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On a high volume genome sequencing production line, optimizing throughput and removing bottlenecks are serious concerns. The goal of this project was to define a practical method for calculating the optimal duration
of each sequencing run from historical data. Several methods for estimating the optimal run length of individual past sequences are presented as well as an algorithm for calculating the optimal run length for the
population of plates. The algorithm accurately determines a shortened run time for low performing projects but also indicates that many projects should be run longer than they currently are.
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