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Beta distribution
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Parameters: Mean µ,
precision ϕ.

Regression: Link both
parameters to predictors.

Advantage: Flexible shape, full
likelihood.

Disadvantage: Zero
probability for 0 and 1.
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Zero-and/or-one-inflated beta distribution
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Parameters: Mean µ,
precision ϕ, point masses π0, π1.

Regression: Link all four
parameters to predictors.

Advantage: Keep flexibility,
accomodate boundaries.

Disadvantage: Many
parameters, separate
determinants for boundaries.
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Censored normal distribution (tobit)
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Parameters: Mean µ,
variance σ2.

Regression: Link both
parameters to predictors.

Advantage: No additional
determinants for boundaries.

Disadvantage: Less flexible
than beta.
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Extended-support beta mixture distribution
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Parameters: Mean µ,
precision ϕ, exceedence ν.

Regression: Link only µ and ϕ
to predictors.

Advantage: Single parameter
ν links normal and beta.

Disadvantage: Somewhat
more complex.
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R packages

R> crch(accuracy1 ~ dyslexia * iq | dyslexia + iq, data = ReadingSkills,
+ left = 0, right = 1)
R> betareg(accuracy1 ~ dyslexia * iq | dyslexia + iq, data = ReadingSkills)
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Software:
https://CRAN.R-project.org/package=crch (Version 1.1-2)
https://CRAN.R-project.org/package=betareg (Version 3.2-0)

Mastodon: @zeileis@fosstodon.org

X: @AchimZeileis

Web: https://www.zeileis.org/
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