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Abstract 14 

Accurate apportionment of groundwater contamination sources is essential for effective 15 

pollution control. This study integrated GIS mapping, absolute principal component scores-16 

multiple linear regression (APCS-MLR), and the MixSIAR model (incorporating δ¹⁵N-NO₃⁻ 17 

and δ¹⁸O-NO₃⁻ isotopes) to quantitatively apportion groundwater pollution sources in a multi-18 

source contaminated area in rural China. Results indicate that fishery ponds are the dominant 19 

point sources of NH₄⁺, CODₘₙ, and TP, contributing 65.76%, 36.09%, and 37.67% in the dry 20 

season, and 63.94%, 49.51%, and 52.89% in the wet season, respectively. Landfill leachate is 21 

the primary contributor to Cl⁻ and TDS, accounting for 58.44% and 40.61% in the dry season, 22 

and 63.20% and 41.38% in the wet season. Combined agricultural and domestic sources 23 

(manure, fertilizer, and sewage) contributed 81.8% and 84.1% to nitrate in the dry and wet 24 

seasons, respectively, with manure identified as the predominant contributor (48.1% and 54.4%, 25 

respectively). These findings highlight the critical role of agricultural activities, particularly 26 

manure management, in groundwater nitrate contamination. 27 

Keywords: Groundwater; Source apportionment; GIS mapping; APCS-MLR; MixSIAR 28 

1 Introduction 29 

Groundwater serves as the primary terrestrial freshwater reservoir, is indispensable for 30 

global irrigation and drinking water security (Alley et al., 2002; De Graaf et al., 2019; Kuang 31 

et al., 2024; Macallister, 2024). However, widespread nitrogen contamination increasingly 32 

threatens groundwater quality (Hinton et al., 2024; Liu et al., 2023), arising from the complex 33 

interplay of natural geogenic processes and diverse anthropogenic activities, such as 34 



 

 

agricultural fertilization, livestock farming, domestic sewage discharging, and landfill leaching 35 

(Han et al., 2020; Islam, 2025; Oh et al., 2021; Rajan et al., 2024). In multi-source contaminated 36 

regions, the co-occurrence of organic matter and nitrogen species complicates the 37 

hydrochemical environment. Consequently, accurate pollution source apportionment is a 38 

prerequisite for effective groundwater management; yet, it remains a formidable challenge. This 39 

difficulty is primarily attributed to the overlapping source profiles of multiple sources, further 40 

compounded by complex biogeochemical transformations (e.g., nitrification and denitrification) 41 

that alter pollutant’s speciation and concentration during migration (Xin et al., 2021; Zhao et 42 

al., 2025). 43 

To achieve accurate source apportionment, various methodologies have been developed. 44 

The prevailing methods include GIS mapping, hydrochemical analysis, multivariate statistical 45 

analysis, and stable isotope techniques (Carrey et al., 2021; Machiwal and Jha, 2015; Nas and 46 

Berktay, 2010; Sun, 2014). GIS mapping can rapidly identify potential source areas and provide 47 

visual evidence, yet it cannot quantify specific contribution ratios (Huang et al., 2015; Nas and 48 

Berktay, 2010). Hydrochemical analysis provides qualitative assessments, but its reliability is 49 

often compromised by the diverse origins of chemical constituents (Gemail and Abd-Elaty, 50 

2023; Romshoo et al., 2017; Wang et al., 2023). Multivariate statistical methods, such as 51 

Principal Component Analysis (PCA) and Positive Matrix Factorization (PMF), have been 52 

widely adopted (Gong et al., 2024; Machiwal and Jha, 2015). While PMF offers quantitative 53 

insights, it is computationally intensive and highly sensitive to initial parameters such as the 54 

number of factors and weights (Hopke, 2016; Jahan et al., 2025). In contrast, the Absolute 55 



 

 

Principal Component Scores-Multiple Linear Regression (APCS-MLR) method is 56 

characterized by simpler operation and the avoidance of complex iterative processes, making it 57 

a practical tool for quantitative apportionment (Chen et al., 2023a; Chen et al., 2023b; Li et al., 58 

