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Objective: A new method using Multiple Criteria Optimization (MCO) proposed 
by our research group has shown evidence of being able to identify gene-based 
biomarkers for the detection of cancer using microarray data. Herein, we explore 
this method, considering more than two conflicting criteria for the MCO problem. 
Using this method would result in stronger outcomes when using different results 
from microarray analyses. It would also demonstrate that the method is suitable for 
carrying out meta-analysis. 

Methods: Statistical comparisons between normal and cancer tissues were 
performed using a colon cancer microarray database. The different comparisons were 
carried out with a Mann–Whitney non-parametric test using partial permutations 
of the data. An MCO problem was built using the different p-values obtained. The 
associated solution was the set of genes reaching the best compromises between 
the p-values under consideration that were located in the so-called efficient frontier. 
Data Envelopment Analysis (DEA) was used to find the efficient frontier of the MCO 
problem. The capacity of DEA was explored using different numbers of p-values 
(criteria) in the model.

Results: The set of identified genes was consistent across the instances using 
different numbers of p-values in the DEA model, thereby providing evidence of the 
outcome stability of the proposed strategy. It was also observed that convergence to 
a larger number of potential biomarkers is faster with additional criteria, i.e., more 
p-values.

Conclusion: The MCO problem proposed for the cancer biomarker search using 
microarray data can be solved efficiently with DEA using more than two conflicting 
criteria. This approach can result in robust results when using different analyses of 
microarray data and, indeed, in a faster convergence to highly potential biomarkers.  
[P R Health Sci J 2012;2:59-63]
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Cancer is the second most relevant cause of death 
worldwide (1). Microarray experiments aim to 
measure the change in the genetic expression of tens 

of thousands of genes simultaneously and have been used 
to generate many of the genetic pipelines in cancer research 
(2). When considering normal and cancer tissues, genes with 
the highest differential expression between these states are 
potential cancer biomarkers. Many and varied methodologies 
have been proposed for the identification of these genes (3). 
Our research group has proposed that the identification 
of potential cancer biomarkers using microarray data be 
carried out through Multiple Criteria Optimization (MCO) 
techniques (4). 

An MCO problem aims to find the best compromises 
between two or more conflicting criteria considered. The best 

compromises are located in the so-called “efficient frontier” 
of the MCO problem. Results of two or more analyses for 
a set of genes can be used as conflicting criteria that can be 
accommodated in an MCO problem. Our hypothesis is that 
the genes located in the efficient frontier of the related MCO 
problem are potential cancer biomarkers. 
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Data Envelopment Analysis (DEA) has been identified as 
being particularly well suited to the task of identifying the 
efficient frontiers of MCO problems (5). Here, the ability 
of the proposed method is explored using more than two 
performance measures and solved through DEA. Results 
show that the method identifies a consistent set of genes when 
increasing the number of performance measures in the MCO 
problem. It is also observed that convergence of a larger number 
of potential biomarkers is faster with additional criteria, i.e., 
more p-values.

Methods

Microarray Data
A colon cancer microarray database was selected for the 

described exploration. This database was first reported in 
Alon et al. (6) and is available at www.molbio.princeton.edu/
colondata. It contains the measured expression of 6,500 genes 
in 22 normal tissues and 40 cancer tissues, all of which were 
characterized using Affymetrix Hum6000 arrays. 

Statistical Analysis
Statistical comparisons between the normal and cancer 

replicates were performed using the Mann–Whitney non-
parametric test. The procedure is illustrated in Figure 1. 
P-values from different statistical analyses were obtained 
using partial permutations leaving one, two, or three tissues 
out of each state; the excluded tissues were selected randomly. 
From these comparisons, a total of ten different p-values were 
obtained for each gene. A p-value in the Mann–Whitney test 
is understood as representing the probability of finding a 
particular difference of medians between the two states by 

pure chance. Thus, to favor finding truly significant differences, 
low p-values are sought. 

