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Abstract. It is known that breast cancer is not just one disease, but rather a col-
lection of many different diseases occurring in one site that can be distinguished
based in part on characteristic gene expression signatures. Appropriate diagnosis
of the specific subtypes of this disease is critical for ensuring the best possible
patient response to therapy. Currently, therapeutic direction is determined based
on the expression of characteristic receptors; while cost effective, this method is
not robust and is limited to predicting a small number of subtypes reliably. Us-
ing the original 5 subtypes of breast cancer we hypothesized that machine learn-
ing techniques would offer many benefits for feature selection. Unlike existing
gene selection approaches, we propose a tree-based approach that conducts gene
selection and builds the classifier simultaneously. We conducted computational
experiments to select the minimal number of genes that would reliably predict a
given subtype. Our results support that this modified approach to gene selection
yields a small subset of genes that can predict subtypes with greater than 95%
overall accuracy. In addition to providing a valuable list of targets for diagnostic
purposes, the gene ontologies of selected genes suggest that these methods have
isolated a number of potential genes involved in breast cancer biology, etiology
and potentially novel therapeutics.
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1 Introduction

Despite advances in treatment, breast cancer remains the second leading cause of can-
cer related deaths among females in Canada and the United States. Previous studies
have revealed that breast cancer can be categorized into at least five subtypes, including
basal-like (Basal), luminal A, (LumA), luminal B (LumB), HER2-enriched (HER2),
and normal-like (Normal) types [1, 2]. These subtypes have their own genetic signa-
tures, and response to therapy varies dramatically from one subtype to another. The
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variability among subtypes holds the answer to how to better design and implement
new therapeutic approaches that work effectively for all patients. It is clinically essen-
tial to move toward effectively stratifying patients into their relevant disease subtype
prior to treatment.

Techniques such as breast MRI, mammography, and CT scan, can examine the phe-
notypical mammary change, but provide little effective information to direct therapy.
Genomic techniques provide high-throughput tools in breast cancer diagnosis and treat-
ment, allowing clinicians to investigate breast tumors at a molecular level. The advance
of microarray approaches have enabled genome-wide sampling of gene expression val-
ues and/or copy number variations. The huge amount of data that has been generated
has allowed researchers to use unsupervised machine learning approaches to discover
characteristic “signatures” that have since established distinct tumor subtypes [1]. Tu-
mor subtyping has explained a great deal about some of the mysteries of tumor pathol-
ogy [3], and has begun to enable more accurate predictions with regard to response
to treatment [4]. While offering enormous opportunity for directing therapy, there are
some challenges arising in the analysis of microarray data. First, the number of available
samples (e.g. patients) is relatively small compared to the number of genes measured.
The sample size typically ranges from tens to hundreds because of costs of clinical tests
or ethical constraints. Second, microarray data is noisy. Although the level of technical
noise is debatable [5], it must be carefully considered during any analysis. Third, due
to technical reasons, the data set may contain missing values or have a large amount
of redundant information. These challenges affect the design and results of microarray
data analysis.

This current study focuses on identifying a minimal number of genes that will re-
liably predict each of the breast cancer subtypes. Being a field of machine learning,
pattern recognition can be formulated as a feature selection and classification problem
for multi-class, high-dimensional data using two traditional schemes. The first applies
a multi-class “feature selection” method directly followed by a classifier to measure
the dependency between a particular feature and the multi-class information. A well-
known example of the feature selection method is the minimum redundancy maximum
relevance (mRMR) method proposed in [6] and [7]. The second traditional scheme is
the most common of the two and treats the multi-class feature selection as multiple
binary-class selections. Methods using multiple binary class selections differ in how
to bisect the multiple classes. The two most popular ways to solve this problem are
one-versus-one and one-versus-all [8]. In this paper, we propose a novel and flexible
hierarchial framework to select discriminative genes and predict breast tumor subtypes
simultaneously. The main contributions of this paper can be summarized as follows:

1. We implement our framework using Chi2 feature selection [9] and a support vec-
tor machine (SVM) classifier [10] to obtain biologically meaningful genes, and to
increase the accuracy for predicting breast tumor subtypes.

