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A B S T R A C T   

This paper presents a novel chain model named soil–food–human (SFH) for clarifying the biogeochemical cas-
cades among the triple challenges of cadmium contamination, food safety, and related public health effect. The 
model was developed based on the integration of spatial distribution pattern of soil environment and the 
biogeochemical process of cadmium in soil–rice–human health, and it was validated through a case study. In soil 
environment terms, SFH predicted the spatial distribution of soil properties with an average prediction accuracy 
of 82.28%. In food production terms, the SFH can identify the safe production zones for planting rice and unsafe 
area for adjusting cropping systems with a relative error of 39.41%. In food consumption terms, SFH mapped the 
high-resolution map of cadmium exposure dose, which gives a new solution to assess the food safety risks for self- 
sufficient populations. For the health effect of rice cadmium exposure, SFH simulated the spatiotemporal pattern 
of urinary cadmium based on toxicokinetic which revealed the health effect of rice cadmium exposure. The chain 
model provides a new insight in understanding the biogeochemical cascades between food production, food 
safety, and public health, making it possible to develop a comprehensive strategy to tackle cadmium pollution in 
soil–rice–human health system.   

1. Introduction 

Cadmium (Cd) is a human carcinogen (IARC, 2012) associated with 
many chronic diseases (Akesson et al., 2008; Grioni et al., 2019; Itoh 
et al., 2014; Satarug et al., 2011). Reports from 2014 showed that 7% of 
samples of cultivated land in China were contaminated with Cd (Liu 
et al., 2016; MEEPRC, 2014), and that approximately 12 million tons of 
grains are contaminated with heavy metals each year (Zhao & Luo, 
2015). Due to the concealment and degradation-resistant characteristics 
of Cd in soil, self-sufficient populations may produce high-cadmium rice 
because they don’t know if their soil is contaminated and where safe rice 
can be produced. Moreover, food sampling inspections and subsequent 
food safety assessments are difficult to conduct due to little rice of self- 
sufficient populations circulates onto the market, which makes health 
risk assessment of rice Cd exposure difficult. Modeling the biogeo-
chemical nexus of soil–food–human health is critical for addressing 
these challenges (Gu et al., 2021), but models are lacking. 

Soil is the main source of Cd in rice, and mapping the spatial dis-
tribution of soil pollution is the basis for modelling soil–food–human 
health chain. Many spatial interpolation methods are applied to map-
ping soil properties (Li et al., 2017; Liu et al., 2021; McBratney et al., 
2003), including kriging and machine learning (Mendes et al., 2020; 
Wang et al., 2013). Spatial stratified heterogeneity (SSH) of soil prop-
erties is considered useful information for choosing an appropriate 
method (Wang et al., 2020). Specifically, the SSH of soil properties be-
tween different geographic units was used to determine the spatial 
interpolation method (Liu et al., 2021). These studies provided inspi-
ration for improving soil digital mapping, helping to ascertain the soil 
environment for food production. 

The spatial distribution of Cd in rice (SDCR) can be estimated based 
on the soil environment and soil–rice relationship, which is the core data 
for assessing food safety among self-sufficient populations. Organic 
matter, available Cd, and pH in soil are the main environmental factors 
affecting the transfer of rice Cd (Lin et al., 2020; Wang et al., 2020; Yang 
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et al., 2022). Methods such as regression equations, random forests, 
neural networks, and gradient boosted machines are usually applied to 
fitted the relationship between rice Cd and these factors (McBride, 2002; 
Hu et al., 2020; Xia et al., 2019; Yang et al., 2020). Some studies also 
applied these methods to estimate rice Cd and then identify a safe pro-
duction area for rice (Luo et al., 2020; Römkens et al., 2009). These 
studies laid the foundation for understanding Cd in the soil–rice system 
and pollution control. However, the human health effects after the 
transfer of Cd from soil to rice have rarely been considered. 

