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ABSTRACT

Relevance. Regional differences in per capita income are a matter of concern for
many countries for many reasons, including the threat that such regional dispari-
ties pose to national security. Multiple tools and methods are used to investigate
these disparities and fix them. The use of lower level aggregated data and the
analysis that takes into account spatial interactions thus become particularly rele-
vant because it allows us to reveal the diversity of interactions at the micro-level.
Research objective. This study aims to determine the significance of spatial rela-
tionships at different levels of data aggregation and hierarchical dependencies in
per capita income and highlight the level of administrative division (regional or
municipal) that has the greatest impact on per capita income.

Methods and data. The analysis relies on the data from 2,270 municipalities in
85 Russian regions. The Hierarchical Spatial Autoregressive Model (HSAR) was
used to distinguish both spatial and hierarchical effects. We used three specifi-
cations of the model: with estimates of the spatial interaction on the higher level
(spatial error at the regional level), on the lower level (spatial lag at the municipal
level), and on both levels.

Results. Spatial interactions explain the observed variation of per capita income at
the municipal level data at both the higher (regional) and lower (municipal) levels
but the model with the estimated spatial interaction on the higher level was better.
Conclusion. Despite the importance of spatial interactions at the lower level,
models that take into account spatial interactions only at the upper level may
better explain the observed differences in some cases. Our findings contribute to
the rather scarce research literature on spatial relationships on several levels of
administrative division. We have shown that for each specific case it is important
to identify not only the factors but also the spatial effects in relation to this or that
level of the territorial hierarchy.
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PeruoHa/IbHbIE PAa3JIUYHA B JOX0AAaX HA AYLIy HACEJIeHUA:
IIPOCTPAHCTBEHHbIE U HEPapXUYeCcKNie 3aBUCUMOCTH

B.M. Tumuppsanosa <, K.H. IOcynos, V1.A. JlakmaHn, A.®. 3umuH

Bawkupckuii eocyoapcmeennuviii ynusepcumem, Ypa, Poccus; 79174073127 @mail.ru

AHHOTALIAA

AKTyanbHOCTb. PernoHaibHble pasanyns B JOXOAaX Ha YLy HacemeHus Oec-
IIOKOSIT MHOTMeE CTPAHBI, B TOM YJIC/Ie 13-3a YIPO3bl HAL[MOHAIbHOIT 6e30I1acHOo-
cn. B mouckax myTeit cHypkenus fuddepeHnmann JOXo#0B pa3pabdarblBaoT-
Cs1 HOBBIE IHCTPYMEHTHI 11 MeTofbl. Cpen HalpaBIeHNiT COBEpPIIEHCTBOBAHS
MHCTPYMEHTANIbHOI 6ashl aHa/MN3a BBIENAIOTCS IePeX0f, Ha MeHee arpernpo-
BaHHBIE JAHHBIE U BKTIOUEHE B OLIEHKY IIPOCTPAHCTBEHHBIX B3aNMOZEIICTBIIL,
KOTOpbIE B COBOKYITHOCTY IIO3BOJISIIOT YBUETHh M Y4eCThb BCe MHOroobOpasue
[POSIB/IEHNsI 9KOHOMIYECKVX sIBJIEHIIT Ha MUKPOYPOBHE.

