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Abstract. The increase of internet services and the availability of new cutting-
edge technology, as well as the use of mobile apps and devices, set a major chal-
lenge formedical tourism service providers. E-commerce sites and social networks
are an important source for consumers’ awareness and knowledge regarding the
medical tourism business model in México which has grown at accelerated rates
in recent years; therefore their use should be enhanced by formalizing this activity,
and creating integrated commercial strategies [1].

Word-of-mouth and the Internet are consumers’ preferred sources of infor-
mation for medical tourism [2], where trust is elemental for the perception of
quality online information [3]. The use of social networks as a means of refer-
ence and information based on other users’ experiences and recommendations,
as well as the use of mobile applications, have contributed to making electronic
commerce increasingly profitable for companies that incorporate them in their
business model.

This research analyzes the preferences of consumption of medical tourism
services in Mexico to determine the effect of formalizing the offer of services
with the help of a digital platform on the consumers’ experiences.

The study seeks to determine, through the integration of different cluster
methodologies, which are the profiles ofmedical tourism travelers to better predict
their consumption habits and channel the various options available through the use
of digital tools and social networks to promote the most attractive alternatives for
consumers’ benefit, which translates into higher sales impacting the entire value
chain of this sector.

Keywords: Medical tourism · Digital platforms · Traveler profile · Consumer
behavior

1 Introduction

Improving the experience of medical tourism consumers represents a major challenge
for service providers in this sector, especially when considering consumer preferences
and habits, ensuring confidentiality, safety, budget, promotions, and integrated packages
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that are currently available, with the use of Artificial Intelligence (AI) tools and rou-
tines to contemplate other alternatives that the customer has available according to their
integrated profile as a patient and traveler.

This research analyzes the consumption habits and preferences of medical tourism
services in Mexico to determine the effect on customer experience when formalizing the
offer of services with the help of a digital platform. The overall objective of this research
was to examine the consumer preferences of the medical tourism industry in Mexico
and the impact of digital tools on their choice of a service provider.

The lack of use of digital tools, transparency and promotion in the medical tourism
industry in Mexico, and its possible effects, led to the formulation of the following
hypotheses: an increase in the transparency of medical tourism services in Mexico
through the use of digital tools, has an effect on consumer purchase decision-making;
and, the greater use of digital tools to make more information available about medical
tourism, the greater the patient’s willingness to consume services in Mexico.

1.1 Theoretical Framework

Considering the needs and preferences of medical tourism consumers using various
tools to approach the relationship among consumers and service providers should be a
priority [4]; the latter should occur while still contemplating additional factors, such as
supporting the patient throughout their treatment and their companions to remain in a
comfortable environment throughout their stay, and providing activities to make their
trip more pleasant.

Medical Tourism
Tourism is a strategic activity for Mexico and contributes 8.4% to the national Gross
Domestic Product (GDP). The hotel sector in Mexico represents the main source of
income of this industry and is the source of work for millions of Mexican families who
directly or indirectly depend on this activity [5].

Medical services in Mexico represent another important source of direct employ-
ment and social welfare by integrating many specialized professionals such as doctors,
paramedics, and nurses, as well as other related service providers, such as scientists,
administrators, assistants, stretcher-bearers, among many others. According to ProMex-
ico’s data for 2011 [6], private health institutions totaled nearly 13,500 practices (of
which 62% were a specialty) and 34,807 beds.

According to ProMexico’s 2013 health tourism report [6], the proportion of medical
specialists among general doctors inMexico is 63.4% above the average of the countries
of the Organization for Economic Cooperation and Development (OECD); therefore,
this sector represents a large source of income for many medical specialists and is an
important generator of indirect jobs through its supply chain.

The private health sector has the greatest probability of benefiting from medical
tourism in Mexico since it has been the only provider of medical tourism services, until
now, relying solely on the support of local and federal governments [7].

The medical tourism industry in Mexico has had significant growth over the last
few years until 2020. According to data obtained from Euromonitor International [8], as
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shown in Fig. 1 below, Mexico maintained sustained growth except for the years 2009,
2015, and 2016.
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Fig. 1. Medical tourism revenue in Mexico in millions of dollars and annual growth rate.