Exposure assessment of Cd is a prerequisite for assessing health ef-
fects. Many studies assessed dietary Cd exposure risk based on rice in-
spection data sampled from the market (Song et al., 2017; Xiao et al., 
2020). As for self-sufficient populations, the rice that they eat rarely 
circulates onto the market. This makes monitoring Cd concentration in 
their food a huge challenge. Moreover, due to the concealment, long- 
term and degradation-resistant characteristics of heavy metal pollu-
tion in soil, it is difficult to judge whether rice is contaminated with Cd. 
This means that once the food environment is polluted, self-sufficient 
populations will be inevitably exposed to high-Cd rice and at health 
risk for a long time (Huo et al., 2018). Therefore, Cd exposure assess-
ment is urgently needed for self-sufficiency populations, although it is 
difficult to carry out. 

Once the Cd exposure assessment is complete, the health effects can 
be simulated by toxicological processes based on the exposure dose. 
Previous studies have shown that dietary Cd exposure is associated with 
an increased risk of multiple diseases (Filippini et al., 2020; James & 
Meliker, 2013; Järup et al., 1998), but these studies cannot exclude 
confounding effects during long exposure period (Itoh et al., 2014). 
Alternatively, some studies have taken urine Cd as an indicator of the 
health effects of Cd exposure (Menke et al., 2009), since Cd is mainly 
accumulated in the kidney (Byber et al., 2016; Jarup & Akesson, 2009). 
Constrained by cost, it is difficult to monitor urine Cd among a large 
population. Therefore, some studies have simulated urinary Cd using the 

toxicokinetic model with gratifying precision (Qing et al., 2021; Liu 
et al., 2018). This means that the health effects of Cd exposure can be 
assessed among a large population (Amzal et al., 2009; Kjellstrom & 
Nordberg, 1978; Liu et al., 2018). 

This study aims to establish a soil–rice–human health chain model 
named soil–food–human (SFH), and to provide insights into Cd exposure 
risk from the perspective of food production, food safety, and public 
health. Firstly, SFH is applied to mapping the spatial distribution of soil 
properties. Secondly, the soil–rice relationship is trained by SFH, and 
then the SDCR is estimated by combining the digital soil maps and the 
soil–rice relationship. Finally, based on the outputs of SFH, the safe 
production area of rice is identified, the rice dietary exposure to Cd of 
self-sufficient populations is evaluated, and the spatiotemporal pattern 
of health effects is revealed. 

2. Data and method 

2.1. Study area 

The study area located in Hunan province where the main rice pro-
duction base of China (Yang et al., 2021). It has a subtropical monsoon 
climate with abundant irrigation and sufficient sunshine, which is very 
suitable for rice cultivation. The lead and zinc mining and smelting in-
dustries in the region are very developed. Since the rice growing area is 
adjacent to the mining area, food production systems are at risk of 
cadmium pollution from industrial emissions. Moreover, this area in-
cludes nine secondary watersheds, the landforms are dominated by 
mountains, hills, and rivers (Fig. 1), which is conducive to the migration 
of Cd pollutants. Like most of the self-sufficient populations, the local 
farmers consume the rice they produce as a staple food. Because the rice 
they eat rarely circulates onto the market, the risk of Cd exposure is 
difficult being assessed. 

Fig. 1. The study area and sample points.  
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2.2. Data of soil and rice 

The top soil (0–20 cm) and the rice grains of each sample point were 
collected in 2015. A total of 2950 samples were collected along the 
spatial distribution of paddy fields by a third parties with no conflict of 
interest (Fig. 1). The concentration of organic matter, pH, available Cd 
in the soil, and Cd in the rice were determined for each sample (Table 1). 
Inductively coupled plasma mass spectrometry was applied to determine 
Cd levels in rice, and the procedure was performed according to the 
national standard GB 5009.268–2016 specification (NMPA, 2016). The 
available Cd in the soil was extracted using DTPA-TEA-CaCl2 (pH = 7.3 
± 0.2) and determined by inductively coupled plasma optical emission 
spectroscopy. Soil organic matter and cation exchange capacity were 
determined using the method recommended by Bao (2000). Soil sample 
processing was performed according to the national standard GB/T 
17,141 specification (MEEPRC, 1997). As the sampling points are all 
located in paddy field (Fig. 1), the input data only included the area with 
soil type of paddy field. 

