Cognitive Maps

4.2 Qualitative Approaches

In recent years there has been an increase in the use of
qualitative methodologies to investigate cognitive map
knowledge. In some cases, this has involved a scientific
approach and in others an interpretative approach.
The scientific approach continues the tradition de-
scribed above, but rather than externally representing
their knowledge through actions (e.g., drawing, point-
ing) individuals are required to describe verbally
routes or layouts in experimental conditions. Like
cognitive maps these data can be analyzed for content,
style, structure, and accuracy. The interpretative
approach, however, is less structured in terms of data
collection. It posits that talking to and observing
individuals as they interact with an environment
reveals information concerning spatial behavior. Such
an approach might seek to gain a spatial under-
standing of an area by adopting a strategy of in-depth
interviews, discussing the reasoning behind spatial
decision making.

4.3 Neurological Approaches

In contrast to the approaches above, which seek to
understand the process of cognitive mapping by
examining external measures (action or verbal), neuro-
logical approaches measure neural activity within the
brain. A set of brain-scan techniques exist, differen-
tiated by their temporal and spatial resolution. Mag-
netic Electroencephalography (MEG) has a high
temporal resolution (0-300 ms) but low spatial res-
olution (providing only a general indication of neural
activity). Positron Emission Tomography (PET) is the
converse, with functional Magnetic Resonance Ima-
gery (fMRI) providing a middle ground for both
parameters. To reveal information about spatial cog-
nition, scans are taken as the individual undertakes a
series of spatial, problem-solving tasks. As such,
neurological approaches seek to explain spatial
thought and spatial behavior by identifying its neural,
physiological bases rather than its psychological basis.
To date there has been very little work that has sought
to marry the findings of neurological and psycho-
logical research to provide a comprehensive, physio-
logical and psychological model of cognitive mapping.

4.4 Naturalistic Settings

Many studies, particularly from psychology, which
seek to understand cognitive map knowledge are
conducted in controlled laboratory settings. For ex-
ample, respondents may be required to learn the
layout of objects in a experimental laboratory, and
then to map the location of objects, or estimate
distance and directions between objects. The lab-
oratory is attractive to the researcher because they can
control/monitor all the variables that may affect
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spatial learning and processing. Some researchers,
however, question the ecological validity of this
approach given that cognitive map knowledge con-
cerns the geographic environment and it is this
environment in which spatial behavior occurs. For
these reasons they suggest that testing should occur in
the natural environment, and increasingly this is
becoming more common.

5. Summary

Cognitive maps are representative expressions of
spatial knowledge. They are part of a wider set of
analytical measures which seek to determine how we
learn, store, and process knowledge of the geographic
environment. These measures are important because
they reveal fundamental aspects of cognition and
reveal the cognitive processes that underlie spatial
decision and choice making.

See also: Hippocampus and Related Structures;
Knowledge (Explicit and Implicit): Philosophical
Aspects; Mental Maps, Psychology of; Spatial Thin-
king in the Social Sciences, History of
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Cognitive Modeling: Research Logic in
Cognitive Science

Cognitive science is a genuinely interdisciplinary field,
which owes its existence to the insight that, in different
disciplines, interesting research was based on the
common assumption that cognition could be regarded
as computation (see Artificial Intelligence in Cognitive
Science; Cognitive Science: Overview). It follows that if
cognition is computation, theories of cognition should
be specified in terms of representations and the
computational steps performed on them. Thus, cogn-



Cognitive Modeling: Research Logic in Cognitive Science

itive modeling follows naturally from the basic tenet of
cognitive science.

Cognition has been addressed by philosophy for at
least 2,500 years, by psychology since well into the
nineteenth century, and by artificial intelligence since
the mid-twentieth century—anyone would be ill-
advised to mistake cognitive science as the only science
of cognition. In fact, it overlaps considerably with
cognitive psychology and parts of several other disci-
plines. Cognitive modeling is a unifying methodology
for the whole field of cognitive science.

Cognitive modeling combines research methods of
vastly different origin. The first group consists of
techniques of formal analysis of tasks and systems,
usually from philosophy, logic, theoretical linguistics,
mathematics, physics, and the foundations of com-
puter science. The second group consists of the
empirical methods used predominantly in exper-
imental psychology and in neuroscience, which are
used to test models for cognitive adequacy. Finally, the
third group of methods are the programming tech-
niques developed in artificial intelligence, which are
used to build working computer models. As a whole,
the methodology combines formal and empirical
analysis with constructive synthesis.

To identify cognitive modeling with computer simu-
lation would be wrong for two reasons: first, we
would ignore that building the computer model is just
one, albeit essential, part of the methodology. Second,
a computer simulation may be successful if it produces
the same kinds of results, such as a commercial chess
program, but a cognitive model (e.g., of a human
cognitive function) must arrive demonstrably at
the same results through the same kinds of comput-
ations (see also Social Simulation: Computational
Approaches).

