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BPNN'?" 52.33 0.134 7 59. 00 0.149 2 42.33 0.134 7 51.36 0.139 5
AdaBoost ! 52.33 0.128 2 58.35 0.158 7 51.33 0.128 2 52.41 0.136 2
DNN 2 52.17 0.136 3 58.03 0.157 4 54.26 0.136 3 51. 40 0.141 2
EN'® 57.67 0.102 1 59.21 0.118 3 53.67 0.102 1 54.32 0.105 7
GNB?" 56. 83 0.129 1 53.61 0.138 4 47.94 0.129 1 51.33 0.129 0
Lasso " 54.50 0.1419 56. 65 0.160 8 52.18 0.1419 51.68 0.152 2
LightGBM >’ 49. 83 0.152 4 53.34 0.156 7 51.87 0.152 4 49. 07 0.154 5
LR 50. 33 0.130 5 69. 69 0.130 7 48.91 0.130 5 62. 65 0.1250
RF"! 55.50 0.122 6 52.89 0.143 3 51.49 0.122 6 50. 57 0.128 7
Ridge'" 53.83 0.119 2 59.13 0.1299 54.97 0.119 2 52.61 0.116 1
SVM!'H 59.17 0.922 0 43.83 0.142 9 58.17 0.922 0 48.53 0.103 7
XGBoost > 54.33 0.143 7 56. 88 0.170 1 56. 11 0.143 7 52.59 0.153 5
LDH-LR!" 62.91 0.837 0 56.20 0.7520 72.16 0.105 2 66.74 0.1152
SOPRLR"" 68. 57 0.963 0 62.74 0.101 6 65.74 0.917 0 64.32 0.730 0
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Table 3 Results of 14 models on the integrated test dataset

. TR A 1% PR F1 5%

- SFXIME/ % e 2 F-¥IME/ % i FYIME % bR 2 FIME/ % b i 2%
DMCPLR 80. 18 0.674 0 82. 24 0.105 2 89.71 0.867 0 85.11 0.749 0
BPNN!2 58. 00 0.124 4 62.76 0.148 9 57.24 0.134 1 57. 84 0.129 2

AdaBoost' "’ 65. 00 0.127 9 70. 39 0.158 4 61.48 0.127 9 64. 84 0.136 0
DNN'2! 58.33 0.136 0 62. 24 0.157 1 59.37 0.136 0 58.23 0.140 9
EN 64. 50 0.990 0 70. 74 0.114 7 62. 40 0.990 0 64. 40 0.102°5
GNB!! 69. 67 0.128 8 73.62 0.138 1 64. 17 0.128 8 69. 46 0.128 7
Lasso " 71. 67 0.141 9 76. 02 0.160 8 61.77 0.1419 70.97 0.152 2
LightGBM " 67. 00 0.146 8 72. 83 0.152 0 66.21 0.146 8 67.01 0.149 9
LR 64. 33 0.126 6 72.50 0.126 8 64.33 0.126 6 64.93 0.1213
R 63. 33 0.1189 68.75 0.139 0 60. 37 0.118 9 63.03 0.124 8
Ridge'" 63. 00 0.1156 70. 16 0.126 0 64. 19 0.1156 63. 46 0.112 6
SVM!? 59. 83 0.894 0 47.58 0.138 6 58. 68 0.894 0 50. 60 0.100 6
XGBoost' 66. 33 0.139 4 71.90 0.165 0 64. 95 0.139 4 66.22 0.148 9
LDH-LR'"” 78. 36 0.812 0 63.90 0.729 0 76. 32 0.102 0 69. 54 0.111 7
SOPRLR"® 70. 93 0.934 0 67.74 0.986 0 74.32 0.890 0 70. 92 0.708 0
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Figure 2 Fourteen methods for visualizing confusion matrices
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A Concave-penalized Logistic Regression Model for Predicting ICI Treatment Respense

MU Xiaoxia', ZHANG Hongmei’, SONG Xuekun’, LI Juntao®

(1. College of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China; 2. College of Life Sci-
ences, Northeast Forestry University, Harbin 150006, China; 3. College of Information Technology, Henan University of Chinese Med-
icine, Zhengzhou 450046, China; 4. School of Mathematics and Statistics, Henan Normal University, Xinxiang 453007, China)

Abstract: To improve the accuracy of predicting the response of melanoma patients to immune checkpoint inhibitor
(ICT) therapy, a new method integrating bulk RNA-seq and single-cell RNA-seq data was proposed. Firstly, a pa-
tient-cell correlation matrix was constructed through Pearson correlation analysis, and the Louvain algorithm was
used to classify single-cell RNA-seq data into cell groups. The importance of cell groups in immune response relat-
ed pathways was quantified using the CellChat tool. On this basis, a double group minimax concave penalty logistic
regression model (DMCPLR) was proposed by introducing the cell group importance evaluation criterion construc-
ted based on the cell-cell communication network and combining with the group minimax concave penalty. The ex-
periments on the GSE35640 dataset showed that the prediction accuracy of the DMCPLR model reached 80. 18%,
with precision, recall, and F1 score of 82.24% , 89.71% , and 85. 11% , respectively, significantly better than the
performance of 14 comparison methods including Lasso regression and random forest, while reducing the fatal error
rate to 8. 30%. The ablation analysis experiment confirmed that the introduction of cell group weight mechanism
and 1.2 regularization term can improve the performance of the model.

Keywords: melanoma; immune checkpoint inhibitor; bulk RNA-seq and single-cell RNA-seq data; data integra-

tion; cell-cell communication





