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Abstract
Heavy metal pollution is a global ecological safety issue, especially in crops, where it directly threatens regional ecological
security and human health. In this study, the back-propagation (BP) neural network optimized by the genetic algorithm (GA) was
used to predict the concentration of cadmium (Cd) in rice grain based on influencing factors. As an intelligent information
processing system, the GA-BP neural network could learn the laws of Cd movement in the soil-crop system through its own
training and use the soil properties to predict the concentration of Cd in grain with high accuracy. The total soil Cd concentration,
clay content, Ni concentration, cation exchange capacity (CEC), organic matter (OM), and pH have important impacts and
interactions on Cd concentration in rice grain were selected as input factors of the prediction model based on Pearson’s correlation
analysis and GeoDetector. By using GA to optimize the initial weight, the prediction accuracy of the GA-BP neural network
model was optimal compared with the BP neural network model and multiple regression analysis. Based on the Cd concentration
predicted in grain by the model, human exposure and health risk can be assessed quickly, enabling measures to be taken in time to
reduce the transfer of Cd from soil to the food chain.
Keywords Prediction model . Cadmium . Rice grain . Soil-rice system . GA-BP neural network . Soil properties

Introduction
Heavy metal pollution in agricultural soils has become a problem in many parts of the world because of their toxicity, persistence, and concealment (Li et al. 2014b; Ran et al. 2016;
Yan et al. 2013). Although Cd is unnecessary for the growth
and production of crops, it is readily absorbed by plants, after
which it induces adverse effects such as slow growth, stunted
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growth, and reduced yield (Rizwan et al. 2016a; Rizwan et al.
2016b). Furthermore, the transfer of Cd from soils into the
food chain via soil-crop systems has been considered the predominant exposure pathway for humans (Qian et al. 2010).
Therefore, it is necessary to investigate the transfer and accumulation of Cd from soil to crops, especially when predicting
Cd concentration in crops (Lu et al. 2017; Novotna et al. 2015;
Ye et al. 2014).
As a reasonable tool to estimate potential dietary risks, crop
heavy metal prediction models need to be constructed using
reliable methods (Novotna et al. 2015). The mechanistic model, which is one of the most frequently used models, is
established based on the mechanisms of heavy metal transport
in soil-crop systems and commonly considers factors including
soil properties, crop characteristics, and atmospheric environment (Rein et al. 2011; Sterckeman et al. 2004). Mechanistic
models have been widely researched and include the CLEA
(Contaminated Land Exposure Assessment) model developed
by the UK Environment Agency (Martin and Jeffries 2008),
Hough’s FIAM (Free Ion Activity Model) (Hough et al. 2005),
Legind’s NMF (New Model Framework) (Legind and Trapp
2010), Rein’s dynamic model (Rein et al. 2011), the Barber-
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Cushman model (Barber and Cushman 1981; Sterckeman et al.
2004), and Ingwersen’s process-oriented model (Ingwersen
and Streck 2005). However, data describing critical parameters
in models are difficult to obtain, resulting in limited application
of these models (Legind and Trapp 2010; Ye et al. 2014).
When compared to the mechanistic models, empirical models
have a relatively simple structure and require fewer input data,
making them particularly suitable to large-scale and practical
applications (Ye et al. 2014). Empirical models are mostly in
the form of multiple regression, in which the parameters evaluated are commonly soil properties (Novotna et al. 2015). The
majority of models contain the total concentration of heavy
metals in soil and soil pH, which are both important factors
influencing crop absorption of heavy metals (Adams et al.
2004; McBride 2002; Ran et al. 2016; Tudoreanu and
Phillips 2004; Wang 2002). Other important factors such as
OM, clay content, CEC, and the concentration of other heavy
metals in soil are also considered in many models (Bester et al.
2013; Chaudri et al. 2007; Chen et al. 2016; Lu et al. 2017;
Novotna et al. 2015; Romkens et al. 2009; Ye et al. 2014).
Although crop heavy metal prediction models have been widely researched and applied, there is still room for improvement
in the prediction accuracy of these models.
The BP neural network, which is one of the most extensively used artificial neural network (ANN) models, consists
of a multi-layer network that uses a gradient descent-based
algorithm for weight training (Zhang et al. 2017). As an intelligent information processing system, the BP neural network
can approximate any complex nonlinear function with high
accuracy by learning and simulating some sort of algorithm or
function in nature (Zhang et al. 2016). Because of its strong
fitting ability, the BP neural network is suitable for application
of internal complex mechanisms such as the migration of
heavy metals in soil-plant systems. However, few studies have
investigated the use of the BP neural network to predict the
heavy metal concentrations in crops to date. Some studies
have used remote sensing data as input data and achieved a
relatively high accuracy (Jiang et al. 2016; Liu et al. 2011).
The GA is a powerful stochastic algorithm that has wide applicability in optimization problems. It can be used to search
the global minimum based on natural selection and genetic
mechanisms (Tongle et al. 2016). Therefore, the GA can overcome the weaknesses of the BP neural network in areas that
easily fall into local minima and improve the training speed
and forecast accuracy of the network (Pang and Shi 2008).
The combination of GA and BP neural network has been
applied in many fields and achieved good predictions (Shen
et al. 2007; Wang et al. 2016). However, there was no research
that applied the GA-BP neural network in the prediction of
heavy metal concentrations in crops. Here, we present a hypothesis that the application of GA-BP neural network to predict the Cd concentration in rice grain will achieve high prediction accuracy.

