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Objectives: Balancing the trade-offs between solution quality, problem-solving efficiency, and trans-
parency is an important challenge in medical applications of conversational case-based reasoning (CCBR).
For example, test selection in CCBR is often based on strategies in which the absence of a specific hypothe-
sis (e.g., diagnosis) to be confirmed makes it difficult to explain the relevance of test results that users are
asked to provide. In this paper, we present an approach to CCBR in medical classification and diagnosis
that aims to increase transparency while also providing high levels of accuracy and efficiency.

Methods: We present an algorithm for CCBR called iNN(k) in which feature selection is driven by the goal
of confirming a target class and informed by a measure of a feature’s discriminating power in favor of
the target class. As we demonstrate in a CCBR system called CBR-Confirm, this enables a CCBR system to
explain the relevance of any question it asks the user. We evaluate the algorithm’s accuracy and efficiency
on a selection of datasets related to medicine and health care.

Results: The performance of iNN(k) on a given dataset is shown to depend on the value of k and on whether
local or global feature selection is used in the algorithm. The combination of these parameters for which
iNN(k) is most effective in addressing the trade-off between accuracy and efficiency is identified for each
of the selected datasets. For example, only 42% and 51% on average of features in a complete problem
description were needed by iNN(k) to provide accuracy levels of 86.5% and 84.3% respectively on the
lymphography and SPECT heart datasets from the UCI machine learning repository.

Conclusion: Our results demonstrate the ability of iNN(k) to provide high levels of accuracy on most of
the selected datasets, while often requiring the user to provide only a small subset of the features in a
complete problem description, and enabling a CCBR system to explain the relevance of any question it
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asks the user.
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1. Introduction

In case-based reasoning (CBR), a new problem is solved by
retrieving a similar problem from a case base (i.e., a collection of
previous problems with known solutions referred to as cases) and
applying its solution, following adaptation if necessary, to the new
problem [1-3]. Bichindaritz [4] provides a concise overview of CBR
research in the health sciences, while Holt et al. [5] predict con-
tinued growth in medical applications of CBR as decision support
systems gain wider acceptance in clinical practice.

In CBR approaches to medical classification and diagnosis, an
ability to provide accurate and timely solutions is essential to build
user trust and confidence. Another factor that may influence a CBR
system’s acceptability to users is its ability to explain its reasoning
[6-8]. Explanation has been a topic of interest to CBR researchers
for many years [6,9] and continues to attract significant research
interest in the field (e.g., Refs. [10-16]), with most contributions
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related to classification and diagnosis tending to focus on the sys-
tem’s ability to explain or justify its conclusions. In this context,
an important benefit of CBR is the ability to justify the solution to
a given problem based on actual experience (e.g., by showing the
user a previous similar case in which the same solution was suc-
cessfully applied) [2-4,8,10]. In CBR systems that play an active role
in the selection of tests on which conclusions are based, as in con-
versational CBR (CCBR) [17,18], users may also expect the system
to explain the relevance of test results they are asked to provide.

In contrast to traditional CBR approaches, a description of the
problem to be solved is not assumed to be available in advance in
CCBR. Instead, a problem description (or query) is incrementally
elicited by the system with the aim of minimizing the number of
questions the user is asked before a solution is reached (e.g., Refs.
[17-34]). As shown in CCBR applications such as interactive fault
diagnosis and helpdesk support, guiding the selection of relevant
tests is an important benefit in situations where it may be difficult
for users to provide a complete problem description and/or it is
important to avoid unnecessary tests.

However, balancing the trade-offs between accuracy, problem-
solving efficiency, and transparency is an important challenge in
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CCBR approaches to medical classification and diagnosis. One rea-
son is that test selection in CCBR is often based on strategies (e.g.,
maximizing information gain) in which the absence of a specific
goal or hypothesis makes it difficult to explain the relevance of
questions the user is asked (i.e., why they are considered useful
by the system). Most CCBR research has also tended to focus on
application domains in which the structure of the case base differs
in important ways from the traditional classification datasets that
are common in medical applications of CBR. In CCBR applications
such as fault diagnosis, the case base is typically heterogeneous
(i.e., different attributes are used to describe different cases) and/or
irreducible (i.e., each case has a unique solution) [17,18]. More-
over, measures such as precision and recall are often used in the
evaluation of CCBR systems rather than classification accuracy,
which cannot be assessed by traditional methods for an irreducible
dataset.

