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Abstract

The trend of purchasing products through online channels has been
steadily rising, forcing sellers to adapt and capitalize on these emerging trends in
order to increase their sales opportunities. Consequently, the online market has
become extremely competitive, compelling sellers to adjust their marketing
strategies to stay competitive. This research aims to examine customer behavior
by utilizing data from online purchases and employing the RFM analysis method.
RFM is a business tool that assesses customers based on three key factors:
recency (the time since the customer's last purchase), frequency (the number of
purchases within a specified period), and monetary value (total spending).
Subsequently, customers are classified into different segments based on their
distinct behavioral characteristics. The K-means clustering technique is employed
in conjunction with traditional RFM scoring to facilitate the segmentation process
and gain a better understanding of subgroup behavior within larger customer
groups derived from the k-means clustering method. The results enable the
categorization of customers into five groups, each displaying different behavioral
patterns: 1. Best customers, 2. Loyal big spenders’ customers, 3. At risk, 4. Short-
Term Inactive Customers, and 5. Long-Term Inactive Customers. The
segmentation of these customer groups enables businesses to comprehend their
customers' behavior and tailor their marketing strategies according to the specific

needs of each group. This approach helps maintain customer relationships,



enhance customer satisfaction, and ultimately increase sales opportunities by

encouraging repeat purchases and driving sales for businesses.

Keywords : Customer Segmentation, K-Means Clustering, Machine learning, RFM

analysis, RFM Scoring
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aelanunsaldteyanudvisowuy Binary Inedidunaunisvinaufell

ee

2

UNBUN 1 SUAUIINMITAIMUAAT K 9383 1uIungudeyanifednis

[
[

TURBUTN 2 dunsiunisgagudnanvesdeyaudazngu vseunsosn (Centroid)

'
=

Tupauil 3 NIRAUInaNazInaziinsAwINTTeEniunToyaluyateya BeruI

Qe

lnegldgadivigy Mnduusazdeyalzgnineglunduvesgamudnaniill ssegnislndiign

Y
Tupeull 4 naINYMsIangudeyalniudwihnmsiuinalefsvesanBnlungy  Lite
mnunlugeagudnasenguioyatn
Tupeuil 5 g1de 3 f1 4 aunsensradudnatsvesngudeyaluilaailimwmseiaiie

ENTo8aINAIAAUENA1NTEUNBUNT

2.2.3 Heiduinszegvinsvasdaya (Dissimilarity Function)

[

Tdlunsiansanenumilen  viseauameiuveeyalaeflesidunieulylunaia

nsdanguanusauUseanlay 3 38 fall (aeva, 2560)

<@ o

1.gueineyadifey (Euclidean distance) Wuilsiduinfenliluisiede k ndu laed

qmmsﬁm’smﬁﬂ‘f
m
dEuclidean(x: y) = Z(xi - yi)z
i=1

X Fledoyalagifesnsmszavinessrinedeyatugngudnatsvesngy K

v Aedeyanidugngudnansvesngy K

m f9 IUIUFIUS

2. sgpzvinanuuEndunsessevsenitadedluguuden (Manhattan or City-block

distance) Lﬁuﬁﬂﬁ%’ui’mwsvmimaﬂﬁmzmmmLmﬂﬁhwaqﬁaﬁhLaﬁa‘iﬂaﬁqmmﬁﬁﬂmm

¥
v a

PNU



dManhattan(x: _'V) = Zl(xi - yi)l
i

3.5vgyinefiulaan (Minkowski distance) 1unsdivinluvasssasvinsgndifeuuay

SLULUIMUUTNAY

1
Ausinkowsia (6 Y) = () 10x¢ = y)PY?
i

Toedl p iudauduuin 61 p=1 szldssazriauausviu uazdn p=2 asldssazninegad

=
LYY

2.2.4 mM3sniduungy (k) Amunzau Elbbow Method

Jumsiamanupainniouveinasiussesiy serindeya  AUAAUENaIwes
nau v38i3enI1 Nasumasaesnglungy (Within Groups Sum of Squares: WGSS) #4013
WG AAZIOUILTTIAIT8Y WGSS anasaindniunguiliintuaindnluuwsasnauiszanad
1 1 d' o w < I Ao v Y a 1% A a L4
ANAUINYBIAAAAAGRUMGERY (ESS) 1lumdvilvdunsviinanulds ilelinsieni
NI MAIzyIAlATwIUNgY (k) Imanzay Asgannsnildnwazinlasuniign (Mulika
H, 2020)

3000

within groups sum of squares
2000
|

500 1000

0
|
o
o
o
[e]

Num of Clusters

5U# 2.1 M3idendungumeds Elbow Method



2.3 dayavluifeafiu Shopee

Shopee fa uwasmlosuBundifinmaa (E-Marketplace) wfinniafidunaianatdly
nstomeAudriudemsduneiidn Tagtuduunanesudneudisetuinluelds
nziusenidedlanagliviu \Wadlud 2015 Wuunanesuilssunsesnuuulivang iy
2finA USM398s Shopee Auditiiausysuuunaniosuiinramainvats seusunm
foamstuslaelunndladialad femauoulsraunisainisfoutiesulmifivasndowas

590157 HUNTTSERULAE NMSIUEINULTBTe (Shopee Thailand, 2022)

2.4 wAdeiieates

Yash Parikh and Eman Abdelfattah (2020) Anw8ane3fiunsinngugnal nen
Recency , Frequency Wag Monetary (RFM Analysis) ﬁagﬂui’lamiﬁ’lé{;\iﬁa \Wefivauena
gmslismnzanfungnssunsderesgndusazas Tagliomn 4 wada léud 1. Mean-
shift, 2. DBSCAN, 3. Agglomerative Clustering, 4. K-Means Im&wﬁmmﬁamﬁ&mﬁgﬂ 4

wiatla Kafllans 4 wedaaunsadnngulauansaiuass 2 - 6 ndu Fanaila K-Means 19

] Y

waTtun1sUsEIaNaEaNan was MednalalANNEINIauNITIZYNENgNATILANGN9 Y B9

Y

avgrglinsihnseaalansainguivgndunniu Wy nsshwlvgnandinsed visesnw

]
Y a v v

nA9333nAnA (Royal Customer) TiliA13gw

D)

a

Ananthi Sheshasaayee and L. Logeshwari (2018) Anw1n1sdnnaugnanlagldinaile

o
=1

maiwilestoyaiioanin nszvaumsvesmsUIMsiansmNduiusueigni Jeyatlaz
drwassaruimelauazmsdnwgndlildinnty  usmniuidaneifiulunisi M du
SasouarliifiomaidomndeyadarufianaauazUiinadoyaiifinndy  Tunuideias
yhnsldmatiansimilesteyalunsuidamdeyagné Tneld3sanads k ngu saufunis
AnTgingAnssuesgndniiuds REM wafildansautangugnénléfanun 2 ndu nguun
wdundugnéniiimadededudon iundugnénlasindni drungui 2 fmsdadetionads
Frfungugnétimanefegndinguil 2 wmedesdinislesanidieligndandild muluds

wueduaaielignAnguilnduingedusuazussaivanenienisnain

Sabbir Hossain Shihab, Shyla Afroge and Sadia Zaman Mishu (2019) @Anwin1s
wUInguanA1eae3s RFM JWwisndenegranntulagiu efinzuusgniiainngingsunis
Fo  uenanifimaihwedansdnnguraisegrwnldiiiewinguaniiesnidunguiveliild

