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Abstract: Farmland abandonment has important impacts on biodiversity and ecosystem 

recovery, as well as food security and rural sustainable development. Due to rapid urbanization 

and industrialization, farmland abandonment has become an increasingly important problem in 

many countries, particularly in China. To promote sustainable land-use management and 

environmental sustainability, it is important to understand the socioeconomic causes and spatial 

patterns of farmland abandonment. In this study, we explored the dynamic mechanisms of 

farmland abandonment in Jiangxi province of China using a spatially explicit economical 

model. The results show that the variables associated with the agricultural products yield are 

significantly correlated with farmland abandonment. The increasing opportunity cost of 

farming labor is the main factor in farmland abandonment in conjunction with a rural labor 

shortage due to rural-to-urban population migration and regional industrialization. Farmlands 

are more likely to be abandoned in areas located far from the villages and towns due to higher 

transportation costs. Additionally, farmers with more land but lower net income are more 

likely to abandon poor-quality farmland. Our results support the hypothesis that farmland 

abandonment takes place in locations in which the costs of cultivation are high and the 

potential crop yield is low. In addition, our study also demonstrates that a spatially explicit 

economic model is necessary to distinguish between the main driving forces of farmland 

abandonment. Policy implications are also provided for potential future policy decisions. 

Keywords: farmland abandonment; environmental sustainability; land marginalization; 

ecosystem recovery; spatial economic model; sustainable land use; GIS 

 

OPEN ACCESS 



Sustainability 2014, 6  1261 

 

 

1. Introduction 

Changes in land use and land cover are critically important to understanding global climate change, 

food security, soil degradation, ecosystem dynamics, and human-environment interactions [1–3]. 

Generally, agricultural land use changes include farmland expansion due to land exploitation, farmland 

abandonment induced by rural-to-urban population migration, and conversion associated with 

urbanization and industrialization [4]. Farmland abandonment caused by marginalization of agriculture 

is a common phenomenon in European, North American, and certain newly industrialized countries. 

Since the late 1980s, farmland abandonment has continued in the mountain areas of Western Europe, 

Japan, and Eastern Europe and Mediterranean countries, such as Portugal, Spain, and Italy [5–9]. In 

China, land abandonment has been an increasingly important problem since the 1990s [10]. Rapid loss 

of agricultural land worried the central government [11]. 

Recently, farmland abandonment has received much attention from various disciplines because of 

its important impacts on biodiversity and ecosystem recovery, as well as food security and rural 

sustainable development [4,12–14]. This issue includes determination of where farmland abandonment 

takes place and why it needs to be addressed. A better understanding of the driving mechanisms 

underlying farmland abandonment is necessary for improved land use planning and farmland 

protection [15,16]. 

Studies have shown that the determinants of farmland abandonment at the local scale include 

topographical conditions (e.g., elevation and slope) [17], soil properties (e.g., soil depth and soil 

erosion) [18], climate conditions [19], farmers’ employment choices [20], and accessibility [20–22]. At 

the landscape scale, land price and the distance to urban areas and roads are the important predictive 

variables for the amount of farmland converted to forest [23]. At the regional scale, socio-economic 

factors become important driving variables [24]. Certain researchers have used socio-ecological 

models to explore the drivers of farmland abandonment caused by collective behavior [25]. Due to the 

complexity and scale dependence of farmland abandonment, efforts to explore the drivers of farmland 

abandonment must consider the many socio-economic and natural factors [26–28]. 

In China, the migration of the labor force from rural to urban areas and the decrease in the total 

agricultural labor force over the past several decades have been well documented [29,30]. A larger 

number of agricultural laborers currently participate in the non-farm employment, and this shift has 

become one of the main factors affecting agricultural land use change [10]. This phenomenon is 

especially noticeable in the economically lagging regions of Central West China. The increasing 

opportunities in other sectors (secondary and tertiary) are the main causes of increased opportunity 

costs associated to farming [31,32]. Although farmland abandonment may be caused by the rising 

relative production costs in the certain regions, there are other driving forces of farmland abandonment 

in the other regions of China [33,34]. In China, this spatially varying farmland abandonment pattern is 

poorly understood [34]. 

This study focuses on gaining an understanding of farmland abandonment in the Jiangxi province of 

China using a spatially explicitly regression model that describes the dynamical economic drivers of 

agricultural land use change. The model is based on agricultural land rent theory, logistical regression 

statistical methods, and Geographic Information System (GIS). Land rent theory, a key theory in land 

economics, has been commonly applied to explain the main motivation for how and why people use 
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land resources and assess land values. Based on this theory, the main hypothesis in this study is that 

farmland abandonment at different spatial scales can be explained by land rent theory [10]. When land 

rent is zero or negative, the probability of farmland abandonment is much higher. Specifically, the 

objectives of our study are to (1) test the hypothesis that farmland abandonment takes place in locations 

where the agricultural cultivation costs are high and the yield potential is low, (2) explore to what 

extent this spatially explicit economical model is able to distinguish between the main drivers that 

influence farmland abandonment in the study area, (3) identify the important driving forces of 

farmland abandonment, and (4) and propose appropriate policy implications. 

