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ABSTRACT 

Land abandonment is a global phenomenon whose environmental consequences are difficult to 

asses. Murcia Region is one of the most arid regions in southern Europe and also one of the most 

prone to land abandonment. This study researches which environmental features are more 

relevant to explain abandonment at agricultural plot scale. Geomorphometric features were 

measured at different scales to investigate which scales could be more relevant. Two different 

models have been used: logistic regression, a statistical model that allows the interpretation of 

the involved features, and Random Forest, a machine learning model with a higher predictive 

power but lower interpretability. The combined use of both such models allows a set of 

predictors to be selected, which, when used with Random Forest, produce a map that is highly 

accurate for predicting abandonment and, when used with logistic regression, produce an 

interpretable model. The main conclusion is that climate is the most relevant factor to explain 

land abandonment. 

KEY WORDS: Land Abandonment, Feature Selection, Data Analysis, Random Forest, Logistic 

regresion 

INTRODUCTION 

Land degradation is related to the human pressure on the ecosystems, either by the increase of 

the population or the increase of the human activities due to new technology or mismanagement. 

Both agricultural intensification and population increase result in soil erosion, loss of 

biodiversity, soil degradation, vegetation changes and human and social changes (Zhao et al., 

2013; Mandal et al., 2013; Li et al., 2013; Wu et al., 2013; Al-Awadhi et al., 2013). Such 

processes lead to land degradation and a loss in the soil services to humankind, jeopardizing 

societies sustainability (Keesstra et al., 2012; Brevik et al., 2015). On the other hand, land 

abandonment is a global phenomenon associated with a progressive reduction both in traditional 

agricultural practices (MacDonald et al., 2000) and in rural population. Several authors have 
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stressed land abandonment as an environmental problem leading to land degradation (Moravec 

& Zemeckis, 2007; Lenda et al., 2012; Navarro & Pereira, 2012). It has been studied, among 

other places, in Oceania (Beilin et al., 2014), South America (Grau & Aide, 2008; Aide et al., 

2012; Schneider & Geoghegan, 2006; Franco et al., 2012; White et al., 2013; Lugo & Helmer, 

2004), North America (Walton et al., 2008; Ramankutty et al., 2010), the former Soviet Union 

(Prishchepov et al., 2013), China (Shang et al., 2008; El Kateb et al., 2013; Deng et al., 2012; 

Fang et al., 2012), Nepal (Khanal & Watanabe, 2006), Irak (Gisbson, 2012), Iran (Raiesi, 2012) 

or South Africa (Kakembo & Roentree, 2003).  

Land abandonment has been also widely studied in Europe (MacDonald et al., 2000; García-

Ruiz et al., 2010; García-Ruíz & Lana-Renault, 2011; Pointereau et al., 2008; Parson, 2014).  In 

the most developed European countries, abandonment reached a peak during the industrialisation 

in the XIX century and after World War II (Gellrich & Zimmermann, 2007). Nowadays, it is 

more related with European policies (Renwick et al., 2013; Pointereau et al., 2008) and affects 

thousands of squared kilometres throughout Europe (Cerdà, 1997; Suárez-Seoane et al., 2002; 

Cramer et al., 2008; Cammeraat et al., 2010).  Land abandonment studies in Europe have been 

mostly conducted in the mediterranean basin (Kosmas et al., 2002; Detsis 2010; Rey-Benayas et 

al., 2007, 2014), in countries such as France (Piegay et al., 2004; Cosandey et al., 2005; Sluiter 

& De Jong, 2007; Bakker et al., 2008), Italy (Dunjó et al., 2003; Maccherini et al., 2013; Ricotta 

et al., 2012; Renzi et al., 2002; Giupponi et al., 2006; Garfi et al., 2007), Greece (Kosmas et al., 

2000; Kouloui & Giourga, 2007; Zakkak et al., 2014); Kizos & Koulouri, 2006; Bakker et al., 

2008), Portugal (Nunes et al., 2012; Proença et al., 2012) and Spain. The results of those studies 

show a recovery of the natural vegetation that resulted in a reduction in the runoff discharge, and 

a clear decrease in the sediment yield (Keesstra et al., 2007) which has been demonstrated by 

direct measurements and modelling (Keesstra et al., 2009; 2014). 

In Spain, several studies have been conducted on the environmental, biological, hidrological and 

geomorphological consequences of land abandonment. The scope of such studies has been 

generally very local: some valleys in the Pyrenees (Ruíz Flaño, 1993; Lasanta et al., 2005; 

García Ruíz et al., 2010; García Ruiz & Lana-Renault, 2011), the Iberic System (Lasanta et al., 

2001; Arnaez et al., 2011; Lasanta el al., 2014), Canary  Islands (Arbelo et al., 2006), some 

sectors in the Ebro Valley (Ries & Hirt, 2008; Sauer & Ries, 2008), South Spain (Ruíz Sinoga & 

Martínez Murillo, 2009), and SouthEast Spain (Padilla, 1997; Symeonakis et al., 2007; Lesschen 

et al., 2007, 2008; Romero Díaz et al., 2007, 2012; Bellin et al., 2009; Nadal-Romero et al., 

2013; Calatrava et al., 2011; Alados et al., 2011; Cerdá et al., 2012; Martínez Hernández et al., 

2013; Robledano et al., 2014; among others). Land abandonment is one of the most 

characteristic processes in the spanish agricultural evolution since the end of the XIX century.  

Its highest intensity was reached during the sixties and the seventies in the XX century (García-

Ruiz et al., 2010). More recently, the rapid urbanisation process (Jiménez-Herrero et al., 2005) 

and the European Agricultural Policies that subsidise the abandonment of less profitable crops 

(Errea & Lasanta, 2001) have contributed to the process. 
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Aridity is one of the main reason that explain the traditional underdevelopment of the Spanish 

agriculture, as it limited the introduction of new techniques resulting from the agricultural 

revolution (Cazcarro et al. 2014). In the first years of the 20th century, the Spanish government 

began to fund some hydraulic plans, but it was in the fifties and sixties when hydraulic 

infrastructures became one of the most important policies in Spain. In Southeast Spain, the 

combination of irrigation and a large insolation gave a significant advantage in the production of 

agricultural goods. When Spain joined the European Union, more important changes took place 

as a result of the Common Agricultural Policy (CAP) that encouraged certain products, as fruit 

and olive trees, and discouraged others, as tubers, cereals or fodder crops (Pinilla & Serrano, 

2009). As a result of these historical factors, a re-allocation of agricultural production, from 

humid areas in the North to semi-arid areas in the South and Southeast, took place from 1930 to 

2005. The contribution of Murcia to the Spanish agricultural GVA increased 2.9 percentage 

points during this period (Cazcarro et al., 2014). Nowadays, and according with the Spanish 

National Statistical Institute,  Almeria (5.5 %) and Murcia (5.4 %) have the largest provincial 

contributions to the Spanish agricultural GVA (Colino et al., 2104). In fact, the agricultural 

history in Murcia is very similar to that of Almeria province (Faulkner et al., 2003). 

However, the need of larger amounts of water and financial resources per hectare in this 

intensified agriculture has lead to a reduction in the cultivated land. According to the Murcia 

Region Department of Agriculture and Water, in the period 2004-2011, the rainfed area has 

reduced from 409,330 ha to 364,024 ha, while the irrigated area has declined from 200,878 ha to 

194,332 ha; however, in a similar period (2007-2013), highly intensive irrigated areas have 

increased from 138,219 ha to 147,807 ha (Colino et al., 2014). 

