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Abstract

In the medical domain, different knowledge types are typically available. Operative knowledge, collected during every

day practice, and reporting expert’s skills, is stored in the hospital information system (HIS). On the other hand, well-

assessed, formalised medical knowledge is reported in textbooks and clinical guidelines. We claim that all this

heterogeneous information should be secured and distributed, and made available to physicians in the right form, at the

right time, in order to support decision making: in our view, therefore, a decision support system cannot be conceived as

an independent tool, able to substitute the human expert on demand, but should be integrated with the knowledge

management (KM) task. From the methodological viewpoint, case based reasoning (CBR) has proved to be a very well

suited reasoning paradigm for managing knowledge of the operative type. On the other hand, rule based reasoning

(RBR) is historically one of the most successful approaches to deal with formalised knowledge. To take advantage of all

the available knowledge types, we propose a multi modal reasoning (MMR) methodology, that integrates CBR and

RBR, for supporting context detection, information retrieval and decision support. Our methodology has been

successfully tested on an application in the field of diabetic patients management.
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1. Introduction

Since 30 years ago, there has been a strong

emphasis on the definition of the so-called

‘expert systems’ (ES), meant to help physi-

cians solve particularly critical decision pro-

blems, and implemented in different medical

domains. Several evaluation studies have

proved the formal correctness of the sugges-

tions obtained by applying these tools [1,2];

nevertheless, their on field exploitation has

been relatively poor. Apart from usability,
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accessibility and organisational factors, the
main weakness of ES seems to be their
attempt to apply medical knowledge out of
its natural context [2]. As a matter of fact, ES
were stand-alone computerised programs,
meant to provide decision support in a certain
domain, with automatic reasoning capabil-
ities. They tried to take the role of the human
expert, resorting to her/his knowledge, for-
malised in the system knowledge base. More-
over, they were usually not integrated with the
hospital information system (HIS) (except the
innovative system HELP [3]), and were unable
to consider the complex interactions taking
place among people within the medical envir-
onment. On the other hand, the role of
different human agents, including patients
themselves, has to be carefully considered,
especially in the field of chronic diseases care.

Today the trend in decision support systems
definition is the one of integrating the existing
HIS with different methodologies and tech-
nologies, able to co-operate in a transparent
way with respect to the user, and to promote
information exchange among the people in-
volved in the disease management process.
Health care providers (and sometimes pa-
tients) can rely on a service (rather than on
an isolated tool), able to assist them by
supplying the relevant information at the right
time, in the right form, but leaving them the
responsibility of a contextual interpretation
and evaluation of the information itself [4],
and of course, of the final decision.

This goal is achieved by integrating the
decision support functionality with the knowl-
edge management (KM) task. Instead of being
stand-alone solutions to afford particular
problems, decision support systems can today
be considered as building blocks of the HIS
within a larger KM perspective. Information
technology (IT) allows, therefore, to face
simple, but large scale problems, by taking
into consideration all the clinical practice

situations, thus overturning the former ES
perspective, that was the one of addressing
only few, particularly complex cases, on the
physician’s request.

The aim of this paper is the one of showing
how KM can be implemented in practice. As a
matter of fact, several theoretical approaches
to the KM task have been described in the
literature, but they have rarely been coupled
to a computational model. Providing an
operative solution, able to fulfil the needs of
KM by implementing a real integration of
different knowledge sources, has been our aim
while developing this work. In detail, in
Section 2 we motivate the reasons for shifting
the attention towards the KM view, by
presenting the features of KM and of medical
reasoning. Then, in Section 3 we describe
some methodological approaches to KM and
decision support, and we introduce a Multi
Modal Reasoning (MMR) paradigm, able to
integrate two (or more) methodologies into a
unique framework. In Section 4 we present
our experience in the definition of a MMR
system, applied in the diabetes management
domain; additional information about this
system can be found elsewhere (see e.g. [5]).
Finally Section 5 summarises our conclusive
observations.

2. Managing medical knowledge

2.1. Knowledge management features

Within a (medical) organisation, two
knowledge types can be generally found: (i)
explicit knowledge, corresponding to the al-
ready well established and formalised domain
knowledge: it can be present in books and in
written documentation, or can be represented
by some formalisms for developing ES’s
knowledge bases, such as taxonomies or rules;
(ii) implicit or tacit knowledge, consisting in
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individual expertise, organisational practices,

and past cases: it can be represented by

heuristics that even experts are not fully aware

of, or can be stored in data-bases and case

libraries.
Such heterogenoeus knowledge may be

available only at certain times (especially if

it’s a tacit knowledge in the head of an expert)

or in certain locations (in the library, in the

expert’s office, in a particular department).

