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Abstract

While foundational to their comparative analysis, current measures of
cognitive map structure are simple. We build upon measures utilized to-date
in order to define a larger, more expressive set of quantitative measures of
overall map complexity, integration and connectedness. To estimate the
probability distribution for each measure, a Monte Carlo method of simulation
was utilized. By deriving a means of significance testing, our contribution
advances understanding of the implications of cognitive map structure, from
qualitative description to a hypothesis-testing mode.
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Introduction

A variety of cognitive mapping techniques have proved to be a powerful
means of representing actors’ belief systems in many areas, e.g., strategic 
management (Walsh, 1995), learning (Carley & Palmquist, 1992), human
resource management (Budhwar & Sparrow, 2002), technological innovation
(Swan, 1995), and information technology-related applications (Nelson,
Nadkarni, Narayanan & Ghods, 2000). Cognitive maps can be analysed in
terms of their content, in the sense of the meaning the map embodies as
identified by the constructs an individual perceives to be relevant to a
particular domain and the way in which they relate those constructs, or,
alternatively, their overall map structure (Langfield-Smith & Wirth, 1992). The
focus of this paper is overall map structure, where there has been
considerably less research than map content (Walsh, 1995). More particularly,
we focus upon the degree of complexity, integration and connectedness of the
global map configuration (e.g. Eden, Ackermann & Cropper, 1992; Hart, 1976;
Nair, 2001).

While foundational to their comparative analysis, current measures of map
structure are simple, essentially consisting of counting the number of
occurrences of particular constructs and associated links, calculating the link-
to-construct ratio, or the density of the map (the number of observed links /
total number of links theoretically possible, given the number of constructs in
the participant’s map).Our first contribution is to add to the simple measures
utilized to-date to define a larger, more expressive set of quantitative
measures of overall map complexity, integration and connectedness.

Despite the calls for more research that will permit a better understanding of
the implications of cognitive map complexity for behaviour and performance
and the importance of context in this regard (e.g. Nadkarni & Narayanan,
2005; Nair, 2001; Walsh, 1995) there is little evidence of advancement
beyond qualitative description.

As our second contribution, we report the results of a Monte Carlo method of
computer simulation that was carried out in order to estimate the probability
distribution of each measure on a population of random maps, thus providing
the mechanisms by which to advance current understanding of the
implications of cognitive map structure to a hypothesis-testing mode. To set
this work in context, we first summarize the theoretical and practical
importance of this work.
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Theoretical and Practical Context

We use the term ‘cognitive map’ to represent an individual’s beliefs 
represented in a network based format (Jonassen, Beissner & Yacci, 1987;
Sparrow, 1998). The map depicts constructs (variously referred to as
concepts, nodes, elements or variables), and the causal (e.g., Axelrod, 1976;
Langfield-Smith & Wirth, 1992) and/or other relationships that a person
believes exist between those constructs in a particular domain of interest at a
point in time (e.g., Carley 1997; Nair, 2001).

When used for comparative analysis, structural measures can be used to
ascertain the different overall map configuration and how simply or complexly
a person makes sense of a particular domain (e.g. Carley, 1997; Eden &
Ackermann, 1998; Goldberg, 1996; Hart, 1976; Jenkins & Johnson, 1997a,
1997b; Nadkarni & Naryanan, 2005). Scholars have largely suggested that a
simply structured map, with few interconnections between the various
constructs depicted, will have negative consequences, equating this simplicity
with narrowness of vision and an impoverished view of the work (e.g.,
Bartunek, Gordon & Weathersby, 1983; Miller, 1993; Weick, 1979). Contrary
to this, some have questioned whether excessive complexity might, in fact,
invite a form of ‘paralysis by analysis’ (Hodgkinson & Maule, 2000) and Nair’s 
(2001) study covering a range of managers, led him to conclude that more
research is required to ascertain whether very elaborate or highly dense
cognitive maps are, in fact, dysfunctional.

Research has produced equivocal results (e.g., Amernic & Beechy, 1984;
Calori, Johnson & Sarnin, 1994; Carley, 1997; Carley & Palmquist, 1992;
Clarke & Mackaness, 2001; Hall, 1976, 1984; Nair, 2001; Varma & Krishnan,
1986). In the context of Chief Executive Officers, Calori et al. (1994)
concluded that complex maps do not necessarily lead to superior
performance, rather maps should display “requisite cognitive complexity” 
(p.439). Calori et al. revealed, for example, that the top managers of firms with
an international, rather than national, geographic scope had more complex
maps of the structure of their environment. Unfortunately, only relatively
modest amounts of variance were explained with moderately low levels of
statistical significance in this 26 participant exploratory study, but the results
were encouraging and suggested the need for larger sample sizes in future
investigations. Yet, in the intervening 12 years since this study, there has
been little additional evidence of large (or relatively large) sample size studies
of map structure (for notable exceptions see Clarkson & Hodgkinson, 2004;
Nadkarni & Naryayanan, 2005). Nadkarni and Narayanan suggest future
research should investigate the role of complexity to facets of performance
such as employee reliability, work quality, and interpersonal orientation, which
would require samples of a large or relatively large size to correlate map
structure with such a range of theoretically informed exogenous variables.

Work to-date has also raised many issues and questions regarding the
implications of context. As we noted above, Calori et al. (1994) suggested that
cognitive complexity levels should match the level of the environment but,
extending these studies beyond the top echelons, what are the implications of



QUANTITATIVE MEASURES OF COGNITIVE MAP STRUCTURE:
PROBABILITY DISTRIBUTIONS DERIVED BY MONTE CARLO SIMULATION

5

employing cognitively complex individuals to carry out routine work roles?
Might such individuals find it difficult to exhibit behaviours appropriate for a
routine, repetitive or controlled environment? Alternatively, given the results of
Nadkarni and Narayanan’s (2005) study, which suggest that complexity is not
a general cognitive attribute, rather it is indicative of domain knowledge, might
the maps of such individuals be simple? In which case, how would they be
likely to cope with organizational or role change that then necessitated
complex thinking? There is some evidence that cognitive complexity can be
increased through instruction and training (Carley & Palmquist, 1992) but how
can we best measure cognitive map complexity and make comparisons over
time in order to assess the effectiveness of any intervention procedures?
While Langfield-Smith and Wirth (1992, p.1147) suggest that link strength
offers an important aspect of map comparison, and various theoretical
propositions regarding the implications of this, for example in terms of
individual perceptions of personal influence, have yet to be exploited. In the
next section we review the measures currently available to investigate this rich
agenda.
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Current Quantitative Measures of Cognitive Map Structure

Current measures of map structure essentially look at the existence of the
number of constructs in a map (Calori et al., 1994; Laukkanen, 1994) and/or
the number of links between those constructs (Cossette & Audet, 1992)
and/or the proportions of links to constructs within any given map (Calori et
al., 1994; Eden et al., 1992). Alternatively (or in addition) they analyse map
density, which is computed by dividing the number of observed links by the
total number of links theoretically possible given the subset of constructs
selected for incorporation in the participant’s map (Goldberg, 1996; Hart, 
1976). Turning to the field of social network analysis, which features
considerable commonalities with a network based representation of cognitive
mapping, reveals little agreement regarding the application of appropriate
density measurements (Scott, 2000).

