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In the last three decades, two computational models 
have dominated research on the representation of catego-
ries, differing mainly in the assumed degree of abstrac-
tion of the category representation. On the one hand, the 
prototype view states that categories are represented by a 
weighted set of features, abstracted from specific instances 
of a concept (see, e.g., Hampton, 1993; Rosch, 1975). In 
this view, the concept fruit is a summary representation 
containing information about what fruit is like, on aver-
age. In contrast, the exemplar view assumes that a cate-
gory is represented by instances that have previously been 
encountered (E. E. Smith & Medin, 1981). The concept 
fruit, in this view, consists of representations of different 
kinds or instances of fruit a person has experienced.

Both views have been rigorously tested, contrasted, and 
compared in category learning experiments using artifi-
cial stimuli (see, e.g., Medin & Schaffer, 1978; Medin & 
Smith, 1984; Nosofsky, 1992; Reed, 1972; J. D. Smith & 
Minda, 1998). In the majority of these studies, the results 
have favored the exemplar view. This raises the question 
of whether these results, attained in experimental circum-
stances and with artificial stimuli, can be readily gener-
alized to the mental representation of natural, everyday 
categories, such as professions, fruits, sports, or animals. 
For one thing, natural language concepts are most often 
learned erratically and from many different sources, 
whereas learning in experimental circumstances consists 
of an explicit learning phase, in which participants are 
instructed to meticulously encode the exemplars (Malt & 
Smith, 1984).

It is quite remarkable that the exemplar view, despite 
its success in artificial category learning, has been rela-
tively absent in the domain of natural concepts, a domain 
largely dominated by prototype-like models (e.g., Ameel 
& Storms, 2006; Hampton, 1979, 1993; Rosch & Mervis, 
1975). Only a few attempts have been made to implement 

the ideas of exemplar theory in models of natural lan-
guage categories (see De Wilde, Vanoverberghe, Storms, 
& De Boeck, 2003; Heit & Barsalou, 1996), and com-
parisons of exemplar and prototype accounts of natural 
concepts are equally rare (see Smits, Storms, Rosseel, 
& De Boeck, 2002; Storms, De Boeck, & Ruts, 2000). 
Consequently, the question of whether natural language 
categories are represented by a prototype or by different 
instances of the category remains to be answered more 
definitely. In this study, we compared a successful ex-
emplar model of categorization, the generalized context 
model (GCM; Nosofsky, 1984, 1986), with a straight-
forward prototype model derived from the GCM, within 
the natural language domain, in order to address this 
question.

When applying models from the artificial category re-
search to the domain of natural language concepts, two 
considerations are in place. First, whereas in category 
learning experiments with artificial stimuli the dependent 
variable typically is a categorization decision, this vari-
able seems rather awkward for semantic concept research. 
Adult language users generally are in wide agreement as 
to whether a certain object or class of objects is a member 
of language Category A (e.g., fish) or Category B (e.g., 
birds). Consequently, categorization decisions show little 
or no variance across stimuli and participants, and are 
rather uninformative in the study of the semantic concept 
representation. Although there are ways to implement 
category decisions as a dependent variable (Smits et al., 
2002), it seems more appropriate to use typicality, or the 
gradedness within a category: How good an example is 
an object of a category? Typicality has been an important 
variable in the study of natural language concepts since 
Rosch and Mervis’s (1975) article on family resemblances 
and has been shown to be a highly influential variable in 
a wide variety of cognitive tasks (Hampton, 1993; Malt & 
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plars of a category are represented as fixed points in an 
 M-dimensional space. The distance between two exem-
plars in this space is inversely related to their similarity.

Similarity. The similarity between two exemplars is 
calculated from the psychological distance adjusted by 
dimension weights (reflecting the importance of a certain 
dimension in the categorization judgments) and a sen-
sitivity parameter, which magnifies or demagnifies the 
psychological space. Formally, the scaled psychological 
distance between two exemplars i and j is given by
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where xik and xjk are the coordinates of exemplars i and 
j on dimension k, wk is the attention weight granted to 
dimension k, M is the number of dimensions, and c is the 
sensitivity parameter. The distance reduces to a Euclid-
ean distance when r 5 2 and a city-block distance when 
r 5 1.

The similarity of a stimulus i to another stimulus j is 
related to psychological distance, as follows:

	 ηij 5 exp(dij),

where dij is the scaled psychological distance between ex-
emplar i and j.

