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Abstract

Allostery is an important mechanism for regulating protein functions, which is essential for many
biological processes. Compared with orthosteric regulators, allosteric regulators have higher speci-
ficity and lower toxicities, which makes allosteric drug design have more advantages than or-
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thosteric drug design. The discovery of allosteric sites is a prerequisite for allosteric drug design.
Currently, experimentally obtained allosteric sites are mostly obtained by chance, and therefore
there is an urgent need to develop effective theoretical methods to predict protein allosteric sites.
Here, we present an ensemble machine learning method AllosEC for protein allosteric pocket pre-
diction, where besides the pockets’ physicochemical properties, their secondary structure infor-
mation, depth indexes (DPXes) and protrusion indexes (CXes) are considered. In order to over-
come the problem of extreme imbalance between positive and negative samples, this work uses an
under sampling method to balance the training dataset. AllosEC outperforms other existing methods
in multiple evaluation metrics on the independent test set, with SEN, SPE, PRE and MCC of 0.708,
0.915, 0.405 and 0.486, respectively. Thus, this work provides a good method AllosEC for protein
allosteric site prediction.
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1. 518

AR AR Re M E BRI, el R e T RIS A T S A S (R R A )
DAAM I e A7 s (AL £, 51 B A R BB ) M o 1 s, g s e 2 S P RE I AR [1] [2] [3]
FHEG T IEAAT A, BRI S G5 A B0 L 2 R, IR A A3 AR R T 5 7 B A B s R Bt A e D i E RIE
TX AR A AR KA 1 5 77 1 THE 2990 R R LA SR X [4] [5] [6]. AR s 1H R A2 AR R 25 vt 1)
B, AERRRON B 1 0 S R Rt BSR4 K6 A 2 SR AN 2 ) U T 38 L i G 1) ) R

AT, ARAAAT 25 22 A2 b 1 B B ke SE G AR AR BT A (7] [8], IX ™ H FHAS 1 ARM I 45 71U it 59 & [9],
DRI, R BV (1) 7 V2SR A B TOO 2 1 S AL i 32 38 TR AN T2 03 . R MRS 3R H DK,
VR 2 B 7 VAR H ) AR 7 8 A U M s B BRI B B BB R . R, BE T Eh R A iy
A A Go #EA[10]. AlloMod [11]F1 SPACER [121% 771k . XSkt T2 A, FEXMNME R
CRAAT KRR AT R RIS CE AR ML i, IXIE S T B RE P B I (] o %hitl, ATIERH 72T IR AR A5
#T(Normal Mode Analysis, NMA)FRLRL Ak 3514 X 4% 455 73 (Elastic Network Model, ENM) ) 75 75K 155 & A
JRASFINL A [13]e B T LA BIETF B 2B kA, BN IR R R T 3T A b (0 7 iR [ 14 RS F 25 4
P26 (1) 7745 [15], AE LTI AR M AR AN S AR, IX R REE RO RO s RR PE LS 2 . Xk, AATTTTF46
R e n] LA 18 22 DR 3R L 88 27 o T 2k Pl 2 1 A A i e 2013 4F, Huang 55 A 1 O LA 2
D5 T ARRIAL 5 T, $EH T Allosite J7¥E[16]. %7544 ] Fpocket F2 7 [17) A8 8% (A B3R B 7E
BIASH CAS, R ERACRRPEE N CAS IR R R I 2Rt 8L . 2014 4F, Panjkovich 8 ARIHE AR 4G
JERARCAAR = A R E B, 1R T PARS [18] 7714, 2017 4, Song 25 \¥ ASHEA TR (Il 45 &
REFLICAA 7= A ) SR AR A A5 EAE R RHE, 2 T AllositePro 777:[19].

