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Fig. 1 The flowchart of mRMR-SVM
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Fig. 2 The construction of mRMR-SVM
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Table 1 Classification result of mRMR-SVM on CCLE
data set (C=1)

Drugs ACC  AUC  Precision  Recall Fl C
17-AAG 0.891 0.959 0.890 0907 0.894 1
AEWS541 0.924 0.973 0.905 0936 0916 1
AZDO0530 0.872  0.942 0.869 0.883  0.869 1
AZD6244 0.958  0.990 0.964 0945 0952 1
Erlotinib 0.905 0.976 0.902 0.887 0.887 1
Irinotecan 0.945 0.986 0.929 0.955 0939 1
LBW242 0.923  0.978 0.935 0905 0915 1
Lapatinib 0.932  0.987 0.969 0.904 0932 1
Nutlin-3 0.891 0.975 0.860 0.923 0.881 1

PD-0325901 0.88  0.952 0.886 0.856  0.863 1
PD-0332991 0.877 0.965 0.877 0.868  0.857 1
PF2341066  0.911  0.981 0.874 0930 0.896 1
PHA-665752 0.904 0.970 0.958 0.819 0874 1
PLX4720 0.944  0.998 0.924 0.994 0952 1
Paclitaxel 0.975  0.966 0.868 0.904 0.881 1
Panobinostat 0. 846 0918 0.811 0.879 0.836 1
RAF265 0.86  0.946 0.895 0.807 0.842 1
Sorafenib 0.93 0.992 0.950 0.896 0917 1
TAE684 0.904 0.967 0.902 0.898 0.894 1
TKI258 0.895 0.967 0.905 0.879  0.887 1
Topotecan 0.778  0.894 0.790 0.776  0.774 1
ZD-6474 0.891 0.970 0.888 0.876  0.872 1
Average 0.897 0.966 0.898 0.892 0.888 /

Table 2 Classification result of mRMR-SVM on CCLE
data set (C separately adjusted )

Drugs ACC  AUC  Precision Recall  FI C
17-AAG 0.891  0.959 0.890 0.907  0.894 1
AEWS541 0.924 0973 0.905 0.936 0916 1
AZDO0530  0.880 0.957 0.873 0.887 0.874 0.2
AZD6244 0964 0.992 0.969 0953 0959 0.2
Erlotinib 0915 0979 0.935 0.874 0.896 0.3
Irinotecan ~ 0.945  0.986 0.929 0.955 0939 0.6
LBW242 0.923 0978 0.935 0.905 0915 0.3
Lapatinib 0.950  0.990 0.973 0932 0950 0.2
Nutlin-3 0.891 0975 0.860 0.923  0.881 1

PD-0325901  0.886  0.960 0.889 0.871 0.875 0.2
PD-0332991  0.888 0.970 0.871 0.900 0.873 0.1
PF2341066  0.932 0.984 0.890 0.954 0918 0.1
PHA-665752  0.906 0.969 0.955 0.824 0.877 04
PLX4720 0.944 0.998 0.924 0994 0952 0.8
Paclitaxel 0.875  0.968 0.858 0923 0.885 0.3
Panobinostat  0.851 0.917 0.808 0.890 0.840 0.4
RAF265 0.871  0.956 0.916 0.816 0.857 0.1
Sorafenib 0.940 0.992 0.963 0910 0931 02
TAE684 0.904  0.967 0.902 0.898  0.894 1

TKI258 0.901  0.968 0.928 0.868 0.892 0.1
Topotecan ~ 0.806  0.906 0.835 0.768 0.792 0.1
ZD-6474 0.898 0.971 0.907 0.869 0.879 0.2
Average 0.904 0.969 0.905 0.898 0.895 /

mRMR FE7E IR 500 ANREAE I PRI 2R 0% i 22 0
2% (DNN), faiFk mRMR-DNN., fif Fi] o4& 48 2% v
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o 2 00 PRECH softmax., b3 — 7T, MZiT
Ty 22 i 1 14 10 000 4~ JE A Bl AL Bk 2E 500 4~
B, Y2k SVM FIBEHLARAR (RF), R AL 2R
FRIAR I R 2, SVM IR A S50 C=0.1, RF
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FEALRIT 1 14 Pl s 2454 5O 3 2 10 v
mRMR-SVM  (HLlH 2 ) #Y°F 1 ACC H 0911,
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0.850, i mRMR 48 U 500 4~ FEAE 5L R X
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N T LhE 6 PSR A T 1 BE , mRMR-SVM B &
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Fig.3 The classification accuracy of six models on CCLE data set

