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Abstract trolled demographics and carefully designed interaction
o . with them over the course of the study. Instead of trying to
We presentesults froma longitudinal study 084 iPh- represent a broad demography of smartphone users, we
one 3GSusers called LiveLabLiveLab collectedunpree- chose to focus on a very specific user population, college
dented usage data through an indevice, programmable g qents of similar agéyut with different socioeconomic
logger and severaktructued interviews withthe partid- backgroundsThis strict seledn allows us to gain deep

pants throughout the studyWe have four objectives in jnqjgnt in to the behaviour of this populaticas well as
writing this paper: i) share the findings with the research giscover the unadulteratédfiuenceof socioeconomic at
community; {i) provide insightsguiding the design of 5 on usageOur unique access to the participants further

smartphone systems and applicasiofii) demonstrate the 51655 us to gain otherwise impossible insight® the
power of prudently designed longitudinal field studies and yat5 collected by the idevice logger.

the power of dvanced research methods; and) (raise . . . . .
important questions that the research community can helpiPhoEZIrL?s',eLrg/?/vLi?r? Llrilet\r/]iieﬂLséagibllgcg%i;zpogtr?cﬂ ﬁg?ky hcz)afs
answer in a collaborative, ftidisciplinary manner. studied usage of Android and Windows Mobile based
We showhow the smartphone usage chanigeer the gmartphones with idevice loggingWe chose t iPhone
year and why the users are different (and similar) in their 5¢ represents the cutting edge of smartphone design for
usage. In particular,uw findings highlight application and —sapjjity, accounting foover athird of the USmobile in-
web usagedynamics the influenceof socioeconomic Status et traffic as ofApril 2010 [3]. Additionally, iProne
(SES) on usageand the shortcomgs ofiPhone 3GS and  sers have aess to the largest number of thjsdrty -
its ecosystemWe furthershow that distinct classes os-u plications with over 300,000 officially released apps as of
age patterngxist, and these classes are best servedfby di 5ctoher, 20100ur study is the first to provide a corepr
ferent phone designs, instead of the emefits-all phone  pepgive picture of how iPhone usemsiploytheir devices
Apple provides Our findingsare significant not only foj rea| envirmmentsand leverage the Apple App Store.
understanding smartphone users but also in guidavice Sitting atop a goldmine of data, we refuse to simply

and application development and optimizationhile we t th tatistiasthi Instead e
present novel results that can only be produced by a stud)F_’resen € usage statistiosthis paper. instead, we seie
of this nature, we also raise new research questions to b‘yvely provide insightful findings that are only possible with

investigated by the nimie research community the three unique features highlighted abo®er findings
' include not only the large diversityma r t i a@pplicant s 6

1.l ntroducti on tion usage but also the longerm variation seasonal

We present findings from an unprecedented, longitud trends as well asintra-user and inteuser similarities. We
nal study of 34 iPhone 3GS users, 24 for 12 months and 1dind that most ofthe usageby a participantonverges on a
for 6 months called LiveLab[12]. The study leveragean smal number ofapplications and websites. Our findings
in-device, programmable, continuously running logtet indicate thasmartphonaveb usage is more of an extension
collects device usageThe logs are further enhanced by ¢ © t he user so6 Pal db ausseedr swoe bd i &G
regular nterviewswith the participants. To the best of our Ment with the web browsing experience on smartphones

knowledge, LiveLab is unique in the following important ~ decreasesheir usage While our core24 participants all
ways. attendthe same small privateollege and live in similar

. . . . . dorms a seeminglyhomogenizing environment, we show
Ft'r?]t’ LiveLab is _f[uemgrsft lejb“C_ly reporte(_j StUd%hOf that their socioeconomic status still has a significant impact
Ismarpt onte users WIL I- t\:jlcet ogng (;ver SIX Thon TSh. on several aspects of usalgeely because users with fdi
N contrast, priorwork fasted at most a Tew MONINS. "IN€ - ¢o ot SESprackets have different needs and preferences
yearlong study allows us to study the adoption and-long

¢ luti f behaviorthat has b ious| within their particular contexts. This led to dissimilar usage
irenrpr)gses\i/t?lg lon of usebehaviorthat has been previously patternsWe show that while smartphone users are known

to be diversg4], at the same time they can be quite similar
Second, unlike prior work that has very limited info  Our clustering analysis revedtsur distinct groups of usage

mation of or interaction witlthe partigpants[1, 2], our  patterns consisting oftwo large clusters and two outliers

study features carefully selected participants witm-co even for the 34 college studeniEhe distinct clusters hig



light the intragroup similarities and suggest the need for contrast, our study, with a much longer periadmuch
multiple distinct hardware and software customizations for more powerful logger, and carefully selected participants,
smartphones. provides much deeper insights and conclusive findiegs r

