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ROBUST ESTIMATION OF
ASYMPTOTIC VARIANCE IN A POISSON
REGRESSION MODEL FOR TIME SERIES DATA.

Abstract:

This paper aims to estimate asymptotic variance for Poisson regression model for time series of counts in
the presence of the estimation problems, such as; autocorrelation and heteroskedasticity. This model
represents a parameter-driven model since the autocorrelation among the observations is introduced by
incorporating a latent process in the link function of the model. The regression coefficient vector g is
estimated by maximizing the pseudo-likelihood that ignores the existence of the latent process. The
resulting estimator is a generalized linear model estimator, and its consistency and asymptotic normality
have been established by Davis et al (2000). To perform valid statistical inferences about the regression
coefficients, it is required to develop a consistent estimation procedure for the asymptotic covariance
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matrix of B. Since the robust estimation enables us to obtain a consistent estimation for the asymptotic
variance in the presence of the estimation problems, such as; autocorrelation and heteroskedasticity. This
study will compare between two robust estimation methods for the asymptotic variance; kernel-based
method which is suggested by Wu (2012) and OPG estimator or BHHH algorithm which is proposed in
this paper. The methods are applied to two data sets; the monthly polio data in the U.S.A from 1970 to
1983 and monthly numbers of rheumatic fever in Mansoura University Children Hospital from 2010 to
2021. The result revealed that OPG estimator or BHHH algorithm is a better estimator for the asymptotic

variance of §.
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