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a b s t r a c t
An increasing number of researchers and educational practitioners have shown their interest in the use of
concept mapping techniques to elicit and represent individuals' knowledge structures. By extending
previous research on concept map assessment, this study aims to develop a new evaluation metric enabling
the “information uncertainty” embedded in concept maps to be assessed so as to predict individuals'
problem-solving performance. In particular, our novel metric EntropyAvg is underpinned by the notion of
entropy in information theory. A controlled experiment is carried out to evaluate the effectiveness of our
proposed metric. Our experimental results demonstrate that the entropy values computed according to
EntropyAvg strongly correlate to individuals' problem-solving performance and that the predictive power
of EntropyAvg is signiﬁcantly higher than that of existing widely used concept map evaluation metrics. Our
research work opens the door to the application of concept mapping techniques in enterprise-wide
knowledge management in general and enterprise-wide knowledge assessment in particular.
© 2009 Elsevier B.V. All rights reserved.

1. Introduction
Knowledge structure (or cognitive structure) refers to a set of
concepts and the relationships among such concepts [12,28]. The
presence of certain knowledge structures in individuals' memories
largely determines their ability to characterize a particular problem
domain and their problem-solving performance [2]. Several mapping
techniques such as concept maps [24], causal maps [4,20], and mind
maps [5] have been developed to elicit implicit knowledge structure
from an individual's memory. Among these mapping techniques,
concept mapping is unique in the sense that concepts and propositions play the central role in the representation of knowledge
structures and the construction of meanings [26].
Assimilation theory is generally considered the theoretical foundation of the concept mapping technique [2,25]. According to assimilation
theory, new knowledge is acquired by linking novel concepts to the
existing concepts of a knowledge structure. Both the newly acquired and
the existing knowledge structures are modiﬁed during a learning
process. The construction of a concept map through hierarchical
organization, progressive differentiation, and integrative reconciliation
shapes an individual's ability to assimilate and integrate knowledge and
solve problems creatively. Accordingly, certain properties such as the
structure and content of the concept map constructed can be used to
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predict an individual's problem-solving performance [2,18,31,37]. As
the structural elements are the main building blocks of a concept map, it
is technically feasible to develop a formal computational model to
estimate the quality of the concept map based on its structural elements.
This paper focuses on the design and development of a novel concept
map evaluation metric to quantitatively measure the information
uncertainty implied in the structural elements of a concept map.
Information uncertainty can be quantiﬁed in terms of entropy [33].
Previous research has highlighted that assessing the quality of a
concept map based on its structural properties is a promising approach
[18,31,37]. Accordingly, several important evaluation metrics have been
developed to examine the structural properties of concept
maps [1,14,16,18,37]. Among these metrics, most of them extend or
adapt the scoring method proposed by Novak and Gowin [26]. For
example, the number of hierarchical levels presented in a concept map
can be used to measure the degree of subsumption among concepts; the
number of branchings from a concept node can be used to measure an
individual's ability in progressive differentiation; the number of crosslinks presented in a concept map indicates an individual's ability in
knowledge integration. Essentially, the concept map metrics of complexity and integration refer to the hierarchical levels of and the number
of cross-links presented in the concept map [16]. The literature also
frequently refers to the concept map metrics of density and centrality [1].
The existing concept map evaluation metrics are useful in distinguishing between expert knowledge and novice knowledge based on
the knowledge structures encoded in concept maps. However, these
metrics are not effective in measuring the psychometric properties of
concept maps as an assessment tool to predict individuals' problem-

614

J.-X. Hao et al. / Decision Support Systems 48 (2010) 613–621

solving performance. Although reliability and validity measures have
been applied to evaluate the psychometric properties of concept maps,
these measures are often the integral part of the concept mapping tasks
and their effectiveness has been validated solely in the context of
science teaching and learning [34]. From the problem-solving perspective, the search for a path which reduces information uncertainty in the
solution space provides an essential guiding principle for the development of an effective solution for addressing the given problem [7,22,27].
Therefore, measuring the entropy (i.e., information uncertainty)
attached to a concept map is likely to be a promising approach in
predicting an individual's problem-solving performance. To the best of
our knowledge, the research work reported in this paper represents the
ﬁrst attempt to employ an entropy-based metric to evaluate the quality
of concept maps. By assessing the entropy attached to a concept map, it
is possible to infer the cognitive state of the individual who draws it;
hence, the entropy-based metric we propose can be used to predict the
individual's problem-solving performance.
The greatest potential beneﬁts of our proposed methodology will
be realized when it is applied to ill-deﬁned problem domains. In
general, a problem consists of three abstract elements: an initial state,
a terminal state, and an operation (process) which transforms the
initial state to the terminal state [30]. For well-deﬁned problems,
because these three elements can easily be identiﬁed, the problemsolving process involves little uncertainty. However, for ill-deﬁned
problems, the boundary between the initial state and the terminal
state is vague, and the transformation process is not obvious. As a
result, uncertainty arises during the problem-solving process. According to this observation, our proposed entropy-based concept map
evaluation metric is quite applicable to predicting individuals'
problem-solving performance for ill-deﬁned problems such as
recruiting the most suitable employees. The main reason for this is
that our proposed metric can effectively quantify information
uncertainty, which is the key feature characterizing the problemsolving process for ill-deﬁned problems.
This study makes both theoretical and practical contributions.
From the theoretical perspective, this study provides a better
understanding of the structural properties of concept maps from the
lens of entropy. Our entropy-based evaluation metric captures an
important dimension of concept maps, that is, the information
uncertainty which is implicitly embedded in concept maps. By
quantifying the information uncertainty attached to the structural
elements of a concept map, it is possible to infer the perceived
uncertainty of the individual who draws the map. Based on the
quantiﬁed entropy of the concept map, a prediction can then be made
regarding the individual's problem-solving performance. As for its
practical implications, our study contributes to the development of an
effective methodology for predicting individuals' problem-solving
performance based on the entropy embedded in their concept maps.
Our novel concept map evaluation metric can also be applied to largescale automated knowledge assessment exercises which expand the
traditional application areas of concept mapping tools.
The rest of the paper is organized as follows. In Section 2, we
elaborate the theoretical foundation that underpins the development of
the entropy-based concept map evaluation metric. Our controlled
experiment to evaluate the entropy-based metric proposed is described
in Section 3. In Section 4, we report our experimental results and discuss
some of our ﬁndings. We offer concluding remarks and describe the
future direction of our research work in the ﬁnal section.

