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With new detection methods for hazards in food being created, it is essential to build an evaluation
model of these methods in order to improve the level and efficiency of food safety related detection.
Back propagation neural network (BPNN), classification and regression tree (CART), support vector
regression (SVR) and random forest regression (RFR) are the supervised machine learning methods used
to build the model. In this study, we used these four approaches to evaluate hazard detection methods.
First, the factors that affect the test (considering the accuracy, efficiency and cost of the methods) were
considered, and 8 indices were selected to establish an evaluation index system for chemical hazards and
biological hazards respectively. Then, 727 methods related to the detection of chemical hazards and 91
methods related to the detection of biological hazards in food were analyzed, and experts were invited
to score each method as machine learning training data. Then, four machine learning models were used
for training and verification. It turns out that for the detection methods of chemical hazards, the BPNN,
CART and SVR models require a shorter period of time to adjust parameters, perform better on the test
set with great fitting ability and lower mean square error, and the goodness of fit is 0.969, 0.962 and
0.988, respectively. While for the detection methods of biological hazards, BPNN and SVR models fit
better with goodness of fit values of 0.988 and 0.999, respectively, and give more accurate prediction. It
can be concluded that BPNN and SVR models perform well for both chemical and biological hazards
detection methods, which can be used as a reference for artificial selection before testing.
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chemical and biological hazards cannot be directly judged by naked
eyes. Therefore, instruments and equipment are often required for

1 Introduction

In recent years, the commercialization and industrialization of
food production in China has developed rapidly, accompanied
by more and more serious food safety related problems.'”
Improper use of agrochemicals, antibiotics and antiparasitic
agents, heavy metal contamination of soil and water, veterinary
drug residues, and the addition of illegal additives can all cause
food safety problems." There are a variety of hazards in food,
which can be mainly divided into chemical hazards, biological
hazards, physical hazards and other hazards.? Among them,
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analysing and testing chemical and biological hazards.

With the development of testing technology, there are
usually multiple analytical methods for a specific substance
which use different instruments.>”® For clenbuterol, a great
number of analytical methods have been used, such as enzyme
linked immunosorbent assay (ELISA), high performance liquid
chromatography (HPLC), liquid chromatography-mass spectro-
metry (LC-MS), liquid chromatography-tandem mass spectro-
metry (LC-MS/MS) and gas chromatography-mass spectrometry
(GC-MS). And new methods are constantly being developed and
improved.® Different analytical methods using different instru-
ments and reagents have great differences in sensitivity, detec-
tion limit, detection time, method convenience, sample
characteristics and dosage, etc. In the actual situation, testers
usually conduct experiments and evaluate methods based on
these differences. It is necessary to evaluate different detection
methods and select the most suitable method among them® for
it will improve the efficiency of the test, save not only the cost
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but also the time of the test, and ensure the accuracy of the
results.

There have been many literature reports on the evaluation of
detection methods. For aflatoxin M1 (AFM1) in dairy products,
based on the European Union standard that the maximum level
should not exceed 0.05 pg kg™, Kos et al.’ used ELISA, HPLC
with fluorescence detector (FLD) and HPLC-MS/MS methods to
determine naturally contaminated AFM1 in milk samples to
examine the limit of detection (LOD), limit of quantification
(LOQ) and recovery of the three methods. It was found that the
analytical procedure of ELISA was simple with a short analysis
time and low cost, but false positives could occur. The HPLC-
FLD and HPLC-MS/MS methods are highly sensitive but require
pretreatment, which is costly and time-consuming, and the
choice of method for specific use depends on the equipment
and sample. Tirloni et al.'® tested the specificity, sensitivity and
the application to dairy samples to evaluate the loop-mediated
isothermal amplification (LAMP)-based method for the detection
of Listeria monocytogenes and found that it was a specific and
rapid method. Hu et al.'* compared the effectiveness of Atlas™
Salmonella Assay for Salmonella detection in egg products to
MicroSEQ® Salmonella spp. Detection kit, 3M™ Molecular Detec-
tion Assay, ANSR™ Salmonella Assay, Pro-AmpRT™ SALM spp. kit
and Food and Drug Administration (FDA) Bacteriological Analy-
tical Manual culture method. Through inclusivity and exclusivity
testing, testing of LOD and effectiveness, they found that they
were all sensitive, accurate and rapid methods for Salmonella
detection in food samples. Gill et al.'> evaluated electrochemical
nitric oxide (NO) detection methods through comparison of the
sensitivity, selectivity, accuracy of determination, as well as
analytical time with a gold-standard chemiluminescence NO
detection method, and concluded that the electrochemical
method is a useful detection method to measure NO in food
samples. However, the evaluation of methods reported in the
literature mainly focused on the comparison of a few methods or
indices, and did not establish a complete evaluation index system
for comprehensive evaluation.

