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Cancer gene search with data-mining and genetic algorithms
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Abstract

Cancer leads to approximately 25% of all mortalities, making it the second leading cause of death in the United States. Early and accurate
detection of cancer is critical to the well being of patients. Analysis of gene expression data leads to cancer identification and classification,
which will facilitate proper treatment selection and drug development. Gene expression data sets for ovarian, prostate, and lung cancer were
analyzed in this research. An integrated gene-search algorithm for genetic expression data analysis was proposed. This integrated algorithm
involves a genetic algorithm and correlation-based heuristics for data preprocessing (on partitioned data sets) and data mining (decision tree
and support vector machines algorithms) for making predictions. Knowledge derived by the proposed algorithm has high classification accuracy
with the ability to identify the most significant genes. Bagging and stacking algorithms were applied to further enhance the classification
accuracy. The results were compared with that reported in the literature. Mapping of genotype information to the phenotype parameters will
ultimately reduce the cost and complexity of cancer detection and classification.
� 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Cancer leads to approximately 25% of all mortalities, mak-
ing it the second leading cause of death in the United States
[1]. Cancer develops mainly in epithelial cells (carcinomas),
connecting/muscle tissue (sarcomas), and white blood cells
(leukemias and lymphomas). A successive mutation in the nor-
mal cell that damages the DNA and impairs the cell replica-
tion mechanism causes malignant tumors (cancers). There are
a number of carcinogens such as tobacco smoke, radiation, cer-
tain microbes, synthetic chemicals, polluted water, and air that
may accelerate the mutations. Thus, there is a need to identify
the mutated genes that contribute to a cancerous state.

One of the methods for cancer identification is through the
analysis of genetic data. The human genome contains approx-
imately 10 million single nucleotide polymorphisms (SNPs)
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[2]. These SNPs are responsible for the variation that exists
between human beings. The microarray technology is used to
obtain gene expression levels and SNPs of an individual. Due
to the high cost, genetic data (containing as many as 15,000
genes per patient) is normally collected on a limited number
of patients (100–300 patients). There is a need to select the
most informative genes from such wide data sets [3]. Removal
of uninformative genes decreases noise, confusion, and com-
plexity [4], and increases the chances for identification of the
most important genes, classification of diseases, and prediction
of various outcomes, e.g., cancer type. By understanding the
role of certain gene expression levels in person’s predisposi-
tion to a cancer, medicine will be in a better position to pre-
vent and cure cancers [5]. The acquired knowledge will allow
taking preventive measures at an earlier stage. Several com-
putational intelligence techniques have been applied for gene
expression classification problems, including Fisher linear dis-
criminant analysis [6], k-nearest neighbor [7], decision tree,
multi-layer perceptron [8], support vector machines [9], boost-
ing, and self-organizing maps [10], hierarchical clustering [11],
and graph theoretic approaches [12].
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Table 1
Summary of the published cancer data sets and result analysis

Cancers Decision Training No. of Testing set Preprocessing Prediction tools Training Testing
set genes method accuracy (%) accuracy (%)

A B A B A B

Ovarian (old) Cancer Normal 50 50 15,154 50 66 Genetic Iterative search – 97.40
algorithms algorithms
+self-organizing maps

Ovarian (new) Cancer Normal Random 15,154 Random – 100.00
Prostate Tumor Normal 52 50 12,600 27 8 Signal-to-noise k-nearest 90.00 86.00

metric neighbor
Lung MPM ADCA 16 16 12,000 15 134 Correlation 15 diagnostics – 97.00

expression levels ratios

This paper focuses on three different cancers: ovarian,
prostate, and lung cancer.1 A training and test data set for
each cancer was used to analyze the quality of the genes. An
integrated gene-search algorithm was applied to the above data
sets. The results obtained were compared with the previous lit-
erature to scrutinize the robustness of the proposed integrated
algorithm. The key properties of the proposed algorithm are
also discussed.

1.1. Literature review

Ovarian cancer is particularly lethal with a long-term sur-
vival rate of only 29% [13]. The current biomarker that is
used for detecting the cancer’s presence is correlated with
tumor volume. Thus, the cancer remains undetected at its
early stage, where the cure rate is high, for a large number
of patients. Petricoin et al. [13] applied genetic algorithm
and clustering techniques to analyze 100 equally distributed
training samples (i.e., 50 cancer and 50 normal) with 15,154
genes each (Table 1). The coding scheme for genetic algo-
rithm was the logical chromosomes while the fitness function
was the ability of a logical chromosome to specify a lead
cluster map (i.e., generates homogeneous clusters). Their anal-
ysis resulted in 97.4% prediction accuracy when applied to
116 separate test samples. Five significant genes (M/Z values
534.82277, 989.15067, 2111.7119, 2251.1751, 2465.0242)
were identified as ovarian cancer indicators.