2021). Notably, these statistical methods often overlook the reactive transport and 59 

biogeochemical transformations of pollutants during migration, leading to potential 60 

uncertainties in apportionment results. 61 

Stable isotope analysis has been extensively applied to address the limitations of chemical 62 

tracers, as different nitrate sources exhibit distinct δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻ signatures (Carrey 63 

et al., 2021). Nitrate from different sources exhibits distinct δ¹⁵N-NO3⁻ ratios, allowing δ¹⁵N- 64 

NO3⁻ to serve as a single tracer for identifying nitrate sources in groundwater (Doncila, 2022). 65 

While single-isotope approaches may suffer from overlapping isotopic ranges, the dual-isotope 66 

approach significantly improves resolution by leveraging complementary information (Ren et 67 

al., 2022). Furthermore, the Bayesian mixing model (MixSIAR) has emerged as a mainstream 68 

tool, as it can explicitly account for fractionation effects and uncertainty in complex systems 69 

(Wang, 2023; Zhang et al., 2025). Despite these advancements, a robust framework that 70 

integrates spatial visualization, statistical quantification, and isotopic fingerprinting—while 71 

explicitly accounting for nitrogen transformation—is still lacking for multi-source 72 

contaminated sites. The integration of APCS-MLR and MixSIAR creates a synergistic effect 73 

by combining broad-spectrum hydrochemical screening with high-precision isotopic 74 

fingerprinting, thereby enabling cross-validation of source contributions and reducing the 75 

inherent uncertainties associated with single-method approaches. 76 



 

 

Given these limitations, this study aims to enhance the operability of source apportionment 77 

in complex groundwater systems. Taking a site co-polluted by agricultural, domestic, and 78 

landfill sources as a case study, a novel integrated approach combining GIS, APCS-MLR, and 79 

MixSIAR is proposed to: (i) characterize the spatial distribution of pollutants using GIS 80 

mapping; (ii) perform qualitative and quantitative apportionment of bulk groundwater 81 

pollutants via APCS-MLR; and (iii) precisely determine the sources and contribution 82 

proportions of NO₃⁻ using the dual-isotope MixSIAR model. This integrated framework will 83 

assist decision-makers in developing targeted interventions for sustainable groundwater 84 

management. 85 

2 Materials and methods 86 

2.1 Study area and sampling 87 

2.1.1 Study area 88 

The study area is located in the red beds region of Sichuan Province in rural China (Fig. 89 

1), where the land use is predominantly forest (68%), followed by farmland (24%), residential 90 

land (5%), and fishery ponds (2%). Furthermore, an operational municipal solid waste landfill 91 

is situated within the area, with a disposal capacity of 200 t/d and a leachate production rate of 92 

70 m³/d. Consequently, potential anthropogenic groundwater pollution sources include 93 

agricultural fertilization, domestic sewage, fishery pond leakage, and landfill leachate. 94 

Groundwater in the region is dominated by weathered fissure water, with the underlying 95 

red beds consisting of thick mudstone formations. Shallow wells typically yield 10–30 m³/d; 96 

however, the aquifer is prone to rapid depletion during pumping due to limited water retention 97 



 

 

capacity. The depth to groundwater varies markedly between seasons, ranging from 3.5–6.0 m 98 

(dry season) to 1.0–1.5 m (wet season). Groundwater recharge occurs primarily through the 99 

vertical infiltration of atmospheric precipitation via fissures in the red beds. The groundwater 100 

flows along fractures and dissolution cavities, ultimately discharging into surface ditches or as 101 

gravity springs. 102 

The study area features a denudational hilly terrain interspersed with valley depressions, 103 

with a mean annual precipitation of 1009.4 mm. Precipitation peaks in July to August, whereas 104 

the driest months are December to January. 105 

2.1.2 Sampling 106 

Based on the distribution of pollution sources and land use, groundwater samples were 107 

collected during both the dry season (January, n=15) and the wet season (September, n=11). 108 

Considering the distribution of anthropogenic activities in the study area, four types of potential 109 

pollution source samples were collected: (i) farm irrigation water (FIW), (ii) fishery pond water 110 

