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Abstract
Rules and similarity are at the heart of our understanding of human categorization. However, it is diffi-
cult to distinguish their role as both determinants of categorization are confounded in many real situations.
Rules are based on a number of identical properties between objects but these correspondences also make
objects appearing more similar. Here, we introduced a stimulus set where rules and similarity were uncon-
founded and we let participants generalize category examples towards new instances. We also introduced a
method based on the frequency distribution of the formed partitions in the stimulus sets, which allowed us
to verify the role of rules and similarity in categorization. Our evaluation favoured the rule-based account.
The most preferred rules were the simplest ones and they consisted of recurrent visual properties (regular-
ities) in the stimulus set. Additionally, we created different variants of the same stimulus set and tested the
moderating influence of small changes in appearance of the stimulus material. A conceptual manipulation
(Experiment 1) had no influence but all visual manipulations (Experiment 2 and 3) had strong influences
in participants’ reliance on particular rules, indicating that prior beliefs of category defining rules are rather
flexible.
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1. Introduction

Generalization of a category is the extension of a category to new instances. In
a variety of categorization models, similarity is given a central place to explain
the process by which different objects are grouped together in one class and con-
sidered as equivalent (for seminal work, see Ashby and Perrin, 1988; Edelman,
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1999; Nosofsky, 1984; Shepard, 1987; Tversky, 1977). Generally, these models ex-
plain generalization and categorization in two steps. First, the similarity between
categories and the to-be-categorized object is mapped geometrically to a psycho-
logical space or a feature representation. Secondly, a distance measure correspond-
ing to similarity underlies object identification and categorization. In contrast to
similarity-based models, rule-based models describe categories by means of causal
rules and constraints of the form, “If properties x, then category C” (e.g., Barsa-
lou, 1985; Feldman, 1997, 2000, 2006; Rips, 1989, 2001; Smith and Medin, 1981;
Smith et al., 1998) in which properties can be regarded as premises or predicates.

There is a common intuition that coherent categories group things together that
are similar. A set of new objects is expected to be grouped into categories such
that between-category similarity is as low as possible, while within-category sim-
ilarity is maximized (Rosch and Mervis, 1975). Many similarity-based models are
building on this notion but differ considerably in the formal implementation of it.
For instance, there are many different ways to define similarity between two ob-
jects and different definitions lead to different predictions. Practically, it is very
hard to compare two intuitive notions like similarity and rules as the influence of
both determinants can be expressed by a variety of different models each leading
to a different prediction. A way to steer away from this problem is by evaluating
the partition of clusters obtained in a categorization task and determining the glue
between objects that might have led to the observed distribution of partitions (see
also Pothos and Chater, 2001). In the present study, we evaluated the observed dis-
tribution of partitions following a name generalization task collected from a large
group of participants. Before we discuss the results of our experimental study in
more detail, we will substantiate our design choices and develop a method to estab-
lish the link between the expected frequency distribution of formed partitions and
the pairwise relation between objects.

1.1. The Name Generalization Task

A generalization task has been used before in different forms to study partici-
pants’ category formations (e.g., Abecassis et al., 2001; Feldman, 1997; Landau
and Leyton, 1999; Mash, 2006). A simple version of a generalization task is a triad
categorization task where a participant receives three objects, one reference object
and two indicative objects. The participant indicates which of the two objects goes
best with the reference. A triad categorization task is one of the first tasks that have
been used to map similarity in multidimensional spaces by the method of multidi-
mensional scaling (Tongerson, 1952).

In the task which is used in all three experiments below, nine shapes were pre-
sented simultaneously and randomly positioned on a sheet of paper. For three dis-
tinctive shapes, category pseudo-names were provided that consist of non-existing
words similar in form to existing Dutch nouns. For the remaining six shapes hav-
ing no names yet, the participants were instructed to indicate the most appropriate
name between the three alternatives. However, they were informed that each kind
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consisted exactly of three objects constraining the task to the formation of three cat-
egories each consisting of three objects. Clustering methods have great difficulty to
provide an ‘objective’ answer as to how many clusters can be postulated for a set of
items and how many items should be grouped together in each cluster (e.g., Corter
and Gluck, 1992). Even the K-means clustering method requires input about the
number of clusters that need to be identified. However, by constraining the task to
the formation of three categories with three objects each, the number of categories
and the number of elements in each category are fixed, and the number of possible
partitions becomes easier to manage.

In all experiments, we used a similar property structure adopted from experi-
ments in Lee and Navarro (2002; see also Aitkin and Feldman, 2006). In Fig. 1,
we present an abstract, schematic overview of the property structure in the stimulus
sets. Each cell represents a visual object with common properties shared among all
objects and particular properties shared among members in the same row (letters)
or in the same column (numbers). The cells on the diagonal are named examples
of the three clusters provided to the participants. The imposed constraints lead to
three clusters containing three objects each: one provided example and two selected
items. When participants generalize the pseudo-names to the row members, they
generalize according to the letter properties. In contrast, when participants infer
new name members according to the columns, they generalize according to the
number properties. Many other outcomes are still possible and each outcome can
be thought of as a different partition of the set of nine objects.

Figure 1. Each cell represents one stimulus consisting of shared properties. All stimuli share some
common properties (common) and all stimuli on the same row and the same column share some
specific properties: a, b and c for the rows (dimension Y ) and 1, 2 and 3 for the columns (dimension X).
Three stimuli that are not forming part of the same row or column are labeled (name 1, name 2 and
name 3) and serve as examples for the pseudo-categories.
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Actually, the number of possible partitions is much larger than one expects in-
tuitively. Out of nine objects, three stimuli are provided with labels and two new
members out of the remaining six need to be inferred for the first category, two new
members out of the remaining four need to be selected for the second category, and,
finally, two stimuli are left over and become part of the third category. The number
of possibilities is therefore

(6
2

)(4
2

)(2
2

) − 6!
4!2! · 4!

