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ABSTRACT

Most work on intelligent information agents hasdHar focused
on systems that are accessible through the WorldeWVeb. As
demanding schedules prohibit people from continuacsess to
their computers, there is a clear demand for infdiom systems
that do not require workstation access or graphisat interfaces.
We present a personal news agent that is designieecbme part
of an intelligent, IP-enabled radio, which usestsgrized speech
to read news stories to a user. Based on voicéhémidfrom the
user, the system automatically adapts to the upegferences and
interests. In addition to time-coded feedback, welae two
components of the system that facilitate the autedhanduction
of accurate interest profiles. First, we motivdie tise of a multi-
strategy machine learning approach that allowstlerinduction
of user models that consist of separate model$ofay-term and
short-term interests. Second, we investigate the afs"concept
feedback", a novel form of user feedback that isedaon our
agent's capability to construct explanations fa teasons that
have led to a specific classification. Users canthritique these
explanations which, from a machine learning perspecallows
for more direct changes to an induced concept thesugh the
inclusion of additional training examples. We ew& the
proposed algorithms on user data collected withogopype of our
system, and assess the performance contributiotiseofystem's
individual components.
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1. INTRODUCTION

Research on intelligent information agents, assistthat locate
and retrieve information on behalf of their usengs recently
attracted much attention. Most of this work hasu®d on agents
accessible through the World Wide Web, and researthis field
has not yet led to the development of interfacas siaftware
agents that do not require access to a computekstedion.
However, there is a clear demand for such inforomaslystems, as

learning, user

modeling

demanding schedules prohibit people from continucarsputer
access. Personalized information delivery has rmtrgade its
way past the World Wide Web today.

The following example motivates the need for peadiaed

information delivery outside of the World Wide Welbsers A

and B spend a large portion of their day drivinge¥ can listen
to the radio in their cars, but do not have actessny medium
that focuses on information specific to their ilet@s. User A is
primarily interested in business news in order tdlofv the

current stock market, but he must listen to muchelated

information. To locate information, he must swittéws channels
and pay attention to the time at which broadcatsts. sSSimilarly,

user B must switch news channels to locate infaomabn his

interest in local sports.

One of our goals is to develop a foundation foreliigent
information agents that do not require workstatiancess.
Specifically, we envision an Internet Protocol (Ihabled
portable device that reads news stories to a usemvspeech
synthesizer. Based on feedback from the user, yetera will
automatically adapt to the user's preferences agsis@a in
navigating through large information spaces. Ariiesting aspect
of this device is that users can interrupt the lsgsizer at any
point, resulting in time-coded feedback that is @easily available
in text-based applications. A long-term goal basmu this
research is the development of an intelligent, nBbéed car radio
that retrieves information from the Internet, learabout the
driver’s interests, and presents information ineaspnalized way.
In general, we see IP-enabled appliances and tbadbast of
textual information as an interesting alternativeraditional radio
broadcasts. IP-enabled devices, e.g. radios, daidl advantage
of the lower bandwidth requirements of text vs. iaud
information, and a large amount of information abube
transferred to these devices in a matter of secdrdithermore,
textual representations open up ways to processluae and
recommend information, leading to personalized rimfation
access without the need for access to computerstaiibns. We
believe that novel information retrieval and maehikearning
algorithms, specifically geared towards the chamastics of this
kind of human-computer interaction will be neededcthieve the
desired functionality.

This paper describes the design and features dhfanmation

agent that we currently use as a testbed to colieet data and
evaluate our proposed algorithms. In particular,describe how
synthesized speech and time-coded feedback diffen fmore

"traditional" relevance feedback approaches forttemi text. We
then explain the induction of a detailed user mpdetl describe
our agent’s ability to revise its induced modelotgh concept
feedback. We evaluate the proposed algorithms @r data
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Figure 1: News Dude User Interface

collected with our agent, and assess the indivighemformance
contributions of the system’s components.

