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Abstract

Mobile devices have been widely used these days
to provide web access any time anywhere.
However, its limited bandwidth, screen size and
power resources all put constraints on its
usability. To solve this problem, content are
typically adapted to work with these constraints.
However, existing automatic adaptation systems
often fail to adapt according to user semantics.
In this paper, we present the first stage research
of our user-driven adaptation system, which we
believe will best adapt content to serve specific
user interests. Our controlled experiment
evaluates two interaction interfaces that can be
used in such adaptation system. The result of the
experiment shows that if the interface is
designed appropriately, our approach can
achieve maximum flexibility of adaptation with
little user interaction overhead.

1. Introduction

Mobile devices, such as cell phones and
network-enabled personal digital assistant
(PDASs) are fast becoming the platform of choice
for accessing web content, and are expected to
play a significant role in ubiquitous computing
[1]. However, traditional web content are
designed for powerful desktop computers and
needs to be adapted to these mobile devices in
order to meet their bandwidth, power and screen
size constraints. Most of the current research
these days focuses on adapting content
on-the-fly [2] [3] where a set of rules and
policies are specified to adapt content of specific
sizes to various devices. For instance, a smple
bandwidth adaptation rule could be to aways
adapt object content to a cell phone device at

30% of its origina file size if the file is more
than 500KB. We usualy refer to the class of
adaptation schemes that rely on such rules or
constraints as automatic adaptations [4].

Automatic adaptation seems promising in
transferring web experiences from desktop
computer to mobile devices. It is also a scalable
solution as content is trans-coded on-the-fly
without many human interventions. However,
this approach does not always produce the
optimal adaptation results that users would want
to see. In fact, a common critique to al
automatic adaptation techniques these days is the
fact that they all lack of considerations for user
semantics. Please consider the following

scenarios:

User A, a handheld computer user, tries to read
news off the CNN website. He is interested in
only the key story of the day with its high
resolution images. User B is on a business trip,
he would like to view a video clip that is very
critical to his business at the highest possible
quality level, regardless of the fact that he is
using a cell phone which charges him at a
ridiculous downloading rate.

There are two key characteristics here. The first
one is known as content semantic. Typically,
content that are more relevant to the task that the
user istrying to accomplish will likely to receive
more attention from the user. Conseguently,
users will likely to request for higher quality
levels for such content. For example, user A
requires high resolution images for the top story,
but may only require very low quality or even
thumbnail versions of other images which he is
not particularly interested in.



The second characteridic is irraiondity. In some
occasions, the contents are o critical that users
demand more details than usudly anticipated. For
example, despite of thefact that user B isfacing abig
bill, he 4ill wants high resolution videos. It is
obvioudy impossble for rule based automatic
adaptation schemes to capture either of these user
characteridtics.

1.1 User-driven adaptation

To address content semantic and user irretiondity,
we present user-driven adaptation, an approach that
dlows complete user control over the adaptation
process. Specificdly, the system aways serves the
content object a the lowest possble qudity as
default. Individual users are then dlowed to interact

with the system to adjust the quality of the adaptation.

User-driven adaptation has consderable advantages
over the traditiond automatic adaptation schemes.
Firg of dl, this adaptetion scheme is more flexible
and user friendly. Since the users have tota control
over the adaptation, they can adjust the adaptation to
meet their reguirement for any particular task.
Secondly, since the users are in control of the
adaptation, their adaptation decisions can accurately
reflect resource limitation of the devices and
therefore maximizes the use of bandwidth, battery
and screen size. None of the sophidticated rules and
policies implemented in automatic adaptation
sysems can achieve such accurate judgments.
Thirdly, if automatic adaptation is in use, the user
driven adaptation can till be used as a platform for
dtering the bad adaptation decisons made by
automatic schemes.

The only drawback of such gpproach is that it
introduces more frequent interactions between users
and the systems. Therefore, our research god is to
seek the best possible interface and interaction tools
for such human-computer interaction, such that it
minimizes the overhead introduced by adjusting
content quality manually. As we can see, the system
problem of adapting content now shifts to an HCI

problem of how we can improve the usability of the
adaptation interface.

