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Executive Summary

The ComVantagelatform makes use of thightweight and affordable maile technology, in combination
with semantic technology, as infrastructure for connecting data from different busipedsers, including
end-customes, in order to address limitations of existing manufacturing ICT infrastrustliee study
described irthis deliverablefocuses orthe perspective omobile usageéehaviour aiming toincrease the
understanding ofts unique characteristicsIn this studywe investigateusagebehaviourin mobile sessions
versus desktogessions basedn the analysis of ckstream data that is recorded in serveide logslUsage
behaviouris characteised through the discovery ofypical patterns in clickstream dataemployingan
integrative web usage mining approacfihe suggested mining approacombires footstep graph
principlesand sequence association miningysing this approagtwe analysethe Web server log files of a
large Internet retailer in Isragivho introducedmobile commercerfi-commerce to its existingelectronic
commerce ¢-commercg offerings

The methodologyncludesthe key steps of preprocessing of the web server log files, transformation of log
entries into a session data seind analysis of the session data.det the data analysis steplescriptive

statistics techniques were used to analyse generasiea characteristics andfeb mining techniques were

FLILX ASR 2y aSaaizyaQ yrg@gaalraarzy LI G GcemMdgere chahnelh RSy (
and mcommerce channel, based on actual behaviour.

We explored different characteristics of mobi#ad desktop sessions, in terms of timing and duration.
Mobile sessions were found to have shorter duration compared to desktop sessions and have relatively
uniform frequency over weekdays while desktop sessions are less frequent during weekendssiiisy
discovered through the sequence rules miniig2 Ay 4 GKF G Y20AfS aSaaizya |
compared to desktop sessioasd aremore likely to go along with situations in which users cannot find the
information they need. Moreover, in buying séens, desktop sessions are charaiged by a more

efficient buying behaviar, while mobile sessions were more likely to consist of search browsing elements.

The integrative mining approach as well as the resulting insights of this study can offer future

recommendations on how to improve or redesiGomVantagepplications in order to provide enhanced
usage and value.
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1 OVERVIEW

1.1 Introduction

Advancenents in wireless communication technologies and the new generation of mobile devices have
increased the number of people using mobile devices, opening the door for rapid growth of mobile
commerce(m-commerce) The ComVantagelatform makes use othe lighweight and affordable mobile
technology, in combination with semantic technology, as infrastructure for connecting data from different
business partnersincludingend-customers, in order to address limitations of existing manufacturing ICT
infrastructures (Christlet al., 2013).

With the growingpopularity of mobile technologythe attention of research is turned tdifferent aspects

of the use of mobile technology to conduct commerthis mode of commerce, termed-commercejs an
extension of electromi commerce (&ommerce), whereby the businesses transactions are conducted in a
mobile environment using mobile devices, such as smartphones and tablet PCs, instead of a traditional
desktop access to the Internet. Similar tecemmerce, which has revolutised business since it first
gained prevalence in the 1990s;aommerce is now seen as the platform that will have a profound impact

on the competitiveness and structure of business communities and indug@iemng et al., 2012

Current estimations ascertain that the potential ofacammerce far exceeds that ofmmmerce, dugo a

number of factors including: improved mobile broadband and mobile networks, the growing popularity of
social networking, video services and voice over IP (VOIP) services, as well as significant advances in mobile
handset technologyChurch and Oliver, 2011

Based on recent estimations, the number of mobile Internet users worldwide was expected to surpass 1
billion users by 2018DC, 201D Given the widespread popularity of mobile devices, more retailers are
considering nrcommerce as a new venue for future growth and creating medrilabled sites for m
commerce(Patel, 201} In line with these predictions US mobile cosme sales are predicted to reach
$163 billion in sales by 2015, compared to $4.9 billion in Z8B1, 201

M-commerce has different characteristics fromaditional ecommerce. First, due to the ewgresent
access of the mobile Internet,-aommerce facilitates anytime, anywhere transactions. Therefore, while e
commerce continues to be vital for exploring the advantages of the Internet, mobile accesarappe
attract people because of its immediate accessib{8ymita and Yoshii, 201L0n this context, it was also
reported that a growing number of users are accessing the Web through mobile devices-inobde
settings like at home or avork (Nylander et al., 2009 Second, users might have more concerns regarding
privacy and security issues usingcommerce than e&ommerce given that data is transferred wirelessly,
thus making interception of data easi€Chong et al., 2032 Finally, small screens and low usability of
mobile devices may hamper long and complex use of theommerce channel. Relatively less time spent
per visit and less complex navigation is expected enommerce webpage¢Bang et al., 2013 These
inherent different characteristics may change Web usé&ghaviourin mcommerce compared to -e
commerce. However, despite these potential differences and the increasing significanttee of+
commerce market, there is a scarcity of empirical research cwoommerce, mainly due to the
unavailability of necessary data and the fact that the mobile technology is still y@amy et al., 2013
Sumita and Yoshii, 2010

© ComVantage Consortium2014 8
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1.2 Scope of this Document

The study reported inhis deliverableaims to increase the understanding thie specific characteristicsf
mobile usagebehaviour through the application of an integrative web usage mining approach on
clickstream dataTheintegrativeminingapproach combines footstep graphipeipleswith associatiorrule
mining, allowing the discovery of typical rules charatieg different groups, based on their actual site
browsingbehaviour

In this studywe apply thsintegrative mining approach on Web server log files of a largeailer in Israel
that introduced mcommerce to its existing-eommerce offerings. Mining tise log files provide a unique
2L NI dzyAGe G2 O2 beldavds on datis iINdbrimeroeNahds dioingietce channels.
Theefore, the study focuseson theresearch question: Do fwommerce usage patterns differ significantly
from e.commerce usage patterns?

The insight®btained in this study alsdemonstrate the contribution of the integrative mining approach in
charactersing different usagebehaviours confirmingthat such an approach may be valuabighe context
of ComVantageapplications.

2 LITERATURE REVIEW

2.1 M-Commerce

Various information systems researchers have provided different definitionsafmmerce. Mcommerce

is often considered as a subs#te-commerce(Ngai and Gunasekaran, 2Q0For this research, we adopt

the definition employed by Chong et §2012), stating that mcoY Y SNIOS Aa alyeé GNIyal O
transfer of ownership or rights to use goods and services, which is initiated and/or completed by using
Y20Af Sa 00Saa G2 O2YLIziSNJ YSRAFGSR ySéeg2Nyla 6A0K
Although a large volumef literature is available on rmommerce, the topic is still undeesearched and

offers potential opportunities for further research and applicatigai and Gunasekama 20073. The

majority of past research of smommerce has concentrated on mobile technolo@yu et al., 2013

focusing on three main technological issues, including wireless network infrastructure, mobile middleware
and wireless user infrastructu@®gai and Gunasekaran, 2Q0A significant proportion of the studies onm
commerce are preoccupied with the adoption, acceptance, and use of mobile shopping, and the utilitarian
and hedonic factorshat might influence itle.g., Chong, 2032or with customer satisfactiofe.g., Choi et

al., 2012. There are also a number of general conceptual reviews of mobile commerce, mobile marketing,
and mobile retailing implementationShankar et al., 20)0Research on consumer shoppinghaviourin

the context of mcommerce is relatively limited. Thus far, almost no empirical studies have examined
consumetbehaviouri K NB dz3 K dz& BeNaviourso NB ¢ a A y 3