(FPW), (iii) domestic sewage (DS), and (iv) landfill leachate (LL). Additionally, a background 111 

well was established in an upstream forested area. All samples were collected and preserved in 112 

strict accordance with the Technical Specifications for Environmental Monitoring of 113 

Groundwater (HJ/T 164, China) and subsequently transported to the laboratory for 114 

comprehensive analysis. Detailed methodology regarding sample point optimization and 115 

placement was provided in a previous study (Han et al., 2020). 116 



 

 

2.2 Analytical methods 117 

2.2.1 Physicochemical analysis 118 

Temperature, total dissolved solids (TDS), electrical conductivity (EC), pH, and oxidation-119 

reduction potential (ORP) were measured in situ using portable water quality analyzers (Hanna 120 

HI98129 and CT-8022). Nitrate and chloride were determined using ion chromatography (861 121 

Advanced Compact IC). The permanganate index (CODₘₙ) was determined by the acidic 122 

potassium permanganate method (GB/T 11892, China), total hardness (TH) by the EDTA 123 

titration method (GB/T 7477, China), ammonium levels by Nessler’s reagent 124 

spectrophotometry (HJ 535, China), total phosphorus (TP) by ammonium molybdate 125 

spectrophotometry (HJ 670, China), and total nitrogen (TN) by the alkaline potassium 126 

persulfate digestion UV spectrophotometric method (HJ 636, China). 127 

2.2.2 Stable isotope testing method 128 

The isotopic compositions of δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻ were determined via the denitrifier 129 

method using a stable isotope ratio mass spectrometer (IRMS; Isoprime100, Elementar, UK) at 130 

the Environmental Stable Isotope Laboratory, Institute of Agricultural Environment and 131 

Sustainable Development, Chinese Academy of Agricultural Sciences. Isotopic ratios were 132 

calibrated against international reference materials, including USGS32 (δ¹⁵N = +180.0‰; δ¹⁸O 133 

= +25.7‰), USGS34 (δ¹⁵N = –1.8‰; δ¹⁸O = –27.9‰), and USGS35 (δ¹⁵N = +2.7‰; δ¹⁸O = 134 

+57.5‰). Specifically, USGS32 and USGS34 were employed for δ¹⁵N calibration, while 135 

USGS34 and USGS35 were used for δ¹⁸O calibration (Bell and Sickman, 2014; Rock and Ellert, 136 

2007). 137 



 

 

Nitrate in the samples was quantitatively converted to N₂O by the denitrifying bacterium 138 

Pseudomonas aureofaciens (ATCC 13985), and the resulting N₂O was subsequently introduced 139 

into an automated trace gas extraction system (Precon, Thermo Fisher, USA) via an autosampler 140 

for extraction, purification, and trapping. The nitrogen and oxygen isotopic compositions were 141 

then measured by the IRMS. The analytical precision for δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻ was better 142 

than ±0.25‰ and ±0.50‰, respectively. 143 

2.3 Statistical analysis 144 

Experimental data were compiled using Microsoft Excel 2021. Multivariate statistical 145 

analysis, including APCS-MLR, was performed using IBM SPSS Statistics 26.0. The Wilcoxon 146 

signed-rank test was employed to identify significant differences in groundwater quality 147 

between the dry and wet seasons at a significance level of p < 0.05. Spatial distributions of 148 

groundwater pollutants were characterized using Inverse Distance Weighting (IDW) 149 

interpolation in ArcGIS 10.8. MixSIAR modeling was implemented in R 4.5.1 (using the JAGS 150 

4.3.1 engine) to quantify nitrate source contributions. All graphical representations, including 151 

concentration profiles and correlation matrices, were generated using OriginPro 2024. 152 

2.3.1 GIS Mapping–Inverse Distance Weighting (IDW) 153 

IDW interpolation estimates the unknown value of Ẑ at the point x0 using the values of a 154 

given number of observation points xi (or by a given radius of search neighborhood), weighted 155 

by an inverse function of the distance between the unknown point and the observation (Paul L 156 

et al., 2023): 157 
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Where di is the Euclidean distance between the predicted point x0 and the observation point 162 

xi, n is the total number of observation points used in the interpolation of x0, and the exponent 163 

p decides how the weight decreases as the distance increases. 164 

For inverse distance weighting (IDW) interpolation, the power exponent was specified as 165 

