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ABSTRACT 
 
This study proposes an efficient method for optimal selection of feature subsets to enhance the classification 
performance of Support Vector Machine (SVM) in a binary and multiclass response high-dimensional genomic 
microarray data using Multi-Objective Optimization (MOO) approach. In a  Monte-Carlo experiment, a pre-selection of 
the features was performed with the filter method based on Sidak alpha value to reduce the number of false positive 
features in the data. The optimal values of the tuning parameters for both the SVM cost and Radial Basis Function 
(RBF) kernel were determined by grid search in a 10–fold cross-validation. The SVM with RBF kernel was then fitted 
sequentially to select the set of near optimal genes that are correlated with the response class. The proposed algorithm 
was compared with the following four machine learning methods: Naïve bayes (NB), Random Forest (RF), Random 
Forest with variable selection (RFVS) and LASSO. The Misclassification Error Rate (MER) of the proposed method on 
simulated data was 1.1% with a sensitivity of 97.8% using four (near) optimal selected genes. In contrast, the MERs of 
NB, RF, RFVS and LASSO classifiers with 10, 10, 9 and 37 genes were 4.28%, 5.03%, 4.98% and 0.00% respectively 
using the data. Application of the proposed method on published Leukaemia data yielded an MER of 0.03% with a 
sensitivity of 99.95% based on three (3) optimally selected genes. On the other hand, the MERs of NB, RF, RFVS and 
LASSO classifiers for the Leukaemia data were 1.0%, 3.0%, 5.67% and 0.00% based on 93, 93, 2 and 31 genes 
respectively. These same fits of performance were achieved by all the methods considered on multiclass response 
DNA data set. The results generally showed that the proposed algorithm is more parsimonious and achieved better 
predictive performance than some of the existing methods considered. The sets of optimally selected gene subsets in 
the data employed here can be further investigated by molecular biologist to establish the pathology of these genes 
with respect to their respective tumour classes. 
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INTRODUCTION 
 
Identification and selection of informative gene biomarkers that possess good biological relationship with the specific 
type of cancer tumour has eased the processes of non-clinical cancer tumour diagnosis and classification in the recent 
time [1,2].  This has been particularly possible due to the advent of microarray technology that allows for simultaneous 
monitoring of the expression profiles of several thousand of gene signatures in biological samples [3,4]. In any high-
dimensional microarray data, a major problem is how to efficiently select the few gene signatures that are biologically 
correlated with the clinical response group of the tissue samples. The candidate gene subsets so selected must not 
only be statistically correlated with the tumour class of interest, but must also be clinically relevant to the cancer tumour 
being diagnosed [5,6].  In this study, a novel multi-objective feature selection algorithm that optimally selects the best 
gene biomarkers in high-dimensional genomic data for tissue sample classification with Support Vector Machine (SVM) 
[7, 8, 9] is presented 
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2. MATERIALS AND METHODS 
 
2.1 Simulation Scheme 
Binary response microarray data were simulated following the scheme adopted in [10]. In all, 𝑛 = 100 observations with 
𝑝 =1000 features (genes) were simulated which yielded a 𝑛 × 𝑝data matrix of 100 samples by 1000 genes. The first 
50 samples represent the first sample group, the tumour group (𝑛ଵ) each coded (-1) and the second 50 samples 
represent the normal (tumour-free) sample group (𝑛ଶ) coded (+1) such that 𝑛ଵ + 𝑛ଶ = 𝑛.  
 
