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This study aims to perform customer segmentation by utilizing clustering in machine
learning based on RFM model and by using Text Analytics that consists of two main methods, as
follows: (1) customer segmentation based on the RFM analysis Model Two. The process of customer
segmentation was based on the RFM analysis model and Text Analytics operations with the NLTK
(Natural Language Toolkit). This research used transactional dataset which contained all of the
transactions occurring between 01/12/2010 and 09/12/2011, for a UK-based and registered non-
store online retail with sample of 541,909 rows from UCI Machine Learning Repository. The results of
the two methods were compared using clustering performance indices (adjusted rand index =
0.5116 and normalized mutual information = 0.3646) and the confusion matrix showed that the two
methods were inconsistent. The results showed that the clusters obtained from customer
segmentation were based on the RFM analysis model and Text Analytics method, which revealed
insight on both the potential of customers based on RFM features, as well as the characteristics of

the order in the clusters which was not present when using only RFM features alone.

Keyword : Customer Segmentation Text Analytics Machine Learning Clustering RFM Technique



naenssNUsznA

anstinusiid1idaganslifaamnueyasziain A9 A3a9W A MEINYIA 81a9EM
dl v o o o o a ' o k4 a2
e AliAEnmn Auuziihlunisinanstinus aaesauatiuayudeyanidainig
BNITUVBLNIEADIANIENITNNNTABLANTHNUS N IA T AUz LAz daIauauue
gusunnsdfudgeansiinus uaznisldinelinnisFaufrecesesiduirsasiialunisdmsyid
wazuitlatfoymnisdayasalil
2NIILVBLNIZANS LUTATNENAY NI INENARIATUATUNIL 1B AL UATIIALLY
o a o o a = o w v ¢ © a o 13
nisinananasuIdnrediuanAne M liladszauntsalinaueansinus uazls
n:ll % v = a & a & v a =l v
wanilagumninedumatulag anlnAans peufomes kaznisldinatianisauiues

=
LATEN

wniFen luan



A19100y

v
1®UI

LMARRBNNINIIE oo g

LNAREBN T VEINE oo q

LTI T S =22 Lal PR UURRRSSS !

BVTITEL oottt i

Al TN WA Lo o N OO ™

AVTUEUTLNI NI oottt 3
4 .

NN 1 U ... W i ok, SN e MR 1
(RIRTUTEY Py o B B TP DO TR — 1
1.2 AT TNHN AR VST BIIVUTREL oot 2
1.3 AVTHBVATYTBINNTVREL oot 2
1.4 URLUBPITBINVTVRE oot et et ee et et et et ete e et et es et et eeetae s et et et et et e eeee e e eeeses et eeeeeeens 2
1.5 NTALEUIRA FIITIDAE! .ot e e et e e et e e s e, 3
1.6 BNNAFIUIUNNTVE 1o 4
~ a0 o o B

UNN 2 LANATTUAZINVUIRLTIALIYB o er ettt ettt e e ettt eeeeee e eeenenns 5
2.1 NTULNNANGNAT (Customer SEgMENtation) ............c.crvvrrverreernieereeneieeseee 5

o acf dl o 1 ¥ . .
2.2 @@ﬂmﬁwisﬂummmﬂzgm@wmga (Clustering Algorithms) ........ccoeveevvieiiieecie, 6
2.3 nsafailimesuduaziaiaasildinaadas (Feature Engineering) ......o.oveeveeene.., 7
2 4 NNTATITdaAINN (Text ANAIYSIS) ..o 7
a o dl -dl v o 1 1 Y v [ % aR dl o 1 ¥

2.5 assnngadeiunisuingugnAanadanesani kM lunnsennguuestaya ... 7
dl aal o a a o

LTI B B A I I T TR oottt ettt e ettt 11

3.1 NTEUAWNNTNNNUABILLLIRVAB . voveeeeeee e 11



3.2 NM9ALIILIINTRYA ATIRNRDUTBLA WATNANTDINTBLA ..o, 12
3.3 NIUUaeTay AN IEIINITFRLIVLIVN oo 23
3.4 NMIIAINEULRYAAELNATANNTULINGNTBLA ..o, 28
3.5 NM9IAUILANTNINUDINARNEANNNNTIATVEVTDYA ..o 29
UNT 4 WANITANTINUTRE oo 31
HAANEUBINITAANGNAVNATABVFIENUEN ..o 31
o & o 1 % a o < a [
HAANEYBNNIFIANGNAELNATALTNENUAZN1TUATIEHTBAIIN oo 33

HAANSAINNIRLFELWEUTEINNNIdANgN A aTina e nuazN19dANgNsaY

WATABNTAWANLAZNNTIATIEATARINN ..o, 35

dl a o a v
NP 5 49LNANITINE DAUTVEHA WATTBAUBIUE oo 36
ATUNANNTVREL oottt et 36
B L T VI BNIYTIRE vttt e et e ettt 36
BB L I B LI v et 39
ussnaynsy . . T Sl T T S e O W 40
AaNun........ .. e . . Sanal¥?. s A . . 41



AN9UTUA519

AN T BB VGTRR Y oo 26
1 . dl al a a o

A19714 2 A1 Silhouette score WNBLLELLLNEUUIZRNBANVNILILRVAB «.voeeeeeeeeeeee 29

A1974 3 A1 Silhouette score NBLLFLNLUUILRNSAVNEANDINN «oooveeoeeoeeoee 30

A13719 4 A1 Adjusted Rand index WagA Normalized Mutual Information........................ 37

BINTI 5 AN CONFUSION MBLIX .. v 38



d19inyglnn

NINUTZNBL 1 WAAINTTLAUNITANIUIBIMLILRVRDY . 11
aa rai Y o o v o

NNUTENAL 2 WAAAWANYNTTAFN LEAUTUATIULLAIBL. o 12

ndseney 3 Fvat oy TEANMFUATIMUUAIABY oo 13

nidsenay 4 uanssnatinalAntnd Tugad AN dAN M LATINUMULANA8S oo 13

nilsznay 5 uaassnatngidnindn Inadeyauazdeyanlddmiuaiauunsiaes ... 14

NNUIENAL 6 WARIANATAYDITBHAWAATADAN ..o 14
anilseneay 7meﬁfmm\11uzﬁl"q%ﬂﬁgﬂLLﬁ’lﬂJ .................................................................... 14
Awdszney 8 LL@mﬁqamﬂuzﬁ'ﬁ%@ﬁgnﬂﬂ@ﬂ ................................................................. 14
NNUgEnan 9 uAAIANATALATTaNATANIBIUAALADAN . .......coooovoeeece 15
NNUgENaU 10 LAAIANATALAZT DY AITIANTDIWANZABAN. ...oooooooooo 15

o <3

nnilsznay 12 LaAIN1IRTAReLNIINTEAETRyATaIARAN TN Te Ui uludd

G T R ia Ve S e L WO 16

NNLUIENAL 13 WAANNITATIRADLNNINIZANLTDYAVBIABANUITUINRUIN TWAgNAUAY

T e e 16
ndsznay 14 waaeniInIvaaeUniInszanadeyatecusaziuludlniiazioan ... 17
NNLTENAU 15 LAAINITILATIEWANANNUTURIUAALADAN ..oooveeeeeeeeeeeas 17
NNLFENAL 16 WAANNITATIAADLTRYAGTUNILVBIUAATABAN ..o 18
AINLTLNAU 17 WAAINNTERBNIVINDR ..o 19

AWUTZNEL 18 WAAIMHIAT O oo s s 19



DANUTZNEL 19 WAASHNIAT 1 ooovoooeieees e 20
DAWLTENDU 20 WARASKHIAT 2 ..o 20
A
AYNUTZNBL 21 WAASURIAT 3 oo 21
ndseney 22 uaaenisulasday @ WA oo, 23
NINUFENAU 23 WAARTOYATORUAN .....ovvooooee s 23
NNUgENaU 24 ULAAINNFUUAITARATARUAT ...ooooo oo 24
nndsenay 25 LAAINNFUUAITANATARUA (FB) ......cooovvvoeeee s 24
NINUILNAL 26 LAAN ACtive POPUIAHION RUIES ..ottt 25
NINUTENBU 27 NFELIUNITIATIEVITBAIIN oo 26
o 1 ¥ o & N [ dl % a %
ndszneu 28 FetNTayANAANELRINNIIATIEULRAININGATNNANEUAT ............. 27
nnsenay 29 Fatatey a1 ANGNANATABIFIENLEN ..ooooooors 28

nntlsznay 30 Fetedeyan1sAnNgNARLATANRaWLENFINALMATATIATIZW

famu ... W o MR L . o 29
NNsEnay 31 FNetinaleyAN1IAANANARINATABNFIANEN - .oooooos 31
nndsenau 32 N9 Elbow Method Tun13uwaen Optimal cluster number..................... 32
nndsenau 33 N9 Silhouette Analysis 11n1911AY Optimal cluster number ............. 32
NNFENAL 34 FNRLNIUARNENIIANGNAENATABITIONEN oo 33

ndsznau 35 Fivetedayan1saanguattinatinanfiaianlaznIAzitanIn .. 33
niszneay 36 N9 Elbow Method l1n1311A Optimal cluster number.................... 34
A ndsenau 37n379 Silhouette Analysis Tun1311AY Optimal cluster number ............. 34
ndsznay 38 At araaNENIIaANgNAtATiABfflanidNLazNTIAIITTaAYN 35
Amilszney 39 Qm@uﬂ’ﬂmwmLwi@mﬁmmﬂmmuﬁmmﬁ Tt 38

NNUgENaU 40 AAAUTNANTBIUEATARALADFIUMULIANABN 2 ooooovoe, 39






UNN 1

UNU

1.1 DANARY
laqiiunisaainasialuduyuinsudasulladnesaniiauazuansdigldainnigyin
a 1 QD a ] U ¥ dl v dl o ¥ 1 U X A
panaluanRaeNALLITY NsutngugnAn WaliarunsndeansiugnAtusaynguasd

dl dld ' [ IS o o o
;.]“1_] wuuN1saedN RN aLanFfeiuean b memmmrﬂmmﬂiumswmmim LA

v o

a & o g v ° o A = a
qInNan ﬂwﬂwmmu, AMNIZEANCAN LLﬂzLﬂum[ﬂLﬂuN@ﬂu Walndsz@ansnanlunig