A limitation on the already small number of measures available concerns the
fact that not all measures are appropriate in all research contexts. As the
chosen methods of map elicitation and construction pose important
implications, we broadly review these at this point (for additional details see
Hodgkinson & Clarkson, 2005; Huff, 1990; Jenkins, 1998; Walsh, 1995). Maps
can be derived indirectly from documentary evidence, the major advantage of
this method being that it is non-intrusive and therefore unlikely to influence the
thought processes of the participant (Axelrod, 1976), or from interview
transcripts, which allow participants to express their thoughts in their natural,
every day language (Laukkanen, 1994). The major problem posed with all
forms of indirect methods concerns the need for post hoc coding procedures,
which can cause general difficulties in making subsequent map comparisons.
As noted by several researchers, these may have systematic effects on the
complexity of the coded maps (see, e.g., Mohammed, Klimoski & Rentsch,
2000; Nadkarni & Narayanan, 2005) with re-analysis under different coding
scenarios revealing different levels of map elaboration (Carley, 1997).

Contrary to indirect methods, a key feature of direct elicitation methods is their
reflexive nature. This relates to all methods, whether they are structured
questionnaires which require participants to evaluate causal relationships
among predefined sets of variables (Roberts, 1976) or computerized systems
such as Decision Explorer (Eden et al., 1992) that enable maps to be 
constructed through an iterative interview process. While this reflexive
process is viewed as unacceptable by some researchers who are keen not to
change the thought processes of participants in the course of the procedure,
the major advantage of direct methods is that they obviate the need to
maneuver what can be troublesome coding mechanisms.

The second key decision choice facing researchers relates to the amount of
structure deemed acceptable in the method of data collection. In
circumstances where the primary concern of the researcher is to ensure that
valuable richness and detail in individual cognition is not lost or threatened by
researcher bias, researchers utilize idiographic techniques (e.g., Eden &
Ackermann, 1998; Laukkanen; 1994). For comparative purposes, as with
indirect methods, these do however often require quite laborious coding
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mechanisms rendering map comparisons problematic. In contrast, nomothetic
techniques entail the use of standardized lists of constructs supplied by the
researcher, typically in the form of highly structured questionnaires, which are
particularly helpful in respect of comparative analysis (e.g. Roberts, 1976;
Swan, 1995). The major disadvantages of completely standardized measures
are that they run the risk of making the task meaningless for some participants
and may suppress individual variability.

Markόczy and Goldberg (1995) devised a systematic method for eliciting 
cognitive maps which, building on the work of Langfield-Smith and Wirth
(1992) and supported by recent computer software developments (Clarkson &
Hodgkinson, 2005), has significantly improved the possibilities for systematic
map comparison. In our opinion, this form of ‘hybrid’ data collection currently 
offers the best potential in large scale mapping procedures. Their primary
advantages are that they allow considerable freedom of participant response,
in that they are able to choose their own set of salient constructs for mapping,
but they do so within carefully predefined limits, as the constructs form part of
a (generally wide) construct pool carefully derived prior to the mapping
exercise, thus facilitating systematic mapping comparisons.

Despite our personal preferences for the hybrid method, particularly in the
context of large or relatively large-scale studies, ultimately, researchers must
make personal choices regarding the trade-off between depth and richness of
insight and comparability and generalizability (Hodgkinson & Clarkson, 2005;
Jenkins, 1998). Thus, in our next section, we discuss the development of a
comprehensive family of structural measures, and their applicability in
different contexts of research.
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A Family of Measures

Twelve individual quantitative measures of map structure are defined below.
In each instance we provide a definition of how each measure is calculated
and a simple interpretation of its meaning and behaviour, using the following
13 definitions:

Definition 1: c represents a construct (as noted above, these are
variously labelled as concepts, nodes, elements or variables) within a
map.

Definition 2: C is the number of constructs in a construct pool. C can
be >= 0 and < +∞.

Definition 3: ci represents construct i in a map. The indexer i can
take on values of 1 to C.

Definition 4: s(c) represents if a construct is selected. s(c) = 1,
when a construct is selected. s(c) = 0, when a construct is not
selected.

Definition 5: S is the number of selected constructs in a map. S must
be <= C. (In methods where participants do not choose from a pool or
menu S will always = C).

Definition 6: s(ci) represents if construct i is selected. The indexer i
can take on values of 1 to S.

Definition 7: l represents a link between two constructs. A construct
cannot be directly linked to itself. A link can only exist between two
selected constructs, where a selected construct is defined as in
Definition 4. A link has a direction, it is said to link a source construct to
a destination construct. A single construct may act as the source for
many links. A single construct may act as the destination for many
links. Although a construct cannot be directly linked to itself, it can be a
source construct that links to a destination construct that then acts as
the source construct to a second link back.

Definition 8: L is the number of links in a map. L can be >= 0. Each
construct can have at most a link to every other construct. If there are S
constructs then each individual construct can have at most S – 1 links
(remember a construct cannot link to itself). For S constructs the
maximum number of possible links within a map must therefore be S *
(S – 1). Therefore L <= S * (S – 1).

Definition 9: li represents link i in a map. The indexer i can take on
values of 1 to L.
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Definition 10: w(l) represents the weight of a link, where w(l) ≠ 0.
It can be any real number between -∞and +∞, excluding 0.

Definition 11: w(li) represents the weight of link i in a map. The
indexer i can take on values of 1 to L.

Definition 12: WLmin is the minimum possible weight of a link. It can be
any real number between -∞and +∞, excluding 0.

Definition 13: WLmax is the maximum possible weight of a link. It can be
any real number between -∞and +∞, excluding 0. WLmax must be >=
WLmin. When WLmin = -1 and WLmax = 1, link weights are considered
to be “standardized”.

To illustrate these definitions Figure 1 presents a simple cognitive map. There
are 5 constructs within the construct pool; C = 5. There are 4 selected
constructs within the map; S = 4. There are 5 links within the map; L = 5. In
this map the minimum possible link weight is -1 and the maximum possible
link weight is 1 (standardized link weights); WLmin = -1, WLmax = 1.