which provides a meaningful statement about certain objects or
events. Nodes and links are arranged in a hierarchical fashion. As
illustrated in Fig. 1, the key concept of a problem domain (i.e., the root
node) can be represented by a hierarchy of nodes starting from a high
level of abstraction (e.g., general concepts) to a low level of
abstraction (e.g., speciﬁc concepts). For instance, the key concept of
“System” can be represented by general concepts such as “Artiﬁcial
system”, “Social system”, etc. “Artiﬁcial system” can be represented by
more speciﬁc concepts such as “Computer system”. A branch of
a concept map represents a speciﬁc knowledge domain (e.g.,
“Computer system”). Links relate concepts that belong to the same
branch. They are useful for deﬁning general concepts in terms of more
speciﬁc concepts. Cross-links, on the other hand, relate concepts from
different branches (e.g., a cross-link connecting “Computer system”
with “Social system” to deﬁne a new concept, “Socio-technical
system”). They are useful for representing meaningful relationships
across different knowledge domains.
In the following sub-sections we ﬁrst provide the formal notations
used to describe a concept map. We then illustrate the information
theory, which underpins the development of the novel entropy-based
concept map evaluation metric we propose.
2.1. The formal notations for concept maps
According to the deﬁnition of a concept map proposed by Novak
and Gowin [26], each concept map can be taken as the abstraction of a
“hierarchical graph”, that is, a graph with a hierarchical structure. The
formal notation used to describe the structural properties of a concept
map is derived from the graph theory, as follows:
(1) A concept map is taken as a hierarchical directed graph, C;
(2) Every domain concept is represented by a node or vertex, v, of
the hierarchical directed graph C; the set of all the nodes of C is
represented by V = {v1, v2, …, vn}, with only one root node
designated as v1 ∈ V;
(3) The relationship between a pair of concepts is represented by
an edge, e, which is formally deﬁned by an ordered pair of two
nodes such as (v1, v2); the set of all the edges of C is
represented by E = {e1, e2, …, em};
(4) The number of edges that have node v as their terminal node is
called the indegree of v, in (v), and the number of edges that
have node v as their initial node is called the outdegree of v,
out (v). If out (v) is 0, we say that node v is a leaf node;
otherwise, node v is an intermediate node;

2. The theoretical foundation of concept map evaluation
Nodes and links are the basic components of a concept map. Nodes
with designated labels represent concepts, which describe regularities
of events or prominent objects within a problem domain. On the other
hand, each link connecting a pair of nodes denotes the relationship
between concepts. Each node-link-node triplet forms a proposition