Haans7IAvU Tun19998dagilAs1eiiUssuseningio Agglomerative, K-means uag Advance


https://ieeexplore.ieee.org/author/37085619585
https://ieeexplore.ieee.org/author/37086184617
https://ieeexplore.ieee.org/author/37086808740
https://ieeexplore.ieee.org/author/37085706529
https://ieeexplore.ieee.org/author/37086333847

10

K-means fMUWLINIINITIAIIZE RFM wafilduandliiuials Acglomerative dadldiaaiu
ﬂmJizmawaﬁmuﬁm%’usﬁagaﬁﬁﬁuumﬁlw deowleufuls K-means way Advance K-
Means og13lsinudefvesis Agglomerative Aolifasdinisivuangy (A1K) Tumouusn
HadnSaINNTIANauLandliiinui1is Advance K-means anunsaanviainisvinaiulsednad
Uszansnmlae 27.8% way 97.8% Wewfleusudd K-means waz Agslomerative mIud1dy
wazdslinadnsnsdnnguiiangt K-means Tuldueaszoyvinsneglungy uazseozsinasening
ndu #1133 Advance K-means fimisfideniauetuartisannauazannsnyhalds

dmiuteyavuinlvgy

Alexandrina-Mirela Pater, Stefan Vari-Kakas, Otto Poszet and lonel Gabriel

¥
a a = 1

Pintea (2019) lananfsnagnsnienisnainiliussdvznmiusgiun1sinsgidoyaann

v =

Useiansvhgsnssueghaminzan dmsieseideyadnuiuniniigisnmsimiliestoya @

U

saa

frwanusontengugndildnuinusiviests  Tummddeildthnssuiunsinsgiiteun
THhJunsdlfnuiugsiavunadn wuiumesulal lnethise 1ds k ngu wnthedangu
anén sumsliesgingRinssudemaiin REM wafildansoinmeisuuuunistovssgndn
1o whedugsfevmnadninig  wazdsanansovhnsmanaunslavanvdolustudun

NOANTTUNITYD LiNOLNLEDAYIEKATUTENTAIUTDIUTEN

Mohammadreza Tavakoli, Mohammadreza Molavi, Vahid Masoumi, Majid
Mobini, Sadegh Etemad and Rouhollah Rahmani (2018) la@nwin1svin RFM Wiens
wisngugnAnlaeilefansiasuulamsgsianaglditnsdnngusnedsan wde k nau 16
noaedlilipadiianuduuidn  Digkala  dadudndeeulatilngaslunfiniaiede
nyfupannans uasilSeudisunadnsveduaanouiluldussvdniluld venandldwamn
nNagNSAMIULAAZNALNAMALYIINSLALLUAITRANNAUNALNEAINET? HANGUD
weaUguanslidiuinlnnansuiingulddoiudiuiunistodudn  wassonfuiadones

pensaualaag1aliusEaNSANNINTUY



unil 3
A5N15ALUUIUIRY

MAENsEnwngAnssuvesgnAtunsdedumuuinanesueaulal  lagldls

=

WATR RFM FaagvilinsiufangAnssuvesgnAuazanunsadangugndieendungue

¥ v
g A (% va v

MUuAngANTIUNSTOAUARNAEazAY  Tunuddeilidelanidunuifenuduneu

[

N

he

3.1 Yayans¥avigdunn

MmAdeillaliveyanisdevigvesiumesulauiintulugieiui - 10 nuaus

(%
Y

2020 U4 31 SUINAN 2022 USLNaunle 7 @nus kazildnuiudauaninus 88,238 wad lag

Y

LAATANUNIAINUNUBFIT

¥

1. Order no fi® MUNELaYIAATTDUDIGNAN

Date time A9 TukaLLIAIMGNAYIINTAITE

=

Customer name @8 Y9ane

Y

Product Name @ Jadunn

Product Variant Aa sdanguan wu lod 8 vuie Wusu

' U
Y Y o A

Qty A® TIUNIUAUANANAEITD

Y

N AR LN

Sales A® 51ANAUAN

3.2 \asedieldluauide
3.2.1 Tsunsudwmsunisuszanananielnveu
3.2.2 iaUﬁ'%‘sLumﬁLm%‘wSﬁaaﬁa 1% Pandas , Numpy
3.2.3 lausi3lunsviuuusiass 1wy statmodel , skleam
3.2.4 iamﬁiumﬁt,l,amwa‘*ﬁm@ matplotlib , seaborn

325 IUsLmeﬁm%’ULLammaﬁﬁaaﬁa Tableau



3.3 mMInsivdeudayauaziasaundeyaunldlunisiiasen

12

Tunuddeildniwluneu (Python) lunisafiunisisusuainnsiidiMnusiusu

'
o

garndanignduluniside wazdnddeya

1 import pandas as pd
2 import numpy as np

'
o

AdsTe AeguRl 3.1

3 import matplotlib.pyplot as plt

4 import seaborn as sns

5 from datetime import datetime, timedelta,date

6
7
8

]
Y

JUN 3.1 fegralantdlausisndluuaglidtoya

0 2311115XKEY57V 31-12-22 23:46
1 2311115V4IMUTY  31-12-22 23:06
2 2212315NKFN1EG 31-12-22 21:05

3 2212315MX6MEPB 31-12-22 20:58

1

4

1

from sklearn.preprocessing import StandardScaler

df=pd.read_csv('/content/Transaction data for RFM.csv')

OrderNo DateTime Qty Sales CustomerName ProductName ProductVariants
344 Cust03967 PRD10071 PRV10194

498 Cust43385 PRD10171 PRV10342

205 Cust07387 PRD10030 PRV10027

1094 Cust23450 PRD10003 PRV10029

452 Cust28334 PRD10100 PRV10615

4 2212315MXYH8RJ 31-12-22 20:58

5UN 3.2 Jayasienisidade

U
[

nsasiadeuUssnnveseyaudazanus wuinanus DateTime Wuussiandiay

sanudsesinisudlulidulssianiunlignsies

1 #A5)3da1 Type uavliaua
2 df.dtypes

OrderNo
DateTime
Qty
Sales

CustomerName

ProductName

ProductVariants

dtype: object

object
object

int64

int64
object
object
object

5UN 3.3 Uszinnvesdoyavassiauys
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yhmansaaeuaianuiATluanus CustomerName fevinaavin 319 wm faihy
Foinadaunafifininedis wisgldanunsasyydmuvesgnala luduanud
ProductVariant §if1319 14449 uny faguil 3.4 wlavinsdafianneludunsunissh RFV
ﬁ?uﬂﬂﬁé’f%’auvmﬁmammﬁ DateTime, Qty uag Sales wirths Tuduaeus ProductVariant ay

gnianldusznavlunisdnuaivesdeyaniagniu asgui 3.5

1 #A7AdauA Null
2 df.isnull().sum()

