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Abstract

Recency Frequency Monetary Value (RFM) is a clear and descriptive way to classify a customer database based on purchasing
behavior that direct marketers have used with success since almost the last twenty years. Despite the fashion that exists lately
around predictive models and artificial intelligence, direct marketing’s RFM, still has a place in modern database marketing.
In a real business environment, RFM can still be useful when models are not practical because it is user friendly and the
outcome is always interpretable. It can also be used to combine with other models. In this paper, we show a real example
about how easy, accurate and explainable can be a customer segmentation based on the traditional RFM model and the 2-
tuple RFM model applied to a customer database. It will help us to better understand the benefits of applying the 2-tuple
model instead of the traditional one. We will be able to see how, by applying a k-means clustering on top of the 2-tuple model,
segments have a great applicability from the business point of view. By using descriptive variables, we will clarify the cluster
description and the model will provide us an extremely clear idea about how customers behave. The main goal for developing
this example was to define the best target for a direct campaign communication. Data used for this analysis belongs to a
worldwide home furniture, Scandinavian Retailer, and are related to its loyalty program which give us the members’ historical
purchase information.
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1. Introduction

RFM, (Recency, Frequency, Monetary) model is a very renowned marketing tool that uses transaction history
to define behavior-based customer segmentation. In this paper, we follow a previous work from the authors [1]
and work around the RFM model which was proposed by Hughes in 1994 [2] and define categories to discover
which customers will better react to an offer or to engage successfully it our campaigns. Define segments into a
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customer database is a well-known method that marketers used to identify the best target group of customers for
each campaign.

Nowadays marketers know that, instead of reaching out to 100% of their audience, it is more efficient to focus
on a specific customer group that will turn out to be more profitable for their business, also RFM model becomes
a great tool to trigger direct marketing actions for retention, activation, regain campaigns when we need to define
strategies to create engagement and loyalty in our customer database.[3]-[4].

As almost nothing in life is perfect, the model has weaknesses, mainly related to lack of accuracy specially due
to the ordinal scale used to score the RFM variables which normally is based on the set {1,...,5} for each one
and helps us to identify customer contributions to revenue. Label 5 indicates the maximum contribution and
label 1 would be the minimum contribution to revenue [5].

RFM method connects customer response information with R, F and M values as independent variables and
then, define groups of customers into specific RFM categories. Sometimes we are not able to find an equal
number of customers under each RFM group due to correlation existing between R, F and M metrics. For example,
a customer who is spending more should be also likely to buy more frequency [6].

The fuzzy linguistic approach is a tool developed for modelling qualitative information in a problem. It works
around the concept of linguistic variables [7] and it is being used in many situations with very good results. [8]-
[9]. The 2-tuple fuzzy linguistic approach is a good solution to represent information related to processes of
“computing with words” without detriment of information [10] that it is being used in many business applications
[11]-[12].

In this paper, we follow the steps proposed in [1] to link customer segmentation with campaign management
applying the 2—tuple model to the RFM computation and to its application based on k-means clustering
algorithms. We apply their results to a real business case to better understand how this 2-tuple RFM model yields
a greater result interpretability and also enable computing these values with no detriment of information. In
consequence, decision makers could easily identify the best customers and launch more effective marketing
campaign based on the interpretation of these linguistic results.

We have developed the full example using KNIME 3.7.1 open source software, recognized by Gartner as a
Leader in Data Science and Machine Learning Platforms [13], to help other scientist to deploy the full process.
This also enables us to be more relevant at the practical level and better understand the pros and cons instead of
remaining confined to the theoretical environment.

The rest of the work is organized like following indicated. In section 2 we present some basic aspects about
the 2-tuple model. In section 3, the comparison between 2-Tuple RFM Model and Traditional RFM Model is
presented. Finally, the obtained conclusions are exposed.

2. The 2-Tuple Model

Let L = {lo,...,Ir} be a linguistic set of terms with odd cardinality. The midterm will mean the neutral value
and the rest of the terms will be symmetrical distributed around him. It can be accepted that the semantics of
labels are given by means of triangular membership functions and consider the terms on a scale with a total order
defined, i.e. i << I & i <. In this context, if a symbolic process aggregating linguistic information gives us a
valueb € [0,T], and b €{0,...,T}, then, a function to calculate is used to express the result in L.