2. SYSTEM OVERVIEW

Building an agent that learns about a user’s isteri daily news
stories poses several challenges. Traditional inédion Retrieval
(IR) approaches are not directly applicable to grizblem setting,
because they assume the user has a specific, efaied

information need. In our setting, however, thiadt the case. If at
all, the user's query could be phrased as: “Whatew in the

world that | do not yet know about, but should k8w
Computing satisfactory results for such a quenyds-trivial. The

difficulty stems from the range of topics that abuhterest the
user, and the user’'s changing interest in thesedopVe must
also take into account that it is the novelty atary that makes it
interesting. Even though a certain topic might rhatc user’s
interests perfectly, the user will not be interdsite the story if it

has been heard before. Therefore, we need to huslgstem that
acquires a model of a user’'s multiple interestdleisible enough
to account for rapid interest changes, and keepsk trof

information the user knows.

We have implemented a Java Applet that uses Mittresdgent
library to display an animated character, named $\Bwde, that
reads news stories to the user. The Applet reqiiesosoft’s

Internet Explorer 4.0 or newer, and is publicly esgible at
http://www.ics.uci.edu/~dbillsus/NewsDude/. All fttions can be
accessed through voice commands, or the web-based u
interface (see Figure 1). Although our ultimate Igisato work
towards a speech-driven agent that does not regragghical user
interfaces, we use the web as a medium that allmis make the
system available to a large user base for dataat@h and testing
purposes. Furthermore, we believe that there iariety of useful
applications for speech-driven agent technologytfier web. For
example, a talking news-agent that reacts to vaim@mands
could prove useful for the visually impaired.

Currently, the agent provides access to stories fsix different
news channels: Top Stories, Politics, World, Busine
Technology and Sports. When the user selects a deavael, the
Applet connects to a news site on the InteriYethbo!Newsand
starts to download stories. Since the Applet istrtboteaded,
stories continue downloading in the background evhthe
synthesizer is reading, which typically allowsifiy a queue of
stories to be read without any waiting time. Therusan interrupt
the synthesizer at any point and provide feedbackitfe story
being read. One of the design goals for our systesto provide
a variety of feedback options that go beyond thmroonly used
interesting/uninteresting rating options. If we smer an
intelligent information agent to be a personal stesit that
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gradually learns about our interests and retrieir@gsresting

information, it would only be natural to have mardormative

ways to communicate our preferences. For exampée,might

want to tell the agent that we already know aboogrmain topic,

or request information related to a certain st&ipally, we would

like to ask the agent for reasons why a certairyst@s rated as
interesting or uninteresting, just as we would askiend about
reasons for a particular recommendation. In sumpthey system
supports the following feedback optiondnteresting not

interesting, | already know this, tell me mpamdexplain

After an initial training phase, the user can abk tgent to
compile a personal news program. The goal of thizgss is to
compute a sequence of news stories ordered withecego the
user’'s interest model. Figure 2 shows the threetesys
components: retrieval agent, recommender agent asdr
interface. Each individual component runs in itsnothiread, to
allow retrieving and recommending in the backgrowvidle the
user listens to stories. The retrieval agent’s fagk connect to a
news site on the Internet, download the latest newses and
insert them into the local story cache, which isduso queue all
stories that are waiting to receive a relevancerescdhe
recommender agent takes stories out of the starjecauses the
current user model to compute a relevance scoreirsadts the
story into the sorted recommendation queue. When ubker
requests a new story, the user interface will tdileetop element
out of the recommendation queue, and read it taitlee. The user
can then provide feedback, which is used to uptieecurrent
user model. This results in a system that maintaimsordered
sequence of news stories, inserts new storiestliigcsequence as
soon as they are evaluated, and always presentsutiently
highest-ranked story to the user.

