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Abstract

One of the central challenges in cancer research is identifying significant genes among thousands of others
on a microarray. Since preventing outbreak and progression of cancer is the ultimate goal in bioinfor-
matics and computational biology, detection of genes that are most involved is vital and crucial. In this
article, we propose a Maximum-Minimum Correntropy Criterion (MMCC) approach for selection of bio-
logically meaningful genes from microarray data sets which is stable, fast and robust against diverse noise
and outliers and competitively accurate in comparison with other algorithms. Moreover, via an evolution-
ary optimization process, the optimal number of features for each data set is determined. Through broad
experimental evaluation, MMCC is proved to be significantly better compared to other well-known gene
selection algorithms for 25 commonly used microarray data sets. Surprisingly, high accuracy in classifica-
tion by Support Vector Machine (SVM) is achieved by less than 10 genes selected by MMCC in all of the
cases.
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1. Introduction

It is beyond any shadow of doubt that cancer is a crucial disease that presents different challenges in both
diagnosis and treatment [1]. Similar to most of diseases, cancer is also influenced by genes, thus, deter-
mination of genetic landscape and profile of this disease is of utmost importance and significance [2, 3].
Recent advancements in high-throughput technologies such as Next Generation Sequencing (NGS), Mi-
croarray, Mass Spectrometry (MS), and imaging assays and scans have paved the way for researches to
identify genetic causes of diseases [4, 5, 6, 7]. These new high-throughput representations require proper
computational methods and techniques in order to obtain knowledge from them precisely [8, 9, 10, 11, 2].
Although these new technologies are infinitely beneficial and advantageous, they might be suffering from
an enormous problem named "Curse of Dimensionality" if they have high number of observed genes (di-
mensions) but low number of samples [12]. Fortunately, manifold feature selection methods have been
proposed so far to deal with "Curse of Dimensionality" and subsequent over-fitting in learning process
[12, 13]. Although we analyze the proposed method by microarray data sets, such an approach can be
helpful in numerous other feature selection problems [14, 15, 16, 17]. In addition, feature selection gen-
erally is helpful to reduce the time and memory complexities which are always issues. Moreover, the
increased complexity in time or memory is not only limited to time and space occupations, but it adversely
influences the performance of the algorithms due to the noise effect and outliers [18]. Finally, feature se-
lection is also important for visualization purposes.
Generally, feature selection methods can be categorized into two broad groups of classifier dependent (such
as ’wrapper’ and ’embedded’ methods) and classifier independent (such as ’filter’ methods). In filter meth-
ods feature selection and classification components are separated and selection of feature is based on some
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heuristic criteria and scoring. In contrast, wrapper and embedded methods take advantage of a classifier
evaluation of a subset by training/test accuracy and determination of the structure of specific classes of
learning models to enhance the feature selection process respectively [13].
Model et al. [19] utilized numerous feature selection methods for DNA methylation based cancer classifi-
cation. Li et al. [20] applied feature selection for tissue classification based on gene expression. Zhang et
al. [21] used Support Vector Machine (SVM) with non-convex penalty for gene selection in cancer clas-
sification. Similarly, Cawley et al. [22] proposed a sparse logistic regression with Bayesian regularization
for the same challenge. Logsdon et al. [23] suggested gene expression network reconstruction by convex
feature selection when incorporating genetic perturbations in order to discover novel network relationships.
Fitzgerald et al. [24] proposed a second order dimensionality reduction method using minimum and maxi-
mum mutual information models in multidimensional neural feature selectivity. Piao et al. [25] utilized an
ensemble correlation-based feature selection method for cancer classification with gene expression data.
Another ensemble approach for feature selection proposed by Yassi and Moattar [26] is a robust and sta-
ble feature selection method for genetic data classification. Aguas et al. [27] has shown that how feature
selection methods can be applied to achieve reliability in classification of viral sequences by host species,
and to determine the vital minority of host-specific sites in pathogen genomic data. Manchon et al. [28]
proposed novel features and a multiple classifier approach for identifying cancer associated mutations in
the cancer kinome.
Interested readers can refer to six great surveys and reviews of feature selection in [17, 29, 30, 31, 32] and
Jain et al. [33] and the references therein.
In this paper, we aim to use Maximum-Minimum Correntropy Criterion (MMCC) for filter-based feature
selection. The main contributions are summarized as follow:

• A new formulation based on MMCC is investigated for feature selection.

