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FOREWORD

Interest in data science is growing day by day. Many researchers, scientists, and experts
regard data science as the specialty of the future. In the 1970s, such as the emergence of
computer science, recently, undergraduate and graduate programs and research centers
working on data science have become widespread. However, the need for data science
has gained more importance with a large amount of data brought by the industry 4.0
age. The data enable organizations to make the right decision and thus stay alive in a
competitive environment. Results that cannot be seen at first glance can be revealed by
data sciences. However, it is not enough to store and analyze the data. A data scientist
should be able to master business processes and manage the process using the right
questions and the right data. Process mining establishes the link between traditional
process management and data-centered analysis techniques. The event data used in
process mining enables the identification of problems in real processes rather than the
structured processes.

Process mining makes real decisions as it uses the data recorded with data collection
technologies in the system. Business intelligence tools focus on dashboards, tables or
reporting rather than on clearly defined business processes. Data mining techniques
are data centered. The results do not help understand the process. Therefore, only
data mining techniques are insufficient to understand customer behaviors in indoor
locations. Process mining method has been preferred because of the purpose of finding
the routes followed by the customers, the time spent in the places they visited, the
bottlenecks and the crowds.

Data collection type is critical for process mining applications to analyze processes.
For online businesses, collecting data is easier than physical (brick-and-mortar)
businesses. Online businesses can produce personalized recommendations to help
customers come back; in other words, understand customer behavior. Each click or
movement of the cursor is saved, and businesses send receipts, codes, advertisements
or other material based on these data. In physical stores, many alternative technologies
have been developed to collect data to solve this problem. Radio frequency
identification (RFID), wireless connection (WiFi - wireless fidelity), Bluetooth are the
most preferred ones. Different technologies have been developed to collect data in the
interior, but there is no consensus among them. Each method has its advantages and
disadvantages.

In this study, we first decided the most suitable data collection technology with a fuzzy
decision-making method. Bluetooth was selected and established in a shopping mall in
Istanbul. Then we collected data from customers’ smartphones to analyze their indoor
paths with process mining. We evaluated male and female customer behaviors from
the paths discovered by PALIA algorithm, which is a process discovery algorithm in
process mining. The results showed that male and female customer have different
behavior in the shopping mall.
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during this challenging Ph.D. process.

May 2019 Onur DOĞAN
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PROCESS MINING FOR ANALYSIS OF INDOOR CUSTOMER BEHAVIORS

SUMMARY

The most important issue for maintaining the existence of an enterprise is to increase
the profit by creating customer loyalty. The main concern for this is to understand
customers. Customers expect to see personalized advice from companies like Netflix,
Amazon, and Spotify in stores. In a recent study by Infosys, a retailer’s offer of
customer-oriented and personalized offers indicated that 78% of consumers would be
repeat customers. In another similar study, Microsoft says that 73% of customers
prefer to shop with brands that offer a personalized purchase experience. By 2020, the
customer experience, price, and product/service will be passed as a brand separator.
This demonstrates the importance of understanding customers.

For online businesses, it is easier to produce personalized recommendations to help
customers come back (understand customer behavior). Each click or movement of the
cursor is saved, and businesses send receipts, codes, advertisements or other material
based on these data. Physical stores (brick-and-mortar) should also provide customers
with an experience that matches the specific service they receive online and must relate
to digital channels seamlessly. According to RetailNext, 84% of customers believe that
retailers should make more efforts to integrate online and offline channels.

The integration problem of online and offline channels can be solved by behavior
analytics. Behavioral analyses investigate to understand the needs of patients and to
provide the best solutions to these needs. As in online shopping, it is also possible
to present personalized patient recommendations in shopping malls by behavioral
analysis. The behavioral analysis may provide information about the stores in the
shopping mall such as the time spent in the stores, the next visit of customers, and how
many people have looked at the screen without entering into the store. For example,
personalized offers such as sending an advertisement to the customer by followed
path, reviewing the past visits and giving an individualized discount increase customer
loyalty. However, in all physical stores, including a shopping mall, collecting enough
data to recognize customers is an important problem.

There are many alternative technologies have been developed to collect data to solve
this problem in physical stores. Radio frequency identification (RFID), wireless
connection (WiFi - wireless fidelity), Bluetooth are the most preferred ones. Apart
from these, classical methods (observation, questionnaire, interview) and wireless
communication technology (infrared, ZigBee and computer vision technologies such
as camera and motion sensor) are the technology alternatives that can be used indoors
to collect data. Fuzzy multi-criteria decision-making method is applied for the
selection of data collection technology in this study. As a result, real data will be
obtained without the human factor (without manual data entry) and the actual results
will be analyzed by analyzing these data.
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Analyzing the data obtained with the selected data collection technology is very
important in identifying patient behavior in the best way. It is another important
problem to follow the paths within the shopping mall to understand the customers.
When the number of followed customers and the number of indoor stores increase,
the hardness of the problem gets bigger. Therefore, the selection of the analysis
method is also another critical step. Implementing basic and advanced statistical rules
in processes in indoor systems is not sufficient to give an overview of the processes.
In order to use the advantage of the data collected, new technologies are needed to
facilitate the process characteristics for people to understand and to give information
about the whole process. Process mining is a new way of using event logs to generate
models that people can read. When we look at the application areas of process
mining, it is seen that it is mostly used for the process flow improvements in many
businesses. With the shopping mall data collected by the indoor systems, the process
of the followed paths by the customers and the time spent in the stores where the
customer visits are considered as one of the original aspects of this research. Thus,
automatically collected data will be automatically used for customer behavior analysis.
In some analysis methods, an expert is needed to interpret the results. One of the
benefits of process mining is that the results are easily understandable by non-experts.
Process mining makes real decisions as it uses the data recorded with data collection
technologies in the system. Business intelligence tools focus on dashboards, tables or
reporting rather than on clearly defined business processes. Data mining techniques
are data centered. The results do not help understand the process. Therefore, only
data mining techniques are insufficient to understand customer behaviors in indoor
locations. Process mining method has been preferred because of the purpose of finding
the followed paths by the customers, the time spent in the places they visited, the
bottlenecks and the crowds.

In this study, we first decided the most suitable data collection technology with a fuzzy
decision-making method. Bluetooth was selected and established in a shopping mall in
Istanbul. Then we collected data from customers’ smartphones to analyze their indoor
paths with process mining. We evaluated male and female customer behaviors from
the paths discovered by PALIA algorithm, which is a process discovery algorithm in
process mining. The results showed that male and female customer have different
behavior in the shopping mall.
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SÜREÇ MADENCİLİĞİ İLE İÇ MEKAN KULLANICI DAVRANIŞLARI
ANALİZİ

ÖZET

Bir işletmenin varlığını sürdürmesi için en önemli konu müşteri bağlılığını oluşturarak
karı artırmaktır. Bunun için temel mesele müşterileri anlamaktır. Müşteriler
Netflix, Amazon ve Spotify gibi şirketlerden edindikleri kişiselleştirilmiş önerileri
mağazalarda da görmeyi beklemektedirler. Yakın zamanda Infosys şirketi tarafından
yapılan araştırmada, bir perakendecinin müşteri hedefli ve kişiselleştirilmiş teklifler
sunmasının, tüketicilerin %78’inin tekrar müşteri olacağını bildirdi. Benzer bir
başka araştırmada da Microsoft, müşterilerin %73’ünün, kişiselleştirilmiş bir satın
alma deneyimi sunan markalarla alışveriş yapmayı tercih ettiğini söylüyor. 2020’ye
gelindiğinde, bir marka ayırıcı olarak müşteri deneyimi, fiyat ve ürünün/hizmetin
kendisini geçecektir. Bu durum da müşterileri anlamanın önemini açıkça ortaya
koymaktadır.

Çevrim içi satış yapan işletmeler için müşterilerin geri gelmesini sağlayacak
kişiselleştirilmiş öneriler üretmek (müşteri davranışlarını anlamak) daha kolaydır. Her
tıklama veya imlecin hareketi kaydedilir ve işletmeler bu verilere dayanılarak fiş,
kod, reklam veya başka materyal gönderir. Fiziki mağazalar (brick-and-mortar) da,
müşterilere çevrim içi aldıkları özel hizmetle eşleşen bir deneyim sunmalı ve dijital
kanallarla sorunsuz bir şekilde ilişki kurmalıdır. RetailNext’e göre, müşterilerin %84’ü
perakendecilerin çevrimiçi ve çevrimdışı kanalları entegre etmek için daha fazla çaba
göstermesi gerektiğine inanıyor.

Çevrim içi ve çevrim dışı kanalları entegrasyon sorunu davranış analizi ile çözülebilir.
Davranış analizleri, hastaların ihtiyaçlarını anlayıp, bu ihtiyaçlara en iyi çözümler
sunmak için yapılan analizlerdir. Çevrim içi alışverişte olduğu gibi alışveriş
merkezinde de kişiselleştirilmiş müşteri önerileri sunmak davranış analizi ile mümkün
hale gelir. Davranış analizi, müşterilerin AVM içinde uğradığı yerler, bu yerlerde
harcadıkları süre, sonraki ziyaret yeri ve hatta kaç kişinin vitrinden bakıp içeri
girmeden gittiğine dair bilgiler üretilebilir. Örneğin, AVM içinde 60 dakikadan
fazla bekleyen müşterilerin acıktığı düşünülürse, geçmiş rotaları gözden geçirilerek
müşteriye özel yemek indirimleri vermek gibi kişiselleştirilmiş teklifler müşteri
bağlılığını oluşturmaktadır. Ancak alışveriş merkezleri dahil genel olarak tüm fiziki
mağazalarda, müşterileri tanıyabilecek kadar veriyi toplamak önemli bir problemdir.

Alışveriş merkezlerinde veri toplamak için kullanılabilecek birçok teknoloji alternatifi
vardır. RFID, WiFi, Bluetooth bunlardan en çok tercih edilenleridir. Bunların
dışında gözlem, anket, mülakat gibi klasik yöntemler, kızıl ötesi, zigbee gibi kablosuz
iletişim teknolojisi ve kamera, hareket sensoru gibi bilgisayarla görme (computer
vision) teknolojileri de veri toplamak için iç mekanlarda kullanılabilecek teknoloji
alternatifleridir. Bu araştırmada RFID, WiFi veya Bluetooth teknolojilerinden biri ile
veri toplanacaktır. Veri toplama teknolojisinin seçimi için bulanık çok kriterli karar
verme (fuzzy multiple criteria decision making) yöntemi uygulanmıştır.
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Veri toplama teknoloji seçim problemi, dört kriter ve sekiz alt kriter içeren bir çok
kriterli karar verme problem olarak modellenmiştir. Geniş bir literatür ve uzman
görüşmesinden sonra, bu problemin alt kriterleri Maliyet, Zaman, Doğruluk, Önyargı,
Miktar, İntrospektif, Sadelik ve Analiz Kolaylığı olarak belirlendi. Bu kriterler
arasında en önemlisi Doğruluk, Önyargı ve Maliyettir.

Bu çalışma, Bluetooth teknolojisinin yapılan uzman değerlendirmelerine göre diğer
veri toplama teknolojileri arasında en iyi alternatif olduğunu ortaya koymuştur.
Wi-Fi, Bluetooth’a yakın bir puan alan en iyi ikinci alternatiftir. Bu yakın puan,
teknolojideki yeni bir gelişmenin iki alternatifin sırasını değiştirebileceğini ortaya
koymaktadır. Aktif olarak tedarik zinciri, lojistik ve depo uygulamaları için kullanılan
RFID teknolojisi üçüncü sırada yer almaktadır. RFID’in üçüncü sırayı almasının
ana nedenleri ön yükleme için etiket yatırımı gerektirmesi ve ayrıca ziyaretçilerin bu
etiketleri taşımasına direnmesi olabilir. Kamera sistemleri, başlangıçtaki ilk yatırım
ve yüksek işletme maliyetleri nedeniyle sıralamada son sırada yer almaktadır. Sonuç
olarak, Bluetooth ile insan faktörü olmadan (elle veri girişi yapılmadan) gerçek veri
elde edilmiş ve bu veriler süreç madenciliği için kullanılmıştır.

Seçilen veri toplama teknolojisiyle elde edilen verilerin analiz edilmesi, müşteri
davranışını en iyi şekilde tanımlamada çok önemlidir. Müşterileri anlamak için
alışveriş merkezi içindeki rotalarını takip etmek (hangi mağazaya uğradı, hangi
mağazada ne kadar süre harcadı, sonraki ziyareti nereye oldu) önemli başka bir
problemdir. Kapalı alan büyüdükçe veya takip edilecek hasta sayısı arttıkça problem
daha büyük hale gelmektedir. Bu yüzden verilerin toplanması kadar analiz yönteminin
seçimi de kritik bir adımdır. İç mekan sistemlerindeki süreçlerde temel ve ileri
istatistik kurallarını uygulamak, süreçlerin anlaşılması konusunda genel bir bilgi
vermek için yeterli olmaz. Toplanan verilerin avantajını kullanabilmek için, süreç
karakteristiğini insanların anlaması için kolaylaştıracak, sürecin tamamı hakkında bilgi
verecek yeni teknolojilere ihtiyaç vardır. Süreç madenciliği, insanların okuyabileceği
modeller çıkarmak için süreçlerdeki kayıtları (event logs) kullanan yeni bir yöntemdir.
Süreç madenciliğinin bir çok uygulama alanlarında, süreç akışlarının çıkarılması ve
iyileştirmelerin yapılması için kullanıldığı görülmektedir. İç mekan sistemleriyle
toplanan veriler sayesinde, müşterinin takip ettiği rotanın ve uğradığı yerlerde
geçirdiği süre bilgisinin süreç madenciliği ile ele alınması bu araştırmanın orijinal
yönlerinden biridir. Böylece otomatik olarak toplanan veriler, otomatik olarak
müşteri davranış analizi için kullanılır hale gelecektir. Bazı analiz yöntemlerinde
sonuçların yorumlanması için yine bir uzmana gerek varken, süreç madenciliğinin
faydalarından biri de, elde edilen sonuçların uzman olmayan kişiler tarafından da
kolaylıkla anlaşılabilir görsel çıktılar sunmasıdır.