Recently we proposed a new approach to CCBR in medical clas-
sification and diagnosis that aims to increase transparency while
also providing high levels of accuracy and efficiency [35]. Feature
selection in iNN(k), our CCBR algorithm, is driven by the goal of
confirming a target class and informed by a measure of a feature’s
discriminating power in favor of the target class. Our approach to
feature selection has the important advantage of enabling a CCBR
system to explain the relevance of any question it asks the user
in terms of its current hypothesis. Moreover, the idea of select-
ing tests to confirm a diagnostic hypothesis, as in our proposed
approach to CCBR, has been widely discussed in studies of diagnos-
tic reasoning in clinical medicine (e.g., Refs. [36-39]) and should
thus be familiar to clinicians. In this paper, we extend our analy-
sis of iNN(k) to include new theoretical and empirical results and a
detailed study of the trade-off between the accuracy and efficiency
of CCBR dialogues in the approach.

In Sections 2 and 3, we describe our approach to CCBR in
iNN(k) and demonstrate the approach in a CCBR system called CBR-
Confirm. In Section 4, we empirically investigate the performance
of iNN(k) on a selection of datasets related to medicine and health
care. Our conclusions are presented in Section 5.

2. Conversational CBR in iNN(k)

In this section, we describe the basic concepts in our approach
to CCBR in medical classification and diagnosis, including: (1) the
similarity measure used to construct the iNN(k) retrieval set, (2) the
method used to select a target class at each stage of a CCBR dialogue,
(3) the measure of discriminating power used to select features that
are most useful for confirming the target class, and (4) the criteria
used to decide when to terminate a CCBR dialogue. The example
dataset that we use to illustrate the approach is the contact lenses
dataset [40,41]. This small dataset contains only 24 cases and is
based on a simplified version of the real-world problem of selecting
a suitable type of contact lenses for an adult spectacle wearer. The
attributes in the dataset, all of which have nominal values, are:
age, spectacle prescription, astigmatism, and tear production rate.
The classes to be distinguished, in order of their frequency in the
dataset, are no contact lenses (63%), soft contact lenses (21%), and
hard contact lenses (17%).

2.1. Dataset structure

Our approach to CCBR in iNN(k) assumes that the same
attributes are used to describe each case in the dataset (or case
base), and that each class is represented by several cases in the
dataset. While this means that the dataset should be neither hetero-
geneous nor irreducible, there may be missing values in the dataset.
Our current approach to feature selection in the algorithm also

requires all attributes in the dataset to be nominal/discrete with
limited numbers of values. We denote by A the set of attributes
used to describe each case in the dataset. For each a € A, we denote
by domain(a) the set of all values of a in the dataset. A case C con-
sists of a case identifier, a problem description, and a solution. The
problem description is a list of features a =v, one for each a € A, such
that v e domain(a) U {unknown}. For each a € A, we denote by ,(C)
the value of a in C. The solution for the problem represented by C,
which we denote by class(C), is a diagnosis or other class label.

An important role in iNN(k) is played by the notion of the sup-
porting cases of a given class.

Definition 1. A case C supports a given class G if class(C)=G.

2.2. Query elicitation and structure

In iNN(k), a description of the problem to be solved is called
a query. An initially empty query is incrementally extended in a
CCBR dialogue by asking the user questions that are most use-
ful for solving the problem according to the criteria described
later in this section. At each stage of a CCBR dialogue, the user
is asked for the value of a selected attribute (e.g., tear pro-
duction rate in the contact lenses dataset). If the user answers
unknown to any question, then the dialogue moves on to the
next most useful question. A non-empty query is represented as
a list of problem features Q={a; =vy,. .., Gn =v;}, where n <|A| and
v; € domain(a;) U {unknown} for 1 <i<n. We denote by Ag the set
of attributes in the current query Q. For each a € Ag, we denote by
Tq(Q) the value of a in Q.

2.3. Similarity measure

In contrast to CBR approaches to similarity assessment that
assign varying importance weights to case attributes [3], all the
attributes in a given query are equally weighted in our approach to
CCBR. For any case C and non-empty query Q, we define the overall
similarity between C and Q as:

S a1, S1malC. Q)

Sim(C, Q) = a

(M
where for each aeAg, simq(C, Q) is a measure of the similarity
between the attribute’s value in the case and its value in the query
defined as:

simg(C,Q) =1 ifmq(Q)# unknown and 7m(C)=m4(Q) 2)
and
simg(C,Q) =0 otherwise 3)

Definition 2. For an empty query Q, we define Sim(C, Q)=0 for
every case C.