The Yangtze River Delta (YRD), one of the most economically developed regions in China, has accelerated the accumulation of heavy metals in soils because of its urbanization and
industrialization (Chen et al. 2016; Chen 2007). As the main
agricultural product in the YRD, rice has great ability to be
enriched by Cd in soil, posing a health hazard to consumers
of rice and local residents. Therefore, a thorough understanding of the factors influencing the concentration of Cd absorbed
by rice and accurate prediction of Cd in grains is important for
human exposure and health risk assessment, as well as taking
measures to reduce the transfer of Cd from soil to the food
chain (Hough et al. 2003; Legind and Trapp 2010; Ye et al.
2014; Zhao et al. 2010). In this study, we used the GA-BP
neural network to predict the Cd concentration in rice grain
based on influencing factors selected by correlation analysis
and GeoDetector. The specific objectives of this study include
(1) identification of the main factors influencing Cd concentration in rice grain for model construction, (2) development of a
GA-BP neural network model for predicting the concentration
of Cd in rice grain based on selected factors, and (3) development of a BP neural network model and multiple regression
model for comparing the prediction accuracy of the models.

Materials and methods
Data preparation
This study was conducted in a typical industrial county in the
city of Yixing, Jiangsu Province (N31.35°, E119.82°) (Fig. 1),
which is located in the YRD and characterized by a warm and
moist subtropical climate. The study area is a commercial
grain base and rice is the main crop at the local level.
However, wastes from industrial activities have brought excessive pressure on the environment and caused serious heavy
metal pollution of agricultural land.
A total of 45 pairs of soil samples and corresponding rice
grain samples were collected during November of 2015. Rice
grains were sampled at the same time from the same locations
as the soil samples. Sampling points were selected from soil
contamination areas identified in an investigation of ecological
geochemistry quality for cultivated land conducted in 2007.
Figure 1 illustrates the locations from which soil and rice grain
samples were collected. To ensure the accuracy of the measurement, three sub-samples were taken from each sample point.
Samples were collected from a depth of 0–20 cm, after which
debris and gravel in the soil were removed. A five-point sampling method was adopted to take soil from each sub-sample.
The quarter-point method was used to retain 1 kg of soil samples into polyethylene bags. During the collection of rice grain
samples, grains that were empty and or showed signs of insect
diseases were avoided. All samples were sealed in sample bags,
then air-dried in a pollution free place for future analysis.
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Yixing City

Fig. 1 Location of sampling sites and distribution of soil types in the study area

The pH, CEC, OM, clay content, heavy metal concentrations in soil, and Cd concentration in rice grain were determined. The Cd and Pb concentrations were determined by
graphite furnace atomic absorption spectrometry (Optima
2100DV, Perkin Elmer, USA), while the Ni, Cu, and Zn concentrations in soil were determined by flame atomic absorption spectrometry (Optima 2100DV, Perkin Elmer, USA), the
Hg and As concentration were determined by atomic fluorescence spectrometry (Primus-II, Rigaku Corporation, Japan),
and the Cr concentration was determined by inductively
coupled plasma atomic emission spectroscopy (Optima
2100DV, Perkin Elmer, USA). Soil pH was determined using
an ion-selective electrode, while OM was measured by wet
oxidation using K2Cr2O7, and the CEC was determined with
the ammonium acetate method using CH3COONH4 leaching.
The clay content was measured by pipette and sieve analysis.

