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Abstract: The prediction of tumor drug sensitivity plays an important role in clinically guiding
patients’ medication. In this paper, a multi-omics data-based cancer drug sensitivity prediction model
was constructed by Stacking ensemble learning method. The data including gene expression, mutation,
copy number variation and drug sensitivity value (/Csy) of 198 drugs were downloaded from the GDSC
database. Multiple feature selection methods were applied for dimensionality reduction. Six primary
learners and one secondary learner were integrated into modeling by Stacking method. The model was
validated with 5-fold cross-validation. In the prediction results, 36.4% of drug models’ AUCs were
greater than 0.9, 49.0% of drug models” AUCs were between 0.8—0.9, and the lowest drug model’s AUC
was 0.682. The multi-omics model for drug sensitivity prediction based on Stacking method is better
than the known single-omics or multi-omics model in terms of accuracy and stability. The model based
on multi-omics data is better than the single-omics data in predicting drug sensitivity. Function
annotation and enrichment analysis of feature genes revealed the potential resistance mechanism of
tumors to sorafenib, providing the model interpretability from a biological perspective, and

demonstrated the model’s potential applicability in clinical medication guidance.

Keywords: ensemble learning; Stacking; feature selection; multi-omics; tumor resistance mechanism;
sorafenib
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Flow chart of Stacking model construction and analysis.
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Figure 2 Cluster analysis of tumor cell line samples on transcriptional level. (A) Unsupervised consistent
cluster analysis. The number of clusters is 5, and the selected part is blood tissue as the clustering result. (B)
Principal component analysis method of unsupervised clustering. The green triangle arrow is divided
separately as blood tissue. (C) t-SNE method of unsupervised clustering. The green triangle arrow is divided
separately as blood tissue. There are significant differences in gene expression levels between blood tissue
and other tissues.
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Table 1 The average value of AUC and the value range between first quartile to three quartiles of each

model

Model methods  Single-omics including skin

Single-omics excluding skin

Multi-omics mean

mean (Q1-Q3)

mean (Q1-Q3)

(Q1-Q3)

Stacking 0.800 (0.739-0.852)
ET 0.787 (0.747-0.816)
RF 0.778 (0.738-0.807)
SVM 0.817 (0.776-0.854)
Bagging 0.773 (0.738-0.805)
Boosting 0.816 (0.760-0.867)
Bayes 0.723 (0.677-0.783)
ElasticNet 0.717 (0.666—0.800)
Lasso 0.723 (0.668-0.799)
Perceptron 0.707 (0.648-0.789)

0.874 (0.850-0.913)
0.828 (0.791-0.851)
0.819 (0.783-0.842)
0.846 (0.809-0.875)
0.814 (0.779-0.844)
0.859 (0.818-0.900)
0.823 (0.782-0.848)
0.834 (0.793-0.863)
0.841 (0.794-0.864)
0.835 (0.796-0.862)

0.874 (0.842-0.914)
0.813 (0.785-0.839)
0.822 (0.791-0.851)
0.827 (0.797-0.849)
0.816 (0.789-0.844)
0.841 (0.803-0.879)
0.742 (0.712-0.785)
0.772 (0.725-0.814)
0.775 (0.739-0.817)
0.803 (0.765-0.838)
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Figure 3 Comparison of model prediction accuracy. (A) Comparison of AUC values between including,
excluding skin tissues in the single-omics model and multi-omics model. (B) The result of AUC values from
different multi-omics prediction models comparing training sets with testing sets.

