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Reduced cell entry

As viruses replicate inside cells, slower
viral cell entry (e.g., with host receptor
polymorphisms) reduces the effective
viral replication rate.
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from other viruses could mean a larger
memory cell population. These allow for
a faster rise in antibody-producing
plasma cells.
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Increased T-cell mediated killing of
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intracellular virus, with consequences for
viral replication and shedding.
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