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Abstract. Knowledge-intensive CBR assumes that cases are enriched with 
general domain knowledge. In the system Creek, developed in our group, there 
is a strong coupling between cases and general domain knowledge, in that cases 
are embedded within a semantic network of domain concepts and relations. 
Although mostly used for decision support, this architecture is also being 
explored for the purpose of interactive learning support. The theme of the talk 
is twofold: Integration of cases and general domain knowledge within the 
knowledge-intensive CBR system Creek, and a discussion of different ways this 
framework can be used to build intelligent computer-assisted learning systems.  

1   Introduction 

 A knowledge-intensive case-based reasoning method assumes that cases, in some 
way or another, are enriched with explicit general domain knowledge [1,2]. The role 
of the general domain knowledge is to enable a CBR system to reason with semantic 
and pragmatic criteria, rather than purely syntactic ones. By making the general 
domain knowledge explicit, the case-based reasoner is able to interpret a current 
situation in a more flexible and contextual manner than if this knowledge is compiled 
into predefined similarity metrics or feature relevance weights. A knowledge-
intensive CBR method calls for powerful knowledge acquisition and modeling 
techniques, as well as machine learning methods that take advantage of the general 
knowledge represented in the system. 
 In the Creek system [3,4,5], there is a strong coupling between cases and general 
domain knowledge in that cases are submerged within a general domain model. This 
model is represented as a densely linked semantic network. Concepts are inter-related 
through multiple relation types, and each concept has many relations to other 
concepts. The network represents a model of that part of the real world which the 
system is to reason about, within which model-based reasoning methods are applied. 
From the view of case-specific knowledge, the knowledge-intensiveness of the cases 
themselves are also increased, i.e. the cases become more “knowledgeable”, since 
their features are nodes in this semantic network.  
 The focusing theme of this paper is cases as knowledge within a knowledge-
intensive CBR method, and the utilization of a knowledge-intensive CBR paradigm 



 

for intelligent tutoring. This will be made concrete by relating it to the Creek 
architecture and system.  

Fig. 1 characterizes some aspects of CBR methods along what may be called the 
knowledge-intensiveness dimension. The early nearest-neighbour-based methods are 
  

 

   Fig. 1. The knowledge-intensiveness dimension of CBR methods 

at the one end of the scale, while the Creek system is illustrated closer the other end. 
Some typical characterizations of knowledge-intensive CBR methods (right part) and 
knowledge-empty or knowledge-lean methods (left part), are listed. As indicated, the 
notion of knowledge-intensiveness is not an either/or issue. CBR systems may be 
more or less knowledge-intensive. The meaning of the term “knowledge-intensive” 
may also vary, depending on what viewpoint to the concept of knowledge that an 
author or research group has. Further, when we look at the contents of a case, what 
some people refer to as knowledge may be referred to as information by others – or 
even as data. This is not surprising, since a data structure, such as a case, can serve 
several roles in a system. In order to get a better understanding of the concept of 
knowledge, as it is interpreted in Creek, we will therefore start by clarifying what we 
see as the main distinction between knowledge, information, and data, related to the 
different roles a case may have. The next chapter defines the three terms from that 
perspective.  

2 The Creek system 

 The Creek system is an architecture for knowledge-intensive case-based problem 
solving and learning, targeted at addressing problems in open and weak-theory 
domains [2,6]. CREEK contains several modules integrated within a common 
conceptual basis: The General Domain Model (see Fig. 2). Each module represents a 
particular sub-model of knowledge. The main modules are the object-level domain 
knowledge model (real world entities and relationships), a strategy level model (for 
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example a model of diagnostic problem solving), and two reasoning meta-level 
models, one for combining case-based and other types of reasoning, and one for 
combined learning methods. Creek integrates problem solving and learning into one 
functional architecture.  
 