ANTUNANTTNNINNITAAA

2 1

o I . aa o dl ¥ dld
NITAANYNYN AN (Customer Segmentation) LﬂuQﬁﬂﬂﬁ"ﬂmﬂ@NTmﬂwngﬂﬂﬂmm

u Q

'
¥

a v a o = A o o 1 a o ! aa a 1
WE]GIﬂﬁ“J‘NELﬂ@Lﬂﬁlﬂﬂuﬁﬁ"ﬂLMN@UﬂM@ZQﬂQﬂVL'ﬂuﬂ@‘NLﬂEl')ﬂu @Qu@]ﬂﬂWWNWQMﬂﬁ‘?NLLﬁmﬁﬂ\i

v o

wiraldmdlauiufazgnanldauazngu n1sdangugnAma ligsnaausnnsuiNan e

u
1

wsangAnssNaeegnAresneslulsazngnls Wagsfadilangfnssurdeanmnizany

anAluusaznguiazainisiaueduA1TaLTNRsIFaNgANTINTR3gn Al lA wanidn

a

a o a A oy = o : o =y i = V=
mATARAALRE3ITaN T TRuiIaATasszinnnNsAAngNTastays NdH Target vivalid
L% o a‘dJ dl k% o 1 v o v 1 1
FuuiLeInadns aatlulnamenldldnisdnnguassdeya azinliaruisaurianguues
HARAUTTENANLTzasAeIgnAN 1Y uazdhatunsndiunlsegnaldiunisvinen wlu

1 ' Y & QI ! a2 £ :j/ a d?J v 1 = a a [ 3 a o d”d
wiaeusne i fastisdauasulinuiupinauldet el lss@nian Aulueuiddeiag
=2 asl ' I 1 ¥ d’j a v s a Ty a
AneAaNITuLNNgNgnANaINTayan1sTa It AuAN e ldian19atAs TR A HKATINATIA

= v dl o 1 1 dl o o rdl v a & a
nM7EeufravATe dszinnnisdnnguaesdesa iatiuadnsn liundinssvinginess

gnAuaznmualunagniniansmainsiaelyl

13

o P~ ~o o Ly PRpes A o o ' = .o
LLNQWQ%N\TWH'JQEQWHQHIINH@H V]ﬂﬂﬂqLﬂﬂQﬂUﬂq?QWﬂ@‘N@ﬂﬂq NI1TANTIURATUU

u

1 1 ¥
Y o 1 v

anautiu 2 uwaneliun uwanien 1 gAnmazendedayaannludide iednngudeya

TneanAuANARILARITUINAUATNASTaD9gNATLARZ N @21 luuuINIeh 2 HAnEN

U

azdnngulngaidauuuanaasanfianion dadunisdnngugnan InasaiuunainAnann

293gnAtiusuusaIaesenfienidn Inednsnziannludsie nasuanguidui anannline

1 3 ¥ Y o ] v =2 -dl 1 9 o
1N@WNW?QN@QLMuﬂ’WWﬁ’JN‘Hﬂﬂ@Jﬂﬂ”ﬂﬁ"ﬂ@LQUIHVJﬂﬂLLQHNi@@W@ TunsFnENNILNN HIat

AagnsaangugnAn Tnuendadeyaainiivaasdou duldun dayanisdazafuanluludy

4
] o y A

@a fanfunisldunuanaasanfianidy nadadnaninaesgnan dilsenausanni iam

wuanavlunisafreuuuanaeinisdnngugnan e liilss@nsnnlunisdangngegn



'
5 o & o o ¥ a

wananil lunisanssideyanisdsmedudn luludsse fadedeldinalianisdnsiey

kY]

v ! % dl 1 o 5 a v dl v o o 1 4 1 =
WAAITNTINAIE mewlummmﬂqmum LW@IMLLUU“’Q’]@@\‘]@WN’]?Q@ﬂﬂ@ﬂiﬂﬂﬂ’]ﬂﬂﬂfl’m

WHUENNINAL

1.2 AURINNLURINUIRE

v 24
o Yo A

Tun1s3deasaligade laraaausmune 46l

]
%

= \ ! PRy a o = o A = o L
1.2.1 LW@LLUQﬂQN@]ﬂﬂ’]WNWQWﬂ??NIﬂ@Lﬂﬂ\‘]ﬂu‘wﬁ‘ﬂL‘V]N@uﬂuﬂ@ﬂLfluﬂQNﬂﬂﬂ Iﬂﬂ
1\wnAiia Machine learning Wil Unsupervised Learning U3eian Clustering
d‘ = 1 o ¥ da/ a ¥ dld [ [ % 1 1
1.2.2 LW@ﬂﬂ‘]ﬂquqmqLLﬂﬁ‘I@Ium@H@ﬂq?sﬁ@ﬂ’]ﬂmuﬁqVINﬂ'g'”\l@ﬁl Q_Jsluﬂ’]ﬁ‘LL‘U\‘]ﬂ@‘N
b2
ANAN
L)
dl = v v lﬂl o/ 1 1 v 1 1
1.2.3 1adAauiaanadr lafaafunisulangugnAungueas (Customer
Segmentation)

1.2.4 NIIUDIMANNITUR98AN83oH K-means N&18170 1491 Clustering Model 14

waza1d1rnun I 1 s lamilunisinse@nsnnluni12a Hunan 238N 19N AR

1.3 ANAIATYURINISIAE

¥ 1
a o Ak v A

NdeiAnEINsuLangugnAIRng Anssn IndAesiuvisamleuiueaniungy
elael Tneld Machine learning Wuipsasiladuiuafisuuuaiaaslunisuiengugnan wu

v
Unsupervised Learning tlsz1nv Clustering naaasnudaganissaana@uaasiiiuaiian

6

Tutszinadanguninaaulugosiui 1 8.a. 2553 04 9 5.A. 2554 Usznaudae 8 wanvsos

= o Y 4
LAZNANUIUABYAYNUNA 541,909 LAD

1.4 YRULUAUDINIGAAE

1.4.1 Uszgnsnldlun1sias

¥

dg/ a v % 2 a [ dl a dg/ 1 [ -dl
pyanTsme118duA1vesiurlanludsmaAgangeiniinaulugdaeiun 1 9.0
2553 014 9 5.A. 2554 sznausian 8 Lenyistios Hauudayansuum 541,909 uaa

1.4.2 NNAIRENINLE LUN15IAE

¥ dg/ a ¥ ¥ ¥ = o dl a dg/ 1 o dl
ayanTsme118dur1vesiurlanludsmaAgangeniinaulugdaeiun 9 9.0
2553 119 9 5.A. 2554

1.4.3 AausnAnE

[ %

o a = = -dy
1.4.3.1 Aul7d7e Nauazlaaamail



12

1.4.3.1.1 dayagnen

a

- SUAQNAN
- dszmAignaiandel

u

1.4.3.1.2 Tayadue
- SUARLAN
- FRRUAN

k% ]

- PIANABANBIANLNE

©

'
o

1.4.3.1.3 Tayaluds

=3

f

©

1
o

=
- AN ludy

=)

f

- Juipawd wazinanluludsta

1 1 ¥
v ] =< o

o a dld” )
- AUIUAUAN TR A YU TuATEe

1.5 NTALLUIAA LUINUIRE

1
4

a o dﬁld ] { aa a v o A A o |
QW‘H"J@ﬂuﬂﬂHWﬂW?LLUQﬂQNQﬂﬂWWNWQlﬂﬂ?ﬂﬂ,ﬂ@Lﬁﬂﬂﬂuﬂ?'ﬂL‘Vill‘ﬂuﬂuﬂ‘ﬂﬂl,ﬂuﬂqm

tlael Tneld Machine learning Lutesesiaduiuainquuuanaaslunisulengugnan tng

¥

491 a % % v = o dl a dgl 1 o dl =S
ﬂH@mieﬁ@mWﬂaummmﬁ"mmﬂ@ﬂuﬂizmﬂmﬂqw‘mmmﬂummuw 149.A. 2553 09 9
6.A. 2554 Usznavsag 8 uanyistag danuiudeyanauun 541,909 una Inadayaavgniiu

Tugduuumngne aantuasld Machine learning 1 ufluiAzadiiadas a519uunANa0LNe

]
Yy =K A ¥

uienguanAl da@auaan 11 lilsunsy Python Taald matiannsaanisiaes 2 uuiy Aa

nsaraillmasludnaemaiinanfianiduiaziniiaasildinaadas (Feature Engineering)
N9 TRAINN (Text Analytics) wazldmatia K-means 11n1391 Clustering Wia 11

o A a | | Y ad o o X | !
LLLI‘]_I@’]@@\W]Nﬂiz@ﬂﬁﬂﬂwsl,unﬂﬁ‘LLU\mqum Imﬁlﬂﬁ‘:ﬁﬂ'ﬂutﬂmq;ﬂ 2 I0VANAIU 1) ﬂq?LLUQﬂQN

Y v a & < 1 1 v a -3 < a [ 5
ANALINATARTIAN LAY 2) NITULLNNQNAIELN ARARNTIANLANLAENITAATIETAAIN

)
) R

waulanazilFaunaunarasnisdnngulaeldniaasildanmatinanflanidunay
a a cY o = o o 1 2= o‘d‘ ¥ a o
mATAdAITTTaA KN TNY nFauauiun1sdangulaeldninasi ldanmaiinens

