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Abstract 15 

Rice quality is directly related to human health, so it is important to have traceability systems that can 16 

trace inferior or contaminated rice back to its geographical origin. This ensures farming practices in 17 

substandard regions become better regulated to improve rice quality, origin labelling and consumer trust. 18 

However, tracing the origin of rice on the marketplace requires an accurate database benchmarking the 19 

isotope distribution over areas of rice production. Large stable isotope data sets can be used to determine 20 

the geographical origin of rice through predictive isoscape models. This study presents the first rice 21 

isoscape based on environmental similarity to predict the geospatial distribution of δ13C, δ2H and δ18O 22 

values of Chinese rice and provides uncertainty at every location such prediction is made. For this study, 23 

794 rice samples were collected in 2017 from primary rice production regions of China. An independent 24 

verification shows that the predicted isotope distribution from this new approach is of high accuracy, 25 

with a root mean squared error (RMSE) of 0.51 ‰, 7.09 ‰ and 2.06 ‰ for δ13C, δ2H and δ18O values 26 

respectively. In addition, uncertainty in the spatial distribution of isotopes can be used to indicate the 27 

prediction accuracy and to guide future sampling. Our results indicate that an isoscape prediction method 28 

based on environmental similarity is effective to predict the spatial distribution of stable isotope in rice, 29 
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and is an effective tool for building isotope distribution in rice over large areas with complex environment. 30 

This method could also be used to predict potential isotopic variations in future years due to climate 31 

change. 32 

Key words: isoscapes; rice; origin; environmental similarity; stable isotope; third law of geography 33 

 34 

Food production and security play an important role in regional social stability and economic 35 

development of China and the rest of the world1,2. Rice is the most widely consumed food for more than 36 

half of the world’s population3. Rice quality is attributed to human well-being and health4,5. As global 37 

living standards improve, consumers are increasingly interested to know the geographical origin of rice 38 

they consume6. This growing interest in the origin of rice provides impetus for developing methods to 39 

accurately verify the geographical origin rice and support its safe consumption7. 40 

One method used to investigate authenticity and geographical origin of rice is stable isotope 41 

analysis8-13. This method assumes that the isotope ratios of the plant reflect the features of its growing 42 

environment14. Specifically, the stable isotope composition of different elements in organic plant tissues 43 

retain important geographic and climatic information that describes the conditions of the organic matter 44 

formation15. Therefore, carbon(δ13C), hydrogen (δ2H) and oxygen (δ18O) stable isotope values found in 45 

rice reveal their native regions13.  46 

Given the wide distribution of rice, a stable isotope traceability method requires comprehensive 47 

sampling from various environments across China. However, the associated costs of field sampling and 48 

laboratory analysis limits the actual number of rice sample points that can be collected. Recently 49 

developed geospatial modeling tools provide a novel method in the field of food authentication that can 50 

overcome spatially limited datasets. West et al.16 proposed a term called “isoscapes,” reflecting a 51 

combination of “isotopes” and “landscapes”. Isoscapes are geospatial models based on independent 52 

environmental variables that predict the isotopic composition of elements such as C, H, O and N (that 53 

are integral in biogeochemical processes)17.  54 

Over the last decade, a number of studies have investigated the use of isoscapes in the fields of 55 

water quality18, ecology19-21 and food authentication14,22,23. However, to our knowledge there are no 56 

published studies of isocapes undertaken for the purpose of estimating rice provenance. Recent methods 57 

for predicting isoscapes mainly focus on the use of kriging techniques18,20,22. Chiocchini et al.14 used a 58 
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combined regression-geostatistical approach to predict δ13C and δ18O values of Italian extra-virgin olive 59 

oils. These methods are limited by the requirement of stationarity assumption over the study area. But 60 

the stationarity requirement is often not met for spatial prediction across complex geographic processes24. 61 