OrderNo %)
DateTime %]
Qty 5]
Sales 5]
CustomerName 319
ProductName %]

ProductVariants 14449
dtype: int64

UM 3.4 Fruueiusavanus

1 # Remove duplicate

2 print("Before remove :", df.duplicated().sum())
3 df.drop_duplicates(inplace=True)

4 print("After remove :", df.duplicated().sum())

Before remove : 247
After remove : ©

' (%
aAa 1 o W

5U# 3.5 mMssinuavesdeyaiiilagiu

3.4 nsuUasdayalinalnTensinn1sAIuIAT RFM

nisiiendayaanizanus CustomerName, DateTime, OrderNo, Sales Wiuen

foyalusuus df2 wiethlulflumsiuman RFM faguil 3.6
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1 #iIRananizAadni 'CustomerName', 'DateTime’, 'OrderNo’, 'Sales’
2 df2 = df[['CustomerName', '‘DateTime’, 'OrderNo’, 'Sales']]

3 df2
CustomerName DateTime OrderNo Sales
0 Cust03967 2022-12-3123:46:00 2311115XKEYS57V 344
1 Cust43385 2022-12-3123:06:00 2311115V4IMUTY 498
2 Cust07387 2022-12-3121:05:00 2212315NKFN1EG 205
3 Cust23450 2022-12-3120:58:00 2212315MX6MEPB 1094
4 Cust28334 2022-12-3120:58:00 2212315MXYH8RJ 452

g‘dﬁ 3.6 Lﬁaﬂ%’agmawqmuﬁ CustomerName, DateTime, OrderNo Wag Sales

TunswSeudoyaiiorinsAiuime  Recency  anunsaAuiailanniuiiangnly

Toyan1sve (5N 3.7) - TuiidaaafignAnsetuinisdwedum wwlavissusiaifignm
dewenstanan Tudiun1sAuinml Frequency 387N13AuInlagNITHUTILINYDITHARA

d9%0 (OrderNo) #ligiuvesgnAmseuus emInuasiniinisddenmun wazlunis

=1

AUIAT Monetary 3ARINKATINVEILOAAITR (Sales) VianuAveIgNAITIEUUY ey

3.8 uavimsasuleanusiilulio Recency, Frequency uaz Monetary 13Ul 3.9

1 #wiunaraaludananismnaily Today date
2 today_date = df2[ 'DateTime'].max()
3 today_date

Timestamp('2022-12-31 23:46:00")

JUN 3.7 Mvuniuianasiudoyailu today date
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1 #A1WuA1 RFM
2
3 df_cust = df2.groupby("CustomerName").agg({"DateTime": lambda x: (today_date - x.max()).days,

4 "OrderNo": lambda x: x.nunique(),

5 "Sales": lambda x: x.sum()}).reset_index()
6

7 df_cust

-

CustomerName DateTime OrderNo Sales ?.

0 Cust00001 698 1 1132
1 Cust00002 95 1 617
2 Cust00003 144 1 286
3 Cust00004 780 1 1235
= Cust00005 510 1 182

sUf 3.8 nsfuaAn RFM

1 df_cust.columns = ["CustomerName","Recency", "Frequency", "Monetary"]
2 df_cust

CustomerName Recency Frequency Monetary /.

0 Cust00001 698 1 1132
1 Cust00002 95 1 617
2 Cust00003 144 1 286
3 Cust00004 780 1 1235
- Cust00005 510 1 182

5UN 3.9 Waeudeanus Recency, Frequency wag Monetary

1A Recency, Frequency Wa¥ Monetary @3 19ULHUANNEDLNBANITNTEINLN

(%

wagAHAUNR (Aagy 3.10) wsiszlivimsdnanfinunfoaniiosainasyinlvnansins et

Y ala ¢

mﬂmjuqﬂm‘m ANgIUBY Recency, Frequency way Monetary meluanmsiesy



Outliers Variable Distribution

350000

.o

300000

250000

200000

150000
100000 ‘

50000

0 +

Frequency Recency Monetary
Attributes

5UM 3.10 UHUNIMNARIYBIAN Recency, Frequency, Monetary

3.5 NMIANgUanA1aINA1 RFM TngldasaAnane k ngu

nowideyavinsiangulaegldisaane k nay dnnnsnszanesives
%’aaﬂaﬁq 3 A1 Recency, Frequency way Monetary ‘x]’lﬂgﬂﬁ 3.10 ﬁ]xLﬁuvLﬁ’h%’aagaﬁmﬁ
uansinaifusnn deduazdesiiiteyailuumnsgu (Standard scaler) Aoutindoya

JandulaegldAae k Ndu BARAULBULIEIVBINARNS fagU 3.11

1 # Standard scaler

2

3 df_scaled = df_cust[['Recency', 'Frequency', 'Monetary']]
4

5 df_cust_scaled = StandardScaler().fit_transform(df_scaled)

6

1 df_cust_scaled = pd.DataFrame(df_cust_scaled)
2 df_cust_scaled.columns = ['Recency’', 'Frequency', 'Monetary']
3 df_cust_scaled.head()

1ot

Recency Frequency Monetary 2
0 1.192838 -0.201759 0.033856
1 -1.197326 -0.201759 -0.112740
-1.003100 -0.201759 -0.206959
1.517868 -0.201759 0.063175

hWN

0.447646 -0.201759 -0.236563

JUN 3.11 nrsvidoyadunmsgiuuesan Recency, Frequency wag Monetary

16
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nsmIunguiminzadlunisdanguananlaglddl Elbow method #anua
WUINUIUNGUN 5 nduilanuminzauiian (Aegy 3.12) dsduazimvuea K=5 lagAmuali

vnsudangugndeanidu 5 nau fegu 3.13

Distortion Score Elbow for KMeans Clustering

=== elbowatk =5, score = 59009.142

gﬂﬁ 3.12 A1 K fiwsngas 10835 Elbow method

1 from sklearn.cluster import KMeans
2 model = KMeans(n_clusters=5)
3 model.fit(X)

5UN 3.13 n1sudanguuagivuaen K=5

3.6 NMIIANGUNAIINAIATUUN RFM (Traditional RFM Scoring)
ﬁw%’auﬂaﬁﬁmmiﬁwmmm Recency, Frequency Way Monetary 119155 U9%39

Tnei3ua1nn15then Recency wuussmemdidu 5 99 fagU 3.14 I@mﬁ'wuaﬁaaﬂaﬁﬁm

unaglFAzuuniniy 5 Azuu wazanasmuaduTwesdeyafitlidengaasiinsuuy

WINAU 1 AZUY

1 #wivrvasanuasiaaiiu 5 aay|
2
3 rfm["RecencyScore"] = pd.qcut(rfm['Recency'], 5, labels = [5, 4, 3, 2, 1])

