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Summary. Recent advances in microarray technology oﬀer the ability to measure
expression levels of thousands of genes simultaneously. Analysis of such data helps
us identifying diﬀerent clinical outcomes that are caused by expression of a few
predictive genes. This chapter not only aims to select key predictive features for
leukemia expression, but also demonstrates the rules that classify diﬀerentially expressed leukemia genes. The feature extraction and classiﬁcation are carried out
with combination of the high accuracy of ensemble based algorithms, and comprehensibility of a single decision tree. These allow deriving exact rules by describing
gene expression diﬀerences among signiﬁcantly expressed genes in leukemia. It is
evident from our results that it is possible to achieve better accuracy in classifying
leukemia without sacriﬁcing the level of comprehensibility.

1 Introduction
Clinical diagnosis for disease prediction is one of the most important emerging
applications of microarray gene expression study. In the last decade, a new
technology, DNA microarrays, has allowed screening of biological samples for
a huge number of genes by measuring expression patterns. This technology
enables the monitoring of the expression levels of a large portion of a genome
on a single slide or “chip”, thus allowing the study of interactions among
thousands of genes simultaneously [1]. Usually microarray datasets are used
for identiﬁcation of diﬀerentially expressed genes, which from data mining
point of view represents a feature selection problem. The objectives of this
research are to select important features from leukemia predictive genes and
to derive a set of rules that classify diﬀerentially expressed genes. The study
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follows the comprehensibility of a single decision tree. Although, there are
many research that have demonstrated a higher level of accuracy in classifying
cancer cells, for example [2, 3], the comprehensibility issue of decision trees
to gain best accuracy in the domain of microarray data analysis has been
ignored [4–7].
In this study, we attempt to combine the high accuracy of ensembles and
the interpretability of the single tree in order to derive exact rules that describe diﬀerences between signiﬁcantly expressed genes that are responsible
for leukemia. To achieve this, Combined Multiple Models (CMM) method
has been applied, which was proposed originally by Domingos in [8]. In our
study the method is adapted for multidimensional and real valued microarray
datasets to eliminate the colinearity and multivariate problems. All datasets
from our experiment are publicly available from the Kent Ridge Repository
described in [20]. These microarray samples are the examples of human tissue extracts that are related to a speciﬁc disease and have been used for
comprehensible interpretation in this study. The following sections explore
the datasets, methods of CMM adaptation and testing. It also presents the
results that are obtained by applying the adapted method on four publicly
available databases. Finally the chapter presents a validation study by providing an interpretation of the results in the context of rule sets and then by
comparing the proposed adaptations with the combined and simple decision
trees for leukemia grouping.

2 Combined Multiple Models for Gene Expression
Analysis
Data mining is the process of autonomously extracting useful information or
knowledge from large datasets. Many diﬀerent models can be used in data mining process. However, it is required for many applications not only to involve
model that produce accurate predictions, but also to incorporate comprehensible model. In many applications it is not enough to have accurate model,
but we also want comprehensible model that can be easily interpreted to the
people not familiar with data mining. For example, Tibshirani and Knight [9]
proposed a method called Bumping that tries to use bagging and produce a
single classiﬁer that best describes the decisions of bagged ensemble. It builds
models from bootstrapped samples and keeps the one with the lowest error
rate on the original data. Typically this is enough to get good results also on
test set. We should also mention papers that suggest diﬀerent techniques of
extracting decision trees from neural networks or ensembles of neural networks
that can all be seen as a “black-box” method [10–12].
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Fig. 1. Building decision tree from ensemble using CMM

2.1 CMM Approach
One of the methods that are able to build comprehensible model from an
ensemble of models is called Combined Multiple Models (CMM) and was presented in [8]. CMM was later studied and improved by Estruch et al. in [13].
Basic idea of CMM is to build a single classiﬁer that would retain most of the
accuracy gains of the ensemble models. This is done by adding additional “artiﬁcial data points” to the learning dataset. Those additional data points are
then classiﬁed (i.e. labeled) by applying the ensemble of classiﬁers that was
trained on the learning dataset. The next step is joining the original training
dataset with the new “artiﬁcial” dataset. This ﬁnal dataset is used to build a
single comprehensible classiﬁer. The whole process is shown in Fig. 1. The idea
of generating the “artiﬁcial data points” when building classiﬁers, was already
used in several papers. One of the ﬁrst such methods is the active learning
method proposed by Cohn et al. in [14]. Another application of artiﬁcial examples was presented by Craven and Shavlik in [15] where they describe the
learning of decision trees from neural networks. This approach was later used
in several papers on neural networks knowledge extraction.
2.2 Proposed Modiﬁcations
This chapter presents the CMM based method that is specialized for microarray dataset classiﬁcation problems. Optimization of the original method
was done on artiﬁcial data points creation due to speciﬁc structure of the
microarray datasets. Opposite to the original research [8], where most of the
best results were achieved on the datasets containing nominal values, microarray analysis presents pure continuous-valued data-sets. Therefore a new
method called Combined Multiple Models for Continuous values (CMMC) is
proposed. In this chapter three new artiﬁcial data points creation techniques
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for decision tree building are examined which will be referred to as CMMC-1,
CMMC-2 and CMMC-3. Both methods are based on multiplication of the original training set instances. Data points are generated from original training
set by creating copies of original training set instances by slightly changing
the values of attributes. First method is based on the variance of the gene
expression values and each attribute
can be changed
by

