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Abstract

This paper uses machine learning methods to explore the application value of statistical models in
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the pharmaceutical field. Taking drug candidates for the treatment of breast cancer as an example,
in the research and development process, the following two indicators are mainly considered: 1)
find out the compounds that can inhibit ER«a activity and reduce ERa activity as much as possible;
2) The drug should have ADMET properties. In this paper, data mining technology and basic statis-
tical methods are used, firstly, 20 main variables are selected from 504 variables based on random
forest algorithm, and the nonlinear relationship between compound structure (i.e. molecular de-
scriptor) and ERa biological activity is established by XGBoost algorithm to predict ERa biological
activity, and the results show that the accuracy of prediction by this method is 92.74%. Then, the
particle swarm algorithm is used to establish an optimization model, and the specific value of the
molecular descriptor is calculated under the premise of ensuring that the compound has good bi-
ological activity and ADMET properties, and the results of this study provide a certain reference
for drug design.
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1. 518

FUIRIE A A ER R WL IR, FoA 7 7 AR 29 R RE — B 2 ki . B BRI e 7T WL
(IARC) K AT FIEE o, U 2020 4F ob [E e Mg N B, FUlew & S e —, e &k
N Lt RO R R P AE . A OCHTER W, FUIE B AR I, R E AR AL ek,
IR = L RS 2 P A i A 2 R ) R ] R

TR I, MEBE 224K a (ERa)VE R e R, 38 3 1 5 45 Ao I A1 P 2 S ol 42 o ST P ek g 1) B [1]
[RL Ut ER o A0\ R 2 LI e 10 0 ) B B2 A4, R L TR — AN B TS 3, RRB8 5P ERa IRIZ540T
TR R TT R LR [2]. FLIR, ADMET 5 2 25 )i i A% b e G B ) ) /2 — (3], B
(Absorption). 43 i (Distribution). 1{i4f(Metabolism). HEitlt(Excretion). & 14 (Toxicity). 2R 1E 24P K&
Wial, i E o T RIS R A ADMET 15t 2t H.2% g, BRIE w8 R ) S r Ak & 0 AR i vk it
TR (QSAR) ) 5 K e I E G AL &4, H PR E AR 2 8 CE IR IZ I ANLE8 5 ) 7 iE e ix —
i) @, Zang Q. [4]15%(2013) 1 F A LAR MRAFAE LR TV $REN S Era $5 057006 M A S IO S5 /R AE, IR
SVM 4i& RF SEMNKERAFF i ii], 8 QSAR B, Zekri A. [5]5%(2020)% T2 o4tk [nl)H
MLR 7573, it 7 — M Rf@ el 521 QSAR BALR TN HisE 257 1)i& E. Chang K. [6]5%(2021) 7k t 12
N FRIATE, o nlfgEE T EET BP MM TR FIBENLARR I B & ERa A3 11 8 B T AR A .
A BEHLARAAE AL AT F T TR A 58 4 A= s B 6 S 4 73 1 Babiker S. [7] (2020) %545 32 45 (5] 3 1L
o S BRI L B IR I fE I R 2

HRT, B L (5% 25 W0 A 75K 22 50 fm) T Tl v, S 250iE 1S ADMET MR ZR& 40 i
BISCERE D s ERARIT AF A 5 R LA 5 2 7 VR AT PO e As, AR FotillRs FE i AR e $R 2 1) . Rk, AR
SCR AR A 2] XGBoost 58, F ST AE WAV TR B BT ALA, R R TR, DLAYIETE
KB H 2 2 =Fh ADMET HUA%AT, SKRGE 5 T RR T 1) B AR -
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2. BEkiESAE
2.1. BUERIE

A AEAIE T DrugBank 258718t i, Bl dR L aE 1974 MEEWIN 729 4> TR AT A A
I pIC50 fE. fHH] train_test_split BRHORNKF 1974 MEEWILL 4:1 R AINZRAEMNIREE, IZRRREA
H0y 1579, MIERFEARCN 395, FEVIZRE EIIZRIEAY, P 0 1R R B0t R 5 SR Y g U 3 R
2.2. B

BT HdER P TR E R AAREL 2, AMIEIF RN TR A, HERUIRREYE, 9feifE
AR . FHARKE T 40T -

1) SRAEALHE: e BR AT AL, 42 0 AR T HIRR, XA T8 — IR Bk #%.
BRET RIS TR R AR 225 A, [RIN #E— SR S W AT B A I, R IBCE FAh B R . U A
iy 1974 MEEYIN 504 > TR (E B

2) Bk SR A PRLETERRS /L A SCRHIBEN AR SEBUG AR B (i . FEHLARAR
FEACH/NREA TR . ERAAE 2 (R AN S Bl 5 M T A SR B AR5 o S T — AR, BEHLARAR A ok
SR AT AT DARE B P 1238 8 P 3 B0 70 2R R DU o 50 (P 22 T MBS JE 45 550 ) B 22, S80S L B
B, KRR R FEM AT 12, RIRTZ A i d B o SR AR BE LR 5 V34T AR B Y
BT AT 20 MACEAF VL ERa AEVIE RN € BB A&, PIifigl) 20 S0 TR e I 1.