ATAEF, FATHRE T —FE RN 2% > 7324 AllosEC (Ensemble Classification model for
protein allosteric site prediction, AllosEC)R Tl & F1 it A8 F148 . v I I 2Rt B Hh IE SR ARl AN P-4l
), A RCRAE T iR P I R A . RROE T T, B EE S M B M B AN, BN T D48 —
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PEERE B IRER BRI IBEURFAE . &), I BT B AR SR 1)1 25 M+ 52 Bt Y (Stacking
Ensemble Classifier, SEC) LA AR A4) [ L8 T 25 o

2. W5 F%®
2.1. BiEEE

YR E R H ASBench (https://mdl.shsmu.edu.cn/asbench/)F £ 3 ££[20] . ASBench &4 FH A 14
$i4fs % (ASD, https://mdl.shsmu.edu.cn/ASD/) [21] 1 43 # T 3.0 AL P51 —EE/NT 30%. A ARHRAR
FBR LI B R TR B S8 . ASBench 5 “IZ08E” A “RLO 2RV BN EESE, JEE 2T
B EITURFEEBNN, 400l 235 A1 147 ARS8 A . A TAEMH ASBench B “iZ0 2 AR
TERIZREE, A4 H AllositePro 757 TAE[19] 7R 1) 24 AR B 1 AR e, /N 4R 42 1]
B TR,

2.2. ORERFEERE R

o, WUIGREEAMNASE I E 0, IR BB A AR R BRI B 1 U RE[19]. #R)5, A Fpocket 2
FE[L7] CRAIBRASE) B0 R A R M B A A 1148, AR IE T T A8 19 A IR AL PR R4S AE. %t
XL 4E, 5 BRI SR B R 2 I OASONIEREAR, HE NRREAR. R&, EIIGEIRE S
LI FI| 2245 ANTELE AR 145(147 AN IEFEA, 2098 AN AFEA), TESSTIRAE L4k 31 319 METEAZ
4824 N IEREA, 295 NMAFEAR).

2.3. FHIEHREL

BT Fpocket 4 uff] AR 1 19 FhEALMEFURFIESL, A TAREHE BT NN 5B B IRETREL
(Depth index, DPX). i #5%(Protrusion index, CX)RIAFI AT K HEAFAE, it 38 RS, SFF 480 —
WS R, RTAEGUT T NSRRI R R, DR 5 RS E N E T
X, F DSSP [22]i5 50 & H R R b i, s aHE: 3i0-helix (G). a-helix (H)~ m-helix (1)~ turn
(T). p-ladder (E). p-bridge (B)~ bend (S)FIAHAE 1 —HLEHI(M)o KH PSAIA [231KTHH IR E IR K 48
% DPX FIZE e % CX, EA 3 A FRAE 1 HREE A3 el 72 2 9o 2354w ) TR FE AN R R 2 B T R P (AR
XH, X ESEHFT R DPX I CX FISSE N NS IR E e B S 85 74h, & ORI n]
TR VA8 N BT B S5 R ARG 77 T R R THI# (Relative Accessible Surface Area, RASA)Z il

2.4, FERNSGEMFE R ERER (SEC)

XfF—/NER B, Fpocket 5 H A AR B2 N 148, (B H A B IE AR AR AR IR D, X2l ik
EFAREARBIN LA T, AT SE AR IX AR 4 BB A IS, L, Pl 28 E 5 2
MBI T TR SR I VA FOCRFENS R P A 7 e IR, A AR F RCRAE T 2ok )
Zr8E, B AYIZREE T BEAL A E 5 IEFEASCE A R ) R AR 5 IEFEAR S 4 O ZR4E

XIS IR, SR BT 2500 2R 28 1 HEAR S B (SEC) [24 R T 77 7% . SEC HIMJZ
M. H—ENEAIENIRE, AFF T HHEHL(Support Vector Machine, SVM) [25]. #b& ULH-H(Naive
Bayes, NB) [26]Ff1E#H LA #k(Random Forest, RF) [27]#5 78 ; 25 — /2 &2 %5 [F] 9 (Logistic Regression, LR) [28]
A AR AT 28 IR AE I 58 5 Bab AT IR, AEp e Fadb AT PR RE A0t

2.5. ThiEER
PR PEAE PR bR FE . BUBE(SEN). RE R M (SPE). # & (PRE)AI L& HiHH < R E(MCC), "EfIRIE X
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.