2. Materials and Methods 

2.1. Study Area 

The study area (24°7′N–29°9′N, 114°02′E–118°28′E) is the Jiangxi province, which is located in 

the southern region of China and covers an area of approximately 166,000 km
2
 (Figure 1). This area 

belongs to a subtropical zone with a humid monsoon climate, an annual average temperature of 16–18 °C 

and an annual average rainfall of 1300–2000 mm. Due to its terrain is narrow and long, there are large 

differences between the climate in the southern region and that in the northern region of the study area. 

The annual average Sunshine is 1473.3–2077.5 h, and the total radiation amount is 97–114.5 kcal/cm
2
. 

The study area is surrounded by three mountains with a chain of undulating hills located in the middle 

portion. Based on the digital elevation model, 54% of the study area is located at elevations <200 m, 

33% at 200–500 m, and 23% at >500 m. The soils are predominantly red soil, yellow soil, and 

hydromorphic paddy soil. The main vegetation types include subtropical evergreen broadleaf forest, 

coniferous forest, and broadleaf mixed forests. The main crops in the Jiangxi province include rice, 

wheat, soybeans, and sweet potatoes. In 2010, the crop planting area covered 3 × 10
6
 ha, and the study 

area had a population of 44.56 million and a food productivity of 4.00 × 10
7
 t. Recently, many people 

in the study area have participated in non-farm employment due to the development of urbanization 

and industrialization, and farmland abandonment has become a common phenomenon in the 

mountainous areas. 

2.2. Data 

2.2.1. Land Use Data 

Land use data in this study were derived from the Data Center for Resources and Environmental 

Sciences of the Chinese Academy of Sciences [35], which has conducted the successive monitoring at 

intervals, every five years, since the late 1980s (henceforth referred to as 1990, 1995, and 2005).  

The land use types were divided into six classes and 24 subclasses (see Table 1). The roles of land use 

data include two aspects. One is used to map for farmland abandonment during the time periods  

1990–1995 and 1995–2005, the other is used to calculate the related variables “distance to forests”, 

“distance to village”, etc. In this study, a conversion from farmland to grassland is considered as  

the abandoned areas. 
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Figure 1. Location map of the Jiangxi Province in China. 

 

Table 1. Land use and land cover of the study area. 

Land use/land cover class Land use/land cover subclass 

Farmland 
Paddy field 

Dry field 

Forest 

Woodland 

Shrubland 

Open woodland 

Grassland 

High covered grass 

Medium covered grass 

Low covered grass 

Water area 

River and trench 

Lake 

Reservoir 

Permanent glacier 

Beach 

Bottomland 

Built areas 

City or town region 

Village residential area 

Rest construct land 

Other covers 

Sand land 

Gobi 

Salted land 

Swamp 

Bare ground 

Bare rock 

Rest of used land 
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The spatial patterns of farmland changes during two periods (1990–1995 and 1995–2005) are 

shown in Figure 2. From Figure 2, we observe that farmland change was particularly widespread in the 

hilly areas of the Jiangxi province over the total time period. 

Figure 2. Observed farmland change of two periods in the study area. 

 

2.2.2. Data of Biophysical Variables 

Climate, topopgraphy, and soil are considered as the main natural influencing factors that influence 

farmland abandonment due to differences in agricultural production conditions. Climatic data were 

derived from the China Meteorological Data Sharing Service System [36]. Based on the long-term 

observed data from 586 meteorological stations for the daily mean temperature and precipitation from 

1961 to 2010, in China, a spatial distribution map of the mean annual accumulative temperature above 

10 °C and precipitation were obtained using the kriging method of spatial interpolation in the software 

ArcGIS v. 9.3 [37]. 

The main topographical factors that influence farm production are slope and altitude [17]. The 

DEM data with a spatial resolution of 90 m × 90 m from the Data Center for Resources and 

Environmental Sciences of Chinese Academy of Sciences were acquired, and were resampled at a 

spatial resolution of 100 m × 100 m. The soil data in the study were derived from the Second National 

Soil Survey of China, and the related physicochemical properties and types of soil from the database 

were collected and analyzed by the Institute of Soil Science at the Chinese Academy of Sciences. 
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2.2.3. Socio-Economical Data 

Socio-economical data at the county level were derived from the Jiangxi statistics yearbook from 

1990 to 2006 [35,38]. The socio-economical data from 90 counties in the study area include the total 

population, rural population, total employees and employees in the primary sector, net income of farm 

per capita, size of the rural labor force, Gross Domestic Product, and secondary sector output value. 

2.3. Methods 

2.3.1. Spatial Economical Model 

The farmer’s choice of agricultural practice on the farmland is determined by the maximization of 

net income [39]. Land use transition occurs when the net income from the land is zero or negative [10]. 

In other words, the farmland abandonment phenomenon may be explained by the agricultural land rent 

theory from economics. The formula for the net income of farmland is expressed as follows [40]: 

vdcqkwlpyR   (1) 

where y is the yield of agricultural products, p is the price of agricultural products, l is the size of labor 

required per ha, w is the corresponding labor wage, k is the capital required per ha, q is the annual costs 

of capital input, c is the cost of enforcing property rights, d is the distance to the central market, and v 

is the transportation cost for the agricultural products. 

If R is zero or negative, farmland no longer has agricultural use value and is marginalized. The 

farmer’s agricultural practice on the marginal land will halt because of the lack of land rent’s net 

income. Therefore, the dependent variable in the spatial economical model for farmland abandonment 

is defined by R
*
. 










