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Abstract

A significant problem in many information
filtering systemss the dependencen the user
for the creation and maintenanceof a user
profile, which describesthe user’s interests.
NewsWeedeis a netnews-filteringsystemthat
addresseshis problem by letting the userrate
his or her interestlevel for eacharticle being
read (1-5), and then learning a user profile
basedon theseratings. This paper describes
how NewsWeederaccomplisheghis task, and
examineghe alternativelearningmethodsused.
The results show that a learning algorithm based
on the Minimum Description Length (MDL)
principle was able to raise the percentageof
interestingarticles to be shownto usersfrom
14% to 52% on average. Further, this
performance significantly outperformed (by
21%) one of the most successfukechniquesin
Information Retrieval (IR), term-
frequency/inverse-document-frequency(tf-idf)
weighting.

1 INTRODUCTION

As the number of participantsin Usenetcontinuesto
multiply, so doesthe spectrumof topics covered. Users
find it increasinglydifficult to locateusefulor interesting
information aghis diversity expands.Thereis a tradeoff
eachuser must make betweensearchingthrough fewer
articles, and finding more information of personal
interest. Ideally, a newsreadeshouldallow the userto
selectivelychoosethis tradeoff suchthat increasingthe
scopeof the searchfurther would causethe marginal
probability of additionalarticlesbeinginterestingto fall
below a personalthreshold.In reality, the tradeoff is
usually made through subscribingto a small set of
newsgroupsand the use of simple keyword-matching
profiles designed by each user.

SomeresearchsystemgRewari, 92] have exploredhow

to extend this idea by allowing more complex, rule-based,
keyword-matching profiles to be designed by the user, but

the averagenetnewsreaderwill probablynot be willing
or ableto build sufficiently complexones. Consequently,
first efforts have been made to have the profiles be
automaticallylearned [Fischer, 91][Sheth,94]. These
systemsall focus on looking at the article text to
determine its relevance, which is knowncasitent-based
filtering.

Other systemgResnick,94][Goldberg,92] haveinstead
focusedon usingratingsfrom early readersof an article
to predict later readers’ ratings. This is known as
collaborative filtering. The system describedin this
paper, NewsWeeder, uses both content-basedand
collaborative filtering. However, sufficient data on
multiple users is not yet available,sothe focusherewill

be on how the content-based part of the profile is learned.

NewsWeeder currently operates by the following
procedure. When the user wantsto read netnews,he
follows a link to NewsWeeder'sWorld Wide Web
interface. There he choosesa topic, or newsgroup,of
netnewsarticleshe wishesto read,asis typically donein
most newsreadersin addition to using the traditional
newsgroup hierarchy, the wuser can also use
NewsWeeder'svirtual newsgroups For example,user
Bob might go to the virtual newsgroupnw.top50.bolto
seeNewsWeeder'personalizedist of the top 50 out of
all articles,accordingto learnedpreferencegor Bob. He
is then presentedwith a list of one-line article
summaries, sortebly predictedrating. The userselectsa
group of articlesfrom thesesummariesand readsthem
sequentially After eacharticle is read,the userclicks on
a rating from one to five, which replacesthe needto
indicate “next article” required by most newsreaders.

NewsWeeder collects the user’'s ratings for active
feedbackon the user’'sinterests. This is preferablefor a
researchsystemover passivefeedbackmethods,suchas
measuringiime spentreading,becauseperformancecan
be moreaccuratelyevaluatedFurther,thetraining signal



is probably stronger with active feedback, so better
performances likely. The drawbackto active feedback
is the extra effort the usermust spendto decideon and
click a rating, althoughwith practicethis effort appears
to be acceptably minimal.

Each night, the system uses the collected rating
informationto learna new modelof the user’sinterests.
The rating data is also collected for off-line learning
experiments,which gives good evidence for on-line
performance and comparisobstweernearningmethods.
These off-line experiments are the subject of this paper.

2 APPROACH

The experimentsperformedwith NewsWeedercover a
small setof pointsin the large spaceof possiblefiltering

methods. We will describethe spaceasa mapof choices
to be madein designinga text filter. We also describe
the choices made in NewsWeederand the reasoning
behind them.

