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Abstract. In this paper the authors present the results of a large-scale study that proposes a
holistic approach to assess spatial distribution of various social phenomena across the world.
70 statistical indicators describing the political, economic, military, sociodemographic and
ideological and value factors that determine the structure of modern international relations
were selected and underwent a set of spatial econometrics procedures. For this purpose, such
methodological instruments were chosen as dasymetric mapping, geographical anamorphosis,
Moran’s I, local indicators of spatial association clustering (LISA) and multidimensional
scaling. The authors illustrate each step with an overview of the obtained results for all or
certain indicators, for instance, those which demonstrated statistically significant LISA
clustering results for the Balkan countries. Furthermore, the authors proposed Spatial
Dependence Index (SDI) to identify where the spatial influence is identified separately
from other factors on the examples of such statistical indicators as GDP PPP per capita,
religiosity level, suicide rates, etc. The conducted research was aimed to test the methods
of spatial econometrics to the political map of the world, it shows a set of tools capable
of explaining the changing structure of world politics and revealing the transformations
of local clusters in different regions of the world. The authors conclude that the proposed
spatial econometrics approach is holistic and helps to identify and interpret state behaviour
patterns and, in broad sense, social phenomena through the geographical lens. The findings
from this study support the use of GeoDA software and make a significant contribution to
understanding the degree of space influence on phenomena distribution and international
relations in general.
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L{enmp npocmpancmeennozo anaiusd
MmedncoyHapoonvix omuowerutt MITUMO (V) MH/] Poccuu
Poccuiickaa @edepayus, Mockea

AHHoTanus. B nanHoil cTarbe aBTOPBI MPEACTABISIIOT PE3yabTaThl MACIITA0HOTO
HCCIIEI0BAHMSA, NIPEJIaraollero UeJI0CTHbIN MOAX0 K OLIEHKE IPOCTPAHCTBEHHOIO
pacripesienieHust pa3InyHbIX COLMAIbHBIX SIBIEHUN B Mupe. 70 CTaTUCTHUECKUX MOKa3aTeseH,
OTUCHIBAIOIINX MONUTUIECKUE, SKOHOMUUECKHE, BOCHHBIE, COIIMANBHO-TEMOrpaduuecKkue
U UJICIHO-IICHHOCTHBIE (haKTOPBI, OTIPEEISIONINE CTPYKTYPY COBPEMEHHBIX MEXTYHAPOTHBIX
OTHOIICHUH, OBUTH OTOOPAHbI U MPOILIH KOMIUIEKC MPOLEIyp NPOCTPAHCTBEHHON
9KOHOMETpPUKH. J{7151 3TOr0 OBLIM BHIOPaHBI TAKME METOOIOTNIECKUE HHCTPYMEHTHI, KaK
JIa3UMETPHIECcKoe KapTUpOBaHUE, Teorpaduueckas anamophosa, HHIeke MopaHa, JIOKalbHbIE
MHJUKATOPbI KJIACTEPH3aIUN MPOCTPaHCTBEHHOM aBTOoKOppensimu (LISA) u MHOromepHoe
IMIKAIMPOBaHUE. ABTOPBI WIUTIOCTPUPYIOT KaXIbIil IIar 0030pOM MOTyUEHHBIX PE3yIBTaTOB
UL BCEX WM OIIPEEIeHHbIX [10Ka3aTellei, HalpuMep, TeX, KOTOPbIe IPOJEMOHCTPUPOBAIIH
CTaTUCTUYECKU 3HAUMMBbIE pe3yibrarhl kiaactepusanuu LISA nis crpan bankanckoro
noinyocTposa. Kpome Toro, aBTopbl IPeII0KUIN HHIEKC IIPOCTPAHCTBEHHON 3aBUCUMOCTH
(UIT3 unu SDI), 9T00BI ONIpenenuTh, Ie IPOCTPAHCTBEHHOE BIUSHUE MPOSIBISIETCS
OTJENBHO OT JPYrux (paKTOPOB HA MPUMEPE TAKUX CTATUCTHUECKUX IOKa3aTeNel, Kak
BBII o II1C na gyury HaceneHus1, ypoBeHb PEIUTHO3HOCTH, YPOBEHb CAaMOYOUIICTB U Ap.
ITpoBeneHHOE HCCIeN0BaHNE ObIIO HAIPABICHO HA alpOOALIHI0 METOIOB IPOCTPAHCTBEHHON
SKOHOMETPHUKH K IMOIUTUYECKONH KapTe MHUpa, OHO ITOKa3bIBAET HAOOP MHCTPYMEHTOB,
CIIOCOOHBIX OOBSICHUTH MEHSIOUIYIOCS CTPYKTYPY MUPOBOM MOJUTHKU U ONPEICIINUTh
TpaHC(HOPMAIIIH JIOKANBHBIX KJIACTEPOB B PA3IMYHBIX PETHOHAX MUPA. ABTOPBI IPUXO/ST
K BBIBOJlY, YTO IPEJIOAKEHHBIN IIOAX0/ IPOCTPAHCTBEHHOM 3KOHOMETPUKHU SBIISAETCS
LIEJIOCTHBIM U [IOMOT'aeT yCTaHABIUBATh U HHTEPIIPETUPOBATh MOJIEIH [IOBEIEHUS TOCYAaPCTB
U B IINPOKOM CMBICIIE — COIMAIIbHbIE (DeHOMEHBI uepes reorpaduueckyro npusmy. Pesynsrarsl
JTAHHOTO MCCIICOBaHUS MOIJICPKHUBAIOT UCIIOIB30BAHUE TPOrPAMMHOI0 00CCIICUCHHUS
GeoDA 1 BHOCAT 3HaUUTENbHBIN BKJIa/l B IOHMMAaHHUE CTENIEHH BO3AEUCTBUSA IPOCTPAHCTBA
Ha pacIpeieIcHUe BIEHUN U MEX/yHapOAHbIE OTHOILLIEHHS B LIEJIOM.
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Introduction

