International Conference on Applied Information and Communication Technologies (AICT2013), 25.-26. April, 2013, Jelgava, Latvia

Using Fuzzy clustering with bioinformatics data

Madara Gasparovical, Ludmila Aleksejeval, Vladislavs Nazaruks®

! Department of Modelling and Simulation, Institute of Information Technology, Riga Technical University,
Kalku str.1, Riga, LV-1658, Latvia

*Department of Applied Computer Science, Riga Technical University, Kalku str.1, Riga, LV-1658, Latvia
madara.gasparovica@rtu.lv, ludmila.aleksejeva_1@rtu.lv, vladislavs.nazaruks@rtu.lv

Abstract: The article describes a research about fuzzy clustering algorithms, their creation and classification
with the goal to determine the possibilities to use them in bioinformatics data clustering to find the membership
of each record to a class. The study uses sixteen data sets used in previous studies by the authors and other
researchers. Experiments were carried out using fuzzy c-means clustering method. The first section of the article
gives an overview of the historical development of fuzzy clustering algorithms, their classification as well as the
hypothesis that fuzzy clustering algorithms can be used to construct membership functions. The second section
gives the description of the applied algorithm and the sixteen data sets used in the experiments. The third section
gives a summary of the performed experiments and their results. And finally conclusions are drawn about the
use of the algorithms in the clustering of bioinformatics data. The fourth section gives the overall conclusions
and describes the further research directions. It is proven that fuzzy clustering algorithms (including the most
popular — fuzzy c-means) can be used in membership function construction. Therefore fuzzy c-means algorithm
with slight modifications can be used to construct membership functions of separate record attributes.
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Introduction

Fuzzy logic is used in various scopes for problem solving where regular (crisp) algorithms cannot show good
results. Often algorithms are modified adding fuzzy logic to improve their performance. For example, Prism
algorithm (Cendrowska, 1987) was modified into a fuzzy version of itself and called FuzzyPrim (Wang et al.,
1999), Bexa algorithm (Theron et al., 1996) has a fuzzy versions FuzzyBexal (van Zyl et al., 2004a) and
FuzzyBexall (van Zyl et al., 2004 b). Also similar trend is in clustering — algorithm k-means (MacQueen, 1967)
was modified into its fuzzy version Fuzzy c-means (Bezdek, 1981; Klir et al., 1997).

Clustering differs from classification in that most often there is no information about the membership of a record
to a particular class. This information can be obtained by performing analysis to find groups in the data. Cluster
analysis is grouping of objects into clusters in a way that similarity between two objects in one cluster is larger
than similarity of two objects belonging to different clusters. The first fuzzy clustering method was created in
1974 (Dunn, 1974) and soon thereafter new methods were created and improved, which is also happening until
now (e.g., Li et al., 2006; Gadaras et al., 2009; Lu et al., 2012).

This study explores fuzzy c-means (Bezdek, 1981) clustering algorithm. The article studies clustering algorithm
main working principles and presents the applied experiments with 16 real bioinformatics data sets. The main
goal of this study is to determine if the use of fuzzy classification algorithms (fuzzy c-means in particular) could
be perspective in construction of membership functions. It also gives conclusions about clustering results and
proves that the use of clustering can be perspective. It is also confirmed by (Bilgic et al., 1995), who included it
into their research about membership function construction methods and concluding that fuzzy clustering should
be applied to the output data and then projected onto input data, then clusters should be generated and the
variable data of input-output relationships should be chosen. Then the membership functions are formed for the
chosen variables and then the cross-validation is applied to the input data to evaluate the model. The author also
venture a guess that most fuzzy clustering methods use Euclidean norm and the direction for future research
would be to examine the use of other distance metrics (Bilgic et al., 1995).

For an overview research of various fuzzy clustering methods see (Ali et al., 2008), which also offers a
classification of fuzzy clustering methods (Fig.1).

The second section of the article gives a description of the implemented fuzzy clustering methods and the data
sets used in the experiments.
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Fig. 1. Fuzzy clustering algorithms; classification according to Ali. (Ali et al., 2008)

The third section of this work gives a summary of the performed experiments and their results. It also gives
conclusions about the use of algorithms in bioinformatics data clustering.
The fourth section gives overall conclusions and how the research can develop in the future studies.

Materials and methods
Fuzzy c-means clustering method

This study approaches practical analysis of clustering methods using bioinformatics data to evaluate the use of
classical fuzzy clustering methods in the classification of bioinformatics data. Fuzzy c-means (fuzzy version of
k-means) clustering was chosen as one of the top 10 data mining algorithms in the world (Wu et al., 2008).
Therefore one can assume that Fuzzy c-means is one of the most used Top 10 algorithms.

