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In this article, we have used an index, called Gaussian fuzzy index (GFl), recently developed by the authors, based on
the notion of fuzzy set theory, for validating the clusters obtained by a clustering algorithm applied on cancer gene
expression data. GFI is then used for the identification of genes that have altered quite significantly from normal state
to carcinogenic state with respect to their mMRNA expression patterns. The effectiveness of the methodology has been
demonstrated on three gene expression cancer datasets dealing with human lung, colon and leukemia. The perfor-
mance of GFl is compared with 19 exiting cluster validity indices. The results are appropriately validated biologically
and statistically. In this context, we have used biochemical pathpragdye statistics of GO attributdstest andz-

score for the validation of the results. It has been reported that GFI is capable of identifying high-quality enriched
clusters of genes, and thereby is able to select more cancer-mediating genes.

[Ghosh A and De RK 2015 lIdentification of certain cancer-mediating genes using Gaussian fuzzy cluster validity. iBaesci. 40
741-754] DOI 10.1007/s12038-015-9557-x

1. Introduction There exist several cluster validity indices in the literature
(Deboratet al.2010). Some of them are Dunn index (DI) (Dunn

The huge amount of data, mainly in the field of moleculat974), DavisBouldin index (DBI) (Davies and Bouldin 1979),
biology, is being generated with the advent of high-throughp&ilhouette index (SLI) (Rousseeuw 1987), C-index (CI) (Hubert
technology. In order to mine interesting information from thignd Schultz 1976), Goodméfruskal index (GKI) (Goodman
biological data resource, there is increased interest in develapd Kruskal 1954), Isolation index (Il) (Pauwels and Frederix
ing and using data exploration techniques. Clustering is a to®999) and Alternative Dunn Index (ADI) (Trauwaert 1988). The
in this regard, to find natural groups of similar data patterperformances of all the exiggiindices in the domain of image
Under this scenario, since there is no predefined class labesegmentation have been experimentally evaluated and com-
group information, it is always an issue in finding appropriateared on several test images under noisy conditions of varying
measures for determining similarity among the samples, nugegrees (Yun and Brereton 2005), and in the domain of 3D MRI
ber of clusters to be obtained and cluster shapes. In otlfeages (Bensaiet al. 1996).
words, the quality of the clusters obtained by an algorithm All these indices have a common objective for finding a
needs to be adjudicated or validated. This quality determinggod estimate of the number of clusters so that each of the
the purity of clusters. Thus, cluster validation is a major amdusters is compact and well separated from others (Wu and
challenging task (Bezdek 1974). Yang 2005). If a dataset contains some noisy points, it can be
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visualized that cluster validity indices will take each noisgpplied to identify disease matihg genes. This was performed
point into a singleton cluster (Bensaidal. 1996). It is to be by clustering microarray gene expression data and evaluating
noted that the disadvantage of the above indices is that thihg quality of the clusters using the proposed cluster validity
lack the connection to the geometrical structure of the datalex, called Gaussian fuzzy index (GFlI).
(Bezdek 1974; Trauwaert 1988). The effectiveness of GFI has been demonstrated on three
It is already established that current high-throughput techuman cancers (lung [Beet al. 2002], colon [Alonet al.
nology has a significant impact on genomic and posf:999], leukemia [Gutierrezt al.2007]) in finding some possible
genomic studies including gene identification, disease diagenes mediating these cancers. An initial set of results for lung
nosis, drug discovery and toxicological research. For iwancer has been published in Ghosh and De (2013). Moreover,
stance, the accurate identification of genes is essential fov@have demonstrated superior capability of GFI, in identifying
successful diagnosis and treatment of a disease like cangenes mediating these cancers, through an extensive compara-
One of the major challenges associated with cancer is tie study of GFI with 19 existing validity indices like Dunn
identification of cancer-mediating genes. index (DI) (Dunn 1974), Dawdouldin index (DBI) (Davies
Fuzzy set theory was introduced by Zadeh in 1965 (Zadehnd Bouldin 1979), Silhouette index (SLI) (Rousseeuw 1987),
1965) with an objective to provide a formal setting foC-index (Cl) (Hubert and Schultz 1976), Goodr&mskal
incomplete and gradual information, as expressed by peopidex (GKI) (Goodman and Kruskal 1954), Isolation index (II)
in natural language. There is a very long tradition of philagPauwels and Frederix 1999), Remmn Coefficient Index (PCI)
sophical interest in modelling ambiguity and imprecision dBezdek 1974; Trauwaert 1988), Classification Entropy Index
knowledge (Zadeh 1997). Imprecision of knowledge, alon@El) (Bezdek 1974), Partition Index (SCI) (Bensatdal.
with some others including inexactness, vagueness and 1896), Separation Index (Sl) (Bensaidal. 1996), Xie and
certainty, has been conceived, modelled and analysedBenis Index (XBI) (Xie and Beni 1991), Fukuyama and Sugeno
various ways (Zadeh 1972; Bandler and Kohout 1980). Index (FSI) (Fukuyama and Sugeno 1989), Fuzzy Hypervolume
