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Abstract: In an increasingly globalized market, the relationship between the customer and the brand
goes beyond the purchasing process. It is very important to understand the customer, to know their
needs and to propose actions to increase the value of the brand for them. In the literature, there are
several models capable of determining and segmenting customers according to variables dependent
on the purchasing process. However, we have not found any study that applies to the business
case of classifying customers according to their relationship with the contact centre. In this paper,
we establish a working model that allows us to define the value of the customer in the process of
interaction with the contact centre, so that we can propose actions both in the sales phase and during
the post-sales service, so that the value and perception of the brand is increased. In this model, we
propose using the value of recency, frequency, importance and duration of customer interactions
with the post-sales service, thus obtaining a ranking, and grouping of customers to help establish
personalized communication strategies. We have verified this model by presenting a business case
applied to the telecom sector.

Keywords: two-tuple fuzzy linguistic modeling; customer centric; multi-criteria decision-making;
RFM; customer value; RFID

1. Introduction

The last decade has witnessed what is known as the Fourth Industrial Revolution.
Factors that have contributed to this change include information storage and processing
capacity, as well as speed of communication [1]. We live in a hyper-connected society, with
more than half of the world’s population connected to the Internet. Almost 52% of web
traffic originates from a mobile device. The total number of active users on social networks
is 3725 million. In one minute more than 87,500 people use Twitter, there are 2.1 million
snaps on Snapchat, 46,200 photos on Instagram, and 4.5 million plays on YouTube. In
addition, Google exceeds 3.8 million requests, and App Store and Google Play generate
390,000 app downloads [2].

From a consumer perspective, this digital disruption is transforming the way in which
users relate to brands [3]. Further, in this sense, each population segment, each customer
defines their own customer journey of their relationship with the brand [4], thus creating a
greater understanding of the customer experience and their journey through their different
interactions through any channel. On the other hand, attracting customers is important, but
even more important is being able to retain them—thus, marketing strategies are focused
on this process of retaining the most profitable customers [5].

There are various models that try to make the customer management process profitable
from a marketing and sales point of view, trying to build customer loyalty. In this sense,
one of the most widely used models based on the following sales parameters—recency,
frequency and monetary (RFM). This model was introduced by Hughes in 1994, Strategic
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database marketing [6]. This model has been used to categorize the customer in such a way
that marketing actions can be focused on them (cross-selling, upselling, etc.) according to
the category to which they belong [7].

Another important use of the RFM model is to measure customer lifetime value
(CLV) [8,9]. This value will also determine the strategy and the et of marketing actions
that should be carried out with that customer. An extension of the RFM model to improve
its linguistic interpretability and accuracy is based on using the fuzzy two-tuple linguistic
model [10,11].

A crucial aspect of the customer centric philosophy is to consider that communications
between the company and the customer are bidirectional, and that the customer wants
to be served consistently and through any channel. The importance of technology in
addition to strategy is fundamental and customer relationship management (CRM) based
systems allow for multi-channel integration and therefore have, a deeper knowledge of
the customer [12–14], for better customer management. Therefore, a crucial aspect for any
Customer Centric strategy is the proper implementation of customer support processes
integrated in the CRM and carried out by the contact centre.

Despite the proven and validated utility of the RFM model, it does not consider the
interactions that occur between the company and the customer after the sale process and
which, in many cases, are as or more important than the sale itself, to establish a true
customer centric strategy. Everyday examples in relation to these post-sales interactions
could be, a delay in the delivery of an order, a defective delivery, a deficient quality in the
support service, etc.

After a detailed review of the literature related to customer service measurement, the
focus in these reviews is set on the evaluation of customer satisfaction in one direction
only, the customer’s opinion of the service provided by the contact centre, using a set of
metrics linked to the customer satisfaction score (CSAT). The aim of this paper is to evaluate
and establish a customer centric strategy in the processes of customer relations with the
after-sales service, for which we propose a new model, which we have called RFID, based
on RFM, and extended with the two-tuple model for the reasons mentioned above, so that it
allows customer service experts to establish customer relationship strategies based on their
interaction with the contact centre. This provides a 360◦ view of the relationship between
the customer and the brand.

The proposed model is based on four parameters that have a direct impact on quality
of service [15,16] and are present in the data model of any CRM, see Figures 4 and 6,
which are crucial in case management during customer support processes: R = Recency,
when the client last opened a case; F = Frecuency, how often the customer interacts with
the contact centre; I = Importance, what is the importance of customer interactions; and
D = Duration, how long it has taken to resolve issues. A crucial aspect such as establishing
the importance of each of the variables in the model will be solved by using the analytical
hierarchy process (AHP).

The RFID model developed in this article has been applied to the telecommunications
sector, mainly because the contact centre is a vital element in the management process
of the relationship between customer and brand. Although with the RFM model, the
contact centre staff has adequate metrics for the personalisation of the interaction with the
customer, we believe that the data provided is incomplete, as this model only considers the
evaluation of the customer based on their purchases. Therefore, we consider that the RFID
model complements and provides additional value to customer-brand loyalty processes.

In the remainder of this paper we will develop and apply the RFID model, according to
the following structure: in Section 2, we will review the current state of the customer service
metrics, and the use of the RFM methodology and its application scenarios, contrasting
the existing GAP between the models developed and the one proposed in this article; in
Section 3, we will address the model we will use in the definition of the RFID model; in
Section 4, we will detail the proposed model; in Section 5, we will apply the RFID model
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using the CRM applied to a company in the telecom sector as a technological base; and
finally in Sections 6 and 7, we will set out the conclusions and future work.

2. Related Work

The studies reviewed in relation to after-sales service are based on the customer’s
assessment of the brand or service provided through satisfaction surveys. For this reason,
we believe it is of interest to have a 360◦ evaluation of the customer service process, as is
performed with the RFM model in which the customer is evaluated on the basis of their
purchases, in this case we propose to evaluate the customer through the history of their
relationship with the after-sales service. We, therefore, believe that the RFM model, which
has been so successful in obtaining customer value CLV in purchasing processes, can be
applied intuitively to obtain customer value in customer service processes.

Next, in Section 2.1, we will review the literature related to studies on the valuation of
after-sales service; in Section 2.2, we will review the studies and uses of the RFM model;
and in Section 2.3, we will summarise the methodologies used and the need for the use of
the proposed RFID model.

2.1. Customer Service Metrics

Customer satisfaction is an important metric in marketing science, and there are
countless studies that refer to the need to properly manage the relationship between
customer and brand. The following study covers the five key dimensions of service
quality measurement: reliability, assurance, tangibility, empathy and responsiveness [17].
An extension of the previous study adapted to the particularities of contact centre [15]
identifies the following dimensions as fundamental in the customer–brand relationship
process: reliability, empathy, customer knowledge, customer focus, waiting time, user-
friendliness and accessibility.

Based on the quality and customer satisfaction model, we can highlight the following
metric as one of the most widely used, net promoter score (NPS) proposed by F. Reich-
held [18] which uses the value of the customer’s recommendation of the brand as a measure
of loyalty. Similar studies to this one includes the customer effort score (CES) [19] which is
based on the idea of reinforcing the value of customer interaction in a simple way, prioritis-
ing solutions over speed. In the following study [4], the authors highlight that although
these metrics have some intuitive power, they lack solid theoretical development, they
focus on a specific CES domain or they focus on ad-hoc NPS transactions, underlining that
multiple customer feedback metrics predict customer behaviour better than a single metric.
Table 1 lists the main studies based on customer experience rating metrics:

Table 1. Customer Services Metrics.

