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Abstract

In recent years, personalized medicine has attracted extensive attention from researchers, and
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the prediction of anticancer drug susceptibility is a major challenge for personalized medicine. In
this paper, CCLE was used as a dataset for anticancer drug susceptibility studies, and gene expres-
sion data and drug sensitivity data on different cell lines were selected. At the same time, we de-
signed a hybrid deep learning and machine learning method called PCA Transformer (PCAT) to
predict the susceptibility of anticancer drugs. Firstly, a PCA model was constructed to extract im-
portant variables in gene expression data on different cell lines, so that the gene dimension of
about 50,000 was reduced to 500. Then, a neural network Transformer model was established
based on the dimensionality reduction gene expression value to predict drug sensitivity, the per-
formance of our model was evaluated by root mean square error (RMSE), and the model estab-
lished with the optimal number of latent variables was used as the final model. In order to verify
the performance of PCA Transformer, this paper compares the Transformer model with the pre-
diction model random forest (RF) and support vector regression (SVR). Specific combinations in-
clude: PCA Transformer, PCA + SVR, PCA + RF. Finally, the results were compared and optimized
with the results of previous research methods (ISIRS). The final prediction results showed that for
the 24 drugs in CCLE, the average RMSE predicted by this method was 0.7564, 6 drugs had RMSE
less than 0.5 (L-685458, PF2341066, etc.), and 18 drugs had RMSE less than 1. The average RMSE
of the prediction method is 0.8284 (PCA + SVR), 0.8757 (PCA + RF) and ISIRS (0.9258), respective-
ly, indicating that the proposed method has stronger generalization ability.
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TEERCRA R S BL[L], BT B R et o A B va 7 s s B 12 550
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SEAE W) PR 2 R R R R o IR RS e 07 0k A o — 2 A A A0 B AR 1 R DR 2ELAE IR M
HMAE Y2 BURPERE LT 7038 i £ LT, KEF TN BT 1X 58 T AR 2 i B RE Bk
ATHEARE, IR AE T A Fh TR AR P R TN 25 WUk i . 95 [ [ S E A 70T (the National Cancer Institute)
£ 20 40 80 AFAR AT NCI-60 Hods B g JLI eyt & ik TAFEZ —, NCI-60 Hdf fE 1R — Bt ] iy #5
B FH SRR A 3k 253 e 4R M G B I BE ), 1ZE IR BER B8 7 AN RIS 9 M ASRIZLZ 60 HRjwAE4H
Jifl /& [5]. GDSC (The Genomics of Drug Sensitivity in Cancer) & Hi Yang 25 A 7E 2012 4EHF & 1 — 415 K
e, R 7 639 P NS 40 R L R AL S0 138 FPe i 2 R BRI T 028, BHEIR R
% P AN B FP 2 W R (1 2 DR AL A b B 6] . GDSC B S KR AN L AR I L 2 W R Ve R
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K H T COSMIC (the Catalogue of Somatic Mutations in Cancer) % #5 #45 4 . CCLE 1 GDSC #t #5448
MR E Z P NRIERELAZ, Blanfit, FURFIENE. CCLE 1 GDSC #i#E#l A & i 4115 B2
i, BOFEHENERTE, DNA D18, i g A%, Hor CCLE £33 1 1000 2 ANFEA (1) 2 [RIARFAE,
PLK 24 FhZ57E 504 MREA FIBUSRPE . 35 TIX SR 45 O 3B 2 B A FE Y, Staunton 25 A\ 5
T NCI-60 [)J PRI ek i v | PR [ 7], Ad i T8 A I B2 07 3 AN 0 3R 40 SN AR R 25 i
J7 T RBUBKEKIN 25; John S5 N FH 45 i e A0 L ) 225 DR 3 SR 0 A0 X 43 %o 22 Bl Ak 7 2590 ) S B2 [8]; Aben 4%
NEBURMEMRRR S AR, TR T M4 N TANDEM 5:, iZ50EMHH « B~ 8RN
A $E VLB SRR E SR A R R R TR B R TR Rk B SR I 25 S N, B K PR
i 15 20 s SRS PR BT R IR [ O Bl B B (R B R, FEREA R — B IS DL, B DR B 4 5 AE AN W ) AR
K, ARG K T BRI . Riddick 28 AFE 2011 A4 H 2 7 B HLAR AR T 50 AR B o PR R O ik
AR E[10], MAEAR YRR KR TS OL S, BENLAR AR TSR0 B2 5 FAh VA AL EE BRI 22 EE . Jordi
A NAEZE AR B IR 1 Y5 81175 42 U i Sure Independence Screening (SIS) [11]757%, 1% 7 i@t it H A&
525U TR AR S ME R e AR B . MR R B R A D% R R AR B2 B Y AU RE IR, Sure
Independent Ranking and Screening (SIRS) [12]H # FH T i 275 & X045 Y o AP S P 075 3k 5 Tl WL AR PR 75 B8 G 2%
WA T 25 I S, HASBE e R R E IR0 28 Hh B 2 AR AR B, AR e & T AR R 4 o A 7RG
PEFH T S B 4ERE 77, Chiu 55 NRH TR E 1 4 fith DL B IR B A4 8 X 48 S 0] ik DRI EEAT PR 4E TN [13] o TITE
— B NFEARE S b, IREEPN A I ES UL RIS 5 S B 25 gy r AR i L A I O, 2 AR 1R AR
Ho

