R-ECONOMY, 2026, 12(2), 178-191

doi 10.15826 /recon.2026.12.2.011

178

Original Paper
doi 10.15826/recon.2026.12.2.011
JEL C51 O13 Q18
UDK 332.12

Identifying priorities for agricultural development in Russia’s
Ural federal district: a spatial modeling approach

I. V. Naumov <, N. L. Nikulina

Institute of Economics of the Ural Branch of the Russian Academy of Sciences, Yekaterinburg, Russia;

< naumov.iv@uiec.ru

ABSTRACT

Relevance. Food security and balanced territorial development rank among
Russia’s foremost strategic priorities. Yet in the Ural Federal District (UFD),
growing spatial polarization in agricultural production is widening regional
disparities and undermining these goals. Identifying where and how to develop
the agricultural sector across the UFD’s municipalities is therefore a challenge
of direct policy importance.

Research objective. This study aims to identify and substantiate promising
spatial directions for agricultural development in the municipalities of Russia’s
Ural Federal District, using a methodological approach developed by the au-
thors for assessing and modeling spatial development priorities at the macrore-
gional level.

Data and methods. The study draws on the official Rosstat data for 198 munici-
palities over the period 2012-2022. A central contribution of the research is the
development and testing of an original methodological approach to assessing
and modeling spatial development priorities at the macroregional level. The ap-
proach is built on the sequential application of spatial statistical methods: Mo-
ran and Anselin indices are first employed to identify clusters and zones of in-
fluence, thereby characterizing the existing structure of agricultural produc-
tion; a spatial autoregressive lag model (SAR) is then applied to validate the
effectiveness of the proposed priorities. The novelty of the approach lies in the
systematic combination of spatial autocorrelation analysis across multiple spa-
tial weight matrices with spatial autoregressive modeling, allowing for a rigor-
ous assessment of spatial effects within the macroregion.

Results. Application of the methodological framework identified both estab-
lished and emerging agricultural growth poles within the UFD, characterized
respectively by high existing output volumes and significant development po-
tential. The spatial influence zones surrounding these poles were also delineat-
ed, forming the empirical basis for the study’s strategic recommendations.
Conclusions. The study establishes that agricultural development in the UFD
should prioritize the formation of new growth poles and the strengthening of
cooperative linkages within their influence zones. The findings provide both
a theoretical foundation and practical guidance for government bodies seek-
ing to reduce spatial disparities in agricultural production and enhance region-
al food security.
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AHHOTAIINA

AKTyanbHOCTb. B COBpeMeHHBIX yC/IOBUAX 0 ecIieyeHe IPOJjOBOIbCTBEHHOI
6e30macHOCTH U cOHaTaHCHPOBAHHOTO TEPPUTOPUATIBHOTO PA3BUTHS SIBIIIETCS
cTpaTernyeckoit 3agaueri insa Poccuiickoit @enepanymn. Ycunmparomascs Ipo-
CTPAaHCTBEHHas IONAPU3aLUsA pasMellieHNs CeNbCKOXO3AICTBEHHBIX MPON3-
BOJCTB SIBJIACTCS YIPO30il MIPOJOBONIBCTBEHHON 6€30MacHOCTU B YPaIbCKOM
denepanprom okpyre (Yp®O). ViccnenoBanne, MOCBAIeHHOE HOMCKY IPHUO-
PUTETOB pasMellleHN JaHHBIX IPOU3BO/CTB, AB/IAETCA aKTya/IbHbIM.

ITens mccmegoBanms. 3aKmo4yaeTcs B IOMCKe M 0OOCHOBaHMMU II€PCIEKTUB-
HBIX IPOCTPAHCTBEHHBIX HAIIPABIEHUIT Pa3BUTHs CENTbCKOTO XO3SIIICTBA B MY-
HULMIANbHBIX 00pasoBanyax YpPO ¢ npyuMeHeHeM OPUTMHAIBHOTO METO-
IMYECKOTO TOAXOAA K OlleHKe M MOJENMPOBAHMIO IIPMOPUTETOB NPOCTpaH-
CTBEHHOTO Pa3BUTHA Ha MAaKPOPETMOHA/IbHOM YPOBHe.