NCI/CCR and FDA/CBER clinical proteomics program
databank provides the most current ovarian cancer data (in-
cluding the data set used by Petricoin et al. [13]) and predictive
models [14]. The most current data set consisted of 253 (91
normal and 162 cancer) new samples with 15,154 genes each
(Table 1). It is not clear if the new samples were in addition to
the original 216 Lancet samples from [13] or were completely

1 Data sources. Main data source: Kent Ridge Bio-medical Data
Set Repository: http://sdmc.lit.org.sg/GEDatasets/Datasets.html; ovarian
cancer: http://clinicalproteomics.steem.com/; prostate cancer:http://www-
genome.wi.mit.edu/mpr/prostate; http://carrier.gnf.org/welsh/prostate/; lung
cancer: http://www.chestsurg.org

independent samples. The training and testing sets were ran-
domized between the cancer and normal samples and a similar
procedure to [13] was applied. The results were 100% cor-
rect in the testing set. Many models were generated using a
variety of ions (M/Z) values. The best model has M/Z values
of 2760.6685, 19643.409, 465.56916, 6631.7043, 14051.976,

435.46452, and 3497.5508.
Prostate tumors are historically and clinically among the

more heterogeneous cancers [15]. The prostate specific antigen
(PSA) test is useful in early detection of prostate cancer. How-
ever, this test is not accurate in particular for men with an inter-
mediate risk of prostate cancer. Singh et al. [15] researched new
detection methods using class prediction, gene expression mea-
surements, gene ranking, permutation testing, and correlation.
The analysis involved both genotype and phenotype features.
Correlation between genotype and phenotype was not strong
except for the Gleason score. One hundred and two samples
(50 normal and 52 tumorous), each with 12,600 genes were
used to create deterministic models (Table 1). A signal-to-noise
metric was used to select significant genes. In the tumorous
samples, 317 genes had higher expression levels, whereas 139
genes were more highly expressed in normal prostate samples.
A k-nearest neighbor-clustering algorithm provided high accu-
racy predictions. A final set of 29 most significant genes was
identified. The test samples (27 tumorous and 8 normal) were
obtained from different sources that had a nearly 10-fold differ-
ence in overall microarray intensity as compared to the training
data set.

The lung cancers such as mesothelioma (MPM) and adeno-
carcinoma (ADCA) are difficult to distinguish and therefore
their diagnosis is challenging [16]. MPM is a cancer of the
pleura, covering of the lung. It can be benign or malignant.
There are three basic types, sarcomatous, epitheliod and mixed.
While ADCA are part of the non-small cell lung cancer group
which frequently occurs in the periphery of the lung. Treatment
of these cancers is highly dependent on their early and precise
detection. Gordon et al. [16] used expression levels of genes
to differentiate between MPM and ADCA. A training set of
32 samples, equally distributed (i.e., 16 MPM and 16 ADCA),
was used to create 15 diagnostic ratios (Table 1). All genes
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were searched to identify those having a high difference in ex-
pression levels (i.e., inverse correlation) between ADCA and
MPM. Eight genes (five MPM and three ADCA genes) with
most statistically significant differences and a mean expression
level greater than 600 were selected. Fifteen expression ratios
per sample were calculated by dividing the expression value
of each of the five genes expressed at relatively higher levels
in MPM by the expression value of each gene expressed at a
relatively higher level in ADCA. These ratios were tested in
149 samples (15 MPM and 134 ADCA). Each ratio was over
90% accurate, while combining two or three ratios yielded a
prediction accuracy of over 95%.

1.2. Computational tools

The integrated gene-search algorithm presented in this re-
search utilizes various computational tools such as genetic al-
gorithms, correlation-based heuristics, data-mining algorithms,
and the concept of data partitioning. In this research, all anal-
ysis were performed using WEKA data mining software. This
section provides an introduction to these tools.

A genetic algorithm (GA) [17–20] is a search algorithm
based on the concept of natural genetics. A GA is initiated with
a set of solutions (chromosomes) called the population [17].
Each solution in the population is evaluated based on its fit-
ness. Solutions chosen to form new chromosomes (offspring)
are selected according to the fitness, i.e., the more suitable the
solution the higher the likelihood it will reproduce. This is re-
peated until some condition (for example, the number of popu-
lations or quality of the best solution) is satisfied. GA searches
the solution space without following crisp constraints and takes
into account potentially all feasible solution regions. This pro-
vides a chance of searching previously unexplored regions, and
there is a high possibility of achieving an overall optimal/near-
optimal solution, making the GA a global search algorithm.

The parameter selection by the GA can be performed with
two approaches, filter and wrapper searches [21]. The wrap-
per search uses the machine-learning algorithm (decision tree)
to evaluate the GA solutions [22,23]. The filter approach eval-
uates the parameters heuristically, e.g., using correlation. A
correlation-based-feature-selection (CFS) filter is a fast and ef-
fective way of feature selection [21]. It selects a feature if it
correlates well with the decision outcome but not with any
other feature that has already been selected. Thus, GA provides
the global search framework for decision tree and CFS filters,
which in turn use their built-in functionality to optimize the se-
lection of parameters. This method is useful in identifying the
most informative genes as well as reducing the number of pa-
rameters in the data sets. The GA and CFS parameters used for
this research are defined in Appendix A.

