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Abstract Background Supporting medical decision making
is a complex task, that offers challenging research issues to
Artificial Intelligence (AI) scientists. The Case-based Rea-
soning (CBR) methodology has been proposed as a possi-
ble means for supporting decision making in this domain
since the 1980s. Nevertheless, despite the variety of efforts
produced by the CBR research community, and the number
of issues properly handled by means of this methodology,
the success of CBR systems in medicine is somehow lim-
ited, and almost no research product has been fully tested
and commercialized; one of the main reasons for this may
be found in the nature of the problem domain, which is ex-
tremely complex and multi-faceted.

Materials and methods In this environment, we pro-
pose to design a modular architecture, in which several AI
methodologies cooperate, to provide decision support. In the
resulting context CBR, originally conceived as a well suited
reasoning paradigm for medical applications, can extend its
original roles, and cover a set of additional tasks.

Results and conclusions As an example, in the paper we
will show how CBR can be exploited for configuring the
parameters relied upon by other (reasoning) modules. Other
possible ways of deploying CBR in this domain will be the
object of our future investigations, and, in our opinion, a
possible research direction for people working on CBR in
the health sciences.
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1 Introduction

The first papers analyzing the possibility of providing deci-
sion support to physicians by exploiting computers appeared
in the 1950s [1], and the first accurate experimental proto-
types were soon implemented [2]. As a matter of fact, deci-
sion making is a central challenge in medical practice, and
looking at the still partially unexplored potentialities of ma-
chines seemed a natural objective to the earliest medical in-
formatics scientists. The research field of computer assisted
decision making has remained very active over the years,
and has led to the definition of several different solutions.

Among the exploited reasoning methodologies, Case-
based Reasoning (CBR) [3, 4] soon appeared to be a very
well suited choice, with the earliest CBR systems in medi-
cine dating back to twenty years ago (see e.g. [5]). CBR is
a problem solving paradigm that utilizes the specific knowl-
edge of previously experienced situations, called cases. It
basically consists in retrieving past cases that are similar to
the current one and in reusing (by, if necessary, revising)
past successful solutions; the current solved case can then
be retained and put into the system knowledge base, called
the case base or the case library. The retrieve, reuse-revise
and retain procedures are known as the steps of the CBR
cycle [4].

Actually, several arguments for the exploitation of CBR
in the medical domain can be recognized:

• CBR resembles human reasoning in general, and
medical decision making in particular. As a matter of fact,
physicians are used to reason by recalling past situations
similar to the current one. The process is often biased by the
tendency to recall only more recent or difficult cases, or only
the positively solved ones. CBR seems therefore to be a nat-
ural solution for the diagnostic and/or therapeutic goals in
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this field, by enabling the retrieval of older, simpler or neg-
ative examples as well. Storing and recalling practical cases
comes out to be very useful also for sharing other clinicians’
skills, and for training un-experienced personnel, which are
key objectives of every health care organization.

• CBR allows operative knowledge management. Man-
aging knowledge is a relevant issue to be addressed in the
medical domain, where large amounts of information are
generally available. The introduction of Hospital Informa-
tion Systems (HIS) into clinical practice has led to the mem-
orization of a huge quantity of data, extracted from the
day by day activity, thus providing a new type of operative
knowledge, which can be exploited together with the gen-
eral domain knowledge. Actually this kind of data may be
effectively used to change organizational settings [6], and
to improve the overall quality of care. The role of opera-
tive knowledge is even more central for those diseases that
are still not well understood, or for which generalized rules
or models do not apply. CBR is one of the most suitable
methodologies for managing operative knowledge. Actually,
retrieving and reusing past data, and retaining new informa-
tion, which are the basic steps of the CBR cycle, fit very
well the Knowledge Management discipline [7] objectives
of keeping, increasing and reusing knowledge. Moreover,
representing a real world situation as a case is often straight-
forward: given a set of meaningful features for the applica-
tion, it can be sufficient to identify the value they assume
in the situation at hand; the case can also store information
about the solution applied and sometimes about the outcome
obtained. Every past case then implicitly embeds a bunch of
domain knowledge (i.e. the problem-action pattern adopted
on that occasion), which can be memorized without the need
of making it explicit in a more generalized form, thus miti-
gating the well known knowledge acquisition bottleneck that
affects other methodologies (e.g. Rule or Model-based Rea-
soning).