3. TIME-CODED FEEDBACK

Since our agent is designed to operate in envirotsnahere
graphical user interfaces are not practical, vdiased operation
is a natural alternative. News stories are reathéouser through a
speech synthesizer and the user can interrupt ythihesizer at
any point and provide different forms of feedbaak,described in
the previous section. The agent’s goal is to uge fkedback to

learn a model of the user's multiple interests.ohder to fully
exploit all the information provided by this kind feedback, we
need algorithms specifically designed for this task

There has been a substantial amount of work omilegruser
preferences from text documents [5, 10]. In thesmarios, users
rate text documents with respect to their interaat$ assign either
binary class labels or scores on a certain scdhesd labeled
documents can then be used as training examples fearning
algorithm and the resulting hypothesis can be ssemuser model
that allows classifying new documents. Althougheayvsimilar
methodology can be applied to spoken text, it jgdrtant to note
that spoken text and time-coded feedback contaiditiadal
information that might facilitate the learning awthssification
process. We believe that the point in time a usewiges
feedback or interrupts a news story is informatwel should be
incorporated into classification algorithms.

Time-coded feedback is incorporated into the cl@sgion

process of our current system by using the amofitime a user
has listened to a story as implicit feedback. Theleulying

intuition is that users will listen longer to stesithey consider
interesting than to stories they are not interegtednd we would
like to capture this form of evidence. In our cutre
implementation we convert a user's binary ratingefiesting vs.
not interesting) into a more fine-grained scale.orBs are
computed according to the following rules. Lpt be the
proportion of a story the user has heard.

If story was rated as uninteresting, score = 0.®F

If story was rated as interesting, score = 0.7 86.pl

If user asked for more information, score = 1.0

This scheme assures that stories rated as noedtirgy always
receive lower scores than stories rated as intaggsbut allows
for differentiation between different levels of irags without
requiring any extra work by the user. Similar teicues for
implicit feedback have previously been studied [&tiditional
techniques for the use of time-coded feedback ameatly under
investigation and are briefly summarized in Secfion



4. LEARNING A USER MODEL

The specific design of our agéntiser model is motivated by a
number of observations and requirements. First,ntioelel must
be capable of representing a users multiple istsrén different
topics. Second, the model must be flexible enowghdapt to a
users changing interests reasonably quickly, es#ar a long
preceding training period. Third, the model shou#ke into
account that a users information needs changeda®et result of
interaction with information [2]. Surprisingly, thiaspect has
received virtually no attention in the IR communityor our
application, we take into account the stories tber tnas recently
heard, to avoid presenting the same informationeawi

The above requirements led to the developmentadls-strategy
learning approach that learns two separate useelsiodne
represents the users short-term interests, theratpresents the
users long-term interests. The need for two sdpan@odels can
be further substantiated by the specific task anhdhai.e.
classifying news stories. Users typically want tack different
“threads” of ongoing recent events - a task thquires short-term
information about recent events. In addition, udease general
news preferences, and modeling these general prefes may
prove useful for deciding if a new story, whichnist related to a
recent rated event, would interest the user. In fihllowing
sections we describe the two models individuallptivate why
they conform to the above requirements, and desdritwv they

can work together to form a comprehensive user ode

appropriate for our purposes.

4.1 Modéding Short-Term Interests

The purpose of the short-term model is two-foldskFiit should

contain information about recently rated events,tisat stories
which belong to the same threads of events candéetified.

Second, it should allow for identification of stesithat the user
already knows. A natural choice to achieve the rddsi
functionality is the nearest neighbor algorithm (NN'he NN

algorithm simply stores all its training examplespur case rated
news stories, in memory. In order to classify a nhewlabeled

instance, the algorithm compares it to all stomestances given
some defined similarity measure, and determines "tiearest

labeled as known, and its computed score is midtpby a

constantk << 1.0, because the system assumes that the user has

already heard about the event reported in the stbaystory does
not have any voters, the story cannot be classtigdhe short-
term model at all, and is passed on to the long-terodel (see
Section 4.2).

The nearest neighbor based short-term model saistur

requirements that a user model be able to represenser's

multiple interests, and it can quickly adapt to serns novel

interests. The main advantage of the nearest neigiqiproach is
that only a single story of a new topic is neededaliow the

algorithm to identify future follow-up stories frothe same story
thread. The “tracking” abilities of the nearestgidior algorithm

have also recently been explored by other reseer¢he similar

project [1]. In contrast, most other learning alttons would

require a large number of training examples to iifierm strong

pattern.

