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Abstract

:

Mining is a major source for metals and metalloids pollution, which could pose a risk for human health. In San Guillermo, Chihuahua, Mexico mining wastes are found adjacent to a residential area. A soil-surface sampling was performed, collecting 88 samples for arsenic determination by atomic absorption. Arsenic concentration data set was interpolated using the ArcGis models: inverse distance weighting (IDW), ordinary kriging (OK), and radial basis function (RBF). For method validation purposes, a set of the data was selected and two tests were performed (P1 and P2). In P1 the models were processed without the validation data; in P2 the validation data were removed one by one, models were processed every time that a data point was removed. An arsenic concentration range of 22.7 to 2190 mg/kg was reported. The 39% of data set was classified as contaminated soil and 61% as industrial land use. In P1 the method of interpolation with the lowest RMSE was RBF (0.80), the highest coefficient of E was RBF (46.25), and the highest Ceff value was with RBF (0.48). In P2 the method with the lowest RMSE was OK (0.76), the highest E value was 50.65 with OK, and the Ceff reported the highest value with OK (0.52). The high arsenic contamination in soil of the site indicates an abundant dispersion of this metalloid. Furthermore, the difference between the models was not very wide. The incorporation of more parameters would be of interest to observe the behavior of interpolation methods.
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1. Introduction


The development of mining in Mexico has had a high impact on the environment. This activity, which has been the economic basis for the foundation of several communities, unfortunately it also generated a large amount of liquid, solid and gaseous wastes, mainly in form of sewage, gas, and slags [1]. The most common potentially toxic elements (PTE) derived from mining activities are lead (Pb), cadmium (Cd), zinc (Zn), arsenic (As), selenium (Se), and mercury (Hg) [2]. The PTE do not decompose through the processes of natural degradation, they have low mobility in soil, so they are accumulate over time [3]. The presence of metals in soil represents a risk for human health, since metal ions can be absorbed through inhalation of dust and food intake [4]. Previous studies have revealed that human exposure to high concentrations of some soluble heavy metals affects the central nervous system and may also disrupt the functioning of some organs [5,6]. Studies performed on dams in Chihuahua City reported high concentrations of heavy metals in fishes, an important bioindicator of their presence in the local abiotic environment and representing a health risk due to their ingestion [7,8].



Currently, mining is considered as one of the most important sources of contamination of heavy metals and metalloids [9]. Determining the spatial distribution of heavy metals could establish the basis for risk assessment in human health and support the development of environmental-urban management policies [10], however, there are constraints in the number of samples, for which the estimation of values in non-sampled areas (interpolation) becomes necessary [11]. Depending on the type of analyzed data, cost and accessibility of the site, it is determined how valuable the interpolation is [12,13,14]. Data interpolation offers the advantage of projecting maps or continuous surfaces, however, the amount of data in the studied area could limit its use [11]. Geostatistics is an efficient method for the study of the allocation of spatial characteristics of the soil and its spatial variation [12,13]. The use of deterministic and geostatistical techniques in the description of the distribution of metals and metalloids has been demonstrated by other researchers [14,15,16].



Robinson and Metternicht [17] used three different techniques, including kriging (geostatistical method), radial basis function (RBF), and inverse distance weighted (IDW), both deterministic, for surface estimation of salinity, acidity, and organic matter in soil. Pang et al. (2011) [18] reported that Ordinary Kriging (OK) is the most common type of Kriging in practice and provides a better estimate of soil properties. The use of interpolation methods (IDW, OK, and RBF) leads to the search for the most appropriate for the spatial estimation of metals in soil.



Due to this, the objective of this research was to compare the IDW, OK and RBF interpolation techniques using geographic information systems (GIS), to estimate and map the spatial distribution of As in the settlement Laderas de San Guillermo adjacent to a site with mining wastes in the municipality of Aquiles Serdán, Chihuahua, Mexico. Cross-validation will be applied to evaluate the best greatest fit com-pared to field data. The information derived from this study will be useful for the generation of urban-environmental policies focused on disease prevention by metals and metalloids. The mapping of the present research will be evidence to demonstrate the existence of the distribution of As in the residential area.




2. Materials and Methods


2.1. Research Area


The studied area is located in San Guillermo, municipality of Aquiles Serdán, Chihuahua, Mexico, in the geographical coordinates among the parallels 28°27’ and 28°43’ north latitude; and the meridians 105°41’ and 106°00’ west longitude; altitude between 2100 and 2300 m. It borders to the north with Aldama, to the east with Julimes municipalities, to the south with Rosales and to the west with the municipality of Chihuahua (Figure 1). The climate of the area is classified as semiarid, its maximum temperature is 40 °C and its minimum −14 °C, with an average annual rainfall of 350 mm, and rainy season of 60 days average. The prevailing winds vary throughout the year. The east winds have duration of four months (June to October), while the west winds have a greater frequency (October to June), lasting from seven to eight months [19]. The area involves a housing zone located at 400 m of distance from deposits of mining wastes. The residues are found at open air, there it is fine material of an inactive extraction industry, which used the flotation method for mineral separation, where it was extracted mainly Pb and Zn. The production material used in the benefit plant was extracted from the mines of the area of Santa Eulalia, Aquiles Serdán, Chihuahua. These mines were outstanding for their production of gold, silver, lead, zinc, and copper, throughout the mining history in the region [20].




2.2. Soil Sampling


Sampling of surface soil, aimed for As quantification, was performed according to NMX-AA-132-SCFI-2006 [21]. Dust samples in the housing zone were collected according to the US Environmental Protection Agency AP-42 section 13.2.1 [22]. Sampling was realized within an area of 53 ha by a systematic technique based in a radial grid, with a spacing of 100 m and 15° of angle (Figure 2). A total of 88 samples were collected on spring in the residential area close to the mining wastes and surface soil in the neighborhood.




