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Abstract: This study introduces a novel Recency, Monetary, and Duration (RMD) model for customer
classification in the hospitality industry. Using a hybrid approach that integrates data mining with
multi-criteria decision-making techniques, the study aims to identify valuable customer segments
and optimize marketing strategies.The research applies the K-means clustering algorithm to classify
customers from a hotel in Iran based on RMD attributes. Cluster validation is performed using
three internal indices, and hidden patterns are extracted through association rule mining. Customer
segments are prioritized using the TOPSIS (Technique for Order of Preference by Similarity to Ideal
Solution) method and Customer Lifetime Value (CLV) analysis. The outcomes revealed six distinct cus-
tomer clusters identified as New customers; Loyal customers; Collective Buying Customers; Potential
customers; Business customers and Lost customers. This study helps hotels to know different types of
customers with spending patterns which enable hotels to tailor services and improve customer reten-
tion and provides managers appropriate tools to allocate resources efficiently. This study extends the
traditional Recency, Frequency, and Monetary (RFM) model by incorporating Duration, an overlooked
dimension of customer engagement. It is the first attempt to integrate data mining and multi-criteria
decision-making for customer segmentation in Iran’s hospitality industry.

Keywords: hospitality marketing; customer retention; RMD; TOPSIS; association rules; K-means; CLV

1. Introduction
The hospitality industry has become an increasingly competitive sector in the global economy.

Fluctuating global hotel occupancy rates, driven by economic shifts and evolving consumer prefer-
ences, underscore the strategic importance of customer retention. Hotels generate vast amounts of
customer data, yet many struggle to leverage this information for targeted marketing and service
personalization. The demand for enhanced customer experience has led to a surge in the use of
Customer Relationship Management (CRM) systems that store vast amounts of customer data [1].
However, simply collecting data is insufficient; the ability to extract actionable insights from these
datasets is crucial. Data mining techniques have gained traction as they allow businesses to uncover
hidden patterns in large datasets, enabling managers to make more informed strategic decisions [2].
Customer segmentation is an essential aspect of marketing planning, allowing businesses to target
specific customer groups with tailored strategies. Traditional segmentation methods, such as Recency,
Frequency, and Monetary (RFM) analysis, have been widely applied in various industries, including
retail, banking, and hospitality [3]. However, these models have limitations, particularly in their ability
to capture a customer’s overall engagement beyond purchase behavior [4]. While prior research has
applied RFM in hospitality, existing studies often overlook engagement duration (D), an essential
factor in customer value assessment. In the hospitality industry, a guest’s length of stay is a crucial
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determinant of their overall contribution to revenue and customer lifetime value. Unlike industries
where transaction frequency is the primary measure of engagement (e.g., retail and banking), the
duration of a guest’s visit influences pricing strategies, occupancy management, and service person-
alization [1,5]. Consequently, integrating “Duration” into customer segmentation provides a more
holistic view of customer value. Few studies integrate clustering with multi-criteria decision-making
to optimize segmentation strategies. This study addresses these gaps by introducing an RMD-based
customer segmentation framework that enhances marketing decision-making. This study extends the
conventional RFM model by introducing Recency, Monetary, and Duration (RMD) to better capture
customer behaviors in the hospitality industry. The Duration attribute is a significant factor that reflects
a customer’s engagement with a service provider, which is often overlooked in RFM-based analyses [1].
To address these limitations, this study employs a hybrid clustering approach that integrates data
mining and decision-making techniques. While clustering methods such as K-means are commonly
used in customer segmentation, they are often limited to descriptive categorization without integrating
decision-support mechanisms for prioritization [6]. This study complements clustering with MCDM
techniques, enabling a systematic approach to evaluating and ranking customer segments. Using the
RMD framework, hotel customers are segmented based on recency, monetary value, and duration of
stay. These clusters are then ranked using decision-making methods such as TOPSIS and CLV analysis.
Further details on methodology are provided in Section 3. This study integrates clustering methods,
association rule mining, and decision-making tools to propose a comprehensive framework for cus-
tomer segmentation. Specifically, the research employs the K-means clustering algorithm, validated by
three internal cluster indices—Silhouette, Calinski-Harabasz, and Davies-Bouldin—to ensure robust
segmentation [7,48,49]. After clustering, association rule mining is used to extract hidden patterns,
while TOPSIS and CLV (Customer Lifetime Value) analysis prioritize the most valuable customer
segments. While data mining has been extensively used in various sectors, few studies have combined
clustering, association rules, and MCDM for customer segmentation in the hospitality industry [1,10].
Prior research in hospitality has applied clustering methods independently or in combination with
RFM analysis [11,12]. However, the integration of unsupervised machine learning (e.g., K-means),
rule-based analysis (e.g., Apriori association rules), and multi-criteria decision-making remains under-
explored. This study seeks to bridge this methodological gap by presenting a unified framework for
data-driven customer segmentation. Previous research has explored clustering techniques in hotel
management, but the integration of Shannon Entropy, TOPSIS, and Best Worst Method (BWM) for
segmentation validation remains underdeveloped [13,14]. This study contributes to bridging this gap
by presenting a novel hybrid approach that leverages both unsupervised machine learning (clustering)
and multi-criteria decision-making to optimize customer classification. Furthermore, advancements
in big data analytics and artificial intelligence have revolutionized customer segmentation strategies.
The ability to analyze large datasets efficiently has led to improvements in segmentation accuracy
and decision-making [15]. Machine learning algorithms, such as K-means, enhance traditional statis-
tical methods by allowing dynamic pattern recognition in real time [6]. This paper highlights how
integrating MCDM techniques with data mining can lead to more precise, actionable, and strategic
customer segmentation models. This study seeks to answer the following research questions: 1. How
does the RMD model improve customer segmentation compared to traditional RFM? 2. What are
the key characteristics of customer segments identified through K-means clustering? 3. How can
decision-making techniques like TOPSIS enhance customer prioritization for marketing strategies?
The remainder of this paper is structured as follows: Section 2 reviews relevant literature on customer
segmentation and data mining. Section 3 outlines the methodology, including data collection, cluster-
ing techniques, and decision-making approaches. Section 4 presents empirical results, followed by
a discussion of implications in Section 5. Finally, Section 6 concludes the study with limitations and
future research directions.
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2. Literature Review
2.1. Data Mining in Hospitality Industry