Süreç madenciliği çalışmasında, bir alışveriş merkezinde erkek ve kadın müşteri
yollarını keşfetmek için bir süreç madenciliği uygulaması sunulmaktadır. Bu
metodoloji, Aralık 2017 - Şubat 2018 arasındaki gerçek üç aylık müşteri verileri
kullanılarak test edilmiştir. Gerçek veriler, iBeacon cihazlarıyla Bluetooth teknolojisi
kullanılarak toplanmıştır. Bluetooth, tarafsız ve etkilenmeyen gözlemler sağlayan
uygun maliyetli bir izleme teknolojisidir. Nadir ve eksik bir olay günlüğü ile
başa çıkabilecek bir süreç madenciliği algoritması olan PALIA Suite geliştirilmiştir.
PALIA Suite seyrek davranışı, faaliyetlerin sıklıkları ve durum değişiklikleriyle
ilgili istatistiksel bilgilerle değerlendirebilir. Çalışmanın sonuçlarına göre, iç mekan
sistemleri ile proses madenciliğinin uygulanması anlaşılabilir bir görüş sağlamaktadır.
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Temel istatistikler ve süreç madenciliği ile ilgili sonuçları değerlendirdik. Temel
istatistikler bazı veri merkezli sonuçlar verirken, süreç madenciliği süreç yönelimlidir.
165 erkek, 477 bayan müşteri olan 642 müşteri rotasını araştırdık. Bazı müşteriler
alışveriş merkezini bir kereden fazla ziyaret ettiğinden, 1293 müşteri rotası çıkardık.
Bu çalışmada ziyaret edilen mağaza gruplarının sayısı 2749 idi. Aralık ayında alışveriş
merkezini daha fazla müşteri ziyaret etti ancak Ocak ayında daha fazla mağaza ziyareti
gerçekleşti. Şubat, müşteri sayısı ve ziyaret edilen mağaza sayısı bakımından en zayıf
aydı. 9 Aralık ve 15 Şubat ekstremum tarihleriydi. 25 müşteri 9 Aralık’ta 59 mağaza
grubunu ziyaret ederken, 7 müşteri 15 Şubat’ta 10 mağaza grubunu ziyaret etti.

Aralık ayında yeme-içme ve giyim en popüler mağaza gruplarıydı. Yeme-iöme ve
giyim mağazaları en çok ziyaret edilenler ve ziyaret süreleri en fazla olan gruplardır.
Giyimden sonra yeme-içme mağazalarını ve yeme-içmeden sonra giyim mağazalarını
ziyaret eden müşterilerin sayısı sırayla erkek müşteri ziyaretlerinde 16 ve 14, kadın
müşteri ziyaretlerinde ise 35 ve 47 idi. Erkek müşteriler, giyim ile yeme-içme ve
giyim ile süpermarketi arasında bir döngü yaşadılar. Öte yandan, kadın müşterilerin
yalnızca giyim ile yeme-içme döngüsü var. Bu durum, alışverişte kadın müşterilerin
erkek müşteriden daha kararlı olduğu anlamına gelebilir. Ayrıca erkek müşteriler
daha az sayıda mağaza grubunu ziyaret ettiğinden, alışverişte daha az seçici olduğu
sonucuna varabiliriz. Aksesuar kadın ve erkek müşterilerin ziyaret ettiği ortak bir
mağaza grubu olmasına rağmen, kadın müşteriler buralarda daha az zaman harcadılar.
Ayrıca, eğlence ve kişisel bakımın cinsiyetler arasındaki davranışsal farkla ilgili önemi
vardı. Erkek müşteriler, en çok izlenen yollarda herhangi bir eğlence veya kişisel
bakım mağazasını ziyaret etmedi.

Ocak ayında yeme-içme ve giyim, Aralık ayında olduğu gibi erkek müşteriler için en
popüler mağaza gruplarıydı. Diğer taraftan, kadın müşteriler için eğlence mağazaları
ziyaretinin süresi artmıştır. Bunun nedeni, merakla beklenen bazı filmlerin vizyona
girmesi olabilir. Kadın müşteriler çoğunlukla giyim mağazalarını ziyaret etse de,
eğlence mağazaları için daha fazla zaman harcadılar. Birçok durumda, eğlence
mağazalarını ziyaret eden müşteriler atıştırmak veya karınlarını doyurmak için bir
yeme-içme mağazasını ziyaret etti. Erkek müşteri rotalarındaki döngüler Aralık’ta
olduğu gibi hala kadın müşteri yollarından daha yüksekti. Aralık ve Ocak ayları
arasında karşılaştığımızda, erkek müşteriler yine yeme-içme ve giyim mağazaları
arasında döngüye sahipti. Ayrıca, Ocak ayında elektronik, anne ve bebek mağazaları,
erkek müşteri ziyaretlerinde daha uzun bir süreye sahip oldu. Ev eşyaları mağazaları,
kadın müşteriler için Aralık ayındakinden farkıydı. Ev eşyaları mağazala ziyareti
sayısı neredeyse aynıydı, ancak ziyaret süresi Aralık ayındaki süreden dört kat daha
fazlaydı.

Şubat ayında erkek müşteriler giyim yerine elektronik mağaza gruplarını ziyaret
etmeyi tercih ettiler. Yeme-içme hala en çok ziyaret edilen yerlerden biriydi. Erkek
rotalarındaki ziyaret edilen mağazalar ile harcanan süre arasında ters orantı olması
ilginçtir. Örneğin, erkek müşteriler yeme-içme ve giyim mağazalarını daha fazla
sayıda ziyaret ettiği halde buralarda daha az süre harcadılar. Dieğr taraftan elektronik
mağazaları daha az ziyaret edip daha fazla zaman harcadılar. Diğer iki ayın aksine,
kadın müşteriler Şubat ayında daha fazla döngülere sahipti. Kadın müşteriler bu ay
yiyecek içecek yerine aksesuar mağazası gruplarını ziyaret etti. Bu durum, Sevgililer
Günü nedeniyle olabilir. Ancak, erkek müşteriler o özel günde hediye almakla
ilgilenmediler.
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Genel olarak, yeme-içme mağazalarında daha fazla zaman harcayan müşterilerin giysi
için daha az zaman harcaması ilginçtir. Erkek ve kadın müşterilerin benzer rotaları
olmasına rağmen, harcanan süreler iki grup için farklıydı. Yeme-içme, erkek ve bayan
müşteriler için çoğunlukla en yüksek süreye sahipti. Ancak, eğlence ve aksesuar gibi
bazı mağaza grupları, bazı durumlarda davranışsal değişiklikler için kritik nokta haline
geldi.
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1. INTRODUCTION

Data science is a discipline involving several disciplines such as databases, statistics,

data mining, machine learning, artificial intelligence. Current approaches in these

disciplines aim to reveal valuable information for organizations and the community

by using abundant and meaningless data. With the start of the Industrial 4.0 era,

new challenges emerged in terms of both the size of the data and the questions to

be answered. Now, the amount of data collected by the tools connected to the Internet

has increased considerably. Achieving meaningful results from these data has become

more and more important in a challenging competitive environment.

Society has recently been rapidly shifting from analog to digital [1]. Moving to a

digital environment has been a change that has greatly affected business life [2]. People

and companies are now connected to the Internet at any moment. According to a report

by Turner and colleagues [3], 134 billion vehicles are connected to the internet. These

reasons can be collected anytime and anywhere, about anything data. The collected

data are increasing each year with the exponential growth rate. Developments in

mobile devices, digital sensors, communication, information processing, and storage

have facilitated data collection [4]. At the 2012 World Economic Forum in Davos, it

has been reported that large data has become a similar strategic economic resource in

terms of foreign exchange and gold [5]. Walmart can be given as an example of magic

data generation. Walmart processes and takes over 1 million customers to the database;

this value contains more than 2.5 petabytes of data per hour [4]. One of the most

important problems of today’s firms is to extract meaningful data from information

systems and transform it into information [6].

The increase in the importance of information systems is not only the growth of the

amount of data but also the inclusion of today’s digital and physical environments. For

example, the price we pay for a flight ticket we buy from the internet is also digital.

The ticket is an electronic document consisting of numbers only. Another example is

the RFID (Radio Frequency Identification) tag of a product sold to the customer, and
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it is possible to reduce the number of products in stock by ERP (Enterprise Resource

Planning) software. In fact, the product sold was physically in stock but sold digitally

to the customer [6].

There is a need for scientific approaches and methods for analyzing and monitoring

human behavior and for personalizing processes. In this targeted research, the main

scientific aim is to present human behavior in a specific shopping mall and to present

an individualized behavioral model to understand the customers. Actual data must

be collected for accurate behavior analysis. A fuzzy multi-criteria decision-making

approach will be developed for the selection of the previously mentioned data

collection technologies. With the selected data collection technology, data mining

techniques will be collected and analyzed.

Before process mining, we applied association rule mining to investigate stores

frequently visited together. The stores are divided into groups according to the products

they sell or the services they provide because store group data are more meaningful and

easy to interpret regarding the aim of the study.

In the proposed research, current technologies and algorithms will be used for human

behavior analysis to be combined with process mining. Customer data to be used as

input to process mining will be collected with the help of the technology at the end of

the fuzzy decision-making method. Algorithms to be applied as prototypes especially

in the field of health applications.

In the retail domain, technology selection for data collection and process mining for

data analysis are combined for the first time in human behavior analysis. In the

research, some problem topics are discussed in different stages of data collection,

analysis and implementation. Selection of data collection technology is the first topic.

We try to find answers to the question: a) what are the advantages and disadvantages

of determined technologies in data collection? b) What are the evaluation criteria to be

considered in the evaluation of technologies? How should these criteria be determined?

c) Which multi-criteria decision-making method will be applied?

The second main topic of the study is the application of process mining method be

considering the questions: a) Is the status of the collected data suitable for the method?

Are there data that need to be cleared, such as noise, outliers? b) Which of the process
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mining algorithms will be applied? c) Does one of the available softwares yield results?

If necessary, will be developed a new tool specific to the problem?

In the process mining application, in order to prepare and validate the developed model

for all stores in the shopping mall, individual behaviors of some randomly selected

customers are examined. Here are some significant points to consider: a) The followed

path by each customer from any store to any store. It is not necessary to start and finish

at the entrance because the paths do not represent exactly a business process. b) The

spent time every store customers visit c) Personal information of the customer if it is

possible to create from the data.

The general aim of the study is to select the data collection technology to be used in the

retail sector by fuzzy multi-criteria decision-making method and to develop a current

customer behavior analysis method which performs the analysis of the collected data

with process mining.

1.1 Purpose of Thesis

The research area is limited to indoor locations. More specifically, it is applied to

a shopping mall in Istanbul. Analysis of customer behaviors is necessary for use in

more effective ways of resources and marketing information to provide more effective

responses to their needs.

The main purpose of this study is to develop a behavioral model using process mining.

The data required for the development of the model is based on monitoring customer

paths. Proper customer behaviors require to follow their movements within the indoor

locations. Therefore, technology must be selected to track the customers as well as to

collect spatio-temporal data. Alternative data collection and tracking technologies are

determined, and their evaluations are made in terms of different criteria. Previously the

selection of the appropriate technology for data collection is not made with a scientific

study. In this study, technology selection is made by applying a fuzzy multi-criteria

decision-making method. Thus, it is aimed to collect the necessary data for customer

behaviors with the most appropriate technology.

One of the study goals is to implement an effective method by using technologies,

databases and defined criteria in process mining. This method enables very usefully
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visualized results to see realized situations rather than what is desired in customer

behavior. Visualization of the thousands of movements of customers within the

shopping mall, generalizing these paths, realizing the crowds in the stores or making

the results understandable that everyone can understand can be obtained by process

mining.

In addition to the aims of the study, the research is a good opportunity to introduce

process mining which is not known in Turkey but is frequently used in hospitals,

municipalities, factories, and offices around the world.

In summary, the study aims to select the most appropriate technology to collect indoor

customer data in order to analyze the customer behaviors from the paths using process

mining method. Additionally, we analyze the visiting data of a shopping mall collected

via Beacon devices, which have Bluetooth technology, the popularity of the stores and

the most frequent routes. The results reveal that the locations on frequent routes are not

always popular. In other terms, frequent routes are different from popular locations.

1.2 Importance of the Research and Originality

The retail sector is under pressure from employees due to insufficient vocational

training, inadequate human resources, the number of people in different situations, the

high number of operations and the lack of good management and customer-oriented

service [7]. With personalized behavior analysis, the store managers will recognize

easier customers and thus provide customer-oriented services. There are several

applications available for this situation. One of them is to follow up with the latest

technologies within the store. No preliminary studies have been conducted for the

selection of the tracking technology. The application of hesitant fuzzy multi-criteria

decision-making method to select the most appropriate tracking technology is a

processor study for those who will focus on a similar investigation. Research is

methodologically important in this respect. On the other hand, it is a situation that store

managers can know their customers with behavior analysis and increase the operating

profit by providing customer loyalty.

The research has two potential target groups: store managers and customers. Store

managers work to better understand their customers and address their needs. On the
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other hand, the dependence of the customer who feels special increases. This situation

has material and moral (brand reputation, reputation, customer loyalty, etc.) returns to

company management by establishing a positive relationship.

Turkey’s retail market, after Russia and Poland, is one of the most vibrant and

dynamic countries in Europe [8]. Moreover, Turkey is a European country with a

high propensity to consume [9]. For these reasons, it is critical to understand the needs

of customers for retail companies that want to get the highest share in meeting the

current customer demand. Exchange rate fluctuations and retailers with the reasons

for the decline in consumer confidence and high profitability rather than sales growth

and are focused on long-term investments. From this point of view, the concept of

understanding the customer especially in ours has emerged as a strategy for the retail

sector facing competition [10]. Understanding customers’ shopping behaviors and

profiles are becoming more and more important. As the world consumer profile in

Turkey, which determines consumers’ viewing habits and behaviors and strategies

based on the results of these investigations retailers and manufacturers, they pass an

advantage against competitors.

Process mining (PM) is a technique that aims to extract understandable information via

process models generated automatically by different discovery algorithms from event

logs using process management and business analytics [11, 12]. Most of the pathway

analyses use graphical representation to show the pathways. The created pathways

are intuitive without any detailed study [13]. However, process mining explains

the underlying information of the pathway. Therefore, process mining is selected

to discover pathways of indoor customers to understand the behavior of customers

visiting the shopping mall. In the process mining study, behavioral analysis refers to

understanding customer needs and proposes the best solutions to meet these needs.

The study does not aim to investigate behavioral science related to retail.
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2. IN-STORE BEHAVIORAL ANALYTICS TECHNOLOGY SELECTION
USING FUZZY DECISION MAKING1

Advances in technology have enabled collecting, storing and processing a large amount

of data. Automated collection of human behavior is one of the recent developments

in data collection. Companies can analyze the behavior data to get insight into

the interests and desires of individuals [14]. The technology can be used to detect

movements of employees to understand common routes and optimize facility location

in production systems; it can also be used to monitor potential customers in stores for

marketing purposes. The technology is very important for customers to understand and

communicate with their customers. Nowadays, customers expect to see personalized

proposals from both production and service companies especially stores such as

companies like Netflix, Amazon, and Spotify [15, 16]. In a recent study by the

Infosys Company, it was reported that 78% of consumers would be customers again

if a retailer offers customer-targeted and personalized offers [17]. In another similar

study, Microsoft states that 73% of customers prefer to shop with brands that offer a

personalized buying experience [18]. By 2020, customer experience is expected to pass

price and product as a brand separator [19]. These findings underline the importance

of understanding customers.

