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Abstract=- The microorganism sarnples taken
directly from environment are not easy to
assemble because they contains mixtures of
microorganism. If sampie cornplexity is Hr)' high
and comes from highly diverse environment, the
difficulty of assembling DNA sequences is
increasing since the interspecies chimeras can
happen, To avoid this problem, in this research, we
proposed binning based on cornposition using
unsupcrvised learning. We ernployed trinucleotide
and tetranucleotide frequency as Ieatures and
GSOM algorithm as clustering method. GSOM
was implemented to map featurcs into high
dimension feature space. We tested our method
using small microbial community dataset. The
quality of cluster was evaluated based on the
folIowing parameters topographic error.
quantization error, and error percentage. The
evaluation results show that the best cluster can be
obtained using GSOM and tetranucleotide.

I. INTROOllCTION

METMiENOMICS i~ a study of analyzing high
complexity of rnicrobial community which

allo ws culture - independent [IJ, 12J. As we know.
only I% of microorganism can be cultured by
standard cultivation techniques. The rest should be
taken directly from the environment, narned as
rnetagenome sarnple. This kind of sampie contains
rnixtures of microorganisms. This characteristic
makes assembling process becornes more difficult
because it will yield more interspccics chirneras [5 J.

To solve the problem, we used binning proccss
before or after assembling metagcnome fragmcnts.
Binning is a techniques to classify or cluster organism
based on taxonomy [5]. [6].

There is two binning approach. the first approach is
binning based on hornology such as [3LAST [7). [81
and MEGAN [9). The second one is cornposition
based approach. The composition approach applicd
unsupcrvised learning and supcrviscd learning as a
method and oligonucleotide as an input in the

features spaces. There are ma ny application
developed based on th is approach. Sorne applications
that ernployed unsupervised learning are TETRA
[10), Self Organizing Clustering [II], Self Organizing
Map [12J. and Growing Self Organizing Map [I],
[13]. The ones that used supervised learning are
PhyloPythia [14). Naive Bayessian Classification
[15]. and Phymm [161-

One of researches used GSOM combined with
oligonuclcoude to explore the genorne signatures.
Clear species-specific separation of sequence was
obtained in the > 8 kbp fragrnents test. The fragrnents
were derived from 30 species, which is separated into
3 dataset, 10 spec ies per set [ I].

ln this research. we employed binning based on
composition with unsupervised learning. We proposed
I kbp DNA sequence derived from 18 species. We
reads the fragments uniformly. The previous research
[ I]used long fragments (8 kbp). Using short length (I
kbp) gene a poor performance [5], [17]. In this
research, we will overcorne the Iimitation of using
short fragrnent. The purpose of this research is to
know the performance of GSOM in c1ustering the
mctagcnorne fragrnents with short fragmenl (I kbp
fragrnent lenght).

II. MATERIAL AND METItODS

(jf'(JlI'il1R, Self Organizin Map (GSOM)

GSOM consists of 3 main phase (Figure I). which
wcrc initialization phase. growing phase and.
smoothing phase [18). [19].

Initializotion phase
ln this phase. the algorithm initialize four starting

nodcs. Four starting nodes which were randomly
selectcd from the input dataset. The initialization
nodcs wcre shown in Figure 2.

Next. the global parameter. Growth Threshold (GT)
was calculatcd for the givcn dataset according to the
user requirement. The GT value is defined as :

mailto:marlinda_vasty@yahoo.com.ananta@ipb.ac.id.pudesha@yahoo.co.id


ICACSIS 2013

GT= -D x ln$F)

Where D is dataset dimension, SF is Spread Factor.
SF value was determined by user and SF took the
values between zero and one.
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Grow ing phase is the most important phase in
GSO~l method. bcacausc in this phase thc map would
be set as dynamic to overcornc the lirnitation of static
map structure of SOM. Belo» is the pseudocode of
gw\\ing phase ln performing mctagcnornc fragmcnts
clustcring shown 111Figurc J

