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Abstract— We propose three approaches to extend our previous
Multi-Label Correlation-based Feature Selection (ML-CFS) method
with cancer-related KEGG pathway information, in order to select a
better set of genes (features) for cancer microarray data classification.
In the approach which produced the best results, ML-CFS was
extended with a weighted formula that combines genes’ predictive
power and occurrence in cancer-related KEGG pathways as criteria
for gene selection. We also investigated the effect of different
weights for those two criteria. That approach obtained, in general, a
statistically significantly smaller hamming loss (i.e. higher predictive
accuracy) when compared to the hamming loss obtained by ML-CFS
without using KEGG pathway information, in two cancer-related
microarray datasets, using two different multi-label classification
algorithms — one based on neural networks, the other based on
nearest neighbors. In addition to significantly improving predictive
performance, the genes selected by that approach were found to be
more biologically relevant to the analysis of our datasets than genes
selected without using KEGG pathway information. To the best of
our knowledge, this is the first paper to propose a KEGG pathway-
based feature selection method for multi-label classification.

Keywords — multi-label feature selection, multi-label
classification, cancer-related microarray data, neuroblastoma,
KEGG pathway.

I. INTRODUCTION

DNA microarray is a technology which is widely used to
study biomedical samples [1], since it allows us to measure the
gene expression levels of a large number of genes
simultaneously in a given type of cell or tissue. A common
data mining task applied to microarray data analysis is
classification, which is the focus of this paper. In this task, a
microarray dataset is regarded as a set of instances, where
each instance consists of two parts: a set of predictor features
(gene expression values) and a special class variable (whose
value is to be predicted by the classification algorithm).

More precisely, in the two DNA microarray datasets used
in this paper, each instance represents a cancer cell line, there
are more than 20,000 features (genes) and the class variables
to be predicted are binary variables indicating whether or not
each cell line is sensitive or resistant to certain drugs.

A classification algorithm uses a training set where both
feature values and the class values are known by the algorithm
to build a classification model, which is capable of predicting
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the class of an instance based on its feature values [2]. The
model is then applied to a testing set, consisting of instances
whose class value is unknown by the algorithm.

In the context of microarray datasets, the main challenge
for a classification algorithm is that the number of features
(genes) is very large, whilst the number of instances is very
small. A common approach to this problem is to apply a
feature selection method in a preprocessing phase [3] — i.e.,
before applying a classification algorithm to the data — in
order to select a small subset of relevant features for
microarray data classification. In this paper we follow this
general approach in the context of multi-label classification.

Multi-label classification is special (and more difficult)
type of classification task in data mining, where each instance
can be associated with a set of class labels, rather than just one
class label as in conventional single-label classification [4].

In this work we focus on multi-label classification of two
DNA microarray datasets, and we propose to extend a recently
proposed multi-label correlation-based feature selection
method [5]. The proposed extension is based on incorporating
biological knowledge in the feature selection process. That is,
while conventional feature selection methods select features
based on their predictive power, our extended feature selection
method selects features (genes) based on both their predictive
power and their occurrence in cancer-related KEGG pathways
[6]. Hence, the feature selection process is intentionally biased
towards the selection of known cancer-related genes, whilst
still focusing on selecting genes with a good predictive power.

In essence, we propose three different versions of an
extended multi-label feature selection method, incorporating
KEGG pathway information in the method in three different
approaches. The first approach uses a weighted formula to
evaluate the merit (quality) of a candidate gene subset, where
the criteria of predictive accuracy and occurrence in cancer-
related KEGG pathways are assigned (user-defined) weights
indicating their relative importance. In the second approach,
information about the occurrence of a gene in cancer-related
KEGG pathways is embedded into the merit function, in a way
that avoids the need for user-specified numerical weights. In
the last approach, the feature selection method selects only a
subset of genes that occur in cancer-related KEGG pathways,
removing all genes that do not occur in those pathways.



We run experiments on two multi-label microarray
datasets, and evaluate the feature (gene) subsets selected by
our proposed extended multi-label feature selection method
using two well-known multi-label classification algorithms:
ML-KNN [7] and ML-RBF [8]. For each dataset, we discuss
the predictive accuracy associated with the different versions
of the multi-label feature selection method and discuss the
biological relevance of the genes most frequently selected by
that method.

The rest of this paper is organized as follows. Section II
gives an overview of feature selection both in the single-label
and the multi-label scenarios. Section III introduces the three
proposed extensions to a multi-label feature selection method.
Section IV reports the computational results. Section V
concludes the paper and mentions future work.

