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Case-Based Reasoning (CBR) system makes the assumption that past experiences may be useful
in solving similar current problems. In the case of Transcatheter Aortic Valve Implantation
(TAVI), the CBR could help practitioner to plan the procedure. In this study, we focus on
retrieving the most similar cases to the current patient, and especially on the similarity measure.
We study new similarity measures combining weighted heterogeneous metric and the selection
of attributes and cases through the clinical decision tree.

1 Introduction

The proposed Case-Based Reasoning system is a part of the European project EurValve which
develops a Clinical Decision Support System to improve the management of valvular heart disease.
The developed CBR module focuses on TAVI procedure. The objective of the CBR is to provide the
practitioner with a selection of the cases most relevant to the current candidate patient to plan the
procedure (which vascular access, which prosthesis).
The CBR solving cycle is composed on four steps [1] (Figure 1):

o RETRIEVE: to get a set of similar cases through a similarity measure.

e REUSE: to take the decision about the best solution (i.e. to adapt similar cases to the current

patient).
o REVISE: to get the result after application of the solution and to complete the case.
e RETAIN: to update the Case-Base (useful experience is retained for future reuse).
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Figure 1: The four “r”” of the CBR cycle.



A case is structured in three categories: attributes from patient characteristics and medical imaging
(problem description), procedure characteristics (solution) and procedure outcome.

The feasibility of designing a CBR for TAVI has been recently shown [2], but this work did not focus
on investigating similarity functions and only simple representation of cases were considered. Our
work mainly deals with case retrieving, which represents the most computational part of the CBR. The
other steps are realized through a graphical user interface in order to leave the final choice for the
decision making to the practitioner. In the retrieve step, defining a convenient similarity measure (SM)
is essential. This study aims to analyse the performance of different SMs and attribute selection thanks
to a clinical decision tree (Figure 2).

2 Methods

Generally a standard weighted heterogeneous similarity measure is used in association with the k-
nearest neighbour algorithm (kNN) to retrieve similar cases among the Case-Base [3-5]. In our
weighted heterogeneous similarity measure, different normalized metrics are considered according to
the attribute type (Euclidean distance for numerical data, Hamming distance for Boolean data and a
similarity matrix for ordinal data). The management of missing values is also an important issue in the
SM. A neutral approach is included to deal with missing information [6]. Each attribute does not have
the same importance in the decision-making process. To deal with this issue, we introduced in the SM
a clinical decision tree (CDT) related to the searched solution (Figure 2). CDT which is built from
guidelines and clinical expertise, allows to select a limited number of attributes and to determine their
weight. The higher the weight of an attribute, the more relevant it is.
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Figure 2: An example of decision tree for the prosthesis (size and type).

Four different similarity measures are considered in this study. The first SM (SM1) is based only on
the standard weighted heterogeneous similarity measure where all attributes are taken into account.
The second SM (SM2) involves the selection of a limited number of attributes through the CDT. The
third and the fourth SMs are similar to the previous one, but the weight of attributes is fixed thanks to
the CDT. For the third SM (SM3), weights are computed according to the attribute level in the CDT
and the total number of levels. As for the fourth SM, a hierarchical similarity measure (HSM) is
proposed based on the CDT. The formulation of the metric constituting the HSM is adapted according
to each level of the CDT.

First, only attributes present in the first level of the CDT are considered in the similarity measure
(Figure 2). Next, a selection of cases is made. Only 50% of the most similar cases are kept to compute



the next value of the similarity measure which takes into account the attributes present both in the
previous and current levels of the CDT. This HSM allows selecting the most relevant attributes and
the most similar cases.

3 Results

The similarity measures were evaluated for 100 patients with a leave-one-out cross validation. In
Table 1, the CBR is performed with the four similarity measures to help practitioner for the decision
about the size and the type of the prosthesis. When three most similar patients are selected (k=3 for the
kNN algorithm) the correct solution about the size and type of the prosthesis appears at least once in
almost 90% of cases, when the CBR is performed with the fourth hierarchical similarity measure.
However, with the third SM a loss of precision is shown, contrary to the second SM which uses also
the same attributes but with the same weight. Some attributes end up with an insignificant weight
value. The method using only the ratio between the level of the attribute in the CDT and the total
number of level is not really suitable for our problem.

Table 1: Percentage of correct solutions which appear at least once for the size and the type of the prosthesis
when the three most similar patients are selected.

Percentage of correctly
classified cases

Similarity Prosthesis  Prosthesis
measure type size
SM1 84% 82%
SM2 88% 88%
SM3 88% 82%
HSM 89% 90%

Results show that the similarity measure can be improved with the selection of attributes and cases
through a clinical decision tree. In the future, we will evaluate the CBR with the hierarchical similarity
measure not only for the choice of the prosthesis but also for the choice of the vascular access.
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