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Abstract. In this paper we propose that the Case Based Reasoning (CBR) paradigm offers an 
interesting alternative to developing adaptive hypermedia systems, such that the inherent analogy-
based reasoning strategy can inductively yield a ‘representative’ user model and the case 
adaptation techniques can be used for dynamic adaptive personalization of generic hypermedia-
based information content. User modeling is achieved by applying an ontology-guided CBR 
retrieval technique to collect a set of similar past cases which are used to form a global user-
model. Adaptive personalization is accomplished by a novel compositional adaptation technique 
that dynamically authors a personalized hypermedia document—a composite of multiple fine-
grained information ‘snippets’—by selectively collecting the most relevant information items from 
past matched cases (i.e. not the entire past solution) and systematically amalgamated them to 
realize a component-based personalized hypermedia document. We present a Personalized Health 
Information Generation and Delivery System that leverages case based reasoning techniques to 
dynamically author a Personalized Health Information Prescription based on an individual’s 
current health profile.  

1.   Introduction 

Web-mediated information portals routinely suffer from their inability to satisfy the heterogeneous needs of a 
broad base of information seekers. For instance, web-based education systems present the same static learning 
content to learners regardless of their individual knowledge of the subject; health information portals deliver the 
same generic medical information to consumers with different health profiles; and web e-stores offer the same 
selection of items to customers with different preferences and needs. The underlying approach adhered by most 
web-portals is that ‘one-size-fits-all’, which in a realistic setting is not necessarily the case—on the contrary 
individuals have heterogeneous needs and preferences, which even change with time and location.  

A solution to this overly-simplified approach for ‘generic’ information delivery is the development of 
adaptive hypermedia systems—web-based systems that belong to the class of user-adaptive software systems—
that have the ability to adapt their behavior to the goals, tasks, interests and needs of individual users and group 
of users [1]. Put simply, adaptive systems develop a user model, using a combination of explicit questioning and 
implicit observation techniques, that is used for dynamically adapting generic information to personalized 
information in line with the user’s need and interest profile [2]. Hence, an adaptive hypermedia system involves 
two distinct activities: (a) development of a user model and (b) adaptation of static generic information content 
to user-specific personalized content [3]. Adaptive personalization technology involves a multitude of intelligent 
techniques for user modeling and content adaptation [4, 5]. 

In this paper we argue that the Case Based Reasoning (CBR) paradigm [6, 7] offers an interesting alternative 
to developing adaptive hypermedia systems [8], such that the inherent analogy-based reasoning strategy can 
inductively yield a ‘representative’ user model and the case adaptation techniques can be used for dynamic 
adaptive personalization of generic hypermedia-based information content. User modeling is achieved by 
applying an ontology-guided CBR retrieval technique to collect a set of similar past cases which are used to 
form a global user-model. Adaptive personalization is accomplished by a novel compositional adaptation 
technique that dynamically authors a personalized hypermedia document—a composite of multiple fine-grained 
information ‘snippets’—by selectively collecting the most relevant information items from past matched cases 
(i.e. not the entire past solution) and systematically amalgamated them to realize a component-based 
personalized hypermedia document.  

Based on the above ideas, this paper features a CBR-mediated approach for developing adaptive hypermedia 
systems. For concept explication purposes, we have chosen the healthcare sector and present an adaptive 
hypermedia system designed to dynamically author personalized healthcare information hypermedia content 
based on an individual’s current health status/profile. The choice of the application domain is driven by the need 
for information personalization in the healthcare sector [9, 10, 11, 12], as personalized and adaptive health 



maintenance information is deemed to have a significant impact in ensuring wellness maintenance both at the 
individual and community level. 

The forthcoming discussion will provide a technical overview of CBR-based user modeling and adaptive 
personalization vis-à-vis our compositional case adaptation strategy. A detailed description of operational and 
evaluation issues pertaining to the implemented adaptive hypermedia system is beyond the scope of this paper. 

2. CBR-Mediated Adaptive Personalization: Problem Specification & Solution Strategy 

Adaptive personalization of generic healthcare information, as per an individual’s ‘local’ user model provides 
an interesting opportunity to apply CBR [8], in particular the application of case adaptation techniques [13]. 
Our CBR-mediated adaptive hypermedia system development approach builds on a corpus of past cases 
specified by medical practitioners. Each case depicts a situation-action construct, such that (a) the situation 
component defines the local user-model—i.e. an individual’s Health Profile (HP)—in terms of attribute-value 
pairs (ideally originating from the individual’s medical record); and (b) the action component comprises a 
corresponding Personalized Healthcare Information Prescription (PHIP) that is composed of a number of fine-
grain, Problem-focused (hypermedia) Document (PD). Each PD is designed to contain health maintenance 
information pertaining to a specific medical problem. Note that the PHIP is a composite of multiple PDs, 
whereby each constituent PD is prescribed by a medical practitioner in response to some facet (i.e. an attribute-
value) of an individual’s HP.  