Jannple M MeTOAbI. /11 OLIEHKM NPOCTPAaHCTBEHHOV HEOJHOPOLHOCTU pas-
MellleHNsI CeTbCKOX03s/ICTBEHHBIX MTPOM3BOJCTB MCIIOIb30BAHbI OQUIIMAID-
Hble flaHHble PoccTara mo 198 MyHununanbHeiM o6pasoBanuam YpdO 3a me-
puop 2012-2022 rr. B xone uccnenoBanus 6pu1 pa3paboTan U aripoOUpoBaH
ABTOPCKUIT METOAMYECKMII MTOAXOM K OIleHKe M MOJeNMPOBAaHNIO IIPMOPUTe-
TOB IPOCTPAaHCTBEHHOTO PasBUTHUA MaKpOPETMOHA, OCHOBaHHBIN Ha IOCIe-
IOBaTeJIbHOM IIPYMEHEHNY MeTO0B IIPOCTPAaHCTBEHHON CTATUCTUKMA: OLleHKa
K/IaCTEPOB ¥ 30H BIMAHMA Yepe3 MHAEKCh MopaHa 1 AHCenMHa /I aHannu3a
CJIOXKUBIIETICA CTPYKTYPBI arpONPON3BOACTB U NIPUMEHEHe IPOCTPAHCTBEH-
HOJ1 aBTOPErpeccMOHHOI Mofenu ¢ marom — SAR — pist mpoBepku addex-
TUBHOCTH TIPeJ/IO’KeHHbIX IpuopuTeTos. HoBM3HOI MccenoBaHUA ABIACTCA
CHCTeMHOE ICIIONIb30BaHMe IIPOCTPAHCTBEHHOTO aBTOKOPPENALIIOHHOTO aHa-
NM3a ¢ IpMMeHEeHMeM pas3IM4HbIX MaTpUI] IPOCTPAHCTBEHHBIX BECOB U IIPO-
CTPAHCTBEHHOTO aBTOPETPECCYOHHOTO MOZIEIMPOBAHNA, a TAK)KE OLJeHKM IIPO-
CTPaHCTBEHHBIX 3G (EeKTOB BHYTPY MaKpOPEIVOHa.

Pesynbrarbl. B xone anpobary MeTOOMYECKOTO MOAXOAa ObUIM BBIABIEHBI
KaK CJIOKMBIINECH, TaK ¥ pOPMUPYIOLMeCs HOMI0Ca POCTa arpOIPOU3BOJCTBA
B Yp®O, xapaKkTepusyoLiecs BHICOKUMM 0O'beMaMyl IIPOV3BOJCTBA 1 3HAUN-
Te/IbHbIM ITOTEHIVaTIOM PasBUTUA COOTBETCTBEHHO. Taxoke OBIIM OIpenene-
HBI 30HBI IPOCTPAHCTBEHHOTO BIMAHMA JAaHHBIX IIOTI0COB, KOTOpPbIE COCTaBU-
IV SMIIMPUYECKYI0 OCHOBY IS CTPATETMYECKUX peKOMeHHauuil, copmym-
POBaHHBIX B paMKaX MCC/IeJOBaHNA.

BriBopbl. ViccrenoBaHMe MOKa3ano, 4TO B KadeCTBe K/IIOUEBBIX NPOCTpaH-
CTBEHHBIX IPMOPUTETOB Pa3BUTH CeNbCKOro xo3siicTsa B YpPO [O/KHBI
CTaTh pa3BUTHe MOTEHIMATbHbIX TOIIOCOB POCTA U HapalllBaHMe TeCHbIX KO-
OTIePALIMOHHBIX B3aMIMOCBA3€ll C ¥X 30HOJ CMJIBHOTO ¥ YMEPEHHOTO BIMAHMA.
TeopeTndeckas u mpakTUyeckass 3HAYMMOCTDb MOTYYEHHBIX Pe3y/l1bTaTOB MC-
CIefOBaHMA 3aK/II0YAIOTCA B BOSMOXKHOCTU MX UCIIO/IB30BaHUA I 000CHO-
BaHMA MEXaHU3MOB peajM3alyy IPUOPUTETOB MPOCTPAHCTBEHHOTO Pa3BIU-
TUS CETIbCKOTO X03AJCTBA U pa3pabOTKM OpraHaMy FOCYAapCTBEHHOII BIaCTU
afipeCHBIX Mep, HaIpaBJIeHHbIX Ha CHM>KeHME IPOCTPAHCTBEHHBIX AUCIIPO-
HopLuil B pasMellleHUM CelbCKOXO3ANCTBEHHBIX NPOMU3BOACTB U yCHUJIEHUE
IPOIOBO/IbCTBEHHOI 6€30IIaCHOCTI. MAaKPOPETMOHOB.
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Introduction

The challenge of ensuring food security in re-
gions is closely associated with the spatial distribu-
tion of agricultural production. The remoteness of
production areas from major centers of econom-
ic activity and consumption increases transporta-
tion costs for agricultural goods. As a result, a sig-
nificant share of produce is lost or spoiled during
transportation and storage at transit points.

In addition, agricultural producers located in
remote areas face difficulties in maintaining and re-
pairing production equipment, while transportation
costs for raw materials and intermediate inputs are
also higher. Firms further incur additional expens-
es related to employee training, as well as the provi-
sion of social and living support for their workforce.
Consequently, the distance between agricultur-
al producers and key consumption centers contrib-
utes to shortages of food products in large and medi-
um-sized municipalities. This, in turn, leads to high-
er prices and poses risks to regional food security.

o~/

The study’s hypothesis is that spatial hetero-
geneity in the distribution of agricultural produc-
tion in a macroregion increases as a result of sup-
port provided only to existing growth poles and
centers of agricultural production, while ignor-
ing support for areas with a higher concentration
of agricultural production, emerging clusters, and
the strengthening of spatial interactions between
them. The study focused on municipalities in Rus-
sia’s Urals Federal District.