2.4. The iNN(k) retrieval set

As in other CCBR algorithms, the set of most similar cases is
continually updated in iNN(k) as the user’s query (i.e., problem
description) is elicited. For k > 1, we refer to the set of most similar
cases constructed by iNN(k) in each cycle of a CCBR dialogue as the
iNN(k) retrieval set. The iNN(k) retrieval set is used to identify the
target class that guides the selection of features that are most useful
for solving a given problem. It is also used to monitor the progress
of a CCBR dialogue and decide when to terminate the dialogue. In
contrast to CCBR approaches in which a similarity threshold is used
to identify the most similar cases, the iNN(k) retrieval set includes
any case for which the number of more similar cases is less than k.
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More formally, we define the iNN(k) retrieval set for a given
query Q to be:

r(Q, iINN(k)) = {C : [more-similar(C, Q)| < k} (4)
where
more-similar(C, Q) = {C* : Sim(C*, Q) > Sim(C, Q)} (5)

For example, 12 cases in the contact lenses dataset are equally
similar (0.25) to the query Q = {tear production rate =normal}, and
all other cases in the dataset have zero similarity. Thus even the
iNN(k) retrieval set for k=1 must include the 12 cases that are
equally good candidates for retrieval. A similar strategy used in
some versions of k-NN is to include all ties for the kth most similar
case in the set of cases on which the solution is based [42-45].

Theorem 1. For the empty query Q at the start of a CCBR dialogue,
r(Q, iNN(k)) is the set of all cases in the case base.

Proof. It can be seen from Definition 2 that more-similar(C, Q) is
empty for every case C, and so 1{Q, iNN(k)) is the set of all cases in
the case base as required. O

Dynamic updating of the retrieval set as a problem description is
incrementally extended is a feature that iNN(k) shares with the lazy
(or demand-driven) approach to inductive retrieval used in many
CCBR algorithms [18]. However, in contrast to inductive retrieval
based on exact matching, the elimination of a case from the iNN(k)
retrieval set does not mean (in general) that it can never be read-
mitted to the retrieval set as the problem description is further
extended.

2.5. Selecting a target class

Feature selection in iNN(k) is driven by the goal of confirming
a target class. At each stage of a CCBR dialogue, the target class
is the class G* that is supported by most cases in r(Q, iNN(k)), the
iNN(k) retrieval set for the current query Q. If there is a tie for the
class supported by most cases in the iNN(k) retrieval set, then the
tied class that is supported by most cases in the case base as a
whole is selected as the target class. We know from Theorem 1 that
the iNN(k) retrieval set for the empty query at the start of a CCBR
dialogue is the set of all cases in the case base. So the target class is
initially the class that is supported by most cases in the case base.
However, the target class may change at any stage of the dialogue
depending on the class distribution in the iNN(k) retrieval set.

2.6. Measure of discriminating power

In iNN(k), the selection of features (and thus questions) that are
most useful for confirming a target class is based on a simple mea-
sure of a feature’s discriminating power in favor of the target class.
For any class G, attribute a, and ve domain(a), the discriminating
power of a=v in favor of G is:

_ pla=v|G) - p(a=v-G)

dla=v,G) = |domain(a)| ”

In the contact lenses dataset, for example, the feature astigma-
tism = yes occurs in 8 of the 15 cases that support no contact lenses,
and in 4 of the 9 cases that support soft or hard contact lenses. As
astigmatism has two values (yes, no) in the dataset, the discrim-
inating power of astigmatism=yes in favor of no contact lenses
is:

. . 1 4
d(astigmatism = yes, no contact lenses) = 5 % (% - §) = 0.04
(7)

However, the feature with most discriminating power (0.40) in
favor of no contact lenses is tear production rate = reduced.

In Theorems 2 and 3, we identify some basic properties of the
measure of discriminating power used in iNN(k).

Theorem 2. For any class G, attribute a, and vedomain(a),
-0.5<d(a=v,G)<0.5.