Incorporation of fuzzy set theory enables one to deal withdex (FHVI) (Gath and Geva 1989), Alternative Dunn Index
uncertainties, vagueness, and incompleteness in different tggk3l) (Trauwaert 1988), Dave modification of the PC index
of designing an intelligent system, arising from deficiency i(MPCI) (Dave 1996), Partition Coefficient and Exponential
information, as in case of biological datasets, in an efficieBeparation Index (PCAESI) (Wu and Yang 2005), Index Based
manner. Apart from designing methods for classification, clusn Akaikés information criterion (AICI) (Akaike 1979), Com-
tering, feature selection and/or extraction, fuzzy set theory h@sse Within and Between scaittg Index (CWBI) (Yun and
been applied to formulate several cluster validity indices. Th&yereton 2005) and PBMF-Index (PBMFI) (Paklatal. 2005)
include Partition Coefficient Index (PCI) (for the data, one m&yable 2). Here, we used two clustering algorithms, kimeans
refer Bezdek (1974) and Trauwaert (1988)), Classification Efidbubes and Jain 1988) and fuzeymeans (FCM) (Bezdek
tropy Index (CEIl) (Bezdek 1974), Partition Index (SCI1981) with Euclidean distance as similarity measure. The results
(Bensaidet al. 1996), Separation Index (Sl) (Bensadal. are appropriately validated using biochemical pathvpayalue
1996), Xie and Bens Index (XBI) (Xie and Beni 1991), statistics of enriched attributédest andz-score.
Fukuyama and Sugeno Index (FSI) (Fukuyama and SugenoThus the comparative performance of the cluster validity
1989), Fuzzy Hypervolume Index (FHVI) (Gath and Gevandices to identify good and meaningful clusters, has been
1989), Daves modification of the PC index (MPCI) (Dave evaluated internally through identification of disease (cancer)
1996), Partition Coefficient and Exponential Separation Indemediating genes. The external evaluation of these set indices
(PCAESI) (Wu and Yang 2005), Index Based on Akaike has been made through consulting pathway database, and
information criterion (AICI) (Akaike 1979), Compose Withinusing well known parameters likevalue,t-test andz-score.
and Between scattering Index (CWBI) (Yun and Breretoim an earlier investigation, it has been shown that both the
2005), and PBMF-Index (PBMFI) (Pakhiaal. 2005). How- forms of evaluation are comparable (Gheshl. 2013)
ever, there is no instance of using cluster validity index, to our The article is organized as follows. Although GFI has been
knowledge, which has been applied to the problem of findingroposed in (Ghosh and De 2013), we again describe it thor-
disease mediating genes. The importance of the notion of fuzmyghly, for the sake of the readers, in Appendix A.1, which
sets has been realized and successfully applied in almost alldescribes GFI, while Appendix A.2 narrates the way we have
branches of science and technology (Tripathgl. 2012). used cluster validity indices, and compared their capabilities,
In the present study, we propose a novel cluster validity indéxfind disease mediating genes. Section 2 describes extensive-
Gaussian fuzzy index (GFI) in fuzzy set theoretic frameworks the experimental results. This section has several subsec-
The index GFI was formulated in such a way that its minimizaions. Section 2.1 describes the gene expression data briefly.
tion led to minimization of fuzzy intra-cluster distance an&ections 2.22.4 provide comparative results using pathway
maximization of fuzzy inter-cluster distance. Thus, smaller tliatabasep-value andzscore, respectively. Comparative re-
value of GFl, better is the quality of the clusters. Then GFI wasilts based on all the three together, are provided in Section 2.5.
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Finally in Section 2.7, we provide lists of some possibl&on in human lung, colon, and lymphocyte and plasma cells. We
disease mediating genes obtained in the above subsectitasg identified the genes (proteins) involved in these pathways. If
along with their statistical validation usititest in Section 2.8. the genes (i.e. corresponding proteins) in the altered gene sets are
Section 3 concludes the article. involved in such a pathway, we say that GFI has correctly
identified some possible genes mediating a cancer. Higher the
number of such match, better is the cluster validity index.
Usingk-means algorithm on humamlg expression data, we
o have found that the best result produced by GFI corresponds to
2.1 Description of the datasets k = 10. This result produceiéd Kem|=0 for GFI. We have also
) ) got maximum scores &f(equation 8, in the appendix) o= 10

Here, we have considered three gene expression datasets r@é?r’igk—means $10= 91.74%). Figure 1 depicts that the Hest
ed to lung cancer, colon cancer and leukemia gene expresgjgye generated by the scoring method on the pathway database
patterns. A brief description of the datasets is given below. is equal to the besevalue selected by GFI and DBI cluster
{Peﬂidity indices. Thus, GFI performs the best along with DBI for
k-means algorithm on lung expression dataset (Ghosh and De
2013). It is to be noted that the other validity indices have
aenerated their best values betwikeer8 andk = 12. Similarly,

p&)lying fuzzyc-means, the best result generated by GFl is
2 13. From figure 1, it is clearly seen that GFI generates the
t result foc = 13, which is very close to the result generated
by the Il, CEI, XBI, FHVI, MPCI, CWBI and PBMFI. It is also

2. Results

data is obtained by oligonucléte microarray experiments for
Ann Arbor tumours and normal lung samples (Betal.