2.3. Arsenic Determination


The 88 samples were homogenized and sieved to a degree of fineness ≤75 μm. The homogenization of the samples was done by manual quartet. Acid digestion was made in a microwave MARSx CEM using the digestion method SW 846–3051 recommended by the manufacturer. Samples were prepared by placing 0.5 g of soil + 10 mL of nitric acid (HNO3), considering a blank. Once digested the samples were filtered and diluted up to 50 mL with distilled water.



Analytical As determination was performed by atomic absorption spectrometry (AAS) with a hydride generator in a GBC-brand AVANTA SIGMA (Waltham, MA, USA). Triplicate and control samples were taken. The As quantification limit was 0.005 mg/kg. The As concentrations were compared with the reference levels indicated in NOM-147-SEMARNAT/SSA1-2004 [23]. These were classified for residential use (less than 22 mg of As/kg of soil), industrial use (less than 260 mg/kg), and soil above the reference level [23], as shown in Table 1.




2.4. Spatial Distribution of Arsenic by Interpolation Methods


A layer of vector information of point type was created based in the As concentrations with software ArcGis 10.3© (ESRI, Redlands, CA, USA). The interpolations were made through the extension Geoestatistical Analyst Wizard (ESRI, Redlands, CA, USA). The interpolation methods used were IDW, OK, and RBF.



The IDW method to estimate the concentration of nonsampled sites uses the existing values around the research area. The values of the closest observations have greater influence than those that are further away; this influence decreases with the distance [24]. Equation (1) for obtaining the estimated values with IDW is as follows:


Z(S0)=∑i=1Nλ×Z(Si)



(1)




where: Z(S0) = value to be estimated in place S0, N = number of observations close to the place to be estimated, λ = weight assigned to each observation to be used, weight decreases with distance, Z(Si) = observed value of place Si.



The radial base function (RBF) estimates values using a mathematical function that minimizes the overall curvature of the surface, resulting in a smooth surface passing exactly through the entry points. The estimation of non-sample values shall be calculated by the following Equation (2) [25]:


Z(S0)=∑i=1nω Φ (||si−s0||)+ωn+1



(2)




where Z(S0) is the value to be estimated in the place S0, Ф(r) is the radial base function, r = ||si–s0||, is the Euclidean distance between the estimated location and each location si, and ωi, i = 1, 2, … n + 1, are the weights to estimate.



The ordinary kriging (OK) method incorporates the statistical properties of the observations (spatial autocorrelation). OK employs the semivariogram (possible combinations between pairs of points) to express spatial continuity, this quantifies the weight of the correlation as a function of distance. The data closest to a known point have greater weight or influence in the interpolation [26]. The OK method is obtained based on Equation (3) [27]:


∑i=1nλi Ɣ [d (si , sj)]+m= Ɣ[d (si , sj)]



(3)




where n is the number of observations, m is the Lagrange multiplier, used to minimize constraints, λi is the weight assigned to each observation (the sum of all weights equals 1), i, j are observations, 0 is the point of estimation, s is the point of estimation (measured variable), and d(si,sj) is the distance between si and s0 from the semivariogram. The interpolation models used in this research have as common parameter the data neighborhood, necessary to perform spatial searches [28]. In the case of OK, the determination coefficients (R2OK) were compared by means of the GS+© program, in order to determine which of them fitted better to the semivariogram generation.



For the surface calculation by degree of contamination, data was interpolated with the IDW, OK, and RBF methods. The interpolation was made with the extension Geoestatistical Analyst Wizard using the As concentrations. After the interpolation, the resulting map from the Geostatical Analyst was rasterized. The raster files were classified in accordance to Table 1, which describes the soil classification by level of As contamination. The classified raster files were converted in a shapefile with a UTM Zone 13 North reference system. Finally, the surfaces were obtained by the level of As contamination.




2.5. Normality Analysis


For the tests performance by interpolation methods with GIS, a statistical analysis of the As concentrations with the SPSS 20.0© software (IBM, CHI, USA,) was performed. The Kolmogorov-Smirnov (KS) normality test was applied. The distribution of As concentrations in the dataset was not normal, thus the As dataset was logarithmically transformed As (ln) to obtain a normal distribution (Figure 3).




2.6. Validation and Interpolation Comparison


For the validation of interpolation methods, crossvalidation with As(ln) data was used. A set of the data were randomly selected using the SPSS 20.0© program (test data and validation data) (Figure 4). Two cross-validation tests were performed. The first test (P1) consisted on running the interpolation models without the selected validation data (one run per interpolation method).



The second test (P2) consisted of removing the selected validation data one by one and performing the interpolation with the remaining data. This procedure was performed 26 times by each method. With this, the absolute value of the deviation between the value estimated by the interpolation for both tests and the experimental data was determined.



For the methods precision, was used the root mean square error (RMSE), the estimated predictive effectiveness (E), the Nash and Sutcliffe Efficiency Coefficient [29], known as Ceff, and the coefficient of determination (R2) between experimental and estimated data. The RMSE was estimated by Equation (4) [27,30]:


RMSE =∑i=1n(yi−y^i)2n



(4)




where yi is the observed value at point “i”, ŷi is the estimated value at point “i”, and n is the number of used points.



The prediction effectiveness of each method (E) was determined through the following Equation (5) [31]:


E =( 1−{∑i=1n[z(xi)−z^(xi)]2/∑i=1n[z(xi)−z¯]2})100



(5)




where z(xi) is the observed value at point “i”, z^(xi) is the estimated value at point “i”, n is the number of used points, z¯  is the sample average. E equal to 100%, indicates a perfect prediction.



