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Appendix A: List of stimuli
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Appendix B: Scatterplot of predictors againts wordlikeness
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Figure 6
Scatterplot of judged wordlikeness against (a) log-probability; (b) the
number of neighbours; (c) the third GCM value, i.e. the third GNM quality

insensitive to frequency; (d) the second GNM quantity, i.e. GCM

weighted by frequency (with B as a coefficient); (e) the first C

M

5
quantity, i.e. GCM weighted by square frequency (with A as a coefficient).
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Appendix C: Basics of the ZOIB model

The mixed-effect zero-one-inflated beta regression model (ZOIB;
Ospina & Ferrari 2012) has three components: a Bernoulli-distributed
(i.e. discrete probability distribution) component for predicting whether
the judgement is zero (absolutely impossible), another Bernoulli-
distributed component for predicting whether the judgement is one
(absolutely possible) and a beta-distributed (i.e. continuous probability
distribution) component for modelling the density of the gradient
judgements (between 0 and 1). The three components’ distributions are
given in (7).

(7) I(Yij = 0) ~ Bernoulli(logit='(Byy + (By; + aOli)xlpj + agg; + 70]-))
I(Y;=1)~ Bernoulli(logit= (B, + (By; + ay1)xg, i+ o+ 715)
Y;i1Y;€0,1)) ~ Beta(p logit™'(Byy + (Byg + aa1,)xy; + 00 + 72)),

¢ (1= ¢ logit™ (Byy + (Byy + ap1)xyp; + a0 + 71)))

In the above formula, the means of the two Bernoulli distributions (0Os
and 1s) and the beta distribution (gradient judgements) depend on the
same set of predictors, in this case the log-probability (x, ;). There are
two population-level coefficients (‘fixed effects’ in frequentist terms) for
each of the three parts of the model, namely the population-level
intercept B, By and B,, and the population-level slopes Sy, f;; and S,;.
There are also participant-level predictors (‘random effects’ in
frequentist terms) that allow for variability across participants, including
the three random intercepts agg,, @5, and a,y, and the three random
slopes ay;, a1; and a,;;. Finally, there is an item-level intercept.

The means of the Bernoulli distributions are related to the linear
predictors through a logit link, as is the case for standard logistic
regression. For the beta regression, the formula shown here is derived
from a reparameterisation of the beta regression in terms of the mean and
a precision parameter .

We will now look at the distributions of the model parameters in
detail. Firstly, the group-level effects for each component come from
bivariate normal distributions. The covariance matrix allows for
correlations. There is a Lewandowski-Kurowicka-Joe (LK]) prior with
one degree of freedom (Lewandowski et al. 2009) on the lower Cholesky
decomposition of the correlation matrix, and half-¢ priors (Gelman 2006)
on the standard deviations, as in (8).

(8) (a0, i) ~ N0, 3,) for ce 0,1,2},ie {1,2, ... I}
where Eac = DacRacDac’ Rac = LacLZc’ Daﬁ c= diag(o_acl’ O-omZ)r

L, ~LKY(1), 0,,, 0,5~ half— (3,0, 2.5)
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The item-level intercept simply follows a univariate normal distribution,
again with a half-z prior on its standard deviation, as in (9).

(9) 795~ N0, 0 0) for c € {0, 1,2}, i€ {1, 2, ... I}, o, ~ half — 1(3, 0, 2.5)

There is a default standard normal prior on the ‘fixed-effect’ slopes, a
t-distributed prior on the population-level intercept for the beta
component, and a logistic-distributed prior on the population-level
intercept for the logistic components, as in (10).

(10) B, ~ N(0, 1) for c € {0, 1, 2}

Bot, Boy ~ Logistic(0, 1)
Boo ~ (3, 0, 2.5)

Finally, there is a gamma prior on the precision parameter of the beta
distribution, as in (11).

(11) ¢ ~T(0,01, 0.01)

ADDITIONAL REFERENCES

Gelman, Andrew (2006). Prior distributions for variance parameters in hierarchical
models. Bayesian Analysis 1. 515-533.