The Urals Federal District has a highly het-
erogeneous distribution of agricultural produc-
tion. More than half of all enterprises (55.4%)
are located in two municipalities: Yekaterinburg
(35.5%) and Chelyabinsk (19.9%). Higher con-
centrations of agricultural enterprises are ob-
served in Surgut (3.7% of all enterprises in the
macroregion), Nizhnevartovsk (2.7%), Kurgan
(2.7%), Nizhny Tagil (2.3%), and the urban dis-
tricts of Magnitogorsk (3.6 %), Miass (1.8 %), Per-
vouralsk (1.2%), Berezovsky (1.1%), Zlatous-
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tovsky (1%), Verkhnyaya Pyshma (0.9%), and
Kamensk-Uralsky (0.8%). However, despite the
significant concentration of enterprises in these
municipalities, they have not become the lead-
ing centers of agricultural production in the Urals
Federal District. For example, Yekaterinburg, ac-
cording to 2022 data, produced only 2.6 % of the
total output in the macroregion, Chelyabinsk —
0.77%, Surgut — 0.12%, Nizhnevartovsk —
0.23 %, and Kurgan — 0.28 %.

Therefore, the aim of this study is to identify
and substantiate promising spatial directions for
agricultural development in the municipalities of
Russia’s Ural Federal District using a methodolog-
ical approach developed by the authors for assess-
ing and modeling the macroregion’s spatial devel-
opment priorities. To achieve this aim, the study
pursues the following objectives: (1) to review the
theoretical and empirical literature on spatial ag-
ricultural development; (2) to develop a method-
ological framework for identifying and substan-
tiating priorities for agricultural development in
the Ural Federal District; (3) to assess agricultur-
al clusters and zones of influence using Moran’s I
and Local Moran (Anselin) statistics in order to
analyze the existing spatial structure of agricul-
tural production; and (4) to construct and esti-
mate a Spatial Autoregressive (SAR) model and
apply it to evaluate the effectiveness of the pro-
posed development priorities.

Theoretical framework

There is a wide range of methods to examine
the spatial characteristics of agricultural develop-
ment at regional and macroregional scales, includ-
ing statistical analysis, factor analysis, spatial au-
tocorrelation analysis, spatial regression models,
geographically weighted regression (GWR), vec-
tor autoregressive (VAR) models, and their vari-
ous extensions.

Several studies we reviewed have relied on de-
scriptive statistical methods to investigate the spa-
tial distribution of agricultural production. For
example, Vinnichek and Zaruk (2022) assess the
spatial heterogeneity of organic crop production,
while Ivanova et al. (2017) identify factors influ-
encing the spatial distribution of agro-industri-
al enterprises in Volgograd Region and delineate
four zones according to the concentration of such
enterprises within municipalities. Although these
studies provide valuable insights into spatial pat-
terns, they are limited in their ability to quanti-
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ty the magnitude of the relationships between ex-
planatory factors and agricultural development
outcomes.

To address this limitation, researchers in-
creasingly employ spatial autocorrelation anal-
ysis and spatial econometric methods. Naumov
and Sedelnikov (2021, 2025) and Asalkhanov et
al. (2017) use spatial autocorrelation measures
and spatial modeling techniques to assess the het-
erogeneity of agricultural production and identify
the factors influencing its distribution. These ap-
proaches enable the detection of spatial clustering
and dependence, providing a foundation for sub-
sequent econometric analysis.

Ordinary Least Squares (OLS) regression has
frequently been used as a baseline method for
evaluating spatial processes in agriculture. For ex-
ample, Li et al. (2022) apply OLS models to esti-
mate the seasonal and spatial effects of cropland
use and fertilizer application in Bangladesh. How-
ever, since OLS does not explicitly account for
spatial dependence, many researchers have ad-
opted spatial autoregressive models, including the
Spatial Autoregressive Model (SAR), Spatial Er-
ror Model (SEM), Spatial Autocorrelation Model
(SAC), and Spatial Durbin Model (SDM).

Larue etal. (2008) employ SAR and SAC mod-
els estimated using a two-stage least squares pro-
cedure to identify the determinants of pig-farm-
ing concentration in Denmark, relying on a spa-
tial weight matrix based on linear distances.
Similarly, Wang et al. (2016) use OLS, SAR, SEM,
and SAC models with a contiguity-based spatial
weight matrix to analyze agricultural land conver-
sion in the Edmonton-Calgary corridor and as-
sess neighborhood effects among territories. Yin
and Wu (2021) and Yin et al. (2024) apply a Spa-
tial Stochastic Frontier Analysis model incor-
porating spatial effects (SAR-SFA) to investigate
changes in the spatial distribution of agricultural
production. Other studies have combined spatial-
ly lagged models with Moran’s spatial autocorrela-
tion statistics and distance-based weight matrices
to analyze patterns of agricultural production (Pe-
gorare et al., 2018; Seftrin et al., 2018). In a similar
approach, Yun and Gramig (2022) use a six-near-
est-neighbor spatial weight matrix to estimate
crop yields.