2.1. Problem Specification 

We argue that one limitation of traditional CBR approaches is that the recommended solution/action to a new 
problem-situation—i.e. a case—is taken as the entire solution of the matched past case. This approach works 
well for many applications which require coarse-grain, estimated solutions. However, in a healthcare 
information delivery context where information accuracy is paramount it would be rather naive to assume that 
heterogeneous individuals may have a similar HP or user model! Notwithstanding the possibility that a set of 
features may be common between two (or more) individuals thereby satisfying some coarse-grain CBR 
similarity criteria, yet there may certainly exist some features that are idiosyncratic to an individual. Hence, the 
entire PHIP associated with matched past cases (i.e. existing user-profiles) can not be accurately regarded as the 
inferred solution to a new user-model.  

In this scenario, adaptive personalization is characterized as the problem of selective collection of only the 
relevant information ‘snippets’ from the multiple matched past PHIPs, as opposed to selecting the entire PHIP 
(which may potentially contain irrelevant or damaging information for a particular individual). We believe that a 
component-based information representation and compilation strategy will ensure that the healthcare content 
disseminated to an individual is specifically selected and is focused towards an individual’s prevailing 
healthcare needs, akin to the kind of personalized service one enjoys from a visit to a medical practitioner [9]. 
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Figure 1: An illustration of different case structures. Case structures (a) and (b) are quite typical, however we have 
devised a composite structure (c) that links the solution components to the problem features. 



2.2. Compositional Adaptation Strategy 

The above-mentioned problem specification implies that the solution component of a case cannot be 
structured as a single information unit. Rather the solution component need to be designed as a ‘composite’ of 
multiple sub-solutions, where each sub-solution addresses a particular feature of the problem (Figure 1 shows 
the possible and proposed case representation schemes). 

In the realm of CBR, we have devised a case adaptation strategy—based on the notions of compositional 
adaptation [14]—that is applicable to the adaptation of a specialized class of cases, whereby the case solution is 
a composite of individual sub-solutions; each sub-solution is associated with a problem-defining attribute of a 
case as shown in Figure 1 (c). Solution adaptation is achieved via similarity-guided selection of multiple 
‘relevant’ sub-solutions from a number of parent cases. 

Our compositional adaptation strategy is quite applicable to the problem of dynamic adaptive personalization 
of hypermedia documents as it allows the tailoring of a personalized document via user-profile driven selection  
of ‘generic’ information snippets (analogous to sub-solutions) from an ensemble of past-compiled hypermedia 
documents. The systematic amalgamation of ‘relevant’ information snippets yields a unified personalized 
document corresponding to a particular user-model. Figure 2 shows our CBR-mediated compositional 
adaptation strategy for adaptive hypermedia personalization. 

The rationale for our approach is grounded in the principle that since inter-case similarity is determined at an 
attribute-level, therefore fine-grained solution adaptation should also be conducted at the attribute-level. By 
adapting the attribute-specific sub-solutions based on the attribute’s similarity measure we ensure that the best 
matching attribute values impact the most on a selected a segment of the solution—i.e. the sub-solution 
component associated with the attribute—as opposed to impacting the entire solution component [14]. In this 
way we are able to generate a solution that contains components that reflect the best features—i.e. most relevant 
information—of similar past solutions. 
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Figure 2: A pictorial illustration of our CBR-Mediated compositional adaptation based strategy for generating adaptive 
personalized hypermedia documents. 

3. CBR-Mediated Adaptive Personalization of Hypermedia Documents: An Algorithm 

In this section we will discuss, at an algorithmic level, our overall strategy for performing adaptive 
personalization of hypermedia documents. We will continue with the exemplar application of generating a 
personalized health information package based on a specific user-model (i.e. an individual’s HP). The below 
discussion identifies the sequence of operations in CBR-mediated personalization of generic information. 

