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Abstract

Breast cancer has replaced lung cancer as the most common cancer worldwide, and its mortality
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rate remains high. Therefore, the selection of breast cancer drugs using techniques such as ma-
chine learning and intelligent optimization algorithms is of great significance to drive the devel-
opment of breast cancer treatment drugs. In this paper, we propose a method based on the im-
proved random forest algorithm to construct an ERa activity prediction model and select the top
20 most influential molecular descriptors for biological activity. Subsequently, using this model,
we predict the IC50 values and corresponding pIC50 values of 50 compounds. Furthermore, with
the aid of support vector machine (SVM) and Adaboost binary classification models, we predict the
five components (Caco-2, CYP3A4, hERG, HOB, MN) of the compounds separately and establish an
ADMET classification prediction model. Finally, we construct a compound screening model using
the Bald Eagle search algorithm and integrate it with the previous two models using the Black
Hawk search algorithm to address various complex numerical optimization problems and deter-
mine the feasible range of drug operating variables. Experimental results demonstrate that the
proposed prediction model exhibits high accuracy and can be applied to the development of anti-
breast cancer drugs.
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MR 2R AL S0 R A 22 54, RN A 28 I 2% v fR 4 17 35 I 28 32 37 43 1 S5 R AR A 5 A 0375 1k i)
(AH AR, A BB iy 1T IR R AL S W G54 () TIUIIRS FE (4]0 BE T RegNet-1d HERFIFA 4 6 FE LY
ERa $EFUHAIAEY0E PRI 792, i 578 RegNet-1d R 2 SIERL, I DURR 386 B v N BAG FE R HE T
BRI, R EYE R WA S AT, DU IE S @E I TR AR &, Bk 5 i Al
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2. ¥ ERa £ 7R MR ERTUNER
2.1. $$ME%EE

TEATIR R GG vT R E R AT 260, AREEXT 7 PR TR (1 B M HE 42, EAT R IR 4.
AN %A BAHRIEREAT 4047, AE RO L AR B IR B A5 S A I, K 7738 B Rl A 040 1) 48 P52
M 729 YRR 20 4E. 7EFEYEFITHE AR B 2 FTE S0 T B 720 MR ERIR TR E. B4 b
TS, MERITTRD TR, BIHELIER T 2208 0 IRHIE[7]. 28 0. XA R HRIET IH— LA 21
SR IE B R AR HIAEAR R BOVE A, SRR T DUE AR TR THR AF 2 A e . S5 =20 XFRLE
TRACBE 5 B AT RAEIE 3, K0 7 A B IR R A A 4R N 729 4E[% 2 20 4E.

B R E e HLRE, AU Python [¥) sklearn 2 Variance Threshold J77k, At & — AN H 4FAE
ERHEEMETT V%, IR LRI A IS R HR B B E MR IE . BOANR BRI ZEE. B0
THE TN Min-Max #rifEfk(Min-Max Normalization) (2% 14 B8 B0 — ) KA S ZARHEAL, 20T A%
PR e, (AL RN B 0~1 Z 18], FIREE — 2 IR 5 A S Bl T B — P AT A 1 — e b
B, MR bR B A e S T LA SR A6 B RUR S A IRE (8], K Python 15 & AR SLIN, 1331
RGBSR, R EEARE N 1974, MR ESH 729 By 504. 5= BA i i i EAE S
1E[91LA K lasso [AIVARVESATRAMEIERE[10], Wit T 25 & Mk, I8 Pandas T2 AL &A% & 2 [A][1
HREEDHT, RERAREARIE AR, RAGIRTE KR T EZ0m A& . R Python 15 5 X _EiA P
OB P77V 52T, 45 HH BT 20 /0 AR 1 doe BAT (2 35 5200 (1) 23 TR FF (1AL &), maxHsOH', 'BCUTe-1h's
'minHBa', 'minwHBa', 'SaaCH', 'MLFER_A', 'maxHBa';'MAXDN2','BCUTp-1h', 'gmin', 'maxHBd', 'maxHCsats',
'minssO', 'hmin', 'minHBint10', 'MDEO-12', 'minHBint6', 'ATSc4', 'MDEC-22', 'C2SP2', HJEIXLib &4
XF ERa AE W) P 1) 2 B T A A