4.2 Modeling Long-Term Interests

The purpose of the long-term user model is to madelser’s
general preferences for news stories and compw@eigtions for
stories that could not be classified by the shemtt model. To
achieve this we selected a probabilistic learnifgprithm, the
naive Bayesian classifier [4]. Naive Bayes has b&wmwn to
perform competitively with more complex algorithnasd has
become an increasingly popular algorithm in texsslfication
applications [9, 10].

We represent news stories as Boolean feature #eattrere each
feature indicates the presence or absence of a. vidotdall the
words that appear in news stories are used asrésatBince it is
our explicit goal to model a user's general prefess, we
provide the algorithm with background knowledge bgnd-
selecting a set of domain specific features, iwerds that are
likely to be indicators for commonly recurring thesnin daily
news stories. Approximately 200 words were selectadging
from countries to crime, disaster, politics, teclugy, business
and sport related terms. Making the “naive” assionpthat
features, here words, are independent given thss clabel
(interesting vs. not interesting), the probabilityof a story

neighbor" or thek nearest neighbors. The class label assigned to belonging to claspgiven its feature valuesp(clasg fi, f, ... f)

the new instance can then be derived from the dddmds of the
nearest neighbors. The utility of the NN algorithias previously
been explored in other text classification appiarat [1, 12].

To apply the algorithm to natural language text,mgst define a
similarity measure that quantifies the similaritgtlveen two text
documents. This is a well-studied problem in Infation

Retrieval, and we
representation and an associated similarity measiee convert

news stories toTF-IDF vectors (term-frequency / inverse-
document-frequency), and use the cosine similarigasure to

quantify the similarity of two vectors [11].

Each rated story is converted to T&-IDF representation and
then stored in the user model. A score predictmmaf new story
is then computed as follows. All stories that aleser than a
thresholdt_minto the story to be classified become voting storie
The predicted score is then computed as the welghterage
over all the voting stories’ scores, where the wWweigs the
similarity between a voting story and the new stdfyne of the
voters is closer than threshdldmaxto the new story, the story is

rely on a commonly used document

is proportional to:
p(clasg)n p(f; |class)

where p(clasg) and p(f | clasg) can be easily estimated from
training data. Specifically, we use the multi-végiaBernoulli
event model formulation of naive Bayes [9], and pate Bayes-
optimal estimates gf(clasg) andp(f; | clasg) by straightforward
counting of word and class occurrences in the imgiata. We
use Laplace smoothing to prevent zero probabilities
infrequently occurring words. A news story to basdified can
thus be labeled with its probability of belongirgthe interesting
class.

Most applications of the multi-variate Bernoullirfioulation of
naive Bayes consider both the presence and absémneerds in
text documents as evidence in the probability cdatpn. We
restrict the evidence used to the presence of waidslar to a
naive Bayes model proposed by Maron [8]. This tednla more
conservative classifier that requires examplessdiad as class
to be similar to other examples in class



Finally, we would like to prevent the long-term nebdfrom

classifying stories that do not contain a suffitietumber of
features that are indicators for class memberd¥iigre formally,

we require the story to contain at leastfeatures for which
p(f | interesting) > p(f | not interestingln order to allow a
classification as interesting, and likewise, atstaafeatures for
which p(f | interesting) < p(f | not interestingh order to allow a
classification as not interesting. In our currenplementation we
setn to 3, which means a story must contain at leasiri®s that
are all indicators for the same class.