Fig. 1. The structure of a concept map (adapted from [12]).
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According to the formal notations based on the graph theory, the
sample concept map depicted in Fig. 1 can be plotted as a hierarchical
directed graph, as shown in Fig. 2. Moreover, the hierarchical directed
graph can be formally deﬁned by:
C = ðV; EÞ;
V = fv1 ; v2 ; …; v6 g; E = fe1 ; e2 ; …; e6 g;
e1 = ðv1 ; v2 Þ; e2 = ðv1 ; v3 Þ; e3 = ðv2 ; v4 Þ; e4 = ðv2 ; v5 Þ; e5 = ðv5 ; v6 Þ;
e6 = ðv3 ; v6 Þ:
(5) A branch of a concept map is seen as a sub-tree of the hierarchical
directed graph. For example, node set {v2, v4, v5, v6} with edge
set {e3, e4, e5} comprises one branch, and node set {v3} with edge
set ∅ forms another branch;
(6) A cross-link joins two branches. In the case of a cycle, we
consider the direction of the cross-link from the parent node to
the child node. In Fig. 2, the edge e6 which comprises the
ordered pair from v3 to v6 is a cross-link.
2.2. An information-theoretic concept map evaluation methodology
Concept mapping is a technique used to elicit and represent an
individual's implicit knowledge structure. Our assumption is that the
individual's problem-solving ability can be predicted on the basis of
the structural properties encoded in his or her concept maps. Prior
research has demonstrated that the structural properties of a concept
map complexity and integration can be used as the key metrics to
predict an individual's learning performance [13,16]. The structural
properties of complexity and integration can reﬂect the individual's
achievement in progressive differentiation and integrative reconciliation, which are two important elements of meaningful learning
processes. Progressive differentiation refers to a continuous meaningful learning process in which greater inclusiveness and the
speciﬁcity of concepts are discerned and more propositional links
with other related concepts are identiﬁed. In contrast, integrative
reconciliation occurs when an individual recognizes new relationships between related sets of concepts or propositions and integratively reconciles these new ideas based on old ones [26].
However, problem solving is not simply a learning process in
which new knowledge is assimilated based on an individual's existing
knowledge structure. In practice, problem solving requires an
individual to utilize his or her knowledge to reduce the uncertainty
of a problem space and identify an effective solution from the reduced
solution space. Although the concept mapping technique has been
applied to predict individuals' learning performance, the existing
indictors such as complexity (the extent to which a learner can
identify relevant and meaningful relationships among the concepts
from the same concept hierarchy) and integration (the extent to
which a learner can identify relevant relationships among the

Fig. 2. The formal representation of a concept map.
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concepts that belong to different levels of hierarchies and abstraction)
cannot measure the inherent characteristics of a problem domain,
such as uncertainty. According to a previous study, complexity and
integration do not offer sufﬁcient explanatory power to analyze an
individual's problem-solving performance [31]. This study thus aims
to ﬁll this gap in the extant concept map evaluation research by
developing a metric that can be used to measure the uncertainty
present in concept maps and analyze and predict individuals'
problem-solving performance.
Problem solving refers to any activity in which both the cognitive
representation of prior experience and the components of a current
problem situation are reorganized to achieve a designated objective
[2]. Problem solving consists of both knowledge assimilation and
knowledge application [35]. Effective problem solving requires the
transformation and re-integration of an individual's existing knowledge to ﬁt the speciﬁed means–end relationships which underpin the
solution of a problem space. Successful problem solvers can focus on
the prominent aspects of a problem and ignore its irrelevant aspects.
Following such a rationale, problem solving can be viewed as a kind of
information processing which can produce relevant outputs by
reducing information uncertainty and distraction during the input–
output transformation process [7,22,27].
To illustrate the notion of information uncertainty in the concept
mapping context, we provide the two examples depicted in Figs. 3 and 4,
respectively. Given a pair of concept maps with the same levels of
complexity (i.e., number of nodes) and integration (i.e., number of crosslinks), the degree of information uncertainty and disorder can vary
among these maps. For instance, information uncertainty increases
when a broad thinking process is adopted, resulting in width extension
and depth condensation during concept mapping. In contrast, information uncertainty decreases when deep thinking occurs, leading to width
condensation and depth extension during concept mapping. Broad
thinking focuses on the comprehensive understanding of a problem
domain, whereas deep thinking leads to the development and
justiﬁcation of solutions to problems. The concept maps depicted in
Figs. 3 and 4 have the same levels of complexity and integration.
However, the degree of information uncertainty in the concept map
shown in Fig. 4 is higher than that in the concept map depicted in Fig. 3.
The concept map shown in Fig. 3 has a narrower and deeper structure
than that of the concept map shown in Fig. 4; this implies that the
creator of the former map focuses more on deep thinking. Despite the
importance of gaining a comprehensive understanding of a problem
domain, deep thinking contributes more toward the development of
solutions to a particular problem, consequently leading to a reduction in
information uncertainty [36]. Therefore, we believe that individuals
who construct concept maps with deep structures (less information
uncertainty) are more likely to outperform individuals who produce
concept maps with broad structures, because the former have already

Fig. 3. A concept map with a deep knowledge structure.
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The entropy-based evaluation metric for an arbitrary map can be
developed by computing the average entropy, EntropyAvg, for all the
non-leaf nodes of the concept map:
n

∑ Evi

EA =

i=1

n−l

;

ð3Þ

where
n
l

Using Eq. (3) to compute the EntropyAvg of the concept maps
depicted in Figs. 3 and 4, respectively, the following results are
obtained (only the non-zero Ev is shown):

Fig. 4. A concept map with a broad knowledge structure.

acquired the knowledge required to focus on speciﬁc issues related to
the given problem.
For the quantitative assessment of the information uncertainty
present in concept maps, we refer to information theory and the notion
of entropy in particular [33]. In the concept mapping context, each node
or edge represents the semantics of a particular problem domain as
perceived by the concept map creator. Each node can be viewed as an
information item which is associated with uncertainty. The basic
intuition is that the information uncertainty of a concept map represents
the aggregation of the uncertainties associated with all the nodes.
According to Shannon's entropy theory [33], the information uncertainty of an information item (e.g., a message) is inversely proportional
to the probability of the event described by the information item. It is
believed that the number of outgoing links of a concept can provide
additional information regarding the concept's role in a particular
concept map [17]. An event can thus be seen as the process of following
the outgoing links from one concept to traverse to another concept.
Therefore, the probability of transition from one concept (i.e., node vi) to
one of its associated concepts (i.e., node vj) can be estimated as the
proportion calculated by dividing the number of child nodes of vj
(includes vj) by the total number of all child nodes of vi. Formally, the
probability of the state transition of node vi is deﬁned by:
Prðvi →vj Þ =