With the rapid advancement of Information and Communication Technology (ICT), businesses
have gained the ability to generate and analyze large datasets. In the hospitality industry, data mining
has become a crucial tool for extracting customer insights, optimizing marketing strategies, and
improving customer relationship management (CRM) [16].Data mining, which involves discovering
patterns in large datasets through computational methods, is widely used in industries such as banking,
healthcare, and marketing [17]. Within the hospitality sector, data mining techniques help analyze
customer behavior to improve marketing strategies, loyalty programs, and revenue management [1,18].
CRM-based data mining can significantly enhance customer retention by identifying high-value
customers and predicting future purchasing behaviors. The application of data mining in hospitality
extends beyond marketing to include dynamic pricing strategies, operational efficiency improvements,
and predictive analytics for demand forecasting [18,19]. By leveraging structured and unstructured
customer data, hotels can develop targeted promotional campaigns, optimize pricing strategies,
and enhance service customization, ultimately improving customer retention. The tourist industry
comprises several sections such as hotels, travel agencies, and transportations [20]. Thus, hotels are a
highlighted part of this package, and hotel managers have to offer developed services, which tailored
their customers to this competitive market. However, by the advancement of the internet, the tourism
industry has been reshaped considerably [21]. The Internet is an eminent tool to share information
for both consumers and suppliers [22]. Consequently, people can widely access all hotels’ facilities
and their customers’ experiences. This has led to documenting a wide range of transactions as bigdata
which helps the hotels to present their service found on customers’ tastes. Identifying customers is
crucial for all businesses to make profitable decisions in such a competitive epoch, Thus, clustering
serves as an effective method. According to Table 1, a few papers were published in the hotel industry
to identify customers and improve their services. Therefore, in this study, some methods are integrated
to increase efficiency. To apply k-means algorithm, determining the number of clusters (k) is critical.
Hence three internal indices are applied to evaluate k. In the following, their weights are calculated by
Shannon entropy and the best number is defined with the TOPSIS algorithm. Apriori and RMD are
combined to improve the accuracy of results and rendering patterns. Eventually, clusters are analyzed
by TOPSIS and BWM.

Table 1. Previous Related Research.

Researcher(s)/Year Target(s) Tool(s) Result(s)

(Mohammadrezapour
et al., 2020) [23]

Comparing two
clustering methods K-means, C-means

C-means yielded
higher accuracy than
K-means

(Matz and Hermawan,
2020) [24]

Proposing a model for
a cluster of a loyal
customer

LRIFMQ, CLV, AHP,
k-means

Customers were
grouped into six
clusters

(Mahdiraji et al.,
2019) [39]

Clustering and
ranking bank
customers using RFM

RFM modeling, BWM,
COPRAS

Classifying customers
into six clusters and
selected two groups as
influential ones

(Syakur et al.,
2018) [26]

Determining the best
number of clusters

K-means, elbow
method

Defining an
appropriate number of
clusters using the
elbow method

(Doğan et al.,
2018) [27]

Clustering retail
customers

RFM modeling,
K-means, Two-step

Comparing two types
of clustering results

(Mosavi and Afsar,
2018) [11]

Analyzing bank
customers’ value

FAHP, K-means,
random forest
classification

Presenting the model
according to the
applied attributes
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Table 1. Cont.

Researcher(s)/Year Target(s) Tool(s) Result(s)

(Peker et al., 2017) [28] Developing services
and increasing profits

LRFMP, K-means,
Calinski-Harabasz,
Davies-Bouldin,
Silhouette

Clustering customers
into five groups

(Dursun and Caber,
2016) [1]

Clustering hotel
customers

RFM modeling,
K-means

Offering proper
strategies to each
group

(Ansari and Riasi,
2016) [12]

Combining data
mining methods to
cluster steel industries’
customers

LRFM modeling,
Two-step, genetic
algorithm, C-means

Classifying customers
into two groups,
rendering tailored
strategies

(Ganjali and
Teimourpour,
2016) [29]

Clustering insurance
customers

K-means, CLV,
association rule,
decision tree,
Davies-Bouldin

Classifying customers
into five clusters

(Sarvari and
Ustundag, 2016) [30]

Clustering fast-food
customers

Associated rules,
RFML modeling,
K-means

Having proper groups
is critical to forming
strong associations

(Abirami and
Pattabiraman,
2016) [31]

Clustering customers
RFM modeling,
K-means, Association
Rules

Predicting customers’
behavior, improving
customer satisfaction

(Srihadi et al.,
2016) [10]