Correlation analysis
The SPSS 20.0 statistical package was used to analyze data.
Specifically, Pearson’s correlation coefficient was calculated
to determine the relationships between different variables,

while two-way analysis of variance (ANOVA) was conducted
to identify differences among groups. Relationships were considered significant at P < 0.05 and P < 0.01.

Interaction analysis
Generally, the process of rice uptake of Cd from soil is
influenced by many factors; therefore, the mechanism
through which this process occurs is complicated and it is
difficult to estimate the independent effects of factors
(Dayton et al. 2006; Li et al. 2014b). As a result, interactions among factors should be considered. Geodetector has
been widely used in a variety of fields to analyze the forces
driving various phenomena as well as multi-factor interactions (Wang et al. 2010). This system employs a statistical
method to detect spatial variability and reveal the driving
forces behind this variability based on risk, factors, interactions and ecological detectors (Wang et al. 2010).
Detecting the power determinant of a factor influencing
Cd content in rice is mainly accomplished by comparing
the total variance of each factor in different subareas with
the total variance of crop Cd content in the entire study
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area. The smaller the ratio, the stronger the determinant
power. The general expression is
q ¼ 1−

2
∑M
k¼1 N k σk
2
Nσ

where q indicates how much of the Cd concentration in rice
grain is interpreted by the factor. q∈[0, 1], where q = 0
indicates that there is no relationship between the Cd concentration in rice grain and the factor, and q = 1 indicates
that the Cd concentration in rice grain is completely determined by the factor. k = 1,..., M indicates the number of
strata in a factor, Nk and N are the number of the strata k
and units of the Cd content in rice grain, respectively. σ2k
and σ2 reflect the variance of the strata k and Cd concentration in the rice grain, respectively. The interaction detector can deal with the issue of whether two factors together have a stronger or weaker effect on the concentration of Cd in grain than they do independently. This index
can quantify the interactive effect of two factors by stacking two layers (X1, X2) to form a new layer (X1 ∩ X2).
The attribute of the new layer is determined by a combination of those two layers (Hu et al. 2011). By comparing the
q-value of X1, X2, and X1 ∩ X2, the influence of the
interaction between two soil factors on Cd concentration
in grain can be determined (Huang et al. 2014).

Construction of GA-BP neural network
Data pre-processing phase
To eliminate the impact of different platforms on the results
and improve the efficiency of network training, the samples data were normalized to [− 1, 1] using the following
formula:
xnorm ¼ ða−bÞ  ðx−xmin Þ=ðxmax −xmin Þ þ b
where x, xnorm, xmax, and xmin are the actual value, normalized
value, maximum value, and minimum value of the sample,
respectively, and a and b are the maximum value and minimum value of the normalized interval, respectively.
Model building phase
To obtain high-precision prediction of the concentration of
Cd in rice grain, a BP neural network model was
established. The statistical learning algorithms of the network were inspired by the biological neural networks
(Hooyberghs et al. 2005). The structure of the BP neural
network consists of an input layer, hidden layer and output
layer, which includes multiple neurons, and each layer is
linked by connection weights. With the initial weights randomly set, neural networks are trained to modify all