It is easier to generate personalized recommendations that allow customers to return

to Internet-based businesses. Each click or cursor movement is recorded, and the

operators send the chip, code, advertisement or other material based on this data.

According to RetailNext, 84% of customers believe that retailers need to do more

to integrate their online and offline channels [20]. Accordingly, physical stores should

provide customers with an experience that matches the specific service they receive

from the Internet and should establish an unproblematic relationship with digital

channels [21]. The problem of integrating online and offline channels has been solved

by tracking customers in the store using different technologies [16, 21–23].

1This chapter is based on the paper Dogan, O., and Oztaysi, B. (2018). In-store behavioral analytics
technology selection using fuzzy decision making. Journal of Enterprise Information Management,
31(4), 612–630.
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The traditional method to understand customer behavior is to use questionnaires,

interviews, and observations. With the development of technology, new data collection

methods have emerged. The common feature of the new methods is that the quantity

and accuracy of the collected data are high. RFID (Radio-frequency identification),

WiFi (wireless fidelity), Bluetooth, infrared (IR), ZigBee [24, 25], and computer

vision techniques such as camera [16, 26–28], motion sensor [29] and ultrasound are

technology alternatives that can be used for collecting indoor location data. The RFID

technology is a tool that collects and stores data by wireless communicating with tags

on the object to be tracked [30]. WiFi is another indoor technology that determines

the location of the user through the signals at the access points used [31]. Another

alternative is Bluetooth technology, which allows the system to recognize and track

users through the MAC (Media Access Control) address of their smartphones. A

technology similar to Bluetooth is ZigBee which is widely preferred because it is low

cost in applications that can be performed with small size data exchange. Computer

vision technology, which collects data with image recording, uses advanced image

processing algorithms with the complex structure to describe the object to be tracked

[23]. The motion sensor technology analyzes high-cost multi-camera images that are

sensitive to the indoor locations and monitor the target areas [32]. IR technology can

also be used indoors in total darkness, as opposed to the motion sensor [33]. However,

now that smartphones do not usually contain an infrared transmitter, establishing a

closed space with this technology requires an expensive infrastructure [34]. Ultrasound

technology is a technology that determines the location of an object by extracting

sound waves that the human ear cannot hear [35]. An ultrasound sensor continuously

sends sound waves. It calculates the distance of the object using the time that it takes

to strike to the object and return to the sensor.

Selection of proper technology for indoor behavioral analytics is a multi-criteria

decision making (MCDM) problem where there are multiple alternatives and criteria.

Analytic Hierarchy Process (AHP) proposed by Saaty [36] is an MCDM method which

is used for complex decision problems. In the original method, linguistic terms are

represented as crisp numbers; however, later the method is extended by using fuzzy

sets. Hesitant Fuzzy Sets (HFS) is an extension of ordinary fuzzy sets which can

handle the hesitancy of the decision makers [37]. Hesitant Fuzzy Linguistic Term
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Sets (HFLTS) are proposed based on HFSs to use linguistic terms with context-free

grammar in decision-making problems [38]. Hesitant Fuzzy AHP method has been

proposed by utilizing HFLTS in AHP method [39, 40]. In this study, Hesitant Fuzzy

AHP method is modified to employ fuzzy trapezoidal sets while in the original studies

triangular fuzzy numbers are used.

The rest of this paper is organized as follows. Section 2.1 presents a literature review

on in-store behavioral analytics. Section 2.2 presents technology alternatives are

introduced. In Section 2.3, evaluation criteria for the selection problem are given in

detail. In Section 2.4, first, the preliminaries are presented, and then the steps of the

methodology are explained. In Section 2.5, a real case which aims to select the most

suitable technology for in-store analytics is given with sample calculations. Finally,

the concluding remarks are given in Section 2.6.

2.1 Literature Review: In-store Behavioral Analytics

There are many different ways to collect the data needed to analyze customer behavior.

The questionnaire method is the most commonly used data collection methods among

other traditional methods such as observation, interview, and document review.

Kirchberg and M. Tröndle [41] conducts interviews to investigate the similarities and

differences between the experiences of visitors. Data are collected comparing visitors’

expectations (motivations before the visit), experiences (social interactions during the

visit) and contributions (what they learned after the visit). Operators are asked to

directly observe the behavior of customers in the store if they need more details about

the customer’s behavior to set better the number of employees who need to be in their

sales area [16].

Unlike traditional methods, it has become possible to combine much more data without

touching through technology. One of the disadvantages of traditional methods is that

the real time of activities is not entered. Thus, the analyzed data deviates from the

actual results. Fernandez-Llatas et al. [42] analyze some processes in a hospital with

process mining. For process mining, it is important to know the actual start and finish

times of the activities. For this reason, they have collected and analyzed data with

RFID technology. Yuanfeng et al. [43] have determined the locations of users in a

closed area with signals sent to users’ mobile phones from WiFi. Yoshimura et al. [44]
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conduct a study to avoid the negative effects of the crowd in the museum over the

experience of the visitors. In this study, the visitors are separated as to those who

stayed short – medium – long according to collected data, and results obtained from

the routes for the different group are discussed. Zigbee technology similarly collects

data with Bluetooth. The difference is that ZigBee communicates with data exchange

on a small scale. Huang and Chan [24] use the behavior data gathered by ZigBee

technology to determine which object is closer than previously determined positions.

Using the data collected by the cameras are also used in the literature. Wu et al. [21]

use the in-store camera recordings to understand the behavior of customers and the way

they tracked. The ways customers follow are examined with a heat map. In another

study, Park et al. [45] combine motion sensor technology with Bluetooth to compare

the results of two technologies. A self-correction system to improve the accuracy of

the tracking are developed for evaluation of the different results obtained from the two

methods. Liu et al. [26] use infrared data to identify the characteristics of the target

object with artificial neural networks in a completely dark environment. In another

paper, Ran et al. [46] a precise position measurement system developed with ultrasound

technology to guide blind users and help them to navigate independently and safely in

indoor and outdoor that they know and do not know. A comprehensive research result

on literature review is given in Table 2.1.

2.2 In-store Behavioral Analytics Technology (IBAT) Alternatives

There are many different ways to collect data to analyze customer behavior in

indoor locations. Traditional data collection technologies such as questionnaires,

interviews, observation, and document scanning are still preferred methods in many

studies [41, 47–49]. Traditional methods are particularly useful in understanding the

inner world of customers, especially where technological data collection methods are

lacking. However, it is preferable that the practitioners are trained to understand the

questions, how to approach the customers, how to evaluate the doubtful answers, how

to finish the interview or the questionnaire [50]. This is also time-consuming compared

to technological methods.

RFID is an automatic identification method based on collecting and storing data using

devices called tags or transponders [51]. RFID systems use radio waves to switch from
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Table 2.1 : Literature review of data collection for indoor locations.
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an integrated circuit tag to a host computer with a wireless exchange [52]. The first

application areas of RFID can be listed as the retail sector, supply chain management,

logistics management, manufacturing and military applications [53]. Apart from these,

there are also applications such as hospitals [54, 55], museums [56] and shops [22].

There are two types of RFID tags, active and passive. Active tags have a small power

source that is used to send a signal, which is in a range of up to 100 milliseconds,

while passive tags do not have a power source and are usually activated by a signal

at a shorter distance than one meter. A typical RFID system consists of three parts:

sensor, reader and control application. Sensors on the person or object usually contain

a unique code that is used to identify a tracking object. When the object reader is

within an appropriate range, the sensors send the data to the reader using radio signals.

The reader converts the radio signal to the digital information that is then routed to a

computer application that uses it [57].

WiFi is one of the most popular and widely used wireless technologies. Many indoor

facilities such as hospital [58], university [59,60] and indoor [61] are used for wireless

Internet connection. It is a great advantage to be found on a wide range of devices such

as mobile phones, notebooks, PCs and tablets and to use WiFi technology widely used

by users. Each WiFi card allows measuring some signal parameters available for the

indoor locations [62]. WiFi technology uses signals to detect the presence of a device.

The system determines the location of the device based on signals from other access

points [63]. One advantage of the indoor positioning is that power consumption is

usually very low due to the short distance. Also, the accuracy levels can be quite high,

but it depends on the system used [57]. On the other hand, the use of WiFi signals can

cause problems with absorption and reflection. The required WiFi parameters are not

always available in modern telephone operating systems [46, 64].

Bluetooth is also a very popular wireless technology. It is the most used technology

for devices such as laptops, tablets, smartphones and even smart clocks. Bluetooth

tracking method uses wireless Bluetooth signal [44, 65]. Bluetooth scanners are

installed in places of interest. These scanners scan Bluetooth signals emitted by mobile

phones and record every detection. Unlike RFID, there is no need to pre-register the

tracking object with Bluetooth and add any device or tag [44, 66]. The advantage

of Bluetooth is that it removes the worry that people will be followed, making the
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collected data natural and error-free. Compared to WiFi, Bluetooth uses shorter range,

smaller bandwidth but much more power [62, 67]. There are also some situations

where validation is satisfactory in indoor locations since Bluetooth does not affect user

behavior [23, 68].

ZigBee is the best technology for low power, short range (max 100 m) and relatively

low data flow rate (up to 100kbps) [69]. The ZigBee network layer consists of star,

tree and mesh networks. In a star network, there is a coordinator that allows devices

connected to it. The ZigBee coordinator is responsible for initiating, maintaining and

monitoring the network. In tree and network networks, devices can communicate with

each other in a multi-hop fashion. The network has a ZigBee coordinator and multiple

ZigBee routers. A device can join a network as a router or an end device by associating

it with a coordinator or a parent router. In the tree network, coordinators and routers

can periodically announce the signal lamps to start the superframes [25].

Computer vision technology, which collects data via image recording, uses advanced

image processing algorithms with the complex structure to describe the object to be

tracked [23]. Although the camera collects very rich data about explored environment

[70, 71], detection-based viewers have poor performance because the detection of

objects is not reliable [72,73]. Also, if more detail about the behavior of the customers

is needed, the operators are sometimes asked to directly observe the behavior of the

customers in the indoor location [16].

Motion sensors are usually equipped with three types of sensors: a gyroscope, an

accelerometer, and a magnetometer. In general, the gyroscope and accelerometer

combine data to determine the orientation and location of a monitored body part [74],

and magnetometers are sensors that are used to calibrate the direction of the sensor

[29].

The infrared (IR) wavelength is longer than the visible light length but shorter than the

trillion hertz (TeraHertz) radiation [75, 76]. For this reason, infrared light is invisible

to the human eye in most conditions. With this feature, infrared technology helps to

gather data without intervention by the user for indoor positioning [77, 78].

Ultrasound technology is a technology that uses ultrasonic frequencies near the human

perception threshold (around 20 kHz) to describe the existence of an object [35]].
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Ultrasound technology is better at making fast and accurate detection of objects than

motion detection sensors [46, 79]. However, user posture and clothing may affect

to measure distances or may mislead or distort ultra-sonic bumps. This affects the

performance of ultra-sound sensors negatively [79].

2.3 Evaluation Criteria

The criteria for selection of the most appropriate IBAT are determined by an extended

literature review and expert opinion. The decision model for the selection problem

is given in Figure 2.1. The model is composed of four levels. At the first level

the main goal, which is to select the best IBAT takes place. At the second level,

four main criteria namely, economic factors (C1), data accuracy (C2), data quality

(C3) and technical factors (C4) take place. Economic factors represent the monetary

value of the investment, and it is composed of two sub-criteria: cost (C11) and time

(C12). Data accuracy criteria focus on the accuracy of the data captured by the IBAT

alternative, and it involves two sub-criteria accuracies (C21) and bias (C22). Data

quality criteria focus on the capacity of the collected data, and it involves quantity

(C31) and introspection (C32) sub-criteria. The final main criteria are the technical

factors which focus on simplicity (C41) of the IBAT alternative and ease of analysis

(C42) of the data collected by the alternative.

Figure 2.1 : Hierarchy of Criteria.

.
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The details about the sub-criteria are as follows:

Cost (C11): It refers to the total cost required to collect the data. This criterion is

considered as the cost of the human resource used in the data collection, the material

source such as the machine or device to be purchased and all other expenses.

Time (C12): It refers to the time required to collect and analyze data. It is expected to

be evaluated as high (H) if the collection and analysis period is low.

Accuracy (C21): It refers to the degree of accuracy of aggregated data. Therefore, it

is also a criterion used to see how close obtained the results are to the actual method

used.

Bias (C22): It refers to the degree of error as a result of the data analysis. The results

of the analysis are biased in cases where the data contain noise values, extreme values,

and inappropriate analytical values.

Quantity (C31): According to Frisby et al. [80] “when we increase the scale of the data

that we work with, we can do new things that were not possible when we just worked

with smaller amounts.” So the more data is collected, the closer the result will be. The

quantity criterion refers to the number of data collected in an equal duration for each

method.

Introspection (C32): It expresses the ability to obtain information that reflects the

internal world, such as customers’ goals, satisfaction, experience, expectation. In some

cases, customer considerations become important, in addition to the meaning derived

from the data. Therefore, the introspective feature of the data is a criterion to consider.

Simplicity (C41): It refers to the effort to collect data. The simplicity criterion indicates

both the ability to collect data and the ease of preparation, which is necessary before

the data is collected For example the method can require the establishment of a system

or if the method is one of the traditional methods, training of interviewers, preparation

of questions may be necessary.

Ease of Analysis (C42): It refers to the easy assessment of collected data. In some cases,

the data must be preprocessed or processed with various algorithms before analysis.

Because these situations make the analysis difficult, ease of analysis is a criterion that

should be considered in the selection of the data collection method.

15



2.4 Methodology

2.4.1 Preliminaries

Let U be the universe of discourse, U = [0,u]. A trapezoidal fuzzy number (TrFN) can

be defined as Ã = (al,am1,am2,au), where 0≤ al ≤ am1 ≤ am2 ≤ au as shown in Figure

2.2.

Figure 2.2 : Membership function of trapezoidal fuzzy number.

The membership function of Ã = (a,b,c,d) is presented as in Equation (2.1).

