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Abstract: The transition from a command to a market economy resulted in widespread cropland
abandonment across the former Soviet Union during the 1990s. Spatial patterns and determinants of
abandonment are comparatively well understood for European Russia, but have not yet been assessed
for the vast grain belt of Western Siberia, situated in the Eurasian forest steppe. This is unfortunate,
as land-use change in Western Siberia is of global significance: Fertile black earth soils and vast mires
store large amounts of organic carbon, and both undisturbed and traditional cultural landscapes
harbor threatened biodiversity. We compared Landsat images from ca. 1990 (before the break-up
of the Soviet Union) and ca. 2015 (current situation) with a supervised classification to estimate
the extent and spatial distribution of abandoned cropland. We used logistic regression models to
reveal important determinants of cropland abandonment. Ca. 135,000 ha classified as cropland
around 1990 were classified as grassland around 2015. This suggests that ca. 20% of all cropland
remain abandoned ca. 25 years after the end of the Soviet Union. Abandonment occurred mostly at
poorly drained sites. The likelihood of cropland abandonment increased with decreasing soil quality,
and increasing distance to medium-sized settlements, roads and railroads. We conclude that soil
suitability, access to transport infrastructure and availability of workforce are key determinants of
cropland abandonment in Western Siberia.

Keywords: land-cover change; land-use change; grassland; market accessibility; forest steppe;
recultivation; transition

1. Introduction

Cropland abandonment affects ecosystems, their services and biodiversity, and human
well-being [1]. Therefore, understanding the nature and determinants (sensu [2]) of land abandonment
is important. Abandonment can result in reduced water availability, higher wildfire risk [3,4], increased
soil erosion [5,6], and the loss of agro-biodiversity [6,7]. However, abandonment, when followed
by natural vegetation succession, may also allow the recovery of ecosystems, their services and
biodiversity [7–10]. Abandonment changes vegetation and soil [11] and can lead to increased carbon
sequestration [12,13]. It also affects socio-economic processes such as land access, rural outmigration
and employment opportunities and can lead to a perceived loss of cultural landscapes [7,14–16].
Furthermore, a decrease in the area farmed in one region can cause increases in agricultural production
and cropland expansion elsewhere, potentially threatening vulnerable ecological systems and their
functions and services [17].
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A large body of evidence exists that examines spatial patterns and determinants of land
abandonment [18–21]. Study methods comprise the analysis of governmental inventory and census
data [22], interviews with land users [23], the interpretation of remote sensing data such as aerial
and satellite images [24–26], or a combination [18,19,27]. The latter approach has gained importance
recently, as the availability of satellite images (such as the complete Landsat archive) and their spatial
resolution has increased massively and rapidly.

Abandoned cropland is often situated in isolated and remote agricultural areas [19,21,28],
characterized by unfavorable biophysical conditions. These might be areas with low precipitation,
at high elevations, areas prone to soil erosion with steep slopes, or low soil quality [6,21]. However,
abandonment also occurs in areas highly suitable for farming [24]. In some areas, cropland
abandonment is associated with landowner characteristics [7]. Labor force as well as market
accessibility are also important determinants of cropland abandonment [20,29]. Small-scale farms are
more likely to be abandoned than larger enterprises in some parts of Europe [28].

However, the determinants of cropland abandonment remain insufficiently understood in many
regions because of the complex relationship between its socio-economic and environmental dimensions.
A better understanding of abandonment determinants is crucial to provide guidance for land-use
policies [19] and identify priority areas e.g., for re-cultivation [30] or biodiversity conservation [31].

The former Soviet Union is a global hotspot of cropland abandonment [32,33]. After the break-up
of the Soviet Union in 1991, the collective farming system collapsed due to a transition from a planned
to a market economy [34]. A termination of the state support and a sharp decline in the rural population
due to out-migration resulted in the abandonment of more than 45 million ha of arable lands across
Russia within a decade [33].