4.3 A Hybrid User Model

Using a hybrid user model consisting of both a skenm and
long-term model of the users interests, a preVipusseen news
story is classified as follows:

If story can be classified by short-term model

{

score = weighted average over nearest neighbors

If story is too close to known story
score = score * SMALL_CONSTANT

}

Else

If story can be classified by long-term model
score = probability estimated by naive &ay
Else
score = DEFAULT_SCORE

In summary, the approach tries to use the sham-taodel first,
because it allows the user to track news threads tave
previously been rated, and it can label storieali@ady known. If
the story cannot be classified with the short-tenodel, the long-
term model is used. If the long-term model decitted the story
does not contain sufficient evidence to be clasdjfia default
score is assigned. In the current implementatiorsetehe default
score to 0.3, so that stories that cannot be fglielassified do
not appear too high in the recommendation queuestbureceive
a higher score than stories that are classifigtbafteresting.

5. EXPLAINING RECOMMENDATIONS

One of the goals of our work is to support expresdorms of

dialog between users and the agent that facilitateacquisition
of a precise user model. This is achieved throtigh various
feedback options described in previous sectionsyels as our
agent’s ability to explain reasons for its recomdwions.

Systems that can form explanations for their denisihave a long
history in Atrtificial Intelligence, especially inhé context of
Expert Systems [3]. Explanations can help a usderstand the
system’s reasoning and provide a way to verify hidity of a

decision.

Explanation capabilities have not received muchkrgitn in the
context of Information Retrieval and software agefypically, a
system forms a model of the user's information neesks the
model to retrieve relevant items and then presthgse items to
the user. While it is common for Information Retaé systems to
quantify the relevance of located information ire ttorm of a
single score, the user typically does not get aoymf of

explanation or justification for the computed score

We believe that an explanation for the main reasbatled to a
specific score might be useful for several reasdfisst, an

explanation can help the user decide if he wantingpect a
located item further. This might be especially utéfi the audio
framework of our agent, where users cannot skimatkxt items in
order to briefly assess their relevance. If regemsta short
explanation can help the user decide if he wantlisten to a
story. Second, explanations provide direct insigtd the induced
user model. This allows the user to assess whelieespecific
aspect of the user model that led to a certainmeoendation is
useful for finding relevant information. Thereforeur agent
allows the user to critique the formed explanatiamsorder to
make direct changes to the induced model. We teféhis form
of interaction as “concept feedback”.

5.1 Explanation Construction

The systens recommendations are based on scores computed by

the hybrid user model consisting of separate steonr and long-
term models as described in Section 4. As a comrseg
different forms of explanations are used to summeareasons for
a story's relevance.

If the story was similar to a previously rated gtand therefore
classified by the short-term model, the explanat®rbased on
proximity to this previously rated story. The ageatrieves the
headline of the closest story in the short-term ehdkat received
the same class label as the story whose explan&idon be
constructed. The retrieved headline can then bd tseonstruct
explanations of the following form:

Explanation Template 1: "This story received ghigh | low]
relevance score, because you told me earlier thatwere[not]
interested ir{closest_headling]"

Likewise, if the system assigns a low relevanceet®cause it
assumes the user is already familiar with the &ocgntent, a
proximity-based explanation of the following forsxdonstructed.

Explanation Template 2: "I think you already know about this,
because | told you earlier thftlosest_headline]".

In contrast, if the story was classified by theddarm model to
belong to classc, the system forms an explanation using
the words that influenced the class decision mdsbr
each feature f appearing in the story, we compute
influence = log [p(f | ¢) / p(f | not c)] and determine the words
with the highest influence value. In our currentplementation
we sein to 3, and construct explanations of the followiogn.

Explanation Template 3: "This story received ghigh | low]
relevance score, because it contains the wordifand 3."

Finally, if the story received a default score, gystem explains
that"the story received a default score, because itndiiseem to
be related to any previously rated story, and dit @ontain
enough informative words that would allow classifion".

5.2 Concept Feedback

Users respond to the system's explanation withnarpirating
indicating whether the line of reasoning expressad the
explanation matches their preferences, and is tise$ul or not
useful for future recommendations. Since the system
explanations correspond directly to specific "cqusé
represented in the user model, this form of feekmows for
direct changes to the induced model. Concept feddba
therefore significantly different from more traditial relevance
feedback approaches [11], where ratings refer ¢or¢tevance of



items, instead of the concepts that were usedassify items. The
underlying intuition for the use of concept feedbas that it
could lead to three potential benefits. First, igt lead to user
models that reflect a users preferences more atelyr Second, it
could lead to a reduction of training data neededathieve a
certain accuracy. Third, it could lead to more it user models,
which is very useful in our domain where we assuanasers
preferences to be unstable.