weights based on the back propagation algorithm until
the errors between output data and desired data are within
a predetermined range. When the weights among layers are
decided, the neural network is determined and can be used
for forecasting. The BP neural network has a strong nonlinear mapping ability and can achieve the final convergence of the network through training. However, it has
weaknesses such as being prone to jumping into the local
minima, which leads to training of the network being more
sensitive to the initial network weights (Tongle et al.
2016). The GA can solve these problems effectively and
is therefore widely applied in neural networks. Because the
GA has strong global search ability in a complex, polymorphic, and discontinuous space, it can help optimize the
structure and parameters of neural networks (Yu and Xu
2014). The use of GA to optimize the initial weights of the
BP neural network can exert the advantages of the global
search of GA and overcome the disadvantages of the BP
neural network (Zheng 2017). The weights and thresholds
of the network are initialized randomly and are connected
and coded into individuals in order. The individual lengths
are determined according to the network structure parameters, and n individuals are randomly generated within a
given range to make up the initial population. The fitness
function is taken as the reciprocal of the error in the neural
network. After repeated selections, crossovers, and mutations, individuals with lower fitness are eliminated and a
new population is obtained. The optimal initial weights
and thresholds of the neural network are then obtained
through decoding of individuals. The process of the GABP model is shown in Fig. 2.
Where d is the length of the individual; r is the number
of input layer nodes; s1 is the number of hidden layer
nodes; s2 is the number of output layer nodes; E is output
error value; f is fitness function; u is the size of the population; fi is the fitness value of the ith individual, and Pi is
the probability of being selected; zi(k) and zi + 1(k) denote
the kth gene of the ith and i + 1th individuals, respectively; α
and β are random numbers between 0 and 1; and q is the
threshold width corresponding to the p + 1st gene value. n
represents the input layer nodes; l represents the hidden
nodes; m represents the output layer nodes; Yk is the predictive value; Ok is the actual value; ek is the model error;
ωij is the weight between the input layer and the hidden
layer; ωjk is the weight between the hidden layer and the
output layer; Hj is the hidden layers value; aj is the threshold between the input layer and the hidden layer; bk is the
threshold between the hidden layer and the output layer.
Model evaluation phase
The root mean square error (RMSE), mean absolute error
(MAE), mean relative error (MRE), and coefficient of
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Fig. 2 Flowchart of the GA-BP neural network model

determination (R2) are used as metrics to assess the performance of different models:
h



i2
∑ni¼1 Xi −Xi ∑ni¼1 Yi −Yi
R2 ¼

2

2
∑ni¼1 Xi −Xi ∑ni¼1 Yi −Yi
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∑ni¼1 ðX i −Y i Þ2
RMSE ¼
n
1
MAE ¼ ∑ni¼1 jX i −Y i j
n
MRE ¼

1 n jX i −Y i j
 100%
∑
n i¼1 X i

where Xi and Yi denote the measured and forecasted values
of Cd concentration in grain and n is the number of groups.

A larger R2 is associated with a smaller RMSE, MAE, and
MRE, representing higher accuracy of the model.

Results and discussion
Main factors influencing Cd concentration in rice
grain
The key to establishing an accurate prediction model is
selecting appropriate factors as input factors. The mechanism
of Cd transfer and accumulation in soil-crop systems is very
complex. Absorption of Cd by rice is influenced by the chemical form of Cd in the soil. Based on the results of previous
studies, soil physicochemical properties such as pH, clay content, OM, and other heavy metals can change the chemical
form of Cd in soil to affect the amount of Cd absorbed by rice,
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and the Cd concentration in rice is affected by joint action of
these factors (Wang et al. 2017). Therefore, the factors that are
highly correlated with Cd concentration in rice grain and great
impact on the process by which rice absorbs Cd from soil
should be selected. Correlative analysis showed that the Cd
concentration in rice was positively correlated with total Cd
concentration in soil, negatively correlated with clay content >
total Ni concentration in soil > CEC > OM, and uncorrelated
with soil pH.
The total Cd concentration in soil has a large effect on Cd
uptake (McBride 2002; Novotna et al. 2015). As shown in
Table 1, the correlation coefficient between Cd concentration
in soil and in rice grain was 0.651, indicating that this is an
optimal factor to determine the Cd concentration in rice.
The OM is considered an important factor influencing the
availability of heavy metals in soils (Bester et al. 2013;
Chaudri et al. 2007; Chen et al. 2016). As shown in Table 1,
OM was significantly correlated with Cd concentration in
grain, with a correlation coefficient of − 0.301. Studies conducted to investigate the sorption mechanisms of OM onto Cd
have shown that the main mechanism is binding of functional
groups of OM with Cd ions via strong chemical bonds to form
stable complexes that are difficult to desorb, thereby reducing
the biological activity of Cd in soil and inhibiting the absorption of rice (Bradl 2004; Guo et al. 2006; Weng et al. 2002).
Clay content was significantly correlated with Cd concentration in grain, with a correlation coefficient of − 0.495. Clay
is an important adsorbent for Cd in soils in addition to OM
(Hooda and Alloway 1998). Studies have shown that clay
minerals adsorb Cd ions in soil solution through their unique
and negatively charged surfaces, then exchange their ions,
thereby affecting the exchangeable content of Cd and reducing its bioavailability (Bradl 2004; Song et al. 1999).
As shown in Table 1, the correlation coefficient between
CEC and Cd concentration in rice grain was found to be −
0.338, indicating a significant negative correlation. The CEC
is a measure of the total amount of negative surface charges,
which are primarily contributed by clay and organic fractions
(Hooda and Alloway 1998). Studies have shown that as the
CEC increases, the negative charge of soil becomes greater,
providing more adsorption sites to fix Cd ions, thereby reducing the availability of Cd in soil and the absorption of Cd by
rice (Bradl 2004; Hooda and Alloway 1998).
Soil pH is another important factor that determines the
bioavailability of Cd in soil (Chen et al. 2016; Li et al.
Table 1

