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ABSTRACT Objective: Hard clustering approaches may cause some
of the relationships to be overlooked due to their nature of algorithms
especially in genetic datasets. But hidden relationships can be revealed
by fuzzy approaches. Purpose of this study was evaluating effect of
microRNAs (miRNA) on children with acute lymphoblastic leukaemia
(ALL) by using miRNA expression data obtained from bone marrow
samples with sets containing different numbers of elements of fuzzy C-
means (FCM). Material and Methods: miRNA expression levels of 43
newly diagnosed ALL patients and 14 healthy subjects were analysed
via FCM. Clusters containing different numbers of miRNAs were
evaluated, common properties in messenger RNA (MRNA) pathways
were investigated and new pathways associated with ALL and cancer
were described via miRNA target prediction tools. Results: Significant
miRNA profile was compared to control cases. Only 46 out of 108
miRNAs were found to be significantly upregulated or downregulated.
Of forty six miRNAs: 8 miRNAs were labelled as tumour suppressor
(17.4%), 17 miRNAs were labelled as onco-miR (37.0%) and 21
miRNAs could not be labelled (45.6%) for hematological malignancy.
Fourteen (%30.4) miRNAs were found to be apoptosis-related, 27
miRNAs were in leukemia-related (58.7%) and 15 labelled miRNAs
were related with cancer pathways (32.6%). hsa-miR-181b, hsa-miR-
146a, hsa-miR-155, hsa-miR-181c-5p, hsa-miR-7-1-3p, hsa-miR-708-
5p onco-miRs constituted a set. These miRNAs targeted 801 common
mRNAs (p<0.05). When this sub-cluster was searched in the literature
and miRNA target prediction tools system, it was found to be involved
in cancer-related pathways except ALL. Conclusion: Hidden relation-
ships can be defined by fuzzy approaches and those pathways may pro-
vide guidance to open up new horizons in the field of miRNA studies.
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OZET Amag: Sert kiimeleme yaklasimlar, 6zellikle genetik veri setle-
rinde algoritmalarin dogasi geregi bazi iliskilerin goézden kagmasina
neden olabilmektedir. Ancak gizli iligkiler, bulanik yaklagimlarla ortaya
¢ikarilabilir. Bu ¢aligmanin amaci, mikroRNA’larin (miRNA) akut
lenfoblastik 16semili (ALL) ¢ocuklar iizerindeki etkisini, bulamik C-
ortalamasi (FCM) ile elde edilen ve farkli sayida kiimeleri igeren setlerle
kemik iligi orneklerinden elde edilen miRNA ekspresyon verilerini kul-
lanarak degerlendirmektir. Gere¢ ve Yontemler: Kirk {i¢ yeni tanili
ALL hastasi ve 14 saglikli gocugun miRNA ekspresyon seviyeleri FCM
ile analiz edilmistir. Farkli sayida miRNA igeren kiimeler degerlendiri-
lerek, mesajc1 RNA (mRNA) yolaklarindaki ortak 6zellikler arastirtlmis,
ALL ve kanserle iliskili yeni yolaklar miRNA hedef tahmin araglarryla
tanimlanmugtir. Bulgular: Anlamli miRNA diizeyleri, kontrol vakalary-
la karsilagtirilmigtir. Yiiz sekiz miRNA’dan sadece 46’sinin 6nemli ol-
clide yiiksek regiile veya disiik regiile edildigi bulunmustur. Kirk altt
miRNA’dan, 8 (%17,4) miRNA timoér baskilayici, 17 (%37,0) miRNA
onco-miR olarak tanimlanirken, 21 (%45,6) miRNA hematolojik
malignite i¢in tanimlanamamgtir. Tanimlanan 14 (%30,4) miRNA
apoptozla iliskili, 27 (%58,7) miRNA 16semi ile iliskili ve 15 (%32,6)
miRNA kanser yolaklan ile iliskili saptanmstir. hsa-miR-181b, hsa-
miR-146a, hsa-miR-155, hsa-miR-181c-5p, hsa-miR-7-1-3p, hsa-miR-
708-5p onko-miR’leri bir kiime olusturmaktadir. Bu miRNA’lar, 801
ortak mRNA’y1 hedeflemistir (p<0,05). Literatiirde ve miRNA hedef
tahmin araglar1 sisteminde, bu alt kiime iliskisi arastirildiginda, ALL
disindaki kansere bagl yolaklarda rol oynadiklari gériilmiistiir. Sonug:
Gizli iliskiler bulanik yaklasimlarla tanimlanabilir ve bu yolaklar,
miRNA ¢alismalart alaninda yeni ufuklar agmak i¢in rehberlik saglaya-
bilir.
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The development of microarray technology increased the capability of creating large amounts of gene
expression data in recent years. Microarray studies are used to measure the expression profiles of the genes
of an organism at a specific time or to genotype multiple regions of DNA by using thousands of probes
complementary to the unknown sequences thus allowing parallel analysis for gene expression and gene dis-
covery on an immobilized solid support. Large data are obtained as a result of microarray studies. It is possi-
ble to provide important information from these data sets by analysing them with advanced statistical meth-
ods such as machine learning and bioinformatics analysis.*

