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Abstract  1 

Groundwater nitrate-N pollution mainly originates from surface agricultural activities. Integrating 2 

spatial information on nitrate-N observations and agricultural land-use data is crucial for identifying 3 

groundwater pollution zones. This study used regression kriging (RK) to determine groundwater 4 

pollution zones in the Choushui River alluvial fan in Taiwan according to nitrate-N observations and 5 

agricultural land uses. Areal ratios of agricultural land-use types within buffering zones were first 6 

characterized using geographical information systems. A multivariate linear regression (MLR) model 7 

was employed to explore the relationship between groundwater nitrate-N pollution and agricultural 8 

land-use types. Then, simple kriging (SK) was adopted to analyze residuals obtained from gaps 9 

between nitrate-N observations and MLR predictions; the SK estimates of the residuals with the 10 

addition of the MLR predictions served as the RK estimates for groundwater nitrate-N pollution. 11 

Finally, groundwater pollution zones were determined according to a specific anthropogenic nitrate-N 12 

pollution level. The study results revealed that the “orchard” land-use type positively contributed to 13 

groundwater nitrate-N in contract to the “livestock house” and “agricultural facility” land-use types, 14 

which were negatively related to groundwater nitrate-N. Moreover, the RK estimates had the ability to 15 

characterize the potential pollution source of the orchard land-use type and were suitable for 16 

identifying groundwater pollution zones. Therefore, the amount of fertilizer used in the orchards 17 

located in groundwater pollution zones must be reduced considerably. 18 
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Introduction 21 

Groundwater nitrate-N (NO3
--N) pollution is common in agricultural regions, originating mainly from 22 

surface agricultural activities, such as field fertilization, stubble crop, and raising livestock (Wang et al. 23 

2015; Sahoo et al. 2016). In Taiwan, groundwater NO3
--N pollution has significantly increased over the 24 

last six decades because of the substantial amounts of fertilizer used on farmlands (Chen and Liu 2003; 25 

Jang and Liu 2005; Chen et al. 2013; Jang and Chen 2015). According to epidemiological evidence, 26 

residents drinking nitrate-N-contaminated water may develop acute and chronic diseases, such as blue 27 

baby syndrome, diabetes, thyroid disease and gastric, colorectal, breast, and bladder cancers (Yang et 28 

al. 1998; Knobeloch et al. 2000; Ward and Brender 2011; Ward et al. 2018). In terms of drinking water 29 

quality, Taiwan’s standard for NO3
--N in drinking water formulated by the Environmental Protection 30 

Administration is 10 mg/L. Several groundwater quality surveys in Taiwan have revealed that NO3
--N 31 

concentrations in aquifers frequently exceed the drinking water quality standard (Agriculture 32 

Engineering Research Center [AERC] 2020). Increased exposure to drinking water with high levels of 33 

NO3
--N poses a severe threat to public health. 34 

Because surface agricultural activities affect groundwater NO3
--N pollution, areal ratios of 35 

agricultural land-use types can be adopted to evaluate such activities. Geographical information 36 

systems (GIS) are practical spatial tools used to determine the areal ratios of agricultural land-use data 37 
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within buffering zones with a specified radius around a monitoring well (Tesoriero and Voss 1997; 38 

Aelion and Conte 2004; Gardner and Vogel 2005; Benson et al. 2006). For example, Sugimoto and 39 

Hirata (2006) and Sahoo et al. (2016) have reported that groundwater nitrate concentrations are 40 

correlated with livestock farms. Jang and Chen (2015) and Liang et al. (2020) have indicated that 41 

groundwater NO3
--N pollution is highly associated with areal ratios of orchards in Taiwanese aquifers. 42 

Gallagher and Gergel (2017) further demonstrated that groundwater nitrate concentrations are strongly 43 

related to areal ratios of forage and pasture land and raspberry crops. Furthermore, because numerous 44 

land-use categories potentially influence groundwater NO3
--N pollution, many studies have employed 45 

multivariate linear regression (MLR) to explore the relationship between groundwater NO3
--N and 46 

land-use categories (Giammarino and Quatto 2015; Wheeler et al. 2015; Lawniczak et al. 2016; 47 