p
;
q

ð1Þ

where p is the number of child nodes of vj (includes vj) and q is the
number of all child nodes of vi. Our proposed approach for estimating the
information uncertainty embedded in concept maps can be understood
on the basis of the decision tree building process. For example, the
objective of building a decision tree is to reduce the entropy (uncertainty
and disorder) used for classifying an input dataset. The classiﬁcation
process starts at the root node (e.g., the highest entropy) and continues
until one of the lead nodes which classify all the instances of one class
(e.g., zero entropy). As can be seen, the entropy is progressively reduced
at each level of the decision tree. The decision tree building process in
which the appropriate nodes which lead to the reduction of entropy are
found contributes to effective problem solving [8,29].
Based on Eq. (1), the following equation is developed to estimate
the information entropy of an arbitrary node v in a concept map:
8 r
 
>
< ∑ − pi log pi
if v is an intermedia node
2
q
q
Ev = i = 1
;
>
:
0
if v is a leaf node

ð2Þ

where
r
pi
q

is the total number of nodes in the map; and
is the total number of leaf nodes in the map.

is the number of branches of node v;
is the number of nodes in the ith branch of node v;rand
is the total number of child nodes of node v, q = ∑ pi .
i=1

E AFigure 3 =

Ev1 + Ev2
12−4

=

0:684 + 1:500
= 0:273;
8

and
E AFigure 4 =

Ev1 + Ev2 + Ev3 + Ev7
12−7

=

0:845 + 1:149 + 1 + 1:585
5

= 0:916:
According to the computational results, the EntropyAvg of these
concept maps shows a great difference although their complexity and
integration are the same. the concept map shown in Fig. 3 has a lower
EntropyAvg score than that of the concept map depicted in Fig. 4; the
former map shapes a deep knowledge structure, while the latter map
demonstrates a broad knowledge structure. The proposed metric is a
promising tool for quantifying the uncertainty embedded in concept
maps, and hence for predicting individuals' problem-solving performance. However, it is essential to conduct empirical tests to support
our claim. We propose the following two hypotheses to verify the
proposed metric empirically:
(1) the EntropyAvg scores derived from concept maps are highly
correlated to the subjects' actual problem-solving performance; and
(2) the EntropyAvg metric provides signiﬁcantly higher predictive
power than the existing metrics.
3. Empirical evaluation
3.1. Overview of the experimental design
We conducted a controlled laboratory experiment to examine the
predictive power of the proposed entropy-based concept map
evaluation metric. The whole experiment took approximately
55 min to ﬁnish; it included a training session and a test session. In
the test session, participants were asked to solve a choice dilemma
problem by independently drawing a concept map using paper and
pencil and submitting a choice of actions and a qualitative summary
report to explain their choices. A group of two external assessors who
were blind to the aim and design of the experiment were told to
transform all the concept maps drawn by the subjects to a standardized format according to the principles of concept propositional
analysis [26]. The assessors then entered the standardized concept
maps into our concept map evaluation system. At the same time,
another group of two external assessors evaluated the summary
reports according to a pre-deﬁned rubric to determine the subjects'
actual problem-solving performance. Our concept map evaluation
system was used to calculate the scores automatically according to
several concept map evaluation metrics (e.g., EntropyAvg, complexity,
and integration, etc.). The computational results were exported to
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SPSS for further data analysis and to verify the correlation between
certain evaluation metrics and the participants' problem-solving
performance.
3.2. Participants
A total of 40 undergraduate students enrolled in an introductory
management information systems course voluntarily participated in
this experiment. The participants' average age was around 21 and there
was an even gender distribution (i.e., half male and half female). To
encourage participation and involvement in the problem-solving task
assigned, incentives were provided in the form of cash prizes for
participation (US$15) and an extra bonus (US$15) for the top problemsolving performance. The students were assured that their participation
in the experiment and their problem-solving performance would not
affect their course grades.
3.3. Training
As the participants' experience and elementary skills in concept
mapping could facilitate our experimental process, all participants
were exposed to concept mapping techniques in lectures and tutorials
for one semester before the experiment began. Furthermore, a
training session was provided to all participants so that their skill
levels were similar for the speciﬁc content-free concept mapping
technique. The content-free concept mapping technique, which is
derived from the general concept mapping technique, emphasizes the
structural properties of concept maps rather than their contents [32].
The training session lasted for 15 min and comprised: (1) a facilitator
explaining the meanings of nodes, links, and cross-links based on a
sample concept map (5 min); (2) all participants being required to
conduct an exercise by drawing a concept map for a simple topic
(7 min); and (3) conducting a quiz about the usage of concept maps to
test the participants' proﬁciency in concept mapping (3 min).
3.4. Task and procedure
A choice dilemma task [9] was assigned to the participants. This
particular task involved an ill-deﬁned problem with no obvious initial
states, terminal states, or transformation processes. The task
concerned an expanding insurance broking ﬁrm which planned to
recruit a customer services assistant for its front counter (refer to
Appendix A for more details). The participants were asked to decide
which applicant should be offered the job. In the event that no
applicant met the job requirements, they had to decide whether or
not the vacancy should be re-advertised.
The main test session lasted for about 40 min and involved the
following activities: (1) a facilitator brieﬂy introduced the case