• CBR allows to integrate different knowledge types.
When domain knowledge is available, extracted from text-
books or physicians committees expertise, and formalized
by means of rules, ontologies, or computerized guidelines,
its integration with operative knowledge may represent a
significant advantage. Cases can be quite naturally adopted
to complement guidelines and to make them operational in
a real setting, or can be of help in situations where multiple
diagnoses interact, and some of them cannot be deducted
by an existing model representing the disease process [8].
Actually, CBR is well suited for integration with other rea-
soning methodologies, and has been largely deployed in
multi-modal reasoning systems (see Section 2.2).

As a matter of fact, CBR has successfully proven to solve
or handle issues that previously had been too difficult to
manage with other methods and techniques. The results of

CBR research in healthcare are so far valuable, and they
show a significant potential for the future.

Nevertheless, some limitations can be still outlined. In
particular, despite the fact that several CBR systems have
been proposed in the literature (see Section 2), a few of
them have been fully tested or commercialized, a few are au-
tonomous with respect to human intervention (for example,
many authors have implemented pure retrieval systems, that
leave to the physician the responsibility of providing the cur-
rent case solution), and several problems remain open (see
Section 3).

The next section investigates the possible reasons for
such limitations, and the possible improvement directions.

1.1 Reasons for failure and improvement directions

The limitations outlined in the introduction are essentially
due to two categories of reasons: reasons related to the in-
trinsic “weakness” of the CBR methodology, and reasons
related to the (increasing) complexity of the healthcare do-
main. In the first category, we may highlight:

• Difficulties in feature mining. Despite the above com-
ments about the simplicity in the acquisition of a case, in
several applications case representation is becoming more
complex than in the past [8]: case data can partly come in
the form of time series [9, 10], or images [11, 12], or free
text [13], and can be intrinsically high-dimensional.

• Presence of competence gaps. Retrieval results may
be affected by a low quality of the case base content. Ac-
tually, a misleading indication on how to solve the current
problem may emerge when the number of cases is too small,
or when the retrieved information is polarized on too spe-
cific examples. The capability of filling such competence
gaps is crucial especially in medical applications, since fi-
nal decisions should be always based on well established
knowledge.

• Challenge in the definition of a suitable adaptation
strategy. No general framework for performing adaptation
in medical CBR has been proposed so far. In non-medical
fields, adaptation is often solved by defining some adapta-
tion rules, elicited by experts. The complexity of many med-
ical domains makes this effort (applied e.g. in [14]) very
hard and time consuming, and leads back to the knowl-
edge acquisition bottleneck. Moreover, case solutions are
frequently associated with risks in clinical domains: risk
analysis should thus be conducted when defining adaptation
strategies, making the process too slow if completed at run
time.

Other reasons for the limited success of CBR systems
are related to the increasing complexity of medical domains.
Actually, many healthcare applications are simply too com-
plex and multi-faceted to be handled using CBR [15]. The
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choice to rely on a combination of different Artificial Intelli-
gence (AI) reasoning methodologies appears a possible way
to tackle the problem. In this direction, several multi-modal
reasoning systems, in which CBR is just one of the available
reasoning tools, have been reported in the literature (see Sec-
tion 2.2).

Nevertheless, deploying CBR just for reasoning is a lim-
itation with respect to the potentialities that this paradigm
can offer to medical decision making. In this paper, we pro-
pose an alternative approach, in which CBR is not exploited
(only) as a reasoning methodology any more, but fulfills dif-
ferent tasks, such as parameter configuration or classifica-
tion, providing its output as an input to other modules in
a heterogeneous environment, where several AI techniques
cooperate to generate the final result. In this way, additional
issues, that remain as open problems in multi-modal reason-
ing systems, might be correctly addressed as well (see Sec-
tion 3).

The paper is organized as follows: Section 2 briefly in-
troduces past work about CBR and multi-modal reasoning
systems in healthcare. Section 3 motivates and describes our
approach, and presents two already implemented systems
in which the approach itself has been realized. Finally Sec-
tion 4 concludes the paper.

2 CBR as a reasoning methodology: a classical role

The observations stated in the introduction justify the signif-
icant number of CBR systems developed to support medical
applications.1

In particular, some of them were pure CBR systems, i.e.
they resorted to CBR alone as a reasoning methodology.
Among these ones, some were tools for supporting medical
diagnosis in different domains: from psychiatry [5], to car-
diology [17], to oncology [18]. CBR has also been exploited
for therapy planning: for instance in diagnostic imaging pro-
cedure selection [19], in radiation therapy [20] and in antibi-
otics selection [21].

But pure CBR systems did not successfully tackle the
open issues analyzed in Section 1.1. In more recent years,
therefore, new tendencies appeared, giving birth to an ex-
tremely active research panorama (see e.g. [22, 23]). In the
following subsections, we will categorize the resulting sys-
tems in relation to the issue they were meant to cope with.