The coefficient Ceff was determined by the following equation:


Ceff = 1−(RMSESD)2 



(6)




where RMSE is the root mean square error, and SD is the standard deviation [32].



The coefficient of determination (R2) was applied to determine the association between the experimental concentrations and the estimated data by the different methods (Equation (7)). The linear correlation between the experimental vs estimated values was done using the GLM procedure [33]:


R2=1−∑i=1n(yi−y^i)2∑i=1n(yi−y¯i)2



(7)




where yi are the observed values, ŷi are the estimated values, ȳ are the mean values, and n is the number of observations used.





3. Results


3.1. Arsenic Characterization


The As concentrations obtained from the soil samples reported a minimum value of 22.7 and a maximum value of 2190 mg/kg. The As data in soil indicated that 100% of the samples exceeded the reference level for residential land use (22 mg/kg). The 61% of the samples were within the range levels of industrial land use (260 mg/kg). Finally the 39% were classified as contaminated or severely contaminated soil (>260 mg/kg) (Table 2).



These concentrations demonstrated the dispersion of this contaminant to the inhabited zone, causing a high degree of exposure to As particles, and with this a high risk to public health for the inhabitants of the zone, since the As in soil and dust can be absorbed in human body through dermal contact, inhalation, and ingestion exposures [34].




3.2. Spatial Distribution of Arsenic


The As distribution in the studied area by the interpolation methods indicated a similar geographical trend, where high concentrations were found in the southern area. In other areas, As concentration was lower. The spatial distribution of As displayed differences due to the mode in which the data were statistically grouped by each interpolator [27].



The As concentration decreased as the zone was farther from the mining wastes, however, a part of the inhabited area was covered by high As concentrations (>260 mg/kg, above reference level for industrial land use). The other part of the inhabited area was covered by As concentrations from 22 to 260 mg/kg, which ones are above reference level for residential/agricultural use. Possibly the As direction is associated with the land topography where the elevation varied from 1550 to 1510 masl (Figure 1), with a slope of 17.5%. There is also a barrier formed by hills in the east, coupled with the 60 days of average rainfall, contributing to its dispersion, which agrees with the mentioned by Delgado-Caballero (2018) [35]. The spatial distribution of As by the three different interpolators visually tends to be similar. The IDW method has a greater tendency to form hotspots, this tendency is common where surrounding data values are closer to the estimated value [36] (Figure 5).




3.3. Surface by Arsenic Range


Considering the predominant ranges of As concentrations in the experimental sampling (Figure 1 and Figure 2), in the classification of industrial land use (22–260 mg As/kg) the IDW method estimated an area of 21.39 ha, OK an area of 21.89 ha and RBF 23.37 ha. In the contaminated soil range (260–1000 mg As/kg) IDW estimated an area of 21.44 ha, OK 20.81 ha and RBF 19.06 ha. In the severely contaminated soil range (>1000 mg As/kg) the IDW method reported a surface area of 1.88 ha, OK of 2.04 and RBF of 2.3 ha. The estimated data are presented in Figure 6 and Table 3.



The IDW method reported a minimum estimated value of As of 15.3 and a maximum of 2183 mg/kg; OK a minimum value of 36.0 and a maximum of 1989 mg/kg; and RBF a minimum value of 17.0 and maximum of 2.166 mg/kg. The above display a great similarity between the minimum and maximum As values in the IDW and RBF methods in comparison to the experimental values. The OK values were distant from the experimental data. This can be explained by the nature of the interpolators. The IDW and RBF methods are exact interpolators, which generate the estimated surface by adjusting the values to the real data, marking abrupt changes in the estimated surface [37]. The OK eliminates the highest and lowest values to obtain a smaller error in the estimation, which causes a smoothing in the estimated surface [38]. This explains the discrepancy of the maximum and minimum values of this model with the experimental ones, and justifies the discretion in the calculation of the surface compared with the other two methods.




3.4. Validation and Interpolators Comparison


The mean and the variation for the estimated values of As(ln) in P1 and P2 by interpolation methods are presented in Table 3. The descriptive statistics demonstrated that for both tests, P1 and P2, the lowest variance corresponded to IDW (0.33 and 0.35, respectively). The mean of the experimental data was 5.31, in P1 the method that approached the mean value was OK (5.48), and in P2 the method with the closest value to the mean was RBF (5.48). In P1 the amplitude between the minimum and maximum values were lower for IDW (4.44–6.65), followed by RBF and OK. The amplitude at P2 was lower for IDW (4.38–6.62), followed by RBF and, finally, OK (Figure 7).



The precision obtained by RMSE, E (%) and Ceff for the data of the interpolation methods are presented in Table 4. In P1 the method with lowest RMSE was RBF (0.800), followed by IDW (0.803). The interpolator with the highest coefficient of E was RBF (46.25), followed by IDW (45.5). The highest Ceff value was with RBF (0.48), then IDW (0.47). In P2 the interpolation method with the lowest RMSE was OK (0.76), followed by RBF (0.78). The highest E value was 50.65 with OK, followed by 48.19 with RBF. The Ceff reported the highest value with OK (0.52), followed by RBF (0.50). This result shows the difference between both validation tests. In P1 the most accurate method was RBF while in P2 the most accurate method was OK.



In Figure 8 and Figure 9, the data distribution is graphically presented by comparing the experimental As(ln) values with those estimated by the interpolation methods. In P1 the highest coefficient of determination (R2) was with IDW (0.538), followed by RBF (0.533). For P2 OK presented the highest value of R2 (0.54), followed by RBF (0.528). According to the data obtained the IDW and RBF methods are very similar in precision in P1 showing high values of E(%) and R2. However, in P2, OK was the most accurate in agreeing with the highest values of E(%) and R2 (Table 5). High R2 and low RMSE values indicate a good agreement between observed and estimated concentrations of As at the different sampling points (Table 5).