To overcome the stationarity requirement, Zhu et al.,24 proposed a new technique for spatial prediction 62 

based on the Third Law of Geography, where the spatial prediction is based on the similarity of 63 

geographic environments between a sample and a prediction point. 64 

The aim of this work was to develop and test a geospatial model for carbon, oxygen and hydrogen 65 

stable isotope variability in rice based on the similarity of geographic environment (Third Law of 66 

Geography24), and to examine its suitability for the authentication of the geographical origin of Chinese 67 

rice.  68 

 69 

Results and Discussion  70 

Correlations between stable isotopes and environmental factors. The environmental variables 71 

selected in this study are described in Table S1. Pearson’s correlation coefficients (r) between the 72 

environmental variables and stable isotopes (δ13C, δ2H and δ18O) are shown in Table 1. All environmental 73 

variables except SSD (SunShine Duration) and SSDg (SunShine Duration during growing season (from 74 

June to October)) revealed a strong negative correlation relationship with δ13C and δ18O. The strongest 75 

negative correlation coefficient was found between covariates δ13C and annual precipitation (PRE). SSD 76 

and SSDg variables showed strong positive correlations with δ13C, δ2H and δ18O. SSD showed a stronger 77 

positive correlation than SSDg for δ13C and δ2H with coefficients of 0.62 and 0.48 respectively. RHU 78 

(Relative humidity) showed the strongest negative correlation for δ2H and δ18O with coefficients of -0.40 79 

and -0.49, respectively. GDDg (Growing degree days base 10 ℃) and Tg (Average annual temperatures 80 

during growing season (from June to October)) exhibited no significant correlations with δ2H. Some 81 

studies have shown that the carbon isotope values of plant carbohydrates record an impact of 82 

photosynthesis25,26 while the oxygen and hydrogen isotope values record water-related effects on plant 83 

carbohydrates27,28. Camin et al.29 found that the δ18O values of Italian wine had the strongest correlation 84 

with climate information. Xia et al.30 noted that stable isotopes of green tea were influenced by 85 

temperature and light conditions, and Deng et al.31 noted that δ2H of green tea was significantly correlated 86 

with temperature, sunshine duration and precipitation. Overall, the relationships found between 87 
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environmental variables and stable isotope ratios are similar to previous studies. 88 

Table 1. Correlation coefficients between environmental variables and stable isotopes (δ13C, δ2H and 89 

δ
18O). 90 

 GDD GDDg T Tg RHU RHUg PRE PREg SSD SSDg 

δ13C  -0.63** -0.61** -0.63** -0.61** -0.69** -0.64** -0.74** -0.59** 0.62** 0.58** 

δ2H -0.21** -0.07 -0.16** -0.06 -0.40** -0.22** -0.24** -0.19** 0.48** 0.37** 

δ18O -0.36** -0.26** -0.35** -0.25** -0.49** -0.47** -0.43** -0.44** 0.43** 0.49** 

Note: The specific explanation of the variables is shown in Table S1. 91 

*, **: correlation is significant at the 0.05 and 0.01 levels (2-tailed), respectively. 92 

Stable isotope mapping and variable evaluation. Environmental variables with significant 93 

correlation (p＜0.01) were selected for predicting isoscapes of δ13C, δ2H and δ18O in rice. For δ13C 94 

and δ18O values, all environmental variables (Table 1) were used to predict the isoscapes. δ2H isoscapes 95 

were predicted using GDD, T, RHU, RHUg, PRE, PREg, SSD and SSDg environmental variables. To 96 

obtain optimal isoscape predictions, three thresholds; environmental similarity threshold (p1), target 97 

variable similarity threshold (p2) and reliability threshold (p3) were set with different combinations. 98 

These three threshold parameters ranged from 0 to 1 over intervals of 0.1. 99 

δ13C isoscapes for rice. The δ13C variable evaluation results, based on 10 independent validation 100 

samples, are shown in Table 2. The mean RMSE was 0.51 ‰ with a range of 0.47 ‰ to 0.54 ‰. The 101 