LA



1.6 ANNAFIUIUNTIAE

=

) dl v 2 o aR = a a dld dld
1.6.1 WULANABNATI9A88aN850N K-means Hilsc@nsninin sz lunsing
AundayaNIN LazdauIunguTan NsAANgueAaL K-means a1aazAuandld 59N
P
UL
1.6.2 n1314 Feature Engineering Naud 5194t uanae4n1 i L uanaa9n

sz@nsnmiiandinisaiauuuataeei ldidumen Feature Engineering

|
a % =

1.6.3 wann3baaeduAi Wenunnmmzdaniuannsnasiaduilinesivd 7

1 v % = o a % dl QI/ d” % ] %
TBAURENDUAINARNEARINUARIAUATNAITRURANIQN ’]LL[?]ZW?”IE1®

a

1.6.4 35n199nAnguAEmATABTflanlENLazN1TIAT AN LsEANE NN

a [

= 1 aa o { v [~3 = a a v Y & {
ﬂﬂ")’nﬁﬂ’ﬁ@@ﬂQN@QEIWW’WLW’]@’]?L@WL@NLWENL‘V]WHV’WL@EI"J mezmmmmm@ulwmuﬂqm

v 1
= o o v

v & a v v & I a v oa v a o a v
@jﬂﬂ'ﬁ@'\ﬂﬂ'\ﬁ‘sﬁ@“ﬂ’]ﬂ@uﬂ’] ﬂﬂ‘VNENZQzﬂﬂuslMLﬁuﬂ@!N@uﬂqwslﬂ@Lﬂf;l\‘muﬂﬂm']il



UNN 2
LANFITHAZINUIFANLNLIUDY

v
o o a o

lunsiseasil AstldFnEieanansuazeniseiifaades waziniauemssiadesiallil
1. NMIULNNANgNAT (Customer Segmentation)
2. ﬁaﬂ@?ﬁuﬁlﬂumﬁmﬂ@:mmﬁ’fmﬂ@ (Clustering Algorithms)
3. nsadatliaesminaviailiae i liiiReades (Feature Engineering)

4. NN31ATTHLDAINN (Text Analytics)

o ¥

5. 9uAseiNegTag

2

2.1 n’l'il,l.‘i.idn@:uanﬂ’l (Customer Segmentation)

u
v A ¥

pry a v £ = ¥ v = < o
LuﬂumwmmmnmLfluﬂ?mﬁmmnﬂmmi%mﬁmwmaqﬂmm::m ZNAINN

u u

1 v 1

IalsdazaontnuaznisnesdngnAnnaadansusimlauiunnai lgnaesrinle dely

k1l

% 1 ¥

dl Y Aa o v ¥ d? =K A o £ o 1 1
waldsimidnlagnAnldatinsuiniuasdiaouadudasvinnisuisngugn i
' ' % . = ' ' <

N1LNNgNgNA (Customer Segmentation) A8 N1skLaRaIAeanLIUNgNLAN 7|
TnausaznguazinNAeIN1TuANAITY HANHUZUATNO ANITUIRNITAR T9L31801907
azutlsngueanllldmasiiadauanauuy lun

Geographic Segmentation n1sutingulaelduiaaniagAiansudusauis iy
(% a d” a s o o d” dl v

IR, 118117, 53, Sandn, wniui duiu

Demographic Segmentation n1sutianguingldanwizianae \iu we, a1g,
1% [ ¥ = v
anwouzAtauai, Tels, andn, Araun s

Psychographic Segmentation n1suiienguineldansuizianizn1edans 1iu audu
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2.2 AaNa3 N7 M lUN1saANgNURIUANA (Clustering Algorithms)

Clustering Af Machine Learning Model 172N Unsupervised luy Target VB
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Clustering 1o
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® K-means clustering udanesnumananiszauiiae liifaaundie
n4n Inadana3nu K-Means azfnuiie (Partition) Sngaaniiu K ng
wnuAusaznguAeAeatangN T9ldiiuqnaudnas (Centroid)
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qnAutnagia luuNgnegnauill danMIALaY (Mean) WAazngy
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® Hierarchical clustering umatanBanldiuuinlunisdnngy Case
wredangusouls Tnalunsainldlunisuiia Case 1l A1u9u Case Fas
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Tdsnedn (A1uau Case A9EIN41 200 dsiaus 200 Bl K-Means
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2.3 N5As19NLaas lusuazAnNLAasy LitNeTae (Feature Engineering)

Aa N19uaunI9lEAIME Domain Knowledge lunisafwiliaaslnsiaunn daniaas

1 v
¥y a

Hlaifendasialy edaerinliganesinBeusldatu saudansafrenndneuslaiann
AudnHUTAN a1 A RN A e Widuguansous v nadadeyad
277 (Imputation) N13amn3dasyalam (Handling Outliers) nnsuiasdaya (Log Transform)
nsldarudayaiufl (Extracting Date) nnsutlasdagya Category iflumana Column (One-
Hot Encoding / Embedding) ﬂﬂ?ﬁﬂﬂ@jummsﬂjﬂaﬂ@ (Grouping Operations) @< Scaling

(Normalize, Standardize) iwailutlszlemilsianisdanng

2.4 N15ALATILITIRAN (Text Analysis)

Ao nezusumsTinsgyiniudenany iedumgUiuy uame uazAuduiusTidew
@f;ﬂiiuﬁm%’@mﬁuﬁu IngaAunanans mﬁ‘ﬁ‘ﬂui’mmmﬁ;m NANAMAANAAT NANN13LIENIA
NA&19 (Document Processing) PANNITUTZNIANATAAIIN LATUANNITUTZNIANA

N18990ER (Natural Language Processing)

2.5 MUIRBNNLITRINUNITULINGNINAIAILAANDS SN LT I UNSIANFNURITRYS

TutfaqiuieuddanansnatiansuliangugnAuasandansnzsu Ineldinaiia
NINARALADRT FRaei 9w

2.5.1 UNA21NIR8L5a9 Data mining for the online retail industry: A case study
of RFM model-based customer segmentation using data mining Tas Daging Chen, Sai
Laing Sain & Kun Guo (1)

a o 49/ o aal 1 1 v di o Vv a 1 % QI ng

nuddeiliiguedsnisulengugugnan ievinldgsnan lagnAtungaauuay

WeNLsz@nsninnisguagnan wuulignAndugudnans Tnald35Wansnin Customer

Value a1n RFM Model 14 K-means algorithm Wa e Decision Tree algorithm BRI

anAeanidungs

a ¥

¥ 1
NM9MARaUIAEilld Online Retail Dataset laanaulalanizdayasanisdudia

v 1
Anludszimadange (United Kingdom) wintiu snldlunnsdwmanziideya nadwsnls e vin

1 o
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2.5.2 UNAIINIRLLTD9 A Novel Approach for Customer Segmentation Based
on Biclustering 1@ o Xiaohui Hu, Xiaosheng Wu, Jianlin Chen,Yu Xiao, Yun Xue,
TieChen Li wazatuz (2)

a o d’l o aal 1 1 ¥ dl dl 1 QI a a Y o
dﬁu’)@ﬁluuﬁL@%@Qﬁﬂﬂ?LLUdﬂ@NﬁﬁuQﬂﬂﬁ LW@VI@::‘I]"JE]L‘Wﬁ\lﬂ?::m%ﬁﬂ’]wlﬁﬂ‘i_lﬂ'ﬁ
a Y o o 6 Y . e . I . 14
UTUITYNATANNUD 14 chi-square statistical analysis lun1siaen attribute |14 K-means

algorithm L1iadnANLAaY attribute , 14 DBSCAN algorithm LlivaanuungnAfaaniiungs

uwazld Biclustering based on FP-tree algorithm taAuMIsazIas ALK LANN et 1L
. ao X = = o as ! >
A% row WAY column 284 matrix $MUISEUMINLTELINBUALATWNNdN g g N AT WL

biclustering based on Apriori W% biclustering on Fp-tree algorithm 11 Fp-tree @11190

[

o 1 vl a a ] e Al '
V]']i@ﬂﬂ?x@mﬁﬂ’WWNqﬂﬂQW@qVI?U dataset V]N?.lu’]ﬂlﬂfy

L4
a o dslaz ’

N1INAa8991U3Aqai1d airline company dataset HaaWs N 16 AB Biclustering
algorithm #1:190¥1 N sutangugnAn tdatiuiug NN winFeuneLasuLngs
ﬂmqﬂﬁ%mu biclustering based on Apriori Wa¥ biclustering on Fp-tree algorithm 11 Fp-

tree 1ASUAMNRENNINNIT TUAUIARGINITDW A U9 UISaa T uR A TAtI AN N9

o Y 1 o

Feature Selection L‘ﬁls\l‘ﬁqmaﬂﬂ Feature ﬁﬁﬁfmﬁ”wﬁmnu%g@ﬂﬂuuﬁﬁﬂmmm

2.5.3 UNAITNIRE L'%;m A biclustering-based method for market segmentation
using customer pain points {m e Binda Wang, Yunwen Miao, Hongya Zhao, Jian Jin
wag Yizeng Chen (3)

nuidtatiuiAnengaiun1suLNngNgnA1aIndaya Customer Pain Points Tne

o

ldmatia Biclustering lilaszygnANdansuzmiauiuaaniiungudanles (identify

homogenous subgroups)
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254 UNA2INIRYLTDY Customer Segmentation based on RFM model and
Clustering Techniques With K-Means Algorithm Tagl Ina Maryani Lazamue (4)
NiAdpaiulANE AT UNILLNNgNT114gNAY 284 Nine Reload Credit 911 data
. 2 1% . . 1 1 v :j/ 1 v
mining Iaelt RFM model waz'ld Clustering technique nsuthngNg ugnAdy azdae 1

Company @ 8190saawlan1 Marketing Strategy taagnamuzanunngaan



HAANTI29UIRafUNNLdY Company anunsauLengugugnAls uazyinli
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anisninmgugnAanldlagndon uidaiildindesys Transaction a1u9u 82,648
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398N1T UAEUNILLIUNNINN RFM model A1n1iusin Clustering Analysis A8 K-Means
A9 5u9 U luaUIARaZin Feature selection NNdaeiam Computation Time LAz e
Use@nsnmliiuluing ansannaaald Biclustering techniques LA 1A U129
Clustering Analysis Lmu‘ﬁ@’]maﬂ% K-Means