The statistical analysis of P1 and P2 shows that the smallest variation of the estimated data was with IDW and OK the one with the highest variance. The precision parameter for interpolation methods indicated that in P1 RBF was the most accurate, while in P2 was OK. The correlation coefficients between the observed values and those estimated at P1 were higher with IDW. In P2, OK exposed a significant correlation coefficient (p < 0.0001).



Observing the estimates of each of the models and tests, good correlations were obtained between models of the same test (>0.95), however comparing the models between correlation tests were low (<0.60) (Table 6). Those results suggest, that behavior between tests is different and the difference between models is the same.




3.5. Error Mapping


In the error maps, the areas in red indicate a greater degree of error between the experimental and estimated data. Zones in blue indicate an intermediate degree of error. Zones with yellow indicate a lower error rate, which represents surfaces with values close to the real ones. The zones with a high error rate for the three interpolation models concur in the northwestern part, at the boundaries of the studied area and in close proximity to a topographic transitional zone. This transition zone corresponds to the boundary between the residential area and the hills beginning; moreover it is the further zone of the contamination source. Thus, this area could be subject to greater variability.



For P1 the interpolation of the errors between the experimental values and estimated by each method are presented in Figure 10. The OK and RBF methods present great similarity in the yellow surface (low error degree). IDW modeled in the northeastern part of the studied area a zone in yellow tonality, revealing uncertainty between the experimental data and the As estimated. This showed that although the IDW method had the lowest variance and the highest value of R2. The values estimation presents a greater error in the spatial distribution. For RBF homogeneous surfaces are observed in the central pair in yellow tonality, which reaffirms their accuracy in P1.



The interpolation errors in P2 are presented in Figure 11. A zone in the southern part generated by the IDW method presents a hotspot effect with an intermediate error rate. In the northwestern part, the three interpolation methods show the same zone with high error. It is possible to see that the OK method shows different surfaces in yellow tonality, indicating a smaller error between the experimental and estimated values. Following, RBF presents several zones with a low error rate. Finally, in IDW, zones with an intermediate error degree are observed, making it less reliable for P2. However, this test had a greater error than the P1 test.





4. Discussion


Soil and dust are important components in the housing environment and, therefore, have the most significance in the effects of human health. Exposure to As could cause harmful effects to human health, such as skin lesions, cardiovascular diseases, and metabolic disorders [34]. The spatial distribution suggests the control of high concentrations of the metalloid (up to 2190 mg As/kg) in the neighborhood of the deposit of mining residues, marking this zone as the area with the highest concentration of As. The southern zone of the housing complex also has high concentrations of As (from 22 to 1000 mg As/kg) indicating that the slope and direction of the wind is strongly associated with the distribution [39]. The lowest concentration of As was presented in the northern part of the housing complex, which match with the assumption related to be the farthest from the waste zone, however, it is worrying that these As concentrations exceed the reference levels for land use. The As dispersion is primarily caused by rain runoff due to slopes and wind transport in the direction from south to north [35].



Descriptive statistics expressed that in P1, the model with the best evaluation indicators was IDW, with the smallest variance, good precision and the highest correlation between estimated and observed values (p < 0.0001). In this test, RBF the model with more precision showed values very close to those of IDW in variance and correlation. In P1, KO was not the best in the precision parameters of RMSE, E (%), Ceff, and R2, however, the spatial distribution of the error shows surfaces in yellow very similar to RBF. In P2 the model with the highest precision and correlation was OK, nevertheless it was the one that presented greater variance; IDW presented a small variance and high precision and correlation values.



In general, with correlation tests, a high correlation was determined between models per test, however, a different behavior was observed between tests, which is according to how the experimental data are removed to run the model. Additionally, IDW and RBF are easier to use because they require fewer input parameters. In contrast, OK is more difficult to use. The typical OK includes several stages, such as statistical testing, data transformation, spatial structural analysis, and semivariogram function [40].



The error maps showed a high degree of error, on the northwest side (lowest As values). This could be due to the fact that in the zone with high concentrations of As can be present in a punctual way or the edge effect that affected the three methods of interpolation. The difference between tests (P1–P2) shows that OK best estimates the As(ln) values with less data (P2), in comparison to IDW and RBF. A higher data density can explain the superiority of RBF and IDW in P1. This shows that OK is better interpolator with a lower density of randomly distributed data, therefore, it is of greater use for the data simulation when the sampling and analysis is costly in the whole area, such is the case of As.



Bhunia et al. (2016) [10] compared interpolators for organic carbon in soil using IDW and RBF, in such research they found that the IDW method was better in regards to RBF among others. In a research by Fortis-Hernández et al. (2010) [41] about the dispersion of nitrate and ammonium in soil, the IDW method turned out to be the most significant, followed by RBF in comparison to OK. Mueller et al. (2001) [42] compared IDW and OK in the analysis of pH, P, K, Ca, and Mg, concluding that IDW was a better option than OK, in data lacking spatial structure. Robinson and Metternicht [17] compared the IDW, OK, and splines methods in the estimation of subsoil pH, soil pH, electrical conductivity, and organic matter. They found that IDW was better at interpolating subsoil pH, OK was better interpolator in surface soil for pH, while organic matter and electrical conductivity were better interpolated with splines. These comparisons with other types of soil elements show the great variability in the accuracy of interpolation methods. Yan et al. (2015) [43] tested the performance of the Kriging interpolator, finding that the mine activity had no influence in the contiguous zones. Chaoyang et al. (2009) [44] used the IDW and kriging interpolators and Fu and Wei [45] the kriging interpolator finding that high concentrations of heavy metals come from mining settlements, which is consistent with our findings.