In the period from 2005 to 2019, service providers and consumers, mainly in the
United States and Canada, saw in Mexico an alternative to treat the 21 types of medical
conditions (seeTable 1) that can be programmed for care in clinics andhospitals, reaching
growth figures close to 30% in just 2011 [9].

This is mainly due to the differential in price and the quality of the facilities and
medical care that the country possesses. Mexico, together with Israel and Thailand, is
one of Canada’s preferred destinations for medical conditions (such as vision problems,
dental implants, and gastric and aesthetic treatments)with sustained growth for Canadian
consumers between 2013 and 2018 [10].

Medical tourism revenues inMexico, according to 2018data providedby theNational
Institute of Statistics andGeography (INEGI) [11], hovered around 7.1%of total revenue
from international tourism, equivalent to approximately $1.6 billion dollars. If national
foreign medical tourism is also considered, the figure increases in 2018 to more than
$3,637 million and, at the end of 2019, to more than $4.175 million [8].

The North American market is an unbeatable opportunity for medical tourism in
Mexico [10] due to proximity and prices of medical treatments in the United States
and Canada. If the political and economic conditions of the country allow, it will be
an important source of jobs, social welfare, and growth for many Mexicans looking for
new opportunities because of the number of businesses and supply chains involved in
these sectors. These conditions may only be given when medical tourism services are
technically provided with the use of digital tools to bring the supply and demand of these
services into contact [9].
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Table 1. Major countries and medical tourism treatments in the world, data from the Medical
Tourism Association – August 2020 (Figures in US dollars).

Treatment / Country

C
olom

bia 

C
osta R

ica

India 

Israel 

Jordan

M
alaysia

M
éxico 

Poland 

Singapore 

T
hailand 

T
urkey 

U
SA

 

Angioplasty 7,100 13,800 5,700 7,500 5,000 8,000 10,400 5,300 13,400 4,200 4,800 28,200

Heart Bypass 14,800 27,000 7,900 28,000 14,400 12,100 27,000 14,000 17,200 15,000 13,900 123,000

Valve Replacement 10,450 30,000 9,500 28,500 14,400 13,500 28,200 19,000 16,900 17,200 17,200 170,000

Hip Replacement 8,400 13,600 7,200 36,000 8,000 8,000 13,500 5,500 13,900 17,000 13,900 40,364

Hip Resurfacing 10,500 13,200 9,700 20,100 9,000 12,500 12,500 9,200 16,350 13,500 10,100 28,000

Knee Replacement 7,200 12,500 6,600 25,000 9,500 7,700 12,900 8,200 16,000 14,000 10,400 35,000

Spinal Fusion 14,500 15,700 10,300 33,500 10,000 6,000 15,400 6,200 12,800 9,500 16,800 110,000

Dental Implant 1,200 800 900 1,200 1,000 1,500 900 925 2,700 1,720 1,100 2,500

Lap Band 8,500 9,450 7,300 17,300 7,000 8,150 6,500 6,700 9,200 11,500 8,600 14,000

Gastric Sleeve 11,200 11,500 7,300 20,000 7,500 8,400 8,900 9,400 11,500 9,900 12,900 16,500

Gastric Bypass 12,200 12,900 7,000 24,000 7,500 9,900 11,500 9,750 13,700 16,800 13,800 25,000

Hysterectomy 2,900 6,900 3,200 14,500 6,600 4,200 4,500 2,200 10,400 3,650 7,000 15,400

Breast Implants 2,500 3,500 3,000 3,800 4,000 3,800 4,500 3,900 8,400 3,500 4,500 6,400

Rhinoplasty 4,500 3,800 2,400 4,600 2,900 2,200 3,800 2,500 2,200 3,300 3,100 6,500

Face Lift 4,000 4,500 3,500 6,800 3,950 3,550 4,900 4,000 440 3,950 6,700 11,000

Liposuction 2,500 2,800 2,800 2,500 1,400 2,500 3,000 1,800 2,900 2,500 3,000 5,500

Tummy Tuck 3,500 5,000 3,500 10,900 4,200 3,900 4,500 3,550 4,650 5,300 4,000 8,000

Lasik (both eyes) 2,400 2,400 1,000 3,800 4,900 3,450 1,900 1,850 3,800 2,310 1,700 4,000

Cornea (per eye) ND 9,800 2,800 ND 5,000 ND ND ND 9,000 3,600 7,000 17,500

Cataract surgery 1,600 1,700 1,500 3,700 2,400 3,000 2,100 750 3,250 1,800 1,600 3,500

IVF Treatment 5,450 ND 2,500 5,500 5,000 6,900 5,000 4,900 14,900 4,100 5,200 12,400

The Covid-19 pandemic during 2020 and 2021 has boosted the technification of
many previously only face-to-face services and has accelerated the adoption of digital
solutions and tools by companies and professionals [12].

