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Abstract
Breast cancer has become one of the world’s most deadly cancers. Studies have shown that estro-
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gen levels in the human body, which are closely associated with the development of breast cancer,
can be controlled by regulating the activity of the estrogen receptor sub-type (ER«a). Therefore, the
use of compounds that antagonize ERa activity has great potential to treat breast cancer diseases.
For example, tamoxifen and raloxifene, the classic drugs in clinical treatment of breast cancer, are
ERa antagonists. Based on compounds of ER alpha activity and molecular description of existing
data, set up a used to predict compounds quantitative prediction model of ER alpha biological ac-
tivity, and then use random forests and Pearson correlation coefficient of the biggest variables to
affect the biological activity screening dimension reduction, after using the lower dimension vari-
able and building a BP neural network, forecast model was constructed. Finally, through testing,
our model has good prediction effect, strong generalization ability is not prone to overfitting. The
prediction model is prospected and analyzed.
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JERE A2 T AR T bR AR AR, AR H A G K R, FLIRE R ST bR
WL H B AE A8 = (R RE 2 —, i 2020 AP 5 T AR 4 23 [ B hE A T LA (|ARC) B il i, A BRVE [
P FLIRIE RIS NBOR 207 226 J5, FLR0ms 3 o UGE I it BN A 3R EE — e . A ORI TR, MR
Ak o M7 (Estrogen receptors alpha, ERa)7EFLIR K & ik FE 403 T o EE MM 6L [2].

TEES b, WEPUERBITH T ERe FIAM LR B3, o H I8 i P81 MR 2 A s ok as
A A RE K. BRI, ERa #2167 LIRSS B BB, RERSHE T ERa TEPEMIML ST REE TR
I7 FLARIE IOEIE 259 . AR TE SEPR I 250 A PR XE B B 1Y, 7R i P o 75 56 ) 1) DL AR AT B
BRG], — R TR A LA I T TR B P 5 R R I TR TR A S, A A T B
TEAF T SCR o HARBIBIES : B, E0 S5 800 A O B S bR (X B4R i B 21 o WEAY), R
eI B — RVMEH TR A& 4 S L AE S B, 2805 DL— RV T RR R B A8
=, WEMAEDEHEENENEE, WEL AT EEL5 1 - i PEC & (Quantitative Structure-Activity
Relationship, QSAR)EAY, & i {4 Fl 45 21 A AL TN 2L A S8 4 AR Wi PE T L & 0 7 BEE 1R S OATE
PEAL BV G5 IEAT AL

N T SR ETI AR, — MR A LA R R S SR AT VIR AIU, T TRDX A A P v R
A KRN T IRATHAT A B 04T ARSORBUr NP5y, 58— 35 R PR G0& 1 77 20 A B 4
HEATA R PR A, 58 30 2 o R FH e 4 i (0 50 0] AT TR RS g8 A 2. DAL DA RO, A fs —3
53 P45 B AU O A 2 AT I X A S 28 [ e S5 ARG 2k e o Tl e vk v,
HEBS T (PCA) [3] [4] BEHLARMR[3] [S]H0 5 /R AH I R AL [6] 55 48 0] A N PR AR B 4E 50 )72, (H
SEA ] — P AT I IR 25 5 P A AR SR E M 5 S, T JRATT I 25 EEORs P 5 33 11 B 44 7 V253 AT B LI &5
Gy IXFERITT DU 2K i 4E 500 B 4 R i 0] DL — e FR A Lk B AR PR 5 2R o XT38 3 e S Tl
MRS, BEE N LRRERRE LR, BP M&ML[7] [8] [9] [LOME AN i Z &M%z —, 1F
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BR8] [9] [10177 MIFKIBT FE B 2, JEAE LR I th S5 R B, 2T RIRBETL, ASCRA
A28 00 24 0 S ST (K AR AR 2 AT IR F Ik

