
 

 

 

 

 

 

 
 

 

 

 

 

284928 

Collaborative Manufacturing Network 

for Competitive Advantage 

 

D9.5 – Report on objective data findings 

(public) 
 

 

 

 

 

        

 



 

 
D9.5 ς Report on objective data findings 

WP9 ςEvaluation of ICT and Business Model 

  

© ComVantage Consortium ς 2014  2 

 

 

 

Grant Agreement No. 284928 

Project acronym ComVantage 

Project title Collaborative Manufacturing Network for Competitive Advantage 

 

Deliverable number D9.5 

Deliverable name Report on objective data findings 

Version V 1.0 

 

Work package WP 9ς Evaluation of ICT and Business Model 

Lead beneficiary BGU 

Authors Orit Raphaeli (BGU), Anat Goldstein (BGU), Lior Fink (BGU) 

Reviewers Walid Tfaili (EVIDIAN), Conny Weber (ISN) 

 

Nature R ς Report 

Dissemination level PU ς Public  

Delivery date 28/02/2014 (M30) 

 

 



 

 
D9.5 ς Report on objective data findings 

WP9 ςEvaluation of ICT and Business Model 

  

© ComVantage Consortium ς 2014  3 

 

 

 

 

 
Executive Summary  
 
The ComVantage platform makes use of the lightweight and affordable mobile technology, in combination 
with semantic technology, as infrastructure for connecting data from different business partners, including 
end-customers, in order to address limitations of existing manufacturing ICT infrastructures. The study 
described in this deliverable focuses on the perspective of mobile usage behaviour, aiming to increase the 
understanding of its unique characteristics. In this study, we investigate usage behaviour in mobile sessions 
versus desktop sessions based on the analysis of clickstream data that is recorded in server-side logs. Usage 
behaviour is characterised through the discovery of typical patterns in clickstream data, employing an 
integrative web usage mining approach. The suggested mining approach combines footstep graph 
principles and sequence association mining. Using this approach, we analyse the Web server log files of a 
large Internet retailer in Israel, who introduced mobile commerce (m-commerce) to its existing electronic 
commerce (e-commerce) offerings. 

The methodology includes the key steps of pre-processing of the web server log files, transformation of log 
entries into a session data set, and analysis of the session data set. In the data analysis step, descriptive 
statistics techniques were used to analyse general session characteristics and Web mining techniques were 
ŀǇǇƭƛŜŘ ƻƴ ǎŜǎǎƛƻƴǎΩ ƴŀǾƛƎŀǘƛƻƴ ǇŀǘǘŜǊƴǎ ǘƻ ƛŘŜƴǘƛŦȅ ǎŜŀǊŎƘ ŀƴŘ ǇǳǊŎƘŀǎŜ ǇŀǘǘŜǊƴǎ ƻƴ Ŝ-commerce channel 
and m-commerce channel, based on actual behaviour. 

We explored different characteristics of mobile and 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 weekends. Key results 
discovered through the sequence rules mining, Ǉƻƛƴǘ ǘƘŀǘ ƳƻōƛƭŜ ǎŜǎǎƛƻƴǎ ŀǊŜ ƳƻǊŜ άǎŜŀǊŎƘέ ƻǊƛŜƴǘŜŘ 
compared to desktop sessions and are more likely to go along with situations in which users cannot find the 
information they need. Moreover, in buying sessions, desktop sessions are characterised by a more 
efficient buying behaviour, 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 redesign ComVantage applications in order to provide enhanced 
usage and value. 
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1 OVERVIEW 

1.1 Introduction  

Advancements 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 ComVantage platform makes use of the lightweight and affordable mobile 
technology, in combination with semantic technology, as infrastructure for connecting data from different 
business partners, including end-customers, in order to address limitations of existing manufacturing ICT 
infrastructures (Christl et al., 2013). 

With the growing popularity of mobile technology, the attention of research is turned to different aspects 
of the use of mobile technology to conduct commerce. This mode of commerce, termed m-commerce, is an 
extension of electronic commerce (e-commerce), 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 to e-commerce, which has revolutionised business since it first 
gained prevalence in the 1990s, m-commerce is now seen as the platform that will have a profound impact 
on the competitiveness and structure of business communities and industries (Chong et al., 2012).  

Current estimations ascertain that the potential of m-commerce far exceeds that of e-commerce, due to 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 technology (Church and Oliver, 2011). 

Based on recent estimations, the number of mobile Internet users worldwide was expected to surpass 1 
billion users by 2013 (IDC, 2010). Given the widespread popularity of mobile devices, more retailers are 
considering m-commerce as a new venue for future growth and creating mobile-enabled sites for m-
commerce (Patel, 2011). In line with these predictions US mobile commerce sales are predicted to reach 
$163 billion in sales by 2015, compared to $4.9 billion in 2011 (ABI, 2010).  

M-commerce has different characteristics from traditional e-commerce. First, due to the ever-present 
access of the mobile Internet, m-commerce facilitates anytime, anywhere transactions. Therefore, while e-
commerce continues to be vital for exploring the advantages of the Internet, mobile access appears to 
attract people because of its immediate accessibility (Sumita and Yoshii, 2010). In this context, it was also 
reported that a growing number of users are accessing the Web through mobile devices in non-mobile 
settings like at home or at work (Nylander et al., 2009). Second, users might have more concerns regarding 
privacy and security issues using m-commerce than e-commerce given that data is transferred wirelessly, 
thus making interception of data easier (Chong et al., 2012). Finally, small screens and low usability of 
mobile devices may hamper long and complex use of the m-commerce channel. Relatively less time spent 
per visit and less complex navigation is expected on m-commerce webpages (Bang et al., 2013). These 
inherent different characteristics may change Web usage behaviour in m-commerce compared to e-
commerce. However, despite these potential differences and the increasing significance of the m-
commerce market, there is a scarcity of empirical research on m-commerce, mainly due to the 
unavailability of necessary data and the fact that the mobile technology is still young (Bang et al., 2013, 
Sumita and Yoshii, 2010).  
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1.2 Scope of this Document 

The study reported in this deliverable aims to increase the understanding of the specific characteristics of 
mobile usage behaviour through the application of an integrative web usage mining approach on 
clickstream data. The integrative mining approach combines footstep graph principles with association rule 
mining, allowing the discovery of typical rules characterising different groups, based on their actual site 
browsing behaviour.      

