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Abstract

The quality of a learning algorithm is characterized
by the accuracy, stability and comprehensibility of the
models it generates. Though ensembles produce ac-
curate and stable classifiers, they are hard to interpret.
In this paper, we propose a meta-learning method for
ID3 that makes use of an ensemble for gaining accuracy
and stability and yet produces a single comprehensible
classifier. The main idea here is to generate additional
examples at every stage of the decision tree construc-
tion process and use them to find the best attribute test.
These new examples are classified using the ensemble
constructed from the original training set. The num-
ber of new examples generated depends on the size of
the input attribute space and the input attribute values of
new examples are partially determined by the algorithm.
Existing work in this area deals with the generation of a
fixed number of random examples. Experimental anal-
ysis shows that our approach is superior to the existing
work in retaining accuracy and stability gains provided
by the ensemble classifier.

Introduction
Machine learning deals with the design of algorithms that
automatically extract useful knowledge from past experi-
ences. Mathematically, given a set of training examples
that partially describes a functiony = f(X), the learning
algorithm’s task is to output a classifier that approximates
the true functionf and predict they value for an unseen
X. Several learning algorithms have been proposed in
the literature that largely vary by the way they represent
the final classifier. Examples are ID3 (Quinlan 1993a),
CN2 (Clark & Niblett 1989), Neural Networks (Gallant
1993). Though these algorithms are experimentally proved
to produce accurate classifiers on a collection of real world
examples, they are over responsive to training data; i.e., with
small changes in the training data, they produce entirely
different classifiers.

Learning multiple models (also called ensembles) for re-
ducing instability as a means to improve accuracy of learn-
ing algorithms has been an active line of research (Diet-
terich 1997). The idea here is to learn several different
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models by varying the learner or the training data and then
combine these models in some way (voting) to make pre-
dictions. Different forms of this approach include bag-
ging (Breiman 1996), boosting (Freund & Schapire 1996)
and stacking (Wolpert 1992). Though this approach im-
proves stability and accuracy, it gives up the essential char-
acteristic of a learner, namely output comprehensibility. Un-
derstanding the several models produced by this approach
and keeping track of how they interact to predict a new
case is a hard task for the user. There has been substantial
work on improving the comprehensibility of learned classi-
fiers (Quinlan 1993b) and (Craven & Shavlik 1996) since
users often wish to gain insight into a domain rather than
simply obtain an accurate classifier for it. This is possible
only if they are able to understand the learner’s output. Even
when predictive accuracy is the sole goal, comprehensibil-
ity is an important asset for a learner, because it facilitates
the process of interactive refinement that is crucial for most
practical applications (Domingos 1997).

In this paper, we present an oracle based meta-learning
method calledoracleID3 for ID3 (Quinlan 1993a) that gen-
erates additional examples at every stage of the decision tree
construction process, classifies them using a bagged ensem-
ble, adds them to the training data and then induces a single
comprehensible decision tree. This method is inspired from
Combined Multiple Models (CMM, for short) approach pro-
posed by (Domingos 1997). The main idea behind this ap-
proach can be summarized as follows: In general, when the
training data is sparse, the learning algorithm’s heuristics
(information gain in the case of ID3) may not allow it to
find the accurate classifier. The learning algorithm’s heuris-
tics may benefit if the algorithm is given some additional
examples. The class values of these additional examples can
be found from an ensemble constructed from the same train-
ing data, as the ensemble is shown to be more accurate than
single classifier (Breiman 1996). It is also shown that ac-
curacy and stability of learned models tend to increase with
the training set size (due to decreasing variance) (Kohavi &
Wolpert 1996).

However, the proposed method differs from CMM in two
principal ways. In CMM, the values of new examples are
generated randomly following the distribution inherent in
the classifier produced by the bagged ensemble and the num-
ber of new examples is set to 1000 irrespective of the size of



the training set. In the proposed method, the new examples
are added at every stage of the decision tree construction
process and the values of input attributes of new examples
are partially discovered by the algorithm. The number of
new examples generated depend on the domain size of train-
ing data and vary from one dataset to other. These two mod-
ifications are necessary in order to properly guide the heuris-
tics of the learner and to vary the number of new examples
according to training set’s domain size, as generating too
many examples may mislead the meta-learning algorithm
in the case of small attribute spaces. It is also pointed out
in (Domingos 1997) that the number of new examples need
to be derived from the dataset size in order to produce less
complex models. The proposed method is empirically eval-
uated to verify its superiority to CMM approach in retaining
accuracy and stability gains provided by bagged ensemble.

The rest of the paper is organized as follows: Section 2
reviews the related work while Section 3 presents our meta-
learning method. Section 4 evaluates the method proposed
and Section 5 finally concludes by shedding light on future
directions.