µÃ(x) =


x−al

am1−al
, f or al ≤ x≤ am1

1, f or am1 ≤ x≤ am2
au−x

au−am2
, f or am2 ≤ x≤ au

0, f or otherwise

(2.1)

Let Ã=(al,am1,am2,au) and B̃=(bl,bm1,bm2,bu) be two TrFN, some of the arithmetic

operations are as follows [81]:

Addition:

Ã⊕ B̃ = (al +bl,am1 +bm1,am2 +bm2,au +bu) (2.2)

Multiplication:

Ã⊗ B̃ = (al×bl,am1×bm1,am2×am2,au×bu) (2.3)

Multiplication with a crisp value (k):

k× Ã = (k×al,k×am1,k×am2,k×au) (2.4)
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Division:

Ã� B̃ = (al \bu,am1 \bm2,am2 \am1,au \bl) (2.5)

nth power:

Ãn = (an
l ,a

n
m1,a

n
m2,a

n
u) (2.6)

Aggregation of fuzzy numbers is very important for multi-expert decision making.

Yager [82] proposed ordered weighted averaging (OWA) given in Equation 2.7. An

OWA operator of dimension n is a mapping F : Rn→ R, that has an associated n vector

OWA(a1,a2, · · · ,an) =
n

∑
j=1

w j×b j (2.7)

where b j is the jth largest element or the set and w jin[0,1] and

n

∑
i=1

wi = w1 +w2 + · · ·+wn = 1 (2.8)

Filev and Yager [83] define the weight vector of OWA operators W 1 = (w1
1,w

1
2, · · · ,w1

n)

and W 2 = (w2
1,w

2
2, · · · ,w2

n) as given in Equation (2.9) and Equation (2.10).

w1
1 = α2,w1

2 = α2(1−α2), · · · ,w1
n−1 = α2(1−α2)

n−2,w1
n = (1−α2)

n−1. (2.9)

w2
1 = α

n−1
1 ,w2

2 = (1−α1)α
n−2
1 , · · · ,w2

n = 1−α1 (2.10)

Recently, new extensions of ordinary fuzzy sets have been proposed to involve decision

makers’ hesitancy into the decision model. One of the most recent fuzzy set extensions

is Hesitant Fuzzy Sets (HFSs). HFSs have been introduced by Torra [37] for cases

where defining the membership degree of an element is not easy since several possible

membership values may exist.

Let X be a fixed set, a hesitant fuzzy set (HFS) on X is regarding a function that when

applied to X returns a subset of [0, 1] [37]. The mathematical expression for HFS is as

follows:

E =< x,hE(x)> |x ∈ X (2.11)

17



where hE(x) is a set of some values in [0,1], denoting the possible membership degrees

of the element x ∈ X to the set E.

Based on HFS, Rodriguez et al. [38] introduced the concept of a hesitant fuzzy

linguistic term set (HFLTS) to provide a linguistic and computational basis to

increase the richness of linguistic elicitation based on context-free grammars by using

comparative terms.

An HFLTS is defined as an ordered finite subset of consecutive linguistic terms of

S = s0, · · · ,sg. For instance, let S be defined as S = { s0: nothing, s1 : very bad, s2 :

bad, s3 : medium, s = 4 : good, s = 5 : very good, s = 6 : perfect } and v be a linguistic

variable, Hs(v) = bad,medium,good.

2.4.2 Steps of Hesitant Fuzzy Analytic Hierarchy Process

The analytic hierarchy process, developed by Saaty [36], is an MCDM structured

technique based on pairwise comparisons, for solving complex decision-making

problems. In traditional AHP expert evaluations are expressed by using crisp numbers.

To handle the vagueness and imprecision in experts’ evaluations, fuzzy AHP methods

have been proposed [84–86]. Fuzzy AHP methods employ triangular or trapezoidal

fuzzy numbers to represent linguistic terms. Later AHP method has also been extended

using extensions of fuzzy sets [87–89]. Recently Hesitant Fuzzy AHP is proposed

which is based on HFLTS definition [39, 40].

In this study, we modify existing Hesitant Fuzzy AHP method to employ trapezoidal

fuzzy numbers instead of fuzzy triangular numbers. The steps of the proposed hesitant

fuzzy AHP are as follows:

Step 1. The decision makers decide on the alternatives and form the decision model.

Step 2. Decision makers evaluate criteria, sub-criteria and alternatives using HFLTS

and the context-free grammar “between” and “is”. Decision makers use the linguistic

scale given in Table 2.2 to fill the pairwise comparison matrices.

Step 3. Form the aggregated pairwise comparison matrix P̃.

18



Table 2.2 : Linguistic scale for hesitant fuzzy AHP.

Linguistic Term Abbreviation TrFN
s10 Absolutely High Importance (AHI) (7,8,9,9)
s9 Very High Importance (VHI) (5,6,8,9)
s8 Essentially High Importance (ESHI) (3,4,6,7)
s7 Weakly High Importance (WHI) (1,2,4,5)
s6 Equally High Importance (EHI) (1,1,1,3)
s5 Exactly Equal (EE) (1,1,1,1)
s4 Equally Low Importance (ELI) (0.33,1,1,1)
s3 Weakly Low Importance (WLI) (0.2,0.25,0.50,1)
s2 Essentially Low Importance (ESLI) (0.14,0.2,0.25,0.33)
s1 Very Low Importance (VLI) (0.11,0.13,0.17,0.2)
s0 Absolutely Low Importance (ALI) (0.11,0.11,0.13,0.14)

P̃ =

∣∣∣∣∣∣∣∣∣
ã11 ã12 · · · ã1n
ã21 ã22 · · · ã2n

...
... · · · ...

ãn1 ãn2 · · · ãnn

∣∣∣∣∣∣∣∣∣ (2.12)

where ãi j represents the aggregated evaluation on comparison of the ith element to

jth element. In the aggregation process, the decision makers make their evaluations

separately, if the evaluation on a specific comparison is not close, the decision makers

review their evaluations. If the evaluations are the same or close to each other then

they are represented using “is” and “between” keywords.

Step 4. Transform P̃ matrix into numerical pairwise comparison matrix (C̃) by using

OWA operations given in Equation (2.9) and Equation (2.10) [38].

C̃ =

∣∣∣∣∣∣∣∣∣
(1,1,1,1) c̃12 · · · c̃1n

c̃21 (1,1,1,1) · · · c̃2n
...

... · · · ...
c̃n1 c̃n2 · · · (1,1,1,1)

∣∣∣∣∣∣∣∣∣ (2.13)

where c̃i j = (ci jl ,ci jm1,ci jm2,ci ju). The reciprocal of c̃i j is obtained as follows:

c̃i j = (
1

ci ju
,

1
ci jm2

,
1

ci jm1

,
1

ci jl
) (2.14)

If all decision makers use the same linguistic for an evaluation, then the associated

trapezoidal fuzzy number given in Table 2.2 is used. If the resulting evaluation contains

“between” keyword, such as “between st and sx” where the scale contains eleven terms
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and s0 ≤ st ≤ sx ≤ s10, then the parameters of c̃i j is determined using Equations (2.15)

– (2.18).

cl = min{ct
l,c

t
m1,c

t
m2,c

i+1
l , . . . cx

m1,c
x
m2,c

x
u}= ct

l (2.15)

cr = max{ct
l,c

t
m1,c

t
m2,c

i+1
l , . . . cx

m1,c
x
m2,c

x
u}= cx

u (2.16)

cm1 =


ct

m1, i f t +1 = x

OWAw2

(
ct

m1, · · · ,c
t+x

2
m1

)
, i f t + x is even

OWAw2

(
ct

m1, · · · ,c
t+x+1

2
m1

)
, i f t + x is odd

(2.17)

cm2 =


ct

m +1, i f t +1 = x

OWAw1

(
cx

m,c
x−1
m , · · · ,c

t+x
2

m

)
, i f t + x is even

OWAw1

(
cx

m,c
x−1
m , · · · ,c

t+x+1
2

m

)
, i f t + x is odd

(2.18)

The weights used in the OWA operator are calculated based on α1 and α2 values. In

our case, these parameters are calculated as α1 =
g−(x−t)

g−1 , α2 =
(x−t)−1

g−1 , where g is the

number of terms in the evaluation scale.

Step 5. Calculate the geometric mean for each row (r̃i) in C̃ using Equation 2.19:

r̃i = (c̃i1⊗ c̃i2⊗·· ·⊗ c̃in)
1/n (2.19)

Step 6. Calculate the fuzzy weight (w̃i) for each row using Equation (2.20):

w̃i = r̃i⊗ (r̃1⊕ r̃2 · · ·⊕ r̃n)
−1 (2.20)

Step 7. Repeat the steps 2-6 for each level of the decision-making model to find the

local weights of main-attributes, sub-attributes, and the alternatives.

Step 8. Calculate the global weight of each sub-attribute, by multiplying its local

weight with the weight of the associated attribute. Then, calculate the fuzzy

performance score of each alternative by Equation (2.21).
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S̃i =
n

∑
j=1

w̃ j⊗ s̃ j, ∀i. (2.21)

Step 9. Compare the fuzzy performance score of the alternatives by using Equations

(2.22) – (2.25) defined by Kumar et al. [90].

I f R(c̃1)> R(c̃2) then c̃1 > c̃2 and I f R(c̃1) = R(c̃2) then c̃1 = c̃2 (2.22)

I f RM(c̃1)> RM(c̃2) then c̃1 > c̃2 (2.23)

R(c̃) =
c̃1 + c̃m1 + c̃m2 + c̃u

4
(2.24)

RM(c̃) =
c̃m1 + c̃m2

2
(2.25)

2.5 Application

We apply the steps of the proposed hesitant fuzzy AHP method in the following.

Step 1: consider a technology selection problem with four alternatives (RFID, WiFi,

Bluetooth and camera) and four main criteria, each of them has two sub-criteria.

The hierarchy of the problem is given in Figure 2.1. The considered main criteria

are economic factors (C1), data accuracy (C2), data quality (C3) and technical factors

(C4). The sub-criteria are cost (C11), time (C12), accuracy (C21), bias (C22), quantity

(C31), introspective (C32), simplicity (C41), ease of analysis (C42), respectively. The

abbreviations of the linguistic variables are represented in Table 2.2.

Step 2 and 3: Tables 2.3 and 2.4 present pairwise comparison matrices for criteria and

alternatives using linguistic terms (w.r.t.: with respect to).

Table 2.3 : Pairwise comparison matrix for criteria.

C1 C2 C3 C4
C1 1 VLI-WLI EsLI-EqLI WHI-EsHI
C2 1 EqHI-WHI VHI-AHI
C3 1 EsHI-VHI
C4 1
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Table 2.4 : Pairwise comparison matrix for alternatives.

w.r.t. C1 w.r.t. C2
A1 A2 A1 A2

A1 1 WHI-EsHI A1 1 EqHI-WHI
A2 1 A2 1

w.r.t. C3 w.r.t. C4
A1 A2 A1 A2

A1 1 WLI-EqLI A1 1 VHI-EsHI
A2 1 A2 1

Step 4: Linguistic evaluations are transformed to numerical evaluations using OWA

operator. Tables 2.5 and 2.6 indicate the transformed evaluations of Tables 2.3 and 2.4.

Table 2.5 : Transformed numerical values of pairwise comparison matrix for criteria.

C1 C2 C3 C4

C1 (1,1,1,1) (0.11,0.13,0.28,1) (0.14,0.18,0.55,1) (1,2,6,7)
C2 (1,3.64,7.74,9) (1,1,1,1) (1,1,4,5) (5,6,9,9)
C3 (1,1.82,5.71,7) (0.2,0.25,1,1) (1,1,1,1) (3,4,8,9)
C4 (0.14,0.17,0.5,1) (0.11,0.11,0.17,0.2) (0.11,0.13,0.25,0.33) (1,1,1,1)

Table 2.6 : Transformed numerical values of pairwise comparison matrix for
alternatives.

w.r.t. C1 w.r.t. C2

A1 A2 A1 A2
A1 (1,1,1,1) (1,2,6,7) A1 (1,1,1,1) (1,1,4,5)
A2 (0.14,0.17,0.5,1) (1,1,1,1) A2 (0.33,1,1,1) (1,1,1,1)

w.r.t. C3 w.r.t. C4

A1 A2 A1 A2
A1 (1,1,1,1) (0.2,0.25,1,1) A1 (1,1,1,1) (3,4,8,9)
A2 (0.33,1,1,1) (1,1,1,1) A2 (0.33,1,1,1) (1,1,1,1)

For an example calculation, consider evaluation of VLI–WLI comparison for C1 and

C2 in Table 2.3. VLI and WLI correspond {0.11, 0.13, 0.17, 0.20} and {0.20, 0.25,

0.50, 1}, respectively. For left and right TrFN are calculated using Equations (2.6) and

(2.7), respectively.

cl = min{0.11,0.13,0.17,0.20,0.20,0.25,0.50,1.00}= 0.11

cr = max{0.11,0.13,0.17,0.20,0.20,0.25,0.50,1.00}= 1.00

Middle values m1 and m2 are calculated according to Equation (2.17) and Equation

(2.18), respectively. Since, i equals to 1 for VLI and j equals to 3 for WLI, the result

of i+ j is even. Therefore, cm1 = OWAw2(ai
m, · · · ,a

i+ j/2
m ) is used. To calculate cm1,
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we need to use Equation (2.5). Equation (2.10) is used to calculate the second kind of

weights, w2
1. Since α1 = (11− (3−1))/(11−1) = 0.9 and α2 = ((3−1)−1)/(11−

1) = 0.1, cm1 = 0.90.13+0.10.2 = 0.13. Similar calculations are made for cm2 , cm2 =

0.10.50+0.90.25 = 0.28

Step 5. The matrices are defuzzified and examined for consistency.

Step 6. The geometric mean of each row is calculated using Equation (2.19). The

geometric mean of the first row (r̃1), which belongs to C1 in Table 2.5.

r̃1 = [(1,1,1,1)⊗ (0.11,0.13,0.28,1.00)⊗ (0.14,0.18,0.55,1.00)⊗ (1,2,6,7)]1/4

= (0.35,0.46,0,98,1.63)

Step 7. The fuzzy weight (w̃i) is calculated by using Equation (2.20).

w̃i = (0.35,0.46,0,98,1.63) ⊗ ((0.35,0.46,0,98,1.63) ⊕ (1.5,2.16,4.09,4.49) ⊕

(0.88,1.16,2.6,2.82)⊕ (0.2,0.22,0.38,0.51))−1

= (0.04,0.06,0.24,0.55)

Step 8. The steps 2-6 are repeated for each level of the decision-making model.

The local weights of the criteria and sub-criteria are shown in Table 2.7 and Table 2.8.

Step 9. By multiplying criteria local weights with sub-criteria local weights, the global

weights of the sub-criteria are obtained. Later,the local weights of the alternatives

are multiplied with the associated sub-criteria global weights of the alternatives (Table

2.9).

Table 2.7 : Local weights of the criteria.