2. We Use a novel feature selection scheme with a hierarchial structure, which learns
in a cross-validation framework from the training data.

3. We establish a flexible model where any feature selection and classifier can be
embedded for use.
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4. We discover a new, compact set of biomarkers or genes useful for distinguishing
among breast cancer types.

2 Related Work

Using microarray techniques, scientists are able to measure the expression levels for
thousands of genes simultaneously. Finding relevant genes corresponding to each type
of cancer is not a trivial task. Using hierarchical clustering, Perou and colleagues de-
veloped the original 5 subtypes of breast cancer based on the relative expression of
500 differentially expressed genes [1]. It has since been demonstrated that combining
platforms to include DNA copy number arrays, DNA methylation, exome sequencing,
microRNA sequencing and reverse-phase protein arrays may define these subtypes even
further [2]. It is postulated that there are, indeed, upward of over 10 different forms of
breast cancer with differing prognosis [25]. Other groups have tailored analysis toward
refining the patient groups based on relative prognosis, reducing the profile for one
subtype to a 14-gene signature [26]. Given any patient subtype, obtained through one
or several platforms, we hypothesize that machine learning approaches can be used to
more accurately determine the number of genes required to reliably predict a subtype
for a given patients.

On the other hand, modeling today’s complex biological systems requires efficient
computational techniques designed in articulated model, and used to extract valuable in-
formation from existing data. In this regard, pattern recognition techniques in machine
learning provide a wealth of algorithms for feature extraction and selection, classifica-
tion and clustering. A few relevant approaches are briefly discussed then.

An entropy-based method for classifying cancer types was proposed in [16]. In
entropy-classed signatures, the genes related to the different cancer subtypes are se-
lected, while the redundancy between genes is reduced simultaneously. Recursive fea-
ture addition (RFA) has been proposed in [17], which combines supervised learning and
statistical similarity measures to select relevant genes to the cancer type. A mixture clas-
sification model containing a two-layer structure named as mixture of rough set (MRS)
and support vector machine (SVM) was proposed in [18]. This model is constructed
by combining rough sets and SVM methods, in such a way that the rough set classifier
acts as the first layer to determine some singular samples in the data, while the SVM
classifier acts as the second layer to classify the remaining samples. In [19], a binary
particle swarm optimization (BPSO) was proposed. BPSO involves a simulation of the
social behavior in organisms such as bird flocking and fish schooling. In BPSO, a small
subset of informative genes is selected where the genes in the subset are relevant for
cancer classification. In [20], a method for selecting relevant genes in comparative gene
expression studies was proposed, referred to as recursive cluster elimination (RCE).
RCE combines k-Means and SVM to identify and score (or rank) those gene clusters
for the purpose of classification. k-Means is used initially to group the genes into clus-
ters. RCE is then applied to iteratively remove those clusters of genes that contribute the
least to classification accuracy. In the work described in this paper we used the original
five breast cancer subtypes to determine whether our proposed hierarchial tree-based
scheme could reduce the gene signature to a reliable subset of relevant genes.
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3 Methods

First, we describe the training phase for gene selection and breast cancer subtyping, and
then we describe how the model can be used in predicting subytpes in a clinical setting.
The complete gene profile of each breast cancer subtype is compared against the oth-
ers. Each subtype varies in the genes that are associated with it, and in the accuracy
with which those genes predict that specific subtype. The subtypes are then organized
by two main criteria. The first criterion is the level of accuracy with which the selected
genes identify the given subtype. The second criterion is the number of genes identified.
Clearly applying two or more gene selection criteria is a multi-objective problem in op-
timization [21]. In this study, we use the rule that select the smallest subset of genes that
yields the highest accuracy. Therefore, a subtype that is predicted with 95% accuracy
by five genes is ranked higher than a subtype for which 20 genes are required to acquire
the same accuracy. The subtype that is ranked highest is removed and the procedure
is repeated for the remaining subtypes comparing each gene profile against the others.
The highest ranked subtype is again removed and becomes a leaf on the hierarchical
tree (see Fig. 1). Therefore, each leaf on the tree becomes a distinct subtype outcome.