Machine learning (ML) is one of the most rapidly growing
technical fields nowadays and is the centre of artificial intelli-
gence and data science."® It extracts knowledge from data and
uses computers to obtain intrinsic information from the given
data and provides a reference and basis for solving basic
scientific and engineering problems. ML has a variety of differ-
ent algorithms and is widely used in food safety,"* geography,'’
medicine,'® finance'” and other fields. Furthermore, due to the
ability of neural networks to efficiently approximate arbitrary
functions, artificial neural networks and adaptive collocation
strategies are used to solve boundary value problems for second
order partial differential equations, so as to increase the robust-
ness of the neural network approximation and result in sig-
nificant computational savings.'® Deep neural networks (DNN)
can be used to approximate the solution of the energetic format
of the partial differential equations to solve boundary value
problems. Therefore, DNN and a collocation method or the
deep energy method can be used to solve several engineering
problems.*’
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According to the differences between sample data sets, ML
can be divided into supervised learning, unsupervised learning
and reinforcement learning.>® Back propagation neural network
(BPNN), classification and regression tree (CART), support
vector regression (SVR) and random forest regression (RFR)
are commonly used supervised learning algorithms which can
be used for regression prediction models. The BPNN model has
a simple structure and high robustness, the SVR model can
capture the non-linear relationship between data and features,
and has a great generation ability, the CART model enables
visualization and is easy to understand, and the RFR model
combines many independently trained decision trees to reduce
the risk of overfitting.

ML plays its role in food evaluation systems. Caciotta et a
invited eight trained experts to evaluate the taste of the provided
extra virgin olive oil samples in the form of a questionnaire and
introduced the results of the questionnaire as inputs into a
Kohonen neural network. By performing non-linear mapping of
high-dimensional space, they obtained a two-dimensional map
and constructed a system of quality evaluation of virgin olive oil.
Ren et al.”* used 700 black tea samples to study the decision tree
model for black tea quality grade evaluation. By inviting experts
to classify the black teas into 7 grades, dividing the samples into
training and testing sets in the ratio of 2:1 and fusing the
spectral and textural feature data, they built a classification
decision tree with Gini’s diversity index as the split criterion
and concluded that hyperspectral imaging combined with a
decision tree can offer a rapid and effective method for ranking
the quality of black tea. Sun et al.>® collected images of apple
samples with different surface gloss to extract the colour para-
meters of the high light areas and detect the surface gloss
values. They constructed a prediction model of surface gloss
value and a classification model of surface gloss level with good
accuracy using a support vector machine algorithm, and there-
fore providing a surface gloss evaluation method based on
computer vision for apples. Rajkovic et al.** used an artificial
neural network and random forest regression algorithm to
construct a prediction model for fatty acid and tocopherol
content in rapeseed oil based on production year and rapeseed
genotype data, which proposed a non-destructive, cost-effective
and environment-friendly approach to determine fatty acids and
tocopherol contents.

Inspired by this, we can establish a method evaluation
model based on machine learning to measure the factors that
affect the effectiveness of the detection method for hazardous
substances in food and choose the most suitable one according
to the preference of the factors. This paper intends to construct
an evaluation model for the detection methods of chemical and
biological hazards. We first build a multi-attribute evaluation
system for both the detection methods of chemical and bio-
logical hazards. Then we use BPNN, CART, SVR and RFR
algorithms to build the evaluation models and compare the
performance of these models so that we can choose a suitable
evaluation model to evaluate novel detection methods, which
will provide a reference for the rapid selection of detection
methods.

l.21
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2 Tools and methods
2.1 Machine learning algorithm

BPNN is a multilayer feedforward neural network trained with a
back propagation algorithm,>® which is capable of processing
nonlinear information. The CART algorithm recursively divides
each region into two subregions in the output space and
obtains the output values on each subregion to construct a
binary tree.>® Random forest algorithm combines the trained
decision trees in parallel and RFR uses the simple average of a
single tree to predict the value of a sample. The SVR algorithm
is used to find a regression plane and make all the data in a set
the shortest distance from that plane.