Studies

Customer engagement in service [3];
Understanding customer experience throughout the customer journey [4];
The one number you need to grow [18];
Stop trying to delight your customers [19];
Customer metrics and their impact on financial performance [20];
Satisfaction as a predictor of future performance: a replication [21];
The role of mobile devices in the online customer journey [22];
A framework for understanding and managing the CX [23];
Customer experience management in retailing: an organizing framework [24];
The value of different customer satisfaction and loyalty metrics in predicting business performance [25];
Net promoter score, growth, and profitability of transportation companies [26];
Interval estimation for the “net promoter score” [27];
The use of net promoter score (NPS) to predict sales growth: insights from an empirical investigation [28];
The relationship between net promoter score and insurers’ profitability: an empirical analysis at the customer level [29].
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2.2. Studies and Uses of the RFM Model

In a customer-oriented RFM process, the objective is to classify customers according to
their purchasing behavior. In this way, we can segment the group of customers and initiate
marketing actions according to their profile (buyer persona) using CRM as a technological
tool and customer journey as a design tool [4]. Therefore, we can discover, for example,
the most valuable customers, those we have to incentivize, those who are in danger of
abandoning the relationship with the brand, etc. [5].

In recent years, data mining techniques have been used to carry out customer segmen-
tation processes, such as Chi-squared automatic interaction detection (CHAID), logistic
regression, and neural networks, etc. However, the trend in marketing environments
is to use the RFM model in combination with other models, mainly because of the easy
interpretability of the model and the possibility of making explainable decisions [30].

Down below, a review of the different uses and applications of the RFM model in
different business settings and other types of organisations will be displayed.

The traditional use of the RFM model helps us to classify customers, either by obtain-
ing the CLV or by acting as a predictor for future customer behaviour. The main studies in
this direction can be found in Table 2.

Table 2. CLV-Related Studies.

Studies

A method for customer lifetime value ranking. Preventing school failure [31];
Integrating AHP and data mining for product recommendation based on customer lifetime value [32];
Framework for customer selection [33];
Customer lifetime value (CLV) measurement based on RFM model [8];
Intelligent value-based customer segmentation method for campaign management: A case study of automobile retailer [34];
The power of CLV: managing customer lifetime value at IBM [35];
Knowledge discovery on RFM model using Bernoulli sequence [36];
Estimating customer lifetime value based on RFM analysis of customer purchase behavior: case study [9];
Using customer lifetime value and neural networks to improve the prediction of bank deposit subscription in telemarketing
campaigns [37];
Social media and value creation: the role of interaction satisfaction and interaction immersion [38];
Analysis for customer lifetime value categorization with RFM model, [39]
A comparison between fuzzy linguistic RFM model and traditional RFM model applied to campaign management. Case study of a
retail business [40];
Genomics-first evaluation of heart disease associated with titin-truncating variants [41];
Marketing strategies evaluation based on big data analysis: a CLUSTERING-MCDM approach [42];
Predicting customer behavior with activation loyalty per period. From RFM to RFMAP [43];
A review of the application of RFM model [5];
Predicting customer value per product: From RFM to RFM/P [44];
RFM-based repurchase behavior for customer classification and segmentation [45];
Customer stratification theory and value evaluation-analysis based on improved RFM model [46].

Next, we elaborate on the literature related to the RFM model considering the sector
and business case.

The following study [47] proposes an integrated model for the management of bank
credit card customers. A neural network was used to segment customers based on repay-
ment behaviour and the RFM model, thus classifying customers into groups from most to
least profitable.

In this other study [8], the RFM model was used to segment the customers of a bank
so that the CLV of each customer could be calculated by applying k-means clustering.

Outside the business environment, [48] suggested as a key element in the relationship
between citizens and public administrations the main objective of getting to know the citi-
zen, encouraging them to participate in public decisions on the services they can consume.

In the following study [49], it was proposed to distinguish customer value based
on pre-purchase motivations. The results predict that frequency is the best indicator of
customer value, above recency and monetary value.
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In a different framework [50], a model to evaluate the power of influence of brand
prescribers was exhibited, adapting the RFM model by using a neural network to identify
the most active recommenders and evaluating the effectiveness of the model by contrasting
it with a product review website.

In another study, [51] presented an approach for the possible detection of fraudulent
credit card transactions in online transactions, using RFM to perform the analysis of the
customer’s purchase history.

In the healthcare sector, [52] proposed a customer tracking methodology to obtain
special clusters and trends, the aim being to detect “potentially loyal” and “potentially
disposable” customers, so that loyalty campaigns could be optimised. The proposed model
is based on the traditional RFM model, but incorporating an additional variable, L, which
defines patient loyalty.

On the other hand, and applied to the world of mobile games, [53] suggested to work
on a model for detecting customers with a high predisposition to abandon, using logistic
regression analysis within the framework of the RFM model.

A model focused on extending customer loyalty via additional services to the products
sold is detailed in the following publication [54], in which the RFM model extended into
four specific product-support-service variants is used.

Aimed at the hotel sector, the work carried out by [11] is oriented towards the use of
the RFM model, but adapting it and incorporating another criterion to replace the Monetary
variable, which they have called Helpfulness (RFH), aggregating the information that users
enter in social media by means of a two-tuple.

Hwang and Lee [55] have presented a model focused on the perspective of launching a
new product on the market so that we could use the RFM model, but only with the recency
and frequency variables of customers website access data. Thus, allowing marketers to
find target customers with no purchase history.

As can be seen, the RFM model can be applied to different business and government
sectors, where it is necessary to classify the customer, patient or citizen, with the ultimate
goal of personalising actions on population segments, identifying customers and analysing
their profitability [5].

Table 3 provides an overview of the annotated use cases classified by sectors/policy
frameworks.

Table 3. CLV Studies and Application to Sectors and Business Models.

Industry Studies

Financial An integrated data mining and behavioural scoring model for analyzing bank customers [47];
Customer lifetime value (CLV) measurement based on RFM model [8];
APATE: A novel approach for automated credit card transaction fraud detection using
network-based extensions [51];

Travel Customer value in an all-inclusive travel vacation club: an application of the RFM framework [49];
A linguistic multi-criteria decision-making methodology for the evaluation of tourist services
considering customer opinion value [11];

Government Citizens as customers: exploring the future of CRM in UK local government [48];
Social Marketing Identifying influential reviewers for word-of-mouth marketing [50];

Identifying customer priority for new products in target marketing: Using RFM model and
TextRank [55];

Gaming Extended RFM logit model for churn prediction in the mobile gaming market [53];

Health A data mining approach for modeling churn behavior via RFM model in specialized clinics case
study: a public sector hospital in Tehran [52];

Manufacturing RFM customer analysis for product-oriented services and service business development: an
interventionist case study of two machinery manufacturers [54].
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2.2.1. Advantages and Limitations of the RFM Model

The main advantage of the RFM model is its ease of application, as customer sales data
are almost always available. From these transactions, and with the use of the quantifiable
variables already mentioned, it is possible to easily explain the groupings in profiles by
similar behaviour, to identify the most valuable customers, and to establish individual or
group actions [10]. On the other hand, the collection of information is performed through
corporate tools such as CRM [56] so that we do not have to carry out large information
aggregation processes to obtain results that are understandable to decision-makers [57].

RFM-based approaches have limitations, one of which is the lack of precision. Scores
are expressed by n-scales {1, . . . , n}, where n represents the highest contributing coefficient
and 1 the lowest. Typically, n = 5, i.e., quintiles are often used. Furthermore, the importance
of each RFM measure depends on the type of company [36] and even on the seasonality of
the service. Furthermore, and finally, the model may have biases in the case of customers
who have a short lifetime in their relationship with the brand [5].

In the literature review we have not found any study that applies to the business
case of classifying customers according to their relationship with the contact centre. As
we have seen in Section 2.1, the studies collect customer feedback through satisfaction
surveys (CSAT, NPS, CES). That is why we consider RFID modelling to be a fundamental
complement to the customer segmentation and evaluation process.

2.2.2. An Extension of the RFM Model

Given the limitations of RFM models, some authors have considered including exten-
sions to the model using the fuzzy two-tuple linguistic model to solve the aforementioned
lack of precision [10]. A frequent problem in the application of the model is to determine
the weight of each of the variables, which obviously depends on business criteria. Some
authors solve this problem by using AHP [32] which allows this type of decision to be
made easily by means of pairwise comparisons and consistency checks. Frequently, authors
propose the use of clustering algorithms such as k-means after the application of the RFM
model [10], k-means is one of the most widely used algorithms in clustering processes [56]
providing in our model a segmentation and classification of customers so that a strategy can
be defined for each grouping. In the model proposed in this article, these improvements to
the original model will be used.