2.3. Method 

2.3.1. Research scheme 
The SFH method includes three parts (Fig. 2). First, based on soil 

sample data from paddy fields, the spatial distribution of soil properties 
is predicted. Second, the spatial distribution of soil properties is fed into 
the random forest model trained on soil-rice paired data to estimate the 
SDCR. Third, based on the SDCR, safety zones for rice cultivation are 
identified by referring to rice’s food safety standards. Then, the dietary 
rice Cd dose per kilogram of body weight of the local self-sufficient 
population is assessed based on the SDCR, and the health effects of 
rice Cd exposure is indicated by the spatiotemporal patterns of UrineCd 
which are simulated based on the rice Cd exposure using the tox-
icokinetic model. 

2.3.2. Soil property interpolation 
Ordinary kriging (OK) is a commonly used spatial interpolation 

method that has been successfully applied in soil digital mapping (Reza 
et al., 2016. Krige, 1994). The unsampled points can be predicted by the 
neighboring observed points. It can be expressed as follows: 

Ẑ i =
∑n

j∕=i
λjZj (1)  

where Ẑi is the predicted value of soil property at unsampled location i, 
Zj are the measured value at location j, and λj is the weight of the 
observed value Zj. 

Two constraints on λj need to be satisfied to reach an unbiased 
optimal estimation of Ẑi. Specifically, optimal estimation and unbiased 
estimation are constrained by Eq. (2) and Eq. (3), respectively. Optimal 
weights are determined using the method of Lagrange multipliers. 

min : Var(Ẑ i − Zi) (2)  

∑n

i=0
λj = 1 (3) 

The accuracy of the model is verified by leave-one-out cross- 

validation, and is indicated by indices of mean absolute error (MAE) and 
root mean square error (RMSE). 

MAE =
1
n
×
∑n

1
|Oi − Pi| (4)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
×
∑n

1
(Oi − Pi)

22

√

(5)  

where n is the number of samples, Oi is the observed value of soil 
property, Pi is the predicted value. 

Considering that most of the rice fields are distributed in hills and 
river terrain, spatial stratified heterogeneity (SSH) among basins may 
violate OK’s first-order stationary hypothesis. Geodetector is applied to 
determine whether SSH existed (Wang et al., 2010; Wang et al., 2016). 
Specifically, the basin is taken as the x variable of the Geodetector, and 
the soil properties are considered as the y variable. If there is significant 
SSH between basins, OK is performed for each basin to satisfy Ok’s first- 
order stationarity assumption. Otherwise, basins are merged and then 
OK is performed (Liu et al., 2021). The spatial distribution of organic 
matter concentration, pH and available Cd concentration in soil were 
mapped in software ArcMap 10.4 according to the above strategy. 

2.3.3. Prediction of Cd concentration in rice 
Random forests model is a non-linear, non-parametric algorithm 

developed by Breiman (Breiman, 2001a; Breiman, 2001b), for the strong 
generalization ability it has been widely applied to modeling the com-
plex relationship between soil and rice (Cheng et al., 2022; Yu et al., 
2016; Hu et al., 2020). The model can be written as follows: 

R̂i =
1
B
∑B

b=1
cmbI(Zi ∈ Smb) (6)  

cmb = ave(Ri|Zi ∈ Smb) (7)  

where R̂i is the predicted value of Cd in rice (mg/kg), Zi is the value of 
soil property at location i which is obtained from the soil property 
interpolation, b is the bth Bootstrap samples, Smb is the mth feature space 
classified by soil properties Zi(organic matter, pH and available Cd in 
soil), cmb is the average value of Ri within Smb (Formula 7), B is the 
number of Bootstrap samples in the random forest model, which is set to 
500 in this study. I(Zi ∈ Sm) is the indicator function, if a sample Zi is 
belong to Sm, I = 1, otherwise I = 0. 

The accuracy of the model is verified by Ten-fold cross-validation. 
The degree of linear fit between the predicted value and the observed 
value of rice Cd is indicated by R2 which is calculated as follows: 

R2 = 1 −
∑n

i (Ri − R̂i)
2

∑n
i (Ri − R)2 (8)  

where n is the number of samples, Ri is the observed value of rice Cd, R is 
the average value of Ri. R2 of this study is calculated by a linear fit 
without intercept. 

In this study, 2950 soil–rice paired data are input into the random 
forest model to train the soil–rice relationship. Specifically, organic 
matter, pH, available Cd in the soil, and the category factor basin are 
taken as the feature variables, and Cd in rice is taken as the predicted 
variable. By inputting the spatial distribution of feature variables into 
the trained model, the SDCR is obtained. The random forests model is 
programed using “randomforest“ packages in R software. 