2.2. ETRuRBEH AR E A ERa BRI TN

BEHLARAR LR T bagging LM —F, )8 T bagging Fykm—FnsR %, &% 24 CART 514
WA R — i B 22 2T 50, HOREAR R B M A\l x - SMILES, y Afr i fiEveE, Bk A:

E:{(xl,y]),(xz,yz);n,(xm,ym)} (2'1)

EARIRECH t IR, BIRXTIGEIAT t =1,2,-,t IRGTIKFE, 1FBIRANIES E, IIEEAGIEART
P A2 f J AR AL i

FEXT R FEAT VI ZRIREL 7:3 MINZRIRUESE LU, 7RI ZRid A% b Rl N8 A% SR IR B e SO B
FEEMME, SEREERRET R XA FENS], B — N N TR LR, Sy
FtEARIE SR B SRBAL L BENL IR R EE, B SR B NS, A ST A g AL SR AL
SRR AW G HAHE S n_estimators (BENLARMEL & 115550 K25 50&) . max_depth (F 1)
B KERPE) min_samples_leaf (575 SUEL & IFEAREL) . min_samples_split (734 BT L& B D FEAR N 50
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0.24, HHSEEeE5 SR v 43 2448 F ot 5 B BE N LR PR B 9006 S B Hs B 0 S 5 o Ja ek ok 1y Bl AL AR AR B T
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5

7

Figure 1. Validation of IC50 values and corresponding

pIC50 values
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Table 1. Prediction results of IC50 values and corresponding pIC50 values

% 1. 1C50 {EANFT R AT pICS0 EFUNLER

SMILES IC50 nM pIC50 SMILES IC50 nM pIC50
1 14.323 6.338 26 10.248 6.673
2 6.557 7.119 27 13.199 6.42
3 4.624 7.469 28 16.694 6.185
4 6.557 7.119 29 19.288 6.041
5 10.174 6.68 30 18.456 6.085
6 7.166 7.031 31 35.922 5.419
7 6.055 7.199 32 35.922 5.419
8 6.008 7.207 33 35.922 5.419
9 5.483 7.298 34 30.291 5.589
10 10.908 6.61 35 17.282 6.15
11 10.268 6.671 36 7.966 6.925
12 11.603 6.549 37 7.966 6.925
13 10.908 6.61 38 3.316 7.857
14 10.268 6.671 39 19.068 6.052
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Continued
15 14.004 6.361 40 19.785 6.015
16 14.004 6.361 41 19.785 6.015
17 10.466 6.652 42 19.785 6.015
18 6.313 7.157 43 19.785 6.015
19 6.914 7.066 44 45.663 5.179
20 14.263 6.342 45 19.785 6.015
21 6.476 7.132 46 45.663 5.179
22 6.235 7.17 47 19.785 6.015
23 36.958 5.39 48 15.651 6.249
24 40.037 5.39 49 15.111 6.285
25 11.008 6.601 50 17.517 6.137

3. ¥9E ADMET M4 RFM&EE

XFFHTiR R 1974 MEAYI ADMET 2845, 72l @& Caco-2 (/M b 4IMIZIE ).
CYP3A4 (R4 CYP3A4 L), hERG (&7 EA OHEEEE). HOB (HARAEYIFIF E). MNGE S EA
LR ) R TINELRY, SRIG R TR 1) S N R TIIEETY, S5 T SRR 38 2 4 T,
IEFAMER) 72 HZ M SVM 43 JSEE LRI Adaboost 73 BRI T /0 AT LU AR, FFiE I 2 AP Fadr sk £
ZAEPAE R R

3.1. SVM 4 3iER

TR R AR B TR R R ML T o 0 20 5 ) BB (S VM) BT IR 12, 22 0o
L AR R R SR A H N2, HI, H2 BT AT FAREI L, S B4
Y BT RO b BT RE AR 25, P BB RR R A R . AP A RIS TE NGRS, 4520
B A BREARIEN (x,9, ), =1, 2,0m, v, €{-L1} » FFWR: y,[wex)—b]-1> 0 5K MImEGS T
2 SBR[l 00N 2 R |l BN AOF T ORI KT, HL, H2

