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@o%ooéu (Clustering is the process of dividing the entire data into groups (also known as clusters)
based on the patterns in the data. A cluster refers to a collection of data points aggregated together
because of certain similarities.)
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K-means clustering algorithm or‘§ 38:):(361:1 cxlgg%eq:@ogocf)qp:ogé @o@:@[@wé C§aPYQR3
Behavioral segmentation:

e Segment by purchase history

e Segment by activities on application, website, or platform
e Define personas based on interests

e Create profiles based on activity monitoring

Inventory categorization:

e Group inventory by sales activity

e  Group inventory by manufacturing metrics
Sorting sensor measurements:

e Detect activity types in motion sensors

e Group images

e Separate audio

e Identify groups in health monitoring

Detecting bots or anomalies:

e Separate valid activity groups from bots

e Group valid activity to clean up outlier detection

Properties of Clusters

(o) Cluster 0003939@5 330590561%;390803 cluster mo%ezsgorgésé’l csooocﬂozerao:db:wé afaeﬂéssl]&
L L

ooo°)?§\<f:ooo“5? ogpé@qeén (All the data points in a cluster should be similar to each other.)
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(J) Cluster eoraé;oaé: caoooqp:ooé ooogﬁ\cf: 0'303? 390)0%%89{33(\"9:0 (@@os@osc%os G@Gleéu(The

data points from different clusters should be as different as possible.)

(Y C [N c [N c Q
mmodcoadeoy Mmefgmesat  e300gp0pd  Begdgdeagieonne(0pé  e30mgPad
clustering cv0(Gs acudgp:a3(gozagi(gnnpd 38maagindevyodeo adn3(go:agn:a0pd 3ecudqp:
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20p5 38go05§|§: 309:9/0§ §200p58E20p5 B@cLdgp: [(§90E20pSH (The primary aim of clustering

is not just to make clusters, but to make good and meaningful ones.)
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Inertia ac%oaég-)o centroid §<§ sgo?ccﬁ(cluster)sa@oz cclopaicelelek :390:&?:0% ogcd]ézooozaoé:
celopaicalolek @ogooén (inertia is the sum of distances of all the points within a cluster from the
c

centroid of that cluster.)i 036(035¢ 3a@cu(cluster)ondag|C:da0305 Inertia 03§83z §20p51
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Pocod(cluster)aoycaq centroid &¢ G’ao?coa(cluster)aa@os 30ROF60:0)  intracluster
distance 638320051 Inertia 008820005 intracluster distance @ps 339:03:0060I8: 30132608

Ul? T g §L° [2 C:ﬂ ° °O'P°|.|. ° 08 °

(620051 (inertia gives us the sum of intracluster distances)

Intra cluster distance

. < < ¢ o ¢ < o < < C < <
Inertia value $p5:6006C0 02PSEEO2MAMVY cluster gp: QQ POPO: CPYOCOOECO @o):)a@n
(the lesser the inertia value, the better our clusters are.)i oeo)és Uq_lécoéoaé:(compact) cluster @50’%

. . c o < c C Qo C o c O 0 C <
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Cluster & centroid & 328, o&eaonogps 33(030: 320030z (distance) spSiag)€ cluster 20pS
00oS: §cod2528 Q.S ,@(‘ S cluster . c.9 o N Q ) Q e, .S
OO O POl 000§P0:30:(§s 0 cluster gP30pCg) 63000q:(I2E,0CHP)0R0 0SS
00523 $:m5cgo oop_gﬁ@ooéu (if the distance between the centroid of a cluster and the points in

that cluster is small, it means that the points are closer to each other.)
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00p300p5 cluster adaeN centroid 3a(030: 0z0c003 inter-cluster distance vreslo0pSi (The

distance between the centroids of two different clusters is known as inter-cluster distance. )

Formula of the Dunn index:

min(Inter cluster distance)

Dunn Index =
max(Intra cluster distance)

Dunn index &300pS¢> minimum of inter—cluster distances ¢ maximum of intracluster
distances o%eﬁ sgchlz @o%oag_%n (Dunn index is the ratio of the minimum of inter-cluster distances and

Maximum of intracluster distances.)