2.2 Evaluation index system

The evaluation of food safety analysis methods is actually a
selective decision-making problem, so it is necessary to select
evaluation criteria and construct a comprehensive evaluation
index system. In this paper, based on the Delphi technique, we
invited experts from Xiamen Customs and Shenzhen Customs
to establish an evaluation index system for the detection
methods of chemical and biological hazards.

2.2.1 Evaluation index system for the detection methods of
chemical hazards. Many factors will influence the evaluation of
a test method. Sensitivity is one of the most important indicators
for rating the detection ability of one specific method,”” which is
reflected by the LOD of a method. The lower the LOD, the higher
the sensitivity of the method. The cost of the detection method is a
significant factor that needs considering when evaluating a
method, which includes the cost of large-scale instruments, the
pretreatment and experimental reagents, experimental consum-
ables and whether they are easy to obtain. The difficulty of a
pretreatment operation is another crucial evaluation factor as
some pretreatment procedures could be cumbersome, difficult
and time-consuming. The amount of the reagents used, the
toxicity of the reagent and the impact of them on the environment
also matter, because the lower the dosage of organic solvents, the
more the method meets the requirements of green analytical
chemistry.”® Furthermore, we examine whether the technical route
of the detection method is reasonable. The technical route
includes whether the experimental procedure is rationalized,
whether the reagents and consumables used are scientific and
whether the specificity of the detection method is better than other
methods. We have to consider these factors before we evaluate a
specific detection method.

Based on the above considerations and expert advice, we
chose eight evaluation criteria for the detection methods of
chemical hazards. We use I to VIII to represent the eight
criteria. The specific evaluation index system is shown in Fig. 1.

2.2.2 Evaluation index system for the detection methods of
biological hazards. For the evaluation of the detection methods
of biological hazards, we also have to consider the cost of the
detection method, the time spent, the amount of reagent used
and their impact on the environment,*® whether they are easy
to obtain and whether the technical route is reasonable.
Besides, a detection method can be used for biological hazards
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Fig. 1 Evaluation index system of standard methods for the detection of
chemical hazards.

in different matrices, for example a colloidal gold immunochroma-
tographic test strip (ICTS) can detect a variety of Salmonella.*® We
should consider the scope of application of this method before
evaluation. And the detection of biological hazards has different
requirements for the testing environment, for some general
microbiological testing environment can meet the requirements,
while for others it needs separate operating areas, even parti-
tioned operating areas. The different requirements also affect the
result of the detection. Based on the above considerations and
expert advice, we chose eight evaluation criteria for the detection
methods of biological hazards. We use a-h to represent them.
The specific evaluation index system is shown in Fig. 2.

2.3 Data collection

The detection methods for hazards in four food categories (dairy
products, meat products, aquatic products and alcoholic bev-
erages) released by China were selected for evaluation, among
which there are 727 chemical hazard detection methods and 91
biological hazard detection methods. Questionnaires are designed
according to the evaluation index system. The scoring table
(Table S1, ESIt) is designed according to the selected evaluation
criteria. According to the scoring rules, we divide the score of
different criteria into different grades. For a chemical hazards
detection method, criterion I is divided into five different

Evaluation index system of standard methods
for the detection of biological hazards
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Fig. 2 Evaluation index system of standard methods for the detection of
biological hazards.
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categories, gas chromatography (GC) with common or uncommon
detectors; liquid chromatography (LC) with common or uncom-
mon detectors; GC-MS, LC-MS, high resolution mass spectrometer;
elemental analysis instruments, such as atomic absorption, atomic
fluorescence, inductively coupled plasma-optical emission spec-
trometry, inductively coupled plasma-mass spectrometry, etc.;
instruments used for routine testing, such as spectrophot-
ometers; each category has its score grades. Criteria II, III, IV,
V, and VIII are divided into three grades. Criteria VI and VII are
divided into two grades. For a biological hazards detection
method, criteria a, c, e, f, g and h are divided into three grades,
adn criteria b and d are divided into two grades.

Take the detection of clenbuterol in meat products as an
example, we use GC-MS as an analytical instrument, so we give
criterion I a score of 8; we use NaH,PO,, NaOH, NaCl, HCIO,, NH;-
H,0, ethyl acetate, isopropyl alcohol, formic acid, methylbenzene
and ethyl alcohol as reagents, so we give criterion II a score of 5,
criterion IIT a score of 4, and criterion V a score of 4; the pretreat-
ment operation includes ultrasonic extraction, centrifugation, pH
adjustment, liquid-liquid extraction, spin evaporation, weak cation
exchange (WCX) based solid-phase extraction purification and
nitrogen blowing, so we give criterion IV a score of 7; the LOD of
this method is 0.5 ug kg™, so we give criterion VI a score of 7; the
detection time is 4 hours, so we give criterion VII a score of 7; the
reasonableness of this method is general, so we give criterion VIII a
score of 7, and then we get the eight criteria scores of the method.