2.2 Discovering UO A @fwsing Behaviour

Analysis of clicktream data can aid our understanding of user navigatiehavioursby providing detailed
information regarding patterns gathered on users as they navigate through a website hosted on a server.
However the gie and nature of cliektream logs can make pattern detection and classification difficult and

time consuming. There are two popular approaches for finding an interesting paftérg et al., 2006

The firstis to use a visisdli A 2y (G SOKY Alj dzS T2 NJ LINB & Schptuked | thé IKgS dza S
file, in a graph or map. The second technique is to use a dataxgnieichniques tcanalyseclickstream

data, also known as web usage min{@goley et al., 1999The advantage of this kind of web usage mining

© ComVantage Consortium2014 9
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techniques is that a large amount of data can be processed very effic{dtdlyasher et al., 2001 In the
next sections we describe briefly the principles of both methods that are integrated in this study.

2.2.1 Navigation Patterns

Ly GKAAa aidRRZi( »08S UELILE N LK S SIOK Y A lj dzS  (ised clickstregia T 2 NI
data into a more understandable form suitable for interpretation. The footstep graph was introduced by
Ting et al(2009 as a visuaaion tool for identifying navigation patterns. The footstep graph is based on a
simple xy plot, where the Xaxis represents time (in seconds) and the distance between points indicates

the time between two nodes (pages visited). The A & NBLINB&aSyia GKS y2RSa |
route and the changes in the vertical axis indicate a transition from one node to emdth example of a
footstep graph is shown in Figure This graph describe a sessiorwhich 8 pages (numberedd) where
accessed in the following order: 0,1,2,3,2,1,0,4,0,5,0,6,0,7.

The number based sequence is transformed into navigation patterns

In previous esearchthe number based sequences were transformed into several navigation patterns,
describing particular navigation paths that reflect certaser navigatiorbehaviour These patterns were
YIEYSR a{l0FIANRE OAYyOft dRAFA>ZdhhA A ANEYE | YRRaGEeBY ASN.
(1) Stairs patterns The Upstairs pattern is created when the user moves forward through previously
unvisited pages in the website and the Downstairs pattern is produced when the user moves back through
pages already visite An example of a Stairs pattern is shown in Figure 2a. These patterns indicate that the
user is exploring the websi{€anter et al., 1985

(2) Mountain pattern- The Mountain pattern is encountered, whera &pstairspattern is immediately
followed by aDownstairsone, is found when the user moves through several pages in order to reach or
return from a specific page. An example of a Mountain pattern is shown in Figure 2b. This pattern indicates
that the user is searching the site for a specific target.

(3) Fingers pattern The Fingers pattern is found when the user moves directly from one page within the
site to another and then directly returns to the original page. An example of a Fingers pattern is shown in
Figure 2c. This pattern indicates that theen may have fallen into a navigation loop.

Session 12 Route:0,1,2,3,2,1,0,4,0,5,0,6,0,7

1
N

20 40 60 80 100 120 140

time

page
Lo B - B VS T ¥ s e ) N S s ]

(=]

Figurel: A sample footstep graplof a session
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Figure2: Examples of (a) Stairs pattern. (b) Mountain pattern. (c) Fingers pattern

While using afootstep graph for visudding browsingbehavioursis easy, this technique is not robust
enough for analsing an entire clickstream log, which is by nature very large. Therefore we employ the
Automatic Pattern Discovery (APD) method proposed by Ting ef2@07 to automatically extract
browsing patterndrom clickstream logg-ollowing his method(see sectior8.2.2), we are abldo capture
browsingbehaviourin basicbrowsingelements, that ardater anaysed using sequentiassociatiormining.

2.2.2 Web-Usage Mining

DataMining (DM) refers to the extraction of knowledge from a large amount of (faten et al., 2006 DM

can discover potentially significant patterns inherent in a database. Hence, DM allows decision makers to
make better decisions with more information and knowledge that other tools may not be able to provide.
The nmore common model functions include classification, regression, clustering, association rules and
sequence analysi®iatetskyShapiro, 1991

Web mining(Kosala and Blockeel, 2008 the application of traditional DM techniques with information
gathered over the web. It is used to understand custorhehaviour evaluate the effectiveness of a
particular website, and help quantify the susseof a marketing campaigieb usage mining has been
widely applied to angedza S N&E Q behd#oarthioygE the application of Data iMing techniques to
discover patterns from cliektream data,providingresearchers and practitioners with the opponity to

study how users browse or navigate Web sites and get a deeper understanding of their information needs,
behavioursand underlying motivations. It was commonly applied to provide a better sefiee et al.,

2002, improved Web site desidifing et al., 200pand website persondkaion (Mobasher et al., 2001

Web miningallows looking for patterns in data through content mining, structure mining, and usage
mining. Contentmining is used to examine data in the Web pages collected by search engines and Web
spiders. Structure mining is used to examine data related to the structure of a particular Web site. Web
Usage Mining is applied to discover interesting user navigatidtenps for making recommendations by
observing user or customéehavioutr

In this study we focus on Web usage mining. The usage data is gathered at a web log file, which records
activity information when a Web user submits a request to a Web server. [Al¥gefile can be located in

three different places: Web servers, Web proxy servers and client browsers. In this study we ussiderver
logs, which record the browsinigehaviourof site visitors. The data recorded in server logs reflects the
(possibly cacurrent) access of a Web site by multiple users. These logs generally provide the most
complete and accurate usage data, but they do not record cached pages visited, which are called from local
storage of browsers or proxy servers.

© ComVantage Consortium2014 11
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Data recorded irthese server logs are processed and transformed into an appropriate data structure
comprising a set of attributes for describimgersbehaviourpatterns (see section$.13.2) and arethen
analysal usingassociation rule analysis, as described in the following section

3 DATA AND METHODOLOGY

¢KS FLIINRFOK SYLIX28SR Ay (KAAa &bebaRidurafagerntirtiiedirsti K NB S
phase,Data preprocessingthe goal is to translate welng data into data tables, on which data mining
algorithms can be executed. In the next phasession data is further prepared. In this step general
attributes describing the sessiomeaderived. Then, avigation Patters areidentified, in orderto represent

the browsingbehaviourof users.