In this study, we apply this integrative mining approach on Web server log files of a large e-retailer in Israel 
that introduced m-commerce to its existing e-commerce offerings. Mining these log files provides a unique 
ƻǇǇƻǊǘǳƴƛǘȅ ǘƻ ŎƻƳǇŀǊŜ ǳǎŜǊǎΩ ōǊƻǿǎƛƴƎ behaviour on both m-commerce and e-commerce channels. 
Therefore, the study focuses on the research question: Do m-commerce usage patterns differ significantly 
from e-commerce usage patterns?    

The insights obtained in this study also demonstrate the contribution of the integrative mining approach in 
characterising different usage behaviours, confirming that such an approach may be valuable in the context 
of ComVantage applications.   

2 LITERATURE REVIEW 

2.1 M-Commerce 

Various information systems researchers have provided different definitions of m-commerce. M-commerce 
is often considered as a subset of e-commerce (Ngai and Gunasekaran, 2007). For this research, we adopt 
the definition employed by Chong et al. (2012), stating that m-coƳƳŜǊŎŜ ƛǎ άŀƴȅ ǘǊŀƴǎŀŎǘƛƻƴΣ ƛƴǾƻƭǾƛƴƎ ǘƘŜ 
transfer of ownership or rights to use goods and services, which is initiated and/or completed by using 
ƳƻōƛƭŜǎ ŀŎŎŜǎǎ ǘƻ ŎƻƳǇǳǘŜǊ ƳŜŘƛŀǘŜŘ ƴŜǘǿƻǊƪǎ ǿƛǘƘ ǘƘŜ ƘŜƭǇ ƻŦ ƳƻōƛƭŜ ŘŜǾƛŎŜǎέ όǇΦорύΦ 

Although a large volume of literature is available on m-commerce, the topic is still under-researched and 
offers potential opportunities for further research and application (Ngai and Gunasekaran, 2007). The 
majority of past research of m-commerce has concentrated on mobile technology (Wu et al., 2013), 
focusing on three main technological issues, including wireless network infrastructure, mobile middleware 
and wireless user infrastructure (Ngai and Gunasekaran, 2007). A significant proportion of the studies on m-
commerce are preoccupied with the adoption, acceptance, and use of mobile shopping, and the utilitarian 
and hedonic factors that might influence it (e.g., Chong, 2012), or with customer satisfaction (e.g., Choi et 
al., 2012). There are also a number of general conceptual reviews of mobile commerce, mobile marketing, 
and mobile retailing implementations (Shankar et al., 2010). Research on consumer shopping behaviour in 
the context of m-commerce is relatively limited. Thus far, almost no empirical studies have examined 
consumer behaviour ǘƘǊƻǳƎƘ ǳǎŜǊǎΩ ōǊƻǿǎƛƴƎ behaviours.  

2.2 Discover ing UÓÅÒÓȭ Browsing Behaviour  
Analysis of click-stream data can aid our understanding of user navigation behaviours by providing detailed 
information regarding patterns gathered on users as they navigate through a website hosted on a server. 
However the size and nature of click-stream logs can make pattern detection and classification difficult and 
time consuming. There are two popular approaches for finding an interesting pattern (Ting et al., 2005). 
The first is to use a visualisaǘƛƻƴ ǘŜŎƘƴƛǉǳŜ ŦƻǊ ǇǊŜǎŜƴǘƛƴƎ ǘƘŜ ǳǎŜǊΩǎ ōǊƻǿǎƛƴƎ ƘƛǎǘƻǊȅ captured in the log 
file, in a graph or map. The second technique is to use a data mining techniques to analyse clickstream 
data, also known as web usage mining (Cooley et al., 1999). The advantage of this kind of web usage mining 
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techniques is that a large amount of data can be processed very efficiently (Mobasher 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   

Lƴ ǘƘƛǎ ǎǘǳŘȅΣ ǿŜ ŀǇǇƭȅ ǘƘŜ άfƻƻǘǎǘŜǇέ ƎǊŀǇƘ ǘŜŎƘƴƛǉǳŜ ǘƻ ǘǊŀƴǎŦƻǊƳ ŎƻƳǇƭŜȄ ŀƴŘ ǳƴǊŜŎƻƎƴised click-stream 
data into a more understandable form suitable for interpretation. The footstep graph was introduced by 
Ting et al. (2005) as a visualisation tool for identifying navigation patterns. The footstep graph is based on a 
simple x-y plot, where the X-axis represents time (in seconds) and the distance between points indicates 
the time between two nodes (pages visited). The Y-ŀȄƛǎ ǊŜǇǊŜǎŜƴǘǎ ǘƘŜ ƴƻŘŜǎ ŀƭƻƴƎ ǘƘŜ ǳǎŜǊΩǎ ƴŀǾƛƎŀǘƛƻƴ 
route and the changes in the vertical axis indicate a transition from one node to another. An example of a 
footstep graph is shown in Figure 1. This graph describe a session in which 8 pages (numbered 0-7) 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 research the number based sequences were transformed into several navigation patterns, 
describing particular navigation paths that reflect certain user navigation behaviour. These patterns were 
ƴŀƳŜŘ ά{ǘŀƛǊǎέ όƛƴŎƭǳŘƛƴƎ ά¦ǇǎǘŀƛǊǎέ ŀƴŘ ά5ƻǿƴǎǘŀƛǊǎέύΣ άaƻǳƴǘŀƛƴέ ŀƴŘ άCƛƴƎŜǊǎέΥ 

(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 visited. An example of a Stairs pattern is shown in Figure 2a. These patterns indicate that the 
user is exploring the website (Canter et al., 1985). 