Space rarely represents homogeneous en-
tity: states differ from each other in terms of
GDP, political regimes, level of religiosity, etc.
However, states are not scattered like stars in
space, they are situated near and far from other
states, interact with each other and influence
their neighbours directly, for example, in wars,
and indirectly, for instance, through imple-
menting internal policies. But how are social,
political and economic phenomena distributed
across the world? Spatial econometrics can be
helpful to answer that question. The increase in
the use of spatial econometrics instruments has
been witnessed recently on local and regional
where they have proved to be effective when we
speak about spatial effects on real estate prices
in Italy (Copiello, 2020), crime rates in Indone-
sia (Hardiawan et al., 2019) and suicide rates in
Brazilia (Lobo et al., 2020).

Nevertheless, the current academic lit-
erature on spatial econometrics demonstrates
the lack of studies on a worldwide scale. The
authors of this study have proposed a compre-
hensive approach to explain the global distribu-
tion of various phenomena with the methods of
spatial econometrics. We collected data on 70
indicators divided into seven groups — politics,
economics, demography, international influ-
ence, quality of life and values and conducted
a set of spatial econometrics procedures using
GeoDA software. Our aim was to reflect the

spatial structure of contemporary international
relations, their characteristics and key influenc-
ing factors. Therefore, the principal research
questions were the following: what global pat-
ters of national spatial distribution can be iden-
tified with the help of Moran’s and LISA (lo-
cal indicators of special association) statistics?
Can we separate the geographic influence on
the distribution of social, economic, political,
etc. phenomena around the globe from any oth-
er statistical pattern?

The creation of spatial distribution maps
of the selected indicators can make it possi-
ble to identify the presence of spatial relation
among them. We analysed not only the im-
pact of a single parameter on a set of countries
but also mutual influence of the indicators by
multi-dimensional scaling to determine the
optimal geostatistical neighbourhood for each
country. Still, it is impossible to present the re-
sults of such a big and thorough research in one
article, so this paper will focus on presenting
the methodological kit, including the proposed
Spatial Dependence Index (SDI), and the key
findings for each of its component.