Proof. Since O<p(a=v|G)<1, O<p(a=v | -G)<1, and
|domain(a)| > 2, it follows that d(a=v, G)<(1-0)/2=0.5 and
d(a=v,G)>(0-1)/2=-0.5 as required. O

Theorem 3. For any class G and attribute a with values v,.. ..Uy,
Y hdla=v;,G)=0.

Proof.

id(a = Ui.G)
1

zr:p(a =1;|G) — p(a = v;|-G)

r

1
T (Zp(a —ulG) - > pla= v,-|~c)> 0
1 1

O

Corollary 1. For any class G and binary attribute a with values v,
and vy, d(a, v, G)=—1 x d(a, v, G).

2.7. Local and global feature selection

The integer k > 1 used to construct the retrieval set is one impor-
tant parameter in iNN(k). Another is whether local or global feature
selection is used in the algorithm. In local feature selection, only
features that appear in one or more cases in the iNN(k) retrieval
set that support the target class are considered for selection. The
assessment of a feature’s discriminating power is also local (i.e.,
based only on cases in the iNN(k) retrieval set). In global feature
selection, any feature that appears in at least one case that sup-
ports the target class, whether or not the supporting case is in the
iNN(k) retrieval set, may be selected. Also in contrast to local fea-
ture selection, the assessment of a feature’s discriminating power
is based on all cases in the case base.

We will refer to the local and global versions of iNN(k), when
necessary to distinguish between them, as iNN(k)-L and iNN(k)-G
respectively. In Section 4, we present empirical results which show
that the optimal choice of parameters in the algorithm depends on
the dataset, for example with iNN(2)-L giving the best performance
on the contact lenses dataset in our experiments.

2.8. Deciding when to stop asking questions

At each stage of a CCBR dialogue in iNN(k), the user is asked for
the value of a*, where a* = v* is the feature selected by the algorithm
as most useful for confirming the target class G*. Typically, a CCBR
dialogue continues until all cases in the iNN(k) retrieval set have
the same class label G. At this point, G is selected as the solution to
the current problem, and the dialogue ends with the solution being
presented to the user.

Alternatively, the dialogue may reach a stage where all possible
questions have been asked and there are still cases with different
class labels in the iNN(k) retrieval set. In this situation, the solution
presented to the user is the class supported by most cases in the
iNN(1)retrieval set, whether or not k=1. If there is a tie for the class
supported by most cases in the iNN(1) retrieval set, then the tied
class that is supported by most cases in the case base as a whole
is selected as the solution. It is also possible, though unlikely, for a
point in the dialogue to be reached where a most useful question
cannot be identified by iNN(k). In iNN(k)-L, for example, this occurs
when all cases in the iNN(k) retrieval set that support the target
class have missing values for all remaining attributes. When this



62 D. McSherry / Artificial Intelligence in Medicine 52 (2011) 59-66

happens, the solution is again the class supported by most cases in
the iNN(1) retrieval set.

2.9. Overview of iNN(k)-L

Algorithm 1 is an informal description of iNN(k)-L, the version of
iNN(k) that we use to demonstrate our approach to CCBR in Section
3. Conditions for termination of the CCBR dialogue are tested in
Lines 5, 7, and 11 of the algorithm. The class G* supported by most
cases in the iNN(k) retrieval set is selected as the target class in Line
10. The feature a* = v* with most discriminating power in favor of G*
is selected in Lines 15-18. As noted in Section 2.7, the assessment
of discriminating power in iNN(k)-L is based only on cases in the
current retrieval set. The user is asked for the value of a* in Line
19. Finally, the user’s answer is used to extend the current query in
Line 20 before the CCBR cycle is repeated.

Algorithm 1. iNN(k)-L

Input: An integer k > 1 and a case base with attributes A
Output: A solution class S

1 Q<{}

2 S < undecided

3 while S=undecided do

4 begin

5 if all cases in r(Q, iNN(k)) have the same class label G

6 then S <G

7 elseif Ag=A

8 then S < class supported by most cases in r(Q, iNN(1))

9 else begin

10 G* < class supported by most cases in r(Q, iNN(k));

11 if all cases in r(Q, iNN(k)) that support G* have missing values for
12 allaeA-Aq

13 then S < class supported by most cases in r(Q, iNN(1))
14 else begin

15 select the feature a* = v* with most discriminating power
16 in favor of G* over all features a=v such thatae A — Aq
17 and 774(C)=v for at least one Ce r(Q, iNN(k)) such that
18 class(C)=G*;

19 v < askuser(a*);