255 UVIF]')'I:J%’%’EIL'%:’M Customer Segmentation using K-means Clustering Tna
Tushar Kansal wazatuz (5)

muﬁﬁmﬁuﬁﬁﬂmLﬁmﬁummﬂqnq’ugmqﬂﬁﬁ Tne'ld clustering algorithms
‘1;1;\‘1 UM 3 algorithms Aa K-means, Agglomerative, ka ¥ Meanshift a1n ‘ﬁfu N1N19g

wWrauWauaalulsay Clusters Nldannisvnluwsas algorithm

%

nanisaaalaeld clustering algorithm @a1usndnngugnAntaiuy s ngu laun

a
v

Careless, Careful, Standard, Target A& Sensible customer 2Ny mean shift clustering
ANNTNAUNLLANEN 2 ﬂ@:M Ag High buyers and frequent visitors as High buyers and
. .. dl a o d” 1 = ~< N o
occasional visitors t1a3A1N dataset ‘Lummwmﬂmmﬂ@m unlabelled @QL@ﬂﬂ@u%mﬂﬁﬂ@
Mdu internal clustering validation \W31& anu1snldlunnsiaan clustering algorithm LLaz
o 1 ¥ ¥ 1 % o/ a o o dqj o
"ﬂmﬂ@j\lﬁl@yj@@ﬂu cluster VL@@EI’NQﬂG]‘ﬂ\i Iu@mﬂmmmmwmmmm@muuu%‘immwm

feature extraction lWalaan redundant data a1vsUNazun g lun1531As s

v

o P~ o o L pRpes A o > ' = .o
LLNQWQ%N\TWHQQE@WUQHIINH@E WﬂﬂEqLﬂﬂQﬂUﬂ'}?r‘ﬂﬂﬂ@‘N@ﬂﬂq N1TANTIURATUU

u

¥ 1
o | ¥

anautalu 2 uuanneldun uwameh 1 fidaazendedeyasainludiae ednngudasys
IpeaNAtANNNARNL AR UIBIRUANNAITarR9aNATLAAL TN AUl ULUINI 2 EAN®

u a

azdnnguinuenAauuudiaasafiavitn daiunisdangugnAn InsauunauAnanin

q
v 1 o 5 [~ a '8 olxd 1 1 1 dgj o v
‘ﬂ‘ﬂ\‘i@jﬂﬂ’]ﬂl”luLLUU@’]@‘N’ﬂ”I?L@WL’ﬂll TngdtAgnedanludsde NITUINNQNLT LY 814N 199

1 3 v Y o ] v =2 -dl 1 9 o
1N@WNW?QN@QLMuﬂ’WWﬁ’JN‘HﬂQ@Jﬂﬂ”IiW’ﬂﬂL@uluﬂﬂﬂLNHNi@ﬁ‘W@ TunsFnENNILuN HIat
=® o o 1 % o/ ¥ 2// ! o % Y al/ dgl a % ul/
AININITAIAN[NQNAN Iﬂﬂﬂ'ﬁﬁﬂ“ﬂﬂﬂ;{@@ﬁﬂ%\iﬂ@\‘mqu @uimun myj@mimmmumiuhm

4
] o vy A

e soufunisldunuanassefenitn adadnaninaesgndi Hlsznaudanni iaun

wuannelunisafreuuuanaeinisdnngugnAn e liilss@nsnnlunisdangngegn

q

dy a oY oI/ Ady a k4 t:/ dg/ v o o ¥ a a o
uananni lunisaaszitayanisdeaeduni luludsaa Qq@ﬂmhmﬂuﬂmmmmw

u



10

1 ! v dl ! o T a ¥ dl v o [ % 1 v 1 =
UBAITNTINAEY L‘W’E]'ﬁ’lf;lsluﬂqi‘@ﬂﬂf‘gﬂ@uﬂ'] LW@IMLLUU@’]@’E]\M’]N’]?N@ﬂﬂ@ﬂiﬂ'ﬂﬂ’]\iﬂﬂ’ﬂiﬂ

WHUENNINAL



&
Unn 3
aa o a a
AEALUUNITINE
Tunsadeasaligadeliniiunisaudunaussil
1. NILUIUNIINNIULBIULILANA
2. nathdndeys neaaaudeya waziaisnndaya
3. mautlasdayanlavinnisiususan
4. n5AAsITviTRYaMEmnATiANITULNN AN TR A

a

5. N2IMLAANEAINNITIATILITRLA
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7/ Customer's Transactions

v

Data Review & Understanding

v

Feature Engineering & Processing |«—

v

Visualization

¥
RFM Technique & Text Analytics

v

Clustering

v

Optimization & Evaluation

v

Result Interpretation

v

Satisfaction
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anandszney 1 lHesueBaNIEUINNNIEFITULLAIA0INITULNNANUATNNT
o o & a [ QI Z// o ¥ ¥
TANAANEAINN1TATYTeya Tnaduainduneuni1sindndeya (Load Data) N9

a ]

neoagaudaya n1satsaintndeyanl4lun193iAsnzii (Data Review & Understanding)
nsuastayaiildvianinifususanunWnanedudeyafiarunsainufmesils
(Feature Engineering, Data Processing & New Features) mﬁmmw‘%’ag@ﬁwmmﬁmmi
wisngudayautuAfainase(Clustering) kAaENI1ITANAANEAINNITILATIEYTRY A
(Translated the results) UNNAGWEUBILULANADIES b duiianaela azndulildiunag

y ey 4 . o dA | e s o
utlasdaya el ldunauuLRIaednIsuLNguNNUsE@nEnmANgA

[ a
3.2 MSINUSIUSINTAYA ATIAFAULDNA UATNAITUITRYA
[
3.2.1 NMSINUTILTINTRYA
Tunuideiildlddayanisgesne@usiresiudndanludssinadanguniinau

1941999U% 1 5.A. 2553 019 9 5.A. 2554 1xNaUA2E 8 LANTIFLIF HANUIUTANANINNA

a

]
= 1

541,909 una Asnwilsznaud 2 uazdayanaglugiluiiy File worksheet Microsoft Excel

(xlsx) AanInilsznaun 3

Key Attributes information

Attribute

Name Summary Description

InvoiceNo e o glchgAlzgl‘i;iS;d\git integral number uniquely assigned to each transaction. If this code starts with letter 'c’, it indicates
StockCode Product (item) code Nominal, a 5-digit integral number uniquely assigned to each distinct product

Description Product (item) name Nominal

Quantity Es;;ﬁgt‘l‘tles of each product (item) per Numeric

InvoiceDate Invice Date and time Numeric, the day and time when each transaction was generated

UnitPrice Unit price Numeric, Product price per unit in sterling

CustomerlD  Customer number Nominal, a 5-digit integral number uniquely assigned to each customer

Country Country name Nominal, the name of the country where each customer resides

ANWLTENAU 2 LAAILANYI LR TR USUAFIULLINAD
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InvoiceNo StockCode Description Quantity InvoiceDate UnitPrice CustomeriD Country
536365 85123A WHITE HANGING HEART T-UGHT HOLDER 6 01-12-10 8:26 2.55 17850 United Kingdom
536365 71053 WHITE METAL LANTERN 6 01-12-10 8:26 3.39 17850 United Kingdom
536365 844068 CREAM CUPID HEARTS COAT HANGER 01-12-10 8:26 2.75 17850 United Kingdom
536365 84029G KNITTED UNION FLAG HOT WATER BOTTLE 6 01-12-10 8:26 3.39 17850 United Kingdom
536365 B4029E RED WOOLLY HOTTIE WHITE HEART 6 01-12-10 826 3.39 17850 United Kingdom
536365 22752 SET 7 BABUSHKA NESTING BOXES 2 01-12-10 8:26 7.65 17850 United Kingdom
536365 21730 GLASS STAR FROSTED T-LIGHT HOLDER 6 01-12-10 8226 4.25 17850 United Kingdom
536366 22633 HAND WARMER UNION JACK 6 01-12-10 8:28 1.85 17850 United Kingdom
536366 22632 HAND WARMER RED POLKA DOT 6 01-12-10 8:28 1.85 17850 United Kingdom
536367 84879 ASSORTED COLOUR BIRD ORNAMENT 32 01-12-10 8:34 1.69 13047 United Kingdom
536367 22745 POPPY'S PLAYHOUSE BEDROOM 6 01-12-10 8:34 2.1 13047 United Kingdom
536367 22748 POPPY'S PLAYHOUSE KITCHEN 6 01-12-10 8:34 2.1 13047 United Kingdom
536367 22749 FELTCRAFT PRINCESS CHARLOTTE DOLL 8 01-12-10 8:34 3.75 13047 United Kingdom
536367 22310 IVORY KNITTED MUG COSY 6 01-12-10 8:34 1.65 13047 United Kingdom
536367 84969 BOX OF 6 ASSORTED COLOUR TEASPOONS 6 01-12-10 8:34 4.25 13047 United Kingdom
536367 22623 BOX OF VINTAGE JIGSAW BLOCKS 3 01-12-10 8:34 4.95 13047 United Kingdom
536367 22622 BOX OF VINTAGE ALPHABET BLOCKS 2 01-12-108:34 9.95 13047 United Kingdom
536367 21754 HOME BUILDING BLOCK WORD 3 01-12-10 8:34 5.95 13047 United Kingdom
536367 21755 LOVE BUILDING BLOCK WORD 3 01-12-108:34 5.95 13047 United Kingdom
536367 21777 RECIPE BOX WITH METAL HEART 4 01-12-108:34 7.95 13047 United Kingdom
536367 48187 DOORMAT NEW ENGLAND 4 01-12-10 8:34 7.95 13047 United Kingdom
536368 22960 JAM MAKING SET WITH JARS 6 01-12-108:34 4.25 13047 United Kingdom
536368 22913 RED COAT RACK PARIS FASHION 3 01-12-10 8:34 4.95 13047 United Kingdom

o 1 ¥ dIQJO o ¥ o
ﬂﬁWﬂ?ﬁﬂ@ll3MQﬂﬂqﬂﬂﬂH@WIﬁ@ﬁV?U@?qﬂuDU@q@@Q

3.2.2 AFIARALTAYALASNANTINTAYANT b LUN15IASIEN

Nuddeildniunlnnen (Python) lunasdiaszsideyanazyin Machine Learning

o [ %3 o

QI v ¥ o £ o % o o dl 1 o ¥
L?Nmu®QﬂﬂW?uqHHIN@@@WQCQQWM?UﬂW?@?WQuUU@W@@ﬂ AaNIWLTENauN 4 AaN1UILn

