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Abstract

We studythe effects of featureselectionandhu-
man feedbackon features in active learningset-
tings. Our experimentson a varietyof text catego-
rization tasksindicatethat thereis signi�cant po-
tential in improving classi�er performanceby fea-
ture reweighting, beyond that achieved via selec-
tivesamplingalone(standardactive learning)if we
haveaccessto anoraclethatcanpointto theimpor-
tant(mostpredictive)features.Consistentwith pre-
vious�ndings, we �nd thatfeatureselectionbased
on the labeledtrainingsethaslittle effect. But our
experimentsonhumansubjectsindicatethathuman
feedbackon featurerelevancecan identify a suf-
�cient proportion(65%) of the most relevant fea-
tures. Furthermore,theseexperimentsshow that
featurelabelingtakesmuchless(about1/5th) time
thandocumentlabeling. We proposeanalgorithm
that interleaves labeling featuresand documents
whichsigni�cantly acceleratesactive learning.

1 Intr oduction
A major bottleneckin machinelearningapplicationsis the
lack of suf�cient labeleddatafor adequateclassi�er perfor-
mance,asmanuallabelingis oftentediousandcostly. Tech-
niquessuchasactive learning,semi-supervisedlearning,and
transductionhave beenpursuedwith considerablesuccessin
reducinglabelingrequirements.In thestandardactive learn-
ing paradigm,learningproceedssequentially, with thelearn-
ing algorithmactively askingfor thelabelsof instancesfrom
ateacher. Theobjective is to asktheteacherto labelthemost
informative instancesin order to reducelabeling costsand
acceleratethe learning. Therehasbeenvery little work in
supervisedlearningin which theuser(teacher)is queriedon
aspectsother thanclassassignmentof instances.In exper-
imentsin this paperwe studythe bene�ts andcostsof fea-
turefeedbackvia humanson active learning.To this endwe
pick documentclassi�cation[Sebastiani,2002] asthe learn-
ing problemof choicebecauseit representsa caseof super-
vised learningwhich traditionally relies on exampledocu-
mentsas input for training andwhereusershave suf�cient
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prior knowledgeon featureswhich canbeusedto accelerate
learning.For example,to �nd documentson thetopiccars in
traditionalsupervisedlearningtheuserwould berequiredto
providesuf�cient examplesof carsandnon-carsdocuments.
However, this is not the only way in which the information
needof auserlookingfor documentsoncarscanbesatis�ed.
In theinformationretrieval settingtheuserwouldbeaskedto
issuea query, that is, statea few words(features)indicating
her informationneed.Thereafter, feedbackwhich maybeat
a term or at a documentlevel may be incorporated.In fact,
even in documentclassi�cation, a usermay usea keyword
basedsearchto locatethe initial training examples. How-
ever, traditionalsupervisedlearningtendsto ignoretheprior
knowledgethat theuserhas,oncea setof trainingexamples
have beenobtained. In this work we try to �nd a marriage
betweenapproachesto incorporatinguserfeedbackfrom ma-
chinelearningandinformationretrieval andshow thatactive
learningshouldbe a dual process– at the term and at the
document-level. This hasapplicationsin email �ltering and
news �ltering wheretheuserhassomeprior knowledgeand
awillingnessto labelsome(asfew aspossible)documentsin
orderto build asystemthatsuitsherneeds.Weshow thathu-
manshave goodintuition for importantfeaturesin text clas-
si�cation taskssincefeaturesaretypically wordsthatareper-
ceptibleto the humanandthat this humanprior knowledge
canindeedacceleratelearning.

In summary, our contributions are: (1) We demonstrate
thataccessto afeatureimportanceoraclecanimproveperfor-
mance(F 1) signi�cantly over uncertaintysampling.(2) We
show thatevennaive userscanprovide feedbackon features
with about60% of the accuracy of the oracle. (3) We show
that the relative manualcostsof labeling featuresis about
1/5ththatof documentfeedback.(4) Weshow amethodof si-
multaneouslysolicitingclasslabelsandfeaturefeedbackthat
improvesclassi�er performancesigni�cantly.

