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Abstract finement. In the concept mapping view, experts who build

gconcept maps are not simply externalizing pre-existing inter-
nal knowledge, but are also doing knowledge construction.
Thus tools to provide relevant knowledge to consider and
compare during concept mapping could facilitate not only
knowledge capture, but knowledge generation.

The Institute for Human and Machine Cognition has

Concept maps capture knowledge about the concepts an
concept relationships in a domain, using a two-dimensional
visually-based representation. Computer tools for concept
mapping empower experts to directly construct, navigate,
share, and criticize rich knowledge models. This paper de-

scribes ongoing research on augmenting concept rnappingdeveloped a set of publicly-available tools for concept

tools with systems to support the user by proactively sug- , . ) ,
gesting relevant concepts and associated resources (e.g., imMmapping, available at http://cmap.coginst.uwf.edu/. These

ages, video, and text pages) during concept map creation, Widely-used systems support generating and modifying con-

Providing such support requires efficient and effective algo- Pt ma{:); |g§!{¢ctrolnlc Ior_ml, as ‘r’]"e" as annotg_tlng concep;[j
rithms for judging concept similarity and the relevance of MapPs With additional matériai such as images, diagrams, an
prior concepts to new concept maps. We discuss key issuesVideo clips. They provide the capability to store and access

for such algorithms and present four new approaches devel- cgnc_ept maps on mulUE!e ﬁer(‘j’.eff' ;[O .qup\(/)vrt Enowfdg?
oped for assessing conceptual similarity for concepts in con- sharing across geographically-distant Sites. Ve have devel-

cept maps. Two use precomputed summaries of structural oped an initial implementation of a suggester system that au-

and correlational information to determine the relevance of tomatically extracts information from a concept map under

stored concepts to selected concepts in a new concept map’construcuon and uses that information to retrieve prior con-

and two use information about the context in which the se- CSPt Maps, associated resources, and related concepts that
lected concept appears. We close by discussing their trade-'[he uge_r can cotmp?r% alg_d posisnb:]y include in thehc?ncf:?ﬁt
offs and their relationships to research in areas such as in- map being constructed. Figure 1 Shows a screen shot of the

formation retrieval and analogical reasoning. concept mapping tools being used for knowledge modeling
about Mars, with the suggester proposing new concepts to

. link to the “space exploration” node (to fill in the not-yet-
Introduction specified concept node designated by “??22?").

Capturing expert knowledge is an essential component of  The effectiveness of a suggester system depends on ef-
the knowledge management process. Once models of ex-ficient algorithms for judging similarity and relevance of
perts’ domain knowledge are available, they can provide a stored concepts to the concepts currently under considera-
valuable resource for knowledge comparison, refinement, tion. This paper describes four approaches that we have
and reuse. However, a difficult question is how to obtain implemented and are now testing, two of which focus on
the required knowledge models. Hand-crafting is expen- determining the relevance of a prior concept to a new con-
sive; machine learning techniques may not be effective. We cept, based on summaries of structural and correlational in-
are investigating an alternative approach: developing tools formation previously generated for the concept map library,
to enable experts themselves to construct models of their and two of which directly compare the context in which the
knowledge. Our approach builds eoncept mappingNo- concept appears—its concept map—to concept maps in the
vak & Gowin 1984), in which subjects construct a two- concept map library. We compare the complexity of these
dimensional, visually-based representation of concepts and approaches, discuss pilot studies of their effectiveness, and
their relationships. Concept mapping was first proposed in the relationship of this work to previous approaches.
educational settings, to help assess students’ understanding

and to aid their knowledge-building, comparison, and re- Concept Maps for Knowledge Modeling

* This research is supported in part by NASA under award No ©ONCept mapping was designed both to enable the exam-
NCC 2-1216. ination of human conceptualizations, and to further human
Copyright © 2002, American Association for Artificial Intelli-  knowledge construction. As shown in the center of Figure 1,
gence (www.aaai.org). All rights reserved. concept maps are a two-dimensional visual representations
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Figure 1: A screen shot of the suggester proposing resources relevant to a current concept, in the context of a concept map.

containing nodes for concepts, connected with named links
expressing concept relationships (e.g., that Earth is a neigh-
bor of Jupiter). Concept maps appear similar to semantic
nets but have no fixed semantics and vocabulary—they sim-
ply make explicit any set of concepts and relationships in
any vocabulary that the expert chooses.