Clustering is a combination of statistical and algorithmic techniques for partitioning genes into groups,
and it is often used to identify similar genes based on their expression patterns. In the classical approaches, a
classical set is defined by exact boundaries. Generally, the performances of clustering algorithms decrease
the possibility of overlapping among clusters on a complex structured data set. In such scenarios several ob-
servations have significant belongingness to more than one cluster, creating complexity regarding the overall
cluster assignments. Therefore, classical approaches are insufficient to reveal hidden structures from the
complex data sets. This can be achieved by clustering techniques from machine learning literature.

Hard clustering methods assign the sample point to a specific cluster whereas fuzzy clustering methods
give a probability of assignment to all clusters. Using hard clustering techniques lead to incorrect labelling
when there are no apparent clear groupings in the data set.?

Problems mentioned earlier for hard clustering techniques can be solved by fuzzy clustering methods.
Among fuzzy based clustering methodologies, fuzzy C-means (FCM) algorithm is the most reliable and suit-
able choice for microarray gene expression data analysis.> The FCM algorithm allows that one object can
belong to more than one partition (cluster) and hidden relations can be lightened by the fuzzy methods.*

ROLE OF MicroRNAs IN THE GENOME

MicroRNAs (miRNA) are small, highly conserved non-coding RNA molecules involved in the regulation of
gene expression.> miRNAs control the expression of thousands of target messenger RNA (mRNAS), with
each mRNAs believed to be targeted by multiple microRNAs.2 Many studies have shown that miRNAs have
a critical effect on cellular events such as differentiation, proliferation and apoptosis in haematopoiesis.
miRNAs can exhibit both oncogenic and tumour suppressive properties depending on the mRNAs which
they are targeting. Decrease of expression level of tumour suppressor miRNAs lead to an increase in onco-
genic expression level, thereby causing tumour formation.” In contrast to tumour suppressor miRNAs, onco-
genic miRNAs generally act in an uncontrolled growth promoter and/or apoptotic pathway. There are also
many miRNAs whose role and associations with mMRNAs have not yet been identified.

Studies are continued to provide information on the disease's clinical status or response to treatment and
distinguish similar tumours by comparing gene expression profiles of different tumours. To be able to prac-
tice the treatment methods related with miRNAs, their effects on cellular events need to be well described.
New research findings are needed to overcome these uncertainties.”2 However, this type of research re-
quires high costs. It is also important to make statistical analysis appropriate to the data in terms of uncover-
ing hidden relationships in data and reducing costs. Therefore, fuzzy clustering approaches have become
even more popular in recent years.