We describethe experimentalsetupin Sec.2 andshow
how featureselectionusinganoracleis usefulto activelearn-
ing in Sec.3. In Sec.4 weshow thathumanscanindeediden-
tify usefulfeaturesandshow how human-chosenfeaturescan
beusedto acceleratelearningin Sec.5. We relateour work
to pastwork in Sec.6 andoutlinedirectionsfor thefuturein
sectionSec.7.



2 Experimental setup
Our testbedfor this papercomesfrom threedomains:
(1) The 10 most frequentclassesfrom the Reuters-21578
corpus(12902documents).(2) The 20-Newsgroupscorpus
(20000documentsfrom 20Usenetnewsgroups).(3) The�rst
10 topicsfrom theTDT-2001corpus(67111documentsin 3
languagesfrom broadcastandnews-wiresources).

For all threecorporawe considereachtopic asa onever-
susall classi�cationproblem.We alsopick two binaryclas-
si�cation problemsviz., BaseballvsHockey andAutomobiles
vs Motorcyclesfrom the 20-Newsgroupscorpus. In all we
have 42 classi�cationproblems.1 All thenon-englishstories
in theTDT corpusweremachinetranslatedinto English.As
featureswe usewords,bigramsandtrigramsobtainedafter
stoppingandstemmingwith thePorterstemmerin theRain-
bow Toolkit [McCallum,1996]

We uselinear supportvector machines(SVMs) and un-
certaintysamplingfor active learning[Scholkopf andSmola,
2002;Lewis andCatlett, 1994]. SVMs are the stateof art
in text categorization,andhave beenfound to be fairly ro-
bust even in the presenceof many redundantand irrelevant
features[Branket al., 2002;Roseet al., 2002]. Uncertainty
sampling[Lewis andCatlett,1994] is a typeof active learn-
ing in which theexamplethattheuser(teacher)is queriedon
is theunlabeledinstancethat theclassi�er is mostuncertain
about. Whenthe classi�er is an SVM, unlabeledinstances
closestto themargin arechosenasqueries[TongandKoller,
2002]. The active learnermay have accessto all or a sub-
setof theunlabeledinstances.This subsetis calledthepool
andwe usea pool sizeof 500 in this paper. The newly la-
beledinstanceis addedto thesetof labeledinstancesandthe
classi�er is retrained.Theuseris querieda totalof T times.

The de�ciency metric [Baramet al., 2003] quanti�es the
performanceof thequeryingfunctionfor agivenactivelearn-
ing algorithm. Originally de�ciency wasde�ned in termsof
accuracy. Accuracy is a reasonablemeasureof performance
whenthepositiveclassis asizeableportionof thetotal. Since
this is not thecasefor all theclassi�cationproblemswehave
chosen,we modify thede�nition of de�ciency, andde�ne it
in termsof theF 1 measure(harmonicmeanof precisionand
recall[Roseet al., 2002]). Usingnotationsimilar to theorig-
inal paper[Baramet al., 2003], let U be a randomsetof P
labeledinstances,F 1t (RAN D) betheaverageF 1 achieved
by analgorithmwhenit is trainedon t randomlypickedex-
amplesandF 1t (AC T) be the averageF 1 obtainedusingt
actively pickedexamples.De�ciency D is de�ned as:

DT =

P T
t = init (F 1M (RAN D) � F 1t (AC T))

P T
t = init (F 1M (RAN D) � F 1t (RAN D))

(1)

F 1M (RAN D) is theF 1 obtainedwith a largenumber(M )
of randomlypicked examples. For this paperwe take
M = 1000 and t = 2; 7:::42. When t = 2 we have one
positive andonenegative example. F 1t (� ) is the average
F 1 computedover 10 trials. In additionto de�ciency we re-
portF 1t for somevaluesof t. Intuitively, if Cact is thecurve
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obtainedby plotting F 1t (AC T), Cr and is the correspond-
ing curveusingrandomsamplingandCM is thestraightline
F 1t = F 1M thende�ciency is theratio of theareabetween
Cact andCM andtheareabetweenCr and andCM . Thelower
the de�ciency the betterthe active learningalgorithm. We
aimto minimizede�ciency andmaximizeF 1.

