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[ Abstract] In order to improve the efficiency of drug research and development, quantitative structure — activity relationship
(QSAR) models are usually used to predict and analyze the bioactivity of compounds to screen and optimize compounds. At
present, QSAR based on statistical analysis has become ineffective with the rapid increase of variables, and there is still room for
improvement in prediction accuracy. Based on this, we propose an improved PCA algorithm in this paper to reduce the
dimensionality of variables and an improved sparrow search algorithm to optimize the back propagation neural network (ISSA -
BPNN) to improve the accuracy of prediction. The improved PCA algorithm is based on weighted scoring algorithm of Pearson,
maximum information coefficient (MIC) and random forest (RF) to obtain the main feature variables. Then the PCA algorithm is
used to reduce the dimensionality of the original features to get the main input variables. The ISSA-BPNN algorithm optimize the
weights and thresholds of BPNN, achieving output stability and ensuring global convergence. Taking the biological activity data of
compounds on ERa during breast cancer treatment as an example for training and prediction, compared with several other algorithm,
the results show that the algorithm proposed in this article has higher prediction accuracy. It provides an effective method for drug
research and development.

[ Key words] BP neural network; maximum information coefficient; random forest; SVR; XGBoost

KEZR(ER) T, XLEH T A0 M b A A5 A
FI, 4235 25 F e B AR SR SC B A B R, O
SAHICH DNA JEE P HUAHSE 5, R 0815 5 AL A

0 51
PEr JLAE R BRIEAE ST R M, FLRRIAE &

T A RIAE T 1] 22 W 4, FE B 36 20 5 | JbE AT o
TR IR AT A AR ) 2 e T
Z25 TN R EME R, HRRLEY
R 2B BRI)RE , 78 58 DR 2 K 1 b 32 ol i

E£WmAB. EEARPIE(61671407)

E"Ji’?%m o WP R Z R o Y ( Estrogen receptors
alpha, ERa) 7E FL M s h e & 2 ¢ i 2 AR
FI AR IE 3 FUME L R A v b A ik s
{0 P E R A2 A0 50 ( SERMD) MUME R 52

fEE®Sr: e $R(1995-) 5 BHBRGA: , EBEHTSE5 160 SO A2 0 R UG ;. 530 (1998-) 58 B BT e, EBWRIE 7 180 . HL g% >
5 3D MBS BRIGRK(1972-) 3B W BB, AL AR S, AT ST 1) B R AR G i R A S S it
5E(1973-) 55 W PR, EBEAFGE T ARG DI E

BiEE . YA
Wi A 2022-01-06

Email ; tiezx@ zstu.edu.cn

bR Tk K F 3 A KEE NN




57

MR, 4. BT PCA F ISSA-BPNN F¥ 1 B HA 45056 22 TN 455 751 85

TRFEA#FI(SERD) , AT HIRFEAL ERa MRRE T

BT, FEZ90E LT, T 2R RS,
A W SR P ST AR A 0 T TN A AR %) s ok i
WIETE AL AW, X S A RLE &R (Quantitative
Structure Activity Relationship, QSAR) J5 ik &—Fh i
Ve T H, B/ b A W A B0, 54 i e 5 i vk
29T RENE , HL— RN AR RN
AR g, AL A YRR PTG AR Ry DR AR B ST AR R, AR
P rT O B AL S RS B T S B AR )
W BUE T EA I R S i S R AT Ak
QSAR A & B IR Shp i 7 S ARk, AT
BE HLER ) KBRS R AR L, h QSAR ik
THRERFIHLIE , 3T BT 1T A F B 4R
R 2 P HE T A 2 A A T REORS A A [ 0
TR TR, Xl o E b A A
N E L,