• The optimal parameters of MMCC are found by an optimizer.

• Along with MMCC parameters, the number of features to be selected is determined and we do not
need to scrutinize the performance of MMCC by different desired number of features.

• Robustness, speed and stability of MMCC are explored by testing on numerous data sets.

2. Materials and Methods

2.1. Correntropy

In Information Theoretic Learning (ITL)[34], Correntropy is defined as a local similarity measure [35] and
it has shown robustness in dealing with various type of noise and outliers [36]. Given two random vectors
x ∈ RN and y ∈ RN , Correntropy is defined as

V(x, y) = E[⟨Φ(x),Φ(y)⟩] = E[k(x, y)] (1)

where E[.] is expectation operator, Φ(.) connotes a nonlinear mapping to high dimensional space, k is any
kernel function and ⟨., .⟩ denotes the inner product. The real world data sets usually contain a finite number
of samples by which (1) can be restated as

V̂(x, y) =
1
N

N∑
i=1

k(xi, yi) (2)

Kernel-based algorithms have shown great performance in the realm of machine learning. The kernel
function utilized in Correntropy is often the Gaussian kernel defined as

kσ(xi, yi) = exp(−
∥xi − yi∥22

2σ2 )

where σ is called the kernel width. In practice, σ can dramatically influence the performance of the al-
gorithms based on Gaussian kernel. In this paper, the Gaussian kernel is utilized and its kernel width is
determined by an optimizer which we will discuss in further sections.
The robustness of Correntropy has been investigated in face recognition [37], non-Gaussian signal process-
ing [36], clustering [38] and classification [39], to name a few. To our knowledge, it is the first time that
Correntropy is utilized for filter-based feature selection.
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Table 1: Optimal values of MMCC parameters for 15 two-class data sets.

Table 2: Optimal values of MMCC parameters for 10 multi-class data sets.

2.2. Filter-based Feature Selection via Maximum-Minimum Correntropy Criterion

Filter methods are predicated on a criterion J which measures the importance and usefulness of a feature or
a subset of features. A potential criterion J would usually measure the correlation between the feature and
the class label. Given a data set X and class label Y , we propose to use the Maximum-Minimum Correntropy
Criterion (MMCC) score for a feature Xk, i.e.

JMMCC(Xk) = V(Xk,Y). (3)

To select K features, one can rank features based on MMCC (3) and select the top K ones. However, the
criterion in (3) suffers from selecting highly correlated features. Generally, the features are to be chosen
that are individually irrelevent in order to avoid redundancy [13]. For this aim, the criterion in (3) is
modified as

JMMCC(Xk) = V(Xk,Y) − β
∑
X j∈S

V(Xk, X j) (4)

where β is a regularizer parameter and S is the set of selected features. Note that we construct final selected
features iteratively and in each iteration, one feature added to the selected set S. Parameter β is a trade-off
between importance of similarity between feature Xk and label and similarity between feature Xk and al-
ready selected features.
There are three parameters (β, σ and number of features to be selected) which can influence the perfor-
mance of the proposed problem. To find the optimal values for this parameters, an evolutionary process is
utilized which we study in detail in further sections. Fig. 1 illustrates the procedure of MMCC that finds
optimals values of three above-mentioned parameters and selects features.

Figure 1: The procedure of MMCC for selection optimal parameters and features.

3. Results and Discussion

3.1. data sets

Throughout this article, in order to evaluate the proposed method we utilized 25 microarray data sets of
gene expression levels adopted from [12]. 15 of these data sets are two-class and the rest 10 are multiclass.
For each class, each sample represents a common phenotype or a subtype thereof. For convenience, these
25 data sets are assigned a reference number which the first 15 are for two-class and 16 to 25 are dedicated
for multiclass data sets. The dimensions of these data sets vary from approximately 2000 to 25000 features
and sample size varies approximately between 50 and 300 samples.