2. A variable search radius was adopted, with the maximum number of neighboring points set 166 

to 8. 167 

2.3.2 Absolute principal component scores - multiple linear regression (APCS-MLR) 168 

After principal component analysis (PCA) of groundwater samples, the APCS-MLR 169 

receptor model was applied to quantify the contribution rates of various groundwater pollution 170 

sources. The main calculation steps of APCS-MLR are as follows (Wang, 2023): 171 

Step 1: Standardize the concentrations of groundwater quality indicators and derive 172 

normalized factor scores from PCA. 173 

Step 2: Introduce an artificial sample with zero concentrations for all groundwater quality 174 

indicators and compute its factor scores. 175 

Step 3: Subtract the factor scores of the zero-concentration sample from those of each 176 

actual sample to obtain the APCS for each groundwater quality indicator. 177 

Step 4: Perform MLR using the concentrations of groundwater quality indicators as the 178 

dependent variables and the APCS values as the independent variables. The calculation formula 179 



 

 

is as follows: 180 
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Step 5: The product of ai and APCSim̅̅ ̅̅ ̅̅ ̅̅ ̅̅  represents the contribution of identified pollution 182 

sources to groundwater quality indicators, while bi is interpreted as the contribution from 183 

unidentified sources (other sources). The contribution rates of individual pollution sources are 184 

calculated using the following formula: 185 
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In the formula 3–4, Ci represents the measured concentration of groundwater quality factor 187 

i; aim denotes the regression coefficient of pollution source m for i; APCSim is the APCS value 188 

of i across all samples; bi is a constant term; PCim stands for the contribution rate of m to i; and 189 

APCSim̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the average value of the APCS of i across all samples. 190 

2.3.3 Mixing Models in R (MixSIAR) 191 

Bayesian mixing models represent an advancement over simpler linear mixing models, as 192 

they explicitly account for uncertainty in source values, categorical and continuous covariates, 193 

as well as prior information (Ward et al., 2010). MixSIAR incorporates years of developments 194 

in Bayesian mixing model theory. The MixSIAR can be expressed as follows (Ling et al., 2023; 195 

Parnell et al., 2010; Ren et al., 2022): 196 
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 (5) 197 

Where Xij is the isotope value j of the mixture i (i=1, 2, 3,…, N and j=1, 2, 3,…, J); Sjk 198 

represents the source value k on isotope j (k=1, 2, 3,…, K) and is normally distributed with 199 

mean μjk and standard deviation (SD) ωjk; pk indicates the proportional contribution of source k, 200 

which needs to be estimated by the SIAR model; cjk is the fractionation factor for isotope j on 201 

source k and is normally distributed with mean λjk and SD τjk; finally, εij is the residual error 202 

representing the additional unquantified variation between individual mixtures and is normally 203 

distributed with mean zero and SD σj. 204 

The MixSIAR was applied to quantify source contributions. The isotopic endmembers of 205 

five sources (Sewage, fertilizer, Manure, rainfall, soil N) were characterized by the mean and 206 

standard deviation of δ¹⁵N and δ¹⁸O. The δ¹⁵N means were 13.45, −0.2, 22.2, 0.89, and 3.98 207 

(SD: 3.24, 0.4, 2.2, 2.12, 1.95), while the δ¹⁸O means were 4.87, 22.1, −2.1, 57.59, and 2.51 208 

(SD: 1.87, 2.8, 0.6, 12.47, 1.41) (Li et al., 2025; Udeshani et al., 2025a). 209 

3 Results and discussion 210 

3.1 Spatiotemporal analysis of groundwater pollutants 211 

3.1.1 Statistical analysis of pollutants 212 

Groundwater in the study area was weakly alkaline, with pH values ranging from 6.67 to 213 

7.82. The concentrations of TN, NO₃⁻, NH₄⁺, TP, and TDS were 10.63 ± 8.70, 8.16 ± 8.30, 0.22 214 

± 0.32, 0.10 ± 0.19, and 402.85 ± 128.84 mg/L in the dry season, and 10.74 ± 9.77, 8.68 ± 8.22, 215 