Our findings have strong implications for not only-u ~ 9arding the usage and theluenceof socioeconomic at
derstanding martphone users, but also for device apd a tUS-

plication design, optimization, and evaluatidvie show the In [4], the authors studied3 users of Android
importance of longerm user studies withacefully selet smartphones fo7 i 21 weeks The authors did not have
ed participants, and highlight the benefits of havimigr- access to the participants for interviews or have adem
views with at least a fraction of pcipants.We dema- graphic informationabout them beyond several predete
strate theimportanceof a try-beforeyou-buy App Store, mined user types. The dateas analyzed mostly for the

while showing that havingveb based versions of aplic usage statistics in the form of distributions. The major-co
tions, whenever possible, facilitates users to try them out.clusion made was that smartphone users are very different
We show the feasibility and limitations of smartphones for without providing insights into why. In contrasiur study

IT access, including for cost effective IT access for unde employedparticipants selected in a controlled manme
served communitiesn particular, our results strongly gu a much longer period of study (12 months vs. 2 months).
gest smartphone users could benefit from a better webThe careful selection of participants and the longer period
browsing experienceLast but not least, we debunk the of study enable us to apply novel analysis techniqees b
myth of a onesizefits-all phone and show that even yond simple tistics togain insights into the longerm
among our limited set of participants, there are distinctively evolution of smartphone usage and into answering the
different usage patterns that would benefit from phonesquestion why smartphone users are different (and similar).
with different hardware / software configurations. Moreover, with a superset of usage data, we are also able to

In addition to leveraging the unique strengths of this @nalyzemany new aspects of smartpleonsage, including
study toproduce novel results, we hope to shed light on APP Storeutilization, application usagendweb access.
new and important questions that remained unanswered Multiple research efforthiave utilized data collected
regarding mobile device usage, socioeconomic status, andy a cellular network carrigo studyusage locatiof6], as
user diversity. well ascall patterns[7] and statistis [8]. However, usage

The rest of the paper is organized as follows. We di data collgcted by network operatégdimited in b(_)th scope
cuss related worlon field dudies of smartphone usage in and detail. For example, cellular network carriars una-
Section 2. We describe the field study and our methods forPle to collet datafor applications that do not access the
data analysis in Section 3. From Section 4 to 6, we presenﬂetWOfk, orwhen a user is using WiFi. The s_tudgported
findings regarding application usage, web usage, and thd" [6]_ focused orthe location/mobility of _moblle access to
impact of socioeconomic status, respectively. éot®n 7, websites through the cellular network_wnhout_ k_nowmg the
we employ Wardds cl uster i ngemagarna §e usess. Mraoyes, it was 4mjtad torpBlYy
our 34 participants are different and similar. We offer the the toplevel domain names of web access. In contrast, we
design implications of our findings in Section 8 anai-co  collected the URL of each web accessijah provides key
clude in Section 9. insights into the content of smartphone web access.

The MIT Reality Mining projec{9] studied 100 users

2.Rel ated Wo r k of Nokia Symbian 60 series phafer one year. The study

Human factors of mobile devices have beeraetive enployed an irdevice logger to record information redar
research area for more than a decade. Most human factorhg where the user was and how close a user was to another
studies employ either labased evaluation or a short period (using Bluetooth). Coupled with sekported information,
of field trials. In the last few years,sasmartphonebegan the study sought to reveal social relationships between the
to bewidely adoptedthere have beeseveral relative long subjects. In contrasgur study focuses on the usage of the
term fied studies of smartphone usage that are related todevice. Therefore, the data we collected over one igear
ours. much more extensive. For example, tuenpressedize of

In [5], the authors studied 12 higichool users of  our data iswo orders of magnitudiarger than that of the
Windows Mobile smartphones (HTC Wizard) fdour Reality Mining data 10 GB vs. 55MB).Furthermore, the
months and a control group of 10 college users for oneNokia is a previous generation smartphone and their usage
month. The indevice logger used in the study only retor ~ do not generalize to current generation smartphones (e.g.,
ed the screen status and network conditions, providing very80% of their device usage was for voice phone calls).
limited information regarding usage and its context. &or In [10], the authors collected resource usage data from
over, the two groupsfgarticipants were differenh many Android smartphonedor one month,and analyzed the
aspects othethan socioeconomic statuand, therefore,  power usage by various hardware components using-a sy
many observations regardirsgcioeconomic statusnpact tem power model constructed tine lab. Similarly, the au-
were merely speculative with only qualitative evidence. In thors of [11] observed simple usage statistics 050