Table 1. Results of variable screening
1 LTEMEER

He 4 o R R 2 oy TR
1 MDEC.23 FrE R =R A5 TFE 10
2 Lipoaffinity Index RESEANTE %
3 maxHsOH BKRTFIA HE &5: -OH
4 minsssN B/NRFREFE: >NH-+
5 minHsOH BNRFRABETFE: >N-
6 SsOH FRTHRBTAZM: -OH
7 BCUTc.1l nhigh FAKH 2 LA IAL BCUT
8 MLFER_A SO BRI S I R R
9 BCUTp.1h nlow & AL i BCUT
10 ATSp2 ATS BB, MR
11 maxsOH BRNJEFREBEFE: -OH
12 minsOH wANEFREFA: -OH
13 McGowan_Volume Z iR SURHFIE AR AR
14 VP.1 sz, 1Er
15 nHBAGC A
16 ECCEN 4G R B AN AT S B R AME IR R
17 nBonds2 B BE(BEIE S AR
18 BCUTc.1h nlow f =36 43 L A BCUT
19 C2SP2 MR S S AN R A &
20 SaaCH TR EAZM: (CH:
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3) BNV WRRFAETRE , SeMBRBUE NS T #RFF A &, SEilER 225 M2 &,
FER I BEHUARMIEAT BIAE R S P A VIR R P HEAL T 20 190 TR AT . FTALLE R LIS 1, Bt
HRRWIMRRE LR, 55 S B RAG THR IS R I EE 8. hER 1, 20 MR [ H
RV ERUR, RS iR & RA R e, ART T2 0.
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Figure 1. Variable autocorrelation plot
1. TEFMEXE
3. FMREE
3.1. XGBoost jE MR
XGBoost J& —FfiHE T GBDT FH#EAT 1 VF 2 AL OB BURS FZ 42 T ik S 534 [8] - XGBoost HE %3 1 %t
FE AT AT DL, 98 B A WO S B IRTT . AFRE 0B SUNBORRIE, SRR AL
By, BHESURRBUR T VOERME, IS BRI A sl B D IR R R b B A 7 28 88k .
ERANZERoSE

T

£® =Z[ijj +%(Hj +/1)WJ?:|+}/T

=t

Hob: G =X, 00 Hy =Y, N Ho WA BREEL bR IS

ARSI SO Hh 1 20 /4 TR A R (0 50 1578 Bt pICSO BT HEAT 2 9F, T AR — 1 1074
x 20 [GRE, T MCIEHR QOYKCHR 1y VR A I MIZRAE, T34 197 ALSCHR AR, Fil XGBoost 51
AT, RN B M S HGRAT T it max_depth % “RHBKIREE” , BEN 8 eta
SRR 0.3, TERFURTH SR BN GH-K I0 (EH, BI A GERBLTR,, (L3R RS L A7 5 R
SLft B HOE B B . FUF R KRR S DL T A0 32 Hh 2 14 2
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Figure 2. XGBoost fitting effect
2. XGBoost Il &R

R G211 197 21 pIC50 FINME 5 A AHAEASEBR(E ML AL . 14 2 R W, G E R B S B iumin,
BIRAFAEAE A0l 85 LB B ™ SRR A AT, (HBARE S — B, IR AR 00 AR S R 7T RE A2 R D9 A7 AR ik
RARZBZ R T ZHACERIE M. K 3 i TRERSINEDL, MEIRESE 0 | LN iEh, BRRES
LB, KA REA IR ZEANAE[-2, 2)2 1], 5B XGBoost #4! LL i€ -

WERE
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Figure 3. Residual plot of XGBoost fitting
3. XGBoost Il & FHEE
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3.2. RBEMN

