Abstract

Recent criticisms of signal detection theory (SDT) have suggested
that it Is fundamentally awed In its representations and assump-
tions (e.g., Balakrishnan, 1999). Evidence for this position includes
demonstrations that the detection criterion in con dence ROC func-
tions doesnot changaen responseto baserate manipulations, whereas
the shape of the ROC functions doeschange. We propose an ac-
In terms of participants’ well-

count that explains these ndings
documented inability to use deterministic decision criteria. We con-
clude that con dence ratings appear to be unreliable and inaccurate
measures of decision certainty, and that the evidence for or against
SDT basedon theseunreliable measuresmust be used cautiously.

Introduction

Signal detection theory (SDT) assumesthat stimull in a discrimina-
tion task give rise to perceptual distributions and that likelihood cri-
teria are setto determine which responseto produce:
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> SDT Includes a exible likelihood ratio decision threshold (7) that
controls how willing an observer is to make a particular response.
By varying ~— under asingle sensitivity condition, ReceiverOperat-
Ing Characteristic (ROC) functions can be formed.

> One traditional way of forming ROC functions is to collect con -
denceratings. Presumably, dif fering con dence levels correspond
to different regions of likelihood (in above gur e denoted 1-8).

> Prominent critiques of SDT have questioned (1) how the decision
criteria Is set, and (2) whether responsesare made according to
deterministic decisionrules. (e.g.,Healy & Kubovy, 1981;Treisman
& Williams, 1984).

> Recentreseach using con dence ratings has uncovered two em-
pirical phenomena inconsistent with SDT. (1) The con dence ROC
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functions produced by baserate manipulations change shape (see

below gur e); and (2) distributional measures of decision thresh-
old do not changein responseto baserate manipulations, despite
changesin .

2 Such results suggest that signal detection theory may be funda-
mentally awed (Balakrishnan, 1999).

> These new criticisms may stem from the same factors that led to
earlier critiques, especially the inability of observersto make de-
terministic responsesto identical perceptual states.

> We conducted a signal detection experiment using an external
noise paradigm to determine.

1.How con dence responsesare affected by changesin experimen-
tal stimulus baserate.

2. The extent to which participants canreliably distinguish multiple
con dence responses.

ROC Functions Vary With Baserates

When con dence Is collected at varying baserates,the hits and false

alarm rates trace out a different ROC functions for each baserate,

which is iIncompatible with SDT.

Part of Figure 1 from Balakrishnan & MacDonald (2002).The data are from Balakrishnan (1998).The false alarm rate is plotted on the abscissathe hit rate on the ordinate.

IS the use of con dence ratings In signal detection tasks fundamentally awed?

The Decision Noise Hypothesis

Consistent with previous accountsthat have attempted to explain probability matching and the
learning of criteria placement (e.g.,Mueller, 1998;Schoefer , 1965;Healy & Kubovy, 1981;Erey,
1998),we formalize a generic version of SDT that allows for traditional perceptual noise along
with non-deterministic mappings between perceptual state and response:Decision Noise.

external noise

distal stimulus -

environment

observer perceptual noise

o -

decision noise

o -

We speculate that biased noise may enter into the perceptual-decision processeither during
perception or decision. Noise during thesetwo phaseshas dif ferent characteristic sighatures
on observed ROC functions. Left panel shows unbiased perceptual and decision noise; cen-
ter panel shows biased perceptual and unbiased decision noise; right panel shows unbiased
perceptual and biased decision noise.

Biased perceptual and unbiased decision noise

2 Initially , a nominal stimulus Is selected

> The distal stimulus Is typically a noisy
version of the ideal nominal stimulus.

2 Perceptual processes often Introduce
more noise, producing a noisy percept.

> The mapping from perceptual state onto
responsesmay be non-deterministic.

nominal
stimulus

The sources of noise can be discriminated
using dif ferent forms of ROC functions.

> The unobservable “tr ue” perceptual ROC
function Is determined by external and
perceptual noise, but unaffected by deci-
sion noise.

2 Observed ROC functions will be
weighted averages of the “true” ROC
function, and sowill fall on or below it.

2 Using the presenteddistal stimulus, one
canform an ROC function measuring the
response consistency across the range of
stimulus levels (blue lines below); using
con dence responses,a traditional ROC
function canbe formed (red lines below).

> Changes in the perceptual distributions

should be detectable by both stimulus-
based ROC functions and con dence
ROC functions (center panel below).

> Changesin responsemapping will be de-
tectable in the con dence ROC functions,
In ways that will not affect the stimulus-
based ROC functions (right panel below).