The knowledge quality may vary as well,

being it incomplete, or for some aspects, out

of date.
We could define KM as a discipline with the

objectives of promoting knowledge growth,

knowledge communication and knowledge

preservation within an organisation [6], in

order to achieve a better exploitation of this

essential resource. Given the knowledge fea-

tures listed above, KM aims, therefore, at [7]:

1) keeping the knowledge up to date and

correct;
2) providing knowledge in the right location;
3) applying knowledge of the most suitable

type;
4) providing knowledge at the time at which

it is needed.

In a word, KM allows for securing and

distributing knowledge, in order to assure and

optimise its availability.
Various motivations for implementing a

KM strategy within an organisation can be

outlined:

1) to keep track of an expert’s know-how,

even if s/he moves or retires;
2) to enable an intelligent consultation of the

available knowledge repositories, in order

to exploit the experience acquired in the

past, in terms of successes and mistakes;
3) to keep track of past cases and histories so

that, even in presence of changes in the

staff, the quality of work will not decrease
due to a lack of information;

4) to improve knowledge communication
among personnel;

5) to improve the learning of inexpert and
personnel under training.

Obviously, such motivations are particu-
larly relevant in the medical domain, where it
is essential to keep the quality of care always
at the highest level, and it is not admissible to
miss this central goal due to a lack of
information [8]. A proper KM strategy allows
for a continuous quality improvement based
on performance measurement and process
data analysis [9]. A careful analysis of the
data that are collected during the provision of
clinical care may be a very effective way to
identify problems in routine work and to
provide directions on how to reorganise
medical services. Moreover, it may motivate
further investigations on the associations
between clinically relevant variables that
might have been neglected or unobserved
before [10]. Finally, there is evidence that the
combination of information from Electronic
Patient Records together with patient regis-
tries and transactional data represent an
invaluable source for planning organisational
interventions [11] and, in synthesis, for sup-
porting performance-based medicine.

2.2. Knowledge management in the medical
domain: the nature of medical knowledge

In health care centres large amounts of
information are generally present. In particu-
lar the introduction of HIS into clinical
practice has led to the memorisation of a
huge quantity of data, extracted from day by
day activity, and reporting the unarticulated
experience of individual workers. The HIS
clearly represents a source of implicit knowl-
edge; on the other hand, the increasing
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distribution of evidence-based prescriptions,
even in electronic format, makes the general
domain knowledge more and more available
for exploitation.

The need for KM and integration becomes
very clear if we consider the nature of medical
decision making. As a matter of fact, typically
physicians use to reason by recalling past
situations similar to the current one. The
process is often biased by the tendency of
recalling only more recent cases. A methodol-
ogy enabling the retrieval of all the operative
knowledge available, also related to more
older examples, would thus be of help. Im-
plicit KM comes out to be very useful also for
sharing other clinicians’ experiences: this is a
key objective of the organisation, even
though, in contrast to what happens in
industrial settings, the individual ability of
making inferences and of coping with the
problem remains a central requisite to be
respected. In particular, each physician has a
personal way of organising the reasoning
process, and each one can be particularly
suitable in some situations. Explicit KM is
very important as well: hypothetico-deductive
reasoning is usually implemented by medical
doctors. It consists in formulating a hypoth-
esis about the correct diagnosis or therapy,
and then in proving (or confuting it) on the
basis of additional observations. The process
goes on until the hypothesis cannot be con-
futed. In generating the hypothesis, the clin-
ician does not rely only on data, but also on
prior domain knowledge, which enables her/
him making a pre-selection of the possible
diagnostic explanations or of the therapeutic
advice.

In a word, a physician has to be able to
adapt her/his choices and her/his reasoning
process to the current needs, using multiple
strategies: an efficient KM approach is a
valuable way for helping her/him exploiting
all the available knowledge sources.

3. Methodologies for managing knowledge

One of the most suitable methodologies for

managing knowledge of the implicit type [12],

that has been successfully tested also in the

medical field, is Case Based Reasoning (CBR)

[13]. CBR is a reasoning paradigm able to

exploit the information embedded into al-

ready solved instances of problems [13,14],

called cases. Problem solving experience is

explicitly taken into account by storing past

cases in a library, and by suitably retrieving

them when a new problem has to be tackled.

