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Definition

Outline Similarity measures

Major clustering
methodologies




Akounsupervised learningometimes calledortingby
psychologists andegmentationby people in marketing

A Task: given aet of objects (instances)with a
notion ofdistance (similarity)oetween them,
group the objectanto some number of:lusters
so that

A Members of a cluster are close/similar to
each other

Wh a.t ) A Members of different clusters are
dissimilar

CIUStering? A Usually:

A objects (vectors in a muitimensional
space) are higidimensional

A Similarity is defined using a distance
measure: Euclidean, Cosine, Jaccard, ed
RAaGlI yOS>E X

A Similarity measures are defined also f(f
discrete (symbolic) features
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Al S tefarinulatethe task:

AGiven aset of points with a notion of

distance (similarity)between points, find
o _ the optimal partition of points, such that:
«optimization» A Similarity between membere , e of the
ste p? same clusteC, ismaximized

ADissimilarity between membems , e of
different clustersG,, G ismaximized

WHEICRERGE




Example: Clusters & Outliers

X
Outlier Cluster

J. Leskovec, A. Rajaraman, J. Ullman: Mining of Massive
Datasets, http://www.mmds.org



Clustering I1s a NIPard problem (especially In
multi-dimensional spaces)!

Several Nfhardness results for
finding optimal clusters exist

Datasets, http://www.mmds.org



AClustering in two dimensions looks easy
AClustering small amounts of data looks easy
ABut in most case$poks are not deceiving

AMany applications involve not 2, but 100 or
10,000 dimensions

AHighRA YSy aAa 2yl f aLlJ} OSa
Almost all pairs of points are at about the

same distance when many dimensions are '
iInvolved
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What is-a-natural grouping-among-these objects?

More important guestion Whatare the «limensions?



What is-a natural grouping-among-these objects?

Simpson's Family School Employees Females



Defining (dis)similarity:measures

Definition: Let x; andx, be two objects from the universe
of possible objects. Thaistance(dissimilarity) between
X, andx, Is a real number denoted dgx, , X,)

A w ﬁ Peter Piotr

N

0.23 342.7



Peter Piotr

B
(Dis)similarity functions might
very simple or very complex.
In either casewhat properties
should these functions have?
1y
3
What properties should a distance - measure have?
wd(A,B) d(B,A) Symmetry
wd(A,A) =0 Constancy of Se8imilarity
wd(A,B) = 0IFA=B Positivity (Separation)
wd(A,B)¢ d(A,C) #(B,C) Triangular Inequality




Intuitions thehitnd
desitabte
distance

measutre
properties

d(A,B) =d(B,A) Symmetry

Ot herwi se you could claim nAl ex
not hing | i ke Al ex. o

d(A,A) =0 Constancy of Sebimilarity

Ot herwi se you could claim AAIl ex
does. O

d(A,B) =0 lIF A=B Positivity (Separation)

Otherwise there are objects in your world that are different, but you
cannot tell apart.

d(A,B) ¢ d(A,C) +d(B,C) Triangular Inequality

Ot herwi se you could claim AAIl ex
| 1 ke Carl, but Bob is very wunl:

https://arjun010.qgithub.io/static/papers/vodeinfovis18.pdf



https://arjun010.github.io/static/papers/voder-infovis18.pdf

AThere isno single definitionof similarity or
dissimilarity between data objects
(Instances)

WALEE MY/ O ISHOI M A1t definition oimilarity o dissimilatity

measures? between objectsdepends on
Athe type of the data considered

Awhat kind of similarity we are looking for




Alnterval-scaled variables

ABinary variables
What types ANominal, ordinal,-and ratio variables
of data? AVariables of mixed types
AComplex data types




Interval
scaled

variables (1)

ADef: Continuous measuremeni{salues)f a
roughly linear scale

AFor example, weight, height, price..

AThemeasurement unitcan affect the cluster
analysis (meters deets?)

ATo avoid dependence on the measurement
unit, we shouldstandardize (normalizelhe
data

/
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Note MADis different from
StandardDeviatiorl In SDyou

Interva!'SCaIEd Varlab IeS (2) S?ﬁzfeurfgcet;]f/(s)ﬂ?/frzfge,andhen

youtake thesquareroot

To standardize=|D| measurements of an-§ variablesX
oralculate themean absolute deviatiorof Xin the dataset D

b o) (ol o al Elas s
wherex i=1..|D| are theobserved valuefor feature X in D,

and * j Is the mean

Acalculate thestandardized measuremeniz{score for each

observed value v
h
:

a =



Intervalscaled
variables:

distance
measures (1)

A One group of populadistance measurefor
intervalscaled variables amvlinkowski
distances

A x; andx; are two instances in D ang, X, are the
observedvaluesof p intervalscaled variables
(features) ofx; andx; (X Iis observed value ofk
th feature of instance X

Jsb Gs © O3 BL S

where g is a positive integer.