 

 

0.24 ± 0.26, 0.12 ± 0.17, and 363.88 ± 110.37 mg/L in the wet season, respectively (Fig. 2a). 216 

No significant seasonal variations were observed for these parameters (P > 0.05). In contrast, 217 

Cl⁻ concentrations were significantly higher in the dry season (57.44 ± 99.61 mg/L) than in the 218 

wet season (28.28 ± 43.71 mg/L) (P = 0.041), while CODₘₙ concentrations were significantly 219 

lower in the dry season (1.81 ± 1.82 mg/L) compared to the wet season (3.90 ± 3.23 mg/L) (P 220 

= 0.006). Reduced rainfall during the dry season decreases groundwater recharge and aquifer 221 

volume, leading to elevated Cl⁻ concentrations due to the "concentration effect" (Li et al., 222 

2020a). Additionally, substantial rainfall during the wet season facilitates the leaching of 223 

surface organic matter—including organic acids, hydrocarbons, and organic nitrogen from 224 

agricultural fertilization in spring and summer, as well as other easily oxidizable organic 225 

substances in surface soils—into the groundwater (Gan et al., 2025; Mei et al., 2024). 226 

3.1.2 Spatial distribution of pollutants 227 

The spatial distribution of groundwater pollutants in the study area, determined via Inverse 228 

Distance Weighting (IDW) interpolation, is presented in Fig. 2b. High-concentration zones of 229 

TN and NO₃⁻ were predominantly distributed in residential and agricultural areas, indicating 230 

that domestic sewage and agricultural non-point sources are the primary anthropogenic 231 

contributors. Furthermore, elevated concentrations of NH₄⁺, CODₘₙ, and TP were generally 232 

clustered near fishery ponds. Notably, NH₄⁺ and CODₘₙ concentrations were also relatively high 233 

in the vicinity of the landfill, while TP concentrations exhibited higher levels in residential areas 234 

during the wet season. These patterns suggest that fishery ponds (acting as point sources) are 235 

the most significant anthropogenic contributors of NH₄⁺, CODₘₙ, and TP. Additionally, the 236 



 

 

landfill represents a notable point source for NH₄⁺ and CODₘₙ, while domestic non-point 237 

sources contribute to TP enrichment during the wet season. The overlapping high-concentration 238 

plumes of Cl⁻ and TDS near the landfill further confirm its role as a major point source for these 239 

pollutants. 240 

3.2 Quantitative analysis of groundwater pollution sources 241 

3.2.1 Pearson correlation analysis 242 

Pearson correlation analysis revealed that the investigated pollutants could be categorized 243 

into three distinct groups during both the dry and wet seasons: NH₄⁺-CODₘₙ-TP, NO₃⁻-TN, and 244 

Cl⁻-TDS (Fig. 3a and b). Significant positive correlations (P < 0.05) were observed among 245 

pollutants within the same group, with correlation coefficients (r) exceeding 0.65. In contrast, 246 

correlations between pollutants from different groups were generally weak, with the exception 247 

of CODₘₙ and Cl⁻ during the dry season. These strong intra-group correlations indicate the 248 

presence of common contamination sources (Ma et al., 2023), while the lack of inter-group 249 

correlations suggests that these three groups of substances originate from distinct sources 250 

(Pacheco Castro et al., 2018). 251 

3.2.2 Principal component analysis (PCA) 252 

The KMO (the KMO values were 0.592 and 0.554) and Bartlett’s test results (the 253 

approximate chi - square values from Bartlett's test of sphericity were 76.453 and 115.367, with 254 

corresponding significance levels of 3.13E-8 and 3.96E-10) confirmed the suitability of 255 

Principal Component Analysis (PCA) for both the dry and wet seasons (Table 1) (Kazakis et 256 

al., 2017). Based on normalized data, Kaiser’s varimax orthogonal rotation revealed three 257 



 

 

factors with eigenvalues ranging from 1.24 to 4.01. These factors collectively accounted for 258 