2002). In this dataset, there &#29 genes (more specifically,
Affymetrix probe-sets) for 86 lung tumour and 10 normal lun
samples. The gene expression profiles represent 86 prim
lung adenocarcinoma, including 67 stage | and 19 stage Iés
tumours, as well as 10 neoplasting samples. More details on

fh Ili fd at{a;];et dc?n .Zitfq/l;ndt:.n Fmrr;l. (20/02)'. D?t;a\bas/e web to be noted that, for fuzaymeans algorithm, all the 20 validity
n o or this ala Ishitp://ncbi.n ??' _'%‘OV projec IS geo iindices have shown their best results betvese2 andc = 15.
uman colon expression dala. Human colon eXpressionyqe pave done similar experiments on colon cancer and

data (Alonet a.l' 1999) consists of 18 tumour and 18 .norma,eugemia datasets. For colon expression data, the best indices
samples. In this dataset, samples of colon adenocarcinoma Qve been found to be GEI. DBI. CI. SLI. GKI. DI. 1. XBI

paired normal tissue extracted from the same patient wi

obtained by the Cooperative Human Tissue Network. T}r VI_’ ?ICI’hCWiI an(: PB(’;AFI'IbTh; fbe:t values for dﬂ_]eje
tissue was snap-frozen in liquid nitrogen within-20 min algorithms have been found tolos 3 fork-means, and =

of harvesting and stored thereafter 80°C. mRNA was for fuzzy c-means. From figure 1, itis clearly observed that the

extracted from the bulk tissue samples and hybridized to tAigh auality clusters will be generated betwierB andk = 4
array using standard procedure. The dataset consists of 6Bd<-means and betweenr 2 andc = 4 for fuzzyc-means.
genes and expressed sequence tags (ESTs). The data can bg(emse, for leukemia dataset considered here, the best
obtained ahttp://microarray.princeton.edu/oncology/. indices have been found to be GFI, DBI, SLI, Cl, GKI,

Human lymphocytes and plasma cell expression data: Hunfal/Bl, CEl, XBI, MPQ' AICI and PBMFI. The best-
lymphocytes and plasma cell expression data (Gutietrakz values for these algorithms have been found .tk b fo_r _
2007) has been used for analysis of B lymphocytes (BL) agmeans ane = 10 for fuzzy c-means. From figure 1, it is
plasma cells (PC) extracted from patients with Waldensatrong'early observed that the high quality clusters will be gener-
macroglobulinemia (WM) and B-lymphoproliferative disordeft€d betweerk = 8 andk = 10 for k-means, and between
(BLPD). The dataset consists of 22283 genes with 56 samples; 9 andc = 12 for fuzzyc-means. Thus, we can say that our
Among them, there are 13 normal samples (8 normal B lympHgroposed validity index (GFI) is capable of identifying the
cytes and 5 normal plasma cells) and 43 diseased (Qgst clusters from these gene expression datasets.
Waldenstroris macroglobulinemia, 11 chronic lymphocytic leu-

kemia and 12 multiple myeloma) samples. The data can be, 3 comparative results using functional enrichment
obtained ahttp://ncbi.nim.nih.gov/projects/geo/

For gene expression data analypisalue is used to check
2.2 Comparative results using pathway database reliability of a clustering solutiomp-value indicates whether

an observed level of annotations for a group of genes is
In bio-system database of NCBittp://mww.ncbi.nim.nih.gov/ significant within the context of annotation for all the genes
Databasg we have found some cancer specific pathways for a reference set of genes. Here the objective is to find a set
non-small-cell lung cancer, small cell lung cancer, colorectal possible genes that mediate the development of a cancer.
cancer, and chronic and acute myeloid leukemia related path-other words, this set of genes should be responsible for
ways. These pathways are involved in apoptosis or related fuspecific function(s). Abnormal behaviour of this set of
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Figure 1. Comparative values oK§ K| for different cluster validity indices using pathway databasé&-foeans and fuzzg-means
clustering algorithms on different cancer datasets.

genes, or abnormal behaviour of the corresponding func-For human lung expression ddtameans and fuzzy c-means
tion(s) may lead to a cancer. That is, specific function(s) bave generated maximum number of enriched attributes for
functional category is (are) associated or enriched with this= 10,k = 13 andc = 15 respectively. The maximum number
set of genes. A specific futional category is said to of enriched attributes fermeans and fuzaymeans algorithms
enriched if the corresponding-value is less than a have been found to be 507 and 465 respectively. From biolog-
predefined threshold. A loy-value indicates that the genesical point view, higher number of enriched attributes generated
belonging to specific functional category are biologicallypy an altered gene set for a specific valued/ofusing an
significant. In the present study, only functional categoriegdgorithm signifies that the algorithm is able to find out the
with p-value 5x10 ° have been considered as enriched. biologically enriched clusters for the specified valuk/of