Farhadi et al. 2020). 48 

Groundwater NO3
--N pollution typically exhibits high levels of spatial variability owing to 49 

different contamination sources, hydrogeology, hydrology, hydrochemistry, and land use. Scholars 50 

remain uncertain about estimates obtained from limited observations; thus, geostatistics can be applied 51 

to calculate the spatial estimates of these limited observations. Ordinary kriging (OK), a common 52 

geostatistical approach, is a linear weighted-average estimator used to model variables at unsampled 53 

sites according to spatial variability. Several studies have applied OK to analyze groundwater NO3
--N 54 

pollution (Adhikary et al. 2010; Baalousha 2010; Chica-Olmo et al. 2017; Rostami et al. 2020). 55 

However, OK frequently underestimates high values and overestimates small values, therefore reducing 56 
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the spatial variability of observations (Isaaks and Srivastava 1989). Regression kriging (RK) is a hybrid 57 

geostatistical technique that combines a MLR model obtained from a dependent variable and auxiliary 58 

variables with simple kriging (SK) of regression residuals. RK not only solves the underestimation and 59 

overestimation problems of OK but incorporates the impact of auxiliary variables into spatial estimates 60 

(Hengl et al. 2004; Hengl et al. 2007). RK techniques combining certain environmental characteristics 61 

have been employed to characterize groundwater NO3
--N pollution. For example, El Baba et al. (2020) 62 

established the MLR model integrating groundwater nitrate concentrations with aquifer vulnerability 63 

factors and land uses and used RK to analyze the spatial distributions of groundwater nitrate 64 

concentrations. Their results indicated that the RK estimates revealed more details of the environmental 65 

characteristics influencing the occurrence of groundwater nitrate, such as dunes, ridges, soil types, and 66 

built-up areas, than OK estimates. When kriging estimates only were implemented based on limited 67 

NO3
--N observations, the environmental characteristics of potential pollution sources of groundwater 68 

NO3
--N occurrence may be overlooked, resulting in incorrectly delineated groundwater pollution zones 69 

(Jang and Chen 2015). Consequently, integrating spatial information on NO3
--N observations and 70 

agricultural land uses is critical for geostatistically determining groundwater pollution zones. 71 

This study adopted RK to identify groundwater pollution zones in the Choushui River alluvial fan 72 

in Taiwan, with spatial information on NO3
--N observations and agricultural land uses integrated into 73 

the analysis. First, areal ratios of agricultural land-use types within buffering zones with a certain 74 

radius around a monitoring well were characterized using GIS. A stepwise MLR model was used to 75 
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explore the relationship between groundwater NO3
--N pollution and agricultural land uses. Then, SK 76 

with a constant mean of zero was applied to analyze residuals acquired from gaps between NO3
--N 77 

observations and MLR predictions; the SK estimates of the residuals with the addition of the MLR 78 

predictions served as the RK estimates for groundwater NO3
--N pollution. Finally, groundwater 79 

pollution zones were determined using RK, OK, and MLR according to a specific anthropogenic 80 

pollution level of groundwater NO3
--N (i.e., ≧0.5 mg/L). Suitable environmental management strategies 81 

for major agricultural land uses generating groundwater NO3
--N pollution were discussed based on the 82 

research findings.  83 

Materials and methods 84 

Geography and hydrogeology of the study area  85 

As depicted in Figure 1(a), the Choushui River alluvial fan is located in western Taiwan (Figure 1(a)) 86 

and covers an area of approximately 2,700 km2. The Quaternary unconsolidated deposits underlying 87 

this alluvial fan are abundant in groundwater. Taiwan’s National Land Surveying and Mapping Center 88 