Spatial patterns and determinants of cropland abandonment in the former Soviet Union have
been studied in European Russia [19], Ukraine and Kazakhstan [30,32,35]. In contrast, no assessment
has been published yet for the massive Western Siberian “grain belt,” which comprises more than
20% of Russia’s arable land and therefore significantly contributes to Russia’s food security [36].
The grain-producing areas are mostly situated in the forest steppe, a transition zone between the
steppes of Kazakhstan and the boreal forests of Siberia. The land has been used by livestock-breeding
tribes since ca. 7000 years BP [37]. Agriculture was widespread already in the 18th century [22],
but remained patchy and unproductive until Khrushchevs “Virgin Land Campaign” in 1953–1961,
when ca. 460,000 km2 of pristine grasslands in northern Kazakhstan and Russia were converted into
cropland [38].

The poor understanding of the extent of cropland abandonment and its determinants across
Western Siberia is unfortunate, as Western Siberia is a region of global importance for key ecosystem
functions and services. The extensive mires and humus-rich Chernozem soils of Western Siberia
store a large proportion of the global soil carbon [39]. Due to low human population density and
a high proportion of natural habitats, Western Siberia has also been a safe haven for biodiversity
reaching a diversity and abundance that is long gone from many Western European countries [40,41].
Compared to the European parts of the former Soviet Union, growing conditions are different due to
a shorter vegetation period and a harsher climate [42]. Given the importance of the region, a better
understanding of the patterns in and determinants of cropland abandonment is necessary, in order to
identify areas where future cropland expansion and intensification might happen.

We aimed (i) to assess changes in cropland area from the end of the Soviet period (around 1990)
to recent times (around 2015), (ii) to determine spatial patterns in cropland abandonment and (iii) to
reveal the main biophysical and socio-economic determinants of cropland abandonment.
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2. Data and Methods

2.1. Study Area

The study area comprises seven regions of Russia’s Tyumen province (Tyumenskaya oblast)
(Figure 1), totaling 24,453 km2. The study area is predominantly located in the forest-steppe ecozone but
touches the pre-taiga along its northern margin [43]. The topography is flat, and elevation ranges from
80 to 120 m above sea level [42]. The climate is highly continental with warm, semi-humid summers and
cold and relatively dry winters, and a vegetation period of ca. 160 days [42]. The mean July temperature
is 18.7 ◦C, the mean January temperature −17 ◦C, and the annual mean is 1.7 ◦C [44]. Mean annual
precipitation ranges from 400 to 500 mm, but drought years occur regularly [44]. Chernozems and
Phaeozems are the main soil types used for agriculture [42]. The study area has a poorly developed road
network, and only larger towns and cities are connected by tarmac roads, with all major settlements
located along the Trans-Siberian Railway and a parallel road [45,46]. Population density is very low
with on average 6.2 people/km2 [47]. Arable farming is dominated by summer crops, mainly spring
wheat and fodder crops. Large agricultural enterprises prevail (farming dozens to several 100 ha [36]).
The latter can be divided into state (state agricultural and forestry farms) and corporate (collective
farms, joint-stock companies, etc.). Small plots of land are in private ownership [47].

2.2. Mapping Land-Use Land-Cover (LULC) Change

We used Landsat TM 4 and 5 and Landsat 8 OLI satellite imagery from four footprints in the
Worldwide Reference System-2 (WRS-2 path/row 158/20, 158/21 and 159/20, 159/21, downloaded
from the U.S. Geological Survey, http://glovis.usgs.gov/) to assess agricultural land-cover change
between ca. 1990 and ca. 2015. The selection of satellite imagery was based primarily on the availability
of multiple images from different seasons per time step investigated. We were interested to compare
two main periods of land use in the area, namely the last years of the Soviet Union with a peak in
cropland area, and the current situation. Therefore, we considered Landsat images of the period 1987
to 1991 (hereafter ‘ca. 1990’) and for 2014 to 2016 (hereafter ‘ca. 2015’).

Only cloud-free images were used. To capture changes in vegetation phenology, images from
the end of May, from June, July and early August were downloaded because these are the times
of year when spectral differences between cropland and grassland are most pronounced in the
study region [48,49]. Due to the flat terrain, additional topographic correction of the systematically
terrain-corrected Landsat images (Level 1T product) was not necessary in our study area. As
the training data were derived from the classified image, atmospheric correction was also not
necessary [48,50]. All scenes were geo-referenced to a Universal Transverse Mercator map projection.
Six spectral bands (excluding the thermal band) at 30 m resolution including 1–5 and 7 of the TM (for
ca. 1990) and 2–7 of the OLI (for ca. 2015) sensors were then stacked to one multispectral image for
each respective period.

