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Single-Cell Drug Response Prediction Based on Transfer
Learning Framework
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(College of Artificial Intelligence, Tianjin University of Science and Technology, Tianjin 300457, China)

Abstract: Tumor tissues contain diverse cell types that differ in morphology, function and biological characteristics. Nota-
bly, different cell types have different sensitivity to the same drug, which is also an important reason for the high recurrence
rate and low efficacy of cancer treatment. Single-cell RNA sequencing technology is an important research tool for this cellu-
lar heterogeneity. This article proposes a transfer learning framework based on variational auto-encoder for single-cell drug
response prediction. The framework integrates bulk-sequenced cell line pharmacogenomic data with single-cell RNA se-
quencing data, and adopts maximum mean discrepancy and optimal transport to align cell lines and single cells in a low-
dimensional latent space, thereby enabling accurate prediction of drug response at the single-cell level. The proposed model
was benchmarked against state-of-the-art methods for single-cell drug response prediction and validated on eight data sets,
achieving superior predictive performance. Ablation and robustness experiments further verified the effectiveness of each
module of the model and the overall stability of the model. This study provides a novel transfer learning approach, offering a
new strategy for personalized and precise cancer treatment and contributing to the development of precision medicine.
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Tab.1 Bulk RNA-seq data of cell lines (source data)
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#fE 1 Cisplatin 791 489 12 966
Bl 2 Gefitinib 799 481 12 499
B# 3 Docetaxel 788 492 13 476
i 4 LBET.762 724 556 9566
¥ 5 Bortezomib 770 510 12715
Bl 6 Gefitinib 714 115 10 610
¥ 7 Vorinostat 774 60 10 610
RS  AR-42 811 80 10 610
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Tab. 2 Single-cell RNA-seq data (target data)
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i1 Cisplatin 187 361 12966 GSE117872
K 2 Gefitinib 470 37 12499 GSE112274
%4 3 Docetaxel 162 162 13476 GSE140440
$§E 4 1.BET.762 685 734 9566 GSE110894
%% 5 Bortezomib 4565 2 875 12715 GSE114461
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Hodi 8 AR-42 33 33 10610 JHUO006
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Fig.1 Framework of SCTL model
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Tab.3 Performance results of models on eight datasets
s AUC AUPR
=2
SCTL scDEAL SCAD Beyondcell DREEP SCTL scDEAL SCAD Beyondcell DREEP
i 1 0.928 0.823 0.809 0.386 0.497 0.966 0.901 0.885 0.595 0.657
B2 0.996 0.880 0.936 0.698 0.590 0.961 0.850 0.498 0.141 0.088
B3 0916 0.950 0.651 0.488 0.500 0.861 0.913 0.749 0.500 0.500
Bim4 0944 0.947 0.918 0.269 0.521 0.931 0.965 0.856 0.382 0.528
BiRs5 0916 0.648 0.762 0.344 0.500 0.859 0.650 0.633 0.330 0.398
e 0964 0.904 0.967 0.977 0.788 0.966 0.890 0.973 0.982 0.788
BT 0952 0.613 0.942 0.731 0.667 0.967 0.552 0.958 0.642 0.600
s 0962 0.600 0.968 0.733 0.621 0.954 0.616 0.970 0.663 0.569
BN e SERAIALL, P AUC FIF34 AUPR 945 BT TR
sl 0706 M X RIATERHEXT A, i Bk T E
S el 575 0556 S (S
ﬁ F4 FAEXNFHEMEEER
S | Tab. 4 Ablation experiment results for feature alignment
02F o SCTL SCTL 1 SCTL 2
Fe
0 AUC AUPR AUC AUPR AUC AUPR
& &P & F 1 0928 0966  0.846 0911  0.635  0.742
© RY < QQ~ H
° & BHE2 099 0961  0.886  0.828  0.828  0.328
R BHE3 0916 0861 0913  0.860  0.708  0.737
K
(@) P4 AUC y&ﬂf; 4 0944 0931 0932 0926 0517 0516
BHES 0916  0.859  0.847  0.841 0459 0372
1o} 0933 BiE6 0964 0966 0943 0942  0.640  0.674
sk 0.792 0815 a7 0952 0966 0895 0913 0.845  0.826
) B8 0962 0967 0.889 0896 0617  0.620
g 06T 0529 0.516 ¥ME 0947 0935 0.894  0.890  0.656  0.602
& o04f FRfE2: 0.0281 0.0466 0.0356 0.0417 0.1354 0.1808
ol 1 :SCTL_1 FREFREARIA LR, SCTL_2 FnERREA A4
S s S FEX 2491 SR T A% (RIS , % 25 2L
9 @Y’ > & < s 1 = — &, /A
RIS S F Rl )2 1 2 EGH A TN BT M A 6 AN IZE TR EE 45
F = N
o AHFE 259 O s, s nl 22 2 J2.3 2.4