Theoretical background

The idea to use spatial analysis for iden-
tifying the influence of geographical factors
is not new for social sciences (Enos, 2017):
one of the principal contributors to the spatial
econometrics, Luc Anselin together with John
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O’Loughlin focused on the geographical con-
text of international relations in Africa. They
concluded that spatial effects (dependence, het-
erogeneity and proximity) can be identified,
modelled and interpreted within the interstate
relations in Africa in 1966—1978, thus proving
that geographical context cannot be omitted
provided that proper spatial modelling proce-
dures are applied (O’Loughlin and Anselin,
1991).

Another attempt to reconcile geographical
and political perspectives was made by Harvey
Starr who claimed that the context behaviour
mode of thinking best joins political and geo-
graphic perspectives. He shares the view of
L. Anselin and J. O’Loughlin that sheer stan-
dard regression techniques are not adequate in
distinguishing between different forms of spa-
tial effects, but international relations will sure-
ly benefit from the methods being developed to
provide spatial analysis (Starr, 1991).

This research belongs to the row of em-
pirical literature: while some scholars focused
on spatial patterns of technology diffusion
(Coe et al., 1997; Keller, 2002; Lopez-Bazo et
al., 2004), other studies were devoted to those
political, social and economic factors in neigh-
boring countries that can have an impact on
growth (Ades and Chua, 1997; Easterly and
Levine, 1998; Lall and Yilmaz, 2001; Murdoch
and Sandler, 2002, Lim, 2016). Another cluster
of spatial dependence studies focuses on states
and regions converging within groups, for in-
stance, Ramajo, J. et al. (2003), Carrington, A.

(2003), Baumont, C. et al. (2003). Last but not
least, there is a vast field of standard spatial
econometric analysis covered by such authors
as Le Gallo, J. et al. (2003), Moreno, R. and
Trehan, B. (1997), Rey, S.J. and Montouri, B.D.
(1999) and Weidmann, N.B. et al. (2010).

Nevertheless, this study is different in the
sense that this is the first attempt to provide a
holistic outlook on global geographic intercon-
nectedness of economic, social, political and
cultural relations.

Methods and data

The authors of this study have proposed a
comprehensive approach to explain the distri-
bution of various phenomena with the methods
of spatial econometrics. In the beginning we
collected 12 expert opinions from the scholars
with different academic background (geogra-
phers, political scientists, economists and so-
ciologists), which indicators most accurately
reflect the positions of countries in the world.
Based on the expert views we selected 70 in-
dicators (Table 1) describing politics, econom-
ics, demography, human capital, values and
the international influence of the state, and
we collected a database of all countries of the
world. We used a wide range of reliable statis-
tic resources, including United Nations, World
Bank, International Monetary Fund, Transpar-
ency International databases.

The next step was to conduct a set of spa-
tial econometrics procedures using QGIS and
GeoDA software (Table 2). Our aim was to re-

Table 1. Indicators collected within the study

# Indicator Source Time Period
Politics
1 Polity I'V Index Polity Project 2018
2 Age and marital status, which entitle to vote Inter-parliamentary Union 2019
3 Share of women in parliament (lower chamber) | Inter-parliamentary Union 2019
4 Share of women in parliament (upper chamber) | Inter-parliamentary Union 2019
5 Freedom of press Freedom House 2017
6 Political rights Freedom House 2017
7 Corruption perception index Transparency International 2017
8 Bertelsmann Sustainable Governance Index Transparency International 2017
9 Bertelsmann Transformation Index Transparency International 2017
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Continuation of Table 1