Figure 1: Simple illustrative cognitive map, shown in the context of the overall
construct pool (C). Selected constructs incorporated in the map are shaded.
Link weights are given within [].

c2

c5

c1

c4

c3

l1
[1.0]

l2
[-1.0]

l3
[0.5]

l4
[0.5]

l5
[0.2]
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Number of constructs (S01)

Definition: S
C

csS
i

i 
1

)(01

Minimum value (S01min) = 0
Maximum value (S01max) = C

The first measure is defined in terms of the number of constructs in a map. It
denotes an individual’s belief as to the number of constructs that are of 
relevance to a particular domain (frame of study) and provides a simple
measure of the comprehensiveness of a cognitive map (Calori et al., 1994;
Laukkanen, 1994). This measure is of less relevance when nomothetic
methods are employed and in hybrid designs where strict limits are imposed
upon participant choice.

Number of links (S02)
Definition: S02 = L
Minimum value (S02min) = 0
Maximum value (S02max) = S * (S – 1)

This measure is an indicator of the level of connectedness and integration
within a cognitive map. If S02 is close to S02min then the cognitive map has a
low number of links between constructs and can be judged to have low
connectedness. If S02 is close to S02max then the cognitive map can be
judged to have high connectedness as it has a high number of links. Like ‘the 
number of constructs’ (S01), this measure is of less relevance in nomothetic
or hybrid study designs where strict limits are imposed upon the number of
constructs imposed upon participant choice.

Total link weight (S03)

Definition: 



L

lwS
i

i

1

)(03

For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:
Minimum value (S03min) = WLmin * S * (S – 1)
Maximum value (S03max) = WLmax * S * (S – 1)

This measure denotes the total weight (or strength) of connectedness within a
cognitive map. If S03 is close to S03min then the total weight of
connectedness is weak for the cognitive map. If S03 is close to S03max then
the total weight of connectedness is strong for the cognitive map. However, if
negative link weights are permitted then S03 will exhibit behaviour that is
more complex. A high positive value of S03 indicates an overall strong
positive or reinforcing relationship between the constructs. A high negative
value of S03 indicates an overall strong negative or reducing relationship
between the constructs. A value of S03 close to 0 indicates an overall weak
relationship between the constructs. This weak value of S03 however, can be
produced by several very different sets of link weights. A cognitive map may
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have all link weights close to 0, thus giving an S03 value close to 0. Another
cognitive map may have several links with very high positive weights and an
equal proportion of links with very high negative weights. The value of S03 for
this map may also be close to 0. This measure is of less relevance in
nomothetic or hybrid study designs where strict limits are imposed upon the
number of constructs imposed upon participant choice.

Mean link weight (S04)

Definition:
L

L
lw

S i

i
 1

)(
04

When L = 0, S04 is undefined.
For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:

Minimum value min
min

min
1

1
)(S04 WL

)S * (S
)* S * (SWL







Maximum value max
max

max
1

1
)(S04 WL

)S * (S
)* S * (SWL







This measure denotes the mean weight of connectedness within a cognitive
map. It represents the mean or average weight of all the links in the map. If
S04 is close to S04min then the mean weight of connectedness is weak for the
cognitive map. If S04 is close to S04max then the mean weight of
connectedness is strong for the cognitive map. However, if negative link
weights are permitted then S04 will exhibit behaviour that is more complex. A
high positive value of S04 indicates an average strong positive or reinforcing
relationship between the constructs. A high negative value of S04 indicates an
average strong negative or reducing relationship between the constructs. A
value of S04 close to 0 indicates an average weak relationship between the
constructs. This weak value of S04 however, can be produced by several very
different sets of link weights. A cognitive map may have all link weights close
to 0, thus giving an S04 value close to 0. Another cognitive map may have
several links with very high positive weights and an equal proportion of links
with very high negative weights. The value of S04 for this map may also be
close to 0. It is a measure of map structure that can be used in all forms of
mapping (idiographic, hybrid or nomothetic).

Standard deviation link weight (S05)

Definition:
1

)(

)(
05

2

1

1

2



























L
L

L
lw

L
lw

S

i

i

i

i

When L < 2, S05 is undefined.
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For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:

 

11
1

1
1

)(S05valueMinimum

2
min

min

min

2








)S * (S

)S * (S
)* S * (SWL

)* S * (SWL

 
11

11 22
minmin





)S * (S

)* S * (SWL)* S * (SWL

0
11

0





)S * (S

If WLmax is used rather than WLmin, S05min still equals 0. A common sense
consideration of standard deviation confirms that when all link weights have
an equal value, the standard deviation will be 0. The maximum value (S05max)
will be obtained where half the links have a weight of WLmin and the other half
have a weight of WLmax. When measuring standard deviation this should give
the greatest difference between values. For S constructs there is a theoretical
maximum of S * (S – 1) links. Let n represent half these links where:

2
1)S * (S

n




 

12
2

**
**

S05

2
maxmin

maxmin

max

22







n

n
nWLnWL

nWLnWL

12
2

***2**
**

S05

2
maxmin

2
max

2
min

maxmin

max

22
22







n

n
nWLWLnWLnWL

nWLnWL

12

**
2

*
2

*
**

S05
maxmin

2
maxmin

maxmin

max

2
22






n

nWLWL
nWLnWL

nWLnWL

12
**)(**5.0

S05
maxminmaxmin

max

22





n

WLWLnWLWLn

1)1(*
**)1(**5.0)(*)1(**25.0

S05
maxminmaxmin

max

22





SS

WLWLSSWLWLSS

1)1(*
)(*)1(**25.0

S05
2

maxmin
max





SS

WLWLSS

This measure denotes the standard deviation of the weight of connectedness
within a cognitive map. It represents how much the link weights vary in their
values in the map. If S05 is close to 0, then the link weights are very similar
and there is little variability in how an individual weights their links. If S05 is
close to S05max then the link weights are very dissimilar and there is a large
variability in how an individual weights their links. It is a measure of map
structure relevant to all forms of mapping.
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Total absolute link weight (S06)

Definition: 



L

lwS
i

i

1

)(06

For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:
Minimum value (S06min) = 0
Maximum value (S06max) = MAX(|WLmin|,|WLmax|) * S * (S – 1)

This measure denotes the total absolute weight of connectedness within a
cognitive map. If S06 is close to 0 then the total absolute strength of
connectedness is weak for the cognitive map. If S06 is close to S06max then
the total absolute strength of connectedness is strong for the cognitive map.
As absolute strength ignores the polarity of link weights, the more complex
behaviours of total link weight (S03) do not occur. This measure is of less
relevance in nomothetic or hybrid study designs where strict limits are
imposed upon the number of constructs imposed upon participant choice.