(2) Mountain pattern - The Mountain pattern is encountered, where an Upstairs pattern is immediately 
followed by a Downstairs one, 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 the user may have fallen into a navigation loop. 

 

Figure 1: A sample footstep graph of a session  
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Figure 2: Examples of (a) Stairs pattern. (b) Mountain pattern. (c) Fingers pattern  

While using a footstep graph for visualising browsing behaviours is easy, this technique is not robust 
enough for analysing an entire clickstream log, which is by nature very large. Therefore we employ the 
Automatic Pattern Discovery (APD) method proposed by Ting et al. (2007) to automatically extract 
browsing patterns from clickstream logs. Following this method (see section 3.2.2), we are able to capture 
browsing behaviour in basic browsing elements, that are later analysed using sequential association mining. 

 

2.2.2 Web-Usage Mining  

Data Mining (DM) refers to the extraction of knowledge from a large amount of data (Han 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 more common model functions include classification, regression, clustering, association rules and 
sequence analysis (Piatetsky-Shapiro, 1991). 

Web mining (Kosala and Blockeel, 2000) is the application of traditional DM techniques with information 
gathered over the web. It is used to understand customer behaviour, evaluate the effectiveness of a 
particular website, and help quantify the success of a marketing campaign. Web usage mining has been 
widely applied to analyse ǳǎŜǊǎΩ ōǊƻǿǎƛƴƎ behaviour through the application of Data Mining techniques to 
discover patterns from click-stream data, providing researchers and practitioners with the opportunity to 
study how users browse or navigate Web sites and get a deeper understanding of their information needs, 
behaviours and underlying motivations. It was commonly applied to provide a better service (Lee et al., 
2002), improved Web site design (Ting et al., 2005) and web-site personalisation (Mobasher et al., 2001). 

Web mining allows looking for patterns in data through content mining, structure mining, and usage 
mining. Content mining 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 navigation patterns for making recommendations by 
observing user or customer behaviour.  

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. A Web log file can be located in 
three different places: Web servers, Web proxy servers and client browsers. In this study we use server-side 
logs, which record the browsing behaviour of site visitors. The data recorded in server logs reflects the 
(possibly concurrent) 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. 
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Data recorded in these server logs are processed and transformed into an appropriate data structure 
comprising a set of attributes for describing users behaviour patterns (see sections 3.13.2) and are then 
analysed using association rule analysis, as described in the following section. 

3 DATA AND METHODOLOGY 
¢ƘŜ ŀǇǇǊƻŀŎƘ ŜƳǇƭƻȅŜŘ ƛƴ ǘƘƛǎ ǎǘǳŘȅ Ŧƻƭƭƻǿǎ ǘƘǊŜŜ ǇƘŀǎŜǎ ǘƻ ƛŘŜƴǘƛŦȅ ǳǎŜǊǎΩ behavioural pattern. In the first 
phase, Data pre-processing, the goal is to translate web-log data into data tables, on which data mining 
algorithms can be executed. In the next phase, session data is further prepared. In this step general 
attributes describing the session are derived. Then, navigation Patterns are identified, in order to represent 
the browsing behaviour of users.  

 

  

Figure 3: Research methodology phases 

3.1 Data Pre-Processing  
Click-stream data pre-processing is a necessary step of any Web usage mining effort, which is aimed at 
ƛŘŜƴǘƛŦȅƛƴƎ ŀƭƭ ǿŜō ŀŎŎŜǎǎ ǎŜǎǎƛƻƴǎΦ ²Ŝō ǎŜǊǾŜǊ ƭƻƎ ŦƛƭŜǎ ǊŜŎƻǊŘ ƛƴŦƻǊƳŀǘƛƻƴ ƻƴ ǳǎŜǊǎΩ ǊŜǉǳŜǎǘǎ ƳŀŘŜ ǘƻ ǘƘŜ 
server. A typical log file entry includes parameters such as server IP address, HTTP request method, client IP 
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 file entries need to be pre-processed. A standard data pre-processing process 
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has been developed in previous usage mining research (Cooley et al., 1999). In general, it includes data 
cleaning, user identification, session identification, and data formatting.   

3.1.1 Data Cleaning  

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

Á requests made by automatic machines, e.g., Web robots or crawlers and not by humans 

Á requests for image files that are associated with requests for actual Web pages 

Á unsuccessful HTTP requests that contain error status   

Á ŜƴǘǊƛŜǎ ǿƛǘƘ ǊŜǉǳŜǎǘ ƳŜǘƘƻŘ ǘƘŀǘ ƛǎ ƴƻǘ άD9¢έ ƻǊ άth{¢έ 

3.1.2 User Identification  

In order to analyse ǳǎŜǊǎΩ ǳǎŀƎŜ behaviours, we need to distinguish between different users in the log files. 
While usually in Web log files users are anonymous, we can approximately represent them in terms of their 
IP addresses ([ƛǳ ŀƴŘ YŜǑŜƭƧΣ нллт). It should be noted, however, 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 sessions, as described in the following section.  

3.1.3 Session Identification  

Since in Web usage mining our goal is to identify usage characteristics and patterns, the focus of our 
analysis is on web access sessions. A session 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 once a day, the 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 sessionising heuristic that is used in the literature (Berendt et al., 2001, [ƛǳ ŀƴŘ YŜǑŜƭƧΣ нллт), 
according to which the duration of a session does not exceed a threshold of 30 minutes, as determined to 
be optimal based on 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 by the 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 Session Data Preparation    
In this step sessions defined in the previous section are augmented with two types of properties: general 
access properties that describe each session and properties 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 characterised by a collection 
of attributes that capture technical, time-oriented 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 these attributes from the UserAgent string that is recorded for each requested page in 
the weblog file. 