 

    Fig. 2. The Creek functional Architecture 

Situation-specific experiences are held in the case base of solved cases. All the 
concepts are 'glued together' into a single, interconnected knowledge model. 
Diagnosis task concepts, for example, such as "symptom" and "diagnostic-
hypothesis" (part of the diagnosis and repair strategy model), and learning task 
concepts, such as "case-indexing" and "failure-generalization" (part of the combined 
learning model), are defined within the same representation structure as general 
domain concepts like "appendicitis" and "fever", and case-related domains terms as 
"Patient#123456" and "current-radiation-dosage”.  
 A knowledge model represented in Creek is viewed as a semantic network, where 
each node and each link in the network is explicitly defined in its own frame. Each 
node in the network corresponds to a concept in the knowledge model, and each link 
corresponds to a relation between concepts. A concept may be a general definitional 
or prototypical concept, a case, or a heuristic rule, and describe knowledge of domain 
objects as well as problem solving methods and strategies. A frame represents a node 
in the network, i.e. a concept in the knowledge model.  Each concept is defined by its 
relations to other concepts, represented by the list of slots in the concept's frame 
definition. Fig. 3 illustrates the three main types of knowledge in Creek, a top-level 
ontology of generic, domain-independent concepts, the general domain knowledge, 
and the set of cases. 
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   Fig. 3:  Integrating cases and general knowledge 
 
 The case-based interpreter in Creek contains a three-step process of 1) activating 
relevant parts of the semantic network 2) generating and explaining derived 
information within the activated knowledge structure, and 3) focusing towards and 
selecting a conclusion that conforms with the goal. This activate-explain-focus cycle, 
referred to as an 'explanation engine' [3], is a general mechanism that has been 
specialized for each of the four main CBR tasks [7], although the Revise task is not a 
system’s task in Creek. (see Fig. 4).  
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   Fig. 4. The CBR process and the explanation engine 
 

 Similarity assessment is divided between the Activate and Explain steps of 
Retrieve. Activate first determines a relevant broad context for the problem, by 
spreading activation from goal concepts to relevant findings. Spreading-relations 
include general taxonomic relations, causal relations, associational relations, and 
application-specific relations. Only cases with activation strength above a certain 
threshold will be considered for further matching. The activation strength is based on 
the number of matched relations and their relevance factor, according to the following 
formula [8]: 
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CIN and CRE are the input and retrieved cases, n is the number of findings in CIN, m is 
the number of findings in CRE, fi is the ith finding in CIN, fj the jth finding in CRE, and 
sim(f1,f2) is simply given as: 
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The relevance factor is a number that combines the predictive strength (degree of 
sufficiency) and importance (degree of necessity) of a feature for a stored case. 
Following Activate, Explain will attempt to improve the match between the input case 
and the activated cases. Only unmatched findings need to be explained, since the 
strength of the directly matched findings cannot be increased. An explanation path in 
Creek is a chain of relationships, i.e., one or more concept-relation-concept triplets 
chained together. Different explanation paths are combined [16] into a matching 
strength for each activated case. The paths have convergence points,  i.e. explanatory 
concepts - such as causal concepts, for which there exists an explanation path from 
both findings. Its strength is the product of the strength of each relation leading from 
the finding to the convergence point:  
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Here, n is the number of relations. There may exist one or more parallel paths from 
each finding to each convergence point. The resulting strength is based on the general 
formula for adding contributions from n parallel elements, S1... Sn, into a total score: 

parallel strength (S1,S2,..Sn ) =1−
i=1

n

∏ (1− Si)
 

Thus, the total combined strength of all the paths leading from a finding f to a 
convergence point c, with n being the number of paths between f and c, is computed 
according to the following formula: 

total path strength( f ,c) =1−
i=1

n

∏ (1− path strength( f ,c)i)
 

The strength of one explanation path (eps) leading from a finding f1 to a finding f2 
via the convergence point c, is computed by multiplying the total path strength for 
each of the findings. The total explanation strength for the two findings (f1 and f2) 
via several convergence points is finally computed by using the parallel strength 
formula: 
 

eps( f1, f2,c) = total path strength( f1,c) ⋅ total path strength( f2,c) 

exp lanation strength( f1, f2) =1−
i=1

n

∏ (1−eps( f1, f2,ci))
 

Here n is the number of convergence points between the findings, and ci is the ith 
convergence point.  
 Focus selects the best case or rejects all of them, based on the explanatory justifi-
cation. It may adjust the ranking of the cases based on preferences or external constra-
ints. The explanatory power of the domain model is also utilized in Reuse and Retain.  
This was implemented in the former Lisp version. Research related to the current Java 
version – called TrollCreek - has focused on Retrieve, with Reuse currently in an 
early stage.  



