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Abstract: Prediction models based on machine learning algorithms are established to predict the neurotoxicity of chemical pollutants in
food. Database which includes fifty-seven neurotoxic compounds and fifty non-neurotoxic compounds was established through the published
paper. By utilizing the R and SPSS software, the random forest (Random Forests, RF), neural network (Artificial Neural Network, ANN),
support vector machine (Support Vector Machine, SVM) and other algorithms were used to build the classification models applying the
molecular descriptors. The random forest algorithm represented the best performance in aspects of total accuracy and feasibility, illustrating total
accuracy of training set and test set was 95.51% and 83.33%, respectively. The area under the curves of training set and test set were 0.99 and
0.85, respectively. The accuracy of 10-fold cross-validation was 70.24%. In this study, the prediction models established on the basis of machine
learning algorithms and chemical informatics can accurately distinguish the neurotoxicity compounds from non-neurotoxicity compounds. Our
result suggested that among models, the one constructed with the random forest algorithm performs better and the highest eigenvalue from
Burden matrix as a molecular descriptor contributes dominantly to the classification of chemicals with neurotoxic potential.
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Table 2 Correlation matrix analysis of five molecular
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Fig.1 Distribution of neurotoxicity in different data sets
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Table 3 Statistical results of neurotoxicity prediction training set and test set based on 5 descriptors

ARA /K SE% SP/% FPR/%  FNR/%  GA/%  AUC
RF Wk 91.49 100.0 0.00 8.51 95.51 0.99
MK 80.00 87.50 12.50 20.00 83.33 0.85
KNN W%k 80.85 64.29 35.71 19.15 73.03 0.76
MK 80.00 75.00 25.00 20.00 77.78 0.90
ANN E S 87.23 90.48 9.52 12.77 88.76 0.92
MK 60.00 100.00 0.00 40.00 77.78 0.74
SUM kL 65.96 83.33 16.67 34.04 74.16 0.81
MK 70.00 87.50 12.50 30.00 77.78 0.84
BN S 57.45 83.33 16.67 42.55 69.66 0.79
MIRE 70.00 100.00 0.00 30.00 83.33 0.89
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Fig.2 ROC curve of prediction results of random forest model on training set and test set
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Table 4 Misclassified compounds in random forest algorithm
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Table 5 Misclassified compounds and values of off-library
reference compound descriptors
Cas % D015 D142 D152 D175 D564
50-32-8 FN 0.00 029 0095 27470.00 09.15
83-79-4 FN 0.18 025 0.77 67965.00 9.29
99-66-1 FN 089 034 0.58 300.00 9.11
110-54-3 FN 1.00 048 0.55 70.00 7.80
129-00-0 FN 0.00 022 094 10900.00 9.10
28094-15-7 FN 050 0.29 0.68 1098.00 9.05
56803-37-3 FP 035 022 0.76 16631.00 15.66
81-07-2* FP 000 025 092 1987.00 16.66
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