Il
PISE VAT B B RIS eI FRAE A PO SCRF )i, R RS B H D7 92T AT SR A e D18 73 S 1 £ J5L 4 i)
FA N H T, BIAESR A iaiyl. =0,a,20, i=1,2,3,---,n X ai KA LT i KA EUE DN T

Q(“):i%—%anaia,«y,-yj(xi,xj) (3-1)

ai JYJ5 ) b 55 (1) 200 BEFRLAS B 3l 1, 2 ) el f A2 SR A — I R A 04 e e, A7 7 P — e
filt, WTLGIER], HLIT o, AAE, EWHECRrRE. KX SR BT HE weil b*, BN
Mear et

D(x):sgn((w*~x)—b*):sgn(zn:a:y,(xi-x)—b*] (3-2)

i,j=1

SRAVAR SCRFFTRIEATs bR AAS B A2 B0 AT e (K B R U ER A, 77— R X R B ke ()
T 2 Mercer 51 A% bR BURS e 2 M S50 60 P ARl P DR 38 Ji A N 2 ) ohox 2 AR 2 PR B o 2R P RFALE
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A o (x) A x, W B TR
Q(a):%i aiajyiij(xi)(p(xj) (3-3)

tl\

AR I ) 7 2 B K28

f(x) = sgn(zn:a;yik(xi ~x)—b*j (3-4)

SVM 73 RELE R, QiR E SCANIR] K A AR R K, ol g SEIL 22 I I L DU r 7 2485 42 17 2 b 2 (RBF)
T39S FH AN TR (A% R 5 T DA IE AR TR K] SVML 1170 LEARASIEY o FRAT T 20 420 1) J2k R BU(RBF) A5 2L 1)
A% R EIE SVM 733645 .

3.2. Adaboost 43R

TESE R S SR By, AR RN SR MR 2 2 88 2 B2 AR EHO/IC R T LA AR, 28— ME
)8 AR RO R, 1 — KRR S B RIS &R . 1T & AR B2 2
boosting R¥IH k. 7E boosting RFIHEH, Adaboost & & 4 M5 L2 —. Adaboost BER LAHAE 2K,
WAL RS, AR RS G 75038 ThRE[12]. AdaBoost — 702K ] ESLVE AR AN T .

ﬁﬁ]\yﬂﬁﬂiﬁﬁT={(xl,yl),(xz,yz),---,(xm,ym)}, o1, +1}, 950 RAEE, 5950 KA IEAIEL
Ko St iR 25 2648 f(x)

1) WIIBWAEAR SR E R BT

1

D(l):(w”,wlz,---,wlm); w,=—;i=L2,---,m (3-5)
m

2) WFk=12k:

a) L ABUE D, FREAGERINNGEIE, 1321555088 Gk(x)
b) 5 G, (x) K KiRER

¢, =P(G,(x,)= yi):gwkil(Gk (x,)=) (3-6)

) RIS TR EHI R
a = %log ! :k (3-7)

d) EHALRIBE A
Wi, zg—iexp(—akink (x)), i=12m (3-8)

ZH Z iR

Z, = gw,d exp(-,3,G, (%)) (3-9)

3) MR N
F(x)= sign[gaka (x)j (3-10)
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Xt Adaboost % Ju/rdRE L, HSZEPEM —u il mEEXAES S REM AR L.
Adaboost SAMME 575, ‘B W59 J88 ) 25000 T Fras

{ak =%10g1_—e"+10g(R—1) (3-11)

33. MRERE D

tv&W) Caco-2. CYP3A4, hERG. HOB. MN 432 Tl % T i ik 2 57 ) SVM AT AT Adaboost 15
M, fFH 7:3 AR RERMREE, i 2. B 3 Fiw.
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Figure 2. Confusion matrix of the Adaboost model on the test set
[&] 2. Adaboost #28NIR &R 1 FFEME
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Figure 3. Confusion matrix of the SVM model on the test set