To define land use across the study area and assemble training data for the classification, we
built a georeferenced database from various sources. For the classification representing ca. 2015, we
used information from very high-resolution satellite images (QuickBirdTM and WorldViewTM images
available via GoogleEarthTM and BingTM mapping services). For the classification representing ca.
1990, we used land-use information that was available from Soviet topographic maps scaled 1:100,000
(issued in the late 1980s). On these images, LULC was classified by authors JK and NH, who had
extensive field experience in the study region and were confident to identify sown, worked, harvested
and abandoned cropland. Used cropland was identified based on image texture, visible tramlines
and visible agricultural machinery. Abandoned cropland was identified from characteristic patchy
vegetation patterns visible on high-resolution images. Additionally, we relied on detailed land-use
information collected at 612 georeferenced points (with GPS coordinates) in the field in the periods
May to July 2013 and May to July 2014 (for details see [51]). As the study region was too large and
some areas were difficult to access due to the poor road network, random sampling across the entire

http://glovis.usgs.gov/
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area was not possible. Instead, the 612 points were placed at random into two 20 × 20 km study areas,
one in the center of the studied region, and one in the south [51].

A randomized selection of ca. 50% of all points in the database were used as training sites for the
classification of the Landsat images, the other half was retained for validation. We used a supervised
classification and applied a maximum likelihood classifier in ERDAS Imagine 2013 to classify the
satellite images into six classes of LULC for each period: Cropland (C), Forest (F), Grassland (G),
Wetland (WL), Open Water (W) and Others (including bare soils, salt-covered shores of saline lakes,
urban areas, industrial zones, roads, and settlements). Afterwards, we applied a 3 × 3 kernel majority
filter to minimize the “salt-and-pepper effect,” i.e., lump areas of a class that were equal or smaller
than 1 ha into larger clusters.

We assessed classification accuracy by generating stratified random points for the classified
images. For both periods, independent training sites were used to assess the accuracy of each LULC
map based on the data set retained for validation purposes. The population of pixels was first stratified
by land-cover class, and a number of pixel observations was randomly selected in each class, with a
minimum of 50 observations per category [52]. A confusion matrix was produced and overall accuracy,
user’s accuracy (commission error), producer’s accuracy (omission error) and the Kappa coefficient
were calculated [52,53].

LULC changes that had occurred between ca. 1990 and ca. 2015 were assessed via
post-classification map comparisons [54]. We produced a cropland abandonment map by overlaying
two LULC maps, where cropland abandonment was defined as those pixels that were classified as
cropland around 1990, but classified as grassland in ca. 2015. Other LULC change processes were
also quantified (e.g., conversions from grassland to forest, from wetland to grassland, from forest to
cropland, bare soils, from cropland to artificial surfaces), but not considered in further analysis as
they were mostly of minor extent and not in the focus of our research question. Post-classification
processing was done in ArcMap version 10.2 and QGIS version 2.8.

2.3. Exploring Determinants of Cropland Abandonment

We used binary logistic regression, i.e., Generalized Linear Models (GLMs) with a binomial error
distribution and a logit link to explore determinants of cropland abandonment [19,20,27,29]. As we
were interested in quantifying uncertainty in the determinants and to reduce spatial autocorrelation, we
did not use all pixels for analysis, but sampled 2402 sample points randomly across the change classes
stable cropland and abandoned cropland (i.e., grassland on former cropland) from the LULC change
map, with a minimum distance of 700 m between points to further reduce spatial autocorrelation [27,55].
The response variable was presence or absence of abandonment at a random point, i.e., a class transition
from cropland to grassland (abandonment, 1), or a lack of transition (stable cropland, 0). We compiled
a set of spatially explicit variables (biophysical and socioeconomic predictors) that we expected to
influence spatial patterns of cropland abandonment, and that were extracted from GIS layer at each
sample point. Selection was based on data availability, existing hypotheses on important determinants,
and our own field experience incl. interviews with major stakeholders from agriculture [56].

