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Numerical integra-

We developed a numerical integration based method for ayesian inference of psychometric function is ]

. : . . . . tion and defaults
Bayesian Inference on psychometric functions. The method is usually done by MCMC sampling. While be- Hake our toolbox
fast and convenient to use. Furthermore, we provide suitable INg powertul, this typically requires users to have fact and convenient
defaults for all common settings. By fitting a beta-binomial detailed knowledge of MCMC, e.g. 1o fine-tune
model our method exhibits Increased robustness against the algorithm to datasets, or evaluate chain conver-
nonstationary behaviour caused, e.g., by fluctuations in at- gence. Instead we propose to evaluate the full posterior
tention or learning. We performed extensive simulations to using numerical integration on a grid. Our analysis method
validate our method and software implementation. Finally we s fast—maximally a few seconds for the full 5 parameter
provide generic methods to compare several psychometric <A model—stable, and independent of user intervention. De-
functions statistically. All methods are freely available: faults for the priors and all other settings making our Soft-
https://github.com/wichmann-lab/psignifit f ware easy to use whilst retaining full customisability.
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From several posterior distributions of the parameters of
individual psychometric functions posteriors on
parameters of the measured sample can be cal-
culated, allowing comparisons between single
subjects and the measured group. To test Bayesian inference of
The B-binomial mod- whether a group is congruent, e.g. shares psychometric
el takes nonstation- some parameter(s) of the psychometric func- functions allow more
arities into account, tion we provide a Bayesfactor test, comparing complex conclusions
yielding better the model with shared parameter(s) to the
confidence intervals model with individual parameters. Finally we can
draw conclusions on any generative model with pa-
rameter 8 for one or more of the psychometric function pa-
rameters a from the marginal on these predicted parame-
ters for each psychometric function.

Non—stationaritites—vvhen the psychometric function
IS NOt constant over time—are abundant in ex-
periments and may result from learning or fluctua-
tions In attention. This impairs statistical infer-
ence because they increase the variabllity of the
data. To capture this we fit a model which con-
tains a specific non-stationarity, the beta-bino-
mial model. This model assumes that the prolba-
pility of success for each block is drawn from a
peta distribution with variance scaled by ¢ around the
value of the psychometric function:
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This allows to draw conclusions for population models and
This model corrects the contidence intervals automatically, to differentiate the variability between subjects from the one
when the data is over-dispersed. from the measurements. As an example we implemented a
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