Table 1: We assigned categories to applications bad on the genres reported by the App Store

Category Genres Notes

Games Games, Entertainment, Media Entertainment and media consumption
Utilities Utilities and Productivity Calculators, alarm clocks, todo lists
Reference Books, Education, and Reference Information resources

News News, Sports, Travel, Weather Contemporaneous information resources
Commerce Business, Finance, Lifestyle (shopping) Shopping or financial apps

Social Networking Social Networking Facebook, MySpace, Twitter

Other Health, Navjation, Medical, Photography  Only a few (162) applications

Blackberryusersfor different periods, on average 29 days,
for the purpose of battery management and predicliba.
authors of [1] deployed a network testing application
through the App Store and the Android Marketa large
number of users. When users run the application, it
measures the network performance and reports thes-mea

3.2 Logger Design and Implementation

The key component of the field study is ardivice,
programmable logging software that collects almost all
aspects of iPhone usage and coniexditu. To run the Ig-
ger in the background continuously, Wad to jailbreak the

urements. These studies focused on the power usage biP’hone 3GSand exploit a setting provided by the iOS that
hardware and network performance characterization, whichStarts the daemon process, as weliessartst anytime it is

are complementary to our fogon the usage and the users.

3.Fi el dadudwpta Anal

Ourfield study, LiveLab,lasted from February 2010 to
February 2011 with 24 iPhone 3GSars and from S&
tember 2010 to February 2011 with 10 maosers We next
provide cetails regarding the study.

3.1 Field Study Participants

Users in the study were younrgllege studentg&verage
age 19.7, deviationl1.1). The core24 participantsstudied
for one yeawere recruitedrom two distinctsocioeconm-
ic status (SESyroupsfrom a small private university at a
major metropolitan area in ¢hUSA. They all lived on
campus andin similar dorms 13 received neetbased
scholarships and11did not. We usedhis information to
separate the former intolaw SES group and the latter into
ahigh SES groupThere was no significant bias in ther-
ticipants, including thie major, gender, race, PC access,
and game console ownershigll had a PC or laptop at
ther residence, in atiiont o access to
computing labsl1 of the low SES participants and all high
SES participants hadpersonalaptop

Approximately six monthgnto the studywe extended
the study withl0 students from aommunity cdlegeloca-
ed in an underserved part of tkamemetropolitan area
The users from this campus were classified as Very Low
SESand only have six months of usage logs per.u3ee

t h

killed. The main logger daemon is written as a shell script
in bash and utilizes components written ivarious lan-
gBhg8s, linduding C, perl, awk, SQL, and objective G- Fu
thermore, the logger daemads able to call built in fuo-
tions, manage child processes, install and use programs
from repositories, run custom programs, and add new fe
tures.We have implemented tHegger in a modular and
robust fashion, thus a new iOS release may break individ
al components, but the main functionality will not e a
fected.In order to monitor and update the logger, it is-pr
grammed to report data and, if necessary, update itself ev
ry day throughan encrypted connection, via rsyd8], to a
lab serverWe employed several methods to limit energy
consumption and ar measurements show that the logger
consumes on average less than 5% of the phone battery per
day.

While the logger recordsa plethora of context infe
mation, for this work wefocused orlogs regardin@pplica-
tion installation uninstallation price, genreand usage as
well asweb usa{,qe . A

€ uni versityos

3.2.1 AssuringPrivacy

Collecting data from smartphones in the field naturally
incurs privacy issues. We employ the foliogg methods to
protect privacy while retaining relevant information for
research. First, we leverage emay hashing to preserve
the uniqueness of a data entry without revealing its content.
For example, we hash the recorded phone numhbarses,

to the difference in study length and campuses, most of ourand emailaddresseswith hashing, we can still construct

analysis will f&us on the core & participants from the
private university The 10 community college participants
will only be used irSection 7

Every participant received a free iPhone for their parti
ipation. Additionally,each participant receiveiee service
coverge including450 voice call minutes per monthp-u
limited data, and unlimited SMS for the entire time data

call statistics without knowing actual phone numbeses. S
cond, we perform information extraction in the device. For
example, we extract emoticons from emails and tex-me
sages without collecting the raw comtteFinally, we strig-

ture the research team so that the data analysis and logger
development team do not directly interact with the piartic
pants, in order to avoid linking data tioe actual usersA

were loggd We helped all participants port their phone Separate human factors team acts as the interface with o

numbers to the iPhones and they were required to use th@articipants but does not deal directly with the logger or
outfitted iPhones as his or heiimpary device access the raw data. This enables us to contact theipartic



pants in a privacy sensitive manner, which we have foundover different time periods. In particular, we extensively
to be necessary on numerous occasions, e.g., to schedulese this snilarity metric to identify trends and changes in
impromptu interviewswith users who exhibit a drastic different months. We use one moirititervalsas they po-

change in behaviour. vide a good balance between detailed informaticegad-
. ing trendsandhaving enough data to draw significanheo
3.3 Complementary Interviews clusions.