2!2! · 2!
0!2! = 90, so the chance level for

each partition outcome including the row-wise and column-wise partition is only
about 1.1%. In other words, despite the imposed constraints in the name general-
ization task, there are still 90 different ways to classify the set of nine objects in
three groups of three objects each. The row-wise and the column-wise partitions in
Fig. 1 only mark two possibilities in a pool of 88 others.

1.2. Similarity-Based Generalization

The almost universal presumption of researchers in distance models of categoriza-
tion is the premise that categories correspond to topological neighbourhoods in a
representation space. An example of a neighbourhood is, for instance, the ‘con-
sequential region’ in Shepard’s (1987) universal law of generalization. In these
models, similarity is defined geometrically in the form of vector distances and is
believed to constitute the key feature that drives identification, categorization and
generalization (see also Jäkel et al., 2008; Vanpaemel et al., 2005). When one cat-
egory exemplar is provided to the participant, generalization will occur less likely
for new objects if accommodating vectors in the space are more distant from the
vector of the category exemplar.

Similarity information has also been represented in set-theoretic terms where
shared features are mapped as branches between items in a tree-like structure (Tver-
sky, 1977). Similarity can be represented in different ways predicting different
categorizations. Here, we will not collect similarity data for the experimental sets
of objects as similarity data is only useful in the light of a particular similarity rep-
resentation, a choice that we just try to circumvent. Alternatively, we will adopt a
virtual representation of similarity as general as possible, so that our experimental
evaluation will be flexible with respect to how similarity is defined. More in partic-
ular, we assume that the most frequent chosen partition in a group of participants
is reflecting the average similarity information of the ‘true model’ (if indeed a true
model exists) and, as we will explain further on, we do not need the ‘true’ defini-
tion of similarity, once the most favored partition is put forward as a reference. In
light of the notion of similarity, we can assume that highly similar object pairs are
more likely to be grouped together. Different partitions can be preferred but they
should share many highly similar pairs in the same cluster. In other words, different
partitions could emerge, but all observed partitions should correspond in grouping
together highly similar pairs of objects and this limit should restrain and shape the
frequency distribution of partitions in a particular manner. In the following para-
graph, we will work out this idea more technically.
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1.3. Rand Index and Correspondence

Assuming that the within-category similarity and between-category dissimilarity
are maximized, the outcome of a generalization task should lead to a frequency dis-
tribution where the most preferred partitions share a lot of correspondences. There
are different options to define correspondence between partitions in terms of pair-
wise relations between objects. A common measure is the Rand index (Rand, 1971).
The Rand index between two different partitions X and Y is denoted by the follow-
ing relation between three numbers: (n1 + n2)/n, where n1 is the number of item
pairs that are in the same cluster in X and in the same clusters in Y , where n2 is
the number of item pairs that are in two different clusters in X and in two different
clusters in Y and where n is a normalization constant consisting of the total number
of pairs in the set. For nine objects, n is 9 × 8/2 = 36. n1 corresponds to the notion
that similar items should always be grouped together and n2 corresponds to the no-
tion that dissimilar items should always be grouped in different clusters. In Fig. 2,
the frequency distribution of the Rand index is plotted counting all possible parti-
tions just one time, where the Rand index indicates the correspondence between all
partitions and any arbitrary partition chosen as a reference. For instance, when the
column-wise partition is chosen as a reference, then only the column-wise partition
shares full correspondence with itself, leading to one count in the bar with Rand in-
dex equal to one. The row-wise partition is then counted in the bar with Rand index
equal to 0.5 together with seven other partition possibilities. The total number of
partitions in all bars sums to 90. It is possible to make a similar frequency distribu-
tion for the selected partitions from a group of participants. For instance, when 90
participants would arbitrarily select one of the possible partitions, at chance level,
we can expect that each partition occurs just once and the same distribution plotted
in Fig. 2 can then be expected.

Figure 2. The frequency of partitions with a particular Rand index in descending order.
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The Rand index measure allows us to group partitions together with the same
Rand index in relation to a reference partition. When we choose the most frequently
selected partition in a categorization experiment as a reference, then similarity-
driven generalization should lead to high counts for partitions with a high Rand
index and low counts for partitions with a low Rand index. To establish the last
step in our procedure, we need to develop a measure to evaluate how high and
how low these counts should be. At chance level, the same relative frequencies
that can be derived from Fig. 2 can be expected. Generally, similarity driven cate-
gorization should lead to more partitions with a high Rand index (and fewer with
a lower one) than relative frequencies expected from chance level. The hypothe-
sis verifying whether the obtained distribution in the experiments deviates from a
similarity-based distribution is based on a measure that we label ‘�’, representing
the ratio between the frequency of partitions that have Rand index 0.5 against the
frequency of partitions that have a Rand index between 0.5 and 1, 0.5 and 1 not
included (1 is not included in order to create a measure independent from the most
selected partition). At chance level, i.e., when categorization is not driven by any
underlying determinant, � is expected to be 0.099 (= 8/81 in Fig. 2). Similarity
driven categorization is at least expected to reach a � measure smaller than 0.099,
that is, more partitions with high correspondence. In all the following experiments,
this hypothesis will be put to the test.

1.4. Attentional Weights in Similarity-Based Representations

Naturally, participants infer new exemplars from idiosyncratic representations that
underlie their choices and therefore similarity-based representations between par-
ticipants are not necessarily identical and choices can differ between participants.
However, a certain degree of coherence between individuals can still be expected,
meaning that individuals can differ from each other to the extent that the distribution
of the underlying determinants show a large spread but never to the extent that the
distribution becomes significantly bimodal or multimodal. Bimodality would sug-
gest that there are two kinds of people, in the sense that the underlying determinants
of their generalization behaviour are categorically different.