II.  BACKGROUND ON FEATURE SELECTION

A. Conventional, Single-Label Feature Selection

Feature selection is a process which selects a relevant
feature subset according to an evaluation criterion(a) [3]. The
main objectives of feature selection are to avoid model
overfitting, improve the predictive performance of the model,
eliminate irrelevant features, and reduce the computational
time taken by the classification algorithm [3, 9, 10]. Feature
selection methods that are applied in a data preprocessing
phase (before applying a classification algorithm to the data)
can be classified into two approaches, as follows. The first
one is the filter approach, where the evaluation function used
to measure the quality of a feature subset is independent of the
classifier. This approach is usually fast and scalable to datasets
with very large number of features. This approach was used in
[11] and [12]. Moreover, Lui et al [13] pointed out that the
filter approach is the most widely used in real-world
applications, particularly when classifying datasets with a very
large number of features, such as microarray datasets. The
structure of most filter algorithms is very simple, and it
provides a simple way to calculate the relevance of features in
large-scale data in a relatively short time.

The second approach, named the wrapper approach, is
more complex. In this approach the evaluation function used
to measure the quality of a feature subset consists of a measure
of the predictive accuracy of a classification algorithm applied
to that feature subset. This approach selects feature subsets
customized to a given classification algorithm, which tends to
improve predictive accuracy. However, when using the
wrapper approach there is a risk that the classification model
overfits the training data (reducing predictive performance in
the testing set) [9, 10]; and the wrapper approach is usually
much more computationally expensive than the filter approach
— due to the need to run a full classification algorithm for each
evaluated candidate feature subset.

In this paper we focus on the filter approach, due to its
more natural scalability to datasets with a very large number
of features, like the microarray dataset mined in this work.

B. Multi-Label Feature Selection

There are very few papers on multi-label feature selection
methods applied to microarray data [14], [5], [15] in contrast to
the very large number of papers on traditional single-label
feature selection methods applied to microarray data [9]. Note

that [15] used a wrapper approach, whilst we focus on the filter
approach. Next, we briefly review multi-label feature selection
methods following the filter approach in general (not in
bioinformatics). The work in [14, 5] will be described in
subsection C.

Doquire and Verleysen [16], as well as Spolaor et al. [17],
essentially transformed the multi-label dataset into a single-
label one and then applied a single-label feature selection
method to the transformed data. The disadvantage of their
approach is that it cannot deal with the multi-label problem
directly, while our approach directly copes with the original
multi-label data. Another method proposed by Spolaor [18]
selects feature subsets which have a multi-label information
gain (IG) value greater than or equal to a pre-defined threshold.
This method has the drawback of requiring an ad-hoc user-
defined threshold value. Lastra et al [19] extended the single-
label feature selection method proposed by Yu and Lui [12] to
multi-label classification. Their method has a serious drawback
in the context of our datasets, namely, it requires all continuous
data to be discretized in a preprocessing step. Our microarray
datasets have more than 20,000 continuous features, and the
discretization of so many features would probably lead to a loss
of relevant information.

Note that all aforementioned multi-label feature selection
methods evaluate a candidate feature subset based on their
features’ predictive power; none of them combines predictive
power calculations with biological knowledge — in order to try
to select genes which are more biologically relevant. By
contrast, our proposed extensions to a multi-label feature
selection method, described in section III, use information from
cancer-related KEGG pathways to favor the selection of
biologically-relevant (cancer-related) genes, whilst still
considering the predictive power of candidate features (genes).
Note also that there are some papers which employ information
from KEGG pathways for feature selection, in particular [20,
21], but such works address only the conventional single-label
classification task, rather than the more complex multi-label
classification task addressed in this paper.

C. Multi-Label Correlation Based Feature Selection (ML-
CFS)

The ML-CFS method was first proposed in [14] and later
extended in [5], and it is briefly described here, to make this
current paper more self-contained — since this current paper
extends the original ML-CFS with biological knowledge, as
will be discussed later. ML-CFS is essentially an adaptation of
the single-label Correlation-based Feature Selection (CFS)
method proposed in [11] for the more complex type of multi-
label classification problems.

In essence, the CFS method uses a hill-climbing search to
try to find a feature (gene) subset F' that has two properties:

(a) it maximizes the correlations between the features in F
and the set of class labels L (7 in equation (1)), in order to
select features with high predictive accuracy; and

(b) it minimizes the correlations between pairs of features
(Tzr in equation (1)) in F, in order to avoid the selection of
redundant features.

Both the single-label CFS and ML-CFS use equation (1) —
where k is the number of features in a candidate feature subset
F and r is Pearson’s linear correlation coefficient — to measure
the quality of a candidate feature subset, but they use a
different approach for measuring the average correlation
between features and labels (7). More precisely, ML-CFS



computes the average correlation coefficient (77;) between
each feature in feature set F' and each of the multiple class
labels in label set L, using equation (2); and then averages the
result of equation (2) over all features, as shown in equation
(3). On the other hand, the average correlation value between
features and label in the conventional single-label CFS method
is simpler, because there is no need to measure average
correlations over multiple class labels.
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Two extensions of ML-CFS were proposed in [5]: one
based on using the absolute value of the correlation coefficient,
and another based on using mutual information between class
labels. The former improved the predictive performance of
ML-CFS, unlike the later, so we focus here only on the
extended version of ML-CFS using absolute correlation
function (i.e., without using mutual information), which is the
version used in all experiments reported in Section I'V.