2.1 REPRESENTATION

In NewsWeederraw text is first parsedinto generalized
words, called tokens Tokens include punctuationand

other specializedsymbolsthat have beenengineeredut

of the structure found in the article headers. For

example,in additionto typical words suchas “seminar”

counting as tokens, the punctuationmark “$” and the

symbol “Newsgroup:comp.ai”are also tokens. Using

nounphrasesstokenshasalsoproven[Evans,91] to be

useful. However,we havekeptthe granularityof feature
size down to the word level to avoid the linguistic

knowledgethat usingnounphrasesandlarger structures
usually entail building.

Next, NewsWeedercreatesa vector of token countsfor
the document. This vector is the size of the total
vocabularywith zerosfor tokensnot occurring in the
documentUsing this type of vectoris sometimesalled
the bag-of-words model, and is the basis for our
representation.While the bag-of-wordsmodel doesnot
capturethe orderof thetokensin the documentwhich is
necessaryor linguistic or syntacticanalysis,we assume
it capturesmost of the information neededfor filtering
purposes.

As a nextstep,it is commonin IR systemgo groupthe
tokens together by their common linguistic roots, a
procedurecalled stemming In NewsWeederthe tokens
are left in their unstemmed form. While better
performancecould probablybe achievedoy stemmingin

the short-term due to the larger statistical samplesit

createsthe long-termresearchgoal is to not wastethe
extra information containedin the use of exacttokens.
We planto eventuallytry to usethis extrainformationby

looking at larger-sizesamples of unratedtext to get
more reliable statisticson rare words. This technique
would attemptto use the large amountsof available
unrated text in amnsupervisedearningapproacho bias
the supervisedlearning on the smaller set of rated

articles. Further, there is evidence[Yang, 94] that
stemmingcan hurt performancef the approachusedis
able to make strong enoughstatisticalinferencesabout
the unstemmed tokens.

2.2 LEARNING METHODS

Once the text has been processednto a standardized
vector, the choice of which learning methodto apply
mustbe made. Given that this vectoris on the order of
20,000-100,00@0kenslong, caremustbe takento avoid
the pitfalls of learningin high-dimensionalnput spaces.
The “curse of dimensionality” makeslearning difficult
becausemany more examplesare neededto determine
which dimensionsareimportantin a spacein which all
examples begin to look equidistant.

One way to combatthe high-dimensionalspaceis to
reduce its dimensionality before applying further
techniques.For example SingularValue Decomposition
(SVD) [Dumais, 88] or auto-encoding neural nets
attemptto reducethe size of the spacewhile maximally
retaining the information contained in the original
representation.The initial NewsWeeder experiments
have been done with no dimensionality-reduction
techniquesother than throwing out words deemedless-
useful, accordingto a heuristicdescribedater. Earlier
experiments[Lang, 94] with the task of predicting
newsgroupfrom the text body indicatedthat techniques
thatusedSVD were outperformedby techniqueswithout
suchtransformation. This resultwas probablycausedoy
a loss of information when using the transformation.

Of the many possiblelearning methodsavailable, two
werechoserto fit the characteristic®f thedomain. The
first is a well-tested,popular techniquefrom IR called
term-frequency/inverse-documerfrequency weighting
(tf-idf) [Salton, 91]. The Stanford Netnews Filtering
Service[Yan, 92] relieson this technique althoughtheir
efforts are focused on solving delivery and indexing
problems for large numbers of usamtherthantrying to
developbetterlearningmodels. Tf-idf providesa well-
testedbenchmarkirom which otherlearningmodelscan
be compared.

2.3 TF-IDF WEIGHTING

The assumptions behind tf-idf apasedon two empirical
observationsregarding text. First, the more times a
token t appearsin a documentd (called the term
frequency or tf; ), the morelikely it is thatt is relevant
to the topic of d. Second,the more times t occurs
throughout all documents (called thecumenfrequency
or df), the more poorly t discriminates between
documents. For a given documentthesetwo termsare
combinedinto weights by multiplying the tf by the
inverse of thalf for each token Oftenthe logarithmof tf

or idf aretakenin orderto de-emphasizéhe increasesn

weight for larger values. In  experiments with

NewsWeederthe weight usedfor tokent in documentd

was



w(t,d) =tf, , log(INJ/df)