95.61% and 93.97% of the total variance in the dry and wet seasons, respectively, with 259 

communalities for all pollutants ranging from 0.91 to 0.99 (Table 1). This indicates that the 260 

extracted factors provide high adequacy in representing the dataset  (Belkhiri and Narany, 261 

2015). 262 

Integrating the spatiotemporal distribution of pollutants with the PCA results, the 263 

following source identifications are inferred: (1) Factor 1 primarily represents fishery pond 264 

discharge, characterized by high loadings of NH₄⁺, CODₘₙ, and TP. The TP and total organic 265 

matter (TOM) contents in pond sediments can exceed 4 mg/g and 100 mg/g, respectively (Xu 266 

et al., 2023). Inadequate anti-seepage measures in these ponds have led to the continuous 267 

seepage of ammonia and organic matter into the underlying aquifer. (2) Factor 2 represents 268 

landfill leachate, identified as the primary source of Cl⁻ and TDS. High concentrations of Cl⁻ 269 

(5233.79 mg/L) and TDS (16420 mg/L) in the leachate migrate into the groundwater due to 270 

liner leakage, resulting in elevated Cl⁻ (400.39 mg/L) and TDS (778.00 mg/L) levels in 271 

monitoring wells. Although NH₄⁺ and CODₘₙ in the leachate reach 1677.65 mg/L and 814.85 272 

mg/L, respectively, the red bed soils possess a strong adsorption capacity for ammonium 273 

nitrogen and organic matter, effectively attenuating their downward migration (Li et al., 2022; 274 

Zhao et al., 2025). (3) Factor 3 represents domestic and agricultural sources, which are the 275 

predominant contributors of NO₃⁻ and TN. The discharge of untreated rural domestic sewage, 276 

leaching from unregulated waste dumping, and the application of manure and chemical 277 

fertilizers all contribute to nitrogen enrichment. In the study area, fertilization relies heavily on 278 



 

 

manure; organic nitrogen and NH₄⁺ (5.44 mg/L) from domestic sewage are readily converted 279 

to nitrate under aerobic conditions. Furthermore, the limited adsorption capacity of red bed soils 280 

for NO₃⁻ facilitates its infiltration, leading to elevated nitrate levels in the groundwater (Li et 281 

al., 2022). 282 

3.2.3 Quantitative apportionment of groundwater pollution sources 283 

The coefficients of determination (R²) for the regression models of various groundwater 284 

pollutants ranged from 0.87 to 0.99 (Table 2). The total contribution rates of identified sources 285 

ranged from 43.07% to 98.66% in the dry season and from 51.57% to 96.83% in the wet season 286 

(Fig. 3c and d). Specifically, fishery pond discharge contributed 65.76%, 36.09%, and 37.67% 287 

to NH₄⁺, CODₘₙ, and TP in the dry season, and 63.94%, 49.51%, and 52.89% in the wet season, 288 

respectively. The landfill leachate accounted for 58.44% and 40.61% of Cl⁻ and TDS in the dry 289 

season, and 63.20% and 41.38% in the wet season. Domestic and agricultural sources 290 

contributed 69.17% to TN and 82.65% to NO₃⁻ in the dry season, with these contributions 291 

increasing to 86.91% and 80.68% in the wet season. The relatively lower contributions of 292 

fishery ponds (to CODₘₙ and TP) and domestic/agricultural sources (to TN) during the dry 293 

season can be attributed to reduced precipitation. Decreased rainfall limits surface runoff, 294 

reduces fishery pond overflow, and diminishes agricultural fertilizer leaching, thereby 295 

decreasing the input intensity of these pollutants (Ariadi et al., 2023; Halbach et al., 2021; Qiu 296 

et al., 2022). 297 

Furthermore, unidentified sources were found to contribute 48.43%–56.93% to TDS. 298 

Based on its spatial distribution, this "missing source" is likely attributable to geogenic 299 



 

 

processes. The study area is situated in a red bed region enriched with iron oxides, clay minerals 300 

(e.g., montmorillonite and illite), and soluble minerals such as halite and gypsum (Li et al., 301 

