BBeageHue B
KJIaCTepUu3aluio
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KytacTepusanuda

Knactepusauusa — npoueaypa aBTomaTtuveckoro pasbneHus
HEKOTOPOro MHOXeCcTBa OOBLEKTOB Ha rpynnbl (Knactepbl) HA
OCHOBE CTEMNEHU UX CXOXECTU

Knactepusauusa — obyyeHue 6e3 yuurtens (uenesasd
nepemMeHHasa He TpebyeTcs, HYXXHbl NULLIb XapaKTEPUCTUKN
0ObEKTOB)

[Tpn3HaKkn «xopoLlero» Knacrepa:

e ONM3oCcTb OOBLEKTOB BHYTPU KnacTepa
® y/aneHHOCTb OT OCTalbHbIX KNacTepoB
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[Ipoueaypsnl Kiaacrepusanuu B SAS/STAT

SAS/STAT copep>xuT 60raThbin
HAOO0p npoueayp A4 NOArOTOBKU
JAAHHBIX, IIUPOKHUHA BbIOOP
aJITOPUTMOB KJ/IaCTEpU3aLUHU U
OLIeHKH pe3yJ/IbTaTOB
MO/ e/ IMPOBAHUS

HO... 3AYEM BOOBILIE HY?KHA
K/JIACTEPU3ALINA?




Example: Clustering for Customer Types

While you have thousands of customers, there are really
only a handful of major types into which most of your
customers can be grouped.

Bargain hunter

Man/woman on a mission
Impulse shopper

Weary parent

DINK (dual income, no kids)




Example: Clustering for Store Location

You want to open new grocery stores in the U.S.
based on demographics. Where should you locate

the following types of new stores?

m low-end budget grocery stores
m small boutigue grocery stores
m large full-service supermarkets




[pochunupoBaHne KnacTepos

m [IpoghurnuposaHue — 3TO NOMbITKA BbIBECTU «ObITOBOM»
CMbICI FPYNNMUPOBKN KOHKPETHBIX OOBEKTOB B KracTep

s Llenb — onpegenntb yHUKanbHble YepTbl (UNU KX
KOMOMHaUMK), Xxapaktepuayrwime obbeKTbl B Knactepe

small-investors




Buabl Kj1acTepu3anuu



Wepapxunyeckasn knactepusauus

ArrnomepartmBHas

[1pobsaLias




Partitive clustering

Initial State

reference vectors (seeds)

Final State

observations

PROBLEMS!

make you guess the number of clusters present

make assumptions about the shape of the clusters

influenced by seed location, outliers, and order of reading

observations

impossible to determine the optimal grouping, due to the

combinatorial explosion of potential solutions.
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Partitive clustering: Heuristic Search
1.

Generate an initial partitioning (based on the seeds)
of the observations into clusters.

Calculate the change in error produced by moving
each observation from its own cluster to each of the
other clusters.

Make the move that produces the greatest reduction.

Repeat steps 2 and 3 until no move reduces error.
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MepsbI CX0ACTBA
00'bEKTOB
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Principles of a Good Similarity Metric

Properties of a good similarity metrics:
1.

symmetry:

d(x,y) = d(y.x)

non-identical distinguishability:
dix,y) =0 - x=y

Identical non-distinguishability:
d(x,y) =0 - x=y

triangular inequality:
d(x,y) < d(x,z) + d(y,z)



The DISTANCE Procedure

General form of the DISTANCE procedure:

PROC DISTANCE DATA=SAS-data-set
METHOD=similarity-metric <options>;
VAR level (variables < / option-list >);
RUN;

m Provides different distance measures for interval and
nominal variables

13



Simple popular Distance Metrics (Interval Vars)

k

s Euclidean distance De = HX—WH = \/Z(Xi — W, )2

=1

d
= City Block Distance DM1 = Z ‘Xi _Wi‘
1=1

m Correlation

14
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Distance between Clusters: density-based

Density estimate 1 Density estimate 2
(cluster 1) (cluster 2)

During more complex clustering processes one must not
only calculate distances between objects, but also
calculate distances between sub-clusters

Density-based methods define similarity as the distance
between derived density “bubbles” (hyper-spheres).



OuneHkKa KayecTrBa
KJIacTepu3anuu

16



17

OT KnacTepoB K Krnaccam

Ecyiv yacTb 06'b€KTOB BbIOOPKHU OTHOCUTCS K pa3HbIM KJaccaM, TO 3TO
MO>KHO MCI0JIb30BaTh /IJisl OLleHKU KayecTBa KJlacTepH3aluu

Cluster
1 ?