Wadayauazdeyanlddmivaruuudiaes dannilsznauy 5

~ Import modules

[ 1 import pandas as pd
import numpy as np

import time, warnings
import datetime as dt

#visualizations

import matplotlib.pyplot as plt

from pandas.plotting import scatter_matrix
#%matplotlib inline

import seaborn as sns

warnings.filterwarnings("ignore™)

o

niseney 4 uanssnatnalAntd ugadiAynlddmiuainauuuanass
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° #load the dataset
retail df = pd.read_excel("Online Retail.xlsx") #2010 - 2011

[27] retail_df.shape

(541909, 8)

[28] retail df.head()

InvoiceNo StockCode Description Quantity InvoiceDate UnitPrice CustomerID Country
0 536365 85123A  WHITE HANGING HEART T-LIGHT HOLDER 6 2010-12-01 08:26:00 2.55 17850.0 United Kingdom
1 536365 71053 WHITE METAL LANTERN 6 2010-12-01 08:26:00 3.39 17850.0 United Kingdom
2 536365 844068 CREAM CUPID HEARTS COAT HANGER 8 2010-12-01 08:26:00 275 17850.0 United Kingdom
3 536365 84029G KNITTED UNION FLAG HOT WATER BOTTLE 6 2010-12-01 08:26:00 3.39 17850.0 United Kingdom
4 536365 84029E RED WOOLLY HOTTIE WHITE HEART. 6 2010-12-01 08:26:00 3.39 17850.0 United Kingdom

niszney 5 uanssaetnaldnindn inadeyauasdayai g miuaisuunaaes

(U1 EDA Wieundayaiisanaindaya Transaction Data Iagld Pandas, Numpy

uaz Dataprep.eda asnnilsznasy 6 - 16
° retail_df.describe()

(B3 Quantity UnitPrice CustomerID

count 541909.000000 541909.000000 406829.000000

mean 9.552250 4611114 15287.690570
std 218.081158 96.759853 1713.600303
min 680995.000000 -11062.060000) 12346.000000
25% 1.000000 1.250000  13953.000000
50% 3.000000 2.080000  15152.000000
75% 10.000000 4.130000  16791.000000

max 80995.000000  38970.000000  18287.000000

nNsznel 6 LARIANATIATDITRYALAAT ADAN]

I InvoiceNo 'IStocicCode Description Quantity InvoiceDate rUnitPricquustomerID‘l Country

29998 AS63186 B Adjust bad debt 1 2011-08-12 14:51:00 | -11062.06 MNaN | United Kingdom
299 ASB318T B Adjust bad debt 1 2011-08-12 14:52:00 | -11062.06 MaN | United Kingdom
1 v 1
o o 1 o A a M/L
NNLUseney 7uana [EIQ'EF;I’NSL‘LIZNSH@VIQﬂ NSRS
(fnvaiuﬂa \chkcm Description rﬁuamiqr ‘I InvoiceDate UnitPrice CustomerlD Country
C53637T8 D Discount 010-12-01 09:41:00 27.50

C5368383 35004C SET OF 3 COLOURED FLYING DUCKS 010-12-01 09:49:00 465

C536391 22558 PLASTERS IN TIN CIRCUS PARADE 010-12-01 10:24.00 165

1 v
o

nwilsznau 8 nanasnatneludsdanonanian

k1l
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[58] from dataprep.eda import plot
plot(retail_df)

Hide Stats and Insights

Dataset Statistics Dataset Insights
Number of Variables 12
Number of Rows 541909 [ Skewed ]
Missing Cells 136534
Missing Cells (%) 2.1% %
Duplicate Rows 5268
Duplicate Rows (%) 1.0%
Total Size in Memory 217.7 MB
Average Row Size in Memory 42128 —— e — —
Variable Types Categorical 7 has a high cardinality: 305 distinct values
Numerical' 4 has a high cardinality: 774 distinct values
DateTime: 1 [date | has constant length 10

nnidsenay 9 uanAaD ALz dayaL T ANTasUAaTADANL]

[58] from dataprep.eda import plot
plot(retail df)

Hide Stats and Insights

Dataset Statistics Dataset Insights

Number of Variables 12 [ time | has constant length 8
Number of Rows 541909 [Quantity | has 10624 (1.96%) negatives
Missing Cells 136534 [ Totalamount | has 9290 (1.71%) negatives
Missing Cells (%) 21%
Duplicate Rows 5268
Duplicate Rews (%) 1.0%
Total Size in Memory 217.7 MB
Average Row Size in Memory 42128
Variable Types Categorical: 7

Numerical 4

DateTime: 1

nwilszney 10 uassAaRRLAzdeYATIANIDILAA ABANL]

InvoiceNo StockCode Description
] = =
3 32 3
3 S 3
T
OH0 LA A BDSNA B BA DA O .
ET VPR T FCSELFEII S EPS
I AN O o FNT NS & 5.
SRBEELFFFFFFREOLEREE & 9
Top 20 of 25900 invoiceNo Top 20 of 4070 StockCode zY'OA
o
<)

Top 20 of 4223 Description

1 4
o o 1
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Quantity InvoiceDate UnitPrice
iy & &
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/. /. )
a0k 0K . ADic a0k 1/2011 3/2011 5/2011 7/2011 9/2011 11/2011 0K o 0K 20K 80K

1
o

4 1
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TotalAmount CustomeriD Country
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time

date

of week
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Spearman

Quantity
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from dataprep.eda import plot _missing
plot missing(retail_df)

C Bar Chart Spectrum Heatmap Dendrogram
500000 Il Present
B Missing
400000

300000

Column: Description
Present count: 540455
Present percent: 99.73%

Row Count

200000

100000
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4.
5.

Qﬂﬁﬁﬁ%@fimqum@mgﬁﬂ@:mﬂ Netherlands Lmzimmmﬁ@@%’ﬁﬂi:mﬂ Australia
gnAgaulunetluilsvina United Kingdom (UK)
10 :18NNTAUENIEA ANNIENITINAARATST A

(1) PAPER CRAFT, LITTLE BIRDIE

(2) REGENCY CAKESTAND 3 TIER

(3) WHITE HANGING HEART T-LIGHT HOLDER

(4) JUMBO BAG RED RETROSPOT

(5) MEDIUM CERAMIC TOP STORAGE JAR

(6) POSTAGE

(7) PARTY BUNTING



(8) ASSORTED COLOUR BIRD ORNAMENT
(9) Manual
(10) RABBIT NIGHT LIGHT
7.10 ;ensdudniiand1g1id ansenisTernsnaenisll Ae
(1) PADS TO MATCH ALL CUSHIONS
(2) HEN HOUSE W CHICK IN NEST
(3) SET 12 COLOURING PENCILS DOILEY
(4) BIRD BOX CHRISTMAS TREE DECORATION
(5) PINK CRYSTAL GUITAR PHONE CHARM
(6) PURPLE FRANGIPANI HAIRCLIP
(7) CAT WITH SUNGLASSES BLANK CARD
(8) HAPPY BIRTHDAY CARD TEDDY/CAKE
(9) 60 GOLD AND SILVER FAIRY CAKE CASES
(10) GREEN POP ART MAO CUSHION COVER
8. AuAanaa luaaz lnsunalsun
MEDIUM CERAMIC TOP STORAGE JAR (Q1)
PICNIC BASKET WICKER 60 PIECES (Q2)
SET OF TEA COFFEE SUGAR TINS PANTRY (Q3)

PAPER CRAFT, LITTLE BIRDIE (Q3)

auAnanelin luwsiazlnsunaldun
DANISH ROSE TRINKET TRAYS (Q1)
POSTAGE (Q2)
CHRISTMAS CRAFT WHITE FAIRY (Q3)
SET OF 3 HANGING OWLS OLLIE BEAK (Q3)
9. 10 Megniiiseisesigeldurisiagnanssel
(1) 16446
(2) 24816401
(3) 30070457
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(4) 24025062
(5) 3047321
(6) 13685339
(7) 21362047
(8) 20602478
(9) 4200795
(10) 12564016

3.3 meudasdayaiilainisiiusousas

1 4
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dl v v o o dl ) dl 1 % ¥ =2 ° ¥
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[55] retail_df.head()

InvoiceNo StockCode Description Quantity InvoiceDate |UnitPrice TotalAmount CustomerID Country |day_of_week date time
WHITE HANGING HEART T-LIGHT 2010-12-01 United 2010-12- .
0 536385  85123A HOLDER 6 08:28:00 255 15.30 17850.0 Kingdom | WWednesday 07 08:26:00
2010-12-01 United 2010-12-
5 y
1 536365 71083 WHITE METAL LANTERN 6 062800 339 20.34 17850.0 Kingdom | Wednesday o7 08:26:00
2 536365  84408B CREAM CUPID HEARTS COAT HANGER 8 ZAIC ] 275 22.00 17850.0 united | yednesday 201012 gg26:00
08:26:00 Kingdom 01
KNITTED UNION FLAG HOT WATER 2010-12-01 United 2010-12- .
3 536385  B4029G BOTTLE 6 08:26:00 339 20.34 17850.0 Kingdom | \Wednesday 07 08:26:00
4 536385  84020E  RED WOOLLY HOTTIE WHITE HEART. [ ANl 3.39 20.34 17850.0 United |\ inesday 201012 0g.26:00
08:26:00 Kingdom 01
v

1
o

nilsenau 22 uaasnisulasdayadunluludaie

© retail df.head()

C InvoiceNo StockCode Description |Quantity InvoiceDate UnitPrice TotalAmount CustomerID Country day_of_weak date  time
19632 537879 22114 | HOT WATER BOTTLE TEAAND SYMPATHY 12 2010-12-09 08:34:00 395 474 14243 United Kingdom Thursday 2010-12-09 08:34:00
19633 537879 22835 HOT WATER BOTTLE | AM SO POORLY 8 2010-12-09 08:34:00 465 372 14243 United Kingdom Thursday 2010-12-09 08:34:00
19634 537879 85150 LADIES & GENTLEMEN METAL SIGN 6 2010-12-09 08:34:00 255 153 14243 United Kingdom Thursday 2010-12-09 08:34:00
19635 537879 85048 | 15CM CHRISTMAS GLASS BALL 20 LIGHTS 4 2010-12-09 08:34:00 7.95 318 14243 United Kingdom Thursday 2010-12-09 08:34.00
19636 537879 21524 | DOORMAT SPOTTY HOME SWEET HOME 2 2010-12-09 08:34:00 7.95 15.9 14243 United Kingdom Thursday 2010-12-09 08:34.00
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[49] input_str = "HOT WATER BOTTLE TEA AND SYMPATHY"
input_str = input_str.capitalize()

from textblob impert TextBlob
result = TextBlob(input_str)
print(result.tags)