3.2. Performance

The optimal values of three parameters including β, Correntropy kernel width σ and the number of features
to be selected can profoundly influence the performance of the proposed method. The classification accu-
racy is probably higher if we select more features. However, performing classification on data sets with
more features requires more time and memory. On the other hand, if the number of selected features is not
enought, the classification will fail, therefore, finding the number of selected features can be tricky.
The performance of Correntropy is highly related to its kernle width. If the kernel width is low, Corren-
tropy will operate similar to l0 norm and a part of data might be lost. In contrast, if the kernel width is
high, Correntropy is approximately l2 norm which means that it loses its robustness in dealing with high
corruption and non-Gaussian noise. The parameter β also adjusts the selected features’ redundancy.
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Table 3: The time (in seconds) comparison of MMCC, MIM [43], MRMR [44], CMIM [45] and JMI [46]
on 15 two-class data sets.

To obtain these values, we utilize an adaptive version of Differential Evolution (DE) [40]. DE is one of the
most powerful and effective population-based evolutionary computation methods for global optimization
especially in continuous problems. To perform the optimization process, DE uses three operators including
mutation, crossover and selection. Since these operators have their own parameters we applied jDE [41]
which is an adaptive variant of DE. jDE requires a cost function for optimization tasks and one can use
the accuracy of a classifier for this purpose. In this article, we utilize SVM with linear kernel available in
Libsvm library [42].
Table 1 and Table 2 tabulate the optimal values of the above-mentioned parameters for two- and multi-class
data sets, respectively. Further, we defined the lower and upper bounds of parameters of MMCC which
have been brought in these tables.
Next, the performance of MMCC is compared with 4 well-known filter methods: MIM [43], MRMR [44],
CMIM [45] and JMI [46]. To make our comparison fair, obtained optimal number of features are set for
each method. We divide each data set into train and test subsets: 80 percent of each data set dedicated to
train classifier and the rest are for testing the performance of the SVM. In order to diminish the uncertainty
of the SVM, we run it 10000 times independently. Tables 3 and 4 are stated the maximum accuracy of
the SVM over these independent runs. For two-class data sets, in 4 of cases MMCC achieved the best
performance among other methods and in 6 data sets, all methods obtained the same performance. In 3
of the data sets MMCC was the best with at least one of the other methods and MMCC had the poorest
performance in 2 data sets.
For multiclass data sets, in 3 of the cases MMCC had the best performance and in 2 data sets all methods
performed equally. In 3 data sets, MMCC obtained the best results with at least one of the other meth-
ods and finally, in only one data set MMCC was not successful. It is important to note that some of the
compared method evoked ’out of memory’ error on big multiclass data sets. The list of selected genes are
brought in Supplementary Material for interested readers.

Figure 2: Maximum test accuracy in 10,000 runs of SVM classification on selected features for 15 two-
class data sets. The methods are MMCC, MIM [43], MRMR [44], CMIM [45] and JMI [46].

Figure 3: Maximum test accuracy in 10,000 runs of SVM classification on selected features for 10 multi-
class data sets. The methods are MMCC, MIM [43], MRMR [44], CMIM [45] and JMI [46].

3.3. Time

Filter-based feature selection methods (like mutual information based methods) usually needs to estimate
several density functions. This estimation is usually depended to the number of samples and features and
it becomes more times consuming as the dimension of data increase. Correntropy criterion, however, does
not need to estimate any density functions and it is probably less time consuming. Experimental analysis
on this issue illustrates that MMCC is significantly faster. Table (3) and (4) tabulate that time (in seconds)
of the aforementioned methods. It is readily seen that the speed of the MMCC is competitive in comparison
to other methods.

3.4. Stability

One of the most important aspects of any feature selection method is its stability. Following [47], stability
of a feature selection method means the robustness of the feature preferences it suggests to differences
in diverse training sets obtained from the same generating distribution. In fact, for a given data set, the
stability of a method is the stability of the appearance of certain features after resampling. Let Y be set of
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Table 4: The time (in seconds) comparison of MMCC, MIM [43], MRMR [44], CMIM [45] and JMI [46]
on 10 multi-class data sets.