We assumestandardized variablegotherwise
they would not stand on the same level, and
those with largest values would dominate in
computing the similarity)
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Intervalscaled variables: distance measures (2)

Alf g = 1 the distance measure is called
Manhattan (or city block) distance

Alf g = 2 the distance measure is call&uiclidean
distance




Bl nary ATheyassumewo values that we can
variables associate to 0 and 1




Binary variables: distance measures
AA binary variable X has ortiyo values 0 or 1

AUse acontingency tabléo pairwise compare
feature values of 2 instanc&sandx; each withp

binary features

X

0 I L 6 a
X P o B Do B
n U')[p,, - QTTT (*'?Ip‘QIn

1 600Q, @, @ Qn f

a, b, c, d arentegers e.g.a;;= numberof times x, andx, with k=1..pareboth 1
(correspondindgeatures areboth 1)



Example



Binary variables: computing similarity (1)
Basedon contingencyable

ASimple matching coefficienfinvariant similarity , if the
binary variable isymmetrio): . :
N N owmanytimes

W P correspondingpinary

- , 7 d featuresof xi andxj
W Q W W are different
Adaccard coefficienfnoninvariant similarity, if the binary
Varlable IQSymmet”Q: SMCconsideran denominatorboth
('I) (:) matchingl (a) andmatchingO (d),

Q( o he: _ - - while Jaccardnly considersmatchingl (a).
W W W

Note abinaryvariableis symmetricif the two valueshaveequalprobability, like, e.g., genderlt is «invariant> inthat

nothing changesf we assignk1» to thevaluefemaleor to the valuemale.




When using
SMC and

when Jaccard

”
Anexample(extended from Wikipedia):

A market basketnalysigasymmetry: considera
supermarket with 1000 products artebo customers The
basket of the firstustomercontainssaltandpepperand
the basket of the seconcbntainssaltand sugar.

A Note: «objects» ardasketsbinaryvariablesare products
(1 present Oabsen). Inthis scenario, thesimilarity
betweenthe two basketsasmeasureoby theJaccard

distancewould be = =2/3, but the distance becomes
0.002usingthe SMCgincethere are 997 productsvhich
areneitherin one baskenhor in the other, so SMC=—).

A Here theproblemisthat, for everyproduct, the
probabilityof beingNOT in a basket is #ranthat of
beingin the basketTherefore SMC is NOTgood
measure.

N\

\
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” <\
A Demographiwariablessuchasgender,
would be bettercomparedwith the SMC \
thanwith the Jaccardndexsincethe impact

of gender orsimilarityshouldbe equal
independentlyof whether male isdefinedas

When USi ng a 0 andemaleasa 1 or the other way
S M C an d around

A Exampleour objects arepatientswith
diseasesWe would like to compute the

similaritybetweenpatients and gender is
oneattribute.

A Examplédollows..

when Jaccard




WhenusingSMC anavhenJaccard

Name | Gender | Fever | Cough | Testl |Test2 | Test3 [Test4 |Test5
Jack |M Y N P N N N Y
Mary |F Y N P N P N N
Jim M Y P N N N N N
Jenny |F N N P N N N Y

w9 attributes, of which
ADA @Sy

are symmetricbinary attribute, and

Athe remaining attributes arasymmetricbinary

UKS RI U Gendiark Tdsts 0 Qa
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WhenusingSMC anavhenJaccard

ALet the value¥(ye9 and P(positive) be set tol, and the values
N(no, negativébe set to0

ACompute distances between patients based ondkgmmetric
variables by usingaccaraoefficient

T[&G-

QOO

Q Q% A

p T

¢ T P

P P

QM D1 W

P

Note that this variesif we invert
assignmenbf Os and 1s

Mary

Jenny

SN el =

Testb

ocolo g

oNeoN I »

<z z <




WhenusingSMC anavhenJaccard

AFor the symmetric attributedet the valuesy and F (female)be set
to 1. Compute distances between patients based on the symmetric
variables by using SMC coefficient

.Gender | Fever | Cough |Testl |Test2 |Test3 |Test4 |TestS
Jack | %‘ Y N P N N N qzoji
Mar Y N P N P N
dJim [0/ Y P N N N N doo
Jenny |1 N N P N N N 1
AQODD1) 0 =1
’ 5, LA ey J Ié € (’I) a’)
Qo XD =0 | O ((foho : 7 =
W Q W W