Definition 1 [10]. Let b be the result of a collection of a set indexes of labels evaluated in the term set L, i.e.
the result of a symbolic aggregation operation, b € [0,T]. Let i = round(b) and a = b-i be 2 values, such that i
€ [0,T] and a € [-0.5,0.5), then a is named as a Symbolic Translation.

The 2-tuple approach [10] is based on a symbolic translation by representing the linguistic information using 2-
tuple (/;, ai), i € L and a; € [-0.5, 0.5), where /i represents the linguistic label, and a; is a numerical value that
translate the value from the original result b to the closest index label, i, in the linguistic term set L. The value (/;,
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a;) also can be named as /=a; (+ or - following the sign of ;).

The model defines the group of transformation functions between numeric values and 2-tuple values.

Definition 2 [10]. Let L = {ly,...,Ir} be a linguistic term set and b € [0,T] a value representing the result of a
symbolic aggregation operation, then the 2-tuple that represents the corresponding information to b is calculated
using the following function:

A:10,T] — L % [-0.5,0.5)
li, i=round(b)
A(D) = (Ii, a), with 1)
a=b-i,a < [-0.50.5).
where round(*) is the round operation, li has the nearest index label to b and a is the the symbolic translation.
For all A, there exists A™!, defined as: AN, a)=i+a. (2)

The negation operator is defined as: neg((li, a)) = A(T — (A'\(I;, a))). 3)

Due to the information aggregation gives us a value that resume a set of values, the aggregation of a set of 2-
tuples should be also a 2-tuple. Functions A and A™! translate quantitative values into linguistic 2-tuples and vice
versa always with no information detriment. Those functions permit that any aggregation operators could be
widespread to able to deal with linguistic 2-tuples. Below we expose the aggregation operators which the authors
have applied in their model [1]:

Definition 3. Let A = {(I1, ai), ..., (In, an)} be a set of linguistic 2-tuple, the values of their corresponding by, ...,bn
(see Definition 1) and W = {wi, ..., wa} their corrsponging weights. The 2-tuple weighted average A" is:

?:1[biwi]

iw _ )
A [0, @), (@) = AP 4)

Definition 4. Let A = {(1;, ai),..., (I, an)} be a set of linguistic 2-tuple and the values of their corresponding
b, ...,bn (see Definition 1). The 2-tuple average A is:

- St ibi
AL, ai),..., (b an)] = A[Tl]. (5)
3. A comparison between 2-Tuple RFM Model and Traditional RFM Model

The basic idea presented in [1] has been to use the 2-tuple representation instead of the traditional scores
(usually quintiles) used in classical RFM in order to achieve greater precision without losing linguistic
interpretability of these scores. In this section we are going to compare this proposal with the classic one applied
to a real retail business to really verify the improvements of the 2-tuple version. For this we will follow the
scheme presented in Fig. 1. Results from this comparison will be applied to a real business case in Retail. The
marketing department of the retailer is continuously launching campaigns on the customer database and they
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need to be able to prioritize and define different actions for different customers’ profiles. We will provide them
a good description of their customer database based on these RFM analysis and subsequent segmentations.

Fig 1. Process of customer segmentation with retail campaign activities using both RFM methods
3.1. The RFM scores computation with traditional model

In the traditional model, customers are sorted separately by each of the RFM variables and then divided into
five groups, typically quintiles. This generates a table: CustomerRFM (with variables like PersonalCard, Recency,
Frequency and Monetary Score) with all score fields € {1,..., 5} (an extract is shown in Fig 2). Consequently,
the RFM measures will be ordinal scores were level 1 has the 20% of customers with the lowest values and level
5 will include the 20% with the highest values in the corresponding variable. In the case of the Recency attribute,
the scale of the calculated ordinal score, Recency Score, should be inverted so larger scores will mean the most
recent buyers.