The partition data set contains less parameters and therefore
the correlation-based heuristic can be applied. This allows a pa-
rameter to be compared against a smaller subset of significant
parameters. A parameter may be considered as significant even
though is may not contribute significantly to improving classi-
fication accuracy. After applying the GA–CFS to multiple par-

titioned data sets not only the stronger parameters are selected,
but also some less significant parameters are included. Thus,
the total number of parameters selected by GA–CFS algorithm
through partitioning the training data sets provides an overesti-
mate of the actual significant parameter set. This allows the in-
tegrated algorithm to retain the strongest parameters. The over-
estimation facet of the algorithm was demonstrated through an
experiment with two partitioned data sets with eight parame-
ters (F1–F8, both continuous and categorical). The experiment
involved 17 different experimental combinations (i.e., trials) of
parameters that formulate the two data sets (Table 2).

The GA–CFS algorithm, when applied to the above 17 exper-
imental combinations, produces the same set of the most sig-
nificant combined parameter set (F4 and F7) but with a varying
occurrence rate. For each data set, the CFS procedure computes
the correlation-based heuristic 10 times so as to avoid local op-
tima. The output provides the occurrence rate, i.e., number of
times the parameter was selected. The higher value of occur-
rence rate indicates a better quality of the selected parameter.
Trial 1 selected F4 and F7 with an occurrence rate of 10 in each,
but trial 2 selected F4 and F7 with an occurrence rate of 10
and 2, respectively. Thus, if all the most significant parameters
are in single data set, as in trial 2, then a significant parame-
ter set would be equal to the actual significant parameter set,
i.e., only parameter F4 will be selected. The overestimate al-
lows the investigation of potentially useful parameters or their
combinations, i.e., parameters F4 and F7 together may provide
higher classification accuracy then parameter F4 alone.

Data-mining algorithms were used to analyze gene expres-
sion data sets with reduced dimensionality. Discovering hidden
patterns in the data may be valuable and lead to discoveries,
i.e., informative genes, control setting, treatment selection, and
so on [24]. As an emerging science, data mining is a collection
of theories and algorithms, e.g., statistics, rough set theory [34],
decision tree algorithms (DT) [25–27] support vector machines
(SVM) [28–30], neural networks, and so on.

In this paper, we will focus on data-mining algorithms that
produce meaningful knowledge, high classification accuracy,
and allow customization. DT and SVM algorithms were used
for the analysis. Bagging [26,31] and stacking [32] were em-
ployed to enrich the knowledge base and increase the classifi-
cation accuracy.

DT algorithm creates rules based on decision trees or sets of
if–then statements to maximize interpretability [25]. DT algo-
rithm (C4.5 algorithm) discovers patterns that outline and de-
scribe categories, assemble them into classifiers, and use them
to make predictions. The information gain measures the infor-
mation relevant to classification and the gain ratio criterion re-
cursively partitioning of data to create a classification-decision
tree using depth-first strategy. In this research, PART decision
list were used. They employ the separate-and-conquer strategy
to build a partial C4.5 DT at each iteration and then encode the
“best” leaf as a rule [27]. The standard DT parameters used for
this research were in Appendix A. SVMs [28] are an approach
of creating functions from a set of labeled training data. The
function can be a classification function or the function can
be a general regression function. SVMs try to find an optimal
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Table 2
Most significant parameters identified with GA–CFS algorithm for two partitioned data sets

Trail Data set 1 Data set 2 Decision Most significant parameters

1 F1 F2 F3 F4 F5 F6 F7 F8 D F4(10) F7(10)

2 F1 F2 F3 F5 F4 F6 F7 F8 D F4(10) F7 (2)
3 F1 F2 F3 F6 F4 F5 F7 F8 D F4(10) F7 (2)
4 F1 F2 F3 F7 F4 F5 F6 F8 D F4(10) F7(10)