A They can takenore than 2 valuese.g., red, yellow,

Nﬁmﬂfmal blue, green (M total valugs

a’j@ﬂy A Method 1:simple matching

( - Jﬁ)l) A m: # of matches (samealueof correspondent

variables categorical features p: total # of categorical
features

A Method 2 (binary encodinguse a large number of

binary variables

A create a new binary variable for each of e
nominal values of featur¥|(rather thanXFcoIor &
%S KIQSKZuaa2V$IudzN1]H§)|n SO 2 NJ ¢
FSIFGdzZNBAY NBRX éeStft2gx o0f dzS
have one value set to 1 and the others tg 8ince
feature values are mutually exclusive)




AX: color,shapécolor:red yellow blue (R,Y,B)
shape large, medium, small (L,M,S)

AEverycategoricafeature with nvaluesis
splitinto a «one hotvector> with n features.

Example of A one hotvectoris abinaryvectorwhere

transformation one feature is 1 andll the others are 0

INto one-hot AcolorC (colorred,coloryellow,colorblue)

vector A?;iﬁjé: (shapelarge,shapemedium,shape
Ax:(blue,medium)C x:((0,0,1)(0,1,0)) '
ANowwe can computesimilaritylike for

binaryvaluedfeatures /
> 4




Ordinal variables

A An ordinal variable can ldiscrete or-continuous
A Order of values is important e.g.,gradesof students, timestamps..

A Can be treated likinterval-scaled
1. Order the observed feature values of a variable (e.g., 0.1, 40.& D21, 3.2,40.5)

2. Replacdeature valuesx, by their rank | ‘ In [Dybservations
(e.9.:0.1,3.2,406 1,2,3) | @ N {p8¢}

3. Mapvalues of each variable Xi onto [0, 1] by replasHtig value in tha-the
variable by: , i D
Q —
‘ €
(e.g. 40.5 becomes {B)/(3-1)=1 3,2pbecomes {P)/(3-1)=0.5 etc.)
In this way wepreserve pairwise distanckes

4. compute the dissimilaritysingdistance methods for intervascaled
variables




ADef: A positive-measurementon a
nonlinear scale approximately at
exponential scale

Rati()-scaled Afor example Ae8Xor AeB* with A,B constant
. values
variables AMethod:

Aapply logarithmic transformatiog, = logé;)
Atreat them ascontinuous ordinal variablesnd
treat them as for intervascaled '

> 4




Variables of mixed types (1)

AA dataset may contain features belongingatbthe six types of
variables

AOne may use weighted formulato combine their effects:

where] =0 If values, or X, are missing, or if they are both =0,
otherwise¢] =1,

Q Ad UKS & LILINE LINAHetiveed corregpaniddnty” O S
valuesx, andx;, in x; andx; for variableX,



Variables of mixed types (2)

Contribution of variableX, to distanced(x;,x):
Aif X is binary or nominal:
Q =0 ifx=x, otherwiseQ =1

Aif X is intervatbased: use ‘Q =n \/ (0 w9

Aif X is ordinal or ratiescaled
Acompute ranks, and  a
Atreat z, as intervalscaled

p
E P




AAIl objects considered in data mining that
are not relational =>omplex types of data

Aexamples of such data are spatial data
(coordinates), multimedia data, genetic data,
time-series data, text data

Complex dat O A Often totally different similarity or dissimilarity
measures than those listed so far

types (1) AFor example, we may need to use

A stringand/or sequence matching,

A or methods of information retrieval (e.g., based on
semantic similarity, '

A or vector similarity based on deep compressed
representations of the initial objects /

> 4




How similar are the names
Exampleof complex datatypes: aPetero and APiotr o

Assume the following cost function

Sequences Substitution 1 Unit
Insertion 1 Unit
Method: EDIT DISTANCE Deletion 1 Unit
It is possible to transform any strigginto d(Peter , Piotr )is 3
stringC, using only 3 operations:
Substitution)nsertionandDeletion P
eter
Assume that each of these operators has a l bstitution (i f
cost associated with it. Substitution (i for €)
- | Piter
The similarity between two strings can be _
defined as theost of the cheapest Insertion (o)
transformation from Qto C. PiO er
The edit distance can be generalized to Deletion (e)

sequences other than text (ea@minoacid P
lotr



Similarityamongcompressedmage
representations




Other types of

complex data

May require defining «athoc» distance
measures




Major
Clustering
methodologies O




Major Clustering Methodologies (1)

Partitioning Methodology

A Construct various partitions and then evaluate them by some criterion, e.g.,
minimizing the sum of square distances

A Typical methodsmeans kY SR2 A Raz XX




Major Clustering Methodologies (2)

Hierarchical Methodology

A Create a hierarchical decomposition of the set of data (or objects) using some
criterion

A Typical methodsAgglomerativeé . Lw/ | £ wh/ YZ XX

Hierarchical




Major Clustering Methodologies (3)

