
 

 

International Research Journal of Agricultural Science and Soil Science (ISSN: 2251-0044) Vol. 1(10) pp. 449-454, December 2011 
Available online http://www.interesjournals.org/IRJAS  
Copyright ©2011 International Research Journals 

 
 
 

Full Length Research Paper 
 
 

Soil degradation in Mexico and interrelationship with 
climatic variables: a geospatial perspective 

 
1Marín Pompa-García, *1,4Enrique Salazar-Sosa, 2Héctor Idilio Trejo-Escareño, 5Enrique 

Salazar-Meléndez, 3Jesús García Pereyra, 2Miguel Ángel Gallegos Robles.  
 

1
Facultad de Ciencias Forestales de la Universidad Juárez del Estado de Durango.  

2
Facultad de Agricultura y Zootecnia de la Universidad Juárez del Estado de Durango.  

3I
nstituto Tecnológico Valle del Guadiana. 

 4
Instituto Tecnológico de Torreón.  

5
DICAF-UJED. 

 
Accepted 05 December, 2011 

 

The spatial pattern of soil degradation in México was evaluated, identifying climatic variables that are 
spatially related to its degree incidence. The study area was divided into 16,040 physiographical units, 
and quantitative indices of clustering were calculated through the Getis-Ord statistics. The spatial 
correlation between soil degradation degree and precipitation and temperature was tested by 
Geographically Weighted Regression (GWR), under an Ordinary Least Square estimator. Results 
demonstrate that soil degradation showed a clustered distribution and is closely correlated with 
precipitation and is one of the main explanatory variables. The results provide useful spatial 
information for support preventive soil degradation strategies. This approach could also be applied at 
a finer time and space scale where data are available. 
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INTRODUCTION 
 
Soil is a natural resource considered nonrenewable 
because it is very difficult and expensive to recover it, the 
loss or degradation threatens the ecological balance, 
making it necessary to know the degradation processes 
and acquire the necessary scientific knowledge for its 
conservation. Recent studies show that 64% of soils in 
Mexico have degradation problems at different levels 
ranging from slight to extreme and only 26% of the 
country has soils that maintain sustainable productive 
activities with no apparent degradation (CONAFOR, 
2006). Land degradation is one of the major threats to the 
conservation of ecosystems worldwide, reducing the 
potential of soils for agricultural production, and leading 
to desertification and erosion. 

 There are many technical reports concerning soil 
degradation  (Evelyn  et  al.,  2008,  Christopher  et  al.,  
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2009), though aspects of their spatial distribution often 
tend to be ignored, thus subtracting the ecological 
importance that is to have information to identify future 
trends, determine their limiting factors, and define their 
preventive environmental policies (Pompa, 2008).    
Recently, interest has grown in several statistical 
techniques that focus on measures of spatial 
dependence (Acevedo and Velasquez, 2008; Liu, 2001). 
These procedures make it possible to discuss detection 
tests of the level of clustering (clusters) regardless their 
location or spatial trend, what conjugated with variables 
of the site are very useful to generate knowledge that 
helps to build more sophisticated models, including risks 
of erosion and prevention plans.  

There are many biotic and abiotic factors that 
determine the degree of soil degradation; but, their 
effects may vary among ecosystems and across time and 
spatial scales (Zhang and Chaosheng, 2008). Climatic 
variables exert a strong influence on the frequency and 
spatial pattern of erosion (Iqbal et al., 2005) and their 
understanding  help  to  explain  how  their  distribution  
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       Figure 1. Location of the study area 

 
 
patterns range to determine where it is most likely that 
this occurs. 

Thus it appears that in the formulation of strategies 
and actions for the management of land degradation is 
essential to have reliable information about the nature of 
the conditions that favor its occurrence and causal 
agents. In this context it is of great importance to study 
the influence of climatic variables, given the need for 
historical background to base the design and 
implementation of programs to prevent soil loss. 

That is why the objective of this study is to find the 
explanatory variables of spatial pattern that follows the 
occurrence of degradation in the Mexican Republic, with 
the hypothesis that this pattern is based on climatic 
variables. 
 
 
MATERIALS AND METHODS 
 
Description of the study area 
 
he Mexican Republic is located between latitudes of 
14º32’ and 32º43’N and longitudes of 86º42’ and 
118º27’W. To the north, it borders with the United States 
of America, to the south with Guatemala and Belize, to 
the east with the Gulf of Mexico and to the west with the 
Pacific Ocean (Figure 1). 
 