3UN 3.14 M3uUa1adayaved Recency
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e Frequency fimefidulngsieg nuimudlunsdeduvosdugnd
Wosdulngd 90 fawindu 1 ade wWediulndd 95 SAwiity 2 ads Wesiiulngd 98 i
Wiy 3 ade uar wWedidulndd 99 Sty 4 ads wavgnénfinisdsdodandiand 79
a%s (Fia3U 3.15) ﬁqﬁuﬁﬁﬁaazﬁwmiLL‘quﬁaaﬂaaaﬂmd]u 5 473 AuAANARD 1,2,3,4,79 ASa
T,maﬂajuqﬂﬁﬂﬁﬁsdaqmﬂmmﬁéi’jqLwi 5-79 A% ayldAvuunwinty 5 ALuY, AR 4

ASI TAZMUIYINAY 4 AZLUY Lazanadnnuansy tneRauniainud 1 a5 azldeshuuwingu
1 Azl (As5U 3.16) %ﬂﬁi’wmuqﬂﬁwﬁﬁﬂﬁé’q%a 1 A59 AWMU 50740 AU d92D 2

[% ' U
[ [

A9 UIUIU 4177 AU §999 3 AST TINUIU 856 AU &998 4 ASI UI1UIU 261 AU LALAITD

¥
v A o

11NN 4 AFINIUIU 310 AU

1 rfm["Frequency"].describe([©.01,0.05,0.10,0.25,0.50,0.90,0.95,0.98,0.99]).T

count 56344.000000
.155030

[y

mean

std 0.768397
min 1.000000
1% 1.000000
5% 1.000000
10% 1.000000
25% 1.000000
50% 1.000000
90% 1.000000
95% 2.000000
98% 3.000000
99% 4.000000
max 79.000000

Name: Frequency, dtype: float64

sU# 3.15 A1 Frequency uaagAtUasigulng

Y

1 #1979 Frequency aaniilu 519

2

3 cut_bins = [0,1,2,3,4,79]

4

5 rfm[ "FrequencyScore"] = pd.cut(rfm["Frequency"], bins = cut_bins, labels = [1, 2, 3, 4, 5])
6 rfm["FrequencyScore"].value_counts()

1 50740
2 4177
3 856
5 310
- 261

JUN 3.16 n13uUsA1 Frequency oandu 5 939

nsulaisvestayaluanus Monetary sanidu 5 929 lnagnAifigasesen
Monetary 1n#ignaglansuiuy 5 aviuy uazanadnudiu dauanslugy 3.17 uagyinig

FIALHUUNI 3 LIAefufgedn RFM score davingtiinguuu RFM score tlUdnnguany
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nawiAzkug RFM Tunisuusnguandnnunisei 2.1 wagaglangugnAvianun 11ngu e

U7 3.18

1 #U1i929 Monetaryaaniilu 519

2

3 rfm[ "MonetaryScore"] = pd.qcut(rfm[ 'Monetary'], 5, labels = [1, 2, 3, 4, 5])
4 rfm.head()

CustomerName Recency Frequency Monetary RecencyScore FrequencyScore MonetaryScore

0 Cust00001 698 1 1132 1 1 -
1 Cust00002 95 1 617 5 1 -
2 Cust00003 144 1 286 5 1 2
3 Cust00004 780 1 1235 1 1 4
- Cust00005 510 1 182 2 1 2

JUN 3.17 Wan9n15uUa99ues Monetary aanu 5 439

1 rfm['Segment'] = rfm['Segment'].replace(seg_map, regex=True)
2 rfm.head()

CustomerName Recency Frequency Monetary RecencyScore FrequencyScore MonetaryScore RFM_SCORE Segment
0 Cust00001 698 1 1132 1 1 4 114 Hibernating
1 Cust00002 95 1 617 5 1 4 514 New Customers
2 Cust00003 144 1 286 5 1 2 512 New Customers
3 Cust00004 780 1 1235 1 1 4 114 Hibernating
4 Cust00005 510 1 182 2 1 2 212 Hibernating

5UM 3.18 wananswuanguanAay Traditional RFM scoring



3.7

soulad WwNsTLINNIIAETanteya  waseseulinSeudmiuduneuselufe n1s

o

AU
Toyaluminuiu k Mwunzan wag vinsianguaieisAnade k ngu diufaasheinnis

AUINAZLUULAZIANGNANTURDUITNNTIANGUAIUAIAZLUULUUAUAL 18399IN1E32919a09

dsudunaunIsAiiuIu

( Start )

\ 4

Transactions
data

Data Preparation

Y

\ 4

RFM Variable

Find Number of
Clusters (K)

v

Clustering by K-means

A

Clustering by
Traditional RFM
Scoring

L

Combine result and |

interpretation

\ 4

Marketing
Strategies

End

3Uﬁ 3.19 LANITUNDUNITAILLUNT

ArunaFauinuanlausiufuiefANuLazIATIZANE

WigauiugnAwsiasngy

wHudauanetunaunNsAuNs (§UN 3.19) Buanmsihdediyan1sdevigduan

Us R, F, waz M vidsantiuiioladinlsia 3 f1 aswuseandu 2 dwuusnae 1

WaEMYUANAYNSNINITAAIAT




uni 4

NAN1528LAZN159AUS1gNE

Y v

TuaAdetlefnwinsiaseiigndmeds RFM wagldvimsuusnaulagldnmsiteus

Y

YouATaslaeIsALAtY k NN nseiuseneutiniumsidisnisulainguiuunasufents

[
v a

wlanguanAmanaiazkuy (Traditional RFM scoring) #elanaannnisuuangaisadl

4.1 Wan1swdenguanAn

UM 4.1 psmlanulfuanansnsznemivedusiasngugnA1INTsALede k nau

HAIINMITLUINGUIINTTANREY k NEN TuIuNgulmuzauInis Elbow agla

Sununguilnzanfosiuiu 5 ngu figURl 4.1 wannsulIngueiSAieds k ngu
ausontengugnniifarundneadetuooninlduadnided ndudl 0 30,785 Au Anudu
54.65% nawit 1 23,773 au Anidu 42.18% nguil 2 1,695 A Andu 0.16% ngu 3 88AY
Ay 3.01% LLazﬂﬁjmﬁl 4 3pu Anudu 0.01% WlerAn Recency, Frequency wag Monetary

YoaudaNANINATIRUNINNERIRaAERAlowY (U 4.2-4.6) ieYNITIATIEY

[
a

ANWUENANANAMNS 5 Ngu taRs
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M13197 4.1 AadAUeuNguanAve 5 nay