MAE ranged from 0.36 ‰ to 0.42 ‰ with a mean MAE of 0.39 ‰. The correlation coefficient between 102 

observed and predicted δ13C values ranged from 0.78 to 0.84. The mean correlation coefficient between 103 

observed and predicted δ13C values was 0.82. The coefficient of determination (R2) between observed 104 

and predicted δ13C values ranged from 0.61 to 0.69, with a mean R2 of 0.66. This reveals that the 105 

predicted values were close to the observed values for the validation dataset. P1 was uniform at 0.9 for 106 

the evaluation of 10 random samples while p2 ranged from 0.5 to 0.9 and p3 varied from 0.2 to 0.9 (Table 107 

S2). The optimal threshold value changed with different evaluation samples. Scatterplots of observed 108 

versus predicted δ13C values for the sixth and tenth independent validation datasets are shown in Figure 109 

1. The dotted line represents the 1:1 regression line. Most validation samples are evenly distributed on 110 

both sides of the 1:1 line. This suggests that the rice δ13C isoscape model based on the geospatial 111 

similarity method is unbiased and performs well. 112 
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Table 2. Geographic prediction evaluation results and optimal threshold values based on 10 random 113 

samples for δ13C values of rice. RMSE = root mean squared error. MAE = mean average error, 114 

R2=coefficient of determination. r=Pearson’s correlation coefficient. p1= the environmental similarity 115 

threshold. p2= the target variable similarity threshold. p3= the reliability threshold.  116 

 Sampling 

event 
RMSE (‰) MAE (‰) R2 r 

Optimal threshold values 

p1 p2 p3 

1 0.52 0.40 0.66 0.81 0.9 0.5 0.8 

2 0.54 0.42 0.64 0.81 0.9 0.5 0.7 

3 0.53 0.41 0.65 0.81 0.9 0.8 0.5 

4 0.50 0.38 0.68 0.83 0.9 0.9 0.3 

5 0.52 0.40 0.66 0.82 0.9 0.6 0.8 

6 0.47 0.36 0.69 0.84 0.9 0.8 0.6 

7 0.50 0.40 0.61 0.78 0.9 0.7 0.9 

8 0.49 0.37 0.69 0.83 0.9 0.8 0.7 

9 0.52 0.41 0.64 0.81 0.9 0.9 0.3 

10 0.53 0.39 0.64 0.81 0.9 0.9 0.2 

Mean 0.51 0.39 0.66 0.82 0.9 0.74 0.58 

 117 

   118 

(a)                                        (b) 119 

Figure 1. Scatter plots of measured versus predicted δ13C values for the (a) sixth and (b) and tenth 120 

independent validation datasets. High r values indicate unbiased model predictions. 121 

Figure 2a shows the predicted spatial distribution of δ13C with the similarity-based method. The 122 

predicted rice δ13C values ranged from -29.67‰ to -26.20‰, , and lay between the maximum and 123 

minimum values of the actual values. The purple areas on the map indicated locations where the δ13C  124 

values could not be predicted due to the absence of available data. Rice from central and southern regions 125 

(blue shaded color in Figure 2a) are characterized by lower δ13C than those from northeast regions 126 

((brown shaded color in Figure 2a). Figure 2b shows the spatial distribution of uncertainty values from 127 
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the similarity-based method. The overall uncertainty was relatively small and ranged from 0.02 to 0.10, 128 

resulting in a relatively high confidence level for the predicted values (blue shading in Figure 2a). The 129 

uncertainty values are relatively small in areas where the samples are concentrated. And in marginal 130 

areas with fewer samples, there is higher predicting uncertainty. 131 

  132 

(a)                                         (b) 133 

Figure 2. Spatial distribution of (a) predicted δ13C isoscape for Chinese rice and (b) prediction 134 

uncertainty.  135 

δ2H isoscapes for rice. The δ2H evaluation result based on 10 random are shown in Table S2. 136 