Fuzzy c-means clustering algorithm tries to divide a finite element set X = {x;.....x,} into ¢ cluster sets based
on a particular criterion. If a finite data seti s given the algorithm returns a list of cluster canters V = {v,;...; v}
and a conformity matrix U = {u; ()} |i = 1 ..c;x € X}, where each element u;(x) determines level at which an
element = belongs to cluster c; (Klir et al., 1995; Bezdek, 1981). Usually for each data element its sum of
membership levels to different clusters equals one, meaning that it is normalized:

Vi (Z () = 1)

1
The centroid vy, of each cluster k is calculated as follows:
2 u(x)™x
R Y G
When centroids of all clusters have been calculated the coefficients u(x) that show the membership levels of a
point for each point = can be calculated according to the following formula:

1
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where dla; b is the distance between data points a and k. Often the Euclidean distance is chosen for this:
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m is the parameter of the real number that describes the influence on membership levels (Klir et al., 1995).
Algorithm fuzzy c-means itself is very similar to the rough k-means algorithm and can be described as follows:
1. Choose the number of clusters c.
2. Randomly assign membership coefficients u;(x) for each data point.
3. Repeat until the necessary accuracy is achieved:

a. Calculate centroids v; of all clusters.

b. For each point calculate its membership coefficients u;(x}.
To determine if the algorithm stops because the necessary accuracy e is achieved, in the third step: calculate the
absolute values lduy(x)| of changes of all coefficients wglx! in the last iteration; find the maximum
maxy . |Au, () | of the absolute values and then compare to the accuracy  that was chosen in the beginning of
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the algorithm — if the maximum is not larger than =z, then the desired accuracy has been reached and the
algorithm stops (Klir et al., 1995; Bezdek, 1981).

Used data sets

The study uses 16 popular data sets (Gasparovica et al,. 2012a; Gasparovica et al., 2012b) mentioned in literature
(see Table 1): DLBCL data set (Shipp et al., 2002) - diffuse large B-cell lymphomas (DLBCL) and follicular
lymphomas (FL); GSE2191 - acute myeloid leukemia prognosis after treatment (Yagi et al., 2003); GSE349_350
- breast cancer treatment response (Chang et al., 2003); GSE3726 - breast & colon cancer gene expressions
(Chowdary et al., 2006); GSE89 - bladder cancer gene expressions, (Dyrskjet et al., 2003). GSE2535 - chronic
myeloid leukemia treatment response (Crossman et al., 2005); GSE967- childhood tumors - Ewing's sarcoma
(EWS), embryonal and alveolar rhabdomyosarcoma (eRMS and aRMS) gene expression (Baer et al., 2004);
GSE2685 - diffuse and intestinal gastric cancer gene expressions (Hippo et al., 2002); GSE1577 - lymphoma &
leukemia (T-ALL, T-LL and B-ALL) gene expressions (Raetz et al., 2006); GSE1987 - lung cancer (Dehan et

al., 2007).

Table 1
Used data sets
Genes | Number
Name Diagnostic classes lglfun;ﬁgsr after of
9 FCBFS | samples
DLBCL Diffuse Iarg_e B-cell lymphoma (DLBCL): 58 ex. 2070 74 77
Follicular lymphoma (FL): 19 ex.
GSE2191 (AML Remission (remission): 28 ex. 12625 54 54
prognosis) Relapse (relapse): 26 ex.
GSE349 350 Resistant to docetaxel treatment (resistant): 14 ex.
= — — 12625 2 24
(Breast cancer) Sensitive to docetaxel treatment (sensitive): 10 ex.
GSE3726 (breast Breast cancer (breast): 31 ex. 299283 37 52
& colon cancer) Colon cancer (colon): 21 ex.
GSEB9 (bladd Tumor stage T2-T4 (T2+): 10 ex.
canger{;l e Tumor stage Ta (Ta): 19 ex. 5724 48 40
Tumor stage T1 (T1): 11 ex.
Non-responder to imatinib treatment (Non-
GSE2535 (CML Responder): 12 ex. 12625 33 28
treatment) _
Responder to imatinib treatment (Responder): 16 ex.
GSE967 Ewing's sarcoma (EWS): 11 ex.
(childhood 9945 2 23
tumors) Rhabdomyosarcoma (RMS): 12 ex.
GSE967 Ewing's sarcoma (EWS): 11 ex.
(childhood Embryonal rhabdomyosarcoma (eRMS): 3 ex. 9945 28 23
tumors) Alveolar rhabdomyosarcoma (aRMS): 9 ex.
GSE2685 i Normal gastric tissue (Normal): 8 ex.
cance(r%as re Diffuse gastric tumor (Diffuse): 5 ex. 4522 2 30
Intestinal gastric tumor (Intestinal): 17 ex.
GSE2685 (gastric Normal gastric tissue (Normal): 8 ex. 4522 25 30
cancer) Advanced gastric cancer tissue (Tumor): 22 ex.
GSE1577 T-cell lymphoblastic lymphoma (T-LL): 9 ex.
(lymphoma & T-cell acute lymphoblastic leukemia (T-ALL): 10 15434 2 19
leukemia) py
GSE1577 T-cell lymphoblastic lymphoma (T-LL): 9 ex.
(lymphoma & T-cell acute lymphoblastic leukemia (T-ALL): 10 15434 53 29
leukemia) B-cell acute lymphoblastic leukemia (B-ALL): 10
Squamous cell carcinoma (Squamous): 17 ex.
GSE1987 (lung - - - 0 3
cancer) Adenocarcinoma (Adenocarcinoma): 8 ex. 10541 41 4
Normal lung tissue (Normal): 9 ex.
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Genes | Number