There is also a change in the farmer type. Traditional farmers with familiar exploitations have 

been substituted by large enterprises and cooperatives employing a large amount of inmigrant 

workers. On the other hand, the offsprings of traditional farmers have abandoned agriculture to 

other sectors (mainly building during the real estate bubble). This process is also similar to that 

occuring in Almeria (Rodríguez-Vaquero, 2008).  

In Murcia Region, Romero Díaz et al. (2007) highlights that, since 1980, land abandonment has 

affected a large percentage of cultivated areas in Murcia region, mostly in fragile soils formed on 

marly Neogene-Quaternary basins. More recently, Martínez-Hernández et al. (2013) indicated 

that cultivated land decreased by 46% in the period 1991-2001, while the non cultivated area 

increased by 33%, especially forests and abandoned land. Causes of land use change have been 

divided into proximate and underlying (Geist et al., 2006). Proximate causes operate at a local 

level and include a set of the physical actions on the land that change it. Underlying causes are 

forces that act more diffusely and trigger the proximate causes. Underlying causes include 

byophisical, economic and technological, demographic, institutional, and cultural factors. Land 

use changes in Murcia, as in the whole Mediterranean basin, are related with socioeconomic 

dynamics, especially with the decrease in rural population (Kosmas et al., 2002). Other factors in 

western Mediterranean countries are European Community agriculture policies that try to set-

aside less profitable crops (Errea & Lasanta, 2001), urban expansion (Ghosh et al., 2014) or 
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market changes (García-Ruiz 2010).  However, according to the staff in Consejería de 

Agricultura de la Comunidad Autónoma de la Región de Murcia (Regional agriculture authority) 

just a small percentage (around 5-10%) of the abandoned land in Murcia has benefited from 

European Agricultural Policy subsidies (unpublished data). Although global socioeconomic 

factors may be responsible for establishing global trends that affect the whole territory, the 

traditional farmers’ final decisions about abandoning individual plots are more related with 

environmental factors.  

Given the important consequences of abandonment, both from an environmental and from a land 

management point of view (Quiñonero-Rubio et al., 2013), there is a need to evaluate the 

phenomenon. At the same time, it is important to identify both the areas most prone to 

abandonment and the most relevant environmental features leading to land abandonment in order 

to establish appropriate policies to manage the land and to attenuate the negative effects where 

they appear. Land use change has been studied using stochastic modelling (Weng, 2002), aerial 

photographs analysis (Lasanta-Martínez et al., 2005), and multitemporal remote-sensing imagery 

classification (Serra et al., 2008). Both statistical methods and machine learning algorithms have 

been used in different classification contexts, both to classify and also to identify which of the 

independent variables used to classify are more important in the classification. Random Forest 

and Logistic regression are specially adequate to obtain variable importance. Given that 

abandonment can be considered as a binomial classification problem, classification techniques 

can be used to estimate potential of abandonment and also to discover which of the features used 

as independent variables are more relevant to distinguish between abandoned and non abandoned 

plots and, consequently, are more related with the abandonment process.  

Mapping is a very helpful tool to locate the land degradation processes and to foresee the 

expected changes. It has been also used to understand the factors and the behaviour of landscape 

changes (Desprats et al., 2013; Xu et al., 2014; Jafari & Bakhshandehmehr 2014). Mapping the 

potential of abandonment is then the second objective of this study. 

The main objective of this study is to identify the environmental (biophysical) features most 

relevant to explain land abandonment in the time span 2001-2009 at a local, agricultural plot, 

scale. For the purposes of this paper, we define agricultural abandonment as the consistent 

cessation of farming activity in a particular area indefinitely and without any recent attempt to 

resume this activity or any other profitable activity. We do not include in this definition land that 

was abandoned in a past secular socioeconomic context, in which the socioeconomic conditions 

were different to those that affect the present day abandonment processes.  We consider that a 

resolution of 25 meters is large enough to represent properly the plot scale because according to 

the Murcia Region agricultural census, plots smaller than 0.5 ha represent just a 0.21% of the 

cultivated land (INE, 2009); working with a 25 meters resolution, a surface of 0.5 ha are 

represented by 8 pixels. We are aware that, as has been previously mentioned, socioeconomic 

features are also relevant to explain land abandonment; however, at agricultural plot scale, 

environmenral features are more relevant; moreover, it would be very difficult to obtain 

socioeconomic information at such a detailed scale.  
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MATERIALS AND METHODS 

 

Study Area  

Murcia region is located in the southeast of the Iberian Peninsula, and its extension is about 

11,317 km
2
. From a geological point of view, it is part of the Betic Cordilleras. Twenty-three 

percent of the territory is below than 200 m.a.s.l.; 44.7% is between 200 and 600 m.a.s.l., and 

32.3% is above 600 m.a.s.l. Overall, this area is quite hilly with an alternation of ranges, 

specially in the northwest, which often exceeds 1,000 m.a.s.l., reaching 2,000 m.a.s.l. as 

maximum elevation; plateaus (in the northeast area); plains (in the southeast); and numerous 

valleys, basins and inter-mountain corridors that compartmentalise the relief. Climate is 

Mediterranean with semi-arid features. The annual rainfall is less than 350 mm, with the 

exception of some areas in the upper northwestern lands where it exceeds 600 mm. Temporal 

distribution of rainfall is irregular with long dry periods combined with short and intense rainfall 

events that produce frequent flash floods and floodings. The average annual temperature is 

between 15 and 19 centigrade degrees. Winters are short and summers are long and hot. 

Insolation exceeds 2,800 hours per year and even 3000 in some southern areas. 

Evapotranspiration is between 1,200-1,300 mm. As a result of the climatic characteristics most 

drainage channels are dry most of the year. Just the Segura river, the main river crossing the 

study area, is a permanent river. Drought periods affect intensely the landscapes and aridity 

imposes a clear contrast between rainfed and irrigated agriculture. The population is around 1.5 

million, with a density around 130 inhabitants/km
2
, but with large differences among 

municipalities. Agriculture has long been the basis of the regional economy. In recent years, 

intensive agriculture, using water from the Tajo-Segura transfer, has transformed the agricultural 

sector. On the other hand, unprofitable rainfed lands are suffering a more intense abandonment 

process. 

 

Land abandonment map 

Due to the size of the study area (about 12,000 km
2
), to create an abandonment map from scratch 

was infeasible, so we decided to use the most recent and accurate official land use map, also with 

the largest scale, that existed at the time. It is the SIOSE (Spanish Land Occupation Information 

System) map (Arozarena et al., 2006). The SIOSE project was coordinated by the Spanish 

Instituto Geográfico Nacional (National Geographic Institute). Its main output is a 1:25,000 land 

use/land cover layer obtained by photointerpretation of several 2005 SPOT images supported by 

the analysis of several landsat images, orthoimagery and different basic and derived ancillary 

maps. The process is fully described in IGN (2005).  

The land use polygons in the layer receive, in some cases, additional attributes besides the land 

use label. With regard to land abandonment, some of the polygons were labelled as pastures 
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including the attribute "formerly cultivated". Such polygons might be identified as abandoned 

plots. However, this dataset has several limitations. It is not accurate enough to directly generate 

a map of abandoned agricultural plots by a simple query to its database. Besides the possible 

inaccuracies in the map, SIOSE uses a usual strategy in the generation of coverage maps: 

creating mosaics to aggregate plots whose size is under the minimum mappable area unit, which 

depends on the map scale. Coverage association is a similar concept; in this case, different 

coverages blend with each other without clear borders and are represented as a single polygon. 