2.3.4. Exposure assessment of Cd in rice 
Dietary rice Cd intake per kilogram of body weight is calculated as 

follows: 

Di =
FW × Ri

BW
(9) 

Table 1 
Summary statistics of the soil properties and cadmium concentration in rice.  

Value Mean 25% Median P75% P95% 

available Cd in soil (mg/kg)  0.22  0.15  0.20  0.25  0.39 
Organic matter(g/kg)  40.25  32.57  39.92  47.8  58.89 
pH  5.36  4.97  5.28  5.66  6.43 
Cd in rice (mg/kg)  0.38  0.24  0.31  0.39  0.62  

J. Yang et al.                                                                                                                                                                                                                                    
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where Di denotes the daily rice Cd exposure dose at location i (μg/kg 
BW/day), FW denotes the daily consumption amount of rice (g/day), 
BW denotes the body weight (kg), Ri is the concentration of Cd in rice 
(mg/kg or μg/g) at location i which is obtained from the SDCR. The 
value of FW and BW refer to the ‘Second Monitoring Report on Nutrition 
and Health Status of Chinese Residents’ released in 2019 (Piao & Huo, 
2019; Zhao & He, 2018), and can be found in table S1. The daily rice Cd 
dose per kilogram of body weight at location i is calculated by Ri, FW 
and BW, which is performed in the software of Excel 2016. 

2.3.5. Simulation of urinary cadmium. 
Urinary Cd can be simulated by kinetic model with a high prediction 

accuracy (Amzal et al., 2009; Kjellstrom & Nordberg, 1978). In this 
study, urinary Cd was simulated to indicate the health effects of the local 
self-sufficient people exposure to the rice Cd using toxicokinetic (Amzal 
et al., 2009; Zhao et al., 2017), in this model, the dose per kilogram of 
body weight is assumed to be constant over the lifetime. The model can 
be present as follows: 

Ui =
fu × fk

log(2)
× Di × t1/2

[
1 − exp

(
−

log(2)×age
t1/2

)]

[
1 − exp

(
−

log(2)
t1/2

)] (10)  

where Ui denotes the Cd in urine (µg⋅g− 1 Cr) at a specified age and di-
etary rice Cd exposure dose at location i, Di denotes the daily rice Cd 
dose per kilogram of body weight at location i which is obtained from 
the SDCR, fu denotes the ratio of Cd in the urine (µg⋅g− 1 Cr) and in the 
kidney cortex (µg⋅kg− 1 kidney cortex), fk denotes the comprehensive 
factors that affect the human body’s absorption of Cd, and t1/2 is the Cd 
half-life (years), age is the specified age of people. Toxicokinetic models 
is assumed that the same species have similar absorption, distribution, 
metabolism and excretion (ADME) processes (Peters, 2021). Therefore, 
toxicokinetic model can be applied to the same species once the model’s 
parameters are determined. To avoid racial differences in parameters, 
we set the parameters according to the latest literature which is fitted 
and validated by data of Chinese people (Qing et al., 2021). Specifically, 
the values of t1/2 for male and female are 11.23 and 12.69 respectively, 
and the values of fu × fk for male and female are 0.0055 and 0.0076 

Fig. 2. Chain modeling schema.  
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respectively. In this study, the urinary cadmium was simulated based on 
the scenario that the dietary rice Cd intake of self-sufficient people is 
unchanged. The spatial distribution of Ui of 50 years old was mapped. 
Age 50 was chosen because urinary Cd reaches its maximum level at this 
age (Amzal et al., 2009; Zhao et al., 2017), The calculation is imple-
mented in the in R software, and the map of Ui is produced by software 
ArcMap 10.4. 

