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Abstract. In this paper we present an efficient hybrid classification al-
gorithm based on combining case-based reasoning and random decision
trees, which is based on a general approach for combining lazy and eager
learning methods. We use this hybrid classification algorithm to predict
the pain classification for palliative care patients, and compare the re-
sulting classification accuracy to other similar algorithms. The hybrid
algorithm consistently produces a lower average error than the base al-
gorithms it combines, but at a higher computational cost.
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1 Introduction

Case-based reasoning (CBR), including instance-based methods, represents a
unique approach to learning and problem solving compared to generalization-
based methods. It is therefore often a choice of one method in a hybrid system,
complementary to generalization-based and inductive methods. Examples in-
clude using an ensemble of different inductive methods to perform adaptation in
CBR [12], and a neural network approach for adaptation, revision, and retain-
ment of cases [5]. As a lazy learning method that postpones the generalization
step until problem solving time [1], CBR has the advantage of including con-
textual information that an eager approach would not have access to, thereby
adapting the reasoning to the particular characteristics of the problem to solve.
Eager methods, on the other hand, have the advantage that parts of the problem
solving behaviour can be precomputed during training, which enables reduced
storage space and faster query processing.

A path of our research is to explore the combination of model-based reason-
ing, starting from a predefined model that make some top-down commitments,
with case-based reasoning that make very few high level commitments but rather
grows its knowledge base (case base) in a bottom-up fashion. An example is the
combination of Bayesian Networks with case-based reasoning [4]. In this paper
we examine a hybrid approach that uses a modified version of an eager method,



Random Decision Trees (RDT), that can be partially precomputed and partially
adapted to the particular problem query.

As of today, there is no consensus about the set of classes that should be used
for pain classification in palliative care [9]. Our domain is open and changing,
which is why we study methods of machine learning and decision support that
are able to produce useful results without making very strong commitments
about the domain.

In an earlier study we examined the problem of determining case similarity
in our palliative care domain, and created a hybrid RDT approach to locate the
most similar case in the case base [7]. In the work presented here we extend our
approach by developing algorithms for classifying cases. We do this by predicting
the average pain and worst pain values for the third week after the first consul-
tation, based on the information collected for the first two weeks. These values
are important because the objective is to minimize the patient’s pain, and the
doctor’s approach for relieving the patient’s pain is applied in full during the
second week. In the third and following weeks, the patient is mainly observed
and pain medication is modified according to needs.

In the next section we review some earlier relevant research, which is followed
in section 3 by a description of our RDT-based experiment and the algorithms
used in the experiment. In section 4 we compare the algorithms and their pa-
rameters and discuss empirical results from running the algorithms on a case
base of palliative care patients. Concluding remarks end the paper.

2 Related Research

Studies of ensembles of random decision trees have been extensive. Among the
most well-known is the Random Forest (RF) classifier [3] which grows a number
of trees based on bootstrap samples of the training data. For each node of a
tree, m variables are randomly chosen and the best split based on these m
variables is calculated based on the bootstrap sample. Each decision tree results
in a classification and is said to cast a vote for that classification. The ensemble
classifier returns the class that receives the most votes. RF can also compute
proximities between pairs of cases that can be used for clustering and data
visualization, and hence as similarity measures for case-based reasoning.

In a thorough study of ensemble method types it was found that the perfor-
mance of an ensemble learning approach varies substantially across applications.
Bian et. al. [2] studied homogeneous and heterogeneous ensembles and found
connections between diversity and performance, and an increased diversity for
heterogeneous ensembles.

A contribution to the analysis of the laziness vs. eagerness distinction, which
corresponds with the distinction between global and local approximations to the
target function, was made by Hendrickx and den Bosch [6]. They studied several
hybrid methods as well as their single components. The analysis showed that the
k-NN method outperformed the eager methods, while the best hybrid methods
outperformed any single methods on combined generalization performance and



Fig. 1. Using a similarity-based local case subset as training data. A set of neighbors
of the marked problem query to solve are shown as the cases that lie within the circle.
That set is used to train an independent learning algorithm.

statistical error bias. A combined approach for optimizing the combined learning
and classification time of lazy and eager learners was developed by Mohebpour
et.al. [11], a problem also addressed by Veloso and Meira [14].

A particular problem relates to the utility of learned knowledge. The ”utility
problem” occurs when additional knowledge learned decreases a reasoning sys-
tem’s performance instead of increasing it [10, 13]. Theoretically this will always
occur in a CBR system when the system’s case base increases without bound.
The utility problem is not necessarily observed in practice for real-world CBR
systems with moderately-sized case bases, however.