A case consists of three basic information: the

problem description, i.e. a collection of fea-

ture-value pairs able to summarise the pro-

blem at hand; the case solution, describing the

solution adopted for solving the correspond-

ing problem; the case outcome, reporting the

result (positive or negative) obtained by

applying the solution itself.
Case based problem solving can be sum-

marised by the following four basic steps,

known as the CBR cycle or as the four ‘res’

[14]:

1) retrieve the most similar case(s) from the
case library;

2) reuse them, and more properly their solu-
tions, to solve the new problem;

3) revise the proposed solution;
4) retain the current case in the library for

future problem solving.

The retrieval and reuse of past data, and the

possibility of retaining new information, clo-

sely resemble the KM objectives of keeping,

increasing and reusing knowledge. The CBR

paradigm hence comes out to be a really

natural way of performing KM, when dealing

with non-formalised information.
In the CBR cycle some steps may be missing

or may be collapsed. Particularly in medical

decision making applications it is very com-
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mon to find examples of Case Based retrieval

tools, able to extract relevant knowledge, but

that leave to the user the responsibility of

providing an interpretation of the current case

and of proposing a solution.
In detail, Case Based retrieval involves

three sub-steps [15]:

1) situation assessment, to elaborate case
description and to clarify the relevant
context to work with;

2) case memory search, to retrieve partially
matching cases;

3) best cases selection.

Step 1 represents the identification of the

contextual framework in which the input case

has to be interpreted, and on which retrieval

has to rely: the case search may be, therefore,

restricted to relevant sub-parts of the library.

Steps 2 and 3 are often considered as a whole:

if a ranking procedure is implemented, cases

are automatically ordered, and the best ones

are identified during case memory search.
In conclusion, CBR is in some sense able to

mimic human experts’ analogical reasoning,

by remembering solutions to similar problems

adopted in the past, and by adapting them to

the current situation. Applying CBR can also

have a computational justification, especially

when the domain knowledge is poor and

difficult to explicit. The bottleneck of knowl-

edge acquisition and of knowledge representa-

tion is reduced, as new implicit knowledge is

automatically stored in the case base during

the every day working process: no additional

effort is required to the user.
CBR has been applied in several fields,

mainly dealing with diagnostic problem sol-

ving [16] or planning [17]. Several tools for

supporting medical diagnosis have been de-

fined in different domains: from psychiatry

[18], to audiology [19]. Pulmonary diseases

[20], eating disorders [18], dysmorphic syn-

dromes [21] and acute abdominal pain [22]

have been addressed as well. CBR has also

been exploited for therapy planning: in diag-

nostic imaging procedure selection [23], in

radiation therapy [24] and in antibiotics

selection [25].
On the other hand, several methodologies

for representing and managing explicit knowl-

edge have been proposed in the Computer

Science community, from taxonomies, to

protocols, to mathematical models and pro-

duction rules. In particular, when the problem

can be described through a mathematical

model, it is possible to rely on it for obtaining

the optimal solution. Nevertheless, building a

model requires that quantitatively (and quali-

tatively) sufficient data are available, for a

correct parameter estimation, and this is not

always the case in real contexts (e.g. in

medical domains). On the other hand, also

Rule Based Reasoning (RBR) is a successful

methodology for managing knowledge of the

explicit type [26], largely relied upon, since the

first ES were developed (see e.g. [27]). In

comparison to other formalisms, rules provide

several advantages, i.e. the knowledge base

modularity, the capability of representing also

heuristic knowledge, and the integration with

an inferential system that can be automati-

cally applied to the information formalised by

the domain experts and knowledge engineers.

In detail, when building a RBR system,

experts’ knowledge has to be structured in a

base of production rules, each one containing

a piece of information. RBR consists in firing

a set of rules through a chaining mechanism,

exploiting the available data, to arrive at a

decision.
A RBR system is, therefore, composed by

three elements:

1) the set of rules (also called the knowledge

base, or rule base);
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2) a software program able to interpret and
fire the rules, called inference engine;

3) a repository of information containing the
available data during the overall reason-
ing process: this memory is thus updated
every time a rule is applied.

The inference engine executes a cycle of
three fundamental operations:

1) search of what rules may be fired on the
basis of the information repository con-
tent;

2) selection of the most suitable rule if more
than one could be fired (conflict resolu-
tion);

3) activation of the selected rule and update
on the information repository.

Inference engines may implement two
chaining mechanisms: forward chaining, that
simulates data-driven reasoning, typically
adopted by physicians in therapy planning,
and backward chaining, that is able to simu-
late goal-directed reasoning, and is particu-
larly well suited for the diagnostic task.