2.3. Summary

As we have seen in the previous sections, the RFM model is applied in several studies
to obtain the CLV in sales processes, see Tables 2 and 3. However, if we want to know the
degree of customer satisfaction, we will use survey-based metrics such as NPS and CES,
see Table 1. Models based on customer satisfaction are simple to implement but lack a solid
theoretical development and focus on a specific area CES or ad-hoc transactions NPS [4],
they are based on collecting the customer’s opinion after the service has been provided.

The novelty of the RFID model lies in analysing customer value from the point of
view of the contact centre, thus providing a 360◦ view between customer and brand. In
this way, traditional service evaluation models (NPS, CES) can be complemented with the
customer value provided by the RFID model through the history of customer interactions
with the contact centre, in the same way that the RFM model obtains customer value from
the purchases they make.

3. Methodology

The proposed model is based on three important models that will be explained in this
section: the two-tuple fuzzy linguistic model, the RFM model and the AHP.

3.1. The Two-Tuple Fuzzy Linguistic Model

The two-tuple model proposed by [58], has the objective of improving the problems
of information loss present in the computational processes with linguistic labels. The
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following is a brief review of the linguistic model of two-tuple representation and its
computational model. This model has as its basis of representation a pair of values (si, αi),
where si ∈ S and αi ∈ [−0.5, 0.5).

Definition 1. Let S = s0, . . . , sg a set of linguistic terms, and β ∈ [0, g] a value in the granularity
interval of S. The symbolic translation of a linguistic term if its values are a number valued in the
interval [−0.5, 0.5) which expresses the difference in information between a quantity of information
expressed by the value β ∈ [0, g] obtained in a symbolic operation and the nearest integer value,
i ∈ 0, . . . , g, which indicates the index of the nearest linguistic label (si) nearest in S.

This representation model defines a pair of functions to perform transformations
between numerical values defined in the granularity interval and two-tuple linguistic values
to perform the computational processes on two-tuple linguistic values.

Definition 2. Let S = s0, . . . , sg a set of linguistic terms, 〈S〉 = S× [−0.5, 0.5) and β ∈ [0, g]
a value representing the result of a symbolic operation then the linguistic two-tuple expressing
information equivalent to β is obtained using the following function:

∆S : [0, g]→ 〈S〉

∆S(β) = (si, αi), with
{

i = round(β)
α = β− i, αε[−0.5, 0.5),

(1)

where round(·) is the visual rounding operator, si is the label with index closest to β and α is the
value of the symbolic translation.

Thus, a value in the interval [0, g] is always identified with a two-tuple linguistic
value in 〈S〉.

Definition 3. Let S = s0, . . . , sg a set of linguistic terms and (si, αi)ε〈S〉 = S× [−0.5, 0.5) the
numerical value in the granularity interval [0, g] representing the linguistic value two-tuple (si, αi)
is obtained using the function:

∆−1
S : 〈S〉 → [0, g]

∆−1
S (si, αi) = i + α = β

(2)

Along with the representation model seen above, we can analyse the associated
computational model, for which the following operators are defined:

Two-tuple linguistic value comparison operator. Given two two-tuple linguistic
values (sk, α1) and (sl , α2) representing quantities of information:

• If k < l, then (sk, α1) is less than (sl , α2).
• If k = l, then

(a) If α1 = α2, then (sk, α1) and (sl , α2) represent the same information.
(b) If α1 < α2, then (sk, α1) is less than (sl , α2).
(c) If α1 > α2, then (sk, α1) is greater than (sl , α2).

Negation operator of a two-tuple linguistic value. It is defined as:

neg(si, α) = ∆S

(
g− (∆−1

S (si, αi)
)
) (3)

where g +1 is the cardinality of the set of linguistic labels S.
Aggregation operators for two-tuple linguistic values. Information aggregation con-

sists of obtaining a two-tuple linguistic value that summarises a set of two-tuple values.
We describe the aggregation operators that we will use in our model:
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Definition 4. Let ((s1, α1), . . . , (sm, αm)) a vector two-tuple linguistic values in 〈S〉, the linguis-
tic value two-tuple symbolising the arithmetic mean, xe, is given by the function xe : 〈S〉m → 〈S〉
defined as:

xe((s1, α1), . . . , (sm, αm)) = ∆S (
m

∑
1

1
m

∆−1
S (si, αi)) = ∆S

(
1
m

m

∑
1

βi

)
(4)

Definition 5. Let ((s1, α1), . . . , (sm, αm)) a vector two-tuple linguistic values in 〈S〉, and

ω = (ω1, . . . , ωm) where ωi ∈ [0, 1] a vector of weights such that
m
∑
1

ωi = 1, then the lin-

guistic value two-tuple symbolising the weighted mean associated with omega is given by the
function Fω〈S〉m :→ 〈S〉 defined as:

Fω((s1, α1), . . . , (sm, αm)) = ∆S (
m

∑
1

ωi ∆−1
S (si, αi)). (5)

3.2. Two-Tuple RFM Model

The RFM model follows a methodology that allows us to segment customers according
to similar characteristics. It is used to measure recency, frequency and monetary value in
customer transactions with the brand.

The idea, therefore, is to categorise each customer by scores based on these three vari-
ables [10], typically using quintiles (5 represents the top 20% of customers on that variable
and 1 represents the bottom 20%), from which a single score is calculated representing the
customer’s value. However, these scores are not very accurate, so in the work by [10] an
improvement of the RFM is proposed, which consists of representing these scores using
the two-tuple model. The stages of this proposal are explained below:

• Data collect. Let U = {u1, . . . , u#U} be the set of customers who have made at least one
purchase over a pre-established analysis period. Let T = {u1, d1, a1, . . . , u#T , d#T, a#T}
bet the details of transactions or purchases made by such customers in that period,
where the uj ∈ U, identifies the customer of such a purchase on the date di for the
amount of ai.

• Customer aggregation. In this phase, T is aggregated, at customer level, obtaining the
set TU = {u1, r1, f1, m1, . . . , u#U , r#U, f#U , m#U}, where re would be the days since the
last purchase of such customer ue (using a later fixed reference date for all customer
purchases), re is the number of times the customer has purchased, and me contains the
total amount of those purchases.

• Score’s computation. Set RFM = {(u1, R1, F1, M1, RFM1), . . . , (u#U , R#U , F#U , M#U , RFM#U)}
with the two-tuple RFM scores is obtained. First, a symmetric and uniformly dis-
tributed domain S using five linguistic labels is defined. These labels have a semantic
meaning for the variables of the RFM model referred:

Let be S = {s0, . . . , sT} with T = 4 : so = Very Low = VL, s1 = Low = L,
s2 = Moderate = M, s3 = High = H, s4 = Very High = VH, with the definition showed
in Figure 1.
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Therefore, we have the variables to calculate: Re, Fe, Me, RFMe ∈ Sx[−0.5, 0.5).
For each customer ue, e = 1, . . . , #U, we obtain Ae = (Ae1, Ae2, Ae3) with Ae1 = Re,
Ae2 = Fe, Ae3 = Me. Firstly, customers are sorted in ascending order according to each of
the individual components Be = (Be1, Be2, Be3) with Be1 = re, Be2 = fe, Be3 = me, contained
in TU. Now, we define rank ∈ {1, . . . , #U} as the ranking of each client respect to each of
these variables:

percent_ranke(Bei) =
rank(Bei − 1)

#U − 1
(6)

with percent_rank ∈ [0, 1], e = 1, . . . , #U and i = 1, . . . , 3. The final two-tuple score Aei is
obtained as following:

Aei =


∆(percent_rank(Bei)), i f i 6= 1

neg(∆(percent_rank(Bei), i f i = 1

where ∆(·) and neg(·) have been defined in Section 3.1 (Equations (1) and (3)). We use the
negation function on recency because the larger scores represent the most recent buyers.

• RFM Overall Score computation. In this step, the two-tuple RFMe, which charac-
terizes together the Re, Fe and Me scores, is calculated for each customer using the
Equation (5) as RFMe = Fω [Aei], with the user-defined weights W = wR, wF, wM
previously defined by the marketing experts.