The efficiency of pollution assessment depends on the accurate mapping of metals and metalloids. The factors that affect accuracy are the number of samples, the distance between the sampling points and the sampling method [46]. Generally, higher sampling density would produce more accurate contamination mapping of heavy metals [42]. However, due to the cost and time of the sampling as well as the analysis cost of the samples, a high sampling density is impractical [40].



With the error mapping, although the results showed few differences, it was possible to show the performance of the interpolation methods. This highlights the importance of verifying the results in a descriptive and spatial way to know the performance of the methods of interpolation [47]. In comparison with other studies [43,48,49,50], only the result of the spatial distribution of the variables under study is mapped, however, the mapping of uncertainty is essential to know the viability of the application of interpolation methods. Before proposing risk strategies it is important that the error mapping be verified as subsequent efforts may be poorly focused on the space and surface.



The increase in population, the demand for residential buildings [51], and the introduction of industries in areas with soils contaminated by mining waste pose a major health risk. This study tests the proximity and movement of arsenic in the human settlements of Aquiles Serdán. The interpolation maps are the basis for making decisions to minimize the health risk to the population.



Due to this, it is recommended to continue working with interpolation methods at these scales, for the management of the urban environment versus the As and other metals contamination. It is important to continue working with interpolation methods, nevertheless for the tests revealed in this research it is recommended to work at the submethod level of the interpolator and to verify the existence of significant differences between methods




5. Conclusions


The high environmental contamination of As present in soil of the studied housing area indicates a high dispersion of this metalloid presented in the mining wastes of the research area. The largest concentration of As is located in the southern part of the housing area, the one closest to the mining wastes. Waste deposits constitute a high risk for public health that must be addressed immediately, because if the contaminants dispersion in the area is not minimized, the health risk of the exposed population remains latent as the main routes of exposure: Inhalation of fine particles of airborne mining wastes, and particles suspended by vehicular traffic, as well as contaminated soil and dust intake.



Clear understanding of the distribution, extent and direction of As is the key in assessing the dispersion of such contaminant. As dispersion with the different interpolation methods IDW, OK, RBF was represented with similarities between them. The three methods enclosed the same area with higher As concentration and had minimal variation in the other classifications. Statistic data demonstrated that IDW was more precise in P1, and KO in the P2. Thus, the accuracy of the models could differ depending of the way of run the data. Although, differences between the models were not wide. The incorporation of more parameters, such as concentration of other metals, topography, soil type, and geology, among others, would be of interest to observe the behavior of interpolation methods.







Author Contributions


Conceptualization: C.B.M.-D. and M.C.V.-A.; data curation: M.C.V.-A.; formal analysis: M.D.R.D.-C., J.A.P.-A., and M.C.N.-R.; investigation and methodology: C.B.M.-D., C.A.B.-G., and G.V.-Q.; project administration: M.T.A.-H. and M.D.R.D.-C.; writing—original draft: C.B.M.-D., J.A.P.-A., and M.C.V.-A.; writing—review and editing: M.C.N.-R., G.V.-Q., and C.A.B.-G.; supervision: M.T.A.-H. and M.C.V.-A.




Acknowledgments


It is acknowledged to the Autonomous University of Chihuahua for the economical support granted for the publication of this research.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Márquez Terrazas, Z.; Villarreal, L. Pueblos Mineros de Chihuahua, 1st ed.; Gobierno del Estado de Chihuahua: Chihuahua, Mexico, 1995; p. 159. ISBN 9687341025 9789687341026. (In Spanish)

	



INECC (Instituto Nacional de Ecología y Cambio Climatico). Los Residuos en la Minería Mexicana. Available online: http://www2.inecc.gob.mx/publicaciones2/libros/35/los_residuos.html (accessed on 21 May 2018).

	



Kabata-Pendias, A. Trace Elements in Soils and Plants, 4th ed.; CRC Press: Boca Raton, FL, USA, 2011; p. 507. ISBN 978-1-4200-9370-4. [Google Scholar]

	



Tipping, E.; Rieuwerts, J.; Pan, G.; Ashmore, M.R.; Lofts, S.; Hill, M.T.R.; Thornton, I. The solid solution partitioning of heavy metals (Cu, Zn, Cd, Pb) in upland soils of England and Wales. Environ. Pollut. 2003, 125, 213–225. [Google Scholar] [CrossRef]

	



Waisberg, M.; Joseph, P.; Hale, B.; Beyersmann, D. Molecular and cellular mechanisms of cadmium carcinogenesis. Toxicology 2003, 192, 95–117. [Google Scholar] [CrossRef]

	



Bocca, B.; Alimonti, A.; Petrucci, F.; Violante, N.; Sancesario, G.; Forte, G.; Senofonte, O. Quantification of trace elements by sector field inductively coupled plasma mass spectrometry in urine, serum, blood and cerebrospinal fluid of patients with Parkinson’s disease. Spectrochim. Acta B 2004, 59, 559–566. [Google Scholar] [CrossRef]

	



Nevárez, M.; Moreno, M.V.; Sosa, M.; Bundschuh, J. Arsenic in freshwater fish in the Chihuahua County water reservoirs (Mexico). J. Environ. Sci. Health A 2011, 46, 1283–1287. [Google Scholar] [CrossRef]

	