QSAR TR Y =253 g Fe T GE 1 o3 M O i 1)
TN RN T ML AR 2% > Bk g B s Y i
El Ghalia Hadaji'® L2704tk B9 #4 8 QSAR T
TEEHRY ; Afaf Zekri®! DL 22 TG 2 1 3% 4 0] 1T #4 # QSAR
TR, Lu Yang'®) 3 F 3844 501 1 2 oo 2 p vl
U3 QSAR Fi A5 Y 5 Svetnik Vladimir' " DL B&E#L
FRMRE A QSAR TINASE AL A0 DL HE f)
AL QSAR WINALRS , A0t " LA BP i
22 QSAR FUMAR AL, Li Jingshanm] LA
T T R AN P 55 B ( GBDT) A4 2t QSAR FH U A5 784
BARE Z B Sl T, (BT AT Oy
HEREE A R AR 2 AR TR, N TR SR
THLARS ) B RS B, A SCER Y T 56 T
f) PCA H1 ISSA-BPNN HY T AR A

1 X E

1.1 BP #EMETNE L

BP #i 5 2% ( BPNN) Z5 k4 faj B, i 5 (8, JE
TEI 2 W 4 I i3k, (- B2 32
PEUT RENS SN A B A AE LR e LT, BPNN
S NG RE () Z 2T ) AR 2 (S5 R an s 1 T
R, HEAZ x(m A1) L HE y(n DR
MR EF)ZA.

1.2 SVR Wl#E %

YRR LT (SVR) 248 3 m B L2
(SVM) 5535 7 FH - [l 3 30 o, R 3 AS T 1Y) 2
SVM K [H]BE 22 N 9 23 [ AR AS S ALK pR B D, DAGK
FN5320G B 510 SVR WIS (8] B =2 1 1) 23 (R FE AR

BASRRECR, LGA R EE M B, X TRk
SVR HERY | fiff FH A2 oR 50K 500 ) 38 o35 Ak s (), i
JEPEATIEIATN AR A% PR A (RBF) W)
7 HEAB A RIEROR", H AR CE £ RBF
YER SVM 4B A% R B

WAz REZ Rz fiirth )=

B 1 BP#EMEEHLE

Fig. 1 BP neural network structure

1.3 XGBoost Fill & %

XGBoost ( Extreme Gradient Boosting ) J& 7E
Boosting BRI T O B A, A IOORG EE DL
YIZR B J7 1 A 8RR, J& T GBDT B
WO O HALSE AT RHE A B AR 1
VFZ IR 2R PR AL . XGBoost AT
GBDT T« HIE A EN IR 1k 05, %) H s
PR RBGHAT Z B 28 B T, N B I 7RG B2, AR
s AEV o3 AT M s A TS, AT ARG
ez

2 QSAR &%

AR SCSE I AR AR IR FLARIE IR YT AR ERo B
B2 1 974 MMEEWIEHR ERa A= )15 PR £ 46
AU AR 729 A4 TR A E BRI pICy,
(PR QSAR @sirh | — R pICs, KT EYE
PR, BIR AR &) |, plC, (BRI A TS PR R

TR B A 2 A S iR I Tk
PR PCA RRAF PRI 1 | SRR AR 1) iy A S 1R 47 0
BE SR HE H ISSA-BPNN 53.9:%F BPNN FvA #5414
i,

2.1 EFist PCA HI4FEIREX

M) PCA LR AN 2 iR, B S XT 4k
PEHATRRUEAL  SRIGTE 729 D20 TR A B,
LT Pearson MIC F11 RF 1 MALAS 43 55 215 2] |7 20
ANEFAS i B G JE T PCA B4R H 4 S B e At
BRIFRE M MR ) 32 B A AR



86 B o /5 M5 MM

12 %

. s PCARHE
SRR o e

B2 it PCA kiR
Fig. 2 Improved PCA algorithm
2.1.1 e REARE AL (MIC)
MIC S — i i 2 il A2 B R R P A A i
9 ELA B, SR i it A (] ST R FE py B ) Lk
BB
(1) B R AL, T B S E, 4 n A
FPRPRAREE (o, y) CREBIREERI 2N a x b BT RIA 0
Jr Ay J5 T B RIS 5000 @ b BAR RE T
(1) .
p(x,y)

1v30) = JpCe)logy £ sdedy (1)

K1, p(a,y) B X 5 Y 2 AR p(x)
il p(y) 5380 X FY B ZMER3
(2) HAFBEHE—k, = (2) .