We have computed the number of enriched attributes of Using k-means algorithm on lung expression data for
all the altered gene sets for all the three cancer datasets. Klkel10, GFI and DBI have shown the best values, which is
enrichment of each GO category for these altered gene satsrectly validated by the enriched attributes (maximum
has been calculated by ifsvalue. Higher number of value 507 fork = 10). From figure 2, the minimum values
enriched attributes for a set of altered genes indicates tb&lKe K| (i.e. Ke K| = 0) have been found for GFI along
they belong to the same functional categories. In othesith DBI. From the above results, we can say that the best k-
words, this group of genes performs the same set of fun@lue generated by thevalue statistics of enriched attri-
tions. That is, if one of the genes from the pool is responsibteites is equal to the bdstvalue selected by GFI and DBI.
for cancer then the other genes may have a strong influefidee bestk-value obtained by the-value statistics of
in mediating the disease. enriched attributes has differed by 1, 2, 3 from the kest
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value selected by the remaining cluster validity indicesluster validity index from a group of such indices. List of
Thus, we can conclude from figure 2 that our proposed indeasults of enriched attributes (GO attributes) for lung, colon
GFI along with DBI perform the best over the other existingnd leukemia are mentioned in (supplementary material).
indices fork-means algorithm on lung expression data.
Likewise, we have done similar experiments on colon cancer
and leukemia. For colon expression data, the best indices have 2.4 Comparative results usingscore
been found to be GFI along with DI, Cl, 1l, XBI, FHVI, AICI,
CWBI, PBMFI. The best-values for the aforesaid indices havé/Vhile the objective of clustering gene expression patterns is
been found to bk= 4 fork-means, and= 4 for fuzzyc-means. to bring genes of similar function together, we consider that
For leukemia dataset considered here, the best indices have Iteenbest method of clustering a particular dataset is that
to be GFI along with DI, ClI, Il, XBI, FHVI, AICI, CWBI and which has the strongest tendency to bring genes of similar
PBMFI. The besk-values for these indices have been found tlunctions together. The clustering results obtained by an
bek = 9 for k-means, and= 10 for fuzzyc-means. algorithm were evaluated by examining the relationship be-
Thus, we can say that our proposed index GFI is capaltleeen the resulting clusters produced and the known attri-
of identifying the high quality enriched clusters of genebutes of the genes in those clusters. This annotation is made
with appropriate adjustment &fc-values on the gene ex- with a controlled vocabulary of gene attributes (Gibbons and
pression datasets. From figure 2, it is clearly observed thRd 2002). For good clustering algorithm with appropridte
functional enrichment is also able to identify the high quality-value, there should be some common attributes, depicting
biologically enriched clusters of genes and to select therticular functions, of genes in a cluster.
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Figure 2. Comparativele K| for different cluster validity indices usipgvalue statistics of enriched attributeskaneans and fuzzg-
means clustering algorithms on different cancer datasets.
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z-score is based on mutual information between a clustéest compared to the other validity indices (figure 3) considered
ing result and gene annotation data. It (see, for instan¢ere. Similarly fok-means and fuzzg-means,
Gibbons and Ro (2002)) indicates relationships betweenGFI, DI, GKI, II, SI, FSI, AICI and PBMFI perform
clustering and annotation, relative to a clustering methade best compared to the other validity indices for colon
that randomly assigns genes to clusters. A highetore expression data (figure 3). For leukemia dataset, we
indicates a clustering result that is further from random. Wave found that GFI, XBI, PCAESI, DI, GFI and Il
order to comparé&/c-values and/or clustering algorithnzs, perform the best compared to the other validity indices
score is plotted as a function of number of cluskeran (figure 3).
optimal value foik/c is determined (Gibbons and Ro 2002).

Applying k-means algorithm on lung expression data, it has
been found that GFI performs the best along with SI, DBI, 2.5 Comparative results using pathway database,
MPCI, CWBI than the other indices. From figure 3, the mini- functional enrichment and z-score altogether
mum values (=0) gKz K j has been found for these indices.
Likewise, using fuzzyc-means on lung expression data, weFinally, we have considered the validation using pathway
have found that GFI along with ClI, AICI and DI perform thedatabasep-value statistics andscore altogether. Using

Figure 3. Comparative values oK} K| for different cluster validity indices usirmscore fork-means and fuzzg-means clustering
algorithms on different cancer datasets.