L @

TP+FN
spE=_N 2

TN +FP
PRE=—'" @)

TP+FP

TPxTN — FPx FN

4)

C=
J(TP+FP)x(TP+ FN)x(TN + FP)x(TN + FN)

b, EBHETP) BBHE(FP) B T (TN)FIE B 14 (FN) A2 ik 4 RS T 48 1) i br 25 5 B SepR 28 AT
FLERTMSRAF 1 o A T AR FH B0 B VE R 1 (ROC) HE 28 T (A THI AR (AUC) SR A AR 8L 1 14 R
3. ZER5VR
3.1. NEMSFEIEENMEREELE

N IERAIE I IR R AR, AR TARLE R4 8 P T4 38 XRAEXT 7 ANy 2K 28047
THERE R, 5 R 1. 5452588 k4B (k-Nearest Neighbor, KNN) [29]. E 3& . #2 T+ #4 (Adaptive Boosting,
Adaboost) [30]. % FRAESEZ R TR (eXtreme Gradient Boosting, XGBoost) [31]#1## & 714 (Gradient Tree
Boosting, GTB) [32]#HLL, NB. RF #1 SVM £ MCC 154 &I fE. ik, A TAERAH NB. RF 1 SVM
YERN SEC HIZE— 22K 8% . 4k, HH—52K2% NB. RF 1 SVM AfltL, JET2ANH4r 25881 SEC i
HAEIFERE, H SEN. SPE. PRE. MCC Fll AUC 4374 0.653. 0.876. 0.791. 0.550 il 0.847.
I, ATAEMH SEC /5 AllosEC IHLAS 2% 31 7p 5 8s .

Table 1. Comparison of different classifiers on the training dataset

1 TESERENGEIESE LHELR

Classifier SEN SPE PRE MCC AUC
RF 0.673 £ 0.047 0.842 £ 0.044 0.754 £ 0.044 0.528 +0.040 0.843+0.024
kNN 0.613 £ 0.042 0.828 £ 0.037 0.717 £ 0.042 0.455 + 0.041 0.766 + 0.029
SVM 0.633+0.033 0.880 +0.040 0.792 £ 0.053 0.538 £ 0.052 0.840 +0.030
Adaboost 0.672 +0.080 0.803 +0.053 0.709 + 0.064 0.482 +0.100 0.807 +0.054
GTB 0.666 + 0.043 0.813+0.071 0.725+0.078 0.490 +0.077 0.791 +0.028
XGBoost 0.701 +0.041 0.790 +0.017 0.701 +0.013 0.491 +0.030 0.824 +0.016
NB 0.523 £0.043 0.928 +0.026 0.841 £ 0.052 0.509 £ 0.043 0.847 £0.031
SEC 0.653 £ 0.017 0.876 £ 0.038 0.791 £ 0.049 0.550 £ 0.041 0.847 £0.017

3.2. AllosEC 5IEHEEE

AR TARFEMSZIAREE X AllosEC MTIINPEREHEAT T VP4l , SR WK 2. T ¥ AllosEC 5 HAth 7772
HEATELEE, 72 2 1A H T PARS. Allosite 1 AllositePro J7 2 AR M 45 5 (R E AllositePro J57%[19] ) 3L ).
M 2 AT, AllosEC #i%4 ) SEN. SPE. PRE A1 MCC 4359 0.708. 0.915. 0.405 £ 0.486, 1T HiAib
Jit%. MMCC KE, AllosEC Lt AllositePro PEfESE R | 0.098, Lk PARS F1 Allosite PERESE = B35, 4
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%79 0.387 1 0.222. 7 MR VERESRTT AUV BE SR DY, B M1 - HRFAE5 i, Bk 1 D AR B PE B AL
AllosEC & T IHERM R A G E . IRELIRBMR M8 BT, SEC SR T JLAN IR IF AR
iR, ZACERER R T Rt

Table 2. Comparison of AllosEC with other methods on independent test set
= 2. AllosEC ZEM MR &R E S H M A AR