ITenp MccnemoBaHusA. JTO MCCIeflOBaHMe HAIPaB/IeHO HA OINpefie/ieHue 3Ha-
YMMOCTHM TIPOCTPAHCTBEHHBIX CBsA3€Il HA PasHbIX YPOBHSIX arperanuy JaHHBIX,
MepapXMYecKuX 3aBMCUMOCTel B HOXOHAX Ha YLy HaceJleHMs U BBIfeTIEHIE
YPOBHSI afIMIHUCTPATUBHOIO [iefleHus (PernoHaabHOTO WM MYHMUIIUIIATbHO-
r0), OKasbIBaIOLIero Haubosblliee BIUAHNE Ha €T0 MI3MEHEeHe.
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JJaHHbIe M MeTOAbI. AHA/IN3 IPOBOANIICS Ha JAHHBIX 2270 MYHUIIMIIAIbHBIX 00-
pasoBaHuii B paspese 85 cyonbexkros Poccuitckoit @egepannn. [I1s Boigenenns
MPOCTPAHCTBEHHBIX U Mepapxuieckux 3¢hdeKToB MPUMEHsIaCh Mepapxmde-
ckas npoctpaHcTBeHHas mofenb (HSAR) B Tpex cnenubukanusx: ¢ oreHKaMu
IPOCTPaHCTBEHHOTO B3aMMOJEICTBMA Ha BEpPXHEM YPOBHe (IPOCTPaHCTBEH-
Has oIn6Ka Ha perMoHaNTbHOM YPOBHE), HIDKHEM YPOBHE (IIPOCTPAHCTBEHHOE
OTCTaBaHNe Ha MyHUIUITATbHOM yPOBHE) 1 Ha 000X YPOBHSIX.

Pesynprarel. IIpocTpancTBeHHBIe 9 (EKThI OOBACHAIOT HAOMIONAEMYI0 Bapu-
Al MYHULMIIAJIbHBIX 00pa3oBaHMIT 110 OXOJaM Ha JyLIy HaceJleHNs KaK Ha
BepxHeM (permoHajIbHOM), TaK ) Ha HIDKHeM (MYHMLMIIA/IbHOM) YPOBHAX, HO
MOJie/Ib C OLIEHKOJ IIPOCTPAHCTBEHHOIO B3aVIMOJEIICTBUA Ha BepXHEM YpOBHe
uMeeT 6oree BBICOKOE KayecTBO.

BeiBogpr. HecMOTpsi Ha Ba)KHOCTb IIPOCTPAaHCTBEHHBIX B3aMMOJEIICTBUI Ha
HIDKHEM YPOBHe, MOJe/NM, YYMTHIBAMOLME MPOCTPAHCTBEHHbIE B3aMMOJeil-
CTBVsI TO/IBKO Ha BepXHEM YPOBHE, B HEKOTOPBIX C/Ty4asix MOTYT JIydiilie 00bsic-
HUTH Hab/MIOaeMble Pa3iudrsi. DTOT BHIBOJ O3BOJISIET [JOIIOTHUTD JOCTATOY-
HO pefiKie VI JYICKYCCUOHHBIE MCC/IeJOBaHMs IIPOCTPAHCTBEHHBIX OTHOLIECHN,
YYUTBIBAIOLINX 3aBYCYMOCTY OffHOBPEMEHHO Ha HECKOJIbKVIX YPOBHAX aJIMUHM-
cTpaTtuBHOrO jienenysA. OH IOKa3bIBaeT, YTO KKIDII CIy4ail Hy)K/laeTCs B KOH-
KpeTusaluu He TOMbKO (paKTOpOB, HO MPOCTPAHCTBEHHBIX 3P deKTOB mpume-
HUTE/IBHO K YPOBHIO TEPPUTOPUATIBHOI ME€PAPXINL.
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Concerning the problem of regional dispari-
ties, the disparities in the level of income are
among the most widely discussed economic prob-
lems (Malkina, 2014), because they are perceived
as a threat to economic security (Kupreshchenko
& Fedotova, 2016).

In Russia, there is a serious problem of re-
gional per capita income differentiation (Malkina,
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2014; Zubarevich & Safronov, 2019). The analysis
of the data for 2004-2012 showed that ‘an increase
in intraregional differentiation is accompanied by
a decrease in interregional differentiation of in-
comes (Malkina, 2014). ‘Positive trends in the
distribution of regions by income and poverty
levels slowed down in the 2010s, and during the
crisis of 2014-2017 the positive trend turned into
negative’ (Zubarevich & Safronova, 2019). For a

r-economy.com

Online ISSN 2412-0731


https://doi.org/10.15826/recon.2022.8.1.003
mailto:79174073127@mail.ru

R-ECONOMY, 2022, 8(1), 32-42

doi: 10.15826 /recon.2022.8.1.003

34

better understanding of regional disparities, there
are three main areas of interest that are widely dis-
cussed in international research literature but are
still underexplored in Russia.