 adding the random

value from one of the intervals −σ, − 13 σ and 13 σ, σ to the original gene
expression value. Because of the large number of attributes we change only
50% randomly selected attributes. Result of such data point multiplication
is a wide dispersion of the points around their base data point, but original
training set distribution of the samples is still preserved. Second method tries
to maintain the original distribution on even tighter area than the ﬁrst one,
especially when data points lie tightly together. This is done by generating
the random points in the interval x d, where x is the value of the attribute
and d is the distance to the nearest neighbour value of this attribute. Again
only 50% of attributes are randomly selected for modiﬁcation. Another modiﬁcation of the original approach was done in application of diﬀerent ensemble
building method. Based on our own tests and also reports in some papers [16],
we decided to use Random Forest ensemble building method that is based on
one of the ﬁrst ensemble building methods called bagging [17]. To compose
ensemble from base classiﬁers using bagging, each classiﬁer is trained on a
set of n training examples, drawn randomly with replacement from the original training set of size m. Such subset of examples is also called a bootstrap
replicate of the original set. Breiman upgraded the idea of bagging by combining it with the random feature selection for decision trees. This way he
created Random Forests, where each member of the ensemble is trained on a
bootstrap replicate as in bagging. Decision trees are than grown by selecting
the feature to split on at each node from randomly selected number of nodes.
We set number of chosen features to log2 (k + 1) as in [18], where k is the total number of features. Random Forests are the ensemble method that works
well even with noisy content in the training dataset and are considered as one
of the most competitive methods that can be compared to boosting [19]. To
get the most out of the proposed multiplication of data points another version of CMMC algorithm was derived. This version (CMMC-3) is based upon
multiplication of data points in each of the leafs which are later extended
by additional subtree. Since our decision trees are pruned they achieve good
generalization and are less complex than unpruned decision trees. Therefore
we try to “upgrade” each leaf by attaching another subtree under the leaf.
These subtrees are built using CMMC technique described above (basically
the same as CMMC-2). Thereby existing data points that got to the leaf are
multiplied (again by adding 1,000 artiﬁcial data points labelled by Random
Forest) and the problem of a small number of samples in lower nodes of trees
is reduced but not solved as we cannot be certain about the correct labelling
of the artiﬁcial samples.
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3 Experiment and Results
3.1 Datasets
Four widely used publicly available gene expression datasets were used in our
experimental evaluation of the proposed method. They were obtained from
Kent Ridge Biomedical Data Set Repository which was described in [20].
Leukemia1 Dataset (amlall)
The original data comes from the research on acute leukemia by Golub
et al. [21]. 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 6,817 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 [22] and consists of extremely large number of
scanned gene expressions. It includes data on 24,481 genes for 78 patients,
34 of which are from patients who had developed distance metastases within
5 years, the rest 44 samples are from patients who remained healthy from the
disease after their initial diagnosis for interval of at least 5 years.
Lung Cancer Dataset (Lung)
Lung cancer dataset includes the largest number of samples in our experiment. It includes 12,533 gene expression measurements for each of 181 tissue samples. The initial research was done by Gordon et al. [23] where they
try to classify malignant pleural mesothelioma (MPM) and adenocarcinoma
(ADCA) of the lung.
Leukemia2 Dataset (mll)
This Leukemia dataset tries to discern between three types of leukemia (ALL,
MLL, AML). Dataset contains 72 patient samples, each of them containing
12,582 gene expression measurements. Data was collected by Armstrong et al.
and results published in [24].
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3.2 Gene Selection
It has been shown that selecting a small subset of informative genes can lead
to improved classiﬁcation accuracy and greatly improves execution time of
data mining tools [25]. The most commonly used gene selection approaches