FUZZY C-MEANS CLUSTERING

Different clustering algorithms have been applied to gene expression data sets such as k-means, hierarchical
clustering, partitioning around medoids and self-organizing map algorithms. However, in hard clustering
techniques, one gene belongs to only one cluster. This principle leads to some limitations for studying mi-
croarray data in spite of its plausibility in many fields of clustering analysis.**

Gene regulation is not a linear one-to-one process and genes can participate in different genetic net-
works and are frequently coordinated by a variety of regulatory mechanisms. Therefore, it is expected that
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single genes can belong to more than one cluster.2% The most widely applied fuzzy clustering method is the

FCM algorithm. The FCM algorithm is an extension of the traditional hard k-means clustering algorithm by
allowing one object belongs to more than one cluster.*

FCM works by assigning membership to each data point corresponding to each set center based on the
distance between the cluster center and the data point. The centers of the clusters are computed based on the
degree of memberships of objects. The more the data is near to the cluster center, the more its membership
towards the particular cluster center and summation of membership of each data point should be equal to
one. For a given gene, an index closes to 1 indicates a stronger association to the cluster.

After each iteration membership and cluster, the centers are updated according to the below formula:

Partition matrix, U = [uij],i=1,2,...candj=1,2,..., N are constructed
. 1
v ¥ 1(”Xl 1”
=™
o = fllu] - Xj
e {\I=1 ui}“

where, N is the number of points, m |s real number -greater than 1, ujj’ is the degree of freedom of
membership of x; in the cluster, j, x; is the i" of d-dimensional measured data, ¢j is the d-dimensional center

of the cluster and ||... || is the norm of similarity between any measured data center. This algorithm is based
on minimization of the following objective function:

N c
2
=D D k=
i=1 j=1

where, ||x; — ¢;|| is the Euclidean distance between i" data and j" cluster center (2<c< N). Iteration will

(k+1) (k) } <e

stop when we obtain, max;; {| i

where ¢ is a termination criterion between 0 and 1, whereas k are the iteration steps. This procedure
converges to a local minimum or a saddle point of J;, (Figure 1).
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k-means membership degree. Fuzzy C means membership degree.

FIGURE 1: Membership degrees for classic and fuzzy clustering.
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I OBJECTIVES

In this study, miRNA expression levels of a study conducted by Duyu et al. and supported by TUBITAK
were used. They aimed to identify the relevant miRNAs in the diagnosis of childhood acute lymphoblastic
leukemia (ALL) and to evaluate the effects on disease pathogenesis.*®

The purpose of this study was to evaluate the effect of microRNAs on children with ALL by using mi-
croRNA expression data obtained from bone marrow samples with sets containing different numbers of ele-
ments of FCM algorithms and to predict genes involved in the same pathways.

I MATERIAL AND METHODS
DATASET

In this study, we have analyzed miRNA expression levels of 43 newly diagnosed ALL patients and 14
healthy control subjects. The ages of the patients were between newborns and 18-year olds. They were se-
lected from the newly diagnosed ALL patients in Ege University, Department of Pediatric Hematology and
Department of Pediatric Oncology, Dokuz Eylul University, Department of Hematology, Dr. Behcet Uz
Children's Oncology Hospital and Hematology Clinic. Individuals in the control group were selected from
the same centers with normal bone marrow aspiration results.®

ETHICAL APPROVAL AND DECLARATION OF HELSINKI PRINCIPLES

Board of Ethical Committee of Ege University approved the study design before starting the study (decision
no: 16-6/18). This research was conducted in accordance with the Declaration of Helsinki principles.