5 F1 F2 F3 F8 F4 F5 F7 F8 D F4(10) F7 (2)
6 F1 F2 F4 F5 F3 F6 F7 F8 D F4(10) F7(10)

7 F1 F2 F4 F6 F3 F5 F7 F8 D F4(10) F7(10)

8 F1 F2 F4 F7 F3 F5 F6 F8 D F4(10) F7(10)

9 F1 F2 F4 F8 F3 F5 F7 F8 D F4(10) F7(10)

10 F1 F3 F4 F5 F2 F6 F7 F8 D F4(10) F7(10)

11 F1 F3 F4 F6 F2 F5 F7 F8 D F4(10) F7(10)

12 F1 F3 F4 F7 F2 F5 F6 F8 D F4(10) F7 (2)
13 F1 F3 F4 F8 F2 F5 F7 F8 D F4(10) F7(10)

14 F2 F3 F4 F5 F1 F6 F7 F8 D F4(10) F7(10)

15 F2 F3 F4 F6 F1 F5 F7 F8 D F4(10) F7(10)

16 F2 F3 F4 F7 F1 F5 F6 F8 D F4(10) F7 (2)
17 F2 F3 F4 F8 F1 F5 F7 F8 D F4(10) F7(10)

hyperplane within the input space so as to correctly classify
the binary classification problem. The hyperplane is chosen in
such a way that there is maximum distance (margin) between
the hyperplane and the binary (positive and negative) examples.
The SVMs solve the dual quadratic programming problem to
identify the non-zero Lagrange multipliers and generate the op-
timal hyperplane. SVMs can be trained in various ways. One
particularly simple and fast method is sequential minimal opti-
mization (SMO) [29,30]. The SMO breaks the large quadratic
programming problems into a series of smallest possible QP
problems, which are solved analytically. SMO is fastest for lin-
ear SVMs and sparse data sets. The standard SVM parameters
used for this research were in Appendix A.

Bagging [31] is a method of generating multiple models from
the data so as to accurately predict the outcome via a plurality-
voting scheme. The multiple models are formed through the
process of bootstrap (i.e., replicates the learning set). This pro-
vides multiple new learning sets for training the models. The
base classifier, such as DT, is used to train, evaluate, and pre-
dict the multiple learning sets as well as the test sets. Perturbing
the learning set may cause significant changes in the predictor
constructed thus improving the accuracy. The standard bagging
parameters used for this research were in Appendix A. Sev-
eral classifiers produce their own prediction for a row of data
vector. The predictions made by each classifier along with the
actual decision are used as an input data set for the stacking
generalization method [32]. A given base classifier, such as DT,
is employed to evaluate this derived data set to produce the fi-
nal prediction. Stacking is a scheme for minimizing the gener-
alization error rate. The standard stacking parameters used for
this research were in Appendix A.

2. Integrated algorithm

The integrated gene-search algorithm presented in this pa-
per consists of two phases. The iterative Phase I includes data

partitioning, execution of the DT algorithm (C4.5) (or other
data-mining algorithms) to the partitioned data set, the genetic
algorithm, and the correlation-based heuristics for gene reduc-
tion. The set of significant genes is utilized in Phase II for
validation of the quality of genes. A data-mining (i.e., classifi-
cation) algorithm takes a training expression data set as input
and predict if the test sample is a normal or cancerous. Thus,
data-mining algorithms are applied to the training and testing
data sets and their results are evaluated to determine the most
significant gene set.

In Phase I, the cancer training gene data set is initially par-
titioned into several subsets with approximately 1000 genes in
each subset (Fig. 1). The partitioning of the data sets can be
performed arbitrarily or randomly. The DT algorithm is applied
to each partitioned data set to determine the classification ac-
curacy. Due to partitioning, the knowledge base is distributed
and the classification accuracy is generally underestimated.

The GA–CFS algorithm is independently applied to each
partitioned data set with the decision parameter (Fig. 1). A user-
defined threshold occurrence rate (e.g., �6, i.e., selected more
than 50% of the time) can be set for the inclusion of a gene in
the significant gene set. This procedure produces a significant
gene set from each partitioned data set. The total number of
genes selected (most significant as well as medium significant
genes) from all the partitioned data sets is an overestimate of
the actual significant gene set as discussed in Section 1.2.

The total number of genes selected from all the partitioned
data sets are merged to formulate a single gene set (Fig. 1). If the
current gene set is more than the user-defined threshold (e.g.,
�1000 genes), then the gene set is re-partitioned to form the
next iteration of data-mining and GA–CFS algorithms. Phase
I is repeated until the number of significant genes is less than
the threshold. This set of genes formulates smaller manageable
data sets with only the significant genes.

To further reduce the number of genes, the GA–CFS algo-
rithm can be re-applied to the reduced gene data sets. This
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Fig. 1. Integrated gene-search algorithm.

iterative process has a potential of exploring more efficient and
significant gene sets. The iterative process is terminated if the
10-fold cross-validation accuracy deteriorates or the parameter
set remains static.

In Phase II, data-mining algorithms such as DT and SVM
algorithms with 10-fold cross-validation are then applied to the
training data set for only the significant genes (Fig. 1). The
classification accuracy (with 10-fold cross-validation) obtained
from this reduced gene data set is not smaller than the maximum
classification accuracy from the previous partitioned data sets.
This step validates the fact that the proposed gene selection
algorithm preserves the information/knowledge.

Independent test data sets with only the significant gene set
are evaluated for robustness of the integrated gene-search al-
gorithm as well as the significant genes (Fig. 1). The genes in-
cluded in the rules and their occurrence rates (in the rule set),
i.e., the knowledge base, are analyzed to identity the most sig-
nificant gene set. A similar approach can be applied to vari-
ous aspects of other data-mining algorithms (such as bagging,
SVM, and so on) to identity the most significant gene set.