A CAHT N BRI FE Bl St KR FEE R B T F0000 R ) AR R, K PCA B 5 R B 2 ST MRS &
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2. IRFESHIE
2.1 iEAMERERIE

TEARICH, FRATIRE T — MRS SPL8 = SR A 775, #-ON PCA Transformer, FH T HUI7E 2
Ml 2 ER 20 . FRATA CCLE Hd A2 3R B AN i 35 A Bk R 2 A 1 AL 25 W s v a2k R 3R
15 B 5 A4 BUR AR B N o

CCLE ##E5 6.1 1037 /MEA M A M R IR R A HE . JE DR RAZFNEE DS B8RS . AR &R
LS T 24 Fhbvsem 25 7E 504 AN4HH0 R AR P BURPE R . BT R I, Koras 55 AN T 2020 4% 254
SRR TR i AR T AT PRIV [14], VPAS A DRI Rk A fef T M ROIIARFAIE , R FRAT Tk 1% 1 DR A 4
AR R BURVER TNAE & . CCLE hius 29 BUR e 200 & =M. 1) BIdIk e, &R
T 2D U ) — PP S Y, R ORI 50% (1) 40 i AR K P R EE N IR L s 2) PRI ORI
(Concentration for 50% of Maximal Effect) &5 g 51 #2 50%5 KKK 3) Activity Area, 25455 & ith
2k FITRITAR . ARFETRAR R XFRATTT LANIE, Activity Area #UK, Z9WMBURMEE, M2 NG, A&
SCIEEL T Activity Area 1EAZIBURME IR R FE bR . CCLE % #E 5045 v 4 www.broadinstitute.org/ccle/
RHL

2.2. EWSTTH(PCA)

F B3 73 Hr (Principal Component Analysis, PCA) & — i HI HEUE FE4E SR, 2875321 AR AT a5 &
1, e T DL 2 AR ok JE A B B o — LS YRR LR M TSR R R, B R X A BN
F 4> (Principal Components). =843 7341 40 H s A2 08020 £ S i 455, [0 DR B 008 2 H ot 5 22 D ik e K
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1 HlEbadetk: T PCA XU i REARHBURK, BRIt 2o 5 200 AR B b AT An AL AL 2, ff
BRAMHEE N 0, TTZEN 1.

2. WHWITEMNRE: brdELEEE, THEE T =R T E AR N TR R AR R N
L [T 22, AR TENTZ ISR SRR .

3. TFE T R R AR AL R 5 KRB A K/ INRIR 10 A AR 1A 47 7 b K A A R
(RIJ722), RPACAEBOR, eI %07 1A BRI R Ao, BIAE B .

4. WFELRIY: ARIEFFALAE RN, EFERT K A RO BURFAL D B ARFAE ) B X SEARRAE 1) At
BRAE RSB A7 1, iR sy IR R R RO k /TR BAE I 4E R, DLk B R4
M H .