3

s | 50| 0 |0
A
@ |0 |80 |0
&)

c | 0| 0|50

Total &0 &0

50

Total

50

80

80

150

oeanbHble KnacTepsl

Cluster
2

3

0

0

40

10

5

35

A &0
7]
g8 |©
(&)

C 10
Total 650

45

45

Total

50

50

50

150

TunnyHble KNacTepbl

B

Class

C

Total

Cluster

1 2 3
50 0 0
&0 0 0
50 0 0
150 0 0
OTO — He

Total

60

50

50

150

Knactepusaumsg ©




OT KnacTepoB K BEPOATHOCTAM KNaccoB

The probability that a cluster represents a given class is
given by the cluster’s proportion of the row total.

Class
m

Total

18

Cluster
1 2 3
50 | O 0
0 40 | 10
10 | & 35
60 45 45

Frequency

Total

50

50

50

150

Class

Cluster
1 2 3 Total
1 0 0 1
0 | 08]02] 1
0.2 | 01 |07 1
Probability
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Mepbl kKayecTBa Knacrepusayum

m The chi-square statistic is used to determine whether an
association exists.

12=sz‘,

m Because the chi-square value grows with sample size, it does
not measure the strength of the association.

(observed ; —expected ;)°
expected

= Normally, Cramer’s V ranges from 0 to 1
For 2x2 tables only, it ranges between -1 and 1

5 > WEAK . STRONG
JN(

- ¥
Qe = e L 1) 0 . f 1
' CRAMER'S V STATISTIC

(k—1)




I[loagroroBKka u
pa3Be0YHbIX aHAIU3
JAAHHBbIX

20
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The Challenge of Opportunistic Data

Getting anything useful out of tons of data
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[logroToBKa U aHaNMU3 AAaHHbIX
1.

Bbi6op AaHHbIX 1 co3gaHme NoaBbI6opokK
(Ymo s pasbusaro Ha Kriacmepbi?)

OTOOp NepemMeHHbIX
(Kakue xapakmepucmuku o6 beKmoe 8aXHbI?)

BuayanbHbI aHanma gaHHbIX
(Kakou gbopMbl Kriacmepbl U CKOJTbKO UX?)

CTtaHgapTtusaumsi nepeMeHHbIX
(CpasHumbl 1u macwmabsbl rnepeMeHHbIX?)

TpaHcopmMauunsa NepeMEHHbIX
(lepemeHHbIe Koppernupyrom? Knacmepb! He cqghepU4HbI?)
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Data and Sample Selection

m Not necessary to cluster a large population if you use
clustering techniques that lend themselves to scoring
(for example: Ward’s, k-means)

m It is useful to take a random sample for clustering and
score the remainder of the larger population

. CLUSTER
— @ IT, BEBE!
e
@@
- 9@
— @
Population Samplingframe  Sample THEN SCORE

23 THESE GUYS!
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IloaroToBKa U
pa3Bea04YHbIV AHAJIU3
JAAHHBbIX

Omo6op nepeMeHHbIX

24



[logroToBKa U aHaNMU3 AAaHHbIX
1.

2. OTOOp NnepemMeHHbIX
(Kakue xapakmepucmuku o6 beKmoe 8aXHbI?)

25
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GSsas |

CHuXeHue pa3mMepHOCTH

Heob6xo0umo siu aHann3npoBaTtb 8ce JaHHble?

He3HauynmmocCTb

N30bITOYHOCTb

26



(X

OTOOp 3HAYNMbIX NEepeMeHHbIX

O Pel'peCCI/IOHHbIe MoAeJsiM aBTOMaTU4ECKUN onpeaenaroT
3HA4YNUMOCTb NepemMeHHbIX Ha OCHOBE NX BJIMAHNA HaA
LereByro nepemMeHHyro

= Ho B KnactepHoM aHanuse uenesoun nepemeHHon HET

m [lo3TOMY BCE HE3HAYMMbIE NEPEMEHHbIE JOMKHbI ObIThb
yAaneHbl nepeq NpoBeAeHNeM KrnacTepusaunm nyTem:

— AHarnu3sa saxHocmu rnepemMeHHbIX Ha crieyualsibHO

rnoo2omoerieHHouU 8bIbopke ¢ ueriesou
— [loOKnoYeHUsT anpuopHbIX coobpaxkeHul

27




CeKkpeT KaueCTBEHHOMW KnacTepu3aLmm

0 MoweHHuK

O OK

T o o

E: O I:II:

= E’ “nznaﬁgnﬁn]ndr
S T
m il

CymMmma TpaH3akumnm

28



29

CeKpeT KayeCTBEHHOM KHaCTepVI3aLIMVI

0 MoweHHuK

o OK

T o |o

E: O I:II:

q§) b ':'n:n:E:nlgnnFﬂ
. H nn E Iafmlﬂ:lﬁn I:Il:l r
- WP

CymMmma TpaH3akumnm




CeKkpeT KayeCTBEHHOW KnaCTepwsauMM

0 MoweHHuK

o OK AsapT =
T o io
E: (| DI:
q§) b ':'n:n:E:nlgnnFﬂ
Q- = nn E Iilmlﬂ:l ﬁn I:Il:l r
m il