2.1 Dealing with feature mining

Some medical applications are intrinsically data intensive.
Recent technological achievements allow to automatically

1The following review is intentionally non exhaustive; interesting sur-
veys can be found in [8, 15, 16].

sample and record biological signals, e.g. in Intensive Care
Unit, haemodialysis, or instrumental diagnostic procedures.
In these fields, data typically come in the form of time se-
ries, and when they represent the features of a case, they can-
not be simply stored “as they are”. Similar problems emerge
when features have to be extracted from diagnostic images,
again a high dimensional data type.

Data pre-processing and dimensionality reduction tech-
niques are required in these situations. Several recent sys-
tems address this point. Time series data pre-processing is
pursued by means of different methodologies, such as Tem-
poral Abstractions [24] in [25], filtering and distortion re-
duction techniques in [10]. Data dimensionality is reduced
e.g. by applying the Discrete Fourier Transform [26]. In im-
age pre-processing, on the other hand, suitable algorithms
have been designed in order to abstract features such as color
and shape from the image itself; methodologies to learn gen-
eralized cases from images and similarity measures suited
for this field have been introduced as well [12].

Taking advantage of this kind of techniques, also textual
data can be mined for features extraction (see e.g. [13]), fa-
cilitating the development of CBR systems from the medical
literature.

2.2 Dealing with competence gaps

The quality of the case library content might be unsatisfac-
tory, especially when the system is initially put into opera-
tion, and may remain unsatisfactory for some particular situ-
ations, not represented by a sufficient number of past exam-
ples. The presence of such competence gaps makes retrieval
results highly unreliable. A reasonable way to tackle this
problem is to resort also to other knowledge sources (e.g.
different kinds of formalized background knowledge), when
available, in order to deploy all the information collected at
the health care organization, when supporting decision mak-
ing.

This observation has led to the design of many multi-
modal reasoning systems, implemented (at least in the form
of prototypes) in different domains. The interest in multi-
modal approaches involving CBR dates back to more than
ten years ago, with famous systems such as CASEY [27] and
FLORENCE [28], and is recently increasing. In particular,
CBR has proved to be well suited for integration with Rule-
based Reasoning (RBR) or Model-based Reasoning (MBR).
In the literature, the combination of CBR with RBR has
received particular attention, since rules are truly the most
successful explicit knowledge representation formalism for
intelligent systems. As it is well known, RBR consists in fir-
ing a set of rules through a chaining mechanism (forward or
backward), exploiting the available data to arrive at a deci-
sion. Each rule is a conditional statement, which formalizes
domain knowledge by relating observations to an associated
inference that can be drawn from them.
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Different levels of integration between the two paradigms
are described. Usually RBR and CBR are applied in mutu-
ally exclusive ways (see e.g. [29]), where RBR deals with
knowledge on standard or typical problems, while CBR
faces exceptions. In this view, CBR is exploited to retrieve
similar cases from a library of peculiar and non-standard sit-
uations only when RBR has failed to produce a solution [30,
31]. Other approaches rely on CBR for instantiating and pro-
viding suitable contexts to rules, while rules are used to as-
sist CBR by permitting the extraction of more general con-
cepts from concrete examples [32]. It is possible to select
which methodology to apply first in a dynamic way, depend-
ing on the situation at hand [32, 33]. 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 paradigm to apply) can be
selected on the basis of its suitability for solving the current
problem [33].

2.3 Dealing with adaptation

Different strategies to cope with the difficulty in the defin-
ition of case-based adaptation in the medical domain have
been devised. In the simplest case, the implemented systems
just avoid the adaptation step (i.e. they are pure retrieval
systems) [21, 26, 34]. Multi-modal reasoning methodolo-
gies (see Section 2.2) represent an alternative solution: in
some of these contributions adaptation is not dealt with be-
cause a different reasoning paradigm provides the final so-
lution to the input problem. Finally, it has been proposed to
rely on the use of prototypes [35], i.e. generalized cases on
which the definition of an adaptation strategy becomes eas-
ier, since the specific details of ground cases leave space to
a more general kind of knowledge [36]. Anyway, as already
observed, a theoretical and generalizable paradigm to imple-
ment adaptation in medical problems has not been devised
so far. As a matter of fact, adaptation remains as a weak
point in medical CBR applications.

3 Devising new roles for CBR in medical decision
making

The relatively simple procedure that often allows case acqui-
sition, and the natural way in which operative knowledge is
managed by the CBR cycle, makes CBR potential applica-
tions in medicine very different. Deploying it as (the main)
reasoning paradigm in a system for supporting medical de-
cisions, as in Section 2, is actually not the only way in which
it is possible to take advantage of this methodology.

