Clustering quality evaluation:
a task that has to deal with

a naturally noisy context




Cluster quality evaluation

In modern data analysis one central problem is related to t
Increasing size of data to be exploited,

Ground truth become unavailable in most cases and the
number of Acategorieso 1 nh
through the use of clustering methods,

Detection of optimal clustering model relies itself on the
exploitation of clustering quality evaluation and thus on
quality indexes,

Most of the exploited techniques are based on adaptation
mean square error optimization and Euclidean distance,

Reliability of such indexes remains an ogdllenge,

Clustering is explicitly a noisy context as compared to
classification.




Cluster quallty evaluatlon

x  Dunn index (DU) [Dunn 4]
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Dunnindexis a diameterbasedndexthat put the prior on models

with compactand well-separatedclusters Computationtime is
high.
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x DavisBouldinindex (DB) [Davis 79]
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Similarly to DU index, DB index highlight modelswith compact

andwell separatedluster It doesnotfocuseson boundariesandis

easierto computethanDU index
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Cluster quallty evaluatlon

x  CalinsktHarabasz index (CHIZ{aImskl 74]:
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CH is identical to variance ratio exploited in ANOVA.

x  Xie-Beniindex (XI) [Xie 91]is a compromise between CH and
DU index. It is often used for fuzzy clustering.

x  Silhouette index (SI)Rouseeuv87]:
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Sl index takesinspirationfrom approachedasedon modularity
[Newman 06] and on nearesiheighbors A negativevalue of SI

meansa majority of dataareaffectedto thewrongclustet
.



Cluster quality evaluation

x QOther index alternatives are based on entropy, like [Lago-
Fernande®9] exploitingnegentropygapbetweerclusterentropy
and the entropy of the normal distribution with the same
covariancematrix,

x Graphbased measures[Pal and Biwas 97] exploit graphs of
relationshipsbetweendata, like relative neighborhoodgraphs,
Gabriel graphsor spanningtrees,and generalizethe Dunn and
Davis-Bouldinindexeso graphsto evaluateclusteringquality,

x AIC [Akaike 74] and BIC [Schwarz 78] penalizethe model
complexityandarebasedn likelihood. Theyareexpresseas:
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Likelihood canbe estimatedusingWGSS[Manningetal. 08] and
g(k) canbesetto 2pk (p beingthe numberof dim. of data)



Cluster quality evaluation

x SubsamplingBen-Hur etal. 09] consistin observingthe decrease
of correlationof pairs of databelongingto sameclustersafter
generationof clustering modelsof samesize on different data
subsamples,

x  Most experimentsbasedon thesealternativesare madeon low
dimensionaldataor approachneedscomplexparameteisettings,
or evencomplexcomputationasmentionedn [Yanchi1(Q].




Cluster quality evaluation

x Behavior of indexes is analyzed on low dimensional problem:s
and results are often contradictory
[Liu 2011],

x Min-square error optimization have been proven to be unable
solve complex clustering problems
[Lamirel2011],

x Min-square and Euclidean distance based indexes are unabl
produce optimal results in high dimensional context (CH and
DB)

[Kassali200q [Ghribi 2010],

x Most of the realistic problems are not low dimensional proble:
with well-shaped clusters with more or less low overlap,

x  Clustering methods are imperfect and eparne,

x Indexes results depends on the clustering methods and are n
useroriented
[Lamirel 2004].



An alternative approach:
the feature maximization metric

Let usconsidera partition C resultingfrom a groupingmethod
appliedon a setof dataD representeavith a setof descriptive
featuresF, feature maximizationis a metric which favors
groupswith maximum Feature F-measurewhich represents

the harmonicmeanbetween

4 I
B . (b 5 o Tn
oY 0 K 0('Q
B, B,
\ %
4 I
_ B < (b 5w T
0% "0 K 0(Qw
B N RN (b




Quality based on data description space

GroupG, GroupG,
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Feature maximization metric

x Local values of unsupervised Precision and Recall
quality indexes can be used for efficiently extracting
association rules [Lamirel 10]

X In machine learning feature maximization metric
proved to have very various use, like:
Optimizing learning [ Attik 06]
Cluster labeling and cluster content mining [Lamirel 08]
Detecting incoherent clustering results [Lamirel 10]
Substituting to distance in clustering [Lamirel 11][Lamirel 12]

Efficient feature selection for supervised classification
[Lamirel 11]

SNA analysis and data synthesis and summarization | |
Setting up new cluster quality indexes [ |

e



Adaptation of feature maximization metric
to feature selection

The feature maximization process can be applied on classes as
well as on clusters as soon as it is only depending on associatec
data. It is a parametfiree process.