3.3. Analytical Hierarchical Process (AHP)

Among the multi-criteria decision marking models (MCDM) is the method called
analytical hierarchical process, AHP [59]. Based on mathematics and psychology, it is
designed to solve complex multi-criteria problems.

The main characteristic of the AHP is that the decision problem is modelled by means
of a hierarchy in whose upper vertex is the main objective of the problem, the goal to be
achieved, and at the base are the possible alternatives to be evaluated. The intermediate
levels represent the criteria (which in turn can also be structured in hierarchies) since which
the decision is made. The second feature of the method is that, at each level of the hierarchy,
comparisons are made between pairs of elements at that level, based on the importance or
contribution of each to the higher-level element to which they are linked. Finally, once the
contribution of each element to the elements at the next higher level of the hierarchy has
been assessed, the overall contribution of each alternative to the main objective or goal is
calculated by means of an additive aggregation [59,60].

In our model, we will use the AHP method to establish the weights of each of the
criteria that will determine the total score of each customer, after the aggregation and
ranking process using the RFM two-tuple model.

A review of the AHP method and its applications can be found in the following
references [61,62]. This whole process is detailed in the following sub-sections.
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3.3.1. Structuring of the Decision Problem into a Hierarchical Model

The first step of the AHP method is to model the decision problem to be solved as
a hierarchy. This fact is one of the main characteristics of the method, hence the term
“hierarchical” appears in its name.

It consists of the decomposition of the decision problem into elements, according
to their common characteristics, constructing in a visual way a hierarchical model of
different interrelated criteria, facilitating their understanding and evaluation. The first level
always contains the goal of the problem, G, the second level is constituted by the criteria,
this level can be subdivided into sub-criteria, and the last level contains the different
alternatives. Thus, in this step we define de alternatives set A = a1, . . . , a1#A and the
hierarchical criteria for assessing them C. C1 = c11, . . . , c1#C1}, each of these criteria c1i
can, in turn, be subdivided into sub-criteria, in several levels, c1ij = c1i1, . . . , c1#Cij and so
recursively, Figure 2.
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3.3.2. Making Pair-Wise Comparisons and Obtaining the Judgmental Matrix

In this step, the opinion of the decision makers is used to compare in pairs, the elements
of a particular level with respect to a specific element in the immediate superior level, let
PW =

(
pwij

)
n× n be a pairwise comparison matrix where elements pwij represent the

importance of criterion i over criterion j evaluated by the decision makers, where judgments
about the relative importance of one criterion over another with respect to the goal, as
well as about the relative importance of one sub-criterion over another with respect to the
main dimension, which are represented from the predefined rating scale of numbers of
Table 4. Each entry aij of the judgmental matrix are governed by the three rules: pwij > 0;
pwij =

1
pwij

reciprocal property; and pwij = 1 for all i.

Table 4. Saaty’s Scale [59].

Intensity of Importance Definition Explanation

1 Equal importance Two activities contribute equally to the objective
2 Weak or slight

3 Moderate importance Experience and judgement slightly favour one activity
over another

4 Moderate plus

5 Strong importance Experience and judgement strongly favour one activity
over another

6 Strong plus

7 Very strong or demonstrated importance An activity is favoured very strongly over another; its
dominance demonstrated in practice

8 Very, very strong

9 Extreme importance The evidence favouring one activity over another is of
the highest possible order of affirmation

Reciprocals of above
If activity i has one of the above non-zero numbers
assigned to it when compared with activity j, then j has
the reciprocal value when compared with i.
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3.3.3. Obtaining Local Weights and Consistency of Comparisons

The criteria weight vector, W, is built using the eigenvector method through the
following equation:

n

∑
j=1

pwijωj = λmax ×ωi (7)

where λmax is the is the maximum eigenvalue of PW and ω is the normalized eigenvector
associated to the main eigenvalue of PW [63]. This approach provides the best priority
weights for each criterion or sub-criterion. The consistency of the AHP can be checked by
the consistency ratio (CR) which is defined as:

CR =
CI
RI

(8)

that is, the division between the consistency index (CI), defined as λmax−n
n−1 and the random

consistency index (RI) which represents the consistency of a randomly generated pairwise
comparison matrix. If CR ≤ 0.1 the results of the individual hierarchical type are satisfied
and coherence is guaranteed, otherwise it will be necessary to adjust the values of the
elements of the pairwise comparison, and the judgments should be caused once again by
the decision makers up to that are more consistent.

4. RFID Proposed Model

Based on the ticket information stored in a conventional operational CRM, our model
obtains two types of recommendations for customers based on their customer service
behaviour: individualised and group based. The model is parameterised with the infor-
mation provided by the customer support experts. These same users are also in charge of
determining and implementing the final treatment strategies for customers.

The process we are going is as follows: in Section 4.1, we retrieve the data from the
CRM; in Section 4.2, we carry out a pre-processing of the information in which we define
the period of analysis; in Section 4.3, we carry out the aggregation process by customer; in
Section 4.4, we apply the two-tuple model on the data obtained in the previous step; in
Section 4.5, we obtain the global valuation of each customer by applying the AHP model;
in Section 4.6, we establish an individual recommendation strategy. If we want to establish
a group strategy, starting from the results of Section 4.4, we group the customers according
to the k-means model to finally obtain the recommendation strategy by groups.

The proposed model is showed in Figure 3 and each step is explained more
detailed below:

4.1. Data Collect

In the CRM terminology, trouble tickets or cases [64] are any kind of customer service
requests or complaints as they occur after sales.

Let T = {(u1, ticket id1, ticket date1, status id1, status date1, trouble id1, ticket
importance1), . . . , ..(u#T , ticket id#T , ticket date#T , status id#T , status date#T , trouble id#T ,
ticket importance#T)} be the details of these requests, where:

• ticket_idi: is a code that uniquely identifies each trouble ticket requested by the
customer ui, with i ∈ 1, . . . , #T.

• ticket_datei: is the date on which the service was initially required.
• status_idi: is a code that identifies the status of the ticket with respect to its manage-

ment, e.g., initiated, resolved, cancelled, etc.
• status_datei: the service required by the customer has a process by which the ticket

goes through several states, in this variable the date corresponding to the last state in
which the ticket is stored.

• trouble_idi: identifies the type of request, complaint or trouble the customer has.
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• ticket_importancei: relevance of the ticket which is a standard feature of most CRMs.
It is usually expressed on an ordinal and/or linguistic scale of n-values such that the
higher the value, the higher the relevance of the ticket. In this article we will consider
that the scale has five values very low, low, moderate, high, very high. As it is a linguistic
scale, we will consider modelling it with the set S.
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In Figure 4, the details of a new ticket are presented in the Salesforce CRM tool, a
correspondence between fields is established, casenumber = ticket_id, date/timeopened =
ticket_date, status = status_id, lastmodi f ied = status_date, type = trouble_id, importance =
ticket_importance and account = ui.
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4.2. Preprocess

Given a time period, t, for analysis enclosed by the dates t1 and t2 with t1 < t2, at this
stage it is necessary to identify the actual service requests from customers to be analysed.
Thus, we need to identify all tickets from the set T within the analysis period t, i.e., their
status_datei belongs to that period t, that do not correspond to final contract cancellation
requests as we consider them to be customers that can no longer be managed. This is easy
because the tickets contain a field that categorizes its type, i.e., trouble_idi

We represent this set as T′ = {(u1, ticket_id1, ticket_date1, status_id1, status_date1,
trouble_id1, ticket_importance1), . . . , (u#T′ , ticket_id#T′ , ticket_date#T′ , status_id#T′ ,
status_date#T′ , trouble_id#T′ , ticket_importance#T′)} bet the details of these requests made
by such customers in that period t.

4.3. Customer Aggregation

We represent the set of customers as U = {u1, . . . , u#U ], such that each of them has
made at least one service request over a pre-established analysis period t, in other words,
they are the different customers contained in the set T′. In this phase, T′ is aggregated at this
customer level ue, e ∈ 1, . . . , #U, considering the different tickets ticket_idi for that customer
in such set T′. Thus, we obtain the set TU = (u1, r1, f1, i1, d1), . . . , (u#U , r#U , f#U , i#U , d#U)
where:

• re: it is the days since the last request for service of such customer ue (using as a reference
the end date of the analysis period). Therefore re = di f f days(t2 −max(ticket_datei)),
where diffdays is a function that returns the difference in days between two dates, and
max is a function that return the last date of the different dates of entry.