Renamed/Retyped table - 2:44 - Column Rename
File Hilite Navigation View

Table "default” - Rows: 223781 Spec - Columns: 10 Properties Flow Variables

...|[§] Personal_Card [1]Freque... |RMonetary [ L|Recenc... |[S|RECEN... |[S]FREQU... |[§] MONETARY INTERVAL iinzcmcv...ngnmacv...]imowmm...
-/6275980464000000108 |24 112.293 224 (161,337)  |(13,33) (93.33,280.42) 3 2 2
-/6275980464000000113 |319 6,424.611 |54 [1,58] (145,34,355] |(1,512.437,954,380.315] |5 5 5
-/6275980464000000114 |24 322.331 301 (161,337) _ |(13,33] (280.42,649.383] 3 2 3
..|6275980464000000115 |73 550.711 261 (161,337] (69,145] (280.42,645.383] 3 4 3
-/6275980464000000116 (82 287.365 89 (8,161] (69,145] (280.42,643.383] 4 4 3

Fig 2. Extract of Customer RFM table

We also consider useful to have a unique measure instead of three different classifications per customers, so the
R, F, and M values are summed to define the RFM Score, which characterizes together the RFM scores. In the
simplest case, the RFM scores will be calculated for each customer just using a sequential sorting based on RFM
metrics, but we can use an alternative method which applies regression techniques to calculate the weights of the
R, F and M metrics and this relative weight can be apply in the calculation of cumulative points for each customer
[6]. These weights per each variable could be named as wr, wr, wa, and they would be use to prepare the final
unique RFMScore. The RFM score is the weighted average of its individual components and is calculated as
follows:
RFMScore = Recency Score x wr + Frequency Score x wr+ Monetary Score x wu.

3.2. The RFM scores computation with the 2 Tuple model

In this step the goal is to calculate and store the scores that conform the output table (CustomerRFM 2-tuples),
i.e., Recency Score, Frequency Score, Monetary Score and RFM Score using the 2-tuple model [12].

As a first step we will define the symmetric and uniformly distributed domain L using five linguistic labels.
The labels have a semantic definition for the variables of the RFM model that can be translated as the degree of
agreement on the goodness of the variable:

Let L = {10,..., 1T}, T = 4: s0 = Very Bad = VB, sl = Bad = B, s2 = Neutral = N, s3 = Goof = G, and s4 =
Very Good = VG, with the definition showed in Fig. 3.

vB B N G VG
1

0 015 05 037 05 0625 0 0475 1
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Fig 3. Definition of the set S.

As a consequence, we will have the variables to compute: Recency Score, Frequency Score, Monetary Score,
RFM Score €L x [-0.5, 0.5).

For each customer i = 1,..., n, we obtain 4; = (4i, A, A) with A = RecencyScore;, A =FrequencyScore;
and A =MonetaryScore:. Firstly, customers are organised in ascending order followign each of the individual
RFM components B; = (Bi1, B, Bi), with Bii = Recency;, Bi =Frequency; and Biz =Monetary;, stored in the
customer transactions database. After this, we define rank; € {1,..., n} as the ranking of each client respect to
each of these variables:

percent_rank; = (ranki-1) / (n -1)

with percent_rank; € [0,1],i=1,...,n,j=1,...,3 and n> 1. The final 2-tuple score 4;;is obtained as following:

A((percent_ranky), if j # 1

Ajj = (6)
neg(A(percent_ranky)), ifj =1

where A(+) and neg(*) were defined in Eq. 2 and 4 respectively in the paragraph related with 2 Tuple model. We
use the negation function on Recency in case of the higher scores means the most recent buyers.

We compute the 2-tuple RFMScore:, which characterizes together the RFM scores for each i-customer using
the Eq. (4) as follows:

RFEMScore; = A [Aj] @)

where, j = 1,...,3 with the user-defined weights W = {we, wr, wun} same that previously defined for the
traditional RFM model.

Fig 4 show us the results of this process.
Input with appended column - 2:127:124 - Column Combiner

File Hilite Navigation View

Table “default” - Rows: 223781 Spec - Columns: 28 Properties Flow Variables

.|| s |Personal_Card HL Recency... |[1] Freque... |[D] Monetary [[1]RANKR...|[T|RANKF... |[1]RANKM... [[D]percentag... |[D]percent...|[D] percent...|[S] 2TUPLASRECENCY  |[S] 2 TUPLAS FREQUENCY _|[S] 2 TUPLAS MONETARY
..[6275980464000000108 [224 24 112.293 113438 70275 51002 0.507 0.314 0.228 N","0.007° B","0.064" B","0.022
../6275980464000000113 |54 319 6,424.611 181603 [211387 219563 lo.812 [0.945 0.981 "G","0.062" [VG",0.055" VG",™0.019"
/5275980464000000114 [301 |24 322.331 96491 70275 96429 0.431 0314 0.431 N',0.069° B",0.064" N',"0.069"
../6275980464000000115 |261 73 [s50.711 |104435 (136439 125150 l0.467 l0.61 0.559 N","0.033" 011 N","0.059"
-/6275980464000000116 (89 82 287.365 162458 143816 90740 0.726 0.643 0.405 "6",0.024 G","0.107" ', 0,095

Fig 4. Extract of Customer RFM 2 tuples table with full group of fields.