Dunn index gpieco cluster gpzod eooligo 3(gr:&cecv(gdaopdi camoligo eomnlago
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Minimum of the inter-cluster distances

. co < P . C [o Y C Q <
Dunn index oo§@:qpiqs(to maximize the Dunn index)aog0d 0C:c003C Q802

m$(‘§:eﬂos%8w9_| qpsqeéu (In order to maximize the value of the Dunn index, the numerator should

Intra cluster distance Inter cluster distance

be maximum.)
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Maximum of intra cluster distance

Dunn index oo&3:qpiq§(to maximize the Dunn index)ao305 3E:c(gogs §aeps 008G

L

@és%éwsﬂ c?é:qeén (the denominator should be minimum to maximize the Dunn index)
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maximum distance between the cluster centroids and the points should be minimum which will

eventually make sure that the clusters are compact.)
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main objective of the K-Means algorithm is to minimize the sum of distances between the points and
their respective cluster centroid.)
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(9] < < ¢ O o C o NS C . Q N < Q <
02050032:0¢ ‘?Q OUE%)SQ&DQO%O’.L) CDOG@[C\PO@CS @g w8[§32(78[§32G§°&3£ @@GQDC :390?
8 G’DOODGCVG ’.)8330) @OSGOTC\D’JCD (‘" 08(7\)38 clusterin (S@°G ’.)(YCD centroid gps © oSQE)GO)’.)(.;]II
$6 e 22N R g Rogey Qs ey :

S50

Page-8



emoé:oomeg«i Introduction to K-Means Clustering algorithm

k 3;89003

< . C _Q < C < < NP Q ] <
k 338 clusterlng C\)OQ)OD@ 39@61(3908(73 @Q):D&II GDOﬂC('D’JZEﬂ'.)S(D 39(?“_3890)’32 6@&]
C C

3(gosepd oooogaoo@c 22000 k @26q@a0303 &d3(god[gls (gdoopdi k meqmeazadad (g(k = 5)0)

o}

le]
-

(o] o (o] N c C c O
3(go3c3050gIE c0:000220p5 630GPAR TP ()9 F6PS0Y 2036050 3M([gE: (S0

< C c C C < N < o c N N
goeo—ooc om@c :asoooecgparazﬂ CORPOOPOI00OGPIN) @p_oﬁ 39@[@61’30 320004
sgcepceogjmoa@ :zaoooqp"aao??c sgeqocogjcﬁgé:né %39005@0:390339@5 §\o°>o?(k:2) é@o:

L

C\?(’T)@Ca&)@ clusterlng C\?OQ?(D@C.; @G)OD&II

k aacqsaogcrf\a% a@:@oﬁ@é:

k C 9 ° NS c Qo < < Q C ’] C N <
3966139%(7)(7) a@’@oo@cwae Q°ﬂC808()DO’I%DD£ ('Dg? U)O)QL GLY?U)O I GS’BD(DUgC GOD@
<

00022003 G0R¢ k 326630305 ©p5¢|(gdepSad Fagudonm 2d:goda§ 205520051

L
Centroid agaaé?o 329(cluster) qp:csﬁ 39(\)0500%6§€p @éooéu C\)(YSQ?USCDO’SO%&
coc < e . . .
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Q < <

Centroid a’aeqsaogcﬁ(number of centroids)§c§ K 39@61390803 Splestetteb]l sgqocqpsoaé
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. o C < <
algorithm &\ performance o0 ogm@@spo@n

K s2eqaeopad 32q):q|:§¢ K-means clustering algorithm @c 08:008(8s spogsae@cﬁ
3830:?8 @@cpop_ou GODU%OQ_I:BQD:@Q saemac.,a?.,s@e@o? eo:.?caopj K 398613908(D 3900390?10?
33%5:)3@‘::?@(‘: eﬁcon (In general, there is no method for determining exact value of K,)
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K 326320305 32q):q]j(g¢ data point gps ¢ 2005386 cluster centroid odeias(ogo: ¢Szg)
o§3:(the mean distance between data points and their cluster centroid)gp:ad oz05¢) &E:app