Clustering foreign
customers K-means

Identifying groups,
proposing proper
strategies

(Chang et al.,
2009) [32]

Finding important
variables influenced
by customer loyalty

Decision tree analysis Exploring customer
behavior

(Mohammadian and
Makhani, 2016) [33]

Analyzing data to
identify customer
intentions

RFM modeling, CLV
Grouping customers
into eight clusters to
understand customers

(You et al., 2015) [34] Clustering customers

RFM modeling,
K-means, CHAID
decision trees, Pareto
Values

Offering precision
marketing strategies

(Dimitrovski and
Todorović, 2015) [35]

Understanding
customer behavior

K-means, chi-square
test, Hierarchical
method

Understanding visitor
intentions, presenting
appropriate
promotions

(Wei et al., 2013) [36]
Clustering
hairdressing industry
customers

K-means, RFM
modeling

Identifying customers,
offering proper
strategies

(Chen et al., 2012) [19] Understanding retail
customers

K-means, RFM
modeling, decision
tree

Classifying customers
into five clusters

(Liao et al., 2012) [37] Finding hidden
patterns in data

K-means, Apriori
algorithm

Exploring
group-buying
customer behavior

(Hosseini et al.,
2010) [38]

Clustering SAPCO
customers K-means, WRFM, CLV

Assessing customers,
proposing an effective
model for
understanding
customers
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2.2. Customer Segmentation Techniques

Customer segmentation is a fundamental technique in marketing analytics, enabling businesses
to classify customers based on their behavior, demographics, and purchasing patterns [3]. While
traditional segmentation methods such as RFM have been widely adopted, recent advancements
in machine learning and data analytics have led to the development of more sophisticated models,
including behavioral and psychographic clustering [28]. These models incorporate real-time trans-
action data, customer engagement metrics, and external factors to refine segmentation strategies.
Traditional segmentation models, such as Recency, Frequency, and Monetary (RFM) analysis, have
been extensively used in various industries. However, these models often fail to account for customer
engagement depth and behavioral dynamics [4]. The limitation of RFM stems from its exclusive focus
on transactional activity, neglecting customer interaction longevity, seasonal patterns, and service
usage intensity [3]. This gap is particularly evident in the hospitality industry, where the frequency of
visits may not necessarily correlate with long-term customer value. For instance, a customer who stays
in a hotel for ten nights annually might be more valuable than a frequent traveler staying for only
one night per visit. The RMD framework addresses this gap by introducing “Duration” as a critical
segmentation attribute. Predictive analytics, powered by machine learning algorithms, has further
enhanced customer segmentation by allowing businesses to forecast customer lifetime value and
retention likelihood [17]. Various tools are applied in data mining conducting divergent applications.
Figure 1 has demonstrated some of the data mining techniques.

D
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g
Te

ch
ni

qu
es

Descriptive Modeling

Association Rules
Association Rules
Frequent Patterns
Apriori Algorithm

Clustering
Hierarchical Methods

Network Methods
Segmentation Methods

Predictive Modeling

Classification
Decision Tree

Neural Networks
Fuzzy Sets

Numerical Prediction Regression

Figure 1. Data Mining Techniques (Source: [39])

Clustering and association rules are introduced in the following due to their application in this
research. Among various clustering methods, K-Means remains one of the most widely used due to
its efficiency and adaptability. However, a critical limitation of K-Means is its reliance on predefined
cluster numbers, which may lead to suboptimal segmentation if the correct value of K is not determined
effectively [26]. To mitigate this issue, this study employs internal cluster validation indices such
as Silhouette, Davies-Bouldin, and Calinski-Harabasz scores to ensure robust segmentation [7,49].
It partitions customers into distinct groups based on similarity, enabling businesses to identify and
target different customer segments effectively. K-Means clustering was presented in an anthropology
paper in 1954 [40] and it has been used in various fields such as machine learning and statistics. Items
in a cluster are the most similar to each other while being the most different from items in other
groups [6,41]. A key advantage of K-Means is its sensitivity to changes in data properties, making it a
dynamic and adaptable clustering method.
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2.3. RFM vs. RMD: The Need for an Enhanced Segmentation Model

The RFM model segments customers based on three attributes: Recency, Frequency, and Monetary
value [3]. It is widely used due to its effectiveness in identifying high-value customers [4]. This
segmentation enables businesses to develop targeted marketing strategies that enhance customer
engagement and retention [42]. RFM has some advantages and disadvantages; first, RFM costs are
affordable and let the companies owners understand customers’ behaviors readily [43,44]. Second, it
helps firms to anticipate and enhance their profits [45]. Third, it is an effective model for customers’
behaviors purchasing with small variables [42]. However, RFM only focuses on profitable customers,
which means that it applies limited variables to understand customers and does not have prospects for
new customers [3]. RFM is mainly applied to K-means and SOM [46]. To develop some of the RFM
features by strengthening the weaknesses, researchers add some other variables to RFM such as TRFM
(Timely), RFD (duration), FRAT (Amount and Type of products). Given the mean of RFM, each index
has a higher value than the average is indicated by ↑ and lower than the means is shown with ↓. Dursun
and Caber (2016) announced, RFM method is applied in the hotels’ industry scarcely and symbolized
loyal customers with R↑F↑M↑, lost customers with R↓F↓M↓, new customers with R↑F↓M↓, potential
customers with R↑F↑M↓, loyal summer season customers with R↓F↑M, collective buying customers
with R↑F↑M, winter season customers with R↑F↑M↓ and high potential customers with RF↓M↑ [1].
Their model can identify valuable customers to improve the services’ qualities. Notwithstanding,
in other industries, RFM and K-means have been used to identify valuable customers [24]. RMD
(Recently, Monetary, Duration) is presented in this study to cluster customers. RMD is defined as
follows. • R (Recently): Defined as the number of days between the latest presence of a hotel’s
customer and the date of analysis. It determines the most recent customers’ presence. The customers’
data is bounded between the dates 18.08.2017 and 18.08.2018 for RMD analysis; beginning with 1 from
18.08.2017. Each of the dates is numbered respectively, up to 366 for 18.08.2018. • M (Monetary): The
amount of money each customer spends. • D (Duration): The number of days each individual stays at
the hotel. Statistical indicators of each index are presented in Table (3).