(NLSMC) collected GIS land-use data indicating that agriculture (52.66%) is the predominant land use, 89 

which includes dry farmland (22.01%), paddy fields (15.26%), and fruit trees (10.15%). The secondary 90 

predominant land-use category is forests (16.28%). According to climate data recorded between 2012 91 

and 2021, the average annual precipitation was 1,621 mm in this study area.  92 

A stratigraphic analysis of drilled boreholes at approximately 300-m depth was implemented 93 

between 1992 and 2010 to explore the hydrogeological characteristics in this alluvial fan. The analysis 94 
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results demonstrated that the hydrogeological characteristics in this alluvial fan can be classified into 95 

proximal-, middle-, and distal-fan areas (Figure 1(a)). Four aquifers and four aquitards are located in 96 

the distal- and middle-fan areas, and an unconfined aquifer is present in the proximal-fan area, as 97 

illustrated in Figure 1(b) (Taiwan Central Geological Survey 1999). The proximal-fan and foothills of 98 

the Bagua Mountain and Douliu Hill are a primary source of natural groundwater recharge. Seventy 99 

boreholes and 208 monitoring wells in different aquifers were established. Because groundwater NO3
--100 

N originates from surface agricultural activities in this alluvial fan (Chen and Liu 2003; Jang and Liu 101 

2005), this study focused on only 54 monitoring wells situated in the shallow aquifer (<45 m depth), as 102 

presented in Figure 1(a). 103 

Groundwater nitrate-N concentrations  104 

The AERC in collaboration with the Taiwan Water Resources Agency performed a long-term annual 105 

survey of groundwater quality parameters in the Choushui River alluvial fan, including measurements 106 

of NO3
--N. In the current study, data on groundwater NO3

--N concentrations surveyed by the AERC 107 

(2013; 2014; 2015; 2016; 2017; 2018; 2019; 2020) between 2013 and 2020 in the study area were used. 108 

To prevent extraordinary data affecting the analysis, a median between 2013 and 2020 was obtained for 109 

temporal NO3
--N data in each monitoring well. Figure 2 presents the groundwater NO3

--N 110 

observations. High NO3
--N concentrations were typically observed in the proximal-fan area and 111 

foothills. Table 1 lists the statistics of groundwater NO3
--N concentrations, which ranged from less than 112 

0.02 to 35.45 mg/L, with an average and standard deviation of 2.42 and 5.59 mg/L, respectively. To 113 
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reduce high skewness, Lamsal et al. (2009), Wheeler et al. (2015) and El Baba et al. (2020) have 114 

argued for suitability of the logarithm of NO3
--N, log(NO3

--N), for performing MLR and implementing 115 

geostatistical analyses instead of using NO3
--N. Therefore, this study employed log(NO3

--N) to explore 116 

the relationship between groundwater NO3
--N pollution and agricultural land uses. The normality of 117 

log(NO3
--N) was examined using the Kolmogorov-Smirnov test, which indicated that the log(NO3

--N) 118 

data were normally distributed (p = 0.163).  119 

Agricultural land-use data  120 

The NLSMC established GIS land-use features and collected attribute data in the Choushui River 121 

alluvial fan. The first field of the attribute data comprised 9 land-use types and was subdivided into a 122 

second field of 41 land-use types. The second field could be further subdivided into a third field 123 

consisting of 103 land-use types. With a focus on surface agricultural activities, this study adopted the 124 

following 16 agricultural land-use types recorded in the attribute data: agriculture and forest in the first 125 

field; crop, aquaculture, livestock, and agricultural facility in the second field; and paddy field, dry 126 

farmland, orchard, abandoned field, livestock house, pasture, green house, storage facility, vendor of 127 

agricultural products, and other agricultural facility in the third field (Table 2). Buffering zones with 128 

500-m, 1000-m, 1500-m, and 2000-m radii around each monitoring well were established using QGIS 129 

2.8. An intersecting function of geoprocessing in GIS was used to overlay the buffering zones over 130 

land-use features, and feature areas were recalculated within the buffering zones after intersection. 131 

Areal percentages of agricultural land-use types within the buffering zones with 500-m, 1000-m, 1500-132 



