Unveiling the Kinetics of Immunity: Mechanistic Insights into COVID-19 Vaccine Responses and Population Stratification
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ABSTRACT

Vaccines are pivotal in combating infectious diseases, saving millions of lives worldwide and vastly improving public health. Despite their success, vaccine effectiveness
varies among individuals due to factors such as previous viral exposure, age, sex, genetic predisposition, and co-morbidities (1,2). This variability presents a significant
challenge in achieving optimal community-wide immunity. To address this challenge, we developed a mechanistic model that integrates the key phases of the immune
response following vaccination. Our objective is to use this model to gain a deeper understanding of individual immune trajectories and to identify sub-categories of
subjects with similar immune response patterns. This, in turn, will help rationalize vaccine distribution and improve immune protection in special populations.

MODEL DEFINITION AND POPULATION FIT
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IDENTIFICATION OF COMMON IMMUNOLOGICAL TRAJECTORIES
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