J. Biosci.40(4), October 2015
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means algorithm on lung expression data, it has been found 2.6 Justification through expression profile plots

that GFI performs the best along with DBI than the other

indices. From figure 4, the minimum values (=0) oHere we consider some genes that are among the most signif-
[Ks Kil+Ke Ki[+Kz K| has been found for GFI and DBI. jcant top genes of our results. The expression values of these
Likewise, using fuzzy-means on lung expression data, weyenes have changed significantly from normal samples to
have found that GFI along with DBI, Cl, II, CEIl, SCI, SlI,diseased samples. We have provided only the expression pro-
PCAESI,CWBI, SLI, GKI, XBI, FSI, FHVI, MPCI and file plots of some important genes in lung adenocarcinoma
PBMFI performed the best compared to the other Va|idiWigure 5), human colon expression data (figure 6), human
indices (figure 4) considered here. Similarlyliemeans and |ymphocytes and p|asma cell expression data (ﬂgure 7)_

fuzzy c-means, GFI along with DI, DBI, CI, SLI, GKI, II,

CEl, ADI, SI, XBI, FHVI FSI, MPCI, AICI, CWBI and

PBMFI perform the best compared to the other validity 2.7 Selection of some possible genes mediating
indices for colon expression data (figure 4). For leukemia certain cancers

dataset, GFI, DBI, SLI, GKI, CI, CWBI, CEl, XBI, MPCI,

AICI and PBMFI performed the best compared to the othétere we report the genes in the altered gene sets whose expres-
validity indices (figure 4). sion values have deviated from normal to disease states of

Figure 4. Comparative values df§ K|+ Keg K|+ Kz K| for different cluster validity indices fermeans and fuzzg-means clustering
algorithms on different cancer datasets using the combined effect of pathway database, functional enricksenteand

J. Biosci.40(4), October 2015
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Figure 5. Expression profiles of some altered genes (IGFBP3, PFKP, IARS, TYMS, HBB) of Lung Adenocarcinoni dafaesents
the normal samples anB’ indicates diseased samples.

human lung, leukemia and colon cancer datasets. Using huntdifuence in mediating the certain cancers. It is interesting
lung expression data, the proposed index (GFI) has identified note that the index GFI has been able to identify more
the genes (from altered gene set) like EGFR, TNF, TNFSFXBncer-mediating genes which have been supported bio-
RIMS2,KRAS, HLA-G, TP53, VEGFA, IL6, CDKN2A, logically and statistically. Thus, we can draw a conclusion
STAT3, CDH1, TGFB1, IL10, IL8, PTEN, MYC, IGFBP3, that GFI is able to identify biologically more significant
TNFSF10, CASP3, CD44, IGF1R. Likewise, from human cagenes than the other cluster validity indices.

lon expression, GFI has selected genes like MSH2, TP53,

VEGFA, PTGS2, AKT1, HIF1A, CDKN1A, EGFR, MMP9,

MMP2, MAPK1, TGFB1, NFKB1, IGF1, MMP7,MTHFR, 2.8 Statistical validation using t-test

MSH6, STAT3, MAPK14, BAX, CDH1, MAPK3, CDKN2A,

JUN, IGF1R, MAPKS, PTEN, MMP13, PIK3CA. Similarly, In order to validate the results statistically, we have apiplest
altered genes like MLL, ARHGEF12, RUNX1, PML, PBX1on the altered gene set identified by GFI on each dataset. For
BCR, EGFR, ERBB2, MCL1, TNF, MLLT4, BCL2, KRAS, human lung expression data, we have identified some important
BRCA2, HLA-DRB1, HLA-G, DEK, PTK2, TP53, VEGFA, genes like CALCA (4.02), PFKP (5.78), TYMS (3.98), IGFBP3
IL6, TGFB1, IL8, STAT3, MYC, IGF1, BRAF, LEP have been(6.98), IARS (5.98), HBB (7.08), HLA-B (5.42), SFTPA2
identified by GFI from human leukemia dataset. Moreove(6.89), and TNF (4.23). The number in the bracket indidates
we can say that the aforesaid altered genes have a siguélue corresponding to the gene. Thelues of these genes
icant role in the development of the lung cancer, leukeméxceeds the value f&r= 0.001. It indicates that these genes are
and colon cancer. In other words, we can make a remarighly significant (99.9% level of significance). Similarly, genes
that the above mentioned genes may have a strolig IGHG3 (2.67), PRKACA (2.89), SORT1 (2.76), MEN1

J. Biosci.4(0(4), October 2015
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Figure 6. Expression profiles of some altered genes (CALCA, CCN4, IARS, TYMS) of Colon CancetNlatepresents the normal
samples antD’ indicates diseased samples.

(3.15), SFTPAL (2.92) and IGHM (3.25) exceeddtaue for are important at the level of 95% significance. We have per-
P =0.01. This means that these genes are significant at the Idoeiedt-test for the altered genes identified by GFI for other two

of 99%. Likewise, RPLPO (2.12), SMCIL1 (2.07), MGP (2.31)datasets namely colon expression and leukemia datasets. The
RNASE1 (2.43), SFTPC (2.37), and HLA-DRA (2.27) genegesults are shown in table 1.

Figure 7. Expression profiles of some altered genes (ATP6VoB, NARS, BAX, CALCA) of Leukemia‘ Nateepresents the normal
samples antD’ indicates diseased samples.