2. HXREMENTRRARRIET
2.1. EFEER

BEBLARME — i Bagging 523%([3] [5], iXJEE Rl AL A G9R AT G — IR, Wf DA7ESE
e B R A A ARG E PR RN, I AR R 75 ZE R e A kA . BRI, SRR P BEAR KRR
JE BT 9958, TAEBEHLARMR b g9 B R R R TR S . FERE ISR B, BEALARMAE M bootstrap
MANGREHE £ A R A TR ER RN 2R 2 A R SRR, TN BER US> P SR T 25 2R [~
Pl FEUNGRIR SRR BRI, 7 225 R Tk B D) 70 A& . VD i S A B AT R . ASCR 7
FEPREVE AR B, W R D)7 K G(x,v) A

G(xv)= Nis(“ EZXM (Yi ~ Vet )2 + \ exzngm (yi ~ Vright )Zj (2-1)
BEHLARAR LIS b, RPAE T R SRR A0S T &5 SR A AR, R — MR IEEE MR, AR 2L
X TR 285 SR B s K o A RR A A2 R R sklearn PR BRY TH LA R 729 NS R B B, 2R
AT R E
Ny =W %G =Wigr * Giegp = Wiige * Gigny (2-2)
HrF, W, Wi, Wyig 2375 51T AR TSR P ISREAN S BUNEAS H BB, G, Gy, Grign
Iy AR AL A AT A . 2 A E

f - Zjet}‘éhtt[j@tﬂﬁ i ] (2-3)
Zieﬁm*ﬁ,@ M
N T R R E SR 1, AR E BT R E, BIARQ-5):
f

fime———r (2-4)

zjéﬁf‘rﬁ"%h’ fj

JZ IR FH S Z %4 (Pearson Product-Moment Correlation Coefficient, PPMCC)H T = M EE XY 2
AR RAREE, HMENT-15 1 ZE[6]. MRRBPAMEBR, MR X 5 Y HKE#.

PIAN AR B 22 8] ) B 7R A R F B0E ORI AN AR B 2 TA) (R B 07 22 MAATT 2% AR v 22 SR AR 7, AHSG R
HOUPR “BORBHR ZE r” o WEAXIT:

Ccov(X,Y) E((X—m)(Y - a)) E(XY)-E(X)E(Y) _
Pxy = = = (2-5)
Ox Oy Ox Oy \/E(XZ)—EZ(X)\/E(YZ)—Ez(Y)
Horp B RHFE, cov(X,Y)RR XY Mz,

22 1REEN

PR SN2 (R ST F B 2SO E38 ok B 2021 4E R [ W e A B R SE SRR AE, B — RO
43514 “Molecular_Descriptor.xlsx” F1 “ERa_activity.xlsx” ), A 5 A&
X =Xy, Xy, Xg,oee, Xppe | € RIS Jorp X, o RoRSOME 1 AP 4R ALK 1974 AMESHIIIEE | A0 T HER T
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AR, AR ERa IAAE AR 5O BB pICso ) IE A AR AL S Y e R®™ . il [
AR X AR A& Y My i e i R i <5 5K (2-6) s «
Y =F(X) (2-6)

Horb, X, X RREA T RBINGREARSE S, NV ST a IR,y 4T R, V4R
BRI AR AR R (E .

3. HRBKARE
3.1. BuiEpELYE

RN 2.1 R RIBENUARAR SRS, SRATXT 729 A2 E N EIRBEHLARMK (8] VA TR Y, LEHK AT 40
ANAR B R JURFE S A A 1

Table 1. The forty main variables and characteristic importance

FLAONEETERFEEEMN

5 I T HEIRTF FRIE L 5 T HIARTF RRE B L
1 MDEC-23 0.173648 21 BCUTc-1h 0.007560
2 Lipoaffinitylndex 0.056218 22 ATSc2 0.007353
3 maxHsOH 0.041714 23 ndssC 0.006244
4 minsssN 0.035685 24 MDEC-33 0.006232
5 maxssO 0.031590 25 BCUTp-1h 0.006098
6 C1SP2 0.030888 26 SHsOH 0.005887