Moreover, despite the fact that some recent approaches
(see Section 2.2 in particular) succeed in addressing part of
the problems that affect CBR systems in healthcare, some

issues still remain open, when CBR is deployed to cover the
reasoning task. In particular:

1. in many real settings, data memorization into the HIS
is still incomplete. This situation often holds true for in-
stance in Italy, where the adoption of computerized devices
in routine clinical practice is still opposed by many doc-
tors and nurses, who feel unconfident with them. Moreover,
sometimes the HIS tables schemas cannot be directly con-
verted into the case structure defined in the CBR system.
The lack of information in the electronic format makes case
mining very hard;

2. in medical practice, past diagnostic or therapeutic
recommendations tend to become quickly obsolete, due to
the development of new technologies and to the availabil-
ity of new scientific evidences. Therefore, despite memo-
rizing operative knowledge is still a desirable task, the case
base should be maintained and updated in a life-long learn-
ing perspective [8], where recent developments and findings
are integrated, while old ones are carefully evaluated, and
possibly discarded. This issue, together with issue 1, in a
way leads back to the knowledge acquisition bottleneck, a
problem that CBR should be able to reduce (see Section 1);

3. despite the fact that the efforts in implementing
multi-modal reasoning systems have led to the possibility
of exploiting different knowledge sources, at least to some
extent, current CBR systems do not clearly address interop-
erability issues with other knowledge bases and case bases.
This would be a desirable result [37], since case mining can
be a hard task, as outlined above;

4. CBR systems do not associate their output with prob-
abilities and statistics, which, on the other hand, add a scien-
tific dimension to clinical research, and would make results
acceptable to physicians [8]. Actually, at the moment most
of the implemented CBR systems require the physician’s in-
tervention to accept/validate the obtained results ([15]; as
a counter-example see [29]). This limitation is particularly
critical in emergency-treating systems, in diagnostic sys-
tems, and in systems meant to provide advice directly to pa-
tients (although CBR might not always be the most suited
methodology for this kind of applications);

5. finally, CBR may have to face restrictions to medical
data access, due to legal issues. Moreover, currently CBR
systems do not address data protection [8].

We therefore propose to enrich the panorama of the pos-
sible ways of applying CBR, by studying new roles the par-
adigm could cover, within a modular architecture, in which
different AI methodologies interact among them to provide
the final result (i.e. medical decision support). In particular,
CBR would be extremely well suited for tasks such as clas-
sification, or parameter configuration for other AI modules.

In [10], for example, a CBR system is deployed to clas-
sify biological signals in order to diagnose Respiratory
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Sinus Arrhythmia. The classified signals are thereafter sent
to a second subsystem, the pattern-identifier. The pattern-
identifier analyses the classified signals and searches rel-
evant sequences in them. The identified sequences give
clinicians a more complete insight of the measurements,
providing them with a better basis for diagnosis. Classified
signals manually diagnosed by experts can then be provided
as an input to a knowledge discovery procedure [38]: the
newly learnt knowledge (i.e. which sequences are the most
important for which diagnosis) can later be used by a rea-
soning methodology (maybe a second CBR system, but not
necessarily) with the aim of automating the diagnostic task.

Parameter configuration, on the other hand, is a criti-
cal issue in many AI processes (e.g. Rule-based Reason-
ing, or Temporal Abstractions), especially when they are
applied to complex domains like medical ones. Configu-
ration of reasoning modules usually needs domain knowl-
edge. When general domain knowledge is not available, we
can resort to the case base (i.e. to the data), which provides
specific knowledge hidden in cases, to solve configuration
problems. In several applications, in particular, the use of
contextual knowledge represents an appropriate means for
parameter setting. Defining a (prototypical) case as a set of
feature/value pairs keeping contextual information, and stor-
ing the suggested parameter configuration as the corre-
sponding solution, CBR can be resorted to in order to fulfill
this task. The main advantage of a CBR approach obviously
stands in the fact that the knowledge acquisition process
for configuring parameters is made easier by the use of al-
ready configured cases, retrieved because similar to the cur-
rent input situation. In the next subsections, by introducing
two already (partially) implemented systems, we provide an
overview on the use of CBR for parameter configuration,
and we demonstrate how the approach can provide an added
value to a more complex decision support architecture.