Of the 1000 features simulated on all samples, 10 of them were simulated from the mixture of two multivariate normal 
densities having covariance matrices Σଵand Σଶ with respective mean vectors 𝜇ଵand 𝜇ଶandthe mixing parameter πwas 
taken to be 0.5. These 10 features were those whose expression levels were strongly related to the response groups 
and were thus labelled g1, g2, …, g10. The remaining 990 features (v11, v12, …, v1000) were the features with relatively 
low expression levels and were simulated from multivariate normal densities with covariance matrix Σ and mean 
vectorμ. Generally, the covariance matrix Σ defined as Σ = ൛𝜎௜௝ൟ, has a block structure such that 
 

 𝜎௜௝ = ൜
0.2, 𝑖𝑓|𝑗 − 𝑖| ≤ 5

0,                 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   (1)  

 
 
2.2 Real life dataset 
A published microarray (Leukaemia and DNA) datasets by [4, 10, 11, 13] was also use to validate the result from 
simulation study. Details about the datasets are available online at https://github.com/ramhiser/datamicroarray. The 
Leukaemia dataset is a binary response microarray data with …genes and two groups of mRNA samples. Whereas, 
the DNA dataset a multiclass response microarray data having ….genes and three biological response groups.  
 
3. METHODS 
 
The proposed sequential algorithm used the Bayesian t–test by [11] for the binary response where 𝑘 = 2and the 
Welch’s F – test by [12] for multiclass response where 𝑘 > 2at the pre-selection stage. This was used to prune the 
number of features in the dataset before the sequential optimization was performed. The number of false positive 
features were controlled by the sidak alpha(𝛼௦) value [14] at a chosen Family-Wise-Error Rate (FWER) of 5% such 
that; 
 

𝛼௦ = 1 − (1 − 𝛼)
భ

೜     (2)  
 
Where 
𝛼 is the chosen FWER and 𝑞 is the number of the tests performed. 
 
Since the objective is to maximize accuracy, using the minimum gene subset possible, a subset 𝑔௛ is said to dominate 

another subset 𝑔௛
∗  provided 𝑔௛ is better in performance than 𝑔௛

∗  such that 𝑔௛ > 𝑔௛
∗  if 

 

∀𝑖 ∈ (1, 2, … , 𝑚)𝑓௜ ቀ𝑔௛ቁ ≥ 𝑓௜ ቀ𝑔௛
∗ ቁ ∧ ∃ 𝑗 ≠ 𝑖 ∈ (1, 2, … , 𝑚)𝑓௝ ቀ𝑔௛ቁ > 𝑓௝ ቀ𝑔௛

∗ ቁ  (3)  

 
The goal of the proposed method is to identify a non-dominated gene subset Pareto front, then the gene subset will be 
evaluated by its accuracy on the test data and the number of genes selected at the near optimal Pareto front.  
Specifically, for this study  
 

𝑓ଵ ቀ𝑔௛ቁ ≥ 𝑓ଵ ቀ𝑔௛
∗ ቁ ∧ 𝑓ଶ ቀ𝑔௛ቁ < 𝑓ଶ ቀ𝑔௛

∗ ቁ  (4)   
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These criteria represented by 𝑓ଵ and 𝑓ଶ respectively and are use in solving the multi-objective fitness function below. 
Hence, the fitness function is obtained as; 
 
𝑓ଵ = 𝐴(𝑔)  (5) 

𝑓ଶ = 𝑛(𝑔)  (6) 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 (𝐹) ≡ 𝑓ଵ ∩ 𝑓ଶ (7)  
 
Where 

𝐴 ቀ𝑔ቁ ∈ [0,1] is the accuracy of the test data using only the expression values of the selected genes in a subset while 

𝑛(𝑔) ≥ 1 is cardinality of the gene subset.The above multi-objective optimization will be solved using the interactive 

method. 
 
The traditional SVM with the RBF kernel was fitted on each of the selected features by the Bayesian t-test and the MER 
of the respective features was computed. The feature with the minimum MER was the first best gene subset to enter 
into the algorithm. This feature was added pair-wisely to each of the remaining features among the selected ones. 
Again, the SVM was fitted on the pair-wise subsets and the gene subset with the minimum MER was also obtained.  
A test of equality of proportions was performed at 5% significance level to compare the successive pairs of MERs 
yielded by SVM classifiers that employed the first and second gene subsets. The algorithm continues until the test of 
proportion is not significance at a particular features’ combination. At such point, the feature subset with the least MER 
becomes the final best gene subset for the data.  
 
