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[ Abstract] Objective Employing computational means to explore an efficient deep learning method
for improving the prediction accuracy of outer membrane protein topology under the current conditions of small
sample size of outer membrane proteins. Methods First, selecting and constructing data sets is suitable for the
prediction of outer membrane protein topology; Second, this paper determining the optimal input of the model
through feature screening and comparative experiments; Third, building and optimizing a topology prediction
model the TopOMP-capsnet is on the basis of capsule network; Finally, the model performance is evaluated and
verified by comparative congenic methods. Results and conclusions Topology prediction model the TopOMP-
capsnet has better performance compared with similar methods, which proves that deep learning technology
can identify corresponding sequence patterns under limited sample conditions, and is helpful for large scale
classification and screening of outer membrane protein structure and function. Innovation Topology prediction
model the TopOMP-capsnet has a three-state prediction accuracy (Q3) of 87.7%, which is superior to traditional
machine learning methods.
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Tab.1 Summary of protein data bank

Bl 1 44 P B PE b

oPM ' https://opm.phar.umich.edu/

PDBTM '*' http://pdbtm.enzim.hu/

Mptopo ' https://blanco.biomol.uci.edu/mptopo/
OMPdb “*** http://bioinformatics.biol.uoa.gr/OMPdb
TOPDB '’ http://topdb.enzim.hu
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Fig.1 Schematic of model prediction flow
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Tab.2 Experimental Training Dataset Data

X PDB_ID UNIPROT_ ) . 5 g
R 1D CHAIN AC OMPdb 035 TR K B4 2 H B
1 4fuv_A G2JM62 The Carbapenem resistance-associated outer membrane protein (carO) Family 8
2 3gp6_A P37001 The Antimicrobial peptide resistance and lipid A acylation protein (PagP) Family 8
3 2erv_A QI9HVDI1 The Outer membrane-localized lipid A 3-O-deacylase (PagL) Family 8
4 2x27 X QIHWWI1 The OmpW Family 8
5 3dzm_A Q72ID8 The Thermus thermophilus HB27 TtoA Family 8
6 1qj8_A POA917 The Outer Membrane Protein beta-barrel domain Family 8
6 21hf A Q51486 The Outer Membrane Protein beta-barrel domain Family 8
7 1gjp_A POA910 The OmpA Family 8
8 1p4t A QI9RP17 The Neisserial Surface Protein A (NspA) Family 8
9 1i78_A P09169 The Omptin (OmpT) Family 10
10 1k24_A Q51227 The Opacity (OpcA) Family 10
11 dels A P43261 The Intimin/Invasin Famil 12
12 1qd5_A P0OA921 The Outer Membrane Phospholipase (OMPLA) Family 12
13 3fid_A Q8ZPT3 The systemic factor protein A (SfpA/LpxR) Family 12
14 1tly A P0A927 The Nucleoside-specific Channel-forming Outer Mem-brane Porin (Tsx) Family 12
15 2wir A P69856 The Oligogalacturonate-specific Porin (KdgM) Family 12
15 |[4fqge_A Q934G3 The Oligogalacturonate-specific Porin (KdgM) Family 12
16 luyn_X Q8GKS5 The Autotransporter (AT) Family 12
16 3kvn_X 033407 The Autotransporter (AT) Family 12
16 3qq2_A Q45340 The Autotransporter (AT) Family 12
16 3slt_A Q7BSW5 The Autotransporter (AT) Family 12
17 2flec X P76045 The OmpG Porin (OmpG) Family 14
18 3dwo_X QI9HVI6 The FadL Outer Membrane Protein (FadL) Family 14
18 3bry_A QI9RBWS The FadL Outer Membrane Protein (FadL) Family 14
18 3pgu_A P10384 The FadL Outer Membrane Protein (FadL) Family 14
19 204v_A P05695 The Pseudomonas OprP Porin (POP) Family 16
20 3wi4_A P30690 The General Bacterial Porin (GBP-1) Family 1 16
20 losm_A Q48473 The General Bacterial Porin (GBP-1) Family 1 16
21 2por_A P31243 The General Bacterial Porin (GBP-4) Family 4 16
21 2fgq X P24305 The General Bacterial Porin (GBP-4) Family 4 16
21 Iprn_A P39767 The General Bacterial Porin (GBP-4) Family 4 16
22 2qdz_A P35077 The Two-Partner Secretion (TPS) Family 16
23 4gey A ASVZAS The Glucose-selective OprB Porin (OprB) Family 16
24 4c00_A POADE4 The Outer Membrane Protein Insertion Porin (Omp-IP/Omp85) Family 16
24 4k3c_A Q93PM2 The Outer Membrane Protein Insertion Porin (Omp-IP/Omp85) Family 16
25 4afk_A P18895 The Alginate Export Porin (algE) Family 18
26 2ynk_A Q8GNN6 The wzi Family 18
27 la0s_P P22340 The Sugar Porin (SP) Family 18
27 Impr_A P26466 The Sugar Porin (SP) Family 18
28 3syb_A Q9HVSO0 The Outer Membrane Porin (OprD) Family 18
29 2iah_A P48632 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
29 3thh_A P72412 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
29 4b70_A Q841A2 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
29 3v8x_A QI9KO0U9 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
29 Ifep A P05825 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
29 2grx A P06971 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
29 lkmo_A P13036 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
29 2guf A P06129 The Outer Membrane Receptor (OMR-TonB Dependent Receptor) Family 22
30 3rfz_B P30130 The Outer Membrane Fimbrial Usher Porin (FUP) Family 24
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Tab.3 BOCTOPUS2 benchmark test set