Data Pre-processing

Data cleaning
User identification

Session identification

Session data preparation

Adding general access properties

Navigation patterns identification

Web usage mining

Frequency analysis
Navigation pattern sequence rules

Figure3: Research methodlogy phases

3.1 Data Pre-Processing

Clickstream data preprocessing is a necessary step of &dgb usage mining effort, which is aimed at
ARSYGAFTeAy3 £t S0 | O0OSaa aSaarzyad 2506 aSNIISNI €
server. A typical log file entry includes parameters such as server IP address, HTTP request negthidd, cli
address, request date and time, requested web resource (e.g. a URL), HTTP status code, user agent details
(i.e., the hardware, browser and operating system from which the request was sent) and so forth. In order

to identify access sessions log fletries need to be prgprocessed. A standard data ppeocessing process

© ComVantage Consortium2014 12
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has been developed in previous usage mining resef@doley et al., 1999 In generalit includes data
cleaning, user identification, session identification, and data formatting.

3.1.1 Data Ceaning
Not all log file entries are relevant for Web usage mining. Data cleaning aims at the elimination of irrelevant
entries:

)>\

requests made by automatic machines, e.g., Web robots or crawlers and not by humans
A requests for image files that are assateid with requests for actual Web pages
A unsuccessful HTTP requests that contain error status

A SYGNASa gAGK NBljdzSad YSGK2R GKFG A y2i aD9¢é 21

Q¢

3.1.2 User Identification

In order toanalysedza S NB ®ehavidursIvé need to distinguish between differensers in the log files.

While usually in Web log files users are anonymous, we can approximately represent them in terms of their
IP addresse§ A dz I y R Y B<b&uld Beshoted shawever, that a certain user may access the website
from different devices and therefore be represented by different IPs. This is acceptable for our purpose, as
the focus of our analysis is on Web access sessasrdescribed in the following section.

3.1.3 Sessionldentification

Since in Web usage mining our goal is to identify usage characteristics and patterns, the focus of our
analysis is on web access sessionsegsion is a sequence of activities performed by a user (i.e., originating
from a certain IP address) from the moment the user enters the website and until the moment he or she
leaves or stops being active. Since a user may visit a website more than dagetle log file may contain

more than one session per user per day. In order to identify all sessions of all users, we follow a time
oriented sessioising heuristic that is used in the literatu@erendt et al., 2001 Adz I YR Y. SOSft 2
according to which the duration of a session does not exceed a threshold of 30 minutes, as determined to
be optimal based v empirical findings.

Applying this heuristic on the data results in a collection of session entries, each identified by a user IP and
start time. In addition, each session is associated with a list of pages that were visited during the session,
ordered bythe page request time. This list of pages is the input to the navigation pattern identification
process that is described in the following section.

3.2 SessionData Preparation

In this stepsessiongefinedin the previous section are augmented with two &gpof propertiesgeneral
access properties that describe each sessionmngerties of the navigation between web pages.

3.2.1 Adding Session Characteristics

Other than IP address and Date/Time that identify the session, each session is clesddig@ cokction

of attributes that capture technical, timeriented and other aspects of the session access. Technical
attributes include:iSMobile(whether the session is initiated by a mobile device), Browser, and Operating
system. We derive #se attributes fromthe UserAgentstring that is recorded for each requested page in
the weblog file.

Timeoriented attributes includeDate DayOfWeeklthe day of the week in which the session started),
Daytime morning (06:0012:00, afternoon (12:00-18:00, evening(18:00:00:00, or night (00:00-06:00)
Duration, and median of page stay duratifin minutes) These attributes are derived from the détiene

data that is recorded in each log file entry, representing the time each page was accessed.

© ComVantage Consortium2014 13
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Other general measures ilde: ISSucces@vhether the session ended with a purchase, i.e. ended in a
GOKF Y1l @&2dz T2 NI nuiriolClickgRenumbir & Bages visitérl during the session).

3.2.2 Navigation Pattern ldentification

One characteristic of web usage is the narg@gapattern of the user. A navigation pattern is defined as the
sequence of pages through which the user navigates during his/her visit in the website. Navigation patterns
are oftenvisuabeR dza Ay 3 | aC220G a0 SAgarelINI LIKZ &8 RSAONAOGSR A
In order to identify navigation patterns, we follow the approach presente@hmou et al., 201,Apolloni et

al., 2007. This approach identifiebehavioural patterns from clickstream data. For each session we
process its clicktream data (represented as list of Wphges), using the following steps:

A First, we numbered each page in the clickstneaniquely, i.e., if a page appears more than once in
the clickstream it will be assigned with a single number. Based on these page numbers, the
clickstream is transformed into a sequence of corresponding page numbers. This step is called
GdzaSNEQNBMWBEBAANBYAFT2NYIGA2YE D
A The resulting numbebased sequence is then transformed into basic (ld)dbrowsing elements,
by transforming the relation between every two nodes into one of the following elements: UP,
DOWN or SAME. If node ni < ni+1 then an lélhent occurs; if element ni > ni+1 then a DOWN
element occurs, meaning that the user returns to a previously visited page; if ni = ni+1 then a SAME
element occurs, meaning that the user browses the same page by refreshing it or reopening it on a
different browser. For example a browsing route of R={0, 1, 0, 2, 0, 3, 4, 4} would be transformed
AyiG2z Ada o0Flard oNRgaAy3d StSySyday wQ I' 88!'tX 5h
A The basic element sequence is then transformed into ¥vbtowsing elements, which reab
changes in the navigation direction, represented by the elements PEAK and THROUGH. A PEAK
occurs when there is a shift from an UP element to a DOWN element in thelleseguence. A
THROUGH element occurs when there is a shift from DOWN tNdsP(UP>DOWN) or (DOWN
>UP) are not transformedsor example the levah Yy I GA I+ GA2y NRBdziS wQ I 9
Pt 't {lagyYy Attt 0SS GNIYyaAaT2N¥SR Ayd2yY wQQ T
A In the last step, leve? browsing elements are transforméato elements that represent navigation
patterns. An UPSTAIRS pattern is identified when a list of consecutive UP elements occurs (e.g.,
Figure 2a). A DOWNSTAIRS pattern is identified when a list of consecutive DOWN elements occurs.
A MOUNTAIN pattern igéntified when a sequence of {UP, PEAK, DOWN} occurs (e.g., Figure 2b)
and a FINGER pattern occurs when a sequence like {PEAK, THROUGH, PEAK} occurs (e.g., Figure 2¢
Continuing with the previous example, the le2elnavigation route is transformed intoCdRQQ T
{FINGER, FINGERSTAIRS

Identified navigation patterns are captured as session attributes using several techniques: Firstly, we add a
string that describes the identified navigation pattermebaviorPatternString for example: {MOUMAIN,
MOUNTAN,FINGER,FINGER,FINGER,UPSTAIRS}. If a session is thatsisoit,containsup to three

LJ 3Sax GKSNB Aa y20 Fy 0OGdzZ €t yI @A 3l toindichte thitin G S N d
fact a navigation pattern cannot be identifieth addition, it is possible that a session contains several
O2yaSOdziA @S ARSYGAOFT LI 3Sa, meanibdtthat the pags vakzSejfedied 2
several times inarow { dzOK Ol aSa I NB | & & asQuellSéctriely, we adl&k settof Wb h b
four values representing the distribution of MOUNTAIN, FINGER, UPSTAIRS and DOWNSTAIRS respectivel
in the session. For example, the pattern sequence {UPSTAIRS, FINGER, FINGER, MOUNTAIN} is represente
by the values {25%, 50%, 25%, 0}.
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3.2.3 Model Variables

