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A new approach to predict pre-candidate performance in the US election
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In recent years, predicting election results has caught people’s attention around the world. This has been
especially true in the United States. In 2008, Nate Silver, an American statistician, predicted the US presidential
election results with a high degree of accuracy. Since then, large news organizations, such as Washington Post
and New York Times, started to predict the US election results. However, standard approaches do not consider
the problem of pre-candidate performance. Predicting pre-candidate performance is considered useful for political
parties as it enables them to select candidates who are most likely to win the elections.In this study, we predict pre-
candidate performance in the US election. We propose a prediction model using historical data from county-level

election results and candidates’ features.
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