3 Oracle Feature SelectionExperiments
Theoraclein our experimentshasaccessto the labelsof all
P documentsin U andusesthis informationto returna list of
thek mostimportantfeatures.We assumethattheparameter
k is input to the oracle. The oracleordersthe k featuresin
decreasinginformationgainorder. Givena setof k features
we canperformactive learningasdiscussedin the previous
sectionandplot Cact for eachvalueof k.

Figure1: Average F 1t (AC T) for differentvaluesof k. k is
thenumberof featuresandt is thenumberof documents.

Figure1 shows a plot of F 1t (AC T) againstnumberof
featuresk andnumberof labeledtrainingexamplest, for the
Earningscategory in Reuters.Thex, y andz axesdenotek,
t andF 1 respectively. Thenumberof labeledtrainingexam-
plest rangesfrom 2...42in incrementsof 5. Thenumberof
featuresusedfor classi�cationk hasvaluesfrom 32to 33718
(all features).The dark dotsrepresentthe maximumFt for
eachvalueof t, while thedarkbandrepresentsthecasewhen
all featuresareused.This methodof learningin onedimen-
sion is representative of traditionalactive learning. Clearly
whenthe numberof documentsis few, performanceis bet-
ter whenthereis a smallernumberof features.As thenum-
berof documentsincreases,thenumberof featuresneededto
achievebestaccuracy increases.Fromthe�gure it is obvious
thatwecangetabig boostin accuracy by startingwith fewer
featuresandthenincreasingthecomplexity of themodel(the
numberof relevent features)asthenumberof labeleddocu-
mentsincrease.

All 42 of our classi�cationproblemsexhibit behavior like
that in Figure1[Raghavanet al., 2005]. We reporttheaver-
agede�ciency, F 17 (F1 scorewith 7 labeledexamples)and
F 122 in Fig. 2 to illustrate this point. The column labeled
Act shows performanceusingtraditionalactive learningand
all thefeatures.ThecolumnlabeledOra showsperformance
obtainedusinga reducedsubsetof featuresusingtheOracle.

Intuitively, with limited labeleddata, there is little evi-
denceto preferonefeatureover another. Feature/dimension
reduction(by theoracle)allows the learnerto “focus” on di-
mensionsthatmatter, ratherthanbeing“overwhelmed”with



Class# D42 F 17 F 122 F 11000

Act Oracle Act Ora Act Ora Act
Reuters 0.421 0.319 0.345 0.446 0.569 0.621 0.727
20-News. 0.602 0.344 0.072 0.222 0.21 0.29 0.446
TDT 0.735 0.656 0.186 0.290 0.282 0.407 0.751
Bas.vsHock 0.710 0.447 0.587 0.701 0.785 0.828 0.963
Auto vsMot. 0.676 0.321 0.431 0.724 0.758 0.860 0.899

Figure2: Improvementsin de�ciency, F 17 andF 122 usinganoracleto selectthemostimportantfeatures.Rememberthat the
objectiveis to minimizede�ciencyandmaximizeF 1. For each of thethreemetrics,�gur esin bold are statisticallysigni�cant
improvementsoverUncertaintysamplingusingall features(thecorrespondingcolumnsdenotedbyAct). When1000documents
are labeled(F 11000) usingtheentire featuresetleadsto betterF 1 scores.

numerousdimensionsright at the outsetof learning. As
the numberof labeledexamplesincreases,featureselection
becomeslessimportant,as the learningalgorithmbecomes
morecapableof �nding thediscriminatinghyperplane( fea-
tureweights).Weexperimentedwith �lter basedmethodsfor
featureselection,whichdidnotworkverywell (i.e., tiny orno
improvements).This is expectedgivensuchlimited training
setsizes(seeFig. 3), andis consistentwith mostprevious
�ndings [Sebastiani,2002]. Next we determineif humans
canidentify theseimportantfeatures.