Depending on the explanation template used to faam
explanation, user feedback affects the learned hiadeifferent
ways.

For the proximity-based explanatidemplate 1, we take the
similar story used in the explanation out of therstberm model if

the explanation received negative feedback, or iadd second
time if the explanation received positive feedbagkmoving the
story from the short-term model prevents it frormizibuting to

further misclassifications. This is especially usef cases where
users decide they no longer want to follow a threfstories they
have previously rated as interesting. In contradtling the story
to the model again allows the story to vote mudtifdnes in future
recommendations.

If the user provides positive feedback for an emptaon formed
with the proximity-based explanatioremplate 2, i.e. in cases
where the system assumes that the user alreadyskatory, the
current content of the user model remains uncharigedever, if
the user provides negative feedback for this exlan, we

increase the threshotdmax(see Section 4.1) by a small constant,

so that future stories are required to be more laintd rated
stories, before they are classified as already knolikewise,

t_max is reduced if the system classifies a news st®y a

interesting, and the user indicates that the shay been heard
before.

The agent reacts to feedback for explanations fdrmagth
explanationtemplate 3 by constructing an additional, “artificial”
training example. Since this explanation is usedstories that
were classified based on a set of words that inelicgass
membership according to the long-term model, thelyereated
training example consists simply of the woifdsf, and f; that
were used in the explanation. This new trainingngde is then
added to both, the long-term and short-term moaied its class
label depends on the user's feedback. The effe@dading the
new example to the long-term model is essentiatigt tthe
frequency counters used to determip@,|class) are updated,
making future misclassifications based on the sawvoeds less
likely. However, adding the example to the shontrtenodel has
a more dramatic effect. Consider the case where sifstem
explains a high relevance score with the preseticien words
“Internet, Web and Software”. If the user providpssitive
feedback for this explanation, the newly createditpe training
example containing “Internet, Web and Software”uass that
future stories containing these words will be detédy the short-
term model, causing the story to have a high pwsiin the
recommendation queue, regardless of the remaimifagnmation
in the story. Likewise, if the user provides négafeedback for a
story that received a high relevance score dueht words
“President, Congress and Affair”, a negative tnagnexample will
be added which causes other stories that contagetivords to be
filtered out by the short-term model.

6. EVALUATION

In order to evaluate the recommendation performarficair agent
and to assess the relative performance contribsition its

individual components, we used the web-based ggeitype to
collect user data. Ten users trained the systera daily basis
over a period ranging from 4 to 8 days, resultingabout 3,000
total rated news stories, i.e. on average 300estqréer user. While
this amount of data might not lead to overall perfance
estimates that generalize to other users or diffemollection

dates, it allows us to analyze the relative perforoe of the
system’s individual components.

Evaluating the agent’s performance is difficult fmveral reasons.
First, standard evaluation methodologies commorsgduin the
machine learning literature, for example n-fold ssevalidation,

are not applicable to this scenario. This is maidlye to the
chronological order of the training examples, whicdnnot be
presented to the learning algorithm in random qroeithout

skewing results. Second, if we measure the ag@etformance
on a daily basis, we not only measure the effettth® agent’'s
updated user model, but also of the changing digion of news
stories. Finally, we are trying to approximate adeloof user
interests that can be assumed to be neither staticonsistent. A
user going through the same list of stories atter lame might

assign different labels.

We chose to evaluate the agent’s performance dswkl We
divided each user's data into separate trainingsiees,
corresponding to the user's use of the system,typcally one
training session per day. We started to train tgerdhm with all
rated examples from the first training session, aathpared its
predictions for class labels of stories from theosel training
session to the user’s ratings. We then incremetitedraining set
session by session and measured the agent’s parfoenon the
following session. Finally, we averaged the resaiter all users.
This methodology models the way the system is usalistically,
because all training data available up to a cedaywas used to
classify stories.

