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In probabilistic concept lecarning exporiments (de Klork & Oppe 1966)
stimuli are congtructed in such a way that thelir projections on the

loglikelihood axis X are distributed ss follows (de Lecuw 1968)
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Suppose that the subject classifics the stimuli aoccording to the
following rulec: a stimulus is a positive insbarce of the concept
if x > ay otherwise it is a negative instancce of tho concept. This

strategy generatos two distributions on the X-axis
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The paramcteor QL' is a function of the a priori probability Py the

Mahanalobis distance €L and the place of the cut-off value a on the

continuume.
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Some definitions
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In the special sase that a = 0 and P=% we have the following simpli~

fications:
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In table I and figure I values of (x‘ for various values of d!' are
given, in th’e special case that a = 0. Obviously the conclusion from
these results is that for small values of 4! (<1) the OC '~mcasure
does not even giv'e ordinal information about the distance of the
populations. For intemmediate values of d' (1 < a' < 5) the oc '-scale
is a strictly monotone transformation of +the d'~scale, and for 4! > 5
the two measures are numerically identical (that is to says within

the usual limits of precision, sce meoction 7).
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In table IT the ©C '~values are given for some valucs of a; in the
special case that d' = 2. The conclusion seems 4o be, that the location
of the cut—off value (i.e. the response bias) has but little effect
caOC', gven in the moszt pérwarse caseg (a = —=4). Fesults for the more
rlausible case that a = —fd' are given intble III for various values

<t dt.
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In the casc of a cut-off strategy the confusion matrix for the two

concepts and the two responscs beocomes
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(%cte that the a priori probabilities of the concepts are irrele-
vsznt for this confusion matrix). The +two parameters of Luce's choice

nodel for forced-choice detection experiments (Luce 1959, 1963) are

given by
/? =k.p(N/A)p(Y/B§1%' ) P2<1‘P1);%
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4s 1s pointed out by Luce the negative logarithm ofd? can be compared
with the d'-parameter of signal detection theory. The Tanner & Swets
fa ~parameter ig defined as
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This makes it reasonatle to comparc tho logarithm of b with a. Both
/? and b arc measured on ratio scales, which mcans thet the unit

°f measurement is arbitrary. We have taken all logarithms to the
tzase 10, and we have scaled ~ log/? and log b afterwards by mini-

nizing some least squares criterion.
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In the specilal case that a=0 we have the following simplifications
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that log b = 0 = ~ 1n/3== 2 (23 it should be).

Iz weble IV and figure II values of —Alog/? for various valuces of
2! are given, in the special case that a = 0. If we compare thesc
rzaults with those in ®ble 1 and figure I, it is clear that 7?

dess o better ,jo% than X'y, especially in the lower regions of the
sczle. In table V and figures IIIa and IIIb, the same cascs are
treated 2s in table II. These figures suggest that /? is more sensi-
tivs to sxbtreme response bias, but in the more moderate cases

<rsated intable III this effcct is neglectable (table VI, figures

TVa znd IVb).
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Figure II.
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