In that version, the terms in the merit formula were
modified to use the absolute (without sign) value of the
correlation coefficient, as shown in equations (4) and (5),
which compute the average correlation between all feature
pairs (7zr) and the average correlation between features and
class labels (7z;), respectively. In equation (4), fp is the
number of feature pairs in feature subset F. Note that |rfifj|

and |rfz|return a value in [0..+1], rather than in [-1..+1].
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The motivation for using the absolute value of the
correlation coefficient, rather than the original, signed valued
of the correlation coefficient, is discussed in detail in [5],
which is an issue not very relevant for this current paper’s
contribution (focusing on extending ML-CFS with biological
knowledge). The important point here is that both the original
ML-CFS [14] and the ML-CFS using absolute value of the
correlation coefficient only measure the merit of a candidate
feature subset from a statistical perspective, computing the
predictive power and the redundancy in a feature subset. No
previous version of ML-CFS uses any form of biological
knowledge to evaluate the quality of a candidate feature (gene)
subset. Hence, the main contribution of this paper is to extend
ML-CFS with biological knowledge, as discussed in the next
Section.

III. EXTENDING MULTI-LABEL CORRELATION-BASED
FEATURE SELECTION (ML-CFS) WITH CANCER-RELATED
KEGG PATHWAY INFORMATION

Recall that the original ML-CFS method (described in
Section II-C) evaluates the quality of a candidate feature

subset by using a Merit function, which rewards features that
are highly correlated with the class attributes and have a low
degree of redundancy. Hence, the Merit function does not
incorporate any biological knowledge about cancer-related
genes. In this work we propose to extend the ML-CFS method
with an evaluation function that uses some biological
knowledge about cancer-related pathways.

Intuitively, the use of such biological knowledge would
allow the ML-CFS method’s search to focus on genes which
are already known to be cancer-related, which could help to
improve the predictive performance of the ML-CFS method or
help to select genes whose role in cancer-related drug
resistance/sensitivity is more likely to be meaningful to
biologists.

More precisely, we use knowledge about cancer-related
KEGG pathways (http://www.gnome.jp/keg/pathway.html)
[20-21], which is a well-known pathway database, as part of
the function that evaluates a candidate feature subset. KEGG
pathways represent the interaction between genes (gene-gene
interactions) in a gene map using different components.
Moreover, it covers a wide range of organisms and is easy to
use because each pathway is stored in well-known formats
such as XML format files, text files and so on.

Note that we utilize only 16 cancer-related KEGG
pathways, which were selected based on current knowledge
about the biology of cancer, because our experiments aim to
select genes which are relevant for predicting drug
sensitivity/resistance in cancer patients. So, it would not be
effective to employ all pathways in the KEGG database.

The selected 16 cancer-related KEGG pathways are: DNA
replication, Base excision repair, Nucleotide excision repair,
Mismatch  repair, Homologous recombination, Non-
homologous end-joining, Fanconi anemia pathway, ABC
transporters, Wnt signaling pathway, Notch signaling
pathway, Hedgehog signaling pathway, Cell cycle, Apoptosis,
pS53  signaling pathway, Pathways in cancer and
Transcriptional misregulation in cancer. Detailed information
about these cancer-related pathways is provided on the KEGG
website (http://www.genome.jp/kegg/). We assume that if
some genes are related with cancer-related drug
resistance/sensitivity, they are likely to occur in some of the
above cancer-related pathways.

In order to quantify the strength of the relationship between
the genes in a candidate feature subset and the aforementioned
cancer-related pathways, we propose to compute “the average
relative frequency of pathways per gene (AvgRF Pggs,)”:

k
AvgRFPygs, = 211 (6)

where the average is computed over all the & features selected
in the ith candidate feature subset (£SS;), as shown in formula
(6). For each selected feature f'in FSS;, the relative frequency
of pathways for f, denoted by RFP;, is the number of cancer-
related KEGG pathways in which the gene corresponding to f
occurs divided by the number of user-specified pathways (16
in our case). Each RFP, has a value in [0..1], so AvgRFPggg,
also has a value in [0..1]. Hence, the AvgRFP term rewards
feature subsets where most genes in the subset are involved in
several cancer-related pathways, and penalizes feature subsets
where most genes do not occur in any cancer-related pathway.



This work proposes three different extended versions of
the ML-CFS method, which use KEGG pathway information
in three different ways, as follows:

(1) Using a weighted formula to combine the Merit

function and KEGG pathway information.

(2) Embedding KEGG pathway information into the Merit

function.

(3) Selecting only genes that occur in KEGG pathways.

A. Using a Weighted Formula to Combine the Merit Function
and KEGG Pathway Information.

In this approach, the evaluation function of the ith FSS is
defined by the following weighted formula:

Evaluation function = a * Meritpss, + B * AVgRFPess,; (7)

where a and f are weights in [0..1] — a is a user-defined
parameter, and f =1 — a. Meritggg, and AvgRF Prgs, were
discussed earlier.