3.1 Case Representation Scheme 

In the context of adaptive systems, the HP depicts a ‘local’ user-model. In a CBR context, the HP serves as 
the problem description and is defined in terms of a list of health specific attributes as shown in Table 1. The 
first five attributes of the HP—i.e. AD, SI, S, D, A—are regarded as the medical attributes as they describe 
medically-relevant facts. Whereas the last two attributes of the HP—i.e. DD and LD—are deemed as 
description attributes as they contain values that describe an individual, for instance age, gender etc (shown in 



Table 1). The HP contains multi-valued attributes, where the domain of attribute-values is determined from 
standard medical resources. For instance, the values of the attribute AD is derived from the International Code 
of Diseases (ICD-10) that suggests a taxonomic classification of diseases (as shown in Table 2). 

Table 1. An exemplar HP illustrating the 7 HP information groups and HP values. 

CORE ATTRIBUTES DESCRIPTION ATTRIBUTES 

Acute 
Disease 

(AD) 

Short-Term 
Illness 

(SI) 

Current 
Symptoms 

(S) 

Current 
Drugs 

(D) 

Allerg-
ies 
(A) 

Demographic 
Data 
(DD) 

Lifestyle Data 
(LD) 

Diabetes-
Mellitus 

Hypertension 

Fever High Temp. 

Cough 

Breathlessness 

Panadol 

Bendryl 

Allergic 
Rhinitis 

Age : 56 y 

Sex : Male 

Edu.: High 

Fitness: Normal 

Diet : Healthy 

Smoking: Yes 

Table 2. The representation scheme for the classification of the HP attribute-values for the attribute Acute Disease (AD) 

Acute Disease (AD) 
Super-Class 

AD Sub-Class AD Name AD 
Code 

Paratyphoid Fever A (001) 1-1-001 
Paratyphoid Fever B (002) 1-1-002 
Paratyphoid Fever C (003) 1-1-003 

… … 

Intestinal Infectious 
Diseases  

(1) 

Typhoid Fever (020) 1-1-020 
Spirillary Fever (021) 1-2-021 

Streptobacillary Fever (022) 1-2-022 
… … 

Zoonotic Bacterial 
Diseases  

(2) 
Unspecified Rat-Bite Fever (029) 1-2-029 

INFECTIOUS AND 
PARASITIC DISEASES 

(1) 

….. … … 
Acute Rheumatic Pericarditis (001) 2-1-001 

… … 
Acute Rheumatic Fever 

(1) 
Acute Rheumatic Heart Disease (009) 2-1-009 

DISEASES OF THE 
CIRCULATORY 

SYSTEM (2) 
….. … … 

 

In a CBR-context, the PHIP is deemed as the solution component of a case. Structurally, the PHIP is a 
composite of multiple PDs. Conceptually, each HP attribute is related to at least one PD in the solution 
component. The logical structure of the PHIP is similar to that of the HP; it comprises of five information 
groups, where each information group contains information corresponding to a core attribute in the current HP.  

3.1   User-Modeling: Case Retrieval Procedure 

In a CBR context, user modeling involves the generation of a global user-model derived based on the 
similarity between the local user-model (i.e. the HP) and a set of past user-models. Given a local user-model, we 
retrieve a set of similar past user-models based on similarity measures—referred as Total Weighted Distance 
(TWD). In principle, the value of the TWD is derived as the sum of the individual Total Distance (TD) between 
the corresponding attributes in the current and past user-models. The set of past user-models, retrieved based on 
the local user-model, are modified to realize an individual’s global user-model that is relative to existing user-
models. This process is akin to the case retrieval process in the CBR formalism. To illustrate our case retrieval 
strategy we present Table 3 that shows an exemplar current HP and a set of past cases available in the case-base. 
For illustration purposes we will focus on a single HP attribute, namely Acute Disease (AD). In Table 3, the HP 
section shows that the AD attribute has 3 values (given in uppercase) encoded according to the scheme 
presented in Table 2—each HP attribute-value code is derived as a combination of the class-code, sub-class-
code and the element-code. The disease code 1-1-002 corresponds to Paratyphoid Fever B (see Table 2). In 
response to the given HP the case retrieval mechanism retrieves four past cases. Table 3 illustrates the attribute-
values (given in lower case) of existing past cases.   



Table 3. An exemplar current HP shown in the shaded area and past cases (4 in total) in the case-base.  