We anticipated that most of the cropland abandonment would have happened on the poorest
soils. Soil type was used as a proxy for agricultural suitability and yield potential [57] and extracted for
each sampling point from a province-wide soil map scaled 1:300,000 [58] that was digitized manually
in ArcMap 10.2. Soil types were grouped into four suitability classes: High, moderate, low and very
low soil quality. The categorization of soil types was based on their suitability for crop production,
drainage capacity [59], and prevalence under cropland in the study region (based on a random sample
of 450 soil profiles, [60]). Chernozem and Phaeozem soils were classified as having a high suitability for
crop production due to their very favorable physical attributes and their high nutrient and soil organic
matter content. Luvisols and Albeluvisols were classified as having moderate suitability, as organic
matter contents are much lower than in Chernozems and Phaeozems. Arenosols have unfavorable
pH, soil water and nutrient potentials and were therefore classified as being of moderate suitability.
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Fluvisols and Gleysols were assigned to the same category due to temporary flooding and stagnant
waters. Soils that are hardly suitable for cropping without extensive melioration, namely solonetz soils
and histosols (wet and nutrient-poor soils) are contained in class “very poor.”

We anticipated that independent of soil type, crop fields near forest edges would have a higher
probability of abandonment as they are often less suitable for crop production than large, contiguous
fields [29,61]. Forest cover was about 25% across the study area, and woodland occurs as small
patches of birch and pine forest. Fields close to forests are often shaded, which can result in reduced
productivity. Additionally, abundant seeds from woody plants might increase the weed load [29].
Therefore, we also included the Euclidean distance to the nearest forest edge as potential predictor of
abandonment to examine the effect of forest proximity on cropland abandonment. The distance to the
nearest forest edge was calculated using a forest mask derived from the 1990 LULC map.

We furthermore anticipated that the widespread deterioration of transport infrastructure after the
collapse of the Soviet Union limited access to remote crop fields, and that this might have triggered
cropland abandonment in remote regions. Infrastructure was also considered a proxy of access to local
and regional markets, storage facilities and resulting overall transport costs [19,35,62]. We therefore
included distance to roads and railroads, which provide access to labor and services, as potential
predictors of cropland abandonment [19,21]. Roads and railway lines were extracted as GIS layers
from OpenStreetMap [46] and updated using an official road map of Tyumen province [45] scaled
1:200,000 and Google Earth. We considered only tarmac roads for distance calculation because we
assumed that these roads were the most important ones for the transport of agricultural goods.

Similarly, we assumed that the pronounced rural outmigration across the study area [56] might
have led to decreased workforce availability, availability of agricultural services and a decrease in
regional markets and consumer demand. We therefore anticipated that the likelihood of cropland
abandonment would increase with increasing distance from larger towns (usually the administrative
centers of the rayons), and also tested this for all settlements with more than 500 inhabitants.
The data on settlement location and size were extracted from OpenStreetMap and supplemented
with population census data from the Federal State Statistics Service of the Tyumen Region [47,63].
Population census data from the late 1980s was used that mirrored the situation before cropland
abandonment started.

For all distance variables, we calculated the Euclidian distance of every pixel in the LULC change
map to the respective infrastructure. We did not include land-use policies, structural characteristics in
agriculture and demographic conditions such as agricultural subsidies, farm size, labor availability, or
human migration as predictor variables because of a lack of data. All layers were resampled to 30 m
resolution to match the LULC maps derived from the Landsat satellite images.

For analysis, we first fitted univariate logistic regression models, i.e., models examining an
association of each potential determinant with cropland abandonment separately. Those variables
for which a significant relationship with cropland abandonment was suggested in univariate models
were then included in a full model. We also aimed to find the most parsimonious model with the
highest explanatory power. We therefore compared models containing all possible combinations of
variables (including an intercept-only model without any variables) using an automated procedure
(function ‘dredge’ implemented in R package ‘MuMIn’, [64]). To avoid multi-collinearity, we first
tested for correlation among variables, but there were no strong correlations (Pearson’s r > 0.7, [65]).
Models within 2 AIC units of that with the smallest AIC were considered as receiving equal support
from the data. Relative variable importance w+(j) was calculated as the sum of Akaike weights over
all models including the respective explanatory variable [66]. Hosmer–Lemeshow tests were used to
assess the goodness of fit. Model calibration and refinement were assessed with Nagelkerke’s R2 [67].
The discriminative power of the models was evaluated by calculating the area under the curve (AUC)
of the receiver operating characteristic (ROC) plots [68] using implementations in the R packages
‘fmsb’ [69] and ‘pROC’ [70]. All statistical analyses were performed in R 3.5.1 [71].
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3. Results