3.1 Training Phase

We give an example of such a tree to illustrate our method in Fig. 1. Suppose there
are five subtypes, namely {C1, · · · , C5}. The training data is a m × n matrix D =
{D1, · · · ,D5} corresponding to the five subtypes. Di, of size m × ni, is the training
data for class Ci. m is the number genes and ni is the number of samples in subtype Ci.
n =

∑5
i=1 ni is the total number of training samples from all five classes. First of all,

feature selection and classification are conducted, in a cross-validation fashion, for each
class against the other classes. For example, suppose subtype C3 obtains the highest
rank based on accuracy and the number of genes contributing to that accuracy. We thus
record the list of the particular genes selected and create a leaf for that subtype. We
then remove the samples of the subtype, which results in D = {D1,D2,D4,D5} and
continue the process in the same fashion. Thus, at the second level, subtype C5 yields
the highest rank, and hence its gene list is retained and a leaf is created. Afterward
the training data set becomes D = {D1,D2,D4} for the third level. We repeat the
training procedure in the same fashion until there is no subtype to classify. At the last
level, two leaves are created, for C4 and C2, respectively.

3.2 Prediction Phase

Once the training is complete, we can apply the scheme to predict breast cancer sub-
types. Given the gene expression profile of a new patient, a sequence of classification
steps are performed by tracing a path from the root of the tree toward a leaf. At each
node in the path, only the genes selected in the training phase are tested. The process
starts at the first level (root of the tree), in which case only the genes selected for C3,
namely G3 are tested. If the patient’s gene profile is classified as a positive sample,
then the prediction outcome is subtype C3, and the prediction phase terminates. Other-
wise, the sequence of classification tests is performed in the same fashion, until a leaf
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Fig. 1. Determining breast cancer type using selected genes

is reached, in which case the prediction outcome is the subtype associated with the leaf
that has been reached.

3.3 Characteristics of the Method

Our structured model has the following characteristics. First, it involves a greedy scheme
that tries the subtype which obtains the most reliable prediction and the smallest num-
ber of genes first. Second, it conducts feature selection and classification simultane-
ously. Essentially, it is a specific type of decision tree for classification. The differences
between the proposed model and the traditional decision tree includes: i) each leaf is
unique, while one class usually has multiple leaves in the later; ii) classifiers are learned
at each node, while the traditional scheme learns decision rules; and iii) multiple fea-
tures can be selected, while in the traditional scheme each node corresponds to only one
feature. Third, the proposed model is flexible as any feature selection method and clas-
sifier can be embedded. Obviously, a classifier that can select features simultaneously
also applies, (e.g. the l1-norm SVM [11]).

3.4 Implementation

In this study, we implement our model by using Chi2 feature selection [9] and the state-
of-the-art SVM classifier [10]. These two techniques are briefly described briefly next.
Chi2 is an efficient feature selection method for numeric data. Unlike some traditional
methods which discretize numeric data before conducting feature selection, Chi2 au-
tomatically and adaptively discretizes numeric features and selects features as well. It
keeps merging adjacent discrete statuses with the lowest χ2 value until all χ2 values
exceed their confidence intervals determined by a decreasing significant level, while
keeping consistency with the original data. If, finally, a feature has only one discrete
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status, it is removed. The χ2 value of a pair of adjacent discrete statuses or intervals is
computed by the χ2 statistic, with 1 degree of freedom, as follows:

χ2 =

2∑

i=1

k∑

j=1

(nij − eij)
2

eij
, (1)

where nij is the number of samples in the i-th interval and j-th class, and eij is the
expected value of nij . eij is defined as ri

cj
n where ri =

∑k
j=1 nij , cj =

∑2
i=1 nij , and

n is the total number training samples.
Based on these selected genes, the samples are classified using SVM [10]. Soft-

margin SVM is applied in our current study. SVM is a linear maximum-margin model
with decision function d(x) = sign[f(x)] = sign[wTx+b] where w is the normal vec-
tor of the separating hyperplane and b is the bias. Soft-margin SVM solves the following
problem in order to obtain the optimal w and b:

min
w,b,ξ

1

2
‖w‖22 +CTξ (2)

s.t. ZTw + by ≥ 1− ξ

ξ ≥ 0,

where ξ is a vector of slack variables, C is a vector of constant that controls the trade-
off between the maximum margin and the empirical error, y is a vector that contains
the class information (either -1 or +1), and Z contains the normalized training samples
with its i-th column defined as zi = yixi [13]. Since optimization of the SVM involves
inner products of training samples, by replacing the inner products by a kernel function,
we can obtain a kernelized SVM.