The advantage of this approach is its simplicity: it
computes the value of the merit of a candidate feature subset
and its AvgRFP value separately (representing two different
perspectives, one statistical and another biological,
respectively). More precisely, the merit function evaluates
candidate feature subsets using the concept of statistical
correlation; while AvgRFP evaluates candidate feature subsets
in terms of how often the genes in a feature subset occur in
cancer-related KEGG pathways. An important point of our
experiments is that the weight a assigned to the merit function
(Meritggg,) is greater than or equal to the weight g assigned to
AvgRFP. This is because we consider the predictive accuracy
(evaluated by the merit function) as the primary evaluation
criterion of a feature subset, while AvgRFP is a secondary (but
still important to users) criterion supporting the discovery of
biologically relevant features. There is no point in discovering
biologically relevant features with low accuracy.

B. Embedding KEGG Pathway Information into the Merit
Function.

We also tried to embed the value of RFP into the merit
function in order to avoid the need to specify user-defined
weights (@ and f) in our evaluation function. In this
approach, the formula to calculate the average value of the
correlation between all features in a feature subset F and all
the labels in class label set L is different from the formula in
the original ML-CFS. The new formula is as follows:
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The idea behind this formula is that we want to reward the
feature-label correlation values in proportion to the strength of
the association between the genes in a feature subset and the
cancer-related KEGG pathways (as measured by the RFP
term), while the average correlation between pairs of features
in a feature subset (to detect redundancy) is computed in the
same way as in the original ML-CFS algorithm.

The effect of using this formula with the hill climbing
search used by ML-CFS is that the algorithm will select only

genes which occur in some KEGG pathway in the first
iteration of hill climbing search. This is because in the first
iteration of the search each candidate feature subset contains
just one feature (gene), and if that gene does not occur in any
KEGG pathway the value of 7gj, is equal to zero. In that case
the value of the merit function is equal to zero because in the
first iteration the average correlation between feature pairs in
the feature subset (Tgg) is ignored (there is no feature pair in
the feature subset), so that only the correlation between
features and labels (77} is considered.

After the first iteration of the hill climbing search, the
candidate feature subsets will have at least one gene which
occurs in at least one cancer-related KEGG pathway and the
correlation between features and labels (1) is taken into
account. Therefore, a selected feature subset returned by ML-
CFS will have at least one gene occurring in a cancer-related
KEGG pathway; and the rest of the genes selected by ML-
CFS’s hill climbing search is expected not only to be highly
correlated with class labels but also to have little redundancy
with the gene selected in the first iteration.

C. Selecting Only Genes that Occur in KEGG Pathways

When using the approach of embedding KEGG pathway
information into the Merit function, there is a chance that the
ML-CFS method selects a feature subset which has only one
gene occurring in some cancer-related pathways and the rest
of the selected genes are not occurring in any cancer related
pathway at all. Note that, in our datasets, only 3.13 % of the
genes (690 out of 22,060 genes) occur in some cancer-related
KEGG pathway, and most of those genes have an AvgRFP
value lower than 0.15. Hence, we decided to do experiments
with another approach which selects only genes which occur
in cancer-related KEGG pathways. The idea behind this
approach is to investigate what will happen if we force our
feature selection method (ML-CFS) to select a feature subset
from a feature space containing only the genes (features) that
occur in some cancer-related pathway. Hence, in this approach
we remove all genes which do not occur in any cancer-related
pathway from the feature space. After that we give all the
remaining genes (i.e. all the genes occurring in some cancer-
related KEGG pathway) as input to the ML-CFS method.

IV. COMPUTATIONAL RESULTS AND DISCUSSION

A. Datasets and Experimental Setup

In our experiments, we have analysed two multi-label
microarray datasets. The first one (hereafter referred to as
dataset 1) consists of 28,536 features (genes), 24 instances
(cell lines) and 2 class attributes. These two class attributes
stand for two drugs used to treat neuroblastoma, namely:
Nutlin-3 and Rita. The second multi-label microarray dataset
(hereafter referred to as dataset 2) also has 28,536 features
(genes) and 24 instances (cell lines), but it has 3 different class
attributes (different drugs used to treat neuroblastoma),
namely: Cisplatin, Carboplatin and Oxaliplating. Both these
datasets were obtained from the resistant cancer cell line
(RCCL) collection [22].

Before running all experiments on those two datasets, all
features were normalized according to the zero-mean
normalization method. i.e., a feature’s mean value is
normalized to 0, and the value of a feature for an instance was



normalized to the number of standard deviations above or
below the feature’s mean. Moreover, we remove genes with
unknown names because we aimed at selecting genes whose
relevance to drug resistance/sensitivity can be interpreted by
biologists. After removing unknown genes, the number of
features (genes) that remained on dataset 1 is 22060, and
22,058 genes (features) remained on dataset 2 (each dataset
had about 22.7% of genes with unknown names).