3.1. Accuracy of the LULC Maps

Overall classification accuracy for the separate LULC maps was high (1990: 88%, κ = 0.84; 2015:
91.60%, κ = 0.90). Forest areas were classified with a high user’s and producer’s accuracy both on the
1990 and 2015 LULC maps (>90%), whereas accuracies for cropland and grassland were slightly lower
(Tables 1 and 2). The LULC change map had an overall classification accuracy of 89% (Table 3).

Table 1. Confusion matrix for ca. 1990 with overall accuracy, producer’s accuracy (PA), and user’s
accuracy (UA).

Reference Data

Classification 1990 Open Water Others Wetland Cropland Grassland Forest Total PA (%) UA (%)

Open water 150 0 7 0 0 0 157 96.15 95.54
Others 0 52 0 6 2 0 60 85.25 86.67

Wetland 6 0 81 1 10 10 108 80.20 75.00
Cropland 0 3 2 162 28 3 198 91.53 81.82
Grassland 0 0 8 7 206 13 234 80.78 88.03

Forest 0 6 3 1 9 224 243 89.60 92.18
Total 156 61 101 177 255 250 1000

Overall accuracy 88%
Kappa coefficient 0.84

Table 2. Confusion matrix for ca. 2015 with overall accuracy, PA, and UA.

Reference Data

Classification 2015 Open Water Others Wetland Cropland Grassland Forest Total PA (%) UA (%)

Open water 213 0 4 0 0 0 217 97.26 98.16
Others 0 114 1 6 20 1 142 91.94 80.28

Wetland 6 0 161 1 5 9 182 92.00 88.46
Cropland 0 2 0 210 39 4 255 92.92 82.35
Grassland 0 0 6 8 370 6 390 84.67 94.87

Forest 0 8 3 1 3 381 396 95.01 96.21
Total 219 124 175 226 437 401 1582

Overall accuracy 92%
Kappa coefficient 0.89

3.2. Spatial Patterns of Cropland Abandonment

The most important LULC change was the abandonment of arable land that manifested as a
transition of cropland to grassland in the classification across the study area (Figure 1). The area
farmed for crops declined by 22.3% between circa 1990 and 2015, equaling a decrease of 136,030 ha
while grassland expanded by 19.6% (186,967 ha). An increase in grassland resulted mainly from the
conversion of cropland while forest cover declined only by 5.6%. Changes in the classes “Open Water,”
“Wetland” and “Others” were lower, with an increase of 10%, 8.4% and 14% respectively.

Stable cropland was mainly observed along slopes of river valleys with fertile and well-drained
Chernozem soils (Figure 1). Widespread cropland abandonment was documented in areas with less
favorable site conditions such as poor drainage, and in regions with many wetlands (Figure 1).
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Table 3. Confusion matrix for the land-use land-cover (LULC) change map with overall accuracy, PA,
and UA.

Reference Data

Classification
Data

Cropland to
Grassland

Cropland
to Forest

Stable
Cropland

Grassland
to Forest

Stable
Grassland Total PA (%) UA (%)

Cropland to
Grassland 142 0 2 0 11 155 74.35 91.61

Cropland to
Forest 3 60 3 0 0 66 93.75 90.91

Stable Cropland 6 0 245 4 2 257 97.61 95.33
Grassland to

Forest 5 2 0 108 3 118 77.70 91.53

Stable Grassland 35 2 1 27 285 350 94.68 81.43
Total 191 64 251 139 301 946

Overall accuracy 0.8879

Figure 1. Location of Tyumen province and the study area (darker grey area, panel A), ecozones of
Tyumen region (B), and change map from the remote sensing classifications for ca. 1990 and ca. 2015,
highlighting areas of cropland abandonment and stable cropland (C).

3.3. Determinants of Cropland Abandonment

All explanatory variables were significant determinants of cropland abandonment in univariate
logistic regression models, with the exception of distance to nearest forest edge (Figure 2).