Methods SEN SPE PRE MCC AUC
PARS 0.375 0.756 0.180 0.099 -
Allosite 0.500 0.858 0.245 0.264 -
AllositePro 0.625 0.885 0.333 0.388 -

AllosEC 0.708 0.915 0.405 0.486 0.869

-: AllositePro 7575 1) SC& 1 R 3L AUC 304

3.3. B

PERWEFE 2], B 1 BoR T AllosEC X Wy (15 e by L AR TR 25 S . 56— Fh& CC BfbN 732
{A(PDB ID:5C4T) [33], SEEGHRIE T —A i 13 AM5%3H(Q329, 1328, T325, A321, L483, W317, A497, F498,
A496, 353, F506, Y502, L505) 1) i AE M) 1148 . 4] 1(a) @7, AllosEC Tl p 4> LA AP, H—as
24 MR L (F506, V494, T325, Q484, 1483, Q487, L505, A496, Y502, A497, F498, V480, M358, 1324, 1328,
K354, L353, A357, L501, Q329, Q495, A321, W317, 1492), 5e4 /i | LR A kv EE, RE, H—
AR A BH 1 () I A AT 75 H T LR AR R BRI , (E L P RER VB TE (1038 K 148, IX TR BER R 1 S 30 R AE 5K

S ARG IR OT3 HIZEMI R R FIERIE(PDB ID:IWQW) [34], SKERHIE 1/ —v i 42 Mk
(N134, G139, Q42, T141, L60, G47, V115, L62, V136, T20, G127, G114, R51, W53, P137, A140, S55, G129,
R48, G45, H46, W61, 1112, M44, L130, K111, D104, N103, P56, A113, L49, S63, E54, 1128, E24, K52, T22,
S21, N131, N23, K135, L116)f e H 148 . 14 1(b) &7, AllosEC #ERTRMIH 1 MR 48, Hibf
& 52 MR E(V115, N103, L116, Y227, R48, G228, V230, P102, W101, 1226, G114, G127, H46, G129, W53,
Q42, S21, N23, G45, W61, 1128, L62, T22, G47, K111, S63, G196, L195, D229, S231, R233, R51, G198, P137,
A140, N131, E54, K52, N134, K135, V136, P56, A113, N138, G139, D104, K100, L232, L213, 1194, V225,
V192), 7 1 SEEARIE R 33 MRk AL .

(@) (b)

Figure 1. Predicted results of AllosEC for allosteric pockets of two allosteric proteins with PDBIDs of 5C4T (a) and 1IWQW
(b), respectively. Protein and allosteric regulators are shown in cartoon and stick models respectively. The true and potential
allosteric pockets are shown in light and dark colors respectively

1. AllosEC X HEFHE A RTH ORMFUULER, H PDBID 43507 5C4T (a)F0 IWQW (b). EHRMTHIFTFI4
A FBEFIRERE TR, EXMBENTHORSHERARENRE
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4, gEip

A ST B (SR AR AA AT a5 0 R R 1S AR R ML R T 5 M AR 25 i O . AR TSR
T T 2 AN AR AL AllosEC SR TN AL (A ARAA 1148 o %570 R B RCR PR A SR )|
SREEEURE, DB R G . BT DR, JTRIEE R T AR S B IREERIR
HAEE, MRS, AllosEC ) SEN #1 MCC 43514 0.708 1 0.486, LT ek, BiRTXE
P15 AR KA A s FROU 4 R M R

H AT, 5= SCI0 6 E AR A R R R A A B AR 2 FEAS T v R R ) R RN 22— REHAT#%
R 2 R R LA 5 21 S0 o B et 0B A SR E TS B R T 2 Dk — B4 s T e 1 . vl e
IR RS B T I R — PR T . —RENIFHE R, BT R I I iR AR K T B )
MR G RSB IEM A R, RN A MR B ISR A a1 R IEMAREE, EERAMAL A
HIEMA S BA — B IR R, FZEIEMNAEE RGN, BEEAMINA SRR E, HEETH
P S BRI 1 T AR R L R TIUI PR HE R M 2 R TR

E&WE

[ 5% H ARl 58 4100 H (32271294, 31971180).
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