CymMmma TpaH3akumnm
bornbLue HeckoppenupoBaHHbIX

" nepeMeHHbIX = KnacTtepbl nyyiie!
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YnaneHue n3bbITOYHbIX NePeMeHHbIX

PROC VARCLUS DATA=SAS-data-set <options>;
BY variables;
VAR variables;

RUN;

s PROC VARCLUS rpynnupyeT n3bbITOYHblE NEPEMEHHbIE

= /13 kaxxgon rpynnbl BbibnpaeTcs No 0OgHOMY
npeacTaBUTENIO, a OCTalbHbIE NEPEMEHHbIE YOansTCS,
TEM CaMbIM CHMKas KONNMHEAPHOCTb U YMCIIO
NnepeMeHHbIX



Divisive Clustering

PROC VARCLUS uses divisive clustering to create
variable subgroups that are as dissimilar as possible.

2nd Eigenvalue

1.7 {Xy, X5, X3, X4, X5}

L {X5, X5, X5}

i {XBI X5}

Ignored - /\

00 Xy Xy Oy X XD

{Xif X4}

B ocHoBe meTopga —

32 Principal Component Analysis



2nd Eigenvalue

1.7 {le Xz, X3;X4r XS}
o Keep them
1 {er XB!XS}

Total Proportion  Minimum  Maximum

Variation of Proportion Second Minimum

Number Explained Variation Explained Eigenvalue R-squared
of by Explained by a ina fora
Clusters | Clusters | by Clusters Cluster Cluster Variable
1 4171782 0 5960 0.5960 0.0175

2 5698305 06140 0.7868 0.628600 06592

3 6415722 0.9165 06822 0235559 08774

Gsas

THE
POWER
TO KNOW.

Maximum
1-R*™2
Ratio
fora
Variable

0.3491
0.2660

33
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IloaroToBKa U
pa3Bea04YHbIV AHAJIU3
JAAHHBbIX

BusyasabHbil aHaaus

34
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[logroToBKa U aHaNMU3 AAaHHbIX
1.

Bbi6op AaHHbIX 1 co3gaHmne NoaBbi6opPokK
(Ymo s paszbusato Ha Krnacmepbi?)

OTO0p NepeMeHHbIX
(Kakue xapakmepucmuku 06 beKmoe 8aXHbl?)

BuayanbHbIM aHanmMa gaHHbIX
(Kakou gpopmbi Knnacmepbl U CKOJTbKO UX?)

CTtaHOoapTusaumst nepeMeEHHbIX
(CpasHumbl niu Mmacwmabbl nepeMeHHbIX?)

TpaHcdopmaLna nepeMeHHbIX
(FepemeHHbIe koppenupyrom? Knacmepbl He cghepUyHbI?)



(X

Bu3yasibHbIM aHAJIU3 JAHHbIX

= Busyanmsauuna nomoraeTt yCTaHOBUTb Takune
KJIF04YeBblIe MNapaMeTpPbl 3aja4v4, KakK

— popmy KnacTepos
— JUCMEepPCUto Kractepos

— MNPUMEPHOE KOJTIMYECTBO KI1aCTEPOB

Data Containing Well-Separated, Compact Clusters Data Containing Poorly Separated, Compact Clusters
10.0 4 X * x 47
x x X

% *

x X%

)%x WKy 5
75 g xR %

X X ey W
x
2 Ox
5.0 - %
=
= = ] +
o ]
+
254 . o o o © o ° $2 + A
@ ] . 8 OO +
& + + +
0 %0 o@o * ¥
o ++ 4 @
B © + + o
0.0 8Q8® ® 9 ° R + #“;:i% ++
© o %o o oo o + L
© + + -2 o
2.5 ° * 8
T T T T T T T T T
-25 0.0 25 50 75 100 -2 0 2

[CLUSTER o1 +2 %3 c 03 +1 %2
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Principal Component Plots

PROC PRINCOMP DATA=SAS-data-set <options>;
BY variables:
VAR variables:

» wEigenvector 1

Eigenvector 2
Eigenvalue 2

37 X2
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B
Multidimensional Scaling Plots

PROC MDS DATA=distance_matrix <options>;
VAR variables;

[eiregana i conbinaon of
Options ~ Dendrogram 2D Map | 3DMap = Proximity Plot  Statistics
wasemze 3 () DB OM QW Kkl Ve da -

REPUBLEEMRERATS

s
WO UNITED o7 4TE®OUSE

GEQRGE ‘,'

SPECIAL

SENATOR

Link Strength: {7 B Thin lines.

Stress = 02796620 ¥ = £1.0000
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IloaroToBKa U
pa3Bea04YHbIV AHAJIU3
JAAHHBbIX

Cmandapmu3ayus
nepemeHHbIX

39
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[logroToBKa U aHaNMU3 AAaHHbIX
1.