C1 (0.04,0.06,0.24,0.55) C11 (0.27, 0.45,1.34,1.92) C31 (0.22,0.25,0.67,0.98)
C2 (0.16,0.27,1.02,1.53) C12 (0.1,0.13,0.39,0.73) C32 (0.29,0.5,0.67,0.98)
C3 (0.09,0.1,0.65,0.96) C21 (0.31,0.33,1.0,1.42) C41 (0.43,0.52,0.94,1.3)
C4 (0.02,0.03,0.09,0.17) C22 (0.18,0.33,0.5,0.63) C42 (0.14,0.26,0.33,0.43)

Step 10. The fuzzy performance score of each alternative is compared, and the results

are shown in Table 2.10.

According to R values shown in Table 2.10 (R4 >R1 >R2 R3 ), the best alternative is

chosen as A4 (Bluetooth). Under this expert evaluations Bluetooth is followed by A1

(Wifi), A2 (Camera) and A3 (RFID), respectively.
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Table 2.8 : Local weights of the sub-criteria.

w.r.t. C11 w.r.t. C12 w.r.t. C21

A1 (0.08,0.11,0.48,0.95) A1 (0.07,0.08,0.11,0.25) A1 (0.17,0.27,0.68,1.02)
A2 (0.04,0.06,0.27,0.6) A2 (0.04,0.08,0.11,0.14) A2 (0.04,0.06,0.18,0.34)

A3 (0.02,0.03,0.09,0.21) A3 (0.06,0.08,0.11,0.19) A3 (0.13,0.22,0.63,0.9)
A4 (0.14,0.32,1.08,1.8) A4 (0.42,0.54,0.93,1.11) A4 (0.05,0.06,0.15,0.34)

w.r.t. C22 w.r.t. C31 w.r.t. C32

A1 (0.06,0.12,0.46,0.89) A1 (0.09,0.12,0.92,1.15) A1 (0.08,0.09,0.15,0.19)
A2 (0.04,0.05,0.13,0.36) A2 (0.08,0.1,1.36,1.88) A2 (0.08,0.09,0.15,0.19)
A3 (0.02,0.04,0.12,0.21) A3 (0.04,0.06,0.43,0.55) A3 (0.08,0.09,0.15,0.19)
A4 (0.21,0.37,1.04,1.54) A4 (0.02,0.03,0.39,0.59) A4 (0.3,0.41,1.03,1.3)

w.r.t. C41 w.r.t. C42

A1 (0.05,0.07,0.22,0.38) A1 (0.14,0.2,0.52,1.08)
A2 (0.09,0.13,0.5,0.82) A2 (0.11,0.2,0.39,0.72)

A3 (0.21,0.33,1.02,1.42) A3 (0.07,0.15,0.3,0.37)
A4 (0.02,0.03,0.07,0.11) A4 (0.06,0.11,0.3,0.37)

Table 2.9 : Global weights of the alternatives.

wrt C11 wrt C12 wrt C21

A1 (0,0,0.16,1.01) A1 (0,0,0.01,0.1) A1 (0.01,0.02,0.69,2.21)
A2 (0,0,0.09,0.64) A2 (0,0,0.01,0.06) A2 (0,0.01,0.18,0.74)
A3 (0,0,0.03,0.23) A3 (0,0,0.01,0.08) A3 (0.01,0.02,0.64,1.95)

A4 (0,0.01,0.35,1.91) A4 (0,0,0.09,0.45) A4 (0,0.01,0.16,0.74)
wrt C22 wrt C31 wrt C32

A1 (0,0.01,0.23,0.86) A1 (0,0,0.4,1.08) A1 (0,0.01,0.07,0.18)
A2 (0,0,0.06,0.35) A2 (0,0,0.59,1.76) A2 (0,0.01,0.07,0.18)
A3 (0,0,0.06,0.21) A3 (0,0,0.19,0.52) A3 (0,0.01,0.07,0.18)

A4 (0.01,0.03,0.53,1.5) A4 (0,0,0.17,0.55) A4 (0.01,0.03,0.45,1.21)
wrt C41 wrt C42

A1 (0,0,0.02,0.09) A1 (0,0,0.02,0.08)
A2 (0,0,0.04,0.18) A2 (0,0,0.01,0.05)
A3 (0,0,0.09,0.32) A3 (0,0,0.01,0.03)
A4 (0,0,0.01,0.03) A4 (0,0,0.01,0.03)

Table 2.10 : Comparison for each alternative.

Fuzzy Weights R RM
A1 (0.02, 0.05, 1.59, 5.61) 1.81896 0.82297
A2 (0.01, 0.03, 1.06, 3.95) 1.26155 0.5419
A3 (0.01, 0.04, 1.09, 3.5) 1.16029 0.56626
A4 (0.02, 0.08, 1.76, 6.4) 2.06686 0.92112

2.6 Conclusion

The emerging technologies provide various alternatives capturing indoor behaviors

which lead to technology selection problem for companies. In this paper, the

IBAT selection problem is modeled as an MCDM containing four criteria and eight

sub-criteria. The contribution of the paper is two folds. First, the IBAT selection
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problem has been defined and solved using Hesitant Analytic Hierarchy Process for

the first time. Also, the original Hesitant AHP methodology is extended by using

trapezoidal fuzzy numbers to incorporate expert evaluations in a better way. For

further research, other fuzzy AHP methods like Laarhoven and Pedrycz’s [84] may

be extended by hesitant fuzzy sets and the obtained results can be compared with ours.

Other multi-attribute decision-making techniques such as; ELECTRE, VIKOR, and

MACBETH can also be extended by using HFS and HFLTS.
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3. ANALYSIS OF FREQUENT VISITOR PATTERNS IN A SHOPPING
MALL2

Current technological developments provide a huge amount of data to collect, store and

process. One of the study topics which use collected data is human behavior analysis.

Companies try to generate customer-oriented solutions by analyzing their interests and

desires. For online companies, it is easier because of the simplicity of data collection.

Each click or cursor movement is recorded easily. On the other hand, physical retailers

have a limitation that is the collection of customer data. Infosys Company was reported

that 78% of consumers would be customers again if a retailer offers customer-oriented

solutions [17]. In the light of this study, understanding customer is a critical factor

for not only online companies but also physical retailers to survive in a competitive

environment.

RetailNext [20] declares that according to 84% of customers, retailers should

integrate the online and offline channels. Therefore, physical stores need to provide

customer-based service that they received from the Internet by establishing relationship

digital channels [21]. Tracking customers in the stores using different technologies

such as Bluetooth facilitates integrating online and offline channels [16, 21–23]. The

increase in mobile device use of customers brings an opportunity for retailers to

develop customer experience in-store shopping [91]. Bluetooth technology may be

used to track customers’ digital footprints. These digital footprints can be used to

detect the customers’ movement in-store and common routes. The results of the

analysis are also used for in-store marketing purposes.

In this study, we use data collected via Beacon devices. The iBeacon devices

(hereafter Beacons) broadcast low energy radio signals, interact with the smart devices

in their coverage zone, and exchange information with them. The coverage zone

of a Beacon device is 50 meters, and their interaction distance can be fine-tuned
2This chapter is based on the paper Dogan, O., Gurcan, O.F., Oztaysi, B. and Gokdere, U. (2019).

Analysis of Frequent Visitor Patterns in a Shopping Mall. In Industrial Engineering in the Big Data
Era, (Ed.s) Calisir, F., Cevikcan, E. and Camgoz Akdag, H. Springer Berlin Heidelberg, pp. 217–227.
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within this range. This interaction, which is extremely power-efficient, is based

on Bluetooth’s innovative network technology Bluetooth Low Energy (BLE), or the

trademarked name, Bluetooth R© Smart. When a mobile device encounters a Beacon

device in a venue, the mobile device automatically refers to a software program (SDK)

embedded into a mobile application running on the mobile device. Consequently,

it consults to the beacon’s server. According to the command from the server, the

mobile device performs any action, such as displaying a message or serving as a

micro-location sensor. The beacon device, the embedded SDK in the application,

and the server, together form the sensor management platform of Blesh that realizes

the Beacon communication. The data used in this study is collected by Blesh, a

Turkish start-up company which offers enterprises the whole platform along with the

assisting service to manage, focusing on refining the opportunities that come along

with this platform, and how this new communication method can produce business

solutions. As Blesh beacons, mobile application partners and the enterprise network

grow, the beacon management platform turns gradually into an advertising platform

for marketing agencies to get involved in. Exceeding 100.000 beacons in over 50 cities

in Turkey, amounting to roughly 15.000 points of interest, Blesh beacons are placed

in more than 200 shopping malls, prominent airports, leading banks, top retail shops,

subway stations, cafes and restaurants and among many other venues.

3.1 Literature Review

In the literature and industry, various ways are used to collect the data for customer

behavior analysis. As a traditional way, the questionnaire is the most commonly

preferred method to collect data among others such as observation and interview.

Das and Varshneya [92] and Kesari and Atulkar [93] used a structured questionnaire

to understand consumers’ emotions and satisfaction, respectively, in a shopping

mall. Some researches use together questionnaire and review methods to enhance

significance. For example, Kirchberg and Tröndle [41] used the interview method to

research the similarities and differences between their experiences. The collected data

are grouped into three categories: visitors’ expectations refer to the motivations before

the visit, experiences indicate social interactions during the visit and contributions

point out what customers learned after the visit. Yiu and Ng [94] also used together
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with customer surveys and interview methods to measure buyers-to-shoppers ratio.

Merad et al. [16] used an observation method in their study. Operators have directly

observed customers’ behaviors in the store.

As an alternative to data collection to analyze customer behavior, some technologies

gather much more data in a non-invasive way. Traditional data collection methods,

questionnaire, interview, observation or surveys, have some limitations. For instance,

real-time of customers’ activities, generally, cannot be saved. This results in deviations

from actual results. For that reason, Willeims et al. [95] used WiFi technology to

compile an inventory of retail technologies, which are classified based on shopping

value types and shopping cycle stage. Carrera et al. [96] used WiFi technology for

real-time tracking. Fukuzaki et al. [97] try to estimate the actual number of people in

the area by comparing the number of acknowledged devices in the shopping mall by

using WiFi. Oosterlinck et al. [23] demonstrated the applicability of Bluetooth tracking

in a shopping mall. They used Bluetooth scanners in their study. They obtained high

data quality and low cost of data collection. Yewatkar et al. [98] proposed a smart

shopping cart system that will keep track of purchased products and online transaction

for billing using RFID and ZigBee. Although Zigbee and Bluetooth technologies

collect data in a similar way, the difference between them is the data exchange scale.

Zigbee gathers data on a small scale.

The camera is another data collection technology. Camera technologies use

sophisticated image processing algorithms that are complex to describe the object to

be tracked [23]. Wu et al. [21] used a camera to record customers in the store to

understand their behavior. They showed the trajectories of the customer in a heat

map. Arroyo et al. [99] used the in-store camera to detect real-time detection of

suspicious customer behaviors in a shopping mall. They benefited from advanced

processing algorithms in their study. Table 3.1 shows some studies used data collection

technologies.

3.2 Methodology

Association Rule Mining (ARM) is one of the data mining methods used to discover

interesting dependencies between datasets [106]. Many business enterprises collect a

huge amount of data from various sources. Table 3.2 shows an example of data related
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Table 3.1 : Some data collection technologies and studies.

Technology Study Technology Study

Bluetooth
[23] [44] [67] [68]

[80] [100]
Zigbee [25] [69] [101]

RFID
[28] [30] [54] [98]

[102]
Camera

[21] [26] [31] [73]
[99]

Wi-Fi
[43] [95] [96] [97]

[103] [104]
Infrared [33] [78]

Ultrasound [34] [105]

to customer routes in a shopping mall. Each location in the shopping mall has a beacon

ID that collects data from customers’ mobile phone via Bluetooth.

Table 3.2 : An example of customer routes.

Customer ID Routes
4633698 {121600, 121633, 121565}
26066031 {121372, 121600, 121307, 121507}
29235005 {121289, 123937, 121388, 121372}
37711500 {121372, 121289, 121600, 121388}
35272768 {121372, 121289}

Agrawal et al. [107] first introduced ARM as an effective way to find relationships

between hidden large datasets that satisfy certain support and confidence values.

Interesting relations or correlations are helpful in many businesses for making useful

decisions [108]. Therefore, many industrial applications try to find dependencies

between variables.

Support and confidence values are two critical parameters in ARM. If the support value

is very low then generated rule may occur by chance. Also, very low support threshold

may cause to generate uninteresting rules [109]. Frequent item set generation is a

result of the support threshold. On the other hand, confidence check reliability of

the inference made by rule. Minimum confidence value affects the generated rules.

Equation (3.1) and Equation (3.2) show the calculation of the support and confidence

ratios, respectively.

Support,s(X → Y ) =
n(X

⋃
Y )

N
(3.1)

Con f idence,c(X → Y ) =
n(X

⋃
Y )

n(X)
(3.2)
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where N is a total number of transactions, X and Y show two items in the dataset.

An association rule is created by item sets that satisfy the minimum support (minsup)

and minimum confidence (mincon f ) values. It does not imply causality. Causality

needs cause and consequent of the rule. Table 3.3 demonstrates the interestingness of

a rule in terms of support and confidence. An interesting rule is a rule that has lower

support value and higher confidence value.

Table 3.3 : Interestingness of a generated rule.

Support
Low High

Confidence Low Uninteresting Uninteresting
High Interesting Uninteresting

ARM represents the uncovered relationships as sets of frequent items or association

rules. Frequent item sets generation is the first step of ARM. It aims to find items

or item sets that satisfy the minimum support constraint. Since the generation of

frequent item sets has computational requirements, it is more expensive than those rule

generation. Therefore, some effective methods were developed. Aggrawal and Srikant

[107] presented the Apriori algorithm to facilitate frequent item set generation. Apriori

algorithm helps to reduce the number of candidate item sets to generate frequent item

sets. Han et al. [110] developed the FP-Growth (Frequent Pattern Growth) algorithm

to discover frequent item sets without any item set generation. As the second step,

rule generation is used to find item sets that satisfy the minimum support value and a

predetermined confidence value.

A rule extracted from the large dataset is shown X → Y . For example, the rule

{121372} → {121289} suggests that there is an important and strong relationship

between location 121372 and location 121289. This means customers who visit the

location 121372 strongly visits the location 121289. Finding these types of rules has

an opportunity to increase cross-selling by understanding customer needs.

Under normal circumstances, k-items-dataset can generate 2k− 1 candidate frequent

itemset, excluding the null set. Also, the total number of rules that can be extracted

form dataset is . More than 80% of the rules are not useful when minsup is 20%,

and mincon f is 50%, thus making most of the computations become wasted [109].

Since many applications have a very large k value, the number of itemsets increase
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exponentially. Frequent itemsets are determined to reduce wasted computations.

Therefore, two algorithms to avoid that problem in frequent itemset generation step

are developed. That is: (i) reduce the number of candidate itemsets (Apriori algorithm)

and (ii) reduce the number of comparisons (FP-Growth algorithm).