Recency Frequency Monetary
Cluster | count - - -
mean max min mean max min mean max min
0 30788 216.07 464 0 1.09 2 1 902.63 13856 0
1 23770 643.50 1092 427 1.05 3 1 611.76 18672 0
2 1695 243.51 1026 0 3.30 10 1 6139.72 46572 75
3 88 128.33 834 1 10.28 36 1 38351.02 118913 3874
4 3 37.67 71 18 34.00 79 4 322138.33 364336 295754
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Cluster
W About To Sleep Champions W Loyal Customer W Potential Loyalists
AtRisk W Hibernating customers Need Attention W Promising
B Cannot Lose Them W Lost customers B New Customers

<Proportion of Cluster>

Promising Hibernating
36.13% customers
10.26%

Need
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1.79%

New Customers At Risk
16.34% 1.72%

About To Sleep
6.96%
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naul 0 \Jungugnédn Short-Term Inactive Customer T41w3u 30,785 A 1ungy

'
a

andfFulimsdniduinislunduduszezsnamil Usenauiuliduiugnanlunguiln
AOUtINNN  AeuTagiNsEengnAuAuIEINAIAIElonaka ANA lUN1SAINA UL
Jugnilagdimszisiuiunisdanguwuunaiy ADNTSIANGNINAMINATIAZUUY

(Traditional RFM scoring) NANST 4.1

M157991 4.2 N15TIUHANITIANGUITANREY Kk NFULALITAIALLULLUUALANYBINGNT O

K-MEANS_Segment | Traditional_RFM_Segment Q'ty % No. of Total
Promising 19410 63.04%
New Customers 8779 28.51%
About To Sleep 1724 5.60%
O Need Attention 512 1.66%
Potential Loyalists 294 0.95%
Hibernating customers 67 0.22%
Cannot Lose Them 2 0.01%

%ﬁ']ﬂﬂima’lﬁﬁ@ﬂﬁﬂumdmm Potential Loyalists, Need Attention, Cannot Lose
Them naunndugndn mszlunquitfidnenmlaefiansun neA1AzLuy RFM 71889910
TUABUNITHUINGY Iagagyinsiauedetaueiaylun1stodua n1sudan1sdnlustuduwuu

Piaan nslilandiuan edalilmAansnauunyet

nquil 1 Junquandn Long-Term Inactive Customer §1wau 23770 aw ungy

9

anfdnlduinsluumndigléaind Recency firtiesfiand 427 Ju faguil 4.4 Usznou
fufisugnénlunduildideudtann fufusaginisdongndudundiuiiaainilena
wazduarlumsfandunidugnélasiinsgismtumattanduuuudiadudonsdnngy

anfeuINasiAzuLY (Traditional RFM scoring) 9105197l 4.2 Tagazyinsmannfegndn
Iumjmaﬂ At Risk, Cannot Lose Them, Potential Loyalists ez Need Attention sty

naundAnenMlng R 1MNAIALLUY RFM NdAna99n#ia1sanaindunsunisiunay Tu
q
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w1 dagliladengnaieglungu New customers s1zgnAlungai 1 seesiaidsee

¥ A =

Weedgnme 427 Ju Aaiulungu New customers gnAnasiinginssuiivelivey wasvenld
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K-MEANS_Segment | Traditional_RFM_Segment Q'ty % No. of Total
Cannot Lose Them 8341 35.09%
Hibernating customers 5696 23.96%
Lost customers 5652 23.78%
About To Sleep 2193 9.23%
1 At Risk 734 3.09%
Promising 686 2.89%
New Customers 427 1.80%
Need Attention 28 0.12%
Potential Loyalists 13 0.05%
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{2} 1 import pandas as pd
2 import numpy as np
3 import matplotlib.pyplot as plt
4 import seaborn as sns

5 from datetime import datetime, timedelta,date

6 from sklearn.preprocessing import StandardScaler

7

8 df=pd.read_csv('/content/Transaction data for RFM analysis test311222.csv')

9 df.head()
By OrderNo DateTime Qty Sales CustomerName ProductName
0 2301015XAEYS57V 31-12-22 23:46 1 344 Cust03967 PRD10071
1 2301015V4JKUTY 31-12-22 23:06 1 498 Cust43385 PRD10171
2 2212315NAFNOEG 31-12-22 21:05 1 205 Cust07387 PRD10030
3 2212315MX6MEPB  31-12-22 20:58 1 1094 Cust23450 PRD10003
4 2212315MXYH8RJ 31-12-22 20:58 1 452 Cust28334 PRD10100

TUsunsuNT v uLaRITUABUN TN ENTDYA

[3] 1 #m:3dau Type wavdaya

2 df.dtypes

Orderho
DateTime

Qty

Sales
CustomerName
ProductName
ProductVariants
dtype: object

object
object

int64

inte4
object
object
object

[4] 1 #ulaou Type wasAadni Datetime
2 df[ 'DateTime ' ]=pd.to_datetime(df[ 'DateTime"'])

[5] 1 #R573daVAT Null

2 df.isnull().sum()

OrderNo
DateTime

Qty

Sales
CustomerName
ProductName
ProductVariants
dtype: int64

R ]

319

14449

ProductVariants
PRV10194
PRV10342
PRV10027
PRV10029

PRV10615

34
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(€]

1 #auA1 Null aanann CustomerName
2 df = df.dropna(subset=['CustomerName'])

1 #RTI3FaUA1 Null waynminmsavaan

2 df.isnull().sum()

OrderNo

DateTime

Qty

Sales

CustomerName
ProductName
ProductVariants 1438
dtype: int64

(8]

1 #udmIA1 Duplicate

OO0 00O

4

2 df[df.duplicated(keep=False)]

OrderNo

1634  221213HTHXE62
1635  221213HTHXE62
1636  221213HTHXE62

3
3
3

3947 221122QAX3XMWY

3950 221122QAX3XMWY

87462 200522RWNCO0JW

87463 200522RWNCO0JW

87464 200522RWNCO0JW

88182  200401C3VB24G
88183  200401C3VB24G

394 rows x 7 columns

[e]

J
J

DateTime Qty

2022-12-13 13:37:00
2022-12-13 13:37:00
2022-12-13 13:37:00
2022-11-22 14:40:00
2022-11-22 14:40:00

2020-05-22 21:21:00
2020-05-22 21:21:00
2020-05-22 21:21:00
2020-01-04 12:01:00
2020-01-04 12:01:00

1 # Remove duplicate
2 print("Before remove :", df.duplicated().sum())

3 df.drop_duplicates(inplace=True)

2
2
2

Sales CustomerName ProductName

2495
2495
2495

622

622

972

972

972

140
140

Cust22761
Cust22761
Cust22761
Cust22871

Cust22871

Cust55024

Cust55024

Cust55024

Cust45882

Cust45882

PRD10358
PRD10358
PRD10358
PRD10004

PRD10004

PRD10895

PRD10895

PRD10895

PRD10378
PRD10378

4 print("After remove :", df.duplicated().sum())