Note that the newly proposed CBR tasks defined in this
section may overcome (some of) the open problems listed
above. As a matter of fact, in these situations cases do not
store instances of solutions to the decision making process,
but address the maybe less ambitious—but still relevant—
goal of keeping contextual information, or of supporting a
kind of data pre-processing. Issues 2, 3 and 4 appear less
critical in this light, since the case solution is not a diag-
nosis/therapy to be accepted by a physician (i.e. based on
well-established knowledge and scientifically reliable). This
observation also mitigates issue 1, because the patient’s
problem description, still required in the case structure when
CBR is used for classification or parameter configuration,
is usually automatically stored in the HIS, while the health
care procedures executed by nurses/physicians sometimes
are not. Legal issues and data protection (issue 5), on the
other hand, still need to be correctly considered.

3.1 CBR for parameter configuration in a Rule-based
Reasoning system

The first application we present refers to supporting therapy
modification in young type 1 diabetic patients management.

Diabetes mellitus is one of the major chronic diseases
in the industrialized countries. Patients affected by type 1
diabetes need to undergo Intensive Insulin Therapy (IIT),
consisting in 3 to 4 injections of exogenous insulin every
day, in order to regulate blood glucose, and to reduce the risk
of later life complications. Before every injection, patients
have to measure and record their blood glucose level. Blood
glucose time series will then be inspected by physicians to
assess therapy efficacy and to revise the therapy itself in case
of need.

In this domain, we have developed a Rule-based Reason-
ing (RBR) system that implements the following reasoning
tasks:

1. Identification of metabolic problems. We extract an
abstract description of the course of longitudinal blood glu-
cose data collected by the patient through the Temporal Ab-
stractions (TA) technique [24]. TA are an AI methodology
able to solve a data interpretation task, the goal of which
is to derive high level concepts from time stamped data.
The basic principle of TA methods is to move from a point-
based to an interval-based representation of the data, where:
(i) the input points (events henceforth) are the elements of
a (discretized) time series; (ii) the output intervals (episodes
henceforth) aggregate adjacent events sharing a common be-
havior, persistent over time.

These abstractions can be further subdivided into state
TA and trend TA. State TA are used to extract episodes asso-
ciated with qualitative levels of the monitored feature, e.g.
low, normal, high values; trend TA are exploited to detect
specific patterns, such as increase, decrease or stationarity,
from the time series.

In the RBR system, the identification of metabolic prob-
lems task is based on a careful analysis of state abstrac-
tions on the blood glucose time series. In more detail, the
episodes of five state abstractions (namely very low, low,
normal, high, very high values) are searched for in the blood
glucose measurements.

After having identified the state abstractions episodes in
every time slice of the day (e.g. at breakfast, lunch, dinner
time), the blood glucose modal day is extracted. The modal
day represents the characteristic daily blood glucose pattern
that summarizes the patient’s response to the therapy in a
specific monitoring period; it is used to evaluate the insulin
protocol performance over the selected time interval, even
when the information is poor.

In our approach we derive the modal day by calculating
the marginal probability distribution of the state abstractions
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Fig. 1 Case-based
configuration of rules
parameters

listed above. In particular, we apply a Bayesian method de-
scribed in [39] that is able to explicitly take into account the
presence of missing data: since we considered 5 state ab-
stractions, before starting data collection in a given period
we assign a prior probability to the occurrence of each state
abstraction equal to 1

5 in every time slice. After a certain
monitoring period of N days, we collect D measurements,
while the remaining M = N −D data are missing. The pos-
terior probability lower (pinf) and upper (psup) bounds of the
occurrence of a generic k-th of the 5 levels can be derived
as:

pinf = 1 + dk

5 + N
,

psup = 1 + dk + M

5 + N

where dk is the number of occurrences of the k-th level in
the monitoring period.

The difference between psup and pinf is proportional to
the number of missing data and is denoted as the ignorance
in the monitoring period.

As the monitoring process proceeds, the bounds on the
probabilities are updated. At any time we obtain an inter-
val probability distribution over the blood glucose state ab-
stractions. The modal day is extracted by taking the blood
glucose states with the highest pinf in each time slice of the
day.

When pinf for (very) low/high blood glucose values in a
certain time slice of the modal day is higher than a given
α threshold, and when the number of missing data is suffi-
ciently small to rely on such information (i.e. the ignorance

is smaller than a given β threshold), a problem is identified.
α and β are percentages obtained from medical knowledge.

2. Suggestion generation and selection. For each de-
tected problem, a set of suggestions on how to modify the
current insulin therapy are proposed; the most effective ones
are then selected resorting to the concept of insulin compe-
tence. The most competent insulin, that has the strongest ef-
fect on the time slice of the day in which the problem has
been found, is identified. Competence is evaluated relying
on the pharmacokinetics of the different insulin types [40].