0
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*

Rif

Rif
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(2) 

where R
*
 is the proxy for farmland abandonment, and R is the agricultural land rent. If the agricultural 

land rent is zero or negative, the farmland will be abandoned; otherwise it will be maintained. 

According to the above formula, the main determinants of farmland abandonment include the yield 

of agricultural products, price of agricultural products, wage of agricultural labor, capital, cost of 

enforcing land property rights, transportation cost, etc. Considering the accessibility of data and the 

spatial characteristics of model, 20 potential determinants of farmland abandonment were initially 

considered in the spatially explicitly economic model of this study (see Table 2). 

The yield of agricultural products (y) is primarily determined by the agro-ecological conditions, 

technology progress and land use intensification. As the related decision parameters of technology progress 

and land use intensification are difficult to be estimated in the study area, these two factors were not 

considered in the spatially explicit economic model. The factors for agro-ecological conditions mainly 

include topography, soil quality, rainfall, and temperature, among others. Therefore, this study used 

seven variables, i.e., accumulative temperature above 10 degree, annual precipitation, distance to 

forest edge, soil depth, contents of soil coarse sand, slope, and elevation, to represent the potential 

farmland yield. When the daily mean temperature is above 10 °C, most of crops begin to grow. The 

indicator accumulative temperature above 10 degree is an important indication index that indicates the 
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potential farmland yield. The variable distance to forest edge usually has an effect on the climatic 

conditions of farmland. Generally, the smaller the distance to the forest edge, the greater the influence 

on the farmland. Farmland close to forest edges has, in general, less favorable growing and cultivation 

conditions than farmland remote from forest edges (due to shade, woody plant seed rain, etc.) [20]. In 

this study, soil depth and content of soil coarse sand represent the soil quality status. The thinner the 

soil depth and the higher the content of soil coarse sand, the worse the farmland quality will be. Slope 

not only has an effect on production of farmland, but also affects the cost of cultivation [20]. 

Table 2. Independent variables used in the study. 

Variable Description Spatial Resolution Expected Sign *
 

Yield of agricultural product(y)-related variables   

Cumulative temperature above 10 °C (day × °C) 100 m − 

Annual precipitation (mm/year) 100 m − 

Distance to forest edge (m) 100 m − 

Soil depth (cm) 100 m − 

Content of soil coarse sand (%) 100 m + 

Slope (°) 100 m + 

Elevation (m)  100 m + 

Wage of agricultural labor(w)-related variables   

Proportion of employees in the primary sector (%) County − 

Rural labor force participation rate (%) County − 

Rate of change of rural labor (%/year) County − 

Rate of population urbanization (%) County + 

Proportion of secondary sector’s output value (%) County + 

GDP per capita (￥/capita) County + 

Transportation cost(v)-related variables   

Distance to central town(m) 100 m − 

Distance to village (m) 100 m − 

Distance to primary road (m) 100 m − 

Structural characteristics in agriculture   

Net income of farmer per capita (￥/capita) County ? 

Average agricultural area per farmer (ha/farm) County + 

Rate of change of farmer (%/year) County ? 

Rate of change of employees in the primary sector (%/year) County ? 

* The expected sign refers to the expected relationship between the response and covariates negative,  

(+) positive, (?) undetermined. 

Based on the Formulas (1) and (2), the wage of farming labor variables (w) are other important 

determinants of farmland abandonment. The wage of farming labor is primarily determined by  

off-farm employment opportunities, migration, and economic development [40]. The lower the 

proportion of employees in the primary sector, the smaller the agricultural labor supply will be, which 

increases the wage for agricultural labor. The variable rural labor force participation rate in Table 2 

represents the proportion of the rural labor force participation in the primary sector. The variable rate 

of change of rural labor indicates the proportion of the number of rural labor force change during the 

time period 1990–1995 or 1995–2005 in this study.The two variables rural labor force participation 
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rate and rate of change of rural labor can be used a proxy for the supply condition of farming labor in 

this study. With the rapid development of population urbanization and industrialization, a larger 

proportion of the rural populations have begun to migrate from rural to urban areas because urban 

areas provides additional off-farm employment opportunities for rural labor. Therefore, the opportunity 

cost of farming labor increases, which may decrease agricultural profitability and farmland rent. 

Farmlands with poor quality, e.g., steeply sloped land and degraded land, will be marginalized and 

subsequently abandoned. The process of farmland abandonment due to population urbanization and 

industrialization can be explained by Figure 3. 

Figure 3. Process of farmland abandonment induced by population urbanization  

and industrialization. 

 

From Figure 3, we observe that population urbanization and industrialization are the indirect 

motivation for farmland abandonment. Therefore, six variables, i.e., proportion of employees in the 

primary sector, rural labor force participation rate, rate of change of rural labor force, rate of 

population urbanization, proportion of secondary sector’s value, and GDP per capita, are selected to 

represent as the status of labor wages (Table 2). Among these, the variable GDP per capita is a proxy 

for the economic development level in different counties and the variable proportion of secondary 

sector’s value is proposed to express the level of industrialization. 