Nevárez, M.; Leal, L.O.; Moreno, M. Estimation of Seasonal Risk Caused by the Intake of Lead, Mercury and Cadmium through Freshwater Fish Consumption from Urban Water Reservoirs in Arid Areas of Northern Mexico. Int. J. Environ. Res. Public Health 2015, 12, 1803–1816. [Google Scholar] [CrossRef] [PubMed]

	



Acosta, J.A.; Faz, A.; Martinez-Martinez, S.; Zornoza, R.; Carmona, D.M.; Kabas, S. Multivariate statistical and GIS-based approach to evaluate heavy metals behavior in mine sites for future reclamation. J. Geochem. Explor. 2011, 109, 8–17. [Google Scholar] [CrossRef]

	



Bhunia, G.S.; Shit, P.K.; Maiti, R. Comparison of GIS-based interpolation methods for spatial distribution of soil organic carbon (SOC). J. Saudi Soc. Agric. 2016, 17, 114–126. [Google Scholar] [CrossRef]

	



Johnston, K.; VerHoef, J.M.; Krivoruchko, K.; Lucas, N. Using ArcGis Geostatistical Analyst; ESRI: Redlands, CA, USA, 2001; p. 300. [Google Scholar]

	



Liu, L.; Wang, H.; Dai, W.; Lei, X.; Yang, X.; Li, X. Spatial variability of soil organic carbon in the forestlands of north-east China. J. For. Res. 2014, 25, 867–876. [Google Scholar] [CrossRef]

	



Behera, S.K.; Shukla, A.K. Spatial distribution of surface soil acidity, electrical Conductivity, soil organic carbon con-tent and exchangeable Potassium, calcium and magnesium in some cropped acid Soils of India. Land Degrad. Dev. 2015, 26, 71–79. [Google Scholar] [CrossRef]

	



Barabás, N.; Goovaerts, P.; Adriaens, P. Geostatistical assessment and validation of uncertainty for three-dimensional dioxin data from sediments in an estuarine river. Environ. Sci. Technol. 2001, 35, 3294–3301. [Google Scholar] [CrossRef]

	



Carlon, C.; Critto, A.; Marcomini, A.; Nathanail, P. Risk based characterization of contaminated industrial site using multivariate and geostatistical tools. Environ. Pollut. 2001, 111, 417–427. [Google Scholar] [CrossRef]

	



VanMeirvenne, M.; Goovaerts, P. Evaluating the probability of exceeding a site-specific soil cadmium contamina-tion threshold. Geoderma 2001, 102, 75–100. [Google Scholar] [CrossRef]

	



Robinson, T.P.; Metternicht, G.M. Testing the performance of spatial interpolation techniques for mapping soil properties. Comput. Electeron. Agric. 2006, 50, 97–108. [Google Scholar] [CrossRef]

	



Pang, S.; Li, T.X.; Zhang, X.F.; Wang, Y.D.; Yu, H.Y. Spatial variability of cropland lead and its influencing factors: A case study in Shuangliu county, Sichuan province, China. Geoderma 2011, 162, 223–230. [Google Scholar] [CrossRef]

	



Weather Spark. El clima promedio en Aeropuerto Internacional General Roberto Fierro Villalobos. Available online: https://es.weatherspark.com/y/149742/Clima-promedio-en-Aeropuerto-Internacional-General-Roberto-Fierro-Villalobos-México-durante-todo-el-año (accessed on 13 June 2018).

	



SGM (Servicio Geologico Mexicano). Panorama Minero de Chihuahua. Available online: http://www.sgm.gob.mx/pdfs/CHIHUAHUA.pdf (accessed on 28 June 2018).

	



NMX-132. Norma Oficial Mexicana NMX-AA-132-SCFI-2006. Muestreo de Suelos para la Identificación y la Cuantificación de Metales y Metaloides, y Manejo de la Muestra. Secretaría de Fomento y Comercio Industrial. México, D.F. 2006. Available online: http://dof.gob.mx/nota_detalle.php?codigo=5475373&fecha=06/03/2017 (accessed on 3 July 2018).

	



USEPA. Emission factor Documentation for AP-42, Section 13.2.1 Paved Roads. Measurement Policy Group Office of Air Quality Planning and Standards; United States Environmental Protection Agency: Washington, DC, USA, 2011.

	



NOM-147. Norma Oficial Mexicana NOM-147-SEMARNAT/SSA1-2004, que Establece Criterios para Determinarlas Concentraciones de Remediación de Suelos Contaminado por Arsénico, Bario, Berilio, Cadmio, Cromo Hexavalente, Mercurio, Níquel, Plata, Plomo, Selenio, Talio. Secretaría de Medio Ambiente y Recursos Naturales. México, D.F. 2004. Available online: http://www.dof.gob.mx/nota_detalle.php?codigo=4964569&fecha=02/03/2007 (accessed on 3 July 2018).

	



Moreno, J.A. Sistemas y Análisis de la Información Geográfica. Manual de Autoaprendizaje con ArcGIS, 2nd ed.; Ra-Ma: Madrid, Spain, 2008; p. 908. ISBN 978-84-7897-838-0. (In Spanish) [Google Scholar]

	



ESRI (Environmental Systems Research Institute). ArcGIS™ Geostatistical Analyst: Statistical Tools for Data Exploration, Modeling, and Advanced Surface Generation. Available online: http://www.esri.com/library/whitepapers/pdfs/geostat.pdf (accessed on 14 August 2018).

	



Burrough, P.; McDonell, R. Principles of Geographical Information Systems; Oxford University Press: New York, NY, USA, 1998. [Google Scholar]

	



Villatoro, M.; Henriquez, C.; Sancho, F. Comparación de los interpoladores IDW y Kriging en la variación espacial de pH, Ca, CICE, y P del suelo. Agron. Costarric. 2008, 32, 95–105. [Google Scholar]

	



ESRI (Environmental Systems Research Institute). Using ArcGIS® Spatial Analyst. Available online: http://downloads.esri.com/support/documentation/ao_/776Using_Spatial_Analyst.pdf (accessed on 14 August 2018).