First of all, this study of per capita income
differences should be shifted from the regional to
municipal level. The studies of uneven develop-
ment may focus on various administrative levels:
national (country), regional (states in the USA,
Brazil and Australia, provinces of Canada and
China, regions of Russia, NUTS 2 in the Europe-
an Union), municipal (counties in the USA and
China, municipalities in Russia and Brazil, local
areas in Australia, NUTS 3 in the EU), local levels
(cities and villages). The disparities become even
more prominent on the lower levels (Gustafsson
& Shi, 2002; Siddique & Khan, 2021), where the
differences between municipalities are added to
the differences between the countries and the re-
gions within these countries.

Secondly, it is important to understand how
the context (determinants) of the higher (regio-
nal) level affects the situation on the lower (mu-
nicipal) level. It is obvious that the region de-
termines the policy in relation to municipalities
and redistributes funds between the government
budgets of the lower level. Hierarchical mo-
dels are best suited to capture these relationships
(Diaz-Dapena et al.,, 2017; Diaz-Dapena et al.,
2018; Yusupov et al., 2019).

Finally, spatial interaction must be taken
into account. In an open economy, neighboring
territories are connected by commodity flows,
technology spillovers and labor migration. It’s
necessary to ‘more accurately capture the role
of location and account for spatial dependence
in the economic growth process’ (Pede, 2013).
Spatial connections may have different gradients
(Breau & Saillant, 2016; Demidova, 2015).

Considering the above, the purpose of this
work is to determine the significance of spatial re-
lationships at different levels of data aggregation
and hierarchical dependencies in per capita in-
come and to highlight the level of administrative
division (regional or municipal) that has the grea-
test impact on the change in per capita income.

To achieve this goal, the following tasks need
to be addressed. First, we are going to review the
research literature on the topic to reveal the fac-
tors included into the models of population in-
come. We also show the potential of the new class
of models for investigating the spatial effects at
two levels of data aggregation for income analysis.
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Next, we are going to conduct a test to identify
hierarchical and spatial effects in the data in order
to explore the possibility of using new models to
analyze per capita income. We will build models
with estimated spatial interaction on the higher
level (spatial error at the regional level, lower level
(spatial lag at the municipal level ) and both levels
(spatial error at the regional level and spatial lag at
the municipal level simultaneously). We will also
conduct a comparative analysis and identify the
model with the highest predictive ability. Finally,
the conclusions will be drawn about the potential
use of this new class of models in regional studies.

The practical significance of this study has
two aspects. First, as was said above, it tests a new
class of models taking into account spatial inter-
actions at two levels of data aggregation. To this
end, I will rely on the data for Russia, which is
one of the largest and unevenly developing coun-
tries in the world, in order to discuss the advan-
tages and disadvantages of the method. Second,
the study has far-reaching implications in terms
of public policy. It is a commonly known fact
that the directions of spatial effects at the level
of municipalities and Russian regions are diffe-
rent. Until recently, however, there have been
very few methods that could be used to distin-
guish between the effects on the level of regions
and municipalities. This is the research gap that
this article aims to address. Our might be of in-
terest to a wide range of specialists and analysts
dealing with regional governance issues.

Literature review

Regional differences in per capita income are
a concern for many countries, especially large
ones. For example, Breau & Saillant (2016) dis-
cuss regional disparities as a persistent feature of
Canada’s economic landscape. They use the data
of 287 Canadian census divisions to explore the
East-West and urban-rural gradients of region-
al income disparities. Diaz Dapena et al. (2017,
p. 5050) observe that the general trend of in-
come per capita growth ‘coexists with different
intra-state behavior’s across Brazilian geography.
They use the data of 4,067 municipalities from
27 states to show a wide intra-regional heteroge-
neity which manifests itself as divergence in the
south-eastern states and as convergence in inland
states. Ngarambe et al. (1998) analyze 1,257 coun-
ties in the south of the U.S. in the 1970s and 1980s
and demonstrate that increased income inequali-
ty is a price to be paid for rapid economic growth.
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Thus, there is considerable research literature on
income growth on the national level (Higgins et
al., 2006; Roth, 2010; Pede, 2013).