There are two ways we can tackle this design
problem, namely from the input side of the interface
and the output side. At the input side, we have to
decide what should be a suitable interaction
technique to provide user refinement to the
adaptation. We dso have to decide the variations of
such technique when gpplied to different devices and
object types. Findly, we have to gauge how users
interact with multiple objects smultaneoudy in an
efficient way. At the output Sde, the system needs to
help and guide the users to adapt content to the
degree that they prefer. This incudes informing the
user of possible refinements available, informing the
user the cogt of doing each refinement, and
recommending to the user an optimal adaptation
predicted based on automatic adaptation policies,
such as Community Driven adaptation [1].

The rest of the paper is structured as follows. In
section 2 we will briefly review severa resesrch
worksthat is highly related to user driven adaptation.
In section 3 we will discuss our first stage research,
which concentrates on evduding interaction
technique for our system. In section 4, we present a
controlled experiment that illustrates why user
interface design maiters for our system and what are
the tradeoffs between two particular interaction
interfaces: mouse click and mouse whed scroll.
Findly, we conclude our work in section 5 with the
discussions of our planned future work.

2. Related Work

To the best of our knowledge, this is the first work
that aims at building a comprehensive user interface
for adaptation systems. However, there is significant
past research that contributes to content adaptation
systems.

The mogt typical content adaptations are ruled-based
[5][6] and congtraints based [7]. In rule-based system,



a st of mathematical formulas are usad to guide the
adaptation process. For ingtance, an adaptation rule
for image objects could be to adapt content to 30%
of itsorigind size if the origina Size is between 200
and 500k. Congtraints based system aso captures the
resource availability and tries to maximize the
usability, given available resources. However, it is
impossible to sat up separate rules or congtraints for
every data objects. As a reault, only a smdl st of
rules can be established and applied to dl sets of
content, regardless of the content type, who the user
is, and how relevant the content is to the current task.
Hence rules and congraints based systems are far
from ideal for content adaptation.

Perhaps the closet work to the idea of user driven
adaptation is the community driven adgptation (CDA)
system [1]. In fact, user driven approach is initiated
and based on CDA. CDA assumes that users who
share the same characteridtics (eg., device type
preference) can be grouped into the same community,
such that knowing how one user in the community
prefers the content to be adapted will likely to be
transferable to dl other usersin the same community.
For this reason, CDA dlows the first several usersto
refine the adaptation results, and tries to use these
feedbacksto infer future accesses to the same content.
The biggest chdlenge for CDA is how to classify
communities and identify individud users into such
communities. The predictions based on wrong
community groupings can
adaptation results than smple ruled based systems.
Besides, user preferences are sometimes confidential
information that is subject to security and privacy
issues. On the other hand, the user driven approach
never attempt to predict how users will adapt, which
means the adgptaion process is completely
contralled by individua users, and dways accurately
reflect the requirements of individuds. In addition,
no persond preference will be collected as no

results in  worse

communities are required to be built.

3. First stage progress

In this fird stage of our work, we primarily
concentrate on evauating the impact of interactions
techniques to user driven adaptation. In particular,
we sdlect two basic interaction techniques, the mouse
click, and the mouse whed scrolling, to evduate and
compare.

Clicking

The clicking interaction is perhaps the smplest and
most naturd interaction technique to everyday
internet users. In our adaptation system, one mouse
(Ieft) click over a particular image will request on
behdf of the user one qudity level improvement
from the proxy for that imege.

Sorolling

Mouse whed scrolling is dightly more complicated
than clicking. However, we frequently use this
operation when browsing web content or fill HTML
forms. In our adgptation system, we dlow the users
to use mouse whedl scralling to sdect an intended
fiddity level before the request is actually sent to the
proxy. To do this, user first points his mouse at the
image. As he/she scrolls, the number that indicates
fidelity level on the screen will change accordingly.
Once the user decides on the intended fiddlity level,
he has to hold down the mouse whed to send the
request.

To keep our evauaion modd smple, we test our
interface with one fixed object type and one layout
mode. The object type we use is progressve JPEG
and the web layout mode we use is singleimage web
page. To best capture the characteritics of both
interaction techniques, we performed a controlled
experiment which is described in detail in section 4.

4. Experiment
In this section, we will first present our physica

experimenta sgtup. It will be followed by the
experiment methodology and procedure. At the end,



we will present our experiment results and

summarize our findings.