In electronic concept maps, nodes can be associated with
resources such as photographs and textual passages (ag
shown in the background of Figure 1), diagrams, or even
pointers to additional concept maps to define a hierarchi-
cal concept structure. The result is a rich and flexible con-
cept representation to help humans understand domains and
revise their domain knowledge. Concept mapping has re-
ceived widespread use for knowledge modeling, sharing,
and refinement by experts and novices (e.g., in the Quorum
project, involving over a thousand schools in South Amer-
ica (Canagt al. 1995)). As increasing numbers of concept
maps are captured in electronic form, they provide a grow-
ing source of data for studying human concepts, for enabling
knowledge sharing, and for helping to refine tools to support
human concept-mapping.

represent, but not in the more formal, standardized
representations assumed in much Al research. Node and
link labels may be ambiguous or inconsistent with the
names used in other concept maps. Thus determining
related concepts requires more than simple keyword
matching, and similarity assessment must be sufficiently
robust to deal with representational differences.

Efficient use of structural information: If link labels
cannot be matched reliably, matching concept map struc-
ture reduces to graph matching. Because this is expensive,
methods are needed to summarize structural information
and use those summaries to guide matching.

Exploiting contextual information: Context may be
crucial in determining the relevance of concepts with dif-
ferent labels, because the meaning of each concept in a
concept map is partially captured by its connections to
other concepts. Context may be crucial even for deter-
mining relevance of identical concepts: A rocket engine
designer who enters a node labeled “hydrogen peroxide,”
linked to concepts for fuel and propulsion, would not be
interested in retrieving a concept map on first-aid that hap-
pens to include hydrogen peroxide as well.

Facilitating representational standardization: The
usefulness of conceptual information for reasoning sys-
tems increases with standardization. To increase stan-

Some Central Issues

Developing methods for assessing concept map similarity
requires addressing issues for both cognitive science and Al:

The roles of content and structure in similarity assess-
ment: Models of conceptual similarity in concept maps
must consider both concept labels, and how the labeled
concepts are related to other concepts.

Assessing similarity and
standardized representations:

relevance for non-
Labels on concept

dardization without increasing the burden on users, meth-
ods are needed to help identify to reuse existing labels.

Methods for Computing
Relevance, Similarity, and Usefulness

We are studying techniques for assessing the relevance of

map nodes provide names for the concepts that they a new concept as a candidate “concept extension” (related
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concept to consider linking to a selected concept in a con-  Some of our algorithms compute the average of ithe
cept map), as well as to suggest relevant vocabulary items highest values of a set of values. For a set of valdiewe
for possible reuse. This section introduces and compares will use the notatiorE(n, A) to refer to the sum restricted to
four techniques for determining the relevance of a new con- then highest values ofl, divided byn. In the special case
cept to a concept under consideration. The first two rely pri- whenA is empty, the returned value is 0.

marily on precomputed global information, while the second

two use the context of the concept map in which the concept Estimating Relevance by Global Correlations

appears. We begin with definitions that will be useful for  oyr first two methods use global correlation metrics to re-
understanding the following algorithms. trieve concept maps containing concepts that tend to co-
o _— occur with concepts from the current concept map. Because
Preliminary Definitions this allows correlated keywords to match each other, it is
Concepts have different importances in concept maps, and more flexible than using keyword matching alone. Correla-
the concept map layout often provides useful information tion information is combined with the weight each keyword
for assigning concept weights. For example, a main concept has on the corresponding maps—giving risevéight-based
usually appears at the top of each concept map, specifying global correlation metrics—or with the distance between the
the main topic. In (Canas, Leake, & Maguitman 2001) we two involved keywords in each concept map—giving rise

proposed that a small set of topological dimensions can use-

fully summarize concept roles:

Authorities: Concepts to which other concepts converge.
These have the largest number of incoming links from
“hub nodes” (defined below).