Among the various factors that affect per
capita income and its growth, the relationship be-
tween income per capita volume and inequality
appears to be the most difficult for analysis. Some
researchers conclude that inequality has a nega-
tive impact on per capita income (Ngarambe et
al., 1998; Roth, 2010; De Jesus et al. 2019), while
others believe that this impact is positive (Breau &
Saillant, 2016) or insignificant (Pede, 2013). The
in-depth analysis by Fallah & Partridge (2007)
showed a different inequality-growth linkage be-
tween more and less populated counties consist-
ent with a different transmission mechanism of
economic incentives, agglomeration economies,
and social capital between more and less urban
counties. They divided the observations into two
groups and found that the Gini coefficient for
the rural US counties is negative and statistical-
ly significant at the 1% level. On the contrary, for
metropolitan counties, inequality produces the
opposite effect with the regression term being po-
sitive and significant at the 1% level. Dividing the
sample into high and low poverty non-metro coun-
ties made it possible to identify, that income ine-
quality has a much more negative impact on per-
cent change in per capita income in high-poverty
non-metro counties (Fallah & Partridge, 2007).

Human capital is considered an important
determinant of income, which is associated with
both higher labor productivity and an increase in
the share of innovative products in production.
One of the key indicators characterizing human
capital is the level of education (Diaz-Dapena,
2017; Breau & Saillant, 2016; Fallah & Partridge,
2007; Higgins et al., 2006). Fallah & Partridge
(2007) take into account the percentage of the
population over 25 years old that falls into five edu-
cation attainment categories running from high
school graduate to graduate degree. Breau & Sail-
lant (2016) include in the model the percentage of
the labor force with a bachelor’s degree or higher.
Higgins et al. (2006) used the percentage of pop-
ulation with high school diploma. As a rule, edu-
cation has a positive effect on per capita income
but not always. For example, Higgins et al. (2006)
showed that per capita personal income in US
is positively and significantly related to the per-
centages of the population with bachelor’s degree
or more, and not significantly to the percenta-
ges of the population with college education. Pede

R-ECONOMY 4

(2013) takes into account five categories of human
capital variables in the growth model: percentage
of county population with a high school degree,
college degree, associate’s degree, Bachelor’s de-
gree, or graduate degree. He expected ‘that these
categories of educational attainment will have
different effects on income growth’ (Pede, 2013,
p. 119). His results showed that not all catego-
ries have a significant positive impact. Cadil et al.
(2014) suggested that one of the reasons for such
different impact may be over-education and un-
suitable education.

Some control variables were included in the
model. As a control variable, researchers use the
population size to control for agglomeration ef-
fects (Fallah & Partridge, 2007). This variable does
not always have a positive effect. For example, the
coefficient of the growth of population is negative
and significant in OLS model and not significant
in the multilevel model (Diaz Dapena et al., 2017).

Productivity is considered as the source of
growth in real income per capita in a basic tenet
of economic science (Gordon & Dew-Becker,
2005). So it may also be include to the per capita
income model.

Per capita income depends on the number of
people employed, because wages and entrepre-
neurial income are generally higher than social
benefits. A large number of unemployed people
living in the territory reduces its average value
of the per capita income. In confirmation of this,
studies show that the unemployment rate has
a negative relationship with the growth in the
natural logarithm of the real average total income
growth (Breau & Saillant, 2016), growth in the log
of real per capita money income (Stansel, 2005),
the logged difference of county-level income
per-capita (Roth, 2010).

The factor determining the high per capi-
ta incomes may be similarly high incomes in
the neighboring territories. The population may
move in search of higher incomes. According-
ly, the equalization of social benefits by the state
happens together with the equalization of wages
as a result of the balance in the labor market, and
hence the income of the population as a whole,
which is why ‘any analysis on income inequality
must consider space and geography alongside oth-
er significant socioeconomic correlates’ (Siddique
& Khan, 2021, p. 18). In view of this considera-
tion, two Russian studies — by Demidova (2015)
and Ivanova (2017) - have included not just panel
data models but spatial panel data models.
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Methodology and data

