
Predictiv e Men u Selection on a Mobile Phone

Robert Bridle and Eric McCreath

Department of Computer Science,Faculty of Engineering and Information
Technology, The Australian National Univ ersity

Abstract. A mobile phone is often characterised by its limited user in-
terface. We consider applying a machine learning approach to improve
the usabilit y of a mobile phone's interface. We present an approach that
predicts a user's menu selection on a mobile phone. The learning ap-
proach consists of a highly restricted set of hypotheses. A restricted
set of hypotheses allows both the learner to operate e�cien tly within
the limited hardware resources of a mobile phone and learn concepts
quickly from a small training set. We compare our approach with al-
ternativ e menu prediction approaches in a simulation. Also a modi�ed
NokiaTM Series60 mobile phone addressbook application was developed
to incorporate our menu prediction approach. A user evaluation of this
implementation shows that our predictiv e menu selection approach has
the potential to reduce the number of key pressesa user makes.

1 In tro duction

The mobile phone has becomea ubiquitous device, providing mobile accessto
information and communication services.Yet due to the physical limitations of
the interfaceson these devicesthey can be cumbersometo use. A current mo-
bile phone such as the NokiaTM 6220, has a colour screenwith 128x128pixels
and 25 buttons which are generallypressedwith your thumbs. Consideringthese
restrictions a mobile phone'sinterfacemust be carefully designedin terms of use-
abilit y. The aspects important in mobile phone interface design are: e�ciency
and predictabilit y[14]. Usersgenerally like to direct the deviceto carry out their
tasks with asfew button pressesaspossible.Also, userslike to be able to predict
what will happen when options are selected.To handle the balancebetweene�-
ciency and predictabilit y we focus on applying a learning approach to the menu
elements of a mobile phone interface. When a user is presented with a menu,
the learning system will predict a menu-item and highlight it. Since a mobile
phone interface is primarily menu-driven this approach will reduce the number
of scrolling key pressesthe user has to make. Furthermore, the predictabilit y of
the menu is retained since the ordering of menu-items doesnot change.

A mobile phone provides two more challengesfor a learning system. Firstly ,
mobile phonedeviceshavelimited memory and processingpower. Soan extensive
search of a large hypothesisspacewould not be practical. Moreover, this would
alsorequire an hypothesisto be represented and interpreted asthe user interacts
with the system. Any approach must collect data and make predictions in an



\on-line" and \real-time" manner. Secondly, users will often change the task
they are performing on a mobile phone. For examplea user may be adding new
contacts to their addressbook, which can be captured by the concept of adding
new contacts and then assigning them to groups. They then may need to edit
somecontacts, the concept changesto opening and editing contacts as a result.
The learning systemmust be able to react to theseconcept changeswith only a
very small amount of data. To meet these requirements we provide the learner
with a greatly restricted and tailored hypothesisspace.This strong bias enables
the learner to �nd a consistent hypothesis from far fewer training examples.

In the next sectionwe describe related research. In Section3 we describe the
learning framework and algorithms considered.In Section 4 we describe menu
selection prediction in an addressbook application. In Section 5 we compare
alternativ e menu selection approaches in this application. Finally, we evaluate
alternativ e menu selection approaches using real user data collected from this
application.

2 Related Work

Predicting menu selectionscan be de�ned as an adaptive user interface prob-
lem. A considerableamount of research as been conducted into adaptive user
interfaces.Our menu prediction approach attempts to learn a concept that can
be used to predict a user's next action, hence it can be considereda genera-
tiv e adaptive interface[12]. Many generative interface applications exist, these
include; programming by demonstration[2], scheduling[16] and user modelling
applications[5,13]. The generative interface task that most closelymatchesours
is that of command line prediction[10,3,4]. This research sharesmany of the
challengeswe face in applying machine learning to menu interface prediction.
Both must predict the next action a user is going to perform by inferring the
current task a user is performing, and both must increaseinterface e�ciency
while maintaining interface predictabilit y. However, menu selection prediction
may be a more assailabletask, as the number of possible actions that can be
presented in a menu is usually quite small. Also, our approach di�ers from the
majorit y of command line prediction approaches by not using a probabilistic
model to predict a user's next action.

