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A bstract

This thesis tested the adequacy and generality of the prototype view of
concepts. The concepts used were drawn from a knowledge rich, scientific,
problem-solving domain, that of infrared spectroscopy. Expert and novice
subjects' performance on a number of tasks involving these concepts was
examined. The composite prototype model predicts that a conjunct will be
compositional, that is, will be an additive combination of its constituents.
In contrast a rival theory of concepts, the theory-based view, allows that a
conjunct may be non-compositional.

The level of semantic memory first activated when classifying a spectrum
was found to be less specific for a novice subject than for an expert.

The dimensions along which novices judged the similarity of spectra
indicated that they were more perceptual than experts. Novices judged the
similarity of spectra drawn from the extension o f a conjunctive concept
along a dimension unique to those spectra and which was not used to judge
the similarity of spectra drawn from the extensions of either of the
constituent concepts. That is, novices were non-compositional in their
similarity judgements. Experts, in contrast were compositional. This is in
the opposite direction to that predicted by Hampton's composite prototype
model of conceptual combination.

In a membership judgement task both experts and novices overextended
conjuncts, as predicted by the composite prototype model. Novices
overextended more than experts. It is suggested that they may be
overextending along the dimension found to be unique to the conjunct, for
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the novice group, in the similarity judgement study.

In contrast to the findings of the similarity judgement study, when asked to
rate attribute importance for two concepts and their conjunct novices were
*
more compositional than experts. This is as predicted by the composite
prototype model.

It is argued that the overall pattern of results indicates that subjects'
performance on categorization and conceptual combination is influenced by
their theories of the domain. It is concluded that it is necessary to view
concepts as embedded within theories.
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C hapter 1

Concepts and conceptual com bination

1.1. In tro d u c tio n
It is intended that this thesis contribute to

"the development of an adequate, coherent, encompassing account of
concept, knowledge, and thought that may serve as the core, the heart for
psychology"

Oden (1987, p224)

Two questions are addressed. Firstly, are concepts from a complex
scientific problem-solving domain represented and combined in the same
way as everyday concepts? Secondly, does the way in which concepts are
represented and combined change with the acquisition of expertise in a
domain? The strategy adopted for answering these questions is to choose
one particular domain, that of molecular structure elucidation by interpreting
infrared spectra, and to conduct a number of experiments contrasting expert
and novice performance. Conducting research on general cognitive issues
within the context of a specific domain of expertise can be of benefit to
psychology as well as to researchers in more applied fields such as expert
systems (cf. Hoffman, 1987).This point is elaborated upon in section 1.2
and it is argued that it is important for psychology to develop a general
theory of concepts. In section 1.3 models of concepts are reviewed. The
reasons for the current interest in the problem of conceptual combination are
outlined in section 1.4 and models of conceptual combination are reviewed.
Section 1.5 reviews studies of how concepts and conceptual structure
change with the acquisition of expertise. Section 1.6 discusses how a study
of conceptual combination in the chosen domain, and a study of how expert
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and novice performance in conceptual combination differs, can contribute
to the development of a general theory of concepts. Finally, the remaining
chapters of the thesis are summarized in section 1.7.

1.2. A general theory of concepts?
Categorization is fundamental to human cognition. The ability to categorize,
that is, the ability to judge that a particular thing is or is not an instance of a
particular category, is what makes it possible to use previous experience to
guide the interpretation of new experience. Virtually every cognitive task
involves categorization. Many also require conceptual combination. A
theory of concepts will provide the context within which all other cognitive
phenomena can be understood. In assuming that a general theory of
concepts is possible we are assuming that constraints on how we conceive
exist. The task for a theory of concepts is to outline these constraints and
the conditions under which they operate.

The search for a theory of concepts requires that a number of major issues
be addressed. These include whether all concepts have the same structure,
whether concepts are compact stored representations or are computed "onthe-fly", the extent to which the representations and processes underlying
categorization vary with context, how concepts develop, what makes a
concept cohesive and the role of domain theories and mental models in
categorization and conceptual combination.

The study of conceptual combination has become important to understanding
how concepts are represented and how people categorize familiar and novel
stimuli. How the structure of concepts and their interrelationships change
with their use is another crucial issue.
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Many applied disciplines, eg. expert systems, intelligent-computer-aided
instruction, human-computer interaction and science education would
benefit from an explicit, encompassing theory of concepts. The lack of
such a theory, which is sufficiently coherent, within psychology
(Ocfen,1987) has meant that there has been a build-up of research within
each of these areas in an attempt to provide an adequate theoretical
foundation.

A considerable body of empirical findings and theoretical work on the
representation of everyday concepts and the task of categorization now
exists within cognitive science. One central aim of the present research is to
test the generality of this work for infrared spectroscopy and in addition to
look at the effects of different levels of subject expertise on concept
representation and processing.

Another central aim of the empirical work described in this report is to
further understanding of the knowledge representations and processes
involved in interpreting infrared spectra. It may be the case that these differ
depending on the level of expertise of the interpreter. In other domains, for
example, mechanics, a novice to expert shift has been observed with some
restructuring of knowledge occurring with the acquisition of expertise (see
Carey 1985, for a discussion). If an understanding of the changes in
cognition that typically occur with the acquisition of expertise can be
achieved it may be possible to take steps to speed the process up. One
product of the present work is a description of the beginning and end points
in this shift, that is, a 'cognitive profile’ of typical novice and typical
expert interpreters of infrared spectra.

20

1.3. M odels o f con cep ts

T h e cla ssica l view

The classical view of categories maintains that natural concepts are
characterized by sets of defining features that are singly necessary and
jointly sufficient to determine category membership (Smith and Medin
1981). An exemplar that contains the defining features is a member of the
category and an exemplar that does not have the defining features is not a
member of the category .Within the classical view the difficulty of acquiring
categories is a function of the difficulty of discovering the defining
features.

P rob lem s w ith the classical view

Empirical research suggests that most natural concepts are not organized
around defining features but rather are structured in terms of sets of
characteristic features (see Rosch, 1973,1975a, 1975b, 1975c; Rosch and
Mervis, 1975; Mervis and Rosch, 1981; Smith and Medin, 1981).
Exemplars of a category vary with respect to the number of characteristic
features they possess and differ in how representative they are rated to be of
the category. Instances need not have defining features but rather reflect a
family resemblance structure. A second problem is what makes a category
cohesive? Defining properties do not seem to be enough. A category can
satisfy a classical view definition without being cohesive e.g. a category
consisting of purple things bigger than a basket ball and weighing between
1.65 and 9.82 kilograms.

T h e p rob ab ilistic view
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Probabilistic models maintain that category representations are based on
attributes that are characteristic or probable but not defining (eg. flying and
singing for the concept bird) (Smith and Medin, 1981). Prototype models
are a set of models which reflect the general properties of the probabilistic
view. The idea common to all prototype models is that as a result of
experience with examples of a category, people develop a summary
representation which captures the central tendency of the category. Category
judgements are based on the similarity of the exemplar to this summary
representation or prototype. A blue jay, for example, would be judged to be
a bird and not a mammal because it is more similar to the bird prototype
than to the mammal prototype.

Prototype theory implies certain structural constraints on concepts.
Comparing instances to prototypes yields a measure of similarity and some
decision rule is needed to convert this continuous measure to discrete
judgements of category membership. A basic target for the decision process
is that it must lead to the acceptance of all category members and the
rejection of all non-members. One way to conceptualise the process of
classifying stimuli on the basis of similarity to the prototype is that it
involves a summing of evidence against a criterion. If an instance has a
criterial sum of weighted properties it will be classified as a member, and
the more typical a member is of a category the quicker the criterion will be
exceeded. This predicts that there must exist some additive combination of
properties and their weights that can be used to correctly partition instances
into members and non-members.

There is a formal similarity between this constraint and linear discriminant
algorithms used in machine pattern recognition (e.g., Nilsson,1965). If
exemplars from two different categories have n properties, then the
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categories are said to be linearly separable if one can find a set of weights
for the n properties such that a linear discriminant function yields higher
values for all instances of one category than for those of the other category
(Sebestyn, 1962). The probabilistic view has looser constraints than the
classical view in that categories conforming to the classical view are a
proper subset of categories conforming to the property of linear
separability.

Problem s w ith the probabilistic view
The constraint of linear separability does not seem to hold for people
(Medin and Schwanenflugel, 1981). Medin and Schwanenflugel (1981) held
average between-category similarity constant and found no evidence that
linearly separable categories were learned more readily than categories that
were not linearly separable.

Similarity to the central tendency of a category does not always predict its
graded structure. Barsalou (1985) studied goal-derived categories, such as,
"things to take on a camping trip", "foods not to eat on a diet", "clothes to
wear in the snow". He found that whereas an exemplar's similarity to the
central tendency of its category predicted graded structure in taxonomic
categories it did not predict graded structure in goal-derived categories. He
found that ideals and frequency of instantiation predicted graded structure
in both taxonomic categories and goal-derived categories. Familiarity,
however, did not predict graded structure in either taxonomic categories or
goal-derived categories. He proposes that graded structures do not reflect
invariant structures associated with categories but instead reflect people's
dynamic ability to construct concepts.
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The probabilistic view, like the classical view, provides no guide lines
concerning which combinations of features form possible concepts and
which form coherent ones. The fact that some combination of features is
probabilistic does not mean it is coherent.

T he exem plar view
The exemplar view like prototype theory asserts that concepts need not •
contain defining features. It further claims that categories may be
represented by their individual exemplars, with the assignment of a new
instance to a category being determined by whether or not the instance is
sufficiently similar to one or more of the category’s known exemplars. In
contrast to prototype theory, exemplar theories do not postulate the
existence of a summary representation, the prototype.

P roblem s w ith the exem p lar view

It does not constrain what exemplars are concept members. Like prototype
theory, exemplar theories assume that membership in a category is based on
similarity. There are major problems in defining similarity (Murphy and
Medin,1985; Medin and Wattenmaker 1987). The most important of these is
that any two entities can be arbitrarily similar or dissimilar depending on the
criterion of what is to count as a relevant attribute.

D istrib u ted m em ory m odels

Distributed memory models (see for example, McClelland and Rumelhart,
1986) represent a middle-ground between prototype theories and exemplar
theories. In a distributed memory model some exemplar information is
preserved and recoverable (with sufficient specific cues) and some
information is lost in the creation of a composite trace. Both distributed-
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memory and exemplar models account for the flexibility of meaning that
characterizes human behaviour by making context part of the probe that
determines which memory traces are activated. This flexibility of meaning is
difficult to capture in a representation which has a fixed structure such as
semantic network or feature-list representations.

P rob lem s w ith distrib u ted m em ory m odels
0

Flexibility of meaning is gained at some cost in processing efficiency
compared to models in which abstractions are directly represented. For
example, a system with a distributed memory may be more prone to errors
and processing biases. It may therefore be appropriate for modelling "lowlevel" and "approximate" memory processes, such as semantic priming and
associative recall but be unsuitable for dealing with problems related to
representation and reasoning. Recent work by Shastri (1988), however,
suggests that this conclusion may be premature. She/he describes how
knowledge about concepts, their properties, and the hierarchical relationship
between them can be encoded as an interpreter-free massively parallel
network of simple processing elements that can solve inheritance and
recognition problems in time proportional to the depth of the conceptual
hierarchy .-

T h e th eory-b ased approach

A number of researchers have recently claimed that categorization is theorybased (Murphy and Medin, 1985; Lakoff, 1986; Holland, Holyoak, Nisbett
and Thagard, 1986).

Murphy and Medin (1985) focus on the question of what makes a concept
coherent, that is, what makes its members form a comprehensible class.
They propose that concepts are coherent to the extent that they fit people's
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background knowledge or naive theories about the world. These theories
help to relate the concepts in a domain and to structure the attributes that are
internal to a concept.

Lakoff (1986) claims that prototype effects are superficial, that they result
from the nature of cognitive models, which can be viewed as "theories of
some subject matter". He argues that the properties that are relevant for the
characterization of human categories are not objectively existing properties
that are "out there" in the world. Rather they are "interactional properties",
that we understand as properties by virtue of our interactive functioning in
our environment. The properties mentioned in cognitive models are
properties of this sort. A modifier like cricket in cricket bat or cricket ball,
he claims, does not pick out any common property or similarity shared by
bats, balls etc. It refers to the structured activity as a whole. The nouns that
cricket can modify form a category, but not one based on shared properties.
It is based on the structure of the activity of cricket and on those things that
are part of the activity. The entities characterized by the cognitive model of
cricket are those that are in the category. It is our structured understanding
of the activity that defines the category.

Problem s w ith theory-based approaches
The approach is insufficiently precise. This may reflect difficulties in
representing the structure of theories. The most radical expression of the
approach predicts that individual concepts will each consist of richly
detailed and different kinds of semantic information; there will be no model
that applies to all concepts. If theories are fundamental to categorization
some basis for preferring one theory to another will be required. This
remains an unresolved issue.
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A major criticism of Lakoffs concept of an idealised cognitive model is
there is no way of working out what this model will be in advance. Lakoffs
analysis is a post-hoc linguistic analysis but it is not necessarily a cognitive
one. How does one demonstrate that these models are actually in the mind?

Sum m ary of Models of Concepts
There are problems with all models of concepts. For the classical view these
center around the difficulty of specifying necessary and sufficient features
and the empirical evidence demonstrating that membership in a category is
not all-or-none. For the prototype view, the exemplar view and distributed
memory models the main problem is in defining similarity and what is to
count as an attribute. For theory-based approaches the difficulty is in
specifying the theory. In order to derive empirical predictions we need to
specify the theory but empirical work is necessary in order to specify the
theory.

So what is the basis of categorization? Is membership in a category based
on the similarity of the item to a summary representation (the prototype
view) or similarity of the item to previously experienced exemplars?
Alternatively perhaps it is based on judging whether a set of necessary and
sufficient features are present in the item. Finally, maybe it is based on
whether or not the item fits a theory, some explanatory principle common to
category members.

How can we decide between these models of concepts?
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1.4. M odels of conceptual com bination
Combining concepts is an important part of problem-solving or dealing with
any novel situation. Any model of concepts must therefore be able to
account for the way in which subjects combine concepts. Hampton (1988)
claiftis that empirical studies of conceptual combination can provide
constraints on models of concepts.

Osherson and Smith (1981) claim that some of the predictions of prototype
theory regarding the way in which concepts combine are non-intuitive and
have questioned the value of the theory. The study of conceptual
combination has therefore assumed considerable theoretical importance for
psychological theories of concepts.

Cohen and Murphy (1984) draw two independent distinctions between
models of concepts. As these distinctions will be useful in discussing
models of conceptual combination they are briefly outlined below.

Cohen an d M u rp h y (1984)'s distinctions between m odels of
c o n c e p ts .
The first distinction Cohen and Murphy make is between models in which
membership in a concept is all-or-none (classical) and models in which
membership in a concept is a matter of degree (fuzzy). The second
distinction they make is between models based on set theory end
representational models. These distinctions are independent in that all four
possibilities can be entertained as models of concepts. Models based on set
theory are extensional in that they regard concepts as equivalent if their
corresponding sets have the same members, that is, their extensions are the
same. In contrast in representational models concepts are modelled as
complex structured descriptions. They are equivalent if they have the same
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components structured in the same way. Representational models are
sometimes referred to as intensional models. The
extensional/representational distinction is important when we come to
consider how concepts are combined to form more complex concepts.
According to extensional models the formation of new concepts is based on
operations that combine extensions, eg. set union. In representational
models concept formation is based on structural rules for forming complex
representations.

Extensional models reduce all questions of conceptual equivalence and
concept formation to questions of class membership. No further descriptive
knowledge of instances of a concept, of its associated features, or its
relations to other concepts needs to be taken into account. Classes are
identified by their members and combined by combining extensions.
However, set theory is not a psychological explanation of concepts. A
psychological theory must be couched in terms of mediating representations
and processes. The problem is to specify their nature.

Any particular model of concepts can therefore be classified into one of
four categories: Extensional, classical; Representational, classical;
Extensional, fuzzy; and Representational, fuzzy.

Each of the models of concepts outlined in section 1.3 above has associated
with it, a view of conceptual combination. How each model deals with
conceptual combination will be discussed below and the model will be
classified according to the fuzzy/classical and the
extensional/representational distinctions. One of the central aims of this
thesis is to explore which of these different models is appropriate for
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experts and which is appropriate for novices. Cohen and Murphy's
distinction will help in deriving empirical predictions for each model.

T h *e cla ssica l view

The classical view regards membership in a concept as all or none. That is,
the instance either is or is not a member and all members are equally good
members. There are two possible versions of the classical view. In the
extensional version the concept is modelled as the set of instances of the
concept. In the representational version the concept is modelled as a set of
necessary and sufficient features.

Both the extensional classical view and the representational classical view
assume that concepts will combine according to Boolean set logic. Boolean
set theory defines conjunct as the intersection of two sets and disjunction as
the union of two sets.

In the extensional classical view the extension of the conjunct of two
concepts will simply be the set of instances which are members of both
constituent concepts.

In the representational classical view because membership is again all or
none the extension of the conjunct must be the set of instances which are
members of both constituent concepts. In order for this to be the case it will
be necessary to form the intension of a conjunct from the union of the
intensions of the two constituent concepts. The conjunct will inherit all
attributes of both constituents, so that the necessary and sufficient features
of the conjunct will be the union of the necessary and sufficient features of
the two constituents.
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T he probabilistic view
Within the probabilistic view of concepts two models of conceptual
combination have been put forward, Zadeh's fuzzy logic and Hampton’s
composite prototype model. Osherson and Smith (1981) put forward a
model they term the binary view which they claim answers the criticisms
they level at prototype theory. Their argument against prototype theory will
be outlined, and their binary view will be discussed in this section.

Z ad eh 's fu zzy logic

Zadeh's fuzzy logic is an extensional, fuzzy model. Zadeh proposed that
Boolean set theory can be extended to cover the case of fuzzy concepts
whose set membership is not all or none but is graded. In Zadeh's fuzzy
logic (Zadeh 1965) membership of a set is treated as a 'fuzzy predicate',
and assigned a 'truth value' between 0 and 1. Set combinations are
achieved by applying a combination function to the constituent values to
yield the value for the complex set. For example, Zadeh proposed a
minimum rule for determining fuzzy set conjuncts, such that the truth value
of a conjunct of two categorizations would be the minimum of the two
constituent values.

T h e bin ary view

Osherson and Smith (1981) showed that although Zadeh’s fuzzy set logic
could explain how set membership of combined concepts was determined, it
could not account for intuitions of exemplar typicality. In particular,
Zadeh's rules for conjunct could not explain how an object may be
considered a more typical example of a conjunct than it is of its constituent
set. Yet they gave a number of examples where this occurs. For example a
GUPPY is a better example of the concept PET FISH than it is of either
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PETS or FISH alone.

Smith and Osherson (1984) obtained empirical data to show that a pictured
object could be much more typical of an adjective-noun conjunct, such as
STRIPED APPLE, than of APPLE alone. This effect was much greater when
the adjective was not normally typical of the noun (as in STRIPED APPLE)
than when it was (as in RED APPLE). They argued that the failure of the'
minimum rule could be explained if class membership and typicality
judgments depend on two different types of semantic information. They
suggested that concepts may have a core meaning - some central definitional
component of the attribute structure associated with the concept which is
used in making class membership judgements, (see also Millar and JohnsonLaird, 1976). If this core is defined as a set of common elements, then
Boolean set logic can be used to determine how fuzzy concepts combine.
Typicality judgements however would use the full range of prototype
attributes, and so would not follow the same rules. Their model for concept
conjunct was therefore explicitly restricted in its scope to intuitions of
typicality. According to the binary position therefore, phenomena such as
the GUPPY and STRIPED APPLE effects may occur for typicality
judgements, but should not affect class membership data. Class membership
will still be all or none. This model is a representational, classical model.

In postulating a dissociation between the semantic information used in
judging membership and that used in judging similarity/typicality, the
binary position challenges one of the central tenets of prototype theory.
That is, it challenges the assertion that class membership is based, like
typicality, on similarity to the category prototype. It therefore has serious
implications for the adequacy and generality of prototype theory (Rosch
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T he com posite prototype m odel
This* model is a representational, fuzzy model. Hampton (1988) has
defended the prototype view against the criticisms of Osherson and Smith
(1981) and Smith and Osherson (1984). He puts forward the composite
prototype model. According to classical set theory, the intension of a
conjunct is formed by the union of the necessary criteria of the two
constituents. The conjunct inherits all attributes of both constituents.
Hampton argues that if this "common element" definition of concepts is
relaxed, then the intensional composition of a conjunct must necessarily
involve the creation of a new prototype composed at least in part of
(selected) attributes of the two constituents. As a result, similarity of any
item to the conjunct must increase as a monotonic function of its similarity
to either constituent. This means that the conjunct must be either over- or
underextended because of compensation between the two membership
values.

Hampton (1988) reports empirical findings that suggest subjects do not
judge membership in conjuncts according to Boolean set logic. Judgements
of membership in conjuncts were overextended, that is, some items were
judged to be members of the conjunct but were not judged members of the
constituent concepts (e.g. blackboard was judged to belong to the conjunct
school furniture when often it had been judged a non-member of the concept
furniture). Responses of this type were greater than would be predicted
from simple instability of responses. On the basis of these findings he
proposes that membership and typicality can be attributed to a single
underlying factor, that is, similarity to a prototype. Hampton's results
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suggest that faced with the choice of over- or under-extending a conjunct,
most subjects maximize membership in the conjunct by placing the criterion
for membership as wide as possible, that is, they overextended their
conjuncts.

Hampton also found a dominance effect. There was an asymmetry between
the constituent concepts in their influence on conjunct concept membership.
It seems that combining concepts to form a conjunct involves an interaction
between the two constituents. A simple extensional context-free rule for
combining concepts could not explain such an imbalance between concepts.
At some point, comparative information about the two categories - not just
the degree of membership of an item in each one separately - must be
introduced to the rule.

In summary, the overextension of conjuncts and the dominance of one
constituent in predicting membership in the conjunct, go against the binary
view's prediction of Boolean combination.

T h e exem p lar view

In the "conceptual stack" model of Jones (1982) membership in a conjunct
is determined initially by the product of the constituent membership values.
These products are then rescaled by a ranking procedure, so that whatever is
the best example of the conjunct becomes the prototypical member of the
conjunct. This proposal has much in common with exemplar-based models
of concept representation, (Medin and Schaffer, 1978). For example having
used some function combining constituent set values to identify the 3 or 4
best members of the conjunct, subjects might then base decisions about
typicality and membership in the conjunct on the similarity of items to these
'best exemplars'. The conceptual stack model also makes the prediction that
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for any conjunct there must be some exemplar which is prototypical- that is
some exemplar will have maximal typicality in the set. This model is
extensional and fuzzy. Like the composite prototype model, it predicts that
similarity of any item to the conjunct must increase as a monotonie function
of its similarity to either constituent.

T heory-based ap proaches
Hampton's composite prototype model "saves" the prototype view by
building the domain theory into the prototype. The prototype for the
combined concept need not inherit all of the attributes of the constituents.
Domain-specific rules guide attribute inheritance when concepts are
combined. In this sense Hampton's composite prototype model is a theorybased model. There are a number of other theory-based models which make
the same assumption as Hampton, that the inheritance of attributes in the
conjunct depends on the domain theory (Cohen and Murphy, 1984; Thagard,
1984). All such models can be classified as representational and fuzzy.
There are, however, at least two other ways in which the domain theory
could influence conjunct formation. Firstly, the domain theory could be
used to infer new attributes of the conjunct, that is, attributes that neither
constituent has. Secondly, the domain theory could be used to infer
appropriate rules of attribute inheritance. The latter two possibilities require
looser assumptions than the composite prototype model makes. The
composite prototype model assumes, at least implicitly, that the constituent
concepts and the rules of attribute inheritance are stored and simply
accessed when the conjunct is formed. A theory-based view allows that the
constituent concepts may be computed and also that the rules of attribute
inheritance may be computed at the time the conjunct is formed.
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Sum m ary o f C onceptual com bination
Combining concepts is necessary in problem-solving and dealing with
unfamiliar situations. Empirical studies on how subjects combine concepts
can help to decide between different models of concepts.

An issue which has not been addressed empirically is whether the way in
which subjects combine concepts varies with the level of expertise of the’
subject?. The next section reviews work on conceptual change with the
acquisition of expertise.

1.5. C onceptual change w ith the acquisition of expertise
A number of changes could occur in concepts and conceptual structure with
experience and a general theory of concepts must be able to deal with such
changes. Firstly, the overall structure of the entire knowledge base might
change, that is, new concepts may come to be represented and relationships
between old concepts may change. Secondly, the procedures whereby
concepts combine might change. Thirdly the internal structure of a concept
might change. The internal structure of the concept includes both what is
treated as an attribute and how those attributes are related to each other.
Finally, the process of detecting/recognizing the attributes might change
with experience. Representation and process are not well separated in
studies of concepts and conceptual structure and how they change with the
acquisition of expertise. In what follows I will therefore deal with the first
two together and the second two together.

Change in the overall stru c tu re of the knowledge base
Several studies have compared the memory structures of experts and
novices.These have been concerned with both expert-novice differences in
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memory structure and the development of this structure as a novice gains
skill or experience and approaches the expert level. Expert and novice
studies have been conducted in domains such as chess, bridge, GO, physics
and computer programming (Adelson, 1981; Chase and Simon 1973; Chi,
Feltovich and Glaser, 1981; Engle and Bukstel, 1978 ). Kahney (1986)
reviews these studies.

A number of conclusions have emerged. Almost by definition the
performance of experts on the actual task in which they excel is superior to
the performance of novices. Experts show superior performance on recall
tasks in which meaningful material is used but are no better than novices
when asked to recall the same material in a random arrangement. For
instance chess masters are able to recall positions of pieces on a chess board
much more readily if the pieces are arranged as they would be in a game
situation, rather than in a random arrangement (Chase and Simon, 1973).
However meaningful arrangement of the pieces does not aid chess novices
in recalling positions. Furthermore as experience increases there tends to be
a greater degree of intergroup agreement, in relation to memory structure
and organization (Engle and Bukstel,1978). Other common findings include
a larger chunk size and more chunks for the experts as compared with the
novices (Chase and Simon,1973; McKeithen, Reitman, Rueter and Hirtle,
1981). Chunks are units of information in which the items within a chunk
are related to each other in a meaningful fashion.

These results can be explained if one assumes that the expert is able to
perceive a more global picture and therefore is able to encode or chunk
items into larger units than is the novice. The novice has a memory structure
that is not as highly organized as that of the expert and therefore is not able
to encode as quickly or in as large units. It has also been suggested that
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experts have a memory structure that is hierarchically organized allowing a
larger number of chunks to be recalled (Adelson,1981; see also
Kahney,1986). Thus a high-level chunk may consist of a set of lower-level
chunks, each containing additional chunks at a more detailed level. This
hierarchical organization can structure large amounts of information
effectively.
•

Schvaneveldt, Durso, Goldsmith, Breen and Cooke (1985) argue that the
conceptual structures of experts should differ systematically from the
conceptual structures of novices. They asked expert and novice fighter
pilots to judge the similarity of two sets of concepts important in air-to-air
combat and air-to-ground combat. They found that a pathfinder network
(derived from the similarity judgements) for the novice data was
considerably more complex than for the expert data. For both scenarios
studied the network for the novice group had a greater number of links
(approximately 25 and 67 % more) than the network for the expert group of
instructor pilots. They conclude that a characteristic of expertise is not a
more complex structure, but rather, experts tend to identify the important,
critical information and associations, yielding a simpler network.

In summary, the above studies suggest that experts do have a different
knowledge structure from novices.

C hanges in th e internal structure o f a concept.

Keil (1986) describes a major shift that occurs in any transition from
naivete to expertise, at any age. He calls it the "characteristic-to-definingshift” . In a series of empirical studies he found that the basis of
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categorization shifts. Younger children (and novices in general) tend to rely
on well known characteristic features; older children and experts in general
use more sophisticated criteria. In the case of nominal kinds like island or
uncle those criteria may include explicit definitions. In the case of natural
*
kinds like skunk or raccoon they tend to be theoretical assumptions eg. no
amount of tinkering with the characteristic features of a skunk can change it
into a raccoon. Keil suggests that as we become more knowledgeable in h
domain, we become increasingly dissatisfied with the notion that meaning is
merely a set of characteristic features that happen to be probabilistically
associated with a class of things. We start to assume and look for the
presence of a richer underlying structure that is causal in nature. Thus a
characteristic to defining shift for nominal kinds and a characteristic to
underlying causal structure shift for natural kinds.

Keil is claiming that both the features used to categorize and the
relationships between those features change with increase in expertise. He
is suggesting that an expert uses features in a non-additive way in
categorization, novices treat them as additive. Featural similarities and
theory-based definitions (the two major alternatives considered by category
theorists) appear to correspond to points on a developmental continuum (cf.
Neisser 1987). Keil is suggesting that more theory gets built into a
subject's prototype as the subject becomes more knowledgeable about the
domain. However he does not address whether or not this is accompanied
by a change in the extent to which concepts are fuzzy or classical. He is
suggesting that a representational, fuzzy model, that is, a prototype model
is adequate for novices and that the model for experts needs to be more
representational. Is this also accompanied by a change from fuzzy to
classical? The most extreme shift possible would be from characteristic
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features to a set of necessary and sufficient features. If so it may be that a
binary view (representational, classical) is the appropriate model for
experts, whereas a prototype model (representational, fuzzy) is appropriate
for novices.
*

More evidence that the features of a concept change from being treated in an
independent manner to being treated in a relational manner as a subject gains
»

experience in a domain comes from Richardson (1987). He discusses
theories of concept formation. A major issue in such theories at the present
time is whether people encode relations among component features in
experience, or whether they simply encode the occurrence of features
separately as independent cues. Richardson (1987) argues that two problems
have obstructed a clear resolution of the issue. Firstly, researchers have
failed to check to what extent training materials actually contain relations
among features, or failed to construct such materials, before results are
declared in favour of a particular model. Secondly, researchers have used
only informal methods to analyse such relations where they exist and to
predict from them the structure of the concept. He describes a methodology
for measuring the overall relations among feature variables in concept
training materials. He also introduces a way, using log-linear models, to
predict concept structures on the basis of those relations. Two experiments
combined these methods to assess whether subjects abstracted relations
among features, or whether they abstracted independent cues. The results
came out strongly in favour of relational coding.

Richardson suggests that the construction of a concept passes through a
sequence, from coding of independent cues (additive), through the coding
of 'second-order relations', and then relations of increasingly higher order;
but also that progress through the sequence is a function of various factors
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like breadth of category, numbers and frequencies of exemplars
experienced, the degree of structure of contingency among them and so on.
Further empirical work is required to clarify these possibilities.

Another line of evidence suggesting that relational encoding between
features is important for experts but not for novices comes from the face
recognition literature. Inverting a face has a large detrimental effect on its
recognition (see eg. Rock (1974)). Diamond and Carey (1986), showed that
this inversion effect is not unique to faces. They found that recognition
memory for landscapes was also vulnerable to inversion. They also
demonstrated that the use of stimuli in which spatial relations among
elements are potentially distinguishing features does not guarantee a large
inversion effect.

They found that for dog experts sufficiently knowledgeable to individuate
dogs of the same breed the inversion effect for dog faces of that breed is of
the same order as for human faces. They suggest that a large inversion
effect will emerge whenever three conditions are met. Firstly, the members
of the class must share a configuration. Secondly, it must be possible to
individuate the members of the class on the basis of second-order relational
features. Thirdly, the subjects must have the expertise to exploit such
features.

In contrast to Keil’s findings Murphy and Wright (1984) found that experts'
concepts need not be more well-defined than novices, despite having more
sophisticated theories of the domain. They examined the concepts of experts
and novices in child psychopathology. The novices were undergraduates
with no experience in abnormal psychology. Three other groups ranged in
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expertise from beginning counselors at a summer camp for disturbed
children to clinical psychologists with extensive experience in the field. All
of the subjects listed attributes of the three major categories of emotionally
disturbed children. The more expert the subjects the more their categories
overlapped, that is, the less distinctive their categories were. This result is
counterintuitive. Experts in clinical psychology are expected to classify
people into different groups, and the more distinctive their concepts of the
groups, the easier this would be.

This finding emphasizes that classification is not the only purpose for
concepts. Like all psychologists, these experts wanted to find explanations
for behaviour, and those explanations point out commonalities to all cases
of child psychopathology. For example the professional psychologists listed
"feels angry" and "feels sad" for all categories, presumably because of their
theories about the motivational and cognitive concomitants of
psychopathology. Novices also have theories of psychopathology, but they
are apparently more superficial, accounting for surface differences between
the categories. For example they listed "feels sad" as an attribute of
depressed children only, and "feels angry" exclusively for aggressive
children. This work suggests that concepts can become fuzzier with the
acquisition of expertise in a domain.

Chi, Feltovich, and Glaser (1981) also report empirical work showing how
subjects theories can influence their representation of concepts. They
noticed that novices classify physics problems using "surface features" that
are only roughly correlated with physical principles. Experts, in contrast,
categorized problems on the basis of the major principles used in their
solutions. Consequently, "experts are able to 'see' the underlying
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similarities in a great number of different problems, whereas novices 'see' a
variety of problems that they consider different, because the surface
features differ" (Chi et al., 1981, p. 130). As a result the experts made
fewer, larger classes than did the novices. These results also highlight the
fact that similarity is in the eyes-and-theories of the beholder. People's
theories may lead them to form concepts that they would not normally have
and to alter the content of other categories.

Rosch, Mervis, Gray, Johnson, and Boyes-Braem (1976) asked people to
list the features of concepts, where the concepts varied in their level of
inclusiveness in a taxonomy (for example kitchen chair, chair and
furniture). For superordinate concepts like animal, plant, vehicle, furniture,
clothing and tool, people listed few if any features; for concepts that were
one level less inclusive (the "basic" level), like bird, flower, truck, chair,
hat and hammer, people listed a substantial number of features and for
concepts at the subordinate level, like robin, tulip and kitchen chair, people
listed only one or two more attributes than at the basic-level.