including the requirements of the job, the background of the
candidates who had been interviewed, and the interviewer's written
comments (5 min); (2) the participants were asked to deﬁne and
describe all related aspects of the recruitment case (15 min); (3) each
participant was told to draw a concept map to illustrate the prominent
issues in the recruitment case; the concept map was a reﬂection of the
individual's knowledge structure for the given problem domain
(10 min); and (4) each participant was asked to write a short report
to summarize the factors justifying his or her choice and draw a
conclusion (10 min).
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developed appropriate procedures to minimize the inﬂuence of these
sources of errors.
(1) Control on the concept map construction method used. There are
various methods for students to construct their own concept
maps. In this study, we adopted the content-free concept map
construction method used in prior studies [21,32]. The contentfree concept map construction method is designed primarily to
assess the structure of a concept map rather than its content.
Because concept maps are idiosyncratic, it is necessary to
standardize the contents of concept maps to assess their
structural properties. Speciﬁcally, we employed the following
procedure to minimize the degree of variation caused by the
map construction method used:
a) we provided the participants with a set of standard concepts
with corresponding labels;
b) the participants were asked to use the set of standard labels
and focus on the structural properties of the concepts (e.g.,
positioning and linking of the concepts). To avoid constraining the participants' thoughts on the given concepts, the
participants were allowed to identify new concepts and
create corresponding concept labels; and
c) two assessors standardized the new concept labels the
participants identiﬁed with each concept using a unique
concept ID number; the assessors then entered all the
standardized concept maps into our prototype system,
where further concept map veriﬁcation was conducted.
(2) Control on the participants' concept mapping proﬁciency. As noted
in Section 3.3, we provided all the participants with appropriate
training on the content-free concept map construction technique
to ensure that they had an acceptable level of proﬁciency in the
technique.
(3) Control on the assessors' domain knowledge. We employed two
groups of assessors in this experiment. Each group consisted of
two assessors who were blind to the aim and design of the
experiment. The ﬁrst two assessors were the concept mapping
experts who were responsible for transforming the concept
maps drawn by the participants into a standard format
according to the principles of concept propositional analysis
[26]. In particular, they converted the new concept labels
developed by the participants into a set of standard concept
labels and entered the standardized concept maps into our
prototype system. The level of agreement on concept map
encoding was 0.93, indicating an adequate inter-rater reliability. The remaining differences in concept map encoding were
resolved through discussions between the two assessors.
The two assessors of the second group were human resource
management professionals; they were responsible for assessing the
participants' summary reports according to the adapted rubric extracted
from the structure of the observed learning outcome (SOLO) taxonomy
[3]. SOLO is a framework widely used for assessing the quality of
answers given to open-ended problems [10]. James et al.'s [11] interrater reliability rwg was used to evaluate the assessors' judgment and a
result of 0.89 was obtained. The rwg result indicated adequate agreement
between the two assessors. The remaining differences in the assessment
results were resolved via discussions between the two assessors. The
high inter-rater reliability for each group of assessors reveals that there
was little variation among the assessors. The conﬂict resolution
procedures used also helped reduce the impact of the variations in the
assessors' domain knowledge on the experiment results.

3.5. Experimental control
3.6. Prototype system
Prior studies have identiﬁed several sources of errors in concept
mapping experiments, including the concept map construction method
used, variations in the participants' concept mapping proﬁciency, and
variations in the assessors' domain knowledge [18,31]. Accordingly, we

A prototype system for concept map analysis was developed using
Visual Basic and Microsoft® Access. This prototype system adopted both
the proposed concept map evaluation metric and other existing
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Fig. 5. The architecture of the prototype system for concept map analysis.

evaluation metrics. Fig. 5 graphically illustrates the architecture of our
prototype system. The concept maps the participants drew were
ﬁrst reviewed by the assessors before being entered into a Microsoft®
Access database according to the schema (link_ID, starting_concept_ID,
ending_concept_ID, whether_cross-link). Based on the manually entered concept map data, the prototype system generated a concept map
according to the formal notations described in Section 2.1. The systemgenerated concept maps served two purposes. The ﬁrst was to verify the
input data with reference to the concept maps generated. For example, if
the system-generated concept map was not a connected graph, this
indicated that certain relationships among the concepts had been
entered mistakenly, and therefore that it was necessary to verify the
original concept map data. The second purpose of the generated concept
maps was to provide a basis for computing evaluation scores according
to the pre-deﬁned concept map evaluation metrics. The prototype
system developed includes ﬁve evaluation metrics: EntropyAvg, complexity, integration, density, and centrality. The corresponding evaluation
scores derived from these metrics were stored in a table and could easily
be exported to SPSS for statistical data analysis. Our prototype system
operates quite efﬁciently, taking an average of around one second to
generate a concept map and compute the corresponding evaluation
score once the concept map data have been entered by an assessor.