	



Nash, J.E.; Sutcliffe, J.V. River flow forecasting through conceptual models part I—A discussion of principles. J. Hydrol. 1970, 10, 282–290. [Google Scholar] [CrossRef]

	



Parker, A.; De Cortázar-Atauri, I.G.; Chuine, I.; Barbeau, G.; Bois, B.; Boursiquot, J.M.; Van Leeuwen, C. Classification of varieties for their timing of flowering and veraison using a modelling approach: A case study for the grapevine species Vitis vinifera L. Agric. For. Meteorol. 2013, 180, 249–264. [Google Scholar] [CrossRef]

	



Schloeder, C.A.; Zimmerman, N.E.; Jacobs, M.J. Comparison of methods for interpolating soil properties using limited data. Soil. Sci. Soc. Am. J. 2001, 65, 470–479. [Google Scholar] [CrossRef]

	



Ritter, A.; Muñoz-Carpena, R.; Regalado, C.M. Capacidad de predicción de modelos aplicados a la ZS: Herramienta informática para la adecuada evaluación de la bondad-de ajuste con significación estadística. Estudios en la Zona no Saturada del Suelo 2014, 10, 259–264. [Google Scholar]

	



SAS (Statistical Analysis Software) Institute. SAS Software, version 9.1.3; SAS Inc.: Cary, NC, USA, 2006. [Google Scholar]

	



Liu, Y.; Ma, J.; Yan, H.; Ren, Y.; Wang, B.; Lin, C.; Liu, X. Bioaccessibility and health risk assessment of arsenic in soil and indoor dust in rural and urban areas of Hubei province, China. Ecotox. Environ. Saf. 2016, 126, 14–22. [Google Scholar] [CrossRef]

	



Delgado-Caballero, M.R.; Valles-Aragón, M.C.; Millan, R.; Alarcón-Herrera, M.T. Risk assessment through ieubk model in an inhabited area contaminated with lead. Environ. Prog. Sustain. Energy 2018, 37, 391–398. [Google Scholar] [CrossRef]

	



Gotway, C.A.; Ferguson, R.B.; Hergert, G.W.; Peterson, T.A. Comparison of kriging and inverse-distance methods for mapping soil parameters. Soil Sci. Soc. Am. J. 1996, 60, 1237–1247. [Google Scholar] [CrossRef]

	



García González, J.A.; Cebrián Abellán, F. La interpolación como método de representación cartográfica para la distribución de la población: Aplicación a la provincia de Albacete. In Proceedings of the XII Congreso Nacional de Tecnologías de la información Geográfica, Granada, Spain, 21 September 2006; pp. 165–178. [Google Scholar]

	



Cañada Torrecilla, R.; Vidal Domínguez, M.J.; Moreno Jiménez, A. Interpolación espacial y visualización cartográfica para el análisis de la justicia ambiental: Ensayo metodológico sobre la contaminación por partículas atmosféricas en Madrid. In Tecnologías de la Información Geográfica: La información Geográfica al Ser-Vicio de los Ciudadanos; Ojeda, J., Pita, M.F. y Vallejo, I., Eds.; Secretariado de Publicaciones de la Universidad de Sevilla: Sevilla, España, 2010; pp. 691–715. ISBN 978-84-472-1294-1. [Google Scholar]

	



Qi, J.; Zhang, H.; Li, X.; Zhang, G. Concentrations, spatial distribution, and risk assessment of soil heavy metals in a Zn-Pb mine district in southern China. Environ. Monit. Assess. 2016, 188, 1–11. [Google Scholar] [CrossRef] [PubMed]

	



Xie, Y.; Chen, T.B.; Lei, M.; Yang, J.; Guo, Q.J.; Song, B.; Zhou, X.Y. Spatial distribution of soil heavy metal pollution estimated by different interpolation methods: Accuracy and uncertainty analysis. Chemosphere 2011, 82, 468–476. [Google Scholar] [CrossRef] [PubMed]

	



Fortis-Hernández, M.; Huerta-García, A.; Segura-Castruita, M.A.; García-Hernández, J.L.; Leos-Rodríguez, J.A.; García-Salazar, A.; Valdez-Cepeda, R. Validación de cuatro modelos de interpolación para cartografiar nitrato y amonio en suelo. Terra Latinoam. 2010, 28, 371–379. [Google Scholar]

	



Mueller, T.G.; Pierce, F.J.; Schabenberger, O.; Warncke, D.D. Map quality for site-specific fertility management. Soil Sci. Soc. Am. J. 2001, 65, 1547–1558. [Google Scholar] [CrossRef]

	



Yan, W.; Mahmood, Q.; Peng, D.; Fu, W.; Chen, T.; Wang, Y.; Li, S.; Chen, J.; Liu, D. The spatial distribution pattern of heavy metals and risk assessment of moso bamboo forest soil around lead–zinc mine in Southeastern China. Soil Tillage Res. 2015, 153, 120–130. [Google Scholar] [CrossRef]

	



Wei, C.; Wang, C.; Yang, L. Characterizing spatial distribution and sources of heavy metals in the soils from mining-smelting activities in Shuikoushan, Hunan Province, China. J. Environ. Sci. 2009, 21, 1230–1236. [Google Scholar] [CrossRef]

	



Fu, S.; Wei, C.Y. Multivariate and spatial analysis of heavy metal sources and variations in a large old antimony mine, China. J. Soil Sediment. 2013, 13, 106–116. [Google Scholar] [CrossRef]