Table 5: Exploring the stability of 15 two-class (above) and 10 multi-class (bottom) data sets via Average
Normalized Hamming Distance (ANHD) [47].

all features and |Y | be the cardinality of it, according to Dunne et al. [48], Average Normalized Hamming
Distance (ANHD) is a stability measure for a feature selection method as follow:

ANHD(S ) =
2

|Y |n(n − 1)

n−1∑
i=1

n−1∑
j=1

HD(mi,m j) (5)

Here, HD is the hamming distance of mi and mj which are two binary vectors corresponding to two subsets
Si and Sj from two different samples of a data set originated from n runs, i.e.

HD(mi,m j) =
|Y |∑
i=1

|mi,k − m j,k | (6)

Where,

m j = (m j1, ...,m j|Y |) (7)

In this section, we utilized ANHD in order to evaluate the stability of MMCC over n = 10 independent
runs and in each run 90% percent of the samples were considered randomly for evaluation of MMCC. The
results are stated in Table (5). As illustrated in these tables, in almost all of the data sets MMCC reached
an ANHD almost near to 0 which indicates minimum variation. Therefore, MMCC is not only fast and
robust against noise and outliers but also significantly stable which is vital and advantageous for a feature
selection algorithm.

4. Conclusion

In this paper, we proposed Maximum-Minimum Correntropy Criterion (MMCC) for selection of informa-
tive genes from microarray data sets. We have shown that by less than 10 genes among thousands ones it is
possible to achieve significantly high accuracy in cancer classification. Furthermore, we stated numerous
advantageous for MMCC such as low computational cost, robustness (because of correntropy) and more
importantly its stability (evaluated based on Average Normalized Hamming Distance (ANHD)). Our ex-
periments show that, genes selected by MMCC achieved maximum performance in cancer classification by
SVM in almost all of the data sets in comparison with other well-known compared feature selection algo-
rithms. Interestingly, some of these algorithms faced "out of memory" error during gene selection process
especially for multiclass data sets, however, MMCC overcomes this problem as well which indicates that
it is required less memory compared to other algorithms.

5. References

[1] B. Donnell, A. Maurer, A. Papandreou-Suppappola, and P. Stafford, “Time-frequency analysis of peptide microarray data:
Application to brain cancer immunosignatures,” Cancer Informatics, pp. 219–233, 06 2015.

[2] R. Upstill-Goddard, D. Eccles, J. Fliege, and A. Collins, “Machine learning approaches for the discovery of gene–gene interac-
tions in disease data,” Briefings in bioinformatics, p. bbs024, 2012.

[3] K. Bozek, T. Lengauer, S. Sierra, R. Kaiser, and F. S. Domingues, “Analysis of physicochemical and structural properties
determining hiv-1 coreceptor usage,” PLoS Comput Biol, vol. 9, no. 3, p. e1002977, 2013.

[4] P. Agarwal and K. Owzar, “Next generation distributed computing for cancer research,” Cancer Informatics, pp. 97–109, 04
2015.

[5] X. Li, S. Peng, J. Chen, B. Lü, H. Zhang, and M. Lai, “Svm–t-rfe: A novel gene selection algorithm for identifying metastasis-
related genes in colorectal cancer using gene expression profiles,” Biochemical and biophysical research communications,
vol. 419, no. 2, pp. 148–153, 2012.

5

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted October 21, 2015. ; https://doi.org/10.1101/029538doi: bioRxiv preprint 

Majid
Highlight

https://doi.org/10.1101/029538


[6] D. V. Nguyen and D. M. Rocke, “Multi-class cancer classification via partial least squares with gene expression profiles,”
Bioinformatics, vol. 18, no. 9, pp. 1216–1226, 2002.

[7] A. Taylor, J. Steinberg, T. S. Andrews, and C. Webber, “Genenet toolbox for matlab: a flexible platform for the analysis of gene
connectivity in biological networks,” Bioinformatics, vol. 31, no. 3, pp. 442–444, 2015.

