Abstract Response Functions

[s the use of contfidence ratings in signal detection tasks fundamentally tlawed?
- Shane T. Mueller & Christoph T. Weidemann ~ [Fy%®

Indiana University, Bloomington

(stmuelle,cweidema}@indiana.edu
http://mypage.iu.edu/ stmuelle/MuellerWeidemann2005.pdf

The demonstration in previous graph shows that observed subop-
timalities may occur from truly optimal performance distorted by
noise. Clearer evidence can be seen by examining the probability of
making the “B” response for each confidence level (below).

For the nominal stimuli (left panel), intermediate confidence levels
for low probability stimulus are at or below chance, indicating sub-
optimality. The hypothesis depicting no criterion shift is supported

Recent criticisms of signal detection theory (SDT) have suggested
that it is fundamentally flawed in its representations and assump-
tions (e.g., Balakrishnan, 1999). Evidence for this position includes
demonstrations that the detection criterion in confidence ROC func-
tions does not change in response to base rate manipulations, whereas
the shape of the ROC functions does change. We propose an ac-
count that explains these findings in terms of participants’ well-
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