# Indicator Source Time Period
Economics
10 | Nominal Gross Domestic Product International Monetary Fund 2017
11 Gross D.O mestic Produpt based on International Monetary Fund 2017
Purchasing Power Parity
12 Gros.s Domestic Pr.oduct base.d on Pur- International Monetary Fund 2017
chasing Power Parity per capita
o . Central Intelligence Agen-
13 | Contribution of agriculture to total GDP oy, the World Factbook 2017
14 | Output per worker International Labour Organization 2017
Central Intelligence Agen- 2017 or the most
15 | Unemployment rate cy, the World Factbook recent year
16 | Poverty headcount ratio at $ 3.20 a day World Bank 2017 or the most
recent year
17 | Gini Index World Bank 2017 or the most
recent year
18 | Population living in slums World Bank 2014
. Central Intelligence Agen- 2017 or the most
19 | Budget deficit or surplus cy, the World Factbook recent year
. Central Intelligence Agen- 2017 or the most
20| Public debt cy, the World Factbook recent year
21 | CO? emissions (metric tons per capita) World Bank 2014
Employment in industry, female (% of female . L
22 employment) (modeled TLO estimate) International Labour Organization 2018
23 | Electric power consumption (kWh per capita) World Bank 2014
24 |Madeorreceived digital payments Global Findex database 2017
(% age 15+)
25 Individuals using the Internet World Bank 2017
(% of population)
Demographics
26 | Total population World Bank 2018 or the most
recent year
27 | Population growth (annual%) World Bank 2018
28 | Life expectancy at birth, total (years) World Bank 2017
29 | Population, female (% of total population) World Bank 2018
30 | Population ages 0—14 (% of total population) World Bank 2018
31 | Rural population (% of total population) World Bank 2018
32 | International migrant stock (% of population) World Bank 2015
13 Refugee pppulatlon by coun- UNHCR's Refugee Data Finder 2018 or the most
try or territory of asylum recent year
Ethnic and Cultural Diversi-
34 ty Index (Fearon’s Index) Stanford 2003
Life Quality
Adolescent fertility rate (births per
33 1,000 women ages 15—19) World Bank 2017
36 | Expected years of school World Bank 2017
37 | Learning-adjusted years of school World Bank 2017
38 School enrollment, primary (gross), World Bank 2015

gender parity index (GPI)
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Continuation of Table 1

# Indicator Source Time Period
School enrollment, tertiary (gross),
¥ gender parity index (GPI) World Bank 2015
40 | Suicide rates per 100000 people World Health Organization 2016
Incidence of HIV, ages 15—49 (per 1,000
4 uninfected population ages 15-49) World Bank 2017
0,
0 Prevalepce of HIV, total (% of World Bank 2017
population ages 15-49)
Antiretroviral therapy coverage (%
1 of people living with HIV) World Bank 2017
Immunization, DPT (% of chil-
44 dren ages 12-23 months) World Bank 2017
45 | Incidence of tuberculosis (per 100,000 people) World Health Organization 2017
46 | Rates of overweight and obesity World Health Organization 2016
47 | Probability of survival to age 5 World Bank 2016
Adult mortality rate (probability of dying
48 between 15 and 60 years per 1000 population) World Bank 2016
International influence
50 | Globalization Index KOF Swiss Economic Institute 2017
51 GDP based on PPP, share of world International Monetary Fund 2017
52 | IMF Members' Quotas and Voting Power International Monetary Fund 2019
53 | State Power Index European Political Strategy Centre 2017
54 | Military Strength Ranking Global Firepower 2019
55 | Military expenditure (% of GDP) World Bank 2018
56 | Fragile States Index The Fund for Peace 2017
57 | Global Competitiveness Index World Economic Forum 2017
58 | Total natural resources rents (% of GDP) World Bank 2017
. Cornell University, IN-
59 | Global Innovation Index SEAD and WIPO 2017
World Intellectual Proper-
60 | Number of patents ty Organisation (WIPO) 2017
Research and development ex-
61 penditure (% of GDP) World Bank 2016
Values
Generalized trust (“Generally speak-
ing, would you say that most people can
62 be trusted or that you need to be very World Values Survey 2014
careful in dealing with people?”)
63 | Willingness to fight for coun- World Values Survey 2014
try in the case of war
64 | General national pride World Values Survey 2014
65 | Subjective Well-Being World Values Survey 2014
66 | Autonomy Index World Values Survey 2014
67 | Political interest World Values Survey 2014
68 | Post-Materialist index World Values Survey 2014
69 | Religiosity level World Values Survey 2014
70 | Hofstede's Power distance Index Hofstede Insights 2015
71 Uncertainty Avoidance Index Hofstede Insights 2015