where N is the entire set of documents. The way in
which tf-idf vectorsarecomparedalsotakesadvantagef
the domain. Becausedocumentsusually containonly a
smallfraction of the total vocabulary the significanceof
a word appearingis much greater than of it not
appearing. To emphasizethe stronger information
contentin a word appearing,the cosine of the angle
between vectors is usednmeasurehe similarity between
them. The effect of this metric can be seenin the

following example. Suppose two documents each contai

a single wordputthe wordsaredifferent. The similarity
of the documentavould thenbe zero, sincethe cosineof
the anglebetweenthe two perpendiculawvectorsis zero.
A more unbiasedlearning techniquethat did not take
advantage of this domafeaturewould usuallygroupthe
two documentsasbeingvery similar, sinceall but two of
the elements in the lengthy vectaigreedi.e., theywere
zero).

Using tf-idf and the cosinesimilarity metric, there are
many ways to then classify documentsinto categories.
For example, any of the family of nearestneighbor
techniques could be used. In NewsWeeder, the
documentsin each category are convertedinto tf-idf

vectors,normalizedto unit length,andthenthe average
is takento get a prototypevector for the category. The
advantagego doing this are speedof computationand
more compact representation. To classify a new
document, the document is compared veilthprototype
vector and given a predictedrating basedon the cosine
similarities to eachcategoryof rating. In this last step
we convertthe resultsfrom a categorizatiorprocedureo

a continuosvalue using a linear regressionwhich we

will describe in more detail subsequently. While eoild

have simply lumpedall the highly-rated categoriesinto

one and useda single similarity measureto provide the

rating prediction, we felt this would not fully take
advantage of the gradations of relevance feedback
obtained from the user.

2.4 MINIMUM DESCRIPTION LENGTH (MDL)

The alternativemachinelearningtechniquewe compare
to tf-idf weighting is based on the MDL principle
[Rissanen, 78]. The MDL principle provides an
information-theoretic framework for balancing the
tradeoffbetweermodelcomplexityandtraining error. In

NewsWeeder'sdomain, this tradeoff involves how to

weight eachoken’simportanceandhow to decidewhich
tokens should be left out of the model for not having
enough discriminatory power. To derive the MDL

principle, we begin with Bayes’ Rule

tUsing the log of the tf was also tried, but was found to
decrease performance slightly.

p(DIH) p(H)
p(D)

We wish find the hypothesisH that maximizesp(H|D),
the probability of H given the observeddata D. By
Bayes’ Rule, this is equivalent to maximizing
p(D|H)p(H)/p(D). Sincep(D) doesn'tdependon H, we
can just maximize p(D|H)p(H); equivalently, we can
minimize

p(HID) =

~log(p(DIH)) —log(p(H))-

Prom information theory [Shannon,48], we know that
—log(p(X)) (base2) is equalto the size in bits of
encodingevent X in an optimal binary code. So, the
MDL interpretationof the above expressionis that, to
find the most probable hypothesisgiven the data, we
should find the hypothesiswhich minimizes the total
encodinglength. This encodinglengthis equalto the
number of bits required to encode the hypothesis,thkis
bits required to encode the data gitkahypothesisThe
MDL principle thus expresseshe intuitive notion that
finding a good modelinvolvesfinding the right balance
between simpler models (which take fewer bits to
describethan more complex models) and models that

produce smaller error when explaining the observed data.

The essentialifferencebetweenthe MDL approachand
the popular Maximum Likelihood (ML) methodis that
ML treatsthe costof encodingall modelsasequal. That
is, the prior probability of all hypothesess uniform, and
so can drop out of the optimization.

2.4.1 MDL Applied to NewsWeeder

Similar to the tf-idf approach,we will first perform a
rating-categorization step, and then convert the
categorization similarities into a continuous rating
prediction. Given a documentd with token vector Ty
(containingly non-zercentried) andtraining dataDyai,
the most probable category ¢ for d is that which
minimizes the bits needed to encodeplus ¢

arggra{{ PG [Ty g, Dyarft =
argqrrin{—log(p(‘l’d G, 14, Dyan)) 10 P(C |1y, Dy}

For simplicity, and becauseve are not presentlyfocused
on taking advantageof documentiengthasa predictive
feature,we treatthe last term as constant We now must
carefully construct a model for the probability
distribution of T,.