Time-oriented attributes include: Date, DayOfWeek (the day of the week in which the session started), 
Daytime: morning (06:00-12:00), afternoon (12:00-18:00), evening (18:00-00:00), or night (00:00-06:00) 
Duration, and median of page stay duration (in minutes). These attributes are derived from the date/ time 
data that is recorded in each log file entry, representing the time each page was accessed.  
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Other general measures include: ISSuccess (whether the session ended with a purchase, i.e. ended in a 
άǘƘŀƴƪ ȅƻǳ ŦƻǊ ǎƘƻǇǇƛƴƎέ ǇŀƎŜύ ŀƴŘ numberOfClicks (the number of pages visited during the session). 

 

3.2.2 Navigation Pattern  Identification  
One characteristic of web usage is the navigation pattern 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 often visualiseŘ ǳǎƛƴƎ ŀ άCƻƻǘǎǘŜǇέ ƎǊŀǇƘΣ ŀǎ ŘŜǎŎǊƛōŜŘ ƛƴ Figure 1 . 

In order to identify navigation patterns, we follow the approach presented in (Chou et al., 2010, Apolloni et 
al., 2007). This approach identifies behavioural patterns from click-stream data. For each session we 
process its click-stream data (represented as list of Web-pages), using the following steps: 

Á First, we numbered each page in the clickstream uniquely, 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 
άǳǎŜǊǎΩ ōǊƻǿǎƛƴƎ ǊƻǳǘŜ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴέΦ 

Á The resulting number-based sequence is then transformed into basic (level-1) browsing 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 UP element 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 
ƛƴǘƻ ƛǘǎ ōŀǎƛŎ ōǊƻǿǎƛƴƎ ŜƭŜƳŜƴǘǎΥ wΩ Ґ ϑ¦tΣ 5h²bΣ ¦tΣ 5h²bΣ ¦tΣ ¦tΣ {!a9ϒΦ  

Á The basic element sequence is then transformed into level-2 browsing elements, which record 
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 the level-1 sequence. A 
THROUGH element occurs when there is a shift from DOWN to UP. Non (UP->DOWN) or (DOWN-
>UP) are not transformed. For example the level-м ƴŀǾƛƎŀǘƛƻƴ ǊƻǳǘŜ wΩ Ґ ϑ¦tΣ 5h²bΣ ¦tΣ 5h²bΣ 
¦tΣ ¦tΣ {!a9ϒ ǿƛƭƭ ōŜ ǘǊŀƴǎŦƻǊƳŜŘ ƛƴǘƻΥ wΩΩ Ґ ϑt9!YΣ ¢Iwh¦IΣ t9!YΣ ¢Iwh¦DIΣ ¦tΣ {!a9ϒΦ 

Á In the last step, level-2 browsing elements are transformed into 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 is identified 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 2c). 
Continuing with the previous example, the level-2 navigation route is transformed into RΩΩΩ Ґ 
{FINGER, FINGER, UPSTAIRS}. 

Identified navigation patterns are captured as session attributes using several techniques: Firstly, we add a 
string that describes the identified navigation patterns (BehaviorPatternString), for example: {MOUNTAIN, 
MOUNTAIN,FINGER,FINGER,FINGER,UPSTAIRS}. If a session is too short, that is, it contains up to three 
ǇŀƎŜǎΣ ǘƘŜǊŜ ƛǎ ƴƻǘ ŀƴ ŀŎǘǳŀƭ ƴŀǾƛƎŀǘƛƻƴ ǇŀǘǘŜǊƴΦ Lƴ ǎǳŎƘ ŎŀǎŜǎ ǘƘŜ {ǘǊƛƴƎ Ψbhb9Ω ƛǎ ǳǎŜŘ to indicate that in 
fact a navigation pattern cannot be identified. In addition, it is possible that a session contains several 
ŎƻƴǎŜŎǳǘƛǾŜ ƛŘŜƴǘƛŎŀƭ ǇŀƎŜǎ όƛΦŜΦ ŀ ǎŜǉǳŜƴŎŜ ƻŦ Ψ{!a9Ω ŜƭŜƳŜƴǘǎύ, meaning that the page was refreshed 
several times in a rowΦ {ǳŎƘ ŎŀǎŜǎ ŀǊŜ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŀ Ψbhb9Ω ǎǘǊƛƴƎ as well. Secondly, we add a set of 
four values representing the distribution of MOUNTAIN, FINGER, UPSTAIRS and DOWNSTAIRS respectively 
in the session. For example, the pattern sequence {UPSTAIRS, FINGER, FINGER, MOUNTAIN} is represented 
by the values {25%, 50%, 25%, 0}. 
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3.2.3 Model Varia bles 

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 maximise the 
predictive power of our modelling exercise (Montgomery et al., 2004) and to detect the most valuable 
characteristics that distinguish between m-commerce and e-commerce patterns. Table 1 summarises the 
list of variables that are used in our model and Figure 4 presents example values of these variables. 

Attribute Description  

ClientIP IP from which the session was initiated 

Datetime The date and time the session started 

Browser
*
 /ƭƛŜƴǘΩǎ ōǊƻǿǎŜǊ όŜΦƎΦ /ƘǊƻƳŜΣ CƛǊŜŦƻȄΣ LƴǘŜǊƴŜǘ 9ȄǇƭƻǊŜǊύ 

OperatingSys*  /ƭƛŜƴǘΩǎ ƻǇŜǊŀǘƛƴƎ ǎȅǎǘŜƳ όŜΦƎΦ ²ƛƴŘƻǿǎΣ !ƴŘǊƻƛŘΣ ƛh{ύ 

Duration {ŜǎǎƛƻƴΩǎ ŘǳǊŀǘƛƻƴ  

DayOfWeek ¢ƘŜ Řŀȅ ƻŦ ǿŜŜƪ ƛƴ ǿƘƛŎƘ ǘƘŜ ǎŜǎǎƛƻƴ ƻŎŎǳǊǊŜŘ όŜΦƎΦ {ǳƴŘŀȅΣ aƻƴŘŀȅΣ Χύ 

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 The median of page-stay durations 