2022; Li et al., 2020b). The dissolution of these minerals and subsequent cation-exchange 302 

processes within the red bed soils contribute to elevated Cl⁻ and TDS levels. Additionally, 303 

regional lithological variations influencing ion release (Subba Rao and Surya Rao, 2010), 304 

alongside hydrogeological features such as faults, fractures, and groundwater depth, may 305 

further modulate TDS transport pathways and input dynamics (Moore and Walsh, 2021; 306 

Williams et al., 2014). 307 

While GIS mapping and APCS-MLR provided a quantitative framework for source 308 

apportionment, their reliance on concentration-based data presents limitations. Specifically, 309 

NH₄⁺ from fishery ponds and landfill leachate can undergo nitrification into NO₃⁻ in the 310 

groundwater, potentially introducing uncertainties in the quantitative nitrate source 311 

apportionment. Concentration-based methods are inherently limited in tracing the origins of 312 

biogeochemically reactive nitrogen species. In contrast, stable isotope analysis offers a more 313 

robust approach for identifying the sources of such dynamically evolving groundwater 314 

pollutants. 315 

3.3 Identification of NO₃⁻ sources in groundwater based on δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻ dual-316 

isotope 317 

3.3.1 Characteristic values of δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻ 318 

The potential sources of NO₃⁻ in groundwater within the study area were categorized into 319 

atmospheric deposition, soil nitrogen (soil N), synthetic fertilizer, manure, and sewage, each 320 



 

 

characterized by distinct isotopic signatures (Husic et al., 2020; Kendall et al., 2007; Ren et al., 321 

2022; Udeshani et al., 2025b). The δ¹⁵N-NO₃⁻ values exhibit a wide range of variation, 322 

reflecting diverse nitrate origins. The dual-isotope plot of δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻ showed 323 

that the groundwater samples predominantly clustered within the characteristic ranges of 324 

manure, sewage, and soil N (Fig. 4a). This distribution suggests that groundwater nitrate is 325 

primarily derived from agricultural manure, with secondary contributions from domestic 326 

sewage and soil organic nitrogen. 327 

The δ¹⁸O-NO₃⁻ values in groundwater remained relatively stable across seasons, with 328 

averages of 6.97 ± 5.02‰ in the dry season and 5.86 ± 5.83‰ in the wet season. In contrast, 329 

δ¹⁵N-NO₃⁻ values were significantly higher in the dry season (20.21 ± 7.60‰) compared to the 330 

wet season (8.82 ± 7.17‰) (Fig. 4a). This seasonal depletion of δ¹⁵N-NO₃⁻ during the wet 331 

season may be attributed to the enhanced leaching of soil-derived nitrogen and the infiltration 332 

of rainfall (atmospheric deposition), both of which typically possess lower δ¹⁵N values than 333 

manure or sewage sources (Wei et al., 2024). 334 

3.3.2 Quantitative analysis of NO₃⁻ sources 335 

Nitrate transformation processes can significantly fractionate δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻ 336 

signatures. Compared to nitrification and denitrification, the effects of adsorption, 337 

mineralization, and assimilation on these isotopic values are generally considered negligible 338 

(Ahmed Mahmoud and Mohamed, 2025; Udeshani et al., 2025a). During the wet season, 339 

groundwater in the study area was characterized by an aerobic environment (ORP = 150.0–340 

196.1 mV), with 50% of the samples exhibiting δ¹⁵N-NO₃⁻ values between –10‰ and 10‰. In 341 



 

 

contrast, less 25% of the samples fell within this range during the dry season. Consequently, a 342 

nitrification fractionation effect (–30‰) was incorporated into the MixSIAR model for the wet 343 

season but excluded for the dry season (Yang et al., 2026). Notably, the observed δ¹⁵N-344 

NO₃⁻/δ¹⁸O-NO₃⁻ slope was 2.05, which deviates from the characteristic denitrification 345 

confidence interval (1.3–2.0). Furthermore, linear regression analysis showed no significant 346 

correlation between δ¹⁵N-NO₃⁻ and NO₃⁻ concentration or Ln(NO₃⁻) (R2 = 0.038–0.155, P > 347 