2.4.2 A Probabilistic Model for Token Occurrences

In choosinga probabilisticmodelfor tokendistributions,
we want to find the mostdescriptivefunction that takes

2We use | as a measure of document length, redefined to mean

“number of unique tokens in the document”.



advantage of what we know about ffreblemspaceand
with the fewest number of parameteRragmaticallywe
alsowant it to be fast, sinceit will be usedover large
amounts of data.

A commonassumptionn IR is thatthe probabilitiesthat
two words occur in a documentare independent. This
assumptions not particularlywell-groundedempirically,
but it reducesthe complexity of the problem space
significantly enough that it should be tried before
anythingelse. Our approachusesthis assumptionput
also allows for a degreeof dependenceon document
length for eachword’s probability to rangefrom highly
dependentto completely independent.Since we are
treating special tokens as just additional words in the
model,word probabilitiesmay or may not dependon the
documentength. For example, the token“Re” usedas
an abbreviationin the subjectline for “Regarding”, can
appeamorefrequentlyin shorterdocumentghanlonger
ones,since they are often one-line responsegjuoting a
short section of a longer article. More typically, an
ordinary word such as “flaming” appearswith greater
frequency the longer the document. Formally, our
independencessumptionis that the probability of the
datain a documentgiven its length and categoryis the
product of the individual token probabilities

p(Td |C| ’ Id ’ Dtrain) = I_I p(t| d |C| ’ Id ’ Dtrain)

wheret; 4 is a binaryvalueindicatingwhetheror not the
token i occurred at least once in document d.

Now, we wish to derive a probability estimatefor t; 4, but
we want to avoid a computationally expensive
optimizationstepfor the parametersf whatevermodel
we decideon. One way to do this is to computethe
following additionalstatisticsfrom our training data,and
use them as the parameters in the model:

t = gti’j : the number of documents containing token i
N

I, : acorrelation estimatg0-1] between;t; and |

Eachstatisticis computedfor eachcategory,andfor the
total acrossall categories.The objectiveis to establisha
general*background”distribution for eachtoken,and a
category-specifidistribution. We will usethe subscript
[cy] to designatethat in modeling the category-specific
case an equationis dependenbnly on the statisticsfrom

removingthe [c,] andusingthe statisticsappliedto all of
the articles. Following this convention, if the token
distribution is a simple binomial, independent of
document length, we havc

p(t 4 =0[c]) zl_ti[,ck]/lN[qK”

However, if the token probability is dependenton
document length, we can use the approximation

m I
p(t, o =0ll[ D) :g—tw/ P A

NG, [

The abovetwo distributionscan then be combinedin a
mixture model by weighting them withy r

Pt 4 =0lly[, 1) :(1 _ti[,ck]/lN[cK] D(l_r”) x

We now havea choiceto make betweentwo probability
distributions for each token: the category-specific,or
generaldistribution. We hypothesizethat each token
eithertruly hasa specializeddistributionfor a category,
or that the token is unrelatedto that categoryand just
exhibits random background fluctuations. The MDL
criteria for making the decisidpetweerthesehypotheses
is to choosethe category-specifihypothesisif the total
bits saved in using this hypothesis

tﬂ]%l_log( Pt 4ll4)) —[-log(p(t; 4ll4.C))]

Cx

is greaterthanthe complexitycostof includingthe extra,
category-specifiparametersAt presentwe usea small
constarit to represent this complexity cost.

An additional pragmaticadvantageo this probabilistic
model choice is that when the logs are taken of the
probabilities to get costs in bits, the probability
calculationfor eacharticle’s words becomesa simple,
linear onethat can be computedin O(ly) ratherthanthe
muchlongerO(|dictionary|}. This is dueto the ability
to precomputehe sum of the bits requiredto encodeno
wordsoccurring. Fromthis sumthe bits requiredfor an
actual document can quickly be computed.

a particular category of articles. However, the equation i¥Ve cannow computethe similarity of a given document

equally valid for modeling the background distributimn

3Properly, r should be the standard statistical sample

correlation between a token’s occurrence and the document

length, bounded below by 0. In these experiments the

to eachrating category. The similarity is inversely
proportionalto the numberof bits requiredto encodeTy

“More theoretically-correct complexity costs were tried, but
none worked as well as using the simple constant = 0.1

fraction [0-1] of documents not containing token t was used °This pragmatic advantage is also why a multiplicative mixture
as a proxy for this estimate, since we were mostly concerned model (which becomes linear after taking the log) was used
with inaccurate probabilities for the most frequent tokens. instead of the more typical linear model.



using the combination of probability distributions
described previously.