RMSE ranged from 6.40 ‰ to 7.38 ‰ with a mean RMSE of 7.09 ‰. MAE ranged from 4.67 ‰ to 137 

5.58 ‰, with a mean MAE of 5.21 ‰. The correlation coefficient between observed and predicted δ2H 138 

values for the validation dataset ranged from 0.77 to 0.83 with a mean correlation coefficient of 0.81. 139 

The coefficient of determination (R2) between observed and predicted δ2H values ranged from 0.57 to 140 

0.68, with a mean R2 of 0.62. Mean predicted δ2H values were closer to the observed values for the 141 

validation dataset. The optimal value of p1 was set at 0.8 or 0.9, p2 was set at 0.6, 0.8 or 0.9 and p3 142 

varied from 0.1 to 0.8. The optimal threshold values were similar to the predictive δ13C thresholds.  143 

Scatter-plots of the observed δ 2H values against predicted values for the sixth and tenth 144 

independent validation datasets are shown in Figure S1. Most validation samples were evenly distributed 145 

on both sides of the 1:1 regression line indicating that the δ2H rice isoscape model based on the similarity 146 

method performed well. 147 

Figure 3a shows the predicted δ2H spatial distribution. The predicted rice δ2H values ranged from 148 

-104.3 ‰ to -37.5 ‰, and lay between the maximum and minimum values of the actual samples. The 149 

purple areas on the map indicated locations where the δ2H values could not be predicted due to the 150 

absence of available data. Rice was characterized by higher δ2H values in the northeastern regions, 151 

middle and lower Yangtze River regions (brown shaded color in Figure 3a, conversely to the blue shaded 152 
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colour in other regions). Figure 3b shows the spatial distribution of the uncertainty values from the 153 

similarity-based method. The overall uncertainty was relatively small and ranged from 0.02 to 0.10, 154 

resulting in a relatively high confidence level for the predicted values (blue shading in Figure 3a). The 155 

uncertainty spatial distribution of predicted δ2H values was similar to the δ13C values. Overall we found 156 

that the sampling plan could be formulated according to the spatial distribution of uncertainty, where 157 

more samples should be taken in areas with high uncertainty and fewer samples taken in areas with low 158 

uncertainty, which reduces sampling costs. 159 

 160 

(a)                                         (b) 161 

Figure 3. Spatial distribution of (a) prediction δ2H isoscape for Chinese rice (a) and (b) prediction 162 

uncertainty. 163 

δ18O isoscapes for rice. Table S3 shows the δ18O results based on 10 independent validations. The 164 

mean RMSE was 2.06 ‰ with a range of 1.89 ‰ to 2.21 ‰. The MAE ranged from 1.29 ‰ to 1.45 ‰ 165 

and the mean MAE was 1.36 ‰. The correlation coefficient between observed and predictedδ18O values 166 

for the validation dataset ranged from 0.59 to 0.65 with a mean correlation coefficient of 0.63. The 167 

coefficient of determination (R2) between observed and predicted δ18O values ranged from 0.34 to 0.42, 168 

and mean R2 was 0.38. For the 10 independent validations, the optimal value of p1 was set 0.7, 0.8 or 169 

0.9, p2 was set 0.1, 0.6 or 0.7 and p3 was set 0.7 or 0.8. These p1 and p2 settings to predict δ18O values 170 

were similar to δ13C and δ2H. 171 

Figure S2 shows the scatterplots of the observed δ18O values plotted against predicted δ18O values 172 

for the sixth and tenth independent validation datasets. Most validation samples were evenly distributed 173 

on both sides of the 1:1 line, suggesting the δ18O rice isoscape model, based on a similarity method, 174 

performs well, similar to the δ13C and δ2H predictive models. 175 

All rice samples were used to predict the δ18O isoscapes using the similarity-based method. The 176 
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predicted spatial distribution of δ18O is shown in Figure 4a. The predicted δ18O values ranged from 177 