Soil suitability, distance to tarmac roads and railways, and distance to settlements with more than
500 inhabitants were important determinants of cropland abandonment (Table 4). Positive coefficients
of the four variables suggested that cropland was more likely to have been abandoned on less fertile
soils with lower transport accessibility and increasing distance to settlements with more than 500
inhabitants (Figure 2). The total amount of abandoned cropland increased with decreasing soil quality
(Figure 3). Of the cropland on soils classified as being of high quality, only 3% was abandoned, on
those classified as being of medium quality, 17%, of poor quality 31% and of very poor quality 55% of
all fields.
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The full logistic regression model containing all variables except distance to forest edge fitted
the data much better than an intercept-only model with an AIC difference of 259.8 units (Table 4).
The model fitted the data well (Hosmer–Lemeshow test, χ2 = 9.212, df = 8, p = 0.325), but a moderate
Nagelkerke’s R2 of 0.15 suggested there was some unexplained variation. This was perhaps due to
influential, unrecorded variables. The discriminative ability of the model was fair (AUC = 0.7).

Model selection based on AIC suggested that there was one single best model that contained soil
quality, distance to nearest railway, distance to nearest tarmac road and distance to settlement with
more than 500 inhabitants. Removing any of these variables resulted in a decrease of the AIC by more
than six units (Table 5). An intercept-only model had an AIC of 259.8 units higher than the best model.
Variable importance assessed from the AICs was again high for the above mentioned four significant
variables in the global model (Table 5).

Figure 2. Predictions of cropland abandonment probability from univariate logistic regression models.
p-values indicate significant associations between abandonment probability and the respective variable.
Models are plotted with standard errors (grey intervals). The data is overplotted (0—samples of stable
cropland, 1—samples of abandoned cropland).
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Figure 3. Area of farmed cropland per soil quality category in 1990 and 2015.

Table 4. Regression coefficients β (±1 SE), p-values, odds ratios and spatial resolution used for odds
ratio calculation for the full model. The full model contained all variables that had a significant
relationship with cropland abandonment in univariate regression models. The model fitted the data
well (Hosmer–Lemeshow test, χ2 = 9.212, df = 8, p = 0.325), but there was a lot of unexplained variation
(Nagelkerke’s R2 = 0.15). The discriminative ability of the model was fair (AUC = 0.7).

Variable β p Odds Ratio ± 95% CI Resolution

Intercept −2.3635 ± 0.1794 <0.001
Soil quality, moderate 1.1013 ± 0.1534 <0.001 0.366 (0.166–0.805) categorical

Soil quality, low 0.0583 ± 0.1618 <0.001 0.219 (0.099–0.486) categorical
Soil quality, very low 2.0970 ± 0.4213 <0.001 0.122 (0.054–0.279) categorical

Distance to nearest tarmac road 0.0933 ± 0.0144 <0.001 1.325 (1.067–1.298) 3 km
Distance to nearest railway 0.0054 ± 0.0018 0.003 1.064 (1.024–1.107) 10 km

Distance to nearest settlement >500 inhabitants 0.0300 ± 0.0105 0.004 1.168 (1.051–1.297) 5 km
Distance to nearest town or rayon center 0.0026 ± 0.0058 0.655 1.025 (0.956–1.099) 5 km
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Table 5. Competing models of cropland abandonment whose Akaike weights wi sum up to 0.95, and an intercept-only model for comparison. Regression coefficients β
± 1 SE are given for all variables. A ‘+’ sign denotes a categorical variable that is included in the model. AIC—Akaike’s Information Criterion, ∆AIC—difference in AIC
to the best model, wi—Akaike weights, w+(j)—variable importance, AUC—area under the curve of a receiver operator characteristic (ROC) plot, R2

N—Nagelkerke’s
R2, p (HL)—p-value of the Hosmer and Lemeshow goodness of fit test.