The GA–CFS mechanism (i.e., selection of a parameter when
it correlates well with the decision outcome, but not with any
other parameter that has already been selected) along with par-
titioning of the data set and data mining algorithms provides
a procedure to evaluate the large-scale genetic data sets with-
out losing the significant genes. Also, the integrated algorithm
preserves knowledge bases as the classification accuracy of the
significant gene set is generally higher than that of the parti-
tioned data set.

3. Analysis

3.1. Ovarian cancer

The 162 cancer and 91 normal samples were randomized
to form the training and testing samples. The training samples
consisted of 90 cancer and 45 normal samples. Sixteen data
subsets of 1000 genes each were formulated from the training
data set for ovarian cancer. The DT algorithm produced a maxi-
mum, average, and minimum classification accuracy of 96.30%,
80.69%, and 62.22%, respectively (Table 3). The GA–CFS al-
gorithm was independently applied to each data set to measure
the contribution of each individual gene. The GA–CFS algo-
rithm reduced the number of significant genes by 90.68%. As
the number of significant genes was above 1000, the GA–CFS
algorithm was reapplied, thus further reducing the number of
significant genes by 88.32%.

The final set of significant genes contained 167 genes. A
training data set with the 167 genes was analyzed using vari-
ous data-mining algorithms (with 10-fold cross-validation). The
bagging and SVM algorithms provided a similar classification
accuracy of 97.04% while DT had the classification accuracy
to 96.30% (Table 4). The above algorithms produced approxi-
mately one to four classification errors in 135 samples. Also, the
Phase II training classification accuracy increased by 15.61%
as compared to the average classification accuracy of Phase I.
The Phase II training classification accuracy was equivalent to
the maximum classification accuracy of Phase I, indicating that
there was retention of knowledge while pruning the noisy un-
informative genes.

The training samples were used to extract knowledge, which
was tested on the test data set (72 cancer and 46 normal sam-
ples) (Table 5). Knowledge from the DT algorithm has a testing
classification accuracy of 94.07% while the SVM and stacking
algorithm have a testing classification accuracy of 97.46%, with
no misclassification for the 72 cancer test samples. Thus the
knowledge generated by the DT, bagging, stacking, and SVM
algorithms represents the most significant genes that can suc-
cessfully recognize the ovarian cancer samples. The analysis
of the rules from bagging and DT resulted in the identification
of the 14 most significant genes listed in Table 6. Three genes
(in bold in Table 6) appeared in more than one rule.

3.2. Prostate cancer

Like the ovarian cancer, 13 data subsets of 1000 genes each
were formulated from the prostate cancer training data set (50
normal and 52 tumorous samples). The DT algorithm produced
a maximum, average, and minimum classification accuracy
of 87.25%, 75.79% and 66.67%, respectively (Table 7). The
GA–CFS algorithm was independently applied to each data set
to measure the contribution of individual gene. The GA–CFS
algorithm reduced the number of significant genes by 96.10%
to 491 genes.

The quality of the selected genes was analyzed by applying
various data-mining algorithms (with 10-fold cross-validation)
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Table 3
Ovarian cancer analysis: Phase I

Ovarian cancer: Phase I

No. Data set Classification accuracy Cancer Normal

Overall (%) Cancer (%) Normal (%) Correct Incorrect Correct Incorrect

Max. 01001_02000 96.30 98.89 91.11 89 1 41 4
Min. 04001_05000 62.22 82.22 22.22 74 16 10 35
Avg. 80.69 89.03 64.31 80 9.88 28.94 16.06

Table 4
Ovarian cancer analysis: Phase II

Ovarian cancer: Phase II

Method Data set Classification accuracy Cancer Normal

Overall (%) Cancer (%) Normal (%) Correct Incorrect Correct Incorrect

DT 0001_0200 96.30 96.67 95.56 87 3 43 2
SMO 0001_0200 97.04 100.00 91.11 90 0 41 4
Bagging 0001_0200 97.04 96.67 97.78 87 3 44 1
Stacking 0001_0201 96.30 97.78 93.33 88 2 42 3

Table 5
Ovarian cancer analysis: final phase

Ovarian cancer: testing

Method Data set Classification accuracy Cancer Normal

Overall (%) Cancer (%) Normal (%) Correct Incorrect Correct Incorrect

DT 0001_0200 94.07 100.00 84.78 72 0 39 7
SMO 0001_0200 97.46 100.00 93.48 72 0 43 3
Bagging 0001_0200 97.46 98.61 95.65 71 1 44 2
Stacking 0001_0201 97.46 100.00 93.48 72 0 43 3

Table 6
Ovarian cancer gene set

Most significant ovarian cancer genes

M/Z 14352.258 M/Z 16978.063 M/Z 4967.2895
M/Z 14372.389 M/Z 17024.303 M/Z 8441.6164
M/Z 14540.702 M/Z 17136.513 M/Z 8719.9721
M/Z 14610.557 M/Z 245.24466 M/Z 9013.4721
M/Z 16208.732 M/Z 36.239026

to the training data set. The best performance was achieved
by the SVM algorithm and bagging technique with 96% and
92% classification accuracy for the 50 tumor samples (Table
8). The knowledge extracted from the training data set was
used to predict the outcomes of the test data set (Table 9).
Knowledge generated from all the data-mining algorithms was
insufficient to correctly predict the test samples (25 tumorous
and 9 normal), as the test samples were significantly different
from the training samples (refer to Section 1.1). The maximum
over all classification accuracy of 67.65% was achieved by

the SVM algorithm. Also all nine normal test samples were
correctly identified.