Rosch et al. hypothesized that this "basic-level" is the level at which it is
natural to divide the world. This level maximizes the perceptual and
functional similarities among instances of the same category whilst it also
maximizes the differences between instances of different categories. Rosch
et al. suggest that the position of this basic level in a taxonomy may change
with expertise. They argue that basic objects for an individual, or
subculture result from an interaction between the potential structure
provided by the world and the particular emphasis and state of knowledge of
the people who are categorizing. Which attributes of an object are noticed or
constructed may change with increased knowledge. If the domain is such
that many attributes are available, experts may use attributes not used by
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novices. The number of attributes in common for concepts at a particular
level of abstraction may therefore increase with expertise. This would shift
the basic level down the hierarchy This question has not been addressed
empirically.

S um m ary of conceptual change w ith the acquisition of expertise
In summary, the acquisition of expertise in a domain is accompanied by
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change in the structure of the wider knowledge base (Adelson, 1981; Chase
and Simon 1973; Chi, Feltovich and Glaser, 1981; Engle and Bukstel,
1978) and in the features used to categorize (Keil,1986). In addition, the
features of a concept may change from being treated in an independent
manner to being treated in a relational manner (Richardson,1987; Diamond
and Carey,1986).

A number of issues are unresolved. How does the structure of a concept
change with the acquisition of expertise in an area? Does a concept
inevitably become more well-defined? It seems that this may depend upon
the domain and the type of concept (Keil, 1986; Murphy and Wright, 1984).
Does the position of the basic-level change with the acquisition of expertise
(cf. Rosch, Mervis, Gray, Johnson, and Boyes-Braem,1976)?.

Differences between experts and novices in the structure of their concepts
and in tasks involving conceptual combination will be critical for the
acceptance of the various theoretical positions outlined above. The extent of
such differences will reflect the influence of differences in the subject
groups knowledge of the domain and the structuring of that knowledge. The
theory-based view of concepts is the least vulnerable to such differences
because this view explicitly acknowledges the influence of the wider
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knowledge base on categorization and conceptual combination. Other views,
such as the binary view and similarity based views will need to appeal to
mechanisms outside their present terms of reference in order to explain such
differences.

1.6. T h e issu es to be ad d ressed

Two questions are explored in the present study. Firstly, what is the nature
of the representations and processes involved in interpreting infrared
spectra. In particular, can models of concepts and conceptual combination,
developed to account for subjects performance in cognitive tasks involving
everyday concepts, also account for subjects performance in this domain?
Secondly, do experts and novices in this domain represent and process their
concepts in the same way, or are there substantial differences between the
two groups?

There is a need to test the generality of models of concepts. They have been
developed using everyday and artificial concepts. There have been very few
studies of concepts from complex problem-solving domains. Most empirical
studies of these kinds of domains have taken a domain-centred perspective
and adopted verbal protocol methodology.

The strategy adopted here is to compare expert and novice performance on a
number of tasks including attribute listing, similarity judgements,
membership judgements and the rating of attribute importance. This allows a
"cognitive profile" of expert and novice subjects to be built-up. I then ask
with which model of concepts the overall pattern of performance is
consistent.
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S c ie n tific co n cep ts

Are scientific concepts subject to the same constraints as everyday
concepts? There are reasons to believe that they may not be. They are more
difficult to learn (Reif,1987). The purposes for which concepts exist in
scientific and technical domains are very different from the purposes for
which they exist in everyday domains. In a scientific domain minimising
ambiguity whilst maximising precision, consistency and generality are more
important concerns than in everyday domains (cf. Reif,1987). Definitions
and explicit theories are important and the mode of transmitting concepts is
very different.

Osherson and Smith (1981) concluded from their analysis of the prototype
view that fuzzy logic is appropriate only for judgements of typicality but
that class inclusion, conjunct, disjunction, and negation follow traditional
set logic. Hampton's (1988) results have demonstrated that there is no need
to postulate this kind of dissociation, for "everyday" concepts. It may,
however be that such a dissociation is appropriate for scientific concepts.

Evidence suggesting that this may be the case comes from a study by
Armstrong, Gleitman and Gleitman (1983). They demonstrated that
typicality judgements could be given to apparently well-defined concepts,
for example the concepts ODD- and EVEN- NUMBER and MALE and
FEMALE. They also asked subjects to verify sentences such as "An orange
is a fruit". They found that items that were rated as good exemplars of a
category were verified faster than items rated as poor exemplars of the
category. In a final experiment a new group of subjects were asked outright
if membership in the well-defined categories is a matter of degree. They
denied that this was the case. When asked to rate items according to how
good an example they are of a category they produced typicality effects.
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Under certain task conditions then, there appears to be a dissociation
between typicality and class membership judgements for well-defined
categories. Subjects may possess or construct different representations for
the same well-defined category depending on the task they are performing,
that is, the purposes of the representation.

Freyd (1983) argues that a small dimensional structure with a small number
of values on each dimension is especially shareable and that this may
explain why such structures are commonly observed. The need to
communicate imposes constraints on the representation adopted. These
communicative demands may shift a subject’s concepts toward a more
analytic structure (Keil 1987).

In terp retin g infrared sp ectra

Interpreting an infrared spectrum is a scientific classification problem for
which there exists an explicit theory. The task requires problem-solving,
which often means that concepts have to be combined. In addition the task
requires practice and experience, that is, a degree of expertise. The fact that
this domain is knowledge-rich and involves conceptual combination and
expertise suggest that it is an ideal domain in which to test current models
of concepts. In particular the issue of the extent to which the wider
knowledge base influences categorization and conceptual combination can be
addressed.

There has been no empirical work on either expert or novice cognition in
this domain. Researchers in analytical chemistry, AI and knowledge
engineering have tried to build computer systems which can interpret
chemical spectra (see eg. Gray 1986, for an overview). Some of these
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systems are based on pattern recognition (eg. Abe and Jurs,1975) whilst
others are knowledge-based (eg. Woodruff and Smith, 1980; Edwards
1988). Woodruff and Smith (1980) claim that the information flow in their
system PAIRS

"closely parallels the reasoning a chemist uses in interpreting spectral data,
with the only major difference being that the interpreter is a computer
program rather than a human being."

(p.2322, Analytical chemistry, vol. 52, no. 14, Dec. 1980).

However, they present no empirical data or analysis of a chemist's
reasoning! This reflects a tendency in knowledge engineering to base the
system on verbal data collected from one expert and assume generality.

The interpretation of an infrared spectrum can be regarded as essentially a
categorization task. Gray, for example, in his book Computer-assisted
structure elucidation (1986) chapter 6 "Knowledge-Based" Spectrum
Analysis describes spectral interpretation thus:

"One approach to spectral interpretation involves hypothesizing a particular
substructural component, using the correlation chart to determine required
spectral features and confirming, or refuting, the presence of the
hypothesized substructure according to whether the required features are
instantiated in the spectrum. An alternative approach is more data directed;
the observed spectral features are used to index into the correlation chart
and thus obtain various alternative interpretations."
It would of course be possible to use a mixture of these two strategies.
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In fra re d spectroscopy and the classical view of concepts
In this section I discuss the possibility that concepts such as "The infrared
spectrum of an amine" are modelled by the representational version of the
classical theory of concepts, as outlined by Cohen and Murphy (1984).
Cohen and Murphy (1984) give two models of this type. Firstly, a concept
could be modelled as a finite list of primitive (undefined) names or primitive
descriptions of individual instances. This is unlikely because the number of
possible instances of concepts such as "The infrared spectrum of an amine"
is extremely large if not infinite. Also if this were the only way in which
these concepts were represented there would be no way of accurately
classifying a novel instance: People who know something about infrared
spectroscopy can classify novel instances and so this model is inadequate.
The second possibility is that a concept is modelled by a definition based on
a (finite) list of defining conditions or features that are shared by all
instances.

It would be possible to model concepts such as "The infrared spectrum of an
amine" in this way if there exists a set of features that fulfills two
conditions:
1.

every spectrum known to be an instance of the concept has each of those

features and
2 . every

spectrum which has all of the features is an instance of the

concept.
Does such a set of features exist?

In order to answer this question let us examine the features listed in the
book "Infrared spectroscopy" by Bill George and Peter McIntyre, which the
authors claim are useful for structure determination when examining the

49

infrared spectrum of an amine. There are just two features listed. These are
the N-H stretch occurring between 3180 and 3490 cm *1 and the N-H bend
occurring between 1580 and 1650 cm*1. Does this set of features fulfil the
above two conditions?

There is a sub-group of amines, the tertiary amines, for which neither of
these features would be present in the infrared spectrum. This is because'
tertiary amines do not have an N-H bond in the molecule. Taken together,
then these two features cannot be regarded as defining the concept "The
infrared spectrum of an amine" because there are instances of the concept
that do not have either of these features. Condition 1 does not hold.

Does condition 2 hold? No, because there are often other bonds in organic
molecules which give rise to absorption bands within the same frequency
range as the amine N-H stretch and N-H bend vibrations. For example, the
C-H stretch of an alkyne occurs between 3220 cm -1 and 3320 cm *1
overlapping with the frequency range for the amine N-H stretch. In
addition, the C =0 stretch of an amide group occurs between 1640 cm *1 and
1700 cm *1 and the N=N stretch occurs around 1570 cm*1, both overlap with
the amine N-H bend frequency range. In the set of features under
consideration here, only the position of the absorption bands are
represented, so when a spectrum has absorption bands at these positions, it
cannot be inferred with certainty that these are due to an N-H stretch and an
N-H bend vibration in the molecule. Condition 2 does not hold.

One could object that although the presence of this set of features in the
infrared spectrum cannot provide sufficient evidence at the perceptual level
to conclude that the instance is an amine, it can provide sufficient evidence

50

at the theoretical level. That is, having inferred the presence of an N-H
bond in the molecule this is sufficient to infer that the spectrum is the
spectrum of an amine. This, however, is not the case. There is another class
of organic compounds, the amides, that have an N-H bond in the molecule
*
and so would have both an N-H stretch and an N-H bend absorption band in
their infrared spectrum. It is clear then that not only is this set of features
not sufficient at the perceptual level it is not sufficient at the theoretical '
level either. This last point is important because one way theorists have
tried to "save" the classical view is by suggesting that concepts can be
modelled by a core of necessary and sufficient features together with a
heuristic recognition procedure. This textbook set of features cannot be
regarded as defining in either the original or this modified sense.

Demonstrating that one particular set of features cannot define a concept
doesn’t rule out the possibility that some other set of features can. One can
however ask why, if such a set of features exists they are not listed in
textbooks on infrared spectroscopy? It may be that the features are difficult
to articulate because they are perceptual in nature and can only be part of
"tacit" knowledge. Smith and Medin (1981), however, point out that the
classical view has made little progress in specifying defining features for
any concept, including scientific concepts.

1.7. O v erview o f the p resen t stu dy

Hampton’s results suggest that class membership is based like typicality, on
similarity to a category prototype, for everyday concepts such as furniture,
vehicles etc. The aim of this study is to ask if this is also the case for the
concepts relevant to the interpretation of infrared spectra? In addition does
it hold for both expert and novice subjects?
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The experiments reported in chapter 2 examine the question of whether or
not a basic-level of representation can be identified for infrared spectra and
whether this level changes with the acquisition of expertise.

Chapter 3 takes a subject groups' similarity space to be a measure of
cognitive structure and examines whether the cognitive structures of naive
subjects, novice subjects and expert subjects differ. Different models of
conceptual combination make different predictions regarding how the
instances of a conjunct will be perceived. The question of whether different
models apply at different levels of expertise is examined.

In chapter 4 the generality of the overextension, concept dominance, and
non-commutivity findings of Hampton (1988) is examined. When judging
the membership of an infrared spectrum in a category, do both expert and
novice subjects show these effects?

In Chapter 5 Hampton's (1987) empirical findings on the inheritance of
attributes in everyday concept conjuncts are outlined. The generality of
. these findings are examined for concepts in the infrared spectroscopy
domain and for expert and novice subjects. In the light of the results from
experiment 5 the adequacy of the composite prototype model for the expert
group and for the novice group is discussed.

Chapter 6 summarizes the findings of the thesis and considers their
implications. Future directions are discussed.
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C hapter 2
Basic-level rep rese n tatio n s in the dom ain of in frared
spectroscopy: An expert / novice com parison.

Chapter 1 presented the case for the logical rejection of the classical model
for concepts in the domain of infrared spectroscopy. Could a prototype
model hold?

2.1 R osch's p ro to ty p e view an d the basic-level
People reliably rate some category members as more "typical" or
"representative" than others (Rips, Shoben and Smith, 1973; Rosch 1973)
and these ratings predict how efficiently people can categorize the various
members of a concept in a semantic categorization task. Categorization times
decrease with the typicality of an instance (Rips, Shoben and Smith, 1973;
Rosch 1973). Results such as these suggest that concepts possess an
internal structure that favours typical members over less typical ones. That
is, that natural categories are organized in terms of "prototypes", or
representations of central tendency. The representational assumptions of the
classical view, in contrast, suggest that all members of a concept are equal,
since all members of the concept must have the defining features.

In addition to arguing that natural categories are organized in terms of
prototypes, Rosch and her colleagues have argued that there are important
differences among categories at different levels of abstraction. Rosch,
Mervis, Gray, Johnson, and Boyes-Braem (1976) argued that there is a
"basic-level" at which it is natural to divide the world. This level maximizes
the perceptual and functional similarities among instances of the same
category whilst maximizing the differences between instances of different
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categories. The argument is based on two related assumptions. Firstly, they
assumed that in the perceived world, information rich bundles of perceptual
and functional attributes occur that form natural discontinuities. Secondly,
they assumed that categorization boundaries are made at these
*
discontinuities.

In a series of experiments, subjects were asked to list as many attributes •
and properties of verbally specified categories as they could think of in a
short period of time. An examination of these attribute lists revealed that, in
general, instances of a basic-level category had more attributes in common
than instances of more abstract categories. Rosch et al (1976) also found
that the basic level is the level at which subjects are fastest at identifying
category members. It was also found to be the highest level at which
category members have similarly perceived overall shapes, at which a
person uses similar motor actions for interacting with the category
members, and at which a single mental image can reflect the entire category.
In addition it is the level with the most commonly used labels for category
members, the first level named and understood by children, the first level to
enter into the lexicon of a language, the level with the shortest primary
lexemes and the level at which terms are used in neutral contexts. Indeed,
Rosch et al (1976) claimed that it is the level at which most of our
knowledge is organized.

Rosch's account of concepts predicts that basic-level categories will display
a cognitive advantage compared with other levels in a hierarchy. Objects
will tend to be categorized at the basic-level as this is the level at which
there is maximum similarity to the prototype. From the point of view of how
differentiated categories are, the classical view predicts that all levels of a
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hierarchy will be equal. From the point of view of categorizing an object the
classical view predicts that the subordinate level will be the most
informative, as it will have the most features.

Ros.ch et al claim that categories are formed to reflect both real-world
correlational structure and the state of knowledge of that structure of the
people doing the categorizing. They claim that this principle of category
•

formation is universal. Categories form so as to be maximally differentiable
from each other. That is, so that they have most attributes common to
members and least attributes shared with members of other categories.

Rosch et al discuss how different amounts of knowledge about objects can
change the classification scheme and the position of the basic-level in the
hierarchy. They suggest that two basic-level groupings are possible in
biological taxonomies because many more attributes than are normally used
are potentially available. The position of the basic-level will shift down the
hierarchy as these attributes are learnt. They also suggest that for all
taxonomies there is a level below which further differentiations cannot form
basic-level categories, because no matter how great the frequency of use of
the objects or degree of expertise, there simply is not a sufficient number of
attributes to differentiate objects below that level.

The present study is concerned with the question of the generality of Rosch
et al’s basic-level. Two questions are of interest. Firstly, do her findings
hold for other kinds of concepts? Secondly, do they hold for both expert
and novice subjects?

O ther types o f concepts

Adelson (1985) studied how computer scientists categorize the common
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concepts of their field. She used the methodology of Rosch et al and found
that computer scientists identify a natural, basic-level of abstraction similar
to that for concrete objects and that these categories exhibit prototypicality
and family resemblance characteristics. She concluded that there is a
*
similarity between the way in which abstract and concrete objects are
classified.

E x p erts and novices

Adelson did not study novices. This was because they were not familiar
enough with the domain. Studies comparing experts and novices have not
directly approached the question of the existence of a basic-level within a
taxonomy nor the effects of expertise on the position of it. There are,
however, studies which show differences in the organization of long-term .
memory of expert and novice subjects (eg. Chase and Simon, 1973;
McKeithen, Reitman, Rueter and Hirtle,1981; Adelson, 1981). These were
discussed in chapter 1 .

2.2 E x p erim en t 1

In tro d u ctio n
An attribute listing from verbal concepts approach was used in an attempt to
determine the basic-level of representation for novices and experts, in the
domain of infrared spectroscopy, following Rosch et al’s work. The basiclevel is the level at which categories are maximally differentiated and hence
which produces the longest list of attributes.

Rosch et al's results
Rosch computed the proportion of basic-level attributes contributed by the
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increase in attributes between the hypothesized superordinate and the
hypothesized basic-level for both the biological and the non-biological
taxonomies. There was a significant difference in that proportion between
the two types of taxonomy, with it being considerably greater for the non*
biological taxonomies than the biological taxonomies. Rosch concluded that
for the biological taxonomies the hypothesized superordinate appeared to be
the basic-level. For the biological taxonomies there was only a slight
increase in the number of attributes listed at the hypothesized basic-level
compared with the hypothesized superordinate. For the non-biological
taxonomies the results followed the predicted pattern, that is, significantly
more attributes were listed for the basic-level items than the superordinate
level items and the number of attributes added at the subordinate level was
significantly fewer than the number added at the basic-level.

The specific hypotheses tested in this experiment are:
1. When expert and novice chemists are asked to list the attributes /
properties of an infrared spectrum that are relevant to judging whether or
not that spectrum is the spectrum of a particular named compound, or
compound of a particular class, basic-level of categorization effects will be
observed. Specifically, the number of attributes listed will increase on
descending the hierarchy from the most abstract generic level to instance
level. So for the three level hierarchies used the number of attributes listed
at the second level will be greater than the number listed at the first level
and the number listed at the third level will be greater than the number listed
at the second level. There will be a level (the basic level) for which the
increase in number of attributes listed compared with its superordinate will
be greater than the increase in the number listed at the subordinate level.
The number of attributes added at the subordinate level will be significantly
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fewer than the number added at the basic-level.
So assuming,
Isr = number of attributes listed at the level x
nx = number of attributes listed at level x which are not listed at level x -1
theil we have,
1. N i< N 2 < N 3
2. Nfcasic - N SUper > N sub - N basic

3. nsub < nbasic
2. At every level the number of attributes listed by experts will be greater
than the number listed by novices.

3. The basic-level for expert chemists will be at a lower level in the
hierarchy than the basic level for novices. Only a three level hierarchy was
used so we can expect that
[nbasic " nsub Inovices < Cnbasic " nsub lexperts
M ethod

S u b je cts.

There were two groups of subjects, a group of experts and a group of
novices. The expert group consisted of 6 expert chemists who regularly use
infrared spectroscopy as an analytic technique and who had an average of 17
years experience in the task. The novice group consisted of 16
undergraduate novice chemists on S304, a third-level Open University
undergraduate course in chemistry. These novices had studied infrared
spectroscopy in theory, but had very little practical experience.

M aterials
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There were two concept hierarchies. These consisted of terms applicable to
a sub-set of organic compounds, the Hydrocarbons. Any family of organic
compounds, for example amines, esters, alcohols can be divided into
subsets according to the structural framework of the molecule. The
*
hierarchies were constructed from the top two levels of those given in units
4 and 5 of "The Nature of Chemistry' (a third level course (S304) in
Chemistry produced by The Open University’), see figure 2.1.
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Figure 2.1
The organization of molecular frameworks

aromatic

homo

hetero

homo

hetero

(from page 66, "Characteristics of Organic Chemistry", units 4 and 5, S304,
The Nature of Chemistry, an Open University third level science course)

This was done by adding the term Hydrocarbon on to the end of each term
that appears in each of those levels and then adding a third level consisting
of instances of each class of compound that appears in the second level. The
hierarchies so generated were checked by an expert chemist. He was asked
if the statement "All X are Y", where X was a concept in the hierarchy and
Y was its immediate superordinate was true for every concept that appeared
in the hierarchies. This was done to ensure that a set —proper sub-set
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relationship existed between each term and its super-ordinate. He verified
this statement as true for all concepts except "Non-Benzenoid
Hydrocarbon". He explained that the term "Non-Benzenoid Hydrocarbon"
would include hydrocarbons that are not aromatic and that for the statement
to be true one would need to replace "Non-Benzenoid Hydrocarbon" with
"Non-Benzenoid Aromatic Hydrocarbon". This advice was followed and the
final hierarchies used are shown in figure 2 .2 . .
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Figure 2.2
The concept hierarchies employed in experiment 1.
Aromatic hydrocarbon

Benzenoid hydrocarbon

Benzo [rst] pentaphene

Tetracosane

Indene

Myrcene

Non-benzenoid aromatic

Azulene

Cycloheptane

Guaiazulene

Methylcyclopentadiene dimer
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The two superordinate categories were Aromatic Hydrocarbon, Aliphatic
Hydrocarbon. The four basic level categories were, Open-chain
Hydrocarbon, Alicyclic Hydrocarbon, Benzenoid Hydrocarbon, NonBenzenoid Aromatic Hydrocarbon. The eight subordinate categories were
*
two instances of each of the basic-level categories chosen from The Aldrich
Library of Infrared Spectra' (see Pouchert 1970). The taxonomy with
superordinate Aromatic hydrocarbon will be referred to as taxonomy Y arid
the taxonomy with superordinate Aliphatic Hydrocarbon will be referred to
as taxonomy X.

It was thought that the structural complexity of a compound would be likely
to influence the number of attributes listed. Spectra in the Aldrich library
are listed in order of complexity so one complex instance and one simple
instance of each middle-level category were chosen. The complex instances
of each class were selected from those listed within the last five items listed
in the library for that class and all simple instances except Tetracosane were
selected from those listed within the first five items for a class. Tetracosane
was the 19 th. open-chain hydrocarbon listed in the library out of a total of
178. The subordinate categories and their Aldrich Library numbers were
Indene (575 G), Guaiazulene (576 B), Azulene (576 A), Benzo [rst]
pentaphene (584 B) Myrcene (25 A), Cycloheptane (25 E), Tetracosane (5
C), Methylcyclopentadiene dimer (39 B). It was not possible to choose
instances across the typicality range as no typicality norms exist for this
domain.

Design and P ro ced u re
Both the expert and novice subjects were split into two groups. Each subject
listed the attributes of

1

superordinate category, 2 basic level categories and
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4 subordinate categories. Each subject received a booklet with an
instruction sheet cover and seven pages. At the top of each page the name of
a concept in upper case appeared. Beneath the concept name there were 10
numbered blank rows in which subjects could write attributes as short
*
descriptive phrases. Equal numbers of subjects were randomly assigned to
each of two groups. Subjects in each group generated attributes to one
superordinate category, two basic-level categories and four sub-ordinate *
categories. The concepts for group 1 were:
1. Aromatic Hydrocarbon
2. Open-chain Hydrocarbon
3. Benzenoid Hydrocarbon
4. Indene (a benzenoid hydrocarbon,simple 575G)
5. Guaiazulene (a non-benzenoid aromatic hydrocarbon,complex 576B)
6. Myrcene (an open-chain hydrocarbon, complex 25 A)
7. Cycloheptane (an alicyclic H, simple 25E).

The concepts for group 2 were:
1. Aliphatic Hydrocarbon
2. Alicyclic Hydrocarbon
3. Non-benzenoid Aromatic Hydrocarbon
4. Azulene (a non-benzenoid aromatic hydrocarbon, simple 576A)
5. Benzo [rst] pentaphene (a benzenoid hydrocarbon, complex 584B)
6. Tetracosane (an open-chain hydrocarbon, simple 5C)
7. Methylcyclopentadiene dimer (an alicyclic hydrocarbon, complex 39B)
The concepts were chosen for each group in an attempt to avoid drawing the
subjects’ attention to the hierarchical relationships between them. Half the
subjects in each group received one pseudo-random order of the sheets
within the booklet, the other half received the reverse order. The following
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constraints on sequencing were observed: The immediate superordinate of a
category or the immediate subordinate of a category did not precede or
follow the category. This was again to avoid drawing the subjects' attention
to the hierarchical relationships between the categories.
The> instructions were as follows:

In str u c tio n s

On each of the following pages you will find the name of a compound or a
type of compound. This is followed by a number of blank lines. I want you
to imagine that you have an infrared spectrum in front of you and that you
have to judge whether it is or is not a spectrum of the named
compound/type of compound. I want you to list on each blank line an
attribute or property that you feel would in any way be involved in making
this decision. You may use single words or short descriptive phrases to
describe the different attributes / properties. Take as much time as you
want, and write as much as you want. Try to list as many attributes as
possible for each compound / type of compound. You should spend 2-3
minutes on each. There are 7 pages in all. Remember it is attributes of the
infrared spectrum that you should list and not examples of the type of
compound.

It may be useful for you to use the following example as an analogy. If you
were asked to list the attributes / properties of a bicycle your list might look
like this:
1. has 2 wheels
2. is made of metal
3. can be ridden
4. etc.
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NB.
You may wish to list attributes for one concept which you have already
listed for another. Could you please clearly indicate the previous concept
and the numbers attached to the attributes you wish to repeat. For example
if you were listing the first attribute of 'dog' and you wished to repeat
attributes you had previously listed for 'cat' you would write
•

DOG
1. cat , att 2
2. cat, att 6, etc

R e s u lts

An expert (who had not participated in the experiment) was asked to go over
the novice attribute lists and eliminate any attribute that was an error. Table
2.1 shows the number of attributes listed by two or more subjects in each
subject group for each level of abstraction. Appendix A shows the final
attribute lists for each of the two subject groups on each of the two
taxonomies.
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Table 2. 1
Number of attributes in common at each level of abstraction

Number of attributes in common
Taxonomy X
Super
ordinate
Expert
group

Novice
group

4

3

Basic
level

4.5

2

Taxonomy Y
Sub
ordinate

3

2

Super
ordinate

5

1

Basic
level

Sub
ordinate

5.5

3.5

0

1.7

The pattern of results shown in table 2.1 suggests that the true basic level is
the hypothesized superordinate or is actually higher than the hypothesized
superordinate. Attribute lists were not obtained for levels of classification
superordinate to the hypothesized super ordinates and so the hypotheses
pertaining to the basic-level could not be tested.

The pattern of results was however consistent with the second hypothesis.
At every level the number of attributes listed by experts was greater than
the number listed by novices, and this was true for both taxonomies.

The hypothesis that the basic-level for experts would be at a lower level
(more abstract) in the hierarchy than the basic-level for novices could not be
tested directly because of the failure to identify a basic-level. However, the
data was consistent with this hypothesis in that the novice subjects listed
more attributes for the hypothesized superordinate than for the hypothesized
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basic-level whereas the experts listed slightly more attributes for the
hypothesized basic-level than the hypothesized superordinate.

D is c u s s io n

This experiment failed to identify a basic-level of representation for either
experts or novices. However there were differences between the two
groups. It seems that experts know more than novices because at every level
of the two taxonomies the number of attributes listed by experts was greater
than the number listed by novices. The other difference was that on
descending the taxonomy the number of attributes listed began decreasing
earlier for the novices than for the experts.

There were a number of methodological and theoretical problems with this
experiment. Each of these is identified and discussed below. The lessons
learnt guided decisions on the approach and methodology adopted in
subsequent experiments. Modifications incorporated into the design of
subsequent experiments are outlined.

F lo o r e ffe c t

There was a floor effect for the novice group. The novice subjects found the
task extremely difficult and were unable to list many features at all. Novices
listed only the "theory" part of an attribute, whilst experts often gave both
the "theory" part and the "visual" part and sometimes gave only the "visual"
part.The novice group were third-level undergraduate students and this may
have caused the floor effect. Their knowledge of organic chemistry was
very limited and they had only interpreted one or two example spectra
during their course. They had not used the technique in the laboratory in the
context of experimentation or in solving their own research problems. It
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was decided that it would be more appropriate to use post graduate students,
specialising in organic chemistry, as the novice group in subsequent
experiments. They will have a great deal more knowledge of the domain of
structural organic chemistry than the third-level undergraduates, more
*
practical experience in its use and they will have begun to use the technique
in solving their own research problems. The main difference between them
and experts with twenty or so years of practical experience is in their
knowledge and experience of the task of interpreting infrared spectra.

The experts also found it difficult to list attributes for some of the sub
ordinate level instances, for example Tetracosane. They reported that this
was because they were unfamiliar with the particular compounds.

T h e task o f attrib ute listing

The level at which an attribute was listed varied considerably between
subjects eg. "C=H stretch" (relatively specific) compared with an "alkene"
(relatively general). This can give rise to problems deciding what does and
does not count as a relevant attribute.

The experts who participated in the above experiments reported that they did
not find the task meaningful. This seemed to be for a number of reasons.
Listing the attributes of an abstract concept such as "Non-Benzenoid
Aromatic Hydrocarbon" and the actual interpretation of an spectrum seem
quite unrelated. Experts tend to regard the interpretation of an infrared
spectrum as a problem-solving process. There is clearly a need to use actual
spectra and have a task that resembles that of the expert's when faced with
interpreting spectra in a typical real-life context. This will ensure that
subjects are motivated and co-operative whilst performing the task. This
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problem is not just a problem of what kinds of tasks subjects do and do not
find meaningful. More importantly, it relates to the question of whether or
not the results validly reflect the representations and processes used by
subjects when actually interpreting spectra. Kahney (1982) has claimed that
there is a relationship between the the kind of experimental work done to
investigate novice programmers and the power of the models produced.
Kahney claims that meaningless tasks, such as free recall, and used by
experimenters such as Adelson (1981) produce weak, inaccurate or
misleading models of what a novice is like. In contrast extracting
information from an incomplete program, and using the extracted
information in combination with their own knowledge to fill in the missing
lines of the program, is a task that is relevant to the usual occupations of
both novice and expert programmers. Kahney claims that studies using this
task were considerably more revealing about programmers’ cognition.

Tasks that subjects might find more meaningful and that might be more
revealing about the representations and processes involved in interpreting
infrared spectra include making categorization decisions to actual spectra,
judging the similarity of spectra and thinking-aloud whilst interpreting
spectra.

T he assum ed taxonom y
Why did this experiment fail to identify a basic-level? The results suggest
that if a basic-level exists it is higher than that hypothesized and this
together with a consideration of the way infrared spectroscopy is used
suggests that a more appropriate hierarchy may have been as shown in
figure 2.3. The purpose of examining an infrared spectrum is to derive
information on the functional groups present rather than detailed
information on the structure of the molecule. The taxonomies used in this
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experiment are of hydrocarbons only and the spectra of hydrocarbons are all
very similar. Figure 2.3 shows part of a broader taxonomy used by Edwards
and Ayscough (1989) in constructing a knowledge-based system designed to
interpret spectra. The superordinate class is the entire class of infrared
spectra and the sub-ordinate level consists of classes of spectra having
particular functional groups in the compounds that produced them.

Figure 2.3
Part of the infrared knowledge source taxonomy used by Edwards and Ayscough (1989)
in constructing a knowledge-based system to interpret infrared spectra.

Infrared

It may be, however, that subjects cognitive representations are not
structured in the same way as text-book taxonomies. This may be because
subjects' concepts and the linguistic categories of the domain do not match.
The term "cyclic hydrocarbon" technically, includes all aromatic
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hydrocarbons and the term alicyclic does not. However the terms cyclic and
alicyclic are often used interchangeably by practicing organic chemists. It
may be necessary to elicit the hierarchies rather than assume them.

C o n tex t-d ep en d en t sh ifts in the b asic-level

Another possibility is that there is no basic-level as conceived of by Rosch
et al. It may be that subjects' knowledge can be organized flexibly
depending on the current problem-solving goal. This flexibility may simply
mean that a different level of the hierarchy is treated as the basic-level for
different purposes. For example (following Adelson 1985), a programmer
who has been writing a portion of a program that will sort a data set and has
been dealing with issues of worst versus average case behaviour, may
temporarily treat sorting as a superordinate level, treat a particular algorithm
as the basic-level, and treat alternative implementations as the subordinate
level. It could even mean that different hierarchies are constructed
dynamically for different purposes.

B a sic -le v e ls as "theories"

To account for context-dependent shifts, Rosch (1978) suggested that basiclevels are,.in a sense, theories about which contexts are most frequent or
typical. The basic-level is the one people find most appropriate to use for an
object across most of the contexts in which they encounter it. This would be
expected to change with increasing amounts of experience in a domain. A
normal or typical context may exist for the kinds of concepts Rosch studied
but may not exist for all concepts. Hampson, John and Goldberg (in press),
for example, argue that since personality categorization takes place in many
substantially different contexts we can expect that they will involve quite
different levels of description. She suggests that rather than searching for
some single basic-level within the trait domain, future research on the
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perception and description of personality should investigate the interaction
of task and perceiver characteristics in determining the preferred level of
person descriptions.

Infrared spectroscopy may also be a domain for which a normal or typical
context does not exist and for which it may be more appropriate to focus on
the interaction of task and perceiver characteristics in determining the
preferred level of representation. If the preferred level differs with problem
context then the main difference between experts and novices in any given
task may be how specific their level of categorization is. In experiment 2,
instead of trying to identify a basic-level of categorization, differences
between experts and novices in the specificity of their categorizations are
explored.

2.3 E xperim ent 2

In tro d u c tio n
Jolicoeur, Gluck, and Kosslyn (1984) asked subjects to produce the first
name that came to mind when they were presented with pictures
corresponding to typical or to atypical members of their category (e.g., for
the category bird, a robin would be a typical member and a penguin an
atypical member). They found that typical members were named at the base
level (e.g. robin - bird), whilst atypical members were named at a
subordinate level (e.g. penguin - penguin). Jolicoeur, Gluck, and Kosslyn
(1984) argue that, for object identification to occur, an item must contact
semantic memory at what they call "the entry point level". This level
corresponds to the basic-level for many objects; however for very
distinctive or atypical exemplars of a base level category, the object’s entry
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point into semantic memory is defined at a subordinate level.

We can expect that experts in a domain will have stored, or will be able to
compute, a greater number of distinctive attributes for an object than will
novices. We can therefore expect that expertise will shift the entry point
level toward subordinate, that is, more specific levels.
•

Experiments 2a and 2b test the hypothesis that "the entry point level" for an
expert will be more specific than that for a novice for the same spectra.
Experiment 2a will employ a free categorization task in which the subject is
asked to produce the first category that comes to mind on presentation of the
spectrum. Experiment 2b will employ thinking-aloud whilst interpreting a
spectrum. Subjects are likely to regard both of these tasks as more
meaningful than that of attribute listing as they involve actually examining
spectra. These tasks are close to what subjects do when they interpret an
infrared spectrum.