Based on one of our own studies [8], we suggest that the usefulness of an
optimization should be measured by the effect it has on the reasoning system’s
overall utility. We measured an example system’s total solution time to show that
case base size reduction methods can be counterproductive because the methods
were more computationally demanding than simply reasoning using the larger
unreduced case base.

3 Random Decision Tree Classification Experiment

The hybrid random decision tree (RDT) algorithm presented here is an approach
to combining machine learning methods with case-based reasoning. We retrieve
the most similar half of the available cases using a domain-specific relevance
measure (a general illustration of this approach is shown in figure 1). We then
run our RDT algorithm as a computationally efficient machine learner using
this subset of cases as training data. This approach combines the lazy and lo-
cally specific characteristics of a CBR retrieval with the more eager and global
characteristics often seen in traditional machine learning algorithms.

In the presented research we expand the use of our RDT algorithm from
being a pure similarity measure to also predicting the classification of unseen



cases. As part of its internal computations, each decision tree in our algorithm
is partitioning the cases in the case base between its leaf nodes. This is con-
ceptually similar to how indexing trees used for efficient retrieval in CBR are
constructed. We exploit this insight to create a classification algorithm where
each tree classifies a new problem query based on the previous cases that lead
to the same leaf node as the new problem query.

If each tree classifies cases as the arithmetic mean of the classification of
previous cases in the same leaf node, and the average of each tree is used as
the combined classification, then it is not necessary to enumerate the specific
subsets of cases present in each leaf node. It is sufficient to know how many
times each case shares a leaf node with the problem query, and then the combined
classification can be determined by taking the weighted average, where each case
is assigned a weight equal to the number of times it shares a leaf node with the
problem query.

The number of times a case shares a leaf node with the problem query is
precisely the proximity of the case, for which we have previously developed an
efficient computational method while exploring the use of RDTs to determine
similarity [7].

Using this proximity-weighted averaging approach, we have implemented a
purely RDT-based classifier and a hybrid RDT+CBR classifier. We explore their
characteristics related to the palliative pain classification domain. For compari-
son purposes we also test a k-NN classifier corresponding to the CBR part of the
hybrid, and a simple and very fast algorithm based only on averaging. We com-
pare the results obtained from these algorithms according to their computational
complexity.

Our data set consists of 1486 cases with numerical features based on patients
in the palliative care domain. The problem description we use for input queries to
be solved consists of 55 numerical features based on measurements and classifi-
cations obtained during the first two weeks after the first consultation. Examples
of these features include the patient’s age, the reported average pain for week 1
on a scale from 0-10, the total opioid dose given as pain relief for week 2 as a
floating point number, and similar features for other aspects such as insomnia,
cognitive functioning and use of antidepressants. As the solution to predict we
use 2 classifications related to the patient’s pain for the third week: the reported
average pain and worst pain on scales from 0-10.

3.1 Algorithms

Computed-Average computes the mean average pain and worst pain values
based on the cases encountered so far, and uses these computed means as the
predicted classifications for the new problem query. It is a simple and fast al-
gorithm which only learns from the problem solutions. It performs this limited
task well, and is used as a baseline comparison for the other algorithms which
attempt to also learn domain knowledge from the more complicated problem
descriptions.



CBR-k-NN selects the average of the k most similar previously encountered
cases. Similarity is measured using a simple CBR-Difference-Measure func-
tion that was provided as a rough relevance estimate. This estimate is based on
differences in 8 values in the data set that correspond to the variables a domain
expert considers most important. For k = 1 this is the same as retrieving and
copying the solution from the most similar case, while k ≥ 2 performs averaging
as a simple and knowledge-lean multi-case adaptation step during reuse.

N-RandomTrees-Classifier is based on our presented approach for clas-
sification by efficiently evaluating random decision trees on case subsets. N trees
are grown and the average pain and worst pain values are predicted as the av-
erage of all cases in the case base weighted by their computed proximity to the
problem query.

N-Hybrid-Classifier is our hybrid combination of the CBR relevance mea-
sure and using our RDT algorithm for classification. For every input problem
query, the CBR-Difference-Measure function is used to narrow the case
base down to the most similar half. Then N trees are used to compute the av-
erage and worst pain as in the N-RandomTrees-Classifier algorithm, but
based only on the cases from this most relevant half of the case base.

4 Results and Discussion

To achieve a fair comparison we generate 10 versions of the input where the
same patient cases are used, but in 10 different randomly shuffled orders. We
evaluate the algorithms by their average result from each of these modified case
bases. We use this approach because the results of a single run-through of the
case base can vary, due to intrinsic randomness in the RDT-based algorithms
and differences caused by the order in which the cases are presented. For each
algorithm we measure the root mean square error (RMSE) for solving each of
the 10 permuted case bases, and report the average RMSE value.