With regard to regional economy, all data
characterizing the development of territories (in
any aggregation: street, quarter, city/district, re-
gion, country) are simultaneously hierarchical-
ly structured and spatially organized. In the late
20™ century, the prevalent view was that such data
are both spatial and hierarchical in nature (Car,
Frank, 1994). In the early 21* century, Anselin
& Cho (2002, p. 284) noted that ‘incorporating
spatially varying coefficients is a hierarchical ap-
proach toward modeling the spatial variation of
the model parameters across observations. De-
spite this, it was only in the last decade that the
spatial component started to be directly includ-
ed in hierarchical models or the hierarchical data
structure started to be taken into account.

One of the first works in which the combina-
tion of tools for hierarchical and spatial analysis
was used is the study by G. Dong and R. Harris
(2014). To study the land prices variation in Chi-
na, they built several models that take into account
hierarchical and spatial effects. In more recent
studies, the HSAR models were used to study the
growth of GDP per capita in Europe (Diaz-Dap-
ena, 2018), the cost of land in Poland (Cellmer et
al., 2019), suicides in the United States (Tu et al.,
2020), the rate of GRP growth in Russia (Bukina
et al.,, 2017). By combining the two approaches,
these studies considered both the heterogeneity
and spatial dependence of the data, which makes
this method more informative compared to clas-
sical models (Cellmer et al., 2019).

Spatial econometrics models explain the
processes characterized by spatial autocorrela-
tion (Anselin & Cho, 2002). In multilevel (hi-
erarchical) modelling, the key role is played by
the hierarchy of data, which can be also applied
to explain the processes characterized by spatial
heterogeneity (Goldstein, 2010; Raudenbush et
al.,, 2011; Oshchepkov & Shirokanova, 2020).
HSAR models are applied in the case of both
spatial and hierarchical effects. The former can
be identified by calculating the Global Moran’s
Index (Anselin & Cho, 2002); the latter, by using
the test of homogeneity of lower level variance
(Raudenbush et al., 2011) and ICC or VPC (in-
traclass correlation coefficient (Oshchepkov &
Shirokanova, 2020)), variance partition coeffi-
cient (Goldstein, 2010).

The general formula of the HSAR model can
be presented as follows (Dong & Harris 2014;
Dong et al., 2016; Cellmer et al., 2019):

R-ECONOMY 4

Lower level (municipality):
Y= [30]‘ + Blelij + BZjXZij +

+ By X5+ pWHY + 1y, (1)

Higher level (region):
Boj = Yoo + Yo1Z1; + Y022o; + o (2)
by = A\WRB, +uy, (3)

where Yj; is a dependent variable, the volume
of social payments and taxable cash income per
capita in the municipality; X;; an independent
variable, the ratio of the number of employees of
large, medium-sized enterprises and non-profit
organizations to the resident population of the
city / municipality; X,;, an independent variable,
labor productivity; X3,-j, the number of resident
population; Z;, independent variable, the share of
workers with higher education in the structure of
the labor force; Z,;, independent variable, Gini co-
efficient; WM, W®is the matrix of neighborhood at
the lower (municipal) and higher (regional) level,
respectively; A, p are the spatial autoregressive co-
efficients; r;;, 1y, model errors at the municipal and
regional levels; i is the index for affiliation to the
observation of the lower level (in this case, mu-
nicipality); j, the index for affiliation of the lower
level observations to the higher-level observation
(in this case, Russian region).

The main focus in the model is made on spa-
tial interactions, namely (1) explaining how the
income of the population of one territory corre-
lates with the income of the population in neigh-
boring territories at the level of municipalities
(p) and how strongly the residuals of the model
grouped at the level of the region correlate (\). If
A = 0, then a spatial lag model is considered that
takes into account the hierarchical data structure.
If p = 0, then a model that takes into account the
spatial error of data grouped at the level of regions.
If A = 0 and p = 0, then we are talking about a sim-
ple hierarchical model with random effects that
does not take into account spatial interactions.

Calculations were performed in the R pack-
age — HSAR (Dong et al., 2016).

The volume of social payments and taxable
cash income per capita in the municipality was
considered as a dependent variable.