Multiple Criteria Optimization and Data 
Envelopment Analysis

Considering that the aim is to find those genes that change 
their expressions to the greatest degree between the different 
states, a p-value can be seen as a criterion to be minimized: 
smaller p-values show stronger evidence for the rejection 
of the stated null hypothesis, which relates to not having a 
significant difference between the two states. Thus, one can 
build an MCO problem considering the different p-values 
available for each gene as criteria intended to be minimized 
simultaneously. 

The case of an MCO problem using two different p-values 
is presented in Figure 2(a). Given the minimization objective 
for both p-values, the efficient frontier is located in the 
southwest corner. In order to use DEA to find the efficient 
frontier, it is necessary to maximize at least one of the 
conflicting criteria, so a transformation (shown in Figure 
2b) should be performed on at least one of the considered 
p-values. For the instances presented here, half of the p-values 
were transformed.

Graphical representation becomes complicated when using 
more than two p-values; however, the use of DEA to find 
the efficient frontier can be extended to the desired number 
of dimensions easily without a loss of generality. Banker-
Charnes-Cooper (BCC) input- and output-oriented DEA 
models were used for the frontier search. For this search, 
genes identified in the previous frontier were removed from 
the original list and the search process repeated until the tenth 
frontier was reached. The instances presented here correspond 
to the use of 2, 4 and 8 p-values for the MCO problem. 

Results obtained from the different 
combinations were compared. 

In order to express the idea of the 
method in a simple manner, one can 
think of a small p-value for a particular 
gene as being an indicator of its 
importance. Taking tissues out of the 
dataset creates a series of somewhat 
different datasets that allow the 
computation of multiple p-values 
for all genes. If all of the p-values 
for a particular gene are small, then 
it is likely that that gene will be 
significantly differentially expressed. 
Genes with these characteristics tend 
to cluster along the particular edges 
of the set of genes under analysis. 
MCO´s objective is to find this 
specific edge (efficient frontier) and 
the genes lying on it. 

Figure 1. Illustration of the statistical comparisons executed with the gene expression on microarray 
experiments.
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MCO Gene Select ion 
Validation

Since the purpose of this study 
was to see how useful it would be 
to model the microarray data 
analysis for potential biomarker 
identif ication as an MCO 
problem, the results needed to 
be validated. The validation 
was performed by undertaking 
a literature search for the genes 
identified by this method that 
changed their expression to the 
greatest degree between normal 
and cancer tissues.

Results

One of the most notable results was that the number of genes 
identified in the efficient frontiers increased as the number 
of p-values that were considered in the model also increased. 
Table 1 shows the genes found in the different combinations 
of p-values; the information about each identified gene is 
followed by the frontier where each gene was localized in the 
corresponding run.

All of the genes selected by the analysis but one, GTF3A, 
have been previously reported to change their expressions in 

Table 1. List of genes identified using multiple p-values in the Multiple Criteria Optimization (MCO) problem for the biomarker search. The 
number describes the frontier where each gene was found according to the different number of p-values executions used.

Accession Number Gene Symbol Gene Name  p-values used   
   2-pv 4-pv 6-pv 8-pv

R87126 yq31b10.s1 Soares fetal liver spleen 1NFLS 1 1 1 1
H08393 WDR77 WD repeat domain 77 2 1 1 1
R36977 GTF3A General Transcription factor IIIA 3 2 2 1
M22382 HSPD1 Heat Shock 60kDa protein 1 (chaperonin) 4 3 2 1
M26383 IL8 Interleukin 8 5 4 3 2
X63629 CDH3 Cadherin 3, type 1, P-cadherin (placental) 5 4 3 2
H40095 yn85b03.s1 Soares adult brain N2b5HB55Y 5 4 3 2
X12671 HNRNPA1 Heterogeneous nuclear ribonucleoprotein A1 5 4 3 2
J05032 DARS Aspartyl-tRNA synthetase 6 5 4 2
U09564 SRPK1 SRSF protein kinase 1 6 5 4 2
Z50753 GUCA2B Guanylate cyclase activator 2B (uroguanylin) 6 4 3 2
J02854 MYL9 Myosin, light chain 9, regulatory 7 6 3 2
T47377 S100P Calcium binding protein P 7 5 4 3
T86473 NME1 Non-metastatic cells 1, protein (NM23A) 7 6 5 3
H43887 CFD Complement factor D (adipsin) 7 5 4 3
M36634 VIP Vasoactive intestinal peptide 8 7 4 3
R08183 HSPE1 Heat Shock 10kDa protein 1 (chaperonin 10) 8 6 5 3
T71025 MT1G Metallothionein 1G 8 7 5 3
U30825 SRSF9 Serine/arginine-rich splicing factor 9 9 7 5 3
X14958 HMGA1 High mobility group AT-hook 1 9 7 5 3
M26697 NPM1 Nucleophosmin (nucleolar phosphoprotein B23, numatrin) 9 7 6 3
R84411 SNRPB Small nuclear ribonucleoprotein polypeptides B and B1 10 8 6 4
X12466 SNRPE Small nuclear ribonucleoprotein polypeptide E 10 8 7 4
M63391 DES Desmin 10 8 3 2