minHsOH 0.026669 27 CrippenLogP 0.005818
8 BCUTc-1l 0.021627 28 minHBInt10 0.005243
9 nC 0.018191 29 WTPT-5 0.005145
10 nHBAcc 0.016962 30 SHBiInt6 0.005126
11 minsOH 0.016636 31 VCH-5 0.005054
12 MLogP 0.015413 32 XLogP 0.004939
13 minHBiInt5 0.013824 33 minHBa 0.004937
14 MLFER_A 0.012619 34 ETA_Shape Y 0.004837
15 VC-5 0.010673 35 maxHBint5 0.004624
16 TopoPSA 0.010569 36 mindssC 0.004565
17 ATSc3 0.009198 37 SPC-6 0.004388
18 SHBInt10 0.007859 38 ATSc4 0.004156
19 MDEO-12 0.007839 39 maxHBd 0.004113
20 minssO 0.007837 40 ATSch 0.004045

PR BEHLARMERAT 1 40 AR5 R B /R IR DR R B AT A 06, 730l v B b 7 AN AR B 2 ) 14
BeRARG R EAEE, PR AXRAAN(2-5), # 1 FIR 40 M & 2 [ /R i REFA T
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Figure 1. Pearson coefficient thermal diagram between forty variables
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Table 2. The twenty molecular descriptors with the most significant effect on biological activity
F 2. 20 MEYEMEEBEEZ NN S FRIRF

FFs Ir T RIRTT FFs Pt b il
1 MDEC-23 11 MLFER_A
2 Lipoaffinitylndex 12 ATSc3
3 minsOH 13 SHsOH
4 nC 14 nHBAcc
5 minsssN 15 maxssO
6 BCUTp-1h 16 SHBInt10
7 CrippenLogP 17 SPC-6
8 maxHsOH 18 mindssC
9 C1SP2 19 minHBInt5
10 minHsOH 20 VC-5

3.2. £T BP H&EMLERITMES

BP FZ2 [ 2% /& — Pl B R 22 10 AR R SR VN 2RI 2 R AT e I 2%, 462 BN )2« BEelZ A
HEHR, FBEZETU R —EEE R, —KIN BP MAEMSEALE N 2 Pros. f£58 2 1, FRATLLE
17 Do FHEAFEN TSR AR R E AN, BTN Z 105 R0 17, 55 st s ioxt
ERa HIZEVIEPEAE pICoor  PRILAR Y1 R0 1o BRUBUZ 7YY 5 1 AR I AR (R SRied A v 28 S LB
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l=Jn+m+a (3-1)
Horp | FORREGZ 5 NG n VBN Z T NG m O R RN, a SRORBUETE I DN[L,10] 2 A
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Figure 2. Schematic diagram of BP neural network structure
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Figure 3. The establishment process of BP neural network
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3.3. SEWERE S

AP LI HE Matlab2020a FEAT. 7 H TR/ ENBEEE AR ZES, FZGdREh 2

B RE I TRV, ACBICTEE 58 A o 55 ) AL

T EUR LR E AR E B BB B 7T e 2 K

BAERB N BEAE T RE S /N e N T RMRLL B, BATEREREN BP LT, Joxt BT 5
— AL B, T LE S e R AR T Sigmoid BREVE BRI BB, R EEROR A —th it AR, 3R
P EE 5 — 3 —2I[0,1] X 18] « AR SEERISFEH R A Matlab P B%% normalize() 44 24 FrifE A6 [0,1] X [A] .
ARSI, K HAE R A IZREE . IUE SRR LR, =R G MR — I ZREE 1) 70%. 15%
A 15%/E ABAEREAS, B0 4 ABEGE)Z, &A= 1 S5 A 100, 70, 50, 40, %% 2] # %M 0.001,
154X 500 K. BARUIE 4 LRI ZRIE A FEANE] 5 IR B BTR

Neural Network
SR Jars ate il e
Algorithms

Data Division: Random (dividerand)

Training: Gradient Descent with Momentum & Adaptive LR (traingdx)
Performance: Mean Squared Error (mse)

Calculations: MEX

Progress
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Figure 4. BP neural network training process
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Figure 5. Model simulation diagram
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Figure 6. Comparison of actual and predicted values
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ASCVAPUSL R 5 Wt T o AR, FHBENLAR MR B G AR G R B AL, o R e 4 Al £t
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