5. K JEU A B e e BB ARURFAE 22 18] AT 308 R 1) 2 Ry CRRAE IR ) AR B 3, 4 IR Bd 5 21
RASHRFIE A ], 5 2UPRAE R 1A -

5

Original Variable 1

Figure 1. Principal component analysis visualization
1. ERS SR

2.3. Transformer &Y

Transformer R —FhR B 24 SRR, B ) i1 Vaswani 28 A 7E 2017 4Ef{118 3 (Attention Is All You
Need) H 42, H TAEFH 2 55 045, WPLEME. B0 B8R B EE IILH
(Self-Attention)RACEEE I, Z R R B AN 2 BR, XA RERS JAT BT A R AT A T ER, A
SRR LN 25 (RNN) IS BRI A B . 7E FE R I PLE B S R 5 s A B S A A B
2 1B A SR TR B (B ¥ 7 AL , 4R 5 MR 1 S A A 45 7 97 P 145 6 AT A5 BB BB R
Transformer #EAYTE HSRE 5 A EL(NLP) SIS T B RIIRR T, REnl 2 ENLasflie. SORE., MZE R
GEEES . MRS, BT R ARG, R FRANE SN . BRI AR R R, HIL TR
ZAEMK, W BERT. GPT. T5%, EAMES H IS H#HUS 1 R3E MRt .
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Figure 2. Transformer model
2. Transformer & 8!

2.4. PCA Transformer &3t

Figure 3. PCA Transformer flow chart
[& 3. PCA Transformer 2 &l

N TR AR T B/ 2, AN 5 M5 I Bl SRont s 2 U EAT i . 3 T AN R
PO, AR LRI KR A FIR, a5 i R 0 2 A e A I 1 T 2%
RRTZM . 5 A FRIE B A7 AL EJTRRSE DR, er A R B Oy B 0 A DA LU R R AT 2 e
J1, WMRRGIRT EME RN A A, BATE T AN HEER R 748 PCA
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Transformer )77 125 R Al e B 24 5 TN T PR A7 B e 247 P A0 P ot Jg AE b o 75 AR A P ) R

78 2.1 TR ERAFE S TR EWE, BITERE G B RANERCGE R R HE,  [F @B /iy 3A 1%
R FRIEHE 5 2 Y BURIE B 34T T WAL B . CCLE thitd 24 Ry ziyy, © THE2Y, S A
Fri{3 1) Activity Area BN —/MNHML R . AT BT 25 W0 EE 1B N R IR Bl AT AL, I 3H
M2 R AR, BNAYFIAE L E 2 A, R4 /A5 4 753 5 AR R IEHdE . PCA
Transformer [¥155 — AN TAE & % 45 KL 5 77 125 RIS R Hdfa 3k AT B e R U 2. . FRATTRI AT PCA J5 g%t
XL FE KRB AR AT — N TR 2= S 4, IR BE NS &, X LB AR 5 i KPR BE 1S 1
JR e e T A B B . RSB PCA 4t )5, FRATH Transformer #5885 4 B S (7% A48 &%
T2 BB B B SR S ST, L RMSE (W 3.1 F5)VE NP 4R bR, BRI RERL A (93 2 Ao WLk SR et 7
AR HAT 2], BAOBId S ) U AR TR 25 W U R AT B 28 T

3. SLIRGER
3.1. TR AT IEHR

AV Z PPN IRAR VRS AR R R iR 22, (AN )7 iR 2 (MSE), #7HRR % (RMSE), 48X 1477
RZE(MAE)SESE . fEMZ H, RMSE X 5 K 1R 22 S NNEEURK, 30 3IATTSE I it 1 338 S =K HHR 0K
4=, el RMSE B3 & F T B B 25 WU A R o DA BA TR 48 U AR R 22 (RMSE ) E N BA TR TR ) iR 22
SR, BAARAR(Q) TS,