Mean absolute link weight (S07)

Definition:
L

L
lw

S i

i
 1

)(
07

When L = 0, S07 is undefined.
For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:
Minimum value (S07min) = 0
Maximum value

|)||,(|
1

1|)||,(|
)(S07 maxmin

maxmin
max WLWLMAX

)S * (S
)* S * (SWLWLMAX







This measure denotes the mean absolute weight of connectedness within a
cognitive map. It represents the mean or average absolute weight of all the
links in the map. If S07 is close to 0 then the mean absolute weight of
connectedness is weak for the cognitive map. If S07 is close to S07max then
the mean absolute weight of connectedness is strong for the cognitive map.
As absolute weight ignores polarity, and the more complex behaviours of
mean link weight (S04) do not occur. It is a measure of map structure relevant
to all forms of mapping.

Standard deviation absolute link weight (S08)

Definition:
1

)(

)(
08

2

1

1

2



























L
L

L
lw

L
lw

S

i

i

i

i

When L < 2, S08 is undefined.
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For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:

 

11
1

1||
1

)(S08valueMinimum

2
min

min

min

2








)S * (S

)S * (S
)* S * (SWL

)* S * (SWL

 
11

11 22
minmin





)S * (S

)* S * (SWL)* S * (SWL

0
11

0





)S * (S

If WLmax is used rather than WLmin, S08min still equals 0. A common sense
consideration of standard deviation confirms that when all link weights have
an equal value, the standard deviation will be 0. The maximum value (S08max)
will be obtained where half the links have a weight of 0 and the other half
have a weight of MAX(|WLmin|,|WLmax|). When measuring standard
deviation this should give the greatest difference between values. For S
constructs there is a theoretical maximum of S * (S – 1) links. Let n
represent half these links where:

2
1)S * (S

n




 

12
2

*|)||,(|
*|)||,(|

S08

2
maxmin2

maxmin

max





n
n

nWLWLMAX
nWLWLMAX

12
2

*|)||,(|
*|)||,(|

S08

22
maxmin2

maxmin

max





n
n

nWLWLMAX
nWLWLMAX

12
2

*|)||,(|
*|)||,(|

S08

2
maxmin2

maxmin

max





n

nWLWLMAX
nWLWLMAX

1)1(*
|)||,(|*)1(**25.0

S08
2

maxmin
max





SS

WLWLMAXSS

This measure denotes the standard deviation of the absolute weight of
connectedness within a cognitive map. It represents how much the absolute
link weights vary in their values in the map. If S08 is close to 0 then the
absolute link weights are very similar and there is little variability in how an
individual weights their links. If S08 is close to S08max then the absolute link
weights are very dissimilar and there is a large variability in how an individual
weights their links. Absolute weight ignores the polarity of link weights. It is a
measure of map structure relevant to all forms of mapping.
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Link density (S09)

Definition:
S
L

S 09

When S = 0, S09 is undefined.
For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:

0
0

)(S09valueMinimum min 
S

1
1

)(S09valueMaximum max 


 S
S

)S * (S

This measure denotes the proportion of links to constructs within any given
map (Calori et al., 1994; Eden et al., 1992). If S09 is close to 0 then the
cognitive complexity and connectedness is low for the cognitive map. If S09 is
close to S09max then the cognitive complexity and connectedness is high for
the cognitive map. It is a measure of map structure that can be used in all
forms of mapping.

Link weight density (S10)

Definition:
S

L
lw

S i

i
 1

)(
10

When S = 0, S10 is undefined.
For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:

)1(*
1

)(S10valueMinimum min
min

min 


 SWL
S

)* S * (SWL

)1(*
1

)(S10valueMaximum max
max

max 


 SWL
S

)* S * (SWL

The total link strength divided by the number of constructs incorporated in the
cognitive map is an indicator of how strongly an individual views the
relationships between issues relevant to the domain of interest. If S10 is close
to S10min then the average relevance is low for the cognitive map. If S10 is
close to S10max then the average relevance is high for the cognitive map.
However, if negative link weights are permitted S10 will exhibit behaviour that
is more complex. A high positive value of S10 indicates an average strong
positive or reinforcing relationship between the constructs. A high negative
value of S10 indicates an average strong negative or reducing relationship
between the constructs. A value of S10 close to 0 indicates an average weak
relationship between the constructs. This weak value of S10 however, can be
produced by several very different sets of link weights. A cognitive map may
have all link weights close to 0, thus giving an S10 value close to 0. Another
cognitive map may have several links with very high positive weights and an
equal proportion of links with very high negative weights. The value of S10 for
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this map may also be close to 0. This measure is applicable in all forms of
mapping.

Absolute link weight density (S11)

Definition:
S

L
lw

S i

i
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)(
11

When S = 0, S11 is undefined.
For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:

0)(S11valueMinimum min 

)1(*|)||,(|
1|)||,(|
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S

)* S * (SWLWLMAX

The total absolute link strength divided by the number of constructs
incorporated in the cognitive map is an indicator of how strongly the individual
views the relationships between issues relevant to the domain of interest. If
S11 is close to 0 then the average absolute relevance is low for the cognitive
map. If S11 is close to S11max then the average absolute relevance is high for
the cognitive map. As absolute strength ignores the polarity of link weights,
the more complex behaviours of link weight density (S10) do not occur.

Map density (S12)

Definition:
)1(*

12
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When S < 2, S12 is undefined.
For S constructs there is a theoretical maximum of S * (S – 1) links.
Therefore:
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The map density measure is calculated by dividing the number of links
present in the map by the total number of links theoretically possible given the
number constructs within the map (e.g., Goldberg, 1996; Hart, 1976). If S12 is
close to 0 then the cognitive complexity is low for the cognitive map. If S12 is
close to 1 then the cognitive complexity is high for the cognitive map. This
measure is not affected by restriction of constructs, and is applicable to all
mapping methods.

The described properties and behaviours of the individual measures are
summarized in Table 1. The sets of properties summarized can be used to
evaluate the utility of an individual measure in a study context. These consider
whether the measure is sensitive to polarity, and whether it is a measure of
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centrality (we use this term in the statistical sense vs. a consideration of local
complexity around particular constructs within a map) or dispersion. We also
consider whether the measure value can be directly compared across
cognitive maps.