 

The general domain knowledge is assumed to be extensive enough to provide 
sufficient support to the case-based methods, but may also provide a back-up 
capability of problem solving on its own, if no similar case is found. The general 
domain knowledge is typically built up by rather 'deep' relationships  - for example a 
combination of causal, structural, and functional relations. It contains a simple model-
based casual reasoning method, in addition to the basic inference methods of frame 
matching, constraint propagation, and plausible inheritance (see next chapter).   
    

   Fig. 5. The TrollCreek Knowledge Modeling Editor 
 
 To assist in the top-down modeling parts of the cycle described, a knowledge 
modeling editor is used (Fig. 5). A Creek system comes with a top-level ontology, 
part of which is shown in the figure, from which the higher-level parts of the domain 
model is grown. Concepts, relations, as well as cases, can be constructed and 
manipulated in flexible manners through a knowledge map interface (to the left) or a 
frame interface (right part of the figure). The knowledge representation is the topic of 
the next chapter.  
 The TrollCreek tool allows running the case matching process at any time during 
system development. To illustrate, assume that we are on an oil rig in the North Sea. 
Drilling fluid losses have been observed, and the situation turns into a problem (so-
called Lost Circulation). See the case description to the left in Fig. 6. TrollCreek 
produces first of all a list of similar cases for review of the user. Testing of Case LC 
22 suggests that Case LC 40 is the best match, with case 25 as the second best, and 
with a matching degree of 45% - as shown in Fig. 9. Examination of these cases 



 

reveals that Case LC 40 and 25 are both of the failure type Natural Fracture (an 
uncommon failure in our case base). By studying Case LC 40 and 25 the optimal 
treatment of the new problem is devised, and a new case (Case LC 22) is stored in the 
case base (right part, Fig. 6). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Fig. 6. Unsolved case (left) and the corresponding solved case (right) of Case LC 22. 

 
The user can choose to accept the delivered results, or construct a solution by 

combining several matched cases. The user may also trigger a new matching process, 
after having added (or deleted) information in the problem case. The user can also 
browse the case base, for example by asking for cases containing one specific or a 
combination of attributes. Figure 4 shows parts of the explanation of why Case LC 22 
is a problem of the type Natural Fracture. The interactive graph displays the part of 
the semantic network that was involved in the matching, either by direct or indirect 
(explained) matches. A textual explanation of an indirect match is also displayed, as 
shown to the middle right in Fig. 7. 

 
 

 



 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
     Fig. 7. Results of matching a new case (Case LC 22 unsolved) with the case base. 

3. Core inference method 

 The transition to the Java platform, from Lisp, led us to make a revision of the 
knowledge representation and basic inference methods. An earlier idea of plausible 
inheritance as an inference method for semantic networks [9] was generalized and 
made into the core model-based inference method of Creek [8]. The main principle is 
that inheritance is extended to be applicable to any pair of a relationship and a 
relation, as opposed to inheritance only along a subclass relation. A location 
relationship may be inherited along a part-of relation, for example – assuming that 
parts of things are in the same location as the thing itself. Fig 8. illustrates how an 
initial frame, “epidemic case #3”, having a local subclass relationship with “bacterial 
epidemic”, and a causal relationship with “dirty water”, inherits additional relation-
ships (the Ri set at the lower right), through as set of inheritance rules (the I set at the 
lower left). 
 