However, in many original models of categorization, the codominance of the
column-wise and row-wise partitions (� � 0.099) can still be predicted by a mod-
ulation of attentional weights. For instance, by using the exemplar-based general
context model (Nosofsky, 1984) on the stimulus set in Fig. 1, the letter and num-
ber properties might form two separate dimensions and one group of participants
might attend to the letter dimension while the other group of participants might
put more attentional weight on the number dimension. In the absence of a group
of participants that attend to both dimensions more or less equally, the row-wise
and column-wise partition might prevail, leading to high counts for the partition
with Rand index 1 and high counts for the partitions with Rand index 0.5. Also in
the feature-based contrast model of Tversky (1977), a similar prediction is possi-
ble when two coherent groups of participants perceive the saliency of the features



B. Ons, J. Wagemans / Seeing and Perceiving 25 (2012) 237–261 243

in a different way. Two different groups of coherent participants could weigh the
set of letter dimensions or the set of number dimensions more heavily, inducing an
advantage for the row- and column-wise partition, respectively.

In sum, although many similarity-based models of categorization can easily pre-
dict a �-value above 0.099, it will be at the cost of the rather unnatural assumption
of bimodality in (attention) weighting space. In other words, it would violate a no-
tion that we call coherence between participants.

1.5. Rules Based on Simplicity

The Rand index is a fruitful concept when any pairwise relation like pairwise
similarity is supposed to play a key role in the formation of different partitions.
However, rule-based models are not building on pairwise relations between ob-
jects. One of the most explicitly formalized rule-based categorization principles
is the minimal complexity principle of Feldman (1997, 2000, 2006; but see also
Leeuwenberg and van der Helm, 1991). In Feldman’s view, a category can be de-
fined by a set of rules of different complexity describing the regularities among the
members of the same category. The minimal complexity principle is a formaliza-
tion for the notion that people tend to define categories by a minimal set of simple
rules. The coexistence of features among the known objects of a category allows
us to define a category based on rules of the form “when property a is present then
property b is not allowed”. The rule indicates that objects with property a and b are
not part of the category.

Complexity depends on the number of rules and the degree of complexity for
each individual rule. In Feldman’s approach, the degree of complexity, labeled by
‘K’, depends on the number of premises in a rule. In the upper row of Fig. 3,
four possible partitions are depicted by way of example. The dots represent the
cells from Fig. 1 and the clusters are symbolized by the contours encircling the
dots. The filled dots represent the provided name-shape examples and the unfilled

Figure 3. Four possible outcomes of the name generalization task of the objects represented on two di-
mensions are shown on top. The charts below represent the power spectra of the algebraic complexity
in Feldman’s logic model.
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dots represent the to-be-categorized objects. In the column-wise partition in Fig. 3,
the first column can be described by two rules with no premises, and therefore, of
complexity degree K = 0, namely, ‘not 2’ and ‘not 3’. Similarly, the other columns
can be described by two rules of zero complexity. In the first lower panel of Fig. 3,
a bar graph is depicted presenting a total of 6 rules of zero complexity. It should
be noted that this is the summed complexity for the three categories individually
but not for the entire partition as such. The row-wise partition is congruent with the
column-wise partition and the same bar graph is depicted in the last lower panel.
The first mixed partition (second upper panel) has one entire column cluster and
analogous to the previous case, two rules of complexity degree zero are needed.
However, the other two categories are more complex. The category {b1, c1, c3} has
two rules of degree zero: ‘not a’ and ‘not 2’ and one rule of degree K = 1: ‘if b,
then not 3’. The complexity degree of the last rule is 1 because there is one premise
in the rule. The complexity of the category {a1, a3, b3} is identical. The total sum
for the three categories counts six rules of degree zero and two rules of degree one.
The third partition (mixed partition 2) has an identical structure and the bar graphs
below are identical.

Feldman’s principle of minimal complexity is one of the rule-based models that
can account straightforwardly for a high prevalence of both the column-wise and
the row-wise partition and a low occurrence for all in-between partitions. Thus,
instead of plotting all possible partitions on a scale of correspondence in function
of a Rand index, all partitions should rather be plotted on a scale of complexity
in order to verify the notion that logical complexity of a rule set is at the core of
categorization. We can then expect a frequency distribution of partitions with high
occurrence of low complex rule sets and low occurrence of high complex rule sets.
In the current context, the row-wise and column-wise partitions are the simplest
possibilities and actually constitute the same location on such a hypothetical scale
of complexity.

Evaluating a Rand index makes sense only when some relations between ele-
ments are supposed to drive cluster formation. Rules are able to tie objects together
with a different mechanism. They are depending on regularities which can be shared
by multiple objects. At the level of the single object, a regularity is a structure that
cannot be expected to arise coincidently. For instance, when 1000 points are plotted
randomly on a sheet of paper, it is not expected to see them appearing collinearly
next to each other. Such an appearance forces the interpretation of an appearing line
or a contour segment. Many bits and pieces of this kind constitute the representa-
tions of an object. Similarly, at the level of a group of objects, it is hard to believe
that many independent objects share a property coincidently. Once a property is
shared by multiple objects, it can become a regularity determining the formation of
clusters. The question addressed in rule-based accounts is when a property becomes
a regularity. As explained above, when the mechanism behind this process is com-
plexity, then row-wise and column-wise properties can both become regularities
determining category formations.
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1.6. The Present Study

We created three different kinds of stimulus sets and we implemented in each set the
same structure as depicted in Fig. 1. However, different from former studies, we did
not use simple features, but rather features that are difficult to extract (e.g., instead
of using three distinct colors, we used rather complex shape differences between
objects).