2.5 LEARNING ALGORITHM SUMMARY

Now we will make explicit the entire algorithm usedin
both the tf-idf and MDL experiments:

1. Divide the articles into training and test (unseen)
sets.

2. Parsethe training articles, throwing out tokens
occurring less than three times total.

3. Fortf-idf, alsothrow outthe M mostfrequenttokens
over the entire training set.

Computet; andr;, for each token.

5. For tf-idf, computethe term weights,normalizethe
weight vector for eacharticle, andfind the average
of the vectors for each rating category.

6. For MDL, decidefor eachtokent and categoryc
whetherto use p(t]l,c)=p(t|l), or to use a category-
dependentnodel for whent occursin c¢. Then pre-
compute the encoding lengths for no tokens
occurring for documents in each category.

7. For tf-idf, computethe similarity of eachtraining
document to each ratingategoryprototypeusingthe
cosine similarity metric.

8. For MDL, computethe similarity of eachtraining
documentto each rating category by taking the
inverseof the numberof bits neededto encodeTy
under the category’s probabilistic model.

9. Using the similarity measurementscomputed in
steps? or 8 on the training data, computea linear
regression from rating category similarities to
continuous rating predictiohs

10. Apply the model obtainedin steps7-9 similarly to
test articles.

We now have a continuous prediction of the user’s
ratings. This two-stagealgorithm of text categorizing
and then regression was motivated by three
considerations. First, the categorieswere kept distinct

instead of combined into relevant and non-relevant
categoriedo fully take advantageof the user’sfeedback
gradations Secondwe wantedour final predictionto be

matchedto the sameabsoluterating scaleas the user’s
feedbacko aid in the user’sevaluationof the prediction,
rather than just obtaining article ranking information.

Third, we needed to combine all the similarity

informationsomehowandlinear regressioris oneof the

simplest ways possible.

2.6 EVIDENCE FUSION

The results presented in this paper are based soleaheon
content-based rating predictions. However, the
NewsWeedengentcombinesan elementof collaborative
filtering in actual on-line use. When a new article is
prefetchednto the system,and after a few readershave
had achanceto ratethe article, the predictionof the next
reader’s rating R is based on three components:

» the content-based rating prediction for R
» the ratings already given by other users
» the content-based rating predictions for other users

The above componentsare combined into the final
predictionfor a userby a simpleweightedaverage. The
componentsare listed in the order of weight size, from
mostimportantto least. Theseweightsare non-adaptive
and arbitrarily chosen, but subjectively have been
observed to provide an interesting serendipisarspling
of articlesscoringhighly in other user’sfilters. One of
our nextresearclgoalsis to learna modelof howto fuse
theserating evidencecomponentsmore effectively by
correlating the interests of multiple users.

3 RESULTS

Thereare severalevaluationmetricsthat can be usedto
evaluate performance. We will look at one of the
common evaluation metrics used in IR, precision
Precisionis defined as the ratio of relevantdocuments
retrievedto all documentgetrieved,given somemethod
for choosinga subsetof documentsto retrieve. Our
methodis to takethetop 10% of highest-predicted-rating
articles, motivated by the following reasoning.Current
newsreadindilter techniquesare poor enoughthat many
people opt not to read any articles at all. Thus, the

SThe standard least-squares regression was used for both the challenge is to raise tfegnal-to-noiseatio high enough
MDL and tf-idf experiments, but we pre-processed the input in @ small set of filtered articles that the value exceeds

variables as follows. First, the similarities are normalized to the costs for these users.

range from 0-1. Second, after empirically observing that

Anotherway we will analyzethe resultsis by looking at

these normalized similarities needed more separation, we the confusion matrix of errors generatedby the text

then used the cube of this normalized similarity as the inputg;|assifier. to get a better understandingof where the
for the regressions. This is not as arbitrary as it may sound. athod i7s going wrong.