Model Intercept Soil
Quality

Distance to
Nearest

Tarmac Road

Distance to
Nearest

Settlement >500
Inhabitants

Distance to
Nearest Town

or Rayon
Center

Distance to
Nearest
Railroad

df logLik AIC ∆AIC wi AUC R2
N p (HL)

1 −2.325 ± 0.157 + 0.095 ± 0.013 0.030 ± 0.010 0.005 ± 0.002 7 −1402.05 2818.11 0.00 0.91 0.700 0.148 0.263
2 −2.196 ± 0.150 + 0.116 ± 0.012 0.006 ± 0.002 6 −1406.30 2824.60 6.49 0.04 0.696 0.144 0.322
3 −2.215 ± 0.152 + 0.095 ± 0.013 0.036 ± 0.010 6 −1406.66 2825.32 7.22 0.02 0.694 0.143 0.035
4 −0.668 ± 0.043 1 −1537.98 3077.97 259.86 0.00 0.500 0.000 -

w+(j) 1.000 0.999 0.947 <0.001 0.964
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4. Discussion

We show that cropland abandonment after the collapse of the Soviet Union happened over large
areas in the Western Siberian grain belt, and detected a cropland-to-grassland conversion rate of over
20% across a large study area in Tyumen province. Both biophysical and socio-economic factors were
important determinants of cropland abandonment in Western Siberia: The likelihood of cropland
abandonment was highest on the poorest soils, and in remote areas with poor road network and
infrastructure access.

Our findings confirm the general trends and patterns of post-Soviet land abandonment in other
regions [30,32–34]. However, the current proportion of cropland abandonment in our study area
is lower than reported for the European part of Russia [19], Western Ukraine [72], and Northern
Kazakhstan [30]. This might be due to the fact that some abandoned cropland was recultivated earlier
than in other parts of Russia [36]. It might also be related to the proximity of the flourishing Russian oil
and gas industries north of the Tyumen region in Khanty-Mansiysk and Yamalo-Nenets Autonomous
Regions that provided markets and investments for food production in the south of the Tyumen
province [36]. Another factor may be the comparatively high soil quality in the study region with a
considerable amount of fertile Chernozem soils [60] that might have led to lower abandonment rates
than in other, marginal regions.

Patterns in crop abandonment are determined by a mix of biophysical, ecological and
socio-economic factors that can differ according to local land-use history, climate, and landscape
composition [7,73]. A correlation between abandonment likelihood and soil quality was also evident in
neighboring Kazakhstan [30], western Ukraine [72]. In the Soviet era, the area of arable land increased
significantly under the specific conditions of the Soviet economy [74], pushing crop cultivation into
less suitable, marginal or isolated areas. A prominent example for that is the “Virgin Lands Campaign”
from 1953–1961 when more than 35 million ha of virgin steppe in northern Kazakhstan and Western
Siberia were plowed for mainly wheat cultivation within just seven years [74]. Sites of limited
suitability for cropping such as gleyic and wet organic soils, or sandy, nutrient-poor podzolic soils
were cultivated [75]. Soil quality is decisive for farmers regarding expected yields and a certain level
of income from farming. Therefore, for profit reasons under market conditions, poor soils were more
often abandoned, while arable cultivation was maintained on soils with higher quality. In European
Russia, a strong determinant of cropland abandonment was yield [19]. Meanwhile, soil pH as one
characteristic of cultivation suitability was a rather weak determinant [19], perhaps due to the fact that
the soil pH gradient was much shallower than in our study area.

Our results also suggest that not only soil quality but also the accessibility and remoteness of
fields are major correlates of cropland abandonment in Western Siberia. With increasing distance of
crop fields to tarmac, railways and rural settlements, the likelihood of abandonment significantly
increased. Hence, the now emerging land-use pattern resembles the von Thünen patterns [19,34],
unlike in the Soviet era. In the von Thünen framework, land rent is constrained by land quality and
distance to markets [76]. Therefore, fields with poor soil quality at sites with low accessibility are
characterized by the smallest profit margins. The lack of capital due to lost government subsidies after
the break-up of the Soviet Union might have led to a concentration of capital and labor inputs on the
better accessible arable land (i.e., closer to roads, populated places). Compared to the European part
of Russia, accessibility is generally much poorer in Western Siberia [77] and might thus cause high
agricultural production costs in remote areas.