• fe: it is the number of times the customer has made a service request, i.e., with different
ticket codes ticket_idi.

• ie: it is the average importance. As it is a linguistic variable this value is calculated for
each customer using the Equation (4) as ie = xe[ticket_importancei].

• de: contains the total duration in days of all customer’s tickets. Therefore,
de = ∑

i
(di f f days (status_datei − ticket_datei).

4.4. Scores Computation

In this step, the set TRFID = {u1, R1, F1, I1, D1, . . . , u#U , R#U, F#U , I#U , D#U} with the
two-tuple scores is obtained.

Therefore, we have the variables to calculate: Re, Fe, Ie, De ∈ S× [−0.5, 0.5). For each
customer ue, we obtain Ae = (Ae1, Ae2, Ae3, Ae4) with Ae1 = Re, Ae2 = Fe, Ae3 = Ie,
Ae4 = De. Firstly, customers are sorted in ascending order according to each of the
individual components Be = (Be1, Be2, Be3, Be4), with Be1 = re, Be2 = fe, Be3 = ie, Be4 = de
contained in TU. With e ∈ 1, . . . , #U and i ∈ 1, . . . , 4, the final two-tuple score Aei is
obtained as following:

Aei =


∆(percen_rank(Bei)), i f i = 2, 4

Bei, i f i = 3
neg(∆(percent_rank(Bei), i f i = 1

(9)

where ∆(·) and neg(·) have been defined Equations (1) and (3) respectively and percent_rank
in Equation (6). We use the negation function on recency because the larger scores represent
customers with more recent requests.

4.5. RFID Overall Score Computation

In this step, the two-tuple RFIDe, which characterizes together the Re, Fe, Ie, De scores,
is calculated for each customer using the Equation (5) as RFIDe = Fω [Aei], with the
user-defined weights W = wR, wF, wI , wD obtained from the information provided by the
customer service experts.
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As other authors have suggested [11], we propose the use of the AHP model intro-
duced in Section 3.3. We follow the typical phases of this process:

4.5.1. Structuring of the Decision Problem into a Hierarchical Model

In order to structure the MCDM it is necessary to define the available alternatives
and the required criteria. The criteria (C) and alternatives (A) are the RFID score variables:
A = {R, F, I, D}. Figure 5 shows the hierarchy of the proposed AHP model.
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4.5.2. Making Pair-Wise Comparisons

The customer service experts fill in the pairwise matrix, PW, corresponding to the
criteria of the hierarchical model—C, expressing the relative importance of each RFID
variable over others in order to compute the overall score computation at customer level.

4.5.3. Obtaining Local Weights and Consistency of Comparisons

To ensure the coherence of the given matrix, their CR (Equation (8)), must be lower
or equal than 0.1. If the CR is not good enough, it will be considered that the business
specifications do not meet their quality criteria, that is, they may contradict each other.
Once the consistency is checked, the weight of each criterion is calculated as we defined in
Section 3.3.3 (Equation (7)). The weights for each of the RFID alternatives are expressed as
follows: W = wR, wF, wI , wD.

4.6. Individualized Recommendation Strategy

In a customer-centric management model, it is essential to take into account the
after-sales support requested by customers [65,66].

Using RFIDe ∈ Sx[−0.5, 0.5), calculated in the previous stage, it is possible to charac-
terize and manage each customer individually, based on all the services required by them.
It should be noted that it is a two-tuple value that allows for easy interpretation, while allow-
ing for high measurement precision. This high accuracy also allows us to rank customers
in such a way that we can prioritize those with the highest value for management and
monitoring.

4.7. Customer Segmentation

The objective of this phase is to obtain homogeneous groups of customers based on
RFID variables that allow common strategies to be established for each of them. For this
purpose, we will use the most commonly used clustering algorithm in machine learning,
i.e., k-means. Some of its advantages are [67]: low complexity, computationally fast and
ability to handle large data sets (has even been adapted for big data problems [68]). The
use of this algorithm has the additional advantage that it has been adapted for the two-tuple
model [69]. Some of the main disadvantages are [67]: sensitive to outliers and to scale of
the data set. In our case, this will not be a problem since the scale is always expressed in
the two-tuple model and also, since it is based on ranking (see Equation (9)), it will hardly
generate outliers.

In this step, the set RFIDc = c1, . . . , c#U , where each ce ∈ 1, . . . , #c identifies the cluster
to which each customer ue belongs. The input variables to the segmentation algorithm



Mathematics 2021, 9, 2362 15 of 27

are two-tuple values, this case has already been solved by other authors [69]. Based on
this approach, the values of these centroids will be expressed using the two-tuple model,
thus we get a better linguistic interpretability. In order to apply the algorithm, we use the
Euclidean distance dec between a client and a cluster centroid following:

dec =

√√√√ 4

∑
i=1

(∆−1 (Aei)− (∆−1 (vci))
2 (10)

for each customer ue, e ∈ 1, . . . , #U, for each cluster with the centroid vc = (vc1, vc2, vc3, vc4),
c ∈ 1, . . . , #c. In each step of the k-mean algorithm, we recalculate the new cluster centroid
using the Equation (4): vc =

(
A[vc1], A[vc2], A[vc3], A[vc4]

)
.

A typical problem when using k-means is the selection of the optimal number of
groups [67], #c. In this article we will use an eclectic approach, using several methods for
this purpose, synthesized in [70].

4.8. Group Recommendation Strategy

As the different clusters obtained are easily interpretable as they are described with
the two-tuple linguistic model, customer service experts can establish different treatment
strategies for customers belonging to these segments.

5. Proposed Model Applied to Telecom Industry

In this section, we present an example of an application of our RFID model, explained
in the above section, using the CRM information of a multinational service company with
regarding to the part of its business located in Spain.

5.1. Data Collect

Ticket information is managed by the company in an operational CRM developed by
the company itself. Although in-depth details about such a CRM have not been provided to
us, its structure is quite conventional and analogous in its data model to other CRMs such
as the one presented in Figure 6. Therefore, to obtain the set T, the following specifications
are used:
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5.2. Preprocess

The time period, t, for analysis is enclosed by the dates t1 = 1 April 2019 and
t2 = 30 April 2019. Based on information from the CRM contained in T, we obtain all the
trouble tickets that have been managed during this period t, i.e., status_datei ≥ t1 and ≤ t2.
As mentioned above, only tickets that do not correspond to customer cancellations are
selected, using trouble_idi.
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Under these conditions we obtain T′ with a total number of tickets of 13619, i.e.,
#T′ = 13619. An extract from this table is shown in Table 5 with several selected clients for
whom we will follow the whole process.

Table 5. Extract of T′.

u Ticket_id Ticket_Date Status_id Status_Date Ticket_Importance

21046586 155395585 25 January 2016 Closed 02 April 2019 M
21046586 155402659 25 January 2016 Closed 02 April 2019 VL
21046586 155418120 25 January 2016 Closed 04 April 2019 VL
21046586 155520776 25 January 2016 Closed 04 April 2019 VL
21046586 155887861 25 January 2016 Closed 08 April 2019 VL
21046586 156171484 25 January 2016 Closed 13 April 2019 VH
21334657 156206850 12 April 2016 Closed 13 April 2019 L
21334657 156548471 12 April 2016 Closed 19 April 2019 L
21334657 156750555 12 April 2016 Closed 25 April 2019 VH

2288774 155508450 12 September
2015 Closed 04 April 2019 M

24583147 155628991 18 October 2018 Closed 06 April 2019 VL
25860618 155670320 28 March 2019 Closed 06 April 2019 VL
25860618 156085093 28 March 2019 Closed 12 April 2019 M
25860618 156086410 28 March 2019 Working 12 April 2019 M
25860618 156345579 28 March 2019 Closed 15 April 2019 VH
25860618 156345680 28 March 2019 Working 15 April 2019 L
25864456 155401447 29 March 2019 Closed 02 April 2019 VH
25864456 155420645 29 March 2019 Closed 04 April 2019 VH
26053204 157048831 27 April 2019 Closed 28 April 2019 VL
26064419 157149871 29 April 2019 Closed 29 April 2019 L
26064419 157214640 29 April 2019 Closed 29 April 2019 VL
26064419 157215347 29 April 2019 Closed 29 April 2019 M

5.3. Customer Aggregation

We group the different customers in T′, giving a total of 6789, i.e., #U = 6789. Thus,
we obtain the set TU with the specifications mentioned above. An extract from this set is
shown in Table 6.