3. Insulin protocol 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 situ-
ations: therefore, it typically proposes small variations (i.e.
+1, −1 insulin units) to the current protocol insulin doses.

Even though the RBR system behavior was judged cor-
rect and quite satisfactory in a formal evaluation study [41],
it came out to be sometimes not sharp enough to promptly
face the patients alterations. To overcome this weakness, we
have set up an architecture (developed in the context of the
EU-funded project M2DM IST-1999-10315) in which a case
retrieval system properly tunes rule parameters, thus tailor-
ing them to the specific patient’s needs (see Fig. 1). Observe
that the major long-term intervention trial on type 1 diabetic
patients, the DCCT [42], has clearly shown that the defini-
tion and realization of an appropriate individual therapeutic
goal, customized on the single patients characteristics, is the
key to an effective diabetes care, rather than the implemen-
tation of a specific therapy.

Exploiting CBR for rule parameter setting is, to our
knowledge, an innovative approach, in which retrieval re-
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sults can really modify and properly tune the rules behav-
ior. As a matter of fact, in classical integrations between
CBR and RBR (see Section 2.2), the two paradigms are of-
ten exploited in a mutually exclusive way, where RBR deals
with knowledge on standard or typical problems, while CBR
faces exceptions, and does not really “touch” the rules defi-
nition.

In our approach, the concept of case has been mapped
to the data collected during a periodical control visit. Since
in routine clinical practice patients are visited every 2–4
months, on those occasions a new case can be automatically
stored in the case library.

By co-operating with the paediatricians of Policlinico S.
Matteo Hospital in Pavia, Italy, we have been able to collect
145 cases from the histories of 29 pediatric patients, and to
structure the case library resorting to a taxonomy of mutu-
ally exclusive classes, which express the typical problems
that may occur to type 1 diabetic patients in the age of in-
fancy and puberty. Then, it has been possible to design a
multi-step retrieval strategy, in which:

• first, a new case is classified as belonging to one of
the classes. Classification is crucial in making efficient the
retrieval by restricting search only to relevant parts of the
whole case library. Moreover, this step implements contex-
tualization: the patient is categorized as being experiencing
a particular clinical course condition or associated disease,
and her/his data can be better interpreted, in the light of the
specific situation she/he is currently living. The identified
class (a sort of prototypical case which abstracts the infor-
mation of the subsumed ground cases) thus embeds the con-
textual knowledge to be reused, and is relied upon to tune
rule parameters in task 1 (identification of metabolic prob-
lems). In particular, classification results are used to tune the
α and β thresholds (see task 1) to more proper values, thus
tailoring the identification of problems to the particular pa-
tient’s condition.

As an example, by default the RBR system considers low
glycaemia episodes as severe (i.e. a problem generation rule
is triggered) when pinf >= 30% and (psup − pinf) <= 10%
(i.e. α = 30 and β = 10). But, if the patient is classified as
suffering from anorexia, even when 20% <= pinf <= 30%
and 10% <= (psup − pinf) <= 50%, the problem is raised.
The solution of the anorexia prototypical case (i.e. class)
thus sets α = 20 and β = 50. This is motivated by the
fact that such patients run a higher risk of hypoglycaemia,
since they habitually do not have a sufficient food intake.
A prompt reaction is therefore necessary in this case, even
when a few episodes have been identified, or in presence of
many missing data;

• secondly, cases in the selected class are retrieved.
Some sufficient statistics on the insulin protocols (i.e. the
solutions) prescribed in the retrieved cases (when avail-
able) are used to tune the number of insulin doses to be

added/subtracted from the current therapy in task 3 (protocol
revision).

The clinical correctness of the suggestions proposed by
the RBR system configured by case retrieval results (RBR-
config henceforth) has been tested through a formal evalua-
tion procedure [43]. In particular, on both retrospective and
simulated data, RBR-config suggested sharper adjustments
to the insulin administration in comparison to RBR, react-
ing more promptly to hypoglycaemia or hyperglycaemia,
depending on what was the most relevant problem at hand.
As a second validation step, two diabetologists were asked
to perform a fully-crossed, blind review of the therapies pro-
posed by RBR, by RBR-config, and by two colleagues, to 30
real patient cases. 65/118 therapies were globally judged as
acceptable for the physicians, and 62/120 for the two sys-
tems (RBR and RBR-config were initially grouped together
for this study, in order to draw a comparison with respect
to humans). These small differences support the hypothesis
that the RBR-config and the RBR tools are able to perform at
an expert level. On the other hand, by deeply inspecting the
differences between RBR and RBR-config answers, the ben-
efits obtained by exploiting RBR-config in comparison to
RBR appeared to be quite limited, but the reason was easily
identified in a case library affected by competence gaps. To
cope with the problem of misleading retrieval information,
we foresee the implementation of a control strategy, that en-
ables the exploitation of retrieval results only if a sufficiently
large number of similar cases have been retrieved, if they are
similar enough to the input case to justify their use, and, of
course, if the details about the prescribed insulin protocols
are available. In this way, RBR-config will support decision
making at various levels of complexity, as the case library
grows: first, when the stored information is poor, RBR will
be applied without exploiting CBR results. As far as new in-
formation is stored in the case library, retrieval results will
become more reliable, and will be resorted to by the RBR-
config methodology.