4 Human Labeling
Considerour introductoryexampleof a userwho wantsto
�nd all documentsthatdiscusscars. Froma humanperspec-
tive thewords`car', `auto' etcmay be importantfeaturesin
documentsdiscussingthis topic. Given a large numberof
documentslabeledason-topicandoff-topic,andgivenaclas-
si�er trainedon thesedocuments,theclassi�er mayalso�nd
thesefeaturesto be most relevant. With little labeleddata
(say 2 labeledexamples)the classi�er may not be able to
determinethe discriminatingfeatures. While in generalin
machinelearningthesourceof labelsis not importantto us,
in active learningscenariosin which we expectthe labelsto
comefrom humanswe havevalid questionsto pose:(1) Can
humanslabelfeaturesaswell asdocuments?(2) If thelabels
peopleprovide arenoisy throughbeinginconsistent,canwe
learnwell enough?(3) Are featuresthatareimportantto the
classi�er perceptibleto ahuman?

Ourconcernin thispaperis askingpeopleto givefeedback
on features,or word n-grams,aswell asentire documents.
We may expect this to be more ef�cient, sincedocuments
containredundancy, andresultsfrom our oracleexperiments
indicategreatpotential. On the other hand,we also know
that syntheticexamplescomposedof a combinationof real
featurescanbedif�cult to label[BaumandLang,1992].

4.1 Experimentsand Results
In order to answerthe above questionswe conductedthe
following experiment. We picked 5 classi�cation problems
which we thoughtwereperceptibleto theaveragepersonon
the streetandalso representedthe broadspectrumof prob-
lemsfrom our setof 42 classi�cationproblems.We took the
two binaryclassi�cationproblemsandfrom theremaining40
one-versus-allproblemswe chosethree(earnings, hurricane
Mitch and talk.politics.mideast). For a given classi�cation

problemwe took the top 20 featuresasranked by informa-
tion gainontheentirelabeledset.In thiscasewedid notstem
thedataso that featuresremainaslegitimateEnglishwords.
We randomlymix thesewith featureswhich aremuchlower
in the ranked list. We show eachuseronefeatureat a time
andgive themtwo options– relevant andnot-relevant/don't
know. A featureis relevant if it helpsdiscriminatethe pos-
itive or the negative class.We measurethe time it takesthe
userto label eachfeature. We do not show the userall the
featuresasa list, thoughthis may be easier, aslists provide
somecontext and serve as a summary. Henceour method
providesanupperboundon the time it takesa userto judge
a feature. We comparethis with the time it takesa userto
judgeadocument.Wemeasuretheprecisionandrecallof the
user's ability to label features.We asktheuserto �rst label
the featuresandthendocuments,so that the featurelabeling
processreceivesno bene�t dueto the fact that the userhas
viewedrelevantdocuments.In the learningprocesswe have
proposed,though,theuserwould belabelingdocumentsand
featuressimultaneously, so the userwould indeedbe in�u-
encedby thedocumentshereads.Henceour methodis more
stringentthantherealcase.We couldin practiceaskusersto
highlight termsasthey readdocuments.Experimentsin this
directionhavebeenconductedin informationretrieval [Croft
andDas,1990].

Our usersweresix graduatestudentsand two employees
of a company, noneof whomwereauthorsof this paper. Of
thegraduatestudents,� ve werein computerscienceandone
from publichealth.All ouruserswerefamiliarwith theuseof
computers.Five usersunderstoodthe problemof document
classi�cationbut nonehadworkedwith thesecorpora.Oneof
ouruserswasnotanativespeakerof English.Thetopicswere
distributedrandomly, andwithoutconsideringuserexpertise,
so that eachusergot an averageof 2-3 topics. Therewere
overlappingtopics betweenuserssuchthat eachtopic was
labeledby 2-3 userson average. A feedbackform asking
theuserssomequestionsaboutthedif�culty of the taskwas
handedoutat theend.

