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Fig.1 Network structure

The “T-net” represents a spatial transformation network, the “Conv” represents the convolutional layer, the “mlp” stands for multi-layer perceptron

(mlp), and the number in parentheses is the layer size.
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Fig. 2 TF.Dynamic_Partition function renderings
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Fig. 3 Improved symmetric pooling operation
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Table 1 Optimization of the super—parameter learning

rate

Pearson correlation

Momentum Leamning rate coefficient
0.99 0.000 1 0.61
0.99 0.000 2 0.60
0.99 0.000 3 0.60
0.99 0.001 0.61
0.99 0.002 0.63
0.99 0.003 0.61
0.99 0.01 0.62
0.99 0.02 0.60
0.99 0.03 nan
0.99 0.1 =

The values highlighted in bold represent the optimum parameter

values with the best Pearson correlation coefficient.

A, PSRRI, 2
FIRFRAE DAL TR T 28 A IR RN, 2
2R K] g SRR YRS, B nan A91F B
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FUATLLAE 4L 0.000 1/ERRIGR1E, iib3]E
0.000 3, Pearson #H¢ REUAFAZL, WFLGT
— M UE AL 0.00 L /MR IR A ST UL A . e B HR
A 2 0.03 F10.1 BF, AHOCREUH I T nan 115
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Table 2 Optimization of the super—parameter momentum

Pearson correlation

Learning rate Momentum coefficient
0.002 0.99 0.63
0.002 0.97 0.65
0.002 0.95 0.62
0.002 0.93 0.63
0.002 0.90 0.61

The values highlighted in bold represent the optimum parameter

values with the best Pearsoncorrelation coefficient.
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Table 3 Pearson correlation coefficient of the B—factors for each protein in the test dataset predicted by our models com-
pared with those predicted by GNM

PDB GNM  Our PointNet-based model ~ Our improved model PDB GNM  Our PointNet-based model ~ Our improved model
loks 0.61 091 0.86 4hgu 0.69 0.80 0.85
1s9z 0.90 0.92 0.93 4mgp 0.86 0.87 0.87
lviw 0.55 0.69 0.70 4nin 0.91 0.93 0.94
Iwy3 0.53 0.47 0.54 4nip 0.77 0.78 0.75
2dpq 0.33 0.41 0.45 4r0r 0.60 0.68 0.62
2erw 0.19 0.25 0.29 4rbx 0.42 0.62 0.57
2onw 0.59 0.92 0.91 4rik 0.82 0.78 0.79
2onx 0.99 0.96 0.89 4rp7 0.55 0.69 0.56
3dgl 0.91 0.85 0.92 4wp4 0.64 0.50 0.47
3im3 0.77 0.37 0.40 Sawl 0.71 0.66 0.69
3nvg 0.60 0.38 0.54 Soll 0.43 0.61 0.59
303y 0.43 0.79 0.76 Svsg -0.57 0.43 0.79
3tbo 0.66 0.67 0.60 6¢3s 0.94 0.83 0.85
3vla 0.75 0.29 0.34 6¢che 0.64 0.74 0.68
3zyl 0.83 0.73 0.66 6dkz -0.25 -0.06 0.20
4evd 0.28 0.55 0.49 6gqc 0.91 0.37 0.35

K3 R R2AMEPRENEATBHE T
Pearson A & R %, A LLAE Mo H AT
PointNet #5 51 FIAC A5 1Y () T 00 45 S 24 T GNM,

T B GNM 22 0 28 0 HE AR s 2R
HUSII SR K B, 3 T 25 R B A FA T V S A1 C i
loop XA I FH R UL, AR SCRRI TG &5 R0 T
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GNM, X TEMEONEERFEAT, A YR, B, HERR. MASOrEA
TS 22T GNM. 41T, 2T PointNet BERIAIRY AR W25 ELHEAR IR 1 BRAS A4 I [ A O 2R 1k
PERCR B PSSR 5 T ONMAETI B F R ik, AT ENE AT, YIZRTE M 25
I 62.5%, SCHERCRI TN A R T SRR R T AR B B A R BB, TR
PointNet #5278 (% 3 F B8R (5 U8 53%. B il R, JF HBUECR I 4F T GNM
GNM AT B TR ER AT Be, BEATRCR e Tk

Table 4 Mean Pearson correlation coefficient between the predicted and experimental B—factors for our proposed models
compared with the results of GNM

Model GNM Our PointNet-based model Our improved model

Mean Pearson correlation coefficient 0.60 0.64 0.65
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(1Y) Pearson A ¢ R £ 5112 0.80., 0.85, 1fif GNM Jif Fig.4 The tertiary structure of Galleria mellonella silk
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Fig. 5 The B—factors of Galleria mellonella silk protease inhibitor 2 predicted by our PointNet—based model, the improved
model and the GNM, respectively, compared with the experimental data
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Table 5 Pearson correlation coefficient of the B—factors

for each protein in the test dataset of disordered proteins

predicted by our models compared with those predicted by

GNM
PDB GNM Our PointNet-  Our improved
based model model

ljsu -0.03 0.84 0.83
3cxd 0.61 0.52 0.40
3hqr 0.21 0.42 0.58
3pow 0.67 0.57 0.70
4jeh 0.37 0.46 0.32
Shf7 0.17 0.93 0.99
Average 0.33 0.62 0.64
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Protein Flexibility Prediction Based on Point Cloud Convolutional Neural
Network

ZHANG Xiao-Hui, GU Hao-Sheng, WANG Zhi-Ren’
(School of Science, Yanshan University, Qinhuangdao 066004, China)

Abstract Objective Protein flexibility plays important roles in various biochemical processes in the living
organisms, such as enzyme catalysis, signal transduction, substance transport and storage, etc. Prediction of the
intrinsic flexible motions based on the tertiary structure of proteins is helpful for our better understanding of the
mechanism of protein functions, which is an important scientific problem in the research field of protein structure-
function relationship. Convolutional neural network (CNN), one of the mainstream algorithms in deep learning,
has been successfully applied in the study of protein structure-function relationship. Methods In the present
work, based on the idea of PointNet method developed in the computer vision research, a CNN model was
proposed to predict the protein flexibility. In this model, protein structures were treated as three-dimensional point
clouds, where the atomic coordinates of proteins were directly inputted into the model, and the permutation
invariance and global rotation invariance of the point cloud were delt with by using the pooling operations and a
spatial transformation network, respectively. In addition, considering the varied sizes of different proteins, a new
mini-batch optimization strategy was proposed, where the model was trained by using the mini-batches of protein
structures with different sizes as input. The Pearson correlation coefficient was used as the evaluation function for
the training of the model. Besides that, in order to further enhance the performance of the network, an improved
model was constructed based on the PointNet-based CNN model, in which the max-pooling and the average-
pooling were concatenated to better extract the global features of protein structures. Then the PointNet-based
CNN model and the improved model were trained and tested by using the temperature factors (B-factors) of 243
non-redundant proteins. Results The results show that the average Pearson correlation coefficient between the
predicted and the experimental temperature factors predicted by the PointNet-based model and the improved
model were 0.64 and 0.65, respectively. The prediction accuracy of our models is better than that of the Gaussian
network model that has been widely used in investigating protein flexibility. Especially, for the 74 relatively loose
natural disordered proteins from the Disbind website, the average Pearson correlation coefficient predicted by our
models were 0.62 and 0.64, respectively, which were significantly better than GNM. Conclusion Our studies

provide an effective model for the effective prediction of the intrinsic flexibility encoded in protein structures.

Key words protein flexibility, PointNet, point cloud, pooling operations, spatial transformation network, mini-
batch, B-factor
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