[("Hot', "NNP'), ('water®, 'NN"), ('bottle', 'NMW'), ('tea', 'NN'), ('and', 'CC'), ('sympathy', 'NN'})]

|
A a %

ﬂﬁWﬂ?tﬂ@ll24uﬁﬂﬂﬂﬁiuﬂﬂﬂﬁﬂﬂﬂﬁ@@uﬂﬁ

[50] example = "HOT WATER BOTTLE TEA AND SYMPATHY"
example = example.capitalize()
word_tokens = word_tokenize(example)
pos = nltk.pos_tag(word_tokens)
selective_pos = ['NN','VB']
selective_pos_words = []
for word,tag in pos :
if tag in selective_pos:
selective_pos_words.append((word,tag))
print(selective_pos_words)

[("water', '"NN'), ('bottle', 'NN'), ('tea', 'NN"), ('sympathy', "NN")]
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(http://archive.ics.uci.edu/ml/datasets/online+retail)

Ac.tive Po_pulation Rules naan)
Online Retail DataSet \,f-

Drop Out

CID Valid Drop Out

Drop Out

NW

[ N

Quantity

Quantity Quantity

Positive

Positive

Drop Out

Drop Out Drop Out

Positive Negative Negative

Active Active Active

nawdgznau 26 wamnd Active Population Rules

R Evangelos T. (2020). Customer Segmentation using RFM Analysis in Python
(ﬂﬂuvl,mlr). AuAuann : https://www.linkedin.com/pulse/customer-segmentation-using-rfm-

analysis-python-evangelos-tzimopoulos/ [8 Wqﬁaﬂ’mu 2563]
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CustomerlID categ O categ 1 categ 2 categ 3 categ 4
12347 14,55429509| 29.83668117| 14.52455516| 8.676178669| 32.40828992
12348 58.04678284| 41.95321716 0 0 0
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Recency Frequency Monetary

0 0.007752 3 55.16
1 0.013333 2 250.00
2 0.013889 6 498.80
3 0.004902 1 19.90
4 0.004310 1 20.80
5 0.004673 1 30.00

ndsznay 29 Fvatedayan1IaanguAttnAtinanla ey



29

WULAIAR9N 2 MsdnnguRaenislidayaenfieniduuarnisainszvidanny
o = oY 4

2 o ﬂd‘ % :// a v a & =3 1 o
aq@ﬂmwL@faimlmmnmumummmm: HAQNAN aamatAaTanENTaNA

1 1 a Y v a a oY o o 1 dl
NITLLNNQYNAUAIAILNALAILATIEUTDAITN pasinatinglunIng 30

Recency Frequency Monetary categ_© categ_1 categ_2 categ_3 categ_4

0 0.007752 3 55.16 14.554295 29.836681 14.524555 8.676179 32.408290
1 0.013333 2 250.00 58.046783 41.953217  0.000000 0.000000 0.000000
2 0.013889 6 498.80 53.725205 12.802120 3.370331 14.301006 15.711338
3 0.004902 1 19.90 44.719101 13.033708 19.887640 22.359551  0.000000
4 0.004310 1 20.80 22.061330 31.176580 10.825459 16.235872 19.700760
5 0.004673 1 30.00 9.882455 53.286896 11.558555 0.000000 25.272094
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Recency Frequency Monetary

0 0.007752 3 5516
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129 Distortion Score Elbow for KMeans Clustering

=== elbowat k=4, score= 2126134112 000

A isznau 32 N9 Elbow Method 11n1311A7 Optimal cluster number

Silhouette Plot of KMeans Clustering for 3165 Samples in 4 Centers
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Recency Frequency Monetary Cluster

CustomerID
12347 129 3 55.16 Cluster 0
12348 75 2 250.00 Cluster 0
12352 72 6 498.80 Cluster 0
12353 204 1 19.90 Cluster 0
12354 232 1 20.80 Cluster0
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Recency Frequency Monetary categ_© categ_1 categ_2 categ_3 categ_4

0 0.007752 & 55.16 14.554295 29.836681 14.524555 8.676179 32.408290
1 0.013333 2 250.00 58.046783 41.953217 0.000000 0.000000  0.000000
2 0.013889 6 498.80 53.725205 12.892120 3.370331 14.301006 15.711338
3 0.004902 1 19.90 44.719101 13.033708 19.887640 22.359551  0.000000
4 0.004310 1 20.80 22.061330 31.176580 10.825459 16.235872 19.700760
5 0.004673 1 30.00 9.882455 53.286896 11.558555 0.000000 25.272094
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129 Distortion Score Elbow for KMeans Clustering

=== elbowat k=4, score= 2130270592.000

nwdsznay 36 N9 Elbow Method lunn91nAn Optimal cluster number

Silhouette Plot of KMeans Clustering for 3165 Samples in 4 Centers
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Recency Frequency Monetary categ_© categ_1 categ_2 categ_3 categ_4 Cluster

CustomerID

12347 129 & 55.16 14.554295 20.836681 14.524555 8.676179 32.408290 Cluster 0
12348 75 2 250.00 58.046783 41.953217 0.000000 0.000000  0.000000 Cluster 0
12352 72 6 498.80 53.725205 12.892120 3.370331 14.301006 15711338 Cluster 0
12353 204 1 19.90 44719101 13.033708 19.887640 22.359551 0.000000 Cluster 0
12354 232 1 20.80 22.061330 31.176580 10.825459 16.235872 19.700760 Cluster 0
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IpEINA1 Confusion Matrix #1493 Tagl M1 M2 N INLLLANAE9N 1 LAY 2 ANNAIFL

B9 5 AN Confusion Matrix

M1

0 1 2 3 4
M2
0 159 217 210 3 224
1 100 0 0 1198 0
2 230 114 114 14 155
3 71 40 29 44 35
4 56 37 36 24 45
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Recency Frequency Monetary

0 0.0086 2.698 114.283
1 0.010 1.515 154.736
2 0.013 1.103 49.540
3 0.004 4788  281.780
4 0.008 1.987 92.061

nwilsznau 39 aaAutNaNIBdLsazAanas ULLLA AN 1



39

Recency Frequency Monetary categ © categ_ 1 categ 2 categ_3 categ_ 4

0 0.006 1.849 70.915 17.465 16.779 17.687 27.620 20.462
1 0.012 4.791 261.526 19.661 25.560 21.314 14.823 18.650
2 0.006 1.926 73.398 20.257  44.847 16.213 6.865 11.828
3 0.007 2174 168.925 9.227 14.893 61.239 6.386 8.255
4 0.007 1.856 384.601 69.664 11.324 7.875 5.493 5.643
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# Commented out IPython magic to ensure Python compatibility.
import pandas as pd
import numpy as np

import time, warnings
import datetime as dt

#Visualizations

9 import matplotlib.pyplot as plt

12 from pandas.plotting import scatter_matrix
11 # Xmatplotlib inline

12 import seaborn as sns

13

14 warnings.filterwarnings("ignore")
15

16 """# Get the Data"""

17

18 #logd the dataset
19 retail_df = pd.read_excel("Online Retail.xlsx") #2816 - 2011

21 retail_df.shape

23 retail_df.head()

24

25 retail_df.describe()

26

27 """# Prepare the Data"""
28

29 #Calculate the total sales of each product
38 TotalAmount = retail df['Quantity'] * retail_df['UnitPrice’]
31 retail df.insert(loc=6.column='TotalAmount'.value=TotalAmount)

33 #create @ new column called weekday which contains weekday of invoice only
34 retail_df['day_of_week'] = retail_df['InvoiceDate'].dt.day_name()

36 #create a new column called date which contains the date of invoice only
37 retail_df['date'] = retail_df['InvoiceDate'].dt.date

39 #create a new column called time which contains the time of invoice only
40 retail_df['time’'] = retail_df['InvoiceDate'].dt.time

42 retail_df.head()
44 pip install dataprep
46 #Analyze distributions with plot()

48 from dataprep.eda import plot
45  plot(retail_df)

51 #Analyze correlations with plot_correlation()

53 from dataprep.eda import plot_correlation
54 plot_correlation(retail_df)

55
56 plot(retail_df,"UnitPrice")
57
58 plot(retail_df,"Quantity")
59

66 plot(retail_df,"CustomerID")

1
62 plot(retail_df, "UnitPrice", "Quantity")

4 #Analyze missing values with plot_missing()

66 from dataprep.eda import plot_missing
7

67 plot_missing(retail_df)

68

69 #Remove rows with missing values

76 retail_df = retail_df.dropna()

71

72 # check missing values for each column

73 retail_df.isnull().sum().sort_values(ascending=False)

74

75 # change columns CustomerID - String to Int type

76 retail_df['CustomerID'] = retail_df['CustomerID'].astype('inté64')
78 retail_df.describe().round(2)

79

80 #check the shape

81 retail_df.shape

82

83 #remove canceled orders or Quantity with negative values

84 retail_df = retail_df[retail_df['Quantity']>@]

85 retail_df.shape

86

87 #remove rows where customerID are NA

88 retail_df.dropna(subset=['CustomerID'],how="all",inplace=True)
829 retail_df.shape

%0

91 #restrict the data to one full year

92 retail_df = retail_df[retail_df['InvoiceDate']>= "2010-12-89"]
93 retail_df.shape



print("Summary..")

