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Abstract:

In this research, the methods of the kernel estimator were relied on in estimating the Binary
Local Likelihood Logit Estimation, where the logit positional possibility algorithm was used,
an optimal smoothing parameter (1) was estimated by two methods of the Cross Validation and
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the Generalized Cross Validation, and that the smoothing parameter has a clear effect on the
process Estimation also has a fundamental role in approximating and smoothing the curve and
bringing it closer to the real curve.The aim of using kernel estimators is to modify the
observations so that we can obtain estimators with characteristics close to the properties of the
real parameters. Depending on medical data, data has been collected on patients with chronic
lymphocytic leukaemia (representing infected and non-infected) and through the use of the
(Gaussian) function and based on the comparison standard (MSE), it was found that method
of the Local Likelihood Logit algorithm (Logit) is the best at sample sizes (50,100,150) and at
a variance value (0.1) because it obtains The lowest value for this criterion.

Keywords: The Binary logistic regression model, the Local Likelihood Logit algorithm, the
Cross Validation and the Generalized Cross Validation, patients with chronic lymphocytic
leukaemia.
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