 9 

m, and 2000-m radii were characterized in this study.  133 

MLR  134 

This study employed a MLR model to explore the relationship between log(NO3
--N) (i.e., dependent 135 

variable yMLR) and 16 agricultural land-use types (i.e., independent variable xi). The MLR function was 136 

defined as follows (Sharma 1996): 137 

𝑦𝑀𝐿𝑅 = 𝛼0 + 𝛼1𝑥1 + 𝛼2𝑥2 +⋯+ 𝛼𝑛𝑥𝑛                                                            (1) 138 

where α0 is the intercept, and α𝑖 is the coefficients of xi. A stepwise regression model was adopted to 139 

determine key agricultural land-use types when an independent variable was entered into and removed 140 

from this model for a p-value of 0.05 and 0.1, respectively. In addition, this study applied SPSS 141 

software to execute MLR. 142 

Geostatistical approaches 143 

Variogram analysis  144 

An experimental variogram can be used to quantify the spatial variability of variables and can then be 145 

fitted using a theoretical model )(h  with nugget effect (c0), sill (c), and range (a). Common theoretical 146 

models include spherical, exponential, and Gaussian models, which are mathematically defined as 147 

follows (Goovaerts 1997): 148 

Spherical model: 
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Exponential model:   
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Gaussian model:  
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OK  152 

OK is a linear weighted-average estimator used for modeling a spatial distribution of variables and is 153 

unbiased for expected values of estimators and variables. The variance of estimated errors is minimized 154 

in the kriging algorithm (Isaaks and Srivastava 1989). A kriging estimator determines not only a spatial 155 

estimate but kriging variance, which propagates the uncertainty of the estimate at unknown sites. This 156 

study adopted the gamv and kt3d codes in the Geostatistical Software Library (Deutsch and Journel 157 

1998) to produce experimental variograms and conduct kriging analysis, respectively. 158 

RK 159 

This study integrated primary and auxiliary data in the geostatistical technique. The primary data were 160 

generated from NO3
--N observations 𝑍(𝐮) , and the auxiliary data were derived from predictions 161 

obtained using the MLR model yMLR (Li and Heap 2008). In practice, the residual 𝑅(𝐮) represents the 162 

gaps between the NO3
--N observations and MLR predictions and was adopted to characterize spatial 163 

variability and distributions using SK with a constant mean of zero. It equation is expressed as follows 164 

(Hengl et al. 2004; Hengl et al. 2007):  165 

 𝑅(𝐮) = 𝑍(𝐮) − 𝑦𝑀𝐿𝑅                                                 (5) 166 

The RK estimates were obtained from the sum of the SK estimates of the residuals and MLR 167 

predictions at unknown sites u.   168 
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Cross-validation  169 

A leave-one-out cross-validation was employed to examine OK and RK estimators. The kriging mean 170 

error (KME) and mean square standard error (MSSE) were used to assess the performance of the 171 

determined spatial variogram structure of the estimators, the equations of which are expressed as 172 

follows (Chilès and Delfiner 1999): 173 

                                      (6) 174 

                                     (7) 175 

where  and  are the estimates and observations of variables, respectively, at the ith site; n is 176 

the number of observations; and  is the kriging variance at the ith site. The KME and MSSE, 177 

which were close to nil and unity, respectively, signified that the spatial variability structure of the 178 

kriging estimator was robust. In addition, the MSSE had an acceptable tolerance of ±3√2𝑛 (i.e., the 179 

range from 0.42 to 1.58 for 54 observations; Chilès and Delfiner 1999). 180 

Results and discussion 181 

Establishing the relationship between groundwater nitrate-N and 182 

agricultural land-use types 183 

In this study, groundwater log(NO3
--N) values were regarded as dependent variables, and the areal 184 

percentages of 16 agricultural land-use types within buffering zones with different radii were treated as 185 

independent variables in a MLR model. Table 3 provides the correlations between dependent and 186 

independent variables for buffering zones with different radii. In terms of land-use types, groundwater 187 
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log(NO3
--N) was significantly and positively correlated with orchard (p < 0.01) and significantly and 188 

negatively correlated with livestock and livestock house (p < 0.05) for the four radii. Moreover, 189 

groundwater log(NO3
--N) was significantly and negatively correlated with the agricultural facility for 190 

the 2000-m radius and the storage facility for the 500-m radius (p < 0.05). Because the areal 191 

percentages of 16 agricultural land-use types within buffering zones with 500-m, 1000-m, 1500-m, and 192 