STATISTICAL ANALYSIS

This study has focused on evaluating the effect of miRNAs on children with ALL by using miRNA expression
data obtained from bone marrow samples with sets containing different numbers of elements of FCM algo-
rithms. This data set contains expression levels of 1,078 miRNAs of 43 ALL and 14 control cases.® Microarray
data sets were formatted in a high dimensional matrix. Gene selection was done before fuzzy clustering because
of the noisy data structure. Genes associated with ALL were selected according to the gene expression level
changes (such as using 2-fold expression change as cut off). We tried to eliminate the effect of imbalance be-
tween the ALL and healthy groups by selecting genes that are up or down-regulated due to a significant 2-fold
expression change. Therefore, the effect of imbalanced class distribution was decreased on the clustering analy-
sis. Student’s t-test was used to compare the differences in serum miRNA concentrations between the study
(ALL) and control groups. Only 46 out of 108 miRNAs were found to be significantly upregulated or downregu-
lated. Statistical significance was defined as p<0.05 for all comparisons. FCM clustering was performed -€1071
package- for 46 miRNAs by using R Project for Statistical Computing (http://www.R-project.org/). Number of
fuzzy clusters was named as 2, 3, 4, 5 and 6 clusters which were obtained via FCM algorithm. Each sub-group
was evaluated to identify their characteristics and relationships with each other by using miRNA prediction
tools. Also, infrequent miRNAs in subsets were not excluded from the analysis due to their clinical significance.
miRNAs in each cluster were loaded to databases such as Kyoto Encyclopedia of Genes and Genomes (KEGG),
Online Mendelian Inheritance in Man (OMIM), miRWalk, and TargetScan to find a common effect on mRNAs.
The number of mMRNAs in which miRNAs have common effects is presented as support vector regression
(mirSVR) score <0.05 (p<0.05 indicates significance level), as indicated in the system query.’

TARGET PREDICTION TOOLS

miRWalk

miRWalk is an open-source platform providing predicted data obtained with a machine learning algorithm
including experimentally verified miRNA-target interactions.*®
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Kyoto Encyclopedia of Genes and Genomes

KEGG is an integrated database resource consisting of eighteen databases for understanding high-level func-
tions and utilities of the biological system: Cell, the organism, and the ecosystem, from genomic and mo-
lecular-level information.*

Online Mendelian Inheritance in Man

OMIM is an exhaustive catalogue of human genes and genetic disorders and traits, with a particular focus on
the gene-phenotype relations that is updated daily and free. 2

TargetScan

TargetScan predicts biological targets of miRNAs by searching for the presence of sites that match the seed
region of each miRNA and provides accurate rankings of the predicted targets for each miRNA.2

I RESULTS

According to the results of FCM for 46 miRNAs: 8 miRNAs were labelled as tumour suppressor (17.4%), 17
mMiRNAs were labelled as onco-miR (37.0%) and 21 miRNAs could not be labelled (45.6%) for hematologi-
cal malignancy. Fourteen (30.4%) miRNAs were in apoptosis-related pathways, 27 miRNAs were in leuke-
mia-related pathways (58.7%) and 15 labelled miRNAs were related with cancer pathways (32.6%) (Table
1).

When 46 miRNAs were splitted into two clusters via FCM algorithm, hsa-miR-181a, hsa-miR-195, hsa-
miR-146a and hsa-miR-128 onco-miRs were grouped in the first cluster. MiRNAs constituting the first clus-
ter were reported to target 1,613 transcripts (p<0.05). However, there was no evidence that this structure ex-
isted in common transcripts and associated pathways identified in ALL.""™® The second cluster contained 13
onco-miRs, 8 tumor suppressor-miRs and 21 unidentified miRNAs. This set did not exist in known ALL
pathways as well.

When the subsets obtained as a result of triple clustering were evaluated; hsa-miR-181a-5p, hsa-miR-
195-5p and hsa-miR-128-3p onco-miRs were included in the first cluster. These three miRNAs seemed to
target 2795 mRNAs (p<0.05).12 Among these miRNAs, ALL-related transcripts could not be identi-
fied.222% Similarly, no information was found that this structure was involved in common transcripts and
pathways associated with ALL.*2® Hsa-miR-181b, hsa-miR-146a, hsa-miR-155, hsa-miR-181c-5p, hsa-
miR-7-1-3p, hsa-miR-708-5p onco-miRs constituted the second cluster. These miRNAs targeted 801
common mRNAs (p<0.05).2” When this sub-cluster was searched in the literature and miRNA target pre-
diction tools system, it was found to be involved in cancer-related pathways except ALL.2*2% The third
cluster contained 8 onco-miRs and 8 tumor suppressor-miRs and 21 unidentified miRNAs. Although those
miRNAs targeted common transcripts, there was no information about their association with ALL path-
ways.