We evaluateduserfeaturelabelingby calculatingtheir av-
erageprecisionandrecallat identifying thetop20featuresas
rankedby an oracleusinginformationgain on theentirela-
beledset.Fig.3 showstheseresults.For comparisonwehave
alsoprovidedtheprecisionandrecall (againstthesameora-
cle rankingof top 20 features)obtainedusing50 labeledex-
amples(pickedusinguncertaintysampling)denotedby @50.



Class Prec. Rec. Avg. Time(secs)
Problem Hum. @50 Hum. @50 Feat. Docs
Baseball.. 0.42 0.3 0.7 0.3 2.83 12.6
Auto vs ... 0.54 0.25 0.81 0.25 3.56 19.84
Earnings 0.53 0.2 0.66 0.25 2.97 13
...mideast 0.68 0.35 0.55 0.35 2.38 12.93
...Mitch 0.716 0.65 0.56 0.65 2.38 13.19
Average 0.580 0.35 0.65 0.38 2.82 14.31

Figure3: Ability of users to identifyimportantfeatures.Pre-
cisionandRecallagainstan oracle, of users (Hum.) andan
activelearnerwhich hasseen50 documents(@50).Average
labelingtimesfor featuresanddocumentsarealsoshown.All
numbersareaveragedoverusers.

PrecisionandRecall of the humansis high, supportingour
hypothesisthatfeaturesthataclassi�er �nds to berelevantaf-
terseeingalargenumberof labeledinstancesareobviousto a
humanafterseeinglittle or no labeleddata(thelattercasebe-
ing trueof our experiments).Additionally thePrecisionand
Recall@50is signi�cantly lower thanthatof humans,indi-
catingthata classi�er like anSVM needsto seemuchmore
databeforeit can�nd thediscriminatoryfeatures.

The last column of Fig. 3 shows time taken for labeling
featuresanddocuments.On averagehumansrequireabout5
timeslongerto labeldocumentsthanto label features.Note
that featuresmaybeeveneasierto label if they areshown in
context – aslists, with relevantpassagesetc. Therearesev-
eral othermetricsandpointsof discussionsuchasuserex-
pertise,time takento labelrelevantandnon-relevantfeatures
and so on, which we reserve for future work. One impor-
tantconsiderationthough,is thatdocumentlengthin�uences
documentlabelingtime. Wefoundthetwo to becorrelatedby
r = 0:289which indicatesasmallincreasein timefor a large
increasein length.Thestandarddeviationsfor precisionand
recallare0.14and0.15respectively. Differentusersvarysig-
ni�cantly in precision,recallandthetotalnumberof features
labeledrelevant.Basedon feedbackon thepost-labelingsur-
vey we are inclined to believe that this is due to individual
cautionexercisedduringthelabelingprocess.

Someof the highlightsof the post-labelingsurvey areas
follows. Onaverageusersfoundtheeaseof labelingfeatures
to be 3.8 (where0 is mostdif�cult and5 is very easy)and
documents4.2. In generaluserswith poor prior knowledge
foundthefeaturelabelingprocessvery hard,althoughaswe
will show, their labelswere extremely useful to the classi-
�er . Theaverageexpertise(5=expert)was2.4,indicatingthat
mostusersfelt they hadlittle domainknowledgefor thetasks
they wereassigned.We now proceedto seehow to usefea-
tureslabeledasrelevantby ournaiveusersin active learning.

5 A Human in the Loop
We saw in Sec.3 that featureselectioncoupledwith uncer-
taintysamplinggivesusbig gainsin performancewhenthere
arefew labeledexamples.In Sec.4 we saw thathumanscan
discerndiscriminativefeatureswith reasonableaccuracy. We
now describeour approachof applying term anddocument
level feedbacksimultaneouslyin active learning.