 Cases Acute Disease Short-Term 
Illness 

Current 
Symptom 

Current 
Drugs 

Allergies  
C

ur
re

nt
 

C
as

e 

HP 
AD1 = 1-1-0021 
AD2 = 1-3-0352 
AD3 = 2-1-0043 

SIN 
 

S1 
S2 
SN 

D1 
DN 

 

A1 
AN 

PC1 

ad1 = 1-1-0021 
ad2 = 1-3-0352 
ad3 = 2-1-0043 

si1 
sim 

 

s1 
s2 
sm 

dm 

 
 

a1 
am 

PC2 

ad1 = 1-2-0211 
ad2 = 2-1-0032 
ad3 = 1-1-0023 

sim 
 

s1 
s2 
sm 

D1 
dm 

 

a1 
am 

PC3 

ad1 = 1-1-0201 
ad2 = 1-3-0352 
ad3 = 2-1-0043 

---- ---- ---- ---- 

Pa
st

 C
as

es
 (P

C
) 

PCtotal 
total = 

4 

ad1 = 3-1-0021 
ad2 = 3-1-0042 

    

 

A domain-specific similarity matrix (as shown in Table 4) is used to determine the attribute-level Degree of 
Similarity (DS)—the DS spans from perfect match to close match to weak match and no match—between the 
current and past HP attribute-values belonging to the same attribute. For instance, the attribute values 1-2-2001 
and 1-2-2002 will result in a DS of ‘close match’ as the class and sub-class codes match, whereas the DS 
between the attribute values 1-2-2001 and 1-3-3004 is a ‘weak match’ because only the class code is similar.  

Table 4. Similarity Matrix used to determine DS between the current HP and past HP attribute values. 

Degree of Similarity (DS) Class Code Sub-Class Code Element Code Numeric Value 
Perfect Match √ √ √ 1 
Close Match √ √ × 75 
Weak Match √ × × 25 

No Match × × × 100 
 

We trace below the steps involved in the calculation of TWD between a current HP and a set of past HPs, 
leading to the retrieval of similar past cases.  

Step 1 : Determine attribute-level Distance 

The idea is to establish equivalence between the current HP and a past case’s HP at the attribute level. We 
calculate the DS between each current HP attribute-value with respect to corresponding attribute-value(s) in 
each past case’s HP. Since each HP attribute can have multiple values, we need to individually determine the 
DS for each current HP attribute-value. The pseudo code for performing the same is given below; for illustration 
purposes we consider matching the values for the current HP attribute of ‘AD’ with the corresponding retrieved 
past case attribute of ‘adx’. 

For P = 1 to PC
total

 {total is the no. of past cases} 

 For J = 1 to AD
N  
{N is the number of AD values in current HP} 

 For K = 1 to ad
m 
{m is the no.of ad values in a past HP} 

compare each AD
J
 with all ad

K
 in PC

P
 using the similarity matrix 

given in table 5such that  

   DS[AD
J
, ad

K

p] = similarity_matrix(AD
J
, ad

K

p ) 

Step 2 : Find the best matching attribute-value in the past HP 

For each current HP attribute-value, we proceed to find the best matching attribute-value(s) in the past cases 
based on the value of DS(ADx , ady). ADx is deemed to best match ady if it has the least DS as compared to all 
other ad values in the same past case. Hence, we select the DS(ADx,ady) that has the minimum value. This is 
achieved by determining the Distance (D) as shown in the pseudo code below:  



For P = 1 to PC
total 

 For J = 1 to AD
N 

 For K = 1 to ad
m 

     ]),[min( P
KJ

ad
AD adADDSD

P
K

J
=

where  implies that AD
P
K

J

ad
ADD J best matches with the attribute-value adK in the past case P, and the variable D 

holds the distance measure between ADI and adK which would be the minimum for all ad values in the past case 

P. Note that we individually calculate for all the past cases. Using the current HP 3and the set of past 
cases given in Table 3, we present a trace of the calculation of DS as shown in Table 5.  

P
K

J

ad
ADD

Table 5. An exemplar trace of the calculation of DS for the current HP and the set of past cases. The minimum DS value for 
each AD against the ad attributes is indicated in bold typeface in the shaded cell. The adk values given in bold are deemed to 

best match the corresponding ADJ. The legend (AD1  ad1) implies that the attribute value AD1 matches with value ad1. 

P J K DS[ADJ ,adP
K] P J K DS[ADJ ,adP

K] 
1 1 (AD1  ad1) 1 25  (AD1  ad1) 
2 75 2 75 1 
3 100 

1 
3 100 

1 75 1 75 
2 1 (AD2  ad2) 2 1  (AD2  ad2) 2 
3 100 

2 
3 100 

1 100 1 100 
2 100 2 100 

1 

3 
3 1 (AD3  ad3) 

3 

3 
3 1  (AD3  ad3) 

1 75 1 100 
2 100 2 100 1 
3 1  (AD1  ad3) 

1 
  

1 75  (AD2  ad1) 1 100 
2 100 2 100 2 
3 100 

2 
  

1 100 1 100 
2 25  (AD3  ad2) 2 100 

2 

3 
3 100 

4 

3 
  

Table 6. Calculation of TD for the current HP attribute of AD (considering the shaded cells in Table 5). 