The independent variables were the following:

— the ratio of the number of employees of
large, medium-sized enterprises and non-profit
organizations to the resident population of the
city / municipality;
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— labor productivity as the ratio of the volume
of shipped goods of own production, performed
works and services (excluding small businesses)
in relation to the population;

— the size of resident population;

— the share of workers with higher education
in the structure of the labor force;

— Gini coefhicient.

The last two indicators are presented at the
regional level (85 observations), while the rest, at
the municipal level (2270 observations). The de-
scription of the data is presented in Table 1.

The analysis was carried out on the basis of
the data from 2,270 municipalities in 85 constit-
uent entities of the Russian Federation in 2019,
which is 96.7% of the total number of municipal-
ities. The study relied on the statistical data pro-
vided by the Federal State Statistics Service. The
assessment does not include data on closed cities
and districts as well as individual small territories
for which data are not available in order to comply
with the requirement to ensure the confidentiality
of primary statistical data received from organi-
zations in accordance with the provisions of the
Federal State Statistics Service.

The spatial weights matrix formalizes the as-
sumption that the territory under consideration
has a connection with neighboring territories.
The analysis used a binary matrix that takes into
account the first-order neighborhood. At the level
of municipalities, the neighborhood of municipal-
ities limited to the territory of the islands was de-
termined taking into account their geographical
proximity. Thus, Novaya Zemlya of Arkhangelsk
region was considered as neighboring in relation

to the Zapolyarny District of the Nenets Autono-
mous District, which is the closest to it; Elizovsky
district to the Ust-Bolsheretsky district of Kam-
chatka region; Aleutsky district to the Ust-Kam-
chatsky district of Kamchatka region; the urban
districts of Yuzhno-Kurilsky, Kurilsky, Korsak-
ovsky located on the islands are connected to the
Severokurilskiy urban district of Sakhalin region
and to each other.

Results

To find out whether the HSAR models are
suitable for the purpose of this analysis, we tested
for both spatial and hierarchical effects.

Calculations have shown that there is a spa-
tial autocorrelation of the volume of social pay-
ments and taxable cash income per capita (Mo-
rans I = 0.645). The Local Moran’s I values (see
Figure 1) show that there is a direct relationship of
territories with high values of the indicator (high-
high) in the north and north-east of the country
and the territories united by low values of the in-
dicator (low-low cluster) in the west and south of
the country.

The test of homogeneity of level-1 variance
shows the significance of the hierarchical effects
(x* statistic = 408.7, degrees of freedom = 81,
p-value = 0.000). These results indicate that there
is variability among the 2,347 lower level units
in terms of the residual within-region (i.e. high-
er level) variance. The high value of the ICC in-
dicates the significance of the hierarchical ef-
fects in the way similar to the previous criterion
(ICC =71.2%).

The modeling results are presented in Table 1.

Table 1

General characteristics of the variables

Variable

‘ Mean ‘Standart Deviation| Minimum ‘ Maximum

Lower level (municipality)

Volume of social payments and taxable cash income per capita, 025 0.19 0.07 279

million rubles / person

Ratio of the number of employees of large, medium-sized enter-

prises and non-profit organizations to the resident population of 0.19 0.13 0.03 1.94

the city / municipality, coef.

Ratio of the volume of shipped goods of own production, per-

formed works and services (excluding small businesses) in rela- 0.55 2.67 0.001 64.8

tion to the population, million rubles / person

Population, thousand people 63.67 311.35 0.7 12615.25
Higher level (region)

Share of workers with higher education in the structure of the 3171 5.40 22.00 50.26

labor force, %

Gini coefficient, coef. 0.37 0.02 0.33 0.44

Source: compiled by the authors based on statistical data of the Federal State Statistics Service.
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not significant
M high-high

M low-low

m low-high

i high-low

M no data

Figure 1. Local Moranss I for the volume of social payments and taxable cash income per capita in 2019
Source: the authors’ calculations are based on statistical data: database of indicators of municipalities provided
by the Federal State Statistics Service. URL: https://gks.ru/dbscripts/munst/ (Accessed: 21.02.2021)