0.05) (Fig. 4b and c). These lines of evidence collectively demonstrate that no significant 348 

denitrification occurred in the groundwater, thereby minimizing potential bias in the source 349 

apportionment results (Adebowale et al., 2019). 350 

The MixSIAR model (via the JAGS interface) was configured with n.chains = 3, n.adapt 351 

= 2000, n.iter = 50000, and thin = 50. The Gelman-Rubin statistic ranged from 1.000 to 1.016, 352 

confirming excellent model convergence (Vats and Knudson, 2021). Quantitative results 353 

identified manure as the primary nitrate contributor, accounting for 48.1% in the dry season and 354 

54.4% in the wet season, followed by sewage (24.7% and 22.3%, respectively) (Fig. 4d). 355 

Combined agricultural and domestic sources (manure, fertilizer, and sewage) contributed 81.8% 356 

in the dry season and 84.1% in the wet season. Significantly, these isotopic findings are 357 

consistent with the APCS-MLR results. The complementary application of a receptor model 358 

(APCS-MLR) and a Bayesian mixing model (MixSIAR) strengthens the reliability of source 359 

apportionment, confirming that agricultural and domestic activities—particularly manure 360 

management—are the predominant drivers of groundwater nitrate contamination. In this rural 361 

setting, unregulated manure application directly exacerbates groundwater degradation, 362 



 

 

highlighting the urgent need for targeted nitrogen management strategies. 363 

4 Conclusion 364 

This study integrated GIS, APCS-MLR, and MixSIAR models to address the challenges 365 

of operational complexity and source identification uncertainty in multiple pollution sources 366 

regions. The spatiotemporal distribution and source contributions of groundwater pollutants 367 

were quantified using GIS mapping and APCS-MLR. Results indicated that fishery ponds were 368 

the primary sources of NH₄⁺, CODₘₙ, and TP, contributing 65.76%, 36.09%, and 37.67% in the 369 

dry season, and 63.94%, 49.51%, and 52.89% in the wet season, respectively. Landfill leachate 370 

was the predominant source of Cl⁻ and TDS, with contribution rates of 58.44% and 40.61% in 371 

the dry season, and 63.20% and 41.38% in the wet season. Domestic and agricultural activities 372 

were the major contributors to NO₃⁻ and TN, accounting for 82.65% and 69.17% in the dry 373 

season, and 86.91% and 80.68% in the wet season. Furthermore, the MixSIAR model, 374 

incorporating δ¹⁵N-NO₃⁻ and δ¹⁸O-NO₃⁻, was employed to quantify nitrate sources while 375 

considering nitrogen transformation processes. The isotopic evidence identified manure as the 376 

primary nitrate contributor (48.1% in the dry season and 54.4% in the wet season). The 377 

integrated findings from both APCS-MLR and MixSIAR consistently identified agricultural 378 

and domestic sources as the principal drivers of groundwater nitrate contamination. However, 379 

due to the isotopic overlap and detection limitations of landfill leachate, its specific contribution 380 

to nitrate could not be independently resolved using dual isotopes alone. These findings provide 381 

a scientific basis for groundwater management. 382 
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Fig. 1. Location of the study area in the red beds of Sichuan Province in rural China, showing 1 

sampling locations and different land use types within the study area.2 



 

 

Fig. 2. Concentrations of pollutants and their significant differences between the dry and wet 3 

seasons (a); spatial distribution of pollutant concentrations in the dry and wet seasons (b).4 



 

 

Fig. 3. Correlation matrix of groundwater pollutants in the dry season (a) and wet season (b); 5 

proportional contribution of different sources to groundwater pollutants based on APCS-MLR 6 

in the dry season (c) and wet season (d).7 



 

 

Fig. 4. Distribution characteristics of δ¹⁸O-NO₃⁻ and δ¹⁵N-NO₃⁻ values in groundwater (a); 8 

relationship between δ¹⁵N-NO₃⁻ and NO₃⁻ concentration (b); relationship between δ¹⁵N-NO₃⁻ 9 

and Ln(NO₃⁻) (c); proportional contribution of different sources to nitrate contamination in 10 

groundwater based on MixSIAR (d). 11 
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