2000-m radii were regarded as independent variables in this study, the most suitable buffering zone 193 

radius was determined according to the strong coefficient of determination R2 in the stepwise MLR 194 

model. The result demonstrated that the orchard and agricultural facility land-use types were included 195 

in the four-radius MLR models, and the livestock house land-use type was only present in the 1000-m-196 

radius MLR model. The buffering zones with the 1000-m radius had the highest R2 value of 0.47 in the 197 

MLR model (Table 4 and Figure 3) and were thus the optimal independent variables. Furthermore, the 198 

orchard land-use type positively contributed to groundwater log(NO3
--N), and the livestock house and 199 

agricultural facility land-use types were negatively related to groundwater log(NO3
--N) for the 200 

buffering zones with the 1000-m radius. The variance inflation factor ranged from 1.04 to 1.09 for the 201 

three independent variables, indicating considerably low multicollinearity in the established MLR 202 

model. In addition, 10-fold cross-validation was used to evaluate the prediction performance of the 203 

established MLR model by generating various combinations of data. The results revealed that the mean 204 

error and mean squared error were -0.02 and 0.33, respectively, indicating that the established MLR 205 

model was valid.  206 
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Predictions obtained using the MLR model  207 

In this study, a grid of 65 × 81 cells with a 1000-m interval was assigned for the study area. The 208 

buffering zones with the 1000-m radius were established in the center of each cell and intersected the 209 

land-use map to determine areal percentages of orchard, agricultural facility, and livestock house land-210 

use types. Figures 4(a)-(c) depict the spatial distributions of the areal percentages of orchard, 211 

agricultural facility, and livestock house land-use types. The orchard land-use type was dominant in the 212 

proximal-fan area and the foothills of the Bagua Mountain and Douliu Hill, whereas the livestock 213 

house and agricultural facility land-use types were principally distributed in the middle- and distal-fan 214 

areas. The areal percentages of the orchard land-use type were more spatially varied than those of 215 

agricultural facility and livestock house. Figure 5 illustrates the predictions acquired using the MLR 216 

model. The predictions were similar to the spatial distributions of the orchard land-use type illustrated 217 

in Figure 4(a), indicating that the orchard land-use type was a main cause of groundwater NO3
--N 218 

pollution in this study area.  219 

Variogram analyses of groundwater nitrate-N pollution 220 

This study analyzed the omnidirectional experimental variogram for log(NO3
--N) and the residuals 221 

obtained from Eq. (5) using a lag of 6,000 m. An exponential theoretical model was optimal for fitting 222 

the experimental variograms of log(NO3
--N) and the residuals (Figure 6). The fitted nugget effect, sill, 223 

and range were, respectively, 0.8 [log(mg/L)]2, 0.6 [log(mg/L)]2, and 30,000 m for log(NO3
--N), and 224 

0.45 [log(mg/L)]2, 0.3 [log(mg/L)]2, and 20,000 m for the residuals. Because the predictions obtained 225 
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using the MLR model shared partial variances of NO3
--N observations, the variability (i.e., the sum of 226 

the nugget effect and sill) and range of the residuals were smaller than those of log(NO3
--N). The 𝑐0𝑐  227 

values of 1.33 and 1.5 for log(NO3
--N) and the residuals, respectively, indicated the weak spatial 228 

dependence (Cambardella et al. 1994).  229 

Geostatistical estimates of groundwater nitrate-N pollution and 230 

identification of groundwater pollution zones 231 

This study adopted SK with a constant mean of zero to spatially analyze the residuals. Figure 7 depicts 232 

the spatial distribution of the estimated residuals, which ranged from -0.557 to 0.704; the high values 233 

(> 0.4) were situated in the proximal-fan area, and the low values (< -0.2) were located in the northern 234 

part of the distal-fan area, the southern part of the middle-fan area, and the southern part of the middle-235 

fan area between the proximal-fan area and southern boundary. Figure 8(a) presents the RK estimates 236 

determined from the residual estimates following the addition of the MLR predictions (Li and Heap 237 