We tested � in each dataset against the limit of 0.099. The overall goal of the
present study is to gather evidence from different sorts of stimulus sets to ver-
ify how well-obtained frequency distributions on the correspondence scale comply
with pairwise similarity relations.

Additionally, we investigated the degree of invariance of the precedence of par-
ticular properties on which participants relied when different groups of participants
were submitted to slightly different conditions of a moderating variable. The mod-
erating variables involved were the instructions referring to different superordinate
categories (Experiment 1), stimulus orientations and saliency of stimulus properties
(Experiment 2), and finally, shape complexity (Experiment 3). These manipulations
allow us to verify how solid the underlying representations were, no matter whether
they are based on similarity, rules or both.

2. Experiment 1

In Fig. 4, we created a stimulus set with the property structure depicted in Fig. 1.
In the columns, all stimuli have similar contours. We refer to the column proper-
ties by ‘sharing basic shape’. From the shapes in the middle row, the other shapes

Figure 4. The structure of the stimulus set in Experiment 1.



246 B. Ons, J. Wagemans / Seeing and Perceiving 25 (2012) 237–261

in the upper and lower row were derived by applying deformations like stretch-
ing the image plane vertically and thus changing the aspect ratio (upper row) and
bending the image plane and thus changing curvature too (bottom row) (see Ons et
al., 2011). We refer to the row properties by ‘sharing generative transformations’.
We will evaluate to what extent participants rely on the introduced properties while
we do not explicitly probe for these properties. The primary goal is to compare
the obtained distribution of partitions (see Introduction) with the expected one for
similarity-based generalization.

Category formation and generalization has been associated with visual similarity
in adults and children (Abecassis et al., 2001; Diesendruck et al., 2003; Ons and
Wagemans, 2011; Quinn and Eimas, 1996; Rakinson and Butterworth, 1998). Al-
though the direction of influence has been described mainly from visual similarity
to concepts, in Experiment 1 the reverse influence from conceptual knowledge to
the reliance on the kind of visual properties for generalization is investigated too.
For instance, knowing that the shapes are supposed to be tools might lead to partic-
ipants believing that the shapes are rather rigid, and transformations like curvature
might become more salient as category-discriminating features (see Landau and
Leyton, 1999). Therefore, a converse influence of category ownership on the visual
properties used in a generalization task can also be expected. In this experiment,
we will examine the extent to which generalization by visual properties depends on
instructed rules of superordinate category ownership in the form of ‘all shapes are
tools’ (amulets, insects, or vegetables in the other conditions).

2.1. Method

2.1.1. Participants
200 pupils between 17 and 20 years of age (mean 18.21, SD 0.47) were randomly
assigned to one of the four experimental conditions (see below). They were re-
cruited from a secondary school, the Kardinaal van Roey Instituut in Vorselaar,
Belgium. Participation was voluntary and the study was conducted according to
the APA Guidelines (including informed consent procedure). There were 63 male
participants (mean 18.17, SD 0.38) and 137 female participants (mean 18.23, SD
0.51).

2.1.2. Stimuli
Contours were created by means of Fourier Descriptors (Zahn and Roskie, 1972).
The three basic stimuli resulting from this procedure are depicted in the middle
row of Fig. 4. When contour fragments between inflection points (points with zero
curvature) would be described categorically by the labels ‘concave’ or ‘convex’, the
objects in the columns of Fig. 4 would share the same sequence of labels (see De
Winter and Wagemans, 2006). Generative shape transformations are created by the
procedures explained in Ons et al. (2011).
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2.1.3. Procedure
All stimuli in the set were positioned randomly on a sheet of paper (with some con-
straints on the distance to the border and between neighbouring shapes to prevent
overlap between stimuli) and the pseudo-name was provided for only three ran-
domly selected stimuli in the set (constrained to include only one stimulus for each
row and column in Fig. 4). The pseudo-names were ‘gnoel’, ‘braal’ and ‘rees’. The
task has been explained previously in Section 2, The Name Generalization Task.
The instructions were written at the top of the sheet of paper. Participants were in-
structed to write down one of the three provided pseudo-names on the dashed lines
below the six stimuli and they were instructed to use each pseudo-name only two
times. Completions with stimulus groups of more or less than three instances were
labeled as invalid and excluded from the analysis.

There were four experimental conditions and all participants were assigned ran-
domly to one of these four conditions, resulting in fifty participants per condition.
In each condition participants were instructed to think of the objects as belonging
to a particular superordinate category, namely, tools, amulets, insects or vegetables.

2.2. Results and Discussion

We counted the frequencies for the row-wise and column-wise partitions and we
used the log-ratio of both counts as dependent measure in a log-linear regression
model with the instructed superordinate category as explanatory variable. In the
upper panel of Fig. 5, the relative frequencies are depicted for each superordinate
condition. There were only very few invalid completions (i.e., 2, 1, 1, and 1 for the
four experimental groups, tools, amulets, insects, and vegetables, resp.). For all ex-
perimental groups there was a higher reliance on basic shape in generalization (see
Fig. 5). The odds of relying on basic shape properties against generative transfor-
mations was significantly different from 1 for tools (4.76, χ2

1 = 10.18, p < 0.005),
vegetables (3.25, χ2

1 = 8.5, p < 0.005) and insects (3.11, χ2
1 = 8.77, p < 0.005),

but not for amulets (1.64, χ2
1 = 2.14, p = 0.14). However, we did not find any sig-

nificant difference between any pair of experimental conditions. The superordinate
level that we imposed on the participants did not bias the category inferences in
favour of one kind of properties. A possible explanation for the absence of such an
effect might be the poor induction of superordinate category ownership. Instructing
participants to think of the stimuli as tools, amulets, insects or vegetables might be
too weak as a manipulation to perceive the artificial shapes as members belonging
to one of the proposed superordinate categories. In essence, we cannot conclude
from the present findings that superordinate category ownership does influence the
dominance of particular visual properties in generalization.

