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The objective of this research was to study a regression model for Poisson data. Two types of regression
models, including 1) a linear regression model that was applied for the variance stabilizing transformations and
used the method of Ordinary Least Squares (OLS) for parameter estimates, and 2) a Poisson regression model
in which its parameter estimates using the method of Maximum Likelihood Estimation (MLE) were considered
and compared. The study method used a simulation technique. Data were simulated for the Poisson dependent

variable, Y, and for the 2 predictor variables with the sample sizes of 10, 30, 50, 70, and 100 respectively. The
simulation study consisted of : 1) building the linear regression model, E(Y') =p,. =B, +B,X, +B,X,, in which Y

was transformed in four patterns of Y’:\/?, Y'=VY+3/8, Y'=+JY+1+4JY, and Y'=In(Y+1) respectively,

and 2) building the Poisson regression model E(Y)=p =l h¥Xi:X:

. There were total 25 situations, and each
situation 500 simulation runs were performed for parameter estimation by using SAS® 9.1.3. Additionally, the
averaged value of deviance statistics that were obtained from the 500 simulation runs, denoted as Deviance,
was used for assessing the fit. The model with the smallest Deviance would be the most suitable model for
Poisson data.

The results of this showed that the variance stabilizing transformation (VST) model in the form of
Y'=JY+3/8 had the smallest Deviance among all types of the VST models and its value was still closed to the
Deviance obtained from fitting the Poisson regression model. Moreover, the residual plot for model checking
showed that the residuals fell within a horizontal band centered around 0 (Y'=0) with no systematic patterns.

In addition, if the sample size was greater than or equal to 50, the predicted values of Y in the form of
Y'=4Y+3/8 was still closed to the ones obtained from the Poisson regression model. In conclusion, the

approximate variance stabilizing transformation model in the form of Y'=VY +3/8 was suitable for Poisson data.

Keyword : Variance Stabilizing Transformation, Poisson Regression Model, Ordinary Least Squares (OLS),

Maximum Likelihood Estimation (MLE).
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