Comparative analyses of alternative spa-
tial econometric specifications have also be-
come common. De Souza et al. (2024) apply SAR,
SEM, and SAC models within the framework of
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the Kaldor-Verdoorn law to analyze agricultur-
al labor productivity in Brazil. Gonzalez-Gonza-
lez and Guertin (2021) combines SAR, SEM, and
GWR models to forecast rainfed legume yields in
Mexico. Fan and Ma (2024) compare SEM and
SDM specifications when examining the relation-
ship between weather conditions and milk yields
and concluded that these models provided the best
fit. Ran et al. (2022) use the SDM model to inves-
tigate the drivers of non-grain agricultural pro-
duction in Chinas major grain-producing prov-
inces, while Ma et al. (2023) integrate the SDM
approach with the Slack-Based Measure-Global
Malmquist-Luenberger (SBM-GML) framework
to assess maize productivity and identify spatial
spillover effects.

Another widely used approach is Geograph-
ically Weighted Regression (GWR), which cap-
tures spatial heterogeneity by estimating local
rather than global relationships. Unlike tradition-
al spatial econometric models, GWR relies on
geographic coordinates rather than a predefined
spatial weight matrix. This often improves the rep-
resentation of local variation, although the meth-
od is primarily suited to cross-sectional analysis
and does not explicitly account for dynamic spa-
tial interactions over time. GWR has been applied
to analyze factors affecting food prices (Sinaga et
al., 2021), pasture productivity in Qinghai Prov-
ince, China (Chengfeng et al., 2015), rice avail-
ability in Indonesia (Nurdiansyah et al., 2024),
and wheat yield potential in Eastern Anatolia,
Turkey (Olgun & Erdogan, 2009). Some studies
have combined GWR with SAR models to capture
both local heterogeneity and spatial dependence
(Zhang et al., 2014; Wang et al., 2023).

More complex dynamic relationships have
been examined using vector autoregressive (VAR)
models. For example, Chaparro Arias et al. (2024)
apply a VAR framework to forecast green onion
production in Colombia, while Orellana Gue-
vara and Flores Romero (2020) use VAR models
to forecast corn and bean production in El Salva-
dor through 2030.

Our literature review reveals a significant
gap in studies assessing the spatial heterogeneity
of agricultural development at the macroregion-
al level using advanced spatial econometric meth-
ods. While spatial econometric models offer im-
portant advantages over conventional approaches
by explicitly accounting for interregional interac-
tions and spatial spillovers, their validity depends
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critically on the specification of the spatial weight
matrix. Many existing studies rely on static ma-
trices based on fixed distances or administrative
adjacency, even when analyzing panel data. Such
simplifications may distort estimates of spatial ef-
fects because transport accessibility and interre-
gional linkages evolve over time. Consequently,
to assess priorities for agricultural spatial devel-
opment in Russias Ural Federal District, we need
a methodological framework that combines mul-
tiple spatial analysis techniques and incorporates
alternative spatial weight matrices to more accu-
rately capture dynamic spatial relationships.

Data and methods

The methodological approach unfolds in four
sequential stages.

The first stage establishes the empirical base-
line by calculating indices of agricultural produc-
tion concentration across the macroregion along-
side standard deviations from the mean, providing
an initial characterization of spatial heterogene-
ity in production distribution.

The second stage conducts a spatial autocor-
relation analysis of agricultural production across
UFD municipalities using Moran’s (1950) glob-
al index and four spatial weight matrices, con-
structed on the basis of linear distances, shared
boundaries, and their normalized counterparts.
This stage yields a spatial clustering of municipali-
ties according to agricultural production patterns,
identifying established and emerging growth
poles, territories with cluster formation potential,
and their respective zones of influence.

The third stage applies Anselin’s local spatial
autocorrelation indices (LISA) between munici-
palities using the same set of spatial weight ma-
trices. This analysis captures spatial interactions
at the local level and forms the basis for deter-
mining spatial priorities for agricultural produc-
tion placement. The detailed algorithm for priori-
ty identification follows the procedure outlined in
Naumov et al. (2024).

The fourth and final stage substantiates these
spatial priorities through spatial autoregressive
modeling with a spatial lag (SAR), again employ-
ing the four spatial weight matrices. The model is
estimated using the generalized method of mo-
ments (GMM), which, unlike maximum likeli-
hood estimation, accounts for variable dynam-
ics over time and yields more robust results under
spatial heterogeneity (Naumov et al., 2025). The
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spatial lag of the dependent variable, representing
the weighted average of neighboring observations
for each spatial unit, is the model’s key element,
with neighborhood relationships defined through
the spatial weight matrices (Gafarova, 2017).
Model validity is assessed using the Sargan —
Hansen test (J-statistic), the Arellano-Bond test
for first- and second-order autocorrelation of dis-
turbances, and the Jarque — Bera test for normal-
ity of residuals. Optimal model selection across
the four spatial weight matrices is based on the
Akaike and Schwarz information criteria along-
side residual variance.