Bbi6op AaHHbIX 1 co3gaHmne noaBbI6opPokK
(Ymo s paszbusaro Ha Krnacmepbi?)

OTO0p NepeMeHHbIX
(Kakue xapakmepucmuku 06beKmoe 8aXHbl?)

BuayanbHbi aHanma gaHHbIX
(Kakou gbopMbl Krnnacmepbl U CKOJSTbKO UX?)

CTtaHoapTmsauns nepeMeHHbIX
(CpasHumbl 1u macwmabsbl rnepeMeHHbIX?)

TpaHcdopmauunsa NnepeMeHHbIX
(lepemeHHbIe koppenupyrom? Knacmepbl He cghbepUyHbI?)



PROC STDIZE

O6bwmnn Bug npouenypbl STDIZE:

PROC STDIZE DATA=SAS-data-set
METHOD=method <options>;

VAR variables;

RUN;

OndaTb CPAaBHUBAIOT alle/IbCUHbI U CJ/IOHOB?

" XBaTHUT 3TO TepneTh!
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N
becuncneHHble MeToAbI CTaHAAPTU3ALMM

METHOD |LOCATION SCALE

MEAN mean 1

MEDIAN median 1

SUM 0 sum

EUCLEN 0 Euclidean Length

USTD 0 standard deviation about origin
STD mean standard deviation

RANGE minimum range

MIDRANGE |midrange range/2

MAXABS 0 maximum absolute value

IQR median interquartile range

MAD median median absolute deviation from median
ABW(c) biweight 1-step M-estimate |biweight A-estimate
AHUBER(c) |Huber 1-step M-estimate |[Huber A-estimate

AWAVE(c) |Wave 1-step M-estimate |Wave A-estimate

AGK(p) mean AGK estimate (ACECLUS)
SPACING(p) |[mid minimum-spacing minimum spacing

L(p) L(p) L(p) (Minkowski distances)
IN(ds) read from data set read settings from data set "ds"
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The best of the best of the best!

.
becuncneHHble MeToAbI CTaHAAPTU3ALMM

7 GSas | B,

METHOD |LOCATION SCALE

MEAN mean 1

MEDIAN median 1

SUM 0 sum

EUCLEN 0 Euclidean Length

USTD 0 standard deviation about origin
mean standard deviation
minimum range

AXA
IQR —— ST AU T T
MAD median median absolute deviation from median
ABW(c) biweight 1-step M-estimate |biweight A-estimate
AHUBER(c) |Huber 1-step M-estimate |[Huber A-estimate
AWAVE(c) |Wave 1-step M-estimate |Wave A-estimate
AGK(p) mean AGK estimate (ACECLUS)
SPACING(p) |[mid minimum-spacing minimum spacing
L(p) L(p) L(p) (Minkowski distances)
IN(ds) read from data set read settings from data set "ds"




GSas | Hs.

IloaroToBKa U
pa3Bea04YHbIV AHAJIU3
JAAHHBbIX

TpaHcopmayus
nepeMeHHbIX

44
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[logroToBKa U aHaNMU3 AAaHHbIX
1.

Bbi6op AaHHbLIX 1 co3gaHme noaBbI6opokK
(Ymo s paszbusaro Ha Krnacmepbi?)

OTO0p NepeMeHHbIX
(Kakue xapakmepucmuku 06 beKmoe 8axXHbl?)

BuayanbHbI aHanma gaHHbIX
(Kakou gbopMbl Krnnacmepbl U CKOJSTbKO UX?)

CTtaHOoapTusauymst nepeMeEHHbIX
(CpasHumbl 1iu Mmacwmabbl nepeMeHHbIX?)

TpaHcopmMauunsa NepeMEHHbIX
(lepemeHHbIe koppenupyrom? Knacmepbl He cghepUyHbI?)



PROC ACECLUS

O6bwmn Bug npouenypbl ACECLUS:

PROC ACECLUS DATA=SAS-data-set <options>;
VAR variables;

[«]
° Oo%) ©
o 0
0 & .0
0?2 gDOO@O &
009’
o SRaREGS %
O%Ii@ 0 ® &
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Ca % Ko %
oo%% % &
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00 . 000 o
Pq §oo9 @
» P00
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o
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o

[Oo ACECLUS
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Osas

PROC ACECLUS

Proposed K-Means Solution (Pre-ACECLUS)
1.0 1 o

I]B

0.4

0.2 1

0.0 - -+
0.0 0.z 0.4 0.6 0.8 1.0

[Cluster o1 + 2|
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PROC ACECLUS

48



Partitive Clustering

49



Partitive Clustering

Anzopumm K-Means

50



Partitive Clustering: optimization
m Knacrtepusauunsa pasgeneHmem onTMuMmmnsnpyeT
HEKOTOPYHO WTPpadHY0 QyHKUKUIO, HAanpumep:
— MeXKnacTepHoe pacCcTossHue
— BHYTPUKNACTEPHYIO OOHOPOAHOCTbL (MOXOXECTb)