Typicality prediction. The exemplar-based measure 
of the typicality of an exemplar is derived by summing the 
similarity of that exemplar to all exemplars in the category 
(Nosofsky, 1988, 1991). Note that, unlike for the predic-
tion of categorization decisions, contrast categories do not 
affect typicality predictions. Formally, the typicality of an 
exemplar i for Category A is then given by
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where ηij is the similarity of exemplar i to exemplar j, with 
j also belonging to Category A. The free parameters in the 
model consist of M  1 dimension weights and a scaling 
parameter c.

Prototype Model
The prototype-based prediction of typicality is derived 

in much the same way as the exemplar measure, with 
respect to the underlying representation and similarity, 
but here typicality of an exemplar in a category equals 
the similarity of that exemplar to the prototype of the 
category  instead of the summed similarity to all of the 
category members. The prototype (denoted by PA) of a 
category is the centroid of the category’s exemplars in the 
 M-dimensional space (i.e., the point defined by averag-
ing the coordinates of the exemplars on all underlying 
dimensions). Formally, the typicality of exemplar i for 
Category A is given by

 TiA 5 ηiPA
,

where ηiPA is the similarity of exemplar i to the prototype 
of Category A. The free parameters of the model are iden-
tical to those of the exemplar model.

Smith, 1984). Typicality has been used to predict perfor-
mance in tasks of inductive reasoning (Rips, 1975) and 
production (Hampton & Gardiner, 1983), priming effects 
(Rosch, 1977), and memory interference effects (Keller 
& Kellas, 1978).

Second, it is not entirely clear how the term exemplar 
translates to the study of natural language categories. 
Whereas exemplars in laboratory studies with artificial 
stimuli can be said to be the visually presented stimuli, 
a concept like animal can be represented by a set of rep-
resentations of fish, mammals, reptiles, and birds, which 
are in turn abstractions. Alternatively, the concept can 
consist of the representations of cows, horses, dogs, 
sharks, and pigeons, which—again—are abstractions, 
but are defined at a lower level. This does not mean that 
the exemplar view is not reconcilable with semantic con-
cepts, since a model does not need to be explicit about 
how exactly—and on what level of abstraction—exem-
plar information is stored (see, e.g., Heit & Barsalou, 
1996). In this sense, an exemplar- based model can as-
sume a certain degree of abstraction, but only at a level 
lower than the concept(s) studied. Thus, when studying 
superordinate language categories (e.g., fruit or vehicle), 
members of the category defined at one level lower can 
be seen as exemplars (e.g., apple or car). The term ex-
emplar in this sense does not refer to an individual, as in 
its traditional meaning, but to a class at a lower level of 
abstraction—as in this study.

Taking into account these considerations, we contrasted 
the GCM with a prototype model derived within the GCM 
framework with 12 superordinate natural language con-
cepts, using typicality as dependent variable. Although the 
GCM has already been adapted for predicting typicality 
(Nosofsky, 1988, 1991), the present study is the first in 
which the GCM, arguably the most successful model in 
research on categorization, has been used to predict typi-
cality in natural language categories. It is also the first 
study in which the GCM and a prototype model have 
been contrasted using typicalities. The aim of this study is 
therefore twofold: We want to evaluate the possibility of 
applying the GCM framework to the study of typicality in 
natural language categories and, if applicable, to contrast 
the two traditional approaches to category representation 
within the natural language domain.

ModEl rEViEW

Generalized Context Model
The GCM (Nosofsky, 1984, 1986) essentially assumes 

that categorization decisions are based on similarity com-
parisons with individually stored category exemplars. Al-
though the GCM is in essence an exemplar model, one 
can easily, within its framework, formulate a prototype 
model (e.g., Nosofsky, 1987, 1992), in which categoriza-
tion decisions are based on a similarity comparison of an 
exemplar with the prototypes (i.e., centroids) of the can-
didate categories.

Underlying representation. The GCM assumes an 
underlying spatial representation in which the exem-
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models (Maddox & Ashby, 1998; J. D. Smith & Minda, 
1998), analyses were performed both on averaged and on 
individual typicality ratings.