Jolicoeur et al. chose hierarchies which had previously been investigated by
Rosch et al. so that the basic-levels of these hierarchies were known. They
were therefore able to classify a response according to whether or not it was
at a superordinate, the basic or a subordinate level of a hierarchy. For the
concepts used in the experiments outlined below, the appropriate hierarchy,
and the basic-level, if there is one, are not known. A different method of
specifying the level of specificity of a subject's response is required. The
important factor in deciding how specific a response is, is the amount of
information it conveys. In experiments 2a and b, level of specificity will be
measured by the number of informative adjectives or phrases given by
subjects. An adjective or phrase will count as informative if it gives
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information which could not have been deduced by the subject before
examining the spectrum.

E xp erim ent 2a. F ree categorization o f exem p lars

M ethod
S u b je c ts

There were two subjects, one expert organic chemist who regularly uses
infrared spectroscopy as an analytic technique and one postgraduate novice
chemist specialising in organic chemistry and using the technique in his own
research.

M aterials

The stimuli were eighteen infrared spectra selected from the Aldrich library
of infrared spectra (see Pouchert 1970). There were three exemplars from
each of the categories
Aromatic hydrocarbon (57ID, 562E, 569C), Non-aromatic hydrocarbon
(18E, 8E, 33E), Carboxylic acid (non-aromatic) (284B, 288E, 284A),
Carboxylic acid (aromatic) (950A, 956E, 958F), Amines (non-aromatic)
(170G, 188H, 176F), Amines (aromatic) (989H, 723D, 744G). The
numbers in brackets denote the exemplars chosen from the Aldrich library.

P ro ced u re

Each subject was run individually in a session lasting fifteen minutes. The
instructions as outlined below were read to the subject. The subject was
presented with a spectrum and his task was to name it outloud as quickly as
possible. No time limit was imposed on subjects. There was a one minute
gap between the subjects’ response and presentation of the next spectrum.
The spectra were presented in a random order and subjects' responses were
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taped.

In s tru c tio n s
You will be presented with a number of infrared spectra one at a time. I'd
like you to categorize the spectrum outloud as quickly as possible. Do not
worry about making mistakes, I am primarily interested in the first
category th a t comes to m ind as soon as you see the spectrum . •
There are eighteen spectra in total.

R esults an d D iscussion
Responses were scored for their level of specificity. The level of
specificity of a response was taken to be the number of informative
adjectives or phrases within it. An adjective or phrase was counted as
informative if it gave information which could not have been deduced by the
subject before examining the spectrum. If the subject gave just one
informative adjective or phrase as a response then that was scored as level 1
specificity, a response with two informative adjectives or phrases was
scored as level 2 specificity and so on. 88.9% of the novice subject's
responses were level 1 responses and the remaining 11.1% were level 2
responses. 50.0% of the expert subject's responses were level 1 responses
44.5% were level 2 responses and 5.5% were level 3.

Comparing the expert's and novice’s responses for the same items 50.0% of
the expert's responses were at the same level of specificity as the responses
given by the novice, 44.5% were more specific and 5.5% were less specific.

A response was counted as an error if it had no correct informative
adjectives or phrases within it. 22.2% of the experts responses were errors
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and 66.7% of the novices.

Interestingly, the expert gave two alternative possibilities on four
responses. For example, in response to spectrum 950A he said unsaturated
or aromatic carboxylic acid and in response to spectrum number 958F he
said hydroxy ester or carboxylic acid. The novice did not give any
responses of this type. For the expert, if two alternative responses were *
given, if one of them was correct, the response was treated as correct
(assuming all other informative adjectives were correct). For the purposes
of classifying the specificity level of a response, alternatives were treated as
one informative adjective or phrase.

C onclusion
The expert was often able to produce a more specific response to an item
than the novice. This result supports the conclusion that the entry point to
semantic memory is at a more specific level for the expert than the novice.

E xp erim en t 2b . T h in k in g-alou d w h ilst interp retin g spectra

M ethod
S u b je c ts

There were two subjects, one expert and one novice. They had both
participated in experiment 2a.

M aterials

Four infrared spectra were selected from the Aldrich library (see Pouchert
1970).These were:
0 . 1 -Cyclohexylhexane 27E ( a hydrocarbon)
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1. trans-Retinol (an alcohol)
2. 1-Methyl-1-cycloheptene 35E (an alkene)
3. 2,3,5,6-Tetramethyl-p-phenylenediamine (an amine)

P ro ced u re
Subjects were run individually in a session lasting approximately 30
minutes. The subject was presented with a spectrum and asked to think
outloud whilst interpreting it. The resulting verbal protocol was taped. The
instructions were as follows:

In stru c tio n s
This is a study of how people interpret infrared spectra.
You will be presented with different infrared spectra, one at a time. Each
one will be the spectrum of a particular compound. I'd like you to derive as
much structural information about that particular compound as possible from
the spectrum. I would like you to think outloud w hilst you are
doing this. This means that you should verbalise outloud everything that
comes to mind whilst you are inspecting the spectrum, reasoning about the
compound’s structure or inspecting reference materials. You may refer to
the correlation charts or the data book provided at any time. When you can
say no more about a spectrum please say so and the experimenter will
present you with the next one. There will be four spectra in all. Do you
have any questions?

R e su lts
The full protocols produced by subjects are shown in Appendix B.

There was some evidence that both the expert and novice subjects followed
the textbook procedure (see figure 2.4) for interpreting infrared spectra.
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They both began at the left-hand side of the spectrum, that is, at the
characteristic functional group section of the spectrum and proceeded right
to the fingerprint region. This is shown by the fact that the frequencies
mentioned always start high and decrease.
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F igure 2.4
A general procedure for qualitative interpretation of infrared spectra.
1. Bear in mind throughout the interpretation and apply, all available information
about the unknown such as:
A. Chemical elements known to be present
B. Chemical elements known to be absent
C. physical state and colour
D. Purity of unknown - whether a single compound of a mixture
E. Use which is made of the unknown
F. Possible component (s)
2. Divide the rocksalt infrared region into the characteristic functional group region,
5000 to 1350 cm -1, and the fingerprint region, 1350 to 650 cm-1.
A. Concentrate first on the characteristic functional group region; consider the strongest
absorptions then medium ones (weak ones only if necesary and helpful).
B. Determine the presence and type, or absence of C-H vibrations.
C. Determine, if possible, the type of compounds present.
D. Proceed to interpret the strong bands then medium ones. If a band lines up for a
functional group (s), follow along to determine whether all absorptions of the group
present, and to classify it as closely as possible; eg. class of ester, type of amide,
class of amine, etc.
3. Concentrate next on the fingerprint region, proceeding from strong bands to medium
ones as in 2D.
4. When the interpretation reaches the stage of suggesting the presence of possible
compound(s), comparision should be made with the spectra of knowns for final
identification.
5. General considerations to bear in mind:
A. The absence of an absorption band is more convincing evidence of a functional group's
absence, than the presence of a band is evidence of its presence.
B. All bands in a spectrum can never be interpreted - some are absorptions characteristic of
the molecule as a whole, some are combination bands, and some are overtone bands.
C. Eight to ten components is about the most that can ever be identified in a mixture.
D. The presence of bands about 3350 and 1645 cm-1 often indicates the presence of
water in a sample.
E. Generally, polymers have fewer, broader, and often less intense bands than the monomers
from which they are derived.
F. Some unknowns we will not be able to identify. Of these, some we may identify later as
new correlations are learned - the identification of others may elude us indefinitely.

(adapted from Bauer, Christian, and O'Reilly, "Instrumental Analysis"
1978, Allyn and Bacon, Inc)
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Table 2.2 is a summary of the expert and novice subjects' conclusions.

T ab le 2.2
A sum m ary of the expert an d the novice subjects' conclusions for each
sp ectru m in experim ent 2b.

Conclusion given by:
Class of compound
the spectrum was of.

TA0 Hydrocarbon

TA1 Alcohol

Expert

long chain saturated
hydrocarbon
a polyhydroxy
compound

TA2 Alkene

TA3 Amine

an aromatic alkene

amine

Novice

an aromatic
compound with
2 chlorines
OH character of
some kind
a hydrocarbon and
alkene
a diol of some sort

The expert was at least partially correct on all of the spectra whereas the
novice was partially correct on two (TA 1 and 2) and wrong on the others.

Entry point
An examination of the beginning of each protocol reveals that in every
protocol the expert mentions the 3000 cm_l frequency. He appears to use
this as a reference point, and carefully examine the absorption patterns
above and below it. He appears to infer aspects of the structure of the
molecule from these patterns, eg. in TA 2 he begins by saying "I'd say
we've got some unsaturation in here because of the little side-kicks on the
upper side of 3000". An examination of the beginning of each of the
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novice's protocols reveals that the novice does not mention this frequency
explicitly, although he mentions absorption bands that occur around this
frequency eg. the C-H stretch and the O-H stretch.

D isc u ssio n
Again, the results are consistent with the hypothesis that the entry point to
semantic memory for the expert subject is at a more specific level than foy
the novice. It seems that the novice is trying to enter the task at the same
level as the expert but is failing to do so, and is having to enter at a less
specific level.

2.4 G eneral D iscussion
Experiment 1 revealed quantitative differences between the experts and
novices. The experts listed more attributes than the novices and the level
beyond which subjects were unable to list attributes was less specific for
novices than for experts. However, the experiment failed to identify a
basic-level of categorization for either expert or novice subjects. This was
due to a number of methodological and theoretical problems. The question
of whether or not a basic-level of categorization exists for infrared spectra
remains open. When dealing with a problem-solving task it is much more
difficult to identify the "basic-level" of categorization and future work
undertaken to resolve this question will need to take this into account.
Methods to identify what the appropriate taxonomy is, will be required as
well as a way of identifying which level of the taxonomy is the basic-level
for a particular task. Attribute listing is not an appropriate task as there are
problems deciding what counts as an attribute or not. Free categorization
may prove more useful. Theoretically, whether or not a basic-level of
categorization exists for infrared spectra is an important indication of the
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rigidity or flexibility of subjects' representations across different contexts.
Differences between experts and novices will reveal how rigidity or
flexibility of representation change with increasing experience.

Experiment 2 revealed qualitative differences between an expert and a
novice subject in the specificity level of their representations of infrared
spectra. The expert subject was able to represent the spectra at a more
•

specific level than the novice subject, in both the free categorization task
and the thinking-aloud task. This may reflect a difference in the structure of
subjects' memory representations. It may be that the level at which
perceptual and functional similarities among instances of the same category
and the differences between instances of different categories, are maximised
is more specific for experts than novices. That is, the basic-level is more
specific. This would be consistent with the results of Schvaneveldt, Durso,
Goldsmith, Breen and Cooke (1985) discussed in chapter 1. They found that
the conceptual structure of a group of novice fighter pilots was less
differentiated than that of an expert group. Alternatively, it may reflect
differences in the processes used by expert and novice subjects in
categorization. For example, experts may be able to use the knowledge base
within which the taxonomy is embedded to enter a more specific level of
categorization.
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C hapter 3
E xp ert and novice sim ilarity ju d gem en ts o f infrared spectra

3.1 In tro d u ction
This chapter and the following chapter have two general aims. Firstly, to
address the unresolved issue of the nature of the relationship between
domain theories, membership in a category and the perceived similarity *
structure of items. Secondly, to ask whether this relationship changes with
the acquisition of expertise in an area.

A major postulate of the prototype view is that categorization is based on
similarity to a prototype. Hampton's composite prototype model (1987,
1988) allows the domain theory to guide the formation of the prototype of a
combined concept from the prototypes of the constituent concepts via rules
of attribute inheritance. The last chapter approached the question of the
generality of a prototype model by asking whether or not a basic-level of
representation could be identified for both expert and novice subject groups
in the domain of infrared spectroscopy. A different way to approach this
question is to ask whether or not Hampton's composite prototype model can
predict subjects’ cognitive profile on tasks involving conceptual
combination. This is the approach followed in the remainder of this thesis.
Following Hampton (1987,1988) the type of conceptual combination
studied is conceptual conjunction. This chapter examines subjects' pattern
of performance when asked to judge the similarity of infrared spectra drawn
from the two constituent concepts "the infrared spectrum of an amine" and
"the infrared spectrum of a benzenoid compound" and their conjunct "the
infrared spectrum of an amine which is also a benzenoid compound".
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3 .2 M u ltid im ension al scalin g app roaches to con cep tu al structure

When subjects are asked to judge the similarity or dissimilarity of entities,
multidimensional scaling (MDS) techniques can be used as a convenient
method of describing, summarizing and displaying the resulting data. MDS
embeds points in a multi-dimensional space such that the metric distances
between the points reflect the observed similarity or dissimilarity between
the respective objects (see for example Kruskal and Wish 1978 for an
overview).

The descriptive use of MDS allows one to characterize the spatial structure
underlying a set of stimuli, however, it leaves open the question of whether
or not subjects are actually using these dimensions in judging similarity. A
second question and perhaps a more important one is: can the constructed
spatial representation be regarded as a psychological model of the mental
representations underlying categorization? The dimensional formulation of
the prototype approach assumes that it can. This approach is outlined
below.

3.3 Sim ilarity and m od els o f concep ts

Probabilistic views can be based on either features or dimensions. In the
featural approach a category is represented by a set of features which have a
high probability of occurring in instances of the concept. In the dimensional
approach instead of a concept being represented by a set of discrete valued
features it is represented by a number of continuous dimensions. Each
concept has a value along each dimension. It has been argued that concepts
containing the same relevant dimensions can be represented in a
multidimensional metric space (Shepard, 1962, 1974; Carroll and Wish,
1974). A concept corresponds to a point in such a space. The dimensions of
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the space are chosen to model similarity judgements about instances, such
that nearby points in the space correspond to similar concepts. If an object
is sufficiently near to the point corresponding to a prototype, then it is
judged to be an instance of that concept.
*

Smith and Medin (1981) have pointed out that dimensions can always be
recoded as features. Thus the dimensional approach can be seen as a special
#

case of the featural approach.

How to identify the features that should enter into the analysis or
computation of similarity is a major problem. This is a problem, not only
for models of concepts but also when one attempts to build a computer
system which can interpret infrared spectra. The definition of the
analytically significant parameters and the representation of their values in a
computer usable form is an unsolved problem.

In experiments and simulations, similarity is made tractable by using
artificial stimuli such as dot patterns or feature lists where each feature has
a binary value. This is a reasonable strategy for demonstrating the viability
of certain general approaches but how can the features for natural, complex
stimuli such as infrared spectra be identified? One possibility is by using
multidimensional scaling.

In summary, in order to address the question of whether or not concepts are
represented as prototypes three problems need to be dealt with. Firstly, how
can the features be identified? Secondly, having identified the features, are
these the correct ones, that is, do subjects judge similarity along these
dimensions? Thirdly, are these features the components of a prototype that
is used in making categorization decisions?
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In the study outlined below MDS is used to identify the dimensions
involved in judging the similarity of spectra. It is assumed that subjects are
using these dimensions or that the dimensions uncovered are a linear
combination of the dimensions that subjects are actually using in judging the
similarity of spectra. If categorization is based on similarity to a prototype,
and assuming that this process can be conceptualized as a summing of
evidence against a criterion, as discussed in chapter 1, then we can expect
that there exists some additive combination of properties and their weights
that can be used to correctly partition instances into members of some
category, say A and non-members, that is not A. It should then be possible
to use the pattern o f subjects' performance in the similarity judgement study
to predict their pattern of performance on the category membership
judgements study, discussed in chapter 4. A and not A should be linearly
separable, in the similarity judgement study and discriminable in the
membership judgement study. If some conjunct, AB can be discriminated
from not AB in the membership judgement study then it should be linearly
separable from not AB in the present, similarity judgement, study.

3 .4 S im ilarity, con cep tu al con ju n ction and m od els o f concepts

Different models of concepts make different predictions regarding the
relationship between the attributes underlying the representation of
constituent concepts and those underlying the representation of their
conjunct.

T h e com p osite p rototyp e m odel

In developing this model Hampton (1987,1988) was concerned to explore
the extent to which a composite prototype, formed from the prototypes for
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the constituent concepts, could account for conceptual combination. Like
Rosch’s prototype model, categorization is based on similarity to a
prototype. The prototype for the conjunct inherits (selected) attributes of the
constituent concepts. The model, therefore, predicts that the dimensions
along which subjects judge the similarity of the conjunct will be a linear
combination of the dimensions along which they judge the similarity of the
constituent spectra. Crucially, there will be no dimension unique to the •
conjunct. Also, the composite prototype can inherit more attributes from one
constituent than from the other. This will give rise to a dominance effect in
which items are judged more similar to one constituent than the other
(Hampton 1987, 1988).

T h e theory-based view
Murphy and Medin (1985) question the sufficiency of similarity for holding
together the members of a category. They point out that similarity depends
largely on what is assumed to be a relevant attribute (Tversky 1977) and
that this in turn is determined by people's interests, needs and goals. Thus
things seem similar because a person has a theory that relates them. A
number of other investigators (eg. Johnson-Laird 1983; Lakoff 1987;
Holland, Holyoak, Nisbett and Thagard 1986) also emphasize the
importance of whether subjects are able to build sensible "stories" out of
their experience. This more intensional view than the composite prototype
model assumes that categorization is based on both similarity/matching of
attributes plus inferential processes supplied by underlying theoretical
principles. It is a more process oriented view of similarity judgements in the
sense that it emphasizes the dynamic construction of a "mental model"
according to the constraints of the task and the subject’s knowledge.
Hampton's view emphasizes the retrieval of stored representations which
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are modified according to context. Hampton points out that it is difficult to
make specific predictions from the theory-based view until one knows what
the constructed "mental model" is. In order to find out what the "mental
model" is empirical work is required. One general prediction that can be
made from this theory-based view, however, is that a conjunct may have
attributes which are not derived from the attributes of the constituent
concepts, but are unique to it. Such attributes may arise via inference. That
0

is, subjects may use their wider knowledge base to infer that the conjunct
will have certain attributes that the constituents do not have. Thus when
asked to judge the similarity of infrared spectra this view predicts that
subjects may judge the similarity of instances of the conjunct along
dimensions that are not simply a linear combination of the dimensions used
to judge the similarity of the constituent spectra but are unique to the
conjunct. This view also allows that instances of the conjunct may be
judged more similar to one constituent than to the other, that is, a
dominance effect.

T h e binary view

This view holds that categorization is not based on similarity and so the
binary view allows that the conjunct may or may not have attributes that are
unique to it. Also, instances of the conjunct may or may not be judged more
similar to one constituent than the other.

Sum m ary

When subjects are asked to judge the similarity of a set of infrared spectra
consisting of instances of "the infrared spectrum of an amine", "the infrared
spectrum of a benzenoid compound" and their conjunct the composite
prototype model predicts that the dimensions of the conjunct will be a linear
combination of the dimensions of the constituents. The theory-based view
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predicts that there may be dimensions unique to the conjunct and the binary
view makes no predictions.

As far as the dominance effect is concerned, both the composite prototype
model and the theory-based view allow that the spectra of the conjunct may
be judged more similar to instances of one constituent than to instances of
the other. The binary view, again, makes no predictions.

3 .5 E x p er t-n o v ice d ifferen ces

a) D ifferen ces in th e attrib u tes used to ju d g e sim ilarity

Perceived similarity has been shown to depend on the subjects' level of
domain knowledge. The attributes that subjects rely on when judging
similarity change with experience in a domain.

Melkman, Tversky and Baratz (1981) found that similarity groupings of
objects undergo a perceptual to conceptual shift with age. Their subjects
were children aged between 4 and 9. At age 4 equal numbers of subjects
grouped by colour or form and one grouped by concept; at age 5 most
subjects grouped by colour and a few by form and fewer still grouped by
concept; by age 9, however, the majority of subjects grouped by concept
with only a few grouping by form, and no subject grouping by colour.

In a review of the applications of multidimensional scaling in cognitive
psychology Shoben (1983) discusses a study conducted by Millar and
Gelman (1983). They investigated the development of the concept of
number. Four age groups were used- kindergardiners, third graders, sixth
graders and graduate students. They used the method of triads. Subjects
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judged which of three digits were most similar and which were least similar.
The data for each age group was analyzed separately using MDS. The young
children ordered the digits by magnitude only. For older children and
adults, other relationships were present as well as magnitude. An odd-even
dimension was present for sixth grade students, in addition to a magnitude
dimension. For adults the powers of 2 were closer together in the two
dimensional solution than they would be if subjects were ordering only on
magnitude. These results support the view that there is increasing
complexity in children's conception of number with age.

Shoben (1983) also discusses a study by Howard and Howard (1977). They
studied the similarity judgements of subjects of different age groups for a
set of animal stimuli. Their subject groups were first grade, third grade,
sixth grade and college students. They combined all subjects data matrices
and used INDSCAL, an individual differences multi-dimensional scaling
algorithm. They obtained a three dimensional space in which the three
dimensions extracted were size, domesticity and predativity.

They assessed age differences by examining the weight assigned by
different subjects to each dimension in the subject space. Averaging over
subjects within age groups, they found younger subjects tended to
emphasize the size dimension, while older subjects emphasized the more
abstract domesticity and predativity dimensions. Increasing age was
accompanied by an increasing reliance on abstract dimensions. Their
argument for developmental change relies on an orderly change in the
weights assigned to each dimension.

An analysis similar to that carried out by Howard and Howard (1977) will
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be earned out in the study presented below in order to investigate the
possibility of a shift in the dimensions relied upon with increasing
experience in this domain. However, rather than relying on a comparison of
the average weight assigned to each dimension by subjects within each
group the weights will be input to a discriminant analysis designed to test
whether or not we can discriminate between subject groups with different
levels of expertise.

In their study of the conceptual structures of fighter pilots (discussed in
chapter 1) Schvaneveldt, Durso, Goldsmith, Breen and Cooke (1985) found
that both experts and novices relied on the same dimensions to judge the
similarity of concepts but that experts weighted the dimensions more than
the novices. The validity of the procedure used by Schvanevelt et al. (1985)
to compare expert and novice groups on their weighting of the dimensions
can however be questioned.

They combined the distance matrices for the instructor pilots and for the
guard pilots (both expert groups) and submitted them to an individual
differences scaling procedure (INDSCAL). This yielded an expert space.
They claim that the dimensions found in earlier MDS analyses were mirrored
in this INDSCAL solution. The distance matrix from an undergraduate pilot
(the novice group) was then added to the distance matrices of the experts,
and the space recomputed. This procedure was repeated for all the
undergraduate pilots, combining their distance matrix with the experts
matrices, one at a time and recomputing the space. The dimension weights
for each novice were recorded and compared with the dimension weights for
the experts as derived from the expert space.

Schvanevelt et al. (1985) claim that the results showed that novices
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weighted each dimension less than experts. However, in each recomputation
of the space the dimensions computed would change and so would an
experts’ weighting on a dimension. Dimension weightings for experts have
been taken from the expert space and compared with dimension weightings
*
for novices, each dimension weighting for each novice having been taken
from a different MDS solution space. With each recomputation of the
space the dimensions computed are different dimensions. The dimension •
weightings used by Schvanevelt et al. (1985) might therefore be greater for
experts not because of the differences between experts and novices
conceptual structures but because they are different dimensions. Also,
Schvanevelt et al. (1985) averaged the dimension weightings for novices
again ignoring the fact that these dimensions are actually from different
metric scales. Even allowing the possibility that, in each recomputation of
the space the dimensions were the same dimensions, if you take any group
of subjects and calculate the INDSCAL solution for them and then calculate
the correspondence of other subjects, one-by one to that group, the original
group will resemble each other more closely than the individual outsiders
resemble that group.

In order to overcome these objections, in the experiment reported below the
following analysis was used to discriminate the different subject groups on
the basis of the importance of the dimensions to each group. It is necessary
to find a set of dimensions applicable to all subjects. All subjects data
matrices were therefore combined and a MDS INDSCAL analysis carried
out. The INDSCAL MDS program computes subject weights for each
solution. These subject weights are a measure of the importance of each
dimension to each subject. A discriminant analysis was conducted using
subject weights as variables to determine whether they could be used to
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discriminate among the three subject groups,

b) C onceptual conjunction and expertise
In chapter one empirical work suggesting that novice subjects treat the
*
features of a concept in an additive way whilst experts treat them in a
relational/non-additive way was reviewed (Richardson,1987; Keil,1986;
Diamond and Carey,1986). This work suggests that the structure of a
concept may change with the acquisition of expertise in a domain. Different
models may apply at different levels of expertise.

Experts and novices may differ with respect to attribute inheritance when a
conjunct is formed. Specifically, for novices, the attributes of a conjunct
may simply be the union of the attributes of the two constituent concepts
whereas for experts the attributes of the conjunct may not be a simple linear
combination of the attributes of the constituents. For experts, the conjunct
may have attributes which are not derived from the attributes of the
constituents. If this is the case, then, when subjects are asked to judge the
similarity of infrared spectra, there may be an increase in dimensions unique
to the conjunct for the more expert groups. That is, naive subjects may be
more compositional in their similarity judgements than novices and novices
may be more compositional than experts.

3.6 Sum m ary of questions addressed
The specific questions addressed were:1

1. Which dimensions did the naive, novice and expert groups use in judging
the similarity of the set of spectra used here?
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2. Were these dimensions the same or different for the different subject
groups? The naive, novice and expert subject groups may use different
dimensions in judging the similarity of the spectra. Alternatively, they may
use the same dimensions but differ in the extent to which they rely on these
in judging the similarity of the spectra.

3. Would the dimensions along which the subjects judge the similarity of
the "conjunct spectra" be the same as the dimensions along which they judge
the similarity of "constituent spectra" or would they be different? That is,
would subjects’ representation of the conjunct involve one or more
dimensions not involved in the representation of either constituent concept?

4. Would naive, novice and expert subjects differ in this respect? That is, in
the extent to which their similarity judgements for the conjunct are
compositional?

3 .7 M eth od

S u b je c ts

The expert subjects were 3 expert organic chemists who regularly use
infrared spectroscopy for molecular structure elucidation and were members
of the academic staff of The Open University chemistry department. They
had an average of 16 years experience in interpreting infrared spectra and
their ages ranged from 35 to 55 years.

The novice subjects were 3 PhD students of the same department whose
specialist field was also organic chemistry and who also interpret infrared
spectra for molecular structure elucidation in the course of their work. They
were between the ages of 22 and 26 years.
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The naive subjects were 6 volunteers whose education in chemistry did not
go beyond O-level standard. Their ages ranged from 19 to 57 years.
*

M a teria ls

The following strategy was adopted in choosing the set of spectra used.
Firstly, two functional groups, an Amine group and a Benzene ring were •
selected. A set of spectra of compounds containing these groups was then
selected from the Aldrich Library of Infrared Spectroscopy (see Pouchert
1970). The set consisted of three subgroups of spectra, that is, of the
spectra of 9 compounds which have an amine group but not a benzene ring;
of 10 compounds which have a benzene ring but not an amine group; and of
11 compounds which have both a benzene ring and an amine group. In
addition to these functional groups 17 of the compounds had other
functional groups. 16 had a carboxylic acid group, 1 a carbonyl group, 2 a
chlorine group and 1 had an HC1 (hydrochloric acid) group. There were a
total of 30 spectra in the set. Appendix C lists their Aldrich library number
and the functional groups present in each.

Each spectrum was photographed from the Aldrich library. Black and white
prints were made. These were 50% larger than the print in the Aldrich
library, that is, they were 17.5 cm by 5.5 cm. The molecular structure of
the molecule which appeared on each spectrum was blocked out so that the
subjects saw only the spectrum of the molecule and not the molecule itself.
Examples of the spectra, one from each of the three subgroups, are
illustrated in Appendix I.

P ro ced u re

96

A conditional similarity ranking task was used. Subjects were run
individually in one session. No time limit was imposed on the subjects. A
session took between 1 hour and 1 hour 45 minutes. A number of spectra
(9 for experts and 12 for novices and naive subjects) were chosen at random
*
from the set and used as referents. There were equal numbers of referents
for each of the three categories "the spectrum of an Amine", "the spectrum
of a Benzenoid compound" and "the spectrum of an Amine which is also a
Benzenoid compound" .The remaining 29 spectra were ranked according to
their similarity to the referent. The subject was presented with the following
instructions and the experimenter read them aloud to the subject.

I n str u c tio n s

You will find a set of photographs of infrared spectra in front of you. On
each spectrum there is a number in the top left hand comer. These numbers
have been chosen randomly, and are only intended to identify the spectra.

Please spend a few minutes looking through the photos. I suggest that you
make comparisons between the spectra to see how they vary.

Here are the instructions for what you have to do in this experiment:

1. The experimenter will place a referent on the top left hand comer of the
table in front of you. Examine this referent carefully.
2. From the remaining spectra, choose the one that you think is most similar
to the referent. Place it under the referent.
3. Now, from the remaining spectra choose the one that you think is next
most similar to the referent and place this under the last spectrum you laid
down. Continue doing this until all the spectra have been used up.

97

4. The experimenter will write down the order in which you have ranked the
spectra and will then place a new spectrum at the top left hand comer of the
table.
5. Repeat instructions 1 to 4 for this new spectrum.
There will be 10/13 referents in all. The first is a practice trial.

NB.
Complete the task at your own pace and please remember that there are no
right or wrong answers; I am only interested in how you think about it.

The subject was then asked if she/he had any questions.

3 .8 R e su lts

S u b ject groups IN D S C A L analyses

A multidimensional scaling analysis using INDSCAL was carried out for
each subject group's data. The entries to each subject’s 30 by 30 matrix
consisted of the 9 by 30 or 12 by 30 rows generated from the conditional
similarity ranking procedure. The remaining entries were treated as missing
data by INDSCAL. In order to address question 1, that is, which
dimensions did the subjects use, the optimal dimensionality for each
group's analysis was determined. The dimensions of the solution with
optimal dimensionality were then interpreted. This also gave some
indication of whether the different subject groups used the same or different
dimensions.

Optimal dimensionality for each groups data was determined by a number of
factors. Kruskal and Wish (1978) point out that there is no good statistical
method for determining the "correct" or "true" dimensionality. They also
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point out that when multidimensional scaling is used as a descriptive model
for representing and understanding the data, as it is here, the decision about
the dimensionality to use for a given set of data is as much a substantive as
it is a statistical question.Other considerations enter into the decision about
appropriate dimensionality such as interpretability, ease of use, and
stability.
•

The two main factors used in making the decision here were the Issac and
Poor (1974) statistical procedure for determining dimensionality and the
interpretability of the solutions.

Isaac and Poor (1974) suggest a procedure for estimating optimal
dimensionality (see Appendix D for a full description). This involves taking
the dimensionality at which "the constraint index" is maximum to be the
optimal dimensionality. The constraint index is computed from the stress of
a solution (see Appendix D for equation). Figure 3.1 shows the constraint
index plotted against solution dimension for the different subject groups
INDSCAL analyses. INDSCAL does not produce a one dimensional solution
so to get a better idea of optimal dimensionality ALSCAL analyses for the
individual subjects data were carried out and similar plots of constraint
against dimensionality were examined (see figures 3.2, 3.3 and 3.4).
Unfortunately, whilst these analyses was being carried out there was a
change in the version of ALSCAL on the VAX mainframe before the naive
subjects’ analyses could be done. The new version would not give a one
dimensional solution for these subjects. Examination of figures 3.1, 3.2,
3.3, and 3.4 show that the optimal dimensionality of all solutions is no
more than 2. It was also found that whereas the two dimensional solutions
were easily interpreted, higher dimensional solutions were not.
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Figure 3.3

Optimal dimensionality for the individual novice subjects
ALSCAL analyses
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F ig u re 3.4 (contl) Optimal dimensionality for the individual naive subjects'
ALSCAL analyses
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Figures 3.5, 3.6, 3.7 show the two-dimensional INDSCAL solutions for the
expert the novice and the naive subject groups. Examination of these plots
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suggested the following interpretations for the dimensions.

Experts (see figure 3.5)
Dimension 1 separates the spectra of compounds which have a carbonyl
group in the molecule from those that do not. It can be seen from an
examination of figure 3.5 that, with one exception, the spectra of
compounds which have a carbonyl group (denoted by bold type face) have a
negative value on dimension 1 whilst those that do not have a carbonyl
group have a positive value. Dimension 1 clearly separates these two
groups, with the one exception lying on the border, near zero.

Dimension 2 separates spectra which have no absorption or very little
absorption around 3500 - 3400 cm-* on the spectrum from those that have
clear absorption bands around this position. The N-H stretch vibration
absorbs between 3500 and 3100 cm-1. The presence of this band indicates
that there is an N-H bond in the molecule. Primary amines have 2 medium
intensity, sharp absorption bands due to N-H stretching, one usually found
around 3400 cm“* and one around 3500 cm_l. Secondary amines have one
medium intensity absorption band between 3500 and 3310 cm*1. Hydrogen
bonding shifts this band to between 3400 and 3100 cm*1. Tertiary amines
have no N-H bond in the molecule and therefore have no absorption bands
due to the N - H stretch, ie. no absorption in the region 3500 and 3100 cm*
1. Appendix E explains in detail the differences in molecular structure
between primary, secondary and tertiary amines.

In the experts’ solution, 17 spectra had positive values on dimension 2 and
13 had negative values. Of the 17 with positive values, 10 do not have an
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amine group, that is, they are "benzenoid only” compounds. Of the seven
others 3 are tertiary amines and 4 are
Figure 3.5
The two-dimensional INDSCAL solution for the expert group of subjects
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primary amines (with no absorption in the primary amine range, 3500 3400 cm-1). Of the 13 with negative values, 11 are primary amines and 2
are secondary amines. All spectra with negative values on dimension 2 have
a clear absorption peak at 3500 - 3400 cm”*.
■4

Novices (see figure 3.6)
An examination of figure 3,6 reveals that the two dimensions uncovered for
the expert group of subjects also apply to the novice groups solution too.
However separation of the different sets of spectra along the dimensions is
less clear. Some spectra of compounds with a carbonyl group have a
positive value on dimension 1 and some which don’t have a carbonyl group
have a negative value. Also, one spectrum which for the experts had a
positive value on dimension 2 has, for the novices, a small negative value.
This is spectrum 20 (see Appendix C), the spectrum of Di-n-dodecylamine.
Finally, one spectrum which for the experts had a large negative value on
dimension 2 has a small negative value for the novices. This is spectrum 1,
the spectrum of 6 Aminochrysene.