5.1 InterActi ve Learning Algorithm

Let documentsbe representedasvectorsX i = x i 1:::x i jF j ,
wherejF j is the total numberof features.At eachiteration
the active learnernot only queriesthe useron an uncertain
document,but alsopresentsa list of f featuresandasksthe
userto label featureswhich sheconsidersrelevant. Thefea-
turesto be displayedto the userare the top f featuresob-
tainedby orderingthe featuresby informationgain. To ob-
tain the informationgainvalueswith t labeledinstanceswe
trainedaclassi�er on theset labeledinstances.Thento com-
puteinformationgain,weusedthe5 topranked(farthestfrom
themargin) documentsfrom theunlabeledsetin additionto
the t labeleddocuments.Using the unlabeleddatafor term
level feedbackis verycommonin informationretrieval andis
calledpseudo-relevancefeedback[Salton,1968].

Theuserlabelssomeof thef featureswhich heconsiders
discriminative features. Let ~s = s1:::sjF j be a vectorcon-
taining weightsof relevant features. If a featurenumberi
that is presentedto the user is labeledas relevant then we
setsi = a, otherwisesi = b, wherea andb areparameters
of the system.The vector~s is noisierthanthe real casebe-
causein additionto mistakesmadeby theuserweloseouton
thosefeaturesthat the usermight have consideredrelevant,
hadhe beenpresentedthat featurewhenwe werecollecting
relevancejudgmentsfor features.In a real life scenariothis
might correspondto the lazy userwho labels few features
asrelevantandleavessomefeaturesunlabeledin additionto
makingmistakes.If auserhadlabeledafeatureasrelevantin
somepastiterationwedon't show theuserthatfeatureagain.

We incorporatethe vector~s as follows. For eachX i in
the labeledandunlabeledsetswe multiply x ij by sj to get
X 0

ij . In otherwordswe scaleall relevant featuresby a and
non-relevantfeaturesby b. We seta = 10andb = 1. 2

By scalingthe importantfeaturesby a we areforcing the
classi�er to assignhigher weights to thesefeatures. We
demonstratethis with thefollowing example.Considera lin-
earSVM, jF j = 2 and2 datapointsX 1 = (1; 2) andX 2 =
(2; 1) with labels+1 and� 1 respectively. An SVM trained
on this input learnsa classi�er with w = (� 0:599; +0 :599).
Thusboth featuresareequallydiscriminative. If feature1 is
consideredmorediscriminativeby auser, thenby ourmethod
X 0

1 = (10; 2) andX 0
2 = (20; 1) andw0 = (0:043; � 0:0043),

thusassigninghigherweightto f 1. Now, this is a “soft” ver-
sionof thefeatureselectionmechanismof Sec.3. But in that
casethe Oracleknew the ideal setof features;we canview
thosesetof experimentsasa specialcasewhereb = 0. We
expect that humanlabelsare noisy and we do not want to
zero-outpotentiallyrelevantfeatures.

5.2 Experimentsand Results

To makeourexperimentsrepeatable(to computeaverageper-
formanceandfor convenience)we simulateuserinteraction
asfollows. For eachclassi�cationproblemwemaintaina list
of featuresthata usermight have consideredrelevanthadhe

2We picked our algorithm's parametersbasedon a preliminary
teston3 topics(baseball,earnings,andacquisitions)usingtheoracle
featuresof Sec.3.



