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Table 1 Comparison of different methods in estimation, prediction and model selection for Example 1

Prediction error

Rypy

RI’NR

I ik 1, distance
Lasso 1.977(0. 172)
Ridge 1.372(0.039)
Alasso 2.614(0.245)
Enet 1. 543(0.103)
SCAD 1. 683(0.059)
MCP 1. 678(0.035)
LG-0 0. 836(0. 026)
LG 0. 836(0.026)

7.810(2.951)
2.535(0.102)
13.450(4. 519)
4.203(1.047)
1.873(0. 162)
1.603(0.051)
0.924(0.039)
0.924(0.039)

0.282(0.013)
1.000(0. 000)
0. 194(0.010)
0.421(0.015)
0. 074(0. 005)
0. 036(0. 003)
0. 156(0. 008)
0. 156(0. 008)

0.468(0.010)
0.000 (0.000)
0.533(0.011)
0.191(0.010)
0.731(0.012)
0.801(0.001)
0. 000(0. 000)
0. 000(0. 000)
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Table 2 Comparison of different methods in estimation, prediction and model selection for Example 2

Prediction error

R FPR

RFNH

N [, distance
Lasso 2.003(0.229)
Ridge 1.421(0.042)
Alasso 2.439(0.296)
Enet 1.764(0. 163)
SCAD 5.859(2.583)
MCP 6.958(2.489)
LG-0 1.269(0. 055)
LG 1.301(0.050)

10. 101 (3. 446)
2.363(0. 123)
16.050(5. 674)
6.091(1.947)
700.7(468.2)
795.3(497.3)
2.075(0.162)
2.004(0. 128)

0.294(0.013)
1.000(0. 000)
0.195(0.011)
0.409(0.016)
0. 163(0. 005)
0. 096(0. 004)
0.485(0.017)
0.437(0.015)

0.311(0.011)
0. 000(0. 000)
0.395(0.011)
0.193(0.010)
0.466(0.012)
0. 598(0. 008)
0. 109(0. 008)
0. 187(0.010)
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Table 3 Comparison of different methods in estimation, prediction and model selection for Example 3

¥ % 1, distance Prediction error Rypy Ry
Lasso 0.382(0.032) 0.297(0.082) 0.083(0.013) 0.911(0.015)
Ridge 0.338(0.000) 0.208 (0. 000) 1..000(0. 000) 0. 000(0. 000)
Alasso 0.436(0.062) 0. 654(0.369) 0.055(0.011) 0.937(0.012)
Enet 0.539(0. 126) 2.104(1.371) 0. 118(0.020) 0.871(0.021)
SCAD 1.020(0.561) 49.65(48.76) 0.049(0.007) 0.948(0.008)
MCP 0. 802(0.309) 15.38(14.19) 0.031(0.004) 0. 964 (0. 005)
LG-0 0.380(0.032) 0.317(0.078) 0.278(0.030) 0.743(0.031)
LG 0.370(0.042) 0.390(0. 160) 0.337(0.031) 0.720(0.028)
®4 ZAEEEHE NMR 1 ZMR B
Table 4 Comparison of different models in Ry, and R,
7}- /i RNI\lR RZMR
# 1 #2 7 3 71 % #]2 # 3
Lasso 0.258(0.011) 0.460(0.017) 0.029(0. 008) 0.522(0.019) 0. 865(0.020)
Ridge 1..000(0. 000) 1..000(0.000) 1.000(0.000) 0. 000(0.000) 0. 000(0. 000)
Alasso 0.193(0.011) 0.349(0.015) 0. 020(0. 006) 0.680(0.018) 0.913(0.016)
Enet 0.648(0.017) 0.661(0.017) 0.056(0.016) 0.381(0.019) 0. 823(0.026)
SCAD 0.057(0.010) 0.251(0.016) 0.007(0.002) 0.732(0.010) 0.915(0.012)
MCP 0. 000(0.000) 0. 085(0.007) 0.003(0.001) 0. 865(0.007) 0.943(0.008)
LG-0 1..000(0.000) 0.826(0.011) 0. 168(0.027) 0.417(0.019) 0.610(0.037)
LG 1.000(0.000) 0.681(0.016) 0.216(0.024) 0.445(0.018) 0.533(0.041)
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Fig. 1 Graphical structure of breast cancer data
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High—dimensional Logic Regression Model Based on
Graph Structure of Predictive Variables

HUANG Wen-jing, DENG Dan, DU Jie-lin, WU Ming-yue
(School of Public Health and Management, Chongqing Medical University, Chongqing 400016, China)

Abstract ; For high—dimensional data sets, we propose a method to improve sparse logic regression model by
using the graph structure information between predictive variables. In this method, logic regression modeling is
carried out by using high—dimensional graph structure data or overlapping group structure, it is still applicable even
if the graph structure of predictive variables is unknown. When graph structure is some special forms, all current
popular methods such as Adaptive Lasso, ( Overlapping) Group Lasso and ridge regression can be regarded as
special cases of this method. Numerical simulation and real data analysis show that the proposed method can
effectively use the graph structure information of predictive variables to improve the performance of the model in
estimation , prediction, variable selection and so on. Moreover, the model is effective in the case of limited samples
and overcomes the problem of the dimensionality of data sets, improves the performance of the sparse logic
regression model by using the graph structure of high — dimensional data, and can be widely used in disease
classification of high—throughput gene data sets.

Key words:logic regression; high—dimensional data; graph structure; Lasso; sparseness
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