[8] A. L. Tarca, V. J. Carey, X.-w. Chen, R. Romero, and S. Draghici, “Machine learning and its applications to biology,” PLoS
Comput Biol, vol. 3, no. 6, p. e116, 2007.

[9] A. Ben-Hur, C. S. Ong, S. Sonnenburg, B. Schölkopf, and G. Rätsch, “Support vector machines and kernels for computational
biology,” PLoS Comput Biol, vol. 4, no. 10, p. e1000173, 2008.

[10] P. Larrañaga, B. Calvo, R. Santana, C. Bielza, J. Galdiano, I. Inza, J. A. Lozano, R. Armañanzas, G. Santafé, A. Pérez, et al.,
“Machine learning in bioinformatics,” Briefings in bioinformatics, vol. 7, no. 1, pp. 86–112, 2006.

[11] G. B. Fogel, “Computational intelligence approaches for pattern discovery in biological systems,” Briefings in bioinformatics,
vol. 9, no. 4, pp. 307–316, 2008.

[12] L. Song, J. Bedo, K. M. Borgwardt, A. Gretton, and A. Smola, “Gene selection via the bahsic family of algorithms,” Bioinfor-
matics, vol. 23, no. 13, pp. i490–i498, 2007.

[13] G. Brown, A. Pocock, M.-J. Zhao, and M. Luján, “Conditional likelihood maximisation: a unifying framework for information
theoretic feature selection,” The Journal of Machine Learning Research, vol. 13, no. 1, pp. 27–66, 2012.

[14] C. Olsen, K. Fleming, N. Prendergast, R. Rubio, F. Emmert-Streib, G. Bontempi, B. Haibe-Kains, and J. Quackenbush, “In-
ference and validation of predictive gene networks from biomedical literature and gene expression data,” Genomics, vol. 103,
no. 56, pp. 329 – 336, 2014.

[15] P. Guo, Y. Luo, G. Mai, M. Zhang, G. Wang, M. Zhao, L. Gao, F. Li, and F. Zhou, “Gene expression profile based classification
models of psoriasis,” Genomics, vol. 103, no. 1, pp. 48 – 55, 2014.

[16] Y. Qi and X. Yang, “Interval-valued analysis for discriminative gene selection and tissue sample classification using microarray
data,” Genomics, vol. 101, no. 1, pp. 38 – 48, 2013.

[17] E. Hemphill, J. Lindsay, C. Lee, I. I. Măndoiu, and C. E. Nelson, “Feature selection and classifier performance on diverse
bio-logical datasets,” BMC bioinformatics, vol. 15, no. Suppl 13, p. S4, 2014.

[18] E. Elhamifar and R. Vidal, “Sparse subspace clustering: Algorithm, theory, and applications,” Pattern Analysis and Machine
Intelligence, IEEE Transactions on, vol. 35, no. 11, pp. 2765–2781, 2013.

[19] F. Model, P. Adorjan, A. Olek, and C. Piepenbrock, “Feature selection for dna methylation based cancer classification,” Bioin-
formatics, vol. 17, no. suppl 1, pp. S157–S164, 2001.

[20] T. Li, C. Zhang, and M. Ogihara, “A comparative study of feature selection and multiclass classification methods for tissue
classification based on gene expression,” Bioinformatics, vol. 20, no. 15, pp. 2429–2437, 2004.

[21] H. H. Zhang, J. Ahn, X. Lin, and C. Park, “Gene selection using support vector machines with non-convex penalty,” Bioinfor-
matics, vol. 22, no. 1, pp. 88–95, 2006.

[22] G. C. Cawley and N. L. Talbot, “Gene selection in cancer classification using sparse logistic regression with bayesian regular-
ization,” Bioinformatics, vol. 22, no. 19, pp. 2348–2355, 2006.

[23] B. A. Logsdon and J. Mezey, “Gene expression network reconstruction by convex feature selection when incorporating genetic
perturbations,” PLoS Comput Biol, vol. 6, no. 12, pp. 429–435, 2010.

[24] J. D. Fitzgerald, R. J. Rowekamp, L. C. Sincich, and T. O. Sharpee, “Second order dimensionality reduction using minimum
and maximum mutual information models,” PLoS Comput Biol, vol. 7, no. 10, p. e1002249, 2011.