It has been identified that the most widely used media by the offer of medical ser-
vices are the Internet with 26%, radio and television with 14% each, the yellow pages
directories with 12% and, finally, newspapers and magazines with 10% each [13].

Digital Tools
The literature review highlights the need for digital tools based on Artificial Intelli-
gence (AI) for the analysis of human behavior in the fields of understanding, perception,
problem-solving and decision-making to reproduce them with the help of a computer
[14].
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AI is a concept that has been studied for several decades but has been enhanced
mainly in recent years because of the number of applications and the impact it is having
on modern society, as well as the consequences of this technology on people’s behavior
and decision-making [15]. However, projects that integrate technology should focus
more on information and less on technology [16], as the goal of any system is to provide
information or execute a data-based action.

Big Data
Multiple companies are investing large amounts of resources in information technolo-
gies and data experts to extract valuable information from the large volumes of data
available on networks. Those companies and individuals who respond more efficiently
and recognize that competing in the world of analytics will provide them with greater
competitive advantages will be the main beneficiaries of this technological revolution
[17].

Informationmay come from social networks, images, and sensors on devices, among
many other sources and, because of this, all service providers must base decision-making
on evidence and data. Organizations also need to process and identify patterns in very
large datasets and translate them into useful business information [18].

The use of data is very important, particularly in regards to the exploitation given to
them through advanced analytics for the personal care industry [19], which is closely
related to some treatments sought-after under themodel ofmedical tourism such as dental
and breast implants, gastric bypass and liposuction. A study on healthcare application
showcases a variety of data sources, their constant interrelationship, and the applications
available for processing and leveraging personal care [20].

There are several key elements to consider in handling large volumes of data: veracity,
variability or complexity, and value [21]. Therefore, to the extent that data is classified
through the use of technology, service providers such as hospitals, clinics, airlines, hotels,
and restaurants, all of them related to medical tourism, will be able to have information
available in real-time to boost their business; thus, they will be able to offer goods and
services focused on customers with a greater degree of acceptance.

Currently, internet marketing and social media companies use their members’ large
volumes of data to analyze them for commercial gain, which is particularly “evidenced
by the burgeoning popularity of many social networks such as Twitter, Facebook, and
LinkedIn” [22].

Social Networks and Mobility
Social media and the internet have helped to obtain simultaneous, real-time information,
and segment different types of consumers by their interests, education, sex, location, and
marital status [23]. This helps companies like Amazon, Google, and Facebook anticipate
people’s needs and consumption habits so they can produce and deliver products and
services closer to everyone’s preferences.

The use of mobile devices has intensified the use of the internet for multiple per-
sonal applications which provide a means to develop programs capable of distinguishing
locations and displacements; they also allow the location of consumers at all times and
determine their mobility and consumption habits, which helps companies offer real-
time services to customers approaching the provider’s location [24]. The availability of
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mobile devices and the COVID-19 pandemic effect is revolutionizing the use of such
technologies globally.

A study on group recommender systems describes a social media-based approach
to referral systems for the tourism industry, where a group profile is built analyzing not
only user preferences but also social relationships between members of the whole group
[25]. This is highly useful if we consider groups with common health problems such as
cornea disease or heart valve transplants.

Regarding social media, consumers’ trust positively impacts brand assessment and
their emotional response to advertisement [26]. As such, websites and social media are
important platforms for healthcare provides as well as medical tourists to both search
for and provide information on experiences, services, destinations, firms, costs, amongst
others [27]. Therefore, data and information retrieved online, and particularly social
media, have a significant impact on medical tourism consumers’ decision-making.

Recommendation Systems
Recommendation systems have been developed in parallel with the Internet, initially
built with demographic filters, based on content [28]; and, these systems are currently
incorporating social media information and using device data through the Internet of
Things (IoT).