A similar attempt to increase the usability of a mobile computing device
was the Names++ application by Schlimmer[20]. This system was built upon
previous work performed by Schlimmer and Hermens[8].Three intelligent user
interfaceswereevaluated in a addressbook application on an Apple NetwonTM .
It was shown that by using predictive text �ll-in or an adaptive menu, the user
interface could be up to twice as fast as typing on screenwhen entering text.
Schlimmer's work sharesa close similarit y with ours in that both investigate
adaptive user interfaces on a mobile computing device. Furthermore, we both
investigate improving the interface of an addressbook application. Although
similar, our menu selection prediction approach focusesentirely on menu in-



terface elements, while Schlimmer's work considersadapting multiple interface
elements.

An early investigation into adaptivemenu interfaceswasperformedby Green-
berg and Witten[6], they investigated the e�ect of re-ordering menu-items ac-
cording to their frequency of use. The result of their study showed a signi�-
cant increasein e�ciency and a reduction in error-rate when using a frequency-
reorderedmenu. However, later investigations by Mitc hell and Shneiderman[15]
and by Searsand Shneiderman[21]showed that onceusershad becomefamiliar
with a frequency-reorderedmenu interface, there was no di�erence in error-rate
or e�ciency whencomparedwith statically orderedmenus.Moreover, they found
that usersdisliked the unpredictable nature of frequency-reorderedmenus. Al-
though the results of this research lendssupport to the notion that user'sprefer
predictabilit y in a menu, it can not be directly compared with our proposed
menu interface. We consider changing which menu-item is highlighted by de-
fault, as such our menu can not be consider to be either frequency-reorderedor
traditionally static.

From a human computer interaction perspective a considerableamount of
research has beenperformed in understanding menu selectionthrough cognitive
modeling[1,17]. However, menu selectiondi�ers on a mobile phone in a number
ways. Amant, Horton and Ritter[22], describe three features, that make menu
selectionon a mobile phone unique:

� Selectionoccurs from key presses(since direct selectioncapabilities such as
a mousedo not usually exist).

� Display sizesare small thus limiting the number of menu-items that can be
displayed at once.

� There is lessstandardisation in menu selectionacrossmobile phonesthan in
desktop machines.

Amant, Horton and Ritter also show that the GOMS model of task analysis
closelyaligns with real userbehaviour on a mobile phoneinterface.We evaluated
our menu selection prediction approach by determining the averagenumber of
key pressesa user performs, this can be shown to be equivalent to the GOMS
model.

A major problem facedby menu selectionprediction is that of concept drift.
When a user changesthe task they are performing, the underlying concept that
drivestheir menu selectionsalsochanges,resulting in conceptdrift. Schlimmer's
STAGGER[19] systemwasan early learning systemthat addressedconceptdrift
directly. The STAGGER system adjusted to changesin the target concept by
triggering revision in a set of concept descriptions. The trigger for revision was
basedon a measureof logical su�ciency and dependencybetween the learned
concept and new training instances. The task of menu selection prediction is
characterisedby suddenchangesin a target concept,as such we do not consider
the STAGGER method. The FLORA[11] learning systemand its subsequent ver-
sionshandled conceptdrift by selectingrelevant instanceson which to construct
a target concept. The method for determining relevancy was basedon selecting



training instancesbounded by a window into the past. The useof a windowing
method can be seenin the original FLORA systemand in the PECS[18]system.
Adaptiv e window sizemethods have also beenconsidered[9,24]. If a small win-
dow size is chosenthen it is possiblefor a learner to handle rapid changesin a
target concept.Also, it is desirablein terms of e�ciency for a learning systemto
be able to recogniseand reuserecurring target concepts[25,23]. The approach
we describe employs a restricted set of hypothesesand as such relies heavily
on reoccurring target conceptsexisting in the learning environment. We do not
considerapproachesthat addressconcept drift using contextual clustering. The
contextual clustering used by Harries, Sammut, and Horn in the SPLICE[7]
system requires training examplesto be provided in batch. Our learning task
requires conceptsto be identi�ed\on-line".