3. Basic Concepts
3.1. K-Means

Although K-Means is a simple, fast, and efficient method, it is best suited for generating spherical
clusters. One of the critical aspects of clustering is measuring distance between data points, which
affects how clusters are formed. Various methods exist to calculate distance, with Euclidean distance
being one of the most widely used techniques, as calculated using Equation (1)

Distance(Oi, Oj) =

√
n

∑
k=1

(Xik − Xjk)2 (1)

The accuracy of the K-Means algorithm depends heavily on selecting the optimal number of
clusters (K) [47]. In this research, the optimal K value is determined using Multi-Criteria Decision-
Making (MCDM) tools. To ensure the reliability of clustering results, various validation indices are
used. These measures evaluate the quality of clusters by assessing intra-cluster cohesion and inter-
cluster separation. Three widely adopted indices include the Silhouette Score, the Calinski-Harabasz
Index, and the Davies-Bouldin Index, each of which provides insights into the optimal number of
clusters. The quality of clustering results can be assessed using these internal validation indices, which
will be discussed in the following below:

Silhouette Analysis The Silhouette method is a widely used technique for evaluating clustering
performance [7]. A higher silhouette score indicates better clustering quality. To compute the Silhouette
Score, two key concepts are introduced:

Mean distance of points to other points within the same cluster: Suppose xi belongs to the Cj
cluster. The mean intra-cluster distance (how close xi is to other points in its own cluster) is computed
by (2).
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a(i) =
1
ni

n

∑
l=1

d(xi, xl) (2)

Notably, ni is the size of the cluster. Moreover, an (i) represents the belonging value of the xi to its
cluster which is more for the lower values. This distance can be determined by various methods such
as Manhattan and Euclidean.

Minimum mean distance of a point to other clusters: Suppose that xi is a point belonging to
cluster Cj. The mean inter-cluster distance to cluster Cj is computed by (3).

b(i) = min
1≤l≤k

1
nl

∑
ym∈xl

d(xi, ym) (3)

Mention that ym are the points belonging to Ck and nl is the number of measured distances. A
cluster that has the lowest mean distance to the point xi is referred to as an adjacent cluster to this
point. Thus, the value of the Silhouette criterion for point xi is calculated by (4).

s(i) =
b(i)− a(i)

max(b(i), a(i))
(4)

Calinski-Harabasz Index Calinski- Harabasz Index is measured by (5).

VRCK =
SSB
SSW

× (N − K)
(K − 1)

(5)

Notably, SSB is the sum of variance between clusters and SSW is the sum of variance within
clusters. N and K in order are the numbers of observations and the number of clusters [48].

Davies-Bouldin Index To calculate this index, first, the criteria must be introduced [49]:
The measure of scatter within cluster: Suppose that Si is the measure of scattering corresponding

to the cluster Ci and d is also a distance function. The scattering rate for this cluster is obtained by (6).

s(i) =

[
1
|ci| ∑

x∈ci

dr(x, ci)

] 1
r

, r > 0 (6)

Notice that Ci is the centroid of the cluster i.
Cluster separation: The separation between the two clusters is also measured by the distance

between their centroids. The distance between two clusters is shown by Dij and is computed by (7).

Dij =
[
∑ d(vi, vj)

t] 1
t (7)

Note that, Vi and Vj are the centroids of the clusters i and j, Considering s(i) for tightness and Dij
for separation, Rij can be calculated by (8).

Rij =
Si + Sj

Dij
(8)

To attain the Davis-Bouldin index for a clustering method, the maximum distance of each cluster
relative to the other clusters is computed by (9).

Ri = max
j ̸=i

Rij (9)

The mean of the maximum distances (Davies- Bouldin) is computed for all clusters by (10).

VDB =
∑k

i Ri

k
(10)

It is noteworthy that k is the number of clusters. The lower the DB index, the better the clustering.
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3.2. Association Rules and Customer Behavior Analysis

Association rule mining identifies relationships and recurring patterns within a database. It helps
managers develop tailored marketing strategies and improve service offerings, ultimately enhancing
customer satisfaction and competitiveness in the market. In a data set, a rule, which is shown by X →Y,
means if items belong to X, they would tend to belong to Y. Association rule has two parameters to be
measured; support and confidence. Support X →Y shows the percentage of X and Y in all transactions
and confidence X →Y indicates the possibility that Y tends to be in the transaction if a transaction
includes X [50]. Association rules help managers to find valuable customers [29]. Association rule was
used for a diagnostic possible disease which was obtained from features from hospital information and
patients’ keyword [51]. Ganjali has employed the association rule to find the insurer’s behavior [29].
After applying the clustering process, the association algorithm is applied to find rules in each cluster.