Densitybased Methodology

A Based on connectivity and densny
functions (task is to identify P
aRSyasSaidé NBIAAZ L R

A Typical methods: DBSACN, R

OPTICHenClug X X S @ .
- :’-:’ o o hee R

https://commons.wikimedia.org/w/index.php?curid=17085332



Major Clustering Methodologies (4)

Modelbased (generative) Methodology

A Agenerativemodel(see slides on probabilistic ML methodshypothesized for each of
the clusters and the objective is to find parameters of the model that optimally fit the data

A Typical methodsSaussian Mixture Modeb Daa 0> / h.29. 3% XX

n.1ar
01r

0.05

0051 O O

M

In GMM data aresupposedo be generatedby amixture of Gaussiariunctions

Task is to estimatmodelparametersasin MLE. Notehat here we do not haveexamplef the variousclasses!
l.e.,we observethe «mixture» (greendistribution) andwe mustinfer the components(blue and red)




Major Clustering Methodologies (5)

Spectral clustering Methodology

A Convert data set into weighted graph (e.g., edges can be pairwise similarities) , then
cut the graph into swgraphs corresponding to clusters via spectral analysis

A Typical methodsNormalised/ dzii 4 = X X

Note that your data
canalreadybe in the

form of agraph e.qg.
Social networks




Major Clustering Methodologies (6)

Clustering Ensembles

A Combine multiple clustering results (different partitions) obtained with simple methods
A Typical methodsEvidenceaccumulation basedgrapho I & SR X X

K=25 ' K=11 K=30
ot K- means K-means K-means
+" -'....+‘ 1 2 1'
5 P P v P
‘,‘.' i . Mﬁ% (@@3 ""r.:,__. .
SR S
s} R A
- | = 3
i ' L X ?
: A $
ey '“, -H& :ﬁf:_o
Spran a2 g T
g T




Desirable
Properties of

a Clustering
Algorithm

A Scalability (in terms of both time and space)
A Ability to deal with different data types

A Minimal requirements for domain knowledge to
determine input hyperparameters (e.g., number of
clusters)

A Able to deal with noise and outliers
A Insensitive to order of input records

A Incorporation of usespecified constraints



AAgglomerative (bottomup):
Start with each instance being a single cluster.
AEventually all instances belong to the same
cluster.

H Ierarchlcal ADivisive (topdown):
Clustering

A Start with all instances belong to the same
cluster.

algOrith ms AEventually each instance forms a cluster on its
own.

ADoes not require to specify the number of '
clustersk in advance /

> 4

A Needs a termination condition




AAssumes aimilarity function for
determining the similarity of two instances

Hierarchical (see previous slides).

Agglomerative AStarts with all instances in a separate cluster
| : and then repeatedly joins the two clusters
Clustering that are most similaruntil there is only one

(HAC) cluster.
ACKS AKAAO2NER 27 YSN.FA
or hierarchy.

> 4




Hierarchical Agglomerative Clustering (HAC) (2)

We begin with a distance
matrix which contains the
distances between every pair
of objects in our database.

53 0 3 o) / 4

d ) _ 8 0 2 4 4
- T
d (é ’é 1 0 1




Hierarchical Agglomerative Clustering (|

Bottam-Up (agglemerativec):
Starting with each item in its own
cluster, find the best pair to merge
iInto a new cluster.

Consider all I 1 § 1 Choose
possible @Y @D Y € & & 4" the best
mergesg L

AC) (2)




Hierarchical Agglomerative Clustering (HAC) (3)

Bottom-Up (agglamerative:): Starting
with each item in its own cluster, find
the best pair to merge into a new
cluster.Repeat until all clusters are
fused together.

Consider all

bl Choose
possibie ) the best
mer gesé
Consider all I 1 $ e Choose
possible C Lo ’ Y- the best

mergesg



Hierarchical Agglomerative Clustering (HAC) (4)

Consider all

possible P+ Choose
) & the best

mer gesé

Consider all Choose

possible ) the best

mer gesé

Consider all ® Choose

possible the best




Hierarchical Agglomerative Clustering
(HAC) (5)

Consider all

_ . s Choose
possible “B*  the best
mer geseé i
(7
W
Consider all Choose
the best

possible R Y X
mer gesé %

Considerall ® ©
possible

Choose
the best




Dendogram: Hierarchical Clustering

Clustering Is
obtained by cutting
the dendrogram at a
desired level: each
connected
component forms a
cluster.




One proeriad advantage of a candregrany is 1o detect cutijars

The single Isolated branch Is suggestive of a
data point that is very different to all other\

" A
mE gm
® -....-..-l.
o ® ..l -:
I O
N *Se o =
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