Measure Relevance to
hybrid (H),
idiographic (I),
nomothetic (N)
mapping

Sensitive
to

polarity

Centrality
measure

Dispersion
measure

Directly
comparable

Number of
constructs
(S01)

Little relevance
to H, N

N N N N

Number of
links (S02)

Little relevance
to H, N

N N N N

Total link
weight (S03)

Little relevance
to H, N

Y N N N

Mean link
weight (S04)

All Y Y N Y*

Standard
deviation link
weight (S05)

All Y N Y N

Total absolute
link weight
(S06)

Little relevance
to H, N

N N N N

Mean
absolute link
weight (S07)

All N Y N Y*

Standard
deviation
absolute link
weight (S08)

All N N Y N

Link density
(S09)

All N N N Y

Link weight
density (S10)

All Y Y N Y*

Absolute link
weight density
(S11)

All N Y N Y*

Map density
(S12)

All N N N Y

Table 1: Comparison of measures. Y* indicates directly comparable as long
as each cognitive map uses the same WLmax and WLmin values.

While subjective judgments can be made regarding the significance of
measure values, the statistical significance of these measures cannot be
determined, as their underlying distributions are unknown. Theoretically
derived statistical models reflecting some aspects of directed graphs have
been developed (see, Erdös & Rényi, 1961; Holland & Leinhardt, 1981) but, to
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our knowledge, no models have been devised which take into account all the
features defined above. However, simulation provides a feasible way to
empirically estimate parameterised probability outcomes. In our next section
we present the results of a Monte Carlo method of simulation, which was
conducted to provide probability distributions for each structural measure.
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Simulation

The simulation model is based on the Monte Carlo method (Metropolis &
Ulam, 1949). This method was chosen largely on the grounds of practicality,
as any results of this form of simulation can be applied by hand, which would
be impractical using a Bootstrapping method. The model consists of a series
of actions (a –h), which are executed in order to create a simulated cognitive
map.

(a) The number of constructs (C) in a simulated cognitive map is
defined.

(b) All constructs are selected. Therefore the number of selected
constructs (S) in the simulated map is S = C.

(c) WLmin (minimum possible weight of a link) is defined as –1.

(d) WLmax (maximum possible weight of a link) is defined as 1.

(e) For each possible ordered pair of constructs, excluding pairing a
construct with itself, the presence or absence of a link is decided by
randomly selecting an integer from the uniform distribution of values 0
and 1. If value 0 is selected, a link is not added between the ordered
pair of constructs. If value 1 is selected, a link is added between the
ordered pair of constructs. An ordered pair of constructs consists of a
source and a destination construct. A link will be from a source to a
destination construct. A separate link can also exist between a
destination and source construct.

(f) For each link the sign of the weight is decided by randomly selecting
an integer from the uniform distribution of values 0 and 1. If value 0 is
selected, the link weight is negative. If value 1 is selected, the link
weight is positive.

(g) For each link the absolute weight is decided by randomly selecting
a real value from the uniform distribution of real values between 0 and
1, where value 0 is excluded and value 1 is included.

(h) For each link the weight is calculated by multiplying the randomly
generated absolute weight by the randomly generated weight sign.

Simulation Implementation

The simulation model was implemented as a bespoke Windows 32bit
application. The simulation application was developed in C# and used both
generic classes from the Microsoft .NET Framework 1.1 and cognitive
mapping specific classes from Mandrake Technology Ltd. The application has
a simple Windows form based user interface that allows the setting of the
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number of simulated maps to generate, the number of constructs to use within
a map and the histogram classification parameters for each measure (see
Figure 2).

Figure 2: Simulation application, setting simulation parameters and display of
measure frequency distributions.

On execution, the application takes the user supplied parameters, generates
the simulated maps, calculates the measures on each map, calculates the
frequency classifications for each measure from all the simulated maps and
writes the results to a text file. This file can be subsequently imported into a
statistical package such as SPSS™ for analysis. In addition, the simulation
application allows the visual display of the frequency distribution of each
measure to assist in the fine-tuning of the simulation parameters (see Figure
2).

Simulation Experiments

Twenty separate simulation experiments were carried out. The number of
selected constructs used in each experiment is shown in Table 2. For each
experiment, 100,000 simulated cognitive maps were generated (using the
simulation model described previously). For each simulated map within an
experiment, the measures S02 to S12 inclusive were calculated and for each
measure within each experiment, a frequency distribution of the simulated
values was counted. Taking the minimum and maximum value of the
simulated measure, and dividing this range into 50 equal intervals defined the
frequency distribution. All the simulated measure values (i.e. 100,000 for each
experiment) were then classified into these intervals. For number of links
(S02), link density (S09) and map density (S12) less intervals were used
because these three measures display quantization or aliazing effects when
classified into a frequency distribution (such effects occur when a variable is
sampled or transformed into discrete values, and rounding or truncating errors
introduce spurious jaggies). The simulation experiments were carried out on a
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PC with an Intel P4 2.8 GHZ running Windows XP. Typical running times for
each experiment are shown in Table 2.

Experiment Number of selected
constructs used

Run time (secs)

1 5 < 1
2 10 2
3 15 4
4 20 8
5 25 13
6 30 19
7 35 25
8 40 34
9 45 43
10 50 54
11 55 64
12 60 77
13 65 88
14 70 103
15 75 118
16 80 135
17 85 152
18 90 173
19 95 190
20 100 217

Table 2: Simulation experiments with typical run times. Each experiment
generated 100,000 maps.

Validation of Random Number Generator

When running Monte Carlo simulations, a method of generating random
numbers is required, usually generating random numbers from the uniform
distribution on the interval [0, 1]. Most computer systems offer a random
number generator (often referred to as a pseudo-random number generator).
These generators are deterministic, i.e. although the sequence of numbers
generated appears random, the sequence can be precisely determined from
the underlying equations used by the generators. In this study we employed
the random number generator System.Random class from the Microsoft .NET
Framework 1.1, which, following the recommendations of Law and Kelton
(2000), was validated by four tests of randomness utilizing a simple Microsoft
Windows test application.

The Chi-square test, designed to check if the generated random numbers
appear to be uniformly distributed between 0 and 1, revealed k = 4096; n =
32768; χ2 = 4153.25 with 4095 degrees of freedom. The null hypothesis of
uniformity was therefore not rejected at level α = 0.10.The Serial test,
designed to check if the generated random numbers appear to be uniformly
distributed between 0 and 1 for higher dimensions, revealed k = 16; n =
32768; d = 3; χ2 = 4075.25 with 4095 degrees of freedom. The null hypothesis
of uniformity in three dimensions was therefore not rejected at level α = 0.10.
The Runs-up test, designed to check if the maximum lengths of monotonically
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increasing sequences (run-ups) of generated random numbers was
independent, revealed n = 5000; R = χ2 = 4.5564 with 6 degrees of freedom.
Thus, the null hypothesis of independence was not rejected at level α = 0.10.
The final test, i.e. the Correlation test, designed to check if the generated
random numbers were not auto correlated: n = 5000; A values (standard
normal distribution), are shown for Lag 1 to 6 in Table 3 but, in summary, the
null hypothesis of no autocorrelation at lags 1 to 6 was not rejected at level α 
= 0.10.