 

 

 

 

 

     

 

 

     

 

    Fig. 10. Plausible inheritance example 

4. Recent activities 

Some current activities explore this method by designing systems where model-based 
reasoning play a strong part in itself, rather than only as part of the CBR process. 
Examples are two PhD projects where one is a method for generating and evaluating 
explanations for intelligent tutoring [10], and the other a method for generating 
explanations for gene–gene relationships and dependencies in order to understand the 
development of diseases at the level of functional genomics [11]. Our research into 
knowledge-intensive case-based explanation, studies the combined use of case-
specific and general domain knowledge from the perspective of user-targeted 
explanations (the two projects just mentioned), as well from the perspective of the 
system-internal explanation methods in Creek. The transparency of the knowledge 
representation system in Creek favours studies of mutual explanation mechanism, i.e. 
explanation methods serving both purposes. This is currently studied within a PhD 
project on conversational case-based reasoning for software component reuse [12], 
although the focus here is on internal explanations within a CCBR context. Quite 
another issue is studied in a PhD research done within the EU project Ambiesense 
[13], where an agent-based architecture is developed for Creek, aimed to provide 
contextualized information to mobile users on business or tourist travels. Agent-based 
methods are also explored by others, which should lead to a generic distributed 
architecture for Creek. Cases are used to personalize the information provided. A 
thorough study of context modeling was done in an earlier research applied to the 
medical diagnosis area [14]. This work, as well as a study done in medical image 
understanding [15], also made significant contributions to the knowledge-level 
modeling approach within Creek. 
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 Additional methods for representing and reasoning with general domain 
knowledge are also being explored. In particular, the studies of Bayesian Networks 
within Creek [16] has given additional insights to the knowledge modeling and 
representation issues, as well as triggered studies on data mining methods for learning 
of general domain knowledge. Examples of smaller project that have developed 
additional demonstrators as part of MSc works, include an ANN system integrated 
into Creek [17], for face recognition, and a text mining system for extracting general 
domain ontologies from text [18].  Sometimes,  it is also  useful to  lean back and take 
a look at the more fundamental issues related to developing CBR systems and other 
AI systems, such as relating current practice to totally different development and 
modeling views, such as one suggested by an autopoietic analysis [19]. 

5. Support of human learning 

 We have been and are exploring computer-assisted learning and intelligent 
tutoring from several angles. Our first attempt was to combine the knowledge-
intensive CBR approach with a hyperlink network for student/teacher browsing of 
concepts [21], relationships and submodels. The two networks represent two views of 
the same basic data structure - a densely connected network of objects and relations. 
Hence, a platform for knowledge sharing was established, since the same data 
structure can be interpreted and utilized as semantic network knowledge for the 
system and as hypertext information for the user.  Knowledge (for example partial 
domain models) and information could therefore be shared between computer and 
users, given that the computer contains inference methods that are able to interpret the 
network structure in a similar fashion as a human user. Correspondingly, knowledge 
may also be shared between several users, e.g. teachers and students.  
 Three particular issues related to the above framework can be identified: The first 
is how a model of general knowledge can be used to focus the reuse of past 
experiences (i.e. cases) for tutoring purposes. Another issues is how a manual 
utilization of past concrete experiences can be combined with automated case-based 
reasoning and learning. The final issue is how the problem of learning in the 'system 
as a whole', i.e. combined student learning and machine learning.  These three topics 
can be viewed as three dimensions on a space of integrated methods: 
 
 • generalized knowledge / specific cases 
 • manual problem solving / automated reasoning 
 • learning in student / learning in system  
 
An initial demosystem was built, in the form of a web-based tutor for learning about 
CBR [22]. Continued work have focused on the utilization of the system’s ability to 
reason with its knowledge, through its plausible inheritance inference method 
combined with Creek’s two-step process of case retrieval. Mechanisms for knowledge 
elaboration was studied as a machine learning approach to updating the general 
domain knowledge [23]. More recent research has focused on using the system to 
communicate knowledge useful for the student’s progress in his current state of 
learning [24]. Here the TrollCreek tool is used to capture the student’s current model 



 

of a domain, upon which the system can react, se figure 11. As illustrated, the 
modeling tool interface has three parts: 

1. The main graphical model editor to the left, where the modeler can create   
    entities in the domain and connect them with relations – e.g. saying that  
    lights won’t work implies empty battery. 
2. The list of entities available in the current model (bottom right pane) 
3. In the top right pane, the description of the currently chosen entity, with  
    direct and inherited relations displayed in a table. 