In order to determine usage patterns, we include variables from several different categories, comprising
both general and detailed clickstream measures. By merging this information, we hope to isgakien
predictive power of our modelling exercigdlontgomery et al.,, 200dand to detect the most valuable
characteristics that distinguish between-commerce and €ommerce patternsTablel summaises the

list of variables that are used in our model dfigure4 presents example values of these variables

ClientIP IP from whe¢h the session was initiated
Datetime The date and time the session started
& ) % - - s v A , A ~

Browser [ fASYliQa ONRBRGaSNI 0SPId / KNRYSZ CANJ
OperatingSys /I tASYiQa 2LISNIGAYy3T deaidsSYy 6So3ao 2 A
Duration {SdaArz2yQa Rdz2NI GA2Y
DayOfWeek ¢KS RIFe 2F 6SS1 Ay 6KAOK GKS aSaahi
Daytime The time of day in which the session occurred (e.g. Morning, evening)
avgPageDuration Average duration the client stayed on a page during the session
medianPageDutation Themedian of pagestay durations
NumberofClicks The number of navigation steps the client performed
ISMobile Was the session initiated from a mobile device (Jraefrom a desktopfélse)
ISSuccess Did the session led to a sale
Downstairs_dist Thep&NOSy G+ 3S 2F W5 h?2 b {BéHaviovsfricy LI G G S NJ
Fingers_dist ¢KS LISNDSyGl3S 27T BehadioShiggw LI G G SNy a
Mountain_dist* ¢KS LISNOSyidl3asS 2F wWaéhavlorstingb LI G G S NS
Upstairs_dist ¢KS LISNOSyidl3asS 2 ihthdBehayictStingv{ Q LI GG S

: . A string of navigation patterns describing the session (e.g. {MOUN’
BehaviorString g g P 9 €g. {

FINGER,FINGER, MOUNTAIN})
. . A string that merges consecutive identical navigation patterns 1
ShortBehaviorString 9 9 9 P
{FINGER,FINGER} would heresented as {FINGER})
Tablel: List of attributes charactdsing a session

<, ClientlP = €y Datetime * 15Mobile Browser OperatingSys  ISSuccess  DayOfWeek Daytime MumberofClicks Duration BehaviorSiring avgPageDuration medianPageDutation
46.19.81.184 17/112013 20:01:57 1| Mobile Safari i0s 0 0|EVENING 18 243000 | MOUNTAIN,FINGER,... 12400 6000
5.29.29.37 10/12f2013 16:17:10 0| {rull} Windows 1] 2| AFTER_NOON 23 1796000 MOUNTAIN,FINGER,... 74833 40000
62.102.141.214 | 24/11/2013 14:54:24 1| Chrome Android 1 0|AFTER_NOON 20 1209000 MOUNTAIN,FINGER,... 57571 15000
46.121.208.163 | 21/12/2013 07:40:559 1| Android browser | Android 1] & |MORNING 16 315000 MOUNTAIN,FINGER,... 18529 18000
5.29.54.43 24/11/2013 18:40:33 1| Mobile Safari i0s 0 0|EVENING 17| 8356000 MOUNTAIN,FINGER,... 644 44000
F7.127.97.112 |23/11/2013 18:24:24 1| Mobile Safari i0s 1] &|EVENING 21 232000 MOUNTAIN,FINGER,... 10545 6000
46.19.81.187 18/11/201307:51:15 1| Mobile Safari i0s 0 1/ MORNING 23 1001000 MOUNTAIN,FINGER,... 41708 6000
2.55.140.207 12/11f2013 10:11: 15 1| Mobile Safari i0s 1] 2| MORNING 28 364000 MOUNTAIN,FINGER,... 12551 3000
84.111.62.41  |09/11/2013 14:41:14 1| Mobile Safari i0s 0 6| AFTER_NOON 43 354000 | MOUNTAIN,FINGER,,... 8045 3000
79.176.226.25 |02{12{2013 17:38:23 1| Android browser | Android 1] 1| AFTER_NOON 30 539000 MOUNTAIN,FINGER,... 17387 8000
109.64.96.121 |01f12/2013 19:32:48 1| Android browser | Android 0 0|EVENING 34 1795000 MOUNTAIN,FINGER,... 51314 22000
82.102.141.197 | 29112013 20:06:04 1| Android browser | Android 1 5|EVENING 26 1543000 MOUNTAIN,FINGER,... 57148 20000
62,128.45.194 |15/11/2013 07:18:44 1| Mobile Safari i0s 0 5|MORNING 27 350000 | MOUNTAIN,FINGER,,... 12500 3000
46.19.80.178 27/11/2013 05:38:48 1| Android browser | Android 1 3|NIGHT 20 661000 MOUNTAIN,FINGER,... 31475 22000
95.35.51.39 02/12/2013 08:17:58 1| Android browser | Android 0 1 MORNING 46| 1595000 MOUNTAIN,FINGER,... 33936 3000
79.177.14.138 |28/11/2013 23:32:04 1| Chrome Android 1] 4|EVENING 18 418000 MOUNTAIN,FINGER,... 22000 12000

Figure4: An excerpt of the resulting session data table

" The attributes are not used in this study but will be used in future research
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3.3 Data Analysis

3.3.1 Data Exploration

The data analysis phase started with exploratorydata analysisin whichgeneralsessiormeasureshave
been analysal using descriptivestatistics in order to examine whether these measures can distinguish
between mobile and desktop sessiortatistics analysis was conducted using IBMSSB&tisticgIBM,
USA) The maimanalysis methodemployed include

A Centraltendencymeasures (such as mean and median) and variation measures (such as range and
standard deviation)which describe the properties dffie distribution ofcontinuous variable(e.g.
G{Saarz2y 5dzNI (§AGKE). I YR abdzYoSNI 27

A Frequencyanalyss, which summaises the distribution of continuous as well adiscrete variables
(e.g.Gd ByofWeekk | YR G5F& ¢AYSE0

A Graphical representation dfequencies using histogramand distrbution graphs

A In addition the Pearson Chi square tests used to teswhether differences betweedistributions
are significant.

3.3.2 Association Rule-Mining

An important aspect of the navigation patterns strings identified through the application ofoibtstép
graph principles (as described in section 3.2.2) isctivenologicalkequenceof patterns in the string. We
expect that certain sequences of patterns may distinguish browbgttavioursin mobile and desktop
sessions. A data mining technique, whiaccounts forthe chronologicalaspect, isthe sequential
association rule mining. Theequence association rules algoritlisraimed at discovering association rules
in sequential or timeoriented data(see Appendit).