2014b; Ye et al. 2014; Zhao et al. 2010). The Cd concentration
in rice grain was expected to be greatly affected by soil pH
(Chen et al. 2016; Romkens et al. 2009). However, there was
no significant correlation between pH and Cd concentration in
grain observed in our data. These findings indicate that soil
properties other than pH, such as Cd concentration and OM,
had a strong influence on the available Cd in soil and therefore
the amount of Cd absorbed by rice grains. Similarly,
Wiggenhauser et al. (2016) found that there was no significant
correlation between soil pH and available Cd in a soil-wheat
system (Wiggenhauser et al. 2016).
In addition to the above factors, other heavy metals in soil
can also affect Cd absorption by rice. Specifically, we found
that the total Ni concentration in soil was significantly correlated with Cd in rice grain, with a correlation coefficient of −
0.433. There is an antagonistic effect between Cd and Ni. Pot
experiments showed that Ni treatment reduced Cd concentration in rice grain (Bingham et al. 1980), and that the uptake of
Cd by seedlings growing on medium containing both Cd and
Ni was significantly lower than that observed by seedlings
grown on medium containing only Cd (Artiushenko et al.
2014). However, we did not find a significant correlation between Cd concentration in grain and other heavy metals in
soil. This may have occurred because the concentrations of
Zn, Pb, As, and Cu in soil were below the thresholds in accordance with the Chinese environmental quality standard for
soils (GB 15618–1995).

Interaction among influence factors
The interaction detector of the GDM was used to determine if
the soil factors had interactive effects on Cd concentration in
rice grain. The symbol q(X1∩X2) denotes the determinant power of interaction of new layers that comprised a combination of
X1 and X2. As shown in Table 3, the interaction relationship is
defined in the coordinate axis, which has five intervals, and
the interaction relationship is determined by the location of
q(X1∩X2) in the five intervals (Wang et al. 2010). The results
show that all of the interactive values were higher than the q
value of sole factors (Table 2). Moreover, most of those combinations consisted of nonlinear enhancement interactions,
while few had bi-enhance interactions (Table 3). In particular,
the interaction between Cd and Ni showed the highest power
of determinant for Cd content of rice, reaching 0.889.

Correlation between Cd concentration in rice grain and soil factors

Soil factor

Total Cd concentration
in soil

Clay content

Total Ni concentration
in soil

CEC

OM

pH

Correlation coefficient

0.651**

− 0.495**

− 0.433**

− 0.338*

− 0.301*

0.231

*p < 0.05; ** p < 0.01

Environ Sci Pollut Res
Table 2

q-values for interactions between pairs of soil factors influencing the Cd concentration of grain
Total Cd concentration
in soil