Since our study design allowed us to have access to th% .
participants, we utilized qualitative interviews alongside 4.2 Missing Data
automated logging of usage. In particular, interviews are ~ Due to the natre of the study, there were shtgtm
ne@ssary to compare the user perception and their usagdapses in the log files dive users. The lapses lasted from a

and to distinguish usage chandesm system glitches.n- few days up to over a month, and weseised by number
terviews are also necessary to assess the participants oth@f reasons. These includigs in our codelpst, stolen or
IT access methodmdprevious experiences. damaged phonegravel, and phonesthat wereaccidentally
. restoredby the usersWe substitutedata frommissing days
3.4 Data Analysisand Methodology with the all time average of that usen order tomaintain
In this ction, we present our data analysisthodology. each usds uniquenesand to avoidmagnifying the impact
. s of shortterm fluctuation in usagéVe note that sincmiss-

3.4.1 Defining Similarity ing data only happens for short periods and on few users,

To objectively measure similarity in usage,uniform and considering the fact that we regenerate the missing
and general purpose metric for similarity in uségeecs- samples and analyzmacroedynamics, i.e. longerm (e.g.
sary We consider usage as a vector, each element being monthly) usagef users, the overall effect of missing data
specific dimesion, e.g. an application or a websitd&he is negligible.

similarity metric must be applicable to differetypes of

usage,such asapplicationand web usage. The similarity ~3-4-3 Outliers
metric must also be applicable to differemttricsof usage. We mitigate the effect of outliers by using median i
For examplewe apply thesimilarity metric to the freque stead of average for our analysis. Due to the limitem-nu

cy and/or the duration of application and web We. also ber of participantg&nd extreme diversifythe effect of ot
intend to separate the magnitude of the usage vector fronliers can be huge. For example, one of our low SES users
its direction Otherwise, the magnitude of usage would be told usshe used her iPherexclusivelyto get onweb dur-
dominate the similarity index and mask the comparatively ing the summer, to avoid paying for interaéter summer
subtle differences in directions of usage. residence This causedsignificantly higher web usage b-
cause sheould notuse her PC or lapto access than-
ternet.As another example, two low SES participamsed

the iPod application significantly more, and one high SES
almost exclusively used the phone for voice calls. While
such examples are anecdotal evidence of certain usége pa
terns, they can polarize averages for all but extremely large
metric since it ignores magnitude and only considers the data sets. Usinthe median can mitigate the effecttbese
direction of the vectors. THeosineSimilarity is theCosine ~ °utliers, and present us a better understanding daf/feal

function of the angle between the two usage vectors, and itsYS€"

outputis alwaysbetween 0 and.1In mathematical terms, 4, Ap p |l i cat i on Usage
since we have

Many metrics have been proposed in prior literature
for defining a similarity indexThey are often based dhe
distance, both -horm (block) and zorm (Euclidean), or
the angle(Cosine Similarity) beween thecorresponding
usagevectors. Other metrics are based on the properties o
their corresponding set®e chosethe Cosine Similarity

From our logs, we are able to extract the time epch a

08 mmAAT-O plication is installed, uninstalled, and used, as welias
we cancalculateCosine Similarity(S g) as: plication details such as price and gen& assign categ
3 Y Y- 5! B 08 ries to applications based on th@ genres reported by the
Y Al-O0 —/——= App Store as shown in Table. In this section, we present
D ) A N . S . . oo
B 6 8B 6 findings regarding the adoption and usage of applications,

) ) both builtin and from Apple App StoreOur analysis hib-
whereA; andB; is theamount ofusage type for the users  |ights the dynamics of application usage, both in terms of
A andB regectively. adoption, usage, and duration

Note that the sam€&osineSimilarity metric can also be D .
used to compare a user with the mean or median of a grouﬁ"'l Application Purchase andAdoption
of users, or to measure the similarity of one peisoisage

an
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Figure 1: Installed applications broken
down by category, in terms of nhumber
(top) and price (bottom). Boxes: 2/ 3
quartiles. Whiskers: maximum / mini-
mum. Horizontal lines: median

monthly for
zoomedin weekly for
(bottom)