20 Q< Qu{a*=v}

21 end

22 end

23 end

24 returnS

3. CBR-Confirm

CBR-Confirm is a CCBR system for classification and diagno-
sis tasks based on iNN(k). As described in Section 2, an initially
empty query (i.e., problem description) is incrementally extended
in iNN(k) by asking the user questions selected with the goal of
confirming a target class, and the CCBR dialogue continues until
the target class is confirmed or another solution is reached. In this
section, a brief discussion of our approach to explanation in CBR-
Confirm is followed by an example dialogue based on the contact
lenses dataset [40,41] in which iNN(k) is used with k=1 and local
feature selection (Algorithm 1).

3.1. Explanation in CBR-Confirm

Before answering any question in CBR-Confirm, the user can ask
the system to explain why the question is relevant. As described
in Section 2, feature selection in iNN(k) is informed by a measure
of discriminating power in favor of the target class. However, CBR-
Confirm does not attempt to explain the relevance of a selected
feature a* =v* in terms of its discriminating power, as the meaning
of this measure may not be apparent to the user. Instead, it explains
the relevance of a selected feature (as far as possible) by “looking
ahead” one step to determine its effects on the class distribution
in the iNN(k) retrieval set. For example, if G* is the target class, Q

is the current query, and all cases in the iNN(k) retrieval set for
Qu{a*=v*} support G*, then the effect of a*=v* will be to confirm
the target class.

Alternatively, the effect of a selected feature may be to elim-
inate all cases that support a competing class G from the iNN(k)
retrieval set. In contrast to inductive retrieval approaches based on
exact matching, this does not mean that such cases can never be
readmitted to the iNN(k) retrieval set as the user’s query is fur-
ther extended. However, it can be explained to the user that the
selected feature, if present, will provide evidence against the com-
peting class. If a selected feature has neither of these effects, then
CBR-Confirm’s explanation of its relevance is simply that it may help
to confirm the target class.

At each stage of a CCBR dialogue, CBR-Confirm also displays a
graph showing the percentage of cases in the iNN(k) retrieval set
that support each class. This provides a visualization of the reason-
ing process that enables the user to see immediately the effects of a
reported finding on the class distribution in the iNN(k) retrieval set.
Changes in the target class that the system is attempting to confirm
(i.e., the class currently supported by most cases in the retrieval set)
are also immediately visible to the user. A similar approach to visu-
alization of the reasoning process is used in CBR Strategist [7], a
CCBR system based on inductive retrieval.

At the end of a CCBR dialogue, CBR-Confirm displays the class
G it has selected (based on the criteria described in Section 2) as
the solution to the problem described by the user. The system also
explains its conclusion by showing the user the most similar case
that supports G. If two or more cases that support G are equally
similar to the problem described by the user (and more similar
than any other supporting case) then the first such case in the case
base is presented as the solution case. Also with the aim of increas-
ing transparency, features that match the problem described in the
user’s query are highlighted in the solution case.

3.2. Example dialogue in CBR-Confirm

Table 1 shows the questions asked, and the user’s answers, in a
CCBR dialogue in CBR-Confirm based on the contact lenses dataset
[40,41]. Feature selection is based on iNN(1)-L, and the target class
in each cycle of the example dialogue is shown. The table also shows
the explanation provided by CBR-Confirm, if requested by the user,
in each cycle of the CCBR dialogue. (As the task of contact lenses
selection is highly simplified in the dataset, the example dialogue
should not be regarded as a realistic example of decision making in
the domain.)

At the start of the example dialogue, CBR-Confirm selects the
majority class in the dataset (no contact lenses) as the target class.
The feature with most discriminating power in favor of the target
class (Section 2.6) is tear production rate =reduced, and so CBR-
Confirm asks the user for the tear production rate. In light of the
user’s answer (tear production rate =nnormal), the class now sup-
ported by most cases in the iNN(1) retrieval set is soft contact
lenses. CBR-Confirm therefore changes the target class to soft con-
tact lenses, and identifies astigmatism = no as the feature with most
discriminating power in favor of the new target class. There are no
further changes in the target class as the dialogue continues, and
soft contact lenses is finally confirmed as the solution even though
the spectacle prescription is unknown to the user in the third cycle.