	



Kravchenko, A.N. Influence of spatial structure on accuracy of interpolation methods. Soil Sci. Soc. Am. J. 2003, 67, 1564–1571. [Google Scholar] [CrossRef]

	



Núñez López, D.; Treviño Garza, E.J.; Reyes Gómez, V.M.; Muñoz Robles, C.A.; Aguirre Calderón, O.A.; Jiménez Pérez, J. Uso de modelos de regresión para interpolar espacialmente la precipitación media mensual en la cuenca del río Conchos. Rev. Mex. Cienc. Agríc. 2014, 5, 201–213. [Google Scholar]

	



Shaari, H.; Azmi, M.; Hidayu, S.N.; Sultan, K.; Bidai, J.; Mohamad, Y. Spatial distribution of selected heavy metals in surface sediments of the EEZ of the east coast of Peninsular Malaysia. Int. J. Oceanogr. 2015, 2015, 10. [Google Scholar] [CrossRef]

	



Han, W.; Gao, G.; Geng, J.; Li, Y.; Wang, Y. Ecological and health risks assessment and spatial distribution of residual heavy metals in the soil of an e-waste circular economy park in Tianjin, China. Chemosphere 2018, 197, 325–335. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, X.; Wei, S.; Sun, Q.; Wadood, S.A.; Guo, B. Source identification and spatial distribution of arsenic and heavy metals in agricultural soil around Hunan industrial estate by positive matrix factorization model, principle components analysis and geo statistical analysis. Ecotox. Environ. Saf. 2018, 159, 354–362. [Google Scholar] [CrossRef]

	



Prieto-Amparán, J.A.; Pinedo-Alvarez, A.; Villarreal-Guerrero, F.; Pinedo-Alvarez, C.; Morales-Nieto, C.; Manjarrez-Domínguez, C. Past and future spatial growth dynamics of Chihuahua city, Mexico: Pressures for land use. ISPRS Int. Geo-Inf. 2016, 5, 235. [Google Scholar] [CrossRef]








[image: Ijerph 16 00375 g001 550]





Figure 1. Study area location. (a) State of Chihuahua, (b) wind speed in the Municipality limits of Aquiles Serdán and Chihuahua, (c) research area in San Guillermo. Study area (□), human settlements (■), WS = wind speed, contour lines (~), and municipality limits (-). 
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Figure 2. Design of radial sampling (n = 88). Design of radial (—). Samples (●). 
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Figure 3. Frequency of As concentration: no logarithmic transformation (a), with logarithmic transformation (b). As = arsenic, As(ln) = arsenic values logarithmically transformed. 
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Figure 4. Test and validation points of the interpolations in P1 and P2. ▲ = test sample, ● = test validation. 
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Figure 5. Spatial distribution of As in San Guillermo obtained by interpolation methods: IDW (a), RBF (b), and OK (c). Samples (●), Industrial use (■), Contaminated soil (■), Severely contaminated soil (■). 
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Figure 6. Surface by concentration range of As. 
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Figure 7. Box diagram for values of P1 (a) P2 (b). IDW = inverse distance weight, OK = ordinary kriging, RBF = radial basis function, P1 = Test 1, P2 = Test 2. 
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Figure 8. Correlation between experimental and estimated values of As(ln) in P1 by (a) IDW, (b) OK and (c) RBF. 
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Figure 9. Correlation between experimental and estimated values of As(ln) in P2 by (a) IDW, (b) OK, and (c) RBF. 
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Figure 10. Error maps in P1 between experimental values and those estimated by interpolation models. IDW (a), RBF (b), and OK (c). Samples (●), errors between the experimental values and estimated values: high (■), medium (■), low (■). 
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Figure 11. Error maps in P2 between experimental values and those estimated by interpolation models. IDW (a), RBF (b), and OK (c). Samples (●), errors between the experimental values and estimated values: high (■), medium (■), low (■). 
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Table 1. Soil classification by arsenic values according to NOM-147-SEMARNAT/SSA1-2004.
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	Soil Classification
	Range (mg As/kg)





	Residential use
	0–22



	Industrial use
	22–260



	Contaminated soil
	260–1000



	Severely contaminated soil
	1000–>
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Table 2. Soil classification by arsenic concentrations.
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	Classification
	As Range (mg/kg)
	As Mean (mg/kg)
	Standard Deviation
	Percentage of Samples





	Residential use
	0–22
	-
	-
	0



	Industrial use
	22–260
	122
	71
	61



	Contaminated soil
	260–1000
	468
	208
	31



	Severely contaminated soil
	>1000
	1421
	428
	8
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Table 3. Statistical data estimated by interpolation methods for P1 and P2.
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Comparison Parameters

	
As(ln) Experimental

	
P1

	
P2




	
IDW

	
OK

	
RBF

	
IDW

	
OK

	
RBF






	
Minimum value

	
2.76

	
4.44

	
4.33

	
4.41

	
4.38

	
4.28

	
4.32




	
Mean

	
5.31

	
5.5

	
5.48

	
5.5

	
5.51

	
5.49

	
5.48




	
Variance

	
1.2

	
0.33

	
0.44

	
0.35

	
0.35

	
0.48

	
0.42




	
Maximum Value

	
7.7

	
6.65

	
6.97

	
6.74

	
6.62

	
6.91

	
6.75




	
Typical error

	
0.21

	
0.11

	
0.13

	
0.11

	
0.11

	
0.13

	
0.12








As(ln) = arsenic values logarithmically transformed, IDW = inverse distance weight, OK = ordinary kriging, RBF = radial basis function, P1 = Test 1, P2 = Test 2.
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