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Abstract

The zero inflated Poisson model is a method to study zero and excessive counting data. In practical
application, in order to avoid omission, many variables are often selected for statistical analysis,
so it is necessary to select variables for the model. This paper compares the effects of ridge re-
gression, Lasso, adaptive Lasso and weighted elastic network by studying the factors affecting the
demand for health care in Germany.
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Table 1. Coefficient estimation of data model fitting

1. BUREEREB AR R

W& m] ) Lasso Adaptive Lasso AL B R
Sy FEES rEEss EES R FERS HEES FHy
L 2.1161 —2.2898 2.2095 —2.0280 2.1368 —2.4808 2.8120 —2.3068
age 0.0104 —0.0032 0.0058 —0.0062 0.0098 0 0.0067 0
health -0.1639 0.2870 -0.1596 0.2546 —0.1633 0.2873 —0.1656 0.2569
handicap 0.3514 —0.2988 0.1000 —0.0717 0.2477 —0.3323 0.1123 -0.4211
hdegree —0.0050 —0.0005 0 —0.0176 —0.0027 0 0 0
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Continued
married —0.1443 —0.2862 0 0 —0.1313 —0.3300 0 0
schooling —0.0002 0 0 0 0 0 0 0
hhincome 0.0026 —0.0136 0 0 0 0 0 0
children 0.0748 0.4773 0 0.2228 0.0702 0.5053 0 0.2916
self —0.1837 0.2019 —0.0840 0 —0.1873 0.1783 —0.1596 0
civil —0.1220 0.1892 —0.0513 0 —0.1237 0.1826 —0.0922 0
bluec 0.0774 0 0 0 0.0370 0 0 0
employed  —0.1464 0.0658 —0.0719 0 —0.1297 —0.0599 —0.0528 0
public 0.1252 —0.0284 0.1055 0 0.1176 0 0.1120 0
addon 0.2550 0.0563 0.0530 0 0.2553 0 0.1590 0
BIC 9110.89 9076.56 9063.43 9048.96
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