At the end of the example CCBR dialogue, there are two cases
in the iNN(1) retrieval set, namely Cases 2 and 6. Both of these
cases have the same solution, and they are equally similar (0.75) to
the final query Q = {tear production rate = normal, astigmatism = no,
spectacle prescription = unknown, age = young}. The first of the two
most similar cases is thus presented to the user as the solution case.
The solution case (Case 2) is shown in Table 2. Matching features in
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Table 1

Questions asked by CBR-Confirm, and the user’s answers, in a CCBR dialogue based on the contact lenses dataset with question selection guided by iNN(1)-L. The target class
in each cycle of the CCBR dialogue is also shown, together with the explanations provided by CBR-Confirm if requested by the user.

Cycle no. Target class Question Explanation User’s answer
1 No contact lenses Tear production rate? If tear production rate =reduced this will confirm no contact lenses Normal

2 Soft contact lenses Astigmatism? If astigmatism = no this will be evidence against hard contact lenses No

3 Soft contact lenses Spectacle prescription? If spectacle prescription = hypermetrope this will confirm soft contact lenses Unknown

4 Soft contact lenses Age? If age = young this will confirm soft contact lenses Young

the solution case are indicated by a plus sign (+), and are similarly
highlighted in CBR-Confirm.

4. Experiments

In this section, we evaluate the performance of iNN(k) on a
selection of datasets related to medicine and health care. The per-
formance measures of interest in the evaluation are classification
accuracy and problem-solving efficiency as measured by the aver-
age number of questions required to reach a solution. We expect to
find that the algorithm’s accuracy and efficiency on a given dataset
depends on the value of kand also on whether local or global feature
selection (Section 2.7) is used in the algorithm.

4.1. Selected datasets

The datasets used in our experiments (all of which are available
from the UCI machine learning repository [41]) are described in
Table 3. All attributes in the selected datasets are nominal or dis-
crete, and there are missing values only in the breast cancer and
primary tumor datasets. The number of attributes shown for each
dataset does notinclude the class attribute. The SPECT heart dataset
[46] includes both the training and testing data provided in the UCI
repository.

4.2. Experimental methodology

Leave-one-out cross validation [47] is used to evaluate each
algorithm on the selected datasets. For this purpose, each case is
temporarily removed from the dataset and the problem features
in the left-out case are used to provide the description of a prob-
lem to be solved by a CCBR system based on iNN(k). During the
problem-solving process, features in the left-out case are revealed
by a simulated user in answer to questions selected by the CCBR
system. When asked for an attribute value that is missing in the left-
out case, the simulated user answers unknown. At the end of each
dialogue, the number of questions asked by the system is recorded
as well as whether or not the solution is correct (i.e., the same as in
the left-out case). The problem description from the left-out case
is also presented to a basic k-NN classifier in which ties for the kth
most similar case are broken by selecting the tied cases that occur
first in the dataset.

4.3. Classification accuracy

Table 4 shows the accuracy of k-NN for k=1, 3,and 5 and iNN(k)-
L/G for k=1, 2, and 3 on each of the selected datasets. The best
accuracy results are shown in bold for each dataset. Maximum lev-
els of accuracy in iNN(k) can be seen to exceed those achieved
by k-NN on all datasets except primary tumor. For example, the
highest accuracy on breast cancer (75.2%) was achieved by iNN(2)-

G and iNN(3)-G. The highest levels of accuracy on lymphography
(86.5%) and SPECT heart (84.3%) were also achieved by iNN(2)-G,
while accuracy on contact lenses was highest (83.3%) in iNN(1)-
L and iNN(2)-L. The best accuracy on primary tumor (41.3%) was
achieved by k-NN with k=5.

The results support our hypothesis that the accuracy of iNN(k)
on a given dataset depends on the value of k and on whether local
or global feature selection is used in the algorithm. It is also worth
noting that accuracy does not always increase as k increases in
iNN(k). In iNN(k)-G, for example, accuracy can be seen to decrease
or remain the same for all datasets as k increases from 2 to 3.

4.4. Dialogue efficiency

Average lengths of iNN(k) dialogues on the selected datasets
are shown in Table 5. The number of attributes in each dataset (i.e.,
the maximum possible length of a CCBR dialogue) is also shown in
the table. The results support our hypothesis that the efficiency of
iNN(k) on a given dataset depends on the value of k, and on whether
local or global feature selection is used in the algorithm. They also
reveal some interesting patterns in the algorithm’s performance
in terms of dialogue efficiency. For example, the average length of
CCBR dialogues in iNN(k)-L/G can be seen to increase or remain
unchanged for all five datasets as k increases from 1 to 3. There is
also a clear tendency for average dialogue length to increase from
iNN(k)-L to iNN(k)-G for k=1, 2, and 3.