are based on gene ranking. In these gene ranking approaches, each gene is
evaluated individually and assigned a score representing its correlation with
the class. Genes are then ranked by their scores and the top ranked ones
are selected from the initial set of features (genes). To make our experiments
less dependent of the ﬁltering method, we use three diﬀerent ﬁltering methods.
This way we get 12 diﬀerent microarray datasets with a pre-deﬁned number of
most relevant gene expressions. All used ﬁltering methods are part of WEKA
toolkit [26] that we were using in our experiments. The following ﬁltering
methods were used:
GainRatio ﬁlter. This is the heuristic that was originally used by Quinlan
in ID3 [27]. It is implemented in WEKA as a simple and fast feature selection
method. The idea of using this feature selection technique for gene ranking
was already presented by Ben-Dor et al. [28].
Relief-F ﬁlter. The basic idea of Relief-F algorithm [29] is to draw instances
at random, compute their nearest neighbors, and adjust a feature weighting
vector to give more weight to features that discriminate the instance from
neighbors of diﬀerent classes. A study comparing Relief-F to other similar
methods in microarray classiﬁcation domain was conducted by Wang and
Makedon [30] where they conclude that the performance of Relief-F is comparable with other methods.
SVM ﬁlter. Ranking is done using Support Vector Machines (SVM) classiﬁer. Similar approach using SVM classiﬁer for gene selection was already used
in papers by Guyon et al. [31] and Fujarewicz et al. [32].
3.3 Experiment Setting
The experiments are designed to test the accuracy gain of all three CMMC
methods compared to accuracy of a single J48 tree (Java C4.5 tree implementation in WEKA toolkit). The study has followed n-fold cross-validation
process for testing. The n-fold cross-validation is typically implemented by
running the same learning system n times and each time on a diﬀerent training set of size (n-1)/n times the size of the original data set. A speciﬁc variation of n-fold cross-validation, called leave-one-out cross-validation method
(LOOCV), is used in the experiment. In this approach, one sample in the
training set is withheld, the remaining samples of the training set are used
to build a classiﬁer to predict the class of withheld sample, and the cumulative error is then calculated. LOOCV was often criticized, because of higher
error variance in comparison to ﬁve or tenfold cross-validation [33], but a recent study by Braga-Neto and Dougherty [34] shows that LOOCV can be
considered very useful for microarray datasets, because they have not been
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able to verify the substantial diﬀerences in performance among the mentioned
methods. Because of random nature in tested classiﬁer building methods, this
research attempts to repeat LOOCV ten times for all random based methods (both CMMC and Random Forests) and then computes average accuracy
for all runs. As indicated in [8], 1,000 artiﬁcial data points are generated for
CMMC-1 and CMMC-2 methods, while CMMC-3 uses the same number of
artiﬁcial data points in every “upgraded” leaf.
3.4 Results
This section highlights the key ﬁndings that are obtained by applying the
adapted CMM method on four microarray datasets available in public domain.
Table 1 shows the accuracy comparison. The tests show that all three proposed
methods gained some accuracy comparing to a simple decision tree, but they
are still lacking a lot of accuracy compared to ensemble of classiﬁers.
To keep the complexity level low for built decision trees, we used pruning
in all decision trees that are used in the experiment. Average complexity (i.e.
number of rules) of decision trees is presented in Table 2. We do not present the
complexity of Random Forest Method as it can be simply estimated as approximately 100 times larger than the simple decision tree and therefore completely
unacceptable for interpretation. The most signiﬁcant fact revealed from the
Table 2 is low rule complexity of CMMC-2 generated decision trees, especially
when compared to CMMC-1 trees. Trees from our second proposed method
Table 1. Comparison of accuracy for decision tree (C4.5), proposed decision tree
building methods and Random Forests (RF)
Dataset

C4.5

CMMC1

CMMC2

CMMC3

RF

amlall1
amlall2
amlall3
amlallAvg
breast1
breast2
breast3
breastavg
lung1
lung2
lung3
lungavg
mll1
mll2
mll3
mllAvg
Average

80.56
79.17
79.17
79.63
66.67
61.54
71.79
66.67
96.13
97.79
98.90
97.61
79.17
88.89
84.72
84.26
82.04

90.40
91.29
90.85
90.85
73.89
64.74
66.49
68.37
96.37
96.61
96.53
96.50
88.89
88.29
88.29
88.49
86.05