N THRIT XGBoost FyEHIFLA R, A SCEBUINREF ) 30 4FEA, A LR ETHE TR A
EAREMKEE, HEARXWT:
9i =Y
z[%]

error =
n
e [z
g =1-
=

Horr, § FORE MR THE, v ZRE AR SEERE . T S AR AR R, T
TR B TRS FE, BAABUE R 2 PR B IR uE AR RO, T A S S R — 8, i ZE L0, 0.8]
2 18], XGBoost &8 P BOER BN REF,  H IR 8

Table 2. Evaluation table of algorithm prediction effect

2. EIETUMSR TN R

MXFFS  XGBoost Fll45 R FSUE  REME BUUKEE

1 7.86 7.53 0.33 95.62%
2 7.35 8.17 -0.83  89.84%
3 7.65 7.28 0.37 94.92%
4 6.44 6.36 0.08 98.74%
5 6.45 6.82 ~036  94.72%
6 6.78 6.05 0.73 87.93%
7 8.65 8.04 0.61 92.41%
8 8.17 8.33 -0.16  98.08%
9 7.33 6.78 0.55 91.89%
10 6.89 7.54 -0.66  91.25%
11 7.00 6.63 0.37 94.42%
12 7.22 6.42 0.80 87.54%
13 7.38 6.25 113 81.92%
14 7.50 8.23 -073  91.13%
15 7.26 7.20 0.06 99.17%
16 7.61 6.55 1.07 83.66%
17 8.29 7.94 0.35 95.59%
18 8.25 7.72 0.53 93.13%
19 7.63 7.51 0.11 98.54%
20 6.88 7.30 042 94.25%
21 7.42 6.95 0.47 93.24%
22 7.23 8.25 ~1.02  87.64%

DOI: 10.12677/5a.2022.116139 1343 Givth2 5 R


https://doi.org/10.12677/sa.2022.116139

o 3

Continued

23
24
25
26
27
28
29
30

7.42
6.89
6.99
6.81
6.57
6.16
6.83
6.73

8.28
7.52
7.48
6.74
6.56
6.79
6.44
7.62

—0.86
—0.63
—0.49
0.07
0.01
—0.63
0.39
—0.89

89.61%
91.62%
93.45%
98.96%
99.85%
90.72%
93.94%
88.32%

4, EIEE

4.1. ADMET M REAXIEE

% 1074 ML Caco-2 (&N E IS ISR . CYPSA (fLaMIAHERGTE).
hERG (fL &I L IEREIE) . HOB (MK RAEAIRIFIED) . MN (fL At i 2 ) s 1A 2543 b

JREAT T -

Helitth CYPBA4 Jy “17 IR ILMAVIRENSHE CYPIAG AV, o “0” ZURi4 LA MR AEHE CYPBAY
fR, LS PIRERS B CYPIAL RINFRZIRE I YL IS, [FINTECE MN 9 <17 R & YA
ACHE . ZHRADRI %, “0” WARK L AR BATIRAE BN . 2502 1P LT . BRI HC
BRETALER, 42 3 il 7RI ADMET PERR MR 9D REAS. Foofr, 4405 (0 TR ADMET PERRAH,
1 503 MEEYIRER IR T =HE

Table 3. Properties of compound ADMET
# 3. A1 ADMET MRHRIER

th& ADMET P4 536 2 AN $k

WEDIFEALL

0

a A WO N

571
429
431
364
162
17

4.2. i BRFRRARIEE

1) A E

ARSI ALIN BT XGBoost SE AL A% ERa AR 1 1) e B PRI AL 1) B4R & 0 204,
PRtz R A B th A 20 MRS R, 100A:

2) HARERBLIHR N

X ={X\ Xp07 "+, Xgp }

ASTIIPEAL HARAE T15 AL S RIREL Sy 7RI AT, DURIR S 7 R AR AT 2 BUE 8 b T4
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WUEVG IR, R AL APt ] ERa B EAF A, RN BA B4 () ADMET 15T, (L&)
fifiifei /2 1 4F ) ADMET YRR, RUEASCBL AT T pICS0 N EZ KA A bR, BVZSRIL GV ED)
PERATRER . RIS, 25 RE 24 H ) 20 0 TR R ERAE I % B e a A RETCPRKETER /D, Ak
BEELIHN:

0<x <maxx,, i=12,---,20; b=12,---,543

b, R RIS XGBoost il i AW K T IR I AEVE 8, TR PR 2R
min pIC50 < pIC50 < max plC50

predict

FITEA H Ay e 8 S 2R AT
max : pIC50

predict

0<x <maxx,, i=12,-,20; b=12,---,542,543
s.t.¢ min pIC50 < pIC30,,.y;,, < Max plC50

plcsopredict = fXGBoost (Xi )1 i=12,---,20

FO, famn (%) TR IS TAART 15 4035 MY XGBboost S0 L.
4.3. NFHEZSHEE

BTV R P SRR B AT I R T A R T v o MBS — BERL TN T B A
TN, R TR, FEEEA IR LR b G B A AR TR A R R .