To properly integrate all the information
available within a medical organisation, in
order to mimic the real process of medical
reasoning, the recent advances in IT have led
to the design of a new generation of KM and
decision support systems, able to integrate a
set of knowledge sources, relying on different
knowledge representation formalisms, and on
a MMR strategy. MMR paradigms are meant
to overcome the limitations of exploiting the
single methodologies (e.g. CBR and RBR
described above), and to better cope with the
target domain problems.

Due to the success they have obtained in
several applications, CBR and RBR have
proved to be good candidates for realising a
MMR approach. Several examples of integra-
tion between CBR and RBR have been
proposed in the literature. In the majority of

them, RBR and CBR are applied in mutually

exclusive ways: first RBR, meant to deal with

standard problems, is applied; if it fails in

proposing a suitable solution, CBR is

exploited, in order to retrieve similar cases

from a library of peculiar and non-standard

situations [28]. Other authors [29,30] rely on

CBR for contextualising rules, while RBR

permits the extraction of more abstract and

general concepts from cases. The methodol-

ogy to be applied can be selected in a dynamic

way, depending on the situation at hand: in

particular, the rule base and the case memory

can be searched in parallel for applicable

entities; then the best entity (i.e. rule or case)

to reuse (and, therefore, the reasoning para-

digm to apply) can be selected, depending on

its suitability for solving the current problem

[30]. In other approaches, RBR is resorted to

in the CBR solution revision step: if the

memory does not contain suitable examples

of adaptation of the retrieved solutions to

situations similar to the current one, the

system will employ some general adaptation

rules [31].
The common basis of all the above MMR

implementations (except perhaps the work in

[29]) is that the various paradigms are used in

a quite exclusive way. These approaches do

not guarantee to overcome the intrinsic lim-

itations of the two reasoning methodologies,

which can be summarised as follows:

1) classical RBR systems don’t have the
capability of specialising the explicit
knowledge embedded in the rules, by
resorting to contextual knowledge (e.g.
the single patient’s features). To deal
with as many peculiar situations as possi-
ble, it would be necessary to define a huge,
and thus intractable, rule base (this is
known as the qualification problem [32]);

2) CBR just relies on the implicit knowledge
stored in the case library. If the library
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presents competence gaps, i.e. it is too
small, or biased by too specific examples,
a misleading indication on how to solve
the current problem may be provided.

Realising a tight integration between RBR
and CBR to cope with these problems has
been our aim while developing a MMR
system, meant to perform KM in the context
of type 1 diabetic patients management, and
to provide decision support to physicians
when dealing with therapy revision. The
MMR system is, therefore, able to integrate
population-based medical knowledge (knowl-
edge of the explicit type) with case based
information, that represents an indivisualisa-
tion of patients’problems and of responses to
therapeutic prescriptions.

4. MMR for diabetes care

4.1. Type 1 diabetes mellitus

Diabetes mellitus is one of the major
chronic diseases in the industrialised coun-
tries. In particular, patients affected by type 1
diabetes need to undergo intensive insulin
therapy (IIT), consisting in three to four
injections of exogenous insulin every day, in
order to regulate blood glucose, and to reduce
the risk of later life complications. Patients
have to keep a hand-written diary, on which
they record blood glucose level measurements
taken before every injection, together with
additional information about diet and life
style. IIT also implies that patients are fre-
quently visited (typically every 2�/4 months);
during visits, diary data are also reviewed, to
assess the metabolic behaviour, and, if neces-
sary, to change the insulin administration
therapy. The major long-term intervention
trial on type 1 diabetic patients, the DCCT
[33], has clearly shown that the definition and

realisation of an appropriate individual ther-
apeutic goal, customised on the single pa-
tient’s needs, rather than the implementation
of a specific therapy, is the key to an effective
diabetes care.

4.2. The MMR system

Our system relies on CBR for managing
knowledge of the implicit type, and embeds
explicit knowledge in a set of production
rules. Decision support is provided by exploit-
ing Case Based retrieval results for specialis-
ing the RBR system behaviour, and tailoring
it to the individual patient’s needs.

In particular, we have mapped the concept
of case to the one of periodical control visit. A
new case is automatically stored in the case
library every time a patient is visited. By co-
operating with the pediatricians of Policlinico
S. Matteo Hospital in Pavia, we were able to
structure the case library resorting to a
taxonomy of mutually exclusive prototypical
classes, that express typical problems that may
occur to type 1 diabetic patients in the age of
infancy and puberty. Moreover, each case in
the library is linked to the previous and to the
following ones, in terms of time, by two chains
of pointers [34].