Source: Own research, 2021
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Table 2. Methodological steps and their purpose

Methodological steps

Purpose

Indicator selection

Choosing by the criteria:
— recent data
— global coverage

Box plot to count:
— mean
— median
— max/min values

Making a brief statistical overview of the indicator

Spatial autocorrelation calculation (Moran’s I)

Evaluating spatial distribution pattern across the world

LISA-clustering analysis

Identifying clusters of neighbouring states
with high/low values

Spatial Dependence Index

Separating the influence of spatial factors
from the others

Source: Own research, 2021

flect the spatial structure of contemporary in-
ternational relations, their characteristics and
key influencing factors. The creation of spatial
distribution maps of the selected indicators
can make it possible to identify the presence of
spatial relation among them. We analysed not
only the impact of a single parameter on a set
of countries but also mutual influence of the in-
dicators by multi-dimensional scaling to deter-
mine the optimal geostatistical neighbourhood
for each country.

After collecting 70 indicators we mapped
the structure of its spatial distribution, calcu-
lated Moran’s I (Moran, 1948) for all UN states
and compared the obtained Moran’s I finding
where the spatial association was the highest
and the lowest. The purpose was to identify,
which of the social phenomena in the world
have spatial dependence and which do not, or
figuratively speaking, which phenomena in the
world spread like an epidemic from one neigh-
bouring country to another or not. We used two
neighbourhood matrices — geometric centroids
and political capitals and opted for calculating
a spatial weighting matrix using the k-nearest
neighbour method due to its advantages de-
scribed in academic literature (Fix and Hodges,
1951), (Holmes and Adames, 2001). With this
method, the radius from the centroid (median
centre) of the state is extended until it reaches a
given number of centroids of neighbours. In an
experimental way, it has been determined that

the most relevant for the purposes of the project
is to calculate the matrix for k = 8. A connec-
tivity graph for this parameter has been con-
structed for all countries in the world to check.
The Moran’s | evaluates spatial association
for the entire data set, it was important to weigh
spatial association between neighbouring units
for the objectives of the study. Local Indicators
of Spatial Association (LISA) were calculated
for this purpose using the following formula:

_ N XX Wij(zi - Z’)(Zj - Z)

2 % Wij 2i(z; — 2)?
where N is number of cells, z — is the calculat-
ed indicator for the cell i, W, — IS an estimate
of spatial weights, reflecting whether 1 and j
are neighbours, such that if they are not, it is

L

equal to zero, and if they are %, where |§;]—is
L

the number of neighbours of the cell (Anselin,

1995). LISA values were mapped for countries

with p-value below 0.05.

The authors attempted to separate the spa-
tial effects of social phenomena from other sta-
tistical patterns. For this purpose, we suggested
Spatial Dependence Index (SDI) for each pair
of indicators calculated in the following way:

SDI = M%) = R(xy)
where x and y are a dependent and independent

variable, M oy is the bivariate Moran’s I be-
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tween them and R° y is the determination co-
efficient between them.

The determination coefficient shows the
correlation between indicators x and y, while
the bivariate Moran’s 1 shows the correlation
between indicator x and the average indicator
y in neighbouring X, i.e. the spatial association
between x and y. This index can be considered
a pure indicator of the influence of spatial factor
on the phenomenon distribution, as it subtracts
the basic degree of non-spatial correlation be-
tween phenomena from the spatial association
(Moran, 1948; Cliff, and Ord, 1973). The SDI
statistic thus assesses the effect of space and en-
hances or weakens the relationship between in-
dicators x and y and allows to draw conclusions
about the areas in which space has the most sig-
nificant impact on international processes.