RMSE =/ (y, - %) /N (€]

Horf N R ER AR, A 2 W BRI B AR A AR R ZE | AN AR T . v 1 RS BEAT VP
fitt, JATFE B A SR R BEAT I 6, A0 25 RN AT IR IR . B R K 3758 XRIE /&
PR RS IR TT %, B —VEAR T KA 28 I IE 75 2 S s S A, PRI A SO HH ) 7 i B
LT R K A58 AR IEAT PPAL . K 358 SCIRIEREN LIRS BEAF 709 k4, gk — 1
HREARNENNGREE, BRI k— 1 HAEAE ST RSR BN AR N 1 AREARRRZARN ST RIRE. EE K
UG FATH AT AR R k AMIHKIRZE . B2 K 3758 IR IR R 2«

1 Kk
CV, = E.le RMSE, @

il K 3728 SIS IE REA RO B i R AR E 1 S A RE 0, @ e s it iUl H SE DN HER PP A
BRI TN EE ST o AR SCSEEH k A 10, BIH47 38 RIE R A AL AT K56

3.2. PCA Transformer {4 8801544

G, B2 R s WA S £ LR iR, b sohiAT A AU AL Y
J& SCRF IR B [F U (SVR) S BEALAR MR (RF) [15] [16]. 1EZ54BURME TN St , 35 W2 Wt ot KB FH # feh
WY, 25K 2 24T 7 VA T IX P AR, Rl AN I A B0 UIE A2 A A ) T 24 ) U )
ik

A ICH Transformer 5 IR MR AT TN AE /1 0 LU, BALE SRS UE Transformer @& 2L Tl aE /7,
WEANRATRE B4t 7V 8 58y PCA BE4E, AUEX TN RE S EAT LB X T =Sy, JRATTHR X ¢ i (1 245 SR
THH RMSE, BEAMBRATTER A 4738 SCIGE R AT A Y (1) VAl o — PSR SG T 24 i 24 P i A3 21 19 T &5
B K4HETEERKERT ZEMZEN. HERH SVR 5 RF & NS 21 24 Fh254)T
¥ RMSE & 0.8284 F 0.8757. 5 Transformer 455 Lb# T LAE 2, Transformer #540 ~F 23 #2401 il
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W5 RAREUF T R AN AR, A 1 M 2GWmE U T 9 AN RS, AN B 2590380 2 s AR Sk i
Transformer #3A — MELF I RERR T .

ARSI R AR T A AL B Bt SR AR R MR AR T T, XN RATT A4S

SUMIYIIPN

THEFE . ATTH PCA Transformer 15 )45 B 5 22 48 FH IV ISIRS J7TVA[L7] 45 kAT T . Kl 4 R
T=FMEER, AT LA R, PCA Transformer #LL ISIRS 7E RMSE 45 %1 ER#AEH K, P45 5 PCA
Transformer Eb ISIRS X 0.17, XX} 3 RMSE kit 2 EH RIER T . RN FRATH 45 R 2 E ok 4 h 145
By, EAREHERENEN TAAEEBRMIE R, ALl PCA Transformer S ANl 4F (1000 77 725«
IEAMRIRELE SIS 550 N RO, FIH PCA Transformer 34T FRIIAR 4 (w7 4b SIS AN T ISIRS (5%,
IEHT WL PCA Transformer %o T~ 25U TN LA 4 H 47 A BOR «

Table 1. Comparison of PCA Transformer, ISIRS, PCA + RF and PCA + SVR for 24 drug modeling predictions
% 1. PCA Transformer, ISIRS, PCA + RF #1 PCA + SVR Xt 24 FhZ54IZ = FM a0 48 REL i

%) PCAT ISIRS PCA+RF PCA +SVR %) PCAT ISIRS PCA +RF PCA +SVR
AEWS541 0.5770 0.9849 0.6941 0.6593 Irinotecan 1.0887 0.7036  1.1609 1.1445
Nilotinib 0.4584 0.8602 0.5679 0.4623 Topotecan 1.1198 0.8468 1.2008 1.2098
17-AAG 1.0263 1.0276 1.126 1.0558 LBW242 0.5292 0.9808 0.7692 0.7230