Before remove
After remove

247
(%)

ProductVariants

NaN

NaN

NaN

PRV10004

PRV10004

NaN

NaN

NaN

NaN

NaN
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" [20]

©[21]

1 #lRananizAadil 'CustomerName', 'DateTime’, 'OrderNo’, "Sales’
2 df2 = df[['CustomerName’, 'DateTime’, 'OrderNo’, 'Sales']]

3 df2

CustomerName

0 Cust03967

1 Cust43385

2 Cust07387

3 Cust23450

< Cust28334
88233 Cust52940
88234 Cust07556
88235 Cust47604
88236 Cust38566
88237 Cust38566

87672 rows x 4 columns

DateTime

2022-12-31 23:46:00

2022-12-31 23:06:00

2022-12-31 21:05:00

2022-12-31 20:58:00

2022-12-31 20:58:00

2020-02-18 21:55:00

2020-02-17 12:26:00

2020-10-02 11:43:00

2020-01-30 17:33:00

2020-01-30 17:33:00

1 df2.dtypes
CustomerName object
DateTime datetimeb4[ns]
OrderNo object
Sales intes

dtype: object

OrderNo

2301015XAEYS57V

2301015V4JKUTY

2212315NAFNOEG

2212315MX6MEPB

2212315MXYH8RJ

200218NESKVA39

200217HX2PBCDC

20021008CBW2BB

2001302A5C0KW1

2001302A5C0KW1

Sales

498
205
1094

452

170

200

240

2600
2600
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[22] 1 #hiunahaaludayamsmailu Today date

2 today_date = df2['DateTime"].max()
3 today_date

Timestamp('2022-12-31 23:46:00")

. v - ol - -~ -
[23] 1 #HnunuanAnianmuaninnsdeta

2 df2.CustomerName.nunique()

56344

[24] 1 df2.isnull().sum()

C»

CustomerName
DateTime
OrderNo
Sales

dtype: int64

%]
%)
%)
%]

1 #AuduA1 RFM
2
3 df_cust = df2.groupby("CustomerName").agg({"DateTime": lambda x: (today_date - x.max()).days,

4 "OrderNo": lambda x: x.nunique(),

5 "Sales": lambda x: x.sum()}).reset_index()
6

7 df_cust

CustomerName DateTime OrderNo Sales

0 Cust00001 698 1 1132
1 Cust00002 95 1 617
2 Cust00003 144 1 286
3 Cust00004 780 1 1235
4 Cust00005 510 1 182
56339 Cust58202 219 1 366
56340 Cust58203 319 1 99
56341 Cust58204 870 1 1370
56342 Cust58205 663 1 82
56343 Cust58206 746 1 226

56344 rows x 4 columns
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° 1 df_cust.columns = ["CustomerName","Recency”, "Frequency", "Monetary"]

2 df_cust
By CustomerName Recency Frequency Monetary
0 Cust00001 698 1 1132
1 Cust00002 95 1 617
2 Cust00003 144 1 286
3 Cust00004 780 1 1235
4 Cust00005 510 1 182
56339 Cust58202 219 1 366
56340 Cust58203 319 1 99
56341 Cust58204 870 1 1370
56342 Cust58205 663 1 82
56343 Cust58206 746 1 226

56344 rows x 4 columns



Tsunsunmwilnmeunaniduneumsiaseutoya (fo)

° 1 # outlier Analysis of Frequency Recency and Monetary
2
3 attributes = ['Frequency"’, 'Recency', "Monetary']
4 plt.rcParams[‘figure.figsize'] = [1@,8]
5 sns.boxplot(data = df_cust[attributes], orient="v", palette="set2" ,whis=1.5,saturation=1, width=0.7)
6 plt.title("outliers variable Distribution", fontsize = 14, fontweight = 'bold')
7 plt.ylabel("Range"”, fontweight = 'bold")
8 plt.xlabel("Attributes", fontweight = "bold")

C» Text(e.5, e, ‘Attributes’)
Outliers Variable Distribution

L]
350000 A
300000 - :
250000 A
° 200000 -
o
€
2
150000 -
L
100000 - ‘
50000 -
0- +
Frequency Recency Monetary

Attributes



Tsunsunmwilnmeunaniduneumsiaseutoya (fo)

° 1 df_cust.shape

C» (56342, &)

[35] 1 # standard scaler

2

3 df_scaled = df_cust[['Recency', 'Frequency’, 'Monetary']]
4

5 df_cust_scaled = StandardScaler().fit_transform(df_scaled)
3

[36] 1 df_cust_scaled = pd.DataFrame(df_cust_scaled)
2 df_cust_scaled.columns = ['Recency', ‘Frequency', "Monetary']
3 df_cust_scaled.head()

Recency Frequency Monetary

o

1.192838 -0.201759 0.033856
-1.197326 -0.201759 -0.112740

A

-1.003100 -0.201759 -0.206959

1.517868 -0.201759 0.063175

a owooN

0.447646 -0.201759 -0.236563



TUsunsun e lnvouuanatunaunIsLuIngumeIsALeie k nqu

(37]

1 X=df_cust_scaled[['Recency”, 'Frequency', "Monetary']])

1 from yellowbrick.cluster import KElbowVisualizer

2 from sklearn.cluster import KMeans
3 plt.figure(figsize= (10,8))

4 U Instantiate the clustering medel and visualizer

S model = KMeans()

6 visualizer = KElbowVisualizer(model, k=(1,20), timings=False)

7
& visualizer.fit(X)
o visualizer.show()

fusrflocal/lib/pythond.18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

Jusr/local/lib/pythond. 18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

Jusr/local/lib/pythond.18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

Jusrflocal/lib/pythond . 18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

fusrflocal/lib/pythend.18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

Jusr/local/lib/pythond.18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

Jusr/flocal/lib/pythend . 18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

Jusrflocal/lib/pythond . 18/dist-packages/sklearn/cluster/_kmeans.py:

warnings.warn(

160000

120000

:

distortion score

:

25

& Fit the data to the visualizer

50

876:

870:

878:

870:

870:

878:

878:

876:

FutureWarning:
FutureKarning:
FutureKarning:
Futurekarning:
Futurekarning:
Futurekarning:
FutureWarning:

FutureKarning:

Distortion Score Elbow for KMeans Clustering

75

10.0
k

The

The

The

The

The

The

The

The

default

default

default

default

default

default

default

default

value

value

value

value

value

value

value

value

“n_init’
“n_init’
“n_init’
“n_init’
“n_init’
“n_init’
“n_init’

“n_init’

-=-= ebowatk =35, score=59010.778

125 150

175

<Axes: title={"center': "Distortion Score Elbow for KMeans Clustering”}, xlabel="k', ylabel="distortion score’>

will

will

will

will

will

will

will

will

change
change
change
change
change
change
change

change

fron

fron

fron

fron

fron

fron

from

fron
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C»