3.7. Measures
This experiment was aimed at testing the predictive power of the
proposed entropy-based evaluation metric (EntropyAvg). More speciﬁcally, we sought to examine the incremental predictive power of
EntropyAvg by controlling the other two pairs of evaluation metrics:
complexity and integration [16], as well as density and centrality [1].
Complexity is measured in terms of the number of direct links
appearing in a concept map; it reﬂects an individual's comprehensiveness and differentiation during the articulation and elaboration of
knowledge structure. Integration is measured by the number of crosslinks in a concept map; it reﬂects the interconnectedness and
integration of knowledge structure by an individual [16]. Density
and centrality are evaluation metrics developed on the basis of social
network analysis. Density is calculated as the ratio of the total number
of links to the total number of concepts in a concept map. It indicates
the degree of connection among the concepts included in a map.
Centrality reﬂects the extent to which a map is centralized and
cohesive. It is the sum of each individual concept's centrality, which is
measured in terms of the number of incoming and outgoing links to
and from the concept. All of these metrics were applied to each

concept map and the correlations of the corresponding quality scores
and the subjects' problem-solving performance analyzed.
The assessors evaluated an individual's problem-solving performance based on his or her summary report. The rubric for performance
assessment was adapted from the SOLO taxonomy [3,15]. Two external
assessors examined the justiﬁcations in each summary report and
assigned a score for each justiﬁcation ranging from 1 to 3 (where
1 = marginal justiﬁcation: the subject justiﬁed his or her decision
without giving a relevant explanation; 2 = good justiﬁcation: the
subject justiﬁed his or her decision with a brief explanation; and
3 = excellent justiﬁcation: the subject justiﬁed his or her decision with a
very clear and detailed explanation). Any statement which was
irrelevant to the given recruitment task was not considered as a
justiﬁcation. Each justiﬁcation and explanation of the subject's decision
given in the summary report was evaluated and scored individually; a
ﬁnal score was then computed to represent the subject's problemsolving performance.
4. Experimental results and discussions
In this study, hierarchical regression analysis [6] was used to test
the main hypotheses given in Section 2. The conﬁdence level of
p b 0.05 was adopted as the acceptance criterion for our hypotheses.
The statistical data were carefully examined to ensure the hierarchical
regression assumptions were satisﬁed. One observation identiﬁed as
an outlier according to most of the attribute values for the observation
was thus excluded from further analysis. This left us with a total of 39
valid observations. The effects of demographic variables, such as
gender and age, were also examined before we began testing the main
hypotheses. These demographic variables were insigniﬁcantly correlated to individuals' problem-solving performance.
To assess the effectiveness of the proposed evaluation metric, we
utilized descriptive statistics and a correlation matrix of all the
variables to examine its basic predictive power. We then employed
hierarchical regression analysis to examine the incremental predictive
power of the proposed metric in comparison with that of two pairs of
predictors used in previous studies. As described above, these two
pairs of predictors which we used as baseline measures were,
respectively, complexity and integration, which are regarded as
measures of the fundamental properties of a concept map, and density and centrality, which are underpinned by social network analysis.
Table 1 shows the descriptive statistics and the correlation matrix for
the dependent variable (performance) and the predictive variables. Our
proposed evaluation metric, EntropyAvg, was shown to have signiﬁcant
correlation with the dependent variable performance (r = −0.43,
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Table 1
Descriptive statistics and correlation matrix of the variables involved.

1.
2.
3.
4.
5.
6.

Performance
EntropyAvg
Complexity
Integration
Centrality
Density

Mean

S.D.

1

2

3

4

5

6

14.87
0.71
13.10
1.50
0.30
1.28

7.43
0.14
1.61
0.24
0.07
0.09

−
− 0.43***
− 0.23*
0.32**
− 0.36**
0.38**

−
0.11
0.14
0.49***
0.14

−
0.28*
− 0.19
− 0.08

−
− 0.03
0.89***

−
0.07

−

N = 39, *p b 0.1, **p b 0.05,

***

p b 0.01 (2-tailed test).