Prediction of Averaged Typicality ratings
For each concept, typicality ratings—averaged across 

participants—were predicted for dimensionalities from 2 
to 7, using the prototype and exemplar models described 
earlier.1 The correlations between the observed and the 
predicted typicality ratings are presented in Figure 1, as a 
function of dimensionality for each of the 12 concepts.

Figure 1 shows that the exemplar model’s predictions 
(solid lines) in general were better than the prototype pre-
dictions (dotted lines) for all concepts in all dimensionali-
ties from 3 onward, except for mammals in 6 and 7 dimen-
sions and professions in 3 and 4 dimensions. Although 
the differences in correlations were not always large, the 
exemplar model consistently predicted typicality ratings 
better.

To address this issue further, we conducted a sign test. 
Looking at the results for 2-dimensional MDS solutions, 
the exemplar model predicted the typicality ratings better 
for 9 out of the 12 categories. According to a sign test that 
assumed a probability of .50 that one model outperformed 
the other (in other words, under an assumption that both 
models had an equal chance of “winning”), the probabil-
ity of observing 9 out of 12 “successes” for the exemplar 
model was marginally significant ( p 5 .054). For higher 
dimensionalities, the exemplar model predicted typical-
ity better either for 11 out of the 12 categories (for di-
mensionalities 3, 4, 6, and 7; p , .01) or for 12 out of 
the 12 categories (for dimensionality 5; p , .001). Again, 
although a sign test does not take into account the mag-
nitude of differences in correlation, these results do show 
that the exemplar model predicted typicality consistently 
better for different concepts and representations (2–7 
dimensions).

It must be noted that in these analyses we assumed that the 
different exemplars of a category were given equal weight, 
both in deriving the typicality measure for the GCM and 
in determining the location of the prototype. This assump-
tion might be problematic, since different exemplars are 
most probably experienced and encountered with different 
frequencies. Assuming that generation frequencies in an 
exemplar generation task reflected the frequencies with 
which exemplars were encountered, we repeated the analy-
ses after weighting the exemplars of each category with the 
generation frequency of the exemplars, as reported in Ruts 
et al. (2004). The results of these analyses were similar 
to those reported above, indicating that adding exemplar 
weights to the models did not influence in any major way 
the basic finding that the exemplar model outperformed 
the prototype model in predicting typicality.

Although it does not fall within the scope of this study 
to present a thorough analysis of the reasons for the better 
performance of the exemplar model, we do want to point 
the reader to two restrictions of the prototype model, il-
lustrated in Figure 2, that seem to explain the difference 
in performance, at least partially.2 First, it seems that the 

Fitting the Models
To find the best-fitting parameters for both models, we 

seeded the parameter space with an initial, randomly cho-
sen parameter configuration and calculated the predicted 
typicality of the different exemplars of a category given 
this parameter configuration. We then calculated the cor-
relation between the predicted (i.e., calculated) and ob-
served typicality ratings, fixing r at 2, since it is generally 
accepted that Euclidean distance is more appropriate for 
integral dimensions (Shepard, 1964). Next, the parameter 
space was searched for the values that maximized the cor-
relation. To avoid local maxima, this procedure was used 
repeatedly and the parameter configuration producing the 
best correlation was chosen. Overall, the variance among 
the obtained correlations in the different replications was 
small, indicating that the solutions were close to optimal 
ones.

dATA

For the present study, we used similarity and typicality 
data for 12 categories, taken from a norm study by Ruts 
et al. (2004). The set contained 5 animal categories (birds, 
fish, insects, mammals, and reptiles), 2 food categories 
( fruits and vegetables), 2 activity categories ( professions 
and sports), and 3 artifact categories (musical instru-
ments, tools, and vehicles). Every category consisted of 
from 22 to 30 exemplars, familiar to most adult (Dutch-
speaking) Belgians, ranging from exemplars very atypi-
cal to very typical of the category. The exemplars of each 
category were rated by 25 participants for typicality on a 
20-point rating scale, with 1 referring to very atypical or 
unrelated and 20 referring to very typical. The reliability 
of the typicality ratings was estimated by split-half corre-
lations corrected with the Spearman–Brown formula, and 
the values ranged between .90 and .98 (see Table 1 in Ruts 
et al., 2004). Pairwise similarity judgments were made by 
a different group of participants on a scale ranging from 1 
(totally dissimilar pairs) to 20 (totally similar pairs). The 
estimated reliability of the similarity judgments, averaged 
over 14–17 participants, ranged between .84 and .94 (see 
Table 1 in Ruts et al., 2004).