The distance to settlements with more than 500 inhabitants was significantly positively associated
with the likelihood of cropland abandonment. This outcome is consistent with other studies from
the European part of Russia [19] and from other post-communist countries such as Albania [55] and
Slovakia [21]. This finding may also be explained by the fact that in our region settlements with
more than 500 inhabitants already represent important infrastructure. They might provide substantial
support for agricultural activities such as logistics, technical services, labor, and accessibility to markets
and consumers [77]. The distance to towns and rayon centers was of minor importance in explaining
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the likelihood of cropland abandonment in our analysis. This was unexpected, as larger towns were
less affected by outmigration due to higher living standards und should therefore offer workforce.
Larger settlements are also characterized by increased demand for produce from agriculture and
therefore better market opportunities, so are more attractive for larger agricultural companies.

Cropland abandonment often happens closer to forest edges [19,29,61], which is perhaps the
result of poorer soil quality closer to forest edges. Additionally, in fragmented landscapes such as
the forest steppe of Siberia, fields in areas with more woods are smaller and more difficult to access
and farm due to their irregular shape. We did not find an effect of distance to forest on cropland
abandonment probability, which could perhaps be explained by the long history of farming in the
region [78], and its adaptation to a patchy landscape of small birch groves and grasslands. In European
Russia, where distance to forest edge was a determinant of abandonment [19], forests usually occurred
as large compact blocks indicating areas with less favorable soil conditions for crop production.

In our analyses, the models fitted the data well, but the explained variance and discriminative
power were rather low, compared to similar studies from Switzerland [29], European Russia [19], and
South America [61]. This might point to the fact that we did not consider important socio-economic
determinants of rural processes such as rural outmigration, which is pronounced in the study area and
leads to a lack of farm workers and skilled agricultural technicians in certain areas [56].

Official statistical data on land use and socio-economics were limited in spatial resolution for
our study area. This did not allow us to develop municipality-level models. Dividing the study area
into smaller spatial units could increase spatial homogeneity and improve the explanatory power of
models [29]. Fortunately, our study area is quite homogeneous regarding to biophysical conditions
(see Section 2.1) which buffers the shortcomings of a large-scale analysis.

The Russian economy has been recovering since around the year 2003 [79]. In addition, the global
demand for food, fodder and biofuels has dramatically increased in recent years and will further
increase in the future [80]. Policies have been issued to recover the agricultural production in Russia
and Western Siberia [81]. Ca. 5.2% (2.3 million ha) of Russia’s abandoned land had already been
recultivated in 2008 [82]. In 2017 alone, a further 650,000 ha were recultivated, and there are political
incentives to return up to 10 million ha into production [83]. However, this will only be possible with
state and regional subsidies, with estimated costs of ca. 64 million Euro per 200,000 ha recultivated
land [84]. As we show here, abandoned land is situated mostly in areas of poor soil quality that are
difficult to access, so transport costs might be too high to generate revenue in these areas. The extent of
future recultivation is therefore difficult to predict. Furthermore, there are trade-offs in re-cultivating
abandoned cropland [32]. In our study area, ecosystem services such as greenhouse gas mitigation
potential [85,86] and carbon sequestration [60] benefitted from cropland abandonment. Positive
biodiversity responses to cropland abandonment in Western Siberia and adjacent Kazakhstan have
also been shown, e.g., for grassland plants [51], grasshoppers [41] and birds [87]. Closing yield gaps on
existing cropland has been suggested as an alternative for Russia [88], but might result in increased use
of fertilizer and pesticides, which are the default option in intensification. Future agricultural strategies
should therefore also consider self-sufficiency of the rural population and local food production in less
intensive systems. Indeed, a slight increase in semi-subsistence farming has been observed in Western
Siberia in recent years [81].

5. Conclusions

The former Soviet Union is a global hotspot of cropland abandonment, and the so-called Western
Siberian grain belt is particularly interesting in this regard. We identified the scale of cropland
abandonment, its spatial patterns and the regional determinants of cropland abandonment in cereal
belt in the south of Western Siberia. Our results revealed 20% cropland abandoned over 25 years
(1990–2015) and both biophysical and socio-economic factors were important determinants of cropland
abandonment. In particular, less fertile soils, poorer transport accessibility and larger distances to
larger rural settlements were linked to higher proportions of abandoned agriculture in Western Siberia.
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Therefore, the current land-use pattern in Western Siberia has shifted toward market-based principles,
when compared to the Soviet era. We also showed that Landsat images are well suited to detect
cropland abandonment in forest-steppe areas with a classification accuracy of almost 90%.
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