We also compared the absolute frequencies of the column-wise and the row-wise
partitions of the aggregated data against chance level (1/90) and we found that basic
shape (column-wise) was 46 times above chance level (χ2

1 = 820, p < 0.0001) and
generative shape transformations (row-wise) was 16 times above chance level on
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Figure 5. In the upper panel, the proportions of column-wise (basic shape) and row-wise (generative
transformations) generalizations are depicted per condition. Error bars are standard errors. In the lower
panel, the proportions of partitions for each correspondence group are aggregated over all conditions
with the column-wise partition as reference.

average (χ2
1 = 229, p < 0.0001). Although stimuli were randomly positioned on a

sheet of paper, participants were still able to detect the regularities in the set and to
relate the kind of regularities with each other.

Finally, we tested whether the frequency distribution for all groups of corre-
spondences is compatible with similarity-based generalization. In all conditions,
the column-wise partitions were the most preferred ones. We did not find any dif-
ference of importance between the four conditions, and therefore, we aggregated the
data over all conditions and we found 36 partitions with Rand index equal to 0.5
(all of them were row-wise partitions) and 58 partitions with Rand index between
0.5 and 1 (� = 36/58). We found a strong deviation between the expected and the
observed frequency distribution of partitions relative to a � measure of 0.099 (see
lower panel of Fig. 5). The observed � value was 6.27 times larger than the limit
of 0.099 introduced previously (χ2

1 = 75.04, p < 0.0001).
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3. Experiment 2

One particular view on visual representation is the part-based view (e.g., for the
importance of parts in children, see Bhatt et al., 2006; Rakinson and Butterworth,
1998). In a series of part-based approaches (e.g., Biederman, 1987; De Winter and
Wagemans, 2006; Hoffman and Richards, 1984), it is assumed that the visual sys-
tem tracks the shape boundary and searches for concave dips and discontinuities
along the edges of objects that are important to signal the connecting points be-
tween parts. Two concepts are important in nearly all part-based views: the shape
of the parts as separate units of analysis and the overall spatial configurations of the
parts. In Fig. 6, we implemented these two key concepts as row and column features
in the structural grid of Fig. 1. All shapes had four peripheral parts attached to the
central part, two pointy triangles and two rounded semi-ellipses. In the upper left
panel of Fig. 6, the shape of the central part varied from a circle into a square-like
and triangle-like shape and constituted the column properties. Part configuration
refers to the relative positions of the attached parts on the central part and consti-
tuted the row properties. The primary goal in Experiment 1 was to compare the

Figure 6. Stimulus sets and design of Experiment 2.
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generalization frequency pattern of the participants against the expected pattern of
a similarity-based generalization account, and likewise, the same test is carried out
in Experiment 2.

Similarly to Experiment 1, we manipulated the context for these two part-related
shape properties. In one manipulation, we emphasized the distinction between cen-
tral and peripheral parts by an additional salient shape property (aspect ratio and
curvature in the right panels of Fig. 6) (for part saliency, see also De Winter and
Wagemans, 2006, 2008). We crossed this manipulation with a second dichotomous
manipulation where we kept standardized horizontal orientations against a second
condition where the same stimuli were arbitrary oriented (compare the upper two
panels to the lower two panels in Fig. 6). We presumed that part saliency would
draw attention to the shape of the central part. Secondly, we presumed that the
reluctance of regular orientations would make it harder to detect the overall config-
uration properties. Although all four stimulus sets in Fig. 6 had identical property
structures, we hypothesized that the two moderating variables would influence the
pattern of generalization.

3.1. Method

3.1.1. Participants
Subsequently to the first experiment, the same 200 pupils participated in the second
experiment. To minimize the sequential effects from the first onto the second ex-
periment, different kinds of stimuli were created, and to balance out any potential
carry-over effect all pupils were randomly assigned for a second time to one of the
four experimental conditions in Experiment 2.

3.1.2. Stimuli
Four sets of nine shapes were created. The basic set consisted of three types of
central parts combined with three types of configurations defined by the relative
positions of the smaller shape protrusions. This combination of part configuration
and part shape was then also crossed with two moderating variables: orientation of
the stimuli (horizontal versus varied) and central part shape (regular versus salient)
(see Fig. 6).

It is worthwhile to mention that the central part shape can be conceived dif-
ferently in view of regularities: The square central shape possesses four axes of
symmetry (left panels), while the rectangular shape has only two axes of symme-
try (right panels), the compact triangular shape has three axes of symmetry (left
panel), while the more salient and less compact triangular shape does not have any
axis of symmetry (right panels). The manipulation of shape can therefore also be
conceived as a manipulation in degree of mirror symmetry, a factor which is known
to influence regularity detection in dot patterns (e.g., Wagemans et al., 1991) and
shape encoding (e.g., Kayaert and Wagemans, 2009).
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3.1.3. Procedure
The procedure was identical to Experiment 1. Contrary to Experiment 1, no contex-
tual superordinate category was imposed and identical instructions were provided
to all participants. The stimuli were all referred to as ‘figures’. The three pseudo-
names were ‘vek’, ‘saf’ and ‘mig’.

A fully-factorial manipulation of the two perceptual variables of interest was
induced (see Fig. 6) over four groups of participants. Each group of fifty participants
was faced with one of the stimulus sets depicted in Fig. 6.

3.2. Results and Discussion

We used the log-ratio of the column-wise frequencies to the row-wise frequency of
partitions as dependent measure in a log-linear regression model with three explana-
tory variables: central part shape (regular versus salient), orientation (horizontal
versus varied) and the interaction between them. In the upper panel of Fig. 7, the

Figure 7. In the upper panel, the proportions of column-wise (part shape) and row-wise (part con-
figuration) generalizations are depicted per condition. Error bars are standard errors. In the lower
panel, the proportions of partitions for each correspondence group with the column-wise partition as
reference in the first condition and the row-wise partition as reference in the last three conditions.