 
Data 
 
The database was obtained from the area of geomatics 
of the National Forestry Commission (Conafor, 2006) and 
consisted of a coverage in format “shapefile” with data of 

the 16,040 terrestrial systems of Mexico which includes 
climatic data of mean annual precipitation and 
temperature and a classification of the degree of soil 
erosion, in terms of reducing the biological productivity of 
the land, four levels were considered: 
(1) Slight: the lands are suitable for local forest, 
agricultural and livestock systems and show a slight 
perceivable reduction in productivity. 
(2) Moderate: lands suitable for forest, agricultural and 
livestock systems have a marked reduction in 
productivity. 
(3) Strong: At farm level, degradation of this land is so 
severe that its productivity is considered irreversible, 
unless huge engineering work is applied for its 
restoration. 
(4) Extreme: land productivity is unrecoverable and it is 
not possible to restore it. 
 
 
Spatial analysis 
 
Considering that for each of the physiographic units their 
Cartesian coordinates are known, through G-statistics 
test that was developed by Ord and Getis (1992) is 
possible to detect whether the degrees of degradation 
are clustered together in units with high value or low 
values. 
    The G-statistics is defined by the following formula: 
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Figure 2. Spatial intensity estimated of the degree of soil degradation to the 
Mexican Republic. 

 
 
 
Where xij is the measurement of the attribute for unit i 

and j respectively; and wij (d) is a measure of one/zero in 
a symmetrical spatial matrix to detect the vicinity between 
i and j and the distance given by d. 

Once known the kind of grouping of the degree of 
degradation for each physiographic unit a regression 
analysis was performed for spatial data using the 
methodology of Geographically Weighted Regression 
(GWR). The basic idea of this technique is that the 
parameters can be calculated given a dependent variable 
and a set of one or more independent variables, whose 
values have been measured in places where their 
location is known. If parameters for a model somewhere 
u wants to be estimated, observations that are closer to 
the location of the place u should have greater weight in 
the estimation of the observations that are further away 
(Charlton and Fotheringham, 2009). Technically, this 
regression uses information from all points that are 
around of a point of analysis, attributing more weight to 
data close to the point and less to those far away; the 
equation that uses this technique using the estimator 
OLS (Ordinary Least Squares) is the following:  
 
yi(u)= β0i(u)+ β1i(u)x1i+ β2i(u)x2i+…+ βmi(u)xmi  

 
where yi is the dependent variable; β0i to βmi indicate the 
parameters that describe the relationship around the 
coordinates (u) of the i–th point in the space (specific of 

the site) and xmi is the m–th variable in the i–th point of 
the other predictor variables for yi. The degree of 
clustering of the degration per cartographic unit was 
considered as the dependent variable (G value) and the 
independent variables were temperature and 
precipitation. Both the G-statistics and regression were 
computed in the program ArcMap™ version 9.3 of ESRI. 
 
 
RESULTS AND DISCUSSION 
 
In order to test whether the observations are spatially 
dependent, Figure 2 shows the cluster found for degrees 
of degradation in terms of probabilities. The units of red 
indicate clusters with high values of attributes or 
clustering, while the greens represent locations with low 
values of clustering. Finally, the yellow indicate areas 
where there is not concentration of high or low values. 
This occurs when the values of the neighbors are close to 
average or when the evaluation point is surrounded by a 
mixture of high and low values. 

According to the graphical results in Figure 2, it is 
clear that the spatial association of severely degraded 
areas, occurs in arid ecosystems which makes assume 
that these ecosystems show increased susceptibility to 
degradation, for reasons related to lack of moisture. On 
the other hand, in general terms it is observed that the 
territories covered by jungle and  forest  have  the  lowest  
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                                       Table 1. Statistics for the considered variables. 

 

Variable Coefficient Probability Pr Robust VIF [1] 
Intercept 5.524902 0.000000* 0.000000* -------- 

Temperature 0.163011 0.000000* 0.000000* 8.65792 

Precipitation -0.008183 0.000000* 0.000000* 1.00558 
 

Note: * denotes statistical significance at 0.05 

 
 

Table 2. Statistical results obtained by ordinary least squares. 

 

Information Criterion (AIC) 586.276 Probability (> F) 
Adjusted R2 0.948  

Joint F Statistics  11407.329 0.000000* 

Joint Wald Statistics  480.789 0.000000* 

Koenker (BP) Statistics  1118.052 0.000000* 

Jarque-Bera Statistics  134689.9 0.000000* 
 

Note: * denotes statistical significance at 0.05 
 
 
 
degradation levels, which in turn are correlated with each 
other, attributed to the presence of woody cover, which is 
consistent with that found by Cerdá (1998). 