Our 24 participants installed over 3400 applications
over the course of the study, of whiover 2000 were
unique. Our participants also purchasdémost 750pplica-
tions, of which 500 were unique, from the Apple App
Store,spendingover $1300. As expected, there was a wide

Week

Figure 2: Application adoption for
paid, free, and built in applications,
12 months (top) and

0 30 60 90 120 150 180

5
Lifespan in days

Figure 3: Application lifespan by cae-
gory (top, some categories redacted for
clarity) and by price (bottom)

the first 8 weeks

uninstallation of applications, evdefine thdifespanof an
application as the time between its installation and ite-uni
stallation. We notice that many applicationsséa short
lifespan, e.g., 20%ninstalledwithin a single day and 31%
within two weeks. This shows that users often try applic

variation between users and application categories. Ourtionsanduninstall them shortly after installation.

users spent aadian of $25 o114 applications, as shown in
Figurel, and all but two users purchased at least oné-appl
cation.

The firsttwo monthssee a huge number of applic
tions being adoptechighlighting the problem with giving
out smarthones and studying the users fomly a few
months We define adoption as the time when the user i
stalls a new application from the App Store, or for binilt
applications, the first time the user runs it. While our users
exhaust almost all buiih applications in the first two

We have foundapplication category is a significant
factorin applicationlifespan as shown irfrigure3. Games
and social networkingexhibit a much shorter application
lifespan, whereaseferenceand newshave much longer
lifespansThi s can be expl ained
try many games anignmediately decide if they like them,
as well as boredom after extended playing or finishing the
game Referenceand newsapplications exhibit much more
sustained utility for users, and are inherently less prone to
removaldue to thedynamic content or fuotionality they

by

weeks, they continue to adopt new applications throughoutprovide.

the study.Figure 2 shows thetotal number of adoptedpa
plications during the studygroken in to buikin, free and
paid applicationsThe ratio ¢ paid to free applications
stays relatively constant over time, at around 20%.

The most popular application category was games, a
counting for over 50% of application installs and over 50%
of money spent, and approximatédyo of application 8-
age In contast, social networking applications, mostly

We had expected paid applications to exhibit a much
longer lifespanand lower uninstallation rateompared to
their free counterparts. However, as showifrigure 3, we
were surprisedhat, proportionally slightly morepaid -
plications were uninstalledlhe large number of paidoa
plication with one day lifespan shows thegers frequently
purchase applications which they quickly determine they
dislike, losing money in the procesghe larger number of

being free, only accounted for less than 2% of money spentpad application uninstalls in the next months canabe

butaccounted foB% of application usage

4.2 Application Lifespan

We were surprised to see more than K@H%) of the
3400 applications installed by owsers were uninstalled

tributed to the large number of paid gamésigure 1),

which have shorter lifespaiiBigure3).

4.3 Usage Dynamics
Not surprisingly, we observed a sigodint variation

during the study. In order to understand the installation andbetween application usage amount and frequency among
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Figure 4: Application usage is both very diverse, and increases over time, in Figure 5: A small number of applica-
terms of both frequency (left) and duration (right). Boxes: 29/ 39 quartiles. tions and websites dominate both @&
Whiskers: maximum / minimum. Horizontal lines: median plication and web usage

different users. The significant differences between users,accounted foby the topapplications Figure 5 shows the
even among the second and third quartit@ghlight the median percentage of usage kBach usdr snonthly top
fact that the average or median user alone is unable to servapplications.We can see that a small number of agplic
as a benfamark for mobile usage. Instead, it is necessarytot i ons constitute a | arge sha
consider a wide variation of users and usage. terms of frequecy and duration. Approximately 40% of

We observed a significant increase in application usage@pplication usage is for the top application, and more than
over time.Figure4 shows theboxplot ofapplication usage ~ 90% is associateith the top 10 applications.
by different uses, for both frequencyleft) and duration More importantly we observe that diversity in apgic
(Right). The box indicates the second and third quartiles tion usage drops throught the 12-month study. Figure 6
among our users. The whiskers indicate the maximum andshowsthe median usage fapplications oneach user 6
minimum values among our users. The horizontal lines monthly topl0 lists. It showsthat our usersncreasingly
inside the boxes i.Wkinaeathatt osaed theapgieatiossii theiremnthdy rtoplO list, both in
we did not observe a significant change in session lengthterms of time and frequencyhe increasinglominanceof
throughout the studyln contrast, a studyn 20072008 each t(opapplié@atons highlights the importance of
using Windows Mobile smartphonééghlighted an initial phone customizability, in order to simplify access to each