 AD1 AD2 AD3  
Past 
Case 

Matches 
With 

DS Matches 
With 

DS Matches 
With 

DS TDAD  

(N = 3) 
PC1 ad1 1 ad2 1 ad3 1 1.00 
PC2 ad3 1 ad1 75 ad2 25 33.67 
PC3 ad1 25 ad2 1 ad3 1 9.00 
PC4 -- 100 -- 100 -- 100 100.00 

Step 3 : Calculate the Total Distance for each current HP attribute 

For each current HP attribute, we calculate its distance with the corresponding attribute in a specific past 
case. Since each attribute can have multiple values, the TD is derived via an average of the individual matching 
D’s associated with the multiple attribute-values. Note that a DAD value of 100 refers to a non-match and hence 
it will not included in the calculation of the TD. We calculate a separate TD for each current HP attribute for all 
past cases as follows: 

For P = 1 to PC
total 

  NDTD
N

K

ad
AD

P
AD

P

K
/

1
∑
=

=

where TD  refers to the total distance of the current HP attribute of AD with the same attribute in the past case P, and 
N is the number of non-zero DAD. Note that the same procedure is applied to calculate the TD for the other four 
attributes in the current HP, given as TDSI, TDS, TDD and TDA. In Table 6, we illustrate the calculation of TD 
for the current HP attribute of AD as per the procedure mentioned above.  

P
AD



Step 4 : Calculate the Total Weighted Distance for each past case 

We use the individual TD values for all the current HP attributes with respect to a specific past case to 
calculate the TWD between the entire current HP and the HP component of a specific past case. Recall, that 
earlier we were calculating distances at a attribute level but now we calculate distance at the case-level. The 
case-level distance is weighted—i.e. the user can modulate the influence of each attribute in the determining the 
similarity between the current and past HPs. The pseudo code to calculate the TWD between the current HP and 
a specific case P is given as follows: 

For P = 1 to PC
total 

2/1

2
*****1

TTTWD

WWWWWT
WTDWTDWTDWTDWTDT

P
ADSSIAD

A
P
AD

P
DS

P
SSI

P
SIAD

P
AD

=

++++=
++++=

 

where TWDP is the weighted distance between the current HP and the past case P. Using the TD values 
calculated for the attribute AD (as shown in Table 6), in Table 7 below we illustrate the calculation of the TWD 
of the current HP with the HP component of the four past cases given in Table 3. Since we have performed 
calculations for the AD attribute only, we give hypothetical TD values in Table 7 for the remaining HP 
attributes to facilitate the calculation of TWD for each past case. 

Step 5: Retrieve similar past cases to form global user model 

Finally, we retrieve all past cases that have a TWD less than a pre-defined threshold. In Table 8 below, for 
illustration purposes we have set the threshold to 55 and we apply the same threshold over the TWD values 
calculated earlier to retrieve past cases. It may be noted that PC1, PC3 and PC2 have TWD less than the threshold 
and hence are retrieved, whereas PC4 with a TWD of 100 is not retrieved.  

Table 7. Calculation of the TWD of the current HP with the HP component of the past cases. It may be seen that past cases 
1, 2, and 3 have a TWD below the threshold and hence are retrieved, whereas past case 4 is not retrieved.  

Past Case TDAD TDSI TDS TDD TDA TWD Case Retrieved 
(TWD < 55) 

PC1 1.00 50 50 50 50 40.20 √ 
PC2 33.67 50 50 50 50 46.73 √ 
PC3 9.00 50 50 50 50 41.80 √ 
PC4 100.00 50 50 50 50 60.00 × 

3.3   Adaptive Personalization Via Compositional Adaptation 

The outcome of the user modeling stage is the generation of a global user-model in terms of a set of past 
user-models (i.e. past cases) that have a high degree of similarity with the current user-model. From Table 7, it 
can be concluded that the global user-model is based on PC1, PC2 and PC3. 