Partition 3
Partition 1

Partition 2

Error

51



CemencTBa anropuTmoB

 OnTuMmanpytoine ecteCTBeHHbIN KpUTepum
rpynnupoBkm(K-means)

m [lapameTpuyeckoe ceMencTBo anropmTMoB
(Expectation-Maximization)

m HenapameTtpunyeckoe ceMencTso anroputMoB
(Kernel-based)

52
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Kputepuun ecteCTBeHHOWN rpynnupoBKK

m [lonck Hanny4wero pasdoneHns MHOXXecTBa OOBLEKTOB Ha
KrnacTepbl MOXHO MPakTUYeCKn Bcerga MOXHO CBECTU K
onTUMM3aLUUN KPUTEPUA eCTEeCTBEHHOUN FPYrNnUpPOBKMU:

— MakcmmunsnpoBaTtb MeXKnacTepHy CyMMy KBagpaToB
PACCTOAHUN, UK

— MWHUMN3NPOBATL BHYTPUKNACTEPHYIO CyMMY
KBaZpaTOB PacCTOSHUA MexXay o0bekTaMu.

m Bonbluoe MexknacTepHoe paccTosAHNUE rOBOPUT O XOPOLLIEN
pa3geneHHoCTU KnacTepos

m Manoe BHyTpuknactepHoe pacctodHne — npusHak
OAHOPOAHOCTN OBBLEKTOB BHYTPU rpynnbl

53
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Cross-Cluster Variation Matrix

W, W W
W21W22W23 .
Wiy WaoWas...
............... W

nn
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The Trace Function

trace(W) = \/ZSS(W);- = (EJZ(% -¢)

m

m Trace summarizes matrix W into a single number by adding
together its diagonal (variance) elements.

m  Simply adding matrix elements together makes trace very
efficient, but it also makes it scale dependent

m Ignores the off-diagonal elements, so variables are treated
as if they were independent (uncorrelated).

m  Diminishes the impact of information from correlated variables.



Basic Trace(W) Problems

ccccc

.......

...............
L -

.. S9e® © .0.‘ Spherical Structure Problem

o = Because the trace function only looks
0 at the diagonal elements of W, it tends
% ] .~ .

o F DDDEl ogg 0 to form spherical clusters

.......................... o- P = Use data transformation techniques

Similar Size Problem . e e

$ .‘: ... '.'."'. ? o © ",

m Trace(W) also tends to produce o ce © ° . O™
clusters with about the same ie © oo ‘- . DE'DE'
number of observations Y .: .. °

= Alternative clustering techniques ., ® ® ° °ii o .
exist to manage this problem. el oA
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Partitive Clustering

Anzopumm K-Means
PROC FASTCLUS

57



The K-Means Methodology

The three-step k-means methodology:

1. Select (or specify) an initial set of cluster seeds

58



59

The K-Means Methodology

The three-step k-means methodology:

1. Select (or specify) an initial set of cluster seeds

2. Read the observations and update the seeds (known
after the update as reference vectors). Repeat until
convergence is attained



The K-Means Methodology

The three-step k-means methodology:

1. Select (or specify) an initial set of cluster seeds

2. Read the observations and update the seeds (known
after the update as reference vectors). Repeat until
convergence is attained

3. Make one final pass through the data, assigning
each observation to its nearest reference vector

60
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k-Means Clustering Algorithm

1. Select inputs.
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B (SR es.65aS ==
k-Means Clustering Algorithm

2. Select k cluster centers.
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3. Assign cases to closest
center.
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4. Update cluster centers.
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5. Reassign cases.
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4. Update cluster centers.

6. Repeat steps 4 and 5
until convergence.
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5. Reassign cases.

6. Repeat steps 4 and 5
until convergence.
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4. Update cluster centers.

6. Repeat steps 4 and 5
until convergence.
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5. Reassign cases.

6. Repeat steps 4 and 5
until convergence.
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6. Repeat steps 4 and 5
until convergence.
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N
Segmentation Analysis

When no clusters exist,
use the k-means algorithm
to partition cases into
contiguous groups.
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The FASTCLUS Procedure

General form of the FASTCLUS procedure:

PROC FASTCLUS DATA=SAS-data-set
<MAXC=>|<RADIUS=><options>;

VAR variables:

RUN;

Because PROC FASTCLUS produces relatively little
output, it is often a good idea to create an output data set,
and then use other procedures such as PROC MEANS,
PROC SGPLOT, PROC DISCRIM, or PROC CANDISC to

study the clusters.
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The MAXITER= Option

s The MAXITER= option sets the number of K-Means
iterations (the default number of iterations is 1)

Time 4 Time ; Time |,

73



The DRIFT Option

The DRIFT option adjusts the nearest reference vector as
each observation is assigned.