In addition to the system’s classification accuracy e. the
proportion of correctly classified news stories, used common
Information Retrieval performance measures, prenisiecall and
F, to evaluate the system. It is important to evaymagcision and
recall in conjunction, because it is easy to omeneither one
separately. However, for a classifier to be uséfulour purposes
we demand that it be precise as well as have tdgallr In order
to quantify this with a single measure, Lewis andleG[6]
proposed th&-measurea weighted combination of precision and
recall that produces scores ranging from 0 to IreHee assign
equal importance to precision and recall, resultimg the
following definition forF:

= 2[ precisionlrecall
precision+ recall

Figure 3 summarizes the system’s performance aedrager all
users, showing a rapid increase of classificati@rfogpmance
during the first three training sessions. Resudtsrfiore training
sessions are only available for a subset of thesumad therefore
cannot be presented in one plot. However, resoltai$ers that
collected data of up to 8 training sessions revkathat
performance seems to increase rapidly during tise fiéw training
sessions and then starts to fluctuate as a redutthanging
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Figure 3: Overall System Performance

distributions of daily news stories. Figure 3 alsbows the
relative performance of the two user model comptmers
expected, the hybrid approach combining a shonttend long-
term user model performs better than each individygproach
with respect to both classification accuracy anel h measure.
Further inspection of the achieved performance akgethat the
short-term model tends to have high precision,lbwt recall. In
contrast, the long-term model has higher recalh tthee short-term
model, but lower precision. Combining both modéleves taking
advantage of both models’ strengths, resultingighér F values
as well as overall classification accuracy.

In order to evaluate the contribution of time-codeddback, we
converted the time-coded scores to Boolean ratmgsmeasured
the resulting performance difference. Using classifon

accuracy and § no significant difference could be observed. This

is not surprising if we take into account that theseasures only
change if the time-coded information causes indigldnews

stories to change their class membership. Howetireg-coded

scores did significantly change the relative oradestories in the

recommendation queue. To assess the magnitudesadffact, we

measured the system’s precision at the top 5 stiggesThe plot

shown in Figure 4 summarizes these results and shioat time-

coded scores led to a precision increase of abfdut 8
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Figure 4: Effect of Time-Coded Feedback

Finally, we evaluated the effects of concept feedban the

overall system performance. Since performance riffees

depend on the number of concept feedback interafiwovided

by users, it is difficult to visualize results ihet form of learning

curves. Therefore, we used all training data prediy each user
to predict class labels for the stories from therissfinal training

session. We then measured the resulting performiaccease by
adding all concept feedback interactions and aestdbe results
over all users. This caused accuracy to increaz® 12.5% to

77.1%, and Fto increase from 60.1% to 64.7%.

7. FUTURE WORK

By taking advantage of the length of time a usgefis to a news
story, we have only begun to explore the potemtfgime-coded
feedback. We are currently exploring approaches revhae
modify the text representation of a news story éyaighting the
portion of the story to which the user has actudifened.
Consider the case where a user interrupts a news after the
first 10 words read and decides to label the messag
uninteresting. Clearly, we should treat the firét\iords, i.e. the
portion of the story the user actually listened differently from
the remaining text of the story. Since the user alae to reach a
decision after the first 10 words, we assume thes or more
strong indicators for class membership are amomgehwords.
Since we represent news stories in the forreiDF vectors, it
is possible to artificially modify those weights arder to assign
more weight to words to which the user has listened

We are currently implementing a user interface sijgatly aimed

at visually impaired users. While intelligent infoation filtering

techniques have been used to personalize accessions types
of information available on the Internet, it is grsing that the
potential benefits of these techniques to visuatipaired users
have thus far not been explored. Since visuallyaingal users
cannot easily skim retrieved information to quickbssess
potential relevance, information agents that knowowt user
preferences and interests could prove invaluable.
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