Naive subjects (see figure 3.7)
There is np obvious interpretation of this solution in the terms of the
domain. Consideration of the perceptual characteristics of the spectra,
however, suggested that dimension 1 separated the spectra in terms of the
pattern of absorption observed between 5000 cm’1 and 1300 cnr1 (that is, the
characteristic functional group section of the spectrum). Specifically spectra
with one wide band or many narrow bands in this region of the spectrum are
located at the negative end of dimension 1 whilst spectra at the positive end
of dimension 1 have only one narrow peak on this part of the spectrum.
This dimension also appears to weakly separate the spectra of carbonyl
compounds from non-carbonyl compounds, with most spectra of carbonyl
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compounds having negative values on this dimension. An examination of
Figure 3.6
The two-dimensional INDSCAL solution for the novice group of subjects

Dimension 2
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Figure 3.7
The two-dimensional 1NDSCAL solution for the naive group of subjects
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figure 3.7 reveals that this dimension also weakly separates the A spectra
from the B spectra, with 7 (out of 9) A spectra having negative values on
this dimension and 7 (out of 10) B spectra having positive values.
Dimension 2 was uninterpretable.

The optimal dimensionality for all subject groups data has been found to be
no more than 2 and it has been found that experts and novices use the same
dimensions to judge the similarity of the spectra, with the experts achieving
clearer separation. The naive subjects appear to use a perceptual dimension
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which correlates with the dimensions used by the experts and novices.

D iscrim ination of conjunct spectra
We now turn to question 3. Do the conjunct spectra have dimensions of
similarity not simply derived from some combination of the dimensions of
the constituent spectra? For each subject group there are two questions that
need to be addressed: Firstly, do subjects treat the A spectra significantly,
differently from the way they treat the B spectra? Secondly, do subjects
treat AB, conjunct spectra significantly differently from a linear
combination of the A spectra and the B spectra?

The first question can be addressed by asking whether it is possible to
identify a weighted linear combination of the dimensions along which
subjects judge the similarity of the spectra (that is, a discriminant function)
which will significantly discriminate between the A spectra and the B
spectra? If such a function can be found then it can be said that there exists
a dimension along which A and B spectra are discriminated.

Discriminant analyses on each groups 4 dimensional MDS solution were
carried out to answer these questions. The four dimensional solutions were
chosen because a dimensionality greater than the optimal dimensionality
should guarantee that all available information in the data is being used,
whilst none is being lost from higher-order dimensions. Optimal
dimensionality for all three subject groups INDSCAL analyses has been
shown above to be probably no more than 2. Using additional dimensions
than the optimal should not matter if the higher dimensions are irrelevant as
the discriminant analysis will collapse the dimensions down into the most
relevant projections.
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To determine whether the A spectra were treated significantly differently
from the B spectra the data points for the AB spectra (11 cases) were
deleted from the four dimensional INDSCAL MDS analysis (for each group
of subjects) leaving a 4D solution based on the 19 cases of Amine only and
Benzenoid only spectra. The weightings of each spectrum on each
dimension were input to a discriminant analysis to test whether or not these
two groups of spectra had been treated significantly differently by the
subjects.

This analysis was significant for all subject groups. For the naive group,
chi-squared = 15.862, D.F. = 4 with p < 0.01, and % of cases correctly
classified = 89.5%. For the novice group, chi-squared = 15.516, D.F. = 4
with p < 0.01, and % of cases correctly classified = 94.7%. For the expert
group, chi-squared = 12.284, D.F. = 4 with p < 0.05 and % of cases
correctly classified = 78.9%.

If subjects treat the AB, conjunct spectra significantly differently from a
linear combination of the A spectra and the B spectra then it will be possible
to find a dimension along which the AB spectra differ significantly from
the dimension which discriminates the A spectra from the B spectra. This
dimension will be orthogonal to the dimension along which the A spectra
differ from the B spectra.

The significant discriminant function identified, for a subject group, in the
above discriminant analyses is the dimension along which the A spectra
differ from the B spectra. The discriminant analysis described below will
attempt to find a discriminant function (and therefore identify a dimension)
along which the AB spectra differ significantly from the A and the B
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spectra. Together these discriminant analyses amount to an orthogonal
decomposition of the variance in a subject group's similarity data. The
variance is decomposed into that which can be accounted for by the
dimension along which the A and B spectra differ and that which can be
accounted for by the dimension along which the AB spectra differ from the
A and B spectra (see figure 3.8).

Figure 3.8
Orthogonal decomposition of the variance into that which can be accounted for by
the dimension along which the A and B spectra differ and that which can be accounted for
by the dimension along which the AB spectra differ from the A and B spectra. The first
discriminant analysis tests whether the distance between the A centroid and the B centroid
is significant and the second tests whether the perpendicular distance between the AB centroid
and the the discriminant function through groups A and B is significant
A B

A

cen tro id

B

cen tro id

cen tro id

The discriminant function through
groups A and B.

To answer the second question the 30 data points for the entire set of
spectra in the 4D MDS space were projected into the space orthogonal to the
discriminant function through groups A and B. The position of a projected
point was given by the first (d-1) components of
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( I - v v'/ v'v) x

where

I

is the identity matrix

v is the canonical discriminant function between the A and B
*

spectra in the 4-dimensional space.
v' is the transpose of that function
x is the vector of a point to be projected

This transformation removes the variance in the data that can be accounted
for by the dimension along which A and B differ thereby reducing the
dimensionality of the data from 4 to 3.

A discriminant analysis was then carried out on the transformed data to test
whether or not the AB spectra were treated significantly differently from
both the A and B spectra. The A spectra and B spectra were coded as group
1 and the AB spectra as group 2.

This analysis was not significant for the naive subjects (chi-squared =
4.8390, D.F. =s 3, p > 0.05, % of cases correctly classified s= 76.67%) or
the experts (chi-squared = 5.509, D.F. = 3, p > 0.05, % of cases correctly
classified = 73.33%) but was significant for the novice group (chi-squared
= 17.28, D.F. = 3, p < 0.001, % of cases correctly classified = 93.33%)

This means that for the expert and naive subject groups the AB centroid lies
on the same line as that joining the A centroid and the B centroid and there
is no additional dimension which discriminates it from them.
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T he concept dom inance effect
Given that AB lies on the same line as A and B does it lie nearer A than B?
Hampton (1988) found that there was an asymmetry between the constituent
concepts in their influence on conjunctive concept membership. If subjects
judge a spectrum’s membership in the conjunctive concept by judging it's
similarity to a compositional prototype then this effect should also show up
in subjects similarity judgements. Specifically, the "conjunct spectra"
should be judged more similar to one constituent than to the other. This
possibility was investigated by examining the relative positions of the
centroids of the three groups of spectra on an A versus B versus AB
discriminant analysis for each of the three subject groups.

Figures 3.9, 3.10 and 11 show the positions of spectra along the two
discriminant functions derived in each subject group’s A vs B vs AB
discriminant analysis. For the expert group one function was significant,
chi-squared = 25.219, df = 8, p < 0.01. This function accounted for 88.7%
of the variance in the data. There were two significant functions for the
novice group. For the first significant function, chi-squared = 33.065, df =
8 with p < 0.001. This function accounted for 70.5% of the variance in the
data. For the second significant function chi-squared = 11.361, df = 3, p <
0.01. This function accounted for 29.5% of the variance in the data. For the
naive subject group one function was significant, chi-squared = 22.130, df
= 8, p < 0.01. This function accounted for 82.4% of the variance in the
data. Two planned comparisons were computed, for each subject group, on
the discriminant function that accounted for the majority of the variance in
that groups’ data. Firstly, the mean of constituent A was compared to the
mean of constituent B. This was significant for all three subject groups,
with F (l, 4) = 3.75, p < 0.05 for the expert group, F (l,4) = 5.40, p < 0.01
for the novice group and F(l,4) = 5.82, p < 0.01 for the naive group.
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Secondly, the mean of the conjunct was compared to the mean of each
constituent to determine if there was any significant asymmetry. This was
significant for the expert group with F(l,4) = 4.86, p < 0.01, and also for
the novice group with F(l,4) = 5.87, p < 0.01. It was not significant for
the naive subject group. An inspection of the relative positions of the three
groups of spectra on the one significant function for the experts revealed
that the AB centroid and the B centroid were farthest apart, with the A
centroid lying between. Therefore the centroid for the A spectra was closer
to the AB centroid than to the B centroid (see figure 3.9). This same pattern
was observed for the novice group on the first significant function (see
figure 3.10). This indicates that both the experts and novices show a
dominance effect of A on the discriminant function accounting for the
majority of variance in the data, that is, AB spectra were judged more
similar to A than to B. The AB centroid was almost exactly halfway
between the A centroid and the B centroid for the naive subject group on the
one significant function derived (see figure 3.11). This indicates that for the
naive subjects there was no dominance effect.
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F igure 3.9
A plot of the position of spectra on the discriminant functions derived
in the A vs B vs AB discriminant analysis for the expert subject group.
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Figure 3.10
A plot of the position of spectra on the discriminant functions derived
in the A vs B vs AB discriminant analysis for the novice subject group.
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F ig u re 3.11
A plot of the position of spectra on the discriminant functions derived
in the A vs B vs AB discriminant analysis for the naive subject group.
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A ll su b je cts 1 N D S C A L a n a ly s is

We now explore question 2 in detail, that is, whether or not the naive,
novice and expert subject groups varied significantly in the extent to which
they relied on particular dimensions in judging the similarity of the spectra.
The results of the individual subject groups’ MDS analyses showed that the
expert and novice groups’ solutions could be described by the same two
dimensions and that the dimensions describing the naive subject group’s
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solution were correlated with these dimensions.

Is it possible to discriminate the naive, novice and expert groups on the
basis of the importance of the dimensions to each group? In order to answer
*
this question it is necessary to find a set of dimensions applicable to all
subjects. All subjects data were therefore combined and a MDS INDSCAL
analysis carried out.

Figure 3.12 shows a plot of constraint index against solution dimension.
Optimal dimensionality was found to be no more than 2. The two
dimensions were found to be the same as those found for the expert and
novice groups in the individual INDSCAL analyses described above.
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The INDSCAL MDS program computes subject weights for each solution.
These subject weights are a measure of the importance of each dimension to
each subject. Mean subject weights on each dimension o f the combined 4D
solution for the naive, novice and expert groups are shown in table 3.1.
Examination of the four dimensional solution revealed that dimension 1 is
the carbonyl/no carbonyl dimension, dimension 2 is the dimension
separating spectra with no absorption around 3500 - 3400 cm 'l from spectra
with absorption around this position, dimension 3 appears to separate
spectra according to whether they have one or several absorption peaks in
the characteristic functional group section o f the spectrum and dimension 4
weakly separates the aromatic amines from the non-aromatic amines.

A discriminant analysis was conducted using subject weights on all four
dimensions of the 4D solution as variables to determine whether they could
be used to discriminate among the three subject groups. Two functions
were derived. One function was significant, chi-squared = 21.9, df = 8, p<
0.01.
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Table 3.1:
Means for the 4 subject weight variables for the expert, novice and naive subject groups.
„ ,.
Subject
Group

Mean subject weight on:
D im l

Dim 2

Dim 3

Dim 4

Expert

0.810

0.338

0.269

0.287

Novice

0.577

0.444

0.441

0.381

Naive

0.422

0.503

0.509

0.375

*

Table 3.2: Group centroids for the three subject groups using the
4 dimension weightings as variables.
Function 2

G ro u p

Function 1

Expert

4.016

- 0.661

Novice

1.234

1.138

Naive

- 2.625

- 0.238

Percentage of cases correctly classified 100%. This function accounted for
94.5% of the variance in the data. Group centroids for each of the three
groups on each function derived are reported in table 3.2. These scores are
interpreted to be the number of standard deviations for each group from the
average of all groups on the function. The group centroids demonstrate that
a significant degree of discrimination exists between the groups on function
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1. Figure 3.13 shows the position of all subjects and the group centroids on
the two functions derived. Examination of this plot reveals that the three
subject groups are linearly separable on the first function. This suggests
that there is a steady progression from naive subject to novice to expert.

Table 3.3 shows the standardized discriminant function coefficients for the
four dimensions on function 1. Dimension 1, that is the carbonyl/no
carbonyl dimension has the highest coefficient indicating that the function
discriminates the three groups mainly on the relative importance of that
dimension. Univariate F tests were conducted to determine the significance
of each of the four variables. Two of the four variables (ie. dimension 1 and
dimension 3) varied significantly among some of the groups with p < 0.01
(see table 3.4). However, on Roy-Bargman stepdown F-tests only
dimension 1 was significant. These results together with an examination of
table 3.1 reveal that in progressing from naive subject to novice to expert
there is a steady increase in subjects use of dimension 1 in judging the
similarity of the spectra used in the present task.

Although the second function was not significant, it separated the novice
group from the expert and naive subject groups. This may reflect the "extra"
dimension, discriminating AB from A and B, found to be present in the
novice group's data but not found in the data for the naive and the expert
groups.
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Figure 3.13
A plot of the position of individual subjects on the discriminant functions derived
in the subject groups discriminant analysis.

Key
E = expert subject
N = novice subject
A = naive subject

e = expert centroid
n = novice centroid
a = naive centroid
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T able 3.3:
S tan d ard ized discrim inant
function coefficients on function 1

variable

coefficient

Dim 1

3.48

Dim 2

1.73

Dim 3

1.13

Dim 4

1.88

T able 3.4:

Univariate F tests with (2,9) degrees of freedom

significance
variable

F

of F

Dim 1

17.8

.001

Dim 2

3.5

.077

Dim 3

8.6

.008

Dim 4

0.7

.504
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S um m ary o f the results for the sim ilarity ju d g em en t task
a. Dimensions used to judge similarity of spectra
All subject groups judged the similarity of spectra along two dimensions.
For experts and novices these clearly corresponded to firstly, whether the
structure of the molecule did or did not incorporate a carbonyl group and
secondly, whether the molecule could or could not be said to be a primary
amine with certainty. For the naive subjects one dimension used seemed to
correspond to the overall amount of absorption in the characteristic
functional group section of the spectrum whilst the other dimension was
uninterpretable.
b. Discriminant analysis showed that the novice group of subjects treated
the spectra of molecules which had both an amine and a benzene ring in the
structure (conjunctive spectra) significantly differently from spectra which
had just one of these functional groups in the molecule (constituent
spectra). Experts, however judged the similarity of conjunctive spectra
along the same dimensions as they judged the constituent spectra and so did
the naive subjects. Another way of putting this result is to say that for the
experts (and the naive subjects), the conjunctive spectra were not
discriminable from the constituent spectra on the basis of their similarity
judgements whereas for the novices they were.
c. For both the expert and the novice groups, there was a significant
dominance effect with conjunctive spectra being judged more similar to the
spectra of amines (A) than to the spectra of benzenoid compounds (B).
There was no asymmetry observed between A and B for the naive subject
group.
d. It was possible to discriminate the three groups of subjects on the basis
o f their similarity judgments. The three groups varied significantly on the
extent to which they relied on the carbonyl/no carbonyl dimension with a
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steady increase in going from naive subject to expen.

3.9 G eneral Discussion

T he dom ain theory and the perceived sim ilarity of in frared
sp e c tra

The dimensions uncovered for the expert and novice subject groups were the
same. They reflected the domain theory. The subjects appeared to be
judging whether or not two functional groups were present in the
compound, that is, the carbonyl group and the amine group.

There are three possible reasons why these dimensions emerged whereas
B/not B did not. These are perceptual salience, diagnosticity and using a
conceptual hierarchy to guide classification. All three may be relevant.

Perceptual salience

The A and C dimensions may be the most perceptually salient for infrared
spectra either in general or between the functional groups present in this
group of stimuli. Support for this explanation comes from the fact that one
of the dimensions emerging from the naive subject groups' data correlated
with the carbonyl/no carbonyl distinction. Also the primary amine doublet
was reported to be perceptually salient by some subjects; being a doublet it
appears to "stand out" (see Appendix I).

Diagnosticity

It may be that the primary amine group and the C = 0 group have absorption
peaks with greater diagnosticity than the benzene ring has. That is, it may
be that the absorption peaks associated with these two functional groups are
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less variable across different contexts than the absorption peaks associated
with a benzene ring.

Using a conceptual hierarchy
It may be that subjects use a conceptual hierarchy to classify spectra before
judging similarity so that judgements of similarity are as much a result of
classification as classification is of perceived similarity. The conceptual •
hierarchy guiding the process of classification may be such that the
carbonyl/ no carbonyl classification and the amine/ not amine classifications
take place before others (eg. before the benzenoid/ not benzenoid). It may
be important to determine whether or not a C=0 (or an amine group) is
present before classifying an infrared spectrum further. Many classes of
organic compound have a C =0 bond ( /an N-H bond) eg. carboxylic acids
(eg. amides) and further interpretation would be necessary to decide
between them.

A combination of the above three possibilities may be the case. For
example, it may be that subjects use the heuristic "use the category cued by
the less variable feature as the reference category and proceed with
classification from there". If so then the presence of the primary amine
doublet would allow subjects to enter the A - AB, just A hierarchy at the A
level.

E x p e r t-n o v ic e d ifferen ces

The novice group differed from the expert group in the clarity of the
separation of the spectra along the dimensions. For the novice group the
separation was weaker than for the experts, although it was still quite clear.
It was possible to discriminate the three groups of subjects on their
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weighting of the carbonyl/no carbonyl dimension. There was a steady
increase in the weighting of this dimension with increase in subject
expertise.

In contrast to this quantitative difference between the expert and the novice
groups, the dimensions uncovered for the naive subject group were
qualitatively different from the dimensions uncovered for the other two
groups. One of the dimensions, that is, the overall amount of absorption in
the characteristic functional group section of the spectrum, is clearly a
perceptual dimension. This is in contrast to the conceptual dimensions
uncovered for the novice and expert groups. These results parallel the
results showing a perceptual to conceptual shift with age/experience as
outlined in the introduction (Schvaneveldt, Durso, Goldsmith, Breen and
Cooke,1985; Melkman, Tversky and Baratz,1981; Howard and
Howard,1977; Millar and Gelman,1983).

The data support the conclusion that there is a qualitative change in the
dimensions underlying subjects’ conceptual structure in going from a naive
subject to a novice, that is, the features underlying the conceptual structure
change. Furthermore the data also support the conclusion that there is, at
least, a quantitative change in the transition from a novice subject to an
expert.

C om positionality o f th e conjunct
There was a second qualitative difference between the subject groups. This
was a difference between the novice group’s conceptual structure and both
the expert and naive subject groups' conceptual structures. The novice
group of subjects judged the similarity of the conjunct spectra along a
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dimension which was not a linear combination of the dimensions involved in
the representation of either constituent concept. Experts and naive subjects,
however judged the similarity of conjunct spectra along the same
dimensions as they judged the constituent spectra. An interpretation of this
"extra" dimension for the novice group of subjects will be offered in the
*
context of the results of the membership judgement study reported in '
chapter 4.

This result is in the opposite direction to that predicted by the composite
prototype model and expected from the work of Keil (1986) and Richardson
(1987). It seems that the novice group were less compositional in their
similarity judgements than the expert group.

Taken in isolation, the results for the experts are consistent with both the
composite prototype model and the theory-based view. In contrast, the
results for the novices and the expert-novice difference are consistent only
with the theory-based view of concepts. The fact that novices represent
spectra, which are instances of the conjunct, along a dimension along which
they do not represent spectra which are members of the constituent
concepts, goes against the composite prototype view. The composite
prototype model allows that the representation of a conjunct may be noncompositional, but only for familiar concepts.

As the binary view has nothing to say regarding similarity judgements, all
the results obtained are consistent with it.

T he dom inance effect
Subjects with no knowledge of the domain show no asymmetry in the extent
to which they judge AB spectra as similar to A and to B spectra. Subjects
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with specialized knowledge of the domain do exhibit an asymmetry. The fact
that both PhD students and expert chemists exhibit an asymmetry in the
same direction, and that the naive subjects do not, suggests that the
dominance of A is not simply due to a difference in perceptual salience
between A's features and B's features. It seems that the domain theory has
an influence. The nature of this influence will be discussed further in
chapter 4. These results are consistent with both the theory-based view of
•

concepts and the composite prototype model. The binary view makes no
predictions regarding similarity and so the results are not inconsistent with
such a view.

If the categorization of an item depends on the similarity of the instance to a
prototype then these results predict a similar dominance of A in
categorization judgements, for both the expert and novice subjects.

Sum m ary
The dominance effect taken together with the compositionality differences
between experts, novices and naive subjects shows that subjects' similarity
judgements are influenced by their knowledge/theories of the domain.
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C h ap ter 4
E x p ert an d novice m em bership judgem ents of in frared sp ectra

4.1. In tro d u c tio n

4.1.1 F o rm atio n of a conjunct
a) T he com posite prototype model
When a conjunct is formed the composite prototype model assumes that the
sets of attributes for the constituent concepts are overlaid in a noninteractive manner, the relative importance of each attribute for the two
concepts being summed to give the importance for the conjunct. It therefore
predicts that membership in the conjunct will be a weighted average
function of membership in the constituents. The membership value of an
item in the conjunct will lie between the two constituent membership
values. We can expect then that an item may be judged to be a non-member
of one of the constituents and yet be judged a member of the conjunct.
Hampton (1988) terms this overextension of the conjunct. He found
support for these predictions for conjuncts such as SPORTS which are
GAMES. The present study tests, for both expert and novice subjects,
whether or not they hold for the conjunct "the infrared spectrum of an
amine which is also a benzenoid compound".

The composite prototype model makes these two predictions (of
membership in the conjunct being a weighted average of membership in the
constituents and overextension of the conjunct) for both expert and novice
subjects. Hampton (1988) suggests, however, that the composite prototype
model will be a better fit for novel concepts than for familiar concepts. He
argues that concepts with which subjects are more familiar are more likely
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to have non-compositional attributes than novel concepts. This could be
because of subjects’ greater experience with instances of the conjunct.
Hampton refers to this as extensional feedback. Alternatively, it could be
because subjects are able to infer non-compositional attributes from the
wider knowledge base within which the concepts are embedded. In this
respect Hampton's approach agrees with theory-based approaches.
However, the composite prototype model predicts that both of these
mechanisms should only be applicable to familiar concepts. This means that
novice subjects composite prototype for a conjunct should consist only of
attributes of the constituents. For subjects who are more familiar with the
concepts the conjunct may have non-compositional attributes. This suggests
that a weighted average function for predicting membership in the conjunct
will be a better fit for the novice subject group than for the expert subject
group. According to the composite prototype model novices should be more
compositional than experts.

In contrast to this, the results of the similarity judgement study
demonstrated that novices were less compositional in their similarity
judgements than experts. They judged the similarity of spectra of
compounds that are both amines and benzenoid compounds along a noncompositional dimension. No such dimensions were found for experts. If
categorization is based on the similarity structure of items this result
suggests that a weighted average function may be a better fit for experts
than for novices. This is in line with the theory-based approach which
allows that any concept novel or familiar can have non-compositional
attributes derived by inference from the wider knowledge base. The theorybased approach is discussed further below.

132

The composite prototype model also predicts that subjects will overextend
the conjunct. That is, an item may be judged a member of the conjunct but
not a member of one or both constituents. However, membership
judgements are to some extent probabilistic. The same subject may make
different decisions on different occasions to the same category judgement
(Barsalou, 1984). This intrasubject variability may lead to inconsistency so
that some overextension of the conjunct would be expected even if subjects
use a Boolean combination rule to decide conjunct membership. The binary
view o f concepts holds that subjects will use a Boolean combination rule to
determine membership in the conjunct. Chater, Lyon and Myers (1990)
claim that it is possible to have a binary view of concepts which does not
assume a Boolean combination rule for the formation o f a conjunct. Most
versions of the binary view, however do make this assumption. How then
can we decide between the composite prototype model and the binary view?

Chater, Lyon and Myers (1990) show that if membership in the conjunct is
determined by Boolean combination the probability of an underextension
should equal the probability of an overextension (see Appendix F for their
mathematical proof). The binary view holds that the probability of
membership in the conjunct is a multiplicative function of the probabilities
of membership in the constituents. That is, it has the form:

p(conjunct) = p(constituent 1) * p(constituent 2)

—eqn A

The composite prototype model, in contrast, assumes only that membership
in the conjunct is a weighted average function of membership in the
constituents. In addition to allowing the possibility that the function has
the form of equation A it also allows the possibility that probability of
membership in the conjunct is a weighted additive function of the
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probabilities of membership in the constituents. That is, that the function
has the form:

p(conjunct) = cj * p(constituent 1) + C2 * p(constituent 2) —eqn B

Furthermore, the composite prototype model also allows the possibility that
the function has both additive and multiplicative components. That is:
p(conjunct) = c i * p(constituent 1 ) + C2 * p(constituent 2 )
+ C3 * p(constituent 1) * p(constituent 2) -e q n C

If the number of overextensions and underextensions is significantly
different, the binary view is disconfirmed. If the number of overextensions
and underextensions are not significantly different then we cannot
differentiate between the composite prototype model and the binary view.
Chater, Lyon and Myers (1990) found that overextensions were
significantly greater than underextensions for concepts such as SPORTS,
GAMES and their conjuncts. The present study tests the binary view for the
concepts "the infrared spectrum of an amine", "the infrared spectrum of a
ben 2 enoid compound" and their conjunct.

The composite prototype model predicts overextension for both experts and
novices. There could be differences in the relative importance of attributes
for experts and novices and this may give rise to differences in
overextension. There is no principled basis for predicting the direction of
any differences in this respect. Novices might rate some attributes as
relatively more important than experts or vice versa. They might therefore
overextend to a greater or lesser extent than experts but without further
assumptions the composite prototype model does not predict which
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direction.

b) T he theory-based view
Chater, Lyon and Myers (1990) claim that in order to understand the
ove'rextension of conjuncts it will be necessary to take account of subjects
understanding of the world, that is, subjects theories or mental models.
•

They put forward "the compensation hypothesis" to explain the fact that
subjects are biased in favour of overextending their categories. Subjects
attempt to find the best fit for a list of properties and items narrowly failing
on one component are not usually excluded. The compensation hypothesis
predicts that the more criteria that must simultaneously be fulfilled, the
more overextensions we should observe. They tested the compensation
hypothesis by comparing subjects ratings of triple conjuncts, binary
conjuncts and single categories. They found that subjects judging triple
conjuncts overextended significantly more than those judging binary
conjuncts and those judging single categories. This finding goes against the
view that subjects use a Boolean combination rule when deciding
membership in the conjunct, if they did the number of overextensions and
underextensions should not differ and should be the same for all three
groups.

They claim that the phenomenon of overextension can be construed as an
example of the context dependency of category judgements. When subjects
have a number of criteria to meet simultaneously, they tend to interpret
these criteria more leniently than when they are judged independently. Thus
when a simple category is in the context of being a constituent of a complex
category, it is overextended by the subject.
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They argue that the compromises made in this "best fit matching" are a
product of the subjects’ understanding of the whole situation. A full
account of conceptual combination will require that subjects' theories or
mental models be taken into account.

This account of overextension is very similar to that given by the composite
prototype model. The main difference is that Chater, Lyon and Myers
(1990) do not refer to a prototype representation. Their explanation is
couched in processing terms. Indeed, they question the necessity of the
concept of a prototype representation. Judging the similarity of an item to a
prototype, that is matching the features of the item to the features of the
prototype and placing a criterion for membership, becomes attempting to
find the best-fit for a list o f properties. However, a model should be
couched in both representation and processing terms (Anderson 1978)
Processes operate on representations. Rather than questioning the necessity
o f a prototype representation it would seem more appropriate to question
the sufficiency of the concept o f similarity to the prototype as the basis of
categorization. Murphy and Medin (1985) and Medin and Wattenmaker
(1987) do just this. They argue that both matching features and inferences
are important in judging category membership. Inferences from the
subject's theory/mental model can result in the conjunct having attributes
that neither constituent has. The theory-based view therefore allows the
possibility that the relationship between membership in the conjunct and
membership in the constituents has the form:

p(conjunct) = c i * p(constituent 1 ) + C2 * p(constituent 2 )
+ C3 * p(constituent 1) * p(constituent 2) + X —eqn D
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where X is unique to the conjunct.

The theory-based view therefore provides that the formation of a conjunct
can be non-compositional. It predicts that membership in the conjunct can
behiore than just a weighted average function of membership in the
constituents. Factors independent of membership in either constituent may
be required to accurately predict membership in the conjunct. The
composite prototype model also allows the possibility that such factors be
required, but as discussed above in only for the expert subject group. The
theory-based view, in contrast, allows the function determining
membership in the conjunct to take the form of equation D for both the
expert and novice group, for neither group or for one group alone.

Non-compositional attributes could also be a source of overextension. An
instance might be more likely to be judged a member of the conjunct than
one or both constituents because it possesses the non-compositional
attributes of the conjunct.

c) T he b in ary view
The binary view predicts that membership in a conjunct will be reserved for
items that are members of both constituents. Membership in the conjunct
will be a multiplicative function of constituent membership values. A
Boolean combination rule will be used to decide conjunct membership.

For the binary view to account for greater overextension than
underextension of the conjunct requires the violation of its assumptions
(cf. Hampton 1988). There are two possibilities.
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Firstly, subjects may use a Boolean combination rule but lower the
membership threshold for one constituent (when in the context of the
conjunct), provided that an item is a good member of the other. However,
the binary view assumes core definitions and consequently membership in a
category is all-or-none. This account of overextension violates these
assumptions. It also predicts more errors and a greater bias towards YES
when making the conjunct membership decision than when making the
constituent membership decisions. These predictions are tested in the
present experiment.

Secondly, it may be that although subjects use a Boolean combination rule,
the nature of the representation of the two concepts is altered by being in
the context of a conjunct. The conjunct membership decision would then be
based on altered semantic representations. For example, the two constituent
concepts might have a greater (or fewer) number of defining features in the
context of the conjunct than in the context of the constituent. Again this
explanation violates the assumption of a core definition and all-or-none
membership in a category.

4.1.2 T he dom inance effect
The concept dominance effect is an important phenomenon against which
different models of conceptual combination can be tested (cf Hampton
1988). It is theoretically important because it emphasizes the interactive
nature of forming a conjunct. It shows that a rule involving the degree of
membership in each constituent separately is not sufficient to map
constituent membership onto conjunct membership. Comparative
information about the two constituent categories must be included.
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In the binary view membership in a category is all-or-none. Membership in
the conjunct is a multiplicative function of membership in the constituents
(see equation A, above). In order to allow comparative information about
the two constituents to influence conjunct formation, the function must
have an additive component, as in equations B, C and D, above. In these
equations comparative information can be included via the separate
constants for each of the constituent concepts. The composite prototype
model and the theory-based view allow that the function take this form, *
whereas the binary view does not.

The composite prototype model accounts for concept dominance by
assuming that the intension for the conjunct is composed of a mixture of
attributes from both constituents, but with more attributes from the
dominant concept. Similarity of an item to the conjunct would then be more
predictable from similarity to the dominant than to the non-dominant
constituent. In terms o f inheritance rules, there are three ways in which
this could arise. First the dominant concept may have a larger number of
salient attributes for the conjunct to inherit; second where there is conflict
between attribute values (or slot fillers), those of the dominant concept may
have higher diagnosticity and so overwrite those of the non-dominant
concept; third the coherence of the conjunct may be better served by
inheriting attributes from the dominant concept than those of the other.
Hampton (1987) found that the dominant constituent of a pair typically had
a higher number of salient attributes. He found little evidence for the other
two mechanisms.

The results of the similarity study demonstrated that both the expert and
novice subject groups judged the AB spectra as more similar to A than to B
spectra. Given these results, the composite prototype model predicts that
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for both subject groups the A constituent will dominate in the formation of
the composite prototype and that membership in A will therefore be a better
predictor of membership in the conjunct than membership in B.

A theory-based view could account for concept dominance in a number of
ways. Murphy and Medin (1985)'s claim that similarity is an insufficient
basis for categorization means that the theory-based view allows the
possibility that the dominant constituent in the membership judgement
study will be different from that which was found to be dominant in the
similarity judgement study. Concept dominance in categorization might
arise from inferences from the knowledge base rather than similarity.

4.1.3 N on-com m utivity of the conjunct
Hampton (1988) and Chater, Lyon and Myers (1990) found that in judging
membership in the conjunct greater weight was attached to the concept in
the qualifier position compared with the head noun position. This meant
that "sports that are also games" and "games that are also sports" were not
treated the same, despite the fact that they are extensionally equivalent.

. No model of conceptual combination predicts this effect, including the
composite prototype model. However, Rosch and Mervis (1975) showed
that typicality in a category is also related to lack of similarity to the
category’s contrast set (for example an item is a better fruit if it is less like
a vegetable). The contrast set of "weapons that are tools” involves negating
the qualifier clause, as in "weapons that are not tools". The dimension of
toolness assumes greater importance because it distinguishes items in the
conjunct from those in the contrast set. Post hoc, the composite prototype
model could propose that attributes from the qualifier concept have a
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greater chance of being inherited by the composite prototype.

This effect would not be picked up in a similarity judgement task such as
that used in experiment 3 because there is no explicit reference to a
•0

category (or its contrast set). In the present experiment, if the composite
prototype model's account of the qualifier effect is correct, we can expect a
similar dominance of the constituent in the qualifier position. There is no
reason to assume that the subject groups will differ in this respect.

4.1.4 D iscussion o f m ethodology
a) T he co n trast effect
The experiment reported here is a replication of Hampton’s (1988)
experiment 2 for the concepts the infrared spectrum of an amine”, "the
infrared spectrum of a benzenoid compound" and their conjunct. He took a
single pair of categories, "sports" and "games" and obtained three sets of
category membership ratings for the same set of items: in "sports", in
"games" and in their conjunct.

One of the problems with this design was that Hampton found that a
constituent concept was given fewer positive ratings when rated second at
stage 1 than when rated first. He termed this a contrast effect. The contrast
effect results in apparent overextension because of the underextension of
the constituent category rated second. Subjects tend to treat the two
concepts as mutually exclusive sets, rather than overlapping. This effect
was eliminated in a subsequent experiment by using
embedding each pair of lists in the total set of

12

6

pairs of concepts and

lists.