An example is the association of forest and scrubland. As "formerly cultivated pastures" is the 

unique label in only 27% of the 4701 polygons that carry it, it has been necesary to to identify, at 

each plot occupied by an association or a mosaic, which sector really corresponds to abandoned 

plots. Consequently, SIOSE polygons were used as a first approximation for an abandonment 

map. So it was neccesary a subsequent and laborious photointerpretation process.  

Moreover, such polygons are a snapshot of the situation in 2005; however, land abandonment is 

a complex process that has to be followed along a larger time span. In a second step, and to 

refine that first approximation, a photo-interpretation (not digital classification) analysis was 

carried out on a regional 2003 Quick-Bird image and on several digital or digitised aerial 

photographs corresponding to the years 2002, 2004, 2007, 2008, 2009 and 2011. The reason why 

we used such a large amount of images is that sometimes it is not easy to decide, looking at just 

one image, if a plot is abandoned; it looks abandoned due to the phenological calendar of the 

crop, but is actually being cultivated; or has a temporal activity cessation, but with a further 

intention of resume the cultivation. Having a series of several images allows us to have a clearer 

idea about the evolution of every crop. This large time span has allowed to verify such polygons 

and to detect other abandoned plots. To confirm that a SIOSE polygon labelled as abandoned 

was, indeed, abandoned, it had to fulfil two basic conditions: 

•It must have been cultivated in 1981 and 2001. At first, we took 1981 as the base year  

because the beginning of that decade has been identified as the start of modern and 

market oriented agriculture in Murcia region (Cortina García, 1994). Besides, the first  

good resolution orthophotography (50 cm) was taken in 1981. On the other hand, the 

only available land use map from which extract the land use prior to abandonment is the 

Mapa de Cultivos y Aprovechamientos (Crops and land use map) (2000-2009) published 

by the Spanish Ministerio de Agricultura, Pesca y Alimentación (Ministry of Agriculture, 

Fisheries and Food) with field data collected between 2001 and 2007, at 1:50,000 scale. 

So, the effective time span of this research is 2001-2009.  

•It should not have been cultivated in 2007, 2008 and 2009. The aerial othophoto 

corresponding to the year 2011 was later used as a validation test.  

Finally, all areas besides the formerly cultivated pastures (according to SIOSE layer) were 

checked using the same set of images. In this way, other abandoned plots were identified. A 

comprehensive description of the methodology appears in Martínez-Hernández et al. (2013). 
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Features 

A large amount of environmental features were considered as predictors with a mainly 

exploratory purpose and to avoid a priori assumptions about any particular feature being more 

important than the others. These features were: 

•Land use: obtained from the aforementioned crops and land use map at 1:50,000 scale. 

•Lithology: from the Geology map at scale 1:50,000 produced by the Instituto Geológico 

y Minero de España (Spanish Geology and Mining Institute) simplified into a map of 5 

categories to represent the five main rock types in the area (Limestone, Detritic, 

Evaporitic, Metamorphic and Volcanic, and Quaternary deposits). 

•Soil type: from the soil map at scale 1:100,000 produced by LUCDEME project (Alias 

& Ortiz, 1986–2004), in which polygons are labeled with soil associations rather than 

with individual soil types. The map was reclassified to meet the FAO-2010 criteria; 

additionally, some of the less frequent associations were also reclassified into larger 

groups to prevent the presence of very infrequent classes. It would have been interesting 

to add quantitative soil properties to this analysis; however, the uncertainities of the 

estimation of such properties for all the study area discouraged us of using them. Just the 

concentration of soil organic carbon, for which we had an accurate enough map (Blanco-

Bernardeau et al., 2014), was included in the analysis.  

•Climate layers: Precipitation; absolute minimum, absolute maximum and average 

temperature; potential evapotranspiration and incident solar radiation. Every variable was 

estimated on a monthly scale, which means a total of 72 layers. These layers were 

available from previous projects (Gomariz-Castillo & Alonso-Sarría, 2013): Precipitation 

and temperature were obtained using GLM models (James et al., 2013), potential 

evapotranspiration using the Allen modification of the Hargreaves equation (Allen et al., 

1994), and solar radiation using the GRASS module r.sun (Hofierka, 1997). These layers 

were calculated with a resolution of 400 m. 

•Geomorphological features were calculated from an official DEM with a resolution of 

25 meters obtained from the Instituto Geográfico Nacional (Spanish National Geographic 

Institute). The resolution of the DEM, and consequently of all the derived features, are 

adequate to the local, agricultural plot, scale that we are interested in. The 

geomorphological features were calculated using different scales (window sizes) to 

investigate which scales could be more relevant. Such calculations were performed using 

GRASS (Neteler & Mitasova, 2008) and SAGA (Olaya & Conrad, 2009) modules. These 

features include the most used and the most representative of the different 

geomorphological features groups (Hengl & Reuter, 2009): 

•Elevation. The aforementioned DEM. 

•Terrain derivatives obtained from the DEM: Slope, sine, and cosine of the aspect, 

profile and plan curvatures, all calculated with different window sizes (3, 7, 11, 
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15, 19, 23, 27, 31, 35 and 39 pixels) to obtain estimations at different scales (from 

approximately 0.1 has to 95 has). That represents a total of 50 layers. The GRASS 

module r.param.scale (Wood, 1996) was used to calculate them. 

•Roughness using several different measurements: Melton coefficient (Melton, 

1965); Terrain Ruggedness Index (Riley et al., 1999); Vector Ruggedness 

Measure (Sappington et al., 2007); Iwahashi and Kamiya coefficient cited in 

Iwahashi & Pike (2007). These four coefficient were calculated using the same 

window sizes used to calculate the terrain derivatives, representing a total of 40 

layers.  

•Topographic position: Topographic Position Index (Weiss, 2001) was calculated 

with SAGA using the same scales than in the previous indices. In this way, 10 

layers were created. 

•Derived topographic indices: Topographic Wetness Index (Quinn et al., 1991; 

Beven et al., 1995); Multiresolution Valley Bottom Flatness Index (Gallant & 

Dowling, 2003) and USLE LS factor using the formulation proposed by Moore & 

Burch (1986).  

•Finally, other features: Distance to a major road and distance to natural areas, both 

calculated with GRASS. 

 

Feature selection 

The list of features previously presented make a total of 182 different layers (179 quantitative 

and 3 qualitative). Besides the computational complexity, other problems when dealing with 

such a large number of predictors include collinearity and the risk of overfitting the model.  

Both statistical and machine learning based models are sensitive to collinearity (Dormann et al., 

2013). In the case of logistic (and also linear) regression, parameter estimates may be unstable as 

standard errors become inflated. So, it is difficult to asses the importance of the features. When 

using stepwise regression, small variations in a collinear dataset might result in one or the other  

collinear predictor being dropped from the model, leading, through a different trajectory, to a 

complete different model. 

Machine learning based methods share the problem when using collinear predictors; the obtained 

model is sensitive to slight changes in the data set, being difficult to interpret the final model or 

to separate the effects of collinear variables. In particular, one of the most interesting 

characteristics of Random Forest is that it trains several decission trees using different, randomly 

selected, feature subsets. This allows a reduction in correlation among trees that increases the 

power of the final voting system. Collinearity among features increase the correlation among 

trees and, consequently, decrease the power of the method. 
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One of the most usual approaches for dealing with collinearity is Principal Component Analysis 

(PCA); however, we preferred not to used PCA because the new components are difficult to 

interpret and because the objective of this study is to identify which features are more relevant to 

explain land abandonment. In contrast, Variance Inflation Factors (VIF) (Zuur et al., 2007) can 

be used to produce a non collinear subset of the original feature set, so that the resulting models 

are quite easier to interpret.  