rESUlTS

To obtain the representation, the similarity matrices of 
the 12 categories described earlier (averaged over par-
ticipants) were used as input for a SAS (version 9) MDS 
analysis. Since determining the number of relevant psy-
chological dimensions of semantic categories is not a 
clear-cut task (see, e.g., Lee, 2001; Verheyen, Ameel, & 
Storms, 2007), representations in 2–7 dimensions were 
analyzed. The stress values were below .30 for all catego-
ries and dimensionalities, and below .15 for all categories 
from dimensionality 4 onward, decreasing monotonically 
as a function of dimensionality.

Since it has been argued extensively that averaging 
across participants alters the structure of the data in a way 
that might influence the prediction accuracy of competing 
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Figure 2 illustrates these hypotheses, showing, from 
left to right, a category that was predicted equally well 
by both models (vehicles) and two categories for which 
the exemplar model clearly outperformed the prototype 
model (birds and insects). The restrictions of symmetry 
and unimodality of the prototype model are obvious in 
Figure 2. It is also obvious, looking at the categories birds 
and insects, that the exemplar model is not restricted in 
this way, explaining at least partially the difference in the 
models’ performance.

typicality gradient within a spatial representation of a cat-
egory does not behave in a symmetrical way, relative to 
the center (i.e., the prototype). This means that, contrary 
to what is predicted by the prototype model, exemplars 
that are symmetrical relative to the prototype do not al-
ways have the same observed typicality. Second, the typi-
cality gradient does not always seem to behave unimod-
ally within a spatial representation, since we observed that 
clusters of relatively typical exemplars can exist at a rather 
large distance from the prototype.

Figure 1. Correlations between predicted and observed averaged typicality ratings as a function of dimensionality. The predictions 
of the exemplar model are represented by solid lines and the predictions of the prototype model by dotted lines.
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of all participants included in the analyses, again for di-
mensionalities from 2 to 7. Figure 3 provides an overview 
per concept of the correlations between the observed and 
predicted typicality judgments, averaged across partici-
pants. Visual inspection of Figure 3 shows that the exem-
plar model (solid lines) predicted typicality consistently 
better than the prototype model (dotted lines).

For each category, sign tests were performed for all di-
mensionalities, under the assumption that both models had 
an equal chance of predicting an individual’s typicality judg-
ments better. Table 1 presents the results of these analyses.

Again, the exemplar model clearly did a better job in 
predicting typicality: From dimensionality 3 onward, the 

Prediction of individual Typicality Judgments
To ascertain that the superior performance of the exem-

plar model was not due to averaging the typicality ratings 
across participants, we conducted separate analyses per 
participant for all categories. Participants showing little 
or no variance in typicality judgments were excluded 
from analyses (the criterion used was a standard devia-
tion smaller than 1), since a variance of 0 in typicality 
judgments leads to an undeterminable correlation with the 
predictions of any possible parameter configuration, and 
the optimization algorithm thus could not be applied.

For each concept, both the exemplar and prototype 
models were fitted to the individual typicality judgments 

Figure 2. observed and predicted typicality for the exemplar and prototype models for the categories vehicles 
(left column), birds (middle column), and insects (right column). The 3-d plots show the typicality predictions of 
the exemplar (above) and prototype (below) models for every point in the 2-d representation, calculated with 
the optimal parameters (including regression parameters—using observed typicality as criterion variable—for 
reasons of comparability). The plots in the middle row show the exemplars (circles) of a category in a 2-d represen-
tational space. The magnitude of the circles refers to their observed typicality, and the black star is the prototype 
of the category.
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diSCUSSion

In this study, we compared a prototype-based and an 
exemplar-based account of typicality within natural lan-
guage superordinate categories. We used prototype and 
exemplar predictions derived within a version of the GCM 
framework (Nosofsky, 1984, 1986) that had been adapted 
to account for typicality (Nosofsky, 1988, 1991) to predict 
typicality ratings for 12 superordinate natural language 
concepts. This has been the first study in which typicality 

exemplar model consistently outperformed the proto-
type model for more participants than one would expect 
on the basis of the chance level ( p # .05), except for 
the concept mammals in 3, 5, and 6 dimensions; musi-
cal instruments in 3 dimensions; professions in 4 and 6 
dimensions; and tools in 5 dimensions. Overall, these 
results are consistent with the analysis of the averaged 
data, which indicates that the better performance of the 
exemplar model was not due to averaging the typicality 
judgments across participants.