15.5 ‰ to 23.5 ‰. Rice was characterized by higher δ18O values in northeastern and coastal regions 178 

than those from other regions. Figure 4b shows the spatial distribution of uncertainty values with the 179 

similarity-based method. The uncertainty values ranged from 0.04 to 0.28, with those from the southern 180 

marginal areas having the highest uncertainty. 181 

 182 

(a)                                         (b) 183 

Figure 4. Spatial distribution of (a) predicted δ18O isoscape for Chinese rice and (b) prediction 184 

uncertainty. 185 

Comparison with regression-geostatistics method. The similarity-based method was compared 186 

with the regression-geostatistics method14. The same environmental covariates and validation samples 187 

were used in regression-geostatistics method to ensure consistency and comparability between methods. 188 

The prediction accuracies from the validation samples for the similarity-based method and 189 

regression-geostatistics method are shown in Table 3. The mean RMSE and MAE values of predicted 190 

δ
13C, δ2H and δ18O values for the similarity-based method were lower than those from the regression-191 

geostatistics method. The mean r and R2 values of predicted δ13C, δ2H and δ18O values for the similarity-192 

based method were higher than those from the regression-geostatistics method. The similarity-based 193 

method used the individual sample representativeness to reflect stable isotope spatial heterogeneity. 194 

Consequently, the similarity-based method had a higher accuracy using the same number of samples and 195 

environmental covariates. 196 

 197 

Table 3. Prediction accuracy of similarity-based and regression-geostatistics methods. RMSE = root 198 

mean squared error. MAE = mean average error. R2=coefficient of determination. r=Pearson’s 199 

correlation coefficient. 200 
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 Similarity-based method Regression-geostatistics method 

 
RMSE 

(‰) 

MAE 

(‰) 
R2 r 

RMSE 

(‰) 

MAE 

(‰) 
R2 r 

δ
13C 0.51 0.39 0.66 0.82 0.54 0.43 0.62 0.79 

δ
2H 7.09 5.21 0.62 0.81 8.83 6.70 0.42 0.65 

δ
18O 2.06 1.36 0.38 0.63 2.11 1.53 0.34 0.59 

 201 

In this study, we investigated spatial δ13C, δ2H and δ18O variations in Chinese rice and 202 

environmental climate data combined with a similarity-based prediction method. The method not only 203 

provided a high accuracy of origin from samples in the dataset, it was also able to quantify the prediction 204 

uncertainty at unvisited locations. Using this similarity-based method to generate the prediction 205 

uncertainty, sampling and analytical costs can be reduced, as it is only necessary to undertake more 206 

intensive sampling in under-represented regions. This environmental similarity isoscape method can be 207 

used to define an origin verification isotope protocol in order to certify the origin of rice. Future research 208 

will include predicting temporal stable isotope variations and investigating the number of sampling 209 

points required to influence the prediction result. 210 

Methods 211 

Background theory. The isoscape prediction method developed for this study uses the similarity in 212 

geographic environment which is theoretically based on the third law of geography24. It can be simply 213 

summarized as “the more similar the geographic environment is between two locations, the more similar 214 

the geographic features are between them”. It has been used in different research fields, such as mapping 215 

soil types32, soil organic matter33,34, soil salinity35, landslide risk assessment36, a spatial prediction of fleas 216 

transmitting plague37 and so on.  217 

Carbon, oxygen and hydrogen isotope ratios reflect the environmental effects of photosynthesis and 218 

water-related processes in plants38, 39. Therefore, based on the relationships between isotopic ratios and 219 

environmental factors, the more similar the environmental conditions are between two locations, the 220 

more similar the isotopic ratios are likely to be. 221 

Detailed design of the proposed method. There are four steps used to construct isoscapes for spatial 222 

prediction of the carbon, oxygen and hydrogen isotope ratios based on environmental similarity.  223 