Hubs(centers of activity): Concepts with the largest num-
ber of outgoing links ending authority nodes

Upper NodesConcepts that appear towards the top of the
map in its graphical representation.

Lower Nodes:Concepts that appear towards the bottom
of the concept map in its graphical representation.

Our algorithms to compute these weights are adapted from
research on determining hub and authorities nodes in a hy-
perlinked environment (Kleinberg 1999). We define four
weights,a-weight h-weight u-weightandl-weight, in [0,1],

representing the degree to which a concept belongs to the

above categories in a particular concept map. Detailed defi-
nitions are presented in (Cafas, Leake, & Maguitman 2001).

to distance-basedlobal correlation metrics. (In a concept
map the notion of distance can be naturally defined as the
minimum distance between concepts in which the keywords
appear.) Both of the above methods are global in the sense
that they assign concept importances based on global infor-
mation pre-computed from the entire concept map library.

Method 1: Using weight-based global correlations: To

computeneight-based global correlatiorigetween a source

conceptS and a target concefit, we first compute the set

WV(S,T) of weight-based correlation valuesVriting T

for Yu—weight ‘we calculate:

{ |®,-ﬂ@j|2*T(®,-ﬂ®j,i)*‘f(®,-ﬂ®j,j)
[©;%|0;|*Y(0;,8)*xY(0;,5)

Then we compute thaveight-based global correlatioas
W(S,T)=E(n,WV(S,T)), wheren = (|S| + |T|)/2.

:ieS,jeT}.

For a given concept map, these Weights can be Computed in Method 2: Using distance-based gIobaI correlations: In

O(n?) time, wheren is the number of concepts in a map.

order to computadistance-based global correlationse

They need only be computed once, when the concept map is start by definingD¢ (4, j), which states the distance between

indexed, and stored with each concept.

To describe individual concepts, our methods extract key-
words from the concept labels (“stop words” are deleted be-
fore processing), and weight the keywords in terms of these
four types of weights, using the weights of the concepts in

keywordsi andj in the concept mag'. The distance metric
D¢ (4, 7) can be naturally defined as the minimum number
of links between concepts containing those keywords, or in-
finity if 4 andj are not both inC. Consider the set of key-
wordsS andT. We begin by computing the s&fV (S, T)

which they appear. Concept maps are then compared ac-Of distance-based correlation values

cording to their weighted keywords. (In the following for-

mulas, we sometimes refer to applying set operations such as

intersection and difference to concept maps; this is a short-
hand for applying those operations to the sets of keywords
extracted from the concept maps.) Given a keyworhd
concept map librang, ©f stands for the set of concept
maps inL containing keyword:. For simplicity we assume
that L is fixed and us@®,, to denote all concept maps con-
taining keywordk. It may be useful to refer to the global
weight of a keyword in a set of concept maps©liis a set

of concept maps; is a keyword, anavis a weight function,

the global weighff* (0, k) of k in © is defined by:

10,k = > w(k,C).

ceo
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2
(19| +10;]) * Dc (i, 5)

by

CE(@{O@J‘)

:1€8,5€T

The distance-based global correlatiae then M(S,T) =
E(n, MV (S,T)), wheren = (|S| + |T|)/2.

Estimating Relevance Based on Context

When providing suggestions to a user constructing a con-
cept map, it is appealing to retrieve concepts that appear in
contexts similar to the map under construction. We have de-
veloped two methods to compare local contexts, the first of
which is asimilarity-basedapproach. It posits that the more

similar the contexts in which two concepts appear, the higher



the likely relevance of one concept to the other. The second Um(Cs,Cr) = ax*|Cs N Cr|+
is ausefulness-baseapproach that favors concepts provid- Bx M(Cs,Cr—Cs)*|Cr—Cs|—
ing additional information as the user seeks to add new con- 1*(1-=M(Cr,Cs—Cr))*|Cs—Crl.

cepts to a partial concept map. Discussion of Methods

Method 3: Using contextual similarity: To compare the Assessing the previous methods requires considering their
concept map structures in which two concepts appear, we cost and the quality of their relevance predictions.