4.1 Setup

Our sysem consists of three components. two
customized web browser, a web saver and a
transcoding proxy. We modified the web browsers
by extending the Internet Explore 6 with Jscript to
support fidelity improvements by means of mouse
left click and whedl scrolling respectively. The proxy
converts imeges embedded in HTML documents
obtained from the web server into a progressive
JPEG image. It then divides it up according to scans
based on JPEG standard compression [9] proposed
by the 1SO JPEG standards committee. In this paper,
we refer the numbers of scans being downloaded as
fiddlity levels. For example, we say that a user is a
fiddity levd 9 if 9 scans of this image have been
downloaded. To evduae and compare our
interaction techniques, the proxy aso logs al user
requests and interactions with the system.

A smdl private network was s&t up in our lab to
conduct the experiment. The web server and
transcoding proxy runs in a Pentium 24GHZ
desktop computer with 512 MB memory. The
modified IE6 browser is running on the IBM
Thinkpad R51 laptop computer with 14 inches
screen.

4.2 Methodology

4.2.1 Participants

16 volunteers participated in this experiment, in
addition to three pilot paticipants. All of the
participants were graduste student in computer
science department. All of them were told that the
experiment was half an hour in length and they could
withdraw the experiment without pendty a any
time.

4.2.2 Experiment design:

The participants were randomly assigned into one of
the following 4 condition groups, where each group

has 4 participants.

1. Mouse right-click interaction, with 19.2kpbs
connection speed. We will abbreviate this condition
as“click at low speed”.

2. Mouse right-click interaction, with 192kpbs
connection speed. We will abbreviate this condition
as"“click at high speed”.

3. Mouse whed scroll interaction, with 19.2kpbs
connection speed. We will abbreviate this condition
as“scroll at low speed”.

4. Mouse whed scrall interaction, with 192kpbs
connection speed. We will abbreviate this condition
as“scroll at high speed”.

The tasks for this experiment were to recognize text
content of different sizes. Each participant was
presented with a totd of 24 JPEG images, anong
which were 8 images with font sze 12 (smadl), 8
with font size 24 (medium) and 8 with font size 48
(large). Therefore, participants were expected to
complete 8 trids for each font size condition. Notice
that the order of the images with different font sizes
gppeared to the participants in arandomized manner.
Each trid contained 10 randomly generated
aphabets, presented in one line. These images with
random text were pre-generated and were split into
15 scans.

4.2.3 Experiment procedure

Participants were firg presented with a warm-up
experiment for the interaction technique assigned to
them. They were asked to familiarize themsdlves
with assigned interaction technique by performing
smilar clicking/scrolling tasks as in the experiment.
We ddiberady present the participants non-text
content in warm-ups because we do not want them to
have prior knowledge of how to best adapt text
content. Once the experiment dtarted, text content
with particular font szes was presented to the user
through NISTNET [10] bandwidth emulator, starting



a the lowest fiddlity level. The participant can ask
for subsequent refinements using their assigned
interaction tools (either click or scroll). Once the
participant recognized the text on the screen, they
typed the a phabets on atextbox which aso appesred
on the screen. They were not able to proceed to the
next trid until the aphabets they typed matched up
with the correct sequence of dphabets on that image.

A cdculation of the total number of tridsis provided
below:

4 groups

* 4usys

* 3dzes

* 8trids

=384 trids

4.3 Fectors and dependent variables

As we can seg, this experiment was a 3*2*2 mixed
factoria design. The with-in subject factor isthe font
sze of the aphabets. As we have mentioned above,
this factor has three levels, large, medium and small
sze. There are two between-subject factors, both has
two levels, namely the connection speed (12.9k and
129k) and interaction techniques (click and scroll).

There are three dependent varidbles that we are
interested in. One of them is the consumed
bandwidth, which is a count of numbers of fiddlities
requested by a participant in one tria. Notice that
fiddities are around the same sze of each other.
Therefore, fiddity count is a good measurement of
bandwidth consumption. The second one was the
task completion time, which measured the time it
takes to finish one trid. The last dependent variable
isnumber of interactions, which is simply a count on
number of interections made between the
participants and the adgptation system. Notice that
clicking only dlows one fiddity increment per
interection, but scrolling dlows multiple fiddity
increments a one interaction.

