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Weighted Ensemble Clustering for Increasing the Accuracy
of the Final Clustering

Sedigheh Vahidi Ferdosi & Hossein Amirkhani”
Computer Engineering and Information Technology, University of Qom, Qom, Iran

Abstract

Clustering algorithms are highly dependent on different factors such as the number of clusters, the specific
clustering algorithm, and the used distance measure. Inspired from ensemble classification, one approach to
reduce the effect of these factors on the final clustering is ensemble clustering. Since weighting the base
classifiers has been a successful idea in ensemble classification, in this paper we propose a method to use
weighting in the ensemble clustering problem. The accuracies of base clusterings are estimated using an
algorithm from crowdsourcing literature called agreement/disagreement method (AD). This method exploits
the agreements or disagreements between different labelers for estimating their accuracies. It assumes
different labelers have labeled a set of samples, so each two persons have an agreement ratio in their labeled
samples. Under some independence assumptions, there is a closed-form formula for the agreement ratio
between two labelers based on their accuracies. The AD method estimates the labelers’ accuracies by
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minimizing the difference between the paramctric agreement ratio from the closed-form formula and the
agreement ratio from the labels provided by labelers. To adapt the AD method to the clustering problem, an
agreement between two clusterings are defined as having the same opinion about a pair of samples. This
agreement can be as cither being in the same cluster or being in different clusters. In other words, if two
clusterings agree that two samples should be in the same or different clusters, this is considered as an
agreement. Then, an optimization problem is solved to obtain the base clusterings’ accuracies such that the
difference between their available agreement ratios and the expected agreements based on their accuracies
is minimized. To generate the base clusterings, we use four different settings including different clustering
algorithms, different distance measures, distributed features, and different number of clusters. The used
clustering algorithms are mean shift, k-means, mini-batch k-means, affinity propagation, DBSCAN,
spectral, BIRCH, and agglomerative clustering with average and ward metrics. For distance measures, we
use correlation, city block, cosine, and Euclidean measures. In distributed features setting, the k-means
algorithm is performed for 40%, 50%...., and 100% of randomly selected features. Finally, for different
number of clusters, we run the k-means algorithm by k equals to 2 and also 50%, 75%, 100%, 150%, and
200% of true number of clusters. We add the estimated weights by the AD algorithm to two famous
ensemble clustering methods, i.e., Cluster-based Similarity Partitioning Algorithm (CSPA) and Hyper
Graph Partitioning Algorithm (HGPA). In CSPA, the similarity matrix is computed by taking a weighted
average of the opinions of different clusterings. In HGPA, we propose to weight the hyperedges by different
values such as the estimated clustering accuracies, size of clusters, and the silhouette of clusterings. The
experiments are performed on 13 real and artificial datasets. The reported evaluation measures include
adjusted rand index, Fowlkes-Mallows, mutual index, adjusted mutual index, normalized mutual index,
homogeneity, completeness, v-measure, and purity. The results show that in the majority of cases, the
proposed weighted-based method outperforms the unweighted ensemble clustering. In addition, the
weighting is more effective in improving the HGPA algorithm than CSPA. For different weighting methods
proposed for HGPA algorithm, the best average results are obtained when we use the accuracies estimated
by the AD method to weight the hyperedges, and the worst results are obtained when using the normalized
silhouette measure for weighting. Finally, among different methods for generating base clusterings, the best
results in weighted HGPA are obtained when we use different clustering algorithms to come up with
different base clusterings.

Keywords: Weighted Ensemble Clustering, Unsupervised Learning, HGPA, CSPA, AD

iyl OBl @S o)lal T a4l &5 bles doddio —)
o o5 &%um e slegazo o )o a5 055 oo aiS cun b o Ngunatys
DI sezs Wil e gelonley sl oo 2l
=l Glp ol o Lo ogd eiores
Suse 00 kB NI me e el cse (gunalss
2] s a3 2 Jsine (glazeis po (B9, Cn e
e, el el oline mls
doools 51 GLSy dsserme 59, n Alike gunals>
it | Dglite laiz Ll 5l plaS e 55,05 5l S
ksl (Jlowl ganadss G3gip sy Sul
Sl plpedle ol adle JSCi | lagganassys
2B Sl 5058 sbayielly mebas el by )6l
Jods |y gaiddsd CoinS S allas o) 5 wites
o, 8les o5 Cunl (50)l50 3l 5 eols SYL byl o5l oo
oaedS Gl 4 Sloj Sz S ) sanadys