2.3.6. Sensitivity analysis of the SFH 
All the input variables of SFH model have an influence on the urine 

Cd. Sensitivity analysis is used to calculated the sensitivity coefficient of 
these variables to urine Cd. Sensitivity analysis of the variable is 
calculated as follows: 

S =

(
a − b

b

)/(
c − d

d

)

, (11)  

where S denotes the sensitivity coefficient, a is the area under the curve 
(AUC) of age-UrineCd from 0 to 80 years old resulting from a 1% change 
in a variable, b is the AUC with the default value of a variable, c is the 
value after the 1% change of the variable, and d is the default value of 
the variable. The mean of the S absolute values is taken as the overall 
sensitivity. As SFH model include multiple input variables, when the 
sensitivity coefficient of one variable is calculated the remined variables 
are set unchanged. In order to compare the sensitivity coefficients of 
different variables, the sensitivity coefficients are standardized to 0–1. 

3. Results 

3.1. Soil properties mapping 

3.1.1. Stratified heterogeneity of soil properties 
Fig. 3 shows whether there is a significant difference in the average 

values of soil properties between basins. If there is a significant differ-
ence, the grid background color is orange-red, indicated by the letter Y. 
Otherwise, the background color is blue, indicated by the letter N. The 
basins with no significant difference are merged into one stratum until 
each basin has a significant difference (Fig. S1). In this way, the sample 
size of the merged stratum was increased and the number of OK exe-
cutions was reduced from 27 to 12 (Figure 3 and S1), which is beneficial 
to ensure the OK’s first-order stationary hypothesis is obeyed and suf-
ficient samples is included for each OK execution. 

3.1.2. Spatial distribution of soil properties 
The spatial autocorrelations of organic matter, pH, and concentra-

tion of available Cd in soil are all significant, which means the spatial 
structure of soil properties is conducive to soil mapping (Table S2). 
Fig. 4 gives the spatial distribution of soil properties predicted by 

improved OK. The mapping accuracy in leave-one-out cross-validation is 
acceptable, relative accuracy of organic matter content, pH and con-
centration of available Cd are 71.8%, 82.2%, 92.85%, respectively 
(Table S3). The organic matter in soil is higher in the north than in the 
south, and pH in the west is higher than in the east. Available Cd in the 
soil shows no obvious spatial pattern; only some high-value areas are 
distributed locally. 

3.2. Spatial distribution of cadmium in rice 

Fig. 5 presents the map of the SDCR, which is estimated with the 
soil–rice empirical model using spatial distribution of soil properties. 
The r-square of the Ten-fold cross-validation is 0.63 (Table 2), which 
indicates that the cadmium concentration of rice can be estimated 
roughly based on the soil properties. The Chinese national food safety 
standard for Cd in rice has a limit value of 0.2 mg/kg, and only the rice 
cadmium in the map is less than the value can be regard as safe pro-
duction zones for planting rice. According to this standard, 7.6% of the 
area is safe production zones, indicating that most of the area is no 
longer suitable for growing rice if no measures are taken. 

3.3. Dietary cadmium exposure risk 

Fig. 6 presents the map of the daily dietary rice Cd exposure of adults, 
which is assessed using the distribution map of cadmium in rice. The 
high Cd exposure areas are mainly concentrated in the southwest and 
center-west of the study area. Overall, the Cd exposure of males is higher 
than that of females. The Joint FAO/WHO Expert Committee on Food 
Additives sets the provisional tolerable monthly intake (PTMI) at 25 
µg⋅kg− 1⋅month− 1, which equals 0.83 µg⋅kg− 1⋅day− 1. Of the dietary rice 
Cd exposure for females and males, 77.7% and 97.9%, respectively, 
exceed the PTMI, indicating that the residents in the study area may face 
health risks from excessive rice Cd exposure. 

3.4. The health effect of cadmium exposure 

3.4.1. Map of urine cadmium 
The urinary cadmium was simulated based on the scenario that the 

dietary rice Cd intake of self-sufficient people is unchanged. Fig. 7 shows 
the spatial distribution of UrineCd levels among 50-year-old people in the 
study area. Overall, the UrineCd levels of males are lower than those of 
females. Compared with the 5.24 µg/g creatinine recommended by the 
World Health Organization (WHO), about 2.4% of this population is 
lower than this threshold; that is, Cd exposure has caused kidney dam-
age to the local residents. 

3.4.2. Health effects of different cadmium exposure situations 
Fig. 8 shows the UrineCd levels of different age-gender groups under 

Fig. 3. The stratified heterogeneity of average soil properties between watersheds. (a) Concentration of available Cd in soil; (b) organic matter; (c) pH.  