NumberofClicks The number of navigation steps the client performed  

ISMobile Was the session initiated from a mobile device (true) or from a desktop (false) 

ISSuccess Did the session led to a sale  

Downstairs_dist*   The peǊŎŜƴǘŀƎŜ ƻŦ Ψ5h²b{¢!Lw{Ω ǇŀǘǘŜǊƴǎ ƛƴ ǘƘŜ BehaviorString 

Fingers_dist*  ¢ƘŜ ǇŜǊŎŜƴǘŀƎŜ ƻŦ ΨCLbD9w ǇŀǘǘŜǊƴǎ ƛƴ ǘƘŜ BehaviorString 

Mountain_dist*  ¢ƘŜ ǇŜǊŎŜƴǘŀƎŜ ƻŦ Ψah¦b¢!Lb ǇŀǘǘŜǊƴǎ ƛƴ ǘƘŜ BehaviorString 

Upstairs_dist*  ¢ƘŜ ǇŜǊŎŜƴǘŀƎŜ ƻŦ Ψ¦t{¢!Lw{Ω ǇŀǘǘŜǊƴǎ in the BehaviorString 

BehaviorString 
A string of navigation patterns describing the session (e.g. {MOUNTIAN, 
FINGER,FINGER, MOUNTAIN}) 

ShortBehaviorString*  
A string that merges consecutive identical navigation patterns  (e.g. 
{FINGER,FINGER} would be represented as {FINGER}) 

Table 1: List of attributes characterising a session  

 

Figure 4: 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 an exploratory data analysis, in which general session measures have 
been analysed using descriptive statistics, in order to examine whether these measures can distinguish 
between mobile and desktop sessions. Statistics analysis was conducted using IBM SPSS Statistics (IBM, 
USA). The main analysis methods employed include: 

Á Central tendency measures (such as mean and median) and variation measures (such as range and 
standard deviation), which describe the properties of the distribution of continuous variables (e.g. 
ά{Ŝǎǎƛƻƴ 5ǳǊŀǘƛƻƴέ ŀƴŘ άbǳƳōŜǊ ƻŦ Clicksέ). 

Á Frequency analysis, which summarises the distribution of continuous as well as discrete variables 
(e.g. ά5ay of Weekέ ŀƴŘ ά5ŀȅ ¢ƛƳŜέύ.  

Á Graphical representation of frequencies, using histograms and distribution graphs. 

Á In addition, the Pearson Chi square test was used to test whether differences between distributions 
are significant.  

3.3.2 Association Rule-Mining  
An important aspect of the navigation patterns strings identified through the application of the footstep 
graph principles (as described in section 3.2.2) is the chronological sequence of patterns in the string. We 
expect that certain sequences of patterns may distinguish browsing behaviours in mobile and desktop 
sessions. A data mining technique, which accounts for the chronological aspect, is the sequential 
association rule mining. The sequence association rules algorithm is aimed at discovering association rules 
in sequential or time-oriented data (see Appendix 1).  

The elements of a sequence are the list of navigation 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 items, each containing a 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 example, the output of the algorithm can be the 
sequence MOUNTAIN => FINGER, meaning that it is often that a MOUNTAIN pattern is followed by a 
FINGER pattern. For each identified sequence, the algorithm also provides further parameters such as the 
support of the rule and its confidence, as explained below, in section 4.3. Sequence association rules 
mining was conducted using of PASW Modeler (previously Clementine, IBM, USA). 

4 RESULTS 

4.1 Data Description  
We analyse the Web server log files of a large Israeli e-retailer, which offers in its Web store a wide range of 
different product categories through auctions, group, and personal sales. The site supports both e-
commerce and m-commerce. The log files were collected over a period of 56 days, from October 31, 2013 
to December 25, 2013. Table 2 summarises the characteristics of the log file data. 
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 Total Mobile Not mobile 

Number of sessions 2,439,597 557,135 1,882,462 

Average number of visits per 
day 

43,564 9,949 33,615 

Number of sessions with 
more than 2 clicks   

482,712 135,932 346,780 

Original log files volume 58.8GB 

Clean data volume (after 
cleansing and pre-processing) 

438MB 

Table 2: Dataset characteristics 

4.2 Data Exploration  

In this section, the properties of the dataset variables have been examined in order to see whether simple 
statistical tools could distinguish between desktop and mobile sessions. As described in Table 2, the original 
dataset included about 2.4 million sessions. However, since 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 Session Attributes of Mobile and Desktop Sessions  
Session attributes, including number of clicks per session (NumberofClicks), session duration, and 
mean/median page duration in a session, have been examined to detect potential differences between 
mobile (ISMobile=1) and desktop (ISMobile=0) sessions. A summary of variable statistics of session 
attributes is presented in Table 3, followed by a short description of each variable. 

 Field Population Min Max Range Mean Std. Dev Median 

Number of Clicks  
[ NumberofClicks] 

All sessions 3.0 1,383.0 1,380.0 7.1 6.3 5.0 

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) 
[ Duration_min] 
  

All sessions 0.1 30.0 29.9 10.7 8.9 7.7 

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 
in a session (minutes) 
[medianPageDutation] 

All sessions 0.0 14.8 14.8 1.1 1.5 0.7 

Mobile sessions 0.0 14.3 14.3 0.6 1.0 0.3 

Desktop sessions 0.0 14.8 14.8 1.3 1.6 0.8 

Table 3: Summary statistics of session attributes 

4.2.1.1 Number of Clicks (NumberOfClicks) 

As described in Table 3, the number of clicks over all sessions has a mean value of 7.1 and a median value 
of 5. Comparing mobile to desktop sessions shows that mobile sessions have a higher number of clicks 
compared to desktop sessions (mean values: 8.3 vs. 6.7 clicks, median values: 6 vs. 5). In addition the range 
of mobile sessions is narrower compared to desktop sessions (108 vs. 1380). Figure 5 displays the 
distribution of the number of clicks of desktop (left) and mobile (right) sessions.  
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Figure 5: Distribution of “Number of Clicks” of Desktop (left) and Mobile (right) 

4.2.1.2 Session Duration (Duration_min) 

As described in Table 3, the duration over all sessions has a mean value of 10.7 minutes and a median value 
of 7 minutes. Comparing mobile to desktop sessions shows that mobile sessions are shorter compared to 
desktop sessions (mean values: 7.9 vs. 11.8 minutes, median values: 4.7 vs. 9.2 minutes). Figure 6 displays 
the distribution of session duration of desktop (left) and mobile (right) sessions. It demonstrates that the 
distribution of mobile session duration is more concentrated toward lower values.  