Figure 3. Correlations, averaged across participants, between predicted and observed typicality judgments per concept, as a function 
of dimensionality. The predictions of the exemplar model are represented by solid lines and the predictions of the prototype model by 
dotted lines.
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in the strict sense. Although our findings do suggest that 
superordinate language categories (e.g., vehicles) are rep-
resented by their subordinate members rather than by an 
abstracted prototype, this does not imply any representa-
tional assumptions concerning these subordinate mem-
bers; whether or not they are in turn represented by their 
members is left unresolved.
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judgments for natural language categories were predicted 
within the framework of the GCM. Also, this is the first 
time the GCM and a prototype model have been compared 
using typicality ratings.

Apart from ascertaining that the GCM framework is 
applicable in modeling typicality in natural language cate-
gories, we found that the exemplar model performed con-
sistently better than the prototype model across a broad 
range of superordinate concepts from different semantic 
domains (i.e., animals, activities, foods, and artifacts), 
for both averaged and individual typicality ratings. These 
findings are in line with the main body of evidence in 
studies of categorization with artificial stimuli, and also 
with earlier attempts to implement ideas from the exem-
plar view in the study of natural language categories (e.g., 
Smits et al., 2002; Storms et al., 2000).

The results suggest that when making judgments con-
cerning the gradedness within superordinate semantic cat-
egories such as sports, reptiles, fruits, and vehicles, people 
tend to use information about members of the category 
(e.g., soccer, snakes, apples, and cars) rather than infor-
mation stored in a prototype.

Two important considerations need to be noted concern-
ing this process. First, our data do not reveal whether in-
cluding more members of the categories studied would in 
any major way influence the results. One can imagine, for 
instance, that people would know more members of the cat-
egories mammals and sports than the ones we included in 
the stimulus set (which contained from 23 to 30 exemplars). 
We would, however, expect the contrasted models to suffer 
equally from this imperfect sampling, which should thus 
not influence the results in any systematic way.

A second consideration regards the level, if any, on 
which abstracted summary representations exist. The 
exemplar model applied in this study does not exclude 
the notion that abstraction takes place in some natural 
language categories, since the exemplars we used were 
natural language concepts themselves, and not exemplars 

Table 1 
number of Participants for Whom the Exemplar Model Predicted 
individual Typicality Judgments Better Than the Prototype Model, 

per Category and dimensionality

Number of Dimensions

Category  n  2  3  4  5  6  7

Birds 23 20** 18** 20** 20** 22** 22**

Fish 25 19** 23** 23** 22** 21** 22**

Fruits 25 15 21** 20** 17* 19** 18**

Insects 23 21** 22** 16* 19** 20** 19**

Mammals 17 10 11 13* 10 11 12*

Musical instruments 21 18** 14 19** 17** 21** 18**

Professions 17 15** 12*  7 12* 11 14**

Reptiles 25 20** 22** 22** 23** 22** 23**

Sports 25 24** 25** 25** 25** 25** 24**

Tools 25 13 20** 17* 16 21** 17*

Vegetables 25 15 21** 21** 19** 18** 19**

Vehicles 25 11 21** 25** 25** 24** 25**

 Total 266 201** 230** 228** 225** 235** 233**

Note—The sign test assumed a probability of .50 that the exemplar model would 
predict the ratings better, with n referring to the number of participants included in the 
analyses for a particular category. *p , .05. **p # .01.
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1. Note that the Euclidean MDS solutions are rotation invariant, so 
the “correct” orientation is unknown. Since the estimated parameters 
stretch and shrink the space along the dimensions of the scaling solution, 
different orientations would lead to different parameter estimations, and 
perhaps to different predictions. However, there is no obvious reason 
why one would expect this rotation invariance to favor either model over 
the other.

2. To ensure that the better performance of the GCM was not due to 
greater flexibility, allowing it to fit noisy data better, we fitted both mod-
els to data generated from the prototype model, adding different levels of 
Gaussian noise. The results clearly indicated that, for the generated data, 
the prototype model outperformed the GCM, suggesting that the better 
performance of the GCM for the observed data was not due to greater 
flexibility or functional complexity.
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