A study which examined the landscape of hybrid recommendation systems intro-
duced a system that combines knowledge-based recommendations and collaborative
filters to suggest restaurants [29], could be the basis for the development and optimiza-
tion of a system like this useful for medical tourism since they are services with common
characteristics.

There are important achievements in the tourism industry that have been particularly
benefited by the new technological advances that arise day by day. For instance, a study
showed the development of anArtificial Intelligence (AI) software agent, called Traveler,
which helps users select their trip [30]. This solution combines collaboration methods
with content-based recommendations and demographic data about customers to suggest
tailor-made vacation packages. It is important to analyze this development in greater
depth to determine whether it is possible to adapt it to consider all the categories and
subcategories that have arisen from interviews and future medical tourism consumer
surveys.

Artificial Intelligence analytical-based recommendation systems and advanced rou-
tines for determining customer behavior in tourism are a phenomenon of increasing
relevance to the economic impact it represents for AI companies. As such, it is impor-
tant to study the role played by information technologies in the competitiveness of the
service providers [31].

2 Methodology

The objective of this research is to segment the population of medical tourists and under-
stand their profile.Weworkedwithmixed data using a specialmetric (Gower distance) to
achieve better results. This document analyzes data from international medical tourism
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associations: Patients Beyond Borders and Medical Tourism Association. It also ana-
lyzes data from specialized reports from Euromonitor International in August 2020 and
other data sources detailed below.

2.1 Cluster Segmentation Analysis

Clustering segmentation refers to a broad set of techniques for finding groups, or sub-
groups, within a data set. When we carry out this grouping, we seek to divide the
observations so that those belonging to the same group are quite like each other, while
those belonging to other groups are different.

The model used in this study began with a correlation analysis to determine if the
variables have a significant relationship. Subsequently, a cluster segmentation analysis
formixed datawas performed using hierarchical agglomerative, k-means, and k-medoids
to identify the relationship between the study’s variables and the groups of traveler
profiles, considering the sample under study and the effect of the selection of reservation
tools on those profiles.

The objective of comparing a series of methodologies is to be able to select an ideal
methodology for the treatment of the analyzed data. The following stepswere considered
in the development of the segmentation model:

1. Validation of variable correlation and trends in clustering using Hopkins statistic
2. Selection of the number of partitions to be made
3. Selection of the best cluster segmentation algorithm using Dunn index
4. Validation of the generated clusters using Silhouette coefficient.

Hierarchical Agglomerative
Hierarchical agglomerative grouping classifies objects into groups according to their
similarity and, through a repetitive process, pairs of groups are successively merged
until all groups merge into one large group containing all objects [32].

Clustering by K-means
Clustering by K-means is an effective algorithm to divide a data set into K groups
according to the similarity of the observations [33].

Let X1,…, Xn a sample of observations. Where a partition of K groups of obser-
vations is defined by C1,…, Ck, where C1 ∪ C1 ∪ · · · ∪ Ck = {X1, . . . ,Xn} and
Ci ∩ Cj = Ø; i �= j.

The objective is solving the minimization problem (Eq. 1).

min
C1, . . . ,Ck

=
{∑k

k=1
W(Ck)

}
(1)

Where, W(Ck) is a measure of the intra-cluster variation Ck, which must solve the
quadratic Euclidean distance (Eq. 2).

W(Ck) = 1

|Ck|
∑.

i,i′∈Ck
∑p

j=1

(
Xij − Xi′j

)2 (2)
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Where |Ck| denotes the number of observations in cluster K, and Xij is the value of
observation i in variable j.

Clustering by K-medoids
K-medoids is a partition clustering technique where each cluster is represented by an
element of the cluster, these are points known as the medoids. The term medoid refers
to an object within a cluster for which the average dissimilarity between it and all other
members of the cluster is minimal [33]. K-medoids is less sensitive to noise and outliers
because it uses the medoids as cluster centers instead of the centroids (used in k-means).

The K-medoids algorithm is a robust alternative to K-means to partition a data set
into groups. In the K-medoids method, each group is represented by a selected object
within the cluster. The selected objects are called medoids and correspond to the most
central points located within the cluster.

The PAM (Partitioning Around Medoids) algorithm is the most common grouping
method [34], that requires that the user know the data and indicate the appropriate data
and number of clusters to be produced.