3. SVM BB &R B 5B R

U b o PRV R A ) A 28 A Hh TR0 (E A IR A, mIR A 4R 9 AR S o U R (R AR
I SIS AR AL AEAL &) Caco-2. CYP3A4. hERG. HOB. MN f7r2845 5, DLHERZR, KE, o
[FIZ, F1AH S M fats LML brfE R AR P A . sRab gt R 2. 32 3 Fims

BT AR BRI AN e R S — s, Z0s IS R PR iR N5 N A U ARG, BT AFE
PRI W) Caco-2 AR, JN4a/NFEARZS H], B IR 250 (0KE BEIE B Adaboost BB, RS HEZREL SVM
1 0.02%. (EEFEEDY) CYP3A4 B, FERNZAMMAREHEN, LG FREHERE RN SVM 702548 .
TEEBE A hERG B, 5 ERNZA GV OIEA B, TEXSEEAHFEIRS, 15488 F1EBORH, oA F1 4%
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Table 2. Evaluation of the Adaboost model’s prediction results

3% 2. Adaboost BRI FiMLE RITME

Adaboost
Caco-2 CYP3A4 hERG HOB MN
HEHZR /% 0.85 0.89 0.81 0.80 0.86
KB/ 0.80 0.91 0.84 0.67 0.88
A Il 2/% 0.81 0.93 0.81 0.56 0.94
F1 {8/% 0.81 0.92 0.83 0.61 0.91

Table 3. Evaluation of the SVM model’s prediction results
2 3. SVM BTN 25 SR 14k

Adaboost
Caco-2 CYP3A4 hERG HOB MN
AR/ % 0.85 0.88 0.82 0.79 0.85
FE % 0.78 0.93 0.84 0.65 0.85
A [E12%/% 0.84 0.94 0.85 0.53 0.98
F1 {H/% 0.81 0.92 0.84 0.58 0.91

ExE T IEHEREERR, LEMNRZL SRR SVM R, ik &Yt &% HOB I, % EF|
GALEY I RAEYI R, B R E R Adaboost A5 8Y . 7EIRRAL-EY) MN B, F#ERZE Y5
R, TR SR SR Adaboost FRTY

4. REBEBES) S EVFEERREST

N Re EREAR B HUE X 8] AR B ERa HA SEAF AT, (AR A SE4F ) ADMET M
JREAE SN, R — R BRI R Bk, BT 1 AR AIE MR PR K, S IS ART AR 7 e
TN E AL B (I R R I 1 20 $RAFAR R EDF SN, EAEEACRLRE. Hk, W REER D
S AR R A B R I A R A B R BRI 2 SR 6 SE ADMET PR, B2
ik i ADMET 1 53 i /2 23R (R 245470 o

TR IEE: AR SO BN LAR AR, LA 2RO v g5 02K, T
RAW AR ZIARLANE, AR — SR R IR AR R 13]. AR — rp i R R R —Fh 2
MIARLAE IR, AR S R A BAT B A SE SIS, TR #6X — BEdoR AT @

BES FRHFERI 0 A=A B R —PrERGEFZEN), MEigFBYEER 2 1asE, Ao
BN FIEE R X, R RRS RS IRES T 1R85 —BrBL e AR R), AR I E i) 25 W] A 3 T 45510 »
HAEBSRAERTFRAE S TEH =B B, 18 INEE B B e MR e AL B 1R 3), R st W4
AL E . THEIT:

1) B

T A 3 5 (Y48 2R 2 1) AR R e 3 e (0 X I (IR B W i), AE AL EAITRT DA & A K(4-1)
E A I3RS 1R AT N

P =P _+ar(P._ —-P

i, new best ( mean i )

(4-1)
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b, SRR BAS SR, TGRS, 20200, [0, 1] 10— MBHLAL. P 24 M5 0T
B, Prean A BT RHIEE . PO R RERIAE .