3.3. Model development and comparison

In a previous paper [1] the authors have proposed both, the traditional model RFM and the representation data
type 2-tuple for campaign management using the k-means clustering technique. The basic idea of these authors
is to apply the k-means algorithm on 2-tuple values (result of the 2-tuples RFM) calculating the mean of each
centroid using the mean 4 (see Definition 4). The practical implementation is done by the authors using IBM
SPSS Modeler. In this case, as a second step, we develop the model using KNIME 3.7.1 and we use a real

[Dota reading and preparation
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customer data to define the best customers groups to target on the different campaigns and engagements activities.
Thus, Fig. 5 show the scheme of the dataflow to solve the example of the previous sections.

Fig 5. Data flow for model development.

A good tool to analyse a clustering result is the Conditional Box Plot node that KNIME offers to compare the
clusters centroids. We can see how detailed is the information that the Box plot gives us for the 2-tuples model
(Fig 6 right graph) in comparison with the Traditional model (Fig 6 left graph) because of the nominal values for
each variable which decrease the possibility to differentiate customer behaviours.

Conattoral ber Fot oo fox Pt
H 18

I I B

Fig 6. Box plot for RecencyScore, in K-means for Traditional and 2-Tuples RFM model

As a summary, we can describe the five clusters for both models like follows:

CLASSIC REM CLUSTER DESCRIPTION TRADITIONAL RFM CLUSTER DESCRIPTION Centroids
cluster name size % Recency | Freq y y
CLUSTER O WORSE Customers with very low values in Recency, Frequency and Monetary. 64,767 | 29% 2 1 1
CLUSTER 3 NEW Very good value for Recency. Still medium for Frequency and Monetary. 36,013 | 16% 4 3 3
o0 Ea . CLUSTER 2 CHURN Customers wit.h bad Recency but very‘good Frequency and Monetary. They 28,473 [ 13% 2 4 "
2 TUPLES RFM CLUSTER DESCRIPTION used to be quite good but are becoming sleeper customers
CLUSTER 4 TOP Good customers in the 3 variables 48,122 | 22% 5 5 5
CLUSTER 1 Medium non |Customers with meidum values in R, F and M. They can be customers that are 44,039 | 20% 2 3 3

loyal customers |loosing interest but they never were realy engaged with the brand.

<

0P, 23%

2 TUPLES RFM CLUSTER DESCRIPTION Centroids
cluster name description size | % | 2-tuplesR 2-tuples F 2-tuples M
CLUSTER O 'WORSE Customers with very low values in Recency, Frequency and Monetary. 55,028 | 25%| "B","-0.077" | "B","-0.064"

CLUSTER 1 NEW Custf)mefs lem very low values in Frequency énd Monetary but good in Recency. Means we have 34333 | 15%| "6"0.122" | "B"0.015" | "B"-0.01"
no historical info about them but they are actives now.

Customers with bad Recency but Neutral Frequency and Monetary. They used to be quite good but

CLUSTER 2 CHURN .
are becoming sleepers customers.

46,333 [21%| "B","0.052" | "N',"0.089" | "N","0.119"

CLUSTER 3 TOP Good customers in the 3 variables Eventhough they can still grow. 51,868 [23%( "G","0.006" | "G","0.116" "G","0.107"

New or _|Better customers that cluster 1. Recency Good and better F and M so they can be old customers

reactivated _|reactivated or good new customers
Fig 7. Cluster description for Traditional RFM model.

CLUSTER 4 36,013 | 16%| "G","0.009" | "N","0.069" "N","0.046"

Fig 8. Cluster description for 2- tuples RFM model.

In order to really understand how good are these groups defined and also to be able to clarify the doubts about
New members distribution that showed up in the Heat map we can introduce new variables to the study, not to
take them into account as active variables in the k-means clustering but just to describe the segments and enrich
the conclusions.