Hopkins Statistic
For validation of randomness,we use theHopkins statistic (Eq. 3) that tells uswhether the
study database behaves uniformly or not. This allows us to define if the data are subject
to clustering. This statistic measures the probability that a given data set is generated by
data of a uniform distribution [35].

H =
∑n

i=1Yi∑n
i=1Xi + ∑n

i=1Yi
(3)

Where Xi = dist(pi, pj) is the distance for each observation from its closest neighbor
and Yi = dist

(
q, qj

)
is the distance for each point from its closest neighbor in a data set

simulated using a uniform distribution [36].

Gower Distance for Mixed Data
A popular option for clustering is to use the Euclidean distance. However, this metric
is only valid for continuous variables. Thus, for a clustering algorithm to produce rea-
sonable results, we must use a distance metric that can handle mixed data types such as
those contemplated in this study [37]. Therefore, we will use the Gower distance (Eq. 4):

GOWjk =
∑n

i=1WijkSijk∑n
i=1Wijk

(4)

WhereWijk = 0 if the objects j and k cannot be compared for the variable i if Xij or
Xjk are not known. Gower’s distance concept indicates that for each type of variable, a
particular measurement scale is used that works well for that type and scaled between
0 and 1. A linear join is then calculated using user-specified weights to create the final
distance matrix [38].



Analysis of Medical Tourism and the Effect of Using Digital Tools 151

Dunn Index
The Dunn index (Eq. 5) is an internal cluster validation measure that allows you to
calculate the distance between each of the objects in the group and the objects in the
other groups [39]. This index calculates the minimum of this pairwise distance as the
separation between clusters (min.separation) and uses the maximum distance within the
cluster as the intracluster compactness.

D = min.separation

max.diameter
(5)

Silhouette Coefficient
The Silhouette coefficient (Eq. 6) was used as an optimization criterion to determine the
number of partitions in a cluster using ameasure of the quality of the cluster classification
[40].

Silhouette = 1

N

∑N

i=1

di − si
max{di − si} (6)

2.2 Definition of Variables

Data were first obtained from the main medical treatments that are programmed under
the medical tourism modality and from the main countries where they are marketed.
Then a survey was carried out with a sample of 100 tourists and consumers of medical
tourism incorporating some variables defined in a previous study carried out inMalaysia
[41], with the purpose of identifying travel preferences to better establish the traveler
profile.

From the questions asked, the following variables were obtained: type of trip (busi-
ness, pleasure, or both), gender (male or female), age, number of tripsmade per year (1, 2,
3, 4, 5, 6, 7 or+), average expense per trip inMexican Pesos, preferred type of transporta-
tion (air, land, or sea), preferred place of travel (between beach and city) and preferred
reservation medium (internet/mobile app, social media or travel agency/phone). For this
exercise, we considered a sample of 51 men and 49 women.

From that database, the selection variables were converted by assigning values 0 and
1 to convert them into dichotomic and trichotomic variables (see Table 2), and focus on
determining which factors should be contemplated when designing a digital tool based
on the user preferences; the latter resulted in the following variable relationship:
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Table 2. Variables analyzed according to a sample of 100 medical tourists surveyed.

Variables Data type Description of variables
Expenditure Weights figure Average travel expense
Age Figure in Years Traveler's age
Travel Whole number Number of trips per year

Gender 1 – Male
0 - Female

Dichotomic 
variable Gender (male or female)

Type of 
Transport

Aerial Trichotomic 
variable

Air mean preference
Terrestrial Land mean preference
Maritime Maritime mean preference

Place 1 – City
0 - Beach

Dichotomic 
variable Travel place preference (city or beach)

Type of 
Trip

Business Trichotomic 
variable

Higher business travel frequency
Pleasure Increased frequency of pleasure travel
Both Mixed travel frequency

Reservation 
medium

Internet_App Trichotomic 
variable

Online booking or App preference
Social_Network Social media booking preference
Agency_Phone Booking preference by agency / phone

3 Results

3.1 Correlation Analysis

From the above data, we can see that there are 3 variables associated with the reservation
medium, 3 variables associated with the type of transport, 4 variables associated with the
traveler profile, and 1 variable associated with the place. Considering a sample of 100
travelers of medical tourism, we use the correlation analysis to study the relationship
between the set of variables associated with the traveler profile with the variables linked
to the type of reservation and quantify the number of existing independent dimensions.