The setS, of featureghatare characteristiof a given classc belongingto
anoverallclasssetC resultsin:
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and C, representshe restrictionof the setC to the classesn which the
featuref is represented

Finally, the set of all the selected featutgss the subset df defined as:
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Additional F-max metric based contrasting

FMIC)

Contrastor informationgain characterizeshe strengthof the relation
betweena featureanda class For a feature f associatedo a classc, it
canbeexpresseas
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A A contrastvalue> 1 anactivebehaviorof thefeaturein theclass,
A A contrastvalue< 1 anpassivebehaviorof thefeaturein theclass,

A The magnificationfactor k is usedto enhancecontrastin a non
linearway for facilitating classseparation




A simple example

x We consider a sample of and
for which we measure and
and :




A simple example

x We compute the Feature Recall (FR) and the Feature
Precision (FP) and the Feature F-measure (FF) for each
classand eachfeature and eachclass

FR(SM)= / =0.62
FP(SM)= / =0.35




A simple example

x We compute the average marginal values of Feature
F-measure by feature (local) and the overall Feature
F-measure for each class and each feature and each class:

Thefeatureavhose
Featurd--measuras under
the globalFeaturd=-mesure
averageareremoved

Theremaining(i.e. selectejifeatures
whoseF-measuras over
marginalaveragen one class

are consideredhs active in

this class




A simple example

x The contrast factor highlights the degree of
activity/passivity of selected features relatively to their
marginal Feature F-measure average in the different classes:

L 0.39/0.53 | 0.66/0.53
_length

Shoes
size

0.48/0.35 0.22/0.35

Theconstrastanbeseemas afunction
thatwill tend to:

length
iy




A simple example

x  The contrast is applied on the data in order to modify the
feature weights depending on the data class:

Original data




A simple example

x  The magnification factor (k) can enhance the contrast to
facilitate classification in complex cases:

12,33
12,33

12,33
3.15
3,78
3.15
Contrasted data (k = 1)




A simple real case
J48 J48 and FMC
select both 2
features among 13
but
discrimination
become better with
FMC when
magnification
factor Is increased

FMC




CHIRAC

YsVo lWDa alla
1.858265 dynamisme
1.811123 exigence
1.775048 compatriotes
1.769069 vision
1.768280 honneur

1.745192 saluer
1.743871 soutien
1.737269 renforcer
1.715155 concitoyens
1.709736 réforme
1.703412 devons
1.695359 engagement
1.689079 estime
1.671255 titre
1.669899 pleinement
1.662398 ciur
1.661476 ambition
1.654876 santé
1.640298 stabilité
1.632421 amitié
1.628630 accueil
1.622473 publics
1.616558 diversité
1.614945 service
1.612488 valeurs
1.610123 détermination
1.601097 réformes
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1.881835ouze
.852007 este

1.800091 eh
1.786760 guoi

1.758319 gens
1.747909 assez
1.741650 capables
1.716491
1.700678 bref
1.688314 puisque
1.672872 on
1.662164 étais
1.620722 parle
1.618184 fallait
1.604095 simplement
1.589586 entendu
1.580018 suite
1.572140 peuétre
1.571393 espére
1.560364 parlé
1.550856 dis
1.549594 cela
1.538523 existe
1.535598 fagon
1.529225 pourrait
1.525645 la
1.525508 chose
1.523575 époque
1.522290 production
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Quality evaluation using feature
maximization

x A good clustering model should be able to maximize
the weighted sum of positive contrast in clusters
( @enericintra-cluster inertia):
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The Intuition behind this approach is that active
features are relevant on their own of clusters inherer
structure and maximal averaged contrast on that
features is directly related with the most relevant
global clustering structure.



Quality evaluation using feature
maximization

x A more complete approach could combine weighted
summation of positive and weighted summation of
Invert of negative contrast

( @enericintra-clusterandinter-clusterinertia)

: o : 0
p i |B, OQ |i|B, 0°0

00 = , :
Q i

Theintuition behind this approach Is thadssive
featureglays also an important role for highlighting

optimal model and that optimal glob@lsteringmodel
IS the model with the highest structural gaps.




Quality evaluation using feature
maximization

x CB Index Is a combination of the 2 other approache:

Algorithm 1 CB : Combining PC and EC indexes.