Finally, at the fourth stage, a multidimen-
sional scaling (MDS) for all 70 indicators was
carried out, where the authors’ goal was to
create a map, in which the proximity between
countries would reflect their similarities, i.e.,
to imagine what the world would look like if
the neighbourhood effect was dominant and
similar countries would draw each other like
molecules (Torgerson, 1952), (Shepard, 1962),
(Mead, 1992).

In a Euclidean (geographic) metric for p
variables, the distance between observations x,
and X, in p-dimensional space is defined as

P
dyj = |lxi — %]l = Z(xik = %jk)?
k=1

The task of multivariate scaling in this
case is to find such points z, z,, ..., z_in two-
dimensional space, which will maximally cor-
respond to the distance between them in mul-
tidimensional space. This is achieved by using
the following function:

5@ =) Yy =z
j

L
The final step for MDS was cluster analy-
sis of the world countries using the 70 collected
indicators and the k-means method. Clustering
divides the whole set of objects into a number
of statistical clusters specified by the research-
er, so that the mean values for the clusters for

each of the variables differed as much as possi-
ble. Clustering was done by median values for
k=2,3,4,5,6,8, 10, 14 and 20. The resulting
clusters were visualized in cluster maps.

The above-described set of research in-
struments made it possible to reach the results
outlined in the following section.

Research findings
Moran’s I values

If we observe the results of Moran’s I for
the 70 indicators, the greatest spatial associa-
tion among neighbouring countries is observed
in the indicators related to demography and
human capital. For example, Moran’s | values
exceed 0,7 concerning the number of young
people in the neighbouring countries and the
child mortality rate. Political and economic in-
dicators such as the level of corruption or bud-
get deficits are demonstrating the least spatial
association. The biggest and least values of
Moran’s I are present in Table 3.

LISA-clustering analysis

As for the results of LISA analysis, it is
worth noting, that in many cases LISA-clus-
tering produces results are consistent with the
concept of the North—South global divide, for
instance, GDP based on PPP per capita.

To demonstrate the explanatory capacity of
LISA clustering, this LISA map clearly shows
Western European and Arabian clusters with
high levels of GDP based on PPP per capita, and
African and South Asian clusters with low levels
of GDP per capita at PPP. Countries with miss-
ing data have been removed from the sample to
reduce inaccuracy in the calculations. However,
it is in the Western European and African clus-
ters that the significance of neighbourhood fac-
tors reaches its highest values in contrast with
the North Africa or East Asia.

Spatial Dependence Index

The next step was to find the extreme val-
ues of the proposed Spatial Dependence Index.
As we suggested, SDI makes it possible to as-
sess which aspects of a state’s position depend
more on its internal characteristics and which
on external ones. As it turned out, the majority
of indicators are connected with internal fea-

-1623 -



Igor Yu. Okuney, Maria I. Tislenko... Spatial Dependence and Neighbourhood Effect: Explaining Economics, Politics...

Table 3. Top-10 Moran’s | values among selected global development indicators

Indicators Moran’s |
Population ages 0—14 (% of total population) 0,725
Probability of survival to age 5 0,721
Life expectancy at birth, total (years) 0,707
Poverty headcount ratio at $ 3.20 a day 0,706
Gini Index 0,626
Global Innovation Index 0,623
Expected years of school 0,615
Global Competitiveness Index 0,603
Incidence of tuberculosis (per 100,000 people) 0,575
Religiosity level 0,567
Least values
Public debt 0,044
Nominal Gross Domestic Product 0,041
GDP based on PPP, share of world 0,037
Total population 0,037
Gross Domestic Product based on Purchasing Power Parity 0,037
State Power Index 0,036
School enrollment, tertiary (gross), gender parity index (GPI) 0,036
Bertelsmann Transformation Index 0,015
Budget deficit or surplus 0,009
School enrollment, primary (gross), gender parity index (GPI) -0,026