J. Biosci.40(4), October 2015
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Table 1. Some of the significant genes and their level of significance for certain human cancer datasets resulted by GFI

Dataset Level of significance Genes
Lung 99.9% CALCA, PFKP, TYMS, IGFBP3, IARS, HBB, HLA-B,SFTPA2, TNF
99% IGHG3, PRKACA, SORT1, SFTPA1, MEN1, IGHM
95% RPLPO, SMCIL1, SFTPC, HLA-DRA, MGP, RNASE1
Colon 99.9% microtubule-associated protein 2 (MAP2), thymidylate syntase (EC 2.1.1.45)

(TYMS), phosphofructokinase, platelet type (PFKP), Calcitonin (CALCA),
major histocompatibility complex enhancer-binding protein (HLA-B),
isoleucyl-tRNA synthetase (IARS), hemoglobin beta chain (HBB), insulin-like
growth factor-binding protein-6 (IGFBP6), tumour ecrosis factor (TNF)

99% avin-containing monooxygenase form Il (FMO2), colon carcinoma kinase-4
(CCK4), methylthioadenosine hosphorylase(MTAP)

95% pepsinogen C (PGC), cytochrome P450 4F2 (CYP4F2), platelet derived growth
factor receptor alpha (PDGFRA), vasoactive intestinal peptide (VIP)

Leukemia 99.9% BAX, PFKP, TYMS, NARS, BAT1, BCR, HBB, HAL, IGFBP3,CALCA,
HLA-B, IARS, BRCAL
99% GDI2, FNTA, SDHC, KRAS, IGF1, H3F3A
95% CDKN2A

The results are validated usititest.

3. Conclusions Appendix

In this article, a cluster validity index, called Gaussian A. Methodology
Fuzzy Index (GFIl), has been used to identify certain
cancer-mediating genes. This index has recently bemfhough, GFI has already been developed in Ghosh and De
developed by the authors (Ghosh and De 2013). GF2013), we again describe it here, for the sake of the readers,
involves the average fuzzy intra-cluster distances over albng with the methodology for identification of disease
the clusters, and inter-cluster distances between pairspgédiating genes. Thus, this part actually repeats the meth-
clusters. GFI has been developed in such a way that g8ology part of Ghosh and De (2013). Let us consider a set
minimization leads to minimization of fuzzy intra clusteif samples U ={x |k=1,2,..,n} that are distributed in
distance and maximization of fuzzy inter cluster disclustersC,,C,,...,C.. These clusters have been obtained by
tance. The smaller the value of GFI signifies the betterclustering algorithm.
quality of the clusters.

The effectiveness of the index GFIl has been demon-
strated using two clustering algorithms namklgneans A.1 Gaussian Fuzzy Index (GFI) for cluster validation: We
and Fuzzyc-means on three human cancer datasets, irfow define a cluster validity index, called Gaussian Fuzzy
lung, colon and leukemia. Hence, we have made andex that will demonstrate the goodness of the results
analysis for identifying the important genes from a gensbtained by a clustering algorithm. Gaussian Fuzzy Index
expression data. This concept leads to predict some p@SFl) is defined as
sible cancer-mediating genes for certain human cancers.
The results have been appropriately validated using GFI V.
biochemical pathwaysp-value statistics of enriched 41p E
attributes,t-test and using-score. We have also imple-
mented 19 different cluster validity indices to demonwhereE is given by
strate superior capability of GFI, in identifying cancer-
mediating genes, over the others. It has been shown 0, 2 X!
that GFI is capable of identifying the high quality E A‘mp _
enriched clusters and finding out more number of kij¥al
cancer-mediating genes. kK j

0
alp

Kk Cj &b
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andE defined by A.2 Comparative study of cluster validity indices and selection
1 X | 1 X of possible disease mediating genes: The performance of GFI
Ey,= — K Xp &b is compared with 19 cluster validity indices. This comparison
| k¥al JCKJ Xp C

leads to demonstrating the capability of identifying a set of

good clusters and thereby selecting some possible disease
The term (c; ) represents the membership value indicafmediating genes. For this comparative study, we consider the

ing the degree of belongingness of the centgf ofusterC; ~ following work flow.

to K" clusterC,, and| stands for the number of resulting Step I:Generation of clusters A clustering algorithnC

clusters. The membership function we have considered hé&teapplied on a gene expression data with the different

is of Gaussian type, and is defined as number k for k-means and for fuzzy c-means) of clusters
0 1 as its input. Here we have considered these numbers ranging
¢ o 2 from 2 to 20. It is to be noted that the gene expression
k Cj 1/4exp@ TA oMb profiles for normal and diseased states are considered sepa-

rately, and the number of clusters to be generated in the
diseased state is kept equal to that for normal state.
Herec, and¢ are thek™ andj™ cluster centers respec- Step Il Selection of the besk-value (or c-value) using a
tively. The termL indicates the maximum distance betweefluster validity index: Among these 1%-values (orc-
two objects in the set U (i.e., set of all the data objects). Thy@lues), the bestvalue (orc-value) has been selected based

L is represented by on a cluster validity index. Thus we have got 19 lresdlues
(c-values) corresponding to 19 cluster validity indices, for a
LY max X, Xp &b clustering algorithn€. These bedt-values (orc-values) have
% X0y been selected from gene expression data of normal states.
p p° These besk-values (orc-values) have been obtained by the