(48]

(41]

[(42]

1 from sklearn.cluster import KMeans

2 model = KMeans(n_clusters=5, randon_state=18)

3 model . Fit(X)

Jusr/local/lib/pythend. 18/dist-packages/sklearn/cluster/_kmeans.py:870:

warnings.warn(

- KMeans

KMeans(n_clusters=5, randon_state=18)

1 model.cluster_centers_

array([[-7.17539338e-21, -B.63455626e-02,
[ 9.7669@978e-21, -1.36778468e-01,
[-6.88567814e-21, 2.792413275e+00,
[-1.86521447e+0@, 1.18887633e+21,
[-1.42458278e+0@, 4.27451752e+01,

1 model.labels_

-3.14585878e-02],

-1.1423958%¢-01],
1.45915024e+00) ,
1.86283092e+01],
9.14888125¢+81]])

array([(1, 0, e, ..., 1, 1, 1], dtype=int32)

1 ownAadud Cluster whlu of _cust
2

3 df_cust|'cluster’ |=model.labels_
4

5 df_cust.head(18)

CustomerName Recency Frequency Monetary cluster

0 Cust00001 698 1
1 Cust00002 85 1
2 Cust00003 144 1
3 Cust00004 780 1
4 Cust00005 310 1
5 Cust00006 654 1
6 Cust00007 200 1
7 Cust00008 191 1
8 Cust00009 373 1
9 Cust00010 340 1

1132
617
286

1235
182
285
932

79

265

1

0
0

o o o o

FutureWarning:



TUSUNTUN T LNVIOUMERITURBUNITHUINGUMEITAREY k Nqu ()

° 1 df_cust.describe()

C Recency Frequency Monetary cluster
count 56344.000000 56344.000000 56344.000000 356342.000000
mean  397.066129 1155030  1013.061515 0.486937

std 252.286254 0768397  3513.098058 0.565695
min 0.000000 1.000000 0.000000 0.000000
25% 189.000000 1.000000 197.000000 0.000000
50% 371.000000 1.000000 390.000000 0.000000
75% 580.000000 1.000000 994.000000 1.000000
max  1092.000000 79.000000 364336.000000 4.000000

[45] 1 df_cust.groupby("cluster™).agg(["nean”, "nedian”,"count”,"nax","nin"])

<ipython-input-45-9e6208e5b8db>:1: FutureWarning: ['CustomerName')] did not aggregate successfully. If any error is raised this will ri
df_cust.groupby("cluster”). agg([ "mean”, "median”, "count™, "max", "min"])

Recency Frequency Monetary
nean median count max min mean median count max min mean median  count max nin
cluster
0 216.065220 2150 30788 464 0 1.088703 10 30788 2 1 902.631610 4190 30788 13856 0
1 643.496887 616.0 23770 1092 427 1.049937 10 23770 3 1 611.762137 3040 23770 18672 0

2 243510914 2000 1695 1026 0 3.301475 30 1695 10 1 6139.719764  3468.0 1695 46572 75
3 128.329545 72.5 88 834 1 10.284091 10.0 88 36 1 38351.022727 35969.0 88 118913 3874
4 37.666667 240 3 71 18 34000000 19.0 3 79 4 322138.333333 306320.0 3 364336 295759

[46) 1 df_cust['cluster’].count()

56344

[47] 1 df_cust['cluster’].value_counts()

-] 3e788
1 23770
2 1695
3 88
4 3
Name: cluster, dtype: int64



TUSUNTUN TS LNVIDUMERITURBUNITHUINGUMEITAEY k NqY (D)

° 1 sns.boxplot(x="cluster',y="Recency”, data=df_cust)

[+ <Axes: xlabel="cluster’, ylabel="Recency’>

1000 3
‘
L]
+
800
? 600
g ‘
+
400
200
0
0 1 2 3 4
duster

[49] 1 sns.boxplot(x='cluster',y="Frequency', data=df_cust)

<Axes: xlabel="cluster’, ylabel="Freguency'>

0

0

-] 8

Frequency
&

L]
L]
30
20
10
Py F 3
0
0 1 2 3 4
cluster
©) 1sns.boxplot(x='cluster',y="Monetary’, data=df_cust)
[+ <Axes: xlabel="cluster’, ylabel="Monetary'>
350000
300000
250000
>
200000
3
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(]

1 iegort

from spl_toolk

3 isport

S colors

3 ax = pl

o = ax.SCattec3D(df ¢

matplotlib.pyplot as plt
plot3d Segort

ruspy a5 Np

- np.areay(["

-axes(project

t_xlabel( Recency")

Fraquincy ')

Axes 30

's Distribution”,

Recency”],

", "Rreen”,

df cust["F

“orange”,

"blue”])

fontslze=28)

wquency™ ],

df cust"monetary™],

3", "Cluster 47

rfacecolor=color,

narker="0", cecolors[df_cust[cluster™].tolist()])

sarkersize=18) for color in colers]

+-30000
~—-300000
—-Z0000
=~
—am000fe
H
2
==150000
==100000

== 2000

Ly

45
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TUSUNTUN TS LNV DUMARAITUABUNITHUINGUAIBAI A KUULUUAIAL

[1] 1 rfm = df_cust[['CustomerName', "Recency’, 'Frequency’, ‘Mcnetary']]

° 1 rfm

g CustomerName Recency Frequency Monetary
0 Cust00001 698 1 1132

1 Cust00002 95 1 617

2 Cust00003 144 1 286

3 Cust00004 780 1 1235

4 Cust00005 510 1 182
56339 Cust58202 219 1 366
56340 Cust58203 319 1 99
56341 Cust58204 870 1 1370
56342 Cust58205 663 1 82
56343 Cust58206 746 1 226

56344 rows x 4 columns

[88] 1 rfm[“"Frequency"].describe([e.01,0.85,0.1@,0.25,8.50,8.90,0.95,0.98,0.99]).T

, count 56344 .000202

mean 1.155e3@
std ©.768397
min 1.00@222
1% 1.000222
5% 1.002229
18% 1.000220
25% 1.002222
50% 1.002222
90% 1.002229
95% 2.000229
98% 3.000222
99% 4.000222
max 79.0002222

Name: Frequency, dtype: floates

[57] 1 #wivthe Frequency aamilu 5%ae
2
3 cut_bins = [9,1,2,3,4,79]
4
5 rfm[ "FrequencyScore”] = pd.cut(rfm["Frequency"], bins = cut_bins, labels = [1, 2, 3, 4, 5])
6 rfm[ "FrequencyScore”].value_counts()

1 Se74e
2 4177
3 856
5 318
4 261
Name: FrequencyScore, dtype: intes



TUSUNTUN T LNVIOUARITUABUNITHUINGNAMBAI A RLULLUUAIAU(D)

° 1 #wivee Monetaryaaniflu St

2

3 rfm[ "MonetaryScore”] = pd.qcut(rfm['Monetary'], 5, labels

4 rfm.head()