FeMEAEIEE MR R S R N ZSEY), IR L 2 8 A LA T A28, DOInPRIS 2R .
ffe s B AN B A URoR

P =B+ y(0)* (B =Py )+ x(0)*(P ~ Poan ) (4-2)
(i) = xr(i) Ao yr(i) )

)= (o) ™ max () @2

xr(i):r(i)*sin(é’(i)), yr(i):r(i)*cos(ﬁ(i)) (4-4)

0(i)=a"x'rand(c)r(i)=60(i)+ R'rand (4-5)

Heb: 500 0 ABEE RN A S5HZ, a5 R SFEHNEEZ S E, ZBTEE 5585, 10). (0.5,
2). rand N(0, DWBENLEL, x()5 y() R FRFRIENE, BUE AL, 1), REM BRI A
HATR:
P .. =rand*PB_ + xl(i)*(B. —cl*P . )+ y1(i)*(P—c2*R,, ) (4-6)
3) P EL

To M AR 223 8] (R e (A BAR IR BT B AR A T B R ARG e i i) i i 3l R =2
AMEE U TR AT . aQrb N 7 T A S s A rh s RS B 5

H(i):a*ﬂ* rand,r(i)z&(i) 4-7
P =tand* B +x1(i)*(P —cl* P, )+ y1(i)*(B—c2* B, ) (4-8)
xl(i) = xr(i)/max(|xr|), yl(i) = yr(i)/max(|yr|) (4-9)

Dt B2, AL EARYE DL AR AT, Hh o 5 o ARt S b oA B RIS s @, M
H34(1, 2)
5, =x1(i)*(P—¢,* Py )

5, = y1(i)*(B—c,* B, ) (10
P, = rand*P, +05, + 5y 4-11)
W SRS . 29I SRR A3 N R Ay, BR—E R B R B VAR — S e R AL B,

Bl iR iy pICS0 {ELFAS B2 20 AMERAEAS R IE o 55 — 870 PR 2~6 X 28 — 70 v 15 2 ) 2 Ry e pIE v At i
4T ADMET PEBUAUF R, BEs 5 & 26 1F K o

O RERILEH 2 RRLAE

BEMIIARRNYEREDY 20, IEGFSHIUK 20 MRIFACE — XN, AR 1 A 45 SRAT A
REGE MR FRER/NECE N 100, IEARIKEL 50, S0P B 25U SCRR[ 14182 8L RO . S SE AN
0 2 1 ZIABEHLRIERIEAR BAIIRE, 3 SR NIEAORME, SO kR m . SRR,
M =B BENEBIRGEAEL, B0 LSRG, BRIER 2GR US4 RAFTE D SR AR
frZe, ERREBERRIMIPL, & AR &R, BESARREIEIN, 152010 5t iz
Pl SR U, JF Hoa 2 S S e U i
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@ ADMET 1 &4 i

ADMET Ml ACUFPE EZLRAR: WA WH/NG R S @ Er . Re%H CYP3A4 AR, A
HACMEREE. DIREVIHHEERL . ARAEEEN, TFE P R=A L EFRFR(15]. it 250 2~6
TR BT TR () 25 SR e 2 A e LR 5 R B =45 Caco-2 N ‘17 . CYP3A4 A ‘1’ . hERG A
‘0’ VHOB A ‘I’ - MN KN ‘0" .

N R 2 1) P S A A MR AT R AR I L — NI, TR O i N B8 2~6, T
Ty R RIRE YRS N AB TN Caco-2. CYP3A4. hERG. HOB. MN.

I HA#E DL F BB IR 28, #4734 . Hoh Modeli(x) R - B8 ¢ S-S0 x I TINSE 5, target
={1,1,0, 1,0}, TFAr 28R NRIILA Y & ADMET Y5 A v b 080 . 24T 4 2846 HH 45 3K T8
T30, WA DMET M &L, 4 HAE NPURE R 255 . A2 BT 3, WSsTE
TR, FE RIS 1) P st R g U N — Mz &Y ST IEEAE R, 03 ST R B
TRk &Y I, FIWTEE ADMET 5 % AN A A U1

5. R

i=6

score(x)=)_score, (x)

i=2

(4-12)

AT EIRFEF RSB NE 4 Praags R s, HA pIC50 4 9.113, &R . H ADMET PE)iiH+
Caco-2 ¥ 1, CYP3A4 5 0, hERG N 0, EIiZtb&¥st /Mg b B 0S5 TE R« BBl CYP3A4 Ui
ANEGOEFEN. BRIZEESY MN X 1. HOB A0, {Hilk FRIN ADMET A IF1.