According to the agricultural land rent theory, the transportation cost of agricultural products (v) is 

another important factor that influences farmland profit. The transportation cost of agricultural 

products is primarily determined by roads (extent and quality) and general infrastructure. The closer to 

the village, central town and roads, the lower the transportation cost will be. Three variables, i.e., 

distance to town, distance to village, and distance to primary road, are selected to represent the levels 

of transportation cost (Table 2). The farther the distance of agricultural land from villages, the more 

time farmers will spend in cultivation. For the agricultural products in the study area, the cost of 

transportation to towns is important. 
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For the other determinants in the land rent equation, price of agricultural products (p) depends on 

the market supply and demand, the number of labor and capital required per ha (l, k) are mainly 

determined by the technologies applied, the annual costs of capital input (q) relies on access to credit 

and interest rates and the cost of enforcing property rights (c) depend on the property regime and land 

competition, these items are not be considered in this study because of they have no spatial difference 

and because of difficulties in quantification. 

Structural variables were included in the analysis model, not for hypothesis testing, but, rather, to 

obtain additional information on their relationships to farmland abandonment. 

2.3.2. Multivariate Logistic Regression Model 

The linear regression model is popular in analytical studies, but it is constrained under many 

situations, especially if the dependent variable is a categorical variable rather than a continuous 

variable. On the contrary, the logistic regression model is able to address this problem properly. 

Multivariate logistical regression models generate regression coefficients that are calculated using 

certain weighted methods that explain the probability of land use change. Thus far, multivariate 

logistic regression models have been used to study wildlife habitats [41,42], forest fire prediction [43], 

and ecological land changes [44], land use changes [45–48]. 

Multivariate logistic regression can determine the effects and strengths of independent variables xki 

in predicting the probability of having pi. If we assume that x is the response variable and p is the 

response probability, then the regression model is: 

ki

k
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where ),,,1( 21 kiiiii xxxyPp   is the occurrence probability of farmland abandonment when 

given kiii xxx ,,, 21  , α is the intercept and β is the slope. 

The probability of an event is a nonlinear function constructed by the independent variables and can 

be expressed as shown: 
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The odds ratio is used to explain the logistic regression coefficients of the independent variables [40].  

In a logistic regression model, it is more feasible to use the odds ratio to understand the event 

probability of independent variables because the odds ratio contains certain properties for estimating 

relevance [49]. We can estimate the odds ratio using the following expression [44,50]: 

)exp()( 2211 nn XXXpodd     
(5) 

In this study, we use SPSS [51] to construct the multivariate logistic regression model and evaluate 

the prediction power of the logistic regression model using maximum likelihood estimation (MLE), 

which includes the regression coefficients, standard deviation, estimated Wald 2 , and significance of 

coefficients. A positive coefficient value means that the odds ratio will increase for a unit increase of 

the independent variable and vice versa. Whenever the relationship among data can be estimated from 

a parametric model, the Wald test can be used to test the true value of the parameter [52]. Once we 
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have estimated the model, we must to evaluate this model to assess how and to what extent it is able to 

describe the dependent variables and data effectively. If we increase the number of independent 

variables (especially after the continuous independent variables are included in the model), 

Pearson’s 2  and Deviation D should not be used to estimate MLE. The Akaike information criterion 

(AIC) statistic becomes a more useful MLE for estimating logistic regression models with continuous 

independent variables. Therefore, in this study we use the AIC statistic to estimate the MLE of 

farmland abandonment in the logistic regression model. The AIC is defined as [53]: 













 


n

SKLL
AIC s )(2ˆ2  

(6) 

where K is the number of independent variables, S is the number of dependent variables minus one, n 

is the number of observations, and sLL ˆ  is the natural logarithm of the maximum likelihood value. The 

range of sLL ˆ2  is [0, +∞]. The smaller the AIC value is, the better the model will be fitted [50]. 

The goodness-of-fit of the logistic regression model of farmland abandonment can be evaluated 

using the percent of observations that are predicted correctly (PC), Cohen’s kappa, and the area under 

the curve (AUC) of the receiver-operating characteristic. The PC method focuses attention on the ratio 

of correctly predicted cells from the total number of cells, and Cohen’s kappa evaluates the accuracy of 

location. The indicator AUC is used to measure the performance of the model compared with that of a 

random model in which the cut-off threshold is varied from zero to one [21,54,55]. The AUC values 

close to 1.0 indicate a high similarity between the observed and predicted values. 

To estimate the model, we combine a stepwise selection method and a conceptual model approach. 

We first choose the independent variables from the conceptual models and use stepwise regression to 

select the main independent variables before applying the saturated model to analyze which variables 

contribute to the farmland abandonment. 

The prediction maps for farmland abandonment were generated by applying the constructed logistic 

models from the sampled data to the full dataset and calculating the predicted probabilities in the entire 

study area. According to the predicted probabilities, a common threshold of 50% is used to judge 

whether farmland is present or absent [21]. In other words, all probabilities higher than 50% were 

predicted as “presence of farmland abandonment” and all probabilities below this threshold were 

labeled as “predicted absence of farmland abandonment”. 

