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ABSTRACT
Mobile shopping assistants have been subject to research in
the field of ubiquitous and pervasive computing for many
years. Now the wide adoption of mobile shopping applica-
tions for smartphones allows evaluation on a large scale. To
study how consumers actually use these applications, we an-
alyze server logs of a mobile bargain finder application for
the iPhone used by 33,000 users over a period of six months.
In this paper we discuss our approach, the methods we have
used, and some challenges and limitations we have encoun-
tered. First results indicate that contrary to the focus of most
research in the field the application is used rather from home
than at the point of sale or on the go.
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INTRODUCTION
Mobile shopping assistants have been a relevant topic for
pervasive and ubiquitous computing for many years. Brody
and Gottsman presented the Pocket BargainFinder, a hand-
held device to scan barcodes of books and find the best avail-
able price online in 1999 [1]. Today, the wide distribution of
mobile shopping applications on smartphones - e.g., Shop-
Savvy reports 16 million downloads of their price compar-
ison app [9] - allows to study the usage of mobile applica-
tions on a larger scale and in their real contexts of use. This
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”in the wild” approach has been proposed as a model for re-
search in the field of ubiquitous and pervasive computing,
e.g. by Korn [5], McMillan [7], and Michahelles [8], and
promises insights into real-world usage of mobile applica-
tions compared to findings from research under laboratory
conditions.

In order to increase the understanding of mobile shopping
applications in the wild we have partnered with Comparis,
a company providing an iPhone application for finding bar-
gains in supermarkets. The application aggregates data about
special offers and bargains from all local retailers and super-
markets on a daily basis and makes them available on the
iPhone. Bargains are browsable by product category and re-
tailer. In this paper we evaluate the application’s usage by
analyzing the log data of the server backend, studying ser-
vice requests from more than 33,000 individual users over a
period of more than six months. Our goals are to find out
how the bargain finder application is used and what interest-
ing research questions can be answered using the available
data.

METHODOLOGY
Based on previous work on web usage analysis [10, 11] a us-
age mining process is applied for an explanatory analysis of
the available log data to find out how the bargain finder appli-
cation is used. The first step is to understand the application
and the log data. Then the data are prepared and enriched
for statistical analysis. The following subsections describe
the application and its functionality, the available log data,
and the process of data preparation and enrichment.

Description of the application
The iPhone application Bargain Finder was released on the
iTunes App Store in March 2009 by Comparis, the national
leading provider for price comparison of services and prod-
ucts in Switzerland. After starting the application the user
sees a list of current top bargains for local retailers ordered
by the percentage of potential saving. Users can select bar-
gains by product categories and subcategories, e.g. sodas
and lemonades in beverages. Users can also select bargains
by retailer, combine retailer and product category selection,
and locate nearby stores. A watchlist allows users to remem-
ber single bargains. Figure 1 shows screenshots. The appli-
cation uses a webservice to request information about the
current bargains from a server backend.



Figure 1. Screenshots of the iPhone application with mapped request types (from left to right): top bargains, retailer selection, bargains for one
retailer, category selection, subcategory selection in the category food.

Log Data
Every request from the iPhone application is logged on the
server backend. The application does not cache any infor-
mation about bargains but requests it from the server every
time the user changes the selection of bargains. This means
that the server logs show the actual usage of the application
and interests of the users very precisely. Only adding bar-
gains to the watchlist does not trigger a request to the server
as the information is stored locally on the iPhone.

Data preparation and enrichment
The provider of the iPhone application made available more
than one year of log data for analysis. An initial analysis
shows that several weeks of log data are missing due to stor-
age errors. For the further analysis the largest consistent part
of the logs without gaps of missing data and representing full
calendar weeks is chosen: from 22 November 2009 until 29
May 2010, in total more than six months of log data with
over 1.2 million requests.

User and session identification
A persistent cookie ID in the logs allows tracking of individ-
ual instances over time. For the analysis it is assumed that
one instance of the application is mainly used by the same
user so this cookie ID can be considered to be a unique user
identifier. The application does not collect any personal in-
formation from users so all analyzed data is anonymous.

Both the cookie ID and a session ID are generated on the
server side upon the first request and then sent to the iPhone
app. Thus, every first request of an instance and every first
request of a session is missing the ID in the server logs. The
timestamp and IP address of the requests are used to recon-
struct this missing ID. Requests for which cookie or session
ID can not be reconstructed are not included in the analysis.

Request types
Ten types of request originating from the iPhone application
can be differentiated in the server logs and are shown in fig-
ure 1. To reduce the dimensions for analysis these types
are grouped into four groups of high level request types:
category specific requests (C), retailer specific requests (R),

combined category and retailer requests (E), and generic re-
quests (G) without a category or retailer specified.

Connection type
To get more meaningful location information originating IP
addresses from the server logs are resolved using various
data sources: The freely available GeoIP database is used to
get a country of origin and the Internet service provider rout-
ing the IP address [3]. The Domain Name System (DNS) is
used to do reverse-lookups in order to get hostnames. The
WHOIS protocol is used to get more information about a
range of IP addresses [2]. In combination this allows to de-
termine whether a request origins from a WiFi Internet con-
nection or a cellular network (3G or UMTS): Nearly all re-
quests (98.5%) originate from the home country of the bar-
gain finder service provider, Switzerland, where there are
three mobile network operators (MNOs).