The variables associated with the traveler’s profile are Expense, Age, Travel, and
Gender. The variables linked to the reservation type are Internet_App, Social_Network,
and Agency_Phone. In addition, the variable Gender is an indicator variable from 0 to
1, where 1 indicates the consumer is male and 0 indicates the consumer is female.

Table 3 below shows the descriptive analysis of the variables studied, where we
can see that we have 3 quantitative (Expense, Travel, Age) and 7 qualitative variables
(Gender, Air, Terrestrial, Maritime, Internet_App, Social_Network, Agency_Phone).

Below are the 3 sets of grouped variables used in this study, of which we will only
use in this analysis the reservation group (reservation type, composed of the variables:
Internet_App, Social_Network, andAgency_Phone), and traveler information (traveler’s
profile, consisting of the variables Expense, Travel, Age, Gender), to be able to determine
if there is a correlation among these variables, and see if the use of digital tools such
as the Internet, mobile applications or social networks have a significant relationship
with the type of user profile. We can see that the correlations within and between the 2
selected sets of variables in the database are as follows (see Table 4):
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Table 3. Descriptive analysis of variables, using data from 100 surveys conducted on medical
tourism travelers in 2019

D
escriptive

E
xpenditure

T
ravel 

A
ge 

G
ender

Place

A
ir

T
errestrial

M
aritim

e 

Internet_A
pp

Social_N
etw

ork 

A
gency_Phone

Min.: 5362 1.00 20.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1st Qu.: 24659 2.00 34.75 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Mediate: 45471 4.00 45.00 1.00 1.00 1.00 0.00 0.00 1.00 0.00 0.00
Mean : 44022 3.82 46.87 0.51 0.55 0.60 0.33 0.07 0.55 0.17 0.28

3rd Qu.: 62596 6.00 62.25 1.00 1.00 1.00 1.00 0.00 1.00 0.00 1.00

Max.: 79857 7.00 75.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table 4. Correlation of variables, data from 100 surveys on medical tourism travelers in 2019

C
orrelation 

E
xpense

T
ravel 

A
ge

G
ender

Internet_A
pp

Social_N
etw

ork 

A
gency_Phone 

Expense 1.0000 0.0113 0.0302 -0.0200 0.1029 -0.0523 -0.0703
Travel 0.0113 1.0000 -0.0103 0.0214 0.3535 -0.0644 -0.3378
Age 0.0302 -0.0103 1.0000 -0.1026 -0.0270 -0.3616 0.3324
Gender -0.0200 0.0214 -0.1026 1.0000 -0.0020 0.1241 -0.1016
Internet_App 0.1029 0.3535 -0.0270 -0.0020 1.0000 -0.5003 -0.6894

Social_Network -0.0523 -0.0644 -0.3616 0.1241 -0.5003 1.0000 -0.2822

Agency_Phone -0.0703 -0.3378 0.3324 -0.1016 -0.6894 -0.2822 1.0000

As we can see in Table 4, there is a clear correlation between the age and the type of
reservation; this correlation is positive at older ages in relation to the telephone or travel
agency reservation method, and negative in relation to the Internet and social networks.
There is also a positive correlation between average expenses and travel frequency.

3.2 Hopkins Statistic and Gower Distances for Mixed Data

First, we can see that Hopkins statistic shows the probability that a given data set is
generated by data of a uniform distribution, using R tool is: H= 0.5006383, this implies
that the grouping to be identified is not random and that there is an underlying pattern.
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Next,we see thatGower’s distance can be calculated on a line using the daisy function
in R. Note that due to a positive result in the variable enrolled, a record transformation is
performed internally through the typeof argument. Instructions for performing additional
transformations, such as factors might be considered asymmetrical binaries (such as rare
events).