Next, in the adaptive personalization stage (also regarded as the solution generation stage in a CBR context), 
we proceed to personalize the solution component of the retrieved past cases to generate an individual-specific 
PHIP. As per our compositional adaptation approach, for each current HP’s attribute-value we select the most 
relevant past sub-solution (given in terms of a specific PD) from the entire solution of the retrieved past cases. 
The sequence is as follows: (i) Each attribute-value of the current HP is mapped to a set of matching attribute-
values in the retrieved past cases; (ii) the PD associated with the matching past case’s attribute value is selected; 
and (iii) the set of selected PDs are systematically amalgamated to yield the most representative PHIP. We 
explain below our compositional adaptation technique. For explication purposes we will continue to use the AD 
attribute of the HP, however the same method is applied to all the remaining attributes of the current HP. 

Step 1: Calculate the Relative Distance of each matched current HP attribute-value 

We determine the Relative Distance (RD) of each current HP attribute-value with respect the attribute-level 
distance (calculated earlier as D) and case-level distance (calculated earlier as TWD) for each retrieved past 
case. We believe that only the inter-element distance between the current HP and the retrieved past case cannot 
determine the suitability of the associated PD, rather both the attribute-level and the case-level distance 
measures need to be jointly taken into account. Therefore, we calculate and use the RD (as opposed to the 
absolute D calculated earlier) as follows: 



For P = 1 to PC
retrieved 

 

 For K = 1 to N {N = total no. of matched AD values} 

       )/()( TWDFieldTWD
P

Field
ad
AD

ad
AD WWWTWDWDRD

P
x

K

P
x

K
+∗+∗=

where is the relative distance between the current HP attribute-value ADK and the corresponding 
attribute-value adx in the retrieved past case P (shown in Table 8). Here, we introduce two user-specified 
weights WAttribute and WTWD to impact the influence of attribute-level and case-level similarity, respectively. 
Both WAttribute and WTWD are inversely proportional to each other. The sum of WAttribute and WTWD equals 1 and is 
set to 0.3 and 0.7, respectively. This implies that we emphasize case-level similarity when performing 
compositional adaptation on the retrieved past solutions to derive the new solution.  

P
x

K

ad
ADRD

Table 8. Calculation of RD of each AD attribute-value with the corresponding attribute-values in the three retrieved cases. 
Next, the calculation of the NRD for each PD associated with a matching ad value. Since each ad attribute value is 

associated with a PD, we show the ad attribute-value so as to identify the associated PD which will have the same index 
number as the corresponding ad attribute-value. 

K P TWDP 
P
xad  

P
x

K

ad
ADD
 

P
x

K

ad
ADRD  

 
ADK Temp NRDP

ADK 

1 1-1-002 1 28.44  0.38 
2 1-1-002 1 33.01  0.33 1 

3 
40.20 

1-1-020 25 36.76  
1 0.092 

0.29 
1 1-3-035 1 28.44  0.40 
2 1-2-021 75 55.21  0.21 2 

3 
46.73 

1-3-035 1 29.56  
2 0.086 

0.39 
1 2-1-004 1 28.44  0.38 
2 2-1-003 25 40.21  0.26 3 

3 
41.80 

2-1-004 1 29.56  
3 0.092 

0.36 

Step 2 : Calculate the Normalized Relative Distance of current HP attribute-values 

To acquire a uniform range of RD’s over the entire set of current-HP attribute values we normalize the RD 
values in the range of 0 – 1. This is achieved by calculating the Normalized Relative Distance (NRD) of a 
specific current HP attribute-value (say AD) over the entire set of retrieved past cases (i.e. PCretrieved) as follows:  
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Next, the NRD for the attribute-value AD for a retrieved past case P is calculated as:  
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where  is the normalized relative distance between the current HP attribute-value ADK and the 
attribute-value adx in the past case P, as shown in Table 8.  
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Step 3 : Determine the appropriateness of available solution components 

Since each current HP attribute-value can match with one or more past case attribute-value, there exist the 
possibility that a current HP attribute-value can be associated with multiple PDs. We select the most appropriate 
PDs (from the set of collected PDs) for each current HP attribute-value. This is achieved by determining the 
Appropriateness Factor (AF) of all the available PDs via the aggregation of their NRD over the entire set of 
retrieved cases in the following manner: 

For I = 1 to AD
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where is the appropriateness factor for the PD associated with the attribute-value adx in the past case 
P with respect to the current HP attribute-value of ADI.  
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Next, we compare the AF for each PD against a pre-defined threshold; if the AF of a PD exceeds the 
threshold then it is included in the final solution. Table 9 shows the calculation of the AF for the available PDs 
(as shown in Table 8) and the selection of the most ‘appropriate’ PDs.  