2.3.3. Sampling 

To adopt a logistic model, we use stratified random sampling to select n observations that are 

normally distributed. The use of stratified random sampling is intended to avoid spatial 

autocorrelation. For every observation, we record the value of each dependent and independent 

variable. In every model, we take 1000 observations and ensure that 0 and 1 have been observed 

equally for the dependent variables. Unequal numbers of 0 and 1 observations will not affect the 

coefficient estimation but will affect the constants [44,50]. This is because the constant is estimated by 

)ln(ln 21 pp   where p1 and p2 are frequencies of 0 and 1 of the dependent variables [56]. 
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3. Results 

To avoid high multi-collinearity among the explanatory variables, we also should remove the 

variables that have pair-wise correlation coefficients higher than the threshold value of 0.8 [57]. As the 

Pearson correlation coefficients is 0.854 between rate of urbanization and GDP per capita and 0.882 

between rate of change of rural labor and rate of change of farmer in the first period model, the two 

variables GDP per capita and rate of change of farmer were removed from the logistic model. 

Therefore, 18 independent variables were ultimately included in the logistic model in the first period. 

As these same Pearson correlation coefficients are between 0.002 and 0.737 in the second period 

model, all of the independent variables were included in the logistic model in the second period. 

Figure 4 shows the frequency of observation values along the gradients of slope, elevation and 

distance to town in the first period. The frequency of abandoned farmland (presence) is higher than 

that of maintained agriculture (absence) at slopes between 10 degrees and 30 degrees, at elevations 

above 400 m and at distances to town of more than 10,000 m in the first period (1990–1995) (see 

Figure 4). From Figure 4, we conclude that the variables slope, elevation, and distance to town have an 

obviously negative relationship with farmland abandonment from 1990 to 1995 in the study area. 

Figure 4. Frequency of observations in areas where agriculture has been maintained 

(absence) and where farmland abandonment has been observed (presence) along the slope, 

elevation and distance-to-town gradients in the first period (1990–1995). 
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Figure 4. Cont. 
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In the second period, the frequency of abandoned farmland (presence) is obviously higher than that 

of maintained agriculture (absence) with a distance to village of more than 8000 m, at slopes above 10 

degrees and cumulative temperature above 10 degrees between 7500 and 8000 °C (1995–2005)  

(see Figure 5). From Figure 5, we conclude that the variables distance to village, slope, and 

accumulative temperature above 10 degrees have significantly negative relationships with farmland 

abandonment from 1995 to 2005 in the study area. 

Figure 5. Frequency of observations in locations where agriculture has been maintained 

(absence) and where farmland abandonment has been observed (presence) along the slope, 

distance-to-village and cumulative-temperatures-above-10-degrees gradients in the second 

period (1995–2005). 
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Figure 5. Cont. 
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As shown by the Wald-Chi-square tests (Table 3), the prediction model of farmland abandonment is 

statistically highly significant (p < 0.001) in the first period. According to the related reference [50], 

the value of Wald’s χ
2
 can be used to judge the importance of independent variables. The more the 

value of Wald’s χ
2
 for an independent variable, the more important the independent variable is. The 

results from the spatially explicit logistic regressions for farmland abandonment in the first period 

indicate that topographic characteristics, level of population urbanization, status of rural labor supply 

and market accessibility are the most important spatial determinants of farmland abandonment (Table 3). 

For example, farmland abandonment was more likely on steeper slopes and at higher elevation. The 

odds ratio for slope is 1.22, which means that an additional slope degree rendered abandonment 22% 

more likely. For every 100 m of altitude, the risk of abandonment increased by 3% at the 1% 

significance level. Content of soil coarse sand has a strong positive bearing on abandonment, and an 

additional percentage point increased abandonment by 6% at the 0.1% significance level. Another 

important independent variable in the first period is rate of urbanization and the result shows that 

population urbanization and economic development increased the likelihood of farmland 

abandonment. The variable Distance to town is positively related to abandonment at the 0.1% 

significance level, which shows that farmland abandonment was more likely with increasing distance 

to town. The rate of change of rural labor decreased abandonment by 9% at the 5% significance level. 
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Table 3. Final prediction model of farmland abandonment based on sampling observations 

in the first period (1990–1995) (Observation: n = 1000). 

Variables 
Estimator 

(β) 

Standard 

Error (SE) 

Wald χ
2
 

Statistics 
p Value EXP (β) 

Wald-Chi-square: 523.987(p < 0.0001) 

Constant 21.209 5.887 12.981 0.000 2 × 10
9
 

Cumulative temperature above 10 degrees −0.001 0.000 12.439 0.000 
*** 

0.999 

Annual precipitation −0.009 0.004 5.852 0.016 
*
 0.991 

Distance to forest edge −0.001 0.000 9.273 0.002 
** 

0.999 

Soil depth −0.005 0.011 0.191 0.662 0.995 

Content of soil coarse sand 0.056 0.012 22.604 0.000 
***

 1.058 

Slope 0.201 0.025 66.942 0.000 
***

 1.223 

Elevation 0.003 0.001 8.126 0.004 
**

 1.003 

Proportion of employees in the primary sector −0.013 0.007 3.203 0.074 0.987 

Rural labor force participation rate −0.008 0.004 2.959 0.085 0.993 

Rate of change of rural labor −0.090 0.048 3.611 0.050 
*
 0.914 

Rate of urbanization 0.058 0.009 41.730 0.000 
***

 1.060 

Distance to town 7.0 × 10
−5

 0.000 17.243 0.000 
***

 1.000 

Distance to village 8.0 × 10
−5

 0.000 1.476 0.224 1.000 

Distance to primary road 2.0 × 10
−5

 0.000 1.256 0.262 1.000 

Net income of farmer per capita −0.003 0.001 15.816 0.000 
***

 0.997 

Average agricultural area per farm 2.404 1.203 3.993 0.046 
*
 11.068 

Rate of change of employees in the primary sector 0.059 0.042 1.931 0.165 1.060 

* p < 0.05; ** p < 0.01; *** p < 0.0001. 

