused across related
sectors.

0.6

0.5

0.4

0.3

0.2

0.50 0.55

0.60 0.65 0.70
Fixed assets elasticity

Fig. 5. For each region of Russia according to model (1):
B,(S,, S,) —elasticity of fixed assets, x-axis; 3, (S|, S,, T,,) —the elasticity of labor, y-axis.
Straight line:x +y + y=1.
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The formation of related sectors encourages co-
development, where sectors do not grow in isolation,
but through the joint development of technology, skills
and knowledge. Such interconnected growth can fur-
ther increase productivity through synergies between
different sectors.

Thus, regions with more diverse and complex pro-
duction structures with specialization in manufactur-
ing are better positioned to benefit from economies of
scale and respond to economic change. As noted ear-
lier, regions with more complex economic structures
tend to have more diversified economies, making them
more adaptable to volatile economic conditions.

Conclusion

The most important results of the econometric study
of the impact of economic complexity on the GRP of
the Russian Federation regions, performed through
the consistent use of three statistical methods (partial-
correlation analysis of identifying direct relationships
between variables, the Nadaraya—Watson method of
nonparametric regression estimation, and the least
squares method for nonlinear production functions)
based on the statistical data for the year 2019, are as
follows:

¢ There is no direct statistical relationship between
the manufacturing industry index and economic
complexity for the regions of the Russian
Federation. This means that the emergence of new
manufacturing sectors or the expansion of previously
existing ones is not necessarily accompanied by an
increase in economic complexity.

¢ Theextractive industryindex hasadirect relationship
with the economic complexity index. An increase
in the extractive industry index corresponds to a
decrease in the economic complexity index.

+ Statistical evaluation of non-parametric Nadaraya—
Watson regression showed that there is a non-
linear relationship between GRP and the economic
complexity index.

¢ Having ranked the regions by the level of economic
complexity and excluding the influence of other
variables in the sample, the rank number and the

corresponding level of economic complexity were
found, above which there is a direct relationship
between GRP and economic complexity, and below
which there is no such relationship.

¢ Statistical estimates of the parameters of the
considered generalized production function show
that the elasticity of fixed assets depends in a
statistically significantly manner on the indices
of sectoral specialization, while the -elasticity
of labor depends both on the indices of sectoral
specialization and economic complexity. For
values of economic complexity above a certain
threshold, high economic complexity corresponds
to higher labor elasticity. This indicates that regions
with a more complex, diverse and interconnected
production structure have higher productivity and,
consequently, have more opportunities for efficient
use of their labor resources.

¢ Increasing returns to scale are evident only in
regions where manufacturing industries predominate
and there is a sufficiently high level of economic
sophistication. Regional economies with a
high concentration of extractive industries are
characterized by decreasing returns to scale, which
potentially limits their growth.

¢ Manufacturing can provide more opportunities
for productivity and value addition than extractive
industries.

In general, the results of the study of the relationship
between GDP and economic complexity emphasize the
importance of taking into account economic complexity
as an explanatory variable of the production function for
regional GRP in its generalized form. Stimulating in-
creases in economic complexity can be an effective way
to promote economic growth and productivity, but this
effect is only evident when the level of economic com-
plexity is high enough. By increasing the diversity and
economic complexity of their production structures,
regions can increase productivity, competitiveness and
economic stability, leading to higher levels of GRP and
sustainable economic growth.

The importance of the composition of economic
sectors and the balance between labor and capital in
shaping output and growth should also be emphasized.



Regions concentrated in sectors with high labor elastici-
ties are characterized by increasing returns to scale and
hence potentially higher economic growth. Conversely,
regions with a high concentration of extractive indus-
tries may experience declining returns to scale, poten-
tially limiting their growth. This underscores the impor-
tance of policies aimed at increasing productivity and
diversification away from extractive industries for sus-
tainable economic growth.

The methodology presented in this paper for quan-
tifying the impact of economic complexity on gross re-
gional product (GRP) can be useful in the decision-
making process of locating new production facilities,
distribution centers or branches of enterprises. Under-

standing the impact of economic complexity on GRP
can help identify economically stable and sufficiently
diversified regions with more favorable business condi-
tions. However, regions with a complex economic struc-
ture are also characterized by a higher potential level of
competition.

Higher GRP usually correlates with higher purchas-
ing power of consumers. Therefore, the results present-
ed may help businesses to identify potentially lucrative
regional markets for their products or services. However,
it is important to note that, while useful, this methodol-
ogy is one tool and should be used in conjunction with
other data sources and market research to make com-
prehensive decisions. B
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