Table 2
Results of estimations: depended variable - the volume of social payments and taxable cash income per capita
HSAR model with an estimate
Variable of the spatial dependence on
higher levels|lower level |both levels

Intercept, a -0.3 -0.422 -0.207
(0.12) (0.173) (0.093)

Independent variables at the municipal (lower) level
Ratio of the number of employees of large, medium-sized enterprises and non-profit | 0.00056 0.0005 0.0005
organizations to the resident population of the city / municipality (0.00006) | (0.00006) | (0.00006)
Ratio of the volume of shipped goods of own production, performed works and ser- 0.035 0.033 0.033
vices (excluding small businesses) in relation to the population, million rubles / person | (0.0009) (0.0008) | (0.0009)

0.00005 | 0.00006 | 0.00005
(0.00001) | (0.00001) | (0.00001)

Population

Independent variables at the regional (higher) level

0.00698 0.0035 | 0.0043
(0.00192) | (0.002) | (0.0012)
0.39 1.267 0.182
(0.331) (0.425) | (0.255)

Share of workers with higher education in the structure of the labor force

Gini coeflicient

Spatial interaction

Spatial lag at the municipal level, p - 0.255 0.252
(0.022) (0.019)
Spatial error at the regional level, A 0.954 - 0.967
(0.023) (0.018)
Diagnostics
Pseudo R squared 0.727 0.713 0.717
Deviance Information Criteria (DIC) 215187.3 | 230536.7 | 228254.5
Variance Component:
municipal level, o2 0.0101 0.0096 0.0096
(0.0003) (0.0003) | (0.0003)
regional level, T2 0.004 0.011 0.0018
(0.0008) | (0.002) | (0.0004)
Log-likelihood -99636.4 | -105316.6 | -105781.8

* standard error in brackets
Source: compiled by the authors
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In total, three HSAR specifications were
built: models with the estimated spatial inter-
action on the higher level (spatial error at the
regional level'), lower level (spatial lag at the
municipal level?) and both levels (spatial error at
the regional level and spatial lag at the municipal
level simultaneously). For all models, the hie-
rarchical effects were estimated (variance com-
ponent). Standard deviation values for the var-
iation component, spatial lag and error indicate
the significance of both hierarchical and spatial
effects. In the absence of the spatial interactions
estimate at any of the levels, the variation com-
ponent at this level increased. This suggests that
spatial interactions explain the observed varia-
tion at both the higher and lower levels.

It can, however, be noted that the model of
the best quality is the model with estimated spa-
tial interaction on the higher level. This model has
higher Pseudo R and Log-likelihood, lower De-
viance Information Criteria than other models.

As for the included factors, all of them, except
for the Gini coefficient, have shown a significant
positive direct influence on the dependent vari-
able in all the three specifications. They all have
a positive direct influence on the dependent var-
iable. These results agree with the evidence from
other countries. For example, Breau & Saillant
(2016), exploring the data of 287 Canadian census
divisions, found that the unemployment rate has
a significant negative effect and the spatial lag has
a significant positive effect on real average total
income. Our study used the inverse unemploy-
ment rate: the ratio of the number of employees
of large, medium-sized enterprises and non-prof-
it organizations to the resident population of the
city / municipality. Therefore, the negative im-
pact of the unemployment rate correlates with
the positive impact of the indicator we use on the
dependent variable. Fallah & Partridge (2007) es-
timate the income growth model on the data of
3,028 US metropolitan counties [15]. They have
shown that the population shares (high school
graduates, four-year college graduates, and hold-
ers of a graduate degree) are all positively correlat-
ed with the per-capita income growth. Ngarambe
et al. (1998), based on the data of 1,257 counties
in the US South, found the positive impact of the

! Takes into account the spatial autocorrelation of error
terms.

% Takes into account the spatial autocorrelation of the de-
pendent variable, namely the relationship between its values in
neighboring territories.

R-ECONOMY 4

percentage of people 25 years old and over who
have completed 12 years or more of school on
family income growth. Roth (2010) exploring
3,141 counties in US in 1977-2000 found a nega-
tive impact of the unemployment rate and a posi-
tive impact of the percentage of residents holding
a college degree on per-capita income growth.