Apriori algorithm helps to reduce the number of candidate itemsets to generate

frequent itemsets. Apriori principle is based on that if an itemset is frequent, then all of

its subsets must also be frequent [109]. This principle known as support-based pruning

has a key property, monotonicity property, considering support value. According to the

monotonicity property, an itemset never exceed the support value of its subset. In the

Apriori algorithm, an anti-monotone itemset that not satisfy monotonicity property is

used to reduce candidate itemsets.

FP-Growth algorithm does not need any candidate itemset like Apriori algorithm. It

uses a compact data structure, named FP-tree to encode the data and generates frequent

itemsets directly from this structure [109].

3.3 Application Data

3.3.1 Data Collection and Preparation

The data used in this study is collected from Beacons located in one of the major

shopping malls in Istanbul. Beacons broadcast low energy radio signals, interact with

the smart devices in their coverage zone, and automatically exchange information with

them if the user allows. The data used in this study is collected by Blesh, a Turkish

start-up company which has already located the beacon devices to the shopping mall.

The system can recognize each smart device by its unique id. Besides, each beacon

device has a specific id, which is associated with a single location, in our case retail

store. The data is composed of monthly transactions of 12070 unique users in the

shopping mall with 293 retail stores. Since the coverage zone of a beacon device is

50 meters, it is possible that a smart device can get signals from two or more beacons

at the same time. In this case, the approximate distance between the smart device and

each beacon is calculated. During the preparation phase, the signals from the closest

location are preserved the other signals are deleted.
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3.3.2 Results

Association rule mining approach is used for the analysis of the visitor data. As the first

step, the frequent item sets are prepared. We used a minimum support value of 0.05,

and no frequent sets are observed having more than seven elements. We observed only

one set which has seven elements and 100 sets which have six elements. The results

show that the most commonly used routes have at most seven stores at a confidence

level of 0.01.

When we analyze the stores that take place in frequent item sets, we can observe

only 19 stores while there are 293 in total. Also, we calculate the number of total

observations for each store in the frequent item set. The results reveal that the top

seven “most frequent” stores cover more than 80 percent of the total observations.

Table 3.4 shows the stores that take place in frequent paths. Due to data security issues,

only the IDs of the retail stores can be published. We also calculate the popularity of

the stores by summing up the total signals and rank the stores based on their popularity.

It is interesting that Store 121599, which is the most popular store, takes the fourteenth

place in the share. In the other direction, Stores 121532 and 123881 are most frequent

stores. However, they are eighth and seventh in popularity. Besides, among the top ten

most popular stores only six of them takes place in the frequent store’s list. This shows

that frequent store definition, which is based on association rule mining is different

from popular store definition, which is calculated by overall total signals is different.

Table 3.4 : Stores in the frequent paths and their popularity ranking.

Store Share
Popularity

Rank Store Share
Popularity

Rank
121532 15.70% 8 121373 1.70% 18
123881 14.70% 7 121466 1.50% 19
121485 12.10% 2 121324 1.50% 55
121506 10.50% 17 121599 0.80% 1
121378 10.30% 21 121294 0.80% 20
121570 9.40% 15 121563 0.50% 3
121472 8.20% 12 121549 0.50% 4
121545 6.00% 13 123807 0.30% 114
121481 2.80% 38 121495 0.20% 30
121382 2.60% 88
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Analysis of the association rules also reveals interesting results. When minsup is 0.05

and minconf is 0.1, 13735 rules are generated. Some of the most interesting rules,

which has lower support and higher confidence ratio, are shown in Table 3.5.

Table 3.5 : Generated interesting rules.

Premises Conclusions Support Confidence
{123881, 121373, 121324} 121485 0.05 0.92
{121563, 121324, 121368} 121485 0.05 0.89
{123881, 121570, 121439} 121532 0.05 0.86
{121532, 121506, 121324} 123881 0.05 0.85

According to Table 3.5, although visiting the locations 123881, 121373, 121324 and

121485 is a rare route, it has high confidence. This means that the number of four

locations visited together is low (only 5% of all routes), but when the premises

locations are visited together, it is very likely (92%) that the next visit will be the

location 121485 (conclusion) for customers who visit the locations 123881, 121373

and 121324. As an example, the rule is shown by {123881,121373,121324} →

{121485}.

3.4 Discussion and Conclusion

In this paper, we analyze the visiting data of a shopping mall collected via Beacon

devices. Basically, heat maps are prepared based on this type of data, and they show

the popularity of locations. In other terms, they graphically demonstrate how many

times visitors exist at that location. In this study, we also obtain the popularity of the

stores and the most frequent routes. The results reveal that the locations on frequent

routes are not always popular. In other terms, frequent routes are different from popular

locations. Thus, further studies can be conducted to improve analytic results using

route information.

On the other hand, the representative power of the data is a limitation of the study.

Although smart device penetration is high, people may choose not to activate their

Bluetooth receiver. Thus, the collected data may not represent all visitors of the

shopping mall. Data collected using other similar technologies, such as video

recording and Wi-Fi may also be used to reach enhanced results.

34



4. ANALYZING OF GENDER BEHAVIORS FROM PATHS USING
PROCESS MINING: A SHOPPING MALL APPLICATION3

Customer loyalty has critical importance for business continuity. The underlying

problem is to understand customers. There are some researches on the relationship

between customer royalty and individualized proposals. For example, Infosys

Company says companies that offer customer–oriented solutions have a big advantage

concerning customer royalty that 78% of consumer will be again customer [17]. As

another example, Microsoft asserts that 73% of customers prefer companies that offer

individualized purchasing solutions [18]. As a brand separator, customer experience

will be more important than product and price by 2020 [19]. The research indicates the

importance of understanding today’s customers having a digital purchasing experience.

Although individualized and customer–oriented solutions are more manageable for

online companies, it is more difficult for the physical store because of data collection

about customers. On the other hand, according to the research by RetailNext

[20], 84% of customers think that retailers should integrate the online and offline

purchasing channels. Behavioral analytics can integrate online and offline channels for

physical stores using different human tracking technologies [16, 21–23]. RFID (Radio

Frequency Identification), WiFi (wireless fidelity), Bluetooth, ZigBee are alternative

technologies for customer tracking data. The technology is an essential factor affecting

customer relationship in physical stores. Since the customer behavior analysis (CBA)

needs to data gathered by unobtrusively, the data should be captured using one of the

indoor location system (ILS) sensors. In our previous study, we studied on which

data collection technologies is more appropriate for indoor customer tracking using

fuzzy multi-criteria decision-making technique [14]. As a result, we installed iBeacon

devices, Bluetooth-based data collection technology, into the shopping mall. Gathering

data from customer’s smartphone connecting with Bluetooth provides the location and

timestamp data belonging to the customer. Information can be generated on where

3This chapter is based on the paper Dogan, O. Bayo-Monton, J.L., Fernandez-Llatas, C. and
Oztaysi, B. (2019) Analyzing of Gender Behaviors from Paths Using Process Mining: A Shopping
Mall Application. Sensors 19(3), 557–577.
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the customers are in the shopping mall, the time they spend in each visited store and

the next visit, etc. The created information also can be used for sales and marketing

purposes [13, 14].

Studying to understand indoor customer behavior concerning pathways is an

interesting area [111]. In this study, we divide customer data as man and woman

customers to investigate whether there is a behavioral difference between man and

woman customers. We selected a shopping mall in Istanbul as an indoor area because

retail sector employees are under high pressure due to inadequate professional training

and human resources, a large number of operations, poor management and poor

customer-oriented service [112]. For that reason, better and more efficient use of

resources is necessary for the improvement of the retail system and for strengthening

customer relations. Performing simple statistics do not give general information about

customers. One problem is that a global view of customers’ pathway to make clear

to understand by humans [42]. Besides, it is a requirement not only to discover a

pathway that followed by customers but also to create an understandable output. Both

discovery of pathways for a general view and generating understandable results are

one of the goals of process mining.

Process mining (PM) is a technique that aims to extract understandable information

via process models generated automatically by different discovery algorithms from

event logs using process management and business analytics [11,12]. A primary event

log contains a case ID, activity and timestamp data. The more data attributes such

as resource, cost, etc., the detailed information about the process. A process model

shows the flow of the data visually to make understandable the process. There can

be different types of notations such as Petri Nets, BPMN (Business Process Modeling

Notation) and EPC (Event–driven Process Chains). The process model is the output

of the process discovery. Process mining has some discovery algorithms to generate

automatically process models such as alpha algorithm [113], fuzzy mining [114],

heuristic mining [115], genetic mining [116], social network mining [117], inductive

mining [13] and PALIA Suite (Parallel Activity Log Inference Algorithm) [55].

Most of the pathway analyses use graphical representation to show the pathways.

Without any detailed study, the created pathways are intuitive [13]. However, process

mining explains the underlying information of the pathway. Therefore, process mining
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is selected to discover pathways of indoor customers to understand the behavior of

customers visiting the shopping mall. In this study, behavioral analysis refers to

understand customer needs and propose the best solutions to the needs. The study

does not aim to investigate the behavioral science related to retail.

This chapter is structured as follows. Firstly, studies related to customer behavior

analysis and process mining are examined to show the importance of this study.

Secondly, the selected algorithm and the proposed system are introduced in detail.

Thirdly, the experimental case study is shown. Then, the discussion and conclusion

section is presented. Finally, the limitations of the study are discussed.

4.1 Related Works

There are many studies in the literature on behavior analysis to better understand

people. It has many indoor implementations such as museum [44], hospital [118]

[119], shopping [99,120], and airport [121]. The researchers collected data in different

ways. For example, Yoshimura et al. [44] took advantage of Bluetooth, on the other

hand, Arroyo et al. [99] gathered data by recording with the camera.

Yoshimura et al. [44] used Bluetooth to determine the duration of the visiting of visitors

in Louvre Museum by taking into consideration the way of walking and the layout of

the museum. As a result, museum visitors were categorized according to their duration

of stay. Oosterlinck et al. [23] showed possibilities of usage of Bluetooth tracking

in a shopping mall. They asserted Bluetooth has a high data quality and low cost

of data collection. Although camera technologies need complex image processing

algorithms [23] and have poor performance because detecting people occurrences is

not reliable [72], it is an excellent alternative to record every view about customers.

Merad et al. [16] performed purchasing behavior analysis according to the intensities

of computer vision technology and customers in the store. Different algorithms were

used to track the people in the video recordings. Wu et al. [21] created pathways of the

customer in a retail store using a heat map.

Process mining has increasing and attractive importance in the literature. Efficiently

collecting data through a wide variety of sensors provides for extracting valuable

information about processes. Since healthcare has very dynamic and sophisticated
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process [119], many researchers concentrate on different healthcare processes. Rovani

et al. [122] showed the differences between actual processes and guidelines described

concerning the best-practices using conformance checking in the urology department.

Mans et al. [123] applied process mining to dentistry. They first discovered the process

model with heuristic mining algorithm and then enhanced the discovered process.

Fernandez-Llatas and colleagues [42] presented a process mining based method using

indoor location systems. With this method, data was gathered with RFID technology,

without forcing nurses to measure time, and other information about the processes and

enter into the systems. The data was used as input for the process mining and the

flows of the different processes were obtained. In another study, Fernández-Llatas et

al. [58] used process mining to analyze the movements of people with a 25-week data

belonging to 9 people and collected by wireless technology.

Process mining has been applied to not only healthcare but also municipality [11,124],

informatics [125–127], education [128–130], finance [131, 132], and manufacturing

[113, 133] .

We have realized from the literature review that data collected by different technologies

are analyzed for various purposes. Table 4.1 shows some of them.

Table 4.1 : Purpose of the collected data.

Purposes Studies
To determine some parameters (average number of places visited by people,
the average time spent by them, most visited / least visited places) with
descriptive statistics

[44]

To discover routes followed by customers [21, 44]
To estimate the next visiting place [31]
To determine where the customer is located at any time [23, 72]

In our study, we used the collected data with Bluetooth to determine some descriptive

statistics and discover pathways of the customers in the shopping mall.

Table 4.2 gives information on some studies. PM column shows the studies collecting

data with one of the technologies and creating pathways but not focusing on customer

behaviors. The study considers papers that collect data with one of the wireless or

computer vision technologies such as RFID, WiFi, Bluetooth, camera in the literature

review. Some paper used data obtained from IT systems such as ERP [134] or social
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media such as Instagram [135]. Although these studies are not directly related to CBA,

we include them in the literature review because they have valuable results.

Table 4.2 : Summary of literature review.

Study CBA Technology PM Implementation Area
[136] X Bluetooth Museum
[44] X Bluetooth Museum
[68] X Bluetooth Exhibition
[23] X Bluetooth Store/Shopping Mall
[80] X Bluetooth Hospital
[137] X Bluetooth Museum
[100] X Bluetooth Museum
[21] X Camera Store/Shopping Mall
[99] X Camera Store/Shopping Mall
[120] X Camera Store/Shopping Mall
[15] X Camera Store/Shopping Mall
[16] X Camera Store/Shopping Mall
[54] RFID Hospital
[138] X RFID Store/Shopping Mall
[139] X RFID Store/Shopping Mall
[22] X RFID Store/Shopping Mall
[13] X WiFi X Store/Shopping Mall
[58] X RFID X Hospital
[135] X Other X Exhibition
[134] X Other Manufacturing

There is only one paper focusing on customer behavior analysis using process mining

and collecting data with a wireless sensor in an indoor location. Hwang and Jang

[13] published a study that shows the possibilities of analyzing customer behavior

using WiFi-based technology and the process mining technique. They used WiFi

technology to gather customer data in a retail store in South Korea and applied

inductive mining, one of the process mining discovery tools, to create customers

trajectories. Although inductive mining removes infrequent activities and paths [140],

it has some disadvantages. When the event log is incomplete or has exceptional

data, the inductive miner is relatively sensitive [140]. In such cases, inductive miner

algorithms cannot detect a strong relation in the event log. The second significant

disadvantage of inductive mining is that it cannot deal with duplicate activities in the

event log [141]. In some cases to discover shoppers’ paths, activities with the same

label can be observed in more than one location because beacons are generally located

near to each other in an indoor location.
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4.1.1 Original Aspect of The Study

Although, both PALIA Suite and inductive miner algorithms produce process trees,

PALIA Suite has extra steps to tackle duplicate activities in the event log. It can

combine nodes according to the name or importance. Importance between two nodes

refers that the node names are the same, but there is a difference between them

concerning spent time in the node, PALIA Suite proposes two option: combine

whatever it is or not combine if it has a significant difference. On the other

hand, inductive mining algorithm aims to remove infrequent activities in the log to

extract meaningful information. However, infrequent information can carry critical

information about daily movements of customers. For example, a visit to the cinema

can be only once in a month and according to inductive mining view, this data should

be removed from dataset. Nevertheless, this visit may be critical for specifying a

behavioral change of the customer. For example, not visiting the cinema can be a

withdrawal symptom of timelessness or economic break. PALIA Suite can consider

infrequent behavior with statistical information about the activities frequencies and

state changes [58].