Time Time , Time ,
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The LEAST= Option

The LEAST = option provides the argument for the
Minkowski distance metric, changes the number of
iterations, and changes the convergence criterion.

default EUCLIDEAN
LEAST=1 CITY BLOCK 20 .0001
LEAST=2 EUCLIDEAN 10 .0001

75
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What Value of k to Use?

The number of seeds, k, typically translates to the final
number of clusters obtained. The choice of k can be made
using a variety of methods.

m Subject-matter knowledge (There
are most likely five groups.)

m Convenience (It is convenient to
market to three to four groups.)

m Constraints (You have six products
and need six segments.)

m Arbitrarily (Always pick 20.)
m Based on the data (combined with
Ward’s method).



Gsas
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Problems with K-Means

He Bcerga ontumanbHoe NMnoTHOCTL BLIOOPKN?
pa3bueHue npocTpaHcTBa HeT, He cnbiwan!
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Grocery Store Case Study: Census Data

Analysis goal:

Where should you open new grocery store locations?
Group geographic regions based on income,
household size, and population density.

Analysis plan:

m Explore the data.
m Select the number of segments to create.
m Create segments with a clustering

procedure. |
m Interpret the segments.
m Map the segments.

78
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K-Means Clustering for
Segmentation

This demonstration illustrates the concepts
discussed previously.
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Partitive Clustering
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Parametric vs Non-Parametric Clustering

Expectation-Maximization (+) Expectation-Maximization (-)

[ - .
S O R ¢ R ¢ R R RN N | S | D S - G ¢ R R § N - |

[TapameTpunyeckme anroputmbl Nnoxm Ha density-based knactepax
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Developing Kernel Intuition

Modes

kernel 1d Function plus low-variance nction
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Advantages of Nonparametric Clustering

m |t still obtains good results on compact clusters.

m Itis capable of detecting clusters of unequal size
and dispersion, even if they have irregular shapes.

m Itis less sensitive (but not insensitive) to changes in
scale than most clustering methods.

m It does not require that you guess the number of
clusters present in the data.

PROC MODECLUS DATA=SAS-data-set

METHOD=method <options>;
VAR variables;
RUN;
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Significance Tests

m If requested (the JOIN= option), PROC MODECLUS
can hierarchically join non-significant clusters.

m Although a fixed-radius kernel (R=) must be specified,
the choice of smoothing parameter is not critical.
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Hierarchically Joining
Non-Significant Clusters

This demonstration illustrates the concepts
discussed previously.
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Mumber of Clusters Joined =0

1.0 -

| The 5GPanel Pro

Mumbier nfr:luste‘rs Joined =1
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Mumber of Clusters Joined = 2
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Hierarchical Clustering

Stock Dividends

Cluster Solution
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The CLUSTER Procedure

General form of the CLUSTER procedure:

PROC CLUSTER DATA=SAS-data-set
METHOD=method <options>;
VAR variables;
FREQ variable;
RMSSTD variable;
RUN;

The required METHOD= option specifies the hierarchical
technigue to be used to cluster the observations.
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B $ 4. §S3S |
Cluster and Data Types

Hierarchical Method Dllgtea;nucireelggta
Average Linkage Yes
Two-Stage Linkage Some Options
Ward’s Method Yes
Centroid Linkage Yes
Complete Linkage Yes
Density Linkage Some Options
EML No
Flexible-Beta Method Yes
McQuitty’s Similarity Yes
Median Linkage Yes
Single Linkage Yes
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The TREE Procedure

General form of the TREE procedure:

PROC TREE DATA=<dendrogram> <options>;
RUN;

The TREE procedure either
m displays the dendrogram (LEVEL= option), or

m assigns the observations to a specified number
of clusters (NCLUSTERS= option).
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Average Linkage

The distance between clusters is the average distance
between pairs of observations.

3 Tdlox)

L |ECK JGCL
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Two-Stage Density Linkage

A nonparametric density estimate Is used to determine
distances, and recover irregularly shaped clusters.

1. Form ‘modal’ clusters 2. Apply single linkage
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The Two Stages of Two-stag

v The first stage, known as density linkage, constructs a
distance measure, d*, based on kernel density
estimates and creates modal clusters.

v' The second stage ensures that a cluster has at least
“n” members before it can be fused. Clusters are fused
using single linkage (joins based on the nearest points

between two clusters).

v" The measure d* can be based on three methods. This
course uses the k-nearest neighbor method.
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Ward’s

Ward’'s method uses ANOVA at each fusion point to
determine if the proposed fusion is warranted.

T e
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| x"’ﬂ
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Additional Clustering Methods

Centroid Linkage . E é
Complete Linkage ﬁ é

Density Linkage = e ‘
Single Linkage
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Centroid Linkage

The distance between clusters is the squared Euclidean
distance between cluster centroids Xxand X,

o Dy = H)_(K ‘)_(LHZ
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Complete Linkage

The distance between clusters Is the maximum distance
between two observations, one in each cluster.