We ran experiments with 4 types of feature selection
approaches applied to those two microarray datasets: (1)
running the multi-label CFS (ML-CFS) method proposed in
[5] — as discussed in Section II-C, (2) running ML-CFS with
KEGG pathway information in weighted formula, (3) running
ML-CFS with KEGG pathway information embedded into the
merit function, and (4) running the ML-CFS for selecting only
genes that occur in KEGG pathways.

The feature subset selected by each of those 4 approaches
was used as input by two different multi-label classification
algorithms, namely ML-KNN (multi-label K-nearest
neighbours) [7] and ML-RBF (multi-label radial basis
function) neural networks [8]. These algorithms were run with
their default parameters, mentioned on the corresponding
papers.

In our experiments, we use the leave-one-out cross
validation (LOOCV) procedure to estimate predictive
accuracy [2]. This well-known procedure runs a classification
algorithm » times, where n is the number of instances (cell
lines). In each run a different instance is used as the test data
and the other n — 1 instances are used as the training data.

The predictive accuracy of each classification algorithm
was measured by a well-known multi-label predictive
accuracy measure named hamming loss. It takes into account
prediction errors (an incorrect label is predicted) and missing
errors (a label is not predicted). Note that the smaller the
hamming loss value, the better the predictive accuracy. The
hamming loss is defined in formula (9):

. _ 1 yIp| [YiAZi]
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Where D is a multi-label test data set, consisting of [D|
multi-label instances (x;Y;), i = 1..|D|, Y; is the set of class
labels associated with the i-th instance. Y; € L, L is the set of
class labels and || is the number of labels in L. Z; is the set of
labels predicted by the multi-label classifier for the i-th
instance and A is the symmetric difference of two sets and
corresponds to the XOR operation in Boolean logic. That is, a
class label belongs to the set of labels defined by Y; A Z; if and
only if that label occurs in either Y; or Z;, but not in both sets.

To measure statistical significance, we use the Wilcoxon’s
Signed-Rank test, which is a non-parametric significance test
here used for comparing the results of two algorithms on a
single application domain (dataset) [23]. In our case, we
compare the hamming losses obtained by the ML-CFS
algorithm without using KEGG pathway information and the
ones obtained by the proposed 3 extended versions of ML-
CFS using KEGG pathway information, i.e. ML-CFS using a
weighted formula, ML-CFS with KEGG pathway information
embedded into Merit function and ML-CFS selecting only
genes that occur in some KEGG pathway.

B. Hamming Loss Results

Table I shows the hamming loss of two multi-label
classification algorithms (ML-kNN and ML-RBF) which were
applied to the feature subsets selected by different versions of
the ML-CFS feature selection method. The best (smallest)
hamming loss obtained for each dataset, for each of the two
multi-label classification algorithms, is shown in boldface.
Comparing the hamming loss across different parameter
settings (a and [ values), for the ML-kNN classifier (top half
of Table I) on dataset 1, the high value of a and low value of
B (0.9 and 0.1 respectively) used together obtained the
smallest hamming loss; while on dataset 2 the smallest
hamming loss was obtained when we set « = 0.7 and f = 0.3.
Moreover, those hamming loss values (0.188 and 0.111 from
dataset 1 and dataset 2, respectively) are smaller than the
hamming loss values which were obtained by the ML-CFS
without using KEGG pathway information (0.229 and 0.153
respectively). The corresponding hamming loss differences in
each dataset are statistically significant according to the two-
tailed Wilcoxon Signed-Rank test at the 5% significance level.

Hence, when the features selected by ML-CFS are used by
the ML-kNN algorithm, the best results are obtained using a
moderate (0.3) or small (0.1) § value, meaning that the use of
KEGG pathway information is beneficial if its relative weight
in the evaluation function is moderate or small. A relatively
large S value, 0.5, leads to much larger hamming losses
(larger than the losses obtained without using KEGG pathway
information). This can be explained by the relatively large
weight of the KEGG pathway information, and so the
relatively low weight of the Merit term in the evaluation
function, which means there is so much emphasis on selecting
genes that occur in KEGG pathways that there is not enough
emphasis on selecting genes with a high Merit value (i.e.
genes that are highly correlated with the class and that have
little redundancy).

TABLE L HAMMING LOSS VALUES MEASURED BY LEAVE-ONE-OUT
CROSS-VALIDATION (WITH STANDARD ERRORS BETWEEN BRACKETS)
. Weights Dataset 1 Dataset 2
Feature Selection Approach p | £ |Hamming loss| Hamming loss
ML-KNN
Multi-Label CFS - - ] 0.229 (0.060) | 0.153 (0.053)
Multi-Label CFS with KEGG 0.5 | 0.5 ] 0.354 (0.064) | 0.292 (0.073)
pathway information in weighted 0.7 | 0.3 ] 0.333(0.065) | 0.111(0.043)
formula 0.9 [ 0.1 | 0.188 (0.066) | 0.277 (0.076)
Multi-Label CFS with KEGG
pathway information embedded into 0.458(0.073) | 0.417(0.078)
Merit function
Multi-Label CFS selecting only
genes that occur in KEGG pathways 0-291(0.067) | 0.264(0.063)
ML-RBF
Multi-Label CFS - - ]0.188 (0.066) | 0.083 (0.041)
Multi-Label CFS with KEGG 0.5 ] 0.5 ]0.167 (0.049) | 0.236 (0.079)
pathway information in weighted 0.7 | 0.3 10.167 (0.049) | 0.250 (0.073)
formula 0.9 | 0.1 |0.291(0.074) | 0.056 (0.033)
Multi-Label CFS with KEGG
pathway information embedded into 0.229(0.052) | 0.389(0.081)
Merit function
Multi-Label CFS selecting only
genes that occur in KEGG pathways 0.229(0.067) | 0.097(0.037)