(1) Characterization the geographic environment using stable isotopes 224 

Carbon isotope values of plant carbohydrates record the environmental effects from 225 
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photosynthesis25,26. Oxygen and hydrogen isotope values of plant carbohydrates reflect water-related 226 

processes in plants27,28. It is necessary and important to quantitatively characterize the environmental 227 

conditions using stable isotopes at each location. Presently, relevant studies have only explored the 228 

correlation between stable isotopes and environmental factors in agricultural products29-31, 40.This 229 

research uses climate information for the first time to characterize the stable isotope environmental 230 

conditions. 231 

(2) Calculating environmental similarities 232 

Environmental similarities can be computed in two steps34. The first step computes the similarity 233 

values based on individual environmental covariates. In this study, we used the Gower similarity 234 

coefficient41 (Eq. 1). The second step integrates similarities from all environmental variables into one 235 

variable representing the similarity at a given sample location. A minimum operator was adopted42 in this 236 

research. 237 

E(evi,evj)=1-
$evi-evj$

Range(v)(1) 238 

Where E(•) represents the function evaluating similarity of the individual environmental variable 239 

level; evi and evj are the values of the v-th environmental variable at location i and location j; 𝑅𝑎𝑛𝑔𝑒(𝑣) 240 

represents the value range of the v-th environmental variable. 241 

(3) Calculating the credibility of each sample 242 

The relationship between samples can be divided into supporting samples, contradictory samples 243 

and supplementary samples according to the environmental similarity and target variable (δ13C, δ2H or 244 

δ
18O) similarity. If the environmental conditions of the samples are similar and their target variable values 245 

are also similar, then the relationship between the two samples is supportive. If a sample has many 246 

supporting samples, the reliability of this sample is high43. 247 

The environmental similarity and target variable similarity between samples are calculated based 248 

on the second step. The environmental similarity threshold (p1) and the target variable similarity 249 

threshold (p2) determine the relationship between the sample points. If the sample has only contradictory 250 

points and no support points, then the reliability of the sample is 0; if there are neither support points nor 251 

contradictory points, then the reliability of the point is unknown and set to a null value (NA) (Eq. 2). 252 

𝑟, =	/∑ 123,567589:7 × :7:7<:= 	,						𝑛> + 𝑛@ > 0	and	𝑛> ≠ 0						0,													𝑛@ > 0	and	𝑛> = 0		𝑁𝐴,												𝑛> + 𝑛@ = 0   (2) 253 
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Where 𝑟, represents the reliability of sample i; 𝑛> 	𝑎𝑛𝑑	𝑛@represent the number of support samples 254 

and the number of contradictory samples for sample i, respectively；𝑇𝑆,,L is the similarity of target 255 

variable between samples i and k. 256 

(4) Predicting the stable isotope value and calculating the uncertainty value 257 

In order to set the reliability threshold (p3) of the sample, only samples with high reliability are 258 

selected for prediction. The stable isotope value at an unsampled location point is predicted using Eq. 259 

(3).  260 

𝑉N = ∑ 2O3×P36Q389∑ 2O36Q389   (3) 261 

Where 𝑛R is the number of samples that met the prediction conditions; 𝑆N,is the environmental 262 

similarity between the unvisited location point j and the sample i; 𝑉,is the target variable value (δ13C, 263 

δ
2H or δ18O) of the sample i. 264 

The uncertainty of prediction at each location is inversely related to its environmental similarities 265 

and reliability to existing samples30,43. The prediction uncertainty is given as the following equation: 266 

Uj = 1- max(Sj1×	r1, Sj2×	r2, …, Sjn'×	rn')             （4） 267 

Equation (4) indicates that the prediction uncertainty at unvisited location j is affected by the 268 

environmental similarity (Sjn') and reliability (rn') at the sample points used in the prediction. 269 

Study area and datasets. The study areas included the major rice cultivation zones of China and in total 270 