D, =1€CyJeC_maxd(x,X;)

105



Density Linkage

1. Calculate a new distance metric, d*, using k-nearest
neighbor, uniform kernel, or Wong'’s hybrid method.

2. Perform single linkage clustering with d*.
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Single Linkage

The distance between clusters is the distance between
the two nearest observations, one in each cluster.

Dy DKLZiECK jECL min d(Xi,Xj)
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OueHKka pe3yJ/ibTaTOB
KJIAaCTepU3aluu

OnmumasibHoe
KO/1Uu4ecmaeo K/aacmepos
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Interpreting Dendrograms

For interpreting any hierarchical clustering method

change in fusion
level; prefer 3 {

clusters.
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Cubic Clustering Criterion

JW
CCC = |n{1‘E(R )} 2
0

1-R* |(0.001+E(R?)J

m Sarle’s Cubic Clustering Criterion compares observed
and expected R? values.

m [t tests the null hypothesis (H,) that the data was
sampled from uniform distribution across a hyper-box.

m CCC values greater than 2 suggest there is sufficient
evidence of cluster structure (reject the H,).

m Join clusters in local MAXIMA of CCC



Other Useful Statistics

m Pseudo-F Statistics

pop= SNOZD o en e
W/(n — g) MAXIMUM

m Pseudo-T2 Statistics

Wi =Wy - W

(W, =W)=(n +n,-2)
\ Join clusters

If T2 statistics is in local
111 MINIMUM

PST2 =
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Interpreting PSF and PST2

Pseudo-F Statistics
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OueHKka pe3yJ/ibTaTOB
KJIAaCTepU3aluu

IIpoduauposaHue
K/acmepos

113



114

Cluster Profiling

m Generation of unique cluster descriptions from the
Input variables.

= [t can be implemented using many approaches:

» Generate the “typical” member of each cluster.

» Use ANOVA to determine the inputs that uniquely
define each of the typical members.

» Use graphs to compare and describe the clusters

2 In addition, one can compare
each cluster against the
whole cluster population

."?u
%8
e




One-Against-All Comparison

1. For the cluster k classify each observation as being a
member of cluster k (with a value of 1) or not a
member of cluster k (with a value of 0)

2. Use logistic regression to rank the input variables by
their ability to distinguish cluster k from the others

3. Generate a comparative plot of cluster k and the rest
of the data.
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Scoring PROC FASTCLUS Results

1. Perform cluster analysis and save the centroids.

‘ PROC FASTCLUS OUTSTAT=centroids; I

2. Load the saved centroids and score a new file.

PROC FASTCLUS INSTAT=centroids
OUT=SAS-data-set;
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Scoring PROC CLUSTER Results

1. Perform the hierarchical cluster analysis.

PROC CLUSTER METHOD= OUTTREE=tree;
VAR variables:
RUN:

2. Generate the cluster assignments.

PROC TREE DATA=tree N=nclusters OUT=treeout;
RUN:

118 continued...



Scoring PROC CLUSTER Results

3. Calculate the cluster centroids.

PROC MEANS DATA=treeout;

CLASS cluster;

OUTPUT MEAN= OUT=centroids;
RUN:

4. Read the centroids and score the new file.

PROC FASTCLUS DATA=newdata SEED=centroids
MAXCLUSTERS=n MAXITER=0 OUT=results;

RUN;
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Happy Household Study
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The Happy Household Catalog

A retail catalog company with a strong online presence
monitors quarterly purchasing behavior for its customers,
Including sales figures summarized across departments
and quarterly totals for 5.5 years of sales.

s HH wants to improve customer relations by
tailoring promotions to customers based on
their preferred type of shopping experience

m Customer preferences are difficult to ascertain
based solely on opportunistic data.



e §Sas | X
Cluster Analysis as a Predictive Modeling Tool

The marketing team gathers guestionnaire data:
m |dentify patterns in customer attitudes toward shopping

m Generate attitude profiles (clusters) and tie to
specific marketing promotions

m Use attitude profiles as the target variable in a
predictive model with shopping behavior as inputs

m Score large customer database (n=48K) using the
predictive model, and assign promotions based on
predicted cluster groupings
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Preparation for Clustering

1.
2.
3.

Data and Sample Selection

Variable Selection (What characteristics matter?)
Graphical Exploration (What shape/how many
clusters?)

Variable Standardization (Are variable scales
comparable?)

Variable Transformation (Are variables correlated?
Are clusters elongated?)
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Data and Sample Selection

A study is conducted to identify patterns in customer
attitudes toward shopping

Online customers are asked to complete a questionnaire
during a visit to the company’s retail Web site. A sample
of 200 complete data questionnaires is analyzed.
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Preparation for Clustering

1.
2.
3.