2008). The spatial pattern of the RK estimates was close to that of the MLR predictions (see Figures 238 

8(a) and 5), demonstrating that the orchard land-use type strongly affected the RK estimates for 239 

groundwater NO3
--N pollution. Figure 8(b) illustrates the OK estimates for groundwater NO3

--N 240 

pollution. The variability of the OK estimates was smaller than that of the RK estimates and MLR 241 

predictions. In addition, in the leave-one-out cross-validation, the KME was 0.026 and 0.015 for OK 242 

and RK, respectively, and the MSSE was 0.920 and 1.166 for OK and RK, respectively, indicating that 243 

the OK and RK estimates were robust. 244 
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Chen and Liu (2003) reported that the anthropogenic pollution level of groundwater NO3
--N was 245 

0.5 mg/L in the Choushui River alluvial fan. This study adopted this NO3
--N level of ≧ 0.5 mg/L to 246 

identify groundwater pollution zones. Figure 9 depicts the polluted and unpolluted areas of ≧ and < 0.5 247 

mg/L, respectively, for the MLR predictions, RK estimates, and OK estimates. A visual comparison of 248 

geostatistical estimates and MLR predictions with observations was made. The correct classification 249 

rate of the polluted and unpolluted areas by using the RK estimates at 96.3% was obviously higher than 250 

that using the MLR predictions and OK estimates at 88.9%, particularly in the eastern and southeastern 251 

regions of the study area. Because of sparse observations and different pollution sources, the MLR 252 

predictions and RK and OK estimates did not correctly determine groundwater pollution zones in the 253 

northern boundary of the study area. The areal ratios of the delineated groundwater pollution zones 254 

were 19.5%, 21.3%, and 14.8% for the MLR predictions, RK estimates, and OK estimates, 255 

respectively.  256 

This study combined spatial information on NO3
--N observations and agricultural land uses to 257 

determine the extent of groundwater NO3
--N pollution, revealing that orchards were a major pollution 258 

source. The RK estimates, which can be used to characterize the pollution source, were more accurate 259 

than the OK estimates for establishing groundwater pollution zones. El Baba et al. (2020) also reported 260 

similar results. Moreover, compared with the MLR predictions, the RK estimates enhanced the 261 

accuracy of the classification of polluted and unpolluted areas through modification of residuals.  262 

This study employed the MLR model to explore the relationship between groundwater NO3
--N 263 
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pollution and agricultural land uses. The results revealed that the orchard land-use type positively 264 

contributed to groundwater NO3
--N, whereas the livestock house and agricultural facility were 265 

negatively related to groundwater NO3
--N. Jang and Chen (2015) also indicated that orchards were 266 

associated with groundwater NO3
--N pollution in this study area. The main fruit crops in orchards in 267 

areas with high levels of groundwater NO3
--N were guava, pineapple, banana, betel nut, and orange. 268 

Although the amount of fertilizer used for the fruit crops is not substantial, most orchards are situated 269 

in foothills with highly permeable soil conditions, such as gravel and coarse sand. Moreover, the 270 

subsoil of foothills lacks lowly permeable soil materials, such as clay, silt, and mud, thus allowing 271 

nitrogen-containing compounds from fertilizer to quickly infiltrate into aquifers. Therefore, to protect 272 

groundwater resources, fertilizer use in the orchards located in the delineated groundwater pollution 273 

zones must be strictly limited. 274 

Conclusions 275 

This study adopted RK to identify groundwater pollution zones by combining spatial information on 276 

NO3
--N observations and agricultural land uses in the Choushui River alluvial fan. The relationship 277 

between groundwater NO3
--N observations and agricultural land uses was first explored using a MLR 278 

model. The research results revealed that the land-use types of orchard, livestock house, and 279 

agricultural facility were associated with groundwater NO3
--N pollution, with the orchard land-use type 280 

as a critical cause of such pollution. This study then applied MLR, RK, and OK to determine 281 

groundwater pollution zones, revealed to be principally located in the proximal-fan area and the 282 