3.3. Multi-Criteria Decision-Making (MCDM) Approaches for Customer Prioritization
3.3.1. Shannon Entropy

Shannon entropy as an objective method is applied to determine the weights of the validation
indices. The entropy of each criterion is calculated by Equation (12) based on the normalized matrix.
Notice that k is constant and is defined by Equation (11) and m is defined as the number of alternatives.

k =
1

ln m
(11)

Ej = −k
m

∑
i=1

rij ln rij, i = 1, 2, . . . , m (12)

The division degree is calculated found on the entropy values by Equation (13).

dj = 1 − Ej (13)

Finally, the weights are computed by Equation (14):

Wj =
dj

∑n
j=1 dj

(14)

3.3.2. TOPSIS

TOPSIS was first developed by Hwang and Yoon in 1981 to rank alternatives based on decision
criteria [52]. The principle of this method is selecting the alternative with the shortest distance
from the ideal criteria and the longest distance from the anti-ideal indices. The TOPSIS method is
defined below.

Step1: The decision-making matrix is formed: The decision-making matrix is a matrix for
evaluating alternatives (A1,A2,. . . A3) based on some criteria (C1,C2,. . . ,Cn ) (15).

D =


X11 · · · X1n

...
. . .

...
Xm1 · · · Xmn

 (15)

It is notable that, Xij is the value of the ith alternative found on the jth criteria.
Step2: The Decision-making matrix is normalized by Equation (16):

rij =
xij√

∑n
i=1 x2

ij

, ∀i, j (16)

Step3: The weights of the criteria are extracted by a method. In this study, Shannon Entropy is
applied to determine the weights.

Step4: The weighted normalized decision matrix is formed by the multiplication of the normalized
matrix (R) with their relative weight by Equation (17).

[Pij] = D · R (17)
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Step5: The TOPSIS method is employed to prioritize the number of clusters. On this subject, the
ideal and anti- ideal solutions are elected by Equation (18) and Equation (19).

A∗ = {v∗1 , . . . , v∗m} =

{(
max

i
vij | j ∈ cb

)
,
(

min
i

vij | j ∈ Cc

)}
(18)

A− = {v−1 , . . . , v−m} =

{(
min

i
vij | j ∈ cb

)
,
(

max
i

vij | j ∈ Cc

)}
(19)

Next, Equation (20) is used to measure the Euclidean distance of each alternative from the ideal
(A∗) and anti-ideal (A−), known as s∗i and s−i respectively.

s∗i =

√√√√ m

∑
j=1

(vij − v∗ij)
2, ∀i (20)

s−i =

√√√√ m

∑
j=1

(vij − v−ij )
2, ∀i

Consequently, the closeness ratio is calculated by Equation (21).

RC∗
i =

s−i
s−i + s∗i

(21)

The appropriate alternative has the highest value of RC∗
i . The TOPSIS method has been used in

many types of research. As an illustration, TOPSIS and Shannon entropy were employed to find the
optimal technology among the waste-to-energy technological choices using the waste stream of Lagos,
Nigeria [53]. Moreover, Wang applied TOPSIS to evaluate 22 symbiotic technologies in the iron and
steel industrial network [54].

3.3.3. BWM

BWM is an efficient technique introduced by Rezaie to solve MCDM problems. This technique
determines the weights of criteria [55]. This algorithm is defined in the following steps.

1. A set of decision criteria is chosen.
2. Focus groups or experts determine the best and worst criteria. Moreover, no comparison is

applied to them.
3. Focus group or experts elect the preference of the best criteria over other criteria throughs

number among 1 and 9 (AB =(Ab1,Ab2,. . . Abn).
4. Focus group or experts elect the preference of the worst criteria over other criteria throughs

number among 1 and 9 (AW =(A1w,A2w,. . . Anw).
5. The proper weights are found by solving the nonlinear (NLP) model with the following

Formula (21):
min ϵ (21)

st:∣∣∣∣∣wB
wj

− aBj

∣∣∣∣∣ < ϵ

∣∣∣∣ wj

ww
− ajw

∣∣∣∣ < ϵ

∑ Wj = 1, Wj ≥ 1

6. In this section, the compatibility rate (CR) of the comparisons is computed by Equation (22). In
this paper, CRs less than 0.2 are reasonable.

CR =
ϵ∗

CI
(22)
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It should be mentioned that CI is the compatibility index, that is calculated based on the preference
of the best criteria over the worst criteria (ABW) [56]. BWM has been applied in many studies recently.
BWM was applied to extract the weights of water resources security indicators (Tu et al., 2020). Çalık
used BWM to determine the weights of social media platforms for reaching customers by travel
agencies [14]. Khalilzadeh employed BWM in the bank industry to identify risks’ weights which affect
the loss of bankings’ projects [57].