For the implementation, the Weka machine learning suite was used [14]. A gene
selection method based on the χ2 feature evaluation algorithm was first used to find
a subset of genes with the best ratio of accuracy/gene number [9]. For classification,
LIBSVM [15] in Weka is employed. The Radial basis function (RBF) kernel is used
with the LIBSVM classifier without normalizing samples and with default parameter
settings.

4 Computational Experiments and Discussions

4.1 Experiments

In our computational experiment, we analyzed Hu’s data [12]. Hu’s data (CEO
accession number GSE1992) were generated by three different platforms including
Agilent-011521 Human 1A Microarray G4110A (feature number version) (GPL885),
Agilent-012097 Human 1A Microarray (V2) G4110B (feature number version)
(GPL887), and Agilent Human 1A Oligo UNC custom Microarrays (GPL1390). Each
platform contains 22,575 probesets, and there are 14,460 common probesets among
these three platforms. We used SOURCE [22] to obtain 13,582 genes with unique uni-
gene IDs in order to merge data from different platforms. The dataset contains 158
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samples from five subtypes of breast cancer(13 Normal, 39 Basal, 22 Her2, 53 LumA
and 31 LumB). The sixth subtype Claudin is excluded from our current analysis as the
number of samples of this class is too few (only five). However, we will investigate this
subtype in our future work.

To evaluate the accuracy of the model, 10-fold cross-validation is used. As shown
in Table 2, using all genes decreases the overall accuracy of the model, since many of
the genes are irrelevant or redundant. For example, using all 13,582 genes, the overall
accuracy is just 77.84%; while using a ranking algorithm and taking the top 20 genes
for prediction brings the accuracy up to 86.70%. Table 1 shows the top 20 genes ranked
by the Chi-Squared attribute evaluation algorithm to classify samples as one of the
five subtypes. Using the proposed hierarchical decision-tree-based model, makes the
prediction procedure more accurate. While the accuracy of prediction between LumA
and LumB is relatively low compared to the other classes. This is because of the very
high similarity and overlap between samples of these two classes. The overall accuracy
of the model, as shown in Table 2, is 95.11%. This is very interesting since only 18
genes are used to predict the subtypes that the patient belongs to. As a matter of fact,
our method is able to increase its accuracy from around 86% to 95% by using a new
subset of genes based on the proposed method containing only 18 genes.

Table 1. Top 20 genes ranked by the Chi-Squared attribute evaluation algorithm to classify sam-
ples as one of the five subtypes

Rank Gene Name Rank Gene Name Rank Gene Name Rank Gene Name
1 FOXA1 6 THSD4 11 DACH1 16 ACOT4
2 AGR3 7 NDC80 12 GATA3 17 B3GNT5
3 CENPF 8 TFF3 13 INPP4B 18 IL6ST
4 CIRBP 9 ASPM 14 TTLL4 19 FAM171A1
5 TBC1D9 10 FAM174A 15 VAV3 20 CYB5D2

Fig. 2 shows the tree learned in the training phase and the set of genes selected at each
step. The selected genes are contained in each node, a patient’s gene expression profile
is used to feed the tree for prediction, each leaf represents a subtype, and the accuracy
at each classification step is under the corresponding node. From this figure, we can
see that the Basal subtype is chosen first as it obtains the highest accuracy, 99.36% to
classify patients from the other subtypes including Normal, Her2, LumA and LumB.
Then the samples of Basal are removed for the second level. The Normal subtype is
chosen then, since it achieves the highest accuracy (95.79%) to separate samples from
the other subtypes, including Her2, LumA and LumB. From previous studies, it is well-
known that the subtypes LumA and LumB are very difficult to be identified among all
subtypes. This is the reason for why LumA and LumB appear at the bottom of the tree.
After removing other subtypes, LumA and LumB can avoid misclassification on the
other subtypes. In spite of this drawback, the accuracy for separating LumA and LumB
is as high as 88.1%.