According to the Wald-Chi-square tests (see Table 4), the prediction model of farmland 

abandonment in the second period is also statistically highly significant (p < 0.001). Based on the 

Wald χ
2
, distance to village, soil depth, cumulative temperature above 10 degrees, slope, rate of 

change of employees in the primary sector, and net income of farmer per capita are important variables 

for farmland abandonment in the second period (Table 4). Farmland abandonment was more likely on 

the poor-quality land and in the developed areas in the second period. For example, farmland 

abandonment was also more likely on steeper slopes in the study area. Soil depth had a strong negative 

effect on abandonment and an additional 1 cm decreased abandonment by 5% at the 0.1% significance 

level (see Table 4). For the additional percentage for rate of urbanization and proportion of secondary 

sector’s value, the risk of farmland abandonment increased by 3% at the 1% significance level. 

From the results of two logistic regression models, we conclude that some bio-physical and 

transportation cost-related variables are the relatively important determinants of farmland abandonment, 

i.e., slope, elevation, content of soil coarse sand, soil depth, cumulative temperature above 10 degrees, 

and distance to village. Slope and elevation are strongly and positively related to farmland 

abandonment. For soil attributes, content of soil coarse sand and soil depth show significantly negative 

relationships with farmland abandonment. Furthermore, the climate variable cumulative temperature 

above 10 degrees has a significantly negative relationship with farmland abandonment in both models 

(see Table 3 and Table 4). The logistic regression model in the first period shows that the variable 
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annual precipitation displays a negative relationship with farmland abandonment at the 0.1% 

significance level (Table 3). 

Table 4. Final prediction model of farmland abandonment based on sampling observations 

in the second period (1995–2005) (Observation: n = 1000) 

Variables 
Estimator 

(β) 

Standard 

Error (SE) 

Waldχ
2
 

Statistics 
p Value EXP (β) 

Wald-Chi-square: 210.703 (p < 0.0001) 

Constant 12.046 2.372 25.787 0.000 1.7× 10
5
 

Cumulative temperature above 10 degrees −0.001 0.000 17.084 0.000 
***

 0.999 

Annual precipitation −1.9 × 10
−4

 0.001 0.032 0.859 1.000 

Distance to forest edge 2.6 × 10
−4

 0.000 6.556 0.010 
**

 1.000 

Soil depth −0.051 0.011 23.670 0.000 
***

 0.950 

Content of soil coarse sand −0.027 0.015 3.168 0.075 0.973 

Slope 0.080 0.022 13.382 0.000 
***

 1.083 

Elevation −0.001 0.001 1.184 0.277 0.999 

Proportion of employees in the primary sector −0.015 0.006 5.736 0.017 
*
 0.985 

Rural labor force participation rate −0.014 0.005 8.751 0.003 
**

 0.986 

Rate of change of rural labor −1.113 0.724 2.364 0.124 0.329 

Rate of urbanization 0.031 0.011 7.639 0.006 
**

 1.032 

Proportion of secondary sector’s output value 0.031 0.015 4.561 0.033 
*
 1.032 

GDP per capita 7.1 × 10
−5

 0.000 6.279 0.012 
*
 1.000 

Distance to town 4.4 × 10
−5

 0.000 11.315 0.001 
**

 1.000 

Distance to village 3.5 × 10
−5

 0.000 26.371 0.000 
***

 1.000 

Distance to primary road 1.5 × 10
−5

 0.000 1.102 0.294 1.000 

Net income of farmer per capita −0.002 0.001 17.766 0.000 
***

 0.998 

Average agricultural area per farm 2.851 0.909 9.835 0.002 
**

 17.297 

Rate of change of farm 0.263 0.172 2.330 0.127 1.301 

Rate of change of employees in the primary sector −2.380 0.618 14.838 0.000 
***

 0.093 

* p < 0.05; ** p < 0.01; *** p < 0.0001. 

The wages for farm labor variables are significantly related to farmland abandonment in the both 

model (see Tables 3 and 4). For example, the variables rural labor force participation rate and rate of 

change of rural labor have a negative relationship with farmland abandonment in the both models. 

However, there are positive relationships between the variables rate of urbanization and proportion of 

secondary sector’s output value and farmland abandonment. Rate of change of employees in the 

primary sector has a strong negative effect on farmland abandonment (see Table 4). This means that 

the regions having fewer rates of employees in the primary sector are easier to abandon farmland due 

to labor shortages. 

The goodness-of-fit of the two period logistic regression models was observed to differ (Table 5). 

The value of AUC is 0.81 for the first period logistic model and 0.70 for the second period logistic 

model, which is close to 1.0 and indicates a high similarity between the observed and predicted values. 