When the FCM clustering algorithm was applied and the structure was splitted into 4 subgroups, hsa-
miR-181a was clustered in the first cluster and hsa-miR-195 was in the second sub-cluster. miRNAs were
searched by miRNA-target prediction tools; hsa-miR-181a was found to be involved in cancer-related path-
ways and hsa-miR-195 was involved in leukemia-related pathways. Hsa-miR-181b, hsa-miR-146a, hsa-miR-
155, hsa-miR-1322, hsa-miR-128, hsa-miR-181c, hsa-miR-7-1" and hsa-miR-708 constituted the third clus-
ter and they were targeted to 461 common mRNAs. There was no ALL-associated transcript targeted by all
those 8 MiRNAs.22% |n the fourth cluster, there were 36 miRNAs, in which eight were identified as onco-
miRs and eight were tumour suppressor-miRNAs. No transcript was identified which allowed them to be
distinguished in common.
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TABLE 1: Characteristics of microRNAs.

miRNA ‘ Characteristics Apoptosis Leukemia Pathways
hsa-miR-181a OncomiR X X Cancer pathways
hsa-miR-146a OncomiR X X X
hsa-miR-195 OncomiR X Leukemia X
hsa-miR-181b OncomiR X X Cancer pathways
hsa-miR-155 OncomiR Apoptosis Leukemia X
hsa-miR-181a* OncomiR X X Cancer pathways
hsa-miR-181c OncomiR X Leukemia X
hsa-miR-7-1* OncomiR X Leukemia X
hsa-miR-708 OncomiR X X X
hsa-miR-1,322 X Apoptosis Leukemia X
hsa-miR-297 X X Leukemia X
hsa-miR-185 X X Leukemia X
hsa-miR-128 OncomiR Apoptosis Leukemia X
hsa-miR-145 Tumour supressor-miRNA X Leukemia X
hsa-miR-1,323 OncomiR X Leukemia X
hsa-let-7b OncomiR X Leukemia X
hsa-miR-4,312 X X Leukemia X
hsa-miR-369-3p X X X X
hsa-miR-181a-2* X X X Cancer pathways
hsa-miR-548i OncomiR X Leukemia Cancer pathways
hsa-miR-3,173 OncomiR Apoptosis Leukemia Cancer pathways
hsa-miR-640 Tumoursupressor-miRNA Apoptosis X Cancer pathways
hsa-miR-181d OncomiR Apoptosis Leukemia Cancer pathways
hsa-miR-769-3p X Apoptosis Leukemia X
hsa-miR-147b Tumoursupressor-miRNA X X X
hsa-miR-1,284 Tumoursupressor-miRNA X X X
hsa-miR-580 Tumoursupressor-miRNA Apoptosis X X
hsa-miR-3,174 X Apoptosis Leukemia X
hsa-miR-924 X Apoptosis Leukemia Cancer pathways
hsa-miR-199b-5p tumoursupressor-miRNA X Leukemia X
hsa-miR-606 tumoursupressor-miRNA X X Cancer pathways
hsa-miR-2,115 X X Leukemia X
hsa-miR-27a tumoursupressor-miRNA X Leukemia X
hsa-miR-29b-1* X Apoptosis X Cancer pathways
hsa-miR-3,115 X X X X
hsa-miR-3,121 OncomiR X X X
hsa-miR-3,140 OncomiR Apoptosis X Cancer pathways
hsa-miR-337-3p X X X Cancer pathways
hsa-miR-4,320 X X Leukemia X
hsa-miR-548w X X X X
hsa-miR-105 X Apoptosis Leukemia X
hsa-miR-1,178 X X Leukemia Cancer pathways
hsa-miR-92a-1" X X Leukemia X
hsa-miR-1,321 X X Leukemia Cancer pathways
hsa-miR-1,179 X X X X
hsa-miR-1,265 X Apoptosis Leukemia X

