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Abstract
Many different classification models and techniques
have been employed on gene expression data. These
computational methods are in rapid and continuous
evolution and there is no clear consensus on which
methods are best to cope with the complex microarray
data analysis. Currently ensembles of classifiers are
regarded as one of the best classification techniques as
they can achieve excellent classification accuracy in
comparison to single classifiers methods. One of their
main drawbacks is their incomprehensibility. This
paper addresses the important issue of the tradeoff
between accuracy and comprehensibility when
building ensembles and proposes a novel visual
technique for interactive interpretation of the
knowledge from the small ensembles consisting of only
a few decision trees. This way we can achieve better
accuracy compared to single classifier, but still
maintain a certain level of comprehensibility in small
ensembles. The results show that our small ensembles
outperform the single classifiers and still retain
comprehensibility. Our study also points out that in
order to take advantage of our proposed method we
need more effective small ensemble building
techniques.

1. Introduction
Ensemble methods are learning algorithms that
build a set of classifiers which are used to classify new
instances by combining their predictions. Empirical
studies show that ensembles are often much more
accurate than the individual classifiers [1, 2, 3, 4]. One
of the main drawbacks of the ensemble classifiers is
the incomprehensibility of the produced classification
models. Usually it is possible to convert all single
models from an ensemble to a set of rules, but such
rule sets quickly become too complex to be
comprehensible. Since the purpose of most data mining
systems is to support decision making the need for
knowledge interpretation in these systems is apparent.

Many methods have been developed to improve the
comprehensibility of incomprehensible classification
algorithms like neural networks or ensembles of
classifiers. The main scheme for such methods is rule
extraction, that is, symbolic rules are extracted from
the ‘black-box’ model. Most usual method is simple
rule extraction from all components of a classification
model that is followed by aggregation of the extracted
rules. One of first such systems was presented by
Setiono in [5], where the neural network is pruned and
the outputs of hidden units are discretized. The rule
extraction algorithm is executed iteratively for each
sub-network constructed from hidden units with many
outputs.
Another neural-network based extraction algorithm
was presented by Craven and Shavlik [6], which aims
to extract rules that map inputs directly to outputs. The
whole problem is solved by a set of queries to the
oracle from which an ID2-of-3 decision tree is
constructed. Similar approach was used by Domingos
[7] where he generalized the concept of oracle queries.
His idea was that any ‘black-box’ model can be
captured in a comprehensible classification model by
using additional ‘artificial’ examples that are labeled
according to the original model. Similar approach was
used by Zhou et al. in [8], where they build ensemble
of artificial neural networks, which is used to generate
instances and then extracts symbolic rules.
It can be seen that most of the previous work on
interpretation of ‘black-box’ classification models
relies on rule extraction techniques. Another possibility
to improve the comprehensibility of classification
process is introduction of classification visualization.
There were only a few papers proposing solutions in
this field. One of the first is paper by Melnik [9], where
he concentrates on visualization of high-dimensional
classifiers. An extensive work in visualization of
multiple and single decision trees that also includes
their interpretation was done by Urbanek in [10]. He
presents a tool for interactive visual interpretation of
decision tree forests. Another paper by Frank and
Witten [11] presents a technique that uses a twodimensional visualization based on class probability
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estimates. All above mentioned papers suggest that
visual interpretation of classification models is worth
further research to help both experts and non-experts
understand the most accurate classification techniques.
The rest of this paper is organized as follows. In
Section 2, our method for virtual interpretation of small
ensembles is presented. Next section presents our
proposed simple small ensemble building technique,
which is followed by Section 4 where we present
results and comparison to other classification methods.
In the last section, the main contribution of this paper
is summarized and several issues for future works are
indicated.

