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Value

Food safety accidents caused by microbial pathogens are common across  tors s

the globe. The detection and identification of microorganisms in conta-  organ
Inated food can help provide effective information in order to imple- learni
ent timely control measures. Matrix Assisted Laser Desorption/lonization ~ (CNN) which has shown high accuracy and robustness.

BACTERIA CLASSIFICATION BY
MALDI-TOF-MS WITH CNN
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vents and acquisition methods. We present an innovative deep
ethod based on the application of convolution neural networks
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THE NEW INTELLIGENCE: CONVOLUTIONAL NEURAL NETWORK

DATA AND NOISE SIMULATION Data set (raw MALDI-TOF data Noise Type:

MALDI-TOF Data for one sample (sparse by 35 times)

without pretreatment):

29

Bl 3 Species: Staph. aureus, Staph.
intermedius, Miscellaneous
W 20,893 peaks per sample.
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B Adjust parameters (weights, etc.)
Bl Iterate through samples
M Estimate “Error” through loss function.
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Noise type:  Shift by 44 peaks
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Magnify peaks 1.3 times

B Spectrum shift (by 44 steps which equals to CO, mol. weight) from a
omly selected position in the spectrum for selected samples
ity all peaks of randomly selected samples (1.3 times)

1ormal noise to all peaks of randomly selected samples (30%)

The following diagrams show the effect of the three noise types when
the model developed on the bhasis of the training set is applied:

samples of the test set are subjected
domly selected samples.
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B CNN displays high accuracy at a lower computational cost even in the presence of noise.
B Adding noise during.the training process makes the model more robust: the difference

iInal and “noisy” test data Is reduced.
rocess has a greater effect on the “noisy” test set than
that of peak shifts and peak magnification.

GET IN TOUCH WITH US!

FIND WHAT MATTERS IN YOUR DATA!
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