Figure 2 shows the measured average root mean square error for the different
algorithms, compared according to the time (computational resources) required.
The result for the Computed-Average algorithm is shown as a single point,
as there is no varying parameter and the execution time for a given set of in-
puts remains constant apart from small random fluctuations in the computing
environment. The exact time required depends on the type of computing device
that is used to run the algorithms, but we focus on the relative differences be-
tween these algorithms which is primarily determined by their computational
complexity.

The results for CBR-k-NN are not as sensitive to the exact value of k as an
initial reading of the graph might suggest, because the value of k has a relatively
small effect on the time required to run the algorithm. In fact the visible line for
CBR-k-NN in the graph spans from around k = 5 to k = 1000.

Additional details are shown in table 1, with numerical values for a subset
of the results. The results shown in the table are marked as points in figure 2.



Fig. 2. Experimental results for the different algorithms and parameters, compared to
the computational resources required. (Lower error and faster time is better.)

The underlying CBR-Difference-Measure function is not in itself par-
ticularly potent as a direct similarity measure. CBR-1-NN produces an error of
4.14. This is worse than a trivial classifier that always predicts 5 as the solution,
which produces an error of 3.62 using the same experimental setup. However, the
variables identified by the domain expert are indeed relevant, as a completely
random similarity measure that retrieves a case at random produces an error of
4.46.

This indicates that the similarity measure is helpful for locating the most
relevant cases, but that predicting the pain values based on only a single sim-
ilar patient is unlikely to work well in this domain. A relatively large k value
of around 75 produces the best result for the CBR-k-NN algorithm in this
experiment.

For our RDT approaches a higher number of trees N produces better results.
Unlike how k affects CBR-k-NN, there is no particular sweet spot for N in either
the RDT trees or the hybrid approach above which the results start deteriorating.
However, the improvements flatten out to become negligible compared to the
increase in computational resources required when using more than around 1000
trees.

N-Hybrid-Classifier has the lowest overall error but a comparatively
high computation costal, while Computed-Average and N-Random-Trees-
Classifier are good choices to produce results very quickly.

This illustrates an important trade-off between speed and accuracy when
choosing a classifier. In this experiment, our approach to combining lazy and
eager classifiers to make a hybrid classifier produced better predictions, but
at an increased computational cost. Whether the increased accuracy is worth
the additional complexity and increased resource cost depends on the exact
application and usage of the reasoning system. Given a time limit for a particular
application, the algorithm that produces the best results can e.g. be determined
as the lowest line at that point in a graph such as the one shown in figure 2.



Table 1. Numerical results for our algorithms in the palliative care domain, showing
the computation time required and the average root mean square error.

Algorithm Time Error

Computed-Average 1.4 seconds 3.14

CBR-1-NN 26 seconds 4.14
CBR-10-NN 30 seconds 3.09
CBR-75-NN 31 seconds 3.01
CBR-500-NN 32 seconds 3.08

1-Random-Trees-Classifier 1.5 seconds 3.13
10-Random-Trees-Classifier 1.6 seconds 3.10
100-Random-Trees-Classifier 2.9 seconds 3.09
1000-Random-Trees-Classifier 17 seconds 3.08
10000-Random-Trees-Classifier 150 seconds 3.08

1-Hybrid-Classifier 28 seconds 3.03
10-Hybrid-Classifier 30 seconds 3.01
100-Hybrid-Classifier 31 seconds 3.00
1000-Hybrid-Classifier 46 seconds 2.99
10000-Hybrid-Classifier 180 seconds 2.99

5 Conclusions and further research

In this paper we have presented an approach for classifying unseen cases in the
palliative care domain by extending our efficiently computable random decision
tree (RDT) algorithm. We have developed methods for predicting the average
pain and worst pain values for palliative care patients. We used a case-based
k-NN method using a domain-specific relevance measure, a knowledge-lean im-
plementation of our RDT method and a hybrid combination of the relevance
measure and the RDT approach. The base RDT approach produced results very
quickly, while the hybrid approach produced better results than either of the base
algorithms at a comparable computational cost to running the k-NN method.

In the palliative care domain, where patients receive treatment over several
months and a better result can potentially result in reduced suffering, using the
best possible algorithm is usually worthwhile. However, in this domain, increas-
ing the parameter for the number of trees in the hybrid algorithm above around
1000 increases the computational cost with negligible improvements in accuracy.

In our ongoing and future work, we are experimenting with using meta-level
reasoning as part of the problem solving process. Our goal is to automatically
determine which algorithm produces the best results for a given data set, and
to use that algorithm for solving future problem queries.
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