#exploring the unique values of each attribute

print("Number of transactions: ", retail_df['InvoiceNo'].nunique())

print("Number of products bought: ",retail_df['StockCode'].nunique())

print("Number of customers:", retail_df['CustomerID'].nunique() )

print("Percentage of customers NA: ", round(retail_df['CustomerID'].isnull().sum() * 100 / len(retail_df),2),"%" )
retail_df.head()

plot(retail_df)

plot(retail_df, "Quantity")

plot(retail_df, "TotalAmount","Description")

sum_retail_df = retail_df.groupby([ 'Description’']).sum().round(2)
retail_df.to_csv('clean_online_retail.csv')

sum_retail_df.to_csv('sum_online_retail.csv')

#remove canceled orders or Quantity with negative values

retail_df = retail_df[retail_df['Quantity’]>8]

retail_df.shape

plot(retail_df, "TotalAmount", "Country")

plot(retail_df, "day_of_week")

plot{retail_df, "date")

plot(retail_df, "time")

# top 1@ customers, max amounts paid

res_df = sum_retail_df.groupby(['CustomerID']).sum()
res_df.sort_values('TotalAmount',ascending=False,inplace=True)

final_df = res_df[(res_df['Quantity'] > @) & (res_df['TotalAmount'] > @)]
final_df.head(10)

# total sales of product at each month at each country I made filter on total sales >= 160
retail_df = retail_df[ (retail_df['Quantity'] > @) & (retail_df['TotalAmount'] >8) ]
retail_df = retail_df[retail_df['TotalAmount'] >= 100 ]
retail_df.groupby(['Country’, ‘date’, 'StockCode’, 'Description’]).sum()

totalsales_retail_df = retail_df.groupby(['Country’, 'date’,'StockCode’, 'Description’]).sum()

totalsales_retail_df.to_csv('totalsales_online_retail.csv')

43



44

a [ y A I3 a c <
TeazipanlAnniIsaaiiaasanninatinasianias

20

Noaunswe e

WNNNNNNNNN

® v ®

# RFM Analysis

#last date available in our dataset
retail['InvoiceDate'].max()

now = dt.date(2011,12,9)

print(now)

#create a new column called date which contains the date of invoice only
retail['date'] = pd.DatetimeIndex(retail['InvoiceDate']).date

retail.head()

#group by customers and check last date of purshace

recency_df = retail.groupby(by='CustomerID', as_index=False)['date'].max()
recency_df.columns = ['CustomerID','LastPurshaceDate’']

recency_df.head()

#calculate recency
recency_df[ ‘Recency’] = recency_df['LastPurshaceDate’'].apply(lambda x: (now - x).days)

recency_df.head()

#drop LastPurchaseDate as we don't need it anymore
recency_df.drop('LastPurshaceDate’',axis=1,inplace=True)

## Frequency

# drop duplicates
retail_copy = retail
retail_copy.drop_duplicates(subset=['InvoiceNo', 'CustomerID'], keep="first", inplace=True)

#calculate frequency of purchases

frequency_df = retail_copy.groupby(by=['CustomerID'], as_index=False)['InvoiceNo'].count()
frequency_df.columns = ['CustomerID','Freqguency']

frequency_df.head()

## Monetary

#create column total cost
retail['TotalCost'] = retail['Quantity'] * retail['UnitPrice']

monetary_df = retail.groupby(by='CustomerID',as_index=False).agg({ TotalCost': 'sum'})
monetary_df.columns = ['CustomerID’, 'Monetary']
monetary_df.head()

## Create RFM Table

#merge recency dataframe with freguency dataframe
temp_df = recency_df.merge(frequency_df,on='CustemerID’)
temp_df.head()

#merge with monetary dataframe to get @ table with the 3 columns
rfm_df = temp_df.merge(monetary_df,on='CustomerID')

#use CustomerID as index
rfm_df.set_index('CustomerID',inplace=True)

#check the head

rfm_df.head()

rfm_df.to_csv('rfm_df.csv',index=True)
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3 ## Insight on product categories

4

5 ### Products Description

6

8

9 is_noun = lambda pos: pos[:2] == 'NN'

le

11 def keywords_inventory(dataframe, colonne = 'Description’):
12 stemmer = nltk.stem.SnowballStemmer("english")

13 keywords_roots = dict() # collect the words / root

14 keywords_select = dict() # association: root <-> keyword
15 category_keys = []

16 count_keywords = dict()

17 icount = @

18 for s in dataframe[colonne]:

19 if pd.isnull(s): continue

20 lines = s.lower()

21 tokenized = nltk.word_tokenize(lines)

22 nouns = [word for (word, pes) in nltk.pos_tag(tokenized) if is_noun(pes)]
23

24 for t in nouns:

25 t = t.lower() ; racine = stemmer.stem(t)

26 if racine in keywords_roots:

27 keywords_roots[racine].add(t)

28 count_keywords[racine] += 1

29 else:

38 keywords_roots[racine] = {t}

31 count kevwordslracinel = 1

for s in keywords_roots.keys():

if len(keywords_roots[s]) > 1:
min_length = 10@@
for k in keywords_roots[s]:

if len(k) < min_length:
clef = k ; min_length = len(k)

category_keys.append(clef)
keywords_select[s] = clef

else:
category_keys.append(list(keywords_roots[s])[@])
keywords_select[s] = list(keywords_roots[s])[@]

45 print("Nb of keywords in variable '{}': {}".format(colonne,len(category_keys)))
46 return category_keys, keywords_roots, keywords_select, count_keywords
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51 df_produits = pd.DataFrame(df_initial['Description'].unique()).rename(columns = {@:'Description'})
5

54

55 keywords, keywords_roots, keywords_select, count_keywords = keywords_inventory(df_produits)
5

57 e

58 "=

59

60 list_products = []

61 for k,v in count_keywords.items():

62 list_products.append([keywords_select[k],v])

63 list_products.sort(key = lambda x:x[1], reverse = True)

64

65

66

67 liste = sorted(list_products, key = lambda x:x[1], reverse = True)

68 #

69 plt.rc('font’, weight='normal’)

7e fig, ax = plt.subplets(figsize=(7, 25))

71 y_axis = [i[1] for i in liste[:125]]

72 x_axis = [k for k,i in enumerate(liste[:125])]

72 x_label = [i[@] for i in liste[:125]]

74 plt.xticks(fontsize = 15)

75 plt.yticks(fontsize = 13)

76 plt.yticks(x_axis, x_label)

77 plt.xlabel("Nb. of cccurences”, fontsize = 18, labelpad = 1@)
78 ax.barh(x_axis, y_axis, align = 'center')

79 ax = plt.geca()

820  ax.invert_yaxis()

81 #

82 plt.title("Words occurence",bbox={'facecolor':'k', 'pad':5}, color="w',fontsize = 25)
83 plt.show()

g5 mew
86 ##% Defining product categories

g8 wew

96 list_products = []

91 for k,v in count_keywords.items():

92 word = keywords_select[k]

93 if word in ['pink’', 'blue’, 'tag', 'green’', 'orange']: continue
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1e1
182
1e3
1e4
185
1e6
1087
1les
189
11e
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
13e
131
132
133
134
135
136
137
138
139
1l4e
141
142
143
144
145
146
147
148
149
15@
151
152
153
154
155
156
157
158
159
168
161
162
163
164
165
166
167
168
169
178
171
172
173
174
175
176
177
178
179
188
181
182
183
184
185
186

if len(word) < 3 or v < 13: continue
if ('+' in word) or ('/' in word): continue
list_products.append([word, v])
#
list_products.sort(key = lambda x:x[1], reverse = True)
print('mots conservés:', len(list_products))

###% Data encoding

liste_produits = df_cleaned[ 'Description’].unique()
X = pd.DataFrame()
for key, occurence in list_products
X.loc[:, key] = list(map(lambda x:int(key.upper() in x), liste_produits))

threshold = [0, 1, 2, 3, 5, 18]
label_col = []
for i in range(len(threshold)):
if i == len(threshold)-1:
col = '.>{}'.format(threshold[i])
else:
col = '{}<.<{}'.format(threshold[i],threshold[i+1])
label_col.append(col)
X.loc[:, col] = @

for i, prod in enumerate(liste_produits):
prix = df_cleaned[ df_cleaned['Description’'] == prod]['UnitPrice'].mean()

i=e
while prix > threshold[j]:
j+=1

if j == len(threshold): break
X.loc[i, label_col[j-1]] = 1

print("{:<8} {:<20} \n".format('gamme', 'nb. produits') + 20%'-')
for i in range(len(threshold)):
if i == len(threshold)-1
col = '.>{}'.format(threshold[i])
else:
col = '{}<.<{}'.format(threshold[i],threshold[i+1])
print("{:<1@} {:<20}".format(cel, X.loc[:, col].sum()))

#### Creating clusters of products

matrix = X.as_matrix()
for n_clusters in range(3,10):
kmeans = KMeans(init='k-means++', n_clusters = n_clusters, n_init=38)
kmeans.fit(matrix)
clusters = kmeans.predict(matrix)
silhouette_avg = silhouette_score(matrix, clusters)
print("For n_clusters =", n_clusters, “The average silhouette_score is :

, silhouette_avg)

n_clusters = 5
silhouette_avg = -1
while silhouette_avg < 8.145:
kmeans = KMeans(init='k-means++', n_clusters = n_clusters, n_init=38)
kmeans.fit(matrix)
clusters = kmeans.predict(matrix)
silhouette_avg = silhouette_score(matrix, clusters)

#km = kmodes.KModes(n_clusters = n_clusters, init='Huang', n_init=2, verbose=8)
#clusters = km.fit_predict(matrix)
#silhouette_avg = silhouette_score(matrix, clusters)

print("For n_clusters =", n_clusters, "The average silhouette_score is :", silhouette_avg)

#### Characterizing the content of clusters

pd.Series(clusters).value_counts()

** a / _Silhouette intra-cluster score_ **

def graph_compenent_silhouette(n_clusters, lim_x, mat_size, sample_silhouette_values, clusters):
plt.rcParams["patch.force_edgecolor"] = True
plt.style.use('fivethirtyeight')
mpl.rc( ' patch’, edgecolor = 'dimgray’, linewidth=1)
#
fig, axl = plt.subplots(l, 1)
fig.set_size_inches(8, 8)
ax1.set_xlim([lim_x[@], lim_x[1]])
ax1l.set_ylim([®@, mat_size + (n_clusters + 1) * 18])
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y_lower = 1@
for 1 in range(n_clusters):