The efficiency of CCBR dialogues in iNN(k) is most apparent
in the results for the two datasets with the largest numbers of
attributes, namely lymphography (18) and SPECT heart (22).Inlym-
phography, for example, less than 50% of features in a complete
problem description are required on average to reach a solution in
all six versions of iNN(k). However, lower levels of dialogue effi-
ciency were achieved on some of the other datasets, for example
with average dialogue lengths for breast cancer ranging from 70%
to 91% of the number of features (9) in a complete problem descrip-
tion.

4.5. Accuracy vs. efficiency

A trade-off between accuracy and efficiency can be seen, for
example, in the iNN(k)-G results for lymphography. An increase
in accuracy from 79.1% in iNN(1)-G to 86.5% in iNN(2)-G (Table 4)
is gained at the expense of an increase in average dialogue length
from 5.5 to 7.5 (Table 5). Nevertheless, the average number of fea-
tures (7.5) required for 86.5% accuracy in iNN(2)-G is much smaller
than the number of features (18) in a complete problem descrip-
tion. Average dialogue length required for maximum accuracy in
iNN(k) ranges from 42% to 84% of the numbers of attributes in the
five datasets, with an overall average of 62%.

Among the six versions of iNN(k) evaluated in our experiments,
iNN(2)-G was most effective in addressing the trade-off between

Table 2
Solution case presented to the user at the end of the example CCBR dialogue in CBR-Confirm.
Age Spectacle prescription Astigmatism Tear production rate Class
Case 2: Young (+) myope No (+) Normal (+) Soft contact lenses
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Table 3
Datasets used in the experiments.
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No. of attributes No. of cases No. of classes Missing values
Contact lenses 4 24 3 No
Breast cancer 9 286 2 Yes
Primary tumor 17 339 21 Yes
Lymphography 18 148 4 No
SPECT heart 22 267 2 No
Table 4
Accuracy of k-NN and iNN(k)-L/G on the selected datasets. The best accuracy results for each dataset are shown in bold.
Dataset k-NN iNN(k)-L iNN(k)-G
k=1 k=3 k=5 k=1 k=2 k=3 k=1 k=2 k=3
Contact lenses 75.0 62.5 70.8 83.3 833 70.8 70.8 70.8 70.8
Breast cancer 72.7 73.4 73.4 70.3 73.1 74.5 71.7 75.2 75.2
Primary tumor 33.0 36.6 41.3 34.8 40.4 40.4 36.6 39.5 39.5
Lymphography 78.4 79.7 81.8 74.3 79.1 83.1 79.1 86.5 85.8
SPECT heart 73.0 74.9 78.7 77.5 82.4 82.0 79.0 84.3 83.5
Table 5
Average lengths of iNN(k) dialogues (i.e., average numbers of questions asked) on the selected datasets. The number of attributes in each dataset is also shown.
Dataset No. of attributes iNN(k)-L iNN(k)-G
k=1 k=2 k=3 k=1 k=2 k=3
Contact lenses 4 21 2.1 24 2.1 23 24
Breast cancer 9 6.3 6.9 7.5 6.8 7.6 8.2
Primary tumor 17 9.9 134 144 11.6 14.9 15.6
Lymphography 18 5.0 6.3 7.3 5.5 7.5 8.6
SPECT heart 22 8.1 8.8 9.8 9.7 11.2 12.3

accuracy and efficiency on breast cancer, lymphography, and SPECT
heart, while iNN(2)-L gave the best iNN(k) results on contact lenses
and primary tumor. We now look more closely at the characteristics
of CCBR dialogues in the versions of iNN(k) that gave the best results
on the respective datasets. Fig. 1 shows the minimum, average, and
maximum lengths of CCBR dialogues in iNN(2)-G on breast cancer,
lymphography, and SPECT heart, and the corresponding results for
iNN(2)-L on contact lenses and primary tumor.