beenpresentedthatfeature.For theselists we usedthejudg-
mentsobtainedin Sec.4. Thusfor eachof the5 classi�cation
problemswe had2-3suchlists,oneperuserwho judgedthat
topic. For the 10 TDT topicswe have topic descriptionsas
providedby theLDC, andwesimulatedexplicit humanfeed-
backon featurerelevanceasfollows: Thetopic descriptions
containnamesof people,placesand organizationsthat are
key playersin this topic in additionto otherkeywords. We
usedthewordsin thesetopic descriptionsasthe list of rele-
vantfeatures.Now, giventheselists wecanperformthesim-
ulatedHIL (Humanin theLoop) experimentsfor 15 classi�-
cationproblems.At eachiterationf featuresareshown to the
user. If thefeatureexistsin thelist of relevantfeatures,weset
thecorrespondingbit in ~s andproceedwith theactive learn-
ing asin Sec.5.1. Fig. 4 shows theperformanceof theHIL
experiments.As beforewe reportde�ciency, F 17 andF 122.
As a baselinewealsoreportresultsfor thecasewhenthetop
20 featuresasobtainedby theinformationgainoraclearein-
put to the simulatedHIL experiments(this representswhat
a userwith 100%precisionandrecall would obtainby our
method).TheOracleis (asexpected)muchbetterthanplain
uncertaintysampling,onall 3 measures,reinforcingour faith
in thealgorithmof Sec.5.1. Theperformanceof theHIL ex-
perimentsis almostasgoodastheOracle,indicatingthatuser
input (althoughnoisy)canhelpimproveperformancesigni�-
cantly. Theonly relativepoorperformancefor theHIL simu-
lation is on theaverageD42 measurefor theTDT categories,
wherewe usedall thewordsfrom thetopic descriptionsasa
proxy for explicit humanfeedbackon features.The plot on
theright is of F 1t (H I L ) for hurricaneMitch. As a compar-
isonF 1t (AC T) is shown. TheHIL valuesaremuchhigher
thanfor plainuncertaintysampling.

We alsoobservedthatrelevantfeatureswereusuallyspot-
tedin veryearlyiterations.For theAutovsMotorcyclesprob-
lem,theuserhasbeenaskedto label75%(averagedovermul-
tiple iterationsand multiple users)of the oraclefeaturesat
somepoint or theother. Themostinformative words(asde-
terminedby theOracle)– car andbike areaskedof theuser
in very early iterations. The label for car is always (100%
of the times) asked, and 70% of the time the label for this
word is asked of the userin the �rst iterationitself. This is
closelyfollowedby theword bike which the useris queried
onwithin the�rst 5 iterations80%of thetime. Most relevant
featuresarequeriedwithin 10 iterationswhich makesusbe-
lieve thatwe canstopfeaturelevel feedbackin 10 iterations
or so. Whento stopaskingquestionson both featuresand
documentsandswitchentirelyto documentsremainsanarea
for futurework.

6 RelatedWork

Our work is relatedto a numberof areasincluding query
learning,activelearning,useof (prior) knowledgeandfeature
selectionin machinelearning,term-relevancefeedbackin in-
formation retrieval, and human-computerinteraction,from
whichwecancite only a few.

Our proposedmethodis an instanceof query-basedlearn-
ing andanextensionof standard(“pool-based”)active learn-
ing which focuseson selective samplingof instances(from

a pool of unlabeleddata)alone[Cohn et al., 1994]. Al-
thoughquery-basedlearningcanbevery powerful in theory
[Angluin, 1992], arbitraryqueriesmaybe dif�cult to answer
in practice[BaumandLang,1992], hencethe popularityof
pool-basedmethods,andthemotivationfor studyingthe ef-
fectivenessand easeof predictive featureidenti�cation by
humansin our applicationarea. That humanprior knowl-
edgecanacceleratelearninghasbeeninvestigatedby [Paz-
zani and Kibler, 1992], but our work differs in techniques
(they useprior knowledgeto generatehorn-clauserules)and
applications.[Beineke et al., 2004] useshumanprior knowl-
edgeof co-occurrenceof wordsto improve classi�cationof
productreviews. Noneof this work, however, considersthe
useof prior knowledgein the active learningsetting. Our
work is uniquein the �eld of active learningas we extend
thequerymodelto includefeatureaswell asdocumentlevel
feedback. Our studyof thehumanfactors(suchasquality
of feedbackandcosts)is alsoa major differentiatingtheme
betweenour work andprevious work in incorporatingprior
knowledgewhich did not addressthis issue,or might have
assumedexpertsin machinelearningtaking a role in train-
ing thesystem[Schapireet al., 2002;Wu andSrihari,2004;
Godboleet al., 2004]. We only assumeknowledgeaboutthe
topic of interest.Our algorithmictechniquesandthestudied
modesof interactiondiffer andareworthfurthercomparison.