Compared them with the results of previous literature [20], the AUC values of the models used in this 

study are higher. The results of the two models of farmland abandonment for PC and Kappa were good 

in the two periods. According to the Formula (6), the value of AIC is 0.89 for the first period logistic 
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model and 1.22 for the other. Through the value of AUC, PC and Kappa, we conclude that the 

goodness-of-fit of first period’s logistic regression model is better than that of second period’s logistic 

regression model. 

Table 5. Goodness-of-fit of logistic regression models for farmland abandonment in  

two periods. 

Model AIC PC AUC Kappa 

First period model 0.89 0.81 0.80 0.45 

Second period model 1.22 0.70 0.70 0.41 

4. Discussion 

Our study shows that farmland abandonment was highly correlated with yield potential-related 

variables, which corroborates the results of previous studies [17,19,20]. The significantly positive 

relationship between slope and farmland abandonment suggests that farmlands with complex topographical 

conditions are more likely to be abandoned, primarily because the steeper the slope, the lower the yield 

potential. Lands with higher soil sand content and thinner soil depth are more likely to be abandoned, 

which also suggests that farmland is inclined to be abandoned on poor-quality land where the yield of 

agricultural production is lower. 

The paper also shows that climate factors impacted farmland abandonment. The reason why lands 

with lower cumulative temperature above 10 degrees are more likely to be abandoned is that this lower 

vale can limit crop growth. Most of the abandoned areas consisted of dry fields with poor irrigation, 

where the main water supplies for agricultural practices depend on precipitation. 

The wage for farming labor contributes to farmland abandonment in both models. Farmland is more 

likely to be abandoned in those regions with a lower rural labor force participation rate. The main 

reason for this result is that the lower the rural labor force participation rate, the higher the proportion 

of off-farm employers, which reduces the amount of farming labor supply and then increases the level 

of labor wage. 

The reason that variable rate of change of rural labor impacts on the farmland abandonment in the 

study area is that the more rapidly the decrease in rural labor, the smaller the rural labor supply. 

Furthermore, the variable proportion of employees in the primary sector is another important 

determiner that shows a significantly negative relationship with farmland abandonment and drove a 

large amount of the rural populations to engage in non-agricultural industries, thus influencing the 

amount of rural labor supply. The changes in farming workforce supply and demand directly caused 

increased in wages for rural labor in China. For example, the average salary of peasant workers going 

out increased from ￥781, in 2003, to ￥953, in 2006, and is increasing year by year [58]. 

The variables rate of urbanization and proportion of secondary sector’s output value have a 

significantly positive relationship with farmland abandonment, which indicates that farmland is more 

inclined to be abandoned in those areas with higher levels of population urbanization and industrialization 

because population urbanization and industrialization would increase the opportunity cost of farming 

labor. Recently, the phenomenon of a “peasant worker shortage” has become quite common in China 

due to rapid development of population urbanization and industrialization [33,59]. The phenomenon of a 
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“peasant worker shortage” has accelerated the process of farmland abandonment [33,59]. The variable 

GDP per capita also has a positive relationship with farmland abandonment, which means that as the 

size of the developed areas with more highly developed economics grows, the greater the probability 

of farmland abandonment will be. Population urbanization and industrialization are the main drivers of 

farmland abandonment due to the increased wage for farming labor. Farmland is more likely to be 

abandoned in those areas with high off-farm employment opportunities, larger migrations, and rapid 

economic development. 

With respect to the transportation cost of agricultural practices, the variables distance to town and 

distance to village have a positive relationship with farmland abandonment, which shows that 

farmland is more likely to be abandoned in those areas with higher transportation costs. However, the 

variable distance to the primary road is not significantly related to farmland abandonment in both 

models. It is probable that distance to rural road is an important transportation cost determiner for 

farmland abandonment. As data accessibility is difficult, the variable distance to rural road was not 

considered in this study, but from the results in the both models, we generally conclude that 

transportation cost-related variables have an impact on farmland abandonment. The conclusion that 

farmland abandonment is related to accessibility corroborates the results of previous studies [20–22]. 

For the determinants of the structural characteristics in agriculture, the variables net income of 

farmer per capita and average agricultural area per farm are also highly important for farmland 

abandonment in both models. There is a significantly negative relationship between the net income of 

farmer per capita and farmland abandonment in the two periods, which means that the lower the net 

income of the farmer per capita, the greater the probability that the farmer will abandon the farmland. 

Furthmore, the variable average agricultural area per farm has a positive relationship with farmland 

abandonment, which indicates that those farmers with lower net income and larger agricultural areas 

are more likely to abandon their farmlands. This corroborates the results of previous studies [33,34,60]. 

When studying the land abandonment in Northern Norway, Stokstad also found that the farmers with 

low income are easier to abandon farmland [60]. Furthermore, the size of the farm, including lease and 

own farmland, is an important factor on the decision of the farmers’ abandoning their farmland [60].  

It is probable that farmers are willing to release a portion of labor to take part in off-farm industries 

and improve their living standard and simultaneously demand that the basal ratio can be maintained 

because of a higher agricultural area per farm. 