The Final Output:  A Personalized Hypermedia Document Comprising Multiple Sub-Documents 

In Table 9, it may be noted that at the conclusion of the final calculations of AF for each candidate PD, we 
have a set of 6 distinct PDs (9 in total). For attribute AD1, we have two distinct candidate PDs: PD 1-1-002 from 
two past cases—i.e. PC1 and PC2; and PD 1-1-020 from PC3. Since, PD 1-1-002 is recommended by two past 
cases it has a stronger case for being included in the final solution, as is reflected by its AF value. The same 
applies for the PDs selected for the other AD values. In this way, our compositional adaptation strategy favors 
those PDs that are part of multiple past solutions which intuitively makes sense.  

Table 9. Selection of the most appropriate PDs based on their AF values, such that the selection criteria is AFPD > 0.35. The 
selected PDs represent the final solution component—i.e. a PHIP specific to the current HP. 

ADN adP
   PDP

 NRD AFPD Selected PDs as the FINAL SOLUTION 
ad1 = 1-1-002 
ad2 = 1-1-002 

0.38 
0.33 0.71 √ 

(1-1-002) AD1 

(1-1-002) ad3 = 1-1-020 0.29 0.28 × 
ad1 = 1-3-035 
ad3 = 1-3-035 

0.40 
0.39 0.79 √ 

(1-3-035) AD2 

(1-3-035) ad2 = 1-2-021 0.21 0.21 × 
ad1 = 2-1-004 
ad3 = 2-1-004 

0.38 
0.36 0.74 √ 

(2-1-004) AD3 
(2-1-004) ad2 = 2-1-003 0.26 0.26 × 

The adaptive personalization of the final solution is evident in the composition of the final PHIP which  
comprises three PDs, one each for AD1, AD2 and AD3. More interestingly, the selected PDs originate not 
necessarily from just one past case, rather they are collected over the entire set of retrieved cases on a attribute-
level similarity basis. For instance, the solution for AD1 is collected from past cases 1 and 2, whereas the 
solution for AD2 is collected from past cases 1 and 3. This is in accordance with our compositional adaptation 
approach that posits the collection of the most appropriate sub-solutions from all the retrieved past cases as 
opposed to the selection of the entire solution of the most similar past case.  

4.   A Personalized Health Information Generation and Delivery System 
We have implemented an intelligent info-structure that incorporates the above-mentioned compositional 

adaptation based adaptive hypermedia development technique for the generation of personalized healthcare 
information (as shown in Figure 3).  

EMR
DB-1

EMR
DB-2

EMR
DB-3

I
N
T
E
R
N
E
T

HP
Agent

XML

DBRec-
ords

Health Profile Generation Module

H
ea

lth
 P

ro
fil

e
G

en
er

at
io

n 
La

ye
r

C
as

e 
B

as
e

R
ea

so
ni

ng
 L

ay
er

Case Base Reasoning Engine

Select HP-
Specific

Information
from EMR

Compose
HP

HP

CBR System Manager HP

Case
Base

Case
Retrieval

HP
HPPast

Cases
Case

Adaptation
HPSelected

HIDs

Case Retrieval and
Case Adaptation

Configuration

Case Base
Maintenance

HID
Repository

PH
IP

 C
om

po
si

tio
n

an
d 

D
el

iv
er

y 
La

ye
r

PHIP
Template

Synthesize
Multiple

HIDs

PHIP Composition Module

PHIP

PHIP Delivery Module

Automated Push Based
PHIP Delivery

Pull based PHIP
Delivery

I
N
T
E
R
N
E
T

 
Figure 3. The functional architecture of our Personalized Healthcare Information Generation and 

Dissemination System (PHIGDS)  



5.   Concluding Remarks 

When considering the design of a hypermedia system for supporting the customized information needs of 
individuals, the use of adaptive hypermedia appears as an interesting paradigm for tailoring generic information 
to personalized information in line with the user’s needs and interests. Central to any hypermedia system is a 
user model derived using a number of techniques. We have demonstrated that CBR provides an interesting 
alternative to developing user models, in which the user model is adaptively derived based on a corpus of 
existing user models; and the adaptive hypermedia development aspect corresponds well with CBR’s analogy-
based solution generation.  

In this paper, we have presented an interesting compositional adaptation technique that is applied to problem 
of adaptive hypermedia design in the healthcare domain. We conclude that our compositional adaptation 
approach is well-suited personalized hypermedia document generation, whereby the hypermedia document is a 
composite of multiple fine-grained information ‘snippets’. In this scenario, we design a personalized 
hypermedia document by selecting the most appropriate sub-solutions (or information snippets) from all the 
retrieved past cases. From our experiments, we have determined that (a) the higher the frequency of occurrence 
of a particular sub-solution across the various retrieved past cases, the higher its appropriateness towards the 
current solution; and (b) the appropriateness of a particular sub-solution is more accurately determined by taking 
into account both its individual appropriateness factor (vis-à-vis some problem defining attribute) and the 
similarity measure of the entire past case with the current problem description. 