 

 

    Fig. 11. The interactive knowledge editor 

The other component of the student model is the exercises solved by the student. In 
addition to keeping track of the exercises the student has actually solved (by using an 
overlay of the cases in the target model), the student model also keeps track of what 
exercises the student should be able to solve based on analogies from solved exercises 
and general domain knowledge. This information is provided by the case-base 
reasoner, which can use the student model to attempt to solve all the exercises in the 
target model. 
     Currently we are using the tool to study the student’s formation of concepts and 
relations during learning, by adopting the framework of concept maps [25, 26]. 
Essentially, we are trying to let the system learn a student’s knowledge of the domain 
– in the form of a concept map – by retrieving and adapting concept maps of other 



 

students with similar competence. A student’s competence is assessed through the 
solving of a set of test cases [27].  
       A concept map is an informal knowledge representation that allows a student to 
relate concepts in a domain in a way visually similar to what is done in semantic 
networks. Our hypothesis is that using a student’s own representation of what he or 
she knows in the form of a concept map will help us to predict the student’s 
competence on practical exercises. We are developing the CREEK-Tutor system, 
which is an intelligent tutoring system focused on assisting students in solving 
exercises in areas such as mathematics, computer programming and medical 
diagnosis were exercises are usually an important part of the learning process. In 
order to tie these exercises to the textbook knowledge and help the system in 
developing an accurate student model, CREEK-Tutor asks the student to draw 
concept maps.  
 
          

 

       Fig. 12. The tool for assembling concept maps 

      The CREEK-Tutor system is an approach to exercise tutoring that combines 
concept maps and case-based reasoning and their relative strengths in handling 
episodic and generalized knowledge. The method of the system can be summarized in 
two steps: 
Exercise Selection: 
 1. Ask student to draw concept map of a particular topic (here: Java  
     programming)  



 

 2. Find similar concept maps drawn by other (previous or prototypical) students. 
 3. Predict the difficulty of exercises based on performance of students found to 
     have similar concept maps. 
 4. Suggest an exercise of appropriate difficulty level. 
 5. Justify exercise selection by showing which part of the concept map it  
           addresses. 
Exercise Solution Support: 
 1. If student asks for help, look at current state of problem solving. 
 2. Match current state of problem solving to reasoning traces performed by  
     previous or prototypical students solving same exercise 
 3. Suggest next step in reasoning trace 
 4. Justify reasoning step by displaying the part of matched student’s concept map  
     relevant for this reasoning step. 
 
The environment for building concept maps is illustrated in Fig. 12. Students pick 
concepts and relations from the menus at the right, and compose the relationships – as 
they understand them – in the graphical editor to the left. Initial experiments indicate 
that a student’s concept map can be used to predict his skill in solving exercises. 

6. Conclusion 

 The paper has described the knowledge-intensive CBR approach that is at the core 
of the Creek framework, architecture, and system. The architecture and system has 
been used to develop a series of experimental decision-support systems over the 
years. A current focus is to study its potential for computer-assisted learning tasks. 
The notion of concept maps provides a promising bridge between a student’s model 
and the system’s model of the student’s understanding of a domain, as captured in a 
semantic network supplied with cases.  
 The current and future directions of research focus more strongly on experimental 
evaluation of the various methods of Creek, including the tutoring methods. Of 
special interest currently, are experimentations related to the combined explanatory 
power of general domain knowledge and cases [28]. This includes a more thorough 
studies of the representation and basic inferencing methods. A challenge in computer-
assisted learning research that we want to address in the future is to integrate learning 
assistance into daily decision-support assistance, i.e. towards assistance for 
continuous on-the-job training. Our hypothesis is that he potential for the combination 
of concept maps and cases also is high for that type of assistance. 
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