Thus the knowledge generated by the DT, bagging, and SVM
algorithms from the training data set represents the most sig-
nificant genes that can successfully detect prostate cancer. The
analysis of the rules resulted in the identification of 22 most
significant genes listed in Table 10. Five genes (in bold in Table
10) appeared in more than one rule.

3.3. Lung cancer

In Phase I of analysis, the training data set (16 MPM and 16
ADCA samples) was partitioned into 12 data subsets of 1000
genes each. The DT algorithm was applied to each partitioned
data set. It produced maximum, average, and minimum classi-
fication accuracy of 96.88%, 85.68%, and 62.50%, respectively
(Table 11). The genes from set two (i.e., 01001_0200) were
able to correctly classify all the 16 ADCA training samples.
The GA–CFS algorithm was independently applied to each data
set to measure the contribution of each individual gene. The
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Table 7
Prostate cancer analysis: Phase I

Prostate cancer: Phase I

No. Data set Classification accuracy Tumor Normal

Overall (%) Tumor (%) Normal (%) Correct Incorrect Correct Incorrect

Max. 10001_11000 87.25 90.00 84.62 45 5 44 8
Min. 01001_02000 66.67 66.00 67.31 33 17 35 17
Avg. 75.79 75.23 76.33 37.62 12.38 39.69 12.31

Table 8
Prostate cancer analysis: Phase II

Prostate cancer: Phase II

Method Data set Classification accuracy Tumor Normal

Overall (%) Tumor (%) Normal (%) Correct Incorrect Correct Incorrect

DT 0001_0500 88.24 88.00 88.46 44 6 46 6
SVM 0001_0500 94.12 96.00 92.31 48 2 48 4
Bagging 0001_0500 92.16 92.00 92.31 46 4 48 4

Table 9
Prostate cancer analysis: final phase

Prostate cancer: testing

Method Data set Classification accuracy Tumor Normal

Overall (%) Tumor (%) Normal (%) Correct Incorrect Correct Incorrect

DT 0001_0500 55.88 52.00 66.67 13 12 6 3
SVM 0001_0500 67.65 56.00 100.00 14 11 9 0
Bagging 0001_0500 26.47 0.00 100.00 0 25 9 0
Stacking 0001_0500 67.65 56.00 100.00 14 11 9 0

GA–CFS algorithm reduced the number of significant genes
from the original 12,000 genes to 622 genes, a 94.82% reduc-
tion.

In Phase II, the quality of the 622 significant genes was
analyzed by applying various data-mining algorithms (with a
10-fold cross-validation) to the training data set. The DT al-
gorithm had the worst performance with a classification accu-
racy of 78%, while the best performance was achieved by the
SVM algorithm and bagging techniques (100% classification
accuracy) (Table 12). They were able to correctly classify both
MPM and ADCA training samples without errors.

Higher training classification accuracy can lead to overfitting
the data. To check this, knowledge extracted from the training
data set was used to predict the test samples (15 MPM and 134
ADCA) (Table 13). Knowledge from the DT algorithm had a
testing classification accuracy of 81.88%, while the SVM al-
gorithm had a testing classification accuracy of 98.66% with
no misclassification for the 15 MPM test samples. Thus, the
knowledge generated by the DT, bagging, and SVM algorithms
represents the most significant genes that can successfully clas-
sify the lung cancer type, i.e., MPM or ADCA. The analy-

Table 10
Prostate cancer genes set

Most significant prostate cancer genes

322_at 38033_at 38634_at 409_at
33741_at 38044_at 39206_s_at 41106_at
34908_at 38051_at 39608_at 556_s_at
35196_at 38406_f_at 39755_at 863_g_at
37116_at 38452_at 39939_at
38028_at 38578_at 40282_s_at

sis of the rules resulted in the identification of the eight most
significant genes listed in Table 14. Three genes (in bold in
Table 14) appeared in more than one rule.