As a sanity control, we can print the most similar (see Table 5) and different (see
Table 6) pair in the data to see if it makes sense. In this case, the person aged 32, whose
average expense is 36,835, and the person of age 31 whose average expense is 41,743,
are the most similar given the 11 characteristics used in the distance calculation:

Table 5. Generating similar pairs of data using Gower distance

E
xpense

T
ravel

A
ge

G
ender

Place

A
ir

T
errestrial

M
aritim

e

Internet_A
pp

Social_N
etw

ork

36835 4 32 0 1 1 0 0 1 0 
41743 4 31 0 1 1 0 0 1 0

While on the contrary, the person aged 71, whose average travel expense is 17,675
and the 22-year-old whose average spend is 75,504 are the most different:

Table 6. Generating different pairs of data using Gower distance

E
xpense

T
ravel

A
ge

G
ender

Place

A
ir

T
errestrial

M
aritim

e

Internet_A
pp

Social_N
etw

ork

17675 6 71 0 1 0 1 0 0 0
75504 1 22 1 0 0 0 1 0 1 

3.3 Clustering Methods Comparison

Below is the comparative (see Table 7) of the 3 cluster segmentation methods proposed,
where we can see that the hierarchical agglomerative model for 3 partitions is the one
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that reports the highest parameters using Dunn index; however, after applying the final
validation using Silhouette coefficient, we can see that the difference between hierarchi-
cal agglomerative and K-medoids method is minimal, so we will select the K-medoids
method for the final analysis as it is a less sensitive model to noise and outliers.

Table 7. Comparison of the proposed clustering segmentation methods

Clustering segmentation Clusters: 2 3 4 5 6

Hierarchical
Connectivity 2.2151 8.2044 8.8405 9.4627 11.0516
Dunn 0.445 0.5309 0.5552 0.6109 0.6109
Silhouette 0.3591 0.3292 0.3679 0.4034 0.3949

K-means 
Connectivity 4.5262 6.1825 8.8405 9.4627 11.0516
Dunn 0.4525 0.4776 0.5552 0.6109 0.6109
Silhouette 0.3669 0.3444 0.3679 0.4034 0.3949

K-medoids (PAM)
Connectivity 5.9893 17.9833 28.2437 35.9425 29.8905
Dunn 0.4525 0.3068 0.2028 0.2028 0.2028
Silhouette 0.356 0.3268 0.3314 0.2725 0.3093

3.4 Cluster with Mixed Data Using K-medoids

For an algorithm yet to choose to group observations, we must first define some notion
of (dis)similarity between observations.

There are a variety of metrics to help choose the number of clusters to extract in
cluster analysis. We will use silhouette width, an internal validation metric that is an
aggregate measure of how similar an observation is to a cluster compared to a nearest
neighbor cluster. The metric can range from−1 to 1, where the highest values are better.
After calculating the Silhouette width for clusters ranging from 2 to 10 for the PAM
algorithm (which uses a partition around medoids), for the analyzed data, we can see in
Fig. 2, that 3 clusters yield the highest initial value:

Fig. 2. Silhouette coefficient width chart to validate the number of clusters
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One way to visualize many variables in a space of lower dimensions is with the
graph t-SNE. This method is a dimension reduction technique that attempts to preserve
the local structure to make clusters visible in a 2D or 3D plane (see Fig. 3). In this case,
the graph shows the three well-separated clusters that PAM could detect:

Fig. 3. Cluster scatter chart using the R tool with survey data conducted on medical tourism
travelers in 2019

3.5 Cluster Validation Using Average Silhouette Width

TheSilhouettewidth coefficient is used to validate the quality of the cluster anddetermine
how well the observations were classified; higher values imply good classification (see
Table 8), negative values mean badly classified observations and values of 0 mean that
there is a possible overlap.

Table 8. Cluster widths using Silhouette coefficient

Cluster Size Average Silhouette width
1 41 0.42
2 34 0.3
3 25 0.21

To validate the number of clusters selected, we use the average Silhouette width.
In Fig. 4 below, we can see the quality of the cluster created with K-medoids, in fact
a Silhouette coefficient is generated for each observation, and the graph shows how
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Fig. 4. Cluster validation using Silhouette width coefficient using R tool with survey data
conducted on medical tourism travelers in 2019

many are correctly classified, how many can be overlaps and how many would be in the
inappropriate cluster (the negative ones).

After running the algorithm and selecting 3 clusters, we can interpret the clusters by
running a summary on each one, based on the following results:

Cluster 1 is mainly the profile of the Frequent/Air/Modern Traveler with average
spending levels and frequent travel in the year, likes to book by electronic means and
prefers to travel by plane, is the typical traveler who is looking for airlines and seeks
comfort first.