Clay content

Total Ni concentration
in soil

CEC

OM

pH

Total Cd concentration in soil

0.400

–

–

–

–

–

Clay content
Total Ni concentration in soil

0.639
0.889

0.326
0.746

–
0.222

–
–

–
–

–
–

CEC

0.671

0.587

0.594

0.234

–

–

OM

0.852

0.695

0.749

0.364

0.148

–

pH

0.575

0.586

0.753

0.513

0.395

0.180

GA-BP neural network prediction and comparison
with other models
To establish and validate the neural network model, we used
36 groups of samples as a training set and nine groups of
samples as a test set for the model. Matlab software was used
to simulate and compute (Li et al. 2014a; Peng 2013). The GA
was used to optimize and assign initial weights and thresholds
of the BP neural network, while the BP neural network was
used to search for the local optimization values. By trying
different parameters, architectures, and training algorithms,
satisfactory GA-BP neural network models were developed.
In the experiments, 50, 100, 0.5, and 0.09 were set as the
population size, the maximum genetic algebra, the crossover
rate, and the variation rate, respectively. Tansig functions were
used as activation functions for hidden neurons and output
neurons. The Levenberg-Marquardt back-propagation was
used as a training function to ensure the rapid convergence
of the network. The most suitable model structure was found
to be 6-11-1 based on the experiments. Finally, the optimal
model with the lowest RMSE, errors, and highest R2 value
was obtained.

Table 3

To assess and compare the performance of GA-BP neural
network models, a BP neural network model and a multiple regression model were established. The equation for multiple regression was lg Cdrice = 0.768lg Cdsoil − 1.760 lg SOM − 0.142 lg
pH + 0.663 lg CEC − 1.049lg Clay − 2.073 lg Ni + 3.890.
The RMSE, MSE, and MAE values of the training and test
sets were used to compare the credibility and stability of the
models. The results suggested the application of GA-BP neural
network in predicting Cd concentration in rice grain achieved
relatively high prediction accuracy. As shown in Table 4, the
accuracies of the GA-BP neural network and BP neural network
models based on the six factors were better than those of the
multiple regression model. Furthermore, the accuracy of the
GA-BP neural network model was slightly better than that of
the BP neural network model. The errors of train sets of the
GA-BP neural network model and the BP neural network model
had reached a relatively low level, and R2 had reached a relatively
high level. However, the RMSE and MAE of the test set of GABP neural network are 0.040 and 0.023, respectively, which are
much lower than the 0.117 and 0.077 of the BP neural network.
The MRE of the GA-BP neural network and the BP neural
network are approximately equal. The R2 of test set of GA-BP

Types of interaction between two factors

Graphical representation

Description

Interaction type

Interaction factors
Cd concentration ģ OM; Cd concentration ģ CEC˗Cd
concentration ģ Ni concentration˗OM ģ pH˗OM ģ clay˗

q(X1ģX2) > q(X1)+ q(X2)

Enhance, nonlinear

OM ģ Ni concentration˗pH ģ CEC˗pH ģ clay˗pH ģ Ni
concentration ˗CEC ģ Ni concentration ˗clay ģ Ni
concentration;

Min (q(X1), q(X2));

q(X1ģ X2) = q(X1)+ q(X2)

Independent

q(X1ģ X2) > Max(q(X1), q(X2))

Enhance, bi-

Min(q(X1),q(X 2))<q(X1ģX2)<Max(q(X1)), q(X2))

Weaken, uni-

—

q(X1ģX2) < Min(q(X1), q(X2))

Weaken, nonlinear

—

Max (q(X1), q(X2));

q (X1)+q(X2);

q (X1ģX2)

—
Cd concentration ģ pH; Cd concentration ģ clay; OM ģ
CEC; CEC ģ clay
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Table 4

Results of evaluation indexes of training and test samples for models

Model

RMSE

MAE

R2

MRE

Train set

Test set

Train set

Test set

Train set

Test set

Train set

Test set

GA-BP neural network

0.041

0.040

0.024

0.023

0.337

0.346

0.991**

0.989**

BP neural network

0.045

0.117

0.028

0.077

0.302

0.342

0.991**

0.884**

Multiple regression

0.304

0.092

0.143

0.077

0.970

0.859

0.594**

0.808**

*p < 0.05; **p < 0.01

neural network is 0.989, which was much higher than 0.884 of
the BP neural network. Therefore, the prediction effect of the
GA-BP neural network was better than that of the BP neural
network. Overall, the optimal model for estimating the Cd concentration of rice grain is the GA-BP neural network model.
Figure 3 shows the measured and predicted values of the training and test sets in different models. Figures 4 and 5 show the
absolute errors and relative errors between the model-predicted
and measured values, respectively. As shown in Figs. 3, 4, and 5,
the predicted values of the GA-BP neural network model and the
BP neural network model matched the measured values well.
Moreover, the errors of the GA-BP neural network model were
smaller than those of the BP neural network model. However,
there was a relatively large difference between the measured and
predicted values of the multiple regression model.
The results indicated that the accuracy of neural networks
was better than that of the multiple regression model. This was
primarily because the BP neural network model can be used as
a black box model to predict a certain variable through a
complex interaction factor and to process complex and fuzzy
mappings relationships without knowing the relationship between the distribution form and variables. Therefore, when
compared with multiple regression analysis, the BP neural
network can reveal the nonlinear relationship between Cd
concentration in rice grain and soil properties better, which
overcomes the shortcomings of simulation by multiple regression model using complex factors. Moreover, the higher accuracy of the GA-BP neural network than the BP neural