Name Diagnostic classes ’;Ifurzggg after of
g FCBFS | samples
GSE468 Metastatic medulloblastoma (Met): 10 ex.
2 1465 20 23
(medulloblastoma) | Non-metastatic medulloblastoma (NonMet): 13 ex.
GSE?2443 Androgen dependent tumor (dependent): 10 ex. 12627 ) 20

(prostate cancer) Androgen - independent tumor (independent): 10

Medulloblastoma (medulloblastoma): 10 ex.
Malignant glioma (glioma): 10 ex.
Brain tumor Rhabdoid tumor (RhabdoidTu): 10 ex. 7129 67 40
Normal cerebellum (Normal): 4 ex.
Primitive neuroectodermal tumor (PNET): 6 ex.

GSE468 - metastatic (Met) or non-metastatic (NonMet) medulloblastoma gene expressions (MacDonald et al.,
2001); GSE2443 - prostate cancer gene expressions (Best et al., 2005); Braintumor (Pomeroy et al., 2002) -
distinguishes between different embryonal tumors of the central nervous system on the basis of DNA expression
signatures. The popular data sets are provided by University of Ljubljana, Faculty of Computer and Information
Science Bioinformatics Laboratory on their home page (University of Ljubljana, 2012). All popular data sets
characterize gene expression data. The column ‘Genes after FCBFS’ shows the number of genes that were used
in the second series of experiments after applying attribute selection method Fast correlation based filter solution
(Yu at al., 2003; Gasparovica 2012a) to the initial data set.

Fuzzy clustering results and discussion
Difference between clustering and real data

The experiments were carried out in two sessions — the first used data sets reduced with Fast-correlation baser
filter solution attribute selection method (Gasparovica, et al. 2012a), the second used full data sets shown in the
table. Fuzzy c-means experiments were carried out with the following parameters: number of clusters from 2 to
10, £=0.0001 for reduced sets (with FCBFS), and £=0.001 for the full data sets.

Table 2
Difference between the original and the clustering prognosis
Name Number Original Data set
of classes data set with FCBFS
DLBCL 2 0.69 0.57
GSE2191 (AML prognosis) 2 0.59 0.57
GSE349 350 (Breast cancer) 2 0.83 0.79
GSE3726 (breast & colon cancer) 2 0.65 0.65
GSE89 (bladder cancer) 3 0.60 0.83
GSE2535 (CML treatment) 2 0.54 0.79
GSE967 (childhood tumors — 2cl.) 2 0.70 0.70
GSE967 (childhood tumors — 3cl.) 3 0.52 0.48
GSE2685 (gastric cancer -3cl.) 3 * 0.67
GSE2685 (gastric cancer — 2cl.) 2 0.93 0.90
GSE1577 (lymphoma & leukemia — 2cl.) 2 0.84 0.89
GSE1577 (lymphoma & leukemia — 3cl.) 3 0.72 0.97
GSE1987 (lung cancer) 3 ** 0.85
GSE468 (medulloblastoma) 2 0.42 0.74
GSE2443 (prostate cancer) 2 0.70 0.75
Brain tumor 5 *x 0.73

(*) The healthy class is well separated but both cancer classes have the same membership; (**) All classes have the same membership.

