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Approximate Variance Stabilizing Transformation Model for Poisson Data

a a

Eﬂmﬁm WwinAshina uar A8 BeAdadng:

<

AMAINEDH AUZINLFNERNS NINLRUNBATAITAS

Uraiwan Jaroengeratikun and LiLy Ingsrisawang*

Department of Statistics, Faculty of Science, Kasetsart University.

UNARED

Myt nquszasdiiieAnmdinunnsonnasimiudeyaihe TasuSsuifisussnivmsaeduuuonnaside
wuseASnsulasteyaielRldanuuysUsiuasit uazdszanausmsfmeszesiuuuiiisindiasiiesiiga (OLS)
funsaesuuuanssiimandoyalasnss wazUssanudmnfwestesiuuuiisiinizinsdugega (MLE)
nafnEiinmsnasssaunsailFfudsny Y finsuanuaauuuiiiee uasifudsioue 2 6 fa X, wag X, Mnun

nafawfidnuwiidy 10, 30, 50, 70 waz 100 lag 1) a¥reflsAtunsoanaeBadu E(Y") =p,. =B, +BX, +B,X,
fanaudsedn Y Tu 4 guuny Ao Y =Y L Y =Y 4378, Y=Y +14+4Y  war Y =In(Y +1) endnsy uas
2) a$wilvAtunsoaneihme E(Y) =p= et nlfanunisaiiuanseiuviovnn 25 sawnsal Tuusas

amumitﬁ%gn%ﬂaaoua:ﬁs:mmmmsﬁﬁLma%mﬁmmuﬁaﬂﬂsumu sAs® 913 Tasfinsdnuinuuuiudniua
500 98U LLa:ﬁmimmmmm:amaaﬁam_mr:wmaﬂﬁa%wﬁumnamumsniﬁmﬁ fueadn Deviance Mlaiza N3N
500 58U (Deviance) fuuuNsoanaslurnIUN1I0R8097 ¥ Deviance r?ﬁqm a:LflurfhLLuumsmnaﬂﬁmm:auﬁqm
dmivdoyanisuanuasilim wamiﬁnmwudwéhLmummaﬂL‘ﬁ\iLﬁuﬁ\lﬁ'«nn’i‘ﬁ'nﬁl,l,ﬁaﬁagaLﬁa’[ﬁlﬁmmuﬂsﬂﬂumﬁ (VST)

Tugmm‘u Y' =Y +3/8 T#@a1 Deviance éflqmLﬁal,ﬁﬂuﬁuﬁmuunmnamﬂﬁuLﬁuﬁiﬁawﬂﬁﬁn'}iLLﬂaaﬁaﬂgﬂLmuﬁu wazlvien
Tn&LAeiuAY Deviance 109FLULNANABTIATY UBNIININANITATIVEDUANNYINILFNIDIFALULEATNEDAAIANFI WU

Aandvanfuuuoanesdaduiiliainisnsudasieyslusluuy Y =Y +3/8 fanwuznsnszapainasesauq
WU Y'=0 ’}?\1Lﬂulﬂmu@mauﬁﬁmaomsﬂi:mmmmLmumsnmaﬂl,%aLﬁu LLa:ﬂ’owu*jwﬁﬁﬁ’mmaﬁagaﬁmmm’lmﬁ

anndmsawiniu 50 uld Amwees Y fildnduuuoanesdadudildanismsudssdoysdie Y =Y +3/8 T
AindAssiuAinuneanduuuanaesihee wssviduuuannssduduiildanisnsulsedoyaiolldnnuuysusou

afilugtuuy Y =Y +3/8 fanumsnzaningldifuiuuuimiudoyaiinsuanuasuouiim

U

aa

farde . nmaudasdeyaiialildanaudsUsuas?l Muvuanossihse  Bindesesdosge (OLS) ABamzuesniu
g9gn (MLE)

Corresponding author. E-mail: fscilli@ku.ac.th

Uraiwan Jaroengeratikun and LiLy Ingsrisawang / Burapha Sci. J. 15 (2010) 1 : 105-113 105



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') =pu,. =B, +p,X, +B,X,, in which Y
was transformed in four patterns of Y'=Y, Y'=Y+3/8, Y'=VY+1+JY, and Y'=In(Y +1) respectively,

and 2) building the Poisson regression model E(Y)=pu=¢&""""""2 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'=+Y +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'=4JY +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'=+Y +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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