The test of proportion performed employed 1000 iterations from the Mote-Carlo Cross-Validation (MCCV) as the sample 
size for the test. At each iteration, the situations where all the observations in the test samples were correctly classified 
and when at least one of the observations in the test samples was wrongly classified (i.e. 𝑀𝐸𝑅௜ = 0and 𝑀𝐸𝑅௜ ≠ 0, for 
𝑖 = 1,2, … ,1000) were considered. The flow chart of the proposed algorithm is presented as Fig 1. All analyses were 
performed with R statistical software (www.cran.r-project.org/). 
 
4. ANALYSIS AND RESULTS 
 
The Bayesian t-test (𝑓𝑜𝑟 𝑘 = 2) and the Welch’s F-statistic (𝑓𝑜𝑟 𝑘 > 2)were employed at the pre-selection stage of this 
algorithm to selectedthe10 features (g1,g2,…,g10) that were simulated to have strong biological relationship with the 
response class at a FWER of 5%. Thereafter, the optimal SVM cost (𝐶) and the value of the RBF kernel hyper-
parameters(𝛾) were determined by the grid search method using a 10-fold cross validation. This was also done for 
every gene subset at each iteration before the SVM classifier was fitted. The data were partitioned into the train-test 
sets ratio of 95:5 respectively [10]. The SVM was fitted on the train data and the performance of each subset was 
evaluated on the test set. This was done to obtain the out-of-bag (OOB) performance of the algorithm. The MCCV 
approach was use to obtain the OOB performance at 1000 iterations. The proposed sequential feature selection method 
finally identified and selected the best 4 optimal gene subsets from the 10 pre-selected genes by Bayesian t-test for 
classification of the tissue samples with SVM. The classification results at each feature selection steps are shown in 
Fig 2 by the plot of the estimated MERs against the features selected. 
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Fig. 1: The Flow chart of the proposed optimal sequential feature selection algorithm for binary and 
multiclass classification. 

 
 
The performance indices of the proposed algorithm as employed using the four optimal selected features are presented 
in Table 1. Similarly, the performance indices of the proposed algorithm utilizing the three optimal selected features are 
presented in Table 2.The result of the Hierarchical Clustering with Single Linkage Search (HCSLS) using the four 
optimally selected features (genes) by the proposed method is presented in the dendrogram of Fig 3. In order assess 
the goodness of the four selected optimal genes, each of the gene sets were employed to fit Principal Component (PC) 
models and the first constructed principal component (PC1) from each model was used to classify the two response 
groups in the data.  Fig 4 presents the plot of the PC1 against all the 100 biological samples based on the four (4) 
selected optimal genes by sequential method proposed here. 
 
 

Table 1:  The estimated performance indices of the of the proposed method using four (4) optimal features  
selected in the simulated data. 

Performance Indices of the proposed algorithm 
using the four selected features 

Estimated Values 
(in %) 

Standard Deviations 
of Estimates 

Misclassification Error Rate (MER)         1.1 0.0513 

Sensitivity         97.8 0.1026 

Specificity         100 0.0001 

Positive Predictive Value (PPV)         100 0.0001 

Negative Predictive Value (NPV)         98.5 0.0684 

Jaccard Index (JI)         97.8 0.1026 

Cross-validated AUC         99.9 0.0176 
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Fig. 2: The graph of successive estimated average MER at each selection step and the MER yielded by the 
first 10 genes (g1-g10) pre-selected by the Bayesian t-test 

 
 
 

Table 2: The estimated performance indices of the of the proposed method using three (3) optimal features  
selected in the Leukaemia data. 

Performance Indices of the proposed algorithm 

using the Three selected features 

Estimated Values  

(in %) 

Standard Deviations 

of Estimates 

Misclassification Error Rate (MER)         0.03 0.0105 

Sensitivity         99.95 0.0124 

Specificity         100 0.0001 

Positive Predictive Value (PPV)         100 0.0001 

Negative Predictive Value (NPV)         99.90 0.0324 

Jaccard Index (JI)         99.95 0.0124 

Cross-validated AUC         100 0.0001 
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Table 3: The estimated performance indices of the proposed method using two (2) optimal features selected in  
             the DNA Methylation data. 