Table 4. Properties of candidate compounds

4. RIEL SRR

Caco-2 CYP3A4

hERG

HOB

pIC50

1 1

9.113

%5 RBERRINEELSYIFGAR, BT REARLE OB, D R SR A 1 ki)
ARFRIE R SR . U1 6 Fra, HUE T A T 20 MREAR R HUMETER, ELESE, SuzikMmReis
ORI H AL 25 DR U 20 MRAEAR R EA T2 EMan, "IN RA 512058 %

AR -

Table 5. Real coordinates of candidate compounds

® 5. RE L EME LR

maxHsOH 2.91E-01 maxHBd 7.76E-01

BCUTc-1h 4.80E-01 maxHCsats 1.28E+00

minHBa 1.19E+01 minssO 4.11E+00
minwHBa 1.63E-01 hmin —5.10E-01

SaaCH 4.74E-01 minHBint10 8.94E+00

MLFER A 3.31E-01 MDEO-12 2.26E+00

maxHBa 7.94E+00 minHBint6 3.24E-01
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Continued
MAXDN2 3.57E+00 ATSc4 3.23E+00
BCUTp-1h —2.73E+00 MDEC-22 3.52E-01

gmin 1.30E+01 C2SpP2 2.36E-01

Table 6. Results of Black Hawk search
6. BERRLE

maxHsOH 0.341 maxHBd 0.91
BCUTc-1h 0.896 maxHCsats 0.998
minHBa 0.891 minssO 0.611
minwHBa 0.541 hmin 0.08
SaaCH 0.154 minHBint10 0.863
MLFER_A 0.008 MDEO-12 0.381
maxHBa 0.513 minHBint6 0.092
MAXDN2 0.474 ATSc4 0.135
BCUTp-1h 0.494 MDEC-22 0.459
gmin 0.567 C2SP2 0.007

RN B BRI K ERa W& 1 BIA Y& I8TT FURE Rk 259, (AR RN, 5w s
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I3 FAEIUHT Adaboost 73 RIS AL AW Caco-2 (Mg EEAIBE ). CYP3A4 (RER 4 CYP3A4
). hERG (& EA OIEEENE). HOB (I RAEFIH ). MN (& 75 BA 8% F %) (19 70 2R T s A 4
SRR T, DL R RIS 723 BRI ISR . B i T I R SR AR AR
Shia LR A AR, T REAS BB UM, Seae 4l S W I D7 VR Re 0 & A S W R AT T
i, 2Bk ADMET. 7 FhaEte. WS ZEMEY), iR sl gy, Wi
26 8505 s[RI E5cHE 2 O B B4R TR Al mT ARRAR 29 A a BRI R I, DU Sk & 2580 712 51 i
FERFM, PR

SE

[1] Wang, B.J.,, Shen, Y.H., Liu, T.Y. and Li, T. (2021) ERa Promotes Transcription of Tumor Suppressor Gene ApoA-I by
Establishing H3K27ac-Enriched Chromatin Microenvironment in Breast Cancer Cells. Journal of Zhejiang University-
Science B, 22, 1034-1044. https://doi.org/10.1631/jzus.B2100393

[2]1 Khamouli, S., ef al. (2022) QSAR Modeling, Molecular Docking, ADMET Prediction and Molecular Dynamics Simu-
lations of Some 6-Arylquinazolin-4-Amine Derivatives as DYRK1A Inhibitors. Journal of Molecular Structure, 1258,
Article ID: 132659. https://doi.org/10.1016/j.molstruc.2022.132659

(3] WU, sk, A, BER, T BT EEEIMSKIZY) ADMET 73 K BRI @ AT, BdlE i
SRR, 2021, 5(8): 76-85.