Figure 2. (a) Graphic representation of the Multiple Criteria Optimization (MCO) problem that was 
proposed for the finding of biomarkers using statistical p-values; each point represents a different 
gene. (b) The corresponding transformation of the MCO problem in order to find the efficient frontier 
using DEA.

colorectal cancer and/or other cancer types (Table 2). These 
reports are based on in vitro and/or in vivo experiments. Even 
though the role of GTF3A in cancer is still not confirmed, it is 
quite possible that changes in its expression could be related to 
cancer development. The GTF3A gene product is a transcription 
factor that regulates expression of 5 S ribosomal RNA.

Discussion

The MCO method of searching for biomarkers using available 
microarray data was demonstrated to be robust through the 
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use of a different number of statistical p-values identifying a 
consistent set of genes. This approach may contribute to the 
rapid identification of genes by their biological validation as 
contributors to cancer. The method can also be explored using 
different DEA models and different types of available data, 
thus opening several opportunities for the meta-analysis of 
microarray experiments. 

Resumen

Objetivo: Nuestro grupo de investigación ha propuesto un 
método para identificar genes potencialmente biomarcadores para 
la detección de cáncer basado en el análisis de datos de microarreglos 
por medio de la Optimización de Criterios Múltiples (OCM). 
Este método ha demostrado ser muy efectivo. En este trabajo, se 
explora la capacidad de este método para involucrar más de dos 
criterios en conflicto dentro del problema de OCM. La capacidad 
de manejar esta situación sería un paso positivo hacia la utilización 
del método para meta-análisis. Métodos: Inicialmente, se llevaron 
a cabo comparaciones estadísticas a nivel de genes para contrastar 
su expresión relativa en tejidos de colon normales y tejidos de 
colon con cáncer. Estas comparaciones se hicieron a través de la 
prueba no-paramétrica Mann-Whitney usando permutaciones 
parciales de los datos disponibles. Los valores p obtenidos se 
utilizaron después para formular el problema de OCM. En la 
solución de este problema, la frontera eficiente, se identificaron los 
genes que correspondían a los mejores balances entres los valores 
p considerados. La técnica de Análisis Envolvente de Datos (AED) 
se utilizó para encontrar tal frontera eficiente. En este estudio, 

se trataron diferentes números 
de valores p en la formulación de 
AED para establecer su capacidad. 
Resultados: El conjunto de genes 
en la solución de las diferentes 
instancias correspondientes a casos 
con diferente número de valores 
p en la formulación de AED fue 
consistente. Ésto evidencia la 
estabilidad de las soluciones de la 
estrategia propuesta. Se observó 
también una convergencia más 
rápida a una cantidad mayor de 
biomarcadores potenciales cuando 
se incrementó el número de criterios 
a utilizar dentro del problema de 
OCM. Conclusión: El problema de 
OCM propuesto para la búsqueda 
de biomarcadores de cáncer a través 
del análisis de datos de microarreglos 
se puede resolver eficientemente 
a través de AED utilizando más 
de dos criterios en conflicto. Esto 

indica que existe robustez en los resultados arrojados por la 
estrategia y que es posible aumentar la rapidez de convergencia a 
biomarcadores altamente potenciales. 
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