89.20
88.70
87.94
88.61
67.19
65.62
66.78
66.53
97.55
97.95
98.58
98.03
89.48
88.89
88.89
89.09
85.56

87.58
88.44
88.30
88.11
72.85
65.66
65.04
67.97
96.64
97.06
97.28
96.99
87.08
91.96
87.62
88.87
85.49

97.92
98.30
98.80
98.34
85.84
81.00
90.21
85.68
99.45
98.97
99.45
99.29
97.62
94.64
96.03
96.10
94.85
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Table 2. Comparison of tree complexity (number of leafs) for decision tree (C4.5)
and proposed decision tree building methods (CMMC-1, CMMC-2 and CMMC-3)
Dataset

C4.5

CMMC1

CMMC2

amlall1
amlall2
amlall3
amlallAvg
breast1
breast2
breast3
breastAvg
lung1
lung2
lung3
lungAvg
mll1
mll2
mll3
mllAvg
Average

2.93
2.93
2.93
2.93
6.26
7.12
6.76
6.71
3.99
4.00
4.00
4.00
3.00
3.00
3.92
3.31
4.24

73.30
75.57
75.77
74.88
46.35
11.37
11.92
23.21
75.32
64.05
72.71
70.69
115.94
118.31
121.76
118.67
71.86

5.24
5.38
5.05
5.22
18.78
15.65
14.68
16.37
5.05
9.21
5.52
6.59
6.39
8.68
7.60
7.56
8.94

CMMC3
6.19
5.45
6.29
5.98
11.22
14.53
23.05
16.27
4.35
4.31
4.21
4.29
4.88
5.24
5.00
5.04
7.90

Table 3. Comparison of accuracy by feature selection method
Feature selection

C4.5

CMMC1

CMMC2

CMMC3

RF

GainRatio
ReliefF
SVM-FS

80.63
81.85
83.65

87.39
85.23
85.54

85.86
85.29
85.55

86.04
85.78
84.56

95.21
93.23
96.12

generate only two times more rules than simple decision trees. Even better
results were obtained using CMMC-3 method. Low complexity at CMMC-3
based trees is a consequence of the decision tree building technique in which
trees are generated at the beginning using the initial training sets without
artiﬁcial data points. The artiﬁcial data points are added in later stages.
Table 3 presents the results based on average results on each dataset for
each gene selection method. The best results, with exception of CMMC-3
method, were achieved when SVM based feature selection method was used.
From this table it can also be seen that the majority of accuracy gain of the
CMMC-1 method compared to CMMC-2 was due to ﬁrst method’s better
accuracy when used with the GainRatio based feature selection method.
3.5 Subgrouping Leukemia Type
To demonstrate the practical advantage of our proposed adaptation to CMM
method, two sample trees were constructed from the Leukemia (AML-ALL)

Knowledge Extraction from Microarray Datasets

347

attribute2288
> 290

<= 290

AML (21.0)

attribute461
> 234

<= 234

AML (3.0)

ALL (48.0/1.0)

Fig. 2. J48 decision tree generated from amlall3 dataset (98.61% accuracy)

attribute4847

<= 1931

> 1931

attribute1779

attribute6281

<= 290.352559

> 290.352559

ALL (663.0)

attribute4951

<= 1282.954546

ALL (21.0)

<= 186.96996

ALL (23.0)

> 186.96996

AML (361.0)

> 1282.954546

AML (4.0)

Fig. 3. CMMC-2 decision tree from amlall3 dataset (100% accuracy)

dataset. The ﬁrst tree (Fig. 2) was constructed using J48 algorithm, while the
second tree (Fig. 3) used CMMC-2 algorithm.
The ﬁrst tree was built from all 72 samples of the amlall3 dataset, where
SVM based ﬁltering was used. J48 tree classiﬁed all but one sample correctly
using only two genes. On the other hand CMMC-2 tree classiﬁed all 72 and
additional 1,000 artiﬁcial samples correctly using only four genes. The decision
tree yields ﬁve rules.
The goal of the decision tree presented in Fig. 3 is to derive short rules
that explicitly clarify the types of leukemia and are convenient for expert
interpretation. The rules are summarized in Table 5 that is accompanied by
Table 4. The rule extraction process is based on the attribute to gene name
mappings that are presented in Table 4.
To demonstrate the diﬀerence between the two constructed trees (J48 and
CMM), a set of the strongest rules were chosen that were revealed by the
CMM tree but failed to be recognised by the J48 tree. The rules, presented
in Table 4, are directly extracted according to the corresponding branches of
the decision tree, presented in Fig. 3. An interpretation of the rules (Table 5)
is provided in Sect. 4.
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Table 4. Attributes for gene mapping used in both decision trees
Attribute no.