*2 SHFPRIERMREITEERYTESE
Table 2 The average value of each model
performance evaluation in multi-omics

Model AUC Accuracy Precision Recall F1
methods

Stacking 0.874 0.833 0.837 0.834 0.832
ET 0.813 0.740 0.756 0.717 0.729
RF 0.822 0.748 0.769 0.716 0.734
SVM 0.827 0.732 0.767 0.675 0.705
Bagging 0.816 0.741 0.759 0.714 0.728
Boosting  0.841 0.757 0.771 0.745 0.747
Bayes 0.742 0.750 0.757 0.722 0.745
ElasticNet 0.772 0.766 0.775 0.743 0.761
Lasso 0.775 0.775 0.781 0.769 0.771
Perceptron 0.803 0.792 0.800 0.778 0.791

WAL, 4G imREdR , A5t TCGA
rh e s T 2530 715 DL A T A0 R R s A 1y
WE. Horr, 2 572 F955 A Mg FH 2536 77 $cE AR
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Y5 EE, THBEIRTS cisplatin (98 ).
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fluorouracil (49 f4]). sorafenib (12 i) 5 F 54y
PEATIGIE . FEF Stacking 122 41 2= %0 Fi 24
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2459 1 FI0I 3 R 2 A S RRE R L 45

TE 4 #Z5%¥y (cisplatin, temozolomide, fluorouracil,
sorafenib) H TN 45 SR R AL, B BB
A AT T R I R 25936 97 BRI AT T Y
.

24 YIS

%Ki OncoKB 4 PO iB 7 K ¥
level 1 Fil level 2 (35[F FDA AUE) MZi¥ha
16 Rl G AW K 25— B, AL AR
P M B GE P SE A B o AR O SR HE S,
B sorafenib ., alpelisib, dabrafenib ., afatinib .
lapatinib . crizotinib &5 25 9 1) il 25 JAH A5 B
PEATHI2E (R 4).

Sorafenib SR TN 7E 22 20 ~F A5 7 F0 ) v
AUC {54 0.876, 55— 2“2 F X 5 4/
(81 4A-B). KIT Zh 32 1Ak 2 BRIl sorafenib
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Table 3 Multi-omics model sensitivity evaluation index in the external test set

Machine methods Cisplatin Temozolomide Gemcitabine Fluorouracil Sorafenib
RF 0.676 0.636 0.667 0.833 0
ET 0.622 0.545 0.889 0.722 0
SVM 0.784 0.545 0.611 0.500 0
Bagging 0.351 0.364 0.444 0.778 1
Boosting 0.581 0.545 0.389 0.556 1
Stacking 0.838 0.727 0.667 0.833 1

%4 5 OncoKB HiEE LR GMIEREEEIE

Table 4 Drug effect information data matched with OncoKB database

Drug AUC of AUC of Genes Alterations Cancer types
names single-model multi-model
Sorafenib  0.833 0.876 KIT A829P, AB29P, C809G, D816, D820, Gastrointestinal stromal tumor
N822,Y823D

Alpelisib  0.784 0.884 PIK3CA C420R, E542K, E545A, E545D, Breast cancer
H1047L, H1047R, H1047Y, Q546E,
Q546R, et al.

Dabrafenib 0.702 0.776 BRAF V600E,V600K Anaplastic thyroid cancer,
melanoma, non-small cell lung
cancer

Afatinib 0.808 0.886 EGFR Exon 19 deletion, L858R, G719, Non-small cell lung cancer

L861Q, S7681
Lapatinib  0.795 0.825 ERBB2  Amplification Breast cancer, colorectal cancer

AR 5 A5 1, S S04 6 1 398 30 A0 2
f 4% sorafenib 76 N 2 /DA 8 FhEE ] KIT /N1
% A PR A BN 57 (tyrosine kinase inhibitors,
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Figure 4 Drug sensitivity prediction of sorafenib and functional enrichment analysis of feature genes. (A)
The ROC curve for drug sensitivity prediction of sorafenib with the single-omics prediction model based on
gene expression data. (B) The ROC curve for drug sensitivity prediction of sorafenib with the multi-omics
prediction model. (C) Functional enrichment analysis of characteristic genes for drug sensitivity prediction of
sorafenib. (D) Heat map showing 108 top up-regulated gene and down-regulated gene features selected from

RNA-seq data (fold change =2, P<0.05).
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