Table 6. Extract of TU.

u r f i d

21046586 17 6 L 6999
21334657 5 3 M 3306
2288774 26 1 M 1300

24583147 24 1 VL 170
25860618 15 5 (M, −0.05) 75
25864456 26 2 VH 10
26053204 2 1 VL 1
26064419 1 3 L 0

5.4. Scores Computation

The set TU at this stage is used to obtain the TRFID set as explained in the previous
section. RFID contains the basic variables of this new model. In Table 7, we present an
extract from this set for the same customers as shown in Table 6.

Table 7. Extract of TRFID.

u R F I D

21046586 (M, −0.087) (VH, −0.035) L (VH, −0.002)
21334657 (H, −0.026) (H, 0.008) M (VH, −0.024)
2288774 (VL, 0.085) VL M (VH, −0.12)

24583147 (L, −0.086) VL VL (L, 0.12)
25860618 (M, −0.003) (VH, −0.065) (M, −0.05) (L, −0.009)
25864456 (VL, 0.085) (M, 0.01) VH (VL, 0.098)
26053204 (VH, −0.097) VL VL (VL, 0.038)
26064419 (VH, −0.025) (H, 0.008) L VL
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5.5. RFID Overall Score Computation

At this stage, the importance of each of the variables in the RFID model must be
obtained before calculating the RFID overall score of the customer. For this, as mentioned
above, the AHP model will be used. The consulted expert has specified the following
matrix using the Saaty’s scale (Table 4):

PW =


R F I D

R 1 7 3 5
F 1/7 1 1/5 1/5
I 1/3 5 1 3
D 1/5 5 1/3 1


Only when CR ≤ 0.10 (see Equation (8)) the results of the individual hierarchical type

are satisfied, and coherence is guaranteed. In this case, CR = 0.091 therefore the results are
valid for the model.

The final weights calculated are W = {wR = 0.556, wF = 0.259, wI = 0.136, wD = 0.049}.
Therefore, the expert has attached the greatest importance to the recency of the tickets,
followed by its frequency and relevance. The overall duration of its resolution is the
least important.

As mentioned above, with this W we obtain the RFID overall score for each customer.
In Table 8 we present the results for the same customers as shown in Table 5.

Table 8. RFID overall score for some customers.

u RFID

21046586 (M, 0.062)
21334657 (H, −0.035)
2288774 (L, −0.092)
24583147 (VL, 0.109)
25860618 (M, 0.092)
25864456 (L, 0.07)
26053204 (M, 0.004)
26064419 (H, 0.022)

5.6. RFID Overall Score Computation

The RFID overall score allows to quantify how carefully the service to these customers
should be managed. As an example, Table 9 shows the company’s most valuable RFID
customers. As can be seen, those with a very high recency and frequency predominate, as
these are the variables with the greatest weight in W. It should be noted that the use of
the two-tuple model allows for high linguistic interpretability as well as high precision in
the results.

All these customers should be given special attention in their interaction with the
contact centre, for example, Customer 23420561 has an overall score RFID = (VH,−0.087),
which gives them a very high importance for the company, with very high recency and
frequency values.

5.7. Customer Segmentation

As commented, the RFID variables are expressed in the two-tuple model, which allows
for easy interpretation and can be computed without loss of information. However, in this
phase, in order to follow the conventional segmentation process, we will work with these
variables converted to a numerical scale using the ∆−1 function (Equation (2)).

Therefore, as all variables are on the same scale, no additional normalisation process
is necessary. Nevertheless, a study of the correlations between variables is necessary, since
a high correlation between them indicates the unsuitability of using a Euclidean distance,
which is the one used by the k-means algorithm. Figure 7 shows the Pearson correlation
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matrix. The highest correlation is between recency and duration with 0.3, which can be
considered non-significant.

Table 9. RFID Overall Score for Some Customers.

u r f i d R F I D RFID

23420561 0 10 (M,
−0.125) 3911 VH (VH, −0.005) (M,

−0.125) (VH, −0.013) (VH, −0.087)

25403001 0 7 M 585 VH (VH, −0.018) M (H, −0.057) (VH, −0.088)
23987407 1 7 M 1926 (VH, −0.025) (VH, −0.018) M (VH, −0.071) (VH, −0.09)
21858356 0 4 M 3442 VH (VH, −0.125) M (VH, −0.021) (VH, −0.101)
22242821 0 4 M 2803 VH (VH, −0.125) M (VH, −0.031) (VH, −0.102)
23694383 1 5 M 1689 (VH, −0.025) (VH, −0.065) M (VH, −0.085) (VH, −0.103)
23888282 1 5 M 1470 (VH, −0.025) (VH, −0.065) M (VH, −0.1) (VH, −0.103)
25972671 0 5 (H, −0.1) 45 VH (VH, −0.065) (H, −0.1) (L, −0.062) (VH, −0.104)
2227948 1 5 (M, −0.05) 6626 (VH, −0.025) (VH, −0.065) (M, −0.05) (VH, −0.003) (VH, −0.105)
24178272 1 5 M 1120 (VH, −0.025) (VH, −0.065) M (H, 0.087) (VH, −0.106)
25905579 1 9 (M,0.083) 117 (VH, −0.025) (VH, −0.007) (M, 0.083) (L, 0.048) (VH, −0.107)
2194707 1 9 (L,0.056) 12110 (VH, −0.025) (VH, −0.007) (L, 0.056) VH (VH, −0.11)
25962365 0 4 (H, −0.062) 66 VH (VH, −0.125) (H, −0.062) (L, −0.026) (VH, −0.113)
23304767 0 6 L 2452 VH (VH, −0.035) L (VH, −0.046) (VH, −0.113)
2463879 1 6 (L, 0.083) 7739 (VH, −0.025) (VH, −0.035) (L, 0.083) (VH, −0.002) (VH, −0.114)
24128560 1 7 (L, 0.071) 1677 (VH, −0.025) (VH, −0.018) (L, 0.071) (VH, −0.086) (VH, −0.115)
2640503 0 11 (L, −0.091) 13764 VH (VH, −0.003) (L, −0.091) VH (VH, −0.115)
23640429 0 11 (L, −0.091) 3752 VH (VH, −0.003) (L, −0.091) (VH, −0.016) (VH, −0.116)
25410677 0 6 (L, 0.083) 517 VH (VH, −0.035) (L, 0.083) (H, −0.085) (VH, −0.116)
25845359 0 10 (L, 0.1) 246 VH (VH, −0.005) (L, 0.1) (M, −0.041) (VH, −0.116)
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As mentioned above, to solve the typical problem of obtaining the optimal number of
segments, we will use the method proposed in [70]. This method offers the user the best
clustering scheme (i.e., better k) among different results after using different indexes. The
final number of clusters is proposed based on most indices. After application in R language
(using the NbClust package to determine the optimal number of clusters between 6 and 12)
the summary of the different algorithms for determining the optimal number of segments
is showed in Table 10. As can be observed in Figure 8, most algorithms determine that the
optimal number of clusters is 8. Therefore, in our case #c = 8. Although we have applied
an automatic method of terminating the number of clusters, it should be noted that it is
common to also consider business criteria in the determination of the final clustering. In
this way, we have also tried segmentation by changing the value of k and we were also
satisfied with the one that obtained eight clusters.



Mathematics 2021, 9, 2362 19 of 27

Table 10. Number of Clusters Proposed by the Different Indices.