A note on the conceptual rationale underly-
ing the priority framework: municipalities with-
in the influence zones of leading agricultural cen-
ters are treated as integral components of spatial
development priorities. These territories receive
developmental impetus from growth poles, pro-
gressively expand their production base, and may
themselves become new agricultural centers —
extending their influence on surrounding space
and contributing to a more balanced macrore-
gional structure.

The empirical basis for the study is official
data from Rosstat (Federal State Statistics Service),
Municipal Statistics database, covering 198 UFD
municipalities over the period 2012-2022.

Results

Statistical data analysis revealed spatial het-
erogeneity in the distribution of agricultural pro-
duction in the Urals Federal District (see Figure 1
below).

Twenty-two municipalities emerged as lead-
ing centers of agricultural production, includ-
ing Tyumensky (4.9 %), Golyshmanovsky (3.6 %),
Uvelsky (2.9%), and others. Enterprises in these
municipalities produced 48.9% of all agricul-
tural output in the macroregion in 2022. Higher
levels of agricultural output, above the macrore-
gional average (over 0.51 %), were observed in
Shadrinsky and Reftinsky urban districts, Bredin-
sky Municipal District (1.1% of all agricultural
output in the Urals Federal District), Kunashak-
sky and Nizhnetavdinsky municipal districts, and
Tugulymsky Urban District (1.0 % each), as well
as in other municipalities, which produced 30.6 %
of all agricultural output in the Urals Federal Dis-
trict.

A moderate level of agricultural production
concentration (over 0.07 %) was found in 38 mu-

R-ECONOMY J

nicipalities, including Artemovsky (0.5 %), Artin-
sky (0.5%), Sysertsky (0.5%), and others, which
produced 13.4% of all agricultural output in the
Urals Federal District. Ninety-nine municipalities
had alow level of agricultural production concen-
tration (below the macroregion’s median); enter-
prises in these territories produced only 5.9 % of
the macroregion’s agricultural output.

Spatial analysis of agricultural production
distribution across the UFD revealed that large
portions of the district remain unused for agricul-
tural purposes, with the overwhelming majority
of enterprises concentrated in the southern part
of the macroregion, primarily in Chelyabinsk and
Kurgan regions. To confirm this spatial heteroge-
neity and identify growth poles, spatial clusters,
and their zones of influence, we applied spatial au-
tocorrelation analysis. The global Moran’s I index
returned positive values across all spatial weight
matrices, confirming the presence of spatial auto-
correlation between municipalities and the feasi-
bility of clustering, while also indicating a gener-
ally low level of agricultural development across
the UFD (Naumov et al., 2024, pp. 422-423).

To delineate the influence zones of identified
growth poles and clusters, we constructed An-
selin’s LISA matrices using linear distances, shared
boundaries, and their normalized versions. The
analysis revealed direct spatial interactions, indic-
ative of similar agricultural development trends,
between the growth pole of Yekaterinburg and Ir-
bitsky and Oktyabrsky municipal districts. Con-
versely, inverse spatial interactions, reflecting a
suppressive effect on surrounding agricultural de-
velopment, were found between Yekaterinburg
and Verkhneye Dubrovo, Degtyarsk, Polevskoy,
and Revda urban districts, with particularly pro-
nounced negative interactions identified for ad-
jacent Aramilsky, Berezovsky, and Sredneuralsky
urban districts. Overall, the analysis confirmed
the existence of established growth poles in Yekat-
erinburg and Krasnoufimsky, Nizhnesergin-
sky, and Oktyabrsky municipal districts, along-
side a set of emerging poles with above-average
agricultural concentration: Kamyshlov, Kartalin-
sky, Vikulovsky, and Oktyabrsky municipal dis-
tricts, Reftinsky and Tavdinsky urban districts,
and Shadrinskoye municipal formation (Naumov
et al., 2024, pp. 422-423).

To examine spatial effects on agricultural
development in both established and emerging
growth poles, we estimated spatially lagged re-
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Municipalities with a very high level of concentration of agricultural
production in the Urals Federal District (more than 1.26%)

Municipalities with a high level of concentration of agricultural
production in the Urals Federal District (from 0.51 to 1.26%)

production in the Urals Federal District (from 0.23 to 0.51%)

Municipalities with a very low level of concentration of agricultural
production in the Urals Federal District (below 0.23%)

: Municipalities with an average level of concentration of agricultural

Figure 1. Level of concentration of agricultural production in municipalities in 2022, %

Source: compiled by the authors based on data from Rosstat — Municipal Statistics. Retrieved from: https://rosstat.gov.
ru/dbscripts/munst/ (date of access: 12.01.2026).
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gression models (SAR) for each UFD region us-
ing GMM for panel data and four spatial weight
matrices. Moran’s analysis confirmed that active
agricultural development centers with distinct in-
fluence zones have formed or are in the process of
forming in each region. The Anselin LISA matri-
ces further revealed that in certain regions, growth
poles exert a negative effect on agricultural devel-
opment in surrounding municipalities. The SAR
models allowed us to characterize the nature of
these spatial interactions and distinguish positive
from negative spatial effects on agricultural out-
put at the regional level.