boctopus2 e (42)
4Q35_A 3FID_A 2X4M_A 3SLJ_A 3CSL_A 3DZM_A
ITLY_A 3RBH_A 4GEY_A TUYN_X 21AH_A 2MLH_A
2MPR_A 1QD5_A 204V_A 3KVN_A 3DWO_X 1K24_A
3EMN_X 3SYB_A 3PRN_A AMEE_A 4ATP_A 3QRA_A
3RFZ_B 4C00_A 3POX_A 2X9K_A 3V89_A 2KOL_A
2YNK_A 3NJT_A 3A28_A IFEP_A 4FUV_A 2LHF_A
3GP6_A 4K3B_A 4E1T_A 1KMO_A 2ERV_A 2X27_X

3.2.3 AR
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PDBTM %4 g v 43 477 ASHMEE . 4 psi-cd-
hit-protein T H "2 L9044, M LKL & F 5
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Tab. 4 Experimental independent test set

PDB_ID CHAIN UNIPROT_AC 5 I Bt /A
4Y25 A P69434 16
5067_A C4IN73 12
SLDV_A Q65915 18
6QAM_A Q00595 8
5DL8_B A0AOD5YI36 18
5MDO_A LORVUO 16
6H3I_F Q516C7 14
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Tab.5  The physicochemical attributes of 30 variants screened
from the AAindex database
AAindex FE AL Jm e v
BULH740101 W 1 REE R B R H [-2.46.0.16]
BULH740102 FEHR S LA R [0.558.0.842]
PONP800102 JE) PG K P 1) 2 48 2 [5.72,10.93]
PONP800104 o — WEUE T i ) L g K [10.98.15.36]
PONP800105 B — A i J R B K [11.79,16.49]
PONP800106 Ji PRl 8 K 1 [9.93,15]
MANP780101 P24 T Bl K [10.85,15.71]
EISD840101 BIS VR R AV c ;3 [-1.76,0.73]
JOND750101 K [0,3.77]
HOPT810101 IR [-3.4,3]
PARJ860101 RO E RS 28 [-10,10]
JANJ780101 -8y ] 42 fh 2 1 R [15.5,103]
PONP800107 T A D R [1.79.7.69]
CHOC760102 Yrae a1 gk R Ry n] R R AR [18.97]
ROSG850101 Sy 4 R [62.9.224.6]
ROSG850102 S 49 43 BT AR [0.52,0.91]
BHARS880101 S T HE R [0.295.0.544]
KARP850101 TE M S48 ) 22 B S R [0.925.1.169]
KARP850102 AN RIS 38 1 22 B S 8 [0.862.1.089]
KARP850103 T P 405 38 10 22 1 5 5 [0.803.1.057]
JANJ780102 eI AR B0 o b [3.74]
JANJ780103 TEEEIR I A [5.85]
LEVM780101 o = BRIEAY A — AR, AR [0.52,1.47]
LEVM780102 B - IrBMIH— LR, HAE [0.64,1.49]
LEVM780103  [In %25 MbnifE kA, Al [0.41.1.91]
GRAR740102 etk [4.9.13]
GRAR740103 A [3.170]
MCMT640101 i [0.42.53]
PONP800108 JiE) L i 1) S 48 [4.88,7.86]
KYTJ820101 FKIEEL [-4.5.4.5]
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Tab. 6 FraglD prediction result fragments