excitement periodollowed by reduced usagd®]. We 4d- usels unique top applications.
tribute this difference to the mudargervariety of popular We note that there was moderate overlap between our
3 party applications available on the iPhone platform at , 53 v t j ¢i pant s 6 Amoogpall asprp hriditt at i o
the time of the study. months, approximatelgeven(both average and mediaoi)
Our data reveals significantseasonal variatiorin ap- eachu s e r s10 applicapons were among the-aflers

plication usage. As seen Fkigure 4, application usage is combined toglO0, list for both frequency and duration

significantly reduced during the summer break, coinciding We have found that users retain the same mtmth
months4 through 6 May i July). Therefore, user studies monthsimilarity in applicationusagethroughout the study
must take into account seasofeadtors that affect usage. even in the first monthsnddespite spendingraincreasing
Finally, we observe a trend for users to migrate from portion of their time on their top applications. We caltula
web based services to the iPhone applicaténsionof that ed the similarity index between the consecutive months of
service. We note that many web based seryisesh as each participantshown inFigure 7. Recall from Section
Facebook, Twitter, Ebay, and Yelpave corresponding 3.4.1 that the similarity index is th€osineof two usage
iPhone applicationsin these cases, we observed that usersvectors, and each usage vector is constituted of elements

gradually install and use the correspondihone applia- corresponding to the usage of each application. The median
tion instead of visiting their websit&or example, the et similarity remained relatively stable duringet studylnter-

dian number of visits to facebook web pages decreasedestingly the similarity index between the first month and
fourfold from the first monthto the third, while the fae each month thereafter remains stable as.well

book application usage doubledhis finding has annn-

portant implication in the promotion of thigharty appli@- 4.5 User Perception vsActual Usage

tions as we will elaborate in Section 8. Application usage patterns tell only part of the story.
. . . Our interviews provided complementary insightto what
4.4 Application Diversity applications the users consider as the most important co

- The usageof e ac h o applicatons is a usdf ponents of their iPhones, and the context in which agplic
indicator for how diverse the application usage is. We-ide  tions are usedFindings reported below have important
tify e a ¢ h topsappfications on a monthly bag terms  jmpjicationsfor user studies of smartphones.

of usage time and frequen_c’g)«le ha_ve.ot_)served thawer We have found thatmany of the applications used
the course of the study, an increasingjority of usage was most often were not perceived as important. On the other
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Figure 6: Through the study, diversity Figure 7: Median similarity between Figure 8. Web usage is both very d
in app and web usage decreases. Th two consecutive months (frequency and verse and decreases over time. Boxplo
top 10 apps/ websites contributed to a duration for applications, frequency for  of website visits by different users
larger fraction of median usage. websites)

hand, some of the least used applications were deexaed e shown by the monthly trend of tltmminanceof their top
tremely important by users. We asked users what applic 10 websites, ifrigure6.

tions were most important to them over the course of the  There was considerably less overlap between different
entire studyperiod. For instance, 75% of users reportedthe y 5 ¢ r s 6 tap-@Onwebsitey compared to their tbp
most important apps were those that helped them with theirgpplications. Among all users and all months, approxdmat
studies and functioning at school, namely the Alarm Clock, | 'yt hr ee (both average-1&nd
Email, t h e uniiRhere spptapd Galendar. Games \ebsites wershared byhe alkuserscombined toplO list,
wererarelymentioned as imponta, even though they were  compared to eight for applicatisnThird, there is a large

frequently used. variation n usage patterns among users, as evident in the
The interviews also gave ussight in towhy users ut boxplots of web usage frequency kigure 8. This hich-

lize particular applications. For instance, qarticipants lights the importance of considering a wide variety of users

utilized email largely for professional, schaelated puw and usage, not just the average errttedian user.

poses. In contrasEacebookwas mo#ly used for personal In the rest of this section, we focus on the findings that

communication. This distinction cannot be captured with 5.0 unique to web usage.
logging software. . .
While our interviews provide additional usage mfo 5.1 Usage Varies, Decreases Significantly

mation, it is important to remember the limitations of self Contraryto application usage, we observesignificant
reporting e.g, [14]. One such | i mit atdecoease iipar u b ewelpudagebthroughdut the study,
spotsin reporting For example, even though the SM$% a  asshown inFigure8. This decrease strongly suggests that
plication accounted for 28% of application launches and the users had an initial excitement regarding web browsing
14% of usage duratipnnobody listed this application on the iPhone but gradually lost their interesprobably
among theimost importanfeven though the survey spkeci  because the web browsing on smartphones is significantly
ically mentioned to consider every application currently on slower than that on PCEL5]. Because our participants had
their iPhones)Indeed, the use of loggers such as the oneregular acces®tPC for web browsing, they were likely to
employed here is important to ensure a more holistic a be very disappointed by the web browsing experiente
sessment of usdyehaviour theiPhone.Our findings in the subsequent subsectioms fu