It is to be mentioned here that the elements are chosguster validity indices, and will be compared with the corre-
from normed linear space. Similarlyy(x, ) the membership sponding best k-values obtained in Steps Il and IV.

value ofp™ samplex, to k™ clusterC,, is defined as Step It For each k-value (or c-value) and for the
0 1 clustering algorithm C, the following steps are per-
Xp—Ck 2 formed. It is to be mentioned here that we have considkred
Kk Xp Ya exp@ 42A ; wherex, Cg b =2.3,...,20, in Step |, for each clustering algorithm. In this step
k (Step 11I), we consider the sarkevalues as in Step |.
¥20;  otherwise Step .2 Determining corresponding clusters Clus-

ters obtained in Step | using the clustering algorifor a

k-value (orc-value) for both normal and diseased states need

to be matched. Le€™ and C;° be i and " clusters,

obtained by the clustering algorith@& for a k-value (orc-

value), for normal and diseased states respectively. We say
We say that a set of clusters to be good if the inter-clustérat the cluste€™, for normal state, corresponds to cluster

distances are large and intraster distances are small. H&Ee, C;°, for diseased state, ifg{' C,°)| is maximum over

(in equation 3) represents the average fuzzy intra-cluster gist,2,... j,...,k.Without loss of generality, we renumber the

tance over all the clusters. The valueedfes in [0, 1.E=0 cIusteerD asC® so thatC;N corresponds t@;°.

represents the highest averageyuntra-cluster distance over  Step I11.2 Identifying altered gene clusters For both

all the clusters. Itis to be mentioned that siBcan be zero, we normal and diseased states of data, wekggtisters, i.e.,

have added 1 in the denominator of equation 1. On the ott@N,C,N,...,.CN for normal state, and similarly for diseased

hand, the lowest average fuzzy #atluster distance over all the state, the corresponding clusters@®&C.°,...,.C.°. The clus-

clusters is obtained &-=1. Likewise,E (in equation 2) repre- ters of normal state have been compared with the clusters of

sents the average fuzzy distance among the cluster centerdissased state to identify the altered gene sets. We call a gene to

average fuzzy inter-cluster distance. As in the caBeBflies be an altered gene if the gene i€ andeD wherei j.Thus,

in [0, 1]. E =0 indicates the highest fuzzy inter-cluster distanage can write an altered gene Agt -1 ; X(CN GP) for GN,

over all the pairs of clusters. On the other hand, the loweBtus, altered gene sets or altered clustersAj,8y, ..., Ac

average fuzzy inter-cluster diste over all the pairs of clusters , , A are generated from k normal clusters.

corresponds t& =1. Thus, a set of clusters is said to be good if Step I11.3 Scoring an altered gene setn this step, we

the value of GFI is minimum. In other words, lower the value afompare the altered gene sets with an existing pathway

GFl, better is the set of clusters obtained by an algorithm. database. If a gene in an altered gené\sit also included

The term | is the diameter df" clusterC,, and is defined as

k Ya max Xp Xpo o’b
Xp %0 o,
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in a cancer pathway, we call the said genejirnto be a indicates relationships between clustering and annotation,
matched gene. Here, we generate a s@réof the altered relative to a clustering method that randomly assigns genes
gene set. Let the number of matched genes in altered gémelusters. a higherscore indicates a clustering result that
setsAL A, ..., Ac 1, Acbelygly, oo I 1, I respectively. is further from a random one. In order to compare the
Thus, the score fdg, is defined as performance of the clustering algorithms, thiscore is
plotted for clustering results as a function of number of
S 1/4} X |_| 100% 38b clustersk, and to o_le_termine an optimal value for
ko JA Step IV:Determining the bestk-value (or c-value) and
selection of some possible genes mediating certain can-
cers: Let thek-value (orc-value) for whiclg,, Ex and z-
score are maximum bi€s, Ke and Kz respectively. Thus
Ks, Kg and Kz are the besk-values (orc-values) con-
idering the pathway database amdalue statistics of

k

Higher the value of§, better is the matching. In other
words, if §, for a clustering algorithm and cluster validity
index, is high, the index is highly capable of identifyin

genes mediating a cancer provided the said clustering algﬁé enriched attributes armscore respectively. Let the
rlthSm IS IlIJIdeE iched attrib ; itered q best k-value (orc-value) obtained by a cluster validity
tep lll.4:Enriched attributes of an altered gene sein inéiexl be K,. For example, the be&tvalue (orc-value)

this step, we compute the enriched attributes of the alterg lected by Dunn Index (DI) is denoted Ks,. A

gene sets using-value statistics. It is to be noted that only, ,«ia; validity index performs the best if and only if
functional categories with-value 5x10 ° have been con- Ks Ki|=0, Kg K|=0 and Kz K;|=0. Now, after
sidered. Here, we compute a count of enriched attribEjes Lglsectilng t,he tfesk-lvalue (orc—vfiluel) th.e genés in the