Compared the models of two time periods, we indicate that there are almost the same driving forces 

and consistent relationship with farmland abandonment. However, there are some differences in the 

important variables for the models of two periods. In the first period, the important variables are slope, 

rate of urbanization and content of soil coarse sand. However, the distance to village and the net 

income of farmer per capita are important for farmland abandonment in the second time period. This is 

because China’s reform and opening up has made large amounts of rural laborers move into cities 

since the late 1990s, which increases the opportunity cost of farming labor. 

These results generally proved the study hypothesis as they suggest that farmland abandonment 

took place in locations where the agricultural cultivation costs were high and yield potential was low. 

Although the important drivers differ between the two periods, the construction of two spatially 

explicit economic models in this study revealed the same dynamic mechanisms of farmland 
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abandonment. In other words, farmland abandonment can be effectively explained by agricultural land 

rent theory in the study area. 

Although a portion of important driving forces of farmland abandonment were identified through 

the land economic model in this study, the mechanisms of land use changes cannot be comprehensively 

and systematically reflected, if only from an economics angle [39]. In reality, many other factors 

influence farmland abandonment, such as the land and agricultural policies of local governments (i.e., 

conversion of cropland to forest and grassland project, agricultural subsidy policy, and cultivated land 

protection policies). For example, in the plains areas, marginalized farmland is not likely to be 

abandoned through intensive production and management or other drivers (i.e., land sublet to increase 

profits from agricultural land). Therefore, the question of how to consider the policies determinants is 

highly important in the spatial economic model of farmland abandonment. 

Based on the perspective of “economic man”, this study explored the mechanisms of farmland 

abandonment. While this explanation may seem appealing for the sake of simplicity, the reality is 

usually not as simple. On the one hand, agricultural production is very often carried out in disregard of 

economic profitability, simply because of not being market-oriented but, rather, aimed at the 

subsistence of the family. On the other hand, lack of generational succession is a common factor for 

farmland abandonment in developed countries, even in highly productive areas. Although the latter 

could be partially explained as cost of opportunity for labor, intangible aspects like prestige, public 

recognition, or pride of farming as a profession also play a significant role. 

At the province scale, there is no spatial difference in some variables, i.e., the prices for agricultural 

products due to using spatial model through spatial sample. If using spatial model to study the problem 

farmland abandonment at the China scale, we should consider the prices of agricultural products. 

Although some potentially interesting variables are not included in the spatially explicit economic model 

to explain farmland abandonment due to due to lack of data availability or difficult quantification, some 

results in this study about the positive or negative correlation between farmland abandonment and 

some independent variables can be explained by the von Thunen model. The goodness of the model 

should be better if the model can be expanded by the opportunity costs and land use policies. The driving 

forces of farmland abandonment include economic factors, technical factors, and social factors [10,59,61]. 

In a subsequent research project, we will improve the deficiencies of the model used in this study. We 

should explicitly consider the different economic factors (income, production technologies), political 

factors (land markets, property rights), and structural environments (i.e., market structure—subsistence 

farming or contractors, etc.) in future analysis. 

From a European perspective, there are a lot of policy measures actually in place which should 

prevent land abandonment on marginal sites [9]. For the problem of farmland abandonment or 

farmland marginalization in China, we need to consider the situation in China to propose appropriate 

countermeasures. Specifically, some policy implications are provided for potential future policy 

decisions in China. (1) In China, many forests and other poor-quality lands were exploited into 

farmland due to the government’s policy “farmland requisition-compensation balance” [62]. Through 

this study, is it feasible for the poor-quality other lands exploited into farmland due to facing the 

problem of abandonment in future? Moreover, this process of exploitation also brings soil erosion and 

biodiversity loss. Therefore, we need to reassess the policy about the area balance of farmland at 

regional scale. In the case of the increasing role of agricultural land marginalization, too much 
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emphasis on the balance of farmland’s total area in China does not meet the law of economic 

development [61]. Moreover, technological advances in agriculture offer the possibility for the 

withdrawal of some farmlands [10]. Therefore, those farmlands with poor quality and location should be 

quitted for agricultural uses. (2) For the Grain for Green project in China, how to effectively compensate 

farmers should be reassessed due to farmland abandonment. (3) Some agricultural policies in China, 

i.e., increasing incomes and decreasing burdens in agriculture, can only alleviate or postpone the 

process of farmland abandonment, but not eliminate it. This requires regional and central governments 

to make a more positive response regarding land use mechanism. 

5. Conclusions 

The spatially explicit economic model used in this study is able to identify the main driving forces 

of farmland abandonment. The yield of agricultural product-related variables, i.e., slope, elevation, 

content of soil coarse sand, soil depth, and cumulative temperature above 10 degrees, are significantly 

correlated with farmland abandonment in the study area. Farmland is more inclined to be abandoned in 

those areas with higher levels of population urbanization and industrialization. Furthermore, the 

increasing opportunity cost of farming labor has become one of the motivations for farmland 

abandonment because of a rural labor shortage induced by the rapid development of population 

urbanization and industrialization. Farmlands are more likely to be abandoned in locations far from the 

villages and towns because of higher transportation costs. Those farmers with a lower net income and 

larger agricultural area are more likely to abandon poor-quality farmland. The results support the 

hypothesis that farmland abandonment is derived from land marginalization. In addition, this study 

also indicates that the spatially explicit economic model in this article can distinguish some driving 

forces of farmland abandonment. 
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