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Choice, Similarity, and the Context Theory of Classification

Robert M. Nosofsky

Harvard University

Medin and Schaffer’s (1978) context theory of classification learning is interpreted
in terms of Luce’s (1963) choice theory and in terms of theoretical results obtained
in multidimensional scaling theory. En route to this interpretation, quantitative
relationships that may exist between identification and classification performance
are investigated. It is suggested that the same basic choice processes may operate
in the two paradigms but that the similarity parameters that determine performance
change systematically according to the structure of the choice paradigm. In particular,
when subjects are able to attend selectively to the component dimensions that
compose the stimuli, the similarity parameters may tend toward what is optimal

for maximizing performance.

Medin and Schaffer (1978) proposed a
quantitative model, termed the context theory,
to account for subjects’ performance in clas-
sification paradigms. The context theory has
provided good fits to data in numerous clas-
sification experiments (Medin, 1982; Medin,
Altom, Edelson, & Freko, 1982; Medin,
Dewey, & Murphy, 1983; Medin & Schaffer,
1978; Medin & Smith, 1981). The theory as-
sumes, essentially, that subjects’ classification
of a given stimulus is determined on the basis
of its similarity to the stored category exem-
plars. The purpose of this article is to provide
an interpretation of the context theory in terms
of previous work concerning choice and sim-
ilarity. This interpretation places the context
model within a well-established theoretical
framework and allows one to ask new questions
and extend the model in ways that were not
previously obvious. In addition, it may help
in attempts to gain a fuller understanding of
quantitative relationships that may exist be-
tween subjects’ identification and classification
performance.
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In the empirical work for which the context
model has been verified thus far, the stimuli
have varied along four binary-valued dimen-
sions, and the subjects have been required to
classify the stimuli as belonging in one of two
categories. To simplify the discussion, this ba-
sic structure is assumed in the initial part of
this article; in addition, the following notation
is employed:

1. Let X and Y denote the two categories.

2. Let x denote a stimulus in category X,
and let y denote a stimulus in category Y.

3. Let x; denote the value of stimulus x on
dimension j, and similarly for y ;.

4. Let t denote a given test stimulus, and
let ¢; denote the value of stimulus t on di-
mension j.

5. Let S(t, x) denote the similarity of stim-
ulus t to stimulus x.

As is clear from Medin and Schaffer’s (1978,
pp. 211-214) discussion, the context theory
states that the probability of classifying test
stimulus t as a member of category X, P(X|t),
is given by

2 S(t, x)

xEX

> St x)+ X Sty

xEX yEY

P(X|t) = 0y

The individual S(t, x)s are computed by the
following multiplicative rule:

4
S(t, x) = H $j 2) 1
j=1

where s, = p;, (0 < p; < 1),if £; # x,; and
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$;=1,if {; = x;. The individual p;s are the
parameters to be estimated in the model.

Response Rule

As is rather evident, the response-ratio rule
(Equation 1) proposed by Medin and Schaffer
(1978) bears a striking structural resemblance
to Luce’s (1963) choice model for stimulus
identification. According to that theory, the
probability of stimulus / leading to response
jin an identification experiment, P(R |S,), is
given by
B N

P(R,|S;) = S Bm
k

(3)

where 0 < ﬁj, Ny = 1, Z ﬁj =1, Ny = Njis
and n; = 1. The 8 ; parameters are interpreted
as response-bias parameters, and the 7, pa-
rameters are interpreted as similarity measures
on the stimuli §; and S;. The index k in the
denominator of Equation 3 ranges over the set
of stimuli that are eligible as responses in the
experiment.

Medin and Schaffer’s (1978) response rule
may be viewed as a bias-free extension of
Luce’s (1963) choice theory applied at the cat-
egory level, by simply defining n(t, X) =
Zyex n(t, X). A natural question that arises,
however, is whether or not there is some theo-
retical account of the relationship n(t, X) =
Zyex N(t, X).

A simple account of this relationship may
reside in the corresponding qualitative struc-
tures of the identification and classification
paradigms. The one-to-one mapping of stimuli
onto responses in identification is transformed
into a many-to-one mapping of stimuli onto
responses in classification. An obvious starting
hypothesis for a quantitative model relating
the two paradigms, originally proposed by
Shepard, Hovland, "and Jenkins (1961), and
Shepard and Chang (1963), may be stated as
follows: To predict classification performance
from identification performance, one should
simply cumulate over all stimulus-response
cells in the identification matrix that would

map onto a given stimulus-response cell in

the classification matrix. Thus, any intersti-
mulus confusion in the identification matrix
which is a within-category confusion would
result in a correct classification response. 1
will refer to this as the mapping hypothesis.
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If the mapping hypothesis were correct, then
the response rule proposed by Medin and
Schaffer (1978) could be derived directly from
Luce’s (1963) choice theory applied at the
stimulus identification level. The probability
of making response X given stimulus i in the
classification paradigm, P(R|S ), is found by
summing over the probabilities that a stimulus
in category X is chosen in the identification
paradigm:

P(R4S ) = > P(leSi),

Jjex
_ Biny )
,GZX(Z Bin ik T
k

=(2 ﬁjﬂ .y)/(Z Bim ).  (4)

EeX k

In a bias-free experiment, this is the response
rule proposed by Medin and Schaffer (1978).