(b) ¥y AUPR

B2 5#777%R9T AUCFHITL] AUPR
Fig.2 Average AUC and average AUPR results of five
methods
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il AUPR, 255 L3R 4. M0 RIME 22 5 U ARFAE RS
FET BRI ERET, 5 RSERIRIAE ., HOFY) AUC
FIFY) AUPR 4 BT TR o SR BR A AL AR e X)
FEOTAR T, AL TN BE B T BB TR, )R

3.2

2.5 2 6 ZEEZZE A ML R EEZER
FZ Y SBON 128 B 64, S0IE BRBCN ReL U, 218
5 U E 2GRN TN AR P45 S5, SERR A5 IR LR
6. MILRTRIES PILE JZH0N 2, Bl e Fe 2 2 4K
G, AUC 1 AUPR 13533800 ; 76 B2 2 50%
JNE] 5 B, R R R RE R IR AT s XY 2 2 IR AIHL
UREEYREEI NS 6 JZBT , BIRIAE TR E AL - Ak
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Tab.5 Network architecture of drug response predictor
2% RE RGPt HOG REL
predictor1 128,64 ReLU
predictor2 128,128,64 ReLU
predictor3 128,128,128,64 ReLU
predictor4 128,128,128,128,64 ReLU
predictor5 128,128,128,128,128,64 ReLU
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TEFS AR SR IG5, X240 A 2R TR A5 P 45 A
3 FBAERAE I 2, 3 ANASRAE IALERLRFE &
/S KA (synthetic minority oversampling tech-
nique, SMOTE) . MIABEHLRAT I AR 4 25 8 h E A
AB LA, X 7 BN B B | B LR A A A

AEHEAREEE Fa % $30

#, SMOTE 2t i 745 E 25 18] P R A0 A B b
AP WPECE SR , DT 2 SR B X DR R U i
U HE 8 KRG b SRR T 3 R R AR
AREERF 0, WA 7.

=6 AR R BTNEREEEXT L 4R
Tab. 6 Performance comparison results for different drug response predictors
s AUC AUPR
T predictor]  predictor2  predictor3  predictor4  predictor5  predictor]  predictor2  predictor3  predictor4  predictor5
B 1 0.711 0.797 0.786 0.928 0.907 0.875 0.908 0.882 0.966 0.958
B 2 0.966 0.977 0.989 0.996 0.917 0.936 0.940 0.941 0.961 0.619
B 3 0.878 0.889 0.891 0.916 0.862 0.817 0.831 0.852 0.861 0.820
B 4 0.935 0.937 0.943 0.944 0.938 0.921 0.918 0.931 0.931 0.917
B 5 0.805 0.832 0.801 0.916 0.908 0.821 0.771 0.816 0.859 0.894
B 6 0.879 0.907 0.895 0.964 0.884 0.915 0.911 0.919 0.966 0.898
B 7 0.906 0.919 0.924 0.965 0.776 0.925 0.932 0.939 0.967 0.852
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