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Effect of Linkage Disequilibrium in Selection
Schema Analysis of OneMax Problem

HirosHI FURUTANTIf

Selection is one of the most important genetic operators in Genetic Algorithms, and link-
age is a famous phenomenon in genetics. There is a close relationship between selection and
linkage. Selection induces linkage, and the effect of selection is closely related to the degree
of linkage. However, our research on their mechanisms is still in the primitive stage. In this
study, we consider the OneMax problem for investigating the interaction between selection
and linkage. We analyzed the effect of linkage on the average fitness and the frequency of
the optimum solution. Since the degree of linkage decreases by the action of crossover, we
can study the effect of crossover in terms of linkage theory. We used the schema theory in
the analysis of crossover, and surveyed the role of crossover in Genetic Algorithms quantita-
tively. In this study, we found that the effect of random sampling is very large, and it appears
through linkage. We also found that the frequency of the optimum solution increases by the
crossover process. There are direct and indirect effects of crossover, and the indirect effect
appears in the selection process. Numerical experiments suggest that the indirect effect is
more important than the direct effect.
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