4.4 Experiment hypothesis

H1: We anticipated a sgnificant main effect on
techniques, across dl dependent varidble. Namely,
interaction interfaces make a difference to adaptation
system.

H2: We anticipated that scrolling will reduce number
of interections, but increese the bandwidth
consumptionsto finish atridl.

H3: We anticipated an interaction effect on
dependent varigble bandwidth, between connection
speeds and interaction techniques. High speed
in more bandwidth
consumption differences between two techniques
than the low speed.

connection  will  result

4.5 Experiment Results:

We divided our reaults into three parts according to
the dependent variables we are trying to measure. In
each part, we will compare the two techniques with
respect to this dependent variable. Finaly, we will
briefly summarize our findings by looking a how
these dependent variables relate to each other.

4.5.1 Bandwidth

Figure 1 illusrates how much bandwidth is needed
to finish the task among different users. The
horizonta axis indicates dl 16 users grouped into 4
controlled groups. Low speed clicking, Low speed
scralling, high speed dicking and high speed
sralling. The Bars with three different colors
represent three types of font sizes. The heights of the
bars indicate the average bandwidth consumed by
that user for aparticular font size, over the 8 trids.

It is gpparent from the graph that scrolling consumes
more bandwidth. In fact, a one way ANOVA on
bandwidth shows such dgnificant effect on the
interaction techniques (F(1,12)=10.87, p=0.006).
Notice thet at low speed, the bandwidth consumption
differences are not dgnificant between the two
widgets. This is because the task completion time is
tightly bounded by the low connection speed. A little
extra usage of bandwidth would result in much



latency. To avoid the unnecessary waiting time, the
participants from both scrolling and clicking groups
would try hard to minimize the bandwidth usage at

low speed.

At high speed, the differences between these two
techniques are much more sgnificant in respect of
bandwidth consumptions. We consequently accept
hypothesis H3, which says that high speed
more  bandwidth
consumption differences between clicking and

connection  will  result in
scrolling. At this condition, the connection speed is
10 times faster and the participants no longer
experience long waiting time. Instead, they tried to
request higher fiddlity levels to make sure that they
can eadly read off the text from the screen.
Participants who used clicking interface received
feedback after each fiddity improvement. They
would obvioudy stopped fiddlity requests once they
can read the text. On the other hand, scralling
participants did not know which fiddity would be
aufficient for the task, they would normdly
overshoot to minimize ther interactions with the
system.
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4.5.2 Task Completion Time

In the red world, the incentive of choosing one
interface over another is either time or cost. The cost
is usudly associated with bandwidth usage, which
we have discussed above. In this experiment, we aso
measured the time it took for the user to complete
one trid. Notice that the time that users spent on
typing down the answer was aso included. Hence

we explicitly made sure that every participant typed
at gpproximatdly same speed.

Figure 2 illudrates the time it takes to finish different
tasks by each of the 16 users. Notice that it is in
exactly the same format as the bandwidth figure
From this figure, we learned that scrolling tekes
more time than clicking. A one way ANOVA on this
dependent varigble confirms  this  evidence
(F(1,12)=5.551, p=0.036). This significant difference
mostly came from low speed condition. Our initid
guess was that a low speed, scrolling consumes
more bandwidth than clicking. However, we have
leant from the section 4.5.1 and figure 1 that thiswas
not the case. Therefore, we believe that this time
difference was not introduced by the network latency,
but rather by psychologicd factors. Because the
scralling participants could request multiple fiddlity
increment a one time, this would result a longer
waiting time for the downloading. As a result, the
participants were likely to be less patient and ended
up trying to guess ingead of requesting further
fiddity improvement, which further dow down the
task completion. Therefore, a potentia improvement
to scrolling interface that we could implement is to
make the adaptation process more interactive, by
dlow the user to stop the current downloading and
display immediately theimege of the fiddlity thet has
been downloaded.