for genes in an altered set. Let the_ nhumber of enrlch% rresponding altered gene sets are selected as possible
attributes for the matched genes in altered gene S%t&\es mediating certain cancers
Ar‘]l’AZ' ?krEl '.Akdb?.el’zz' -0 6 1, &cTespectively. Thus, ™ o posticvalues (orc-values) obtained by different
the count foie, Is defined as cluster validity indices (Step Il) for a clustering algorithm
XK are compared with those obtained in Step IV. We say that a
EcY g &op cluster validity indexX, is better than, if
Va1l ) ) ) ) ) )
jKs Kijj b jKe Ki,jp jKz Kij
Higher the value oE,, better is the chance of having < iKs Kijb jKe Kijp jKz Kij &1.0b
common functions of the altered genes. Thus the genes z ’ :
together may be responsible for mediating a cancer.
Step 111.5: zscore: It is based on mutual information  The performance of GFI has been compared extensively
between a clustering result gene annotation dataz-sbere with 19 indices (given in table 2).

Table 2. Various cluster validity indices and the underlying notion

Cluster-Validity Index Underlying notion References

Dunn index (DI) Maximization of the intercluster distances and Dunn 1974
minimization the intracluster distances. A higher
Dunn index indicates better clustering. One of the
drawbacks of using this, is the computational cost
as the number of clusters and dimensionality
of the data increase.

Davis-Bouldin index (DBI) It is the Ratio of the sum of within-cluster Davies and Bouldin 1979
scatter to between-cluster separation.
Silhouette index (SLI) It is based on comparison of its tightness and Rousseeuw 1987

separation. The largest overall average silhouette
indicates the best clustering (number of cluster).
Therefore, the number of cluster with maximum
overall average silhouette width is taken as the
optimal number of the clusters.
C-index (CI) It is based on distances over all pairs of patterns Hubert and Schultz 1976
from the same cluster. Hence a small value
of Cl indicates a good clustering.
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Table 2 (continued)

Cluster-Validity Index Underlying notion References

Goodman Kruskal index (GKI) The Large values of GKI are associated with a Goodman and Kruskal 1954
good partition. Thus, the number of clusters
that maximize the GKI index is taken as the
optimal number of clusters, n. A good partition
is one with many concordant and few
disconcordant quadruples.
Isolation index (II) The technique is based on assertion that neighboring Pauwels and Frederix 1999
instances in feature space often occur in the same
natural cluster. A high value for this measure
indicates well-separated clusters.
Partition Coefficient Index (PCI) Partition Coefficient measures the amount of Bezdek 1974; Trauwaert 1988
eoverlapping" between cluster. It is based on
extent of overlapping between cluster. The
disadvantage of PC is lack of direct connection
to some property of the data themselves. The
optimal number of cluster is at the maximum value.
Classification Entropy Index (CEl) It is based on Fuzzyness of the cluster partition. Bezdek 1974
The values of index close to the upper bound
indicates absence of any clustering structure in
the dataset or inability of the algorithm to extract it.
Partition Index (SCI) It is the ratio of the sum of compactness and Bensaidet al. 1996
separation of the clusters. It is a sum of
individual cluster validity measures normalized t
hrough division by the fuzzy cardinality of each cluster.

Separation Index (Sl) Separation Index uses a minimum-distance Bensaidet al. 1996
separation for partition validity.
Xie and Benis Index (XBI) It represents quantification of the ratio of the total Xie and Beni 1991

variation within clusters and the separation of clusters.
Small values of XBI are expected for compact and
well-separated clusters.

Fukuyama and Sugeno Index (FSI) For compact and well-separated clusters we expect Fukuyama and Sugeno 1989
small values for the index.
Fuzzy Hypervolume Index (FHVI) The index is based on fuzzy covariance of the partitio®ath and Geva 1989

A fuzzy partition can be expected to have a low index
value if the partition is tight. An extremum for this
index would ideally indicate a good partition.
Alternative Dunn Index (ADI) The aim of modifying the original Dimindex was Trauwaert 1988
that the calculation becomes more simple, when the
dissimilarity function between two clusters is rated
in value from beneath by the triangle non equality.
Davés modification of It reduces the monotonic evolution tendency with Dave 1996
the PC index (MPCI) cluster number. The index is equivalent to the
non-fuzziness index
Partition Coefficient and Exponential The index is based on normalized partition coefficient Wu and Yang 2005
Separation Index (PCAESI) and an exponential separation. The small or negative
value of the index indicates that cluster i is not a
well-identified cluster.
Index Based on Akaikes information It includes noise level, number of degrees of freedom, Akaike 1979
criterion (AICI) maximum number of cluster. The smaller the index
value is, the better the clustering performance
for the dataset.

Compose Within and Between The index is based on combination of average scatterinyun and Brereton 2005
scattering Index (CWBI) for clusters with the distance functional. The index
cannot handle properly arbitrary shaped clusters.
PBMF-Index (PBMFI) It is based on fuzzy membership with optimum value Pakhiraet al. 2005

for cluster center (avoidance of monotonicity).
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