2. Visual Interpretation of Ensembles
There was a lot of research done in the field of
reducing the number of models that are combined in an
ensemble. Usually as the number of models increases
this means an increase in the comprehensibility of the
ensemble, assuming that single models combined in an
ensemble are comprehensible models (e.g. decision
trees or a set of rules). This paper proposes a novel tool
for visual interactive interpretation of ensembles
consisting of three decision trees. The tool was
developed with the idea of possible extension to the
number of decision trees, but still keeping the
complexity of the ensemble as low as possible. Usually
the data mining tools are not used only by data mining
experts, but are used in numerous different fields. With
this in mind we wanted to keep our ensemble
interpretation tool as simple as possible, so that it can
be also used by non-experts. Fig. 1 presents the main
screen of the VISE (Visual Interpretation of Small
Ensembles) tool. The main decision tree window can
be seen on the left hand side of the screen, while on the
opposite side the other two decision trees are
displayed. Each of the trees on the right side can be
magnified in the main window by switching the main
and one of the two side windows containing reduced
visualization of the tree. At the bottom of the screen we
can observe a set of rules that are extracted from the
above trees in an interactive way. Interaction is
allowed, because as we mentioned above, usually we
get too many rules when extracting them from
ensembles of decision trees. Therefore we allow user to
select the branches of the trees that he is interested in,
either by decision at the terminal node of the branch or
by features that are included in the branch. The first
interactive step is selection of a significant branch in a
tree, which is followed by automatic extraction of the
rule from this branch and all the rules that could

possibly contribute to the decision from the remaining
two trees.
The automatic extraction of the rules can be done in
two ways:
using the training set examples, we mark the
branches (and extract rules from them) which contain
the examples that were used in building of the selected
branch
if there are too few examples in the selected
branch, we artificially create the examples whose
attribute values correspond to the selected branch and
label them using a robust and accurate ensemble (in
our case we use Random Forests ensemble consisting
of 100 decision trees)
For each small ensemble we can also get the quick
accuracy estimation using 10-fold cross-validation.

3. Experimental Settings
Five microarray analysis datasets from Kent Ridge
Bio-medical Data Set Repository [12] were used in our
experiments, where we evaluated our proposed
ensemble building method. In this initial stage of small
ensembles interpretation research, we used very simple
method of ensemble building which we call “Triple
Trees”. We compare the accuracy of our proposed
method to J48 decision trees [13], three-step boosting,
boosting using 100 iterations and Random Forests
using 100 decision trees. All tests were done using
WEKA tool [13], which was also used for development
of our VISE tool.
Triple Trees
In our VISE tool Triple Trees implementation we
use J48 decision trees as a base model. To ensure we
build diverse trees we split the training set into three
equal parts. The first decision tree is generated from
the first two thirds, the second from the last two thirds
and the last tree from first and last third of the
examples from the training set. Default pruning
settings are used to achieve the low complexity of the
generated decision trees. To evaluate the possibility of
extending the number of trees to five, we also tested
the 5-trees method, which is the same as Triple Trees,
but uses five instead of three decision trees.
Boosting
To avoid misinterpretation of the term boosting the
AdaBoost.M1 algorithm described in [14] was used,
which is the most commonly used algorithm for
boosting ensembles. To use boosting it is assumed that
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Figure 1. Main user interface of VISE tool
the base classifier can handle weighted examples. In
case where this is not possible we use sampling of the
training set examples according to a weight
distribution.
In AdaBoost algorithm classifiers are trained
sequentially. Each classifier is trained on the dataset
based on the misclassification of the previously
generated classifier. Weights of the examples are
updated according to the classification accuracy of the
previous classifier by lowering weights of correctly
classified examples and increasing weights of
misclassified examples. After the training process is
finished the predictions are made using weighted vote
of the individual classifiers.
Boosting was tested by many researchers who
proved that it can be declared as one of the most
accurate ensemble methods [1, 2, 15], that was also
applied to decision tree based ensembles [16].
Boosting also contains some drawbacks. One of the
most important is overfitting although early literature
mentions that boosting would not overfit even when
running for a large number of iterations [17]. Recent
research clearly shows overfitting effects when
boosting is used on datasets with higher noise content
[15, 18].
In our experiment boosting is used with two
different settings. In the first case we use only five
iterations and use it as a small ensemble building

technique in VISE tool. In the second version we use
100 iterations, which is the most usual setting.