Thanks to this case organisation, the CBR
tool can be seen as an autonomous mean for
managing implicit knowledge. Given a case,
the user can easily retrieve the whole patient’s
history, and visualise the transitions from one
class to another that took place, together with
the therapeutic choices that made possible the
transitions themselves. Moreover, before re-
trieving past cases similar to the current one,
the system classifies the current case as
belonging to one class. Classification imple-
ments context detection: the patient is cate-
gorised as being experiencing a particular
clinical course condition or associated disease,
and her/his data can be better interpreted, in
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the light of the specific situation s/he is
currently living. Finally, classification focuses
the attention only on the relevant parts of the
case library, by limiting retrieval to the most
probable class, or to a subset of all the classes
in the taxonomy; in this way retrieval time can
be significantly reduced.

Moreover, as anticipated, in our system
CBR is tightly integrated with RBR, to
support therapy revision.

In the field of type 1 diabetes care, the
therapy revision process is typically articu-
lated in three consecutive tasks; in our im-
plementation, the completion of the process is
scheduled by the RBR system, within which
each task is mapped onto a specific set of
rules, fired through a forward chaining me-
chanism. In detail, the reasoning paradigm
proceeds as follows (see Fig. 1):

4.2.1. Data analysis and problem identification

From the available monitoring data, the
system extracts some indicators of the pa-
tient’s metabolic condition, able to summarise
the patient’s response to the therapy s/he is
following (see [34] for details on the data
analysis techniques). The results trigger the
identification of hyperglycaemia or hypogly-
caemia problems in the different periods of
the day. The RBR system can complete this

task independently, or its behaviour can be
specialised resorting to the integration with
Case Based retrieval. In particular, only
classification results are exploited in this
phase, to tune specific rule parameters, thus
tailoring the identification of metabolic altera-
tions to the peculiar patient’s situation (see
[34] for details).

4.2.2. Suggestion generation and selection

For each detected problem, a set of sugges-
tions on how to modify the current insulin
therapy are proposed; the most effective ones
are selected resorting to the concept of insulin
competence. The most competent insulin, that
has the stronger effect on the moment of the
day in which the problem has been found, is
identified. Competence is evaluated relying on
the pharmacokinetics of the different insulin
types [35].

4.2.3. Therapy revision

The RBR system proposes an adjustment to
the current insulin therapy, in accordance
with the selected suggestions. It is meant to
be general enough to be safely applicable in a
variety of different situations, therefore, it
typically proposes small variations to the
current protocol insulin doses, quantitatively
speaking. Even though the RBR behaviour
was judged correct and quite satisfactory in a
formal evaluation study [36], it came out to be
sometimes not sharp enough to promptly face
the patient’s alterations. To overcome this
weakness, we again resort to the integration
with CBR. The CBR retrieval step is per-
formed, restricted to the most probable
class(es) identified during the problem identi-
fication phase. The physician is allowed to
choose whether to retrieve only cases belong-
ing to the most probable class, or to a set of
very probable classes. In both situations, cases
are retrieved by resorting to metrics able to
cope with the problem of missing data, and to

Fig. 1. Implementation of the integration between CBR and

RBR in the automatic reasoning process for therapy revision.
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treat both symbolic and numeric variables
[34]. Some simple statistics are calculated on
the retrieved cases, to set the insulin adjust-
ments width that will then be applied to the
current protocol.

The clinical correctness of the suggestions
proposed by the MMR system have been
tested through a formal evaluation procedure
[5]. In particular, two diabetologists were
asked to perform a fully-crossed, blind review
of the therapies proposed by RBR, by MMR,
and by two colleagues, to 30 real patient cases.
About 98/118 therapies were judged as accep-
table for the physicians, and 101/120 for the
systems. The MMR and the RBR tools hence
proved to be able to work at the physician
level; on the other hand, no benefit could be
found by exploiting MMR in comparison to
RBR. The reason for such an unsatisfactory
result was due to a case library affected by
competence gaps. To cope with the problem
of misleading retrieval information, we plan
to implement a control strategy, that will
enable the exploitation of retrieval results
only if a sufficiently large number of similar
cases have been retrieved, and if they are
similar enough to the input case to justify their
use. In this way, MMR will support decision
making at various levels of complexity, as the
case library grows: first, when the stored
information is poor, RBR will come out to
be the most competent methodology, and it
will be applied without relying on CBR
results. As far as new information is stored
in the case library, retrieval results will
become more reliable, and will be exploited
by the MMR methodology. Note that the
memorisation of new cases solved according
to the system prescription is not made in an
automatic fashion. As a matter of fact, the
physician is required to analyse the system
advice, and then s/he can decide if the new
example should be added to the case base. In
this way, the problem of circular inference,

which could lead to an overstimated self-
confidence in the behaviour of the system,
due to a large presence of cases solved relying
to it, is avoided, since an independent expert’s
evaluation is always applied.