1. Cognitive Modeling as Second-order Model
Construction

1.1 Epistemological Perspective

Cognition comprises sophisticated means of a system’s
adaptation to its environment, notably planning,
which in turn draws on anticipation of the results of
actions. Anticipation rests on learning and, in its most
advanced forms, on episodic memory. Planning and
decision rely on mental representations of the system’s
environment (world model) and the system as an actor
in it (the system’s self-model). The construction of
these models is constrained by the interaction between
system and environment. In the case of organisms, the
necessities of evolution have ensured that internal
world models are sufficiently realistic to be adaptive
and ensure the survival of the species. In technical
cognitive systems (e.g., autonomous robots), the need
also arises to represent important features of the

environment. Cognition therefore implies modeling
the environment, the system itself, and other systems
(as in discourse models used in communication).

Science in general aims at constructing models.
Cognitive science attempts to model cognition in
biological as well as technical systems. And since
model building (in the sense discussed above) is an
essential part of cognition, scientific models of cog-
nition are about how cognitive systems construct
models of their environment and of themselves. In
short, cognitive modeling amounts to second-order
modeling (and it is important to keep both levels well
apart).

1.2 General Characteristics of Models

A model is a mapping from an empirical domain (a set
of elements and certain relations defined between
them) to another one, the model domain (often a
numerical one, as in measurement). Modeling is
constrained on both sides. The empirical domain, as
viewed for modeling, is a highly reduced abstraction,
and the model domain (a formal system) often includes
relations that are not relevant to the model at all.

Scientific models are abstractions in the sense that
the empirical domain grasped by the model comprises
only part of the objects (elements) and their relations.
Which ones to select depends on the epistemological
interest, i.e., on the theoretical perspective as well as
on intended applications. For instance, a typical
driver’s map of some region ignores geology, climate,
biology, etc., and concentrates exclusively on roads,
abstracting even there from most of the details. In
cognitive modeling, we usually focus on certain aspects
of mental representations (e.g., of a memory trace),
and some relation or relations, which may be as
different as association (linking two elements) and
entailment (the semantic relation of logical implication
between two statements).

On the model side, we must be careful to define
which of the many known relations in the formal
system being used to model the empirical domain is
part of the model. This is well known from psycho-
logical scaling, where only a few of the relations
known to hold among real numbers (if those have been
chosen as the model domain) are valid model charac-
teristics. For example, only the relation > may be
valid for an ordinal scale, while differences and ratios
between numbers are meaningless. Likewise, the com-
puter programs typically chosen in cognitive modeling
exhibit a wealth of parameters and other details of
data structures and control flow, some of which are
certainly irrelevant as an aspect of the model. With
computer programs, however, it is much more difficult
to analyze just which relations are valid parts of the
model (see Sect. 5.2).
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2. Model Domains for Cognitive Modeling

The traditional framework of cognitive modeling has
been defined by Marr (1982) and Newell (1982). They
distinguish an abstract level of cognitive theory (the
knowledge level) from the level of description typically
chosen in cognitive modeling (symbol level, or algor-
ithmic level). The level below that (implementation
level) is considered as irrelevant to cognitive modeling.
This does not exclude the construction of compu-
tational models for specific implementations, however.
Such models have been used with much success as
mediators between psychological and neurobiological
analyses of brain functioning.

2.1 Symbol-processing Approaches

According to Newell and Simon (see Artificial Intel-
ligence: Connectionist and Symbolic Approaches;
Cognitive Science: Qverview;, Problem Solving and
Reasoning, Psychology of), cognitive processes are
symbol transformations on arbitrary complex symbol
structures (i.e., mental representations). Accordingly,
the classical approach to cognitive modeling aims to
construct programs that manipulate symbol structures
of compositional semantics by means of algorithms
taken from artificial intelligence (e.g., heuristic search).
This approach adheres closely to the Turing Machine
model of computation.

This approach provides considerable degrees of
freedom regarding how to go about constructing
models. In practice, most of the work has made use of
a production system architecture, or of a declarative
knowledge base coupled with an inference algorithm.
Therefore, the if~then rules of production systems and
logical statements (e.g., the Horn clauses used in
Prolog) are among the most widely used formalisms
for cognitive modeling. Semantic networks, or frames,
with inheritance (the is a relation) are another well-
known example of this approach.

