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a minimized BIC, leaves us with predictors season, year, holiday, respective 95% confidence intervals for the final model.

e The data 1s mapped by the Laboratory of Artificial Intelligence and
Decision Support (LIAAD) at the University of Porto, and made

accessible by the UCI Machine Learning Repository.

weather conditions, temperature, humidity, and wind speed.

e Following this, we aim to fit the data better by adding interactions.
We perform a backward stepwise regression with only two-way
interactions since three-way interactions would be computationally
expensive and challenging to interpret.

e We can see that season and temperature have the greatest
positive effect on bikes counted, however, their interaction will

e Our data on bicyclists' behavior 1s provided by the company Capital have a negative effect.

Bikeshare, the sharing system in the D.C. area. Weather data is

Deviance Residuals
Deviance Residuals

e Whether we are modeling 2011 or 2012 has a significant

|
(2]
'

provided by 1-weather.com involving humidity and forecast. Lastly, difference, as more people rode in 2012 on average (see boxplot
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the following model:
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us with 731 continuous days of information.
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