Table 2 shows the difference between original class and prognosis for each data set, respectively it shows how
much the defined membership of each record to a specific class corresponds to the real class. Analysis of
clustering results and comparison of C-means algorithm applied to real data sets and to FCBFS data sets, it can
be seen that better results are acquired in the data sets reduced using FCBFS. It can be explained by the fact that
the original data set holds many attributes that require additional computations and consideration of so many
criteria that they are hard to balance.
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Clustering results

To evaluate the clustering results obtained by the fuzzy c-means algorithm, the internal evaluation metric 5,
which is described further, is used.
For degrees of belonging u(x} of each data item x, the standard deviation & is calculated (Weisstein):

=
1 _.
olx) = 4|ERZ=1{H;¢{:] @)

where K is a number of clusters. As the values of u;{x) are normalized, the arithmetic mean u(x) equals to i

[ =
therefore, olx) = ﬂJ'RiEi::l(uk(x] - ﬁ) . The sense of the metric o is the following: for a data item x it equals

to 0 if (and only if) the degrees of belonging of this data item to all clusters are equal (w4 (x) =+ = u,(x)); and
it takes the maximal value, if the data item belongs to one cluster with the degree of 1: w;lx} =1,
vk = Wu,(x) = 0).

To compare the values of = of the same data items independently of different numbers of clusters X, & needs to
be normalized in order to take values in the interval [0;1]. The maximal value of ¢ is

(2

[ 2 2 o
Tomay = _\I'Ri({l - ﬁ) + (&K -1) {U - ﬁ) J = % Therefore, the normalized value of o is o, = -
For all data items x, the metric 5 is defined as the arithmetic average of olx}: 5§ = o(x). It takes the value of 0
(or near it), if the clustering is poor (the data item is not associated with any cluster with a significant certainty),
and the value of 1 (or near it), if the clustering is authoritative (however, not obligatory true); the higher value of
the metric is the better one.

The results of applying the metric 5 to the clustering results obtained by the fuzzy c-means algorithm are showed

on the following two figures (two figures were used in order to improve the appearance of the graphs):
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Fig. 2. Fuzzy c-means results of applying the metric 5.

As one can see, the most common tendency of 5 depending on the number of clusters is to decrease. (The
exception is the Lymphoma leukemia 2cl data set; however, it can be explained with a low (19) number of data
items in the data set.) The maximums on the graphs show the numbers of clusters where the fuzzy c-means
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algorithm can potentially give best results. For example, for the majority of data sets, the potentially best number
of clusters is 2 (except for the Gastric cancer 3cl and Gastric cancer 2cl data sets).

Speaking about the absolute values of the metric, one can conclude that for the Lung cancer, Breast cancer and
CML treatment data sets the fuzzy c-means clustering algorithm cannot give good results; however, for the
Breast & colon cancer, Medulloblastoma, Bladder cancer, Lymphoma leukemia 3cl and Childhood tumor 3kl
data sets this algorithm can potentially give good results. (The word ‘potentially’ here shows that we used the
internal evaluation (not the external one), where known cluster labels were not compared with the clustering
results.)

Iteration and Cluster number experiments

While conducting the experiments it was decided to also study the interactions of number of iterations and the
number of clusters. As it can be seen in Fig.3 precise conclusions cannot be drawn but the data set behaviours
have at least two trends. As it is shown in the upper graph in Fig. 3, the numbers of iterations display sharp
fluctuations when the number of clusters is increased and then the number of iterations returns to the initial state,
and beginning from three clusters the number of iterations for each number of clusters grows. This lets
concluding that there is a number of clusters when the number of iterations increases very sharply. The lower
graph in Fig. 3 shows a different trend — there are several numbers of clusters that have high numbers of
iterations.
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Fig. 3. Iteration and cluster number experiments data sets with FCBFS.
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Fig. 4. Iteration and cluster number experiments original data sets.

If we look at graphs shown in Fig.4 that depict the trends in the original data sets with a slightly lower accuracy,
it can be seen that the number of iterations to reach this accuracy is smaller. But one can see analogical trends in
these data — some data sets have one number of clusters that requires much more iterations, but other show
fluctuations in a small interval.

Conclusion

The use of fuzzy clustering algorithms while determining class membership is perspective because the acquired
membership functions can be used in further research. A question that should be addressed in future is how to
transfer information about the class weights in the process of constructing membership functions for the initial
training data.

The research about the relations between the number of clusters and the number of iterations shows that there are
certain relations but strong conclusions cannot be drawn. To do that there should be additional experimental
research carried out.

Comparison of full and reduced data set clustering results shows that in future studies it is more perspective to
use data sets reduced with FCBFS because the comparative parameters are better than in the full data sets.

The research about other membership function construction methods and algorithms should be continued in
order to improve the shortcomings of fuzzy c- means algorithm.
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