, I(x5y)
M) = min(a,b) )
(3) A5 Joie X A% R A A O, BE B[R] RO R HoAR
B RAEE R MIC {8, 0 (3) .

MIC(x;y) = max _ My (3)

axb<B(m) log,min(a,b)

HSCRR[ 20T 11, 24 B(n) = n®® B}, RCRARLF
BEHLARAR (RF) AR £

Riti#L 7% Ak ( Random Forest, RF) 2" 52 i & — 4>
& Z YRR A o2t . LB R e pE AL S
Rl JG R 22 0T, TR R A Sy, A
T FRAE L T E— 20 0 e FRAEHE Y Bl AL
FRMREE A Bootstrap HRFEF AR TP KB, 4 et —A~
{5 2 FAR IR L R AR A, SR fij B
LR A RN AR

% RF POSRWEE R N, RIS
d NIE  BARE X /(= 1,2, ,d) FT 00B 1%
AT RRIE M R F DA PR

(1) TR i SR R A A8 AN 00B, 1Y
HMERFEASL ErrO0B;

(2) FEARFF L ERIEAAS W RS, XF 00B, HE
fiE X BEATREHLE I BB A B 008, TR AE5
BROOB] A SN R REA KL ErrOOB]

(3)HELIR(1) ((2) 133

{ ErrOOB’L: li=1,2,---,N,_.}

2.1.2

{ErrOOB | i=1,2,--- N, |

(4) Ha(4) AT X A2,

1
VICX') =

Y. (ErrOOB! - ErrOOB)  (4)

tree U

2.1.3  %£TF Pearson MIC Il RF AL 50 E s

M T &2 EMEEENZ AR KRZES, N
T o A ) R, T B AT A o AR Ak
2L R SCR A Z-score FRUfEAL T, M AR HEAT
IH—AfpAb B, =(5) .

gt =2k (5)

Pearson 1 MIC S T H A8 i 5 R A & 2 [B] 1Y
LRI MESE &R T RF 2 DURRAE 3 22 8 3 3
KFon A7 H 5 AR B A G, ARG 2t =X
(6)1HA155]

grade, =aP; + BMIC, + (1 —a - B)RF (6)

Hob, grade, FmR55i(i = 1,2,3,--,729) 14>
THRFFRINELST; P, FR5E i A AR SR &
(1) Pearson RELLNHE ; MIC, x5 i N HAZR S
PRI AR £ i e K B B R A RF, 51 A
b 5 PR AR e (YRR R TR, o A B A INAE O
1 Z A (AR CH « =8 =0.25)

M= (6) TR F] 20 D FEEREZ H LR 1,

F1 MEIFPFHREFEELHSF

Tab. 1 Significance ranking of weighted score molecular descriptors

BEVHS TR REMHES G TARAT
1 MDEC-23 11 BCUTe-11
2 Lipoaffinity 12 MDEC-22
3 MLogP 13 AMR
4 minsOH 14 BCUTp-1h
5 maxHsOH 15 hmin
6 maxsOH 16 SaaCH
7 nC 17 SwHBa
8 minHsOH 18 SsOH
9 minsssN 19 maxsssNHp
10 C1SP2 20 SP-5
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Tab. 2 Cumulative variance contribution rate of new features
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Tab. 3 Comparison of prediction accuracy of four models

LAY MAE MAPE RMSE
SVR 0.731 7 0.117 6 0.997 4
XGBoost 0.712 6 0.114 2 0.953 1
BPNN 0.847 4 0.128 1 0.968 6
ISSA-BPNN 0.655 6 0.102 2 0.808 8
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