The R program (R Core Team, 2014) was used for the VIF analysis and the rest of statistical 

analysis in this research. The algorithm presented in Zuur et al. (2009) was adapted for this 

research to recursively calculate the VIF for each feature, select the feature with the highest VIF 

and omit it from the data set, recalculate VIF for the rest of the features, and continue with the 

next iteration. This procedure continues until no feature has a VIF higher than a given threshold. 

Zuur et al. (2007) recommend a threshold smaller than 10, but, following a more restrictive 

recomendation from other authors (Kutner et al., 2004; O‘brien, 2007), a threshold of 5 was used 

in this study. 

 

Classification methods 

 

a) Logistic regression 

Logistic regression is a particular case of the Generalized Linear Model (McCullagh & Nelder, 

1989; Zuur et al., 2009) that can be used with response variables which range from 0 to 1. Thus, 

it is especially useful for modeling percentages or probabilities. It is also used as a classification 

method with binomial responses (although it can also be adapted to the multinomial case).  

The main advantage of logistic regression, over more sophisticated machine learning methods 

such as Random Forest, is that the resulting model is easy to interpret and the environmental 

value can be assessed by examining the coefficients of the predictors entering the model. 

This methodology has been used in several research fields as species distribution (Guisan et al., 

2002), or snow depth (López Moreno & Nogues Bravo, 2006). It has also been used to analyze 

land abandonment (Verburg et al., 2002; Dirnböck et al., 2003; Bakker et al., 2005; Serra et al., 

2008; Corbelle-Rico et al., 2012). 

In this case, we used a stepwise regression method. This begins with a saturated model with all 

variables; variables are then recursively eliminated if their significance to the model is low. Once 

the stepwise process has finished, predictors with p-value less tan 0.01 are rejected one at a time. 

 

b) Random Forest 

Decision trees (Breiman et al., 1984) are among the best known supervised classification 

methodologies. They conform a non-parametric, robust, and non-sensitive to missing or noisy 
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data prediction technique (Schmidt et al., 2008) whose decision rules are easy to interpret. 

However, the main problem of classifying with just one tree is its high sensitivity to the input 

data, because small modifications in the dataset can lead to very different models. Ensemble 

learning techniques have received much attention as a way to overcome this limitation.  

Random Forest is an ensemble method proposed by Breiman (2001). It consists of using several 

decision trees (500 to 2,000) that are trained using a random subset of cases (obtained by 

bootstrapping) and a randomized subset of the features. Trees are grown to maximum size 

without pruning, and then each new case is classified by a voting system among all the trees. The 

randomness added to the process decreases the correlation between trees, and the large number 

of trees reduces generalization error (Breiman, 2001; Pal, 2005; Prasad et al., 2006), providing 

better results than other classification methods (Breiman, 2001; Liaw & Wiener, 2002).  

Random Forest algorithm uses two parameters: Number of trees and number of variables used to 

train each tree; however, it is not very sensitive to the particular values used (Liaw & Wiener, 

2002; Hastie et al., 2008). So, in this study, the default values were used for the parameters: 500 

trees and a number of variables in each tree equal to the integer part of the square root of the 

number of features. 

The main drawback of Random Forest, comparing with the single classification tree approach is 

that it becomes a “black box” approach (Prasad et al., 2006). However, Random Forest provides 

several metrics that allows the model to be interpreted. Variable importance is evaluated based 

on how the prediction would change if the data for that predictor were randomly permuted. 

Several statistics can be used as estimator of variable importance. In this study, the mean 

decrease in accuracy for each predictor was used. Thus, Random Forest is much more 

interpretable than other machine learning methods, and it has been called a “gray box” approach 

(Prasad et al., 2006). 

The output of a Random Forest classification model might be a hard classification of 

abandonment and non abandonment or a fuzzy approach that uses the percentage of trees with a 

positive output as a measurement of the potential of abandonment. 

Random Forest has been used in Remote Sensing (Guhimre et al., 2010), Genetics (Cutler & 

Stevens, 2006), Ecology (Cutler et al., 2007), Soil Science (Schmidt et al., 2008) or groundwater 

characterization (Baudron et al., 2013).  

The R package randomForest (Liaw & Wiener, 2002) was used in this study. 

 

c) Integration of Random Forest and Logistic Regression 

In this study, we used the importance of variables, one of the outputs of the Random Forest 

model, to support feature selection both for Random Forest and Logistic Regression in order to 

obtain a set of features that may give an interpretable model with the latter and a model with 

higher predictive power with Random Forest. 
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Sampling 

The whole analysis was carried out with a cell size of 25x25 meters, meaning more than 18 

million cells inside Murcia region. Because of the huge amount of pixels in the raster layers, a 

random sample of 2,000,000 pixels was obtained to do the variable selection. To guarantee that 

the feature selection results are relevant to the objectives, these pixels were obtained from areas 

that appears as cultivated in the MCA map, but are now abandoned. 

Classification methods were calibrated using a random subsample of 100,000 pixels taken from 

the pixels used for the VIF analysis. Because the samples were random, they are not balanced; 

that is, there are many fewer abandoned cases than non abandoned cases (3.46 % of abandoned 

pixels in the training dataset and 3.27 % in the validation dataset). Finally, a different subset of 

100,000 pixels was randomly sampled to build ROC curves (James et al., 2013) in the validation 

stage. 

 

Validation 

Both classification methods give a probability of abandonment value as output. However, these 

values should not be considered as a direct probability predictor, taking 0.5 as a threshold to 

perform a hard classification, because classes are not balanced. In this cases it is better to use a 

threshold that maximises prediction accuracy (Kuhn & Johnson, 2014). Such threshold also 

depends on the cost associated with each type of error (false positives and false negatives). 

However, in this study, the objective was not to obtain a hard classification but to obtain a map 

of potential of abandonment that would provide its users with the flexibility to set the threshold 

depending on their needs. In such cases, accuracy statistics as the percentage of correctly 

classified pixels or the kappa index (Congalton & Green, 2008) are not adequate. 

Receiver Operating Characteristic (ROC) curves (James et al., 2013) can be used to quantify the 

accuracy of the model in such circumstances. These curves (Figure 2) are obtained by plotting, 

for each threshold value, the sensitivity (true positive rate) and the specificity (the 

complementary of the false positive rate) of the model. The result is a convex curve from the 

bottom-left corner of the graph to the upper-right corner (point 1,1). If the curve resembles a 

straight line the classification is not different from a random one. If the convexity of the curve 

increases, approaching the point where both sensitivity and specificity are equal to 1, the 

classification is better. The usual method to quantify this shape is the Area Under the Curve 

(AUC) which can be interpreted as the probability of correctly classify a pair of random cases, 

one with Y=1 and the other with Y=0. AUC values range between 0.5 (or even lower), indicating 

that the classification is not different from a random one (or even worst); and 1, indicating a 

perfect classification for the optimum threshold. The R package ROCR (Sing et al., 2005) was 

used to calculate ROC curves. 
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RESULTS 

 

Land abandonment map 

After applying the revision process to the SIOSE map, only 17.12 % of the area labelled as 

“pastures formerly cultivated” was actually abandoned land. On the other hand, 1.1 % of the 

cultivated area according to the SIOSE map was actually abandoned. Figure 1 shows the 

obtained land abandonment map; 73.3 % of the identified abandoned plots were included as 

pastures formerly cultivated in the SIOSE map and the remaining 26.7 % were identified 

analysing the area that was labelled as cultivated in the map. According to Figure 1, 4.28 % of 

the cultivated surface in 2001 had been abandoned in 2009, representing a 3.27 % of the whole 

region. 