For two of the MNOs the range of IP addresses which are
used for routing cellular Internet connections can be eas-
ily defined by looking at either the hostname, which is de-
termined by a reverse DNS lookup, or by the output of a
WHOIS query, which describes a whole class C network as
being used for only mobile Internet connections. For the
third MNO the range of cellular IP addresses could be iden-
tified using heuristics learned from the other two MNOs, i.e.
much more different cookie IDs per time come from cellular
IP addresses than from WiFi IP addresses.

Data analysis
The enriched data are analyzed using Knime, an open-source
data analytics software [4]. Requests are grouped into ses-
sions and users. A session is characterized by the type of In-
ternet connection, day of the week, time of day, the number
of requests, the total time from first request to last request,
the ratios and sequences of request types, product categories
and retailers. Individual user profiles are characterized by
the total number of sessions and requests, the average num-
ber of requests per session, the average time of a session, the
total time the application has been used, the average time
spans between sessions, and the ratio of request types. The
qualitative variance [6] of request types, retailers and prod-
uct categories shows how focused a user’s interest is.



Figure 2. Distribution of sessions per user and user segmentation

RESULTS
This section presents selected results of the statistical analy-
sis of the log data.

How often is the application used?
1,218,775 requests can be mapped to a unique user and ses-
sion ID, resulting in 258,702 unique sessions and 33,117
unique users over a time period of 27 weeks. On average,
there were 6,508 requests (standard deviation 1,220) and 1,382
sessions (standard deviation 187) per day.

Figure 2 shows the distribution of sessions per user. Users
have 7.82 sessions on average with a standard deviation of
13.78, the maximum number of sessions for a single user is
293, the median is 3. Using the number of sessions as a mea-
sure of usage intensity and to compare different user groups
in the further analysis users are grouped into three segments:
23.73% are one-timers with only one session, 52.55% are
light users with two to eight sessions, and 23.73% are heavy
users with more than eight sessions. Heavy users account
for 71.25% of all sessions.

When and from where is the application used?
Figure 4 shows the overall number of requests for the dif-
ferent connection types per hour of day. In total 61.42%
of all requests come from WiFi Internet connections, while
38.58% come from cellular Internet connections. This ra-
tio does not vary significantly over the user segments (Light
users: 60.70%, Heavy users: 61.58% WiFi). In the evenings
the ratio of WiFi connections increases.

Which functions are used most?
Figure 3 shows how the different high level request types are
distributed for the user segments and overall. Heavy users
show a higher percentage of retailer specific requests (R)
while one-timers and light users have more category specific
requests (C).

DISCUSSION
One of the main challenges we encountered was the bal-
ance between which questions are interesting for research
and which questions can be answered from the available

Figure 3. Distribution of high level request types

data. Another challenge when analyzing a single applica-
tion is whether results can be generalized. In our case many
results from the statistical analysis are meaningful for this
particular application only, and thus are only interesting for
the maker of the app and maybe local retailers, and proba-
bly not so much for the research community. Examples are
the most popular product categories (wine, cosmetics, meat);
popular days of the week (Tuesday); the development of us-
age numbers over time (stable); which features were rarely
used (locate retail stores); and individual user profiles and
usage patterns.

Some identified metrics are interesting to compare with other
applications and industry reports. The percentage of one-
time users can be compared to numbers reported from an
U.S. app analytics company for more than thousand apps
used in 2010. The bargain finder app with 23% one-timers
performs slightly better than the reported average of 26%
[12]. Other interesting metrics to compare could be the num-
ber of monthly active users, the average number of sessions
per user, or the average time span between sessions.

One surprising and counterintuitive result is that most re-
quests (61.42%) originate from a WiFi Internet connection.
As retailers do not offer WiFi connections at the point of sale
for customers, and in general WiFi connections are not open
and publicly available in Switzerland, this also indicates that
the application is not so much used while shopping at the
point of sale and on the go, where mostly cellular connec-
tions could be used, but much more from a home or office
environment. This is contrary to the focus of most related
research in the field of ubiquitous and pervasive shopping
where applications are mostly designed and evaluated for
use at the point of sale or on the go. Our interpretation is that
consumers use the iPhone bargain finder application mostly
at home in order to plan shopping or to inform themselves
about available bargains.

Grouping users by usage intensity shows that about 23% of
the users are responsible for more than 70% of all requests
and sessions. While one-timers and light users are more in-
terested in specific product categories, heavy users are more
interested in specific retailers. Figure 3 shows how the usage
focus changes with increasing usage intensity. As the us-
age intensity increases, the ratio of retailer requests (R) and



Figure 4. Number of requests split by connection type per hour of day

mixed requests (E) increases and the proportion of generic
(G) and category (C) requests decreases. Our interpretation
is that heavy users are more focused and make less generic
requests.

CONCLUSIONS
We have presented our approach to analyzing a mobile bar-
gain finder application. While the analysis can provide feed-
back for application developers, we found the results so far
to be of rather limited value for research. A user survey is
planned to overcome these limitations. The goal is to find out
more about determinants for using the app and the effects on
shopping behavior. Linking individual survey responses to
the respective user profile from usage mining promises in-
teresting results.

When designing an application it makes sense to consider
evaluation options: The bargain finder application supports
notifications which are pulled from the server and which can
link to websites. This makes it easy to attract participants
to an online survey. In order not to break the consistence of
sessions in the server logs, the application could be improved
by using separate requests to assign IDs to clients.

First results from this work in progress indicate that users
tend to use the application from home rather than while shop-
ping or on the go. This is contrary to related work where
mobile shopping assistants are designed and evaluated for
use at the point of sale or on the go. We also found that with
increasing usage intensity users tend to use the application
in a more focused way.
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