2.2 Connectionist Approaches

These approaches are different with respect to the
algorithmic level. Simple elements or ‘nodes’ (which
may be regarded as abstract neurons, see Artificial
Intelligence: Connectionist and Symbolic Approaches;
Connectionist Approaches) are connected in a more or
less pre-specified way, the connectionist network’s
architecture. Each element’s output is a function of its
inputs integrated over time, and is passed on to other
nodes that are connected with it. Two groups of
connectionist models can be distinguished according
to the semantics of representation employed: parallel
distributed processing (PDP) and localist networks. In
the latter each node is a representation of something
(e.g., a concept), whereas in PDP it is the vector of
activation values taken over a number of nodes that
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has representative character. This aspect of PDP
models has been highlighted as pertaining to a ‘sub-
symbolic’ level by Smolensky (1988), who also stresses
that artificial neural networks define a computational
architecture that is nearer to symbol processing than
to biological neural networks.

2.3 Nonlinear Dynamics and Other Approaches

Connectionist models, relying on differential equa-
tions rather than logic, paved the way to simulations
of nonlinear dynamic systems (imported from physics)
as models of cognition (see also Self-organizing
Dynamical Systems).

Purely descriptive mathematical models have also
been used in cognitive science, of course, but they do
not take the form of an implemented computer
program, and hence cannot be considered to be at the
heart of cognitive modeling, but rather to be part of
the formal analyses typically executed to arrive
at sound specifications for cognitive models (see
Mathematical Models in Philosophy of Science).

3. Cognitive Modeling and Cognitive
Architectures

3.1 Unified and Modular Theories of Cognition

The process of cognitive modeling makes use of
computational architectures, as we have seen for
symbol processing and connectionist frameworks. As
a special case, the framework may be a general theory
about the architecture of the human mind, usually
called a cognitive architecture.

Relying on a general cognitive architecture is to
assume that all cognitive processes instantiate the
same principle (e.g., firing a production rule). The
present state of cognitive science casts doubt on the
reasonableness of this assumption. The functional
organization of the human brain is such that cognitive
functions may be highly specialized, neuroanatomi-
cally focused, not open to introspection, and working
in parallel with other cognitive processes (Kolb and
Wishaw 1990).

3.2 General Cognitive Architectures

All these architectures take the form of a production
system. This computational architecture, developed in
the 1960s, comprises knowledge in the form of
production rules (if~then rules), contained in a per-
manent memory, plus a working memory of unlimited
capacity and a rule interpreter for control. Several
lines of development have led to a number of systems
that claim to be both a unified theory of human
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cognition and a program development environment
for cognitive modeling, among them SOAR (Laird et
al. 1987, Newell 1990), ACT, known best in the
versions ACT* (Adaptive Control of Thought; Ander-
son 1983) and its revision, ACT-R (Atomic Com-
ponents of Thought; Anderson and Lebiere 1998), and
others such as Caps, Epic, or PRODIGY. Apart from
being production systems at heart, all these arch-
itectures differ markedly. For instance, SOAR relies
on productions only, whereas ACT* also has a
declarative memory (a spreading activation network
of unlimited capacity). Both address learning, but
differently (see Johnson (1998) for a more extensive
comparison of ACT and SOAR). ACT-R (following
Epic there) now also includes a number of perceptual
and motor components. This means that at least some
of these architectures have grown beyond a uniform
approach.

The advantages of modeling within a cognitive
architecture are obvious. Much of the work of model-
ing has already been done, and programmers can use
special predefined functions. At least the architectures
of long-standing tradition (ACT and SOAR) boast a
number of successful empirical tests and applications
(see also Cognitive Theory: ACT; Cognitive Theory:
SOAR. Drawbacks are that the modeler is confined to
a specific architecture and its means, and that these
architectures have grown so big that it becomes
difficult to assess an architecture’s relevance to some
specific small-scale model.

3.3 Alternative Computational Frameworks

Cognitive modeling may be based on almost any
computational model. These may be specialized (tail-
ored) processing architectures of artificial intelligence,
such as the blackboard architecture (Hayes-Roth
1985), case-based reasoning (see Problem Solving and
Reasoning: Case-based), or architectures for auto-
nomous social agents (see Autonomous Agents).
Beyond symbol processing, we find connectionist
models of the PDP (see McClelland (1999) for an
overview) or the localist orientation (Page 2000).
Arbitrary combinations of different approaches
(hybrid systems) may also be employed (see also
Artificial Intelligence: Connectionist and Symbolic
Approaches).

It may be advantageous to base one’s model of a
specific cognitive function on a computational frame-
work that is ideally suited for the task, and do without
the massive overhead of the big cognitive archi-
tectures. The usual drawback is that one cannot build
on the long work of others. COGENT (Cooper and Fox
1998) promises to ease the work of individual model
building by providing, in modern object-oriented
programming style, a toolkit for cognitive modeling
with a user-friendly graphical interface for devel-
opment.

At present, it is difficult to recommend a particular
computational framework for cognitive modeling.
What works best, or what is easier to develop, depends
heavily on one’s own experience, and on the cognitive
function one wants to model.