 

Variance Inflation Factors 

Table 1 shows the 42 quantitative features selected by the VIF-based process of feature selection. 

These features summarise the environmental variability in the study area, preventing collinearity, 

and maintaining the interpretability of both the variables and the models. The aforementioned 3 

qualitative variables (land use, soil type and lithology) were added to the data set, making a total 

of 45 predictors. 

 

Classification models 

Figure 2 shows the results of both classification models calibrated with the 45 features resulting 

from the variable selection process. It is clear that Random Forest model has the highest 

prediction capacity. Figure 3 shows the 30 more important features according with the Random 

Forest algorithm. It is clear that the climatic features are more important than the 

geomorphometric features.  

Although the VIF test allowed a substantial reduction in the number of features, a model with 45 

variables is still too large because of the risk of overfitting the training data and the difficulty to 

interpret the model from an environmental point of view. To discover how many features are 

really needed to fit a model with high enough predictive power, we decided to calibrate Random 

Forest with an increasing number of variables, beginning with the most important one, until a 

model with the 20 most important variables was reached. The results of this calibration process 

appear in Figure 4. Although only the 20 most important features were analysed, a sill is rapidly 

reached using just 13 or even 6 features. This result demonstrates that an accuracy similar, or 
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even better, to the obtained with the complete set of features can be reached selecting just the 

most important features. 

 

The problem with variable importance is that it does not provide information on the effect of the 

features on the model. In order to understand what role the different features play, we repeated 

the sequential calibration process with a logistic regression. Features, once more, were entered 

into the model according to their importance measured by Random Forest; the difference is that 

features were maintained in the model or omitted according to two criteria: The p-value of the 

effect had to be smaller than 0.05, and the effect of the feature on the model should not be 

counter to accepted knowledge. Although this decision may not be considered sensible, we think 

it is better to be safe not including a dubious predictor and to avoid reaching the wrong 

conclusions. Features in black Figure 4 were rejected in this sequential process; while features in 

red were maintained in the model.  

Having a subset of features that both are important for prediction and have an environmentally 

sound effect on the logistic model, we tried to asses the predictive capacity of such model and 

repeat the sequential calibration process, but this time for both the Random Forest and the 

logistic model. Figure 5 shows the importance of variables in this reduced model. Figure 6 

shows the increase in the area under the ROC curve with the addition of new features in order of 

importance. Once more, it is possible to reduce the number of features used in the model to a 

final model with just 8 features without loss in accuracy (AUC=0.917).  

During the sequential calibration process, the sign of the coefficients and p-values of the 

predictors in the logistic regression model were quite stable when each new variable were 

introduced. It is noteworthy that, for the logistic model, although the AUC value is quite lower 

(AUC=0.748), there is not much difference between calibration and validation data and the 

curves are monotone increasing. 

 Table 2 and Figure 7 show the effect of the six quantitative variables finally selected. All of 

them are highly significant, with really small p-values. The estimated coefficients show the 

direction and magnitude of the effects in the linear part of the logistic regression. Figure 7 shows 

the effects on potential of abandonment and the confidence intervals. Table 3 and figures 8 and 9 

show the effects and confidence intervals of the different land use classes and soil types. Finally, 

Figure 10 shows the final map using the reduced Random Forest model with an AUC of 0.917. 

 

DISCUSSION 

The feature set resulting from the VIF analysis should be interpreted as a subset of the original 

dataset that summarizes the original information reducing, at the same time, collinearity. This 

means that every feature in the subset does not only represent itself, but also all the features 

correlated with it that are not included in the subset. For example, precipitation in December can 

be considered a proxy for winter precipitation. 
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Regarding Random Forest importance, climatic features were seen to be more important than the 

geomorphometric features. One reason that might explain this is that, in Murcia Region,  climate 

is, indeed, more relevant than geomorphology; however, it is also possible that farmers perceive 

climatic factors more easily than other factors. Murcia Region is a semi-arid area that suffers 

frequent drought periods. In the time span we are studying, the year 2005 was characterized by a 

significantly shorter amount of rainfall. Although the climatic layers were build with long series, 

not just with the data for the 2001-2009 period, this fact can partly explain the strong importance 

reached by climatic variables.  

Among the climatic features, October and December precipitation have a clearly negative 

correlation with abandonment. It should be noted that Murcia region receives precipitation both 

from winter frontal systems coming from the Atlantic Ocean and from convective cells generated 

during the autumn months in the Mediterranean Sea. Both mechanisms are quite uncorrelated. 

Thus, precipitation in October and December act as proxies for these separate mechanisms. 

Being a semi-arid region, water availability is a very important issue. The spatial differences in 

precipitation at regional scale may represent the difference among profitability or not 

profitability. This is especially important to explain land abandonment in dryland areas. 

Although irrigated plots have other water sources, they also depend partly on precipitation. So, in 

both cases, areas receiving less rainfall, both in winter and in autumn, are more prone to 

abandonment.  

On the other hand, the effect of precipitation in September is positive. This effect can be 

interpreted as the effect of late summer convective storms in the interior of the study area. This 

kind of precipitation events can produce substantial damages and economic losses in cultivated 

areas. Another positive effect is that of August absolute maximum temperature. Since Murcia is 

one of the hottest and driest areas in Europe, this positive effect is related with the amount of 

heat and potential evapotranspiration in summer, being a factor that leads to land abandonment. 

Among the geomorphometric features, only the slope calculated at a maximum scale (39 pixels, 

that is, around 95 ha) was introduced in the final model. In this case the steeper the slope the 

more likely the abandonment. We are aware that the selected features are relevant to the local, 

agricultural plot, scale we are working in and that, at more detailed scales, geomorphometric 

variables might be more relevant. The positive correlation between slope and abandonment has 

been already stated by several researchers (e.g. Koulori et al., 2007). 

Distance to natural vegetation areas is the final quantitative feature included in the model; it has 

also a negative effect; however, its uncertainty is larger than in the other cases. Although the p-

value is quite small, the confidence interval of the effect seems to be very large. The 

interpretation is that the probability of abandonment of cultivated plots very near natural land 

cover (less than 500 m) is slightly higher than in plots farther from non cultivated areas. Similar 

effects have been found by Bieling (2013). 

Land use has also been considered by different authors (Dunjó et al., 2003; Lesschen et al., 

2007; García Ruíz, 2010; Nadal Romero et al., 2013) as an important feature in relation with 
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land abandonment. Figure 8 shows the effects of the different uses on the model. In general, 

rainfed crops are more prone to abandonment than the irrigated crops. Murcia is an arid region 

and the supply of water in rainfed areas is far from guaranteed. In a first group, irrigated fruit 

trees and vineyards are the most profitable crops and thus the less prone to abandonment. In a 

second group, carob trees (a very marginal crop) and rainfed grass crops are the most prone to 

abandonment; however the confidence intervals are quite large in these cases. Finally, the "Other 

crops" group includes a small number of plant nurseries and palm trees that are not abandoned 

but, because of their small number, the effect shows large uncertainty. 