4 5.3 Interactions

Figure 3 shows how individud participants interact
with the browser during the experiment. We define
one interaction as one single request for fidelity
improvement. Notice that we trest the initid



downloading of the lowest fiddity imeage as one
interaction. Hence by default, dl trids will receive
one interaction before any clicking and scralling. As
expected, scrolling clearly resulted in a fewer
number of interactions (F(1,12)=130.65, p<0.001),
which accepted hypothesis H2. In fact, scrolling only
resulted in average 2.13 interactions for one task.
This has dreedy included the one default interaction
made when downloading the lowest fiddity image.
Hence we conclude that if we want to minimize the
number of interactions, then scrolling is an ided
option for interactions.
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454 Locality

We refer locality in our experiment as the tendency
of al participants to select one or two fiddity class
for the text content of the same font Sze. Locdlity is
important if we want to use our system as a
refinement tool for automatic adaptation. Clearly, the
more locdities we obtain from user traces, the better
predictions we can make. Table 1 illustrates the
locdity comparison between the two interaction
techniques with a specific example. The table shows
the digtributions of fiddlity requested for al small
images, in alow connection speed environment. The
digtribution looks similar under other image size and
connection speed conditions.  “%cli”
percentage of trids in which the paticipant in the
clicking group sdect this particular fiddity, and
“Oscr” refers to percentage of trids in which the
participant in the scrolling group sdlect thet fiddlity.
The most dominating class of fiddity for both
interaction techniques are highlighted in the teble. As

refers to

we can seg, clicking results in amuch higher locality
asfiddity sdections are much more centraized. The
dominating fiddlity classisfiddity 5, which made up
50% of dl trids. If we assume that the participants
who sdected fiddity 4 was dso satisfied when
sarving at fiddity 5, then we would have in tota of
84.4% of seections covered by onefiddity class. On
the other hand, scrolling does not have such high
locality as compared to dlicking. The fiddlity selected
ranges from fiddlity 4 to fiddity 12, as opposed to
the range from fiddity 2 to fiddity 6 in clicking.
More importantly, the dominating fiddlity class only
represents 34% of dl the sdlections. Obvioudy, if we
want to use our system to help the user refinement
part of automatic adaptation system such as CDA [1],
we would use clicking as our badsc interaction
technique, since clicking results in more centralized
user sdection, which makes the predictions more

accurete.
Fddity click |%cli | scroll | % scr
2 1 0.031 |0 0
3 1 0.031 |0 0
4 11 |0.344 |2 0.062
6 3 0.093 (11 0.343
7 1 0.031
3 5 0.156
9 2 0.062
10 3 0.093
11 1 0.031
12 1 0.031

Tablel
455 Summeary of findings

We would like to summarize our discoveries with
repect to both interaction techniques. In this
experiment, we discovered that scrolling indeed
reduces the number of interactions that the users
would have to make with the adaptation system.
However, such advantage comes with the cost of
wadting more bandwidth or time. Furthermore, it
reduces the locdities of user sdections, which



subsequently makes it hard to incorporate into
prediction feetures. On the other hand, clicking
consarves bandwidth and time for users, which
consequently lower the cost for surfing the web. User
sections tend to be more centralized to one or two
fidelity classeswhich help improving the accuracy of
predictions. However, dicking involves more
interactions between the users and our adaptetion
system, which degrades the system usability.

5. Conclusion

In this paper, we have introduced User Driven
Adaptation, a novel approach for content adaptation
that recognizes user semantics and individud
preferences, dong with its various advantages over
traditiond  automatic  adgptation  gpproaches.
Meanwhile, we have shown that we can use HCl
approaches to present the most suitable interface for
this system, such that the burdens to the user are
minimized. The controlled experiment presented
above illugtrates the huge differences made by
different interaction interfaces. Therefore, we have
reasons to believe that the user driven approach is
promising if we adapt gppropriate interface design.

So far, we have only outlined the framework of our
adaptation system and evauate the mogt badc
dements in our interface. In the future, we plan to
extent the current work and start to add more features
to the interface. For instance, we plan to develop
interaction techniques to dedl with multiple images.

We aso plan to add more system feedback features,
such as estimated downloading time for a particular
qudity level, to help users make better adaptation
decisons. Furthermore, we will gradualy move our
adaptation interface to smaler mobile devices such
a PDAs and cdl phones, where we can gpply
gestures or other interaction techniques to ad the
adaptation.
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