Source: Own research, 2021

GDP per capita
Not Significant (96)
I High-High (30)
I Low-Low (51)
[ Low-High (3)
"] High-Low (3)
Il Undefined (8)

Fig. 1. Local Indicators of Spatial Association of GDP PPP per capita
Source: Own results based on IMF (2017)
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Table 4. Calculated SDI values for 24 randomly selected pairs of indicators

Squared | Determination Spatial
# Indicators bivariate coefficient | Dependence
Moran’s I R Index
1 | Religiousity level — Autonomy index 0,185 -0,78 0,965
2 | Autonomy index — Religiousity level 0,16 -0,78 0,94
3 General national pride — Autonomy index 0,116 -0,5 0,616
4 | Autonomy index — General national pride 0,073 -0,5 0,573
5 Gini Index — Contribution of agriculture to total GDP 0,048 0,021 0,027
6 | Gini Index— GDP PPP per capita 0,162 0,14 0,022
7 | Military expenditure (% of GDP) — Globalisation Index 0,003 0,001 0,002
8 | Globalisation Index — Military expenditure (% of GDP) 0,002 0,001 0,001
9 | Contribution of agriculture to total GDP — Gini Index 0,02 0,021 -0,001
Military expenditure (% of GDP) —
10" | Global Tnnovation Index 0,004 0,008 -0,004
Religiousity level — International mi-
1 grant stock (% of population) 0,002 0,041 -0,039
: : 5 -
12 Inte.rnatlonal Tn?graflt stock (% of pop 0.001 0,041 0,04
ulation) — Religiousity level
Global Innovation Index — Mili-
13 tary expenditure (% of GDP) 0,007 0,08 -0,073
14 | GDP PPP per capita — Gini Index 0,048 0,14 -0,092
Corruption perception index —Internation-
15 al migrant stock (% of population) 0,019 0,173 -0,154
- : 5 -
16 Ipternatlonal mlgrant stocl'< (A) of popula 0.01 0173 20,163
tion) — Corruption perception index
GDP PPP per capita — Contribu-
17 tion of agriculture to total GDP 0,147 0,317 0,17
18 | Religiousity level — Corruption perception index 0,175 0,386 -0,211
Contribution of agriculture to to-
19 tal GDP — GDP PPP per capita 0,106 0,317 -0.211
20 | Global Innovation Index — Globalisation Index 0,406 0,75 -0,344
21 | Corruption perception index — Religiousity level 0,041 0,386 -0,345
22 | General national pride — Religiousity level 0,123 0,5 -0,378
23 | Religiousity level — General national pride 0,09 0,5 -0,41
24 | Globalisation Index — Global Innovation Index 0,104 0,75 -0,646

tures of the state; thus, it was the more inter-
esting to find examples when the role of the ex-
ternal factors is more significant. For instance,
an unexpected SDI value was identified: the
share of agriculture is not related to population
growth in the state itself but is more connect-
ed with the latter indicator in neighbouring
countries. However, there are still thousands of
calculations to test such hypotheses and identi-

fy, where correlation implies causation. In the
Table 4 there are calculated values of SDI for
24 randomly selected pairs of indicators. It is
observable, that there are more negative values
of SDI which implies that in many cases for
this selection the geographical factor is playing
an important and yet negative role on spatial
distribution of the social phenomenon in neigh-
boring countries.
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Table 5. Calculation of the anomalous SDI values with suicides per 100,000 population
as an independent variable

4 Indicators Squared bivariate | Determination Spatial
Moran’s | coefficient R’ ., | Dependence Index
| Sul(.n(.ie r‘ates per 100000 population — 0.250 0.374 0,124
Religiosity level
) Su1c1d§ rates. per 100000 population — 0.138 0243 0,105
Learning-adjusted years of school

To illustrate the logic of this index, let us
look at the following example of SDI concern-
ing suicide rates per 100000 population: it was
used as the independent variable, with all the
rest of 69 indicators as the dependent variables.
As in the case of Moran’s I, we were interested
in extreme values of the SDI, subject to high
values of the determination coefficient and
bivariate Moran’s 1. For the suicide rate, four
such indicators were identified:

- Religiosity level (average value ac-
cording to the respondents’ answers to the
question “How important is God in your life?”)