3 Men u Selection Prediction

The aim of the learning systemwe proposeis to predict a user's menu selection
on a mobile phone. When a user is presented with a menu, the learning system
will predict the menu-item the user will select and highlight it. The intended
result of this method is to reduce the number of scrolling key pressesmade by
a user. Other methods do exist to eliminate menu scrolling on mobile phones.
One common method usesnumbered menu-items, this allows usersto jump to
a menu-item by selecting the item's corresponding number. This method does
not provide an overall solution to the problem since users can only remember
a few numbered shortcuts, and once remembered, the mapping of numbers to
menu-items cannot change.

To accomplishmenu selectionprediction, we proposea learning system that
will proceedin an \on-line" fashion. As a user interacts with a mobile phone's
menu interface they generatea sequenceof positive examples.Each example is
described by a set of attribute values and a class label. The class label is the
menu-item selectedby the user and the attribute values are certain properties
that the classlabel may be dependant upon. Every menu interaction performed
by a user provides an explicit positive exampleto the learner (also implicit neg-
ative examplesare given, e.g. the action the user did not take). After observing
theseexamplesthe learner's task is to �nd a concept consistent with the exam-
ples. Once the target concept is found, it can be evaluated to determine which
menu-item will be selected.

The concepts that may be chosen by the learner are only those concepts
that can be represented using the hypothesisspaceprovided to the learner. The
hypothesisspacewe provide to the learner is restricted in a way that only allows
likely conceptsto be represented. For example, in an addressbook application
we include in the hypothesis spacethe concept of creating a new contact and
then adding that contact to a group, sincethis is a likely pattern of use.However,
we do not include the concept that adds a contact to a group and then deletes
that samecontact, asa user would generally not interact with the devicein this
way. In restricting the hypothesisspace,and hencethe conceptsthat the learner



can choosefrom, we are focusing the learner on likely conceptsand improving
the e�ciency of the learner in �nding a consistent concept. Restricting and
tailoring the hypothesisspacealso improvesthe abilit y for the learner to handle
concept changes.As a user changesfrom one task to another, the underlying
conceptthat describesthe user'scurrent task will alsochange.In a mobile phone
environment where there are many small tasks being performed by the user,
the learner must identify and respond to concept changes quickly if it is to
provide relevant predictions. Having a highly restricted and tailored hypothesis
spaceallows the inconsistencyof a hypothesisto be identi�ed with only minimal
examples from the user. Also, the number of possible concepts that are open
for consideration after a concept change occurs is small. Therefore only a few
examplesare required to identify the new concept.

We now formalize a simple model in which the learning is set. Let C be the
classof all concepts.Each concept ci has a probabilit y associated with it P(ci )
that represents the chance that ci is selectedby the user. We assumethe user
keeps the same concept from one interaction to another with probabilit y � i .
Whereaswith probabilit y 1� � i we assumethe concept is selectedfrom the pool
of available concepts.This provides a simple way of modelling concept change.

We are assuming that the concept will change from time to time. Hence,
only the data following the most recent change in concept will be of value.
Also we assumethat there is no noise within the training data. This is not an
unreasonableassumption,given the small amount of data we are dealing with. A
hypothesis that captures the current concept will be correct on all the previous
examplesgoing back to the last changein concept. Hence,the hypothesisgoing
backwards from the current time with the longest correct run is most likely to
capture the current concept. This idea forms the basis of the simple algorithm
we use.The algorithm works as follows:

� Associate a counter with each hypothesis. Initialize thesecounters to zero.