0 Cust00001
1 Cust00002
2 Cust00003

3 Cust00004

=[1, 2, 3, 4, 5])

C CustomerName Recency Frequency Monetary RecencyScore FrequencyScore Monetaryscore
698 1 1132 1 1 4

95 1 617 5 1 4

144 1 286 5 1 2

780 1 1235 1 1 4

510 1 182 2 1 2

4 Cust00005

[59] 1 (rfm['RecencyScore'].astype(str) +
2 | rfm['FrequencyScore'].astype(str) +
2 rfm[*MonetaryScore’].astype(str)).head()

® 114
1 514
2 512
3 114
4 212
dtype: object

[6@] 1 rfm["RFM_SCORE"] =

2 rfm.head()

CustomerName Recency Frequency Monetary RecencyScore Frequencyscore

0 Cust00001
1 Cust00002
2 Cust00003
3 Cust00004
4 Cust00005

a7

rfm[ "RecencyScore'].astype(str) + rfm['Frequencyscore'].astype(str) + rfm['MonetarysScore'].astype(str)

698

95
144
780
510

° 1 rfm.dtypes

6 CustomerName
Recency
Frequency
Monetary
Recencyscore

Frequencyscore
MonetarysScore

RFM_SCORE

dtype: object

[62] 1 rfm["RFM_SCORE"] = rfm["RFM_SCORE"].astype(int)

[63] 1 rfm.dtypes

CustomerName
Recency
Frequency
Monetary
Recencyscore

Frequencyscore
MonetarysScore

RFM_SCORE

dtype: object

1
1
1

1

cbject
intes
intss
intss4
category
category
category
cbject

cbject
intss
intss
intss
category
category
category
intss4

1132
617
286

1235
182

1
5
5

1

1

1

MonetaryScore RFM_SCORE

4
4
2

114
514
512
114

212



53

C

2

3 # Define the mapping of scores to segments
4 segment_mapping = {

5

6
7
8
9

16 }

“Champions": [S55, 554, 544, 545, 454, 455, 445],

"Loyal Customer™: [543, 444, 435, 355, 354, 345, 344,
"potential Loyalists": [553, 551, 552, 541, 542, 533,
“New Customers”: [S12, 511, 422, 421, 412, 411, 311],
“promising": [525, 524, 523, 522, 521, 515, 514, 513,
"Need Attention": [535, 534, 443, 424, 343, 324, 325,
“About To Sleep": [331, 321, 312, 221, 213, 231, 241,

235],

a8

532, 531, 452, 451, 442, 441, 431, 453, 433, 432, 423, 353, 352, 351, 342, 341, 333, 323],

425, 424, 413, 414, 415, 315, 314, 313],

324],
251],

“At Risk": [255, 254, 245, 244, 253, 252, 243, 242, 235, 234, 225, 224, 153, 152, 145, 143, 142, 135, 134, 133, 125, 124],

“Cannot Lose Them": [155, 154, 144, 214, 215, 115, 114, 113],
"Hibernating customers": [332, 322, 233, 232, 223, 222, 132, 123, 122, 212, 211],

"Lost customers™: [111, 112, 121, 131, 141, 151]

18 # Function to map score to segment name
19 def map_segment(score):

20
21
22
23
24

for segment, scores in segment_mapping.items():
if score in scores:
return segment

return "Unknown" # In case a score doesn't match any segment

25 # Apply the mapping function to create the "segment” column
26 rfm["RFM_CLUSTER"] = rfm["RFM_SCORE"].apply(map_segment)

27

28 # Print the updated DataFrame with the new "segment” column
29 print(rfm)

30
31
32
CustomerName Recency Frequency Monetary RecencyScore Frequencyscore \
e Custeeeel
1 Custesea2 95 1 617
2 Custeeees 144 1 286
3 Custesess 780 1 1235
4 Custeeees 512 1 182
56339 Cust58202 2139 1 366
56348 Custs58203 319 1 99
56241 Custs53204 870 1 1370
56342 Custs582e5 663 1 82
56343 Custs582e6 746 1 226
MonetaryScore RFM_SCORE RFM_CLUSTER
e 4 114 Cannot Lose Them
1 4 514 Promising
2 2 512 New Customers
3 4 114 Cannot Lose Them
4 2 212 Hibernating customers
56339 3 412 Promising
56248 1 311 New Customers
56341 5 115 Cannot Lose Them
56342 1 111 Lost customers
56243 2 112 Lost customers
1rfm
0 Cust00001 698 1 1132
1 Cust00002 95 1 617
2 Cust00003 144 1 286
3 Cust00004 780 1 1235
4 Cust00005 510 1 182
56339 Cust58202 219 1 366
56340 Cust58203 319 1 99
56341 Cust58204 870 1 1370
56342 Cust58205 663 1 82
56343 Cust58206 746 1 226

[SESRURTI

e W b

RN

R e e s

CustomerName Recency Frequency Monetary RecencyScore FrequencyScore MonetaryScore RFM_SCORE

56344 rows x 9 columns

1
5

1
1

4
4

~n s

114
514
512
114
212

413
n
115
m

112

RFM_CLUSTER
Cannot Lose Them
Promising

New Customers
Cannot Lose Them

Hibernating customers

Promising

New Customers
Cannot Lose Them
Lost customers

Lost customers
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(e8]

1 rfm["K-MEANS_CLUSTER" ]=df_cust['cluster']

2 rfm.head(10)

CustomerName Recency Frequency Monetary RecencyScore FrequencyScore MonetaryScore RFM_SCORE

0 Cust00001 698
1 Cust00002 95
2 Cust00003 144
3 Cust00004 780
4 Cust00005 510
5 Cust00006 654
6 Cust00007 200
7 Cust00008 191
8 Cust00009 373
9 Cust00010 340

1

1

1

1132
617
286

1235
182
285
932

79
69
265

1

5

1

1

4

114
514
512
14
212
12
414
41
3n
312

RFM_CLUSTER K-MEANS_CLUSTER

Cannot Lose Them
Promising

New Customers
Cannot Lose Them
Hibernating customers
Lost customers
Promising

New Customers

New Customers

About To Sleep

1

0

49

1 pd.DataFrame(rfm[["RFM_CLUSTER", "K-MEANS_CLUSTER"]].groupby(["K-MEANS_CLUSTER", "RFM_CLUSTER"])["RFM_CLUSTER"].agg("count"))

K-MEANS_CLUSTER

[} About To Sleep
Cannot Lose Them
Hibernating customers
Need Attention
New Customers
Potential Loyalists

1 About To Sleep

Cannot Lose Them
Hibernating customers
Lost customers
Need Attention
New Customers
Potential Loyalists

RFM_CLUSTER

Promising

At Risk

Promising

RFM_CLUSTER

1724

67
512
8779
294
19410
2193
734
8341
5696
5652
28
427
13

686
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