Model parameters for the dependence of agri-
cultural output on various factors, which were es-
timated for municipalities in Sverdlovsk, Tyumen,
Kurgan, and Chelyabinsk regions, are presented in
Table 1 below. Results for Sverdlovsk region indi-
cate an absence of significant spatial effects: nei-
ther the established growth pole of Yekaterinburg
nor the emerging poles of Krasnoufimsky and
Nizhneserginsky municipal districts have pro-
duced measurable spillover effects on surround-
ing municipalities. Agricultural enterprises re-
main heterogeneously distributed across the re-
gion, and cohesive influence zones around these
poles have yet to consolidate.

Agricultural development in Sverdlovsk re-
gion is constrained by two principal factors:
a steady reduction in perennial crop areas ob-
served across virtually all municipalities since
2019-2020, and a deteriorating financial posi-
tion among agricultural producers, with rising
accounts payable negatively affecting output dy-
namics. The SAR model indicates that expand-
ing agricultural production in the region re-
quires substantial mineral fertilizer inputs. Cru-
cially, spatial autocorrelation analysis identified
no meaningful influence zones around the re-
gions growth poles, and Anselin's LISA matrices
revealed inverse spatial interactions between the
established growth pole of Yekaterinburg and sur-
rounding Aramilsky, Berezovsky, and Sredneu-
ralsk urban districts, suggesting that agricultur-
al development in the leading center occurs at
the expense of surrounding territories. Therefore,
Sverdlovsk region is not considered a spatial pri-
ority for the UFD’s agricultural development.

SAR models for Tyumen and Kurgan regions
confirmed the presence of negative spatial effects
and significant spatial heterogeneity in agricul-
tural production distribution. Emerging growth
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poles and spatial clusters in both regions exert
only weak influence on surrounding territories,
and while stable inverse spatial interactions be-
tween production centers and their surround-
ings have developed within these nascent influ-
ence zones, they remain at an early stage (Nau-
mov et al., 2024, pp. 424-425). Continued support
for growth poles in these regions would deepen
spatial concentration rather than alleviate it, fur-
ther widening disparities in agricultural develop-
ment across their territories. The identified spatial
priorities are therefore assessed as ineffective for
these two regions, as they would not contribute
to reducing spatial imbalances or fostering more
balanced agricultural development.

Positive spatial effects were identified ex-
clusively in Chelyabinsk region. The established
growth pole in Oktyabrsky Municipal District and
the emerging pole in Kartalinsky Municipal Dis-
trict are actively stimulating agricultural develop-
ment in surrounding municipalities, where influ-
ence zones and spatial clusters are currently form-
ing. The positive spatial lag confirmed by the SAR
model validates the existence of productive spa-
tial interactions between leading production cen-
ters and their surrounding territories, and sup-
ports the effectiveness of the proposed spatial pri-
orities for this region.

