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Zero-and/or-one-inflated beta distribution
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Censored normal distribution (tobit)
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more complex.
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R packages

R> crch(accuracyl ~ dyslexia * iq | dyslexia + iq, data = ReadingSkills,

+ left = 0, right = 1)
R> betareg(accuracyl ~ dyslexia * iq | dyslexia + iq, data = ReadingSkills)



R packages

R> crch(accuracyl ~ dyslexia * iq | dyslexia + iq, data = ReadingSkills,
+ left = 0, right = 1)
R> betareg(accuracyl ~ dyslexia * iq | dyslexia + iq, data = ReadingSkills)

o ]
~ ©  control
A dyslexic
g _|—— crch ®
[}
5 — betareg
3
g 31
©
S
3
3 ~
8 S
j=2
£
e}
s @
14 © o === = _]
AN A -
o
° A
T T T
-1 0 1 2

1Q score
6/7



References

Cribari-Neto F, Zeileis A (2010). “Beta Regression in R.” Journal of Statistical Software,
34(2), 1-24. d0i:10.18637/jss.v034.102

Messner JW, Mayr GJ, Zeileis A (2016). “Heteroscedastic Censored and Truncated
Regression with crch.” The R Journal, 8(1), 173-181. doi:10.32614/RJ-2016-012

Kosmidis I, Zeileis A (2024). “Extended-Support Beta Regression for [0, 1] Responses.”
arXiv.org E-Print Archive, Forthcoming.

Software:
https://CRAN.R-project.org/package=crch (Version 1.1-2)
https://CRAN.R-project.org/package=betareg (Version 3.2-0)
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