C.MS Seo0s K Q 9 Q0% _ ¢
@00@9 S’BGO’D’JC.,S(?., 39@613908(7) O? CD:?CCD@II

K aeeq@opadal  gpseand odeoigligé data points gp: 3e(030:  @wogdzRE0:
C°OQ ¢ Qo K c O o c Q TN o C T QcC < Co 2o
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ooo:q%cﬁcy_lé data point mo%ego%cfgf::oaé centroid @5@: data point mo%go%o%é:oaé cluster
(§S0g0:0886p5u

Cluster  centroid :39@61:390805 E:)qp:c\)occo objective function &  magnitude
3spS:c00e00(gd20p51 (As the number of cluster centroids increases, the magnitude of the objective

function will be less.)

esgocﬁ(‘;)ogcc: number of clusters K §§ value of the objective function o?g e@%@ooo:saéu
sgcmo?::a@: K saeqsgoga%o?l) Gazeﬁ(to choose the optimal K) elbow method or% @o@:@[%éoaéu

elbow method 83200560 6E0000E 0§03E:2005 Vdeal: && 096078060 coRzeols
S d QOgC 0§OQPCzO L p COgss0cs

N _O < C o C C < [ o c O C <
eV nkiovloploy) @oe@m@n 05G0PIC00 CORICFEPIOP IEMNICIaN: K 36630000 G@:)@GO::D@
e$ep (§020p50p sBc820p51 Begepad "elbow point” vpesla32051

$81 U NRORN QN P : i

"Elbow  point," eo%cc:af:e;?qooaé K saeq:raog(ﬁaaé?f::ra% claster {gpp_gzﬁ
Sm®codam0S 1 236205 "elbow point," coyPai0ndmmal K 363000 Sapie3and
2R [ 2 point,”  GOQPPRIZI0RY 32 e

C\)(SG:)D%C\) Se claster 9 ) c"@ @38@@(\)3(78&33 Gmog"C\DOGwQG@OE @533 CII
T @" 9. &QJL l ° 5 @
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K-Means algorithm &\ s30:0003|05qp:

oo@a:eooa algorithm qp:c?é %E:u;gcmé %:ﬂé:cgcﬁ(qwéll(Relatively simple to
implement.)

39cg$@seoz:né data set Qp:saogog scaling cq@%éewoe@ocf: egeoée@a)én(Scales to
large data sets.)

Convergence (gdq$ coogpo0pdIl (Guarantees convergence.)

Centroid oop_Sec?cpo% saeoée@oaéeésp? QOOE%E:DP_SM(Can warm-start the positions of
centroids.)

[§§:Dén Efficient @o%oén (The algorithm is fast and efficient in terms of computational

cost.)

K-Means algorithm &\ s20:8p3:qj05¢p:

Algorithms 6@a& k (number of clusters)o3 (3|02E005905c0:620051
Algorithms & gro$o0pS cluster centers(centroid)oopSegep ©0>E gjoon:a0pd egepasedl 0gc

< C

Fleplovioblobll

C C C C C c C C co¢ <
cluster 39[§c0300 3COCHEPORC CEPIDIE§EID qp:e@og §eO3 eemoc:@c: @@@.coa@n
(It's sensitive to outliers. Outliers must be removed before clustering, or they may affect the
position of the centroid or make a new cluster of their own.)

N o o ¢ QcC < N N < C QC N < N
PYUOPO: Q9| $C ooooog:@c: 03@:):33@ G3070gP: F20RMD  AOGMICIVN$OS
8UI0560I B30HI3E20D E3OMQPISS @’G olon generalize 006§ 0320051 (Clustering data
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of varying sizes and density. K-means doesn’t perform well with clusters of different sizes,
shapes, and density. To cluster such data, you need to generalize k-means.)
convex e@&oaé cluster qp:a’aog(ﬁ ewcf:ec\{l%d]u(lt‘s not suitable for finding non-convex
clusters)
local minimum  o>degepepogéorn  qdonses(G:  global optimum  (gde§30305
@oeéqcﬁeeo:%&ﬂu (It's not guaranteed to find a global optimum, so it can get stuck in a

local minimum)
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