Cluster 2, on the other hand, ismainly the profile of the Saver/Land/Modern Traveler
with low spending levels and moderate travel in the year, that normally likes to book by
electronic means and prefers to travel by land, and is the typical globetrotter.

Cluster 3 is mainly the profile of the Occasional/Air/Traditional Traveler, with the
lowest levels of travel per year, average expenditure and that since it is not a frequent
flyer prefers traditional means of reservation and the least possible complications.

Another benefit of the PAM algorithm, concerning interpretation, is that medoids
serve as examples of each group (Table 9).

It is noteworthy that the male person, age 43 and average travel expense of 56,483,
is the medoid of the Frequent/Air/Modern Traveler cluster, the male person, age 42 and
average travel expense of 18,543, is the medoid of the Saving/Land/Modern Traveler
cluster, and the female person, age 47 and average travel expense of 67,968, is themedoid
of the Occasional/Air/Traditional Traveler cluster.
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Table 9. Generation of medoids using the PAM algorithm
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2 18543 6 42 1 1 0 1 0 1 0 0 
3 67968 1 47 0 0 1 0 0 0 0 1 

4 Conclusions

Consumers mostly travel from the United States, Canada and Western Europe to Asia
and Latin America for medical tourism [42]. Common reasons may include insufficient
insurance coverage, high costs of procedures [43] and/or even high deductibles. A study
on medical tourism in Malaysia, found that demographics, such as age and sex, moti-
vations, such as value for money, medical service quality and secondary services, as
well as the type of procedure, were determining factors in the profile of medical tourists
[41]. Another regarding medical tourism in India, found that it is common for medical
tourists to incorporate travel plans during their medical procedure trip [44]. And, a study
on expectation confirmation perspective suggested that consumer satisfaction is well
associated with their expectation confirmation which may be derived from the actual
performance of the medical service [45]. Thus, the study’s findings are significantly
related to results from previous studies in relation to medical tourism in other countries.

A key factor today to increase the competitiveness of medical tourism service
providers is to take advantage of the exponential increase in internet purchases. The use
of social networks as a means of reference and knowledge of recommendations based
on other users’ experiences, as well as the use of mobile applications have contributed
to make e-commerce increasingly profitable for companies and those who incorporate it
within their operating model. From the doctors who use social networks to advertise, the
following social networks are identified as themost widely used: Facebook andYouTube
with 32% each, Google with 18%, and Twitter and Pinterest with 9% each [13].

The use of digital tools to take advantage of the large volume of information that is
on the Internet and social networks will give a competitive advantage to medical tourism
service providers, especially considering new generations; as can be seen in the results,
they prefer to interact with internet sites, social networks, e-commerce portals, whether
through computers or mobile applications, than through a travel agency or a telephone
advisor. Therefore, it is a significant opportunity to use recommendation systems based
on Artificial Intelligence (AI) algorithms that can filter and channel consumers of these
medical tourism services to the specialist, hospital, or clinic that can provide quality
care, considering their budget, interests, and condition.
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Basedon the results obtained from the cluster segmentation analysis,we can conclude
that consumers of medical tourism services inMexico can be categorized into 3 different
profiles based on their preferences and consumption habits,where the reservationmethod
is a differentiating factor that is associated with the frequency of travel and the age of
the participants within the sample analyzed in this research. Thus, results indicate that
digital tools, in fact, positively influence consumer decision-making. Further, having
clearly identified profiles of medical tourists will allow service providers to offer a
better user experience focused on attention and improve contact conditions, which may
increase patient’s willingness to consume services in Mexico.

Therefore, we can also conclude according to the results obtained from the applied
models that digital tools, such as the Internet, mobile applications, and social networks
have a direct and positive effect on the behavior of consumers of medical tourism ser-
vices in Mexico, which allow determining the type of profile of the traveler accurately,
in addition to being increasingly used as a reservation method for the selection and con-
tracting of these services, which confirms what is commented by several of the authors
reviewed in the theoretical framework such as [13, 23, 25] and [12].

The study’s main limitation is the sample, as results cannot be generalized. As a
future line of research, it is contemplated to integrate the segmentation of the clusters
into a platform for the data processing of medical tourists, as well as the generation of
automatic reports that could be consulted automatically through the cloud.
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