Related Work
Making the classifier produced by a learner simpler and
more comprehensible has been the prominent direction of
research in inductive learning. Work by (Quinlan 1993b)
concerns with the production of simpler decision trees apart
from its effect on accuracy. There has been some focus on
extracting single, comprehensible decision tree from mul-
tiple decision trees. (Quinlan 1987) describes merging all
branches from multiple decision trees into a single rule set
and extracting the best rules. (Buntine 1990) describes a
method to extract a single good decision tree from an option
tree (Kohavi & Kunz 1997). (Shannon & Banks 1997) pro-
posed a method for combining multiple decision trees into
one, based on measuring distances between them and find-
ing the median tree.

A meta-learning approach (called as CMM) for extract-
ing comprehensible decision trees from ensembles was pro-
posed by (Domingos 1997). Here, a bagged ensemble is
constructed from the original training set and some fixed
number of new examples are generated and added to the
original training set. The output values of new examples
are found using the ensemble. The main idea here is that
increasing the size of the training set decreases the vari-
ance thus resulting in more stable classifiers. As this meta-
learner learns a single decision tree from the original and
new dataset, the classifier it produces is comprehensible
when compared to that of bagged ensemble.

CMM is an example of an approach for extracting com-
prehensible output from a learned model. Substantial re-
search has been carried out in the case of neural net-
work (Towell & Shavlik 1993) and (Andrews & Dietterich
1996). Algorithms based on queries to an oracle are also
relevant to this problem. For example, work by (Craven &
Shavlik 1996) uses an already learned neural network model
as an oracle and learns a comprehensible decision tree. The
main focus of this work is on generating symbolic knowl-

edge from neural networks without losing much on accu-
racy.

Proposed Meta-Learning Algorithm
In this section, we first briefly describe the ID3 algorithm,
then analyze the reasons for instability of the models it pro-
duces and finally present our meta-learning method.

ID3
Given a set of training examples of the form
(x1, x2, ..., xm, y) that partially describes some un-
known function,y = f(X), ID3 produces a classifier that
approximates the true function,f , in the form of a decision
tree. Each internal node of a decision tree describes a test
on one of the input attributes,xi, and an edge emanating
from a node represents an outcome of the test at that node.
Leaves specify the output class of examples associated with
it. The value of a test case is found by propagating it down
the decision tree following the path satisfied by the input
attributes of the test case till it reaches the leaf; the value of
the test case is then predicted as that of the leaf.

The crux of ID3 algorithm lies in finding the attribute tests
at each internal node of the tree. Every node of the tree is
associated with a subset of training examples and input at-
tributes. The example set present in each node is partitioned
according to a test on each input attribute associated with
that node. Each test is then evaluated based on a measure
called information gain. The test that gives the maximum
information gain is chosen for the current node and children
nodes are created depending the number of outcomes of the
test. Each child is populated with those examples present
in the current node which satisfy the outcome of the test.
The method is repeated till a node contains all examples that
have same output value or no further test can be found that
results in information gain.

As (Ali 1996) points out, the main reason for instability
of ID3 is that a candidate with the highest information gain
is flanked by other candidates that have “almost as much”
information gain. The candidate that is truly the best appears
to be second best due to the inclusion or exclusion of a few
examples. Moreover, a small change in one split close to the
root will change the whole subtree below (Breiman 1994).
So, a small change in the training data can drastically change
the decision tree learned.

(Kohavi & Kunz 1997) propose a method that mitigates
the above said problem by including option nodes in the de-
cision tree. An option node is like anor node inand-or
trees. It contains tests on more than one attribute and repre-
sents uncertainty in the decision process. Though it is shown
to increase the stability of ID3, option trees are hard to inter-
pret when compared to a single decision tree, as the user has
to keep track of several subtrees when predicting the value
of a new case.

Oracle ID3
In this sub section, we present our oracle based meta-learner
for ID3 that tries to avoid above mentioned drawbacks by
generating additional examples that would help discover the



correct attribute test at each node of the decision tree. The
proposed meta-learning method, shown in the Algorithm 1,
mainly consists of three modules:Oracle, Tree Expander
andExample Generator. Example generator finds the input
values of new examples while the class values of these addi-
tional examples are predicted with the help of an ensemble
(called Oracle). The main purpose of Tree expander is to
evaluate all the attribute tests and choose the best one. The
details of three modules are given in the following.