One of the main problems of the application of Process Mining Techniques in

environments with high variability is the appearance of the undesirable Spaghetti

Effect Problem [142]. The Spaghetti Effect is one of the most challenging problems in

process mining studies [11]. It is related to the difficulty of readability of sophisticated

processes. Many transitions presented in the process model look like a spaghetti.

The high variability produced by the human behavior makes results in a complex

understanding of the flows inferred due to the appearance of all the possible movements

that the users have. Also, the objective of this work is not only to support professionals

in a better understanding of the human behaviours at malls, but also to identify the

different behaviours of different kind of users. In recent works [143], clustering

techniques are applied to discover groups of behaviours These techniques are based on

the application of classic clustering algorithms such as k-means or quality threshold

cluster, in combination with workflow distance measures [58] that groups the most

common behaviours. This combination allows, on the one hand, to group common

traces that have a similar behavior, and, on the other hand, limit the Spaghetti Effect

because of the elimination of the variability in each one of the groups. PALIA Suite has
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some clustering techniques implemented, allowing the discovery of different groups in

an easy way. This tool has been used in real scenarios [143].

The other difference of our study from the study of Hwang and Jang [13] is the

application area. Collecting data in only one retail store is more accessible than

collecting in a shopping mall. At the same time, a shopping mall case requires more

time than a store case for preprocessing steps and analyzing data. They collected data

in a store, on the other hand, we collected data in one of the biggest shopping malls in

Turkey, which has six floors and 293 stores.

On the other hand, selection of the data collection technology is also essential. When

we compare WiFi and Bluetooth, Bluetooth technology outperforms WiFi technology

concerning simplicity and accuracy criteria while they have the similar levels for the

time, cost and bias [14]. At the same time, WiFi signals may have a problem with

absorption [144]. Collecting comprehensive indoor data with WiFi is a big problem

[64]. Bluetooth is a cost effective and unannounced indoor tracking technology that

provides unbiased and uninfluenced observations [68]. Also, Bluetooth indoor tracking

provides fast and accurate solutions [23]. According to Oosterlinck and friends [23],

Bluetooth is a better alternative than WiFi because Bluetooth is more specifically

designed for short ranges in indoor locations. Moreover, Bluetooth gives higher

accuracy for an indoor location implementation. In summary, Bluetooth is a better

data collection technology than WiFi in terms of indoor localization studies.

4.2 Methodology

For taking advantage of the aggregated data, new technologies are needed to inform

the whole process, making it easier for people to understand process characteristics.

Process mining (PM) is a new way of using event logs to extract models that people

can read [145]. Process mining uses event logs to discover, monitor and improve

processes. Event logs are the sum of the events considered as input for the process

mining. In the Industrial 4.0 Era, the digital world and the physical world are now

intertwined. Today’s information systems hold event logs in extreme quantities. On

the other hand, today’s technologies enable to collect much more data from smart

devices. These opportunities make process mining a preferred technique to analyze

collected data.
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Process mining has three kind of study topics: Discovery, Conformance checking and

Enhancement [11]. The process discovery is the most important output of a process

mining study [124]. Process discovery techniques use event logs to generate a process

model without using any prior knowledge. The discovered model is represented by

different notations such as Petri Net and BPMN, which describes the behavior in the

logs. There are several discovery algorithms such as heuristic mining [146], genetic

mining [147], alpha [12] and PALIA Suite [148]. In this study, we used PALIA Suite

[58].

PALIA Suite is a discovery algorithm creating graph-based process models [42]. ILS

data analysis is one of the implementation areas of graph-based process models that

aims to present sophisticated information in a readable and understandable way. [42].

PALIA is based on Grammar Inference Theory and in this case, it can be seen as a kind

of Bayesian Network with the enhancement. Besides, PALIA keeps the traceability of

all the real events that are related to each one of the nodes and transitions. Therefore,

after discovery, researchers can recover the set of events related to each one of the

nodes and transitions, and even, create new statistics. It consists of five main steps [55].

Figure 4.1 shows the steps of the PALIA Suite.

Figure 4.1 : PALIA Suite steps.

• The Parallel Acceptor Tree Algorithm step produces process trees to start and end

time of events and their parallelism.

• Onward Merge step fuses all branches of the tree. Algorithm checks for each node

that following two branches are equivalent. If so, they are fused. If all nodes and

transitions use the same token for the same process in the two branches, it is said

two branches are equivalent.

• The Parallel Merge step merges nodes that are sequential and represent the same

event.

• Delete Repeated Transitions step deletes repeated transitions.
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• Delete Unused Nodes step deletes unused nodes.

Finally, the algorithm produces a process model described as timed parallel automatons

(TPA) that models the system. TPA represents a workflow as expressive as Petri nets

[149].

For this study, we gathered data from customers visiting a shopping mall in Istanbul.

The collected data contained infrequent paths typical of customer activity. For this

reason, we needed a process mining algorithm that could cope with an infrequent and

incomplete event log. PALIA Suite can consider infrequent behavior with statistical

information about the activities frequencies and state changes [58]. In the case of

the Clustering algorithm we selected a Quality Threshold Cluster algorithm [150] that

allows group by a similarity between the traces using a Workflow distance [58] based

on Error Correcting paradigm [151] for limiting the Spaghetti Effect and Maximizing

the similarity among the traces.

4.3 iBeacon ILS

With the spread of the internet of things, Beacon is a generic name given to small

Bluetooth radio transmitters that offer personalized experiences. Beacon technology

provides location information using Bluetooth low energy (BLE) or the trademarked

name, Bluetooth R© Smart. Each iBeacon device has a coverage zone at 50–meter

distance, and the interaction distance among devices can be fine-tuned in the zone. For

that reason, one smart device can receive signals from more than one beacon devices.

In this case, proximity distances between the device and beacon are calculated and

classified as near, medium and far.

For the study, we collected data via iBeacon devices located to the shopping mall by a

beacon network company, Blesh Company (Blesh.com) in Turkey. Approximately 300

iBeacon devices are located in the shopping mall for 293 stores by Blesh Company.

Figure 4.2 depicts the main architecture of Beacon technology and communication

around this architecture. As a beacon network company, Blesh provides a software

development kit (SDK) to third part application developers. Various third part mobile

applications use this SDK to communicate with the beacon network [152]. By this way,

the applications can provide an enhanced communication and value added services
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Figure 4.2 : The architecture of Beacon technology.

to their customers through their own interface, after getting permission from the

customers.

iBeacon devices transmit low energy radio signals and interact with the smart devices

in their coverage zone. If the user allows, they automatically save the customer

data including a unique ID and time data. Each iBeacon device has a unique ID

that represents a store. The system recognizes each smart device by its unique ID.

Therefore, it allows us to create a pathway of the customer in the shopping mall.

The Beacon platform includes all beacons and location data. The server receives data

from the smart device and contacts with the Beacon platform. Then it sends display

information to the smart device.

iBeacon ILS can produce CSV files that have in each line a positioning value for each

event. Table 4.3 shows a sample part of the localization events provided by Beacons.

In each line, the following data are available:

• ID: For each captured data, a unique number is defined to use different analysis. ID

column is not used in our study.

• Dongle Columns: Because, in some cases, iBeacon devices located near each other,

one customer can be seen in different three locations. According to the proximity

of the customer to the stores, iBeacon devices gather three different position data.

Dongle_1 shows the nearest store that customer data captured, on the other hand,
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Table 4.3 : An example of an event log created from iBeacon ILS.

ID Dongle_1 Dongle_2 Dongle_3 Timestamp SubscriberID

1028333326 121527
11.12.2017
00:14:42

17399446

1028334382 121498
11.12.2017
00:16:48

39081930

1028334406 121498 121404
11.12.2017
00:16:50

39081930

1028334421 121498
11.12.2017
00:16:53

39081930

1028492822 121436 121510 121446
11.12.2017
07:23:47

29078632

1028492925 121510 121372
11.12.2017
07:23:59

29078632

1028492939 121436 121510 121446
11.12.2017
07:24:01

29078632

1028495185 121446 121436 121510
11.12.2017
07:28:23

29078632

Dongle_3 represents the farthest store location. In the study, we ignore Dongle_2

and Dongle_3 localization data.

• Timestamp: This is a date and time value that represents the moment at which

data are captured by the iBeacon device for the related store. Timestamp format is

dd.mm.yyyy hh:mm:ss.

• SubscriberID: This number shows the customer identification number associated

with the mobile.

Four basic perspectives are used in process mining [11] using the data attributes.

Control-flow perspective considers the order of activities. The purpose of mining in this

perspective is to find a good flow that represents all possible ways. The organizational

perspective focuses on resources such as people, systems, roles or departments in event

records. Their relation to each other is examined. The aim is to show the social

relations between resources or to classify resources regarding organizational unit and

role. Event perspective (Case perspective) focuses on the properties of events. An

event can be represented by the process or by the initial activity of the event. For

example, in a material replacement order, it may be important to know the supplier

or know the number of products ordered. The time perspective concerns the time or

frequency of events. When the start and end times of the events are known, it is possible
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to determine the bottlenecks in the process, to measure the level of service, to view the

use of resources, and to predict the remaining process.

4.4 Experimental Results

The data used in this research is collected in one of the major shopping malls in

Istanbul. The shopping mall has six floors with a total of 293 shops. At the beginning

of the study, 779877 raw data were collected which belong to 12000 unique customers.

We grouped the stores concerning their products or services. For example, Store A,

Store B and Store C is grouped into Clothing shop group, if they sell mainly clothes.

After some other data preparations, we used 642 customer data that we can determine

genders. Table 4.4 shows customer data details regarding three months. In the collected

data, there are 1293 cases that show the number of customer paths in each visit. In

these cases, 2749 store groups are visited. During these three months, at least one

customer visited the shopping mall 52 times in a month. Because of the filter that we

applied named as “Shop Split Filter by Gap”, the number of visits is higher than the

total number of days in the month.

Table 4.4 : Summary of corpus after combining to shop groups.

Customer Data
Total Customer (Man/Woman) 642 (165/477)
Total Number of Cases 1293
Maximum Number of
Visit Sessions 52

Localization Events 2749

We hypothesize that the use of process mining algorithms provides understanding

indoor customer behaviors from their pathways in a human–understandable view and

a behavioral difference based on gender. A detailed review of how customer behavior

change for behavioral science is not in the scope of this paper. One of the aims of this

study is to show the potential of the combination of iBeacon ILS with process mining

techniques.

For performing a primary process mining application, an event identification, a

timestamp, and an activity attributes are required from the event log. In our study
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to enhance the analysis, some additional data attributes are added to corpus such as

day number, day, day group, floor and time interval.

4.4.1 Data Preparation

To apply process mining with PALIA Suite, firstly, we created an event log from

collected ILS data. CustomerID, a unique identifier (ID), was created to track every

customer. Location shows the stores in the shopping mall and is used to create

customers’ pathways. ILS dataset includes a timestamp data. Instead of a timestamp,

PALIA Suite requires a start time and an end time for each localization data. Therefore,

we prepared our data by creating a start and end time from the timestamp. One

customer can visit the shopping mall in different sessions. For example, customer

X visits the shopping mall in the morning between 10.00 and 10.50. In the same day,

the customer again visits the shopping mall from 19.30 to 21.00. These two visits are

considered different sessions because the study aims to determine customer behavior.

The customer may have different purposes during his/her visits. Moreover, since store

group data is more meaningful and easy to interpret regarding the aim of the study, we

also combine stores into store groups.

We applied some filters to extract more information. For example, the working time

restricted between 10:00:00 and 22:00:00 because of the opening time of the shopping

mall. Shop Duration Filter adjusts that the visit duration must be more than 1 minute.

Otherwise, it is considered that the customer data is captured while walking instead

of visiting. Therefore, a time gap occurs. Let the path (Store1 – 11:10:00), (Store2

– 11:14:00), (Store3 – 11:15:00), (Store1 – 11:22:00) shows an event log belonging

to the same customer. We can easily say that the customer visited Store1 at 11:10:00

and left at 11:13:59. Then, (s)he went to the Store2. When we delete the Store2 event

due to 1-minute filter, we encounter a time gap problem. The customer was in Store1

until 11:13:59 and then seen in Store3 at 11:15:00. Where is the customer between

11:13:59 and 11:15:00? This is a kind of missing data. After Shop Duration Filter,

we fuse consecutive customer data called as Fuse Consecutive Events Filter to avoid

this disappearance. Fuse Consecutive Events Filter adjusts the ending time of Store1

visiting as 11:14:59, one second before the starting of the consequent event. Shop Split

Filter by Gap is applied if the time gap in between two subsequent observations in a
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path has a duration of 90 minutes, it is considered as a new visit. If an event is the last

event in the trace, its end time is determined by adding 1 minute to its start time. Only

the signals from the nearest location detected by iBeacon devices are assumed as the

location where the customer is. The other signals are ignored and can be considered as

missing data. In that case, we use Dongle_1 Location Data.

4.4.2 Process Mining

Although basic statistics do not give results on the general view of the customer

pathways, they are useful to see some data-centric results.

Table 4.5 : Basic statistics of the preprocessed data.

December 2017 January 2018 February 2018
Total Customer
(Man/Woman) 290 (89/201) 181 (47/134) 171 (29/142)

Total Number of Cases 450 444 399
Maximum Number of
Visit Sessions 45 52 43

Localization Events 957 1088 704

Table 4.5 represents the size of data after preprocessing steps. For example, during

the last month of 2017, we collected the 290 customer data, 89 man data and 201

woman data. In our study, we assume that if one customer has a 90-minute interval

between two consecutive events, it is considered as a different visit. Therefore, during

December, we have 450 different cases that refer to different visits by 290 customers.

There is at least one customer that have 45 visit sessions.

Figure 3 shows that there is a decrease in the last week of the month regarding the

number of customers. Although, the number of customers in December is more than

the number of customers in January, customers in January visited more store groups

than the other two months. At the same time, Figure 4.3 shows some of the customers

visited more than one time on the same day, resulting in inequality between the number

of customers and number of cases.

Although collected data do not contain gender information, it is clear that customer

going to Toilette Woman is a woman and customer going to Toilette Man is a man. In

the figures showing customer paths, nodes and arrows are colored from green to red.

The red nodes refer the store group that has higher case duration. On the other hand,
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Figure 4.3 : Number of customers and cases.

the red arrows present the mostly executed transaction between two nodes concerning

the number of execution.