network at predicting heavy metal concentrations can be explained by the advantage of GA in global optimization.
Compared with neural network model, the mechanism
models are in various forms, and the factors used include the
root water uptake, the transpiration rate, the relative humidity,
the change of total plant mass, the water flux in different parts
of plants, the concentration of metals at particles in air, the dry
and wet deposition velocity of particles and so on (Hough et al.
2005; Legind and Trapp 2010; Rein et al. 2011). These factors
are relatively complex and difficult to obtain, and some of them
can only be obtained in pot experiments. There are also some
empirical parameters that were given by experts based on experience and theory, such as an empirical parameter that describes the distribution of root length density with depth, which
may have some deviations from the actual (Hough et al. 2005).
In addition, before applying the mechanism model, it is necessary to analyze which model is suitable for the area. And most
mechanism models are only suitable for specific areas, crops,
and heavy metals. When applied to other conditions, the models
need to be calibrated and expanded (Hough et al. 2005).
However, the neural network model does not have too many
regulations and limitations on the choice of factors. The factors
that have a great impact on the predicted objects should be
selected. Data acquisition can be done by sampling in the field,
rather than being limited to pot experiments.
The application of GA-BP neural networks can be used as a
new method to complement the original methods. It can
achieve as high as possible prediction accuracy with limited
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Fig. 3 Measured values and model prediction results of Cd concentration
in rice grain
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network, and the purpose of accurate prediction was achieved.
We also found that the limited explanatory power of this model
for the concentration of Cd in rice grain based on soil properties
can be improved by considering irrigation patterns, crop variety
and atmospheric factors to reduce model errors in further studies. Overall, this study demonstrates the applicability of the GABP neural network for accurate prediction of Cd concentration
of rice grain in large areas, which can contribute to human exposure and health risk assessment and the development of measures to reduce the transfer of Cd from soil to the food chain.

Data No.

Fig. 5 Relative errors of GA-BP neural network model, BP neural network model and multiple regression model

data. We can choose the method based on the characteristics of
the study area, data acquisition, dataset characteristics, and expected predictions effect that need to be achieved. Based on the
neural network method, we can predict the Cd concentration in
rice by measuring critical factors, without waiting for measuring the Cd concentration in the grain after the rice is matured.
According to the prediction of Cd concentrations of rice grains
in farmland, we can develop agricultural plans to plant rice in
areas with low Cd concentration, which can reduce the flow of
Cd from soil to the crops. In this study, we selected and measured factors that have a more significant impact on Cd concentration in rice grain such as Cd concentration in soil, SOM,
pH, and so on. Although the prediction results of the neural
network model based on the critical factors were relatively accurate, there were still some errors. Many factors such as the
atmospheric environment, crop varieties, Fe concentration, S
concentration, and microbes in the soil have not been considered for the data are not readily available. Whether the addition
of these factors will further improve the prediction accuracy of
the network can be found in further research.

Conclusion
In this study, we applied GA-BP neural network on predicting
the Cd concentration in rice grain and achieved high prediction
accuracy. Pearson’s correlation analysis and Geodetector were
used to identify the main factors influencing Cd concentration in
rice grain for model construction. The total soil Cd concentration, clay content, Ni concentration, CEC, OM, and pH have
important impacts and interactions on Cd concentration in rice
grain. The BP neural network model optimized by GA was used
to predict the concentration of Cd in rice grain based on the main
influencing factors. The GA-BP neural network model showed
higher prediction accuracy than the BP neural network model
and multiple regression model. Although the movement of Cd
in the soil-rice system is very complicated, the black box feature
of the BP neural network enabled the concentration of Cd in rice
grain to be predicted through learning and training by the neural
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