Lewandowski, Daniel, Dorota Kurowicka & Harry Joe (2009). Generating random
correlation matrices based on vines and extended onion method. Journal of
Multivariate Analysis 100. 1989-2001.



Youngah Do and Ryan Ka Yau Lai

1S

iverse analys

tervals for the multi

Confidence in

Appendix D

‘syjuawagpnl | (9) ‘syuswaspnl () (q) ‘syuswagpnl jusipers (v)
U0 10979 A3iqeqord-30[ JO D) 9,56 Y3 10 SINSAT ISISATINIAI

A 21907,
(29°08¢°0) | (29°0‘8¢°0) |(09°0°2L£0) |(8F0°Lz0) |(1S0°8T°0) |(1S°0°ST°0) auou
(65°09¢0) | (19°0°2£0) | (cv0°1T°0) | (L¥0°ST0) |(8S0°Se0) |(0S0°LT0O) |INDOO
(Sto‘cr0) |(€L0L£0) [(5€090°0) |[(S+0°€T°0) | (H#9°0°0€0) | (FF0°CT°0) NN
(€0°0 “20°0-) | (€0°0 “‘20°0—) | (€0°0 ‘20°0—) | (+0°0 ‘00°0—) | (€0°0 ‘TO°0—) | (€0°0 ‘TO0°0—) | 2uou
(€0°0 “20°0-) | (€0°0 ‘20°0—) | (€0°0 ‘T0°0-) | (+0°0 ‘TO°0-) | (€0°0 ‘20°0—) | (€0°0 “T0°0—) | INDDO
(200 °00°0) | (S0°0 ‘€0°0—) | (+0°0 ‘20°0—) | (L0°0 ‘00°0) | (+0°0 ‘€0°0—-) | (+0°0 ‘€0°0—) | NN
(01°090°0) | (01°090°0) | (01°0 °90°0) | (8070 ‘SO'0) |(80°0‘S0'0) | (80°0 ‘+0°0) auou
(60°090°0) | (01°0°90°0) | (00 “+0°0) | (80°0 ‘+0°0) | (60°090°0) |(80°0°SO'0) | INDO
(80°0 ‘€0'0) | (21°090°0) | (£0°0 ‘20°0) | (80°0‘€0'0) |(11°0°S0°0) | (8070 ‘€0°0) NN

LON L SIL DlL NIL OlL




9

Supplementary materials

‘syuawagpnl | (9) ‘syuswadpnl () (q) ‘syuswagpnl jusipers (e)
U0 3109J9 AJISUIP-POOYINOqUII_U JO [) 9%, S6 Y3 10J SITNSIT ISIIATINIA

A 2197,

(¢cro‘co0) [(rro‘co0) |[(10T100 |[(11°0100) |(60°0T0°0-) | (11°0C0°0) | (11°0C0°0) | INDO
(20°0 ‘s0°0—) | (£0°0 ‘10°0—) | (20°0 ‘S0°0—) | (80°0 ‘T0°0) | (£0°0 ‘T0°0—) | (+0°0 “+0°0—) | (£L0'0 00°0) NN
(10°0 ‘10°0—) | (200 ‘10°0—) | (200 ‘T0°0-) | (10°0 ‘T0°0—-) | (10°0 ‘T0°0-) | (2T0'0 ‘T0°0-) | (TO'0 ‘T0°0-) | INDO
(10°0 ‘10°0-) | (00°0 ‘10°0—-) | (10°0 ‘T0°0—-) | (10°0 ‘T0°0-) | (00°0 ‘T0°0-) | (10°0 ‘T0°0-) | (10°0 ‘TO°0-) | NN
(20’0 ‘00°0) | (200 ‘00°0) |(20°0°‘00°0) |(20°0‘00°0) |(10°0°‘00°0-)|(01°0°10°0) | (01°0°10°0) | INDO
(0070 ‘10°0—) | (10°0 ‘00°0—) | (00°0 ‘10°0—) | (10°0 “00°0—) | (10°0 “00°0—) | (00°0 ‘T0°0-) | (10°0 ‘00°0—) | NN

auou .LON L SIL DL NIL OlL