The main problem with this theoretical ac-
count is that the mapping hypothesis was ex-
plored systematically by Shepard et al. (1961)
and rejected on empirical grounds. These re-
searchers demonstrated convincingly that one
could not predict subjects’ classification per-
formance from their identification perfor-
mance on the same set of stimuli. We are left,
therefore, with the following paradox: Luce’s
(1963) choice theory and Medin and Schaffer’s
(1978) context theory provide good fits to data
in identification and classification experiments,
respectively. The mapping hypothesis provides
an obvious theoretical link between the two
theories, but it has been rejected empirically.
I attempt to resolve this paradox later in this
article. The argument to be advanced is that
the similarity parameters that determine per-
formance may change systematically as one
goes from identification to classification in-
structions. First, however, a theoretical inter-
pretation of Medin and Schaffer’s multipli-
cative similarity rule (Equation 2) is provided.

Multiplicative Similarity Rule'

The second aspect of the context theory to
be considered is the multiplicative rule for

' It was brought to my attention by D. L. Medin (personal
communication, September 14, 1982) that Takane and
Carroll (1982) have pointed out the same functional re-
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computing stimulus similarity (Equation 2).
This has been deemed by Smith and Medin
(1981) as the crucial feature of the context
theory that differentiates it from previous the-
ories of classification learning. The main
question to be addressed is whether the mul-
tiplicative rule for computing stimulus simi-
larity can be meaningfully integrated with
previous findings in the psychological literature
regarding stimulus similarity. Although an in-
tuitive rationale for the multiplicative rule is
provided by Medin and Schaffer (1978) and
Medin and Smith (1981), little mention is
made of any independent empirical support
for the rule in general, or of its relationship
to previously proposed models regarding
stimulus similarity.

One of the major assumptions made by re-
searchers in the field of multidimensional scal-
ing theory is that stimulus similarity is some
monotonically decreasing function of psycho-
logical distance. Letting D denote psycholog-
ical distance between two stimuli and letting
f be some monotonically decreasing function,
then using the previous notation we have

S(t, x) = f[D(¢, x)], (5)

that is, the similarity between test stimulus t
and stimulus x is some monotonically de-
creasing function of the psychological distance
between stimulus t and stimulus x. For vari-
ous measurement-theoretic reasons (Beals,
Krantz, & Tversky, 1968), the distance metric
between two stimuli is generally assumed to
take the form of the Minkowski- metric:

(6)

D(t, x) = (2 lt; = x,1N',
j=1

j=

where r = 1, n is the number of dimensions
composing the given stimuli, and ¢, and x ; are
appropriately scaled psychological values. The
particular value of r which yields a best fit to
the similarity data has been found to depend
heavily on the type of dimensions composing
a stimulus. In particular, the city-block metric
(r = 1) is appropriate for stimuli having sep-
arable dimensions, and the Euclidean metric

lationships that I note in this section. The work that 1
report here was carried out independently of these re-
searchers’ work.
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(r = 2), for those with integral dimensions.’
Intuitively, separable dimensions are highly
analyzable and remain psychologically distinct
when in combination. In contrast, integral di-
mensions combine into relatively unanalyz-
able, integral wholes. Various other converging
operations are used to distinguish between
these two types of dimensions (Garner, 1974).

The stimulus sets used by Medin and Schaf-
fer (1978) in their initial experiments were
composed of stimuli that varied in form, color,
size, and number. On the basis of previous
work these would clearly be considered sep-
arable dimensions. Thus, the psychological
distance between test stimulus t and stimulus
X is given by

D(t, x) = é dj,

J=1

(7

where d; = |t; — x|, appropriately scaled.
Note that because the dimensions were binary-
valued, each d;is equal either to 0 (if ¢ ; = x ),
ortog;,0 <gq; <o (ift; # x;).
Reviewing our previous equations, we have

Stx)=[]s;,, 0=<s;<1,

Jj=1

according to the multiplicative rule of Medin
and Schaffer, and we have

S(t,x)=f(§:dj), Ode<w,

Jj=1

according to the basic assumptions of multi-
dimensional scaling theory. The question I now
raise is whether there is some function fwhich
produces the multiplicative rule posited by

2 The city-block and Euclidean metrics might best be
considered as approximations to the best-fitting Min-
kowski-r metric for stimuli composed of separable and
integral dimensions. Tversky and Gati (1982) argued that
a large amount of similarity data for stimuli composed of
separable dimensions is best fit by values of r somewhat
less than 1. (When ris less than 1, of course, the Minkowski-
r “metric” is no longer a distance metric at all, since the
triangle inequality is not satisfied; this does not invalidate
a spatial approach to modeling stimulus similarity, only
the metric assumption.) For mathematical convenience [
assume that r = 1 serves as a fair approximation to the
best-fitting Minkowski-r for stimuli composed of separable
dimenions. Of course, an improved theory may result by
using values of r less than 1.