This Retail Company considers as active customer all those customers with almost one purchase during the
las 12 months, so, following this criteria we can have three different types of customers:
» New members: active customers but his first purchase has been done during the last 12 months.
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» Active customers: almost one purchase during the last 12 months but not including New members.
* Inactive customers: no purchases in the last 12 months but they use to be actives before.

As we have purchase data since 2014, the company can classify his customers using historical purchase
information into four categories, let’s call them as A, B, C, D where A are the best customers, having a big
number of products and specially some of the items that are more relevant for the retailer and D are the worse
customers in term of number and quality of product purchases. Thant means that is a very weak group for the
retailer and is the most difficult group to engage.

After these definitions what we have done, Fig 9 show the clusters description with external variables for
Traditional RFM model.

‘ RFM CLASSIC CLUSTERING

Trad Cluster RAV | TYPOLOGY | % CUSTOMERS REM STURLES CLUSIRISGG

Cluster 2 tuples | TYPOLOGY | % CUSTOMERS

TRADITIONAL REM CLUSTERING

Trad lustes REM ACTIVTY | % CUSTOMERS

RFM 2 TUPLES CLUSTERING

|___cuser2mpie T actviy | % crstomers

MEDUMNONLow | ACTVE | 3|
cusTOMERS

MEDIUM NON

[macTwe | sm |
[rew T &% || oya cUSTOMERS

1%
CHURN

3%

CHURN

1%
3%

ToR

NEW OR
REACTIVATED

oo (bile oo a0 oo
i
H

Fig 9. Cluster description with external variables

e The 2 - tuples model detect in the “WORSE” group 94% of inactive customers and 86% of low product
penetration while Traditional RFM model gives us just a 71% of inactive customers and include here 17%
of NEW customers which can be right in term of activity but not in term of business.
2-tuples find 56% of real New members for the group “NEW” while Traditional model give us just 35%.
“CHURN?” group is also very well defined for 2-tuples model with 64 % of inactive customers with high
product penetration so they really used to be good customers. Traditional model finds just 39% inactive.

e  The 2-tuples model find a very interesting group that we have named as “NEW OR REACTIVATED” that
is really well-defined wit 83% of active customers and 17% of New customers. that are purchasing now and
have already a quite good penetration in terms of products.

e  For the case of Traditional model, we have the “MEDIUM NON-LOYAL CUSTOMERS” which is a group
similar to the “WORSE” group because of cluster distance but they are better customers in terms of product
penetration. 57% out of them are inactive customers and 37% active customers but all of them with similar
RFM. Medium - low product penetration.

e When we check the size of “CHURN” group we can see how in the 2-tuples RFM model this group
represents the 21% out of the total customer database, while, Traditional model, gives us just a group with
the 13% of customers. Knowing how important this group can be for retention actions, we consider it
something to remark.

e Traditional model is not able to isolate NEW customers properly which is a big issue because for this Retailer
in terms of business because the first year as a customer normally is the most profitable one for the company.

4. Concluding remark and future work

We have presented here a real business case of how to apply the RFM model to a retailer company. We have
developed the RFM following the Traditional model based on the RFM variable scores expressed by an ordinal
scale and also the RFM model based on the 2-tuple fuzzy linguistic approach. Using a graphical representation
of the clusters, allows us to identify and define the differences between groups and also, once we already had the
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cluster definition, we have checked the quality of the segmentation (from a business point of view) by introducing
descriptive variables that offered us a very clear idea about how well were clusters identified.

We have applied the implemented models on a real dataset currently in use to try to solve a business problem
related to gaining knowledge about the activity of the home-furnishing retailer customer database and find a tool
to help the company to focus their marketing campaigns with different purposes as could be, activate the inactive
customers, create engaging on the current good and active customers, define actions to retain the Top customers,
define triggers to increase loyalty to the brand, etc.

We have compared both models, and the conclusion is clear. Both models are useful but, 2-tuples model has
several advantages against the traditional model. After applying the segmentation k-means algorithm on both
models, the 2-tuples is able to define more clear clusters. We mention the possibility to apply weights per each
variable R, F, M, to modify the effect of each one on the model, but in this case the RFM values are assigned for
each customer by sequential sorting based on RFM metrics per each model.

Future works will be focused on the definition of this weight vector by using a test campaign to analyze
answers per RFM groups as Kumar mentioned [6].
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