  

Figure 6: Distribution of “Session Durationέ of Desktop (left) and Mobile (right) 

4.2.1.3 Median Page Duration (medianPageDuration_min) 

As described in Table 3, the median page duration over all sessions has a mean value of 1.1 minutes and a 
median value of 0.7 minutes. Similarly to session duration, median page duration of mobile sessions tends 
to be shorter compared to that of desktop sessions (mean value: 0.6 vs. 1.3 minutes, median value: 0.3 vs. 
0.8 minutes). Figure 7 displays the distribution of median page duration for desktop (left) and mobile (right) 
sessions. It demonstrates that the distribution of median page duration is more skewed toward shorter 
durations for mobile sessions than for desktop sessions.      
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Figure 7: Distribution of “Median Page Duration” of Desktop (left) and Mobile (right) 

4.2.2 Tim ing of Mobile and Desktop Sessions 
Timing of sessions, expressed by the day of the week (DayofWeek) and day time (Daytime) in which the 
session occurred, has been examined to detect potential differences between mobile (ISMobile=1) and 
desktop (ISMobile=0) sessions.   

4.2.2.1 Day of Week (DayOfWeek)  

Figure 8 displays the frequency of sessions in each day of the week. It shows relatively uniform frequencies 
(around 15%) of sessions on weekdays (Sunday to Thursday) with a decrease in the frequency over the 
weekend Ϟ (around 12%). This decrease is attributed mostly to desktop sessions, while mobile sessions 
demonstrate relatively uniform frequencies on all days. 

 

Figure 8: Frequency of mobile (brown) and desktop (blue) sessions in week days  

                                                           
Ϟ
 In Israel, the weekend is on Friday and Saturday 
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4.2.2.2 Time Slots (Daytime)  

Figure 9 displays the frequency of sessions in four time slots along the day. The figure shows that across all 
sessions, morning (06:00-12:00) and afternoon (12:00-18:00) sessions are more frequent than evening 
(18:00-24:00) sessions. As expected, night (00:00-06:00) sessions have the lowest frequency. Comparing 
mobile to desktop sessions reveals that while the most frequent time interval of desktop sessions is the 
morning, the most frequent time interval of mobile sessions is the afternoon.  

 

Figure 9: Frequency of mobile (brown) and desktop (blue) sessions in time slots  

4.2.3 Conversion Rates in Mobile and Desktop Sessions 
An additional analysis focused on whether there is a difference in conversion rate between mobile and 
desktop session. Conversion rate is defined as the percentage of sessions that ended in a purchase 
(ISSuccess=1). As indicated in Figure 10, while 23% of desktop sessions ended in a purchase, only 13% of 
mobile sessions ended in a purchase. We used the Pearson Chi-square test to examine the dependency 
between conversion rate and device type (mobile or desktop). As detailed in Appendix I, this test confirmed 
that such dependency exists and that conversion rate is higher for desktop sessions than for mobile 
sessions.   

 

Figure 10: Conversion Rates (in brown) in mobile and desktop sessions 
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4.2.4 Session Attributes 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 
analysis of session attributes, distinguishing between four subsamples: Mobile sessions that led to a 
purchase (Mobile-Buying), Mobile sessions that did not lead to a purchase (Mobile-Non Buying), Desktop 
sessions that led to a purchase (Desktop-Buying), and desktop sessions that did not lead to a purchase 
(Desktop-Non Buying). Figure 11 demonstrates that for both mobile and desktop, buying sessions are on 
average longer and involve more clicks than non-buying sessions.  

 

Figure 11: Average “Session Duration” and Average “Number of Clicks”  

4.3 Sequence Association Rules of Navigation Patterns  
Following the description in section 3.3.2, we used the Sequence rule algorithm to extract navigation 
pattern sequence association rules from the dataset of sessions. In other words, we employed the 
algorithm to identify common sequences of navigation patterns. Due to computing power limitations, we 
had to restrict the number of sessions in the dataset. Therefore, we performed the rule mining on 190,739 
sessions (57,599 mobile, 133,140 desktop) that occurred during a one-month period ς between November 
1st and November 30th 2013.  

Based on the insights obtained in the exploratory step, the dataset was divided into four subsamples, based 
on device type (mobile vs. desktop) and purchasing behaviour (buying vs. non-buying). Table 4 shows the 
number of sessions in each subsample. 

Subsample Number of sessions 

Mobile-Buying 5,638 

Mobile-Non Buying 51,961 

Desktop-Buying 29,370 

Desktop -Non Buying 103,770 

Table 4: Number of sessions in subsamples  

We ran the sequence association rules model for each subsample. The Sequence Rule Model Stream 
MODELER screenshot is presented in Appendix III. Table 5 presents some of the interesting rules obtained 
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for each subsample, sorted according to rule support and rule confidence (see appendix IV for MODELER 
output). For each rule, the following properties are displayed: 

Á Instances ς displays information about the number of sessions for which the full sequence appears. 

Á Support ς displays the proportion of records for which the entire rule is true.  

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

Á Antecedent support ς displays the proportion of sessions for which the antecedents are true. 