Chater et. al's derivation o f the prediction made by the Boolean hypothesis
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that overextensions will equal underextensions depends on the absence of
a contrast effect.

The design of the present experiment differed from Hampton’s (1988)
experiment 2 in both the type of concept used and in the fact that actual
instances of the concepts were presented rather than just a list of their
names. That is, subjects were presented with individual spectra which were
or were not instances of the categories "the infrared spectrum of an amine",
"the infrared spectrum of a benzenoid compound" and their conjunct. It is
unlikely that a contrast effect will occur under these conditions. This is
because subjects are much less likely to be aware that they are rating the
same list of items on each occasion. There are two reasons for this. Firstly,
an infrared spectrum is a complex stimulus and infrared spectra are much
more similar to each other than are items such as fishing, fencing and
chess, and therefore much less distinguishable from each other. It could be
argued that since the experts are more familiar with the type of stimulus
than the novices are they are also more likely to be aware that the lists are
the same. However, they are also more likely to be aware that these
categories are overlapping and to treat them as such.

The data will be analysed to establish whether or not there is any
significant contrast effect.

b) T he ratin g scale
Chater, Lyon and Myers (1990) criticise Hampton’s (1988) rating scale.
They claim that it is inappropriate for a number of reasons. Firstly, they
point out that it is necessary to have independent measures of typicality and
membership in order to assess whether or not they are aspects of the same
phenomenon. They claim that Hampton's scale conflates the two measures
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because the membership task may distort the typicality ratings, and the
typicality task may distort the membership ratings. It is not possible using
Hampton s scale to give an item a high (positive) typicality rating and a
low (negative) membership rating. It is therefore not possible to violate the
unitary hypothesis. If subjects want to do this they have to decide whether
typicality or membership will take precedence. Hampton's scale was used
in the experiment reported here and so this criticism also applies. This
experiment was designed before Chater et. al. published their analysis but
to cope with this criticism only membership judgements were analysed. The
similarity judgement study reported in chapter 3 provides an independent
measure of similarity to a prototype. Chater et. al. found that when
subjects were asked to make membership judgements only the percentage of
overextensions was reduced by one third providing support for the
hypothesis that the conflation of category membership and prototypicality
exaggerated the difference between over and underextensions. There was,
however a strong residual difference once this conflation had been
removed.

The second criticism of Hampton’s scale they make is that subjects might
feel unhappy about giving a negative rating for an item’s membership in the
conjunct if the item is a good member of one of the constituent categories.
Subjects may overextend their categories because they wish to express that
an item which is a member of one constituent category is a better member
o f the conjunct than an item which is not a member of either constituent
category. This would result in the subjects being more biased towards a
YES response for the conjunct than for the constituent concepts. In order
to overcome this possibility they introduced a wider range of response
options: A GAME WHICH IS ALSO A SPORT, JUST A GAME, JUST A
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SPORT, NEITHER A GAME NOR A SPORT. They found that giving the
subjects more choice options in a task that involved only membership
judgements did not significantly reduce the disparity between
overextensions (10.1% ) and underextensions (3.4%). They concluded that
theire is a real non-Boolean component to membership judgements for
conjuncts.
9

Hampton (1988) found that the rating of a conjunct could be predicted from
the ratings of its constituents. He used linear regression. Chater, Lyon and
Myers (1990) point out that the validity of linear regression depends on the
data being approximately normally distributed along each dimension. In
Hampton’s data however the extreme values, -3 and +3, were the most
popular responses and Chater et. al. claim that this could have caused the
large R values (goodness of fit). Regression procedures are normally used
to predict numerical values only on an interval or ratio scale dependent
variable.

To overcome this problem generalized linear modelling was used.

4.1.5 S um m ary of hypotheses
1. Subjects will overextend their conjunctive categories significantly more
than they underextend them.
2 . There will be a difference between experts and novices in the extent to
which they over- or under- extend conjunctive categories.
3. It will be possible to predict membership in the conjunctive category
from membership in the constituent categories.
4. There will be an asymmetry between the concepts in their relative power
to predict membership in the conjunct. This will be in the same direction as
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the observed asymmetry in the similarity judgement study.
5. Membership in the qualifier category will be a better predictor of
membership in the conjunct than membership in the head category (cf.
Hampton 1988, Chater, Lyon and Myers 1990)
*

4.2 M ethod
S u b je c ts
There were two groups of subjects. A novice group of 12 PhD students’
who were using infrared spectroscopy in their work and a group of 8
expert chemists who had, on average 25.5 years experience in the use of
infrared spectroscopy. The PhD students were run in a group with the
experimenter present. Experts were run individually with the experimenter
present. No subject was allowed to consult correlation tables or refer to
any other information.

Design and M aterials
The concepts chosen for this study were "the spectrum of an amine" and
"the spectrum of a benzenoid compound". It was clear from the instructions
that "spectrum" referred to "infrared spectrum". These concepts are well
suited for this study because as with Hampton's everyday concepts they
are at a similar level of generality and partially overlapping. In the domain
• of organic chemistry there are examples of compounds that fall in both
categories, in one category or in neither of the categories. Whether or not a
spectrum is the spectrum of a compound containing an Amine group can
therefore be varied independently of whether or not it is the spectrum of a
compound containing a Benzene ring.The corresponding level o f belonging
in the conjunct (that is, either, 'the spectrum of an amine which is also a
benzenoid compound* or 'the spectrum of a benzenoid compound which is
also an amine' can be measured.
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40 infrared spectra were chosen from the Aldrich library of infrared spectra
(see Pouchert 1970). 10 were the spectra of compounds having a benzene
ring as part of their structure but no amine group, 9 were the spectra of
*
compounds having an amine group but no benzene ring and 11 were the
spectra of compounds having both a benzene ring and an amine group. This
group of 30 spectra were also used in the similarity judgement study. 10
spectra were added to this group. These were spectra of compounds having
neither a benzene ring nor an amine group (see Appendix G for a complete
list and Appendix I for example spectra).

These 40 spectra were first rated for their membership in the category "the
spectrum of an amine" and "the spectrum of a benzenoid compound", using
the same rating scale as Hampton (1988). The same 40 items were then
rated for their membership in the conjunct.The order of rating "the
spectrum of an amine" and "the spectrum of a benzenoid compound" and
the role of categories as head and qualifier in the conjunct was
counterbalanced across subjects. The design differed from that of Hampton
(1988) in that the stage two rating task was administered immediately after
the stage one task had been completed. In Hampton's experiments there
was a one week gap between the two tasks.

There were two factors in the design. The between-subjects factor is level
of subject expertise and the within-subjects factor is response type
(underextensions and overextensions).

P ro c ed u re
The rating procedure for the two stages was identical. A different
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randomly ordered list of the items was constructed for each rating
task.These lists were presented to half the subjects in forward order and to
half the subjects in reverse order. Written instructions were as follows:

"On the following pages you are asked to make a series

o f

judgements

about infrared spectra. In each case the Question to be answered is whether
or not the particular example is an example of the category named at the top
of the page. For each example first decide whether you would answer yes
or no, circle your choice. Then circle one of the corresponding positive or
negative values to indicate the strength of your choice. If you are unable to
decide, use the value zero, but avoid using this as much as possible."

The experimenter worked through an example with the subjects using one
exemplar and the concept "spectrum of an alcohol". In order to stress the
importance of the category borderline, the instructions emphasized that
subjects should decide category membership first, then reflect this decision
in the sign of the scale response chosen. In stage

1

half the subjects

received the "the spectrum of an amine" list first, and the other half the
"the spectrum of a benzenoid compound" list first. In stage 2 these two
. groups were evenly divided again into those rating each version of the
conjunct. Subjects wrote their names on the booklets so that stage 1 and 2
responses could be collated.
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R esponse scale
The response scale on which subjects indicated the strength of their choice
went from +1 to +3 for a YES membership decision and from >1 to -3 for a
NO membership decision. If subjects were very certain that their decision
was correct they gave a 3 rating choosing +3 if their membership decision
was YES and -3 if their membership decision was NO. Lower levels of
certainty were indicated by + / - 2 and + / - 1 . A zero response was allowed
if a subject was unable to decide on a classification. Thus each item
received a number on a scale between +3 and -3, on which the category
border was explicitly defined as zero.

4.3 R esults and D iscussion
The data from two novices were excluded from the following analyses
because these subjects had participated in the similarity of spectra study
and would therefore be much more familiar with the 30 spectra used in
both studies than the other subjects.

The following analyses of the data are presented.
1. Errors: we can expect that the expert group will make fewer errors than
the novice group.
2. The Boolean hypothesis (Chater, Lyon and Myers 1990): that the number
of overextensions and underextensions will be equal is treated as the null
hypothesis and an ANOVA used to test it. This ANOVA also tests the null
hypothesis that there will be no difference in the extent to which novice and
expert response patterns are Boolean.
3. Hampton (1988) used multiple regression analysis to predict mean
conjunctive ratings from the mean constituent ratings. This assumes that
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the rating seals forms an interval scale and that judgements of item
typicality (positive ratings) and item relatedness (negative ratings) can be
sensibly equated. Here a non-parametric analysis (use of generalised linear
models) is used to explore the relationship between membership in the
conjunct and membership in each constituent.
4. A test of the dominance effect ( see hypothesis 4, above).
5. A test of the head/qualifler effect (see hypothesis 5, above)
#

E rro rs
Experts are by definition better at performing a task than novices and
should therefore make fewer errors. On average, 23.6%

o f

responses made

by experts were errors whereas for the novices 32.1% of responses were
errors. The difference is in the expected direction but it does not quite
reach significance on a between-subjects t test (t = 2.09, p = 0.05 ).

O verextension of the conjunct
Each subject’s triple of ratings of any particular item could take one of
eight patterns based on the sign of each rating. Taking triples in the order
[general category A, general category B, compound AB/BA], the patterns
[ - + + ] , [ + - + ] and [ - - +], indicate overextension, that is where an item
is judged to belong to a conjunct but not to one or both constituents. [+ + ] indicates underextension and [+ + + ] , [ + - - ] , [.+ .] and [- - -] indicate
triples consistent with classical set conjunct. For the following analyses
any triple including a zero response was excluded.

Summed over all subjects 5.1% of the response triples were
underextensions and 16.4% were overextensions. That is, subjects were
more likely to classify an item as a member of a conjunct when they had
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previously classified it as not a member of a constituent, than to classify an
item as a non-member of a conjunct when they had previously classified it
as a member of both constituents. Furthermore this effect was greater for
the novice group than for the expert group. For the novice group summed
over subjects 6 .0 % of response triples were underextensions and

2 0 .2 %

were overextensions. For the expert group 4.1% of response triples were
underextensions and 11.6% were overextensions. 7.8% of novice response
triples and 8.4% of expert’s contained a "don't know" response.
T he c o n tra st effect
An analysis of variance testeà the effects of three factors on the number of
[ + - + ] and [ - + + ] triples made by each subject. Between-groups
factors were the order of rating A and B and level of subject expertise, the
within-subjects factor was the type of overextension.

If there is a contrast effect [ + - + ] triples will be more likely when B is
rated second than when A is, and [ - + + ] triples will be more likely when
A is rated second than when B is. That is, there will be a significant
interaction between type of triple and the order of rating A and B. Table
4.1 shows the mean number of triples as a function of type and order of
rating.

There was a significant main effect of level of subject expertise, F(l,14) =
5.56, p < 0.05. Both types of triple were more frequent for the novice
group than for the expert group. There was a significant main effect of type
o f triple, F (l, 14) = 4.75, p < 0.05. [+ - +] triples were more frequent
than [- + +]. This reflects a dominance of the constituent A in
overextension and will be discussed further below. No other effects were
significant. Crucially, there was no significant interaction between order of
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rating A and B and type of overextension (F(l, 14) = 1.84 ). An
examination of table 4.1 reveals that [- + +] triples were more frequent
when B was rated second than when A was and [+ - +] triples were more
frequent when A was rated second than when B was (but neither difference
was significant). These results are in the opposite direction to the contrast
effect described by Hampton (1988).

Table 4.1
Mean number of [+ - +] and [- + +] triples for each subject group
for each order of rating the constituent concepts.

Subject group

Expert

Novice

Rating
order

[+ -+ ]

[- + +]

A-B

2.00

2.75

B-A

2.75

0.50

mean

2.38

1.62

A-B

5.00

2.80

B-A

5.60

1.60

mean

5.30

2.20

A test of overextensions *= underextensions
An analysis of variance tested the effects o f Type of response triple
(overextension or underextension) and Level of subject expertise. The type
of response triple factor had two levels, that is, the number o f responses
which were overextensions and the number of responses which were
underextensions. There were two levels of subject expertise, that is, expert
and novice. There was a significant main effect of Type of triple (F(l,16) =
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39.61, p <

0 .0 0 1

) with the number of overextensions being greater than

the number of underextensions. There was also a significant main effect of
Level of subject expertise ( F(l,16) = 4.80, p < 0.05 ). That is, the
novices produced more inconsistent triples. The interaction of Type of
triple with Level of subject expertise was not significant ( F(l,16) = 3.37,
p = > 0.05 ). That is, both experts and novices response patterns were
non-Boolean.

Sum m ary
Subjects often judged a spectrum to be the spectrum of "an amine which is
also a benzenoid compound" having previously judged it not to be the
spectrum of an amine and/or the spectrum of a benzenoid compound. These
results replicate Hampton’s (1988) overextension of conjunctive concepts
effect for the kind of complex scientific concept for which a Boolean
strategy would be ideal. There is a non-Boolean component to membership
judgements for conjunct "the spectrum of an amine which is also a
benzenoid compound". Furthermore, this is true for both expert and novice
subjects.

It could be argued that the overextension was caused by subjects having to
make both a membership judgement and a typicality judgement on the same
scale (cf. Chater et. al's point as discussed in the introduction). Assuming
that this effect is present in the above data and that the level of conflation
is of the same order as in Chater et. al's study (they observed a one third
reduction in overextension when they asked subjects to judge membership
only compared with when they were asked to judge both membership and
typicality) the novices overextension level would be reduced to 13.5%
which is still considerably greater than their level of underextension
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(6 .0 %), the experts overextension level would be reduced to 7 .7 % which is
still greater than their level of underextension (4.1%). There are reasons to
assume that the conflation effect may not have occurred in the present task
or may have been weaker than in the Chater et. al’s study. It seems likely
that the experts, at least, would prioritise the membership judgement, since
this is the normal purpose of examining an infrared spectrum when
interpreting it.

R esponse bias
One possible explanation for overextension is that subjects’ response bias
for the conjunct is more towards YES than it is for the constituents (cf.
Chater et. al's second criticism of the response scale, discussed in the
introduction). The difference between the experts and the novices may then
be due to this difference between the conjunct and the constituents being
greater for the novices than the experts. In order to test the hypothesis that
overextension was due to a change in response bias the task was treated as
a signal detection task.

A subject’s signal detection performance on each membership judgement
(A, B, AB) can be expressed as "eta". Eta is an index of the discrimination
of the stimulus by an observer developed by Luce (1963) and is defined as

Eta =

[ ( p ( N l s ) / p ( Y l s ) ) ( p ( Y l n ) / p ( N l n ) ) ] 1/2

The response bias associated with "eta" is given by

bias = [ (p(N I s) / p(Y I s) ) (p(N I n) / p(Y I n ) ) ] 1/2
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where p(N I s) = probability of no response given signal
(misses)
P(Y I s) = probability o f response given signal

(correct

detections)
*

-

p(N I n) = probability of no response given no signal (correct

rejections)
and

p(Y I n) = probability of response given no signal

(false positives)

It is the response bias measure that is of interest here.
Eta was preferred to d' (Tanner and Swets, 1954) as a measure of
discriminability because of its appropriateness for the small number in the
set of items (40 items) used in this experiment. The response bias for each
subject on each type of membership judgement was calculated. The mean
response bias for each group of subjects (expert and novice) on each type
of membership judgement (A,B, and AB) are given in table 4.2. A twoway analysis of variance (subject group by judgement type) was run on the
data. Since in some cases the correct detection or false positive score was
zero, a constant of 0.5 was added to the correct detection and false positive
score in the analysis. This analysis showed that there were no significant
differences between the different types of membership judgement or
between the expert and novice groups.
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Table 4.2
Mean response bias for the experta and novice subject groups
on the amine, the benzenoid and their conjunct membership judgements.
Membership judgement

Subject group
Amine

Benzenoid

Conjunct

Expert

1.69

1.77

1.44

Novice

1.88

1.44

1.79

H ypothesis 3
Use of a non-parametric regression model to predict membership in the
conjunct from membership in the constituents.

The membership judgement scale is assumed to be nominal and log-linear
models (see for example Knoke and Burke,1980 for an introduction) are
used to examine the relationship between the membership in the conjunct
and membership in its constituents.

Table 4.3 shows a three dimensional contingency table, 2 by 2 by 2,
representing the categorization responses of the expert group of subjects. A
response takes one of two values (Yes or No) for each of the three
categories A, B, and AB. This table shows the frequencies of types of
responses given by the group of subjects. Table 4.4 shows a similar table
for the novice group of subjects.

The general log-linear form of model was used to explore the associations
between the variables. This does not distinguish between independent and
dependent variables, all variables are treated as "response variables" and
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their mutual associations are explored. For the purposes of interpretation,
one of the variables can be treated as the dependent variable and the others
the independent variables. This form of the general log-linear model is
termed a logit model and is analogous to an ordinary linear regression
model for a continuous dependent variable. Here the interest is in what
effect the A variable and the B variable have on the AB variable. The AB
variable is therefore treated as the dependent variable and the A and B

*

variables are treated as the independent variables.

Let xabc be the frequency in cell (a, b, c) and let mabc be its expected
value. Then in the notation of Bishop et. al (1975). The 'general log-linear
model' for tables 4.3 and 4.4 can be written as:

log mabc = uO + u l(a) + u2 (b) + u3 (c) + u l2 (ab) +
u l3 (ac) + u23(bc) + ul23 (abc) — (eqn 1 )

where the terms on the right hand side are interpreted as follows:

uO

is analogous to the grand mean in ANOVA

u l (a)

represents the main effect attributable to category variable A

u2 (b)

represents the main effect attributable to category variable B

u3 (c)

represents the main effect attributable to category variable AB

u l 2 (ab)

is the interaction term representing the two-way interaction

between category variables A and B
u 13 (ac)

is the interaction term representing the two-way interaction

between category variables A and AB
u23 (be)

is the interaction term representing the two-way interaction

between category variables B and AB
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ul23 (abc) is the interaction term representing the three-way interaction
between category variables A, B and AB

These effect parameters are related to the odds and odds ratios for the
respective category variables. The odds is the ratio between the frequency
of being in one category and the frequency of not being in that category. Its
interpretation is the chance that an individual item selected at random will
be observed to fall into the category of interest rather than some other
category.
If subjects use Boolean logic to decide an item's membership in the
conjunct then membership in the conjunct should be reserved for items that
are members of both constituents. The odds that an item is judged a
member of the conjunct given that it is judged a member of both A and B,
relative to the odds that it is judged a member of the conjunct given that it
is judged not a member of both A and B, should be significant. That is, the
three-way interaction term should be significant. If, however, subjects base
their judgement of membership in the conjunct on similarity to a composite
prototype the three way interaction may not be significant.
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Table 4.3
Crosstabulation of subject responses to "The spectrum" (A), "The spectrum of
a benzenoid compound" (B) and their conjunction (AB) for the expert subjects.
Response to the conjunction = No
Response to:
"The spectrum of a
benzenoid compound"
Response to:

No

"The spectrum of
an amine"
y es

Total

No

Yes

Total

96

58

154

38

14

52

134

72

206

Response to the conjunction = Yes
Response to:
"The spectrum of a
benzenoid compound"
No
Response to:

Yes

Total

No

6

16

28

Yes

22

70

86

Total

22

92

114

"The spectrum of
an amine"
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Table 4.4
Crosstabulation of subject responses to "The spectrum of an amine", "The spectrum of
a benzenoid compound" and their conjunction for the novice subjects.

Response to the conjunction = No
Response to:
"The spectrum of a
benzenoid compound"

Response to:
"The spectrum of
an amine"

No

Yes

Total

No

78

56

134

Yes

38

22

60

Total

116

78

194

Response to the conjunction = Yes
Response to:
"The spectrum of a
benzenoid compound"
No
Response to:

Yes

Total

No

8

25

33

Yes

41

52

93

Total

49

77

126

"The spectrum of
an amine"
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Eqn 1, is a saturated model because it contains terms for all variables
individually and for all possible interactions between variables. Each
subject groups data were analysed as follows: Using the HILOGLINEAR
S P S S X procedure, terms were eliminated from the saturated model (M q).

The three-way interaction term was eliminated giving an unsaturated model
M i. The fit of this model to the full data was assessed (see table 4.5a for
»

the expert groups results and 4.6a for the novices). Each two-way
interaction term was then individually eliminated from M i giving a series
of unsaturated models, M 2 , M 3 and M<$#

Table 4.5a
Table showing the fit of the log-linear models to the amine, benzenoid, conjunct
contingency table for the expert group of subjects

Model

Liklihood ratio
L sq

df

P

MO=saturated model

0.000

0

1.000

M l=M 0-ul23(abc)

1.058

1

0.304

M 2=M l-ul2(ab)

2.136

2

0.344

M3=Ml-u23(bc)

43.532

2

<0.001

M 4=M l-ul3(ac)

89.490

2

< 0.001

M5=M2-u23(bc)

51.974

3

< 0.001

M6=M2-ul3(ac)

97.932

3

<0.001

p = Probability that the expected frequencies differ sisnificantlv
from those observed.
b
3
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Table 4.6a
Results of the Hllog-linear analysis for the novices amine, benzenoid, conjunction
contingency table

•

Liklihood ratio
Lsq

Model

df

P

M0=saturated model

0.000

0

1.000

Ml=M0-ul23(abc)

1.555

1

0.212

M2=Ml-ul2(ab)

4.678

2

0.096

M3=Ml-u23(bc)

18.131

2

<0.001

M4=Ml-ul3(ac)

62.783

2

<0.001

M5=M2-u23(bc)

18.132

3

<0.001

M6=M2-ul3(ac)

62.783

3

<0.001

p =

Probability thatthe expected frequencies differ significantly
from those observed.

The fit of each of these models to the full data was assessed. Each two-way
interaction term was then eliminated from M 2 , giving two unsaturated
models M 5 and Mg, and again their fit to the full data was assessed. The fit
o f a model to the full data was assessed by estimating the expected cell
frequencies for each model and comparing them to the observed frequencies
using the liklihood ratio chi squared statistic (L2). The smaller the value of
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L2, the better the fit to the data. Table 4.5a summarizes the results for the
expert group and table 4.6a for the novice group. The model which best fits
the data (termed the best fitting model ) is taken to be the one with the
fewest
* parameters in the linear structure and the maximum fit between the
expected frequencies and those observed.

The best-fitting model for the expert group’s A, B, AB contingency table
was found to be M 2 , that is:

log mabc = uO + ul(a) + u2 (b) + u3 (c) + u l3 (ac) + u23(bc)

(liklihood ratio chi squared = 2.136, D.F. = 2 and p = 0.344 )

The best-fitting model for the novice group's A,B, AB table had the same
form as that for the expert group, that is,

log mabc = uO + ul(a) + u2 (b) + u3 (c) + u l3 (ac) + u23(bc)

(liklihood ratio chi squared = 4.678, D.F. = 2 and p = 0.096)

Taking membership in the conjunct (that is, the variable AB) as the
dependent variable and membership in the constituents (that is, variables A
and B) as the independent variables tables 4.5a and 4.6a can be
reformulated in the familiar ANOVA format of tables 4.5b and 4.6b. The
L 2 difference statistic is the observed change in L 2 when a parameter is
removed from a model. An examination of tables 4.5b and 4.6b reveals
that for both subject groups there is a significant main effect of category
variable A (for the expert group, L 2 difference=88.45, d f= l, p<0.001 and
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for the novice group L2 difference=61.23, d f= l, p<0.001) and a
significant main effect of category variable B (for the expert group, L2
difference=42.47, df= l, pcO.OOl and for the novice group L 2
difference= 16.58, df= l, pcO.OOl) but that the A by B interaction is not
significant. It seems then that for both the expert and the novice subject
groups, membership in the conjunct can be predicted from membership in A
and B, independently. Membership in the conjunct is not dependent on joint
membership of A and B.

H ypothesis 4
In order to test the concept dominance hypothesis that membership in the A
category is a better predictor of membership in the conjunct than
membership in the B category is, the following models were fitted:
log mabc = u0+ ul(a)+ u2 (b)+ u3 (c)+ u4 (ac+bc)

(eqn 2, M7)

log mabc = u0+ ul(a)+ u2 (b)+ u3 (c)+ u l3 (ac)+ u23 (be) (eqn 3, M2)

where,
u4 (ac+bc) represents a parameter that increases as the probability of
responding YES in the conjunct and in one constituent increases, and all
other terms are as described for equation 1 .
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Table 4.5b
Results of the Hllog-linear analysis of the experts amine, benzenoid, conjunct
contingency table

Liklihood ratio
L sq difference

Effect

df

significance

Main effect of A

88.45

1

<0.001

Main effect of B

42.47

1

< 0.001

Interaction A*B

1.06

1

>0.1

T able 4.6b
Results of the Hllog-linear analysis of the novice amine, benzenoid conjunct
contingency table
’

Liklihood ratio
Effect

L sq difference

df

significance

Main effect of A

61.23

1

< 0.001

Main effect ofB

16.58

1

<0.001

1.55

1

> 0.05

Interaction A*B

The difference between the two models given by equations 2 and 3 is that
the model given by equation

2

includes a term < u 4 (ac+bc) ) which only
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allows the interaction terms ac and be to vary jointly, whereas, the model
given by equation 3 includes two separate terms (ul3 (ac), and u23 (be)),
allowing them to vary independently, and to differ in magnitude.

Tables 4.7 and 4.8 summarize the results of this analysis for the expert
group and tables 4.9 and 4.10 summarize the results for the novice group.
In both cases it can be seen that the model, M2 which allows the two
•

parameters to vary independently (that given by equation 3 ) gives a
significantly better fit to the observed data than the model in which they
vary together (M7) (for the expert group, L 2 difference=3.993, df= l,
p<0.05 and for the novice group L 2 difference=8.174, d f= l, p<0.01).

Chi-squared tests showed that the parameter for the ac term was
significantly greater than the parameter for the be term for both the expert
and novice group's data (expert group's chi-squared=3.25, df= l, p<0.05,
one-tailed test; novice group chi-squared = 7.17, d f= l, p<0.05, one-tailed
test). As predicted, there is a dominance of the A constituent with
membership in category A being a better predictor of membership in the
conjunct than membership in category B.
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Table 4.7
Results of the Log-linear analysis designed to test the concept dominance hypothesis
for the expert group of subjects

*

Liklihood ratio
L sq

Model

df

P

MO

0.000

0

1.000

Ml

1.058

1

0.304

M2

2.136

2

0.344

M7

6.129

3

0.108

p = probability that the expected frequencies d i f fe r significantly
from those observed.

Table 4.8
Table showing the liklihood ratio L squared difference between the models given in
equations 2 and 3 for the expert groups data.
6

-

Liklihood ratio
Models
M2 and M7

L sq difference
3.993

df
1

P
<0.05
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Table 4.9
Results of the Log-linear analysis designed to test the concept dominance hypothesis
for the novice group of subjects

Liklihood ratio
L sq

Model

df

P

MO

0.000

0

1.000

Ml

1.555

1

0.212

M2

4.678

2

0.096

M7

12.952

3

0.005

p = probability that the expected frequencies differ significantly
from those observed.

Table 4.10
Table showing the liklihood ratio L squared difference between the models given in
equations 2 and 3 for the novice groups data.
6

-

Models
M2 and M7

Liklihood ratio
L sq difference
8.174

df
1

P
<0.01
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A com p arison o f the observed cell freq u en cies and those
p red icted by the b est-fittin g m odel for both su b ject groups.

Table 4.11 shows the observed cell frequencies and those predicted by the
best-fitting model for the expert group. Table 4.12 shows a similar table
*
for the novice group
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Table 4.11

A comparision of the observed cell frequencies and those predicted (bold type face)
by the best-fitting model for the expert subjects' amine, benzenoid, conjunct contingency table..

Response to the conjunction = No
Response to:
"The spectrum of a
benzenoid compound"
No
Response to:
"The spectrum of
an amine"

yes

No

96
100.17

58
53.83

Yes

38
33.83

14
18.17

Response to the conjunction = Yes
Response to:
"The spectrum of a
benzenoid compound"
No
Response to:

No

6
5.40

Yes

22
22.60

"The spectrum of
an amine"

Yes
16
16.60
70
69.40
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Table 4.12

A comparision of the observed cell frequencies and those predicted by the best-fitting
model (bold type face) for the novice subjects’amine, benzenoid, conjunct contingency table.

Response to the conjunction = No
Response to:
"The spectrum of a
benzenoid compound"
No
Response to:
"The spectrum of
an amine"

Yes

No

78
80.12

56
53.88

Yes

38
35.88

22
24.12

Response to the conjunction =

Yes
Response to:
"The spectrum of a
benzenoid compound"
No

Response to:

Yes

No

8
12.83

25
20.17

Yes

41
36.17

52
56.83

"The spectrum of
an amine"

The best-fitting model had the same form for both subject groups, that is

170

log mabc = uO + ul(a) + u2 (b) + u3 (c) + u l3 (ac) + u23(bc)

In this model the A and B variables have independent effects on the AB
variable. A comparison of the observed and predicted cell frequencies for
the expert group reveals that the model slightly overpredicts
overextensions. Experts overextend by 1.36% less than the model
predicts. For the novice group, however the model underpredicts
overextensions. Novices overextend by 6.76% more than the model
predicts. For both subject groups the model overpredicts underextensions.
That is, subjects underextend less than the model predicts. Experts
underextend 28.57% less than predicted by the model whilst novices
underextend 9.09% less than predicted by the model. The expert subjects
were more consistent than predicted by the model.

Sum m ary
Both the expert and novice groups showed a non-Boolean pattern of
combination. For both groups, membership in the conjunct could be
predicted from membership in the constituents. The fact that there was no
interaction term (for either subject group) indicates that membership in the
conjunct is not reserved for items that are members of both constituents.
Furthermore, both subject groups showed a significant concept dominance
effect in the same direction as in the similarity judgement study.
Membership in A was a better predictor of membership in the conjunct than
membership in B. These results are consistent with the composite prototype
model and the theory-based view and go against the binary view.

The results also show that a model for conjunct membership which involves
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only membership in the two constituent concepts is a better fit for the
expert groups data than for the novice groups. Overextensions were
underpredicted for the novice group suggesting that there may be a variable
independent of A and B also causing overextension.
*

These results are consistent with the results of the similarity judgement
study in which it was found that the novices were less compositional thaji
the experts. They also go against the composite prototype model. They are
consistent, however with the theory-based view of concepts.

P red iction o f m em bership in th e conjun ct: in d ivid u al item
a n a ly s is

The above analyses collapsed the data across items and across subjects Is
it possible to predict the probability of membership of an item in the
conjunct from the probability of membership of that item in each
constituent? Log-linear modelling was again used to answer this question.
The data was collapsed only across subjects and the following analysis
carried out.

For each subject group the number of YES ratings given to each item for
each constituent and the conjunct were calculated. Log-linear models were
used to predict the odds of YES in the conjunct from the odds of YES in
the constituents. The GLIM statistical package was used. The contingency
table analysed was ITEM by SUBJECT GROUP by A by B by AB. AB was
treated as the dependent variable and ITEM, SUBJECT GROUP, A and B
were treated as the independent variables. Table 4.13 shows the results.
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Table 4.13
Scaled déviances for the log-linear models predicting the odds of YES
in the conjunct from the ITEM (I), SUBJECT GROUP (S), Amine (A) and Benzenoid (B)

vanaDics..

model

d.f.

scaled deviance

change in scaled deviance

Mean

79

315.9

+1

40

50.0

-265.9

+A+B

38

33.1

-16.9

+ A*B

37

31.5

-1.5

+S

36

29.3

-2.3

+ S*A + S*B

34

28.2

-1.1

+ S*A*B

33

28.1

-0.01

There was a significant main effect of ITEM, changed in scaled deviance =
- 265.9, change in df=-39, p< 0.005. There was a significant main effect
of A and B, changed in scaled deviance = - 16.9, change in df=-2 , p<
0.005. There was no significant main effect of SUBJECT GROUP. The A
by B interaction was not significant, nor was any other interaction.

This analysis shows that the model which predicts probability of
membership in the conjunct (p(AB)), from probability of membership in the
constituents (p(A) and p(B)>, for both expert and novice groups, has the
form:

p(AB) = Cap(A) + cbp(B),

where ca and cb are constants
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For both expert and novice groups, the number of items for which the
probability of membership in the conjunct exceeded the probability of
membership in either constituent were few. This result is similar to what
Hampton (1988) obtained for "everyday" concepts.

H y p o th esis 5

Membership in the qualifier category will be a better predictor of
membership in the conjunct than membership in the head category (cf.
Hampton 1988, Chater, Lyon and Myers 1990)

Table 4. 14 shows a three dimensional contingency table, 2 by 2 by 2,
representing the categorization responses of the expert group of subjects. A
response takes one of two values (Yes or No) for each of the three
categories H, Q, and HQ. This table shows the frequencies of types of
responses given by the group of subjects. Table 4.15 shows a similar table
for the novice group of subjects.
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T a b le 4.14

Crosstabulation of subject responses to the concepts in the head and the qualifier
position and their conjunct for the expert subjects.

Response to the conjunction = No

Response to
the head

Response to

No

Yes

Total

No

96

42

138

Yes

54

14

68

Total

150

56

the qualifier

206

Response to the conjunction = Yes

Response to
the head
No
Response to
the qualifier

Yes

Total

No

6

18

24

Yes

20

70

90

Total

26

88

114
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T a b le 4.15

Crosstabulation of subject responses to the concepts in the head and the qualifier
position and their conjunct for the novice subjects.

