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Abstract  [Background] Serial X-ray crystallography has developed rapidly due to its advantages of data
collection at room temperature, low radiation damage and time resolution. To solve protein structures by using the
serial X-ray crystallography, a large amount of produced diffraction data needs to be screened for finding the
effective diffraction patterns. The use of convolutional neural networks (CNN) can not only automate the data

screening process, but also improve the accuracy of data classification comparing with the traditional "point finding
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method". [Purpose] This study aims to explore five types of popular convolutional neural networks, i.e., AlexNet,

GoogleNet, MobileNets, Vggl6, ResNet, for screening crystallographic diffraction patterns, and compare the

accuracy and efficiency of them to build up a fast and accurate convolutional neural network tool for screening the

diffraction patterns of different protein crystal samples. [Methods] Firstly, the primitive data for model training

extracted from the coherent X-ray image database, collected by Linac Coherent Light Source (LCLS) and Spring-8

Angstrom Compact free electron laser (SACLA), were pre-processed by gray level equalization and data

enhancement. The deep learning models were trained by iteration of the preprocessed data. Then, the selected

convolutional neural network through the comparison of accuracy and efficiency was used to process further the

experimental data of protein crystals diffractions. [Results] The results show that MobileNets not only has the

accuracy similar to large networks such as ResNet, GoogleNet-Inception, but also runs faster. [Conclusions]

MobileNets provides an effective and convenient screening tool for serial X-ray crystallography experimental data.

Key words Serial X-ray crystallography, Convolutional neural network, Machine learning, MobileNets
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Table 1 Experimental data
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Dataset Protein Incident energy / keV Instrument Detector

LN83 ZUAb B 2 A 5T dn 4 Hydrogenase 9.498 MFX Rayonix

LN84 J6 R4t 11 Photosystem 11 9.516 MFX Rayonix

LO19 I 2 Cyclophilin A 9.442 MFX Rayonix

1498 W& I 25 11 Thermolysin 9.773 CXI CSPAD
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Table 2 Data classification
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Data type Number of Bragg points Effective information content

iy Hit X=10 %24 %% & More valid information
V7 Maybe 10>X=4 /045 345 B Less valid information

A Miss X<3 LA 245 B Loss valid information
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Notes: The same classification threshold setting as Ref.[7] is adopted in the table to facilitate the comparison of results. For different
data types, the threshold setting can be further optimized through practice to achieve higher classification accuracy.
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Fig.1 Comparison of LN83 diffraction pattern before (a) and
after (b) gray value equalization
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(a) LN84-0015[ ], (b) LO19-0134[fir ], (c) LN83-0002[ i H'], (d) L498-0032[ 7 ]

Fig.2 Diffraction pattern of protein crystal after gray value equalization
(a) LN84-0015 [Hit], (b) LO19-0134 [Hit], (c) LN83-0002 [Hit], (d) L498-0032 [Hit]
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(e) MBI £1 i@ 110°, JF A 78 5 AMEER , N A2 5 AMERE L () I &1 gk 60°
Fig.3 LNS83 diffraction pattern image enhancement results (a) Original image, (b) Flip left and right, (c) Rotate 90°
counterclockwise, (d) Rotate 25° counterclockwise and move 10 pixels to the right, (¢) Rotate 110° clockwise, move 5 pixels to the
right and 5 pixels to the down, (f) Rotate 60° clockwise
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Table 3 Five convolutional neural networks

R 265 RIEZEIRIE /)7 FERd

Net Depth / layer Characteristic

AlexNet 8 WX 2% 400, R H ReLu B3 PR 2 Less layer, use ReLu activation function

Vggl6 16 K /NEFZ , I SIGE BN Small convolution kernels to speed up convergence
Inception-V1 22 FEATUHE, LR 45122 Parallel computing, remove the full connection layer
Inception-V3 46 FAT U BB AR YR 2, 0D B3 FUAK Parallel computing, split convolution

ResNet101 101 K% ZE M 45 A4k 2% 21 H b5 Optimize learning objectives using residual network
MobileNets-V1 28 BB, 5] N4 24 Separate the convolution depth, use global hyperparameters

MobileNets /& — R B IR CNN, BRI 25 () 2 BB R0 G B, XA S5 K S B 1 FE AN PR A
B IR Iy BB A LB IR SRR AT IR MR Mg S BT E . [,
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Fig.4 Flow chart of convolutional neural network for training
and prediction
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Table 4 Verification set and test set accuracy of each samples based on MobileNets

FE i Samples

AR HERE Accurancy / %

AR HERAE Accurancy

L498-% LM £ 11 Jii &4 /& Thermolysin 62.2
LN84-J¢ & 4t 11 Photosystem II 82.3
LNS83-Ig #\ [ & A ¥ Hydrogenase 81.8
LO19-#3 % Cyclophilin A 78.0

7/10
8/10
8/10
9/10
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Fig.5 Accuracy and operation rate of verification set and test set based on different networks
(a) Verification set accuracy, (b) Test set accuracy, (c¢) Verification set running rate, (d) Test setverification set running rate
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Table 5 Accuracy of verification set and test set using different networks based on LN83

W 4% Nets bR Label LN83-Z L 85 [ 5T i #4 Hydrogenase
A Hit HYFdr Maybe AArth Miss
MobileNets firH Hit 0.919 0.070 0.011
Y7 A F Maybe 0.168 0.701 0.131
FArH Miss 0.014 0.043 0.943
Inception-v1 i Hit 0.935 0.043 0.022
. ¥FrH Maybe 0.350 0.416 0.234
Ffrrh Miss 0.008 0.028 0.964
Inception-v3 i Hit 0.958 0.029 0.013
H¥FAr Maybe 0.547 0.343 0.109
A Miss 0.058 0.202 0.740
Vggl6 i Hit 0.893 0.086 0.021
v Maybe 0.073 0.876 0.051
A Miss 0.020 0.141 0.840
ResNet A Hit 0.854 0.084 0.063
VT Maybe 0.015 0.518 0.467
A A Miss 0.001 0.004 0.995
AlexNet Ak Hit 0.907 0.014 0.079
W VF4rH Maybe 0.927 0.022 0.051
KA Miss 0.509 0.016 0.475
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(a) MobileNets, (b) ResNet, (c) Inception-v1,(d) Inception-v3,(e) Vggl6,(f) AlexNet
Fig.6 -SNE dimensionality reduction results of six convolutional neural networks (the circle is the "maybe " sample, the cross is
the "Miss" sample, and the pentagram is the "hit" sample)
(a) MobileNets, (b) ResNet, (c) Inception-v1, (d) Inception-v3, (e) Vggl6, (f) AlexNet
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Table 6 Accuracy of two classification based on Ln83

sample

eSS iy /AR Y A
Nets Hit/maybe Miss
MobileNets 0.970 0.943
Inception-V1 0.944 0.964
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Vegl6 0.974 0.840
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