For Chelyabinsk region, balanced agricultur-
al development requires targeted support for pro-
ducers in both the established growth pole (Okty-
abrsky Municipal District) and the emerging pole
(Kartalinsky Municipal District), as well as in mu-
nicipalities with spatial cluster formation poten-
tial. Around the Oktyabrsky pole, this includes the
Yetkulsky, Uvelsky, Emanzhelinsky, Sosnovsky,
Argayashsky, Krasnoarmeysky, Kunashaksky, and
Uysky municipal districts, along with Kopeys-
ky and Chebarkulsky urban districts. Around
the Kartalinsky pole, the relevant municipali-
ties are Varnensky, Chesmensky, Nagaybaksky,
Verkhneuralsky, Agapovsky, Kizilsky, and Bre-
dinsky municipal districts and the Magnitogorsk
urban district. The SAR model further indicates
that agricultural development in the region is cur-
rently constrained by insufficient agricultural ma-
chinery, limited cultivated land area, a high share
of unprofitable enterprises, and underdeveloped
municipal utility infrastructure. Addressing these
structural bottlenecks would provide new impe-
tus for growth in both poles and their associat-
ed clusters.
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Table 1
SAR Model Estimates for Agricultural Output in UFD Municipalities
Sverdlovsk Tyumen Kurgan Chelyabinsk
region region region region
Variables Matrix of Matrix of | Matrix of nor- | Matrix of nor-
normal linear | normallin- | mal linear dis- | mal adjacent
distances ear distances tances boundaries
A(-1) — constant 0,02 (0,13) -0,16 (0.1) -0,02 (0.02) 0,02 (0,06)
WY — spatial lag of the volume of agricultural pro- o “ ot
duction in municipalities, thousand rubles ~0,61 (L11) | -2,02(0.87) =3,74 (2.02) 0,47 (0,17)
Ln(X1) — logarithm of the number of agricultural
machinery in agricultural organizations at the end of 0,008 (0,04) 0,02 (0.03) | -0,08 (0.03)*** | -0,06 (0,03)*
the year, units
Ln(X2) — logarithm of the volume of sown areas of o
agricultural crops in farms of all categories, hectares 0,004 (0,33) 0,03 (0.04) 0,13 (0.11) 0.19(0.1)
in(X3) — logarithm of the area of perennial plantings, 0,38 (022)° | 0,04 (0.03) 0,15 (0.08)* | ~0,07 (0,01)***
ectares
Ln(X4) — logarlthm of the volume of mineral fertiliz- 0,08 (0,03)* | 0,02 (0.01)** | ~0,005 (0.01) ~0,01 (0,01)
ers applied to agricultural crops, centner
Ln(X5) — logarithm of turnover of public catering
(excluding small and medium-sized businesses), thou- | 0,008 (0,01) 0,005 (0.01) -0,01 (0.01) -0,002 (0,01)
sand rubles
Ln(X6) — logarithm of the volume of all food prod- 0,001 (0,01)
ucts, thousand rubles
Ln(X7) — logarlthrp ofthe average monthly salary of 0,47 (0,97) | ~0,003 (0.01) 0,007 (0,01)
employees of organizations, rubles
X8 — 'Fhe §haf)e of unprofitable organizations in the 20,16 (0,11) | 0,12 (0.05)%* | 0,14 (0.12) ~0,11 (0,05)**
municipality, %
Ln(X9) — log_arrghm of t.h.e volume of accounts pay- 0,17 (0,08)* | 0,02 (0.02) 0,05 (0.03)* 20,04 (0,05)
able of organizations, million rubles
Ln(X10) — logarithm of the average headcount of em-
L 0,21 (0.37)
ployees of organizations, people
Ln(X11) — logarithm of the volume of investments in
fixed capital from the municipal budget, thousand ru- | -0,04 (0,04) 0,006 (0.01) 0,02 (0.03) 0,003 (0,01)
bles
Ln(X12) — logarithm of the volume of investments in
fixed capital by organizations in the territory of the -0,03 (0,02) -0,04 (0.03) 0,02 (0,01)
municipality, thousand rubles
Ln(X13) — logarithm of migration growth, people -0,001 (0,01) | 0,005 (0.004) | -0,02 (0.01)** 0,002 (0,01)
Ln(X14) — logarithm of the volume of residential ek
g, L -0,17 (0.05)
buildings commissioned, sq. m
Ln(X15) — logarithm of the volume of commis-
sioned individual residential buildings, sq.m ~0,07 (0,09) ~0,13 (0,09
Ln(X16) — logarithm of the number of places in or-
ganizations implementing preschool education pro- 1,54 (0.33)**
grams, pcs
Ln(X17) —'logarlthm of the number of heat supply 20,03 (0,08) ~0,05 (0.26) 0,59 (0,32)*
sources, units
Ln(X18) — logarithm of the length of heating and
: . : 0,06 (0,28)
steam networks in two-pipe calculation, m
Ln(X19) — logarithm of the length of the street water 0,09 (0,19) 0,03 (0.09) ~0,09 (0,14)
supply network, m
Ln(X20) — logarithm of the length of the street gas ~0,002 (0,07) ~0,01 (0.01) ~0,009 (0,01)