p b 0.01). This result conﬁrms the basic predictive power of our proposed
metric. EntropyAvg was found to be weakly correlated to other metrics
such as complexity (r = 0.11), integration (r = 0.14), and density
(r = 0.14). These results demonstrate that in assessing concept maps,
the proposed metric captures an entirely different dimension to those
captured by complexity and integration. Moreover, the high correlation
between integration and density implies that these metrics measure
largely similar properties of concept maps. Both of these metrics focus
on the cross-links and interconnections among the nodes of a concept
map. Nadkarni and Narayanan [19] observe that the density of a concept
map corresponds to its integration.
To examine the predictability of the proposed metric, EntropyAvg,
we constructed three hierarchical regression models for performance
by introducing three clusters of control variables separately. Table 2
summarizes our empirical results.
Model 1 controlled for the effects of the fundamental structural
properties of a concept map, i.e., complexity and integration. Consistent
with prior studies [13,26], performance was signiﬁcantly related to complexity (β=−0.35, pb 0.05) and integration (β=0.42, pb 0.01). More
importantly, our results demonstrated that EntropyAvg was signiﬁcantly
related to performance (β=−0.46, pb 0.01). Furthermore, EntropyAvg
signiﬁcantly increased the explanatory power of the variance in performance (ΔR2 = 0.205, p b 0.01). These results imply that EntropyAvg
explains 20.5% more of the variance in problem-solving performance
than that explained solely by complexity and integration. The signiﬁcant
improvement in R2 after incorporating the EntropyAvg variable strongly
supports its predictability and complementarity to the complexity and
integration metrics in predicting problem-solving performance.
Model 2 controlled for the effects of centrality and density in testing the
additional predictive power of EntropyAvg for individuals' problemsolving performance. The results showed that the predictive variable EntropyAvg was signiﬁcantly correlated to performance (β=−0.39, pb 0.05)
and explained an additional 11.3% of the variance in performance.
We further tested the predictive power of EntropyAvg based on
Model 3, in which the effects of complexity, integration, and centrality
were controlled. in this model, EntropyAvg together with the other
three predictive variables explained 47% of the total variance in performance. As noted above, both integration and density are metrics
designed to measure the interconnection of a concept map, although
the methods used to compute these metrics vary. Rather than using
Table 2
Hierarchical regression on performance.
Predictor

Dependent variable: problem-solving performance
Model 1
Step 1

Model 2
Step 2

Step 1

Model 3
Step 2

Step 1

Step 2

− 0.31**
− 0.43***
− 0.38***
Complexity − 0.35**
Integration
0.42***
0.47***
0.43***
0.47***
Centrality
− 0.39***
− 0.20
− 0.44***
− 0.27*
Density
0.40***
0.45***
EntropyAvg
− 0.46***
− 0.39**
− 0.32**
R2
0.216**
0.421***
0.294***
0.407***
0.398***
0.470***
Adjusted R2
0.173**
0.372***
0.255***
0.356***
0.347***
0.408***
ΔR2
0.205***
0.113**
0.072**
N = 39, *p b 0.1, **p b 0.05,

***

p b 0.01.
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density, we selected integration as one of the controlling variables.
Taking this approach allowed us to avoid the potential problem of
multicollinearity when both of these variables are included in
regression analysis. Again, EntropyAvg was signiﬁcantly correlated to
problem-solving performance, with a magnitude of − 0.32; it
explained an additional 7.2% of the variance in problem-solving
performance after controlling for the other three predictive variables.
One of our interesting ﬁndings was that the relationship between
centrality and performance became insigniﬁcant or marginally significant when EntropyAvg was added to Models 2 and 3, respectively.
EntropyAvg, which measures the uncertainty embedded in a concept
map, is somewhat similar to the metric of centrality in that both of
these metrics evaluate the hierarchical structure of concept maps.
Nevertheless, there is also a fundamental difference between these
metrics. While the centrality of a concept map emphasizes the
cohesive concepts it presents, it fails to capture the clarity of each
hierarchical layer. In contrast, EntropyAvg reﬂects the extent to which
a concept map comprises clear or ambiguous multiple hierarchical
layers. In the problem-solving context, it seems that the reduction of
uncertainty (ambiguity) in successive hierarchical layers makes an
important contribution to the discovery of effective solutions.
According to our experimental results, EntropyAvg is more effective
than centrality for the prediction of problem-solving performance,
indicating the merit of our entropy-based approach in comparison
with the network analysis-based metric.
Based on our empirical tests using three regression models, EntropyAvg is negatively correlated to individuals' problem-solving performance. This ﬁnding corresponds to our basic intuition in problem
solving. For example, the degree of information uncertainty embedded
in a concept map indicates the extent to which an individual is uncertain
how to distinguish some concepts from others. Individuals with a high
degree of information uncertainty perform comparatively poorly in
problem-solving tasks. Most prior research focuses on analyzing the
complexity and integration of a concept map, metrics which reﬂect
individuals' divergent and convergent thinking, respectively. Nevertheless, little attention is paid to the nature of problem solving, which
involves the progressive reduction of information uncertainty during
solution development. As this study shows, the shift in an individual's
thinking from divergence to convergence is reﬂected by the reduction of
information uncertainty in the perceived problem space (as represented
by the corresponding concept map). Our study sheds light on the
fundamental nature of problem solving: reducing information uncertainty by focusing on the most prominent aspects of the given problem.
From a practical perspective, we have successfully developed an
entropy-based metric that can be used to evaluate the quality of
concept maps, which reﬂect individuals' cognitive states during
problem solving. By gaining better insights into an individual's cognitive
state, it is possible to predict the individual's problem-solving
performance more accurately. Our research work ﬁlls a gap in the
existing concept map evaluation research in general and in the
application of concept mapping techniques to predict human problem-solving performance in particular.
As for the fundamental structural properties of concept maps, it
was interesting to ﬁnd that integration was positively correlated to
individuals' problem-solving performance, whereas complexity was
negatively correlated to problem-solving performance. According to
assimilation theory [2], integration (the number of cross-links)
represents the interconnectedness of a concept map and shapes an
individual's cognitive ability in “integrative reconsolidation”. Such
cognitive ability is believed to improve an individual's problemsolving performance in general [2]. In contrast, the negative
correlation found between complexity and performance in this study
needs to be interpreted with caution.
Some researchers have argued that because complexity reﬂects the
extent of an individual's divergent thinking, the more complex the
concept map is, the better the individual's problem-solving performance
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is likely to be [19]. Divergent thinking involving the recognition of a
variety of concepts may be appropriate at the initial stage of problem
solving because it helps an individual develop a better understanding of
the problem situation. However, such divergent thinking may also
increase the level of information uncertainty in the perceived problem
space. An individual's ability to ﬁnd an effective solution for a problem
does not always depend on how comprehensively the individual
understands the problem situation [2]. The more complex the individual's
knowledge structure, the less likely the individual will identify the most
important issues during the problem diagnosis stage [23]. Consequently, it
is more difﬁcult for the individual to develop an effective solution for the
given problem. Therefore, increasing the complexity of an individual's
knowledge structure may actually jeopardize his or her problem-solving
performance. As demonstrated by our study, the shift from divergent to
convergent thinking, which leads to the reduction of information
uncertainty, is crucial at the ﬁnal stage of problem solving.