If the token independence assumption were adhered to, we

would expect to use a regression on the exponential of the 3.1 DATA
log of the probabilities. However, because this assumption The labels given to the user as the meaningsof the

is wildly violated, a function less than exponential works

ratings are provided imablel. Forevaluationpurposes,

well, although linear appears to be too weak. Powers from \yq gefine “interesting” as articlesrated 2 or better,and

three to six all seem to work equally well.

define the numerical rating of “Skip” articles to be 4.5.



Table 1: Rating Labels

Rating Label Intended Use

For articlesnot to be missedif
at all possible

1 Essential

2 Interesting | For articles of definite interest

For articles the user is
uncertainabout his interestin
and would rather not make a
commitment

3 Borderline

4 Boring For articles not interesting

For articles the user wants to
heavily weight against seeing
again, perhapbecauséheyare
so clearly irritating to havein
the list

Gong

For articles the user does not
even want to read (note that
this categorymay coverseveral
of the above ratings, as they
can only be usedif the user
actually requeststo see the
article)

Skip Skip

While over 40 usershaveregisteredo useNewsWeeder,
only two have stuck with it through its development
procesdo haveenoughdatafor evaluationat present. In
Table 2, we summarizethe two datacollections,which
were recordedover a one-yearperiod. Since our model
assumes stabledistribution pool, and becauset hasno
temporal dependencepsers’ intereststhat lasted less
thanthe one-yearperiod will add someamountof error
to the performancé. Because different users have
different styles of newsreadingijt is difficult to make
comparisonsbetweenthe users’ratings. For example,
the “Skip” category,which meansthat the usersawthe
one line article summary,and decidednot to read the
article, can be optionally useddependingon the user’'s
style. Typically, a userwill pick out, read,and rate the
articlesdesiredfrom the list, and then may or may not
chooseto rate the remaining articles “skipped”. For
small, but important newsgroupghe user may want to
“cleanup” thelist of articlessothatnonearemissedbut
for larger newsgroups,just letting the articles expire

"In fact, earlier experiments with an eight-month period of data

naturally off the list may be preferable. Thus, even
though User B has rated 16% of the articleBigeresting
(a rating of 1 or 2), it is possiblefor a considerably
smaller percentageof interestingarticles to be in the
newsgroups read by User B.

Table 2: Article/Rating Data for Two Users

Rating User A User B
1 27 (1%) 29 (3%)
2 475 (11%) 143 (14%)
3 854 (20%) 67 (6%)
4 935 (22%) 56 (5%)
5 57 (1%) 17 (2%)
Skip 1995 (46%) 732 (70%)
Total 4343 1044
Total 502 (12%) 172 (16%)
Interesting
(Lor2)

3.2 TF-IDF PERFORMANCE ANALYSIS

In usingtf-idf, IR expertstypically usewhat they call a
“stop-list” of hand-chosengontent-freewords that are
automaticallyremovedfrom the articlesasinsignificant.
While this may seemlike anarbitrary anddifficult list to
accuratelycreate|t tendsto improveresultssignificantly
enoughto be worthwhile in typical IR text collections.
Netnews, however,is a very dynamic environmentin
which the set of content-free words are constantly
shifting, and so we assumethat a static list would be a
poor choice. The assumptionin the tf-idf weighting
scheme that very frequent words tend to be pesdictive
provides a means for automating this stop-list. In
experimentswith suchan automatedist, we found that
indeedit did improve resultssignificantly to have some
of the most frequent words removed. However, in
looking at the list of words removed,the words were
occasionally clearly not content-free. This effect of
throwing out someof the predictivewordsalongwith the
lessuseful onesis clearly undesirableput is betterthan
keeping all of them. Graph 1 shows the effect of
removingthe top N most-frequentvordson precisionin

had fewer training examples than the one-year period, but the top 10%, highest-predicted-ratingrticles.Five trials

we observed approximately 10-208étterperformance with

were performedfor eachuserwith different training/test

this smaller data set. Probably this was due to a more stablgetsplits (80%/20%)for eachtrial, andthe resultswere

set of interests.

averagedover both users. Removingaround 100-400



words appearsto be the rangeat which the stop-listis
most successfulwith the best precision of 43% being
reached at 300 words removed.