� When a new training example ha; l i is received each hypothesis h is consid-
ered: (a is the set of attributes, l is the menu-item selected)

� If h(a) = l then increment the counter otherwise reset the counter to 0.

� Use the hypothesiswith the highest count to make the prediction.

4 Address Bo ok

We chosean addressbook application to investigate our learning approach for
menu selection prediction. In particular, we chose the Contacts addressbook
application found on all NokiaTM Symbian OSTM -basedmobile phones.This ap-
plication was chosen since it is a commonly used function on a mobile phone
and is mainly menu-driven. An exampleof a user interacting with this interface
is shown in Figure 1.

The main menu in the Contacts address book application consists of 14
menu-items ordered: Open, Call, Create message,New contact, Edit, Delete,
Duplicate, Add to group, Belongsto group, Mark/Unmark, Send,Contacts info,



Fig. 1. Using the Contacts menu to place a phone call.

Help and Exit. We consideredthe following 3 attributes that the menu-item may
be dependant upon: the last menu-item selected,whether the user has scrolled
to a personin the addressbook and any groups the selectedpersonbelongstoo.

The hypothesisspacethat we consideredin this learning environment wasre-
stricted to a set of decisionlists. When evaluated, each decisionlist predicted one
of the 14 menu-items. Each decisionlist consistedof orderedIF...THEN rules. A
rule's condition consistedof any attribute-v alue test or conjunction of tests using
the 3 attributes mentioned above. Table 1 shows part of the hypothesis space
(8 relatively simple decision lists). The complete hypothesis spacecontains 14
repetitions of each of the decision lists shown (112 decision lists in total). Each
repetition di�ers by considering a di�eren t menu-item for the default rule (we
show thosewith the default rule Op en). Also, the X represents a wild card that
can take on the value of any group contained in the addressbook, e.g. Work,
Friends, Family. Although many more attributes and conceptscould have been
provided to the learner we only consideredthese concepts,since they are most
likely given the common tasks usersperform in an addressbook.
We consideredthe following menu selectionprediction approaches:

� First Menu Item { This approach represents a traditional menu which always
predicts the �rst menu-item.

� First Menu Item(frequency re-ordered) { A simple way to improve on the
traditional menu approach is to re-order the menu-items in terms of their
selectionfrequency.

� Last Menu Selected{ The next menu-item to be selectedis the sameas the
last menu-item selected.

� Most Common Menu Item { This approach predicts the menu-item that has
beenselectedmost often using the examplesobserved so far.

� Most Common Hypothesis{ This approach looks at all the previous training
data and selectsfrom the restricted hypothesisset the hypothesismost con-
sistent with the examples.This hypothesis is then used to predict the next
menu-item to be selected.

� Fixed Window Size{ This approach usesa �xed sizedmoving window to limit
the training examplesprovided to the learner. As a new training example is
observed it is added to the front of the window, and the oldest example re-



IF last-menuitem-selected= New Contact AND scrolled= true
THEN New Contact
ELSE IF last-menuitem-selected= New Contact AND scrolled= false
THEN Add to group
ELSE IF scrolled= falseTHEN New Contact
ELSE (DEFAULT) Open
IF last-menuitem-selected= Open THEN Edit
ELSE (DEFAULT) Open
IF last-menuitem-selected= Edit THEN Open
ELSE (DEFAULT) Open
IF contact-belongsto-group= X THEN Call
ELSE (DEFAULT) Open
IF contact-belongsto-group= X THEN SMS
ELSE (DEFAULT) Open
IF contact-belongsto-group= X THEN Edit
ELSE (DEFAULT) Open
IF contact-belongsto-group= X THEN Delete
ELSE (DEFAULT) Open
(DEFAULT) Open

Table 1. Part of the hypothesis spaceprovided to the learner (8 decision lists). The
complete hypothesis spacecontains each decision list repeated with a di�eren t default
rule.

moved from the window. The learner is presented with the training examples
from the window and selectsfrom the restricted hypothesisset the hypothesis
most consistent with the examples.This hypothesis is then used to predict
the next menu-item to be selected.We consider window sizesranging from
those contain only 1 example to those that can contain 4 examples.

