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= | &,k | MLE | MAP
o | MLE | MAP
25 | RMSE | 1.26235 | 0.55743 | 1.38109 | 0.32192
AIC | 115251 |- -
27.8489 | 170427 | 59515
BIC |13.9629 |- .
25.4112 | 20989 | 57,0774
50 | RMSE | 1.30584 | 0.44151 | 1.28567 | 0.41238
AIC | 25,5402 | - i
79.8679 | 2>*12% | 89,2862
BIC |29.3643 | - :
76.0439 | 27#3%0 | g5 4621
75 | RMSE | 1.33114 | 0.44928 | 1.28567 | 0.41238
AIC | 40.1062 | - i
118.046 | 2412 | 89,2862
BIC |44.7412 - i
113.411 | 27230 | g5 4621
100 | RMSE | 1.27826 | 0.47011 | 1.30204 | 0.36071
AIC [ 46.3931 | - i
149.184 | 4902 | 506,719
BIC |51.6034 |- :
143.973 | >34 | 501500
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Estimation of a Multiple Log-Gamma Normal Regression Model for
Asymmetric Data
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Abstract

In this research, the multiple linear regression model with errors following the
Log-Gamma-Normal distribution was studied, which is one of the methods
for modeling asymmetric data and estimating its parameters using three
estimation methods: Maximum a Posteriori (MAP), Generalized Maximum
Entropy (GME), and Maximum Likelihood (ML). In addition, some basic
concepts related to the thesis were presented, including outliers, symmetric
data, asymmetric data, skewness and kurtosis coefficients, and Log-Gamma-
Normal distribution characteristics. The simulation was conducted with
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sample sizes (25, 50, 75, 100) and default values for the LGN regression
model parameters (B, o, T, 6). The results showed the superiority of the MAP
method over the rest of the estimation methods because it has the lowest
RMSE, AIC, and BIC, and it has the property of stability and non-fluctuation
with changing sample sizes. It is confirmed that it is an improvement in
estimation of the maximum likelihood ML method because it employs the
initial distribution around the parameters as one of the Bayesian estimation
meth
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