3.4. Comparative analysis

The analysis methods of the genetic expression data set for
ovarian, prostate, and lung cancer presented in the literature are
not uniform (Table 1). Thus, comparing our research results
with the literature is difficult. The evaluation of results was



258 S. Shah, A. Kusiak / Computers in Biology and Medicine 37 (2007) 251–261

Table 11
Lung cancer analysis: Phase I

Lung cancer: Phase I

No. Data set Classification accuracy MPM ADCA

Overall (%) MPM (%) ADCA (%) Correct Incorrect Correct Incorrect

Max. 01001_02000 96.88 93.75 100.00 15 1 16 0
Min. 10001_11000 62.50 50.00 75.00 8 8 12 4
Avg. 85.68 83.33 88.02 13.33 2.67 14.08 1.92

Table 12
Lung cancer analysis: Phase II

Lung cancer: Phase II

Method Data set Classification accuracy MPM ADCA

Overall (%) MPM (%) ADCA (%) Correct Incorrect Correct Incorrect

DT 0001_00500 78.00 75.00 81.25 12 4 13 3
SVM 0001_00500 100.00 100.00 100.00 16 0 16 0
Bagging 0001_00500 100.00 100.00 100.00 16 0 16 0
Stacking 0001_00500 97.00 100.00 93.75 16 0 15 1

Table 13
Lung cancer analysis: final phase

Lung cancer: testing

Method Data set Classification accuracy MPM ADCA

Overall (%) MPM (%) ADCA (%) Correct Incorrect Correct Incorrect

DT 0001_00500 81.88 73.33 82.84 11 4 111 23
SVM 0001_00500 98.66 100.00 98.51 15 0 132 2
Bagging 0001_00500 94.63 93.33 94.78 14 1 127 7
Stacking 0001_00500 80.54 100.00 78.36 15 0 105 29

Table 14
Lung cancer genes set

Most significant lung cancer genes

1003_s_at 2047_s_at
130_s_at 266_s_at
1500_at 35357_at
1585_at 36562_at

performed by comparing the training and testing accuracies and
the size of the significant gene set.

The integrated gene-search algorithm was applied to all three
data sets. The training classification accuracy with 1-fold and
10-fold cross-validation was 98.5% and 97.04%, respectively.
The approaches in [13,14] use the GA with self-organizing
maps to accurately distinguish (i.e., equivalent to 1-fold cross-
validation without pruning) the two training sample sets. The
prediction approach is to assign a new test sample to a cluster if
it falls within 90% boundary surrounding any previous trained
cluster centroid or a new cluster is formulated. This approach

will likely increase the accuracy as new clusters are formulate
in the testing phase to accommodate previously unseen knowl-
edge. DT, SVM, bagging, and stacking algorithms predict
based on training knowledge without the ability to create new
rules/knowledge during testing phase. This may cause decrease
in accuracy as compared to [13,14]. The testing classification
accuracy reported in the literature for old [13] and new [14]
ovarian data set was 97.4% and 100%, respectively. The test-
ing classification accuracy for ovarian cancer using GA–CFS
approach was 97.46% with no misclassification for cancer test
samples (Table 15). As the classification errors were very few,
the classification testing accuracies for the GA–CFS approach
can be considered statistically equivalent to that reported in
the literature. The integrated gene-search algorithm identified
14 different most significant genes as compared to 5 (old
data set) and 7 (new data set) genes reported in the literature.
These 14 genes can be further investigated for their medical
relevance.

The integrated gene-search algorithm increased the training
classification accuracy by 4% for prostate cancer over the ac-
curacy reported in the literature [15] (Table 15). There was a
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Table 15
Results comparison

Cancer information GA–CFS + Prediction algorithms Literature

Cancer Decision Method No. of Training Testing accuracy No. of Training Testing
genes accuracy (%) genes accuracy (%) accuracy (%)

A B Overall (%) A (%) B (%)

Ovarian (old) Cancer Normal SVM/Bagging 14 97.04 97.46 100.00 93.48 5 – 97.40
Ovarain (new) 7 – 100.00
Prostate Tumor Normal 22 94.12 67.65 56.00 100.00 29 90.00 86.00
Lung MPM ADCA 8 100.00 98.66 88.00 100.00 8 – 97.00

decrease in testing classification accuracy for the prostate can-
cer, as the procedure used in the literature was different from
the integrated gene-search algorithm. Also the testing set was
significantly different from the training data set (refer to Sec-
tion 1.1). In spite of the difference, all the normal samples in
the testing data set were correctly classified. Seven most signif-
icant genes identified by previous research were determined to
be insignificant for prostate cancer bringing down the number
of the most significant genes to 22.

Similarly there was an increase in training and testing clas-
sification accuracies for the lung cancer analysis as compared
to the literature results [16] (Table 15). ADCA-type lung can-
cer was correctly classified without a single error in both train-
ing and testing data set. The same number of genes (i.e., eight
genes) was determined to be significant for lung cancer classi-
fication.

3.5. Discussion

Some of the important highlights of the integrated gene se-
lection algorithm are listed next. Data partitioning step does
not require any prior knowledge of the genes thus allowing for
flexibility. As the global search mechanism of the GA is ap-
plied to each partitioned data set independently, parallel com-
puting methodologies can be incorporated. This will result in
significantly faster processing time for gene selection.

Partitioning coupled GA–CFS provides overestimate of the
significant genes at the end of Phase I, which allows for the
generation of multiple models with high accuracies. Further-
more, the analysts are provided with a larger and statistically
meaningful set of genes for analysis. In general, the accura-
cies obtained by the integrated gene selection algorithm are
high (i.e., 94–98%) and are statistically equivalent to other
approaches.