> PC(i) returns the PC value of model 7,
> EC(j) returns the EC value of model i,
> Peak(F(i)) returns true if F(i — 1) < F (1) > F(i +1), fori € {2,--- |k — 1}
procedure CB(List L of 1..k models)
sort(L) by deereasing order according to (EC + PC') value
for 7 in L do
if Peak(PC(i)) then
return i;
end if
end for
return —out—;
end procedure




Quality evaluation using feature
maximization (Ev: oc

x Evaluation must be conducted on dataset of various
dimension and size:

IRIS IRIS-B | WINE PEN Z00 VRBF R8 R52
3 3 3 10 7 12-16 8 52

150 150 178 10992 101 2183 7674 9100

4 12 13 16 114 231 3497 7369

x  Purity value Is used in a complementary way to take Ir
account sutptimal results generally produced by
clustering (as compared as ground truth):
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Quality evaluation using feature
maximization

x Several clustering methods are used:
K-means MacQueert/]
GNG [Fritske95]

IGNGF [Lamirel 11] (proven to outperform other
methods on binary or frequency data),

x The size of the clustering model is let varying from uni
till 3 times the ground truth,

x The estimation produced by a index Is considered as \
In the range between the ground truth and the maxime
value or interval of purityMaxP),

x Increasing amount of noise Is introduced In clustering
results to test the stability of the quality indexes.



Quality evaluatlon usmg feature

maximization (Resulis low dimension)
IRIS IRIS-B | WINE PEN soy | Number
correct

17
14
19
14
14
14
14
11
11
12
10

K-means
K-means GNG K-means K-means




Quality evaluatlon usmg feature

maximization (Results high dimension)
700 VRBE RS Rsp | Number
correct

5 58
6 -out-
-out- -out-
-out- 54
-out- -out-
3 30
-out- 58
ND ND
-out- -out-
6 52

13 53
13 54-58
8 52
GNG
IGNGF

IGNGF




Quality evaluation usmg feature
maximization e e

e PC |ndex EC Index




Quality evaluatlon usmg feature
maximization (Resistance to additional nois:

Number
x  Data of clusters are oo | mo0 | L9000 of
migrated in a random oot | ooue | aome | correct
0 20% 30%
way to other clusters matches

to different fixed
amount for all model
sizes,

x |ndexes are
recalculated on noised
models to look for
potential variation In
their behavior,

x  This experiment IGNGF  IGNGF IGNGF  IGNGF
highlights robustness
to weak clustering
results.




Quality evaluation usmg feature
maximization o eyl

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

e EC e EC-N0IS€10%) === EC-N0ise20% EC-Noise30%




Quality evaluation using feature
maximization
ISTEX data are issued from different scientific editors,

and there Is no standardization of metadata or even no
avallable metadata in some cases

The exploited method must be able to tackle with large

collection in an unsupervised way
(time efficiency + a few of even no parameters)

Overall time period lengths including stable topics can
vary over time

Visualization of diachronic changes is still on open
problem




Quality evaluation using feature
maximization

( 7 / { { ! { { /
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, )\
- Indexing
(Metadata)

Automatic period
detection

{ r
i

General query

o Elestering +

Diachronic clustering

Diachronic
analysis




Quality evaluation using feature
maximization

Multiple functions of the
MVDA model are
exploited:

Cluster labels
extraction

Optimized clustering

using neural methods
and unbiased quality

EESIES

High performance
(F-max based) labeling
techniques

$

Stability

Appearing




Quality evaluation using feature
maximization

AD):
x  MVDA paradigm relies on a ™
Bayesian reasoning SR 50 O
x  Bayeslan network Is @ S
generated in an ?
unsupervised way
x Uses clustering models e
shared data to perform SeiE
cluster comparisons OO0 00|ee 80 )
x Applicable with any
clustering method
s N Target model (T) f
Bayesian network model : weWpo'm(Z)

a-dl act,,,T; Sln'(d S)
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Quality evaluation using feature
maximization

Comparisonis performed using an adaptation of
MVDA Bayesian reasoning with :

where L, represent the set of labels associated to the
cluster x, and L, /L, representthe common labels, which

can be called the label matching kernel, between the
cluster x and the clustery.




Quality evaluation using feature
maxrmlzatlon

The S|m|Iar|ty between a cluster S of the source
period and a cluster t of the target period is
established using :

x The average matching probabilitiesP,(x) of a period cluster

x The global average activityA, generated by a period model
on the model of the alternative period and its standard

deviation” |

Similarity is found if :

1) P(tls ) > Pa(s) et Plls ) > Agt ¥,
2) P(s|t) > P(t) et PEIt) > A, + ¥,




Quality evaluation using feature
maximization

& Conausting I o IS
Highly deminant [or peculiasr) labals in sourcs paricd
1: 0.034510(23] f2: 0.000000[-1) Experimental stody
Highly dominant (or peculiar) labels in target pericd

£1: 0.5'1‘.25'05[23: £2: 0.208428[ 2] Polymer films (w*#)

I . 23] £2: 0.11 .2] E,p_ h manrg ]