By means of a questionnaire, the institutional testing staff
who are more familiar with the exact criterion are invited to
assign scores to the eight criteria, which are used as feature
values. Professional industry experts are invited to assign scores
to the comprehensive performance of detection methods, for
they are more experienced in choosing suitable detection
methods under certain circumstances. The industry experts
consider the importance of different criteria and give a com-
prehensive score for the detection method, which are used as
tag values. The higher the comprehensive score, the better the
applicability of the method, and the higher the priority in
selecting the detection method. We collected the question-
naires and collated the data as raw data.

2.4 Data processing

We process the questionnaires collected from the experts and
testing staff and calculate the average values of the feature values
and the tag values. The collated results are used as the sample
source for machine learning, where the criteria scores are used as
feature values, which are input values, and the comprehensive
scores are used as tag values, which are output values.

BPNNs are solved by the gradient descent method,*' which
usually requires normalization of the raw data so that the
gradient is updated at the same rate on different features to
speed up the convergence. There are three commonly used data
normalization methods, which are min-max normalization,
mean normalization and zero-mean normalization. In this
research we use the min-max normalization method to prepro-
cess the data set. In order to compare the results among
different models, the same data processing method is used
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for the other three models. The formula of min-max normal-
ization is shown as follows (eqn (1)).

X — Xmi
X =" (1)
Xmax — Xmin
where x is the feature value of a feature in the sample data, and
x' is the normalized feature value, X, is the maximum value of
this feature in the sample data and x,;, is the minimum.

3 Results and discussion
3.1 Model construction

The data set is divided into a training set and a test set by 8:2,
the training set is used to train the data, optimize the hyper-
parameters and obtain the BPNN, CART, SVR or RFR models,
and the test set is used to test the generalization ability of the
obtained models and make reasonable speculation on the
performance of the models on a new data set. When doing
hyperparameter tuning, we adopt ten-fold cross validation to
perform GridsearchCV, according to the mean square error to
obtain the best hyperparameters. The experimental environ-
ment for this study is Windows 11. The programming language
is Python 3.9.12 (Anaconda3) and the programming environ-
ment is a Jupyter Notebook.

3.1.1 Back propagation neural network model. The initial
BPNN model is obtained by training the training set using the
MLPRegressor method with default parameter values in Sklearn,
which is a python built-in data package. Then we optimize the
hyperparameters to improve the generalization ability of the
model. The influence of the structure of the hidden layer on
the performance of the neural network is firstly examined, the
more the number of hidden layers, the higher the complexity of
the model. If the number of neurons in the hidden layer is too
small, the model will not fit well; but if the number is too big,
overfitting will occur, so it is necessary to choose the appropriate
hidden layer structure.

Take the chemical hazards detection methods as an exam-
ple. According to the empirical formula, the number of single
hidden layer nodes is in the range of [4,13], while there are 100
combinations of double hidden layer nodes. Five groups of
different hidden layer structures were chosen to compare the
goodness of fit of the model on the test set, and the results
obtained are shown in Table S2 (ESIY).

The relationship between the combination of different hid-
den layer structures and the goodness of fit is visualized in
Fig. 3. From Fig. 3 we can see that the fitting effect of the model
also depends on the number of nodes in the hidden layer when
the number of layers varies. Hornik et al.** proved that with a
sufficient number of nodes, a neural network containing at
least one hidden layer can approximate any function with
arbitrary accuracy. A single hidden layer neural network can
already achieve good predictions, so in order to reduce the
complexity of the calculation, a single hidden layer neural
network is used in this study.