[25] Y. Piao, M. Piao, K. Park, and K. H. Ryu, “An ensemble correlation-based gene selection algorithm for cancer classification
with gene expression data,” Bioinformatics, vol. 28, no. 24, pp. 3306–3315, 2012.

[26] M. Yassi and M. H. Moattar, “Robust and stable feature selection by integrating ranking methods and wrapper technique in
genetic data classification,” Biochemical and biophysical research communications, vol. 446, no. 4, pp. 850–856, 2014.

[27] R. Aguas, N. M. Ferguson, and S. L. K. Pond, “Feature selection methods for identifying genetic determinants of host species
in rna viruses,” PLoS computational biology, vol. 9, no. 10, p. e1003254, 2013.

[28] U. ManChon, E. Talevich, S. Katiyar, K. Rasheed, and N. Kannan, “Prediction and prioritization of rare oncogenic mutations in
the cancer kinome using novel features and multiple classifiers,” PLoS Comput. Biol., vol. 10, p. e1003545, 2014.

[29] C. Lazar, J. Taminau, S. Meganck, D. Steenhoff, A. Coletta, C. Molter, V. De Schaetzen, R. Duque, H. Bersini, and A. Nowe,
“A survey on filter techniques for feature selection in gene expression microarray analysis,” IEEE/ACM Transactions on Com-
putational Biology and Bioinformatics (TCBB), vol. 9, no. 4, pp. 1106–1119, 2012.

[30] S. Ma and J. Huang, “Penalized feature selection and classification in bioinformatics,” Briefings in bioinformatics, vol. 9, no. 5,
pp. 392–403, 2008.

[31] Y. Saeys, I. Inza, and P. Larrañaga, “A review of feature selection techniques in bioinformatics,” bioinformatics, vol. 23, no. 19,
pp. 2507–2517, 2007.

[32] B. Duval and J.-K. Hao, “Advances in metaheuristics for gene selection and classification of microarray data,” Briefings in
bioinformatics, vol. 11, no. 1, pp. 127–141, 2010.

[33] A. K. Jain, R. P. Duin, and J. Mao, “Statistical pattern recognition: A review,” Pattern Analysis and Machine Intelligence, IEEE
Transactions on, vol. 22, no. 1, pp. 4–37, 2000.

[34] J. C. Principe, Information theoretic learning: Rényi’s entropy and kernel perspectives. Springer Science & Business Media,
2010.

[35] I. Santamaría, P. P. Pokharel, and J. C. Principe, “Generalized correlation function: definition, properties, and application to
blind equalization,” Signal Processing, IEEE Transactions on, vol. 54, no. 6, pp. 2187–2197, 2006.

[36] W. Liu, P. P. Pokharel, and J. C. Príncipe, “Correntropy: properties and applications in non-gaussian signal processing,” Signal
Processing, IEEE Transactions on, vol. 55, no. 11, pp. 5286–5298, 2007.

[37] R. He, W.-S. Zheng, and B.-G. Hu, “Maximum correntropy criterion for robust face recognition,” Pattern Analysis and Machine
Intelligence, IEEE Transactions on, vol. 33, no. 8, pp. 1561–1576, 2011.

[38] J. J.-Y. Wang, X. Wang, and X. Gao, “Non-negative matrix factorization by maximizing correntropy for cancer clustering,”
BMC bioinformatics, vol. 14, no. 1, p. 107, 2013.

[39] J. J.-Y. Wang, Y. Wang, B.-Y. Jing, and X. Gao, “Regularized maximum correntropy machine,” Neurocomputing, vol. 160,
pp. 85–92, 2015.

6

was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (whichthis version posted October 21, 2015. ; https://doi.org/10.1101/029538doi: bioRxiv preprint 

Majid
Highlight

https://doi.org/10.1101/029538


[40] R. Storn and K. Price, “Differential evolution–a simple and efficient heuristic for global optimization over continuous spaces,”
Journal of global optimization, vol. 11, no. 4, pp. 341–359, 1997.
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