For the ML-RBF classifier (results in the bottom half of
Table 1), we obtained the smallest hamming loss when we set
(e=0.5and B =0.5)or (@ =0.7and L =0.3) on dataset 1,
while the smallest hamming loss was obtained when we set a =
0.9 and B = 0.1 on dataset 2. Note that those hamming loss



values (0.167 and 0.056 respectively) are smaller than the
hamming loss values which were obtained by the ML-CFS
without using KEGG pathway information (0.188 and 0.83,
respectively). The corresponding differences in each dataset are
statistically significant according to the two-tailed Wilcoxon
Signed-Rank test at the 5% significance level.

The ML-CFS version where KEGG pathway information is
embedded into the merit function and the version selecting
only genes that occur in KEGG pathways obtained larger
hamming losses, overall, compared with ML-CFS using a
weighted formula to combine the value of the merit function
and KEGG pathway information.

C. Analysis of Selected Genes

Table II shows the genes most frequently selected by each
version of ML-CFS for each dataset, with the corresponding
selection frequency shown in brackets. The table shows only
genes which were selected in at least 12 out of the 24
iterations of the LOOCYV procedure, with the exception of the
table entry for genes selected using KEGG pathway
information embedded into Merit function, in dataset 1.

We focus our analysis on the genes selected by the ML-
CFS version using KEGG pathway information in weighted
formula, which was overall the most successful ML-CFS
version in terms of predictive accuracy. As shown in Table II,
considering the dataset 1, when we use different a and 8
weight values, our algorithm discovers two different sets of
selected genes: genes TP53, PCNA and MDM2 were selected
when we set (¢ = 0.5 and § =0.5) or (¢ = 0.7 and S = 0.3);
whilst genes ERCC1 and CCDC72 were selected when a =
0.9 and B =0.1. On dataset 2, ML-CFS with KEGG pathway
information in weighted formula also selected different genes
for different a and B weight values, for example: CCND1 and
BCL2 were consistently selected when (¢ = 0.5 and g = 0.5)
or (@ = 0.7 and B = 0.3); while MAD2L2, CSNK2A and
MTSS1 were selected when a = 0.9 and 8 =0.1.

Interestingly, the gene ‘PCNA’ was selected by ML-CFS
24 times (out of 24 runs) for dataset 1 and 21 times for dataset
2, when we set « = 0.5 and f = 0.5. When we set @ = 0.7 and
B = 0.3, this gene was selected 24 times for dataset 1 and 10
times for dataset 2 (the latter figure is not shown in Table II
because in general that Table shows only genes selected in at
least 12 out of 24 runs).

Table III shows the genes which were frequently selected
by ML-CFS using KEGG pathway information in weighted
formula, no matter what parameter setting. The table shows
the frequency of selection out of 72 because it considers 3 runs
of LOOCV, one run for each parameter setting (a and f8
values), and each LOOCYV run has 24 iterations. As shown in
the table, in dataset 1, genes MDM2, TP53 and PCNA are
consistently selected in about 50 (out of 72) runs of ML-CFS,
considering all variations of parameter settings. In dataset 2,
only gene CCND1 achieves this level of selection frequency.

Table IV shows the average number of selected genes for
each ML-CFS version used in the experiments. Most feature
selection approaches selected less than 10 genes (out of the
about 22,000 genes in the feature space) in both datasets. The
exception is ML-CFS with KEGG pathway information
embedded into the Merit function, which selected a
substantially higher number of genes (about 17 genes in both
datasets). This was also the approach that led to the worst

hamming loss results, as discussed earlier. In any case, the
proportion of selected genes by each approach was always
smaller than 0.1% of all genes in the feature space.

It should be noted that, comparing the set of genes selected
by ML-CFS without using KEGG pathway information with
the set of the genes selected by ML-CFS using KEGG
pathway information, the two gene sets are very different in
general. Moreover, only one gene which was selected by ML-
CFS without using KEGG pathway information occurs in
KEGG pathways, namely the gene “RASSF2”. On the other
hand, most of the genes which were selected by ML-CFS
using a weighted formula occur in cancer-related KEGG
pathways, except the genes “MTSS1” and “CCDC72”. (Note
that, here we consider only genes which were selected in more
than 12 iterations of LOOCYV).