miRNA: MicroRNA.
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When all the samples were splitted into five clusters; hsa-miR-181a alone constituted the first cluster.
hsa-miR-195 and hsa-miR-128 were found to co-target the lymphoblastic leukemia 1 (LYLZ1) transcript vali-
dated for ALL.**%® Moreover, this structure, which had a common role in leukocyte receptor signalling and
leukemia pathways, constituted the second cluster.*®% In the cluster of hsa-miR-181b, hsa-miR-146a, hsa-
miR-155, hsa-miR-181c and hsa-miR-7-1", miRNAs that exhibited oncomiR properties were aggregated to-
gether. This structure appeared to be involved in pathways associated with leukemia. hsa-miR-181a’, hsa-
miR-1322, hsa-miR-297, hsa-miR-708 constituted the fourth cluster. These miRNAs had a common tran-
script validated in cancer pathways. In the fifth cluster, 34 miRNAs were existing and none of them were in-
volved in any known pathway associated with ALL.

In the last clustering phase, the structure was splitted into 6 sub-clusters. The first sub-cluster contained
2 miRNAs which were oncomiRs and had 3,545 common targets (mMRNASs). hsa-miR-181a and hsa-miR-
146a miRNAs in the cluster were associated with cancer pathways (exp. gastric cancer, papillary thyroid
carcinoma). On the other hand, this set was not existing in the known ALL pathways. The second cluster
contained miR-195-5p which had been identified as oncomiR and effected 8,843 mRNAs. This miRNA was
associated with ALL pathways.

The third set contained 6 miRNAs which acted as oncomiR and they had effects on 219 mRNAs. When
they were searched in miRNA target prediction tools (KEGG, OMIM, miRWalk, TargetScan), it was de-
tected that miRNAs were involved in cancer-related pathways. However, this set was not existing in known
ALL pathways. The fourth cluster included 3 miRNAs which had unknown characteristics and effected
1,498 mRNAs which were involved in cancer-related pathways.

The fifth cluster contained only one miRNA which had been characterized as oncomiR. It effected
8,711 mRNAs and was related with ALL pathways. The sixth cluster had 33 miRNAs and their
effects were observed on 5 mRNAs. Eight of them were specified as tumour suppressor, 7 of them were
oncomiR and the others were unspecified. When searched in miRNA target prediction tools (KEGG,
OMIM, miRWalk, TargetScan), those miRNAs were not existing in known ALL pathways (Table 2),
(Figure 2).

Means of expression levels of clusters were presented in Table 3. The minimum and maximum number
of clusters were determined according to the clinical experience of the physicians. Since some clusters con-
tained single miRNAs, the inter-cluster means were not compared.

I DISCUSSION

One of the first discovered oncogenic miRNAs is miR-155 and target mMRNA of miR-155 has not been fully
identified. Expression level of miR-155 has been found to be high in Hodgkin's lymphoma, lung, breast, and
pancreatic cancers.”% The interaction of hsa-miR 146a-5p targeting 5448 mRNAs, especially the NUP214
gene, with the Coding Domain Sequence (CDS) region is closely associated with ALL.22% hsa-miR-181a is
a member of the miR-181 family and regulates 7024 mRNAs. 22 miR-181 family plays a role in leukocyte
differentiation, maturation, and function.22 However, miR-181a-5p has been found to provide tumour-
suppressing function in various types of cancers by providing multiple critical gene regulations.?“%2 In rela-
tion to ALL, it has been shown that miR-181a-5p may interact with CDS, Rhombotin (LMO)-1 and pre-B-
cell leukemia homeobox 1 (PBX1) 5 5 untranslated (UTR) region regions of the LMO2 gene.**% hsa-miR-
195 is a member of the mir-15 precursor family.2t There are many studies indicating that this family is asso-
ciated with the development of leukemia, especially chronic lymphoblastic leukemia (CLL).** Although
the expression level of hsa-miR-195-5p, which is a tumour -suppressive miRNA, has been shown to de-
crease in different types of cancers, it has been reported that its expression level increases in ALL and
CLL 38 hsa-miR-195-5p regulates 6,985 mRNAs and among them, especially the regulation of the 5’UTR
region of the LYL1 gene plays a role in the pathogenesis of ALL.2“2® hsa-miR-181b is a member of the miR-
181 family and targets 7,187 mRNAs.* The interaction of LMO2 gene with CDS, LMO1 and PBX1
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TABLE 2: Evaluation of miRNAs via fuzzy C means algorithm and common targeted mRNAs.