Gene description

2,288
461
4,847
6,281
1,779
4,951

DF D component of complement (adipsin)
Liver mRNA for interferon-gamma inducing factor (IGIF)
Zyxin X95735 at
MYL1 Myosin light chain (alkali)
MPO Myeloperoxidase
Nucleoside-diphosphate kinase

Table 5. Rules for Leukemia classiﬁcation derived from CMM decision tree
1. IF (zyxin X95735 NOT EXPRESSED) AND
(MYL1 Myosin Light Chain EXPRESSED) ⇒ ALL
2. IF (zyxin X95735 NOT EXPRESSED) AND
(MYL1 Myosin Light Chain (Alkali) NOT EXPRESSED) AND
(Nucleoside-diphosphate kinase EXPRESSED) ⇒ AML
3. IF (zyxin X95735 EXPRESSED) AND
(MPO Myeloperoxidase EXPRESSED) ⇒ AML

4 Discussion and Conclusion
Acute leukemia which is of lymphoid origin is called Acute Lymphocytic
Leukemia (ALL) and a malignant disorder where myeloid blast cells accumulate in the marrow and bloodstream is called Acute Myelocytic Leukemia
(AML). A study conducted by Golub et al. [21] has revealed 50 predictive
genes that diﬀerentiate between ALL and AML. The report has shown that
over expression of myosin light chain (M31211) leads to the ALL. The report also has indicated that zyxin 2 X95735, an adhesion plaque protein a
component of a signal transduction pathway that mediates adhesion stimulated changes in gene expression, plays a signiﬁcant role in AML. In a recent
study conducted by Umpai and Aitken [35] has demonstrated that the gene
X95735 zyxin signiﬁcantly determines AML whereas myosin light chain over
expression frequency is higher in ALL patients. Some other studies also have
demonstrated the similar result. For example, Aris and Rece [36] has demonstrated the diﬀerentiation technique of AML and ALL based on the fact that
zyxin is signiﬁcant in AML, on the other hand, myosin light chain expression
is signiﬁcant in ALL patients. The French–American–British (FAB) group [37]
has standardized the nature of ALL and AML on the basis of myeloperoxidase
(MPO) expression. According to the criteria, the AML group demonstrates
greater than 3% MPO and/or Sudan Black B (SBB) blast. The study has
also revealed that, 70–75% of AML cases show myeloid associated antigens
positive, for example, CD13, CD33, MPO etc., thus, it is evident that zyxin
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X95735 and myeloperoxidase overexpression determines the AML subgroup
of acute leukemia. Expression of nm23-H1/Neocleoside diphosphate kinase
(NDPK) correlates inversely with the metastasising potential of some human
tumours. The nucleoside diphosphate kinase enzymatic activity possessed by
several isomers, for example, Nm23 H1 and NM23 H2, is increased signiﬁcantly in AML cells and a higher level of nm23-H1 expression is correlated
with a poor prognosis in AML. A study, conducted by Yokoyama et al. revealed that 110 AML patients have demonstrated the increased nm23-H1
mRNA level which showed a resistance in response to initial chemotherapy.
They also have demonstrated that nm23 H1 has an enormous prognostic affect in AML, especially in AML-M5 (acute monocytic leukemia) [38]. From
the discussion above it is evident that proposed adaptation of CMM model
gives accurate trees that carry additional knowledge compared to classical decision trees. The research shows that the proposed CMMC demonstrated 2%
higher accuracy compared to the classical decision trees. In addition to that,
it has been demonstrated that the best CMMC method even can manage to
keep the complexity level of the tree very low. Therefore, it is evident that
CMMC tree was only twice as large as an original tree. The proposed CMMC
model used a well known C4.5 algorithm for building the ﬁnal decision tree.
One of the problems with classical decision tree algorithms is that splitting
in the lower lying nodes is based on fewer samples than splitting in the nodes
near the root of the tree. Therefore, splitting toward the leaves is less reliable.
The idea of using less artiﬁcial data points in the upper nodes by introducing
them at the lower nodes of a decision tree can be applied in future for better
accuracy. Although a part of this idea was already proposed in this chapter,
there are still a lot of possible variations to this idea left to be researched.
This study has also opened another important direction for further research.
A small ensembles comprising of only three or ﬁve classiﬁers that can still be
interpreted in the form of rules or some novel visualization techniques can be
introduced to demonstrate the comprehensibility of microarray data in order
to predict diseases.
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