TABLE II. SELECTED GENES AND THEIR SELECTION FREQUENCY FOR
DIFFERENT VERSIONS OF THE ML-CFS FEATURE SELECTION METHOD

Parameter Dataset 1 Dataset 2

Feature Selection Approach

Selected Gene and | Selected Gene and

al| B Selection Frequency | Selection Frequency
Multi-Label CFS RASSF2 (23) KIAA2013 (22)
KLC4 (16) MAD2L2 (18)
SLCI2A7 (15) CSNK2ALI (12)

Multi-Label CFS with KEGG 0.5 | 0.5 [TP53 (24)
pathway information in PCNA(24)

PCNA(21) RPA4(18)
CDK4(16) BCL2(12)

weighted formula MDM2(23) CCNDI(19)
07 103 P53 (24) DVLI(24) BCL2 (23)
PCNA(24) CCNDI(24)
MDM2(24) CSNK2AI (16)
09 0.1 [ERCCI(23) MAD2L2 (24)
CCDC72(19) CSNK2A1 (12)
MTSSI (12)
Multi-Label CFS with KEGG ERCC1(9) RPRM (8)|MAD2L2 (24)

(None of them were
selected more than 12
times of LOOCV)

pathway information embedded
into Merit function

Multi-Label CFS selecting only FUT8(15) RPRM(14)(MAD2L2 (24)

genes that occur in KEGG PRKCA(19) CSNK2AL (23)
pathways RNASEH2B (14) BAII (22)
NOTCH1 (14)
TABLE IIL GENES WHICH WERE FOUND BY ML-CFS USING KEGG
PATHWAY INFORMATION (NO MATTER WHAT PARAMETER SETTING)
Dataset 1 Dataset 2
Selected Frequency of selection Selected Frequency of selection
Gene (Out of 72) Gene (Out of 72)
MDM2 52 CCND1 50
TP53 52 BCL2 38
PCNA 50 DVLI1 32
PCNA 31
MAD2L2 30
CSNK2A1 28

Table V shows the list of cancer-related KEGG pathways
in which each frequently selected gene occurs. Note that the
four genes most frequently selected in Table III (MDM2,
TP53, PCNA and CCND1) all occur in the cell cycle pathway,
and three of those genes (MDM2, TP53 and CCNDI) also
occur in the p53 signaling and the melanoma pathways.

D. Discussion on the Biological Relevance of the Most
Frequently Selected Genes

In this section we compare the biological relevance of the
genes selected by different versions of ML-CFS, namely
without using KEGG pathway information and using cancer-
related KEGG pathway information in a weighted formula —
since this was, overall, the ML-CFS version that obtained best
predictive accuracy results, among the 3 versions using KEGG




pathway information. ML-CFS with KEGG pathway
information was superior in selecting genes that are potentially
relevant for drug resistance, as discussed next.

The genes selected by ML-CFS without KEGG pathway
information in dataset 1, namely RASSF2, KLC4, and
SLCI12A7, are difficult to interpret in the context of cancer
cell resistance to the drugs associated with that dataset
(Nutlin-3 and RITA). Among the genes selected by that ML-
CFS version in dataset 2 (associated with drugs Cisplatin,
Carboplatin and Oxaliplatin), MAD2L2 and CSNK2A are
involved in cell cycle regulation, a relevant process in the
cancer cell response to anti-cancer drugs. However, there is no

obvious connection.

TABLE IV. THE AVERAGE NUMBER OF SELECTED GENES FOR EACH
MULTI-LABEL CFS APPROACH
Parameter | Dataset 1 Dataset 2
Feature Selection Approach Avg No. of | Avg No. of
a B selected genes | selected genes
Multi-Label CFS - 8.29 6.67
Multi-Label CFS with KEGG pathway 05| 0.5 2.96 5.54
information in weighted formula 07 | 03 338 754
09 | 0.1 9.67 5.67
Multi-Label CFS with KEGG pathway 17.54 16.46
information embedded into Merit function ] ) )
Multi-Label CFS selecting only genes that -
occur in KEGG pathways 8.63 379

TABLE V.

SELECTED GENES AND THE CANCER-RELATED KEGG

PATHWAYS IN WHICH THEY ARE INCLUDED

Gene: Gene Description

Pathways

TP53: tumor protein p53

Cell cycle, p53 signaling pathway,
Apoptosis, Wnt signaling pathway, Pathways
in cancer, Transcriptional misregulation in
cancer, Melanoma

PCNA: proliferating cell nuclear
antigen

DNA replication, Base excision repair,
Nucleotide excision repair, Mismatch repair,
Cell cycle

MDM2: Mdm?2 p53 binding protein
homolog

Cell cycle, p53 signaling pathway,
Transcriptional misregulation in cancer,
Non-homologous end-joining, Melanoma

ERCCI: excision repair cross-
complementing rodent repair
deficiency, complementation group
1 (includes overlapping antisense
sequence)