miRNA Cluster | Cluster | Cluster | Cluster | Cluster Cluster 6 Nun.1ber of Count of targeted | mirSVR score
2 3 4 5 6 miRNA common mRNA p value

hsa-miR-181a 1 1 1 1 1 Group 1 2 3,545 <0.001

hsa-miR-195 1 1 2 2 2 Group 2 1 8,843 <0.001

hsa-miR-181b 2 2 3 3 3 Group 3 3 1,498 <0.001

hsa-miR-146a 1 2 3 3 1 Group 4 6 219 <0.001

hsa-miR-155 2 2 3 3 3 Group 5 1 8,711 <0.001

hsa-miR-145 2 3 4 5 6 Group 6 33 5 <0.001

hsa-miR-181a* 2 3 4 4 3

hsa-miR-1,322 2 3 3 4 4 Cluster 5 N‘r’n"i‘gﬁi\“ cc‘:)‘:‘"‘:n‘;f;":; %‘:id m"ﬁ‘\’,':lzzm

hsa-miR-1,323 2 3 4 5 6 Group 1 1 7,847 <0.001

hsa-let-7b 2 3 4 5 6 Group 2 2 4912 <0.001

hsa-miR-4,312 2 3 4 5 6 Group 3 5 801 <0.001

hsa-miR-369-3p 2 3 4 5 6 Group 4 4 232 <0.001

hsa-miR-181a-2* 2 3 4 5 6 Group 5 34 5 <0.001

hsa-miR-548i 2 3 4 5 6

hsa-miR-128 1 1 3 2 5 Cluster 4 N‘r’n"i‘:ﬁ;“ cc‘;‘:::]‘::ﬁ; e m"ﬁ“',':lzzm

hsa-miR-3,173 2 3 4 5 6 Group 1 1 8,843 <0.001

hsa-miR-640 2 3 4 5 6 Group 2 1 7,847 <0.001

hsa-miR-181d 2 3 4 5 6 Group 3 8 461 <0.001

hsa-miR-181c 2 2 3 3 3 Group 4 36 2 <0.001

hsa-miR-7-1* 2 2 3 3 3

hsa-miR-769-3p 2 3 4 5 6 Cluster3 | Number of cc‘:,‘:::n‘:: e m"ﬁ“',':lzzm

hsa-miR-147b 2 3 4 5 6 Group 1 3 2,795 <0.001

hsa-miR-1,284 2 3 4 5 6 Group 2 6 801 <0.001

hsa-miR-580 2 3 4 5 6 Group 3 37 1 <0.001

hsa-miR-3,174 2 3 4 5 6

hsa-miR-924 2 3 4 5 6 Clusterz | Numperof | Countof targeted m"?(,::gore

hsa-miR-199b-5p 2 3 4 5 6 Group 1 4 1,613 <0.001

hsa-miR-606 2 3 4 5 6 Group 2 42 " "