Performance Indices of the proposed algorithm  Estimated Values  
(in %) 

Standard Deviations 
of Estimates 

Misclassification Error Rate (MER)    0.02 0.0045 

Sensitivity Blood    100 0.0001 

Sensitivity Placenta    100 0.0001 

Sensitivity Other    99.97 0.0069 

Specificity Blood    100 0.0001 

Specificity Placenta    99.98 0.0047 

Specificity Other    100 0.0001 

Positive Predictive Value (PPV) Blood    100 0.0001 

Positive Predictive Value (PPV) Placenta    99.98 0.0453 

Positive Predictive Value (PPV) Other    100 0.0001 

Negative Predictive Value (NPV) Blood    100 0.0001 

Negative Predictive Value (NPV) Placenta    100 0.0001 

Negative Predictive Value (NPV) Other    99.96 0.0101 

 
 
5. DISCUSSION OF RESULTS 
 
A new algorithm that sequentially selects optimal gene signatures for binary tumour classification with SVM is proposed 
in this study. The result plotted in Fig. 2 shows a monotonically decreasing trend in the average MERs yielded by 
successive SVM classifiers as more features were selected by the sequential algorithm. The best optimal gene subset 
with the following four genes g2, g5, g9, g10 with the least MER of 1.1% was selected by the algorithm. This result was 
optimal as it was better than the result of the SVM that employed all the 10 selected features by the Bayesian t-test 
.with average MER of 3.2% as shown in Fig 2. This shows that even when a pre-selection of features have are done, 
there are still large chances that the selected features can be optimized so as to obtain the minimum possible feature 
subsets that will maximize the classification accuracy.  
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Fig. 3: The dendrogram of the clustering (HCSLS) result using the optimal sequentially selected features for the 

simulated (a), leukaemia (b) and DNA (c) data sets respectively 
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Fig. 4: Plot of the first PC (PC1) against the second PC (PC2). The PCs were constructed using the selected 

optimal genes subsets for the simulated (a), Leukaemia (b) and DNA (c) data respectively. 
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Fig. 5: Plot of ROC with Cross-Validated AUC for the simulated (a), Leukaemia (b) data respectively. 
 
 
Figs. 3presents the results of the Hierarchical Clustering with Single Linkage Search (HCSLS) using the near optimally 
selected gene subsets. Also, the strength of the optimal gene subsets at discriminating the tumour groups (types) in the 
sample was demonstrated by the plot of the first Principal Components (PC1) against the second Principal Components 
(PC2) for the datasets considered as shown in Fig 4. Finally, Table 3 presents the performance of the proposed algorithm 
compare to some of the existing ones. The result shows that the proposed algorithm competes favourably with some 
existing methods and is more parsimonious. 
 

Table 3: The correct classification rates (CCR) of the proposed algorithm and those of the three existing 
             methods selected. Number of genes used for classification by each method are in parenthesis. 

Data set Proposed NB RF RFVS LASSO 

Simulated 98.90% (4) 95.72% (10) 94.97% (10) 95.03% (9) 100% (37) 

Leukaemia 99.97% (3) 99.00% (93) 97.00% (93) 91.33% (2) 100% (31) 
DNA 99.98% (2) 100% (1055) 100% (1055) 100% (21) 100% (13) 

 
 
6. CONCLUSION 
 
This work has presented a novel algorithm for efficient feature selection and classification of biological sample in binary 
and multiclass response high-dimensional (microarray) data. The goodness of the features selected by this new 
technique has been demonstrated with SVM classification method using simulated high-dimensional, published 
Leukaemia and DNA data sets. The results from this work have again underscored the possibility of non-clinical 
classification of various cancer tumours using the gene expression profiles of biological samples. 
 
 
 
 
 
 
 
 
 
 
 

1- 1- 
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