Index Number of Clusters Value Index

KL 8 57.13
CH 11 682.26
Hartigan 8 272.03
CCC 12 74.13
Scott 8 876.63
Marriot 8 1,477,204.00
TrCovW 8 326.29
TraceW 8 19.57
Friedman 8 15.09
Rubin 8 −2.67
Cindex 10 0.26
DB 7 0.92
Silhouette 8 0.39
Duda 6 4.10
PseudoT2 6 −305.40
Beale 6 −1.82
Ratkowsky 6 0.33
Ball 7 4.73
PtBiserial 8 0.58
Frey 6 1.04
McClain 6 1.81
Dunn 11 0.03
SDindex 8 4.93
SDbw 11 0.39
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Once the k-means algorithm has been applied, using the Euclidean distance (see
Equation (10)) the results are shown in Table 11.

5.8. Group Recommendation Strategy

The clustering results, summarised in Table 11, are obtained after applying the ∆−1

function (Equation (2)) to each of the variables in the TRFID set. This has allowed for a
more accurate process than is typically applied in traditional RFM models. However, to
better understand clusters it is preferable to use the linguistic representation of them. This
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is achieved by applying the corresponding ∆ function (Equation (1)) to the centroids, see
Table 12.

Table 11. Result of the k-Means Algorithm.

Cluster
c

R
vc1

F
vc2

I
vc3

D
vc4

Number of
Customers

1 0.3468286 0.004483071 0.64094575 0.3294273 682
2 0.802829 0.728453895 0.23999396 0.82394 1059
3 0.3025948 0 0.14033457 0.6893585 807
4 0.3091454 0.622837611 0.27908176 0.2508257 645
5 0.3238762 0.636744215 0.27405076 0.7974674 892
6 0.2976317 0 0.09399773 0.2478526 883
7 0.8238419 0 0.17406221 0.4135224 1093
8 0.7944105 0.683038143 0.26883786 0.257423 728

Table 12. Result of the k-Means Algorithm Expressed in the Two-Tuple Model.

Cluster
c

R
vc1

F
vc2

I
vc3

D
vc4

1 (L, 0.097) (VL, 0.004) (H, −0.109) (L, 0.079)
2 (H, 0.053) (H, −0.022) (L, −0.01) (H, 0.074)
3 (L, 0.053) VL (L, −0.11) (H, −0.061)
4 (L, 0.059) (M, 0.123) (L, 0.029) (L, 0.001)
5 (L, 0.074) (H, −0.113) (L, 0.024) (H, 0.047)
6 (L, 0.048) VL (VL, 0.094) (L, −0.002)
7 (H, 0.074) VL (L, −0.076) (M, −0.086)
8 (H, 0.044) (H, −0.067) (L, 0.019) (L, 0.007)

To support this information, Figure 9 shows the distribution of all segmented cus-
tomers by each of the variables used in this segmentation.
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Table 13 depicts the recommendation strategies by customer profile, each grouping
responding to a profile with the segment distribution observed in Figure 9. The recom-
mendation metrics to be used in future two-way customer-brand interactions should be
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based on providing the highest quality of service with the objective of obtaining maximum
customer satisfaction [15,71–73].

Table 13. Recommendation Strategy by Each Cluster.

Cluster Interaction Recommendation Strategy

1 SelfCustom

Description: A priori these are not very problematic customers, they do not have recurrent or frequent
incidents, but the incidents they have had are of some importance.
Future interactions: In subsequent customer interactions with the contact centre, the use of bot (faqs,
chat, voice) is recommended, and if personalisation is required because the customer demands it, an
automatic channel could be changed to a personalised and even specialised one.
Campaigns: It is proposed for this type of customer to reward brand loyalty with discount campaigns
for permanence.

2 StrongCustom

Description: Customer considered at high risk of abandonment.
Future interactions: In future customer interactions with the contact centre, it is recommended to
personalise communication through specialised agents.
Campaigns: Campaigns are proposed that tend to raise the customer’s perception of the service and
the brand. We recommend listening to the customer, acquiring in-depth knowledge of them, and based
on this, proposing discounts, offers and promotions.

3 SelfCustom

Description: A priori these are not very problematic customers, they do not have recurrent or frequent
incidents, but the incidents they have had are of medium to long duration.
Future interactions: In subsequent customer interactions with the contact centre, it is recommended to
use bot (faqs, chat, voice), if customisation is required because the customer demands it, it could move
from an automatic channel to a customised and even specialised one.
Campaigns: It is proposed for this type of customer to reward brand loyalty with discount campaigns
for permanence.

4 Custom

Description: A priori, these are customers who have had frequent incidents and, in the past, possibly
problems related to the implementation of the service.
Future interactions: In future customer interactions with the contact centre, it is recommended to
personalise communication through generalist and, if necessary, specialised agents.
Campaigns: Campaigns aimed at strengthening and rewarding customer loyalty, discounts for
permanence, etc., are proposed.

5 Custom

Description: A priori, these are customers who have had frequent incidents in the past, possibly
problems derived from the installation, which produced long-lasting incidents.
Future interactions: In subsequent customer interactions with the contact centre, it is recommended to
personalise communication through generalist and, if necessary, specialised agents.
Campaigns: We propose campaigns aimed at strengthening and rewarding customer loyalty, as well
as raising the brand image, listening to the customer, and generating valuable content.

6 Self

Description: A priori these are customers with infrequent incidents in the past, and without much
relevance. Future interactions: In future customer interactions with the contact centre it is
recommended to use bot (faqs, chat, voice), excessive personalisation is not required, and auto
response will be sought in the interaction with the customer.
Campaigns: This type of customer could be an excellent brand ambassador, campaigns are proposed
that reward their interaction and participation in social networks, in addition to strengthening
customer loyalty with discounts associated with permanence.

7 SelfCustom

Description: Although incidents are not frequent, there is a recency in them, however, the importance
and duration are low, they are customers with a low abandonment rate.
Future interactions: In future customer interactions with the contact centre it is recommended to use
bot (faqs, chat, voice), if personalisation is required because the customer demands it, it could move
from an automatic channel to a personalised and even specialised one.
Campaigns: Campaigns aimed at strengthening the brand image are proposed, if the customer has
been with the brand for some time, complementary strategies that reward loyalty are proposed.

8 Custom

Description: Frequent and repeated incidents, but without importance. The customer typology may
correspond to customers seeking excellence in the brand’s services.
Future interactions: In subsequent customer interactions with the contact centre, it is recommended to
personalise communication through generalist and, if necessary, specialised agents.
Campaigns: Aimed at promoting trust among customers, creating messages of value that can help the
customer and understand what the brand does for their benefit.

Based on the previous premise, the main objective of recommendation strategies by
profile will be to personalise the customer’s interaction with the brand, analysing the
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level of personalisation in interactions with the contact centre and thus connecting better
emotionally with customers [4,74].

We try to ensure that the customer groups that need personalised attention, that is, the
groups that we consider critical (strongcustom, custom) receive this personalised attention
in the next interaction with the contact centre. Further, the groups that we do not consider
so critical (selfcustom, self) can manage themselves autonomously or through a bot.

Table 14 shows the final segment assigned to the customers shown in Tables 5–8.

Table 14. Extract of RFIDc for Some Clients.

Client_ID Cluster

21046586 5
21334657 2
2288774 3
24583147 6
25860618 4
25864456 1
26053204 7
26064419 8

In Table 14, eight different customers are evaluated, explaining their belonging to the
cluster profiles defined in Table 13. Based on their cluster, we can consider, among other
actions to be taken in the interaction between customer and brand, measuring the degree
of personalisation in subsequent interactions and defining marketing actions appropriate
to the profile.

Customer profile—21046586 fits Cluster 5, as it is a customer with the following
individual assessment, R = (M,−0.087), F = (VH,−0.035), I = L, D = (VH,−0.002).
Therefore, they are a customer with very high and frequent incidents, the recency is
moderate and with a low importance value, see Table 7. The type of attention will be
personalised.

The customer profile—21334657 fits Cluster 2, as it is a customer with the following
individual assessment: R = (H,−0.026), F = (H,−0.008), I = M, D = (VH,−0.024).
Therefore, they are a customer with very high duration and frequent incidents, the recency
is very high and with a medium value of importance, see Table 7. This customer profile is
considered of critical relevance for the brand and will be attended to in a personalised way.

