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Abstract; This paper presents an efficient and robust estimation method for generalized linear models with longitu-
dinal data. By using a quadratic inferential function ( QIF) to improve the weighted exponential score function, we
can obtain an effective and robust quadratic inferential function (ERQIF). Under some regularity conditions, the
resulting estimators are consistent and asymptotically normal distributed. Finally, simulation studies show that the
proposed estimators have robust and efficient numerical results, even when many outliers are included and the work-
ing correlation matrix is misspecified.

Key words: longitudinal data; weighted exponential score function; quadratic inferential function ( QIF) ; robust

estimation
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