Response to the conjunction = No

Response to
the head
No

Yes

Total

No

80

40

120

Response to
Yes
the qualifier

55

22

77

135

62

Total

197

Response to the conjunction = Yes

Response to
the head
No

Yes

Total

No

7

29

36

Yes

37

52

89

Total

44

81

125

Response to
the qualifier
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The general log-linear form of model was again used to explore the
associations between the variables. Here the interest is in what effect the H
variable and the Q variable have on the HQ variable. The HQ variable is
therefore treated as the dependent variable and the H and Q variables are
treated as the independent variables.
•

Let xhqc be the frequency in cell (h, q, c) and let mhqc be its expected
value. The 'general log-linear model' for tables 4.14 and 4.15 can be
written as

log mhqc = u + ul(h) + u2 (q) + u3 (c) + u l2 (hq) +
u l3 (he) + u23(qc) + ul23 (hqc) — (eqn 4)

where the terms on the right hand side are interpreted as follows:

u

is analogous to the grand mean in ANOVA

u l (h)

represents the main effect attributable to category variable H

u2 (q)

represents the main effect attributable to category variable Q

u3 (c)

represents the main effect attributable to category variable HQ

u l 2 (hq)

is the interaction term representing the two-way interaction

between category variables H and Q
u 13 (he)

is the interaction term representing the two-way interaction

between category variables H and HQ
u23 (qc)

is the interaction term representing the two-way interaction

between category variables Q and HQ
u l23 (hqc) is the interaction term representing the three-way interaction
between category variables H, Q and HQ
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The Boolean model again predicts that the three-way interaction term
should be significant. If, however, subjects base their judgement of
membership in the conjunct on similarity to a composite prototype the three
way interaction may not be significant.

Eqn 4, is the saturated model, M l. Each subject groups data were analysed
using the HILOGLINEAR SPSSX procedure, as before, giving a series of
unsaturated models, M 2......
Table 4.16a summarizes the results for the expert group and table 4.17a
for the novice group. The best fitting model is again found by minimising
the number of parameters in the linear structure whilst maximising the fit to
the data.
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Table 4.16a

Results of the HHog-linear analysis for the experts head, qualifier, conjunct
contingency table.

Liklihood ratio
L sq

df

MO=saturated model

0.000

0

M 1=M0-u 123 (hqc)

1.152

1

0.283

M 2=M l-ul2(hq)

2.409

2

0.300

M3=Ml-u23(qc)

48.912

2

< 0.001

M 4=M l-ul3(hc)

83.080

2

<0.001

M5=M2-u23(qc)

57.161

3

<0.001

M6=M2-ul3(hc)

91328

3

< 0.001

Model

P
1.000

179

Table 4.17a

Results of the HHog-linear analysis for the novices' head, qualifier, conjunct
contingency table.

Liklihood ratio
L sq

Model

df

P

MO=saturated model

0.000

0

1.000

M l =M0-ul23(hqc)

2.361

1

0.124

M 2=M l-ul2(hq)

6.358

2

0.046

M3=Ml-u23(qc)

38.704

2

<0.001

41.145

2

<0.001

M 4=M l-ul3(hc)
M5=M2-u23(qc)

Not computed

M6=M2-ul3(hc)

Not computed

The best-fitting model for the experts H, Q, HQ table is

log mhqc = u + ul(h) + u2 (q) + u3 (c) + u l3 (he)
+ u23(qc)

(liklihood ratio chi squared = 2.409, D.F. = 2 and p = 0.300)

The best-fitting model for the novice group H,Q, HQ table was

log mhqc = u + ul(h) + u2 (q) + u3 (c) + u l2 (hq)
+ u l3 (he) + u23(qc)
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( liklihood ratio chi squared = 2.361 , D.F. = 1 and p = 0.124)

Taking membership in the conjunct (that is, the variable HQ) as the
dependent variable and membership in the constituents (that is, variables H
and Q) as the independent variables tables 4.16a and 4.17a can be
reformulated in the familiar ANOVA format of tables 4.16b and 4.17b. The
L 2 difference statistic is the observed change in L 2 when a parameter is
removed from a model. An examination of tables 4.17b and 4.16b reveals
that for both subject groups there is a significant main effect of category
variable H (for the expert group, L2 difference=81.93, d f= l, p<0.001 and
for the novice group L2 difference=38.78, d f= l, p<0.001) and a
significant main effect of category variable Q (for the expert group, L2
difference=47.76, df= l, p<0.001 and for the novice group L 2
difference=36.34, df=l, p<0.001). For the expert group the H by Q
interaction is not significant, for the novice group however it is significant
(L 2 difference=2.37, df=l, p<0.05). It seems then that for the expert
group, membership in the conjunct can be predicted from membership in H
and Q, independently. Membership in the conjunct is not dependent on
joint membership of H and Q.
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Table 4.16b

Results of the Hllog-linear analysis of the expert head, qualifier, conjunct
contingency table
J

Effect

Liklihood ratio
L sq difference

df

P

Main effect of H

81.93

1

<0.001

Main effect of Q

47.76

1

<0.001

1.15

1

> 0.1

Interaction H*Q

Table 17b
Results of the Hllog-linear analysis of the novice head, qualifier, conjunct
contingency table.

Liklihood ratio
Effect

L sq difference

df

P

Main effect of H

38.78

1

<0.001

Main effect of Q

36.34

1

<0.001

2.37

1

<0.05

Interaction H*Q

This is the same form as for the A, B, AB contingency table.
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In order to test the hypothesis that membership in the Q category is a better
predictor of membership in the conjunct than membership in the H category
is, the following models were fitted

log*mhqc = u + ul(h) + u2 (q) + u3 (c) + u4 (hc+qc) (eqn 5)

log mhqc = u + ul(h) + u2 (q) + u3 (c) + u l3 + u23(qc) (eqn 6 )

where,
u4 (hc+qc) represents a parameter that increases as the probability of
responding YES in the conjunct and in one constituent increases, and all
other terms are as described for equation 4.

The difference between these two models is that whereas equation 5
includes a term which only allows the interaction terms he and qc to vary
jointly equation

6

includes two separate terms, allowing them to vary

independently and to differ in magnitude.
Tables 4.18 and 4.19 summarize the results of this analysis for the expert
group and tables 4.20 and 4.21 summarize the results for the novice group.
In both cases it can be seen that the models do not differ.

From the above analysis we can conclude that neither the expert nor the
novice group showed a qualifier dominance in judging membership in the
conjunct.
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Table

4.18

Results of the Log-linear analysis designed to test the dominance of the qualifier
hypothesis for the expert group of subjects.

Model

Liklihood ratio
L sq

df

P
1.000

MO

0.000

0

Ml

1.152

1

0.283

M2

2.409

2

0.300

M7

4.710

3

0.194

p = probability that the expected frequencies differ significantly
from those observed.

Table 4.19
Table showing the liklihood ratio L squared difference between the models given in
equations 5 and 6 for the expert groups data.

Liklihood ratio
Models
M2 and M7

L sq difference
2.301

df

P

1

>0.05
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Table 4.20
Results of the Log-linear analysis designed to test the dominance of the qualifier hypothesis
for the novice group of subjects

Liklihood ratio
L sq

df

P

MO

0.000

0

1.000

Ml

2.361

1

0.124

M2

6.358

2

0.046

M7

6.371

3

0.095

Model

p = probability that the expected frequencies differ significantly
from those observed.

Table 4.21
Table showing the liklihood ratio L squared difference between the models given in
equations 5 and 6 for the novice groups data.
6

Liklihood ratio
Models
M2 and M7

L sq difference
0.013

df

P

1

>0.1

O verall sum m ary o f results from the m em bership ju d gem en t
stu d y .
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a. Overextension of the conjunct was observed for both experts and
novices.
b. The model predicting membership in the conjunct from membership in
the constituents had the form:
p(AB) = Cap(A) + CbP(B);
for both expert and novice groups. There was no significant difference
between the groups, although the pattern of fit to the model for the two
groups did differ.
c. For both novices and experts overextensions were significantly greater
when a YES decision was given for the judgement "Is this the spectrum of
an amine?" than when a YES decision was given for the judgement "Is this
the spectrum of a benzenoid compound?".
d. For both experts and novices there was no difference in the extent to
which membership in the head and membership in the qualifier category
predicted membership in the conjunct.
e. Novices overextended significantly more than experts.
f. Novices on average made more errors than experts but this difference did
not reach significance.
g. There were no differences in response bias between experts and novices
. (ie. the tendency to answer yes or no)

4 .4 .G en er a l D isc u ssio n

In the discussion below it is argued that the above results go against the
binary view of concepts and that taken together with the results of the
similarity judgement study reported in chapter 3 they support the theorybased view of concepts rather than the composite prototype model.

C o m p o sitio n ality
A weighted average function predicted membership in the conjunct from

186
membership in the constituents for both the expert and the novice group.
The specific form of the function was:

p(AB) = Cap(A) + Cbp(B),
*

where, ca and c^ are constants,
p(AB) is the probability of membership in the conjunct, AB,
p(A) is the probability of membership in constituent A, •’
and

p(B) is the probability of membership in constituent B.

This function holds for individual items as well as across items.
This is consistent with the composite prototype model. The model assumes
that the formation of a conjunct involves overlaying the set of attributes for
each of the constituent concepts in a non-interactive manner. The relative
importance of each attribute for the two concepts is summed to give the
importance for the conjunct. The similarity of any item to the conjunct
increases as a monotonie function of its similarity to either constituent.
Probability of membership is a function of similarity and so the conjunct
suffers overextension due to compensation between the two constituent
membership values.

The observed form of the function goes against the binary view.
Membership in the conjunct is not reserved for items that are members of
both constituents.

The form of the function is also consistent with the theory-based view of
concepts. Factors independent of either constituent are not required to
predict membership in the conjunct. However, although a theory-based
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view allows that the conjunct be non-compositional, it does not require it to
be so.

D om inance
How can the dominance of A in predicting membership in AB be accounted
for? One explanation consistent with the composite prototype model would
assume that A has a greater number of important attributes, to be inherited
by the conjunct, than B.

A second explanation, consistent with a theory-based view of concepts,
might hold that subjects use a conceptual hierarchy when classifying
spectra. In chapter two the concept of the "entry-point" into semantic
memory was discussed. If the entry point does not correspond with that
required by the task because, for example, it is not specific enough, then
further inferences may be necessary. In chapter 3 the possibility that the
dimensions that emerged from the multidimensional scaling of subjects'
similarity judgement ratings were due to the use of a conceptual hierarchy
to classify spectra was discussed. It may be that when subjects make the
AB judgement the presence of amine features, such as the primary amine
doublet, allows entry to the A- AB, just A hierarchy at the A level and
subjects then go on to make the AB decision. If the amine features are not
present the subject decides that the spectrum is not the spectrum of an A
and therefore cannot be the spectrum of an AB. This asymmetric process
(subjects never make the B judgement first) explains the dominance of A in
predicting membership in the conjunct. In particular it explains the greater
probability of overextension given a YES response to A than given a YES
response to B.
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C om m utivity
The latter account also explains why there was no asymmetry between the
AB and the BA judgements in predicting membership in the conjunct and
the extent o f overextension. That is, why there was no qualifier effect.
This is what one would expect if both of these judgements are nested
within the A judgement, due to subjects use of the A, AB, just A hierarchy.

E xpert-N o v ice differences
There was no significant difference between the subject groups in the
extent to which the additive model applied. The two groups' data did,
however, have a different pattern of fit to the model. The model was a good
fit for the expert group’s data and accurately predicted their level of
overextension. However, the model underpredicted overextension for the
novice group. This suggests that there may be a second source of
overextension for the novices. One possible candidate for this source of
overextension is subjects' encoding of the stimulus. Any attribute present
in the subject's representation of the stimulus may cue different categories
to different extents. If there exists an attribute which cues the conjunct but
not the constituent categories then a stimulus which has that attribute
present in its representation will cue the conjunct more than the
constituents. In this way the conjunct may be overextended.

The "extra" dimension found, for the novices in the similarity judgement
study is consistent with this interpretation. In the similarity judgement
study the novices judged the similarity of AB spectra along three
dimensions. One of these dimensions was unique to the AB spectra.
Experts did not use this dimension in judging the similarity of AB spectra.
They judged the similarity of the AB spectra along the same dimensions as
they judged the similarity of A and B spectra and only those dimensions.
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Interpretation of this extra" dimension for the novice group was left until
the present chapter.

One plausible interpretation of this "extra" dimension is that in judging the
similarity of spectra both the experts and novices essentially make an A vs
not-A discrimination by matching on the primary amine doublet in the
characteristic functional group section of the spectrum. The B spectra aré
treated as not A (given the set of stimuli used in experiment 3 these two
categories are equivalent). In addition to this A / not A discrimination the
novices appear to make an AB / just A discrimination, when the spectrum
is an A, by matching peaks in the fingerprint region of the spectrum.
Spectra which are AB will have many more absorption peaks in the
fingerprint region than spectra which are just A. It seems likely that this
dimension is a "perceptual" dimension. The main reason for regarding it as
such comes from the difference between the accuracy achieved by the
novice group on the AB judgement in the membership judgement study
(75%) and the apparent accuracy achieved by the novice group in the
similarity judgement study (93.3%). The expert group were 80% accurate
in the membership judgement study but the expert group in the similarity
study were only 73.3% accurate. These results suggest that the novices are
not necessarily making an A vs AB discrimination in the similarity study
but are using the perceptual heuristic of matching on as many peaks as
possible in the fingerprint region of the spectrum. It may, however, be that
novices’ high accuracy in the similarity judgement study, does indeed
reflect an AB / just A discrimination, the important point is that the use of
this perceptual heuristic by the novices explains their non-compositional
pattern of performance. Novices’ accuracy in the membership judgement
study falls because they can no longer match the fingerprint peaks to a
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referent. In this study spectra were presented in isolation and so subjects,
after having classified a spectrum as, for example, "the spectrum of an
amine" would then be reduced to having to use a heuristic such as "many
peaks in the fingerprint region suggests an aromatic amine".
*

In the similarity judgement study neither the expert group nor the naive
subject group use the perceptual heuristic of matching peaks in the
fingerprint region. The expert group do not use it because they concentrate
on the characteristic functional group section of a spectrum. They have
learnt that peaks in the fingerprint region are a less reliable basis for
classification. The naive subject group have no knowledge of what an
infrared spectrum is and so no "theory" that the overall number of matching
peaks is an important indicator of how similar the compounds that produced
the spectra are. These two groups give a compositional pattern of
performance. The experts treat A spectra as A, B spectra as not A, and AB
spectra as A. The naive subjects treat A spectra as A, B spectra as B and
AB spectra as both A and B.

In the membership judgement study the expens are able to accurately assign
the individual peaks in the fingerprint region as being aromatic or not.

If as suggested by the novices' similarity data, the many peaks in the
fingerprint region cue the AB category but not the A category or the B
category and if as is also suggested by the experts' similarity data this
feature does not act as a cue for the expert subjects at all, then we can
explain the greater overextension found for novices compared with experts.
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T he com p osite prototype m odel or a theory-based view ?
How do the results of both the similarity judgement study and the
membership judgment study bear on the issue of whether or not similarity
to a prototype is a sufficient basis for categorization?

Two results clearly support the composite prototype model. Firstly, an
additive model predicted membership in the conjunct from membership in
the constituents, for both expert and novice subjects, that is the formation
of the conjunct was compositional. Secondly, the dominant concept in the
similarity judgement study was also the dominant concept in determining
membership in the conjunct.

However, there are two results that go against the composite prototype
model. Firstly, for experts in the similarity judgement study AB spectra '
were not linearly separable from not AB (that is, A and B spectra), whereas
the experts were able to accurately categorize spectra as AB, in the
membership judgement study. In chapter 1 the structural constraints on
concepts that prototype theory implies were discussed. If classifying
stimuli on the basis of similarity to a prototype involves a summing of
evidence against a criterion then there must exist an additive combination of
properties and their weights that can be used to partition instances into
members and non-members. Thus the members of the AB category should
be linearly separable from the non-members on the basis o f subjects'
similarity judgements. One might object that the similarity metric which
emerged from the similarity study may not be the one used by subjects in
judging membership and that categorization is indeed based on similarity to
a prototype. This may be because the AB category is not mentioned
explicitly in the similarity judgment task instructions. However, the fact
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that AB are not linearly separable from not AB, for the expert subjects does
lend support to Murphy and Medin (1985)'s claim that the similarity
structure of items alone is not a sufficient basis for categorization.

Secondly, novices were less compositional than experts. In the similarity
judgement study novices were non-compositional. In addition, in the
membership judgement study, although the composite prototype model w.as
an adequate fit to the data, it was, nevertheless found that the novice group
were less compositional than the expert group. They overextended the
conjunct significantly more than the experts. In addition, the pattern of fit
found between the observed response distribution and that predicted by the
best-fitting model confirmed that it was a better fit for the expert group
than the novice group. As discussed in chapter 3 this difference between
experts and novices in compositionality of the conjunct is in the opposite
direction to that predicted by the composite prototype model. Hampton
(1988), for example argues that more familiar conjuncts will be less
compositional than novel because extensional feedback will result in noncompositional attributes being incorporated into the prototype.

It would seem, then, that a full account of the data requires a theory-based
view of concepts. This will be discussed further in the final chapter.
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C hapter 5
E x p ert an d novice rules of a ttrib u te inheritance for form ing
conjuncts
*

5.1 In tro d u c tio n
In the experiment reported below two questions are of interest. Firstly, do
concepts such as ” the infrared spectra of amines" and "the infrared spectra
of benzenoid compounds" combine following the same rules of attribute
inheritance as the kinds of concepts studied by Hampton (1988, 1987) (eg.
SPORTS and GAMES)? That is, do they combine according to the
composite prototype model? Secondly, to what extent are these rules of
attribute inheritance the same and to what extent are they different for
experts and novices?

5.2 T h e com posite prototype model an d a ttrib u te inheritance
The composite prototype model makes four proposals regarding attribute
inheritance. Firstly it proposes that a conjunct inherits all of the attributes
of its constituents (the union rule). This is the same as a binary model with
a classical core. The binary model predicts that the members of the conjunct
of two sets will have the defining features of both sets. The composite
prototype model, however, differs from the binary view in proposing that
the conjunct will inherit all attributes, including those that are only
characteristic of the concept and not defining. This assumption that
attributes defining a prototype vary in their weight/importance for the
definition leads to a second difference between the binary view and the
composite prototype model. Whereas for the binary view the union rule is
rigid and cannot be violated, for the composite prototype model it is merely
the default. Deviations from the rule are possible.
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Secondly, the importance of an attribute for a conjunct will be a rising
monotonie function of its two constituent importance values. This assumes
the standard prototype theory, in which the attributes defining a prototype
vary in their weight or importance for the definition. It should be possible
to show that the importance of an attribute for a conjunct can be
significantly predicted from the importance o f the attribute for the two

•

constituents using multiple regression analyses. Also, we can expect that
importance for the conjunct will involve a trade-off between the two
constituent importances, and, therefore where the average importance of an
attribute for the two concepts is low (even allowing that one importance
value may be fairly high) importance for the conjunct will be low. Hampton
termed this inheritance failure. The third proposal is that there are two
constraints on the inheritance function. Firstly, attributes that are rated
necessary for either constituent (ie. common to all members) will also be
rated necessary for the conjunct. Secondly, attributes that are rated
impossible for either constituent will similarly be rated impossible for the
conjunct. The fourth proposal is that the concept that is dominant in
determining item typicality in the conjunct will possess a greater number of
important attributes. That is, if instances of a conjunct are judged more
similar to one constituent than the other then the intension of that
constituent will be found to have a greater number o f important attributes.

5.3 H am p to n 's em pirical w ork
Hampton (1987) conducted empirical work to test these proposals for
everyday concepts and found that all of them were upheld. The union rule
was a fair approximation, accounting for about 80% of the data.
Hampton found evidence of inheritance failure but only limited evidence of
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noncompositionality. He found that a weighted average of constituent
importance predicted the importance of an attribute for a conjunct. Necessity
o f attributes was inherited from constituents and this was the only source of
necessary conjunct attributes. Impossibility was also inherited. Hampton
found two manifestations of the concept dominance effect. Dominant
concepts, as predicted, had more attributes to be inherited by the conjunct.
Also, the importance of an attribute for a conjunct was more likely to

»

resemble its importance for the dominant concept.

5.4 T he p resen t study
The present study tests all the proposals of the composite prototype model
for the concepts "the infrared spectra of benzenoid compounds / amines /
carboxylic acids", and their conjuncts and for expert and novice subjects.

W hat does the com posite prototype m odel predict?

C o m p o sitio n ality
Hampton (1988) discusses two possible sources of non-compositionality
causing deviations from the predictions of the inheritance model. They are
extensional feedback and inferring attributes of the conjunct from world
knowledge. These were discussed in the introduction to chapter 4 and are
discussed further below.

E xtensional feedback
What one knows about the class o f objects referred to in a conjunct of two
concepts (that is, the extension o f the conjunct) may lead one to associate
new attributes with the conjunct that were not associated with either
constituent. In this way, there is feedback from experience, or from other
stored knowledge, into the conjunct. The more familiar this concept, the
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more likely it will be that the attributes associated with it will be
unpredictable from knowledge of the attributes of either constituent.
Hampton found that the inheritance model was a poorer fit for the concept
PET THAT IS ALSO A BIRD compared with the concept FURNITURE
THAT IS ALSO A HOUSEHOLD APPLIANCE. He suggests that this is
because the former concept is a more familiar concept. He found that the
attributes "lives in cages" and "is small" were important for the conjunct bf
PET and BIRD confirming non-compositionality.

Hampton suggests that combining the attribute sets of concepts to form a
composite prototype may be a general mechanism for forming new concepts
which does not apply to familiar concepts.

If this is the case, then since experts will be more familiar with a conjunct
than novices, the composite prototype model predicts that they will be less
compositional. Experts will have attributes associated with the conjunct that
are not associated with the constituents due to their greater experience with
instances of the conjunct.

In fe rrin g a ttrib u tes o f the conjunct from w orld knowledge.
The second source of non-inherited attributes of a conjunct discussed by
Hampton is derived from the theoretical position of Murphy and Medin
(1985). If concepts are highly structured theories of a domain then
attributes may be added to the conjunct in order to increase its coherence.
That is, attributes may be inferred from "world knowledge".

This also leads to the prediction that experts will be less compositional than
novices. Experts will have greater knowledge of organic chemistry/the
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structure of compounds and will be better able to infer new attributes.

In summary, the composite prototype model holds that any deviation from
compositionality indicates the extent to which the wider knowledge
base/subjects’ theories influence the representation of the conjunct. The
model predicts that this influence should increase with expertise.
•

The results of the similarity judgement study went against this prediction of
the composite prototype model. The expert group of subjects were more
compositional than the novice group. There was a dimension along which
the novice subject group judged the similarity of instances of the conjunct
but along which they did not judge the similarity of the constituent spectra.
If the present study also reveals that the expert group is more compositional
than the novice group then the composite prototype model, in its present
form, can be rejected. The model will have to be modified to account for
why familiar conjuncts are compositional and novel conjuncts are
noncompositional. If, however, the opposite result is obtained then the
composite prototype model will need to account for the pattern of results
from the similarity judgement study and why the two different tasks result
in different patterns of compositionality.

D om inance
For the conjunct, "the infrared spectrum of an amine which is also a
benzenoid compound" a dominance effect was found for both the expert and
novice subjects in both the similarity and the membership judgement study.
The constituent "the infrared spectrum of an amine" (A) was dominant over
"the infrared spectrum of a benzenoid compound" (B), with instances of the
conjunct being perceived to be more similar to instances o f A than B and
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with membership in A contributing more to the prediction of membership in
the conjunct than membership in B. The composite prototype model predicts
a dominance effect in the same direction as found in these previous studies
for this conjunct. That is, when predicting the importance of an attribute for
the -conjunct we should again observe that the A constituent will have more
attributes judged important than the B constituent. This should hold for both
expert and novice subject groups.

The other conjuncts studied in the present experiment, that is, "the infrared
spectra of carboxylic acids that are also benzenoid compounds" and "the
infrared spectra of amines that are also carboxylic acids" were not studied in
the similarity and the membership judgement study and no predictions
regarding their direction of dominance can be derived. We can, however
expect that the dominant concept will have the greater number of important
attributes.

W hat does the theory-based view p red ict?
How a theory-based view of concepts might account for the results of
experiments 3 and 4 was outlined in the general discussion in chapter 4. It
was argued that the results were due to subjects use of the A - BA, just A
hierarchy to classify spectra. Novices were less compositional than experts
in similarity judgements because, after making an A - not A discrimination
on the basis of the presence or absence of the N-H absorption band in the
characteristic functional group section of the spectrum, if the spectrum is
found to be an A, they go on to match peaks in the fingerprint region of the
spectrum. This results in an AB / just A discrimination. Experts make only
the A - not A discrimination. In the membership judgement study,
overextension of the conjunct occurs, with A being the dominant concept for
both subject groups, again because of the use o f the A - BA, just A concept
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hierarchy.

The theory-based view does not make any specific predictions as regards
compositionality and dominance in the present study. This is because we
cannot specify apriori the nature of any inferences from the wider
knowledge base, or whether or not they will differ for the different subject
groups. Any combination of results is possible. If the theory-based accoiint
of the results of experiments 3 and 4 is correct and subjects again use the A
- BA, just A hierarchy when judging attribute importance, then we can
expect that both subject groups will show the same pattern of
compositionality as shown in the similarity study. That is, for the conjunct
AB novices will again be non-compositional judging absorption bands that
appear in the fingerprint region of the spectrum as important for the
conjunct, but judging them as not important for the constituent concepts.
Experts will be compositional judging the N-H absorption band as important
for both A and AB, but not important for B, and judging the aromatic
fingerprint absorption bands as not important for either the conjunct or the
constituents. We can also predict that any dominance effect will be in the
same direction as observed in experiments 3 and 4, that is, there will be a
dominance o f A. The theory-based view, however allows the possibility
that the A-B A, just A hierarchy will not be used but that other inferences
will. In this case whether subjects are compositional or not and whether
there is any dominance or not and its direction, cannot be predicted.

W hat does the binary view predict?
The binary view predicts that there will be defining features only. That is,
attributes rated as important for a concept will be rated as necessary and all
other attributes will be rated as impossible. It also predicts that the conjunct
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will inherit all of the attributes of both constituents. It may be the case that
one constituent has a greater number of defining features than the other.
However, this would not lead to concept dominance in membership
judgements. This is because the binary view holds that membership in the
conjunct is determined by a Boolean combination rule so both constituents
should contribute equally to membership in the conjunct. The results of
experiment 4 showed that this is not the case for "the infrared spectrum of
an amine", "the infrared spectrum of a benzenoid compound" and their
conjunct. Membership in the concept "the infrared spectrum of an amine"
was a better predictor of membership in the conjunct than membership in
"the infrared spectrum of a benzenoid compound" was. The binary view
does not differ in its predictions for the expert and novice subject groups,
although it does allow that the particular attributes regarded as defining
may differ for the two groups.

5.5 M ethodology
Hampton (1987) generated attributes defining pairs of concepts (eg.
SPORTS and GAMES) and their conjuncts by asking subjects to list
attributes for each concept and each conjunct. In contrast to this the
attributes used in the present study were taken from a text book on infrared
spectroscopy. This was for a number of reasons. Firstly, in experiment 1
when subjects were asked to list attributes the experts and the novices
expressed the same attributes at very different levels of specificity. For
example, an expert might list "C-H stretch at 3000-2800 cm"1, strong"
whereas a novice would list "C-H". It is important to express an attribute in
a form suitable for both expert and novice subjects. This can be achieved by
using the attributes listed in a textbook. Another reason for using the
textbook attributes is that in attribute listing experiments subjects may not
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list attributes that they think are obvious.

One disadvantage of using textbook attributes is that it may not allow
noncompositional attributes to be picked up.

One attribute list was constructed and subjects rated the same attributes for
all of the concepts and their conjuncts. This was because the infrared
«

spectrum of an amine, for example, may have any attribute of any other
class of organic compound as well as the attributes of an amine.

S um m ary of the predictions of the com posite prototype m odel
Using multiple regression it will be possible to predict attribute importance
in the conjunct from attribute importance in the constituent concepts. There
may be an asymmetry between the concepts, with the concept having the
greater number of important attributes being dominant. For the concepts
"the infrared spectrum of an amine" (A) and "the infrared spectrum of a
benzenoid compound" (B), we can predict from the results of experiment 4
that A will be dominant and have the greater number of important attributes.

Expert-novice differences
The composite prototype model predicts that novices will be more
compositional than the experts (because extensional feedback will have
resulted in more non-compositional attributes and more inheritance failure
for the experts).
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5.6 E x perim ent 5
M ethod
Subjects
There were two groups of 8 subjects. These were a novice group of post
graduate chemistry students all of whom were using infrared spectroscopy
in their thesis work and a group of expert chemists who had on average
25.5 years of experience in the use of infrared spectroscopy. All subjects'
had participated in the membership and typicality judgement study. Novices
were run in a group and experts were run individually with the experimenter
present.

M aterials
A list of attributes of infrared spectra was constructed from those listed in
the book "Infrared Spectroscopy" by Bill George and Peter McIntyre (p347352). The attributes included all of those listed for the following classes of
organic compounds: alkanes, alkenes, alkynes, benzenoid compounds,
alcohols, phenols and ethers, amines, ketones, aldehydes, carboxylic acids
and salts, esters, acid halides, amides and halogen-containing compounds.
An attribute listed in the book could be divided into two pans - a structural
part describing a sub-structure of the molecule (eg. CH2) and a visual part
describing what would be seen on the spectrum ( eg. two bands at 2926
and 2853 cm *). The parts describing the molecular sub-structure were
included in the constructed attribute list and these were prefixed by the more
general term "absorption band(s) due to .." as a replacement for the specific
visual phrases of the attributes. There were 28 attributes in all. Appendix H
shows the completed attribute list. This list was compiled in a different
random order for each of 3 concepts and their conjuncts. There were two
different statements of each conjunct. The 6 concepts are listed below. The
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symbol following the statement of a concept will be used to denote that
concept in subsequent discussion.
1. the infrared spectra of benzenoid compounds (B)
2. the infrared spectra of amines (A)
3. the infrared spectra of carboxylic acids (C)
4. a. the infrared spectra of benzenoid compounds that are also amines
(AB)
b. the infrared spectra of amines that are also benzenoid compounds
(AB)
5. a. the infrared spectra of benzenoid compounds that are also carboxylic
acids (BC)
b. the infrared spectra of carboxylic acids that are also benzenoid
compounds (BC)
6. a. the infrared spectra of amines that are also carboxylic acids (AC)
b. the infrared spectra of carboxylic acids that are also amines (AC)
The order was then reversed so that there were two versions of each list for
each concept.

The response scale was identical to that used by Hampton 1987 experiment
2. It consisted o f six categories N, A, B, C, X, and XX, each
corresponding to a degree of importance. The two extreme responses N and
XX also measured the degree to which an attribute was necessary (N) or
impossible (XX) for each concept.

Design an d P rocedure
Level of subject expertise was a between-subjects factor.
In Hampton 1987's experiment 2 there were 4 subject groups, each rated
only one constituent of a concept pair or one version o f the conjunct. The
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concept rated was therefore a between-subjects factor. In the present
experiment it is treated as a within subjects factor with each subject rated
the importance of an attribute for both constituents and for one version of
the conjunct. Constituent concepts were rated first and conjunct concepts
second. Order of rating the concepts was counter-balanced across subjects
within each subject group. Each version o f the conjunct was rated by half
the subjects in each subject group. Half the subjects in each subject group
rated the attributes in the forward version of the attribute list for that
concept and half in the reverse version.
Each subject received two booklets, one for concepts 1, 2 and 3 and one
for concepts 4,5 and 6. Subjects completed the first booklet before being
presented with the second. Each booklet had a covering instruction sheet.
The instructions were as follows:

In s tru c tio n s
On the following pages you will find the name o f a type of compound and a
list of attributes below it. For example you might see:

T he in frared sp ectra o f KETONES

1. absorption band(s) due to N-H stretch
2. absorption band(s) due to C-O stretch
3. absorption band(s) due to C-H stretch

For each of the listed attributes decide which o f the following statements
applies to the infrared spectra of that type of compound.

N = The attribute is necessarily true o f all possible examples of the infrared
spectra o f that type o f compound and a defining feature.
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A = The attribute is a very important feature of the infrared spectra of that
type of compound.
B = The attribute is a fairly important feature of the infrared spectra of that
type of compound.
C = The attribute is often true but not a very important feature of the
infrared spectra of that type of compound.
X = The attribute is not usually true of examples of the infrared spectra of
that type of compound.
XX = The attribute is necessarily false of all possible examples of the
infrared spectra of that type of compound.

Circle the appropriate letter on the scale next to the attribute.

Subjects were run in one session lasting approximately 30 minutes.

5.7 R esults an d Discussion
The results were analyzed as follows. Individual ratings were converted into
a numerical scale of attribute importance, and the scale's intersubject
reliability was assessed. This was the same scale used by Hampton (1987).
The following analyses were carried out on the data for each subject group
separately. A criterion was placed on the scale of importance, and attributes
were classified as either important or unimportant for each constituent and
each conjunct. This allowed the individual pattern of inheritance of each
attribute to be analysed. Regression analyses were used to test the
prediction that importance for a conjunct is a rising function of importance
for each constituent. Analyses considered the frequency of N (necessary)
and XX (impossible) responses and the extent to which necessity and
impossibility are inherited from constituent attribute ratings.
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In addition, in order to explore differences between the two subject groups
and to test the concept dominance hypothesis a regression analysis was
carried out on each individual subjects data for each concept pair and their
conjunct. The resulting beta weights were input to a 2 by 2 ANOVA with
subject group a between groups factor and constituent a within groups
factor. A further ANOVA tested whether there was any difference between
the subject groups and the different conjuncts in the variance accounted for
by a weighted average model. The question of commutivity (that is, the
possible difference between "A that are also B" and "B that are also A" was
not addressed and throughout the statistical analysis the two versions of a
conjunct were treated as the same concept and the data from both combined.

T h e im p o rtan ce scale.
The ratings given to the attributes were coded numerically giving a scale of
importance. The ratings were converted using the following coding scheme:
N = +4, A = +3, B = +2, C = +1, X = -1, XX = -2. Individual ratings were
averaged across the 8 subjects in each subject group to give a mean rated
importance between -2 and +4 for each attribute for each constituent and the
conjunct.