� Most Recent Correct Hypothesis { This approach represents our learning
approach for menu selectionprediction, as described in Section 3.

5 A Simulation

To compareour learning approach with the other possiblemenu prediction ap-
proaches we created a simulated dataset. The dataset attempted to model the
likely data a user would generate when interacting with an addressbook ap-
plication on a mobile phone. We used the Contacts addressbook application
described in Section4 as the basisfor the parametersusedto create the dataset.
In Section 6 we repeat thesecomparisonson data collected from real users.



Fig. 2. Simulation results.

We created 112 di�eren t concepts1. A concept contained each of the 84 pos-
sible attribute-v alue combinations2 randomly mapped to one of the 14 menu-
items. Each of the 112 conceptsrepresented a di�eren t random mapping of the
attribute-v alue combinations to a menu-item. To model concept changewe gen-
erated a sequenceof concepts.The sequencewasa 100conceptslong. A uniform
distribution was usedto selectthe �rst concept; then for each iteration the cur-
rent concept was kept with probabilit y � i = 0:9. If the concept changed,a new
concept was reselectedwith respect to the uniform distribution. The sequence
was intended to represent a user selecting menu-items according to a concept,
with the user changing to a new concept 10 percent of the time.

Each concept in the conceptsequencewas usedto generatea training exam-
ple. For instance, given the concept: \the user always choosesthe Open menu-
item after they have scrolledotherwisethey choosethe Edit menu-item" remains
true for the �rst 15 elements of the concept sequence.Then the �rst 15 training
exampleswould represent exampleswhereif scrolling is true then the menu-item
attribute equals Open otherwise the attribute equals Edit . The samesequence
of training exampleswas provided to all of the menu prediction approachesde-

1 This number is basedon the 8 decision lists shown in Table 1, each with 14 di�eren t
default rules. This is far fewer than most machine learning approaches. (8x14 = 112)

2 The last menu-item selectedattribute could take on 14 values, the scrolled attribute
was boolean valued and the groups a contact belonged too could take on 3 values
(e.g. Work, Family, Friends). (14x2x3 = 84)



scribed in Section 4. The hypothesis-basedmenu prediction approaches were
given the 112 possible concepts that training exampled were generated from.
Each menu prediction approach attempted to predict the next menu-item the
user would select. After making a prediction each approach would receive the
next training example. This training example would inform the approach on
what the user did select. The aim of the simulation was to evaluate how well
each menu prediction approach would perform against a dataset that modelled
the expected concept-drift characteristics of a real user. Note that we repeated
this simulation 100 times and reported the averageresults. The standard error
on the estimatesof all thesemeanswas below 0.08.

As the aim of menu selectionprediction is to minimize the number of scrolling
key pressesrequired by a user, we reported the averagenumber of scrolling key
pressesthat would be required given each approach. Sinceeach of the 14 menu-
items represents an index in the menu, each menu-item can be represented by
an integer, e.g. 0 - Open, 1 - Call, ..., 13 - Exit. The classlabel is therefore an
integer between0 and 13 (inclusive). The error metric is: error = jh(a) � l j. The
error metric is the distance between the menu-item predicted and the menu-
item desired by the user. The results are shown in Figure 2. The simulation
results are encouraging.The results show that our Most Recent Correct Hypoth-
esis approach, described in Section 3, performs well when compared with the
relatively simple approaches and the other hypothesis-basedapproaches. Most
importantly , the results show that our approach performs well when the training
data contains suddenconcept changes.