The profile of Customer 2288774 fits Cluster 3, as it is a customer with the following
individual assessment: R = (VL, 0.085), F = VL, I = M, D = (VH,−0.12). Thus, they are
a customer with very infrequent incidents of very high duration, the recency is very low
and with an average value of importance, see Table 7. This customer profile has not given
the brand many problems, they are loyal customers who had initial problems linked to the
implementation processes, in the following customer interactions with the contact centre,
it is recommended to use self-help bot and in the case of requiring personalisation, they
would switch to a free agent.

The customer profile 24583147 fits Cluster 6, as it is a customer with the following
individual assessment: R = (L,−0.086), F = VL, I = VL, D = (L, 0.12). Therefore, they
are a customer with low duration and very infrequent incidents, the recency is low and
with a very low value of importance, see Table 7. This customer profile, as in the previous
case, has not given the brand many problems. In the following customer interactions with
the contact centre, it is recommended to use the self-help bot, and to look for a self-response
in the interaction with the customer.

Customer Profile 25860618 fits Cluster 4, as it is a customer with the following indi-
vidual assessment: R = (M,−0.003), F = (VH,−0.065), I = (M,−0.05), D = (L,−0.009).
Hence, this is a customer with very frequent incidents of low duration, the recency is
medium, as is the importance, see Table 7. With this customer profile, although the recency
and importance value are medium, special care must be taken in subsequent customer



Mathematics 2021, 9, 2362 23 of 27

interactions with the contact centre to personalise communication by means of generalist
and, if necessary, specialised agents.

Customer Profile 25864456 fits Cluster 1, as it is a customer with the following individ-
ual assessment: R = (VL,−0.085), F = (M, 0.01), I = VH, D = (VL,−0.098). Therefore,
they are a customer with very low duration and moderate frequency incidents, the recency
is very low, and the importance very high, see Table 7. This customer profile corresponds to
customers with very important incidents in the past. In subsequent customer interactions
with the contact centre, it is recommended to use self-help bot, and if customisation is
required because the customer demands it, it could be changed from an automatic channel
to a customised and even specialised one.

The customer profile—26053204 fits Cluster 7, as it is a customer with the following
individual assessment: R = (VH,−0.097), F = VL, I = VL, D = (VL, 0.038). Therefore,
it is a customer with incidents of very low duration, importance and frequency, and the
recency is very high, see Table 7. This customer profile corresponds to loyal customers with
few, although recent, problems, which is why it is important that if the frequency value is
increased, the customer is directed towards a personalised service.

The customer profile 26064419 fits with Cluster 8, as it is a customer with the following
individual assessment, R = (VH,−0.025), F = (H, 0.008), I = L, D = VL. Thus, it is a
customer with incidents of low duration and importance, high frequency, and recency, see
Table 7. This customer profile corresponds to loyal customers with frequent and recent
problems, it is, therefore, important to direct the customer towards a personalised service.

6. Discussion

The data that we have worked on in the previous sections come from a company that
implements telecommunications services. As a conclusion to this study, and applied to this
company, by analysing the volume of data, we can see that the opening and closing times
of tickets is high and is mainly due to the implementation processes of 4G technology in
rural environments, where the periods of the implementation processes and reach optimal
coverage levels are high.

The working model we have used allows us to have an individual classification of
customers according to the criteria defined in the relationship between the customer and the
contact centre, RFID. For this we have adapted the RFM model, widely used in marketing
for its simplicity of use and ease of interpretation, into an environment other than the
traditional one, in this case customer service. In addition, with the aim of improving the
model and based on previous work [75] in which the two-tuple model is applied to solve the
problem of the RFM model’s lack of precision, we have also used the AHP methodology to
give weight to each of the variables that make up the model and thus obtain an overall score
for each customer. In parallel, we have provided the model with an additional argument,
i.e., the possibility of classifying customers using k-means.

We have obtained two types of results, the first one helps us to establish an individual
classification strategy with each customer according to the criteria defined in the RFID
model, which will help us to quantify the care with which each customer’s attention must
be managed individually according to their classification, see Table 9. In a typical operation,
the agent in charge of managing that interaction recognises the customer and, therefore,
recommendations can be established based on their history of relationship with the brand,
not only by what they buy (RFM), but also by the history of the RFID service received.

Furthermore, on the other hand, we have proceeded to segment customers by applying
k-means so that we are able to apply group actions by customer profile. In this case, we
have focused on using these groupings to establish scenarios from lowest to highest
cost in the process of customer interaction with the brand, i.e., we try to ensure that the
customer groups that need personalised attention, that is, the groups that we consider
critical (strongcustom, custom) receive this personalised attention in the next interaction
with the contact centre. The brand image perceived by the user grows considerably with
this type of interaction [71]. In addition, on the other hand, the groups that we do not
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consider so critical (selfcustom, self) can manage themselves autonomously or through
a bot, thus, the cost of the interaction is lower, and the brand image does not suffer, see
Table 13.

Finally, we have given some recommendations about the campaigns that could be
more effective: considering customer segmentation, seeking loyalty between customer and
brand for clusters susceptible to abandonment, rewarding the most loyal customers to
contribute to generating brand image through content and, as always, using the leverage
of offers and promotions.

For practical purposes, we have evaluated different customers in each cluster and
analysed the actions that could be taken from a contact centre perspective, see Table 14.
Basically, based on the value of the cluster, we have recommended personalisation actions
and possible campaigns in an omnichannel environment.

It is at the discretion of the contact centre manager to use one model or the other,
or both. With the aim of establishing strategies that help in the process of customer
brand loyalty, since the evaluation that a customer makes of the brand not only depends
on the product or service it provides, but also depends on additional factors such as
personalisation, attention through multiple communication channels and excellence in the
services provided [71].

The developed model can be applied to different industries, in business to business
(B2B) or business to customer (B2C) models where the contact centre becomes a funda-
mental element in the relationship between customer and brand. Sectors such as tourism,
professional services, manufacturers, insurance companies, banks, retailers, public entities,
hospitals, and health centres have CRM tools that are integrated with the contact centre. If
in an interaction between customer and brand, the agent who handles the management
has an adequate assessment of the customer, the agent can understand and personalise the
communication. If we also equip the system with an artificial intelligence (AI) model, the
system will be able to recommend the best actions for the profile of the customer the agent
is dealing with. Furthermore, and finally, we use customer aggregated value for queue
management in the contact centre.

7. Conclusions and Future Work

In conclusion, it should be noted that this work has developed a completely new
model of customer evaluation through their relationship with the contact centre, RFID.
This model can be added to the RFM model and thus obtain aggregated results of customer
evaluation through the different points of interaction between customer and brand (sales
and after-sales), with the advantage that all the information processed by the model can be
found in the usual customer management systems of any company, CRM, and is therefore,
applicable to any industry. This will help us to have a better knowledge of the customer,
and therefore, to develop and implement actions that tend to contribute to the enrichment
of the brand image.

The use of the two-tuple model has allowed us to calculate the score of the RFID
model with greater precision, as well as to obtain a better linguistic interpretation of
each customer’s score. The use of k-means has also permitted us to perform a clustering
of customers, and to establish group strategies for both personalisation and campaign
development. Finally, thanks to the use of AHP, it has been possible to determine the
weight of each of the variables of the RFID model in a simple way and with a consistency
check according to the business information.

As an example, we have applied the implemented model to a dataset from a company
in the telecom sector, verifying the advantages of adding the new model to the traditional
CLV calculation model, using RFM.

As future work, we propose to extend the model to any industry, focusing on retail,
insurance, banking, service provision and software manufacturers. In addition, we propose
to enrich the customer engagement value (CEV) model developed by [76], incorporating
RFID as another element to be taken into account. On the other hand, the model can help
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to elaborate user profiles (customer, patient, citizen), incorporating AI algorithms and
contribute to personalise communication with the user. Further, and finally, a fundamental
part is to consolidate the model with what customers think, i.e., to contrast the model with
customer satisfaction, NPS.
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