Graph 1: Performance after Removing Most
Frequent Words
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If this is indicativeof real performanceit meanghe user
could look forward to reading interesting artickdsa rate
more than three times higher in the filtered list than
looking at all articlesin his subscribechewsgroups. Of
coursethis meansthe userwill miss the other 59% of
interestingarticles(11% of the remaining90%, filtered-
out articles). The userwho ordinarily wouldn’t readany
netnewsat all dueto low signal-to-noisaevould probably
benefit significantly, though.

3.3 MDL PERFORMANCE ANALYSIS

The MDL approachdescribedso far should not be
affected positively by removing frequent words, and
empirically this wasfound to be true. We shownextin
Graph2 how well the MDL approachperformedversus
the tf-idf approach, for both users A aBdveravarying
training set size. Performancds againmeasureds the
precision(percentagef interestingarticlesfound in the
top 10% with highest predicted rating) averaged diver
trials with randomized training/test set splits.

The MDL learning algorithm eventually reached a
precisionof 44% for the top 10% of highest-predicted-
rating articlesfor User A, and 59% for User B. This
comparesfavorably with the tf-idf approach(37% and

49%), finding 21% more interesting articles gmachuser
than tf-idf out of the samenumberof selectedarticles.
User B’s percentageof interesting articles was 16%
overall (comparedwith 12% for User A), so it is not
surprising taseebetterperformancdor UserB thanUser
A with far fewer examples.

Graph 2: Performance of Tf-idf vs. MDL on Test
Set (Avg. of 5 Trials)
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In Table 3, we see an example of the confusion matrix for

MDL’s categorizatiorof articlesfor User A in a single
trial. This matrix showswherethe text classifiererrors
are found, before the linear regressionis performed.
Thesenumbergeflectwhatthe MDL filter would predict
the user'srating to beif it simply chosethe mostlikely

rating category, rather than passing all of the

categorizationinformationthroughthe linear regression.
Note that it still tendsto get a large percentagg65%)

correctalong the main diagonal. Further,the precision
obtainedby just using the articles predictedto have a

rating of 1 or 2 in thefirst two columnsagreeswith our

results after using the regression (28/64=44%). In

general,the performanceafter the regressionsteptends
to meetor exceedthe precisionobtainedby this method
of using only the categorization outputs.



Table 3: MDL Confusion Matrix for User A’s Test Articles
(based on most-likely rating category)

Predicted Rating Total
1 2 3 4 5 Skip

1 0 2 1 1 0 1 5
2 2 24 23 16 1 29 95
Actual 3 0 20 77 44 1 28 170
Rating 4 0 26 104 1 54 187
5 0 2 5 2 2 11
Skip 0 14 19 4 1 361 399
Total 2 62 148 174 6 475 867

4 CONCLUSION

The data presentedgives evidencefor the following
statements. First, machine learning and the MDL
approachcan have significant benefitsin performance
overoneof the besttechniquesievelopedn Information
Retrieval, tf-idf. Second, it is possible to gammevalue
from learningto filtering netnewsfor at leasta subsetof
users. And third, it can be done within a reasonable
number of training examples. We hawdy exploredthe
potential of a portion of the availableinformation that
canbe leveragedn the content-basefdiltering side,and
not exploredat all the collaborativefiltering potential.
Theresultsleaveus optimistic that expandingthe useof
the availableinformationwill permit automaticlearning
of useful news filtering profiles for a wide variety of
users.

5 FUTURE WORK

Once more multi-user data has been collectechapeto
find out how much the content-basedechniqueswill
synergizewith the collaborativetechniques.Further,the
MDL technique presently does not use the term
frequencyfully—only the knowledgeof whethera term
occurredat leastoncein anarticle. We hopethatadding
this information to make MDL and tf-idf on equal
footing will widen the gap betweentheir performance.
Lastly, we hopeto take advantageof large numbersof
freely available, unrated news articlediasthelearning
with strongerstatisticson the global word distributions
and dependencies.
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