Lag A (Standard Normal Distribution)
1 -0.2160
2 -0.2520
3 -1.5636
4 -0.0785
5 -0.1818
6 -0.5448

Table 3: Random number generator validity, correlation test results.

In conclusion, the results of the four empirical tests presented sufficient
empirical evidence to accept the validity of the System.Random random
number generator from the Microsoft .NET Framework 1.1.

Simulation Results and Analysis

The simulated frequency distribution for each measure for each experiment
was examined to determine its fit to the normal distribution. For large n
(100,000 in this study) it is commonly acknowledged that any goodness of fit
statistic such as Lilliefors will give rejection of the null hypothesis of normality
and that skewness and kurtosis are too sensitive to provide meaningful
significance testing. Therefore, for each simulation experiment the frequency
distribution for each measure was visually inspected for non-normality
(Tabachnik & Fidell, 2001). In each instance, the histograms, boxplots and Q-
Q were judged to display no non-normality characteristics.

Having established normality for all simulated distributions, for each simulation
experiment the mean (Table 4) and standard deviation (Table 5) of the
frequency distribution for each measure was calculated.
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Measure C=55 C=60 C=65 C=70 C=75 C=80 C=85 C=90 C=95 C=100

S02 1485.2069 1769.9410 2080.0100 2414.8840 2774.9550 3160.0150 3570.0035 4004.9190 4465.1130 4950.2740

S03 0.0324 -0.0308 0.0096 0.0307 0.0855 0.0984 0.1195 0.0787 -0.0456 0.0814

S04 0.0000 -0.0000 0.0000 0.0000 0.000 0.0000 0.0000 0.0000 -0.0000 0.0000

S05 0.5773 0.5773 0.5773 0.5773 0.5773 0.5773 0.5773 0.5773 0.5773 0.5773

S06 742.5512 885.0133 1039.9934 1207.3820 1387.4229 1579.9360 1784.8500 2002.4500 2232.5150 2475.0970

S07 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000

S08 0.2886 0.2887 0.2887 0.2887 0.2887 0.2887 0.2887 0.2887 0.2887 0.2887

S09 27.0037 29.4990 32.0001 34.4974 36.9950 39.4996 41.9991 44.4991 46.9992 49.5027

S10 0.0006 -0.0005 0.0001 0.0004 0.0011 0.0012 0.0014 0.0009 -0.0005 0.0008

S11 13.5009 14.7502 15.9999 17.2483 18.4990 19.7492 20.9982 22.2495 23.5002 24.7510

S12 0.5000 0.5000 0.5000 0.5000 0.4999 0.5000 0.5000 0.5000 0.5000 0.5000

Table 4: The mean frequency distribution for each measure. S02 = number of links; S03 = total link weight; S04 = mean link
weight; S05 = standard deviation link weight; S06 = total absolute link weight; S07 = mean absolute link weight; S08 = standard
deviation absolute link weight; S09 = link density; S10 = link weight density; S11 = absolute link weight density; S12 = map density.

Measure C=5 C=10 C=15 C=20 C=25 C=30 C=35 C=40 C45 C=50

S02 10.0272 45.4853 104.9987 190.1624 299.9876 434.9987 595.0054 779.9939 990.0504 1225.0600

S03 0.0022 0.0041 0.0038 -0.0120 0.0394 -0.0414 0.05554 -0.0444 -0.0107 0.0194

S04 0.0002 0.0001 0.0000 -0.0001 0.0001 -0.0001 0.0001 -0.0001 -0.0000 0.0000

S05 0.5684 0.5759 0.5768 0.5770 0.5772 0.5772 0.5773 0.5773 0.5772 0.5774

S06 4.9976 22.4888 52.5026 95.0007 149.9962 217.5165 297.5080 390.0267 494.8899 612.6180

S07 0.4997 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000 0.4999 0.5001

S08 0.2841 0.2880 0.2884 0.2885 0.2886 0.2886 0.2887 0.2886 0.2887 0.2886

S09 2.0054 4.5008 6.9998 9.4987 11.9995 14.5000 16.9978 19.4999 21.9994 24.5012

S10 0.0004 0.0004 0.0003 -0.0006 0.0016 -0.0014 0.0016 -0.0011 -0.0002 0.0004

S11 0.9995 2.2489 3.5002 4.7500 5.9998 7.2505 8.5002 9.7507 10.9976 12.2524

S12 0.5014 0.4944 0.5000 0.5004 0.5000 0.5000 0.5000 0.5000 0.5000 0.5000
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Measure C=5 C=10 C=15 C=20 C=25 C=30 C=35 C=40 C=45 C=50