5. Conclusions and future work
Based on the notion of entropy in information theory, we have
developed a novel concept map evaluation metric we call EntropyAvg.
The proposed metric can be used to measure a unique property (i.e.,
information uncertainty) which is not captured by existing concept map
evaluation metrics. The potential for using our concept map evaluation
metric to predict human problem-solving performance has been
explored. Our experimental results show that the proposed metric is
highly effective in predicting individuals' problem-solving performance,
particularly for ill-deﬁned problems such as employee recruitment. Our
research outcomes have signiﬁcant practical implications. For instance,
our metric could be applied to assess the level of innovation in a business
process according to the degree of information uncertainty embedded in
concept maps which characterize the prominent aspects of the business
process in question. As a whole, our proposed metric can be applied to
enterprise-wide knowledge management in general, especially to
enterprise-wide knowledge assessment.
We should note several limitations of our study. Firstly, the subjects
in our experiment were undergraduate students who had little
experience in human resources acquisition. As a result, their concept
maps might include a higher level of uncertainty than is usual among
human resources professionals. In future studies, we will extend our
empirical tests by inviting human resources managers to participate in
experiments. Secondly, due to the limited nature of the straightforward
problem addressed in our experiment, we will evaluate our entropybased metric across a wider range of scenarios based on both ill-deﬁned
and well-deﬁned real-world problems in the future. Finally, because it
may take time for individuals to develop cognitive processes involving a
shift from divergent thinking to convergent thinking, a more rigorous
evaluation procedure will be implemented to assess the concept maps
drawn by subjects at different stages of the problem-solving process.
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Appendix A. The problem-solving case — employee recruitment
An expanding insurance broking ﬁrm wants to recruit a customer
services assistant for its front counter. The ﬁrm has put the following
recruitment advertisement in a newspaper.

CUSTOMER SERVICES ASSISTANT
Young customer services assistant needed for front counter in a
friendly insurance broking office.
You will be the sort of person who likes a variety of challenges and a
busy day. You will find yourself handling telephone calls and
personal enquiries via our electronic terminals; advising customers
on the range of services we offer, and handling cash and checks. In
addition, you will carry out routine office administration and general
word processing duties.
We are looking for someone who is 18+, with a good educational
background in English and mathematics, and accurate typing. Full
training will be offered for our word processing application and
database systems — MS Word and MS Access. You will need to
have a pleasant, outgoing personality and be capable of working as
a member of a team whose workload can be quite hectic at times.
In return, we provide an attractive salary, an annual bonus, free life
insurance, a profit sharing pension scheme, and 20 days' annual
holidays.
The ﬁrm received three replies.
The details of each applicant were:
Amanda Chan

John Wong

Natalie Chong

Age: 18

Age: 20

Age: 19

Education:
Undergraduate

Education:
Bachelor's Degree In IT

Education:
College Graduate

Qualiﬁcations:
Grade B in Hong Kong
Certiﬁcate of Education
English Exam and
Grade C in Hong Kong
Certiﬁcate of Education
Mathematics Exam

Qualiﬁcations:
Grade E in Hong Kong
Advanced Supplementary
Level in Use Of English
and Diploma in Business
and Finance

Qualiﬁcations:
Grade B in Hong Kong
Certiﬁcate of Education
English Exam and
Grade C in Hong Kong
Certiﬁcate of Education
Mathematics Exam

Typing speed:
30 wpm

Typing speed:
60 wpm

Typing speed:
40 wpm

Hobbies:
Swimming
Carpentry

Hobbies:
Computers
Volleyball

Hobbies:
Scuba diving
Horse riding

All the three applicants were called in for an interview. During the
interviews, the owner of the ﬁrm made the following notes:
Amanda Chan: Very hesitant; never looks you straight in the eye;
dirty ﬁngernails.
John Wong: Quiet but conﬁdent; rather serious.
Natalie Chong: Very pleasant manner; smiles a lot; expensive clothes.
According to your assessment, which applicant should be offered
the job, or should the vacancy be re-advertised? Explain your reasons
in details.
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