Figure 3 illustrates why the Most Recent Correct Hypothesis approach works
well when compared with the other hypothesis-basedapproaches. Given a se-
quenceof training examples1 through to 4, Figure 3 shows concepts that are
consistent with the current example with a tick, and those that are not with
a cross. In this example we can see that when deciding on example 5, the
hypothesis-basedapproaches will chosedi�eren t concepts.The Most Common
Hypothesis approach will choosethe concept that has been correct most often,
in this caseit will be Concept A. The Fixed Window approach with window
size 1 will tie between Concept A, B and C. With a window size of 2 Concept
C will be correctly chosen.With a window size of 3 a tie between Concept A
and C exists and with a window size of 4 Concept A is chosen.Like the Fixed
Window approach of size 2, the Most Recent Correct Hypothesis approach will
correctly choseConcept C. However, the Most Recent Correct Hypothesis will
choseConcept C for example6 (not shown), while the Fixed Window approach
of size 2 will tie between Concept B and C. The Most Recent Correct Hypoth-
esis approach is not limited by a set window size of exampleswhen evaluating
hypotheses.

6 Exp erimen tal Results

We implemented a modi�ed version of the Contacts addressbook application
on a Nokia N-GageQDTM mobile phone.The Contacts application is an address
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Concept A

Concept B

Concept C

Concept Change

Fig. 3. A sequenceof 4 examples are presented to 3 concepts. Ticks represent those
examples consistent with the concept, while crossesthose that are inconsistent. The
concept changesfrom A to C after example 2.

book application that is installed on all NokiaTM smart-phones.Our version of
the Contacts addressbook application recorded the same attributes that we
considered in the simulation, see Section 4. We collected training data from
two users(the usersare the authors) using our implementation of the Contacts
application. Data was collected over a period of 2 months. The e�ectiv enessof
the menu prediction approacheson this data is shown in Figure 4.

First Menu Item: The ordering of menu-items in our version of the Contacts
application is identical to the ordering used by NokiaTM . Menu items are or-
dered (Open, Call, Create SMS, New, etc). For both usersthe First Menu Item
approach requiressubstantially lesskey pressesthan the expectedaverageof 6.5
key presses,suggestingNokiaTM has chosen a menu ordering that reducesthe
number of scrolling key pressesrequired by an averageuser.

First Menu Item(fr equencyre-ordered): This approach improved on the First
Menu Item approach. As expected, customising the menu ordering for a par-
ticular user will improve the number of scrolling key pressesthat user needsto
make. However, the ordering was derived by inspecting all training instances
beforehand. Knowing the selection frequency of menu-items beforehand is an
unrealistic assumption.

Last Menu Selected: This approach performed well on the data from the
seconduser, but not on data from the �rst user. This can be explained by the
fact that the seconduser's data was characterised by long sequencesin which
they exclusively selectedthe SMS menu-item. Where as the �rst user'sdata did
not include long sequencesin which they consecutively selectedthe one menu-
item.

Most Common Menu Item: This approach exhibits the samebehaviour be-
tween the 2 usersas the Last Menu Selected approach. Again, the seconduser
used the Contacts application to predominately send SMS messages,in fact
they selectedthe SMS menu-item 62% of the time. Always predicting the most
commonly selectedmenu-item was advantageousfor the seconduser.

The intro duction of hypothesesas shown in the last six approaches in Fig-
ure 4, allows the averagenumber of key pressesto remain consistently low for



Fig. 4. Menu prediction strategies evaluated on data collected over 2 months from the
NokiaTM Contacts application.