consider the four weights obtained from topological analy-

sis to summarize the positioning of each concept, and use Cost:

that information to compare the role of ea_ch_ related concept efficient to compute. Computing the global weight for a key-
(i.-e., concept with overlapping keywords) in its own concept o4 (Method 1) is linear in the number of concept maps
map by calculating the distances between the sets of assoCi-jqved. Computing the weight-based correlation values
ated Welghts. Thus the weights obtained from_ the tqpologl- for keywordsi andj involves counting the concept maps si-
cal analysis of a concept map are used to dabpelogical multaneously containing those keywords, which can be done
similaritiesbetween two concepts belonging to two different in times fromO(|;]) to O(|©;| * |©,), depending on the

K K] J1/
concept maps. For example, two concepts that appear at theunderlying indexing scheme. Weight-based global correla-

top of their corresponding concept maps will have similar tions must be computed for each pair of keywords in source

u-weights while two concepts that play similar rolestsb 5,4 tarqet concepts, but because the number of keywords
nodedn their corresponding concept maps will have similar in concepts is usually small, this is inexpensive in prac-

h-weights Based on these intuitions we can compare two tice. Computi : :
: ; . puting distance-based global correlations (Method
mapsCs andC’r. by first computing’'S (Cs, Cr), the set of 2) requires computing minimum distances between pairs of

topological similarity valuess follows: keywords in concept maps, which is basically the shortest
path problem, and can be computedO4|E| * log|V]),
|SnT|*Z (1 - Aw(S,Cs,T,Cr)) whereV is the number of vertices (concepts in our case)
AweAW . S€Cs,TeCr andE is the number of edges (links in our case).

Methods 1 and 2, the global correlation metrics, are

[AW]*a(8,T) Method 3, the first context-based method, requires com-
puting topological similarity between each pair of concepts
where in two concept maps. In principle, this can be quite expen-
e oS, T) = (|S|+1T1)/2, sive, but these values only need to be computed for pairs of
o AW={Aa-weightAh-weightAu-weightAl-weight}, concepts that have at least a keyword in common. U_sually
and there are few such concepts in any concept map, making this
5 , inexpensive in practice. Depending on the indexing mecha-
e Aw(S,Cs,T,Cr) = (w($,Cs) —w(T,Cr))*, andw is nism used, the basic technique considering context and nov-
one of the four weights. elty (the first version of Method 4) can be implemented in
We then compute th®pological similaritypetween concept  timesO(m) to O(m = n), wherem andn are the sizes of
mapsCs and Cr, asS(Cs,Cr) = Z(n,TS(Cs,Cr)), the concept maps to be compared. The second version of
wheren = (|Cs| + |Cr|)/2. Method 4, which adds global correlations, is significantly
less efficient. Its speed of calculating global correlations is
Method 4: Using context and novelty of information: reasonable for comparing individual concepts, but not for

The concept map that is the most similar to the source map €omparing concept maps. In future research we intend to
may not be most useful for suggesting information to con- perfprm a for.mal analysis and to develop efficient approxi-
nect to a new concept. For finding new connections, useful Mations of this approach.

prior concept maps are those that both include similar con-

cepts and suggest new connections. Consequently, we areRelevance of suggestions: We performed a pilot experi-
also exploring methods that favor both commonality and the ment to evaluate whether our metrics can be exploited to

existence of new material in the stored concept map. provide better recommendations than the simple baseline
A simple usefulness measure between a source conceptmethod of counting shared keywords. In the experiment,
mapC's and a target concept m&fy can be computed by:  subjects were presented with a concept map, with one con-