Error values is the distance bciwccn thc input and
\\ inncr nodc The growth proccss depcnded on the
growth threshold. Whcn a nodc is nol in the boundarv
uf the network. it cannot gro\\ nc\\ ncighbors duc its
position
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Smoothing phase
ln the final phase. the learning rate and

~~L!~ ~i~~:~~:i~~~:o~w~lght ~cd~s)
:.'.! 1':.1:1. ':::'.'C11

G~t~rr.I'~:~ar'i~q R~:e a'~
:;';'1 ;hr.:·:-l:,:,·:.j ~.i:,;,
:: (\I:~_~-?r i s l1-?t~rT_i~el.."i t r oe.
=t:,rr.~,=,:: i t.l.r:'!1 rra t z 1.X I

o~;,~;\r.;-.. ·..•-~iq~ -:~'-:Cl ,~"1d i t s
:l~i ;h!"~.=~
!:-.l: r a s e -= r =:T i r·:·:1'- ",-i :1:-_-=r

': : ({'-.!~~ = r r .....·r ;.(" ....~ '0": r;:-
(;1"·:' •.; -t_-?- ~.,::_~~

El ~-=
r'l ·o·tr _L1Jo_,_"d ',J'_ ivil.L

l:.~,d i f
:~iti~li:~t~o~ ~ew Lear~~~g Rate
~~.:1 :l-=lqhi:',:rr.·:,,=,,j S:z-=

~ 'l(~ i t
=,.... .. -.::.~ r1t! 1 t.-.l·j "'·_-,rrr,,-,~it :0:1

: 0:; ••••. ~ !"t:--:."':'- • ..:0,; ~1.1·~r':-_"'''

F , .':

ncighborhood parameter would be dccreased. This
parameter changcd in every iteration. When the
minimum level is rcached. the value would be close to
zero.

Comparcd with the prcvious work hy Chan ef al [II,
wc II ed I kbp fragmcnts Icnght in-read of 8 khp
Using short Iragrncnts incrcascd the cornplexity or
clustcrcd rrucroorganisrn and made the project more
difficult. since it nlways caused fragments 10 overlap
and made thcm being mi-taken tn fragrnents
asscmbl ing.

Because of that. in this research \\ e transformcd the
Ieaturcs cxtracuon rcsult to 0 - I values. The data
transtormation was uscd to reducc the data variation
and hclpcd to increase the level of truth.

1II RI \1 I I

The proposcd binning method \\as tested Pil
simulatcd mcragcnomc Iragrncnt gcnerated h~
Meta Sun 120) The <irnulatcd datasct of rnicrobc-
D:"J!\ scqucncc \\ as randomly <arnpled from NC B1
database 1211 ln this research. w c randornly took IR
microbcs. c) mrcrobcs for data trairunu and Q microbc-
for data Ic<;lmg \\ ith I kbp fra!!lllcnt-IcIl!!lh and thcn
clustcrcd into ~ drflcrcnt ph;lulll. f',.,:fl'ol>at'fl·r/.r.
IJUL tcruulct cs, and thl.nnv.Iia«: rcspcctivc ly. Fach <rt

of the gCll(lllle 'cqllcnce \\;\S scparaicd into two order'
(Tf oligollllcleot ide frequcnc ics (trinuc lcotidc and
tctranurlcoudc Irc qucnc y 1 Wc set the Spread Factor



ICACSIS 2013 --- - --_._-------

0.6 for rrinucleoride frequency and 0.8 for
tetranuc Icotidc frequency.

The sirnulated daraset was extracted by koma
frequencies method to get the specific oligonucleotide
frequcncy and to put it in the composition matrix.
After e xtracting. each of the dataset was scaled to
obtain a dataset between zero and one. After scaling.
we separated the data set iruo data training and data
testing (Table I and Table II). We used data training
to obtain the trained model and used data testing to
evaluare the GSOM algorithrn. The flowchart of
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GSOM algorithm for clustcring rnetagenorne
fragments are shown in I·igure 4.