An interesting feature of the results is that the maximum pos-
sible dialogue length (e.g., 18 on lymphography) is reached on all
datasets. This means that in some CCBR dialogues, the simulated
user was asked to provide a complete description of the problem
(or as near a complete description as possible). This applies equally
to the datasets (contact lenses, lymphography, and SPECT heart) in
which the absence of missing values means that the simulated user
is never forced to answer unknown to any question. On the other
hand, minimum dialogue length is less than 5 for all datasets.

Fig. 2 shows the cumulative frequencies, in percentages, of the
lengths of CCBR dialogues in iNN(2)-G on breast cancer, lymphog-

raphy, and SPECT heart, and the corresponding results for iNN(2)-L
on contact lenses and primary tumor. The results clearly show the
efficiency of iNN(2)-G on lymphography, with at most 5 of the 18
featuresin a complete problem description being used in more than
50% of CCBR dialogues. A high level of dialogue efficiency can also
be seen in the iNN(2)-G results for SPECT heart, with at most 7 of
the 22 features in a complete problem description being used in
more than 50% of dialogues. However, the steep rise in cumulative
frequency from 21 to 22 questions in SPECT heart shows that more
than 25% of dialogues extend to full length (22) on this dataset. It
can also be seen that CCBR dialogues in iNN(2)-G are much less effi-
cient on the breast cancer dataset, with the simulated user being
asked at least 8 of the 9 possible questions in more than 50% of
dialogues.

In iNN(2)-L, there is a marked contrast in the efficiency of CCBR
dialogues on contact lenses and primary tumor. For example, a solu-
tion is reached after only one question has been asked in 50% of
contact lenses dialogues, while more than 50% of primary tumor
dialogues extend to the maximum length of 17 questions. On the
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Fig. 1. Minimum, average, and maximum lengths of CCBR dialogues in iNN(2)-G on breast cancer, lymphography, and SPECT heart, and in iNN(2)-L on contact lenses and

primary tumor.
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Fig. 2. Cumulative frequencies, in percentages, of the lengths of CCBR dialogues
in iNN(2)-G on breast cancer, lymphography, and SPECT heart, and in iNN(2)-L on
contact lenses and primary tumor.
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Fig. 3. Frequencies, in percentages, of the lengths of CCBR dialogues in iNN(2)-G on
the lymphography dataset.

other hand, at most 8 questions are asked in 25% of primary tumor
dialogues.

Fig. 3 shows the frequencies, in percentages, of the lengths of
CCBR dialogues in iNN(2)-G on the lymphography dataset. Again
the results clearly show the efficiency of iNN(2)-G on this dataset,
with a modal dialogue length of 4 and dialogue lengths of 3, 4, and
5 accounting for more than 50% of CCBR dialogues.

5. Conclusions

In this paper, we presented and evaluated an approach to CCBR
in medical classification and diagnosis that aims to increase trans-
parency while also providing high levels of accuracy and efficiency.
Feature selection in iNN(k), our CCBR algorithm, is driven by the
goal of confirming a target class and informed by a measure of
a feature’s discriminating power in favor of the target class. As
demonstrated in a CCBR system called CBR-Confirm, this enables
a CCBR system to explain the relevance of any question it asks the
user. We also presented the results of an empirical study in which
iNN(k) was applied to a selection of datasets related to medicine
and health care from the UCI machine learning repository [41].

The performance of iNN(k) on a given dataset was shown to
depend on the value of k and on whether feature selection is per-
formed locally or globally in the dataset. We investigated several
combinations of these parameters and identified the version of
iNN(k), among those studied, that was most effective in address-
ing the trade-off between accuracy and efficiency on each of the
selected datasets. Our results show the ability of iNN(k) to provide
high levels of accuracy on most of the selected datasets, while often
requiring the user to provide only a small subset of the features in
a complete problem description. For example, only 42% and 51%
on average of the features in a complete problem description were

needed for the maximum levels of accuracy achieved by iNN(k) on
lymphography (86.5%) and SPECT heart (84.3%).

While our analysis of iNN(k) in this paper has focused on its
potential role as an algorithm for CCBR, a non-interactive version of
the algorithm could also be used to guide feature selection with the
aim of increasing accuracy in situations where a problem descrip-
tion is provided in advance, as in traditional CBR approaches to
medical classification and diagnosis. However, a limitation of our
current approach to feature selection in iNN(k) is the requirement
for all attributes in the dataset to be nominal or discrete. In future
research, we aim to address this issue by investigating alternative
approaches to feature selection in iNN(k) for datasets with contin-
uous attributes.
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