3.3.4. CLV

Knowing customers’ characteristics and their differences is a crucial issue in an organization [58].
Customer Lifetime Value (CLV), a concept introduced by Kotler, represents the total expected revenue
a business can generate from a customer over the duration of their relationship [59]. CLV is defined
as revenue that companies can achieve from a single customer or group of customers over time [60].
CLV intends to ealuate value of specific parts of markets’ customers; therefore, it is a primary tool to
demonstrate the merit segmentation strategy [61]. Managers could ameliorate client segmentation by
computing the CLV of each customers and marketing resource allocation achivements [5]. Customers
with long lives are a profitable segment for companies. CLV, as a tool for leading all companies’
assets, is an efficient method for assessing the relationships between customers and firms. Maintaining
customers is considered as increasing the customers’ profit over time [62]. CLV has three beneficial
consequences. First, it identifies loyal and potential customers. Second, it helps companies to know
different customers with hidden patterns. Third, it aids managers to propose suitable strategies
for each segment. One of the most highlighted outcomes of CLV is that companies can predict the
future of valuable customers. Based on their information, they can both make proper decisions and
present appropriate strategies [63]. CLV has various models e.g., scoring model, probability model,
an econometric model [32]. In this study, the scoring model, which is based on customers’ purchase
attributes (RMD) is applied. CLV is calculated by Equation 23 (Note that W f is the weight of Monetary
and the NDci is the normalized duration.)

CLV was used in the food industry to evaluate customer loyalty [24]. Furthermore, CLV was
applied to rank the bank’s customers and determine the value of each cluster [58].

CLV = NRCi ∗ WR + NDCi ∗ WD + NMCi ∗ WM

4. Research Methodology
This research attempts to distinguish 1171 customers of a hotel. Three phases of this study include:
1- K determination, after data preparation.
2- Customer classifications, and rules extractions.
3- Clusters evaluations by CLV, and decision-making methods (TOPSIS and BWM).
These processes have been depicted in Figure 2.
Phase I
In phase I, the optimal number of clusters (K) is determined by the below steps.
1- The clusters are evaluated based on cluster quality indices including Silhouette Analysis

(Equation 2 to 4), Calinski-Harabasz (Equation 5) and, Calinski-Harabasz (Equation 6 to 10).
2- These indices are considered as decision criteria and their weights are extracted by Shannon

Entropy (Equation 11 to 14).
3- Different values of k are considered as decision Alternatives which are prioritized by TOPSIS

(Equation 15 to 21).
Phase II
1- Customers are clustered by the K-Mean algorithm found on RMD attributes. The optimal

obtained number of phase I is considered as the number of clusters. To measure the distance, Euclidean
distance (Equation 1).

2- Apriori as a method of an association rule is employed to extract the rules.
3- Tailored strategies are developed for each cluster based on its characteristics.
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Phase III
1- RMD attributes are considered as the criteria to assess clusters and the weights are determined

by BWM (Equation 21 to 22).
2- Clusters are prioritized by TOPSIS (Equation 15 to 21).
3- CLV is computed for each cluster (Equation 23).
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5. Case study and Results
Tehran, the capital of Iran, owns nearly 8.737 million population, (City population statics, 2016)

with 101 hotels (www.hoteldari.com). As a political center, Tehran attracts a large number of tourists
who travel having businesses and medical treatment intentions. The customers’ profiles are belonging
to 3-star Hally Hotel, located downtown. The research population was 1121 hotel customers who
visited the hotel at least once; however, after data preparation, the number of customers reached 1107,
between the dates 18.08.2017 and 18.08.2018. Dispersal of customers shows 60.4% female (f = 386),
and 34. 9% male (f = 720) customers. They were mainly between the ages of 31-40 (26.7%, f=296) and
41-60 (19.4%, f=215). The large parts of them were Iraqi (22.89%) and Chinese (7.33%) and travel alone
(61.12%; f = 676) or non-alone (31.55%; f = 349).

5.1. Clustering Model

After data preparations, three validity indices are (Calinski-Harabasz, Davies-Bouldin, Silhouette)
computed for the evaluation of clusters from 2 to 10, which has been shown in Table 2. Moreover,
the weights of these indices, which were determined by Shannon entropy, are presented in Table 2.
According to this table, Davies-Bouldin with a value of 0.36 has the highest value among the others.
Thereafter, customers were clustered by RMD indicators defined in the former sections. The descriptive
statistics of RMD are presented in Table 3. The mean of RMD is computed in each cluster and their
values were compared with the total mean of RMD. Their scores are presented in Table 4.
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Table 2. Validity indices value

Number of k Silhouette Davies-Bouldin Calinski-Harabasz

Weight of validity
indices 0.34 0.36 0.28

2 0.74 0.63 831.2
3 0.82 0.62 1096.65
4 0.78 0.66 1287.77
5 0.70 0.63 1347.64
6 0.73 0.61 1602.60
7 0.70 0.67 1484.12
8 0.74 0.70 1654.36
9 0.73 0.68 1613.19
10 0.73 0.71 1652.56

Table 3. Descriptive statistics of RMD table

RMD Indices Minimum Maximum x̄ St. dev.