#
# Aggregate the silhouette scores for samples belonging to cluster i, and sort them
ith_cluster_silhouette_values = sample_silhouette_values[clusters == i]

ith_cluster_silhouette_values.sort()

size_cluster_i = ith_cluster_silhouette_values.shape[@]

y_upper = y_lower + size_cluster_i

cmap = cm.get_cmap(“Spectral”)

color = cmap(float(i) / n_clusters)

ax1.fill_betweenx(np.arange(y_lower, y_upper), @, ith_cluster_silhouette_values,

facecolor=color, edgecolor=color, alpha=8.8)

#

# Label the silhouette plots with their cluster numbers at the middle

axl.text(-8.83, y_lower + ©.5 * size_cluster_i, str(i), color = 'red’, fontweight = 'bold’,
bbox=dict(facecolor="white', edgecolor='black', boxstyle='round, pad=8.3'))

#
# Compute the new y_Lower for next plot
y_lower = y_upper + 18

#

# define individual silouhette scores

sample_silhouette_values = silhouette_samples(matrix, clusters)

#

# and do the graph

graph_component_silhouette(n_clusters, [-8.87, ©.33], len(X), sample_silhouette_values, clusters)

nnmEk b/ _Word Cloud_**

liste = pd.DataFrame(liste_produits)
liste_words = [word for (word, occurence) in list_preducts]

occurence = [dict() for _ in range(n_clusters)]

for i in range(n_clusters):
liste_cluster = liste.loc[clusters == i]
for word in liste_words:
if word in ['art', 'set', ‘heart', 'pink', 'blue', 'tag']: continue
occurence[i][word] = sum(liste_cluster.loc[:, @].str.contains(word.upper()))

def random_color_func(word=None, font_size=None, position=Nene,
orientation=None, font_path=None, random_state=None):
h = int(36@.@ * tone / 255.8)
s = int(100.8 * 255.@ / 255.8)
1 = int(1e@.@ * float(random_state.randint(7e, 128)) / 255.@)
return "hs1({}, {}%, {}%)".format(h, s, 1)

def make_wordcloud(liste, increment):
axl = fig.add_subplot(4,2,increment)
words = dict()
trunc_occurences = liste[@:158]
for s in trunc_occurences:
words[s[@]] = s[1]

wordcloud = WordCloud(width=1808@,height=488, background_color="white',
max_words=1628,relative_scaling=1,
color_func = random_color_func,
normalize_plurals=False)
wordcloud.generate_from_frequencies(words)
ax1.imshow(wordcloud, interpolation="bilinear")
axl.axis('off")
plt.title('cluster {}'.format(increment-1))
#
fig = plt.figure(l, figsize=(14,14))
color = [@, 168, 13@, 95, 280, 46, 338, 118, 25]
for i in range(n_clusters):
list_cluster_occurences = occurence[i]

tone = color[i] # define the color of the words

liste = []

for key, value in list_cluster_occurences.items():
liste.append([key, value])

liste.sort(key = lambda x:x[1], reverse = True)

make_wordcloud(liste, i+1)

** Principal Component Analysis_ **

pca = PCA()
pea.fit(matrix)
pca_samples = pca.transform(matrix)

fig, ax = plt.subplots(figsize=(14, 5))

sns.set(font_scale=1)

plt.step(range(matrix.shape[1]), pca.explained_variance_ratic_.cumsum(), where='mid',
label="cumulative explained variance')

47



288
281
282
283
284
285
286
287
288

W W wwww W

B

whbEbBBEBEBB

won

0o

VOO NEWNREO®O®E-O N

Mo

WOW W W W W W W W W W W W W W W W W W W W W

R R R R R
@

sns.barplot(np.arange(1,matrix.shape[1]+1), pca.explained_variance_ratic_, alpha=@.5, color
label="individual explained variance')
plt.xlim(e, 1e@)

ax.set_xticklabels([s if int(s.get_text())%2 == @ else '' for s in ax.get_xticklabels()])

plt.ylabel( 'Explained variance', fontsize = 14)
plt.xlabel('Principal components', fontsize = 14)
plt.legend(loc="upper left', fontsize = 13);

pca = PCA(n_components=58)

matrix_90 = pca.fit_transform(matrix)
mat = pd.DataFrame(matrix_9D)
mat['cluster'] = pd.Series(clusters)

import matplotlib.patches as mpatches

sns.set_style("white")
sns.set_context("notebook", font_scale=1, rc={"lines.linewidth": 2.5})

LABEL_COLOR_MAP = {@:'r’, 1:'gold’, 2:'b', 3:'k", 4:'c', 5:'g'}
label_color = [LABEL_COLOR_MAP[1] for 1 in mat['cluster']]

fig = plt.figure(figsize = (15,8))

increment = @

for ix in range(4):

for iy in range(ix+1, 4):

increment += 1
ax = fig.add_subplot(2,3,increment)
ax.scatter(mat[ix], mat[iy], c= label_color, alpha=8.4)
plt.ylabel('PCA {}'.format(iy+1), fontsize = 12)
plt.xlabel('PCA {}'.format(ix+1), fontsize
ax.yaxis.grid(color="1lightgray', linestyl
ax.xaxis.grid(color="lightgray’', linestyle=
ax.spines['right'].set_visible(False)
ax.spines['top'].set_visible(False)

if increment == 9: break

# I set the legend: abreviation -> airline name
comp_handler = []
for i in range(5):
comp_handler.append(mpatches.Patch(celor = LABEL_COLOR_MAP[i], label = i))

plt.legend(handles=comp_handler, bbox_te_anchor=(1.1, ©.97),
title='Cluster’, facecolor = 'lightgrey’,
shadow = True, frameon = True, framealpha = 1,
fontsize = 13, bbox_transform = plt.gcf().transFigure)

plt.show()

## Customer categories
### Formatting data

corresp = dict()
for key, val in zip (liste_produits, clusters):
corresp[key] = val

#
df_cleaned[ ‘categ_product'] = df_cleaned.loc[:, ‘Description’].map(corresp)

###3_3.1.1 Grouping products

for i in range(5):
col = ‘categ_{}'.format(i)
df_temp = df_cleaned[df_cleaned[ ‘categ_product'] == i]
price_temp = df_temp['UnitPrice’] * (df_temp['Quantity'] - df_temp['QuantityCanceled'])
price_temp = price_temp.apply(lambda x:x if x > @ else @)
df_cleaned.loc[:, col] = price_temp
df_cleaned[col].fillna(@, inplace = True)
#

= &8

df_cleaned[[ 'InvoiceNo', 'Description’, 'categ_product', 'categ @', 'categ_1', 'categ_ 2', 'categ_3','categ_4']][:5]

CustomerIDcateg_product = df_cleaned[['CustomerID', 'InvoiceNo', 'Description’, 'categ_product', 'categ @', 'categ 1', 'categ 2',

‘categ_3','categ_4']][::]

df = pd.Dataframe(CustomerIDcateg_product)
df

df.to_csv( 'CustomerIDcateg_product.csv',index=True)
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# ¥ns Import Libraries wlwlunisianguaiinaiaaisiawidy
import numpy as np
import pandas as pd

# 1N Load the dataset #oilaafilavinduaaunisiinrizoyagnmidisimaiaaisianidy
raw_data = pd.read_excel("DatasetRFM.x1lsx")

raw_data.head()

# dady PyCaret

pip install pycaret

# wnrsavaadud CustomerID
raw_data.drop('CustomerID', axis = 1, inplace= False)

# ¥11715 import clustering module
from pycaret.clustering import *

# ¥nisdedy intialize setup
exp_clu = setup(raw_data)

# W18 k-means model
kmeans = create_medel('kmeans', num_clusters = 4)

# ¥ns Assign labels using trained model
kmeans_df = assign_model(kmeans)

# 12/ CustomerID (fu index
kmeans_df.set_index('CustomerID',inplace=True)

kmeans_df.head()

# 11175 Save WAIWEVIIAINAI1TIANaNAY Drive
kmeans_df.to_csv('ClusteringCategoryProductRFM.csv',index=True)

# vimsuaavuazavlumaanonsnuyy 3 J4
plot_model(kmeans,plot = 'tsne')

# vmsuaava? Optimal Cluster &z AW Elbow
plot_model(kmeans, plot = ‘elbow')

# vinsuaava1 Optimal Cluster @7z nsw Silhouette
plot_model(kmeans, plot = 'silhouette’)

# VIMISUAAVHNAIWEYAUNITULVNRUAIUIMATA RFM @0 W Distribution
plot_model(kmeans, plot = 'distribution') #to see size of clusters
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# 1117 Import Libraries slzlunisianquaimnaiaariamiduiasmsiiarienzaniu
import numpy as np
import pandas as pd

# 1717 load the dataset fuiisasniflaandussuniriiansvizoyagnararmnaliasifiaWiduuaznisiiariswzanri
raw_data = pd.read_excel("DatasetRFMcateg.xlsx™)
rav_data.head()

T I ST

8

¢ # dadv PyCaret

e

11 pip install pycaret

13 # ¥Mmsauraduy CustomerID
raw_data.drop('CustomerID', axis = 1, inplace= False)

# ¥1n17 import clustering module
17 from pycaret.clustering import *

# ¥A19AAdY intialize setup
exp_clu = setup(raw_data)

# ¥1msasw k-means model
kmeans = create_model('kmeans', num_clusters = 4)

# M1n15 Assign labels using trained model
26  kmeans_df = assign_model(kmeans)

# I CustomerID iffu index
kmeans_df.set_index('CustomerID',inplace=True)

# UAAVAY 5 UDIUSNVDVVDYR
kmeans_df.head()

# M5 Save WAIWEVIAIINAITIANaNAY Drive
kmeans_df.to_csv('ClusteringCategoryProductRFM.csv',index=True)

# vnrsuaavuazavlmaanionsuyy 3 J4
plot_model(kmeans,plot = 'tsne')

# vnsuaavA? Optimal Cluster @7u AsIW Elbow
plot_model(kmeans, plot = 'elbow')

# WnsuaavA1 Optimal Cluster &z ATIW Silhouette
plot_model(kmeans, plot = 'silhouette’)

42

# vimsuaavnadwsvavnTuuvnauaItivala RFM au arW Distribution
plot_model(kmeans, plot = 'distribution') #to see size of clusters
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