Since we cluster the customer paths with PALIA Suite to find meaningful and readable

results, the path graphs do not represent all data in the event log. The graphs represent

all man and woman paths with rates 0.824, 0.803 in December 0.811, 0.835 in January

and 0.861, 0.824 in February, respectively man and woman. In the 4-faced figures, (a)

and (c) refer to mostly followed man customer paths and (b) and (d) refer to mostly

followed woman customer paths. For example, Figure 4.5 includes two paths mostly

followed by man and woman customers in December. A sample data is given in Figure

4.4 to validate for Figures 4.5, 4.6 and 4.7.

Figure 4.4 : Sample validation data for discovered customer paths.

In December, Catering and Clothing are the most popular store groups in terms of

the number of visits and duration (Figure 4.5). The numbers of customers who visit

Catering then Clothing and vice versa they are 16 and 14 in man customer visits

and 35 and 47 in woman customer visits, respectively. Man customers visit fewer
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store groups than woman customers. Although Accessory is a common store group,

woman customers spend less time. Moreover, Entertainment and Personal Care have

significance concerning the behavioral difference. Man customers do not visit any

Entertainment and Personal Care stores in mostly followed paths.

When we compare December and January, woman customers in January prefer

Entertainment instead of Clothing (Figure 4.6). The Entertainment duration was

increased in January because some of the highly anticipated movies came out.

Man customers have still visited Catering and Clothing. Besides, Electronics and

Mother&Baby have more duration in man customer visits. Home is another difference

from December for woman customers. The number of visiting Home is nearly similar,

but the duration in Home is four times larger than duration in December. It is

interesting that, although woman customers in Figure 4.6(b) mostly visit Clothing, they

spend more time in Entertainment. In many cases, customers visiting Entertainment

visit a Catering store to eat or drink.

Figure 4.7 represents February customer paths. Man customers mostly visit

Electronics and Catering store groups. On the other hand, Clothing and Accessory

store groups have the highest duration in woman customer paths. Man customers

usually spent their time in less visited places. For example, in Figure 4.7(c), man

customers mainly visit Clothing and then leave the shopping mall, but they mostly

spent their time in Catering and Electronics.

4.5 Discussion and Conclusion

In this study, we present a process mining implementation to discover man and woman

customer paths in a shopping mall. This methodology has been tested using real

three-month customer data belonging to from December 2017 to February 2018. The

real data was collected using Bluetooth technology with iBeacon devices. Bluetooth

is a cost effective tracking technology that provides unbiased and uninfluenced

observations. We used a process mining algorithm that could cope with an infrequent

and incomplete event log. PALIA Suite can consider infrequent behavior with

statistical information about the activities frequencies and state changes. According

to the results of the study, the implementation of process mining with ILS systems

enables an understandable way.
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We evaluate results regarding basic statistics and process mining. While basic statistics

give some data –centric results, process mining is based on process oriented. We

investigate 642 customer paths, which is 165 man and 477 woman customers. Since

some customers visit the shopping mall more than one time, we create 1293 customer

paths. The number of visited store groups is 2749 in this study. More customers visit

the shopping mall in December, but more stores are visited in January. February is

the weakest month with respect to the number of customers and visited stores. 9th

December and 15th February are extremum dates. While 25 customers visited 59 store

groups on 9th December, 7 customers visited 10 store groups on 15th February.

In December, Catering and Clothing are the most popular store groups. They are most

visited and have the highest duration store groups. The numbers of customers who

visit Catering then Clothing and vice versa they are 16 and 14 in man customer visits

and 35 and 47 in woman customer visits, respectively. Man customers have a loop

between Clothing – Catering and Clothing – Supermarket. On the other hand, woman

customers have only Clothing – Catering loop. That may mean that woman customers

are more decisive than man customers. We can also conclude that since man customers

visit fewer store groups, they visit stores an unplanned way. Man customers visit fewer

store groups than woman customers. Although Accessory is a common store group,

woman customers spend less time. Moreover, Entertainment and Personal Care have

significance concerning the behavioral difference. Man customers do not visit any

Entertainment and Personal Care stores in mostly followed paths.

In January, Catering and Clothing are the most popular store groups for man customers

like in December. On the other hand, the duration of Entertainment has increased for

woman customers. The reason may be that some of the highly anticipated movies came

out. Although woman customers in Figure 4.7(b) mostly visit Clothing, they spend

more time in Entertainment. In many cases, customers visiting Entertainment visit a

Catering store to eat or drink. The loops in man customer paths are still higher than

woman customer paths like in December. When we compare December and January,

man customers have again visited Catering and Clothing. Besides, Electronics and

Mother&Baby have more duration in man customer visits. Home is another difference

from December for woman customers in January. The number of visiting Home is
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nearly similar, but the duration in Home is four times larger than the duration in

December.

In February, man customers prefer to visit Electronic store groups instead of Clothing.

Catering is still one of the mostly visited locations. It is interesting that there is an

inverse proportion between visited stores and duration in man paths. For example,

man customers mostly visited Catering in Figure 4.7(a) and Clothing in Figure 4.7(c)

but spent more time in another store groups, Electronics in Figure 4.7(a) and Catering

and Electronics in Figure 4.7(b). On the contrary to the other two months, woman

customers have higher loops. Woman customers visit Accessory store groups instead

of Catering in this month. This may be because of Valentine’s Day. However, man

customers do not become interested in giving a gift on that special day.

In a general manner, it is interesting that customers who spend more time in Catering

spend less time in Clothing and vice versa. Figures 4.5, 4.6 and 4.7 support the

idea. Although man and woman customers have some similar traces, the duration

is different. Catering has mainly the highest duration for man and woman customers.

However, some store groups such as Entertainment and Accessory have become the

critical points for behavioral changes in some cases.

We create a table that shows the number of visits and duration details in Table 4.7

to compare man and woman customers behaviors. In Table 4.7, Number_Occurrence

shows the total number of visits, Duration_Total refers to total duration in each store

groups, Duration_Average_By_Case presents the average duration with respect to the

number of cases, and Duration_Average gives the average duration for each store

groups. Duration_Average_By_Case and Duration_Average are different because one

store group may be visited more than one time in any case by the same customer.

For example, man customers visited Personal Care 8 times in December and spent 1

hour and 24 minutes. Since they visited Personal Care stores only one time in each

case, Duration_Average_By_Case and Duration_Average are equal to 10 minutes and

29 seconds. On the other hand, woman customers visited Personal Care 33 times in

December and spent 9 hours and 21 minutes. Since they visited Personal Care stores

more than one time at least one case, Duration_Average_By_Case is 17 minutes and

31 seconds and Duration_Average is 17 minutes.
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When we consider all paths for three months, Table 4.7 and Table 4.8 present the

probability of all transitions among store groups. We realized exciting results from

the matrix. All woman customers visit a Catering and Clothing store each month.

Home is visited by all woman customers in December and January. Man customers

visit Entertainment after either Catering or Personal Care in December, after Clothing

in January. Although Catering and Clothing are two similar store groups for man

and woman customers, the difference is that the possibility of visiting Clothing

after Catering and Catering after Clothing is much higher in woman visits than man

visits. Man customers visit Catering after Clothing by a rate of 0.031 and Clothing

after Catering by a rate of 0,036 during December that has the highest transition

probabilities. In the same month, woman customers have rates of 0.033 and 0.044 for

transition probability from Catering to Clothing and Clothing to Catering, respectively.

In January paths, man customers visit Personal Care as only the first visit point. They

have no transition from other store groups to Personal Care. On the other hand, woman

customers always visit Personal Care from other store groups except for Accessory

and Mother&Baby. Entertainment is a critical store group in January, especially for

woman customers. Woman customers visit Entertainment after Accessory, Home and

Personal Care by a probability of 0.001, 0.001 and 0.002. After visiting Entertainment,

they mainly visit either Clothing by a rate of 0.003 or return Personal Care by a rate

of 0.002. However, man customers visit Entertainment after only one store group,

Clothing, by a rate 0.004. Then, they continue to visit either Catering or Mother&Baby

with equal transition probability, 0.004.

4.6 Future Research and Limitations

We consider all customer data in primary screening. Then, we focus on man and

woman customer data to assess their behavior in secondary screening. As a future

work, personalized guidance may be developed for customers. Customer-specific

suggestions or future state prediction may be considered. Also, a process mining

framework may be designed as in the study of Yang and Hwang [153]. They used

process mining and introduced a framework to uncover fraud and abuse in healthcare.

One of the advantages of process mining is to detect bottlenecks. Crowded in the

shopping mall can be thought of as a bottleneck. Then, crowded store groups could
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be investigated. We have so much data in our corpus that we do not know the gender.

We define genders whether customers go to the Toilette Man or Toilette Woman. For

further research, we will predict the gender of customers from the follows paths. As a

training data, we will use the known data that we use in this study.

Because of the technical properties of beacon software, only three localization data are

collected. We cannot manipulate. We assume the location where the customer visits is

shown by the nearest dongle. It is one of our assumptions. The study may be expanded

by considering medium and far location data.

Use of Bluetooth for tracking purposes is an applicable approach, but there are some

limitations. For example, customers must allow data sharing with the Bluetooth

devices because the operating system often limits the access to customer’s mobile.

At the same time, although Bluetooth is a useful tracking technology, it is required to

pre–install preparation.
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5. DISCUSSION AND CONCLUSIONS

Understanding the needs of customers is the most basic requirement of today’s

companies. As many previous studies [22, 23] have supported, meeting customers’

needs and offering personalized recommendations/campaigns is what customers

expect. It is easier for companies operating online. However, the biggest challenge

for physical stores is to build a system that will integrate online and offline channels.

The first way to achieve this is to collect enough data to recognize customers. There

are many ways of collecting data with developing the technology. Radio frequency

identification (RFID), wireless connection (WiFi - wireless fidelity), Bluetooth are the

most preferred ones. Apart from these, classical methods (observation, questionnaire,

interview) and wireless communication technology (infrared, ZigBee and computer

vision technologies such as camera and motion sensor) are the technology alternatives

that can be used indoors to collect data. Since the selection of the most appropriate

data collection technology for customer behavior analysis is by the multi-criteria

decision making (MCDM) problem, this study was first focused on this issue. Fuzzy

decision-making and the selection of the most suitable technology according to expert

opinions were studied. As a result of the first study, Bluetooth was determined as the

most suitable data collection technology. A shopping mall in Istanbul was equipped

with iBeacon devices that work with Bluetooth technology. Thus, real data will be

obtained without the human factor (without manual data entry), and the actual results

will be analyzed by analyzing these data.

The second basic study is about finding the most frequently visited stores to facilitate

customers’ understanding. The discovery of the stores visited together provides many

benefits for understanding the customers. We assume interesting rules include low

support and high confidence values. The results can be used to propose personalized

suggestion systems or to manage crowds in the shopping mall.

The final study is the generalization of the second study. In this study, the stores

are divided into groups according to the products they sell or the services they
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provide. Behavior analysis was conducted by taking into consideration the routes of

the customers between the store groups determined within the shopping mall. Process

mining method has been used to create routes. One of the original aspects of the

study is that the process mining method is used to extract customer routes in indoor

locations. Also, the routes have been made more suitable for interpreting routes by

quality threshold clustering. Path clustering is a part of the PALIA Suite algorithm.

As a future work, different clustering algorithms can be developed for routes. Thus,

it is possible to achieve better results. The newly developed hesitant fuzzy MCDM

method is also extremely open to development. Any fuzzy decision-making method

can be applied and the results comparable. The study shows there are differences

and similarities among male and female customer behaviors in the shopping mall.

The details are discussed in the third research. Because the number of male and

female customers are very low, the results may have bias. To avoid this limitation, we

predicted genders for gender-unknown customer. We used Levenshtein based fuzzy

kNN method for gender prediction from indoor customer paths. It is under review in

Expert Systems with Applications. After publication, we will use all three-month data

to create customer paths.
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Place and Date of Birth: Fatsa/Ordu/Turkey 29.08.1987

E-Mail: onurdoganmail@gmail.com

EDUCATION:

• B.Sc.: 2010, Sakarya University, Faculty of Engineering, Department of Industrial
Engineering

• M.Sc.: 2014, Istanbul Technical University, Management Faculty, Department of
Industrial Engineering year, University, Faculty, Department

• Visiting Researcher: 2018, Instituto Universitario de Investigación de Aplica-
ciones de las Tecnologías de la Información y de las Comunicaciones Avanzadas
(ITACA), Universitat Politècnica de València

PROFESSIONAL EXPERIENCE AND REWARDS:

• 2011-2019 Research Assistant at Department of Industrial Engineering, Istanbul
Technical University.

• 2018-2019 Visitor Researcher at Instituto Universitario de Investigación de
Aplicaciones de las Tecnologías de la Información y de las Comunicaciones

• Avanzadas (ITACA), Universitat Politècnica de València with TUBITAK scholar-
ship for 12 months

• 2010-2011 Research Assistant at Department of Industrial Engineering, Karabuk
University

PUBLICATIONS, PRESENTATIONS AND PATENTS ON THE THESIS:

• Dogan, O. Bayo-Montón, J.L., Fernandez-Llatas, C., Oztaysi, B. (2019).
Analyzing of Gender Behaviors from Paths Using Process Mining: A Shopping
Mall Application. Sensors 19(3), 557-577.

• Dogan, O., Gurcan, O.F., Oztaysi, B. and Gokdere, U. (2019). Analysis of Frequent
Visitor Patterns in a Shopping Mall" in Industrial Engineering in the Big Data Era,
(p. 217-227), Springer.

• Dogan, O., Oztaysi, B. (2018). In-store behavioral analytics technology selection
using fuzzy decision making. Journal of Enterprise Information Management,
31(4), 612-630.

75



OTHER PUBLICATIONS, PRESENTATIONS AND PATENTS:

Dogan, O.. (2018). Process Mining For Check-Up Process Analysis, IIOABJ , 29(6),
p. 56-61.

Kahraman, C., Oztaysi, B., Cevik Onar, S., Dogan, O. (2018). Intuitionistic Fuzzy
Originated Type-2 Fuzzy AHP: An Application to Damless Hydroelectric Power
Plants, International Journal of the Analytic Hierarchy Process. 8(2), 266-292.

Dogan, O., Gurcan, O.F. (2019). Applications of Big Data and Green IoT Enabling
Technologies for Smart Cities" in Handbook of Research on Big Data and the IoT, IGI
Global.

Dogan, O. (2018). Data Linkage Methods For Big Data Management in Industry 4.0 in
Optimizing Big Data Management and Industrial Systems With Intelligent Techniques,
(p. 108-127), IGI Global.

Dogan, O. (2017). Heuristic Approaches for Clustering Problems in Applied
Optimization Methodologies in Manufacturing Systems, (p. 107-124), IGI Global.

76