The Decision Noise Model

Unbiased perceptual and decision noise Unbiased perceptual and biased decision noise
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Experiment

Stimuli: Displays of stars drawn from two overlapping distributions (A:
1 = 46 aNd B:* = 54; %= 5).

Baserates:Stimuli were drawn from the distributions at 3 different ratios
(blocked In counterbalanced order): 2:1,1:1,and 1:2.

Payoff: Rewards of 1, 2, 3, or 4 points and lossesof 1, 3, 5, and 7 were
given, dependent on accuracy and con dence.

Dependent variable: Con dence ratings with explicit discrimination and
forced choice decisions were recorded in dif ferent blocks.

Participants: 32 undergraduate students participated In each response
and base-ratecondition.

Average ROC

ROC functions can be formed based on: the proportions of each nomi-
nal stimulus greaterthan eachdistal stimulus intensity value (upper left
panel); the proportions of “A” and “B” stimuli called “B” greaterthan each
stimulus Intensity for the con dence task (upper right) and the forced-
choice task (lower left); or the proportions of “A” and “B” stimuli called
“B” greaterthan eachcon dence rating (lower right panel).

Upper left panel shows the level of external noise presentin current exper-
Iment. Remaining gur esfactor out this noise by forming functions based
on the ideal distal stimulus category rather than the nominal stimulus.
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Evidence-Based ROC: Forced-Choice
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d% ~ for forced choicetask: 0.87/0.95,0.82/1.06,0.9/1.19: con dence task: 0.88/0.91,0.88/1.01,0.94/1.13.

Results showed no dif ference between distal stimulus-based ROC func-
tions as a function of base-rate condition, but did show differencesin
the con dence ROC function, suggesting that the asymmetries in con -
dence ratings stem from noise in decisional, rather than the perceptual,
processes.

Conditional Response Probabillities

Sequential dependencies In
response probabilities for stan-
dard SDT tasks have been pre-
viously Investigated as a source
of response inconsistency (e.g.,
Parducci & Sandusky, 1965;
Treisman & Williams, 1984).

Consistent with these earlier
theories (and the decision-noise
hypothesis), con dence ratings
depend to a large extent on
the previous response, espe-
cially when the prior stimu-
lus was of the same type as
the current stimulus (see gur e).
Because high base-rate stimuli
are more likely to be followed
by other high base-rate stim-
ull while low base-rate stimuli
are lesslikely to be followed by
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Mean Empirical Response Densities

For eachcon dence rating, variability acrossstimulus level was large, with very small discrim-

iInability between con dence levels.
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Decision Threshold 1s Invariant With Baserate

A second empirical observation

Inconsistent with SDT Is that
objective measures of decision
threshold do not appear to shift in
responseto changesin baserate.

This conclusion Is based on the
sub-optimality seen in the inter-
mediate con dences values for the
low-pr obability response: these
responsesare given equally often
for both stimulus classes.

When the distal stimulus Is used,
the suboptimality disappears.
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Response Functions

The demonstration in previous graph shows that observed subop-
timalities may occur from truly optimal performance distorted by

noise. Clearer evidence can be seenby examining the probability of
making the “B” responsefor eachcon dence level (below).
For the nominal stimuli (left panel), intermediate con dence levels

for low probability stimulus are at or below chance,indicating sub-

optimality . The hypothesis depicting no criterion shift Is supported
by the fact that the jump between con dence levels 4 and 5 spansthe
horizontal line corresponding to each baserate condition. But for

the distal stimuli (right panel), suboptimalities are no longer present

and objective measuresfor bias are equivocal regarding whether or
not thresholds shift.
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Discussion

2 Consistent with the decision noise model, results of this experi-
ment indicate that considerable inconsistency exists in the map-
ping from internal perceptual state onto con dence responses.

2 This result Is consistentwith 40years of research showing inability
of observersto set static cutoffs and tendency to make responses
probabilistically in SDT tasks.

> Much of the responseinconsistency results from the dependencies
of responseson the prior response.

2 Such inconsistency could produce suboptimalities noted by Bal-
akrishnan (1999).

> Additionally , similar noise may mask optimal shifts In criterion
placement, making responsesappear to not shift.

2 |t may be inappropriate to reject SDT on the basis of data from
experiments using con dence ratings, which can intr oduce subop-
timal responsemappings that distort ROC functions and measures
of bias.

> Basedon our data, objective measures could not detect a shift In
decision threshold despite changesin —, but they are not incompat-
ible with moderate threshold shifts.

2 Future reseach i1s needed to determine the extent to which SDT Is
limited In scope,and the ways it may be extended or elaborated to
explain empirical contradictions of its assumptions.
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