As shown in Figure 2, there is no overlap between the genes selected among the dif-
ferent clusters. This result provides interesting new biomarkers for each breast cancer
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Fig. 2. Determining breast cancer type using selected genes

subtype. Some of the selected genes have been previously indicated in cancer (high-
lighted in black in Figure 2), while others have emerged as interesting genes to be
investigated. For example, TFF3 and FoxA1 genes are predictably indicated in Basal
subtype. Another feature of the proposed hierarchical model is that the number of genes
in each node has been optimized to give the best ratio of accuracy and number of se-
lected genes. For this, at first, 10 genes with highest rank have been selected for each
node. Then, out of those selected genes, those with lower rank are removed step by step
as long as the accuracy of classification using the remaining genes don’t get decreased.

4.2 Biological Insight

We used FABLE to determine if the genes selected by our approach are biologically
meaningful. Fast Automated Biomedical Literature Extraction (FABLE) is a web-based
tool to search through MEDLINE and PubMed databases. The genes that are related
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Table 2. Accuracy of classification using LibSVM Classifier

Classification Method Gene Selection Method # of Genes Accuracy Precision Recall F-measure
LibSVM — all genes 77.84% 0.802 0.778 0.749
LibSVM Chi-Squared 20 86.70% 0.866 0.867 0.864

Proposed Method Proposed Method 18 95.11% 0.951 0.951 0.951

to tumors reported in the literature are highlighted in black in Figure 2. Those not yet
reported are underlined and colored in red. We can see that 15 out of 18 genes have been
found in the literature. This implies that our approach is quite effective in discovering
new biomarkers.

We also explored the reasons for the high performance of our method. First, the sub-
types that are easily classified are on the top of the tree, while the harder subtypes are
considered only after removing the easier ones. Such a hierarchical structure can remove
the disturbance of other subtypes, thereby allowing us to focus on the most difficult sub-
types, LumA/B. Second, combining gene selection when building the classifier allows
us to select genes that contribute to prediction accuracy. Third, our tree-based method-
ology is quite flexible; any existing gene selection measure and classification technique
can be embedded in our model. This will allow us to apply this model to subtypes as
they become more rigorously defined using other platforms such as copy number vari-
ation. Furthermore, our method could be applied to groups of patients stratified based
on responses to specific treatments. Collectively, having a small, yet reliable number of
genes to screen is more cost effective and would allow for subtype information to be
more readily applied in a clinical setting.

5 Conclusion and Future Work

In this study, we proposed a novel gene selection method for breast cancer subtype pre-
diction based on a hierarchical, tree-based model. The results demonstrate an impres-
sive accuracy to predict breast cancer types using only 18 genes. Herein, we propose a
novel gene selection method for breast cancer subtype prediction based on a hierarchi-
cal, tree-based model. The results demonstrate an impressive accuracy to predict breast
cancer subtypes using only 18 genes in total. Moreover, Most of the selected genes are
shown to be related to breast cancer based on previous studies, while a few are yet to
be investigated. As future work, we will validate these results using cell lines that fall
within a known subtype. We will determine whether our predicted 18 gene array can
accurately denote which subtype each of these cell lines falls under. This hierarchical,
tree-based model can narrow down analysis to a relatively small subset of genes. Impor-
tantly, the method can be applied to more refined stratification of patients in the future,
such as subtypes derived using a combination of platforms, or for groups of patients
that have been subdivided based on response to therapy. Using this computational tool
we can determine the smallest possible number of genes that need to be screened for
accurately placing large populations of patients into specific subtypes of cancer or spec-
ified treatment groups. This could contribute to the development of improved screening
tools, providing increased accuracy for a larger patient population than that achieved by
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Oncotype DX, but allowing for a cost effective approach that could be widely applied
to the patient population.
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