PHA-665752 0.4110 1.0531 0.5669 0.5159 PD-0325901 1.4513 0.7556  1.7337 1.7119
Lapatinib 0.8734  0.9466 0.9361 0.9099 Paclitaxel 1.4694 0.8832 1.899%4 1.5238
Nutlin-3 0.4229 0.9586 0.5351 0.5236 AZD6244 1.1553 0.8390 1.2388 1.2249
AZD0530 0.7775 0.9607 0.8274 0.7796 PLX4720 0.8344 0.8649 0.8759 0.9216

PF2341066 0.4485 0.9230 0.506 0.4740 RAF265 0.8796 1.0183 0.9913 0.8906
L-685458 0.4039 0.8373 0.5846 0.5730 TAEG684 0.7689 0.9818 0.9756 0.8572
ZD-6474 0.6543 1.0149 0.6904 0.6688 TKI258 0.5207 1.0291 0.6519 0.5626

Panobinostat  0.7027  0.9597 0.7505 0.7622 Erlotinib 0.5794 0.9476  0.5358 0.5481
Sorafenib 0.4674 0.9397 0.5279 0.5005 PD-0332991 0.5329 0.9022 0.6715 0.6777

| Method

175 | PCAT

== ISIRS
Lso. mEN PCA+RF

1.25

o

2 1.00
0.75 1

0.50 A

0.00 -

Drug

BN PCA+SVR |

Figure 4. Comparison of drug sensitivity prediction outcomes in PCA Transformer, ISIRS, PCA + RF, and PCA + SVR
[ 4. PCA Transformer, ISIRS. PCA + RF #1 PCA + SVR Z54 8% 4 TN 48 SR EL IR
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4. BRERE

TOIIRS E Je e R R IT I R BLRE ST M E S EE H sz —. 25T NCI-60. CCLE #1 GDSC
SR A BAE, WA AR T SRR 7 VR B S 2 R R T e ) B B m AR B R R RE . AR
BT —A% N PCA Transformer [1)J57%, FIF CCLE ¥, K3k R 2 IA /R A T A2 &k 1l 2454 [
{H(Activity Area), BRIHIIET T TIAE /. MZESKA, CCLE rh 24 Fi2i¥), PCA Transformer ZASCVY
15 2 &5 R EBAEIRRIE . AAMERAL |, PCA BARREIRIF iR IR P EE G, #2
FHPEE J1, ARFE NI 22 55, AR A= T — @ BIARREE, A — AR T A SO Rt 72
FEARGEZRAENGER, OFAMSEHERE. BRRARGE RS, iR K RIAE B NRHER
W, MIX—J57 KA PCA Transformer Fiil &5 SRt — @ $e TH a8 o 2 —2BFFn] DL AN 7 TH
EHF. MNEdE L, AT AR B 2 g iR AL 25 TN g IS S, WA RAR . 8 DA SRR R, W
RUE THZHERZE, BAABRAETUNGE ) EEE—2, HAMAITHRT D 24 45 BaFsidik,
IXFEASF B — OO B R B R AT 5L, e S2MIME B 4s &, A T ReXT Tl 5 /1A BOR IR T T
% EE, XTB4ETE, HRASHKBER TR A MBI R, v L% AR BT E 9 60 5 0 B 2L
PRI REAETT 5, AT LB R VAE S5 H Y i 25 SR 58 25 R A K0l (1) B 4 24028 o 6h T G o] 1) FH e
5 S, WEMEE, AT ISR — P it S A R T R L ALY, B RTAAT T NLP 43
W)z FHAE 25 a5 /BRI BERT MR R My B S WL R (g —Fb . BBk, X FEAAIHZ &, %
TR 2 (] (1) 9% R DA S 2459 55 2 TR 1) 5% 3R oK 3EAT 25 W 0B R T, S Pl ot 28 DY) 24 25 T AR TR T DA%
JE L R AE A R BRI FE A

SE
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