Figure 9 and Table 3 show the effects of different soil types; Table 3 includes the keys to 

interpret the codes in figure 9. Most of the soil types whose effect on abandonment is positive 

correspond to soils with different limitations for agriculture. Arenosols are poorly developed 

soils with a low nutrient content. Solonchaks are highly saline soils, and in Murcia Region they 

are associated with highly saline marls and clays deposited during the Keuper period. The 

dispersive nature of soils developed on marls and some land use practices, such as levelling and 

terracing, increase the risk of piping erosion processes (Romero-Díaz et al., 2007). Vertisols are 

soils with a high proportion of swelling clays, and, as a result, deep wide cracks can appear when 

drying. Regosols are poorly developed soils formed from unconsolidated materials. They appear 

mostly in loamy depressions where water erosion processes occur (Romero-Díaz et al., 2007). 

Lithosols are very shallow soils (less than 10 cm). By contrast, it is noteworthy that calcium 

Fluvisols, typically alluvial and fertile soils, were seen to be prone to abandonment. The cause is 

probably not the soil characteristics itself, but its occurrence in areas of recurrent flooding, one 

of the most important environmental hazards in Murcia region (Romero-Díaz & Maurandi 

Guirado, 2000;  Castejón Porcel & Romero Díaz, 2014). 

Figure 4 shows that the accuracy in the final model with 8 features is almost perfect for the 

Random Forest model and calibration data; with validation data its AUC is 0.917, slightly better 

than when using the 45 variables (Figure 2). In relation with the logistic model, the increase in 

the area under the ROC curve for validation and calibration data are both monotone increasing 

and almost identical. This surprising result can be explained because each new predictor is 

actually adding valuable information to the model without overfitting it.  

Figure 10 shows the prediction obtained by Random Forest using the 8 selected features. This 

map reflects quite accurately the land abandonment map obtained by photointerpretation (Figure 

1). The lower potential of abandonment appears in irrigated areas in the south of the study area 

where water availability combines with fertile soils; and in the mountain areas of the northwest 

where precipitation is higher and temperatures milder. The highest abandonment potential 

appears in the northeast, where climate is more continental, arid and extreme.  

Land abandonment is a very complex problem with several underlying factors affecting 

differently at different spatio-temporal scales. Due to the specific location, temporal span, scale, 

and type of features analyzed, we do not think that the results obtained and the conclusions that 

we draw from them are universally valid. Socioeconomic pressures are probably more important 
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at a broader (regional) scales. Besides, geomophologic features might have been more relevat in 

the past, or even nowadays at a more detailed (larger) scales.  

The results show that our approach may be quite useful to disect the multidimensional problem 

of land use change analysing a subspace of it. The methodology has been proven useful, and can 

be easily implemented in any other area and can also be adapted to the amount of information 

available. 

 

CONCLUSIONS 

The Variance Inflation Factor methodology allowed a substantial reduction in the number of 

predictors from 182 to 45. These predictors summarize all the information in the initial dataset 

using a subset of variables that are not correlated with each other. 

Combining feature importance obtained by Random Forest with logistic regression information 

enabled us to reduce this quantity to a very tractable subset that can produce a model with high 

predictive power and, at the same time guarantee that the features included into the model are 

environmentally interpretable.  

In Murcia, climate is the main factor to explain land abandonment. 
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Figure 1: Abandonment map in Murcia Region. The black boundaries correspond to the limits of 

municipalities.  

 

 

Figure 2: ROC curves for the two classification methods. The 44 features selected by the VIF-

based selection process and the 3 qualitative variables were used to fit the models. The optimum 

points are marked; probability, sensitivity, specificity, and AUC values are included. 
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Figure 3: Feature importance in the first Random Forest model. WS stands for window size. 
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Figure 4: Increase in AUC when adding features to the Random Forest model in order of 

importance (only the 20 most important). The black line is the accuracy measured using the 

calibration set and the blue line the accuracy values obtained with the validation set. Features in 

black were rejected because the p-value was not significant enough or the sign of the effect was 

counter to accepted knowledge. Features in red were maintained in the model. The red horizontal 

line shows the accuracy reached using all the features maintained in the model (AUC=0.917). 

WS stands for window size. 
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Figure 5: Feature importance in the second Random Forest model. WS stands for window size. 
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Figure 6: Increase in AUC adding variables to the Random Forest model in order of importance. 

Dotted lines represent the logistic model and solid lines the Random Forest model. Black lines 

represent the results for the calibration data, and blue lines the results for the validation data. WS 

stands for window size. 
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Figure 7: Effects of the quantitative variables. Precipitation is measured in millimeters, 

temperature in degrees Celsius, slope in degrees and distance to natural land in meters. WS 

stands for window size. 
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Figure 8: Land use effects. 

Page 35 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

36 

 

 

 

 

Figure 9. Soil type effects. Due to the large confidence intervals of two of the soil types, a 

second figure appears inserted in the main one, showing the effects of all soil types except the 

two with largest effect. This way, the probability range can be reduced to 0-0.15 and the 

differences in the effects of the different soil types are easier to see. Table 3 includes the key to 

interpret the soil type numerical codes.  
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Figure 10: Potential of abandonment map, from the Random Forest model. 
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 Climate August total precipitation, September total precipitation October total 

precipitation, December total precipitation, August maximum 

absolute temperature, December minimum absolute temperature, 

December radiation, April potential evapotranspiration, September 

potential evapotranspiration.  

Terrain Derivatives Slope (WS=39), Aspect sine (WS=3), Aspect sine (WS=39), Aspect 

cosine (WS=3), Aspect cosine (WS=39), Profile curvature (WS=3), 

Profile curvature (WS=7), Profile curvature (WS=11), Profile 

curvature (WS=23), Profile curvature (WS=39), Plan curvature 

(WS=3), Plan curvature (WS=7), Plan curvature (WS=11), Plan 

curvature (WS=15), Plan curvature (WS=19), Plan curvature 

(WS=23), Plan curvature (WS=27), Plan curvature (WS=31), Plan 

curvature (WS=35), Plan curvature (WS=39) 

Roughness Vector Ruggedeness Measure (WS=3), Vector Ruggedeness Measure 

(WS=11), Iwahashi and Kamiya (WS=3), Iwahashi and Kamiya 

(WS=7), Iwahashi and Kamiya (WS=11), Iwahashi and Kamiya 

(WS=39), 

Topographic Position Topographic Position Index (WS=3) 

Derived Topo. indices Multiresolution Valley Bottom Flattness, USLE LS, Topographic 

Wetness Index 

Other Soil Organic Carbon, Distance to Natural Uses, Distance to roads  

Table 1: Variables with VIF less than 5 after the variable selection process. WS stands for 

window size. 
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Predictor Estimate Std. Error z value P-value 

(Intercept) -15.16 1.186 -12.780 <0.000001 

December total 

precipitation 

-0.1281 0.005348 -23.959 <0.000001 

September total 

precipitation 

0.09919 0.006961 14.249 <0.000001 

August maximun 

abs. temperature 

0.3821 0.03 12.737 <0.000001 

October total 

precipitation 

-0.07419 0.005183 -14.314 <0.000001 

Slope (WS=39) 0.3211 0.04258 7.540 <0.000001 

Distance to 

natural uses 

-0.06908 0.01443 -4.789 0.00000168 

Table 2: Results for the quantitative predictors in the logistic model resulting from the iterative 

inclusion of predictor. WS stands for window size. 
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Land use class  Estimate Std. Error p-value 