S02 2.1052 4.7802 7.1272 9.8624 12.3690 14.9449 17.3400 19.8450 22.2404 24.8287

S03 1.8197 3.8715 5.9123 7.9708 10.0189 12.0310 14.1761 16.1743 18.1740 20.2374

S04 0.1878 0.0866 0.0565 0.0420 0.0334 0.0277 0.0238 0.0208 0.0184 0.0165

S05 0.1004 0.0402 0.0256 0.0189 0.0150 0.0125 0.0106 0.0092 0.0082 0.0074

S06 1.4442 3.0737 4.6778 6.3046 7.9065 9.5235 11.1354 12.7029 14.2827 15.9898

S07 0.0943 0.0434 0.0283 0.0210 0.0167 0.0139 0.0119 0.0103 0.0091 0.0083

S08 0.0502 0.0199 0.0128 0.0094 0.0075 0.0062 0.0053 0.0046 0.0041 0.0037

S09 0.4210 0.4947 0.4750 0.4855 0.4948 0.4982 0.4958 0.4961 0.4954 0.4966

S10 0.3639 0.3872 0.3942 0.3985 0.4007 0.4010 0.4050 0.4044 0.4039 0.4047

S11 0.2888 0.3074 0.3119 0.3152 0.3163 0.3175 0.3182 0.3176 0.3174 0.3198

S12 0.1053 0.0536 0.0339 0.0260 0.0206 0.0172 0.0145 0.0127 0.0113 0.0101

Measure C=55 C=60 C=65 C=70 C=75 C=80 C=85 C=90 C=95 C=100

S02 27.3914 29.9148 32.3294 34.8940 37.4674 39.9461 42.5275 44.7503 47.4580 49.9312

S03 22.2690 24.2905 26.3571 28.4018 30.4861 32.4585 34.6051 36.5909 38.5633 40.6607

S04 0.0150 0.0137 0.0127 0.0118 0.0110 0.0103 0.0097 0.0091 0.0086 0.0082

S05 0.0067 0.0062 0.0057 0.0053 0.0049 0.0046 0.0043 0.0041 0.0039 0.0037

S06 17.6275 19.2686 20.7876 22.4497 24.1949 25.6675 27.2293 28.9137 30.6134 32.1198

S07 0.0075 0.0069 0.0063 0.0059 0.0055 0.0051 0.0048 0.0046 0.0043 0.0041

S08 0.0034 0.0031 0.0028 0.0026 0.0025 0.0023 0.0022 0.0020 0.0019 0.0018

S09 0.4978 0.4986 0.4973 0.4996 0.4996 0.5001 0.5002 0.4971 0.4995 0.4993

S10 0.4049 0.4049 0.4055 0.4057 0.4065 0.4057 0.4071 0.4066 0.4059 0.4066

S11 0.3205 0.3211 0.3198 0.3207 0.3226 0.3208 0.3203 0.3213 0.3222 0.3212

S12 0.0092 0.0084 0.0078 0.0072 0.0068 0.0063 0.0060 0.0056 0.0053 0.0050

Table 5: The standard deviation of the frequency distribution for each measure. S02 = number of links; S03 = total link weight; S04
= mean link weight; S05 = standard deviation link weight; S06 = total absolute link weight; S07 = mean absolute link weight; S08 =
standard deviation absolute link weight; S09 = link density; S10 = link weight density; S11 = absolute link weight density; S12 =
map density.
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A linear and non-linear regression was then carried out for the means and
standard deviations for each measure to determine formulae that can be used
to compute the expected mean and standard deviation of a population of
random cognitive maps for a given value of C. The independent variable (X)
used was the number of constructs. The dependent variable (Y) used was
either the mean or standard deviation of the frequency distribution of the
measure. The following regression models were used:

LINEAR Y = b0 + b1X
INVERSE Y = b0 + b1/X
QUADRATIC Y = b0 + b1X + b2X2

CUBIC Y = b0 + b1X + b2X2 + b3X3

POWER Y = b0Xb1

Table 6 and Figure 3 show the full regression results. In summary, a good
statistical fit was determined for 7 of the 11 measures subjected to the
simulation exercise: number of links (S02), standard deviation link weight
(S05), total absolute link weight (S06), mean absolute link weight (S07),
standard deviation absolute link weight (S08), link density (S09) and absolute
link weight density (S11).



QUANTITATIVE MEASURES OF COGNITIVE MAP STRUCTURE:
PROBABILITY DISTRIBUTIONS DERIVED BY MONTE CARLO SIMULATION

26

Mean Standard Deviation
S02 R2 = 1.00 17 df

F = 0.0000 p = 0.000
Quadratic model
b0 = 0.2522, b1 = -0.5091, b2 = 0.5001

R2 = 1.000 18 df
F = 534881 p = 0.000
Linear model
b0 = -0.2669, b1 = 0.5023

S03 R2 = 0.297 16 df
F = 2.26 p = 0.121
Cubic model
b0 = 0.0376, b1 = -0.0041, b2 = 0.0001,
b3 = -6E-7

R2 = 1.000 18 df
F = 2481753 p = 0.000
Linear model
b0 = -0.2042, b1 = 0.4087

S04 R2 = 0.437 16 df
F = 4.14 p = 0.024
Cubic model
b0 = 0.0002, b1 = -2E-5, b2 = 2.9E-7,
b3 = -2E-9

R2 = 1.000 18 df
F = 55273.5 p = 0.000
Power model
b0 = 0.9428, b1 = -1.0326

S05 R2 = 0.866 18 df
F = 115.92 p = 0.000
Inverse model
b0 = 0.5782, b1 = -0.0414

R2 = 0.998 18 df
F = 7510.93 p = 0.000
Power model
b0 = 0.4876, b1 = -1.0681

S06 R2 = 1.00 17 df
F = 1.2E9 p = 0.000
Quadratic model
b0 = 0.0231, b1 = -0.2512, b2 = 0.2500

R2 = 1.000 18 df
F = 696924 p = 0.000
Linear model
b0 = -0.1796, b1 = 0.3233

S07 R2 = 0.592 18 df
F = 26.16 p = 0.000
Inverse model
b0 = 0.5000, b1 = -0.0012

R2 = 1.000 18 df
F = 49062.4 p = 0.000
Power model
b0 = 0.4734, b1 = -1.0338

S08 R2 = 0.863 18 df
F = 113.51 p = 0.000
Inverse model
b0 = 0.2891, b1 = -0.0212

R2 = 0.998 18 df
F = 7422.92 p = 0.000
Power model
b0 = 0.2433, b1 = -1.0681

S09 R2 = 1.000 18 df
F = 8.5E8 p = 0.000
Linear model
b0 = -0.4991, b1 = 0.5000

R2 = 0.846 18 df
F = 99.25 p = 0.000
Inverse model
b0 = 0.5052, b1 = -0.3651

S10 R2 = 0.126 16 df
F = 0.77 p = 0.528
Cubic model
b0 = 0.0010, b1 = -8E-5, b2 = 1.8E-6,
b3 = -1E-8

R2 = 0.995 18 df
F = 3639.26 p = 0.000
Inverse model
b0 = 0.4092, b1 = -0.2242

S11 R2 = 1.000 18 df
F = 8.2E8 p = 0.000
Linear model
b0 = -0.2501, b1 = 0.2500

R2 = 0.988 18 df
F = 1450.41 p = 0.000
Inverse model
b0 = 0.3231, b1 = -0.1690

S12 R2 = 0.084 16 df
F = 0.49 p = 0.697
Cubic model
b0 = 0.4984, b1 = 7.4E-5, b2 = -1E-6,
b3 = 4.8E-9

R2 = 1.000 18 df
F = 188495 p = 0.000
Power model
b0 = 0.5442, b1 = -1.0173

Table 6: Regression curve estimate parameters. S02 = number of links; S03
= total link weight; S04 = mean link weight; S05 = standard deviation link
weight; S06 = total absolute link weight; S07 = mean absolute link weight; S08
= standard deviation absolute link weight; S09 = link density; S10 = link weight
density; S11 = absolute link weight density; S12 = map density.
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Mean Standard Deviation
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Figure 3: Regression curve estimate plots. S02 = number of links; S03 = total
link weight; S04 = mean link weight; S05 = standard deviation link weight; S06
= total absolute link weight; S07 = mean absolute link weight; S08 = standard
deviation absolute link weight; S09 = link density; S10 = link weight density;
S11 = absolute link weight density; S12 = map density.