The elements of a sequence are st of havigation patterns that constitute a single session. For example,

if a navigation pattern string identified in a certain session is {MOUNAIN, MOUNTAIN, FINGER, FINGER,
FINGER, UPSTAIRS}, this string can be represented as a list of six iteomtaatinga pattern type. The
Sequence algorithm detects frequent sequences, that is, sequences of navigation patterns that tend to
occur in a predictable order (Han and Kamber, 2001). For exampleutpat of the algorithm can be the
sequence MOUNTHI=> FINGER, meaning that it is often that a MOUNTAIN pattern is followed by a
FINGER pattern. For each identified sequetive algorithm also provides further parameters such as the
support of the rule and its confidence, as explained below, in seci8nSequence association rules

mining was conducted usirgf PASW Mdeler(previously ClementindBM, USA)

4 RESULTS

4.1 Data Description

We analysehe Web server log files of a large Israefietailer, whichoffers in its Web store a wide range of
different product categories through auctions, group, and personal sales. The site supports -both e
commerce and rtommerce. The log files were collected over a perio8Gdays, fromOctober 3, 2013

to December 252013.Table 2summaises the charateristics of the log file data
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Number of sessions 2,439,597 557,135 1,882,462
Average number of visits per 43,564 9,949 33,615
day
Number of sessionsvith 482,712 135,932 346,780
more than 2 clicks
Original log files volume 58.8GB
Clean data volume (after 438MB

cleansing and prgrocessing)

Table2: Dataset taracteristics

4.2 Data Exploration

In this section, the properties of the dataset variables have been exanminedier to see whether simple
statistical tools could distinguish between desktop and mobile sessfandescribed in Table 2, the original
dataset included about 2.4 million sessions. Howesigice our analysis is focused on sessions that contain
more than three clicks (in order to identify a navigation pattern, see section 3.2.2), sessions which do not
satisfy this conditions have been filtered out from the dataset, resulting in 482,712 valid sessions.

4.2.1 SessionAttributes of Mobile and Desktop Sessions

Session attributes including number of clicks per sessidhumberofClicks session duration and
mearnmedian page duration in a sessionave been examined taletect potential differences between
mobile (ISMobile=1) and desktop (ISMobile-0) sessions.A summary of variable statistics of session
attributes is presented ifable3, followed by a short description of each variable.

Field Population Min Max Range Mean Std. Dev Median

Number of Clicks All sessions 3.0 1,383.0 1,380.0 7.1 6.3 5.0

[ NumberofCickg Mobile sessions = 3.0 = 111.0 108.0 8.3 7.5 6.0
Desktop sessions] 3.0 1,383.0 1,380.0 6.7 5.8 5.0

Duration (minutes) All sessions 0.1 30.0 29.9 10.7 8.9 7.7

[ Duration_min Mobile sessions 0.1  30.0 29.9 7.9 8.0 4.7
Desktop sessions 0.1 30.0 29.9 11.8 9.0 9.2

Median Page Duration | All sessions 0.0 14.8 14.8 1.1 15 0.7

in a sessior{minutes)  Mobile sessions = 0.0 = 14.3 14.3 0.6 1.0 0.3

[medianPageDutation] ' peskiop sessions 0.0  14.8 14.8 1.3 1.6 0.8

Table3: Summary statistics of session attributes

4.2.1.1 Number ofdicks (NumberOfClickp

As described iTable3, the number of clicks over all sessions lzasean value of 7.1 aralmedian value
of 5. Comparing mobile to desktop sessions shows tiabile session$iave a higher number of clicks
compared to desktop sessiormaéan values8.3 vs. 6.7 clicksnedian valuess vs. 5. In addition the range
of mobile sessions is narrower compared tesktop sessions (108s 1380). Figure 5 displaysthe
distribution of thenumber of click®f desktop (left) and mobiléright) sessions.
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20,000
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HumberofClicks HumberofClicks

0.0 1.0
ISMobile

Figure5: Distribution of “Numberof Click$ of Desktop (left)and Mobile (right)

4.2.1.2 Sessiouration (Duration_min)

As described ifable3, the duration over all sessions has a mean value of 10.7 minutea rmedian value
of 7 minutes. Comparing mobile to desktop sessions shows that mobile sessiostsoaes compared to
desktop sessions (na@ values: 7.9 vs. 11.8 minuferedian values: 4.7 vs. M2inutes). Figure6 displays
the distribution ofsession duratiorof desktop (left) and mobiléright) sessions. It demonstrates dhthe

distribution ofmobile session duration is more concentrated towérder values.

30,000 - . R ] B . [

Count

[i] 5 10 15 mn 25 3n a 5 10 15 n 5 30
Duration_min Duration_min
a0 10
ISMobile

Figure6: Distribution of “* S e s Burationg of Desktop (left)and Mobile (right)

4.2.1.3 MedianPageDuration (medianPageDuration_min

As describd inTable3, the median page duration over all sessions has a mean value of 1.1 minutas and
median value of 0.7 minutes. Similarly to session duration, median page duddtinabile sessiongends

to be shorte compared tothat of desktop sessions (mean value6 vs. 1.3 minutesmedian value: 0.3 vs.
0.8 minutes). Figure7 displays the distribution ainedian page duratiofior desktop (left) and mobiléright)
sessions. It demonstrasethat the distribution of median page duration is more skewed toward shorter
durations for mobile sessions than for desktop sessions.
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Figure7: Distribution of “ MdianPageDuration” Degktop (leftyand Mobile (right)

4.2.2 Timing of Mobile and Desktop Sessions

Timing of sessiongxpressed by thelay ofthe week DayofWeek andday time (Daytimég in whichthe
sessionoccurred has been examined to detect potential differences between mobile (ISMobile=1) and
desktop (ISMobile=Gjessions.

4.2.2.1 Day of WeekDayOfWeek

Figure8 displays the frequency of sessions in each day of the weskoltsrelatively uniform frequencies
(around 15%) of sessions on weekdays (Sunday to Thursday) wdébr@ase irthe frequencyover the
weekend" (around 12%). This decrease is attributed mostly to desktop sessions, while mobile sessions
demonstraterelatively uniformfrequencies on all days.

I1SMobile

Oon
W10

T T
u] 20,000 40,000 &0,000
Count

Figure8: Frequency ofmobile (brown) and desktop (ble) sessions in weeklays

"In Israel, the weekend is on Friday e®aturday
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4.2.2.2 Time Slots(Daytime)

Figure9 displays the frequency of sessiandour time slotsalong theday. The figure showshat acrossall
sessios, morning (06:0€L2:00) and afternoon (12:008:00) sessions armore frequent than evening
(18:0024:00) sessionsAs expected, ight (00:00-06:00) sessions have the lowest frequency. Comparing
mobile to desktop sessions reveals that while thest frequent time interval of desktop sessionstiee
morning, themostfrequent time interval of mobile sessionglige afternoon.