Irrigated citric fruit trees    

Irrigated non citric fruit trees     0.0827     0.1152 0.472981 

Rain feed olive trees     0.4339     0.1343 0.001233 

Rainfed carob trees    1.150     0.2998 0.000125 

Rain feed almond trees     0.2896     0.09722 0.002898 

Rainfed vineyard    0.7155     0.1060 <0.000001 

Rainfed grass crops     1.185     0.08957 <0.000001 

Irrigated grass crops    0.4493     0.1018  0.0000103 

Orchards     0.3249     0.2199 0.139603 

Greenhouses     0.5205     0.2973 0.079962 

Other crops  -12.29 360.2 0.972770 

Irrigated olive trees     0.3919     0.1751 0.025210 

Irrigated carob trees     1.441     0.3879 0.000203 

Irrigated almond trees    0.6089     0.1152 <0.000001 

Irrigated vineyards    0.1201     0.1368 0.379874 

Table 3: Results for land use predictor in the logistic model resulting from the iterative inclusion 

of predictors. Irrigated citric fruit trees is the baseline level in the model. 
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Key Soil type Estimate Std. error p-value 

201  Cambisols and gipsic Xerosols    

205  gypsic Xerosols   0.3364       0.0495 <0.000001 

401 calcaric Fluvisols  -0.5499       0.1014 <0.000001 

501  calcic Kastanosems  -0.01799       0.1814 0.921005 

803 Litosols  -0.06998       0.1052 0.505778 

805  Rendzinas  -0.2813       0.7167 0.694684 

901  luvic Xerosols -11.53     38.81 0.976305 

1101  calcaric Regosols    0.3361       0.0611 <0.000001 

1102  eutric Regosols    0.04914       0.4199 0.906834 

1104  litosolic and litorrodic Regosols   -1.573       0.5061 0.001883 

1205  gleic and orthic Solonchaks    0.2753       0.2803 0.326009 

1302 chromic Vertisols    1.496       0.6307 0.017712 

2013  calcic and petrocalcic Cambisols   -2.441       1.002 0.014904 

2014  Cambisols, calcic Xerosols and calcaric Fluvisols   -1.233       0.3215 0.000125 

2016  calcic and gypsic Xerosols    0.08.697       0.2349 0.711188 

2018  calcic Cambisols and orthic Rendzinas    0.01165       0.4603 0.979817 

4012  calcaric Fluvisols and calcic and petrocalcic Xerosols   -0.07702       0.1517 0.611611 

4015  calcaric Fluvisols and gypsic Xerosols -13.72     31.56 0.965329 

8032  Litosols, Cambisols, Xerosols and Rendzinas   -0.1606       0.1088 0.139978 

8036  Litosols and gypsic Xerosols   -0.5804       0.4606 0.207628 

8052  aridic Rendzinas and calcic Xerosols -12.08   413.3 0.976690 

10412  albic Arenosols and gleic Solonchaks    4.494       1.474 0.002296 

11012  calcaric Regosols, calcic and petrocalcic Xerosols and 

calcic Cambisols 

   0.298       0.0721 0.0000358 

11016  calcaric Regosols and Xerosoles gpsicos   -0.5159       0.3875 0.183075 

11042  litosolic Regosols and calcic Xerosols   -2.312       0.7114 0.001153 

20111  calcic Cambisols and calcaric Regosols -12.29   113.1 0.913486 

30311  Cambisols and eutric Regosols   -0.4093       0.5084 0.420689 

40111  calcaric Fluvisols and calcaric Regosols    0.6919       0.1471 0.00000258 

40112  calcaric Fluvisols and orthic Solonchaks   -0.4163       0.7174 0.561726 

60112  calcaric Gleysols and gleic Solonchaks -13.14 1697 0.993819 

80311  Litosols and calcaric and litosolic Regosols   -0.1556       0.2886 0.589825 

80312  Litosols and litosolic and gleic Solonchaks    0.7876       0.5569 0.157330 

Table 4: Results for soil type predictor in the logistic model resulting from the iterative inclusion 

of predictors. Cambisols and gipsic Xerosols is the baseline level in the model. 

 

 

Page 41 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

Page 42 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

Specificity

S
en

si
tiv

ity

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

1.0 0.8 0.6 0.4 0.2 0.0

q

q

                      LR       RF
Probability  0.032  0.057 
Sensitivity  0.729  0.805
Specificity  0.673  0.837
AU Curve   0.764  0.901

Random Forest
Logistic regression

Page 43 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

0.005

0.01

0.015

0.02

M
ea

n 
D

ec
re

as
e 

Ac
cu

ra
cy

P
la

n
 c

u
rv

a
tu

re
 (

W
S

=
2

3
)

O
ri

e
n
ta

ti
o
n
 c

o
si

n
e
 (

W
S

=
2

3
)

P
la

n
 c

u
rv

a
tu

re
 (

W
S

=
3

9
)

P
ro
fi
le

 c
u

rv
a
tu

re
 (

W
S

=
3

9
)

P
la

n
 c

u
rv

a
tu

re
 (

W
S

=
2

7
)

To
p

o
g

ra
p

h
ic

 W
e
tn

e
ss

 I
n
d

e
x

P
la

n
 c

u
rv

a
tu

re
 (

W
S

=
3

5
)

O
ri

e
n
ta

ti
o
n
 s

in
e
 (

W
S

=
3

)
P
la

n
 c

u
rv

a
tu

re
 (

W
S

=
3

1
)

Iw
a
h
a
si

 K
a
m

iy
a
 I
n
d

e
x
 (

W
S

=
3

9
)

S
o
il 

O
rg

a
n
ic

 C
a
rb

o
n

O
ri

e
n
ta

ti
o
n
 s

in
e
 (

W
S

=
3

9
)

O
ri

e
n
ta

ti
o
n
 c

o
si

n
e
 (

W
S

=
3

9
)

D
e
ce

m
b

e
r 

ra
d

ia
ti

o
n

V
e
ct

o
r 

R
u
g

g
e
d

n
e
ss

 M
e
a
su

re
 (

W
S

=
3

)
LS

 U
S

LE
 P

a
ra

m
e
te

r
D

is
ta

n
ce

 t
o
 n

a
tu

ra
l 
u

se
s

V
e
ct

o
r 

R
u
g

g
e
d

n
e
ss

 M
e
a
su

re
 (

W
S

=
1

1
)

M
u
lt

ir
e
so

lu
ti

o
n
 V

a
lle

y
 B

o
tt

o
m

 F
la

tn
e
ss

S
lo

p
e
 (

W
S

=
3

9
)