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

Subsample Rule Instances Support 
(%) 

Confidence 
(%) 

Antecedent 
support (%) 

B
u
y
in

g 

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 

FINGER => FINGER 1,874 33.2 67.4 49.3 

MOUNTAIN> MOUNTAIN=> 
MOUNTAIN 

1,812 32.1 73.0 44.0 

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 

N
o
n-

B
u
yi

n
g 

Mobile  MOUNTAIN => FINGER 20,801 40.0 72.3 55.3 

MOUNTAIN => MOUNTAIN 20,010 38.5 72.3 53.2 

FINGER => FINGER 17,743 34.2 49.1 69.5 

MOUNTAIN>FINGER => FINGER 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 

Table 5: Frequent sequence rules for each subsample  

CƻǊ ŜȄŀƳǇƭŜΣ ǘƘŜ ǊǳƭŜ άah¦b¢!Lb ҐҔ ah¦b¢!Lbέ ƛǎ ǘƘŜ Ƴƻǎǘ ŎƻƳƳƻƴ ǊǳƭŜ ƛƴ ǘƘŜ ƳƻōƛƭŜ-buying 
subsample. It appears in 2,481 mobile-buying sessions, which are 44% of the mobile-buying sessions in the 
ŘŀǘŀǎŜǘ όǎǳǇǇƻǊǘύΦ ¢ƘŜ ŀƴǘŜŎŜŘŜƴǘ άah¦b¢!Lbέ ŀǇǇŜŀǊǎ ƛƴ то҈ ƻŦ ǘƘŜ ƳƻōƛƭŜ-buying sessions (antecedent 
support), and in 60% of those sessions ǘƘŜ ŎƻƴǎŜǉǳŜƴŎŜ ƛǎ άah¦b¢!Lbέ όŎƻƴŦƛŘŜƴŎŜύΦ  ¢Ƙƛǎ ǊǳƭŜ ŀǇǇŜŀǊǎ ƛƴ 
other subsamples as well. For example, in the desktop-buying subsample, the rule has 7,313 instances, 
which are 25% of the desktop -buying sessions. Its support is 47% and its confidence is 53%. 

In order to compare the results across subsamples, the rules found were manually analysed to identify 
which rules were most frequent in certain subsamples and least frequent in others. This was done by 
examining the support values of the most frequent rules (presented in Table 5) for all four subsamples. In 
order to obtain all support values, we had to compute rules with low frequency (support). Therefore, we 
ran the sequence model again, this time with a lower support threshold (5%) so we can get the values in 
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other subsamples where they are not frequent. Table 6 shows the results obtained. Subsamples in which 
the rule is frequent (high support rate) are bolded. 

 

Sequence Rule Buying Non-Buying 

Mobile Desktop Mobile Desktop 

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=> 
MOUNTAIN 

32% 13% 28% 7% 

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

Table 6: Comparison rule support values of frequent sequence rules 

Two main findings emerge from Table 6: 

Á Two rules were found to be frequent in buying sessions, while having low frequencies in non-buying 
sessions. These rules are UPSTAIRS => UPSTAIRS and UPSTAIRS => MOUNTAIN. The UPSTAIRS => 
UPSTAIRS rule has a higher frequency in desktop-buying sessions, while the UPSTAIRS => 
MOUNTAIN rule has a higher frequency in mobile-buying sessions. 

Á Several rules were found to be frequent in mobile sessions (in both buying and non-buying 
sessions), while having low frequencies in desktop sessions. As seen in Table 6 (in bold font), these 
rules include: MOUNTAIN => MOUNTAIN, MOUNTAIN => FINGER, FINGER => MOUNTAIN, FINGER 
=> FINGER, MOUNTAIN>MOUNTAIN => MOUNTAIN and MOUNTAIN>FINGER => FINGER. It is 
ingesting to note that rules that include the FINGER pattern twice (FINGER => FINGER and 
MOUNTAIN>FINGER => FINGER) have very low frequencies in desktop sessions. 

5 DISCUSSION 
The results of this study provide empirical support to several characteristics of usage behaviour in m-
commerce and e-commerce that were reported in earlier studies.  

The exploratory analysis of session characteristics, described in section 4.2, has revealed that mobile 
sessions have a relatively uniform frequency along all days of the week, including weekends (Friday-
Saturday in Israel), while desktop sessions are less frequent in weekends. Moreover, mobile sessions have 
the highest frequency at afternoon hours, while the highest frequency of desktop sessions is at morning 
hours. These findings demonstrate the immediate accessibility of m-commerce, which facilitates 
transactions anytime, anywhere (Sumita and Yoshii, 2010). In addition, the mean values of session duration 
variables show that mobile sessions have shorter duration as well as shorter median page duration 
compared to desktop sessions. Similar findings have been reported in previous studies, which claimed that 
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the limited usability and small screens of mobile devices may cause shorter time per visit, as users spend 
shorter times at each m-commerce webpage (Bang et al., 2013). The exploratory analysis has also shown 
that conversion rates in m-commerce are significantly lower compared to e-commerce, posing a challenge 
of further investigation of purchasing behaviours in both channels. The application of sequence mining on 
session navigation patterns enabled us to identify search and purchase patterns on e-commerce and m-
commerce channels, based on actual behaviour. We analyse the navigation pattern sequences, described in 
section 4.3, according to three browsing strategies, used by Chou et al. (2010). Next, we relate sequence 
rules (presented in Table 6) to the three browsing strategies, including 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 in non-buying 
sessions. The rules include UPSTAIRS => UPSTAIRS and UPSTAIRS => MOUNTAIN. The UPSTAIRS pattern is 
indicative of users exploring the website, while the MOUNTAIN pattern is indicative of users searching the 
site for a specific target (Chou et al., 2010). Based on this distinction, the UPSTAIRS => UPSTAIRS sequence 
indicates an efficient buying behaviour, in which the user only moves forward in the website to accomplish 
a task. As described in Table 6, this rule had a higher frequency in desktop-buying sessions than in mobile-
buying sessions, implying that purchasing through desktop may be more practical and convenient. In 
contrast, the UPSTAIRS => MOUNTAIN sequence indicates a less efficient buying behaviour, in which users 
start with moving forward and end up returning back to the original page. This rule is more frequent in 
mobile-buying sessions, implying that purchasing behaviour through a mobile channel is more likely to 
consist of search browsing elements compared to purchasing behaviour through a desktop channel. 