3.2 CBR for parameter configuration in a Temporal
Abstraction server

Temporal Abstractions (TA) (see the definition in Sec-
tion 3.1) can be adopted as a means for reducing data di-
mensionality (see also Section 2.1) in time series processing
[9], and for subsequently interpreting the information car-
ried by the time series themselves (see e.g. Section 3.1), in
particular when:

• a qualitative abstraction of the time series values is suffi-
cient;

• a clear mapping between raw and transformed data has to
be made available;

• the mapping itself needs to be easily understood by end
users as well.
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We are currently applying TA as a pre-processing step
to the End Stage Renal Disease (ESRD) domain, within a
project funded by the Italian Ministry of Education (grant
PRIN 2004 number 2004094558). ESRD is a severe chronic
condition that corresponds to the final stage of kidney fail-
ure. Without medical intervention, ESRD leads to death.
Haemodialysis is the most widely used treatment method
for ESRD; it relies on an electromechanical device, called
haemodialyzer, which, thanks to an extra-corporal blood cir-
cuit, is able to clear the patient’s blood from catabolites,
to re-establish acid-base equilibrium and to remove water
in excess. On average, haemodialysis patients are treated
for four hours three times a week. Each single treatment
is called a haemodialysis session. Haemodialyzers typically
allow to collect several variables during a session, most of
which are in the form of time series. In our system, time
series pre-processed through TA can then be manually ana-
lyzed by physicians, or provided as an input to an automatic
reasoner (whose description is outside the scope of this pa-
per, see [9]).

The TA output results depend on the value assigned to
specific parameters. In particular, for trend TA (see Sec-
tion 3.1), the following parameters need to be set [44]:
Minimum/Maximum Rate (i.e. the minimum and maximum
slope allowed for the trend episode); Minimum/Maximum
Duration (i.e. the minimum and the maximum duration in
time for the trend episode). As regards state TA, on the
other hand, we need to specify [44]: Lower/Upper Bound
(i.e. the lower and upper bounds of data values allowed for
the state episode); Minimum/Maximum Duration (defined
as above).

In the domain of haemodialysis, contextual knowledge
plays a fundamental role in the time series pre-processing
and interpretation (and thus in TA parameters configura-
tion). Since defining the right configuration for each possible
contextual situation may be impractical, we have proposed
to adopt a case-based approach, where the suitable configu-
ration can be obtained by looking at the most similar already
configured case.

In our system, a case stored in the case base is defined
as follows: (i) problem description: the context description,
composed by patient and session characteristics which tend
to be stable in the long/medium run (such as patient’s age
and session duration); (ii) case solution: the configuration
of the various signals (i.e. of the time series variables col-
lected by the haemodialyzer). In turn, the configuration of
each signal consists of a list of state and trend TA symbols
to be searched for in the time series to which the configura-
tion refers, together with the corresponding parameter val-
ues (and optionally, of a list of suitable combinations of the
obtained states and trends, known as joint TA).

As a concrete example, let us consider an ESRD patient
suffering from hypotension. A case supporting parameter

Fig. 2 Case-based configuration of TA parameters, and TA processing

configuration for the hypotension context can be defined as
follows:

• context description: (i) presence of hypotension disease
(i.e. systolic pressure below 110 mmHg or diastolic pres-
sure below 60 mmHg [45]); (ii) short session duration
(typically 3 hours and 30 minutes); (iii) age in a range
in which the collapse is most probable (i.e. 64.4 years or
more [46]); (iv) nurse intervention with proper drug (i.e.
mannithol).

• configuration (for the sake of brevity, we just take into
account the diastolic pressure signal, which is one of
the most interesting, and a couple of abstractions to be
searched for):

– TA type = Decreasing Trend

∗ Minimum Rate = 85 degrees
∗ Maximum Rate = 88 degrees
∗ Minimum Duration = 10 min
∗ Maximum Duration = no bound

– TA type = Low State (Hypotension)

∗ Lower Bound = 23 mmHg
∗ Upper Bound = 59 mmHg
∗ Minimum Duration = 6 min
∗ Maximum Duration = no bound

The system we are implementing is conceived as a two-
module architecture [47], composed as follows (see Fig. 2):

• a case-based module for TA parameter configuration;
• a module for TA processing.