R e lia b ility
The split-half reliability of the mean rated importances was obtained for the
constituents and the conjunct. The expert and novice subject groups were
each divided randomly into two equal halves, and the correlation between
the mean importance scores for each half was obtained and corrected using
the Spearman-Brown correction to give an estimate of the overall reliability
of the full data. The results are shown in table 5.1. Mean reliability for the
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expert group was 0.88 for individual constituent concepts and 0.90 for the
conjuncts. Mean reliability for the novice group was 0.90 for individual
constituent concepts and 0.93 for the conjuncts. These figures are similar to
those obtained by Hampton (1987) (0.89 for individual constituent concepts
and'0.85 for the conjuncts).

Table S.l
Spearman-brown reliabilities of the mean rated importance for the constituents
and conjuncts for the expert and for the novice group of subjects.

Spearman-brown reliabilities
Experts

Novices

A

0.849

0.931

B

0.930

0.902

C

0.859

0.901

AB

0.906

0.970

AC

0.888

0.971

BC

0.948

0.967

Concept

In h eritan ce as a union o f a ttrib u te sets
This section analyzes the pattern of inheritance o f individual attributes for
each concept pair, for each subject group. Hampton's model allows 4
different inheritance patterns.
1. The conjunct inherits an attribute from a constituent. The attribute is
important for both the constituent and for the conjunct (the union rule).
2. The conjunct fails to inherit an attribute from the constituent. The
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attribute is important for the constituent but is not important for the
conjunct (inheritance failure).
3. The conjunct has an attribute which neither constituent has. The attribute
is important for the conjunct but not important for either constituent (a
noncompositional attribute).
4. An attribute is not important for either the constituents or the conjunct.

An arbitrary cut-off point of 1.5 on the importance scale was used to
classify an attribute as important or unimportant for a concept. This is the
same criterion as was used by Hampton (1987).

Table 5.2 shows the counts of attributes violating or not violating the union
rule for both the expert and the novice subject group.
Table 5.2
Frequencies of attributes important (+) or unimportant (-) for describine
constituents and conjuncts
5
Expert group
Constituent:
Conjunct:

+
+

+

A _ B

11

A_ C

Novice group

+

-

+
+

1

1

15

13

0

0

15

7

2

0

19

8

0

0

20

B_ C

14

2

1

11

17

0

0

11

Total

32

5

2

45

38

0

0

46

+

•
+

Concept pair

Results for the expert group
Of the attributes that were important for at least one constituent 86.5%, on
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average, were inherited by the conjunct and the remaining 13.5% failed to
be inherited. These results are similar to those obtained by Hampton. He
found that about 80% of attributes were inherited and 20% failed to be
inherited.
There were 2 instances m which an attribute was judged to be important for
the conjunct but unimportant for both constituents. Both these cases
involved the same attribute, namely "absorption bands due to the C-H in-'
plane deformation". This attribute was judged to have a mean rated
importance of 1.38 for "the infrared spectra ofbenzenoid compounds", 0.25
for the "infrared spectra of amines" and 2.00 for the "infrared spectra of
amines that are also benzenoid compounds". For the "infrared spectra of
carboxylic acids" it was judged to have a mean rated importance of 0.25 and
1.50 for the infrared spectra of carboxylic acids which are also benzenoid
compounds". Text books confirm that this attribute is not very useful for
identifying a benzenoid compound because it is weak. It seems that expert
subjects rate this attribute as more important for a conjunct than for a
benzenoid compound. This was evidence of noncompositionality.
Results for the novice group
In contrast to the expert group there were no instances of inheritance failure
for the novice group and no instances of noncompositionality. The union
rule predicted the fate of 100% of attributes. Every attribute that was judged
important for a constituent was judged to be important for the conjunct.

The union rule provided a better fit to the novice group's data than the
experts. For the expert group there were clear violations o f the rule, the
majority of which were cases of constituent attributes that failed to be
inherited. There was only 2 noncompositionality results. The overall pattern
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of the data for the experts is similar to that found by Hampton (1987). That
is, the degree of noncompositionality shown by experts on concepts in
infrared spectroscopy is the same as is shown by subjects on familiar
everyday concepts. Novices in contrast are more compositional. These
results are in the direction predicted by the composite prototype model.
H ypothesis 1:
P redictio n of a ttrib u te im portance
1. Across subjects statistics
To investigate the prediction that importance for the conjunct would be a
rising function of importance in each constituent, regression analyses were
performed. Six equations for each subject group were calculated to predict
attribute importance for the conjunct from the constituent importances. The
regression statistics are shown in table 5.3.
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Table 5.3
Expert and novice standardized regression coefficients (beta) for the prediction of
mean rated importance for each conjunct from mean rated importance of attributes
for the constituent concepts, together with multiple R for each equation.

Concept
pair

Betas

Constituent

R

Experts

Novices

Experts

Novices
•

A and B

A
B

0.491
0.762

0.616
0.654

0.956

0.946

A and C

A
C

0.628
0.836

0.479
1.007

0.853

0.952

B and C

B

0.632
0.670

0.623
0.874

0.851

0.923

C

All of the equations accounted for significant proportions o f the variance in
attribute importance for each conjunct. In all equations, both constituents
entered the equation at the .001 significance level (on a one tailed t test).
The fit was very good with a mean multiple R o f 0.887 for the expert group
and 0.940 for the novice group. The overall range for multiple R was from
0.851 to 0.956. Hampton found a mean multiple R of 0.81 andarange
between 0.58 and 0.95. Thus generally there was a better fit between the
predicted model and the data than Hampton found for "everyday“ concepts.
For two o f the conjuncts, AC and BC. the difference between the expert and
novice group on multiple R was as predicted. That is, the fit was better for
novices than for experts. For the AB conjunct the fit for the experts was
marginally better than for the novices.
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In general a weighted average of the two constituent scores appeared to be a
very good formula for predicting the conjunct score and this formula
predicted the large majority of the variance in the dependent variable for
most conjuncts. The hypothesized relation was therefore, mainly supported.
There was a difference in regression weights observed within each pair of
concepts for 4 of the 6 equations. These differences will be discussed
below under the section on concept dominance.

The composite prototype model predicts that some inheritance failures
should be attributable to low average constituent importance. In fact 2 of
the 5 attributes that failed on average to be inherited, for the expert group,
had one concept importance between 1.5 and 2 on the scale and the other
very low, so that an averaging function would give them an importance for
the conjunct well below the criterion level (1.5). Again this agrees well with
Hampton’s finding that about half of the inheritance failures were due to
generally low importance for the constituent concepts.

N ecessity an d Im possibility
Hampton's model places two constraints on attribute inheritance - necessity
and impossibility. That is, a conjunct will inherit any attribute that is
necessary for one of its constituents and fail to inherit any attribute that is
impossible for one of its constituents.
H y p o th e s e s

If a constituent receives an N rating then the conjunct should be rated N
also.
If a constituent receives an XX rating then the conjunct should be rated XX
also.
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Hampton (1987) considered necessity and impossibility in separate
analyses. He scored each attribute in terms of whether any subjects had
given it an N (or an XX) rating for each of the constituents and each version
of the conjunct. The frequency of both N (and XX) ratings was low so in
order to avoid including attributes which were given "spurious" N (or XX
ratings) he excluded attributes given only one or two N (or XX) responses.
He then compared the number of attributes receiving an N (or XX) rating'in
either both constituents or just one an d in the conjunct with the number
receiving an N (or XX) rating in either the conjunct or one or both
constituents. He found very few violations of both the necessity constraint
and the impossibility constraint and concluded that both necessity and
impossibility are inherited.

I also consider necessity and impossibility in separate analyses.
Here subjects’ ratings for an attribute are averaged and I ask whether
attributes that receive a mean rated importance greater than or equal to 3 (for
necessity) or less than or equal to -1 (for impossibility) in a constituent also
receive a mean rated importance of greater than or equal to 3 or less than or
equal to
-1 in the conjunct? This method is a stronger test in that it requires not only
that 3 or more subjects give an N (XX) rating but also that the other
subjects give a high (low) rating.

Necessity
Do attributes that receive a mean rated importance greater than or equal to 3
in a constituent also receive a mean rated importance greater than or equal to
3 in the conjunct? Table 5.4 shows, for each subject group and for each
concept pair, the number of attributes for which necessity was inherited, the
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number for which it failed to be inherited and the number of attributes
which were necessary for the conjunct but not for a constituent.

fab le 5.4
Inheritance of necessity for the expert and novice groups
•
Mean rating

Expert group
AB
1

AC
2

BC
3

> or = 3 in just a constituent

3

3

> or = 3 in just the conjunction

0

0

> or = 3 in one or two constituents
and in the conjunction

Novice group
AB
3

AC
7

BC
6

2

0

0

0

1

0

1

0

An examination of table 5.4 reveals that for the expert group necessity was
not inherited. In contrast, for the novice group, necessity was inherited
Again it seems that the data for the novices fit the predictions o f the
composite prototype model more than the expens data.

impossibility
Do attributes that receive a mean rated importance less than or equal to -1 in
a constituent also receive a mean rated importance less than or equal to -1 in
the conjunct?

Table 5.5 shows for each subject group and for each concept pair, the
number of attributes for which impossibility was inherited, the number for
which it failed to be inherited and the number of attributes which were
impossible for the conjunct but not for a constituent.
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Table 5.5
Inheritance of impossibility for the expert and novice groups

Mean rating
< or = -1 in one or two constituents
and in the conjunction

Expert group
AB
BC
AC
0
0
0

Novice group
AB
AC BC
1
0
0

< or = -1 in just a constituent

3

3

2

1

0

2*

< or = -1 in just the conjunction

0

0

0

0

1

0

An examination of table 5.5 reveals that impossibility was not inherited for
either the expert or the novice group. Infact experts gave very few XX
responses and these were all given by only 3 of the 8 subjects in the group.
O f the 172 XX responses given by novices 160 of them were given by 3
subjects. It may be that subjects used the XX category simply to express the
extreme unimportance o f an attribute for a concept.

E x p e rt an d novice differences
The results outlined above suggest that the composite prototype model does
provide a better fit for novices than experts. In order to test this statistically
the following analyses were carried out.

Prediction of attribute importance for individual subjects.

The following analyses were carried out for each subject. The distribution
of importance ratings for each o f the six concepts was standardized and
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three multiple regression analyses performed. In each analysis the conjunct
was the dependent variable and the relevant two constituents the
independent variables.This procedure resulted in 3 regression equations for
each subject, one for each conjunct. Tables 5.6, 5.7 and 5.8 show the
resultant standardized regression coefficients averaged across subjects.

Table 5.6
Mean standardized regression coefficients (beta) for the prediction
of rated attribute importance for the conjunct AB from rated
attribute importance for the constituent concepts A, and B.
Mean regression coefficient

Experts

Novices

Both constituents

Amine

Benzenoid
Compound

0.420

0.581

0.500

0.526

0.599

0.563

•»

All subjects

0.473

0.590

0.532
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T ab le 5.7
Mean standardized regression coefficients (beta) for the prediction
of rated attribute importance for the conjunct AC from rated
attribute importance for the constituent concepts A, and C.
Mean regression coeffiecient
*

Amine

Experts

Novices

All subjects

Carboxylic
Acid

Both constituents

0.224

0.405

0.314

0.346

0.741

0.543

0.285

0.573

0.429

Table 5.8
Mean standardized regression coefficients (beta) for the prediction
of rated attribute importance for the conjunct BC from rated
attribute importance for the constituent concepts B, and C.

Mean regression coefficient
-

Benzenoid Carboxylic
Compound Acid

Experts

Novices

All subjects

Both constituents

0.487

0.463

0.475

0.456

0.621

0.538

0.471

0.542

0.506
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C onjunct AB (see table 5.6)
All of the equations accounted for significant proportions o f the variance in
attribute importance for the conjunct AB. In 13 o f the 16 equations both
constituents entered the equation at at least the 0.05 significance level Con a
one-tailed t-test). In the remaining 3 equations only one constituent was ’
significant.

C onjunct AC (see table 5.7)
All of the equations accounted for significant proportions of the variance in
attribute importance for the conjunct AC. In 8 of the 16 equations both
constituents entered the equation at at least the 0.05 significance level ( on a
one-tailed t-test). In the remaining 8 equations only one constituent was
significant, and for 6 of these the non-significant constituent was "the
spectrum of an amine"

conjunct BC (see table 5.8)
All but one of the equations accounted for significant proportions o f the
variance in attribute importance for the conjunct BC. The exception was the
equation for expert 8. In 11 of the 16 equations, both constituents entered
the equation at at least the 0.05 significance level (on a one-tailed t-test). In
the remaining 5 equations only one constituent was significant and for 4 of
these the non-significant constituent was "the spectrum of a beazenoid
compound".

These results further support the hypothesized relationship between
importance of an attribute for the conjunct and its importance for the
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constituent concepts.

H yp o th esis 3
Is there any difference between the expert and novice groups in the variance
accounted for by the regression models ? Also, is there any difference
between the conjuncts in the variance accounted for by a weighted average
model? In order to answer these questions a 2 by 3 ANOVA was carried put
on the experts and novices coefficients of determination resulting from each
subject’s regression analyses. Level of subject expertise and conjunct were
the two independent variables. There was no significant effect of level of
subject expertise. Conjunct type was significant ( F (2, 42) = 4.178, p <
0.05). There was no significant interaction. Table 5.9 shows the mean
coefficient of determination as a function of conjunct and subject group.

Table 5.9
Mean coefficient of detenninarion as a function of conjunct and subject group
Mean coefficient of determination
regression
model for

Experts

Novices

Mean

AB

0.636

0.707

0.672

AC

0.465

0.647

0.556

BC

0.454

0.526

0.490

Mean

0.518

0.627

0.573
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An examination of this table reveals that the AB conjunct was the most
compositional, and BC the least. It also reveals that the difference between
the overall mean coefficients of determination for the expert and novice
*
groups was in the direction predicted by the composite prototype model,
with novices being more compositional than experts.

C oncept dom inance
In the across subjects regression analyses, conducted to predict mean
attribute importance in the conjunct from mean attribute importance in the
constituents, an asymmetry was observed in the beta weights of the two
constituents in 4 of the derived equations (see table 5.3).

For the A, B concept pair there was an asymmetry in the beta weights for
the expert group. The beta weight for B (0.76) was greater than that for A
(0.49). That is, there is a dominance of the B constituent. B was found to
have a greater number of important attributes (10, as compared with 2 for
A), that is, had more attributes to be inherited by the conjunct. These
results are consistent with the composite prototype model. However, the
asymmetry is in the opposite direction to that found in the similarity and
membership judgement study, for these concepts. In those studies A was
found to be the dominant concept. This difference in dominance between the
tasks goes against the composite prototype model. There was no asymmetry
between the A and B concepts for the novice group of subjects.

For the A, C concept pair both the experts and novices gave an asymmetry
in the same direction. C had a larger beta weight than A, with the difference
between constituent beta weights being greater for the novice group. C was
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found to have a greater number of important attributes (see table 5.10). This
direction of dominance is again consistent with the composite prototype
model.

Table 5.10
Number of attributes rated as important for each concept.
Concept

A

B

C

Expert
group

2

10

6

Novice
group

2

11

6

Constituent
mean

AB

AC

BC

6.0

12

7

15

11.3

6.3

13

8

17

12.7

Conjunct
mean

For the B, C concept pair there was an asymmetry in the constituent beta
weights for the novice group only, with C being dominant. However, B was
found to have the greater number of important attributes (11, compared with
6 for C; see table 5.10).

To test the robustness of these results the beta weights from each subjects
regression analysis were used as input to an ANOVA, as outlined below.

H ypotheses 2 and 3:
In order to test whether there were any differences between
1.

the coefficients for the two constituent concepts (concept dominance) and

2. the regression coefficients for experts and novices 2 by 2 ANOVA
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analyses were conducted for each conjunct. The subject group factor was a
between-groups factor with two levels ie. expert and novice and the
constituent factor was a within-groups factor, with two levels ie
constituent 1 and constituent 2.

ANOVA results
AB
There were no significant differences.

AC
There was a significant effect of constituent. F(l,14) = 16.18
p < 0.01, with the rated importance of an attribute for C being a
significantly better predictor of rated importance in the conjunct, than rated
importance in A. There was no significant effect of subject group and no
significant interaction.

BC
There were no significant differences.

These analyses show that only the dominance of C over A in the AC
conjunct holds for individual subjects. This dominance is in the direction
predicted by the composite prototype model.

S um m ary of results o f the a ttrib u te in h eritan ce study
1. Prediction of attribute importance in the conjunct
Attribute importance in the conjunct was found to be a rising monotonie
function of attribute importance in the constituents for both the expert and
the novice groups.
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2. The dominance effect
For the conjuncts AB ("the infrared spectra of amines that are also
benzenoid compounds") and BC ("the infrared spectra of benzenoid
compounds that are also carboxylic acids") there was no overall difference
between the two constituent concepts in their relative importance for
predicting attribute importance in the conjunct. For the conjunct AC ("the
infrared spectra of amines that are also carboxylic acids ") there was a
difference with C being significantly more important than A.

Expert -novice differences
1. Prediction of attribute importance in the conjunct
There was no significant difference between the experts and novices in the
extent to which a weighted sum of attribute importance in the constituents
predicts attribute importance in the conjunct. However the novice group was
relatively more compositional than the expert group.
2. Concept dominance
There was no significant difference between the expert and the novice group
on concept dominance.
3. The union rule
Novices were more compositional than experts with 100% of attributes
being inherited, no inheritance failures and no noncompositional attributes.
For experts, in contrast, 86% of attributes were inherited, on average, 14%
failed to be inherited and there were two instances in which an attribute was
important for the conjunct but not for either constituent.
4. Necessity and Impossibility
For the expert group necessity was not inherited but for the novice group it
was.
Impossibility was not inherited for either group.
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5 .8 G en eral D iscu ssion

How consistent are the results of the present experiment with the different
theoretical views outlined in the introduction?
*

The results of this experiment were generally as predicted by the composite
prototype model. The differences between experts and novices were such
that the composite prototype model is a better fit for novices compared with
experts. This is as expected from Hampton’s discussion of the effects of
extensional feedback and inference from the wider knowledge base.

There is. however one result that goes against the composite prototype
model. In the membership judgement study and in the similarity judgement
study, A was found to be the dominant concept, for both experts and
novices. The composite prototype model assumes that the intension o f AB in
judging membership is composed of attributes of A and attributes of B,
overlaid in a non-interactive manner. Hampton (1988) argued that the
dominant concept would be the one contributing the greater number of
important attributes to the conjunct. The results o f experiments 3 and 4
predict that this will be A, for the conjunct AB. However, for both subject
groups B was found to have the greater number of important attributes in
the present study. Also for novices, in the present experiment, there was no
observed dominance of either A or B and for experts, B was the dominant
concept. Taken alone, this latter result is consistent with the composite
prototype model.

How are these conflicting results to be interpreted? A theory-based view of
concepts could deal with them by assuming that the intension of the
conjunct AB, formed when judging attribute importance is different from
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that formed when judging the membership of an item in the conjunct or
when judging the similarity of spectra. That is, it may be that a different
rule for conjunct formation applies, under different task conditions. When
judging similarity and membership A dominates in the formation of the
conjunct because of the perceptual salience of the amine features and the use
of the A - AB, just A hierarchy to classify spectra. When judging attribute
importance, however, no actual spectra are present and subjects may then,
simply adopt the rule of the composite prototype model, that is, the
intension of AB is A union B.

A number of results go against the binary view. There were many attributes
which were important but not necessary for defining a category. There was
a dominance of C over A in predicting attribute importance for the conjunct,
AC. These results lead to the same conclusion as the results obtained in
previous chapters, that the binary view is inadequate as a general model of
concepts and can be rejected.
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C h a p te r 6

Sum m ary, conclusions and im plications

6.1 In tro d u c tio n
This thesis has been concerned with the problem of specifying an adequate,
general theory of concepts. It has investigated how subjects represent and
combine concepts drawn from a complex scientific problem-solving domain,
that of infrared spectroscopy. A cognitive profile of expert and novice

•

subjects' performance, in that domain, has been generated. In this
concluding chapter this profile will be summarized.Similarities and
differences between expert and novice subjects will be pointed out. The
implications of the overall pattern of results for theories of concepts will be
discussed. The results provide the first empirical data on the influence of
subject expertise on conceptual combination. They suggest that this
influence may differ under different task conditions. It is argued that the
overall pattern of results is best explained within a theory-based model of
concepts.

6.2 A cognitive profile of ex p ert and novice in te rp re te rs of
in fra re d sp ectra.
This section summarizes the findings of this thesis by outlining the typical
performance of expert and novice subjects in each of the experimental tasks
employed.

E x p erim en t 1: A ttrib u te listing
Experts listed more attributes of the infrared spectra of particular classes of
organic compounds than did novices. They listed more attributes at each
level of the conceptual hierarchies employed. In addition, the level of the
hierarchy at which subjects were unable to list any attributes was less
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specific for the novices than for the experts.

E x p erim e n t 2a: F ree classification
When asked to classify infrared spectra with "the first category that comes
to mind" an expert subject produced a more specific category than a novice
on 44% of trials. In comparison he produced a less specific response on
only 6% of trials 67% of the novices’ responses and 22% of expen's were
errors.

E x p erim en t 2b: T hinking-aloud
When asked to think out-loud whilst interpreting infrared spectra the novice
subject entered the task at a less specific level than the expert and was less
accurate.

E xperim en t 3: T he sim ilarity judgem ent task
In judging similarity of spectra to a referent spectrum both novice and
expert subjects made an A-not A discrimination on the basis of the presence
or absence of absorption peaks between 3300 and 3500 cm’ 1 and a
carbonyl/no carbonyl group discrimination, possibly on the basis of the
presence or absence of an intense peak between 1660 and 1770 cm’ 1. In
addition to the A-not A discrimination the novices therefore appeared to
make an AB / just A (that is an aromatic amine - non aromatic amine)
discrimination because they matched peaks in the fingerprint region of the
spectrum. Experts did not. In this sense the novice group were more
perceptual than the expert group because although they appeared to make an
AB / just A discrimination they may have been matching peaks without
knowing that those peaks were due to an aromatic ring. This resulted in an
"extra" dimension for the novice subjects, one unique to the AB spectra,
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discriminating that group from the A and the B spectra.

Naive subjects matched on the most intense peaks in the referent spectrum
and the overall visual configuration.
*

E x p erim en t 4: The m em bership ju d gem en t task

The same basic model applied to both expert and novice membership
judgements. The membership of an item in the conjunct could be predicted
from the membership of the item in the constituent concepts. A weighted
additive model applied with the constituent "the infrared spectrum of an
amine" being the dominant category. There were, however, different
patterns of fit to the model for the different subject groups. The model
underestimated novices overextension of the conjunct but was a good fit to
the expert data. Novices also overextended the conjunct more often than
experts and made more errors.

In contrast to Hampton (1988) and Chater, Lyon and Myers(1990) no
dominance of the constituent in the qualifier position was observed for
either subject group.

E x p erim en t 5: A ttribute inheritance

For all three constituent concept pairs, both the expert and novice groups
were compositional in the formation of a conjunct. The importance of an
attribute for the conjunct could be predicted from a weighted additive
function of attribute importance for the constituents. Novices were
relatively more compositional than experts (but not significantly so). Only
one conjunct, the spectra of amines that are also carboxylic acids", showed
a dominance effect which could be said to hold for individual subjects. The
pattern of dominance was overall consistent with the composite prototype
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model. However, the pattern of dominance observed for the conjunct AB
( the spectra of amines that axe also benzenoid compounds") was different
from that observed in the membership and similarity study. Necessity and
impossibility were not inherited for the expert group; necessity was
inherited for the novice group but impossibility was not. These results
contrast with Hampton (1988)'s, who found that both were inherited.
»

6.3 Im p lication s for m odels o f con cep ts and con cep tu al
c o m b in a tio n .

There were no statistically significant differences between experts with 15
to 25 years experience in this domain and PhD students in any of the
experiments. This suggests that any changes that occur with the acquisition
o f expertise, in this domain and between these levels of expertise can be
accounted for by the same model of concepts. The question then is which
model best accounts for the empirical data?

T h e binary view

The binary view can be rejected. In experiment 4 the observed form of the
function for predicting membership in the conjunct goes against the binary
view. Membership in the conjunct is not reserved for items that are members
of both constituents. In addition the dominance of one constituent (A) also
goes against the binary view. In experiment 5 there were many attributes
which were important but not necessary for defining a category, and there
was a dominance of C over A in predicting attribute importance for the
conjunct, AC.
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T h e com posite prototype m odel or a theory-based view?
Taking any one task and any one knowledge level conceptual combination
was on the whole compositional. In this sense, the results are consistent
with the predictions of the composite prototype model and the present study
*
replicates Hampton (1987, 88). However, there is one exception to this
compositional pattern, that the composite prototype model cannot account
for. That is, the novices judging the similarity of spectra (experiment 3, •
chapter 3). In addition, there are two other important results that the
composite prototype model cannot account for. Firstly, for both expert and
novice subjects, the dominance pattern observed in the similarity and
membership judgement studies (see chapter 4, page 195 for a discussion)
was different from that observed in the attribute importance study (see
chapter 5, page 235). Secondly, whereas the experts were relatively more
compositional than the novices in the similarity and membership judgement
studies, exactly the opposite pattern emerged in the attribute importance
study. In the discussion below I refer to this effect as the CROSS-OVER
EFFECT.

N o n -co m p o sitio n a lity o f the con ju n ct

Hampton was concerned with the question of the extent to which formation
of the conjunct was compositional, that is, involved only the constituent
concepts and did not involve inference from subjects theories / mental
models. The composite prototype model assumes that constituent concepts
are accessed and that the conjunct is computed using accessed rules of
attribute inheritance. Under these assumptions all of the attributes of the
conjunct should also be attributes of at least one constituent. The attribute
inheritance study has found only limited evidence for non-compositional
attributes. This is consistent with the composite prototype model and

231

replicates Hampton (1987, 1988). However, a non-compositiona! dimension
was uncovered for the novices in the similarity judgement study (experiment
3), whereas no such dimension was found for the expert subjects.

The'composite prototype model does, however, allow the possibility that the
representation of a familiar conjunct will be non-compositional. It allows
this by assuming that experience with the exemplars of a conjunct will
establish it in the knowledge base as an independent concept and that
extensional feed-back may result in the conjunct having attributes which
neither constituent has. Conceptual combination, for unfamiliar concepts
will be compositional. Since the experts have more experience with infrared
spectra than the novices and yet show no evidence of non-compositionality
it is unlikely that the novices non-compositional dimension is due to
extensional feedback.

Hampton discusses another source of non-compositional attributes, that is
inference from the wider knowledge base. That the formation of a conjunct
can involve inferences from subjects’ theories is an assumption of a theorybased view of concepts. The observed pattern o f results can be explained by
. assuming that the novices non-compositional dimension is a dimension
inferred from their theory of the domain and by assuming, in addition, that
novices’ theory of the domain differs from experts' such that the experts do
not infer this dimension.

One possible difference between experts' theory and novices’ theory which
could give rise to the observed difference in compositionality is the
following: experts know that the peaks in the fingerprint region are more
variable and less reliable than those in the characteristic functional group
region and so never judge similarity on the basis of them. Novices,
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however, do not know this and sometimes appear to match peaks in the
fingerprint region when judging similarity. In particular, they do so when
the spectrum is "the spectrum of an amine" but not when it is just "the
spectrum of a benzenoid compound". One possible reason why they do not
do so for the spectra of only benzenoid compounds is that in judging the
similarity of spectra they are classifying them using a classification
hierarchy with a superordinate category identified from the characteristic *
functional group section of the spectrum. There are then two possibilities.
Firstly it may be that there is no feature in the characteristic functional
group section which allows the benzene functional group to be identified,
subjects then do not bother to proceed to the fingerprint region. Secondly,
there is no classification hierarchy in the knowledge base with benzene as
the superordinate, so that benzene can only be identified when in
combination with some other functional group giving absorption in the
characteristic functional group section. Either possibility results in the
peaks in the fingerprint region of the spectra of instances of the category
"the spectrum of (only) a benzenoid compound" not being matched. This
strategy forjudging similarity gives rise to the non-compositional
dimension, "many peaks in the fingerprint region", for the conjunct ("the
spectrum o f an amine which is also a benzenoid compound") because
instances of the conjunct will have many peaks in the fingerprint region and
these will be matched by the novices when judging similarity. Instances o f
the spectrum of an amine will not have "many peaks in the fingerprint
region and although instances of "the spectrum of a benzenoid compound"
will have this feature they will not be matched when judging similarity.

D ifferen t dom inance p attern s in d ifferen t tasks

The composite prototype model assumes that the prototypes of the
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constituent concepts and the rules of attribute inheritance are the same under
different task conditions, that is are the same in the similarity judgement
task, the membership judgement task and the rating of attribute importance
task. This is because the model implicitly assumes that prototypes and rules
of attribute inheritance are stored and simply accessed for use under any
particular set of task conditions.
•

One prediction of the composite prototype model, then, is that if conceptual
combination is compositional under one set of task conditions then it will be
compositional in the same way under all task conditions. This means that if
one constituent of a pair is dominant under one set o f task conditions, then
that same constituent should be dominant under all task conditions. In
particular the constituent that is dominant in judging similarity should be
dominant in predicting membership and should be dominant in predicting the
importance of an attribute for a conjunct.

The results of this thesis go against this prediction. Holding level of
expertise constant it has been shown that a conjunct has different intensions
under different task conditions. The intension for the conjunct in the
similarity judgement task was different from the intension for the conjunct
in the attribute rating task. Specifically there was a dominance of the A
constituent, for all subjects, in experiments 3 and 4 but a dominance of the
B constituent for experts in experiment 5 with no dominance for the
novices.

A theory-based view of concepts can account for these results by assuming
that different theoretical structures influence performance on different tasks.
In the similarity and the membership judgment tasks the presence of the
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amine features results in subjects using the A - AB, just A conceptual
hierarchy to make an A - not A discrimination and an AB / just A
discrimination, giving rise to a dominance of the A constituent In
experiment 5 the intension of the conjunct is formed from the union of the
intensions of the constituents, as predicted by the composite prototype
model. This gives rise to the constituent with the greater number of
important attributes being dominant. This is B for the AB conjunct. This
latter rule for the formation of a conjunct may be a ’’default" used by
subjects unless the domain theory dictates otherwise.

In order to cope with the across task differences in dominance found in this
thesis the composite prototype model could postulate that the rules of
attribute inheritance for the conjunct differ depending on the task
conditions. This means that the assumption that stored rules of attribute
inheritance are simply accessed must be questioned and a mechanism for the
computation / selection of the appropriate rules of attribute inheritance
under particular task conditions must be provided. This mechanism will
need to appeal to subjects' theories / knowledge of the domain.

Sum m ary

A critical question for deciding between the composite prototype model and
the theory-based view is ’’when combining concepts does knowledge from
outside the constituent concepts influence the combination process?".

The answer to this question differs depending on the task conditions under
which conceptual combination takes place. One set of conditions under
which conceptual combination does not appear to involve any information
outside the concepts is for novices rating attribute importance. In contrast,
for novices judging the similarity or membership of spectra, combining
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concepts does involve knowledge outside the concepts. Specifically, it
involves the perceptual heuristic of matching on as many peaks as possible
in the fingerprint region.
*

Whether or not conceptual combination involves knowledge outside the
concepts, for the particular concepts studied in this thesis, is also
influenced by level of subject expertise. In the similarity and membership
judgement tasks forming a conjunct involved knowledge outside the
constituent concepts for the novices but not for the experts.

T h e cross-over effect
The composite prototype model assumes that the domain theory becomes
built into concepts as subjects' knowledge o f the domain increases. Only
two kinds of change are then possible with the acquisition of expertise.
Firstly, the representation of a concept may have features added to or
subtracted from it and secondly, the weighting of existing features when the
conjunct is formed may change. Assuming that these are the only kinds of
changes that occur, predicts that conceptual combination should become
eith er more compositional o r less compositional with the acquisition of
expertise. The composite prototype model cannot deal with the cross-over
effect. This theoretically important effect, however, requires further
empirical testing because the differences between experts and novices in
experiments 4 and 5 were not significant. Should the cross-over effect stand
up to further empirical testing it will be strong evidence for a theory-based
view of concepts.

If it is assumed, as discussed above, that different theoretical structures
influence subjects’ performance in the attribute importance task compared
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with the membership judgment task and the similarity task, as a theorybased view allows, then subjects overall pattern of performance can be
explained. The interaction of task conditions and subjects' knowledge of the
domain may give rise to the different changes in compositionality in
different tasks with the acquisition of expertise and also to the difference in
dominance across tasks.
9

Plausible task factors that may influence performance include whether or not
a conjunct is mentioned explicitly in the task instructions, whether attributes
o f spectra are mentioned explicitly and whether or not actual spectra are
presented. One might intuitively expect the explicit mention of the conjunct
to influence the intension formed. The similarity task differs from the
membership judgement task and the attribute importance task in that in the
similarity task there is no explicit mention of the conjunct whereas in the
latter two tasks there is. The attribute inheritance task differs from both the
similarity and the membership judgment tasks in that there is explicit
mention o f the attributes in the former but not in the latter and also in the
latter tasks an actual spectrum was presented but this was not the case in the
former task. It seems likely then that the important task factor resulting in
different dominance patterns in experiment 5 compared with experiments 3
and 4 is the presentation of an actual spectrum rather than explicit mention
o f the conjunct.

What about the different changes in compositionality in different tasks, with
increase in expertise? What are the important task factors?

In the attribute inheritance task the weighting of the features changed, the
features became less important with increasing expertise. However, the
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same rule is used by both experts and novices to combine the constituent
representations to form the conjunct. The fact that the same rule, the union
rule, is used is probably due to the explicit statement of attributes and
possibly to the fact that they are asked to rate the importance of each
attribute for each constituent and the conjunct. As novices acquire
experience of spectra they may come to realise that the presence of any one
attribute to the decision that a spectrum is the spectrum of a particular type
o f compound, is less important than the presence of particular attributes in
conjunction with each other. This can explain the fact that necessity was not
inherited for expert subjects but was for novices and the fact that experts
were less compositional than novices.

In the similarity and membership judgement tasks it seems that a particular
inference is made by novices but not by experts, that is, the presence of AB
is inferred from the presence of many peaks in the fingerprint region of the
spectrum. This results in the experts being compositional and the novices
non-compositional. Increase in knowledge of the domain may result in the
novices relying less on such perceptual heuristics and more on specific
knowledge of the attributes of spectra. Again, however, it is the task
conditions, which dictate what knowledge of the domain guides subjects'
performance. In this case the presence of an actual spectrum.

