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2018 Draft Experiment

As we mentioned before, it is very difficult for our model to
have statistically significant test data as there are only
roughly 200 quarterbacks that have ever been drafted. As a
fun experiment we assumed the mock draft from Chris
Trepasso of CBS Sports was accurate. We applied our
model to his draft and got some interesting predictions. This
was a fun way of evaluating our model.

Quarterback Pick Team Prediction Confidence
Lamar 1 CLE NFL-Ready 99.9%
Jackson
Josh Rosen 2 NYG NFL-Ready 97.9%
Sam Darnold 9 CIN NFL-Ready 99.4%
Mason 12 WAS Bust 73.4%
Rudolph

It looks like we have a very successful quarterback class in
2018. Despite going to the Cleveland Browns (who have the
largest QB turnover in the NFL) the model is very confident
that Lamar Jackson will be NFL-ready. Washington should
beware that releasing current quarterback Kirk Cousins (who
is definitely NFL-ready) in favor of incoming Oklahoma State
phenomenon Mason Rudolph might be costly.
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