 17 

foothills of the Bagua Mountain and Douliu Hill. The RK estimates could be used to characterize the 283 

potential pollution source of the orchard land-use type and enhanced the accuracy of the classification 284 

of polluted and unpolluted areas through modification of the residuals. Consequently, the RK estimates 285 

were more accurate than the OK estimates and MLR predictions for determining groundwater pollution 286 

zones. According to the study results, the amount of fertilizer used in the orchards located in the 287 

identified groundwater pollution zones must be substantially reduced. 288 
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Table 1.  432 

Statistics regarding observed NO3
--N and log(NO3

--N). The NO3
--N concentrations are in mg/L. 433 

Statistics NO3
--N log(NO3

--N) 

Average 2.42 -0.78 

Standard deviation 5.59 1.15 

Skewness 4.37 0.46 

Maximum  35.45 1.55 

Minimum <0.02 <-1.70 

Percentiles   

  25th <0.02 <-1.70 

  50th 0.09 -1.05 

  75th 2.54 0.40 

  434 
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Table 2.  435 

The GIS attribute data established by the Taiwan NLSMC involve agricultural land-use types. 436 

The first field The second field The third field 

Agriculture Crop Paddy field  

  
Dry farmland  

  
Orchard  

  
Abandoned field 

 
Aquaculture - 

 
Livestock Livestock house  

  
Pasture 

 
Agricultural facility Green house  

  
Storage facility  

  
Vendor of agricultural products  

  
Other agricultural facility 

Forest - - 

  437 
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Table 3. 438 

Correlations between groundwater log(NO3
--N) and areal percentages of agricultural land-use types 439 

within buffering zones with different radii. 440 

Independent variables 
Radius 

500 m 1000 m 1500 m 2000 m 

Agriculture  0.083 0.053 0.049 0.021 

Forest  0.058 0.090 0.153 0.173 

Crop  0.117 0.102 0.103 0.078 

Aquaculture  -0.033 -0.040 -0.054 -0.068 

Livestock  -0.281* -0.342* -0.290* -0.274*  

Agricultural facility  -0.212 -0.195  -0.232  -0.340*  

Paddy fields  -0.125   -0.165  -0.190  -0.205 

Dry farmlands  0.021  -0.014  -0.012  -0.041 

Orchard   0.519**  0.565**  0.560**  0.549** 

Abandoned field  -0.193  -0.156  -0.089   0.029 

Livestock house  -0.290*  -0.387**  -0.337*  -0.291*  

Pasture  -0.174  -0.211  -0.206   -0.204 

Green house  0.259  0.001  -0.133  -0.131 

Storage facility   -0.274*  -0.214  -0.222 -0.262 

Vendor of agricultural products  -0.068  -0.052 0.100  -0.064 

 Other agricultural facility  -0.060 -0.012  -0.109  -0.195 

* p-value < 0.05; ** p-value < 0.01  441 
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Table 4.  442 

Stepwise MLR model for exploring the relationship between log(NO3
--N) and areal percentages of 443 

agricultural land-use types within buffering zones with various radii. 444 

Radius  R2  Parameters  Coefficients  p-value  
Variance inflation 

factor 

500 m  0.37 Intercept -0.847 < 0.001 - 

  
Orchard  0.071 < 0.001  1.04 

  
Agricultural facility  -0.874 0.006 1.04 

1000 m  0.47 Intercept  -0.632 0.010 - 

  
Orchard   0.063  < 0.001 1.09 

  
Agricultural facility  -0.799 0.011  1.04 

  
Livestock house  -0.288 0.023  1.06 

1500 m  0.42  Intercept  -0.716 0.006 - 

  
Orchard  0.066  < 0.001  1.03 

  
Agricultural facility  -1.242  0.004  1.03 

2000 m  0.44 Intercept  -0.510  0.066 - 

  
Orchard  0.062  < 0.001   1.00 

  
Agricultural facility  -1.674 0.001  1.00 

  445 
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