4. Cognitive Modeling Produces Theories

The computer programs resulting from cognitive
modeling have the status of a well-formulated theory
about cognition. They have the advantage of being
explicit (no computer would execute a ‘magic’ com-
mand) and fully specified (for the same reason), which
means that theories cannot focus on certain issues
while leaving others in the dark—something that is
just too easily done on paper. As soon as the program
has been implemented successfully on a computer, and
produces the expected output, this is proof of the
logical consistency of the theory and positive evidence
(proof being impossible) for its adequacy.

4.1 Generative Theories as Compared with Scientific
Laws

The most important characteristic of cognitive model-
ing is that it results in generative theories: computer
programs that not only explain, but actually produce,
the cognitive phenomena in question. This is very
different from ‘natural laws’ stating, for example, that
in our universe, nothing can travel with a speed beyond
that of light.

Models in psychology and other behavioral and
social sciences usually take the form of a system of
equations for computing the value of some variables
given the value of some other variables. These models,
however, do not give a detailed explanation (as in an
algorithm, i.e., a step-by-step computation without
any ‘magical’ operations) of how the resulting values
are arrived at. Being generative is the main advantage
of cognitive models.

4.2  Validation Strategies in Cognitive Modeling

Cognitive modeling is more than just constructing a
computer program that produces data more or less
indistinguishable from °‘real data’ as gathered in
psychological experiments. As a methodology, it
includes testing and comparing models. This is where
the pitfalls of cognitive modeling lie: they do not
render themselves easily to the falsification strategy
(Popper 1968) usually recommended in science.
First, anyone who has constructed a model that
seems to work well is reluctant to focus on its
weaknesses (but this is typical of all science: no one
should misinterpret Popper as obliging individual
scientists to falsify their own theories; it is sufficient
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that there are other scientists around to do that.)
Second, the programs that are the result of cognitive
modeling are often highly complex, and their relation
to empirical data cannot been tested exhaustively, but
only for specific cases. Third, there is a fundamental
problem: it is always the case that many models (each
consisting of a representational and an operational, or
process, part) may fit the same data.

Criteria for the empirical assessment of models are:
good fit to data in essential aspects (e.g., difficulty of
tasks is reflected in computational effort in the model;
the model produces preferences, or errors, of the kind
found in human subjects, etc.), and formal qualities
(e.g., the fewer parameters on which the model
depends, the better: a variant of Occam’s razor).
Typically, some empirical studies give rise to the
model, and further empirical studies are used to test it.

Formal analyses of the tasks used in the domain
(e.g., analyzing the syntactic structure and complexity
of sentences in computational psycholinguistics) can
and should be used not only to find hints as to how a
model could be constructed, but also to exclude classes
of models.

4.3 An Evaluation of Cognitive Modeling

Cognitive modeling is the research methodology which
follows from the basic tenet of cognitive science that
the essential aspect of cognition is that it is a
computational process. Its main assets are that it
produces theories which are explicit, complete, con-
sistent, and generative. Formal analyses of the domain
as well as empirical studies are required both as a
prerequisite for the construction of models, and as the
means of validating these models, e.g., to test their
generalizability. Cognitive science since the 1970s has
demonstrated that this is an extremely successful
research strategy.

For further information, the reader is referred to
Scarborough and Sternberg (1999) for an excellent
collection of approaches to cognitive modeling.

See also: Computational Approaches to Model Eva-
luation; Connectionist Models of Concept Learning;
Connectionist Models of Development; Connectionist
Models of Language Processing; Knowledge Re-
presentation; Network Models of Tasks; Neural
Networks: Biological Models and Applications; Sci-
entific Discovery, Computational Models of
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Cognitive Neuropsychology, Methodology
of

Cognitive neuropsychology is the study of what one
can learn about the organization of the cognitive
system from observing the behavior of neurological
patients. Its utility derives from one aspect of the
organization of the cerebral cortex, namely the relative
localization of function, such that different regions of
the cortex are differentially involved in different types
of cognitive process. Thus patients can have disorders
that are relatively specific to a single cognitive process,
and so investigation of their impairments can provide
critical information on the nature of the process.
One still controversial example is that of the so-
called ‘category-specific disorders’ in which the patient
loses the ability to identify one particular class of item.
Thus certain patients with herpes simplex encephalitis
can virtually entirely lose the ability to identify
animals, plants, and foods, but show a far better
preservation of their knowledge of human artifacts
(Warrington and Shallice 1984). This is a loss of
knowledge and not of early perceptual processes or the
lower levels of language. By contrast other patients
can be considerably better at identifying the ‘animate
categories’ than human artifacts (Warrington and
McCarthy 1983). This double dissociation was orig-
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