[SMobile

oo
Mo

MORMIM ______?__

AFTER_MOO

Daytime

EWVENING— /R - - - - E ............. ? -

1} 50,000 100,000 150,000 200,000
Count

Figure9: Frequency of mobile (brown) and desktop (blue) sessions in time slots

4.2.3 Conversion Rates in Mobile and Desktop Sessions

An aditional analysisfocused onwhether there is a difference in conversion rabetween mobile and
desktop sessionConversion rate islefined asthe percentage of sessienthat ended ina purchase
(ISSuccess=1As indicated irrigure10, while 23% of desktop sesa® ended ina purchase, only 13% of
mobile sessions ended ia purchase. We usethe Pearson Cksquaretest to examine the dependency
betweenconversion rate andevicetype (mobile or desktop)As detailed ilppendixl, this test confirmed

that such depndency exists and that conversion rate is higher for desktop sessions than for mobile

sessions.

IS5uccess

oo
S Wi

ISMohile

___________________________________________

i i i i
1] 100,000 100,000 300,000 400,000
Count

Figurel0: Conversion Rates (in brown) in mobile and desktop sessions
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4.2.4 SessionAttributes of Mobile and Desktop in Buying and Non-Buying Sessions

Due to the significant association between conversion rate and session type, we performed an additional
analysisof session attributesdistinguishingbetween four subsamples Mobile sessions thated to a
purchase Kobile-Buying), Mobile s&sions thatdid not lead to gpurchase (MobileNon Buying), Desktop
sessions thated to apurchase(DesktopBuying), and desktop sessions tigitl not lead to a purchase
(DesktopNon Buying)Figurell demonstrates that for both mobile and desktopbuying sessionare on
averagdongerand involve more clickkhan nonbuying sessions.

B NumberOfClicks B

B Duration

Duration ™,

MumberOfClicks \‘\\

Figurel: Aver age “Session Duration” and Average “I

4.3 Sequence Association Rules of Navigation Patterns

Following the description in sectio®.3.2 we usedthe Sequence rulealgorithm to extract navigation
pattern sequenceassociationrules from the datasetof sessionsIn other words, we employed the
algorithm to identify commao sequences of navigation patterrBue to @mputing power limitations, we
had to restrict the number of sessionsthre dataset. Thereforewe performed the ruleminingon 190,739
sessions (57,599 mobile, 133,140 deskiibyat occurredduring a onemonth period ¢ betweenNovember
1% andNovember 36 2013

Based on the insights obtained in the exploratory step,dataset was divided into folsubsamplesbased
on device typgmobile vs. desktopand purchasindpehaviour(buying vs. no#buying) Table4 shows the
number of sessions in easkibsample

Mobile-Buying 5,638
Mobile-Non Buying 51,961
DesktopBuying 29,370
Desktop-Non Buying 103,770

Table4: Number of sessions subsamples

We ran thesequence association rules moder each subsample The Sequence Rule Model Stream
MODELERcreenshots presentedin Appendixll. Table5 presentssomeof the interestingrules obtained
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for eachsubsanple, sorted according to rule support and rule confidence (see appdidor MODELER
output). For each rulghe following properties are displayed:

A Instanceg; displays information about the number of sessions for which the full sequence appears.
A Suppot ¢ displays the proportion of records for which the entire rule is true.

A Confidence displays the proportion of sessions where the entire sequence is found out of sessions
for which the antecedents are found.

A Antecedent spport ¢ displays the proportiomf sessions for which the antecedents are true.

Minimum support was set to 15% in order to get the most common rulesMimémum rule confidence
was set to 25% in order to limit the number of obtained rules.

Subsample Rule Instances  Support  Confidence Antecedent
(%) (%) support (%)
Mobile  MOUNTAIN => MOUNTAIN 2,481 44.0 60.4 72.9
MOUNTAIN => FINGER 2,359 41.8 57.4 72.9
FINGER => MOUNTAIN 1,892 33.6 68.1 49.3
o FINGER => FINGER 1,874 33.2 67.4 49.3
= MOUNTAIN> MOUNTAIN=> 1,812 32.1 73.0 44.0
o MOUNTAIN
Desktop UPSTAIRS => UPSTAIRS 9,116 31.1 67.1 46.3
MOUNTAIN => MOUNTAIN 7,313 24.9 53.3 46.7
UPSTAIRS => MOUNTAIN 5,427 18.5 40.0 46.3
Mobile = MOUNTAIN => FINGER 20,801 40.0 72.3 55.3
MOUNTAIN => MOUNTAIN 20,010 38.5 72.3 53.2
2 FINGER => FINGER 17,743 34.2 49.1 69.5
§ MOUNTAIN>FINGER => FINGE 15,147 29.2 40.0 72.8
< MOUNTAIN>MOUNTAIN =>
> FINGER 14,649 28.2 38.5 73.2
Desktop  MOUNTAIN => MOUNTAIN 12,843 12.4 33.2 37.3
MOUNTAIN => FINGER 9,593 9.2 33.2 27.8

Table5: Frequent sequenceaules for eachsubsample

C2NJ SEIYLX 88! B KSLHNHAS &h'!bc¢! Lbé Aad (GKS w®iagi O2Y
subsample It appears in 2,481 mobHeuying sessions, which are 44% of the mabilging sessiomin the
RFGFaSh 6adz2l2NIod ¢KS | yiSOSRSy buyiagsessiandéfitecedent | LILIS
support), and in 60% dhose session§f KS 02y aSljdzsSyO0S A& dah! b¢! Lbé 602
other subsamplesas well. For examplen ithe desktopbuying subsample the rule has 7,313 instances

which are 25% of the desktepuying sessions. Its support is 47% #adonfidenceis 53%.

In order to compare the results acrossbsamplesthe rules found were manually analysed to identify
which rules were most frequent in certasubsamplesand least frequent in othersThis was done by
examiningthe support values of the most frequent rul@sresented inTable5) for all foursubsamplesin
order to obtain all spport values, we had to compute rules with low frequency (support). Thergtoee
ran the sequence modelgain, this timewith a lower support threshold (5%) so we can get the values in
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other subsamplesvhere they are not frequentTable6 shows the results obtainedsubsamplesn which
the rule is frequent (high support rate) are bolded.

MOUNTAIN => MOUNTAIN 44% 25% 39% 12%
UPSTAIRS => UPSTAIRS 27% 31% 11% 6%
MOUNTAIN => FINGER 42% 17% 40% 9%
FINGER => MOUNTAIN 34% 15% 27% 6%
FINGER => FINGER 33% 0% 34% 6%
UPSTAIRS => MOUNTAIN 23% 19% 14% 5%
MOUNTAIN> MOUNTAIN=> 32% 13% 28% 7%
MOUNTAIN

MOUNTAIN>FINGER => FINGER 29% 7% 29% 0%

Table6: Comparisonrule support valuesof frequent sequence rules

Two main findingemerge fromTable6:

A Two rules were found to be frequent in buying sessions, while having low frequencies-iyiog
sessions. Theerulesare UPSTAIRS => UPSTAIRS and UPSTARBINTAIN. The UPSTAIRS =>
UPSTAIR®&ule has a higher frequency in desktepuying sessions, whiléghe UPSTAIRS =>
MOUNTAINule hasa higher frequency in mobikeuying sessions.