both users. The use of a hypothesis spaceallows the learner to capture con-
cepts exhibited by each user. However, the Most Recent Correct Hypothesis ap-
proach did not out-perform the other hypothesis-basedapproaches, instead all
the hypothesis-basedapproachesperformed similarly. One reasonfor this is that
evaluating the hypothesis-basedapproachesusing data that has been collected
over a long period may not provide an accuratecomparisonbetweenapproaches.
Data collected over a long period will contain situations where the one concept
remainsstable for a period of time, such asadding a new contacts to the address
book. But thesesituations may be outweighted by situations where the concept
changesafter ever menu interaction. For instance, a user may use the phone to
make a call then leave the phone for a few hours before looking up someones
work number. In this case,only one example is provided for the concept repre-
senting \making a call" before it is changedto a concept representing \lo oking
up work number". Any learner will require a concept to remain stable for more
than one training example, and therefore all the hypothesis-basedapproaches
will require that a concept remain stable for more than one menu interaction.

To better evaluate the menu prediction approaches,we gathereddata from 5
di�eren t usersperforming the sametask in the Contacts application. Asking each
user to perform a task createsa situation in which conceptsremain stable for
more than one menu interaction. Also, evaluating the menu selectionprediction



approaches according to the sametask allows a fairer comparison to be made
betweenthe approaches.The task provided to each user consistedof: adding 11
new contacts, sendingan SMS to 4 contacts in a particular group and deleting
2 contacts. The results are shown in Figure 5.

Fig. 5. Menu prediction strategies evaluated on 5 users performing the same task in
the NokiaTM Contacts application.

It is apparent from Figure 5 that the First Menu Item approach can be
improved upon, in somecasesto the extent of saving the user 3 key pressesper
menu selection 3. The variabilit y exhibited by the First Menu Item(fr equency
re-ordered), Last Menu Selected, Most Common Menu Item and Most Common
Hypothesis approaches suggeststhat they are not general solutions to menu
selection prediction for all users. We also seethat no one approach performs
best for all users.This could suggestthe need for a hybrid approach, in which
the approach usedis determined by the user.

All four Fixed Window approachesand the Most Recent Correct Hypothesis
approach performed well on the data. Furthermore, the averagenumber of key
presseswas consistently low for each user with theseapproaches.This suggests
that not only can identifying a concept be useful, but that some method of
handling concept changesis required.

3 Over the entire task, our Most Recent Correct Hypothesis approach when compared
with the First Menu Item approach, provided a saving of 144, 148, 164, 111 and 143
key pressesfor users1, 2, 3, 4 and 5 respectively.



The performanceof the four Fixed Window approachesand our Most Recent
Correct Hypothesis approach was similar for each user. Although the perfor-
mance of these approaches was similar, the Fixed Window approaches di�er
from our Most Recent Correct Hypothesis approach by considering all previous
examples(ofa �xed window size) relevant when evaluating a hypothesis. A de-
�ciency of using a �xed window approach is when a concept changeoccurs. In
thesecasesit is possiblefor examplesgeneratedfrom a previous concept to re-
main in the window and be consideredrelevant. This can be seenin Figure 3.
The e�ects of a �xed window sizewasnot obvious from Figure 5. This may have
been due to the fact that the conceptswe examined all remained stable for a
few menu interactions, and therefore were able to be tracked by small window
sizes.However, if the conceptsall varied in the period of time they remained
stable, then a window of �xed size would invariably contain not enoughor too
many training examples.Our Most Recent Correct Hypothesis approach in ef-
fect assignsto each hypothesis an adaptive sizedwindow of training examples.
Whenever a hypothesisbecomesinconsistent with a new example, its window is
clearedof examples.By not consideringexamplesgeneratedfrom a previouscon-
cept when evaluating the hypothesisspace,we provide a more rational approach
to hypothesisselection.

7 Conclusion

The idea of menu selection prediction has allowed machine learning to be in-
corporated into a mobile phone user interface. This increasesthe e�ciency of
the interface while mainting its predictabilit y. The menu selection prediction
approach discussedin Section3 wasshown through simulation to be highly suit-
able for the intended learning task, which wascharacterisedby frequent concept
changes.Also, an implementation of the menu selectionprediction approach on
a mobile phone demonstrated its feasibility.
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