5.2 Interesting Rules of Searching  Behaviour  

Several rules that consist of a sequence of MOUNTAIN patterns (such as MOUNTAIN => MOUNTAIN, 
MOUNTAIN>MOUNTAIN=> MOUNTAIN) were found to have higher frequencies in mobile sessions, with 
somewhat lower frequencies in desktop sessions. These rules indicate that mobile sessions are more 
άǎŜŀǊŎƘέ ƻǊƛŜƴǘŜŘ.  

In addition, two frequent rules, in which the MOUNTAIN pattern is preceded or followed by the FINGER 
pattern (MOUNTAIN => FINGER, FINGER => MOUNTAIN) show similar frequencies for mobile and desktop 
sessions. The FINGER pattern is indicative of users entering a navigation loop (Chou et al., 2010). Therefore, 
these rules imply that searching behaviour in mobile sessions may go 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 FINGER pattern appears twice (FINGER => FINGER and MOUNTAIN>FINGER => 
FINGER) have shown similar distributions of relatively high frequencies in mobile sessions and very low 
frequencies (close to 0) in desktop sessions. These rules describe scenarios in which users are unable to 
find the information they need, which may lead them to abandon the session. We suggest that these rules 
ŘŜƳƻƴǎǘǊŀǘŜ ǘƘŀǘ ƛƴ ƳƻōƛƭŜ ǎŜǎǎƛƻƴǎ ǳǎŜǊǎ ŀǊŜ ƳƻǊŜ ƭƛƪŜƭȅ ǘƻ άƭƻǎŜ ǘƘŜƛǊ ǿŀȅέ ŎƻƳǇŀǊŜŘ ǘƻ ŘŜǎƪǘƻǇ 
sessions.  
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6 CONCLUSIONS AND OUTLOOK  

In this study we performed an exploratory investigation of the behavioural characteristics of e-commerce 
and m-commerce, through the application of descriptive statistical and web mining techniques on 
clickstream data. 

The contribution of this study to the state-of-the-art is twofold. First, the study offers an integrative 
methodology of web usage mining, combining footstep graph and sequence association rules mining to 
analyse click-stream data. Second, this methodology is applied in the context of m-commerce, enabling us 
to investigate the differences between m-commerce and e-commerce usage patterns.  

Our goal is to support the discovery of usage behaviour characteristics in mobile and desktop sessions. 
Descriptive statistics techniques were used to analyse general characteristics of both mobile and desktop 
sessions. Navigation patterns, which are based on footstep graph principles, were identified in order to 
represent the basic browsing elements of the session. These navigation patterns were later analysed using 
sequential rule mining that extracts frequent sequences of navigation patterns. 

The results revealed interesting characteristics of search and purchase behaviour on e-commerce and m-
commerce channels, based on actual behaviour. Key results Ǉƻƛƴǘ ǘƘŀǘ ƳƻōƛƭŜ ǎŜǎǎƛƻƴǎ ŀǊŜ ƳƻǊŜ άǎŜŀǊŎƘέ 
oriented compared to desktop sessions. In addition, mobile sessions are more likely to go along with 
situations in which users cannot find the information they need. Moreover, we found that in buying 
sessions, desktop sessions are characterised by a more efficient buying behaviour, while mobile sessions 
were more likely to consist of search browsing elements. In addition, 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 study can be used in several valuable ways in the context of ComVantage. 
First, the integrative approach offered in this study will enable to ƳƻŘŜƭ ǳǎŜǊΩǎ ōǊƻǿǎƛƴƎ ōŜƘŀǾƛƻǳǊ in 
ComVantage system, by giving concrete examples of the patterns associated with certain actual usage 
behaviours. Moreover, by discovering interesting ǳǎŜǊΩǎ ōǊƻǿǎƛƴƎ ōŜƘŀǾƛƻǳǊǎΣ ǊŜŎƻƳƳŜƴŘŀǘƛƻƴǎ ƻƴ Ƙƻǿ ǘƻ 
improve or redesign ComVantage applications can be made and provide enhanced usage and value. 
Insights from this study will be combined in our next deliverable D9.6 (ComVantage implementation 
guidelines and plan) which focuses on the implementation guidelines for ComVantage at the organisational 
level. 
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8 APPENDIX I: CHI SQUARE TEST OF SESSION CONVERSION RATE  
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9 APPENDIX II: ASSOCIATION RULES MINING 
Association analysis attempts to discover interesting associations between data elements. It has been 
widely used to support business decision making, for example 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, and x,y be values of variables X and Y, respectively. An association rule can be 
written as shown in Equation 1. 

  

 

Equation 1: Association Rule format 

 

Rule support and rule confidences are two measures of rule interestingness. 

Á Rule support of s% indicates that s% of all records in the data contain   and   , as 
described in Equation 2. 

 

 

Equation 2: Rule Support equation  

Á Rule confidence of c% indicates that c% of the records containing  also contain , as 
described in Equation 3.  

 

 

 

Equation 3: Rule Confidence equation  

Association 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 variables in their antecedents, as described in Equation 4. 

 

 

Equation 4: Association Rule with multiple antecedents 
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Where rule interestingness measures are described in Equation 5 and Equation 6. 

 

 

Equation 5: Rule Support equation  

 

 

Equation 6: Rule Confidence equation  
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10 APPENDIX III: MODELER OUTPUT: SEQUENCE RULE MODEL STREAM 
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11 APPENDIX IV: MODELER OUTPUT: SEQUENCE RULES  
 

11.1 Mobile  Buying Sessions 

 

11.2 Desktop Buying -Sessions 
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11.3 Mobile Non-Buying Sessions 

 

11.4 Desktop Non-Buying Sessions 
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