To evaluare the clustering pcrformance. we used
topology prcservation (topographic error). mapping
precision (quantization error) and error perccntage
122J. 1231· Wc also used time parameter to calculate
the efficiency

Quantization error is a common error mcasurernent
that rneasure the averagc distance between each data
vector and its Best Matching Unit (BMU) Definition
of BMU is a a randomly sarnplcd vcctors tha count
the nearcst distance bctw cen vcctors 1:::2J Short ly.
quantization error rncasurc the mapping precission
bctwccn input vccior ii and ncarcst weight vccror
mz;.

qe = 2. ~ Iin - mlill
!YL

.\'
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The expected map is obrained when the value of qe

( s-

--=-T_~
/ C.~wt

~

II~ -t

;' 0""""",, /
LI __ """_"'r(-"r_'_

,.--1-.
{ End )

'---'
:\IlJI~ ~ISproccdurc c lu ....tfrmg rnctagcnornc fr3gllll"nl\

u'Ing (iSOr-l algouihm

1,\111.1. 111
ME !,\(jDJUMI' 1·I{Mi1\lLN 1S M',\I.YSIS V,\LlIE

l nnuclcoudc t ctr anuclcoudc

rl!rxJ~raptll(
() llfl7 (Jn,,(,

error
()uanlllalll>n

1.1\).1 fJ 7~2error
Irror pcrcc ntag c I ~ 7.l". I ~ .lRo.
Func (see) (,00 2880

rcachcd the minimum value.
To rneasure the topology preservation. we use

topographic error. The topographic error considcrcd
the map structure and cxplaincd the correspondcnce-
betwccn input data. lhis error measures the
proportion of all data vcctors for which first and
second B\~U are not adjaccnt vcctors 122J.

.'1

1~ -
Ce = "iiL u(xi)

Where ll(xi) = 1 if ii data vcctor first and second
B\lL:s are adjaccnt and O. othcrwise.

The error pcrccntagc used in this research was
calculatcd based on the rcsult of rnisclassification of
the mctagcnornc fragrncnts data.

From the analysis rcsult (Table 111). wc can see that
both trinuclcotidc and tctranucleotidc gavc a good
rcsults. The error pcrccutagcs were almost the same
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lnn ' frcquenc, usrng (iSOM a
We use 06 SF value to control the neuron growth
stop growing in 28 x 13 map mc

m
Map

with the values of 18, 74°'0 and 1848 ~o for using
trinuclcotidc and tetranucleotidc. rcspcctive ly. This
tcndency was also shown by topology preservation,
Both of oligonucleotide frequcncies gavc the
topographic error of 0_067 for trinucleotidc frequcncy

and 0_066 for tctranucleotide frcqucncy
l lowcvcr both topograhic error rcsult wcre cnough

10 prove that every BMUs in the map gr id was not
adjacent vectors. It show ed that both maps gavc a
quite good map prcservc to clustcring a metagcnomc
fragments.

Morcovcr b~ analyzing their quantization error. wc
can concludc that tctranuclcoridc gavc bener clustcr
than trinuclcotidc. Tctranuclcotidc frcqucncy gave a
ma pp mg prccrsion result of 0,7~~. berter than that of
trinucleotide frequcncy which is I J04, II mcans that
clusters constructed using tctranuc lcotide frcqucncy
feature are more dense, Wc also showcd the rnapping
rcsulrs using trinucleotidc Ircqucncy (Figure ~) and
uS.ing letranuclcotide frcqucncy (Figure 6)

IV, COI"CI.lISIO~

Our method. cornbrrung (jSO~1 and oligo-
nuc lcotide can show 3 good pcrformance in clustcr ing
mctagcnomc fragmcrns ln phylurn level with 5h0r1
fragment (1 kbp) 'l hc rcsults showcd that the
pcrforrnance of clustcring using tctranuc lcoride w as
bener than using trinuclcoridc. The error pcrccntagc
rcsult of using tctra-nuclcoudc is 18 .tRO 0 and the
quantization error \\3S 0 ~72 less than lIsIng tr r-
nuclcotidc \1orc()\ er, the ropographic error IS sl11<1l1.
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