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Appendix: Fuzzy-Rough Supervised Attribute Clustering
Algorithm and Classification of Microarray Data

I. GENE EXPRESSIONDATA SETS

In [1], publicly available six cancer and two arthritis data
sets are used. Since binary classification is a typical and
fundamental issue in diagnostic and prognostic predictionof
cancer and arthritis, different methods are compared usingthe
following eight binary class data sets.

1) Breast Cancer: The breast cancer data set contains
expression levels of 7129 genes in 49 breast tumor samples [2].
The samples are classified according to their estrogen receptor
(ER) status: 25 samples are ER positive while the other 24
samples are ER negative.

2) Leukemia: It is an affymetrix high density oligonu-
cleotide array that contains 7070 genes and 72 samples from
two classes of leukemia [3]: 47 acute lymphoblastic leukemia
and 25 acute myeloid leukemia.

3) Colon Cancer: The colon cancer data set contains
expression levels of 2000 genes and 62 samples from two
classes [4]: 40 tumor and 22 normal colon tissues.

4) Lung Cancer: This data set contains 181 tissue samples:
among them 31 are malignant pleural mesothelioma and rest
150 adenocarcinoma of the lung [5]. Each sample is described
by the expression levels of 12533 genes.

5) Breast Cancer (RBreast): In this data set, relapse or
non relapse of metastases in patients after initial diagnosis for
interval of at least 5 years has been classified in breast cancer
patients [6]. Total 97 samples are given: 46 patients developed
distance metastases within 5 years (labeled as relapse) while
51 remained healthy (labeled as non-relapse). The data set
consists of 24188 genes.

6) Prostate Cancer: In this data set, 136 samples are
grouped into two classes: 77 prostate tumor and 59 prostate
normal samples [7]. Each sample contains 12600 genes.

7) Rheumatoid Arthritis versus Osteoarthritis (RAOA): The
RAOA data set consists of gene expression profiles of thirty
patients: 21 with RA and 9 with OA [8]. The Cy5-labeled
experimental cDNA and the Cy3 labeled common reference
sample were pooled and hybridized to the lymphochips con-
taining∼18,000 cDNA spots representing genes of relevance
in immunology [8].

8) Rheumatoid Arthritis versus Healthy Controls (RAHC):
The RAHC data set consists of gene expression profiling of
peripheral blood cells from 32 patients with RA, 3 patients
with probable RA and 15 age and sex matched healthy controls
performed on microarrays with a complexity of∼26K unique
genes (43K elements) [9].

II. QUALITATIVE ANALYSIS OF SUPERVISEDCLUSTERS

For six cancer and two arthritis data sets, the best clusters
generated by the proposed FRSAC algorithm [1] are analyzed
using the Eisen and gene profile plots. In Eisen plot [10], the

expression value of a gene in a particular sample is represented
by coloring the corresponding cell of the data matrix with a
color similar to the original color of its spot on the microarray.
The shades of red color represent higher expression level,
the shades of green color represent lower expression level
and the colors toward black represent absence of differential
expression values. On the other hand, the gene profile plot
shows for each gene the gene expression values of that gene
with respect to the samples.

Fig. 1 represents the expression values of the actual and
augmented cluster representatives of the best clusters over the
samples for breast, leukemia, colon cancer, RBreast, RAOA,
and RAHC data sets. In Fig. 2-4[(a)-(c)], the results of best
clusters obtained using the proposed clustering algorithmare
reported for lung, prostate, and leukemia data sets considering
the value ofη as 1.2. Fig. 2-4(a) show the expression values
of the actual genes or attributes of the best clusters over
the samples for three data sets. Fig. 2-4(b) and Fig. 2-4(c)
represent the Eisen and gene profile plots of corresponding
finer clusters with gene expression values and the expression
values of the augmented cluster representatives of the best
clusters for three data sets. All the results reported in Fig. 1-
4 establish the fact that the fuzzy-rough set based proposed
supervised attribute or gene clustering algorithm can efficiently
identify groups of co-regulated genes with strong association
to the sample categories.
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(a) Initial expression value of breast
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(b) Initial expression value of leukemia
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(c) Initial expression value of colon
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(d) Augmented expression value of breast
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(e) Augmented expression value of leukemia
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(f) Augmented expression value of colon
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(g) Initial expression value of RBreast
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(h) Initial expression value of RAOA
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(i) Initial expression value of RAHC
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(j) Augmented expression value of RBreast
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(k) Augmented expression value of RAOA
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(l) Augmented expression value of RAHC

Fig. 1. Results obtained using proposed FRSAC algorithm forbreast, leukemia, colon cancer, RBreast, RAOA, and RAHC data sets
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(a) Initial expression value (b) Eisen plot
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(c) Augmented expression value

Fig. 2. Results obtained using proposed FRSAC algorithm forlung cancer data set consideringδ = 0.93 andη = 1.2
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(a) Initial expression value (b) Eisen plot
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(c) Augmented expression value

Fig. 3. Results obtained using proposed FRSAC algorithm forprostate cancer data set consideringδ = 0.93 andη = 1.2
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(a) Initial expression value (b) Eisen plot
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(c) Augmented expression value

Fig. 4. Results obtained using proposed FRSAC algorithm forleukemia data set consideringδ = 0.92 andη = 1.2
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