S
o
il 

ty
p

e
S

e
p

te
m

b
e
r 

Po
te

n
ti

a
l 
E
v
a
p

o
tr

a
n
sp

ir
a
ti

o
n

A
p

ri
l 
Po

te
n
ti

a
l 
E

v
a
p

o
tr

a
n

sp
ir

a
ti

o
n

O
ct

o
b

e
r 

To
ta

l 
P
re

ci
p

it
a
ti

o
n

La
n
d

 U
se

S
e
p

te
m

b
e
r 

To
ta

l 
P
re

ci
p

it
a
ti

o
n

A
u
g

u
st

 m
a
x
im

u
m

 a
b

so
lu

te
 t

e
m

p
e
ra

tu
re

A
u
g

u
st

 T
o
ta

l 
P
re

ci
p

it
a
ti

o
n

D
e
ce

m
b

e
r 

To
ta

l 
P
re

ci
p

it
a
ti

o
n

D
e
ce

m
b

e
r 

m
in

im
u
m

 a
b

so
lu

te
 t

e
m

p
e
ra

tu
re

Page 44 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

0.
75

0.
80

0.
85

0.
90

0.
95

1.
00

A
re

a 
un

de
r 
R

O
C

 c
ur

ve

D
e
ce

m
b

e
r 

M
in

im
u
m

 A
b

so
lu

te
 T

e
m

p
e
ra

tu
re

D
e
ce

m
b

e
r 

to
ta

l 
p

re
ci

p
it

a
ti

o
n

A
p
ri

l 
Po

te
n
ti

a
l 
E

v
a
p

o
tr

a
n

sp
ir

a
ti

o
n

S
o
il 

Ty
p

e

D
is

ta
n
ce

 t
o
 n

a
tu

ra
l 
u

se
s

V
e
ct

o
r 

R
u
g

g
e
d

n
e
ss

 M
e
a
su

re
 (

W
S

=
3

)

D
e
ce

m
b

e
r 

ra
d

ia
ti

o
n

LS
 U

S
LE

 P
a
ra

m
e
te

r

O
ri

e
n
ta

ti
o
n
 c

o
si

n
e
 (

W
S

=
3

9
)

O
ri

e
n
ta

ti
o
n
 s

in
e
 (

W
S

=
3

9
)

S
o
il 

O
rg

a
n
ic

 C
a
rb

o
n

V
e
ct

o
r 

R
u
g

g
e
d

n
e
ss

 M
e
a
su

re
 (

W
S

=
1

1
)

S
lo

p
e
 (

W
S

=
3

9
)

M
u
lt

ir
e
so

lu
ti

o
n
 V

a
lle

y
 B

o
tt

o
m

 F
la

tn
e
ss

S
e
p

te
m

b
e
r 

Po
te

n
ti

a
l 
E
v
a
p

o
tr

a
n
sp

ir
a
ti

o
n

A
u
g

u
st

 t
o
ta

l 
p

re
ci

p
it

a
ti

o
n

A
u
g

u
st

 M
a
x
im

u
m

 A
b

so
lu

te
 T

e
m

p
e
ra

tu
re

S
e
p

te
m

b
e
r 

to
ta

l 
p

re
ci

p
it

a
ti

o
n

La
n
d

 u
se

O
ct

o
b
e
r 

to
ta

l 
p

re
ci

p
it

a
ti

o
n

Page 45 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

0.01

0.015

0.02

0.025

0.03

0.035

0.04
M

ea
n 

De
cr

ea
se

 A
cc

ur
ac

y

D
e
ce

m
b

e
r 

to
ta

l
p

re
ci

p
it

a
ti

o
n

S
e
p

te
m

b
e
r 

to
ta

l
p

re
ci

p
it

a
ti

o
n

D
e
ce

m
b

e
r 

ra
d

ia
ti

o
n

LS
 U

S
LE

 P
a
ra

m
e
te

r

M
u
lt

ir
e
so

lu
ti

o
n
 V

a
lle

y
 

B
o
tt

o
m

 F
la

tn
e
ss

D
is

ta
n
ce

 t
o
 

n
a
tu

ra
l 
u
se

s

S
lo

p
e
 (

W
S

=
3

9
)

S
o
il 

ty
p

e

La
n
d

 u
se

O
ct

o
b

e
r 

to
ta

l
p

re
ci

p
it

a
ti

o
n

A
u
g

u
st

 m
a
x
im

u
m

a
b

so
lu

te
 t

e
m

p
e
ra

tu
re

Page 46 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

A
re

a 
un

de
r R

O
C

 c
ur

ve

0
.5

0
.8

1
.0

0
.9

0
.6

0
.7

D
e
c
e
m

b
e
r 

to
ta

l
p
re

c
ip

it
a
ti

o
n

S
e
p
te

m
b
e
r 

to
ta

l
p
re

c
ip

it
a
ti

o
n

A
u
g
u
s
t 

M
a
x
im

u
m

A
b
s
o
lu

te
 T

e
m

p
e
ra

tu
re

O
c
to

b
e
r 

to
ta

l
p
re

c
ip

it
a
ti

o
n

L
a
n
d
 u

s
e

S
o
il
 T

y
p
e

S
lo

p
e
 (

W
S
=

3
9

)

D
is

ta
n
c
e
 t

o
n
a
tu

ra
l 
u
s
e
s

M
u
lt

ir
e
s
o
lu

ti
o
n
 V

a
ll
e
y

B
o
tt

o
m

 F
la

tn
e
s
s

L
S
 U

S
L
E
 P

a
ra

m
e
te

r

D
e
c
e
m

b
e
r 

ra
d
ia

ti
o
n

Page 47 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer R
eview

20 30 40 50

0.
00

0.
02

0.
04

0.
06

December total precipitation

Pr
ob

ab
ilit

y

20 25 30 35 40

0.
02

0.
04

0.
06

0.
08

September total precipitation

Pr
ob

ab
ilit

y

34 35 36 37 38 39 40 41

0.
01

0.
03

0.
05

August maximum temperature

Pr
ob

ab
ilit

y

30 35 40 45 50 55 60

0.
01

0.
02

0.
03

0.
04

0.
05

October total precipitation

Pr
ob

ab
ilit

y

0 1 2 3 4

0.
02

0.
03

0.
04

0.
05

Slope (ws=39)

Pr
ob

ab
ilit

y

0 5000 10000 150000.
01

6
0.

01
8

0.
02

0
0.

02
2

0.
02

4

Distance to natural use

Pr
ob

ab
ilit

y

Page 48 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review0.
00

0.
01

0.
02

0.
03

0.
04

Pr
ob

ab
ilit

y

O
th

er
 c

ro
ps

Irr
ig

at
ed

 c
itr

ic
 fr

ui
t t

re
es

Irr
ig

at
ed

 n
on

 c
itr

ic
 fr

ui
t t

re
es

Irr
ig

at
ed

 v
in

ey
ar

ds

R
ai

nf
ed

 a
lm

on
d 

tre
e

O
rc

ha
rd

s

Irr
ig

at
ed

 o
liv

e 
tre

es

R
ai

nf
ed

 o
liv

e 
tre

es

Irr
ig

at
ed

 g
ra

ss
cr

op
s

G
re

en
ho

us
es

Irr
ig

at
ed

 a
lm

on
d 

tre
es

R
ai

nf
ed

 v
in

ey
ar

d

R
ai

nf
ed

 c
ar

ob
 tr

ee

R
ai

nf
ed

 g
ra

ss
 c

ro
ps

Irr
ig

at
ed

 c
ar

ob
 tr

ee
s

Page 49 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer R
eview

0.0 0.2 0.4 0.6 0.8 1.0

Probability

4015
60112
20111
8052
901

2013
11042
1104
2014
8036
401

11016
40112
30311

805
8032

80311
4012
803
501
201

2018
1102
2016
1205

11012
1101
205

40111
80312
1302

10412

0.00 0.05 0.10 0.15

4015
60112
20111
8052

901
2013

11042
1104
2014
8036

401
11016
40112
30311

805
8032

80311
4012

803
501
201

2018
1102
2016
1205

11012
1101
205

40111
80312

Page 50 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

4150000

4200000

4250000

4300000

600000  650000  700000

1

0.1

0.05

0.01

0.025

0

Page 51 of 51

http://mc.manuscriptcentral.com/ldd

Land Degradation & Development

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60