794 samples were collected in 2017 (Fig.5). A total of 17 provinces and 117 counties were sampled, 271 

covering the main rice producing regions in China. The number of samples in each region was determined 272 

according to the size of the planting area. The size of each growing area was determined from WESTDC 273 

Land Cover Products 2.044 using a resolution of 0.15°×0.15°. 274 
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 275 

Figure 5. Location sites of 794 rice samples from the study area. Note: The colored regions represent 276 

the main rice producing provinces in China.  277 

 278 

The isotopic composition data included carbon, hydrogen and oxygen isotope (δ13C, δ2H and δ18O) 279 

values. δ13C values were analyzed using an Isotope Cube elemental analyzer (Elementar, Germany) 280 

coupled with a Biovision Isotope Ratio Mass Spectrometer (Elementar, United Kingdom). δ2H and δ18O 281 

values were measured using an Isotope PYRO cube elemental analyzer (Elementar, Germany) connected 282 

to an Isoprime100 Isotope Ratio Mass Spectrometer (Elementar, United Kingdom).The detailed analysis 283 

of these three stable isotopes are referenced Liu et al.45,46. 284 

The spatial data includes coordinates of the rice sites and climate data. The sample sites were stored 285 

as point feature classes in an ArcGIS 10.6 (ESRI, Redlands, Calif. USA) geo-database (Fig.5). The 286 

climate data includes average annual temperatures (T), average annual relative humidity (RHU), annual 287 

precipitation (PRE), annual sunshine duration (SDD) and growing degree days (GDD), average 288 

temperature (Tg) and relative humidity (RHUg) precipitation (PREg), growing degree days (GDDg) and 289 

sunshine duration (SDDg) during the growing season (from June to October). The climate data was 290 

derived by interpolating gauged daily temperatures, precipitation, relative humidity and sunshine 291 
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duration from 825 CMA (the Chinese Meteorological Administration, http://data.cma.cn/) stations in 292 

2017 into a spatial resolution of 0.15°. 293 

Evaluation and validation. Repeated subsampling was used for evaluation and validation. All existing 294 

samples were randomly divided into training samples (70 %) and validation samples (30 %). In this study, 295 

794 samples were randomly divided into 555 training samples and 239 validation samples. The dataset 296 

divisions were repeated 10 times. The training samples were used to develop an isoscape model, and then 297 

the validation samples were used to evaluate the prediction model. The mean summary statistics of the 298 

10 repeated subsamples are shown in Table S4. All samples were used for predictive mapping of the 299 

stable isotope ratios. 300 

To evaluate and validate the similarity-based method, a combined regression-geostatistics method10 301 

was developed for comparison. In order to ensure consistency and comparability, the same environmental 302 

covariates were used as the predictors in both of these methods. 303 

Four indices were used to evaluate prediction accuracy, including root mean square error (RMSE), 304 

mean absolute error (MAE), Pearson’s correlation coefficient (r) and coefficient of determination (R2), 305 

which are defined as follows: 306 

𝑅𝑀𝑆𝐸 = U∑ (VWXYVW)Z6W89 :        (5) 307 

MAE=
1

n
∑ (|𝑦]̂- 𝑦]|)n]_` 	       (6) 308 

r = ∑ (VWYVWbbb)(VWX- VWXbbb)6W89U∑ (VWYVWbbb)Z6W89 U∑ (VWX- VWXbbb)Z6W89    (7) 309 

Rd = 1− ∑ (VWYVWX)Z6W89∑ (VWYVb)Z6W89          (8) 310 

Where n is the number of the validation points, 𝑦]	 is the observed isotope ratio value at location l, 311 

𝑦]̂ is the predicted isotope ratio value at location l. 𝑦]gand 𝑦�̂�gare the means of 𝑦]	and 𝑦]̂, respectively. If 312 

the RMSE and MAE is close to 0, it means that the model performs well. If r and R2 are close to 1, this 313 

also suggests that the model has good performance. 314 
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