J. Yang et al.                                                                                                                                                                                                                                    
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Fig. 4. Spatial distribution of soil properties. (a) Organic matter content in soil; (b) Soil pH; (c) Concentration of available Cd in soil.  

Fig. 5. Distribution map of cadmium in rice (safe areas for rice cultivation are located where cadmium in rice is lower than 0.2 mg/kg).  

J. Yang et al.                                                                                                                                                                                                                                    
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various rice Cd exposure situations. With the same rice Cd concentra-
tion, UrineCd in males is usually lower than that in females. With the 
different rice Cd exposure situations, the higher the Cd concentration in 
rice, the higher the UrineCd. In terms of age, UrineCd increases with age, 
the accumulation speed shows a slight downward trend after reaching a 

peak at around the age of 35–55 (Fig. S2). For the chain model, the 
simulated UrineCd was most sensitive to dietary rice Cd (Fig. S3). This 
means that reducing the cadmium intake is a very effective way to 
reduce UrineCd. 

Table 2 
Cross-validation of the soil-rice empirical model.  

Cross-validation r-square slope MAE MAE/Mean (%) 

Random forest  0.63  0.63  0.15  39.41% 

Note: Table 2 shows the goodness of the random forest model that predicted the Cd in rice. The goodness is indicated by the r-square and mean absolute error (MAE) of 
the Ten-fold cross-validation. Mean, the average value of rice Cd concentration. r-square is calculated by a linear fit between the predicted value and the observed value 
of rice Cd without intercept. 

Fig. 6. Map of daily dietary rice Cd exposure of adults. Maps for females (a) and males (b), respectively.  

Fig. 7. Urine cadmium in 50-year-old people (µg/g creatinine). Maps for females (a) and males (b), respectively.  
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4. Discussion 

4.1. Soil properties mapping 

The SFH model have good performance in soil digital mapping for it 
can consider SSH. In mountains, paddy fields are usually distributed 
along valleys, and due to the impact of runoff, the spatial structure of 
soil properties among watersheds maybe existed SSH (Fig. 3). In this 
study, OK was performed in each basin separately to satisfy the OK’s 
first-order stationary hypothesis, otherwise, basins were merged and 
then OK was performed (Fig. S1). This strategy improved the compu-
tational efficiency by making a balance between the number of OK ex-
ecutions and reduced the risk of insufficient sample size in each basin. 
Compared with methods that did not consider SSH, this model could 
better reflect the actual spatial distribution pattern of soil properties (Liu 
et al., 2021), which provides a reliable data source for the subsequent 
prediction of Cd concentration in rice. As soil is increasingly recognized 
as the essential part of a food system (Franz et al., 2008; Wang et al., 
2019), the soil interpolation scheme in this study can be a paradigm for 
other soils digital mapping affected by SSH. 

4.2. Spatial distribution of cadmium in rice 

In rural areas, SFH is a feasible method for monitoring Cd in rice 
through the soil environment. Generally, food safety risk is assessed 
based on the food sampling data from market. The limitation of this 
approach is that it is expensive and the scope covers only the food 
circulating in the market. Moreover, the rice of self-sufficient pop-
ulations is rarely circulated in the market. In this study, the spatial 
distribution of cadmium in rice was predicted through the soil envi-
ronment, which is an effective supplementary method for monitoring 
self-grown food. (Fig. 5). As several rounds of arable land quality sur-
veys have been conducted in China, the availability and coverage of soil 
environment data are increasing. This means that SFH has broad pros-
pects to monitor the food of self-sufficient populations if more soil-crop 
relationships were fitted. Although SFH can roughly predict rice Cd, 
further studies are needed to establish a model with better predictive 
ability. 

4.3. Safe rice production zones 

The safe rice planting zones can be taken as a guideline for 

agricultural management departments to adjust the crop rotation sys-
tems. Some studies have suggested that the transfer of Cd in the soil–rice 
system is related not only to soil properties but also to other variables of 
the planting environment (Wang et al., 2020; Yang et al., 2022). This 
means that safe rice production areas graded only by soil properties 
cannot completely guarantee the production of safe rice (MEE, 2018). In 
this study, the safety zone was identified directly based on Cd concen-
tration in rice, which is the result of the interaction of soil properties and 
planting environment variables. Therefore, the safety zone in this study 
may be more suitable for guiding agricultural production. As most rice 
did not meet food safety standards (Fig. 5), it is suggested to plant crops 
with low bioaccumulation of Cd or non-food crops to replace rice in 
unsafe zones. In addition, considering the developed runoff in the study 
area, it is necessary to take measures to prevent cross-contamination of 
cadmium. 