Table 7 defines the formulas that allow us to calculate the expected mean and
standard deviation values for any of the measures for a population of random
cognitive maps for a given value of C.
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S02 Mean = 0.2522 - 0.5091 * C + 0.5001 * C2

StdDev = -0.2669 + 0.5023 * C
S03 Mean = 0.0376 - 0.0041 * C + 0.0001 * C2 - 6E-7 * C3

StdDev = -0.2042 + 0.4087 * C
S04 Mean = 0.0002 - 2E-5 * C + 2.9E-7 * C2 - 2E-9 * C3

StdDev = 0.9428 * C -1.0326

S05 Mean = 0.5782 - 0.0414 / C
StdDev = 0.4876 * C -1.0681

S06 Mean = 0.0231 - 0.2512 * C + 0.2500 * C2

StdDev = -0.1796 + 0.3233 * C
S07 Mean = 0.5000 - 0.0012 / C

StdDev = 0.4734 * C -1.0338

S08 Mean = 0.2891 - 0.0212 / C
StdDev = 0.2433 * C -1.0681

S09 Mean = -0.4991 + 0.5000 * C
StdDev = 0.5052 - 0.3651 * C

S10 Mean = 0.0010 - 8E-5 * C + 1.8E-6 * C2 - 1E-8 * C3

StdDev = 0.4092 - 0.2242 / C
S11 Mean = -0.2501 + 0.2500 * C

StdDev = = 0.3231 - 0.1690 / C
S12 Mean = 0.4984 + 7.4E-5 * C - 1E-6 * C2 + 4.8E-9 * C3

StdDev = 0.5442 * C -1.0173

Table 7: Measure models. S02 = number of links; S03 = total link weight; S04
= mean link weight; S05 = standard deviation link weight; S06 = total absolute
link weight; S07 = mean absolute link weight; S08 = standard deviation
absolute link weight; S09 = link density; S10 = link weight density; S11 =
absolute link weight density; S12 = map density.
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Worked Examples

The cognitive maps shown in Figure 4 and Figure 5 were developed using a
hybrid method mapping. From a pool of 55 theoretically derived constructs
(C=55), the participants (team leaders working in one call centre
organization), were requested to chose a set of 10-13 constructs representing
the features they felt were of most salience in respect of their employing call
centre. They then systematically considered if and in what way the chosen
constructs were related (in this instance causally) to one another using the
range +1 (to denote the strongest positive relationship) to –1 (the strongest
negative relationship).

Figure 4: Illustrative cognitive map (Participant A).
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Figure 5: Illustrative cognitive map (Participant B).

As can be seen, the map of Participant A, shown in Figure 4, is visually
considerably more complex than that of Participant B, whose map is shown in
Figure 5. To determine where the level of complexity of the maps produced by
our individual participants fall in relation to other scores in the probability
distribution derived from our simulation exercise, in this example we utilized
the simple link density measure (S09). As noted, this commonly used,
measure is unaffected by the restrictions imposed on our participants in the
hybrid cognitive mapping procedure (i.e. they were asked to choose 10-13
constructs). Where S is the number of selected constructs in a map and L is

the number of links in the map, the definition of
S
L

S 09 and the maps of

participants A and B revealed link density (SO9) values of 5.75 and 2.33
respectively.

We converted the individual raw scores (5.75 and 2.33) to z (standard) score
values (by subtracting the expected mean of a population of random cognitive
maps from an individual score, then dividing the difference by the expected
standard deviation of a population of random cognitive maps) using the
measure models detailed in Table 7.

Thus, in the case of Participant A’s map:
The individual score is 5.75 (link density (SO9) value).
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The random population mean and standard deviation figures are derived
using the measure models in Table 7, noting that C = 55 (there are 55
constructs in our pool), i.e.
Z = (5.75–(-0.4991 + 0.5000 * 55))/(0.5052 - 0.3651 * 55)
Z = (5.75–27.0009)/-19.5753
Z = -21.2509/-19.5753
Z = 1.0856

While in the case of Participant B’s map:
Z = (2.33–(-0.4991 + 0.5000 * 55))/(0.5052 - 0.3651 * 55)
Z = (2.33–27.0009)/-19.5753
Z = -24.3709/-19.5753
Z = 1.2603

Interpreting these scores in conjunction with the normal curve reveals that –
while very different visually - the scores of both participants fall within just over
one standard deviation of the expected mean of a random run of cognitive
maps (where 68% of the scores fall within one standard deviation of the
mean) (Urdan, 2005). Therefore, these participants’ maps do not seem to be
significantly different from a random cognitive map.
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Discussion

Our first contribution in this paper has been to build upon the simple measures
utilized to-date to define a larger, more expressive set of quantitative
measures of overall cognitive map structural complexity, integration and
connectedness. Despite our personal preference for the hybrid method of map
construction, at least in the context of large or relatively large-scale studies,
the menu of measures presented in this paper permits researchers to choose
one appropriate to their particular research context, and choice of mapping
method (as summarized in Table 1).

To-date, we have not had the mechanisms to determine whether any measure
of cognitive map structural complexity permits us to pick up anything more
than would be detected on a purely random basis. As our second contribution,
we conducted a Monte Carlo simulation to empirically derive probability
distributions for eleven of the individual measures. After establishing normality
for all simulated distributions, for each simulation experiment the mean and
standard deviation of the frequency distribution for each measure was
calculated and then fitting regression models we derived formulae that can be
used to compute the expected mean and standard deviation values for any of
the measures for a population of random cognitive maps. The parameterised
probability distributions derived (Table 7), which permit inferential statistics to
be performed on a single map or on groups of maps, thus support the
advancement of our understanding of the implications of cognitive map
structure, from qualitative description to a hypothesis-testing mode.

Our second contribution is limited to the extent that, while we have been able
to derive parameterised formulas for seven of the eleven measures, we have
not been able to fit adequate regression models for four additional measures,
namely total link weight (S03), mean link weight (S04), link weight density
(S10) and map density (S12). Had we utilized a Bootstrapping method of
simulation, we would, of course, have overcome this limitation. However, this
would have raised a more serious limitation in so far as this would have
prohibited the use of all measures for many researchers who can now simply
work through the calculations by hand using our formulas.

Our focus concerned measures of overall map structural complexity but other
dimensions of structure require development. While strictly speaking
measures that reflect the degree to which a map is hierarchical and focused
on a single or few construct(s) examine local issues within the map rather
than overall structure (Eden et al., 1992), these may provide important
insights into additional structural aspects of information processing. As with
overall complexity, the results of Nadkarni and Narayanan’s (2005) study 
suggest that this facet of map structure is predictive of performance, at least in
a student context. While early empirical research supported the predictive
values of cognitive maps more generally (see Bonham & Shapiro, 1976),
there is a pressing requirement to progress beyond qualitative description if
we are to make clear predictions about the results of future observations and
a need to exploit all potential to support this vital agenda.
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