Nucleotide excision repair, Fanconi anemia
pathway

CCNDL1: cyclin D1

Cell cycle, p53 signaling pathway,
Melanoma, Wnt signaling pathway,
Pathways in cancer

RPAA4: replication protein A4,
30kDa

DNA replication, Nucleotide excision repair,
Mismatch repair, Homologous
recombination, Fanconi anemia pathway

CDK4: cyclin-dependent kinase
inhibitor 2C (p18, inhibits CDK4)

Cell cycle, p53 signaling pathway, Pathways
in cancer, Melanoma

BCL2: B-cell CLL/lymphoma 2

p53 signaling pathway, Apoptosis, Pathways
in cancer, Transcriptional misregulation in
cancer, Melanoma

DVLI: dishevelled, dsh homolog 1
(Drosophila)

Wnt signaling pathway, Notch signaling
pathway, Pathways in cancer

CSNK2A1: casein kinase 2, alpha 1 | Wnt signaling pathway
polypeptide
MAD2L2: MAD?2 mitotic arrest Cell cycle

deficient-like 2 (yeast)

In contrast, ML-CFS with KEGG pathway information

selected genes that are known to be affected by resistance
development to the investigated compounds. In dataset 1,
genes TP53, PCNA, ERCC1, MDM2, and CCDC72 were
selected. Nutlin-3 and RITA interfere with the interaction of

p53 (encoded by TP53) with its endogenous inhibitor MDM?2.
Therefore, TP53 and MDM2 are obvious candidates whose
expression may be affected in resistant cells. Particularly,
biological experimental results demonstrated that TP53 is
frequently found mutated in Nutlin-3-resistant cells [22].
PCNA and ERCCI are both involved in DNA repair, and
Nutlin-3 and RITA are both known to induce DNA damage
[24-27]. Little information is available on CCDC72 (also
known as TMAY7). It is a peptide discovered in yeast that binds
to the translation machinery. Its depletion results in enhanced
cellular resistance to stress.

In dataset 2, ML-CFS with KEGG pathway information
selected genes PCNA, CDK4, BCL2, MTSS1, CCNDI,
DVLI1, and RPA4 as potentially relevant genes for the
neuroblastoma cell resistance to platinum drugs. Platinum
drugs are thought to exert their anti-cancer effects primarily
through induction of DNA damage [28, 29]. PCNA, RPA4
(both involved in DNA repair pathways), DVL1 (constituent
of the Wnt signalling pathway), CDK4, CCNDI (both
involved in cell cycle regulation), and BCL2 (which encodes
for an anti-apoptotic protein) are all known to be potentially
involved in the response and resistance to platinum drugs [29].
A potential role of MTSS1 remains unclear with regard to the
current knowledge state.

V. CONCLUSIONS

Although there is previous research on KEGG pathway-
based feature selection for conventional, single-label
classification of microarray data; to the best of our knowledge,
this is the first paper to propose a KEGG pathway-based
feature selection method for multi-label classification. We
proposed to extend our previous multi-label correlation-based
feature selection (ML-CFS) method with cancer-related
KEGG pathway information, in order to bias the search
towards features (genes) that have not only high predictive
accuracy, but also are known to occur in cancer-related KEGG
pathways. Genes satisfying the latter criterion are intuitively
expected to be more relevant (at least their relevance seems
more easily interpretable by biologist) as features predicting
whether or not a cancer cell line will be sensitive or resistance
to certain drugs. Indeed, in this work genes selected using
KEGG pathway information were found more biologically
relevant to the analysis of our datasets than genes selected
without using KEGG pathway information.

In addition, when we used KEGG pathway information as
a part of ML-CFS’s evaluation function with the best
parameter setting (in a weighted formula), we obtained, in
general, a statistically significantly smaller hamming loss
when compared to the hamming loss obtained by ML-CFS
without using KEGG pathway information (in both our
microarray datasets). Hence, the weighted formula approach to
use KEGG pathway information in the evaluation function can
be considered successful, as long as care is taken to do
experiments with different parameter settings.

However, the other two approaches for using KEGG
pathway information — i.e., embedding that information into
the ML-CFS’s Merit function and selecting only genes that
occur in cancer-related KEGG pathways — obtained a larger
hamming loss compared with ML-CFS without using KEGG
pathway information. Hence, it is interesting to note that,
when the genes given as input to ML-CFS were only genes



occurring in cancer-related KEGG pathways, ML-CFS was
not able to select very relevant genes in terms of predictive
accuracy, i.e. that approach was not able to improve predictive
accuracy and biological relevance simultaneously. In contrast,
using a weighted formula to combine the original ML-CFS’s
Merit function and KEGG pathway information has achieved
a good trade-off between improving predictive accuracy and
biological relevance simultaneously.

Concerning future research directions, we will develop

new multi-label correlation-based feature selection methods
based on different types of search methods, such as genetic

algorithms.

Moreover, we might integrate an adaptive-

parameter technique and another type of biological knowledge
to improve the use of the weighted formula in ML-CFS.
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