R (Recency) 10 365 126.8 97.0
M (Monetary) 667 4724 1252.3 501.6
D (Duration) 1 12 3.4 1.6

Table 4. RMD Scores

Clusters N D̄ M̄ R̄ RMD Value

1 579 1.00 414.10 211.60 R↑M↓D↓
2 24 8.45 3221.50 202.58 R↑M↑D↑
3 81 3.66 1214.61 185.40 R↑M↓D↑
4 26 2.76 1314.88 14.00 R↓M↑D↓
5 315 3.57 806.17 114.01 R↓M↓D↑
6 81 1.32 542.76 33.75 R↓M↓D↓

Total 1107 3.46 1252.34 126.84

5.2. Clustering Analysis

The overall average of RMD was calculated (R=126.854, D=3.46, M=1252.34). The first cluster
has an R↑M↓D↓ score; thus, this cluster is called ‘new customers’. Customers of this cluster stayed
in the hotel one night and traveled alone. New customers were mostly men (68%), Iraqi (24%), and
aged 31-40 (26%). They had freelance jobs, and their travel intention was tourism. These customers
should be motivated not only to stay more but also to spend more money in the hotel. The second
cluster is known as loyal customers with the score of R↑M↑D↑. These customers were Iraqi (45%)
and 41-50 (41%) years old. Loyal customers traveled with two people, and the number of men and
women in this group was equal. They stayed at the hotel for seven days, and their travel intention was
tourism. The third cluster is called Collective Buying Customers, with the R↑F↓M↑ score. Collective
Buying Customers traveled with two people, they were mostly men (69%) and aged 31-40 (28%). These
customers were mostly Chinese internationals with a freelance job, and their travel intentions were
tourism. Collective Buying Customers spent three days in the hotel. The fourth cluster scored R↓M↑D↓
and named potential customers. Potential customers were 31-40 (38%), both Chinese and Iraqi (15.3%),
and stayed one night. They were employees and they traveled for work purposes, and they were equal
in their genders. The customers, who mainly traveled alone, spent large amounts of money, and the
hotel should propose special services for this cluster to make them stay more. The fifth cluster has
R=114.02, M=806.17, and D=3.57; thus, this group is scored R↓M↓D↑ and called business customers.
Business customers were Iraqi (23%) and 31-40 (28%) years old and men (65%). They had freelance
jobs and traveled alone for office works. These customers stayed at the hotel for two nights. The sixth
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cluster is known as lost customers with R↓M↓D↓. These customers were Iraqi (18.5%), 21-30 (27%)
years old, and stayed one night. Low price offerings should be used to attract this group. The overall
descriptions are summarized in Table 5.

Table 5. Attributes of Clusters.

Attributes N
C

LC C
B

C

PC B
C

Lo
C

RMD scores R↑M↓D↓ R↑M↑D↑ R↑M↓D↑ R↓M↑D↓ R↓M↓D↑ R↓M↓D↓

N 579
(52.3%) 24 (2.16%) 81 (7.31%) 26 (2.34%) 315

(28.45%) 81 (7.31%)

Gender Male
(68%)

Male &
Female

(50%-50%)

Male
(69%)

Male &
Female

(50%-50%)

Male
(65%)

Male
(66%)

Age group 21-30
(26%)

41-50
(41%)

31-40
(28%)

31-40
(38%)

31-40
(28%)

21-30
(27%)

Nationality Iraqi
(24%)

Iraqi
(45%)

Chinese
(17.3%)

Iraqi &
Chinese
(15.3%-
15.3%)

Iraqi
(23%)

Iraqi
(18.5%)

Travel companion Alone
(68.22%)

Two
people
(20%)

Two
(38.2%)

Alone
(38%)

Alone
(65.7%) 1 (51.1%)

Job Freelance
(64.7%)

Freelance
(41.6%)

Freelance
(39.5%)

Employee
(38%)

Freelance
(62.2%)

Tourist
(72.8%)

Travel intentions Tourism
(58.5%)

Tourism
(43%)

Tourism
(49.38%)

Office
work

(34.6%)

Office
work

(34.9%)

Tourism
(50.6%)

Duration (days) 1 (100%) 7 (33.33%) 4 (44%) 1 (50%) 2 (74.3%) 1 (76.5%)
Note: NC: New Customers, LC: Loyal Customers, CBC: Collective Buying Customers, PC: Potential Customers, BC: Business
Customers, LoC: Lost Customers

5.3. Association Rule Results

Association rule was performed in each cluster to find relationships between demographic
variables. For instance, if a visitor is a male, he is Iraqi with a freelance job. Another rule for the first
cluster is that the customers’ jobs should be a tourist before their travel intentions were tourism. The
rules in each cluster are shown in Table 6.

Table 6. Association rule results

Clusters Rule Confidence Support

New customers [male → Iraqi, freelance] 94.5% 16.5%
[tourism → tourist] 93.5% 11.3%

Loyal customers [freelance → Iraqi, men] 100% 12.5%
[tourism → tourist] 100% 12.5%

Collective Buying Customers [men → freelance, 41-50] 100% 11.11%
[tourism → Chinese, 31-40] 100% 11.11%

Potential customers [men → Chinese] 100% 15.3%
[employee → women, 31-40, office work] 83.87% 23.4%

Business customers [men → Iraqi, freelance] 94.11% 10.7%
[men → office work, Freelance] 100% 12.5%

Lost customers [tourism → 61-90, tourist] 88% 12.3%
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5.4. Comparison and Evaluation of Clusters

Evaluation of customers is an important task to identify profitable groups. In this study, two
solutions are presented to recognize customers by decision-making algorithm and CLV ranking. The
weights of RMD are extracted by BWM (R= 0.25, M= 0.68, D= 0.06). Thus, loyal customers have the
highest score and are the most precious group among the other., these results are demonstrated in
Table 7. By the evaluation of CLV for each cluster, it can be understood that the most valuable group is
the second cluster with 2.6% of all customers; on the other hand, the sixth cluster is the most invaluable
group; eventually, other clusters are prioritized in Table 7.