PLF A SFpEIRL, tesh, 53CHk[ 16 17 #9 CDCN
BARYIEAT F e, e L RSHE Y 22 R 25 1 I
AR ZETI R, mRMR-SVM F-44 ACC H5 0.904,
T CDCN (0.566).
3.2 ETFGDSCHIEBERNTNERIME LR
EIXT GDSCEURAE W 11 #2548, R3JBART
mRMR-SVM 7E C A #RIAME | AN 25 2R . -1
ACC., AUC. precision, recall, F1 4y 5} 0.839
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Table 3 Classification result of mRMR-SVM on GDSC
data set (C=1)

Drugs ACC AUC  Precision Recall FI C
Erlotinib 0.790 0.880  0.797 0.796 0.787 1
Sunitinib 0.843 0.908  0.863 0.867 0.850 1
AZD628 0.926 0.986  0.934 0.940 0.928 1
Imatinib 0.930 0.969  0.928 0.950 0.928 1

S-Trityl-L-cysteine  0.760 0.850 0.758 0.775 0.751 1
Z-LLNle-CHO  0.819 0.858 0.818 0.789 0.792 1

GNF-2 0.876 0.940 0.872 0.885 0.865 1
A-770041 0.797 0.870 0.828 0.810 0.808 1
WH-4-023 0.870 0.940 0.883 0.830 0.850 1

BMS-536924 0.792  0.886 0.828 0.770 0.787 1
Pyrimethamine ~ 0.822 0.911 0.846 0.825 0.827 1
Average 0.839 0.909 0.850 0.840 0.834 /

H—#T (F4), FEIgACC., AUC. precision .
recall. F1 43 51 & 0.851. 0.917. 0.865. 0.848.
0.845,

Table 4 Classification result of mRMR-SVM on GDSC
data set (C separately adjusted )

Drugs ACC AUC Precision Recall FI C
Erlotinib 0.797 0.897 0.797  0.816 0.799 0.1
Sunitinib 0.851 0913  0.858  0.894 0.864 0.1
AZD628 0.926 0.986 0934  0.940 0.928 0.3
Imatinib 0.935 0969 0928  0.970 0.941 0.1

S-Trityl-L-cysteine 0.803 0.869  0.811 0.795 0.785 0.1
Z-LLNle-CHO  0.827 0.873  0.835 0.784 0.800 0.1

GNF-2 0.876 0940 0.872 0.885 0.865 0.2
A-770041 0.819 0.888  0.848 0.819 0.825 0.1
WH-4-023 0.87 0.940 0.883 0.830 0.850 0.3

BMS-536924 0.827 0.897  0.888 0.772  0.812 0.1
Pyrimethamine ~ 0.829 0.915  0.859 0.823 0.831 0.2
Average 0.851 0917  0.865 0.848 0.845 /

Xt T GDSC # i, A CRFEYI % T mRMR-
DNN: 1% 34 )2, )20 2e 805k
63, 78 F1 86, JZ5 )2 Z 8] AY ik 16 pK EL 43 5 A
rectifier. linear Fl tanh, %i )2 B9 8 15 oK 50 K
softmax, [AlFEHL, M GDSC ¥cdi4E 12 072 4 FE A
i HL PR E 500 SR RREEE R, Y%k T SVM
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Fig.4 The classification accuracy of six models on GDSC data set
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Table 5 Average classification result of mRMR-SVM on
three kinds of tissues

Tissue ACC AUC Precision Recall F1
Haematopoietic and lymphoid 0.901 0.973 094  0.916 0.925
Skin 0.868 0.981 0.681 0.879 0.741
Lung 0.895 0.965 0.823 0.928 0.863
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A Computational Model for Predicting Classification of Anticancer Drug
Response to Individual Tumor and Its Applications”

LI Shao-Da, LI Yu-Shuang™
(School of Science, Yanshan University, Qinhuangdao 066004, China)

Abstract  Objective  Different patients may have different responses to the same anticancer drug.
Understanding differences in anticancer drug responses among patients is crucial for cancer precision medicine.
Methods High-throughput sequencing data make it possible to construct anti-cancer drug response classification
models. Based on two classic data sets, Cancer Cell Line Encyclopedia (CCLE) and Genomics of Drug Sensitivity
in Cancer (GDSC), this paper proposed a classification model, mRMR-SVM, by employing Max-Relevance and
Min-Redundancy (mRMR) algorithm and Support Vector Machine (SVM). Feature genes were extracted by using
variance ranking and mRMR algorithm on gene expression data, and SVM was applied to predict that an
anticancer drug is sensitive or resistant to a given cell line. Results The experimental results showed that the
average accuracy of mRMR-SVM is 0.904 for 22 drugs in CCLE, and 0.851 for 11 drugs in GDSC, higher than
traditional SVM, Random Forest, Deep Response Forest, Deep Neural Network and CDCN.
Conclusion mRMR-SVM also has good generalization due to its satisfactory classification prediction on three
specific tissues. In addition, mRMR-SVM could identify biomarkers closely related to the occurrence and

development of cancer.

Key words anticancer drug response, max-relevance and min-redundancy, support vector machine, sensitive,
resistant
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