0. 00 :n:l i -"'| Polymerization

[z0/8]
Fl: 0.03837 soend  (rrT)

r paculiar) labsls in sourcs pariod
f1: 0.043265([15] £2: Q.000030[-1] MIS structure
fi: 0.026522[15] 2 0.000000([=1] Diamond

- Highly dominant (or psculiar] labels ino target pericd

f1: 0.061132[15) £2: 0. 222402[2d] Amorphous semiconductors (+¥¥)
Ll: Q.054647[15] 2! 0.131473[24] Hydrogea (*%*)

fl: 0.000000([=1] f2: 0.06T403[24] Salenium

f1: 0.000000([=1] f2: 0.035028[24] Plasma CVD coatings

source clus [28/7])
- Stable 1
rl: @.0357% lager (***)

- Highly demibant (or peculiar) labels in scurce period
.148833[14] rD: 0.057783[14] Semiconductor laser (*o¢)
r, OTROEO(IA]) £2: 0.033436[14] Laser dicdes (***)
DZEA98([14] £2: 0.0 o0[=1] Surface
0.02&027[14) 21 0,000 [-1] wWavegquide laser

= Highly deminant (or pecullar) labals in target perdiod

fl: 0.000000[=1] r2: 0.068895[1 Light asurces

t 0.000000[-11 £2: 0.039487[14] Lasar baam applications
0.000000[-11 f2: 0.02963T[14]) vertical cavity laser
0. 000000[-1] f2r 0.025024[14)] VCSEL

source cluster 16 is vanishing
fi: 0. 141849[16] f2 0.000000([-1]

f1: 0.060706[16] £2: 0.000000[-1]
f1: 0.049628[16]  £2: 0.000000]

source clust

= No stable

= Highly dominanr (O peclUllar] JlaDels 10 SOULCE perliod
#1: 0, 288801124) 0. 088187 33) tical fabricatiomn [www)
i 0.045998[24) 0. 00D IZI -1] Integrated circuit
0.042258[24) Interference lter
0.041773[24) Semiconductor technology

technology

= Highly dominant (or peculiar] labels in target pariod

£1: 0.077799[24] £2: 0.213749[33] optical design technigques (**+}
£f1: 0.000000[=1) 0.055834[33) Aberrations

£1: 0.000000[-1) £2: 0.039636[33) Ray tracing

Dptn:al fxba-

=r laser
P.l'_' UﬁLUU{}LlCdl devicea
Ring laser

target clustar 9 is appesaring
fi: I:I ¢3552I:II 5] £2: 0.160462[ 9] E‘luorssmnca
1) f2: 0 Z2EEE[ 9] sphorescencs

fi: EI EIEE“E!E[ 1.] f2: 0.105132[ 9] E.:-:c:.tcin

target cluster 39 is appearing
£1: 0.000000([-1) £2: 0.144184[35] Fixel
£i: ©0.000000([-1) £2: 0.110076[39) CM05 image Sensors

F1: 0.000000[=1) 2: 0.0E0044[38) High sensitivity




Quality evaluation using feature

maximization

J

number of matches

whereM represents the set of
couple of clusters for which a match
IS detected.

/ { :

In temporal matching
process, hypothesis is that
accurate

model selection will produc
the larger number of
matches,

with matching kernels of th
largest sizes and with the
highest matching
probability.

We consequently exploit tw
complementary criteria for
the evaluation of the
behavior of the indexes.
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Quality evaluation using feature
maximizatio
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Number of QMA
temporal | evaluation
matches criteria

Opt. Opt. Opt
Period P1 | Period P3 | PeriodP3




Summary of the results

Behaviour in
low dimension

Behaviour
In high dimensio

Resistance
(0]
noise

Diachrony

Independance
To
distance
EENES




Conclusion and perspectives

x We have proposed new clustering quality indexes based
on feature maximization metric,

x Feature maximization metric is based on a edmsBsain
approach (numeric + symbolic +)IR

x Method aims at finding the model that maximize the
iInformation carried by most representatigaturesof
the model (instead of using error),

x Method outperforms usual indexes as well as our former
protoindexes on high dimensional context,

x  Proposed method Is accurately resisting to noise
naturally present iclustering

x Methods works In usual test sets as well as inlreal
applications like for temporal matching,

x Computation cost ipw,
x Adaptation to fuzzy clustering is straightforward.



Subsampling me




Subsampling




Conclusion and perspectives (2)

x We have to perform larger scope experiments including
more indexes and more especially entropged
Indexes,

x  We plan to experience a new approach based on the
analysis of properties of contrast graphs.




Contact and questions

emaill: lamirel@loria.fr

Githubwith codes of the quality indexes
and test data:

http://github.com/nicolasdugue/clusteringQuality




Cluster labeling based on feature ma
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