252 B. Ons, J. Wagemans / Seeing and Perceiving 25 (2012) 237–261

relative frequencies are depicted for each combination of conditions. There were no
invalid completions.

Whereas the relative use of the row-wise and column-wise features was not influ-
enced by the superordinate category labels in Experiment 1, this was now strongly
influenced by the visual manipulations of shape. We found a significant effect for
orientation (χ2

1 = 4.45, p < 0.05) and a significant effect for central part shape
(χ2

1 = 15.65, p < 0.0001) but the interaction between orientation and central part
shape was not significant (χ2

1 = 0.61, p = 0.43). The odds for inferring category
members by part shape properties against inferring members by part configura-
tion was 2.96 (χ2

1 = 21.10, p < 0.0001) on average for the groups with differently
oriented stimuli, and 1.43 (χ2

1 = 2.95, p = 0.086) for the groups with the same
oriented stimuli. Clearly, participants had more difficulties in detecting the overall
part configuration when the stimuli were oriented differently. Participants also re-
lied more on the shape of the central part when this part was more salient. The odds
for inferring category members by part shape properties against inferring members
by part configuration was 4.16 (χ2

1 = 31.10, p < 0.0001) on average for the groups
that received salient central parts, and 1.31 (χ2

1 = 1.87, p = 0.17) for the groups
with regular shaped central parts. Contrary to Experiment 1, where aspect ratio and
curvature were implemented globally and seemed to have a moderate importance,
aspect ratio and curvature seemed to induce strong effects in Experiment 2 when it
was applied locally on just one part.

We also compared the absolute frequencies of the column-wise and the row-wise
partitions against chance level (1/90) and we found that part shape (column-wise)
was 36, 52, 66 and 75 times larger than chance level for the depicted conditions
in the upper panel of Fig. 7, going from left to right, respectively (all χ2

1 > 180,
p < 0.0001). We found that part configuration (row-wise) was 52, 28, 20 and 14
times above chance level, respectively (all χ2

1 > 50, p < 0.0001). Although stimuli
were randomly positioned on a sheet of paper, participants were still able to detect
the regularities and the kinds of regularities in the set.

Finally, we tested whether the frequency distribution for all groups of correspon-
dences is compatible with similarity-based generalization. Unlike Experiment 1,
we did not aggregate the data because the preferred partitions between conditions
differed greatly. The odds � were compared against the limit 0.099 and were much
larger: all � were larger than 3.2. In the horizontal regular and varied salient con-
dition, there were only partitions with Rand index 0.5 and 1. To perform statistical
tests we added one count for the � denominator in these two conditions. All � mea-
sures were significantly larger than 0.099: χ2

1 = 17.17, p < 0.0001; χ2
1 = 46.08,

p < 0.0001; χ2
1 = 27.34, p < 0.0001 and χ2

1 = 27.48, p < 0.0001 for each con-
dition going from left to right on the horizontal axis of the upper graph in Fig. 7,
respectively, and thus, we found evidence against a frequency pattern that can be
expected from a similarity-based generalization.
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4. Experiment 3

The shape complexity of planar shapes can be quantified by a dimensionless length-
to-area measure, namely, the ratio between the squared contour length and its
enclosed area (Zusne, 1970). In Experiment 3, we implemented a twofold ma-
nipulation of stimulus complexity by increasing the number of equivalent parts,
and thus, increasing the contour length relative to its enclosing area. Column-wise,
stimuli had the same number of convex parts; row-wise, we implemented genera-
tive transformations similar to the ones that we used in Experiment 1 (see Fig. 8).
The stimulus structure from Fig. 1 was adopted and, similarly to Experiments 1
and 2, we evaluated how well similarity based models can account for the frequency
distribution of partitions. To give similarity-based generalization somewhat of an
advantage, we used stimuli that were looking qualitatively similar: all stimuli are
sinusoidal waves bent around a circle.

A second manipulation on complexity was added between the different stimulus
sets which we called ‘complexity by the number of parts’. It involved a larger differ-
ence in complexity between different stimulus sets administered to different groups
of participants. The manipulation within and between stimulus sets was carefully
balanced, respecting Weber’s fraction. We added one part per column in the first
set (left panel in Fig. 8) while we added two parts in the third set (third panel), so
both additions were equivalent with respect to the average number of parts in the
sets (1/4 = 2/8). Similarly, we added one and two parts in the second and fourth
set, respectively (panel two and the last panel), so both variations were equivalent
too with respect to the average number of parts (1/6 = 2/12). By controlling for
discriminability, we wanted to investigate whether participants would still rely on
an assumedly equally discriminable but more complex property in a generalization
task. Based on Feldman’s principle of minimal logical complexity in category rules,
the column-wise and the row-wise partitions are equally likely. However, besides
logical complexity, complexity can also be approached from a visual point of view.
Although column-wise and row-wise partitions have the same rule-based logical
complexity, they might differ in the visual complexity of the shape properties em-
bedded in those rules. Therefore, we hypothesized that participants would rely less

Figure 8. Experimental conditions in Experiment 3.
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on the part number property (column-based generalization) when the average num-
ber of parts in the set increases. In other words, by incorporating visual complexity
as a variable between stimulus sets, we sought evidence that visual complexity is
also important in generalization besides logical complexity of rules.

Similarly to Experiments 1 and 2, we evaluated how well similarity based models
can account for the distribution of the frequencies. To give similarity based gener-
alization an advantage, we used stimuli that were looking qualitatively similar: all
stimuli are sinusoidal waves bent around a circle.