G Sy wlss pb 4 glbbasseren; a4 LA
Ls dand ;K00S0 4 ads3 o glacl @S5 5ba taisd o
o 80 laze (s sl bhadss Koo slas)
loosls @ylli ygd (Ginog,S < (SALALLS 4 S Ay
5 og,S (8l g Wlgige ooy wuTE (nl
[1] 0gi Lasals jo glasbinl gla g

Wojs> 5l gk ;o (suiadig> 5l ooliul 059 el
@k oy G (mile $ 53k (Sslosls eaen
bl T3 4y 5y 0,0 5 el 5 Lansis wledL
L oloools 5 oals 3l alise slaaiss g YU o> 0925
Wl slagig, Gl slp b slaB YL ol
el oay sl

5 Gwads ln ganaby slalts, 4z S|
o)lsan Ll s ceslis Sl ool ogsl pom> agd

dowy 5o cadplxl gl gy a5 Sl
L3-10] oog zubo ogmps Sobled (oS5 (gauaia

o D)5 s (SMmdlg> 0 gy ol a5 Cwl e lclustf:ring‘
= classilication

O 3 Xledes 95495 5 o] sl b ]S iash

JARPLR S 3PS ST ST



http://dx.doi.org/10.29252/jsdp.17.2.100
http://jsdp.rcisp.ac.ir/article-1-816-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-07-01 ]

[ DOI: 10.29252/jsdp.17.2.100]

w

UG (539D wsma il 38l 83D L s 3iaduigd )Y )9 S )3

&

T VTN N [N R I
sl 0dlls aiS o
gy ¥ s )0 sedse onl @luol Tat) dalol o
2 Sl 00l gy p die (pl S oadpll sla gl
Ghey 2 8 WA sl g Qlaei Sl Y s
e a ¥ s o s F I8 el 0,00 (golpiiny
@ @l g ad swles azhy eolein on N
Ded o 0135 D i o eadell slayiulel 5l ol
aanl Gl cur aleslitin 5 GaTems Sl

oty 50590 9 Ghpgfy lol Y
o ool mle g cjeel sladde oS5 el B
Gy la gy 0 0yl ey godmie glaall,
o adsl slasanaies Gl e olulp wos
eSS s @y sy, e Sl oeb s
la sl K> 5 boosting bagging bs, 4 lsi o0
117 5,8 o Ll

LIVAF Jlo o Flscygs din 1 o6l
b i 5l eolall b e, onl [14] ol ool
GraS gl L b, ) AM Z9WY cd&)raled
alie (6,550 by, S (oo St | S 0 50 oz
el oads slpri, 55 voted-perceptron oU L b5, oy
S F Al A Cad (oS F (golaiws o [15]
Ol ,o [16-19] el €385 &jg0 (5 iy Slalllas
poie 155 Ghay Rl [13] 2,57 o LAIAD (g, & (lsse
solitol apylasl 3l rezme ()1 0 dien Sl
9lp Sux Ry L 205y Gl g w5
sl 00,5 B ma (6 ko Jlaro 50 lapludl Ciro

dgo) o cadpll sy imgh  boes  idw
S AdS Sjee ! ey bS5 goales
5705l pl5 (oS 5 s> gl endishae o s,
O JSs) el Y a3l sl o8

4 weighted majority algorithm
5 cnsemble

¢ generation

7 consensus function

P ol ¥ o,leb YAl Jle

@

Al ez geead Jald (oS ganalsS 00 15
b i, S glyzl dzes aiil e Lol 3l opl 457 ol
3 Solite sl aine b osShsT ol slalyd
o dilis slapis,sSI ela) b b g doools degarma
Aol eSS sols asgazmas (g,

Slodoly Wlgoe (o055 Gauabe> slahs,
Gl ganadss 15 gl sle gyl s a0
Lo jig, opl S alde gaalys OMSin 5 So
4 (Gdndde>  paiz ml Gm glex! 1 ol
Cloghis §l 20 camlssl ol itle 59,8 Jolaie
A sseadsbnl Gully At eyl e Sglite
ol yo [11] Wil o ools 51 s5UgS (slos S aiges
Oyt (gomale> gl >l Gl a4 culimjei (slesls
Sl ) anadiss Gl oo )l 0925 ool (59, » xSy
oo o]y baded caz p S g 12 ol oL o
Slonzs 5 el b o 195 S 5550
2 2] il cessay ol SN (oS5 sanatss
Gl 093 Wb 5 A5 S 5 el slacy e LS
b2 Allae 1 Fones 5 el g p9; 2otz L 5 s,
el (Ses alisS oS 550 el bganadss oS S
i o ts; et 5 g axlge @l (05, e Ul L
Al ALl diged 90 yogalet e 050 50 (SLSS

