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Abstract: The task of predicting drug resistance in cancer has emerged as a prospective research direction in the field of precision
medicine. To address the challenge of limited representation of the synergistic relationship between drugs and cell lines in existing
resistance prediction methods, this paper proposes a nonlinear subspace collaborative learning model, named NLS-DRP (Nonlinear
Subspace-Driven Drug Resistance Prediction). The NLS-DRP consists of three key learning modules: the Cell branch, the Drug
branch, and the Collaborative Fusion module. These modules are used to construct nonlinear subspaces for extracting cell line fea-
tures, decompose drug structures to extract subsequence features, and design a nonlinear collaborative space for the fusion of cell
line and drug features, respectively. Finally, by integrating the features from the three modules, the resistance of cell lines to drugs is
predicted. Experiments conducted on two public datasets, the Genomics of Drug Sensitivity in Cancer(GDSC) and the Cancer Cell
Line Encyclopedia (CCLE), demonstrate that the proposed NLS-DRP model significantly outperforms the benchmark methods,
achieving a Pearson Correlation Coefficient (PCC) value of 0.945 8 and a Spearman's Correlation Coefficient (SCC) value of 0.924 2,
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thereby confirming the effectiveness of the method presented in our paper.

Key words: graph neural network; feature fusion; nonlinear subspace; intelligent medication
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Fig. 1 Schematic diagram of the structure of the NLS-DRP model

(a) The branch is the Cell branch, which extracts cell line features through nonlinear subspace; (b) the branch is the Drug branch,

which extracts drug features through the subsequences of SMILES drug molecules; (c) the branch is nonlinear collaboration space,

feature fusion through nonlinear subspace encoder, mining the interaction between cell lines and drugs
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Mo g R Bk &S 5 H 0 1C, |
k1 82 83314
2.2 SEIAET

% 3Cfff H RTX Nvidia 4090 GPU , & F Py-
Torch HE L FE AT Y1 5 F IR o 4 i 1h B30 4 4%
80% . 10% . 10% Yy Lb A5 1) 43 Sk YIl 5 4 L 4
S UE 5 o SR A Adam I 1L #5 ok 8 87 AL 2=
B 5L oK Batchsize i A 1285 Learning
rate ¥ # A~ 1X10 *; Dropout 1% & R 0.1 ; SZ 5
fli T 6 2 1Y Transformer % % %% , & {11 K
Transformer 4 i 8% & & 1 16 MEE 13k, IHHK
BURE J2 10 H4E B 58 BN 2565 BL AN AR SCIA i T
e V7 25 0] g i 2, FRATH AR L 7=
[i] 4 B i 11%) 4 5 e 2 B B O 3 )2 T 8 A
R SN NS I R [ e g T E T
(1) e 2 31 B o 8, 8 A i RO 2 B B
K 256 .
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MLP J2 #E77 $0 i FH 35 5 HR i 22 4 S 462K R
BOR A 5 I 25 R 5 KA Z R 2 555 2k
8 55 SR FH 28 SCARAE Ry 4 2% R B0k 32 5 0000 245
5 HPRA Z B 25 5.
2.3 EMIERR

X T[] U 0 A4S R fifi Y 48 O AR 152 2% (Root
Mean Squared Error, RMSE) > PF 7 K B 7K F 5
R T A TC, 1Y B S AE 5 1000 R A% 2 M A DG G
Z , i Hz K b M & &R % (Pearson Correlation
Coefficient, PCC) . #r f7 /K & # & F& % (Spear-
man Rank Correlation Coefficient , SCC ) {E & [0l 15
EER

RMSE il & 11 {8 5 H 588 Z 8] 1) 22 8,
Horbon S BCHE N, 0 S I REAR IS B y,
R A FEAR B AR, A= (7) FrR .

171
Rmﬂﬂz::/;j;<o;fyﬂzo (7)

PCC I 7 i 1 W5 > 72 1 22 [A] 19 5 H i J&E
= (8) FR .
i (0, — v )
PCCZZé\To (8)
SCC & —MHES 8 . 50 X L4
TS50, 8 F A R 2 HE P AR )Y J IR i
RPEM SR B, SCCHISE R E W= (9) iR,

63 (0~ Y.F
SCC=1——+ . (9)
n(n*—1)

24 FIEWER

A SC5 T W AT T 2 P R R A AR
MOLI, tCNNS ., CDRscan, DeepCDR Hl Deep-
TTA AT TR, 85 R38R 1 B . MR T
HoAb 75 ¥, NLS-DRP J7 ¥ 2758 Hh 5 /9 PCC |
SCC F1 AUC (Area Under Curve) 18 , [6) i B A