The activation function enables the network to handle non-
linear data. The optimizer is used to adjust the parameters
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Fig. 3 Goodness of fit for different combinations with different hidden
layer structures.

according to the loss function to improve the performance and
generalization of the model. The learning rate is the magnitude
of updating the weights in the optimization algorithm. A
learning rate that is too small will greatly reduce the convergence
speed and increase the training time; while if the learning rate is
too large it will lead to oscillations back and forth between the two
sides of the optimal solution. Then we use the GridSearchCV
method to optimize other hyperparameters like the number of
nodes in the hidden layer, activation function, weight optimizer
and learning rate. We use ten-fold cross validation and choose
mean square error as scoring criteria to determine the best
parameters for the model so that we can improve the performance
of the model. For the detection methods of chemical and biologi-
cal hazards, the best parameters are listed in Table S3 (ESIf).
3.1.2 Classification and regression tree model. The initial
CART model is obtained by using the DecisionTreeRegressor
method with default parameter values in Sklearn to traverse all
the training samples and expand the nodes. The decision tree
generated without limiting the parameters suffers from over-
fitting and requires optimization. The parameter max_depth
controls the complexity of the decision tree, the smaller the
max_depth, the simpler the model. However, underfitting will
occur when it is too small. The parameters min_samples_leaf
and min_samples_split are used to control the minimum num-
ber of samples required for the decision tree to divide the data. If
it is too small, overfitting will occur. We use the GridSearchCV
method to optimize the hyperparameters like max_depth, min_-
samples_leaf and min_samples_split. The CART model is
retrained using the optimized hyperparameters to obtain a
new model. The best parameters are listed in Table S3 (ESIT).
3.1.3 Support vector regression model. The initial SVR
model is obtained by using the SVR method with default para-
meter values in Sklearn. We choose radial basis function as the
kernel function. The parameters like penalty factor, kernel coeffi-
cients and the epsilon-tube without penalty have a great impact
on the performance of the model. The penalty factor C mainly
balances the relationship between the complexity of the model
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and the error. The larger the value of C, the higher the complexity
of the model, while if it is too large, overfitting will occur. The
kernal coefficient gamma is used to control the width of the
kernel, which determines how much the sample point affects the
model. The smaller the value of gamma, the smaller the impact
on the data which are far away from the sample point, however
underfitting will occur when gamma is too small. The parameter
epsilon determines the loss of distance from the sample point to
the hyperplane, the larger the value of epsilon, the simpler the
model, while if it is too large, the model may suffer from under-
fitting. We use the GridSearchCV method and ten-fold cross
validation to optimize the hyperparameters C, gamma and
epsilon. The SVR model is retrained using the optimized hyper-
parameters to obtain a new model. The best parameters are listed
in Table S3 (ESIt).

3.1.4 Random forest regression model. The initial RFR
model is obtained by using the RandomForestRegressor method
in Sklearn to generate a random forest with a certain number of
decision trees using default parameters. The main difference
between a random forest and a CART tree is that a random forest
is a combination of multiple random CART trees. The random
forest generated also suffers from overfitting and requires optimi-
zation. We first use GridSearchCV to adjust the parameter n_esti-
mators which does not increase the complexity of the model and
has the greatest impact on the model. After choosing the best
n_estimators, we optimize the hyperparameters like max_depth,
min_samples_leaf and min_samples_split. The RFR model is
retrained using the optimized hyperparameters to obtain a new
model. The best parameters are listed in Table S3 (ESIY).

3.2 Model prediction

After obtaining the BPNN, CART, SVR and RFR models, we use
them to predict the outputs of the samples in the test set and
compare the results with the comprehensive scores by industry
experts. The predicted outputs are called predicted values and
the comprehensive scores are called true values in the models.
By comparing the predicted values and true values, we can
estimate the generalization ability of the methods.

3.2.1 Detection methods of chemical hazards. For the
detection methods of chemical hazards, there are 146 test set
samples. The predicted outputs of the samples by the optimized
BPNN, CART, SVR and RFR models and the true values of the
samples are shown in Fig. 4. It can be seen visually from Fig. 4
that although there is some deviation between the predicted
value and the true value for some samples in the test set, for the
major samples, all BPNN, CART, SVR and RFR models can give
generally accurate predictions. BPNN, CART and SVR take a few
minutes to adjust the parameters to improve the performance of
the model, while the RFR model takes a much longer time to
adjust the parameters, and we prefer to use BPNN, CART and
SVR models.

3.2.2 Detection methods of biological hazards. For the
detection methods of biological hazards, there are 19 test set
samples. The predicted outputs of the samples by the models
and the true values of the samples are shown in Fig. 5. From
Fig. 5 we can determine that for most samples in the test set,
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Fig. 4 True values and predicted values of the BPNN model (a), CART model (b), SVR model (c), and RFR model (d) for the samples of chemical hazards

detection in the test set.