As for the results of the process to find the causative 
variables, they reveal that the most significant variable 
was precipitation, as the temperature was redundant by 
the multi-colinearity presented (Table 1). The results of 
global regression model (OLS) show that the variables 
under analysis are statistically significant, this is shown 
through the signs of the coefficient of regression (+) plus 
its magnitude (*) to show that statistical significance; 
complementarily lower values of probability indicate to 
the variable that best explains the relationship within the 
model used, that is, the average annual precipitation is 
which best represents the spatial pattern of occurrence. 

The results for the fitted model indicate that the 
explanatory variables are closely related to the 
dependent variable as the results show an adjusted R

2
 of 

0.948 and a value of 586.276 for the Akaike information 
criterion (AIC), where for this case the low values show 
that the model is the one that can best explain the 
relationship between variables (Table 2 and Figure 3).  

F-static and Wald-static statistics show the total 
relevance of the model, which is statistically significant as 
well as the Jarque-Bera statistics, which indicates normal 
distribution of the residuals. As shown in Figure 3, the 
results are presented in a map of residuals showing the 
higher and lower predictions of the explanatory variables, 
distributed through space in each of the map units, 
showing that there is not spatial autocorrelation in the 
residuals. 

Soil is one of the most important components of our 
ecosystems, so it is important to know the causes of its 
deterioration. The existence of spatial association in the 

study variable, as demonstrated by the techniques used 
in this study, confirms our hypothesis that the spatial 
pattern showing the soil degradation is strongly 
influenced by precipitation and provides a new shade of 
associations of soil erosion, indicating where are the 
most significant changes, on which researchers and 
environmental managers must focus their prevention and 
recovery work. 

This shows that the incorporation of the spatial 
dimension in the evaluation of these variables improves 
our understanding of the spatial patterns of the 
phenomenon under study. Zhang and Chaosheng (2008), 
also suggest that the spatial analysis of data at different 
scales should be a vital part of identifying the foundations 
of spatial and time distribution. 

Spatial analysis applied to soil degradation studies 
has been little used; its application is marked in 
investigations of spatial trends of outbreaks of 
contamination of soils (Zhang and Chaosheng, 2008; 
Chang and Heejun, 2008), spatial autocorrelation of its 
properties (Dray and Stéphane, 2008; Iqbal et al., 2005; 
Buscaglia, 2003; and Ducarme and Lebrun, 2004), soil 
productivity (Ping et al., 2004), and spatial distribution 
patterns of occurrence and severity of weeds and pests 
in different soils (Shaukat, et al., 2004; Mueller et al., 
2008; Dessaint et al., 1991; Efron et al., 2001; Toepfer et 
al., 2007). 

In all cases, the variables studied have shown spatial 
autocorrelation of some kind, that is, it proves once again 
Tobler's Law, (1970), the above is consistent with the 
results found in this study. 

    Other studies in various areas of the Mediterranean 
show that along climatic gradients, climate underlies as a 
determinant in  the  differences  of  the  quality  of  aggre-  
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Figure 3. Distribution of residuals of the model Geographically Weighted 
Regression (GWR)

 
 
 
gation, rates of runoff and erosion processes between 
areas (Boix et al., 1995). In some areas with 
homogeneous land uses along gradients it has been 
shown that the influence of climate is the most important 
determinant of the differences between areas along the 
climatic-altitudinal gradients, (Cerdà, 1998). For Reynolds 
and Simith (2002), the variation in annual precipitation is 
related to soil degradation due to global climatic 
fluctuations. 

 Thus it appears that for the formulation of strategies 
and actions for land management is essential to have 
reliable information about the nature of land degradation, 
particularly in regard to the conditions that favor the 
occurrence and the agents of causality. In this context it 
is of great importance the study of causality given the 
inevitable need to have sufficient background information 
to support the design and implementation of prevention 
programs based on awareness of the agents of erosion 
risk. 
 
 
CONCLUSIONS 
 
The behavior of the degree of soil degradation in Mexico 
is a selective process in terms of neighboring degraded 
areas. 
     The influence of mean annual precipitation is largely 
the determining factor in the degree of  the  onset  of  soil  
 

 
 
 
erosion, which should be considered as a fundamental 
part in the preparation of programs to prevent soil 
degradation. 

The technique utilized showed to be functional as it is 
statistically explanatory of the spatial relationship of the 
occurrence of soil degradation with respect to its location; 
it can also be replicated to smaller and homogeneous 
landscape units and in other locations where data are 
available.  
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