Fallah & Partridge (2007) have demonstrated
that the Gini’s regression coefficient is negative
and significant at the 1% level. The same result is
obtained by Ngarambe et al. (1998). The results
of Breau & Saillant (2016) are even more interes-
ting: the Gini regression coefficient for the rural
US counties is negative and statistically significant
at the 1% level while for metropolitan counties,
inequality produces the opposite effect with the
regression term being positive and significant at
the 1% level. Pede (2013) found that the Gini co-
efficient has a significant and positive influence on
the income growth.

In our study, the growth of the indicator is
not considered. The Gini coefficient has a posi-
tive and significant effect on per capita income
in the models with the estimated spatial interac-
tion on the higher (with the spatial error at the
regional level) and lower level (with the spatial
lag at the municipal level), and not significant in
the model with the estimated spatial interaction
on both levels.

Discussion and implications

We use county-level data from 2,270 Russian
municipalities to study the differences in per
capita income. Municipal-level data are valuable
for this purpose because they capture intra-re-
gional and inter-regional heterogeneity. Accor-
dingly, not only regional differences are taken
into account, but also different connections at
the municipal level, such as the center-perip-
hery, urban-rural. These new tools enable us to
divide the effects into several levels, and moreo-
ver, evaluate the spatial effects on each of these
levels. The inclusion of spatial matrices at the
two levels of data aggregation — municipal and
regional - helped us investigate how the prox-
imity of territories affects the incomes of the
population.

The results obtained are of great importance
for regional policy-making. In fact, it has been
established that spatial dependencies can be as-
sessed both at the municipal level and at the re-
gional level. Therefore, he spatial models of in-
come in Russia built both by using the data of the
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municipal level (Ivanova, 2017) and the data of
the constituent entities of the Russian Federation
(Demidova, 2015) will be significant. At the mu-
nicipal level, in addition to the existing dependen-
cies at the regional level, such as higher incomes
in the north and northeast of the country, center
and periphery effects are added.

Our research based on the inclusion of ma-
trices at both levels of data aggregation leads us
to the following conclusions. A model that takes
into account only the proximity of the region in
relation to the region with high incomes, with-
out taking into account municipal spatial effects,
has a higher quality, which means it allows better
forecasting. Accordingly, the regional effects in
the fight against poverty will be more predictable.
This does not mean that the problems of poverty
at the level of municipalities are not so significant.
It should be emphasized at this point once again
that the model with the inclusion of spatial matri-
ces at both levels was significant. On the contrary,
all estimates indicate that the differences between
municipal districts with higher and lower incomes
are higher than the differences between regions
with higher and lower incomes of the population.
We can assume that due to the fact that the model
takes into account the hierarchy of objects and the
nesting of municipalities in regions, it links inter-
municipal differences with the characteristics of
the regions, determining the need for a more in-
depth study of interlevel interaction. Thus, spatial
relationships are not so simple and their hierarchy
should be considered in more detail.

Our findings give a more detailed understand-
ing of spatial interactions. The proposed method-
ology provides opportunities for examining these
interactions on the regional and municipal levels
at the same time, thus creating potential paths for
future research.

Our study may be also of interest for poli-
cy-makers and public administrators since it
shows how the changes observed in some territo-
ries affect the changes in the neighboring territo-
ries. Given the country’s administrative-territorial
division, it is important to better understand how
the changes in one municipal district can affect
situation in the neighboring municipal district
belonging to another Russian region.

We found that the level of spatial connection
can change the significance of other factors. The
Gini index is significant in the models that take
into account only spatial relationships at the mu-
nicipal level. In the future, it is necessary to exa-
mine the reasons why the significance of the Gini
coefficient falls in the models that take into ac-
count regional spatial effects. This will require us
to expand the range of factors taken into account
in the model.

In further studies, it could be more produc-
tive to use a distance matrix instead of a neigh-
bourhood matrix in models.

Despite the above-described shortcomings, it
was shown that the new class of models expands
the possibilities for studying the processes in the
national economy, which seems a promising area
for future research.
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