Py IR SRR LIEGYES BRI e T Ay {5 SRR TS B v {5
1 M R 0.874 A 0.333 H 0.726
2 H R 0.695 R 0.500 S 0.582
3 E R 0.766 S 0.556 S 0.726
4 T R 0.731 A 0.333 H 0.726
5 K R 0.769 A 0.667 H 0.726
6 Q R 0.737 A 0.579 H 0.741
7 G R 0.856 G 0.348 T 0.676
8 G R 0911 K 0.296 H 0.503
9 E R 0.661 A 0.437 H 0.582
10 K R 0.701 A 0.645 H 0.707
11 R R 0.623 A 0.323 H 0.652
12 F R 0.562 S 0.344 S 0.744
13 T R 0.636 S 0.344 S 0.717
14 G R 0.537 S 0.344 S 0.448
15 A H 0.587 R 0.625 S 0.717
16 I S 0.611 S 0.625 S 0.690
17 C H 0.636 A 0.613 H 0.707
18 R H 0.611 A 0.677 H 0.735
19 C H 0.555 A 0.514 H 0.693
20 S R 0.589 A 0.472 H 0.654
21 H R 0.600 A 0.343 H 0.742
22 R R 0.719 A 0.455 H 0.595
23 Y R 0.623 S 0.406 S 0.636
24 N R 0.573 A 0.500 H 0.668
25 S H 0.573 A 0.300 H 0.640
26 M H 0.521 A 0.462 H 0.582
27 E R 0.576 A 0.476 H 0.603
28 \Y R 0.593 A 0.722 H 0.773
29 K R 0.569 A 0.467 H 0.611
30 M R 0.611 A 0.750 H 0.869
31 A R 0.537 A 0.444 H 0.726
32 A R 0.583 K 0.667 H 0.726
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Fig.2 Schematic of network structure
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Fig.4 Thirty-fold cross validation results
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Fig.5 Flowchart of model prediction
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Tab.7 Q3 predictive value of models with different single features

IR 24 Bk Q3
Phys30 68.7
Phys7 69.3
PSSM 83.2
HHblits 84.8
FraglD 75.4
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Tab. 8 Q3 predictive values of models with different combinations

of features

FHEAFR Q3
Phys30+HHblits 73.2
Phys7+HHblits 74.3
PSSM+HHblits 86.1
Frag D+HHblits 78.1
Phys7+PSSM+HHblits 79.3
Fragl D+PSSM+HHblits 81.9
Phys7+Fragl D+PSSM+HHblits 82.4
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Tab. 9 Q3 predictive values for models with different window sizes

W B RN Q3
20 84.3
30 86.9
40 87.1
50 86.1
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Tab. 10 Comparison of cross validation results on the training

dataset (49 proteins)

Method Q3 Correct #TM  Correct top SOV
TopOMP-capsnet  0.877 30 28 0.823
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Tab. 11 Versus PRED-TMBB2 method

Method Q3 Correct #TM  Correct top SOV
PRED-TMBB2-MSA ‘' 0.817 29 26 0.841
PRED-TMBB2-single "' 0.750 20 15 0.728
TopOMP-capsnet 0.877 30 28 0.838
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Tab. 12 Contrasting benchmark dataset results

Method Q3 Correct #IM  Correct top SOV
PRED-TMBB2-MSA "' 0.892 39 32 0.905
PRED-TMBB2-single '’ 0.868 22 14 0.840
BOCTOPUS2 ! 0.914 35 29 0.925
PROFtmb ' *!' 0.840 24 18 0.751
PRED-TMBB '/ 0.826 21 12 0.678
BetAware ' 0.851 23 10 0.725
TMBETAPRED-RBF '*/ 0851 19 8 0.559
TopOMP-capsnet 0.920 40 33 0.907
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Tab. 13 Contrasting independent dataset results

Method Q3 Correct #TM  Correct top SOV
PRED-TMBB2, ' 0.695 2 1 75.92
BetAware-Deep | '*! 0.807 6 6 87.74
TopOMP-capsnet 0.854 6 6 94.58
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