. ; h hesic,
5 We b Us a ge and Dy n atr}?ﬂnv%stlgate and suppo.rist ypothesis
Compared to application usagege vfound that users

While iPhone applications are developed for a \yer more inclined to explore web sites than applications
smartphone environment, and are often tailored to the Sp \yhich s intuitive since visiting a new website requires

cific features ofthe smartphone platform, we expect web ,,ch less commitmersind timethan installing an applic

browsing to be an extension and supplement € r 8-0 g 9The keysupportingevidence is the montto-month
lar browsingsinceour participarg hadunfetieredPC based  gimjlarity of web usagewhichis significantly lowerthan

web access prioto and during our studyin light of this, that of application usageas show in Figure7.
our datastrongly suggest users are disappointed whidir o
web browsing experience 5.2 Web Content Characteristics
We have observed that several chamdsties of web Our participants access both mobile and -nabile

usagewere similar to application usage. Firstachuserd s  websites.To identify the trend in mobile vs. namobile
usagecorverges to a small set of websitesAs shown in sites, we clasii web pages based on URL keyword nfatc
Figure5, the top website of a user accounts28f6 of web ing, e.g URLs that "m.", "mobile.", "iphone.", etc. are sla
usaggmedian)a n d t h ®p 10 sebsited accounts for  sified as mobile. Some popular websites, such as
87%. Second, websage diversity decreases over tiras google.com, use the same URL for both mobile and non
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Figure 10: Median visits to mobile and
non-mobile website per month

Figure 9: Mobile web pages are less
content rich, in terms of the number of
resources (right) and their sizes (right)

mobile versions. In those cases, we assume the maipile
sion was used.

Our findings confirm that wbile web pages are less
content rich than their nemobile counterpartsn terms of
styles, scripts, multimedia conterand HTML size. On
average across all users and websjtdgere were approx
mately 1.2cascading style shedi8SS) 1.7 JavaScript]S)
files and 9.5 image8MG) associated witleachweb page
However mobile web pages require less loading effioain
norrmobile pages As shown inFigure 9, the average
HTML file size for a mobile web pageasabout half the
size of its noAmobile. Similar to HTML files, the assotia
edCSS JS and imageesources of mobile web pagesre
also significantly fewer and smallghan their non-mobile
counterparts Overall, the smartphoe had to download
120KB for the typical mobile web page and tBnes more
or 360KB, forthenonrmobile web page.

We have found that over time, users prefer to Wit
bile and less contemich websites, presumably better fit for
mobile devicesThis isamther strong indication that users

are disappointed by the web browsing experience an iP

one Our results inFigure 10 show that usermitially visit-
ed more nonmobile pages but eventually used mobile
ones moreoften To identify the trend in conterichness
of websites, wameasure thenumber of JavaScripts (JS),

Month

Figure 11: Average web page resource
utilization. Users prefer less content
rich websites over time

much they spenin App StorepurchasesSurprisingly, ar
findingswere the oppositef our expectations

6.1 Application Usage

Application usagewvas consistentlyhigher in our low
SES usersapproximately 40%norethan high SES usens
termsof both frequencyand duration as shown irnFigure
12. The low SES users also consistently used a mare d
verse set of applications throughout the study, as shown
Figurel3by the top 10
usage The diversity is in part due to the low SES paitic
pantsd higher g¢a mearietyofgyanes,
Overall, the higher device usaged application variety in
low SESuserssuggest that the iPhone providemore e-
tertainment and value to the IovES users. We hypoth
sizethat thismay be due to the low SES usersihgfewer
and less interestingutside optionsincluding those for
entertainment or otherwise.