Finally, we believe that the said compositional adaptation mediated personalization approach can be used for 
a variety of applications such as education material personalization based on academic performance, stock 
market reporting and advice based on user-specific portfolio, tourist information based on user-specific criterion 
and so on; with the only constraint being the availability of a large volume of past cases. The work presented 
here is a successful ‘proof of concept’ and a trial version of our Personalised Health Information Generation 
and Delivery System is currently deployed for use by a small set of users. The quality of personalization and the 
impact of the personalized hypermedia document are open questions, which will be addressed at the next stage. 

References 
[1] Brusilovsky, P., Kobsa, A. and Vassileva, J. (Eds): Adaptive Hypertext and Hypertext, Kluwer Academic Publishers, 

Dordrecht, 1998. 
[2] Ardissono, L. and Torasso, P.: Dynamic user modeling in a web store shell. In Proc. 17th Intl. Joint Conf. On Artificial 

Intelligence, Seattle, 2001, pp. 1109-1114. 
[3] Brusilovsky, P., Stock, O. and Strapparava, C. (Eds): Adaptive Hypertext and Adaptive Web-based Systems. Lecture 

Notes in Computer Science, 1892, Springer Verlag, Berlin, 2000. 
[4] Fink, J., Koenemann, J., Noller, S., and Schwab, I.: Putting Personalization into Practice, Communications of the ACM 

45:5, 2002. 
[5] Manber, U., Patel, A. and Robinson, J.: Experience with Personalization on Yahoo, Communications of the ACM 43:8, 

2000, pp. 35-39. 
[6] Aamodt A., Plaza E.: Relating Case-Based Reasoning: Foundational Issues, Methodological Variations and System 

Approaches, AI Communications, 7:1, 1994 
[7] Althoff K., Bergmann R.: Case-Based Reasoning for Medical Decision Support Tasks: The INRECA Approach. Intl. J. 

AI in Medicine, 12, 1998 
[8] Bradley, K., Rafter, R. and Smyth, B.: Case-Based User Profiling for Content Personalization. In Brusilovsky, P., 

Stock, O. and Strapparava, C. (Eds): Adaptive Hypertext and Adaptive Web-based Systems. Lecture Notes in 
Computer Science, 1892, Springer Verlag, Berlin, 2000. 

[9] Bental, D., Cawsey, A., Pearson, J., and Jones, R.: Adapting Web-based Information to the Needs of Patients with 
Cancer. In Proc. Intl. Conf. On Adaptive Hypertext and Adaptive Web-based Systems, Trento, Italy, 2000 

[10] Abidi S.S.R., Han, C.Y. and Abidi, S.R.: Patient Empowerment via ‘Pushed’ Delivery of Personalised Healthcare 
Educational Content Over the Internet. In 10th World Congress on Medical Informatics (MedInfo’2001), London, 
2001. 

[11] Abidi S.S.R., Goh A.: A Personalized Healthcare Information Delivery System: Pushing Customized Healthcare 
Information Over the WWW. In: Hasman A., Blobel B., Dudeck J., Engelbrecht R., Gell G., Prokosch H. (eds.): 
Medical Infobahn for Europe. IOS Press, Amsterdam, 2000, pp. 663 – 667 

[12] DiMarco, C., Hirst G., Wanner L. and Wilkinson J.: HealthDoc: Customising Patient Information and Health Education 
by Medical Condition and Personal Characteristics. In Workshop on Artificial Intelligence in Patient Education, 
Glasgow, 1995. 

[13] Wilke W,  Bergmann R.: Techniques and Knowledge Used for Adaptation During Case Based Problem Solving. 
Lecture Notes in Artificial Intelligence, Vol. 1416. Springer-Verlag, Berlin Heidelberg New York, 1998, pp. 497-505 

[14] Arshadi N., Badie K.: A Compositional Approach to Solution Adaptation in Case-based Reasoning and its Application 
to Tutoring Library, Proceedings of 8th German Workshop on Case-Based Reasoning. Lammerbuckel, 2000. 


	2.1. Problem Specification
	2.2. Compositional Adaptation Strategy
	3.1 Case Representation Scheme
	3.1   User-Modeling: Case Retrieval Procedure