A Several rules were found to be frequent in mobile sessions (in both buyidgnanbuying
sessions)while having low frequencies in desktop sessions. As se€alile6 (in bold font), these
rules include: MOUNTAIN => MOUNTAIN, MOUNTAIN => FINGER, FINGER => MOUNTAIN, FINGE
=> FINGER, MOUNTAIN>MOUNTANVOUNTAIN and MOUNTAIN>FINGER => FINGER.
ingesting to note that rules that include the FINGER pattern twice (FINGERNGERand
MOUNTAINFINGER => FINGER) have verjrémuenciesn desktop sessions.

5 DISCUSSION

The results of this study providempirical support to several characteristics of usdghaviourin m-
commerce and @ommercethat werereportedin earlier studies.

The exploratory analysis of sessiocharacteristics described in section 4.2, has revealed that mobile
sessions have eelatively uniform frequency along altays of theweek, including weekends (Friday
Saturdayin Israe), while desktop sessions are less frequent in weekends. Moreover, mobile sessions have
the highest frequency at afternoon houynghile the highest frequencegf desktop sessions is at morning
hours. Thee findings demonstrate the@mmediate accessibilityof m-commerce which facilitates
transactionsanytime, anywhergSumita and Yoshii, 20L0n addition, the mean values of session duration
variables show that mobile sessions lva shorter duration as well as shorter median page duration
compared to desktop sessions. Similar findihgvebeen reported in previous studigghich claimed that
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the limited usability and small screens of mobile devicey wwuse shorter time per visit, as users gpen
shorter times at each mommerce webpagé¢Bang et al., 2013 The exploratory analysis has also shown
that conversion rates in mommerce are significantly lower compared te@nmerce, posing a challenge
of further investigation of purchasingehavioursin both channelsThe application of sequence mining on
session navigation patternsnabled us to identify search and purchase patterns arommerce and m
commerce channs] based o actual behavioutWe analyse the navigation pattern sequences, described in
section 4.3, according tthree browsing strategies, used I8hou et al. (2010Next, we relate sequence
rules (presented inTable 6) to the three browsing strategiesncluding buying behaviour, searching
behaviour and abandoning behaviour.

5.1 Interesting Rules of Buying Behaviour

Two rules were found to be frequent in buying sessions, while having low frequencies ihuging
sessions. The rules include UPSTAIRS => UPSTAIRSSAAIRS => MOUNTAINe UPSTAIRGattern is
indicative of users exploring the website, while the MOUNT@¥ftern is indicative of users searching the
site for a specific target (Chou et al., 2010). Based on this distinttietJPSTAIRS => UPSTA#g®&nce
indicates an efficient buying behavigum which the user only moves forward in the website to accomplish
a task. As described Table6, this rule hada higher frequency in desktepuying sessiontan in mobile-
buying sessionsimplying that purchasing through desktopnay be more practical and convenientn
contrast the UPSTAIRS => MOUNTAIN sequence indicates a less efficient buying héhaviooh uses
start with moving forward and end up returnirzpckto the original page. This rule isone frequent in
mobile-buying sessionsmplying that purchasingbehaviourthrough a mobile channelis more likely to
consistof search browsing elements comparedgorchasing behaviour througlhdeskbp channel

5.2 Interesting Rules of Searching Behaviour

Several rulesthat consist of a sequence of MOUNTAIN pattefsuch as MOUNTAIN => MOUNTAIN,
MOUNTAIN>MOUNTAIN=> MOUNTAIM)e foundto have higherfrequenciesin mobile sessionswith
somewhat lower frequenciesin desktop sessionsThese rules indicate #t mobile sessions areore
GasSkNOKE 2NARASYGSR

In addition, two frequent rulesin whichthe MOUNTAINpattern is preceded or followed by the FINGER
pattern (MOUNTAIN => FINGER, FINGER => MOUNR#&Msimilar frequenciegor mobile and desktop
sessionsThe FINGER patteimindicative of usergnteringa navigation loogChou et al., 2010)Therefore

these rules implythat searcling behaviourin mobile sessions mayo along with situations in which users
cannot find the information they need.

5.3 Interestin g Rules of Abandoning Behaviour

Two rules in which the FINGEPRpattern appearstwice (FINGER> FINGER and MOUNTAIN>FINGER =>
FINGER) havehown similar distributions of relatively high frequencies in mobéssionsand verylow
frequendes (close to O)n desktop sessionsThese rules describe scenarios in whiters are unable to

find the information they need, which may le#fitem to abandon the sessioWe suggest that these rules
RSY2yadNI S GKFEG AY Y20AfS aSaaaRyéa GASNENBRIGZY
sessions.
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6 CONCLUSIONAND OUTLOOK

In this study we performed an exploratory investigation of tlehaviouralcharacteristics of €ommerce
and mcommerce, through the application of descriptive statistical and web mining tqaba on
clickstream data.

The contribution of this studyo the stateof-the-art is twofold. First, the study offers an integrative
methodology of web usage miningombiningfootstep graph andsequence association ridenining to
analseclickstream dat. Second, this methodologyagpliedin the context of racommerce enabling us
to investigate the differences between-oommerce and €ommerce usage patterns.

Our goal is to support the discovery of usamghaviourcharacteristics irmobile and desktopsessions.
Descriptive statisticeechniques weraused to analsegeneral characteristics of both mobile and desktop
sessions. Navigatiopatterns, which are based on footstep graph principlesye identified in order to
represent the basic browsing elemts of the session. These navigation patterns were lateryaaalusing
sequential rule mininghat extracts frequent sequences of navigation patterns.

The results revealed interestirgharacteristics of searcand purchasebehaviouron e.commerce and m
commerce channelsbased on actudbehaviour Key resultd. J2 Ay G G KIF G Y20AtS aSaaarz
oriented compared to desktop sessions. In addition, mobile sessionsnare likely togo along with
situations in which users cannot find the informatitimeey need. Moreover, we found that in buying
sessionsdesktop sessionare characteised by a moreefficient buyingbehaviour while mobile sessions

were more likely to consist of search browsing elemehtsaddition, mobile sessions were found to have
shorter duration compared to desktop sessions and have relatively uniform frequency over weekdays while
desktop sessions are less frequent during weekends.

The knowledge obtained in this studyan be used in severadluable ways in the context @omVantae.

First, the integrative approach offered in thistudy will enable toY2 RSt dzASNN& OMBRGaAY
ComVantagesystem by givingconcrete examplesof the patterns associated witbertain actualusage
behavioursMoreover, bydiscovering interestindza SNDa oOoNRB gaAyYy I 0SKIFGPBA2dzZNEZ N
improve or redesignComVantageapplications can be madand provideenhancel usage and value.