4. Datasets
Five widely used publicly available gene expression
datasets that were used in our experimental evaluation
of the proposed method are presented in this chapter.
Leukemia1 dataset (amlall)
The original data comes from the research on acute
leukemia by Golub et al. [19]. Dataset consists of 38
bone marrow samples from which 27 belong to acute
lymphoblastic leukemia (ALL) and 11 to acute
myeloid leukemia (AML). Each sample consists of
probes for 6817 human genes. Golub used this dataset
for training. Another 34 samples of testing data were
used consisting of 20 ALL and 14 AML samples.
Because we used leave-one-out cross-validation, we
were able to make tests on all samples together (72).
Breast cancer dataset (breast)
This dataset was published in [20] and consists of
extremely large number of scanned gene expressions.
It includes data on 24481 genes for 78 patients, 34 of
which are from patients who had developed distance
metastases within 5 years, the rest 44 samples are from
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Table 2. Comparison of accuracy for J48 decision tree and 4 ensemble algorithms
Dataset
J48
3-Trees
5-Trees
5-Boost
Boosting
amlall
83.58
92.16
92.88
89.46
91.20
breast
64.81
70.92
72.46
72.01
86.97
lung
97.06
96.88
97.09
97.44
97.51
mll
90.70
91.67
89.02
89.55
85.11
prostate
86.83
88.20
88.93
89.99
94.25
87.77
88.60
87.58
91.89
83.47
Average
patients who remained healthy from the disease after
their initial diagnosis for interval of at least 5 years.

trees or rules, which means large ensembles are totally
incomprehensible in such cases.

Lung cancer dataset (lung)
Lung cancer dataset includes the largest number of
samples in our experiment. It includes 12533 gene
expression measurements for each of 181 tissue
samples. The initial research was done by Gordon et al.
[21] where they try to classify malignant pleural
mesothelioma (MPM) and adenocarcinoma (ADCA) of
the lung.

6. Discussion

Leukemia2 dataset (mll)
This Leukemia dataset tries to discern between 3
types of leukemia (ALL, MLL, AML). Dataset
contains 72 patient samples, each of them containing
12582 gene expression measurements. Data was
collected by Armstrong et al. and results published in
[22].
Prostate Tumor dataset (prostate)
Prostate Tumor dataset contains 52 prostate tumor
samples and 50 non-tumor (labeled as "Normal")
prostate samples with around 12600 genes. The
original study was conducted by Singh et al. in [23].

5. Results
Each classification method was tested for accuracy
using 10-fold cross-validation that was repeated 20
times to achieve higher accuracy. Table 1 shows that
Triple Trees can effectively improve the accuracy of
classification comparing to simple J48 decision trees.
Using some advanced techniques that are specialized
for building compact ensembles it would be possible to
even further improve the results.
It is also interesting that more complex datasets (i.e.
using larger number of features) cause bigger
difference in accuracy when comparing single
classifier accuracy with the ensemble or even small
ensembles. But we have to be careful, because more
complex datasets cause even more complex decision

In our paper we present a novel method of
interpreting small ensembles consisting of three or five
decision trees. Our method is interactive, so that even
non-experts are able to identify rules which could be
interesting to them. Also, a new small ensemble
building technique is presented, which was mainly
developed only to test the interpretation tool and to
generate diverse decision trees. This technique can still
be further developed or completely replaced by a
specialized algorithm for building small ensembles.
During the development phase of our VISE tool,
another interesting paper was published by Zhou and
Li [24] which proposes a novel Tri-Training technique
where three decision trees are used and could also be
used as a base small ensemble building algorithm in
our tool.
Further improvement of the tool is also needed in
the filed of interpretation of decision on instance by
instance basis, which would enable user to get more
background knowledge of the decision for each
instance that can be chosen by the user. Another
important issues that could be explored in the future is
rule ranking, which would even further simplify the
work for non-experts.
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