The algorithm is computationally less complex resulting in
faster gene selection. As the algorithm is easier to implement
and requires minimal domain knowledge, it will be a good
tool for screening genes in the initial pilot studies. Also the
algorithm can be used in conjunction with other models to
produce a high accuracy ensemble decision-making algorithm.
During the Phase II various data mining algorithms are applied,
which allowed some level of transparency on the selected genes,
specially the DT in form of rules.

4. Conclusion

The integrated gene-search algorithm (GA–CFS algorithm
with data mining) was proposed and successfully applied to
the training and test genetic expression data sets of ovarian,
prostate, and lung cancers. This uniformly applicable algo-
rithm not only provided high classification accuracy but also
determined a set of the most significant genes for each of the
three cancers. These gene sets require further investigation for
their medical relevance, as the prediction power attained from
these gene sets is statistically equivalent to that reported in the
literature. The integrated gene-search algorithm is capable of
identifying significant genes by partitioning the data set with a
correlation-based heuristic. The overestimate of the actual sig-
nificant gene set using this algorithm allows the investigation
of potentially useful genes or their combinations. This leads
to multiple models and supports the underlying hypothesis
that genetic expression data sets can be used in diagnosis of
various cancers.

The above algorithm can be successfully applied to the ge-
netic expression data sets for any cancer (such as colon, breast,
bladder, leukemia, and so on), as it was successfully demon-
strated on the ovarian, prostate, and lung cancer in this research.
The addition of phenotype parameters to the genotype parame-
ters will further improve the results with a potential of reducing
the cost and complexity. Ensemble classifiers [33] will enhance
the results and possibly achieve near perfect predictions. Thus,
integrated gene-search algorithm can be employed along with
other approaches discussed in the literature [13–16] to pro-
vide the foundation for a multi-angle, ensemble, and real-time
decision-making.

The early and accurate detection (ovarian and prostate can-
cer) as well as classification of lung cancer using the integrated
gene-search algorithm will help in the selection of treatment
options and developing drugs.
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Appendix A.

Parameters of the DT algorithm: confidence factor (used
for pruning, smaller values incur more pruning) = 0.25, the
minimum number of instances per rule = 2, numFolds (de-
termines the amount of data used for reduced-error pruning)
= 3, reducedErrorPruning (whether reduced-error pruning is
used instead of C.4.5 pruning) = False, binarySplits (whether
to use binary splits on nominal attributes when building the
partial trees) = False, seed (the seed used for randomizing the
data when reduced-error pruning is used) = 1, and unpruned
(whether pruning is performed) = False.

Parameters of the SVM: buildLogisticModels (whether to fit
logistic models to the outputs, for proper probability estimates)
= False, c (the complexity parameter C) = 1.0, cacheSize (the
size of the kernel cache) = 1000003, epsilon (the epsilon for
round-off error) = 1.0E − 12, exponent (the exponent for the
polynomial kernel) = 1, featureSpaceNormalization (whether
feature-space normalization is performed) = False, filterType
(determines how/if the data will be transformed) = normalize
training data, gamma (the value of the gamma parameter for
RBF kernels) = 0.01, lowerOrderTerms (whether lower order
polynomials are also used) = False, numFolds (the number of
folds for cross-validation used to generate training data for lo-
gistic models, −1 means use training data) = −1, randomSeed
(random number seed for the cross-validation) = 1, toleran-
ceParameter (the tolerance parameter) = 0.0010, and useRBF
(whether to use an RBF kernel instead of a polynomial one)
= False.

Bagging parameters: bagSizePercent (size of each bag, as
a percentage of the training set size) = 100, calcOutOfBag
(whether the out-of-bag error is calculated) = False, classifier
(the base classifier to be used) = DT or SVM, numIterations
(the number of iterations to be performed) = 10, and seed (the
random number seed to be used) = 1.

Stacking parameters: Classifiers (the base classifiers to be
used) = DT, SVM, Bagging, metaClassifier (the meta classi-
fiers to be used) = DT, numFolds (the number of folds used
for cross-validation) = 10, seed (the random number seed to be
used) = 1.

Parameters of the GA algorithm: crossoverProb (set the prob-
ability of crossover, this is the probability that two population
members will exchange genetic material) = 0.8, maxGenera-
tions (set the number of generations to evaluate) = 100, muta-
tionProb (set the probability of mutation occurring) = 0.0033,
populationSize (set the population size. This is the number of
individuals, attribute sets, in the population) = 100, seed (set
the random seed) = 1, startSet (set a start point for the search.
This is specified as a comma separated list of attribute indexes
starting at 1. It can include ranges. The start set becomes one
of the population members of the initial population) = Empty.

Parameters of the correlation-based heuristic: locallyPre-
dictive (identify locally predictive attributes. Iteratively adds
attributes with the highest correlation with the class as long
as there is not already an attribute in the subset that has a
higher correlation with the attribute in question) = False, and
missingSeparate (treat missing as a separate value. Otherwise,

counts for missing values are distributed across other values in
proportion to their frequency) = False.
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