AL RMSEH .. 50 A MEE T EMEL, &
SCHR Y Y NLS-DRP J5 ¥ & 3 T 52 i 2 ) 4 3k
LAk 23 [RVRRAE T4 L R 09 F 7 5 FRAE , BE A8
RETHEGYMERZMAESLEHERE, B
2% T8 Gy M i P e

A SCH) H NLS-DRP #5278 13 ] 7 41 244 L 3=
B 25 % . A Bl T B 561 i i R R
238 Fh 25 ) 1 0 25 W) - A & A ELAE R I
Y5 NLS-DRP # 8, Jf #5884 T 150
GDSC2 B Eh SR 2 W) - R . B 2 &
IR T HEZG Y0 41 1 GDSC2 K ds 2w i 11 1C5,
1B 1 3 A A5 I, 25 W) AR 4 L AE 40 &R b o7 2
T IC, (AT THEF o A REEMER T
I 10 A “ B 25 ) DL K e Ji 10 4> T 245 7
W, FEX B IC (8 BAK R R 25 ) 1936 97 3L
SRR WERR O BB, TC 1B 5 R 1Y 2 4 )
ARy R TR S 18 R Qi S TR e
Z 21 L R S5 5 FIE AE V6 9T bortezomib J2 fix
AR Z—
2.5 AMHER
251 w=mREaLR

3 il 4k 45 R 2 B T NLS-DRP 5% 7
TEG ) SN RN AR 55 rh i R B 38 o 1N TR Y
T X L S AE 5 A AR (Y 43 A A% B #E AT AT A
b, 45 R WoR, BB A NLS-DRP £ &1 X F K
T AL A # B0 TR A SR e
252 HEER

A5 %F 42 H AY NLS-DRP #5 &I F1 %} F A5 Ay
TEL3Y) N AT T 4 R AE 55 v g L R
22 35 T0E 7 4iE il 48 (Receiver Operating
Characteristic, ROC) Fl ¥ #ff 3% — 4 [] &K i &k
(Precision-Recall, PR) A} PEA $5 b , 40 &1 4
TN o AEATT AR P Torio 45 M LAY B Fh 25 )
B E , X 1C, #4717 (E b b # . R s

21 NLS-DRP 5 H bR 5 g 25 R 64 2 bk

Table 1 Comparison of experimental results between NLS-DRP and other models

PCC A

scc A

AUC A

NLS-DRP

RMSE vy
MOLI™ 2.282 340.000 8
tCNNS!H 1.782 140.000 6
CDRscan”! 1.982 6£0.000 5
DeepCDRM 1.058 34-0.000 6
Deep TTAM 0.952 140.000 7

0.912 64-0.000 5

0.813 740.000 7
0.885 54-0.000 8
0.871140.000 5
0.923 54:0.000 6
0.941 040.000 3
0.94584-0.000 3

0.782140.000 5
0.862 94-0.000 6
0.852 34-0.000 3
0.903 740.000 4
0.914 3+0.000 4
0.924 2+0.000 7

0.6994-0.000 7
0.7554-0.000 6
0.746+0.000 4
0.8414-0.000 5
0.8354-0.000 6
0.86240.000 3
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Fig. 2 Predicted ICy, values for missing data in the GDSC2 database grouped by drug, with each violin plot representing the re-

sponse to a specific drug across all cell lines. The blue and red violin plots correspond to the top 10 drugs with the best and worst ef-

ficacy, respectively
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Fig. 3 Visualization of the NLS-DRP model in the regres-

sion task
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Fig. 4 NLS-DRP model and comparative models' results in classification tasks

(a) the ROC curve, where the abscissa represents the false positive rate, and the ordinate represents the true positive rate; (b) the PR

curve, where the abscissa represents the recall rate, and the ordinate represents the precision
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Table 2 Results of ablation experiments on nonlinear subspace and nonlinear co-subspace. This paper has conducted different ab-

lation experiments on the role of nonlinear subspace and nonlinear collaborative space in the model to verify their effects

JRLA: 45 1) AR I 23 1] RMSE y pPCC A sccH
X v 0.946 5+0.000 9 0.924 3+0.000 8 0.909 60,000 3
v X 0.959 00.000 6 0.917 2:0.000 6 0.891 30.000 6
X X 0.985 8-0.000 4 0.8937+0.000 1 0.882 9-0.000 4
v v 0.912 6-0.000 5 0.945 8-£0.000 3 0.924 2-20.000 7
M, AR B P s i) . XA Rz 2 A, O T IE B AR LR Pk 4 18] 46 A 8 0 R R G A

Bl 7 o

G5 R BoR , S SCER I R RUAR L, X T T
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Fig. 5 Performance comparison of different encoders. This
paper uses embedding, GNN, GCN and GAT as nonlinear sub-
space encoders, respectively, to verify the effects of different

nonlinear subspace encoders
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