4.1. Method

4.1.1. Participants
Subsequent to the second experiment, the same 200 pupils participated in Experi-
ment 3. To minimize the sequential effects from the previous experiments on this
one, completely different sets of stimuli were created and all pupils were randomly
assigned for a third time to one of the experimental conditions in Experiment 3.

4.1.2. Stimuli
All stimuli were created by means of a singular radial frequency component added
on a circle with a constant radius (for radial frequency components, see Shepard
and Chipman, 1970). The complexity of the stimuli was manipulated by increasing
the frequency of the radial frequency component. The lowest frequency consisted of
three cycles on the perimeter of the complete contour, resulting in three convex parts
(see Fig. 8, leftmost column). The highest frequency consisted of 14 cycles along
the contour, resulting in 14 convex parts (see Fig. 8, rightmost column). The stimuli
on the left of Fig. 5 have the lowest complexity while the stimuli on the right have
the highest complexity. Similar to Experiment 1, global generative transformations
like aspect ratio (compare the first row of Fig. 8 with the second row of Figure 8)
and curvature (see bottom row in Fig. 8) were applied differently between the rows.

4.1.3. Procedure
The task was identical to Experiments 1 and 2. The three pseudo-names used here
were ‘vlonk’, ‘krins’ and ‘lo’. There were four experimental conditions and in each
condition a different stimulus set was provided to the participant, corresponding to
one of the four sets depicted in Fig. 5. In the first group, the presented stimuli con-
sisted of 3, 4 and 5 convex parts; in the second experimental group, the local part
variation consisted of 5, 6 and 7 convex parts. In the third and the fourth experi-
mental groups, the numbers of convex parts were 6, 8 and 10; and 10, 12 and 14,
respectively.

4.2. Results and Discussion

We used the log-ratio of the column-wise frequencies to the row-wise frequency of
partitions as dependent measure in a log-linear regression model with complexity
of the stimulus set as explanatory variable (4, 6, 8, 12 parts on average). In the
upper panel of Fig. 9, the relative frequencies are depicted for each condition. The
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Figure 9. In the upper panel, the proportions of column-wise (number of parts) and row-wise (gen-
erative transformations) generalizations are depicted per condition. Error bars are standard errors. In
the lower panel, the proportions of partitions for each correspondence group with the column-wise
partition as reference in the first two conditions and the row-wise partition as reference in the last two
conditions.

numbers of invalid completions were 1, 2, 3 and 2 for the four experimental groups,
from left to right in Fig. 8, respectively. The invalid completions were omitted from
the analysis.

By increasing the complexity of the stimuli, the number of parts seemed to
become less important and the global generative transformations seemed to gain
importance (see upper panel of Fig. 9). Complexity by the number of parts induced
a significant effect on the column-wise versus row-wise dominance (χ2

1 = 50.68,
p < 0.0001). The odds for generalization based on generative shape transforma-
tions against the number of parts were 0.03 (χ2

1 = 12.89, p < 0.0005), 0.63 (χ2
1 =

1.36, p = 0.24), 1.13 (χ2
1 = 0.12, p = 0.72), 11.67 (χ2

1 = 16.68, p < 0.0001) from
the left stimulus set to the right stimulus set in Fig. 8, respectively. Participants
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seemed to prefer less complex visual properties. The trend is unlikely to involve
discriminability because the Weber fraction of part number was similar for the first
and third conditions, as well as for the second and fourth conditions. For instance,
differentiating two figures with 11 and 12 parts is more difficult than for two figures
with 3 and 4 parts. To prevent the situation that participants would rely less on the
number of parts property because they did not perceive this feature adequately for
the more complex stimuli, we added two parts differences between the columns for
the more complex stimulus sets instead of one part difference for the more simple
sets.

In a second series of analyses, we compared the absolute frequencies of the
column-wise and the row-wise partitions aggregated over all conditions against
chance level and we found that the addition of parts (column-wise) was 44.4 times
above chance level (χ2

1 = 42.11, p < 0.0001) and overall part structure (row-wise)
is 32.3 times above chance level on average (χ2

1 = 32.17, p < 0.0001). Participants
were able to detect the consistent structure of regularities in the set.

We also tested whether the frequency distribution of partitions on the correspon-
dence scale is compatible with generalization based on similarity between objects.
The ratio � was 0.1, 0.45, 1 and 0.3, for the conditions going from left to right in
Fig. 9, respectively. We compared them to the limit 0.099 and we found a signifi-
cant difference for conditions with six parts on average: χ2

1 = 16.02, p = 0.0001,
and for the condition with eight parts on average: χ2

1 = 40.19, p < 0.0001. Addi-
tionally, we found a marginally significant difference for the condition with twelve
parts on average: χ2

1 = 2.85, p < 0.1. In the conditions with four parts on average,
the column-wise partition was too dominant and therefore, we did not find evidence
against a similarity-based frequency distribution. It should be noted that the � ratio
being equal to 0.1 cannot count as evidence in favor of similarity driven categoriza-
tion. The � ratio should be significantly smaller than 0.099, which is clearly not
the case.

5. General Discussion

5.1. Rule-Based Versus Similarity-Based Generalization

The main issue is whether subjects are more inclined to extend category member-
ship to objects that are similar to the provided category examples, or that obey
salient rules common to the provided category examples. Obviously, in many real
situations and experiments, these two proposals would be confounded, because ob-
jects that obey common rules are also more similar. However, by constructing a 3 ×
3 grid of objects in each stimulus set, in which rows or columns corresponded to
common rules, but 2D regions of various shapes are more likely to correspond to
similarity pools, we tried to unconfound both underlying determinants of catego-
rization. In brief, participants overwhelmingly tend to organize categories by rows
or columns and they seem to favor the use of simple rules. Actually, when looking
at the stimulus sets in Figs 4, 6 and 8, the results may appear quite intuitive and
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perhaps even obvious for most readers, but this is somewhat misleading given that
participants were not informed about the rule structure and that the objects were
presented in quasi-random locations to the participants. Moreover, by adopting the
notion of coherence as explained in the Introduction, we show that these more or
less intuitive results were not easily predicted distribution-wise under standard sim-
ilarity models. Pothos and Chater (2001) proposed that the underlying determinants
of human categorization can be investigated by looking at the partitions that humans
make instead of comparing two families of models building on these determinants.
That is exactly what we intended to do here: instead of comparing the plausibility
of different formalizations (models) built on some notion, we compared the notions
rather directly — the one that predicates similarity-based categorization and the one
that predicates logical relations between rules and categories. Overall, participants
seemed to use rules in the current experimental context.