Differences between experts and novices can be attributed to greater use of
conceptual knowledge, in both cases, with task conditions having a strong
constraining influence on how knowledge is used.

Sum m ary
Overall the results of this thesis suggest that concepts should be viewed as
embedded within theories. The theory-based view's assumptions differ from
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the composite prototype model’s in assuming that inferences from subjects’
theories / mental models can contribute to the computation of the conjunct
and that the processes whereby the conjunct is formed may differ under
different task conditions. The composite prototype model can be regarded as
a specialization of the theory-based view, applicable under certain
conditions. It is adequate for some subjects performing some tasks in some
domains. For example, for experts (and novices) judging attribute
importance in infrared spectroscopy the composite prototype model is a
good fit, the intension of AB is simply A union B.

6 .4 C o n clu sio n

We are now in a position to reconsider the two questions oudined in chapter
1 in the light of the results from all of the experiments reported here.
Firstly, are concepts from a complex scientific problem-solving domain
represented and combined in the same way as everyday concepts? Secondly,
does the way in which concepts are represented and combined change with
the acquisition of expertise in a domain? As discussed above, the composite
prototype model can be portrayed as a special case of the theory-based
view. It may therefore be, that the representation and combination of
concepts is in general theory-based. The answer to the first question is NO
for all subjects. Hampton found the composite prototype model adequate for
everyday concepts, this thesis has demonstrated that a theory-based view of
concepts may be required for the domain of infrared spectroscopy. The
answer to the second question is YES, at least for this domain. A number
of changes with the acquisition of expertise have been identified. Experts'
formation of a conjunct is either relatively more or relatively less
compositional than novices' depending on the task conditions.
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6.5 F u tu re directions
The results of this thesis suggest two future research paths. Firstly, it will
be important to verify and refine the domain-specific results. Secondly, the
extent to which the potential domain-independent results (different patterns
of compositionality depending on subjects level of domain knowledge and
experience of the task, different patterns of concept dominance under
different task conditions and the cross-over effect) hold in other domains.

F u tu r e d om ain -sp ecific w ork

One weakness of the similarity and membership judgement tasks is that the
attributes that subjects use in making categorization judgements have not
been unambiguously identified. This could be rectified by combining the
techniques of thinking out-loud and judging similarity or categorizing /
interpreting spectra. Subjects could be told that the experimenter is
particularly interested in which attributes they are judging similarity on, or
using to categorize the spectrum and asked to think out-loud whilst doing
so. Studies such as these could also verify and increase understanding of
the dominance effect, and expert / novice differences in compositionality
and overextension.

Experiment 3 and experiment 4 used only one pair of concepts from this
domain. They need to be repeated with other pairs of concepts from the
same domain to see if the same pattern of results emerges.

The question of whether or not a basic-level of representation can be
identified for expert and novice subjects in this domain remains. This
question could be investigated by using a wider conceptual hierarchy than
that used in experiment 1 and again using the similarity judgement
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technique.

F u tu re dom ain-independent w ork
There is a need to empirically investigate whether or not the results of this
thesis hold in different domains. That is, do the differences in
compositionality between experts and novices, the across task differences in
dominance and the cross-over effect emerge in other domains? This will
allow identification of domain independent principles of conjunct formation.

It may be that tasks can be ordered with respect to their constraining
influence on subjects use of domain knowledge. It may be that there are
some tasks within which the same model of conjunct formation holds no
matter which domain the concepts are drawn from whilst there are others
which allow flexible use of domain knowledge. The attribute inheritance
task may be of the former type whereas the similarity judgement and
membership judgments tasks are of the latter type. This is suggested by the
fact that the pattern of subjects' performance in experiment 5 was very
similar to that observed by Hampton (1988) when subjects performed the
same task with everyday concepts. This issue needs to be investigated
empirically.

There is a need to find ways of representing domain theories so that their
influence on conjunct formation can be predicted in advance. An iterative
cycle of empirical work and domain analysis may then be required.
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Appendices

A ppendix A: T he a ttrib u tes listed by the expert and novice
su b ject groups for each concept in the concept hierarchies, X
*
an d Y, in experim ent 1.

H ierarch y Y

E xperts final a ttrib u te list

A rom atic H ydrocarbon
1. Aromatic ring vibration ~1600 cm-1
Aromatic ring modes 1400-1600 cm"*
2. Aromatic "substitution bands” 800 - 650 cm-1
Strong bands below 1000 cm-1
3. Possible alkyl substituents: CH absorptions at ~2900 & 1400 cm-1 and
methyls ~1370 cm-1
Presence of strong out-of-plane C-H bending modes
4. Absence of non-hydrocarbon absorption
Absence of bands due to oxygen or nitrogen containing species (eg. C =0,
N-H)
Anything present that should not be?
5. Bands above 3000 cm-1
Presence of modes above 3000 cm"l
6 . V.

weak overtone bands above 2000 cm-1

7. Generally a complex spectrum with many bands

Benzenoid H y d ro carb o n
1. Aromatic ring vibration ~1600 cm-1
Aromatic ring modes 1400-1600 cm-1

250

2. Aromatic "substitution bands" 800-650 cm-1
Strong bands below 1000 cm-1
3. CHX bands ~2900 & 1400 &1390 cm-1 from alkyl substituents
Presence o f strong out-of-plane C-H bending modes

4. Presence of modes above 3000 cm- *
Bands above 3000 cm-1

5. Absence of non-hydrocarbon absorptions
Absence o f bands due to oxygen or nitrogen containing species (eg. C =0,

N-H)
Anything present that should not be?
6 . Generally
7

a complex spectrum with many bands

. V. weak overtone bands above 2000 cm-1

N on-B enzenoid A rom atic H ydrocarbon
1 . medium

=C—H

- strong bands 650 -1000 cm-1

o.o.p. def bands at 1000 - 650 cm-1

2. C=C stretching near 1600 cm-1
Possible presence of C=C stretch around 1660 cm-1
3 . medium

band 1450 - 1650 cm-1

Possible presence of C triple bond C stretches in 1600 - 1450 cm-1 region
4. Band at ~3100
Weak C-H stretching above 3000 cm-1
=C—H stretch at > or equal to 3000 cm-1
5. Absence of bands 2800 - 3000
No C-H stretching below 3000 cm-1
Absence of C -H stretch below 3000 cm-1 (ie. 3000 -2800 cm-1)
6.

Absence of strong bands elsewhere

Lack o f other functional groups at 3100 - 3500 (OH, NH, Alkyne CH),
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3200 (N triple C, C triple C) 1650 -1800 (C=0)
Absence of OH and NH stretch at 3500 cm-1
Absence of C =0 stretch at 1800 - 1650 cm-1

Ben,zo [rst] pentaphene

1. medium - strong bands 650 -1000 cm -1
2. medium band 1450 - 1650 cm-1
C=C stretching near 1600 cm -1
3. Band at ~3100
Weak C-H stretching above 3000 cm-1
4. Absence of bands 2800 - 3000
No C-H stretching below 3000 cm-1
5. Absence of strong bands elsewhere
Lack of other functional groups at 3100 - 3500 (OH, NH, Alkyne CH)
3200 (N triple C, C triple C) 1650 -1800 (C=0)
6.

2 or 3 broad but weak bands from 1750 -2000 cm -1

In d en e
1. Presence of modes above 3000 cm -1
Bands above 3000 cm-1
2. Aromatic ring vibration ~1600 cm-1
Aromatic ring modes 1400-1600 cm"*
3. Aromatic "substitution bands” correspond to ortho substitution
Strong bands below 1000 cm-1
4. Weak non-aromatic CH absorptions
5. Weak olefinic C=C band.
6.

Absence of non-hydrocarbon absorptions

Absence of bands due to oxygen or nitrogen containing species (eg. C=0,
N-H)
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Anything present that should not be?

7. Presence of strong out-of-plane C-H bending modes
8.

Small overlapping band below 3000 cm-1

9. Generally a complex spectrum with many bands
*

10. V. weak overtone bands above 2000 cm-1

A z u le n e
1.

=C—H stretch at > or equal to 3000 cm-1

Band at ~3100
Weak C-H stretching above 3000 cm-1
2. Absence of OH and NH stretch at 3500 cm-1
Absence of C = 0 stretch at 1800 - 1650 cm-1
Absence of strong bands elsewhere
Lack of other functional groups at 3100 - 3500 (OH, NH, Alkyne CH),
3200 (N triple C, C triple C) 1650 -1800 (C=0)
3. Possible presence of C

C stretches in 1600 - 1450 cm-1 region

medium band 1450 -1650 cm-1
4. Possible presence of C=C stretch around 1660 cm-1
C=C stretching near 1600 cm-1
5.

=C—H

o.o.p. def bands at 1000 - 650 cm-1

medium - strong bands 650 -1000 cm-1
6.

Absence of C--H stretch below 3000 cm-1 (ie. 3000 -2800 cm-1)

Absence of bands 2800 - 3000
No C-H stretching below 3000 cm-1

G u a ia zu len e

1. Bands above 3000 cm-1
2. Strong bands below 1000 cm-1
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3. Generally a complex spectrum with many bands
4. Strong bands (4 overlapping) just below 3000 cm-1
5. Medium bands between 1250 and 1380 cm-1
6.

V. weak overtone bands above 2000 cm-1

H iera rch y X

E xperts final attrib ute list
»

A lip h a tic H ydrocarbon

1. Absence of OH and NH stretch at 3500 cm-1
Absence of C=0 stretch at 1800 - 1650 cm-1
Lack o f other functional groups at 3100 - 3500 (OH, NH, Alkyne CH),

3200 (N triple C, C triple C) 1650 -1800 (C=0)
Absence of medium-strong absorption elsewhere.
2. C--H stretch at 3000 -2800 cm-1
C-H

2800 -2900 cm-1 strong

Two bands at high frequency 2850 medium & 2950 strong
3.

—CH 2 - and CH 3 deformations at approx 1450 and 1390 cm-1

1360 cm-1 and 1430 cm-1 medium
Medium bands 1350 - 1400 cm-1
Medium band ~ 1450 cm-1
4. Absence of =C—H stretch at >3000 cm-1
5

. Absence of =C~H oop def bands at 1000 - 650 cm-1

Possibility o f bands at 3000 - 3150, plus medium bands between 650 and
1000 to signify presence of double bonds
6 . Weak

bands up to ~1300 cm-1

7. Band at about 700 cm-1 to see if there are three or more CH 2 groups
consecutively
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O pen-C hain H ydrocarbon
1. CH absorptions -2900 & 1400 cm-1
Strong bands (4 overlapping) just below 3000 cm-1
Presence of methylene C-H stretching and bending modes
2. Methyl groups -1370 cm-1
Presence of methyl C-H stretching and bending modes
Medium bands (2) between 1250 and 1380 cm-1
Multiple and/or intense methyl absorptions -1370 cm-1 suggest chain
branching
3. Absorptions -1640 cm-1 and 1000 - 700 cm-1 suggest unsaturation
4. Long-chain -(CH 2 )-n band -720 cm-1
Presence of 720 cm-1 band
Medium /weak band - 720 cm-1 if more than 4 CH 2 groups in the chain
5. Absence of non-hydrocarbon absorptions
. Absence of bands due to oxygen or nitrogen containing species (eg. C=0,
N-H)
Anything present that should not be?
Few other bands mostly quite weak

A licyclic H y d ro carb o n
1. C-H

2800 -2900 cm-1 strong

Two bands at high frequency 2850 medium & 2950 strong
2. Weak bands up to -1300 cm-1
3. Medium bands 1350 - 1400 cm-1
1360 cm-1 and 1430 cm-1 medium
Medium band - 1450 cm-1
4. Band at about 700 cm-1 to see if there are three or more CH 2 groups
consecutively
5. Possibility of bands at 3000 - 3150, plus medium bands between 650
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and
6.

to signify presence of double bonds

1000

Possibility of bands as in

6

plus ones at 1500 and ~ 1200 to signify

presence of benzene ring as a substituent.
7. Absence of medium-strong absorption elsewhere.
Lack of other functional groups at 3100 - 3500 (OH, NH, Alkyne CH),
3200 (N triple C, C triple C) 1650 -1800 (C=0)

T etra c o sa n e

1. Absence of OH and NH stretch at 3500 cm-1
Absence of C = 0 stretch at 1800 - 1650 cm-1
Lack of other functional groups at 3100 - 3500 (OH, NH, Alkyne CH),
3200 (N triple C, C triple C) 1650 -1800 (C=0)
Absence of medium-strong absorption elsewhere.
2. C -H stretch at 3000 -2800 cm-1
C-H

2800 -2900 cm-1 strong

Two bands at high frequency 2850 medium & 2950 strong
3. Absence of =C~H stretch at >3000 cm-1
4. —CH 2 - and CH 3 deformations at approx 1450 and 1390 cm-1
1360 cm-1 and 1430 cm-1 medium
Medium bands 1350 - 1400 cm-1
Medium band ~ 1450 cm-1
5. Absence of =C~H oop def bands at 1000 - 650 cm-1
6.

Characteristic series of small bands in the fingerprint region showing

long-chain.
7. Band at about 700 cm-1
8 . Weak

bands up to ~ 1300 cm-1

M yrcen e
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1. Strong bands (4 overlapping) just below 3000 cm-1
2. Small bands just above 3000 cm-1
3. Sharp medium band ~ 1640 cm-1
4. Medium bands (2) between 1250 and 1380 cm-1
5. Strong bands (2 to 4) below 1000 cm-1

C y c lo h e p ta n e

1. Absence of unsaturated groups eg. C= C at 1640 cm-1 «Sc =CH at 1000700 cm-1
2. Absence of methyl groups -1370 cm-1
Absence of methyl C-H stretching and bending modes
3. Absence of long-chain paraffinic structures -720 cm-1
4

. Major bands from saturated CH -2900 «Sc 1400 cm-1

Two very strong partially resolved bands just below 3000 cm-1
Presence of methylene C-H stretching and bending modes
5. Medium bands around 1400 - 1500 cm-1
6 . Absence

of modes above 3000 cm_l

7. Absence of bands due to oxygen or nitrogen containing species (eg.
C = 0, N-H)
Anything present that should not be?
Few other bands mostly quite weak
Absence o f non-hydrocarbon absorptions

M eth y lcy clo p en ta d ien e d im er

1. Band between 650 <Sc 1000 characteristic of cis di and tri substituted
double bonds
=C—H o.o.p. def bands at 1000 - 650 cm-1
2.

- 1380 cm -1 for methyl group
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CH 3 deformation bands at 1450 and 1390 cm -1
3. weak band 1650 & characteristic of strained C=C
C=C of six membered ring at 1620 cm-1 (probably weak)
C=C of five membered ring at 1640 cm-1 (probably weak)
Possible presence of weak C=C stretch around 1660 cm-1

4. Strong bands at 2850 & ~2950
CH below 3000 cm-1 (2800 - 2900 cm-1 )
C -H stretch at 3000 cm-1 (ie. 3000-2800 cm-1)
5.

weak bands at ~3150 (strained double bond C-H)

Possibly =C-H above 3000 cm-1 but will be weak
=C—H stretch at > or equal to 3000 cm-1
6 . possibly

double band at -3050 for other double bond C-H

7. Lack of other functional groups at 3100 - 3500 (OH, NH, Alkyne CH),
3200 (N triple C, C triple C) 1650 -1800 (C=0)
Absence of OH and NH stretch at 3500 cm-1
Absence of C = 0 stretch at 1800 - 1650 cm-1

Hierarchy Y

Novices final attribute list

A ro m atic H ydrocarbon
1.
2

Peaks for substituted alkyl groups

. Benzene stretching and Absence of any other functional group

3.

C--H frequencies about 3000 cnr*

C—H stretch at 3100 cm -1
C--H stretch
4. mono sub benzene ring around 700 cm -1
C--H bends
C—H bends at 700-800 cm~l
C—H deformation at 900 cm~l
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C--H deformation at 900 cm‘ 1
5.C=C stretch at 1500 cm 'l
C=C stretch
*

B enzenoid H ydrocarbon
1.Benzene stretching
Aromatic C=C stretch
C=C stretch at 1500 cm-1
C=C stretch
2.

benzene mono substituted 700 cm 'l

aromatic C--H bends
C—H bends at 700-800 cm 'l
C—H deformation at 900 cm 'l
3. aromatic C--H stretch symmetric and asymmetric
C—H stretch
C—H frequency, 3000 cm-1 and other places
C—H stretch at 3100 cm 'l

N on-B enzenoid A rom atic H ydrocarbon
1.

A number of overlapping C—H bends

2. C--H stretch
3. C--C stretch
4. C=C
C=C stretch for delocalized pi system

In d en e
1 .it

is an alkene

it has a double bond C=C
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alkene C=C stretch
C=C stretch
2. C--H stretch
C--H stretch 3100 cm- l
*
B en zo [rst] pentaphene
1 .aromatic

stretches due to aromatic pi systems
Aromatic C--C stretch
C--C stretches
double bonds
C=C
C=C stretch
C=C

ene stretch

C=C (benzene ring)
stretch
2.aromatic C—H stretch
C—H stretch
C--H stretches

A zulene
1 .unsaturation

aromatic
2.

C—H stretch

3.

C—C stretch

4. C=C
C=C stretch
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G uiazulene
1.

it is an alkene

it has a double bond C=C
C=C stretch
2.

C;-H stretch

3.

Look for fingerprint

look up standard spectrum

H ierarch y X

Novices final a ttrib u te list

A liphatic H ydrocarbon
1 . Non-aromatic

2. C—H stretch
3.

bending
C -H bend

4. C=C—H

5. C--C bending
6.

C—C stretch

7. C=C stretch

O pen-C hain H ydrocarbon
1. Absorption in the aliphatic region / 2900
2. Absence of any other functional group
3. Simple spectrum above 1500 cm-1
4. C--H stretch
5. CH 3 antisymmetric stretch
6.

C—H bend

7. —CH2 --bending&deformation
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8. C--C stretch
9. C—C bend

A licy clic H yd rocarb on

1. C--H stretch
2. C--C--H stretch
3. C—C stretch

T e tra co sa n e
1.

C—H stretch

M yrcen e
1.

is an alkene
'ene stretching freq
C=C
C=c stretch

2. C=C at 1400 cm-1
3.

lots of peaks in 1400-700

C ycIoH ep tan e

1. Absence of any other funct. grp
2. Simple spectrum above 1500 cm -1
3. C—H stretch
C—H stretch, asymm.sym
C -H , 3000 cm-1
4. C—H bends
— CH 2 ~ bending & deformation
5. C--C stretch
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C--C stretch, asym, sym
strong C—C in the fingerprint region
6.

C--C bends

M ethylcyclopentadiene dim er
1.

aliphatic

2. CH3 symmetric and antisymmetric vibration
C—H stretch
C—H vibration
C -H , 3000 cm-1
3. C—C bend
C -C
4. C—C stretch, antisymmetric
5. C=C
C=C stretch
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A p p en d ix B: The expert and novice th in k in g-alou d protocols
fro m , exp erim en t 2b.

E x p e rt
*

TA-O: 1-Cyclohexylhexane (hydrocarbon)
S.
Neat so its got em, its got aliphatic, quite a lot of aliphatic carbon hydrogen em.....features. Do you want me to describe the features? Or
just the interpretation?

E.
You just say whatever comes to mind.

S.
Oh, I see well em..... You don't want me to read off frequencies or
anything?

E.
Whatever you do in your head.

S.
OK. Very strong band near 3000 but below it. Below 3000 tells me its got
a lot of hydrocarbon groups, as has infact.......There's a band at 1460 and
1380, yes so So this looks like a very long chain, possibly a long chain
hydrocarbon because its got a band here at just over 700 which I seem to
recall is
720 Yes so I would say its a long chain saturated hydrocarbon bending
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frequencies CH2 here showing up quite strongly at 1460 and the CH
stretching vibration is very strong at just below 3000.
I could actually identify it......
*

T A -1 : tra n s-R etin o l (alcoh ol)

S.
Right this looks like.......Oh what a lousy spectrum. Well this is a
hydroxy compound....mmm it's got carbonyl there, interesting.
It's got lots of eh CH, it's got CH

in it. It's not unsaturated. I can

see the stretching of saturated CH below 3000, just below 3000, And
there's the hydroxyl

is very prominent

3400 hydrogen bonded very

little other features, very poor quality spectrum with the suggestion of a
carbonyl of some sort em 1750, 1740. It could be the derivative of a
carbohydrate. There's some typical carbohydrates here [looks in Aldrich
library]. Yep looks good except that the ester band isn't there, the
carbonyl

The hydroxyl is typical. In some of these I expect we'll find an

ester. It could be a polysaccaride that's what could give eh A saccaride
like cellulose. Why are the carbonyls coming up in that case? There's a
diffuse area a very badly resolved area here it could be because

Yeh I

would say its telling me its probably a polyhydroxy compound but I'm a
bit mystified by the little ester peak there. Right...

T A -2 : 1 -M ethyl-l-cycloheptene (alkene)

Now we’ve got a ......

I'd say we've got some unsaturation in here,

double bonds in here because of the little sidekicks on the upper side of
3000, the higher frequency side you have some sharp little spikes which
just give away

the eh... carbon hydrogen stretching on the double
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bond. And then we have a strong band here at eh.... but having said that
because its neat

there's a very strong absorption in the aliphatic C-H

region as well so we've got lots of saturated C-H but there's a little bit of
eh... unsaturation in there. Now is it an aromatic ring or is it an alkene ?
Em.-... strong band at eh 1450 no 1440. And we have a couple of weak
bands at eh at about 1640. That suggests to me it's probably alkene. And
there then I'd be looking for a substitution pattern in the low frequency
end and I see between 800 and 900 so we’ll just check what kind of
substitution pattern that suggests. Well it allows infact quite a few

Benzenoid compounds, aromatic but my preference is here for an aromatic
alkene

if it was that then the strong band about 850 would suggest either

a trisubstituted alkene possibly a cis- disubstituted alkene............
and that’s it. There may be more than one. Infact the fact that there are two
little bands near 1600 there may be more than one C=C double bond in the
molecule. But there are no other functions I don't think.

T A -3: 2,3,5,6-T etram eth y l-p -p h en y len ed iam in e (am ine)
S.
Eh right this looks lik e .......a primary amine or possibly an amide,
primary amide. Em the amino function whether its free or is in the form of
an amide is given away by the collection of bands near eh 3000, 3050 and
the sharp doublet there suggests that it's probably an NH2, primary.
Em.....the strongish band at eh .... just above 1600 I think is too low for
carbonyl so it probably is an amine rather than an amide

and if that's the

case then that strongish band would be due to NH bending of the amine.
Eh.... nujoll mull so we can’t tell anything about the hydrocarbon part.
Yep. I think that's about as far as I can go with that one........
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N ovice

TA-O: l-C yclohexylhexane (h y d ro carb o n )
Em. Looking at it straight away it’s got very strong
C-Kf stretching and also what could perhaps be an aromatic band at about
1400 1450 although it looks a bit a bit low for that. Apart from that I can’t
really gain any information straight away. First of all I’ll look for what is
the strong band at 1450. According to the chart it could perhaps be an
aromatic compound. Or a carbon-carbon double bond although I’ve always
been led to believe they're quite weak which suggests that it is aromatic.
There's certainly no alcohol character of any type. There’s also quite a
reasonably strong band at about 700 800 which could perhaps be chlorine.
At the moment I'm trying to find out whether if it’s a substituted benzenoid
compound of any type and if it’s a 1,2 - , 1,3- , or 1,4-, substituted
Not sure, but I'd suggest it is an aromatic compound with 2 chlorines
though I couldn't say much about the substitution.

TA -1: tran s-R etin o I (alcohol)
Straight away it’s got a very very strong O-H peak in here again it's
probably a hydrocarbon and I'll try to find out what type of O-H it is. It
happens to be a very broad band which suggests hydrogen bonding
although the only way to tell that is if you actually dilute the mixture.
It also suggests that it’s an alcohol rather than a carboxylic acid. No I think
perhaps it is a carboxylic acid being a broad band. Much of the other data
from the peaks are not very good.
Certainly OH character of some kind. I wouldn't suggest that there was any
ketone character although there might be carboxylic acid.
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TA -2: 1-M ethyI-l-cycloheptene (alkene)
OK. Lot of C-H stretching. Em there's two very strong bands, one at about
1450 and another one at about 850. There’s also a few, something in the
fingerprint region. I'll first of all check, look at the one at 1400/1450.
I think this will turn out to be just a straight hydrocarbon, possibly an
alkene.
I’m now looking for the band at about 850 which I think is just rocking,
twisting of C-H band

All I can say about this really is that it's a hydrocarbon and alkene.

T A -3: 2,3,5,6-T etram ethyl-p-phenyIenediam ine (am ine)
Em, this compound carbon C-H again , also what appears to be a muddled
O-H region could be a compound which has more than one alcohol group
on different positions. Quite a detailed fingerprint region possibilities of
perhaps a ketone group although low for that 1600 rather than sorry 1500
rather than 1600 and higher . Possibilities oxenes

I would have thought certainly a diol of some sort.
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A ppendix C
Stim uli used in experim ent 3: the judgem ent of sim ilarity
s tu d y

A ldrich
L ib rary
N u m b er

F u n c tio n a l
groups in
the molecule

B enzenoid, not Amine
6

6

Pyrene, zone refined

582E

B

24

0

Coronene

584E

B

23

N

m-Quinquephenyl

572E

B

10

A

[2.2] Paracyclophane

566E

B

30

U

Dodecahydrotriphenylene

569B

B

11

B

Styrylacetic acid

949H

B

C

9

9

Biphenyleneacrylic acid

956D

B

C

18

I

trans-Cinnamic acid, puriss

950A

B

c

22

M

Phenylacetic acid

930A

B

c

26

Q

Benzoic acid, zone refined

956E

B

c

A m ine, not Benzenoid
4

4

12 C
7

7

Diethylenetriaminepentaacetic acid 320E

A

c

2 - Acetamidoacrylic acid, puriss

320B

A

c

trans-4-(Aminomethyl)cyclohexanecarboxylic acid

320C

A

c
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27 R

3-(Diethylamino)-propionic
acid hydrochloride

319H

A

20 K

Di-n-dodecylamine ,tech

175B

A

1,12-Diaminododecane

172H

A

19 J

Spermine

181E

A

15 F

Oleylamine

189F

A

25 P

2,2,4,4,6-Pentamethyl-2,3,4,5
-tetrahydropyrimide.tech

228B

A

3

3

C

HCL

CO

Benzenoid and Amine
5

5

5 -Amino-2-chlorobenzoic
acid sulphate.tech

973B

B

A

C

28

S

2-Amino-3-methylbenzoic acid

966A

B

A

C

21 L

4-Amino-2-chlorobenzoic acid

972G

B

A

C

17 H

3,4-Diaminobenzoic acid

974A

B

A

C

16 G

Anthranilic acid

958B

B

A

C

14 E

2,3,5,6-Tetramethyl-pphenylenediamine

744G

B

A

6 Aminochrysene

752G

B

A

Aniline

714A

B

A

-

1

1

13 D
2

2

Triphenylformazan

760C

B

A

8

8

3-Amino-2-naphthoic acid

989H

B

A

C

B

A

C

29 T

4-chloro-2-hydrazinobenzoic acid 972F
hemihydrochloride

CL

CL

270
A p pend ix D

T he Isaac and Poor (1974) procedure for estim ating optim al
dim ensionality
Isaac and Poor (1974) suggest an index called the Constraint of a solution.
The larger the value of the constraint the more the configuration differs
from a random solution involving a given number of points. The index is .
defined as

C = E(Sr ) - SC

where,
C = constraint,
S c = stress of a typical configuration,
E(Sr ) = expected stress of a configuration based on random data in the
same dimensionality and involving the same number of points.

Note that E(Sr ) is the expected value of stress in the given dimensionality
when the solution is based on random data. This expected value is not
known and must be estimated from a sample of random data. Isaac and
Poor use the mean, Sr ^ of 15 stress values obtained in a given
dimensionality; Error, E = infinity was replicated 15 times for a given
number of points. They give tables of their results.
The procedure is to plot constraint against dimensionality and find the
dimensionality of the solution at which the constraint is maximised.This is
the optimal dimensionality of the configuration.
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A ppendix E
P rim ary , secondary and te rtia ry amines

Amines are classified as either primary, secondary or tertiary depending on
*
the number of organic substituents attached to the nitrogen atom in the
molecule. If there is one organic substituent (denoted by the symbol R)
attached to the nitrogen atom the compound is said to be a primary amine •
and its general structural formula can be denoted by R-NH 2 . If there are
two organic substituents attached to the nitrogen atom the compound is
said to be a secondary amine and its general structural formula can be
denoted by R-NH-R'. If there are three organic substituents attached to
the nitrogen atom the compound is said to be a tertiary amine and its
general structural formula can be denoted by
R-N-R'.

.

R»
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A ppendix F
C h a ter and L yon’s p ro o f th a t the probability o f overextensions
an d underextensions is equal, if a boolean strateg y is adopted to
ju d g e conjunct m em bership.

Let,
s = probability of an item being rated as a member of some category, s. *
g = probability of an item being rated as a member of some category, g.
u = parameter estimating any factors which may reduce the independence of
the subjects’ ratings at each stage of the task (including the probability of
subjects recalling their stage

1

membership judgements).

Underextensions
P(++-)
= s.g.[u 2 .(0 ) + u.(l-u).(l-g) + (l-u).u.(l-s) + (l-u ) 2 .(l-s.g)]
=s.g.[(u-u 2 ).( 2 -s-g) + ( l- 2 .u + u 2 ).( 1 -s.g)]
= s.g.[(u2.(s + g

-1

- s.g) + u.( 2 .s.g - s - g) + ( 1 -s.g)]

Overextensions
p(+-+) + P(-++) + p(--+)
= s.(l-g).[u 2 .(0) + u.(l-u).g + (l-u).u.(O) + (l-u) 2 .s.g ]
+ (l-s).g. [u2 .(0 ) + u.(l-u).( 0 ) + (l-u).u.s + (l-u) 2 .s.g]
+ (l-s).(l-g ).[(l-u ) 2 .s.g]
= (u-u 2 ).[s.g.(l-g) + s.g.(l-s)]
+ (1 - 2.u + U2 )[s2 .g .(l-g ) + s.g2 .(l-s) + s .g .(l-s )(l-g )]
= s.g.[(u2 .(s + g
A ppendix G

-1

- s.g) + u.( 2 .s.g - s - g) + ( 1 -s.g)]
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Stim uli used in experim ent 4: the judgem ent o f m em bership
study

Benzenoid, not Amine

N um ber in
A ldrich
lib ra ry

Pyrene, zone refined

582E

Coronene

584E

m-Quinquephenyl

572E

[2.2] Paracyclophane

566E

Dodecahydrotriphenylene

569B

Styrylacetic acid

949H

Biphenyleneacrylic acid

956D

trans-Cinnamic acid, puriss

950A

Phenylacetic acid

930A

Benzoic acid, zone refined

956E

A m ine, not Benzenoid

Diethylenetriaminepentaacetic acid

320E

2 - Acetamidoacrylic acid, puriss

320B

trans-4- (Aminomethy 1)-

320C

cyclohexanecarboxylic acid
4-chloro-2-hydrazinobenzoic acid
hemihy drochl oride

972F

.
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3- (Diethylamino)-propionic

31 Qxi

acid hydrochloride
Di-n-dodecylamine,tech

175B

1,12-Diaminododecane

17 2H

Spermine

181E

Oleylamine

1 89F

2.2.4.4.6- Pentamethyl-2,3,4,5

228B

-tetrahydropyrimide ,tech

Benzenoid and Amine

5-Amino-2-chlorobenzoic

973B

acid sulphate,tech
2- Amino-3-methylbenzoic acid

966A

4- Amino-2-chlorobenzoic acid

972G

3,4-Diaminobenzoic acid

974A

Anthranilic acid

958B

2.3.5.6 -

744G

6

Tetramethyl-p-phenylenediamine

Aminochrysene

752G

Aniline

714A

Triphenylformazan

760C

3- Amino-2-naphthoic acid

989H

not Benzenoid, not A m ine

2-Ethylhexanoic acid

288E

Hexadecanedioic acid

262C

Formic acid

284A
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Laurie acid

285D

Acetic acid

284B

(-)- - Pinene

36E

1,2,3,4,5-PentamethyIcycIopentadiene

31E

Cycloheptane

25E

Pentane

3A

1-hexene

10E
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A ppendix H
List o f attrib u tes used in the a ttrib u te inheritance study
1.

C-H stretch of CH3

2. C-H stretch of CH2
3. C-H stretch of CH
4. C-H deformation of CH3
5. C-H deformation of CH2
6.

(CH2)4

7.

gem-dimethyl group

8.

=C-H stretch

9. C=C stretch
10. C-H out-of-plane deformation
11.

C-H in-plane deformation

12. C-H bend
13. C=C stretch
14. C-H stretch of benzene ring
16. overtone and combination bands of benzene ring
17. C-H in-plane bending
19. C-O stretch
20. C-O-Hbend
21. O-H stretch
22. N-H stretch
23. N-H bend
24. C = 0 stretch
25. C-O-H in-plane bending
26. C-O-H out-of-plane bending
27. C-Cl stretch
28. C-F stretch
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A ppendix I: Infrared sp ectra. E xam ples o f the stim uli used in
experim ents 3 and 4.

Exam ple of a spectrum of a com pound which has ju st an Amine
group in its stru c tu re (no Benzene ring).
1,12 Diaminododecane (Aldrich library number 172H)
§ g 8 R 8 8 S_8_8 8
*3

Q)
n
3
O
■O

V

c
E
a
ra
E

8 8 8 R 8 8 5 8 S 2
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E xam ple of the spectrum of a com pound w hich has ju st a
B enzene ring in its structure (no A m ine group).

Benzoic acid (Aldrich library number 956E)

279

E xam ple o f the spectrum o f a com pound w hich has both an
A m ine group and a B enzene rin g in its structure.

4-Amino-2 chlorobenzenoic acid (Aldrich library number 972G)
8 8 S g

o

s a g

8 8

S O „
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E xam ple o f the spectrum of a com pound w hich has neither an
A m ine group nor a B enzene ring in its structure.

Formic acid (Aldrich library number 284A)
2
O

U
■£

z
►
O£■<