4.4. Dietary exposure to Cd in rice 

The high-solution map of dietary rice Cd intake enriched the food 
safety risk assessment content. Previous studies have assumed that food 
is circulated within an administrative unit, and the objects assessed 
usually were administrative units (Song et al., 2017; Xiao et al., 2020). 
However, the food of self-sufficient populations is not widely circulated. 
In this case, the rice Cd concentration in the planting areas could reflect 
the rice Cd concentration they consumed. In this study, dietary rice Cd 
intake was significantly higher than PTMI. One reason for this is that 
high-Cd rice is consumed as a safe staple food. dietary rice Cd intake is 
the most sensitive factor to UrineCd (Fig. S3), suggesting that replace rice 
with other food as the staple food is an efficient way to reduce UrineCd. 
Moreover, considering the high consumption of rice in this area, making 
lower Cd limits for rice may be helpful. Although rice Cd intake is the 
biggest contributor of dietary Cd intake (Song et al., 2017), the actually 
dietary Cd intake would be higher if the other food categories were 
included in the dietary Cd exposure assessment (Franz et al., 2008). 

4.5. Health effect of Cd exposure 

Toxicokinetic models is developed based on the assumption that the 
human has similar absorption, distribution, metabolism and excretion 
(ADME) processes (Peters, 2021). Generally, once the parameters of 
toxicokinetic model were determined, it can be used to the same race. In 
this study, the parameters of the toxicokinetic model were fitted by the 

Fig. 8. Urine cadmium levels (µg/g creatinine) in different cadmium exposure situations. Cadmium levels in the urine of different age-gender groups of people 
exposed to different cadmium concentrations in rice. 
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clinical data of Chinese people, and have been verified by the measured 
urine cadmium (Qing et al., 2021). Through this way, the uncertainty 
about racial differences in parameters was reduced. Moreover, the pa-
rameters (eg. t1/2) are vary among individuals and obey a statistical 
distribution (Qing et al., 2021), this study just focused on the most likely 
value (the mean value of the distribution) of parameters. This means 
that the results reflect only the most likely scenario, but unable to reflect 
the population variability. Finally, the UrineCd simulated in this study 
was based on the dietary rice Cd intake which may change with the rice 
Cd concentration and dietary structure. Therefore, the UrineCd in this 
study is only reflect the health effect of the local rice consumption. 

Due to the poor accessibility to medical services and the low will-
ingness to measure UrineCd, it is difficult to implement large-scale and 
long-term urine Cd tracking and monitoring among subsistence farmers. 
Therefore, simulated UrineCd model can be a feasible way to reveal the 
health effects of rice Cd exposure. The results of UrineCd in this study 
show that males had lower levels than females, although men’s dietary 
rice Cd exposure was higher than that of women (Fig. 7). One possible 
reason for this is that iron deficiency in women makes Cd more easily 
absorbed (Park et al., 2002; Ryu et al., 2004; Zhao, 2019). Cd exposure 
in this region already poses a health risk to about 1% of self-sufficient 
populations, immediate treatment is recommended to prevent greater 
health hazards. 

5. Conclusion 

This study proposed a chain model based on the process of cadmium 
transfer in soil–rice–human health. The following capabilities of this 
model have been verified. First, this method has good adaptability to 
spatial stratification heterogeneity, which is conducive to creating high- 
precision soil maps. Second, the method can predict the SDCR based on 
soil environment variables, which providing a new way to monitor the 
Cd concentration in rice of self-sufficient populations. Third, based on 
the SDCR, this method can identify the safe production area of rice, the 
food safety risk of rice Cd exposure, and its health effects. In theory, the 
chain model provides new insight into understanding the transfer of Cd 
from the environment to humans. In practical applications, this model 
makes it possible to provide comprehensive insights into Cd exposure 
risk from the perspective of food production, food safety, and public 
health. In view of the wide coverage and high availability of soil data, 
the chain model is of promising application scenarios. 
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