AR, PRyl AR E T B SR AR A R — B 81, R 81 B dee DL kL T
AR R E, WMEIEREME. 3 ERRRE RS EINE 4 iR,

Table 4. Parameter setting

=4 BHRE

AT s ZHE
FRHER /N m 543
Y2 D 20
WERT w 0.9
AT C.:C, 2
oL 1 B KB Viax 0.5
RKIERD t 500
I AR B Xo BEATLEL
BIUEA LT3R Vo BEATLEL

4.4. 1EBIK R

EEE BRI E R 2 AR, RSO R 16 S g 'S R R EIA R T AT R M. TRV AL IR
T, FEARRCTFEIEARECN 16 R, FERBE RS H, RNHEMSUORE G, BORDRARVE R BT
PO R PRIE . ASON 543 AN B A SR AR AL 30 P i ORI ) 2 AR B0 M R BB e T SRASHE T AR LR
FETN, BMMEEW TR R BUE ST 45 R Ak 5 For .
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Table 5. Optimal values of molecular descriptors
F= 5. HFHEATRMEESR

I FRERTF TR AR i
MDEC.23 FiE M = T 4y FRE B 14 38.603
Lipoaffinity Index iERIE R 16.0788
maxHsOH AR HE &: -OH 11.362
minsssN S/NE TR T >NH-+ 2.5055
minHsOH BNETRIUBETFE: >N- 0
SsOH JEFRHT&ZM: -OH 0
BCUTc.1l nhigh F A& 53 B i INAL BCUT -0.416
MLFER_A ROV I SR T B A RS 2197
BCUTp.1h nlow #x = B AL ML BCUT 16.748
ATSp2 ATS BAEIHRIARTE, HAEaAL 3535.7
maxsOH KRR TR EFA: -OH 0
minsOH /MR TFRHBTA: -OH 11.166
McGowan_Volume EAB &R RN 3.837
VP.1 Wz, 1M 4.699
nHBAcc Szt E 0
ECCEN 455 PR B AIARHAT B I Fh R 206
nBonds2 HERB(BESE M) 22
BCUTc.1h nlow i =36 73 H faf AL BCUT 0.0721
C2SP2 WK 5 5 IR AR A 18
SaaCH PR EARZM: (CH: 31.95

7Ei 2 2 /0 =F ADMET MEFUIFHIRTIR T, pIC50 iR IA RIS, 20 MEE M R £ 5
Fras, HorA ATSp2 [1%{E A 3535.7, ECCEN 4} 206, minHSOH. SsOH. maxsOH. nHBAcc [
MR 0, R 14 D0 FHERFF I SALHE 2 A E[0, S0[EH P, HER =L .

W WEENMEEY T RR R RACIUE, —J7 ] OSSR S SR R S i, i —
FTHAH A ERo FE AR IRES AR . ZOEE R NFLR B T rT S FI s N, REE kD>
R AT BHIRIR %, AR 0T H Tt B B A YE s a5 1, 6 U 29 A ) 2 —
JE I SE = o

5. &g

BEXT UL RS 20T A R R B AR PE T A SR AR AL S P e DU I R, A SCE e R BEMLAR AR5 7%
BEMRECRYESE, IS PrA e S B B HE Y, TRk AT 20 DX AEME TR B2 R 0 TR T, 2
ST AR RS TEZ M ACE R R o BT IR, AR DRUER i AR i VE AT R4 25 W 5 R i
R, WE S0 TR R EIE. 23X E G R T

1) ASCAARRIGEE LI EDIEYE, KSR BRAL S 20 7> 1 HA4F, I XGBoost 57
WEZHFHRR, B WETIEZ QAR R Al RYEE 2, SHIHI E0 B S
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REJVRSE, FHIHRZELE O B LN PAadsl, B EEFNE REOyEE A G2,

2) M E A EE Sy HAR, I8 BOE QR TS HUE, T TS T R AT

BARfE . BUESS R 5 Fox, b ATSp2 BUER K, N 3535.7. Ko fiR #5193 B 7E[0, 50]1X 8] A
HUE, DCERERSAEAL AT PRE R IF 2588 71 R, Xl ERo BA B I RER .
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