The tool will be integrated within the
distributed architecture of a telemedicine
service, whose implementation will be carried
out in the context of the EU-funded project
M2DM (IST-1999-10315).

4.3. MMR for knowledge creation

It has been postulated [37] that human
knowledge creation and upgrade takes place
through a process of continuous interaction
between implicit and explicit knowledge, act-
ing as mutually complementary entities, and
converted one into the other. In this knowl-
edge conversion model (Fig. 2), four different
activities are implemented:

1) socialisation: it consists in implicit knowl-
edge sharing and expansion, by putting
together personal experience and by learn-
ing from experts;

2) externalisation: it is the process of for-
malisation of implicit knowledge into the
explicit form;

3) combination: it consists in recombining
and restructuring explicit knowledge, giv-
ing birth to new explicit knowledge;

4) internalisation: it is the process of acquir-
ing explicit knowledge as a form of
implicit one, by applying the explicit
information in routine practice.

The MMR paradigm we have defined could
also be seen as a means for implementing the
knowledge conversion cycle presented in Fig.
2:

1) CBR is a natural way for performing
socialisation, since, through past cases
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retrieval, it enables implicit knowledge

sharing;
2) case classification supports externalisa-

tion: it is able to contextualise and cate-

gorise cases, transferring the implicit

knowledge into an explicit form;
3) through a continuous application of

MMR into clinical practice, combination

could be supported as well: the acquisition

and the analysis of new cases could be

used to tune the classes definition; more-

over, new production rules could be learnt

for well identified patient situations,

speeding up the therapy revision task;
4) finally, RBR naturally supports internali-

sation, by applying explicit knowledge to

produce new cases solutions, that store in

an implicit form the medical skills

exploited to solve them.

5. Conclusions

In the medical domain, different knowledge

types are typically available. Operative knowl-

edge, collected during every day practice, and

reporting expert’s skills, is stored in the HIS.

On the other hand, well-assessed, formalised

medical knowledge, is reported in textbooks

and clinical guidelines. All this heterogeneous

information should be secured and distribu-

ted, and made available to physicians in the

right form, at the right time, in order to

support decision making, therefore, a decision

support system cannot be conceived as an

independent tool, able to substitute the hu-

man expert on demand, but should be inte-

grated with the KM task.
KM is a discipline for keeping, upgrading

and reusing the organisational intellectual

Fig. 2. MMR as a means for implementing the knowledge conversion cycle.
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asset, that can be consequently exploited for
reasoning and for therapy definition purposes.
CBR is a very well suited methodology for
performing KM when dealing with implicit
knowledge: it is able to focus the attention on
the problem at hand, retrieving past situations
similar to the current one, to show a direction
for solving the current problem. On the other
hand, RBR is historically one of the most
successful paradigms for managing knowledge
of the explicit type.

To take advantage of all the available
sources of information, in the field of diabetes
care, we have defined a MMR methodology,
that performs a tight integration of CBR and
RBR, able to propose a therapy suggestion
that is customised to the situation under
examination. The large amount of patients
data available when dealing with chronic care
is also the typical application field for data
mining techniques. Data can be processed
through machine learning methods, in order
to identify possible patterns in them, able to
provide a suggestion for optimising patients
management. The MMR methodology de-
scribed in this paper could be interpreted in
the data mining perspective as well: through
the implementation of the classification step,
it is able to provide an added value to the
usefulness of information retrieval alone. The
patient’s data are analysed to identify mean-
ingful behaviours in them, that allow us to
categorise the case as belonging to a proto-
typical class. As a matter of fact, classification
is a typical data mining technique, and in our
system it provides a way for contextualising
the situation at hand, for specialising the
problem identification task, and for focusing
the retrieval search space on the most relevant
sub-parts of the case library.

In conclusion, our methodology seems to be
a valuable way for exploiting all the knowl-
edge available within the organisation, for
mining and intelligently retrieving it, and for

distributing it among different health care
providers, to optimise the processes of pa-
tients management and therapy revision.
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