There aresignificant differencein the applicatiors be-
tween the tw@SES group usedaswell. Figurel4is a radar
chart showingapplicationusage for each of the SES groups
for the top 10 applications or application categoriasr-
malized to the overall average usage of each applicaiion.
radar chart is a conveniemethod of displaying multiel
mensional data on a two dimensional chart, where each

cascading style sheets (CSS), and images (IMG) in eactX€s represents one variatfieur applications display i

web page, along with the size of its HTML file. To &lim

nificant differencesbetween the SES groupBacebook,

nate the effect of website design and layout changes ovePNone, games, and utilities.

time, we analyzed all of the websites at the end of the

study, and in a single day. The results are shovwkigare

Logistic regression confirmthe significance of our
findings. In the regression, we use all the monthly data

11. Comparing the last three months with the first three, we from the 24 users, or 288 data points. In the fiesttion

can see that thenedianHTML size and the number of
CSS, JS, and images decreasedl#%6, 33%, 28%, and
19% respectively.

6. So®m ®mnomi c Status

We designed the field study to study thuence of
socioeconomic status (SES) on usage pattéfeswe had
not expecedto see significant differensdoeween the two
SES groups of the 24 privatmiversitystudens, who lived
in dormitorieson campusand had no significant biasin
their gender, majolR?C accessor game console ownership.

we use each of the four metrics, i.e., FRE (total frequency),
PFRE (percentage frequency of monthly top 10 appli
tions), DUR (total duration), and PDUR (percentageaeur
ggn frg)g:b/ top 10 applications), as a single predictor to
rSg jort. The results show that the coefficients of FRE
and DUR are positive and the ones of PFRE and PDUR are
negative. These reks confirm that Low SES users are
likely to have high frequency/duration of application usage
and low percentage frequency/duration of top 10 aaplic

tion usage, which confirms our findings presented above.
The pvalues of all the predictors are less tl0abb,indicat-

We had expected the only difference would be in how ing thatthe predictorsare more than 95% likely to begsi

applicatior

cons
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Figure 122 Median application usage Figure 13 The top 10 applications ca-  Figure 14: Application usage, relative to

was higher for low SES participants, in tributed to a larger fraction of usage eac h applicationés
terms of both frequency (top) and dua-  for high SES groups, in terms of both both SES groups in terms of frequeny
tion (bottom) frequency (top) and duration (bottom) (top) and duration (bottom)

nificant Moreover, we compare the standardized logistic (top). We attribute this to the shodmings of the
regression coefficients of each application or application smartphone browsers

category, as suggested [ih6] to find out which applia- In contrast with application usage, both SES groups
tions are dominangredictors ofSES. Tle results show that  haq similar diversity in website usage, as was shown in
the top 3 dominant applications in frequency are utilities, Figure 15 (bottom) We attribute the similarity to our pa
games and phone; and top 3 in duration are Facebookiicipantspreviously establised web browsing habit®oth
games and utilities, which comprise the exact same fourgyoups knewin advancewhich websites they wanted to

applications as we observedHigure14. vist, and those websites didnot

6.2 App Store Purchases 7.Si milarity in Usage
We had expected high SES participants to spend more  |n this section, we uselusteringto classify users only

on paid applications, but found the oppositew SES 1s- based on their usage pattefiihe objective of ar cluster

ers spent a median of $31 o applications compared to  analysis is to identify groups of users with similar usage
$15 on 6 applications for the high SES users. In otherpatterns, and indicative applications that define theii-sim
words, they sntapproximately twice as much money on |arities and differencesSince we are not comparing the two
three times as many applications balanced SES groups nor are we studying-kenm trends,

However we found that low SES users were more e areable to utilize our entire dataset of main aneheo
money conscious and presumably more careful in their munity college users for clustering. The community college
purchases compared to high SES users. This is shown byarticipants are marked as very low SES.
their significantly diffeent prices paid per hour usage of )
paid applications. By dividing the total each user spent in 7.1 Clustering Methodology
the App Store by the total paid application usage duration, We use the War do[é7]to énalywe er i n
we calculate the cost per hour for paid applications (price /the usage patternsof @lf our user gglomWar do s
duration). We found that low SES usersdhsignificantly  erative hierarchical clustering method, where each user
lower prices paid per hour (median: $¥9$2.6), whichis  starts out as a single cluster, and the clusters are progre
significant even considering the increased overall usage Ofsive]y merged to form |arger clusters. At each stage, two
the low SES users. clusters are chosen to be merged so that the suro of

squares, E, of the resulting cluster is minimized. Eeis d

6.3 Web Usage fined as the sum of the squared distances of users from the

Web usage was initially higher in our low SES groups, centre of gravity of the cluster they belong to. E is initially
showing that they had higher éemment regarding the & zero, since every user is in a cluster of their oWe. chose
ue of mobile web access for them. Howevbg usage of  wardé6s cl ustering method for tv

both groups dropped, antheir differences disappeared strict and efficient clustering rules. While there is a large
through the course of the study, as showrFigure 15