BPNN and SVR models can give more accurate predictions, but
the difference between some of the predictions made by CART
and RFR models and true values is large. For the CART model,
the output value of a leaf node of the decision tree corresponds
to the average value of the samples within that node, the output
curve of the decision tree is neither smooth nor continuous,
and it is approximated by a segmentation function. It is obvious
that for the points near the boundary of the segmentation
function, once a small change occurs, the output results change
greatly. And for the RFR model, it combines a certain number
of decision tree and can improve the overfitting problem to a
limited extent.

3.3 Performance comparison

The obtained regression models are evaluated in terms of
whether they predict the correct values and whether they fit
sufficient information, corresponding to the evaluation metrics
mean square error (MSE) (eqn (2)) and goodness of fit (R?)
(eqn (3)), respectively.

1 m
MSE =— " (3 — Jiprea) @)

mei3

Z (yi - yi.,pred)2

R=1- -
Z (yi - ymean)
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where y; preq 1S the predicted value of the current sample, y; is
the true value of the current sample, ycan is the mean value of
all samples and m is the number of samples. The range of R* is
(- 0,1], and the closer the R* is to 1, the better the performance
of the model. MSE is a measure of the deviation of the
predicted value from true value, and the smaller its value, the
better the performance of the model.

The performance comparisons among BPNN, CART, SVR
and RFR models for the evaluation of the detection methods of
chemical and biological hazards are shown respectively in
Tables 1 and 2. For the detection methods of chemical hazards,
the gap among MSE and R” of the BPNN model, CART model,
SVR model and RFR model is small, which means that based on
the existing data set, for the evaluation of detection methods of
chemical hazards, all models have a good fitting ability and give
the predicted output values with small errors compared with
true values. Table 2 reveals that for the evaluation of detection
methods of biological hazards, the R*> of BPNN and SVR are
much higher than those of CART and RFR models, which
indicates that BPNN and SVR models fit better. Meanwhile,
the MSE of BPNN and SVR models are much smaller than those
of CART and RFR models, which reflects that the BPNN and
SVR models give more accurate predictions. For detection
methods of chemical hazards, all models perform well, they
can fit well and give generally accurate predictions with accep-
table error. Considering the time cost, we prefer to choose
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Fig. 5 True values and predicted values of the BPNN model (a), CART model (b), SVR model (c), and RFR model (d) for the samples of biological hazards

detection in the test set.

Table 1 Performance comparison among BPNN, CART, SVR and RFR
models for the detection of chemical hazards

BPNN model CART model SVR model RFR model
MSE 0.00105 0.00131 0.000417 0.000665
R? 0.969 0.962 0.988 0.981

Table 2 Performance comparison among BPNN, CART, SVR and RFR
models for the detection of biological hazards

BPNN model CART model SVR model RFR model
MSE 0.000222 0.00401 0.00000184 0.00297
R? 0.988 0.785 0.999 0.841

BPNN, CART and SVR models. While for detection methods of
biological hazards, we have a preference for BPNN and SVR
models because they fit much better than CART and RFR
models and can give more accurate predictions.

4 Conclusions

It is necessary to consider multiple factors according to the
actual situation before detecting a specific hazardous sub-
stance to choose a more appropriate detection scheme, which
is a complicated but important process. Therefore, the evalua-
tion model proposed in this paper is crucial for evaluating test

This journal is © The Royal Society of Chemistry and the Centre National de la Recherche Scientifique 2024

methods in advance. Our research innovatively uses machine
learning to build the evaluation model of hazard detection
methods and proposes an attractive way of evaluating hazard
detection methods in food. In addition, by selecting different
evaluation indexes, the evaluation model can be used for the
pre-evaluation of both chemical and biological hazardous
substances.

We use expert scoring results as a dataset to construct the
machine learning model and compare the performance of
BPNN, CART, SVR and RFR models on chemical hazards
detection and biological hazards detection. The RFR model
takes too much time compared with the others to adjust the
parameters so we have a preference for the other three models.
The predictive ability of the BPNN and SVR models is stronger
than the CART model on the available sample, regardless of
whether the sample is larger or smaller. For the detection
methods of chemical hazards, the R* of BPNN, CART and SVR
models are 0.969, 0.962 and 0.988, and the MSE of these three
models are 0.00105, 0.00131 and 0.000417, respectively. For the
detection methods of biological hazards, the R*> of BPNN, CART
and SVR models are 0.988, 0.785 and 0.999, and the MSE of
these three models are 0.000222, 0.00401 and 0.00000184,
respectively. The BPNN model and SVR model prove to be
useful in evaluating detection methods, however, there are still
some problems needing further research and optimization,
such as how to adapt the evaluation model to local conditions.
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