Data and Sample Selection (Who am | clustering?)
Variable Selection

Graphical Exploration (What shape/how many
clusters?)

Variable Standardization (Are variable scales
comparable?)

Variable Transformation (Are variables correlated?
Are clusters elongated?)



Variable Selection

This demonstration illustrates the concepts
discussed previously.

clus06d0l.sas
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What Have You Learned?

Three variables will be used for cluster analysis:

HH5 —— | prefer to shop online rather than offline

HH10 — 1 believe that good service is the most
Important thing a company can provide

HH11 —— Good value for the money is hard to find
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Preparation for Clustering

1.
. Variable Selection (What characteristics matter?)

2
3.
4. Variable Standardization (Are variable scales

o1

Data and Sample Selection (Who am | clustering?)

Graphical Exploration

comparable?)

Variable Transformation (Are variables correlated?
Are clusters elongated?)
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Graphical Exploration of
Selected Variables

This demonstration illustrates the concepts
discussed previously.

clus06d02.sas
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Preparation for Clustering

1.
2.
3.

Data and Sample Selection (Who am | clustering?)
Variable Selection (What characteristics matter?)

Graphical Exploration (What shape/how many
clusters?)

Variable Standardization
Variable Transformation



What Have You Learned?

v’ Standardization is unnecessary in this example
because all variables are on the same scale of
measurement

v Transformation might be unnecessary in this example
because there is not evidence of elongated cluster
structure from the plots, and the variables have low
correlation.
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Selecting a Clustering Method

m With 200 observations, it is a good idea to use a
nierarchical clustering technique.

m \Ward's method is selected for ease of interpretation
m Select number of clusters with CCC, PSF and PST2

m Use cluster plots to assist in providing cluster labels
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Hierarchical Clustering and
Determining the Number of
Clusters

This demonstration illustrates the concepts
discussed previously.

clus06d03.sas
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Profiling the Clusters

m There are seven clusters
m There are three marketing promotions

m Determine whether the seven cluster profiles are
good complements to the three marketing promotions

m Otherwise try another number of clusters
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Profiling the Seven-Cluster
Solution

This demonstration illustrates the concepts
discussed previously.

clus06d04.sas
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What Have You Learned?
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What Have You Learned?

Cluster 1. High on HH5, HH10. Label: Discrimmating online taste
Cluster 2. High on HH10 and HH11. Label: Savings and service
Iplus’[-zzr 3. Low on HHS and HH11. High on HH10. Label: Values in-store service
Cluster 4. Low on HH5, HH10, High on HH11 Label: Seeks in-store savings
Cluster 5. High on HHS, Low on HH10 and HH11 Label: Reluctant shopper, on-line
Cluster 6. Low on HHS5, HH10, HH11 Label: Reluctant shopper, in-store

Cluster 7: High on HHS5, HH11, Low on HH10 Label: Seeks on-line savings
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What Will You Offer?

Offer 1. Coupon for free
shipping if > 6mo since
last purchase

Offer 2: Fee-based
membership in exclusive
club to get “valet” service,
personal (online) shopper.

Offer 3: Coupon for product
of a brand different from
previously purchased.

. Discriminating online

tastes

. Savings and service

anywhere

. Values in-store service
. Seeks in-store savings
. Reluctant shopper,

online

. Reluctant shopper,

In-store

. Seeks on-line savings
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What Will You Offer?

Offer 1. Coupon for free
shipping if > 6mo since
last purchase

Offer 2: Fee-based
membership in exclusive
club to get “valet” service,
personal (online) shopper.

Offer 3: Coupon for product

of a brand different from
previously purchased.

. Discriminating online

tastes

. Savings and service

anywhere

. Values in-store service
. Seeks in-store savings
. Reluctant shopper,

online

. Reluctant shopper,

In-store

. Seeks on-line savings

Offer will be made based on cluster classification
and a high customer lifetime value score.
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Predictive Modeling

The marketing team can choose from a variety of predictive
modeling tools, including logistic regression, decision trees,
neural networks, and discriminant analysis

Logistic regression and NN should be neglected because of
the small sample and large number of input variables

Discriminant analysis is used in this example

PROC DISCRIM DATA=data-set-1;
<PRIORS priors-specification;>
CLASS cluster-variable;

VAR input-variables;
RUN;




GSas | Hs.

Modeling Cluster Membership

This demonstration illustrates the concepts
discussed previously.

clus0605.sas
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Scoring the Database

Once a model has been developed to predict cluster
membership from purchasing data, the full customer
database can be scored.

Customers are offered specific promotions based on
predicted cluster membership.

PROC DISCRIM DATA=data-set-1
TESTDATA=data-set-2 TESTOUT=scored-data;
PRIORS priors-specification;
CLASS cluster-variable;
VAR input-variables;
RUN:;




Let’s Cluster the World!

143