network, m

186

R-ECONOMY J

Online ISSN 2412-0731

r-economy.com



http://r-economy.com

R-ECONOMY, 2026, 12(2), 178-191

doi 10.15826 /recon.2026.12.2.011

Table 1
Sverdlovsk Tyumen Kurgan Chelyabinsk
region region region region
Variables Matrix of Matrix of | Matrix of nor- | Matrix of nor-
normal linear | normallin- | mal linear dis- | mal adjacent
distances ear distances tances boundaries
Ln(X21) — logarithm of the length of the street sew- -0,0003
er network, 1 0,14 (0,09) (0.012) -0,07 (0.11) 0,09 (0,15)
Ln(X22) — logarithm of the length of streets, drive- ot _—
ways, embankments, km 0,008 (0,06) 0,63 (0.31) 0,05 (0,01)
Ln(X23) — logarithm of the volume of current expen-
diture on environmental protection, thousand rubles ~0,03(0.21) | -0,004(0.07) | 0,12(0.11) ~0,03(0,03)
Ln(X24) — logarithm of the average monthly salary of
employees of organizations (excluding small business- | -0,008 (0,02) | 0,007 (0.01) | -0,05 (0.02)*** | -0,005 (0,01)
es), thousand rubles
Ln'(X25) — logarithm of the length of the replaced, re- 0,002 (0,01) | ~0,01(0.01) | 0,03 (0.01)** | 0,004 (0,01)
paired street sewer network, m
Ln(X26) — logarithm of the length of replaced and re-
paired heating and steam networks, m -0,008 (0,02) | 0,007 (0.01) 0,02 (0.01) -0,01 (0,01)
Ln(X27) — logarithm of the number of medical and 0,06 (0,05) 0,002 (0.02) | -0,19 (0.34) ~0,02 (0,04)
preventive organizations, units
Ln(XZS) — logarithm of the volume of mumapal sol- 0,02 (0,05) 0,05 (0.03)* | 0,09 (0.03)*** 0,006 (0,02)
id waste removed per year, thousand cubic meters
Ln(X29) — logarithm of the volume of current expen-
diture on environmental protection, including pay- -0,02 (0,02) -0,01 (0.03) 0,03 (0.01)** | —0,002 (0,004)
ment for environmental services, thousand rubles
S.E. of regression 0,30 0.14 0.35 0,52
Sumsquaredresid 25,06 422 21.29 69,74
Sargan — Hansen test (J-statistic) 36,87 58.46 40.43 16,31
Prob (J-statistic) 0,56 0.09 0.45 0,99
Jarque — Bera 81,02 *** 6.16%* 83.4%** 51.6%**
Arellano — Bond Test: AR (1) -4,74 (0,00)*** | -0.1 (0.0)*** | -2.8 (0.0)*** -2,79 (4,71)
AR (2) 1,43 (0,77) 0.18 (0.0)*** -1.98(1.9) -0,52 (0,95)
Schwarzcriterion -1,80 -3.39 -1.34 -0,72
Akaikeinfocriterion -2,26 -3.84 -1.93 -1,19
Durbin — Watsonstatistic 2,28 2.00 2.39 2,09

Note: Transformation: First Differences. White diagonal instrument weighting matrix. White period standard errors & covariance.
The significance level of the coefficients at which the null hypothesis of the absence of causality is rejected: * — p < 0.1;** — p < 0.05;

o h < 0.01.

Source: compiled by the authors.
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The principal spatial priority for Chelyabinsk
region is the deepening of cooperative spatial in-
teractions already forming between growth poles,
spatial clusters, and their influence zones, notably
between Agapovsky and Nagaybaksky municipal
districts, Argayashsky and Sosnovsky municipal
districts, and Sosnovsky Municipal District and
Kopeysky Urban District (Naumov et al., 2024,
pp. 424-425). Of equal strategic importance is
the fostering of inter-municipal cooperative rela-
tionships among agricultural producers. Anselin’s
LISA matrices identified direct spatial interac-
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tions between a number of municipality pairs, in-
cluding Agapovsky and Kizilsky, Argayashsky and
Kunashaksky, Nagaybaksky and Verkhneural-
sky, and Oktyabrsky and Uvelsky municipal dis-
tricts, as well as between Sosnovsky Municipal
District and several neighbors — Emanzhelinsky,
Yetkulsky, Krasnoarmeysky, Kunashaksky, and
Uvelsky — and between Uvelsky, Emanzhelinsky,
and Yetkulsky municipal districts (Naumov et al.,
2024, pp. 424-425). Strengthening these linkages
would support the emergence of new agricultural
development centers across the region.
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Overall, the spatial development priori-
ties identified for the UFD’s regions center on sup-
porting established and emerging growth poles
and spatial clusters and fostering cooperative re-
lationships among them. Together, these priori-
ties constitute an effective mechanism for reduc-
ing spatial heterogeneity and advancing balanced
agricultural development across the macroregion.

Conclusions

This study develops a methodological frame-
work for systematically assessing and substanti-
ating spatial priorities for agricultural develop-
ment in Russia’s Ural Federal District. The pro-
posed approach integrates statistical analysis,
spatial autocorrelation techniques, and spatial au-
toregressive (SAR) modeling to identify existing
patterns of agricultural production and evaluate
alternative development strategies.

The results suggest that, in the medium term,
the given macroregion’s agricultural policy should
prioritize strengthening existing growth poles
and enhancing their interactions with surround-
ing municipalities. Particular emphasis should
be placed on reinforcing cooperative linkages be-

tween growth centers and territories located with-
in their zones of strong and moderate influence.
Such an approach would facilitate the spatial dif-
fusion of economic activity and improve the over-
all organization of agricultural production.

In thelonger term, development efforts should
focus on municipalities characterized by inverse
spatial influences through targeted support mea-
sures, including improved access to agricultur-
al machinery, expanded financing opportunities,
and increased budgetary support. These interven-
tions could stimulate local agricultural activity,
strengthen spatial connectivity, and contribute to
the emergence of new growth centers and produc-
tion clusters.

Overall, the implementation of these priori-
ties would help reduce spatial disparities in agri-
cultural development across the Ural Federal Dis-
trict, enhance territorial cohesion, and strengthen
regional food security. The practical significance
of the study lies in its potential application by re-
gional and federal authorities in designing ev-
idence-based policies aimed at promoting bal-
anced and spatially integrated agricultural devel-
opment.
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