hsa-miR-297 2 3 4 4 4

hsa-miR-708 2 2 3 4 3

hsa-miR-2,115 2 3 4 5 6

hsa-miR-27a 2 3 4 5 6

hsa-miR-29b-1* 2 3 4 5 6

hsa-miR-3,115 2 3 4 5 6

hsa-miR-3,121 2 3 4 5 6

hsa-miR-3,140 2 3 4 5 6

hsa-miR-337-3p 2 3 4 5 6

hsa-miR-4,320 2 3 4 5 6

hsa-miR-548w 2 3 4 5 6

hsa-miR-105 2 3 4 5 6

hsa-miR-1,178 2 3 4 5 6

hsa-miR-92a-1* 2 3 4 5 6

hsa-miR-1,321 2 3 4 5 6

hsa-miR-185 2 3 4 5 4

hsa-miR-1,179 2 3 4 5 6

hsa-miR-1,265 2 3 4 5 6

miRNA: MicroRNA; mRNA; Messenger RNA; p<0.05 Significance level; mirSVR: micro RNA support vector regression.
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FIGURE 2. Evaluation of microRNAs via fuzzy C means algorithm.
TABLE 3: Means of expression levels by clusters.
Number of cluster Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
2 1,727.83 132.1179
3 1,925.197 659.2461 89.16972
4 1,810.676 2,251.429 728.0981 89.22914
5 1,810.676 1,982.457 659.2461 384.0192 104.6585
6 1,473.202 2,251.429 491.2408 310.9066 1,713.485 50.5693
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genes with 5 *UTR regions (same as miR-181a-5p) has been reported to be associated with ALL.*2% Al-
though upregulation of hsa-miR-181b in solid tumours is involved in the induction of apoptosis, it has been
reported that it may show oncogenic properties for ALL.2%4

The effects of miRNAs with different mechanisms in similar malignancies on ALL have not been fully
elucidated. All the miRNAs which have different mechanisms and similar malignancies have not been iden-
tified for acute lymphoblastic leukemia (ALL) yet. Hard clustering approaches will cause erroneous evalua-
tions due to unidentified miRNASs. In this study, miRNAs were clustered according to the expression levels
by FCM algorithm which allowed us to obtain clusters involving common miRNAs. Some of these clusters
were located in known pathways associated with ALL, but some of them could not be identified. The inves-
tigation of miRNAs obtained from the fuzzy approach and found in common subsets in new genetic studies
is important to reveal new disease relationships. For instance, hsa-miR-1322 is a miRNA belongs to the
miR-1,322 family, which has an oncogenic feature in oesophageal cancer, and it targets 5,265 mRNAs. hsa-
miR-297 belongs to the miR-297 family and targets 4,662 mRNAs.% Nevertheless, there is no reference to
show the relationship of this miRNA with leukemia. hsa-miR-185 belongs to mir-185 family and targets
6,938 MRNAs.'"?" 3’UTR regions of nibrin and Transcription Factor 3 genes; coding sequence (CDS) of
the LYL1 gene, potential mating of the TAL1 gene to the 5’UTR region has been associated with ALL %%
However, there are no studies showing the association of this miRNA with ALL in the literature as well.

As the number of clusters increases in genetic data, it is difficult to capture the biological similarities.
Because the relationships between miRNAs are not linear. Similar miRNA groups are assigned to different
clusters as the number of clusters increases (due to small expression differences). Therefore, the number of
clusters in our study was limited to a maximum of 6.

Mean expression level of miRNAs by clusters have been reported on Table 3. These numbers indicate
the performance of FCM on partitioning process. When evaluating different clusters obtained through the
algorithm, regardless of selected sample and cluster size, we have found that tumour suppressor miRNAs
were always together, particularly, in the most populated clusters. We can deduct from this study that this
method has the potential to collect all the tumour suppressors in the same cluster.

I CONCLUSION

The use of clustering techniques has increased due to the difficulties encountered in the complexity of bio-
logical networks, the volume of genes present and challenges of comprehending and interpretation the result-
ing the mass of data. Classical clustering approaches may cause some of the relationships to be overlooked
due to their nature of algorithms. Hard clustering approaches, especially in genetic data, will lead researchers
to make incorrect evaluations. Therefore, hidden relationships can be revealed by fuzzy approaches.

In conclusion, according to our study’s results, new correlations between miRNAs and mRNAs associ-
ated with ALL via the results from the data obtained from the use of this algorithm can be revealed. Poten-
tial new pathways may provide guidance to open up new horizons for miRNA studies.
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