Slylas b aS 0ad o colaw) oyl (pl allie ol o
Slr s 958 9593 p OleSe psbay Gl slagganalss
Slgoe 83055l pd W8S a0 g plaS e
Do ol 53 sl et oS 51 Sy o sl
Sty o lagaatss s Coo lms LSSy
[13] e sy e SSEn 51 aiin B0 5
Fle o gl Como 851 ez |, ADT s,
olas b Siolen 1o jbs, opl sl ools al)l ¥ o lwzes
Sledbl wbe e SO Gleear laoll Gl s
sl SVlim! Jow slgries b og Cewl 00,5 ol
plonl (Silwang wmlp L SoSw 1) come 3y,
lganasss> «oS 5 anld o @Wle cpl o es e
b oosdse plnl AD (B, (wlolp badss 4 (2005
bs s Gl | ol ganabss Coe ulsn
By 9 AD S 35515 (B 4 suades Alas olas
2l S5 wwls o samsgly slacows 5l eolizul

! accuracy

2 agreement/disagreement
3 crowdsourcing


http://dx.doi.org/10.29252/jsdp.17.2.100
http://jsdp.rcisp.ac.ir/article-1-816-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-07-01 ]

[ DOI: 10.29252/jsdp.17.2.100]

o hen g Yl [26] Wleols slgiin, cuse
Alosls &l sase sbajl 3 ol (6l ax LSS 92 )l
127]

P8y S S Gaale: lp oLKer 5 oolide
lools slpiis bl laadys 5l glacgosmoy) p i
@l S5 0 Il sleades LS gy cnl o [28]
ol e (Bly wb cole lp 5 wiee St
arwgd |y Slae bl ganalss (Bsy ((Keren
(Slop slalad o sanadss 4ss L[29] 2z e ailosls
sasarslis e & ) oS5 ganadss sowsms dlaws
sl Abwsar 5 wade BT il il
oy 5t 005,S slabs, S e o |, o] Weiszfeld
S92 Al ,o (2lio ol s33)ls 55 100 granns (gaiuates
Sy Slealede glaganates S5 (S o
[30] el

Gddbg> Aoy 3 A e egh Gbe o
Sy M Oleee Wl &85 D90 S0y oS S
o5 ol 311 5,5 o,Lal COSAN Lo ) saadsss
WS oo B L S sl 09 sl Seesls e sl e
Lwlre 013 ) LS o F5ig pled (39 lal o a5
s KNN 2l da( Sy 09 @ 455 b leesls ol
2S4S 09boa S5 alx Ul Shy 039 Slsi
SICOSA alive 53 LAC 35,5300 ans &) Slai 0,90 yuss
@l s oy & Sale Gl b S (os oslitul (8305
[32] apsse Lol baasgs

ly TOWSPA) jlogje bt g3 o )55
solitl LAC 2,68 51 sols (W olul [Sie >
a5 wylion Zewdty (S sl Bl L (sl 505 WS e
oddooly Cound Jliz! Jloy gt Salll L b
ozl 5 WBPA g, [33] cenl ot aziles aigai o &,
UL S5 cale o Lol WSPA s, aiiles
3 s SLS Sl (et ol ol sl jsblen
o WSBPALY [33] 5ilu s basgs 5 eaises
@ady gl eslitul b oladn; ganads® )3 9,500,
WBPA (b9, 3 laswss Ghgy cnl [ ol (oS 38
sl b Sy 05s sl il a8l pedle a5 ol
Sl oo )l pd dlgs »

D e gl oo Adgi oolo dcgesme ) laganalies
gy w0l slagaiaigs 5l Jol> s Wb pgd dl> 0
2l Ganalss b 2isd ped 05 L 38l LU S

Xl Cawoas

2] (oS 7 (sokinadgss S aia 53 jlogad 10— JSC2)

(Figure-1): The general process of ensemble clustering [2]
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Algorithm 1: Convert ensemble to binary opinions

Parameters: N (number of instances), R (number of clusterings)
Input: Dataset, Ensemble (R X N)

Output: ADinput (R X N?)

(1) for clusterings in Ensemble do

(2) Index«0

3) for (i,j) in Dataset? do

“) If clusterings (i) = clusterings (j) then
5) ADinput (labeler)(index) « 1

©6) else do

@ ADinput (labeler)(index) « 0

®) Index« Index+1

(9) end for

(10)end for
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(Figure-3): Converting an ensemble of clusterings to binary
opinions which can be used in AD algorithm
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