[4] ArE 2y, AN LA &2 7 it i i S0 P A= i Ve T vh 1) S A [J]. YEBOR 22224k (B AR 2R, 2017, 45(5):
418-423. https://doi.org/10.16389/j.cnki.cn42-1737/n.2017.05.006

[5] EEM, HEZE, BURGE, EGH], AR, FT RegNet-1d B A FIR:BH BEZ K ERa 155077 KA 03 M TR0 77
VE[P]. HHEEF], CN114121177A. 2022-03-01.

[6] L. 254 ADMET B85 75 20T A RE 6] MER R 2 AR 25 Bt BT 8 [D]: [ L2 e ). Bifg: BRI T
K2, 2011.

DOI: 10.12677/mos.2023.124359 3941 e RSE TR


https://doi.org/10.12677/mos.2023.124359
https://doi.org/10.1631/jzus.B2100393
https://doi.org/10.1016/j.molstruc.2022.132659
https://doi.org/10.16389/j.cnki.cn42-1737/n.2017.05.006

Jerd 2%

[10]
(1]

[12]

[13]

[14]

[15]

T8, H RS AL 18 7 VR 7T (0], BHECE IR, 2020, 18(36): 231-233.

BT, RN FET SR B R A TRAL B TV L AT [T]. JERH DML R 2244k, 2022, 44(2): 185-192.

Hu, L., Gao, L.B., Li, Y.H., Zhang, P. and Gao, W.F. (2022) Feature-Specific Mutual Information Variation for Mul-
ti-Label Feature Selection. Information Sciences, 593, 449-471. https://doi.org/10.1016/].ins.2022.02.024

T3, FhIRPE. Lasso BIHITVEFERFAEAL S £ AR H[T]. MR CAEHORIME 24 B 224, 2021, 37(12): 109-112.

Naila, S., et al. (2020) A Rapid Recognition Method for Rice False Smut Based on HOG Features and SVM Classifi-
cation. Journal of Physics: Conference Series, 1576, Article ID: 012018.
https://doi.org/10.1088/1742-6596/1576/1/012018

Li, W. and Jiao, G. (2020) Prediction of Poor Students’ Classification Based on Adaboost Algorithm Integrated Learn-
ing Model. Journal of Physics Conference Series, 1574, Article ID: 012172.
https://doi.org/10.1088/1742-6596/1574/1/012172

BHNY, T, RR. AT Ol TR R EEN FRP R AGRIEE £E[J/OL). S vk 1-9.
https://doi.org/10.13195/j.kzyjc.2020.1025, 2021-10-18.

Alsattar, H.A., Zaidan, A.A. and Zaidan, B.B. (2020) Novel Meta-Heuristic Bald Eagle Search Optimisation Algorithm.
Artificial Intelligence Review, 53, 2237-2264. https://doi.org/10.1007/s10462-019-09732-5

Shar, P.A., Tao, W.Y., Gao, S., ef al. (2016) Pred-Binding: Large-Scale Protein-Ligand Binding Affinity Prediction.
Journal of Enzyme Inhibition and Medicinal Chemistry, 31, 1443-1450.
https://doi.org/10.3109/14756366.2016.1144594

DOI: 10.12677/mos.2023.124359 3942 e RSE TR


https://doi.org/10.12677/mos.2023.124359
https://doi.org/10.1016/j.ins.2022.02.024
https://doi.org/10.1088/1742-6596/1576/1/012018
https://doi.org/10.1088/1742-6596/1574/1/012172
https://doi.org/10.13195/j.kzyjc.2020.1025
https://doi.org/10.1007/s10462-019-09732-5
https://doi.org/10.3109/14756366.2016.1144594

	基于秃鹰搜索的抗乳腺癌候选药物优化建模
	摘  要
	关键词
	Optimization Modeling of Anti-Breast Cancer Candidate Drugs Based on Bald Eagle Search
	Abstract
	Keywords
	1. 引言
	2. 构建ERα生物活性的定量预测模型
	2.1. 特征选择
	2.2. 基于改进的随机森林算法对ERα的活性预测

	3. 构建ADMET性质预测模型
	3.1. SVM分类模型
	3.2. Adaboost分类模型
	3.3. 测试结果及分析

	4. 秃鹰搜索(BES)与化合物筛选模型的建立
	5. 结果分析
	参考文献