Insights from this study will be combined in our next deliverable D@@&m{antageimplementation

guidelines and plan) which focuses on the implementation guideline€fimVantaget the orgarisaional

level.
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8 APPENDIX I:CHI SQUARE TEST OF SESSION CONVERSION RATE

ISMobile ~I1SSuccess Crosstabulation

ISSuccess
a 1 Total

[SMohbile o Count 245154 81594 344780
vy within 1SMokile 76 St 13509 100.0%

1 Count 118448 17464 135932

vy within 1ISMobile 87200 12800 100.0%

Total Count 383652 #9060 432712
vy within 1SMobile 77 500 0 50p 10009

Chi-Square Tests

Asymp. Sig. Exact Sig. - Exact Sig. o-
Walue df (2-sided) sided sided)
Fearson Chi-Square &831.789° 1 000
Continuity Correction® £831.134 1 000
Likelihood Ratin 7340774 1 000
Fishers Exact Test oo 000
Linear-hy-Linear
Associgtion 6831775 1 000
M ofvalid Cases 482712

a. o cells pooy have expected count less than 5. The minimum expected count is 27e95 36,

b. Computed only for a 2z table
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9 APPENDIX Il:ASSOCIATION RULES MINING

Association analysis attempts to discover interesting associations between data elements. It has been
widely used to support business decision makingef@ample by analysing customer buying transactions to
extract associations among different items that customers place in their shopping baskets. The patterns
discovered can be represented in the form of association rules.

Let X,Y be random variables, ang e values of variables X and Y, respectively. An association rule can be
written asshown inEquation 1.

X=x=Y=y [support = s%, confidence = c%)]

Equationl: Association Rule format

Rule support andule confidences are two measures afle interestingness.

A Rulesupport of s% indicates that s% of all records in the data coftain® and ¥ =7, as
described irEquation 2

mppart(X:x:vY:y)=Prab(X=xﬂY=y}

Equation2: Rule Support equation

A Rule confidence of ¢% indicates that c% of the records contaififgy* also contail =7, as
described irEquation 3.

confidence (X =x=¥ = }-‘) = Prob(¥ = y|X = x)

Equation3: Rule Confidence equation

Assoa@tion rules are considered interesting if they satisfy both a minimum support threshold and a
minimum confidence threshold which can be specified by users.

Association rules can have multiple varain their antecedents, as describedsquation 4.

X =x, X =52 .0, =x,=2Y=vy [support = 5%, confidence = c%]

Equation4: Association Rule with multiple antecedents
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Whererule interestingness measures are describefgnation5 and Equation6.

support = Prob(X; =x;NX; =x0 ..X, =x,N¥=v)

Equation5: Rule Support equation

confidence = Prob(Y = v|}; = xqNX; =2, N X, = x,,)

Equation6: Rule Confidence equation
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10 APPENDIX IlI: MODELER OUTPUTSEQUENCE RULE MODEL STREAM

DT_November_14-1-14% - P, [P

File Edit Insett View Tools SuperNode Window Help

D%H%aﬁ%if‘rﬂﬂ@.>>%*@ﬁ§é

| ] w @
@ sssss N"Dfss‘y’dd‘ oo Nﬂi‘g
sessionl

Tggle
Statistics @ sessioniD
%g ics
-_—-.L'
. ' Select ISMObile=1 1 == L_:i
S —h— o
R @ Select ISSHcess=0

Ex sssssss ID sessioniD

sessions_Ngvember_t4 Type Zx
SE!H
ﬁ @ Statsticsyr
-—.___’_

Stallsl\cs .
@ Statistics ﬁe ISHpbiIS: 4
Select ISSucess=1 sessionlD sessioniD
Stalistics
S(ansm;

B [£ wnsaved projecty
[=] Business Undersi
i[5 Data Understandi
-] Data Preparation

=] Modeling
[ Evaluation
*L» (=] Deployment
SSSSSSS 1D
se3si0niD. Se\em?cessﬁ: sessioniD
sessioniD
[ 4] [] ]

® 000000 A AQ_aB

Dstabase VarFile ' AstoDataPrep | Select Sample Aggregate | Derive Filter Table  FlatFile Database

TT G Z P m 2] E;:“mmm EN G P il

4
—_—
s
V3
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11 APPENDIX IV: MODELER OUTPUBEQUENCE RULES

11.1 Mobile Buying Sessions

11.2 Desktop Buying-Sessions

lea File ¢ Generate lﬁm ﬁ'}‘ (@ l|
| Wocel | setings summary  Annatatons.
I Sort by |Rule Supportas = |1u | oF |1e |
Antecedent Consequent | Instances || Support 22 || Confidence || Rule Support..|
MOUMNTAIMN MOUMNTAIMN 2,481 72.893 £0.38 44,013
MOUNTAIN FINGER 2,35% 72.891 57.411 a1.84%
FINGER MOUMNTAIMN 1,892 49,255 £8.082 13584
FINGER FINGER 1,874 29297 £7.434 33245
MOUNTAIM MOUMTAIN
1,812 44.013 73.035 32.145
MOURNTAIM
MOUNTAIM FINGER.
1,653 a1.24% 70.072 18324
FINGER
MOURTAIM MOUMTAIN
1,614 a1 84% 48317 28.632
FINGER
UPSTAIRS UPSTAIRS 1,537 21502 £5.072 27.265
FINGER MOUMTAIN
1,340 33,584 Té.11 15.546
MOUNTAIM
FINGER FINGER
1,413 33.245 75.4 25.067
FINGER

£} Generate

' u_g | File

CN 5 ]

b forf ]

Antecedent Conseqguent | Instances || Support 2 || Confidence 2 || Rule SupporL..|
UPSTAIRS UPSTAIRS %118 38278 £7.108 31.055
MOUMTAIMN MOUMNTAIM 7,313 26.74 53.302 24813
UPSTAIRS MOUMNTAIM 5,427 38278 39,851 18.488
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11.3 Mobile Non-Buying Sessions

b d sessionlD

|a File

&) Generate

' Sort by |Rule Support 3 ";5..' =

11.4 Desktop Non-Buying Sessions

P Jotp |
Antecedent | Conseguent | Instances || Support % || Confidence 2 || Rule Support..|
MOUNTAIN FINGER 20,801 72.347 55.344 40.04
MOUMTAIN MOUMTAIMN 20,010 72.347 53.231% 38517
FINGER FINGER 17,743 45131 £5.515 34.153
MOLUMNTAIRM FINGER
15,147 20.04 71.81% 29.156
FINGER
MOLUNTAIRM MOURMTAIM
14,545 38.517 73.208 28198
MOUNTAIN
FINGER MOUMTAIMN 14,314 49131 55081 27.553
FINGER FINGER
13,398 34.153 75.511 25.7%
FINGER

|4 File

¥} Generate

[0 (]

| Model

Sort by: |Rule Supportze | =

b Jorp |

Antecedent | Consequent | Instances | Supportss | Confidence % Rule Support..
MOUMNTAIN MOUNTAIM 12,843 33,238 37.252 12.382
| MOUNTAIN FINGER 2,593 13239 27.825 5245
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