Table 7. CLV Ranking

Clusters Cluster Ranking By TOPSIS N D M R CLV CLV Ranking

C1 0 52.3 0.009 0.012 0.33 0.09 CLV4
C2 0.86 2.16 0.66 0.7 0.3 0.59 CLV1
C3 0.13 7.3 0.12 0.1 0.25 0.13 CLV2
C4 0.21 2.34 0.07 0.11 0.001 0.07 CLV3
C5 0.12 28.45 0.11 0.04 0.097 0.05 CLV5
C6 0.14 7.31 0.01 0.02 0.008 0.01 CLV6

6. Discussion and Implications
This study showcases a hybrid data mining and multi-criteria decision-making (MCDM) approach

to enhance customer relationship management (CRM) in hospitality, using Hally Hotel in Tehran, Iran,
as a case study. By extending the RFM model to RMD (Recency, Monetary, Duration) and integrating
K-means clustering with TOPSIS and CLV analysis, we identified six distinct customer segments—New,
Loyal, Collective Buying, Potential, Business, and Lost—offering actionable insights for an emerging
economy facing unique market dynamics.

6.1. Theoretical Contributions

Theoretically, this study refines customer segmentation by incorporating Duration into the RMD
framework, addressing a limitation of RFM’s transaction-centric focus [3]. In hospitality, where stay
length drives revenue more than visit frequency (unlike retail or banking), RMD provides a superior
lens for valuing guests like Loyal Customers (R↑M↑D↑). This builds on prior models like LRFMP [28]
but emphasizes duration’s hospitality-specific relevance. Moreover, combining K-means with asso-
ciation rules and MCDM tools (TOPSIS, BWM) marks a methodological leap. While Dursun and
Caber (2016) used RFM with clustering, our use of three validation indices (Silhouette, Davies-Bouldin,
Calinski-Harabasz) and decision-making prioritization is novel, bridging unsupervised learning with
strategic ranking [1]—a rare integration in hospitality research.

6.2. Practical Implications

Practically, these findings empower hotel managers to tailor marketing with precision. Loyal
Customers (Cluster 2, 2.16% of the sample) topped CLV (0.59) with long stays (7 days) and high spend-
ing (M=3221.5), warranting loyalty programs like multi-night discounts or partnerships with travel
agencies for curated tours. Potential Customers (Cluster 4, R↓M↑D↓) spent generously (M=1314.88)
but stayed briefly (1 night); incentives like free upgrades for extended bookings could boost their value.
New Customers (Cluster 1, 52.3%) showed low engagement (M=211.6, D=1), suggesting targeted
ads with perks like free breakfast or installment payments. Lost Customers (Cluster 6, CLV=0.01)
need re-engagement via low-cost seasonal offers. For Collective Buying Customers (Cluster 3), group
discounts with Chinese tour operators could leverage their 44% four-day stays. These strategies,
informed by association rules (e.g., male Iraqi freelancers tied to tourism in Cluster 1), enhance CRM
efficiency, enabling hotels to allocate resources effectively in a competitive landscape.
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6.3. Contextual Insights

Iran’s geopolitical context—marked by U.S. sanctions limiting Western tourism—shapes the
dominance of Iraqi (22.3%) and Chinese (7.3%) guests. Iraqi Business Customers (Cluster 5) reflect
commerce-driven travel, while Chinese Collective Buying Customers (Cluster 3) highlight group
tourism, tied to Iran’s trade ties with China (e.g., oil and mineral exports). This contrasts with tourism-
heavy markets like Turkey, underscoring the need for adaptive CRM in sanctioned economies. As
Dursun and Caber (2016) argued, robust CRM amplifies data-driven insights, a critical advantage
when guest pools are niche yet diverse. In a broader sense, this RMD framework offers a scalable
model for hospitality firms to navigate competition, merging analytics with decision-making to elevate
customer-centric strategies in resource-constrained settings.

7. Conclusion
This study introduces a novel Recency, Monetary, and Duration (RMD) model to segment hotel

customers, validated through a hybrid approach combining K-means clustering, association rule
mining, and multi-criteria decision-making (MCDM) techniques (TOPSIS, BWM). Applied to 1,107
guests of Hally Hotel in Tehran, Iran, between August 2017 and August 2018, the framework identified
six distinct clusters—New, Loyal, Collective Buying, Potential, Business, and Lost—prioritized by
Customer Lifetime Value (CLV) and TOPSIS rankings. Loyal Customers emerged as the most valuable
segment (CLV=0.59), while Lost Customers ranked lowest (CLV=0.01), offering clear guidance for
targeted marketing strategies. By extending the RFM model with Duration and integrating advanced
analytics, this study provides a robust tool for hospitality firms to enhance CRM, optimize resource
allocation, and improve retention in competitive markets. Limitations include the absence of Frequency
data due to privacy constraints, restricting comparisons with traditional RFM models. The one-year
dataset precluded seasonal analysis, and the focus on foreign guests excluded domestic customer
insights. Future research could address these gaps by incorporating longitudinal data to capture
seasonal trends, adding variables like booking channels or travel modes for richer segmentation, and
extending the model to other hospitality contexts or emerging economies. Despite these constraints,
the RMD framework stands as a scalable, data-driven solution, bridging analytics and decision-making
to elevate customer-centric strategies in the hospitality industry.
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