- Learning-adjusted years of school
(calculated by multiplying the estimates of ex-
pected years of school by the ratio of most re-
cent harmonized test scores to 625).

The results of the SDI calculation are pre-
sented in Table 5 and both negative. This can
be interpreted as follows: spatial factors signifi-
cantly determine that states with higher suicide
rates have such neighbours whose population is
characterised by a lower degree of religiosity
and lower duration of schooling.

In both cases the determination coefficient
is higher in absolute values than the squared
bivariate Moran’s I, which indicates the bigger
role of other factors cumulatively presented in
the determination coefficient than spatial fac-
tors. Still, it can be stated that space explains
12,4 % of the relationship between suicide
rates and religiosity level and 10.5 % of the re-
lationship between suicide rates and learning-
adjusted years of school.

As with any research, limitations exist
that need to be discussed. In this section we
provide an overview of positive outcomes and
limitations of the conducted research. On the
one hand, we have obtained a static picture of
the states’ political, social and economic in-

dicators related to 2014-2019: it does not tell
us much about dynamics and transformation
in the spatial dependence processes across the
world; partly because it was beyond the scope
of this study. Thus, the results we obtained are
more snapshots, although very comprehensive
ones, referring to a contemporary timeframe
rather than a dynamic overview of the transi-
tion the states have overgone in the last 10-20
years.

Conclusion

This paper has presented and discussed
opportunities that spatial econometrics pro-
vides for analysis of social, political and eco-
nomic phenomena distributed not within the
concrete region or country but for the whole
globe. The study has focused on several spa-
tial analysis tools — Moran’s I (univariate and
bivariate), local indicators of spatial associ-
ation and multidimensional scaling — for 70
indicators on state development and its posi-
tion in international relations. Furthermore,
the authors proposed Spatial Dependence In-
dex to indicate where the space influence is
identified, and demonstrated that it has signif-
icant explanatory capacity on the examples of
suicide rates, religiousity levels and GDP per
capita.

The paper has the following theoretical
contribution: firstly, it expands the body of
knowledge on spatial distribution of social
phenomena, such as poverty, state power, de-
mocracy, religiosity, etc., across the world.
Secondly, the applied approach helps to dis-
cover, where space distribution does not cor-
relate with the conventional perception of in-
terstate positions and relations, for instance,
according to the concept of the North—South
global divide.
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The current economic and political land-
scape of the world map is characterised on the
one hand by the persistence of considerable het-
erogeneity, and on the other by the high speed of
regional integration processes. In other words,
we can state that at the beginning of the 21st
century economic expediency has overcome
the barriers of local heterogeneity: differenc-
es between countries localised in one region
have become less important compared to their
shared similarities against the background of
global threats and the need to form common
markets to accelerate economic growth. In this
situation, we can state that regional economic
blocs of countries, united by common features
in the face of external and internal challenges,
are emerging in the world. In the terms of spa-
tial econometrics, it means the emergence of
stable clusters of spatial autocorrelation in the
world, where there is a significant correlation
in the basic parameters of state development
among neighbouring countries.

Neighbouring states often experience sim-
ilar economic problems, such as environmental
disasters, crop failures, or something that is
very relevant today, pandemics, that invariably
affect several countries at the same time. Coun-
tries develop similar instruments as a response
to similar problems, which ultimately leads to
the creation of regional integration complexes
(Kholina and Massarova, 2013). Geoinforma-
tion modelling can help us determine, for ex-
ample, where national response measures may
be more appropriate for dealing with external
risks, and which problems are best left for in-
ternational institutions.
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