cept designated as the concept to be extended, and a list of
U(Cs,Cr) = ax|CsNCr|+B*|Cr —Cs|=7*|Cs — Cr| 50psugge%tions chosen randolrjnly from the set of extensions
wherea, @ and+y are constants that adjust the balance be- containing at least one keyword in common with the con-
tween overlap and noveltyl/(need not be symmetric, soit  cept to be extended. Ten subjects, all graduate students not
is ameasurerather than a metric.) We are also investigat- involved in the project, assessed the relevance of retrieved
ing measures that consider the correlations between targetinformation on a scale of 0 to 10. Their rankings were com-
and the source keywords for more flexible matching of non- pared to the relevance scores assigned by our techniques. We
identical terms. For example, applying the distance-based then used Spearman rank correlation to compare the ranking
correlation measure from Method 2, we can compute the produced by the human subjects to the ranking produced by
usefulness measure: our algorithms.
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In our study, best results are obtained when usefulness- sumes that the most important matches involve the links,
basedcomparison measures (Method 4) are used to pre- rather than the entities that these links relate. In concept
select target concept maps and the combination of weight- maps, the representational vocabulary is nonstandardized
based comparison metric (Method 1) and distance-based and link names tend to be generic, so the most significant
comparison metric (Method 2) is used to rank suggestions. information source is usually on the concepts rather than on
In this approach, the weight-based metric measures the simi- the links.
larity between the source base concept, i.e., the concept to be
extended, and the target base concept, i.e., the concept that
is connected to potentially relevant extensions; the distance-
based metric compares the base source concept to the poten
tially relevant extension. Intuitively, weight-based metrics
between concepts tell us how similar two given concepts are,
while the distance-based metric helps to predict how suitable
is for a concept to have another new concept as a neighbor.

Our results show a correlation factor of 0.77, with a 2-
tailed significance leveb < 0.0001, between the values
obtained by the combined method and the aggregation of
the evaluations made by human subjects. Our results show
a correlation factor of 0.63, with < 0.0001, between val-

Conclusion

Concept mapping provides a means to capture and exam-
ine human concepts, as well as a tool for aiding experts and
novices at constructing and refining their own understanding
of a domain. Augmenting concept mapping tools with intel-
ligent methods for suggesting relevant concepts to compare
and consider is promising for aiding these processes and fa-
cilitating knowledge sharing. Developing these methods de-
pends on being able to efficiently and effectively assess the
relevance of concepts in prior maps to selected concepts in
the concept maps currently being constructed.
L . , The paper has identified key issues for this task and pre-
ues from the baseline “counting common keywords” and the genteq 5 set of approaches for assessing conceptual similar-
aggregate of the results returned by human subjects. ThiS ji anq relevance for concept mapping. These approaches
suggests that our methods are capturing regularities beyondy o e peen implemented in a suggester system combined
those captured by the baseline method. with the electronic concept mapping tools of the Institute
. for Human and Machine Cognition, with encouraging initial
Comparison to Related Work results that we are preparir?g to test more exte%si\?ely in a
The project described here relates to numerous research ar{arger-scale study. Based on the results of that study, we in-
eas such as knowledge modeling and sharing, concept rep-tend to refine these individual methods and investigate possi-
resentation, information retrieval, and case-based reason-pilities for combinations to exploit their individual strengths,
ing. As a knowledge modeling project, it contrasts with as well as to address additional issues such as selectively
knowledge engineering approaches that depend on hand-adjusting concept weights to reflect additional information
crafting knowledge representations, aiming to empower do- about task contexts.
main experts to directly construct, navigate, share, and criti-

cize knowledge models. This requires that the concept rep-
resentations be natural for them to construct, and sufficiently
expressive for others to understand their conceptualizations.

The representation that we have chosen, concept maps aug-

mented with supplementary resources, appears to provide
the needed information in an easy-to-use form, and a recent

study substantiates the usefulness of concept map navigation

for guiding knowledge access (Carrattal. 2001).
Keyword-based retrieval techniques are common in the
information retrieval literature (Baeza-Yates & Ribeiro-Neto
1999). Because concept maps provide additional structure,
our methods augment keyword-based methods with consid-
eration of the topological role of a keyword, inherited from
the topological role of the concept in which it appears. The

IR community has also done considerable research on meth-

ods involvingmetric clustersin which keywords are com-
pared in terms of their distance (usually defined by the num-
ber of words between them in a document, with infinite dis-
tance between keywords in different documents). Our no-
tion of distance-based global correlatiols an adaptation
of these ideas.

The comparison of structured information has been exten-
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