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Method for Recognizing Antimicrobial Susceptibility Testing
Results Based on Convolutional Neural Network

GUO Yubin!, LIN Xinying', ZENG Xiaoyin!, SUN Jian2, LI Ximing'
( 1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China;
2. College of Veterinary Medicine, South China Agricultural University, Guangzhou 510642, China )

Abstract: [ Objective ] Antimicrobial resistance surveillance is a vital task in the field of public health safety. Up
to now, most results of antimicrobial susceptibility testing (AST) need to be recognized manually, which lead to subjective
interpretations of experimental results and lower working efficiency. In this paper, an automatic method for interpreting AST
results of microporous image recognition based on convolutional neural network is proposed. [ Method ] According to the
data set of MIC test image construction provided by the National Veterinary Micromicrobial Resistance Risk Assessment
Laboratory, the image recognition model of single microporous AST result was trained by, using two convolutional network
models — Inception_V4 and MobileNet_V1. Based on the classification results of the model recognition, the MIC value
calculation method and the drug resistance recognition method were established, and the automatic identification of the AST
results was achieved. [ Result ] With the two Convolutional Neural Networks — Inception_V4 and MobileNet_V 1Inception_

V4, the accuracy rates of image recognition of single microporous AST results were 99.99% and 99.97%, respectively.
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And the accuracy of MIC value and drug resistance recognition reached 97.30%, 94.40% and 99.13%, 98.40%, respectively.

[ Conclusion ] Both of the two convolutional neural networks can replace manual interpretation, to improve the work efficiency

and reduce the professional requirements for experimenters. Compared with Inception_V4, the interpretation accuracy of the

MobileNet_V1 model is slightly lower, but the efficiency is higher, and the practicality can be reached.

Key words: Convolutional Neural Network; drug resistance; antimicrobial susceptibility test; minimal inhibitory

contentration (MIC)
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%1 MobileNet_V1 M4 4544
Table 1 Convolutional neural network of MobileNet_V1

J2$ Layer number JZZH Layer type UEPEER KN Filter size I AN Input size
1 Conv/s2 3x3%x3x%x32 224 x224 %3
2 Conv dw /sl 3x3x%x32dw 112x112%x 32
3 Conv/sl 1x1x32x64 112x 112 x 32
4 Conv dw /52 3 x3x64dw 112x 112 x 64
5 Conv/sl 1x1x64x128 56 x 56 x 64
6 Conv dw /s1 3x3x128 dw 56 x 56 x 128
7 Conv/sl 1x1x128x128 56 x 56 x 128
8 Conv dw /52 3x3x128 dw 56 x 56 x 128
9 Conv/sl 1x1x128x256 28 x 28 x 128
10 Conv dw /sl 3 %3 %256 dw 28 x 28 x 256
11 Conv/sl 1x1x256x%256 28 x 28 x 256
12 Conv dw /52 3x3x256x%x512 28 x 28 x 256
13 Conv/sl Ix1x128x128 14 x 14 x 256

14~23 5 x ( Conv dw/s1 Conv/s1 ) 3x3x128dw 1x1x256x512 14x14x512 14x14x512

24 Conv dw /52 3x3x512dw 14x 14 x 512

25 Conv/sl 1x1x512x1024 7Tx7Tx512

26 Conv dw /s2 3x3x 1024 dw 7x7x1024

27 Conv/sl 1x1x1024 x 1024 7x7x1024

28 Avg pool /s1 pool 7 x 7 7x7x1024

29 FC/s1 1024 x 1000 1x1x1024

30 softmax/s1 classifier 1 x1x1000
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x2 HBREBHESHER

Table 2 Distribution of experimental data

Kl A LR JCH AL B ENISY i

Data set Number of micropores with bacterial growth ~ Number of micropores without bacterial growth  Total number of samples
YI1Z54E Training set 50000 50000 100000
IRUEE Validation set 14976 15000 29976
JVEEAR Total number of samples 64976 65000 129976
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Fig. 3 Preprocessing procedure of image
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Table 3 Comparison of the interpretation effects of two
models on drug susceptibility results

AL FRGLAL BRRALA

g o . . o, MIC HERf T2tk
ﬁ@1 PR SRR LR Mﬁm mgﬂgf
’ (%) (%) (%)
Inception—-V4 99.99 99.67 100 97.3 99.13
MobileNet_V1  99.97 99.41 100 94.4 98.40
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