An input case contains, together with the context descrip-
tion, a set of raw time series, instances of the signals on
which TA must be extracted. Given an input case, the TA pa-
rameter configuration module retrieves the less distant (i.e.
most similar) case, with respect to the input case context
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Fig. 3 The output of the TA
processing module on the
diastolic pressure time series for
a patient suffering from
hypotension. The U symbol in
the middle of the trend time
series represents an interval in
which no trend could be
identified (due to an insufficient
duration of the interval itself)

description. The retrieved configuration information, corre-
sponding to the signals present in the input case, is extracted
and passed to the TA processing module, together with the
raw data. The TA processing module, implemented as a TA
web service and described in [44], provides a set of quali-
tative states, trends and suitable combinations of both as a
result.

As an example, Fig. 3 shows the output of the TA
processing module on the diastolic pressure time series of
a patient suffering from hypotension. In the beginning, the
pressure value is too low, and the nurse normalizes it by
means of a proper drug. A second intervention is required
in the middle of the session, and again the nurse succeeds in
adjusting the parameter, helping the patient reaching a (more
or less) stable diastolic pressure behavior until the end of the
session itself. In the figure, trend and states are highlighted,
and are extracted relying on the parameter definition for the
hypotension context listed above.

The processing of a time series exploiting a given con-
figuration may provide a significant feedback for the pos-
sible revision of the used configuration itself. In particular,
the resulting TA series can be relied upon to guide case-
based maintenance, by suggesting the elimination of non-
representative cases, and by keeping the knowledge embed-
ded in the case library always up to date. As described in
Fig. 2, the two modules thus give birth to a closed loop ar-
chitecture, where parameter configurations suggested by the
CBR module are adopted for TA processing, while the ob-
tained TA series are evaluated to support case-based main-
tenance. Case-based maintenance is conceived as a semi-
automatic procedure, to be always supervised by a domain
expert. However, such a partially data-driven approach is
very appealing in this domain, where a well established
knowledge about (context, parameter configuration) pairs
does not exist.

In particular, cases which are candidate for revisions can
be identified by investigating:

1. the frequency of the each suggested abstraction in the in-
put situations;

2. the quality of the extracted TA series

where the last issue is in turn evaluated by considering:
(i) the presence of unknown abstractions (i.e. of intervals in
which the process could not recognize any abstraction); and
(ii) the presence of overlaps of (conflicting) TA episodes,
over significant time spans (i.e. time spans longer than a
given threshold, defined on the basis of medical knowledge).
As an example, in Fig. 3 the U symbol in the middle of
the trend time series represents an unknown abstraction,
i.e. an interval in which no trend could be identified (due
to an insufficient duration of the interval itself, shorter than
10 minutes in that specific situation—see the parameter de-
finition for the hypotension context).

As regards issue 1, an infrequently identified TA can be
simply deleted from the case solution. Issue 2, on the other
hand, emerges in front of a competence gap region, or of
a weakly defined case. In both situations, the expert’s in-
tervention is required, in order to acquire a new case from
scratch, or to carefully revise the existent ones, in search of
conflicting or improper parameter settings.

The system implementation is still on the way, and will
have to be followed by a testing phase on real patients’ data.
To this end, we plan to provide the service to the physicians
of the Nephrology and Dialysis Unit of the Vigevano Hos-
pital in Italy, which are involved in the project.

As a final observation, despite the fact that the architec-
ture is being implemented and tested in the haemodialysis
domain, it appears to be sufficiently general to be adopted in
other (medical) applications as well.
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4 Conclusions and future works

In the increasing complexity of medical domains, it makes
sense to devise a heterogeneous and modular architecture,
in which several AI methodologies cooperate to provide de-
cision support. In this context CBR, originally conceived as
a well suited reasoning paradigm for medical applications,
can extend its original roles, and cover a set of additional
tasks. As an example, in this paper, we have shown how
CBR can be exploited for configuring the parameters relied
upon by other (reasoning) modules. Other possible ways of
deploying CBR in such a multi-faceted domain will be the
object of our future investigations, and, in our opinion, a
possible research direction for people working on CBR in
the health sciences. We believe that a modular and heteroge-
neous decision support environment, developed along these
lines, would be able to provide a valuable support to physi-
cians, thus reinforcing the claim that AI techniques can fa-
vor the actual adoption of computer science tools within the
medical community.
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