Algorithm 1 oracleID3(training examples)
Queue← Φ
initialize the root of the tree,T , as a leaf node
put(T , training examples) intoQueue
construct bagged ensemble (Oracle) from
training examples
while Queue is not emptydo

remove (N , examplesN ) from head ofQueue
find k candidate attribute tests that result in maximum
information gain
for each candidate test,t do

let xt be the attribute tested int
partitionexamplesN according to outcomes oft
for each outcome,o, of the test,t do

constructn (equal to size of the partition) new ex-
amples in the following way:
let p be the path from root of the tree to the current
node,N
let X be the attributes tested at the nodes on the
pathp
let V be the labels of the edges on the pathp
set the values of the attributesX to V in each new
example
set the value ofxt to the outcome,o
set the values of remaining attributes to one of the
possible respective domain values randomly
useOracle to find the output value of each new
example
add the new examples thus constructed in the cur-
rent partition

end for
end for
re-evaluate candidate tests
select the best test,tbest
for each outcome,o, of tbest do

makeC, a new child node ofN
examplesC ← members ofexamplesN with out-
comeo on test,tbest
put (C, examplesC) intoQueue

end for
end while
returnT

Oracle The main role of oracle is to predict the class val-
ues of new examples. Here the oracle is a bagged ensemble
constructed from the original training set using ID3 as the
base learning algorithm. The number of models (decision

trees) generated in bagging is set to 10. The new examples
presented to the oracle are complete in the sense that the
values are given for all input attributes.

Tree Expander Given a node of the tree and a set of train-
ing examples associated with it, the tree expander’s task is
to expand the node by choosing the correct attribute test for
that node. Finding the attribute test for a given node is a two
step process. First, tree expander finds the topk attribute
tests that result in the partitions having maximum informa-
tion gain. It then passes these partitions and the partially
constructed tree to the example generator which adds ad-
ditional examples in all the partitions. The second step is
to re-evaluate each candidate attribute test and pick the best
partition.

Example Generator The main task of this module is to
find the input attribute values of new examples. Input to this
module consists of the partial tree (possibly empty) so far
constructed and the candidate attribute tests at the current
node. For each candidate attribute test,t, it addskp new
examples to each partition,p (resulted due to the attribute
test,t) wherekp is the size of the partition,p. The values of
new examples are given by the labels on the path from the
root to the current node. Note that, this path does not specify
values for all input attributes; the remaining attributes are
generated randomly. The output value of each new example
is found from the oracle.

The main idea here is to re-evaluate the top partitions at
each node by providing additional information in the form
of new examples and pick the correct attribute test. Here
the number of candidate tests examined is set to 3 in ac-
cordance with the empirical results provided in (Kohavi &
Kunz 1997). The number of examples generated at each
node is found by some preliminary experimental analysis
and is set to the size of the partition in which new examples
are added.

Empirical Evaluation
This section presents empirical evaluation of our method.
The question of whether the proposed method is superior
to CMM approach in retaining accuracy and stability gains
provided by ensemble classifier has to be answered exper-
imentally. The underlying ID3 algorithm we implemented
was the basic method proposed in (Quinlan 1993a), which
does not deal with the missing values. Ensemble was con-
structed using bagging technique (Breiman 1996) with ID3
as the base learner. In our implementation of CMM ap-
proach to ID3, the number of new examples was set to 1000.

The experiments are carried out on 9 datasets taken from
UCI Machine learning repository (Merz, Murphy, & Aha
1997). The characteristics of the datasets chosen for ex-
perimental analysis are shown in Table 1. There are ba-
sically two kinds of datasets: full training sets taken from
large domains and a small portion (10%) of available train-
ing data taken from small domains. The datasets Breast-
Cancer, Lung-Cancer, Cancer and Zoo fall in the first cate-
gory while Monk1, Monk2, Monk3, Car and Nursery come



Dataset ]examples ]attrs ]classes ]val/attrs
Cancer 683 9 2 10

Breast-Cancer 277 9 4 5.67
Lung-Cancer 33 56 2 4

Zoo 101 16 1 2
Monk1 24 6 2 2.8
Monk2 84 6 2 2.8
Monk3 122 6 2 2.8

Car 172 6 4 3.5
Nursery 1296 8 5 3.4

Table 1: Characteristics of the datasets used in experimental study

Dataset ID3 bagged ID3 oracle ID3 CMM ID3
Breast-Cancer 58.84± 2.3 67.65± 4.19 65.52± 2.77 60.64± 2.32
Lung-Cancer 78.89± 3.56 85.19± 5.63 83.33± 4.1 81.85± 3.48

Cancer 91.1± 4.53 92.68± 7.32 92.82± 5.52 92.15± 6.3
Zoo 90.72± 5.6 94.1± 9.8 93.91± 8.22 92.97± 8.4

Monk1 78.37± 7.1 81.6± 13.7 80.23± 10.83 76.74± 9.63
Monk2 58.14± 8.2 65.11± 10 63.25± 10.32 61.86± 9.53
Monk3 90.7± 12.25 95.12± 10 95.34± 9.80 94.41± 9.60

Car 77.67± 4.7 82.56± 8.74 81.16± 10.12 80.23± 9.74
Nursery 88.97± 1.7 90.74± 3.37 89.33± 3.43 88± 3.68

Table 2: Accuracy results of ID3, baggedID3, oracleID3 and CMMID3

under second category. The second kind of datasets (small
domains) are chosen in order to verify whether keeping the
number of new examples dependent on the size of the at-
tribute space would result in more accurate classifiers. The
reason for taking only a poriton of training data in the case
of small domains is to assess the usefulness of additional
examples when learning from sparse training data.