A principle that can account naturally for the observed distributions of parti-
tions in the data is the logical minimal principle formulated by Feldman (1997,
2000, 2006; see also Goodman et al., 2008). The row-wise and the column-wise
partitions are the only two partitions allowing simple rule-based category formula-
tions with rules that simply state the presence or absence of a property. All other
partitions have categories that are to be defined by rules with one premise in the
form of ‘if A, then B’. In other words, participants favour simple rules to define
categories. However, by introducing the moderating variables between the differ-
ent stimulus sets, the preference for one of the two partitions with the same logical
complexity changed spectacularly. The strong influence of the moderating variables
shows that the logical complexity of the partition-wise rule sets are only telling one
part of the story. Although row-wise and column-wise partitions have equal logi-
cal complexity, particular rules are favoured above others depending on the visual
properties implemented in the rules. The visual analysis of particular properties is
also depending on shape complexity (e.g., Experiment 3). To detect a visual prop-
erty as a regularity in the stimulus set, a pairwise comparison between objects is
not necessary. Gestalt principles like grouping by similarity could also explain how
regularities become detected. Any recurrent property in a group of simultaneous
presented objects can attract attention and regularities might even be detected be-
fore individual objects are analyzed.

5.2. Detecting Regularities

In perceptual organization, a considerable number of studies have stressed the im-
portance of regularities or non-accidental properties (e.g., Bennett et al., 1989;
Feldman, 1997, 2003; Hulleman and Boselie, 1999; Kanizsa, 1979; Wagemans,
1992, 1993). Intuitively, a regularity can be thought of as a property that is ap-
propriate for a whole set of stimuli and not just one (e.g., mirror symmetry), and
as a consequence, the occurrence of such a property will be interpreted as non-
accidental in the sense that an observer believes that it has some suspicious causal
reason. The notion of coincidence can best be understood in the following manner.
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Suppose that a contour generator machine would draw closed contours in a random
fashion; then a symmetric figure would occur only occasionally. When only sym-
metric figures would be created from the generator, the observer would assume that
the generator is constrained to create symmetric contours and they will associate
the attribute symmetry to the nature of the machine (read ‘category’). An observer
would therefore believe that the observed symmetry is not a coincidence. Likewise,
many features presented in the stimulus sets can be perceived as regularities when
multiple stimuli in the set possess the same property, like compounded parts in
Experiment 2 and regular convex parts in the stimulus sets of Experiment 3; even a
straight side can be considered as a regularity or a deviation from an average generic
curved side. Moreover, the properties relate to properties that have some perceptual
relevance according to various views of visual processing. According to Feldman’s
proposal (2003, 2009), humans will construct a space of all possible interpretations
built from regularities. The interpretation space can be ordered hierarchically by
the degree of regularity and the interpretation with the highest degree of regularity
or the interpretation by which most coincidental properties are appearing as non-
accidental is the one that will be preferred. Similar views on shape processing have
been proposed in the generative approach of Leyton (1987, 1988, 1989), and the
descriptive minimum principle of Leeuwenberg (1971) and Leeuwenberg and van
der Helm (1991).

5.3. The Precedence of Particular Properties

The task that we used seems to provide a powerful way to measure the relative
preference for one regularity above the other. One of the most astonishing results
in the experiments was the enormous shift in relative preference by some moderat-
ing variables like part saliency and complexity. In Experiment 2, participants relied
more on the central part when the stimuli were oriented differently (for orienta-
tion dependency in one-shot generalization, see also Feldman, 1997) and when the
saliency of the central part increased. To perceive the overall part configuration in
shapes that are oriented differently, participants should take into account the relative
spatial distances between the parts, which might involve more complex processing
than absolute part positions. Therefore, participants might have relied less on part
configuration when the stimuli were oriented differently. However, it is difficult to
determine whether participants could not detect part configuration as a regularity or
whether they just did not prefer the more complex visual property (see also Keane
et al., 2003). Therefore, we controlled for detectability in Experiment 3, and visual
complexity seemed to drive preferences for particular properties in the last exper-
iment. Participants preferred the part property when it constituted a simple visual
property with a few parts, but not when it constituted a more complex property
with many parts. In sum, just like participants seemed to form categories based on
simple logical rules, they preferred to use the simplest visual features. Simplicity
might seem to suggest that participants sought the path of least effort. However, the
path of least effort would lead to a haphazard generalization instead of a column-
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or row-based one, and therefore, the results seems to suggest that simplicity forms
an inherent part of the nature of people’s behaviour.

5.4. General Conclusion

We used a particular name generalization task in three experiments and we showed
that similarity-based processing is unlikely to be involved. However, evidence
should be evaluated against the specificity of the task, and it does not necessarily
afford generalization to other categorization paradigms. Therefore, we believe that
similarity-based processing does exist, but we claim that similarity-based processes
are not always involved in generalization. A rule-based account like Feldman’s min-
imal complexity principle provides a more natural account for the presented data.
Generally, participants seem to seek the simplest category description in the ex-
tension of categories to new exemplars and they prefer visually simple and easy
detectable properties.
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