Classification accuracies are measured using 10-fold
cross validation. The average and standard deviation of ac-
curacies for all methods are shown in Table 2. From the
table, it is evident that accuracy gains retained by our ap-
proach are more than that of CMM, for the datasets chosen.
On the average, our approach loses only 1.2% of accuarcy
gains provided by the bagged ensemble while CMM loses
3.1%. OracleID3 is more accurate than ID3 and CMMID3
with a confidence of 90% according to a pairedt-test. Ta-
ble 3 shows the number of new examples generated by our
approach for each dataset. It is clear from the table that new
examples are generated according to the size of the training
set. Note that at every level, additional examples are added
for several candidate tests. The number indicated here is the
number of new examples finally added to the original train-
ing data, meaning the sum of the number of examples added
for the best attribute test found after re-evaluation, at all lev-
els.

Note that in the case of large domains, the upper bound
didn’t allow our algorithm to generate more than 1000 new
examples. In the case of small domains, our approach
clearly dominated CMM even though it generated less num-
ber of examples compared to CMM. This is a clear evidence
of our claim that producing suitable new examples, instead

of random examples, would promote the meta-learning al-
gorithm to induce more accurate classifiers.

The stability gains provided by oracleID3 and CMMID3
are shown in Table 4. The average stability gains lost by
oracleID3 is 3.73% while CMMID3 loses 5.34% of the
gains provided by bagged ensemble. Moreover, oracleID3
produced more stable classifiers than CMMID3 in all the
datasets. Table 5 shows the sizes of the decision trees for
all the methods compared. In case of baggedID3, the size
reported is sum of the sizes of all decision trees (10, in this
case) learned by bagging. The table shows that sizes of the
trees learned by oracleID3 and CMMID3 are comparable
to those of normal decision trees while the trees learned by
baggedID3 are more than 10 times larger. Moreover, the
trees learned by oracleID3 are smaller than those induced
by CMMID3 in all but one case in which the sizes are al-
most equal. From these results, it can be implied that our
method is superior to CMM approach for inducing accurate,
stable and comprehensible classifiers.

Conclusions
In this paper we presented a novel meta-learning approach
for ID3 to induce comprehensible classifiers from ensem-
bles. The existing work (Domingos 1997) in this area deals
with the generation of some fixed number of random ex-
amples. The main contribution of the proposed method is
the automatic discovery of the values of new examples to
be generated and variation of the number of new examples
according to the size of the training set. The advantages of
these two modifications to the existing work are experimen-
tally verified.



Dataset no.of New Examples
Breast-Cancer 1000
Lung-Cancer 1000

Cancer 1000
Zoo 1000

Monk1 332
Monk2 617
Monk3 202

Car 709
Nursery 1000

Table 3: Number of Additional Examples Generated by oracleID3

Dataset ID3 bagged ID3 oracle ID3 CMM ID3
Breast-Cancer 78.1 84.77 82.03 81.93
Lung-Cancer 62.9 75.02 70.2 67.11

Cancer 59.3 75.75 64.71 63.43
Zoo 60.37 73.37 70.74 66.82

Monk1 74.72 80.9 79.22 79.13
Monk2 70.93 78.04 75.81 75.74
Monk3 74.53 89.56 83.97 79.33

Car 70.34 81.46 81.28 79.6
Nursery 78.92 86.89 86.5 86.01

Table 4: Stability results of ID3, baggedID3, oracleID3 and CMMID3

The proposed method can be seen as extracting compre-
hensible classifiers from black-box models (that are proved
to be more accurate) without losing much on accuracy.
So, our approach can be directly extended from ensem-
bles to any other accurate and incomprehensible classifiers
like Neural Networks (Gallant 1993). There were some
methods proposed in the literature for extracting symbolic
rules (Craven & Shavlik 1993) and decision trees (Craven
& Shavlik 1996) from learned neural networks as the latter
proved to be more accurate than symbolic classifiers. We are
now focussed on extending our approach to extract decision
trees from neural networks and testing how well it compares
to the existing methods.
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