In both[Wu andSrihari,2004;Schapireetal., 2002], prior
knowledgeis givenat theoutsetwhichleadsto a“soft” label-
ing of the labeledor unlabeleddatathat is incorporatedinto
training via modi�ed boostingor SVM training. However,
in our schemetheuseris labelingdocumentsandfeaturessi-
multaneously. We expectthatour proposedinteractive mode
hasan advantageover requestingprior knowledgefrom the
outset,asit maybeeasierfor theuserto identify/recallrele-
vant featureswhile labelingdocumentsin thecollectionand
beingpresentedwith candidatefeatures. Thework of [God-
boleet al., 2004] putsmoreemphasison systemissues and
focuseson multi-classtraining rather than a careful analy-
sis of effectsof featureselectionandhumanef�cacy. Their
proposedmethodis attractive in that it treatsfeaturesassin-
gle termdocumentsthatcanbe labeledby humans,but they
also study labeling featuresbeforedocuments(and only in
an“oracle” setting,i.e., not usingactualhumanannotators),
anddo not observe muchimprovementsusingtheir particu-
lar methodoverstandardactive learningin thesingledomain
(Reuters)they teston.

7 Conclusionsand Future Work

We showedexperimentallythatfor learningwith few labeled
examples,goodfeatureselectionis extremelyuseful. As the
numberof examplesincreases,the vocabulary (featureset
size)of thesystemalsoneedsto increase.A teacher, who is
not knowledgeablein machinelearning,canhelp accelerate
trainingthesystemin this earlystage,by pointingout poten-
tially importantwords. Wealsoconductedauserstudyto see
how well naiveusersperformedascomparedto afeatureora-
cle. We usedourusers'outputsin realistichumanin theloop
experimentsandfoundsigni�cant increasein performance.

Thispaperraisesthequestionof whatquestions(otherthan



Dataset D42 F 17 F 122

Act Oracle HIL Act Oracle HIL Act Oracle HIL
Baseball 0.71 0.41 0.46 0.49 0.63 0.60 0.63 0.79 0.70
Earnings 0.90 0.64 0.64 0.61 0.79 0.73 0.80 0.85 0.86
Auto vsMotor 0.82 0.33 0.60 0.35 0.62 0.60 0.71 0.83 0.73
Hurr. Mitch 0.89 0.38 0.38 0.04 0.46 0.60 0.08 0.63 0.58
talk.politics.mideast 0.49 0.28 0.28 0.14 0.28 0.29 0.32 0.49 0.49
Avg TDT performance 0.86 0.77 0.89 0.09 0.21 0.24 0.18 0.32 0.22

Figure4: Improvementin de�ciencydueto humanfeature selection.Numbers for HIL are averaged over users. Thegraph
showsHuman Feature Selectionfor HurricaneMitch with the x-axis being the numberof labeled documentsand y-axis
F 1(H I L ); thedifferencebetweenthesetwo curvesis summarizedby thede�ciencyscore. TheF 17 andF 122 scoresshowthe
pointson thetwo curveswhere 7 and22documentshavebeenlabeledwith activelearning. Thedifferencebetweenno feature
feedback andhuman-labeledfeaturesis greatestwith few documentslabeled,but persistsup to 42documentslabeled.

questionsaboutthe labelsof instances)anactive learnercan
aska useraboutthe domainin order to learnasquickly as
possible. In ourcase,thelearneraskedtheteacherquerieson
therelevancy of wordsin additionto thelabelsof documents.
Both typesof questionswereeasyfor the teacherto under-
stand. Our subjectsdid indeed�nd markingwordswithout
context a little hard,andsuggestedthat context might have
helped. We intendto conducta userstudy, to seewhatusers
canperceiveeasily, andto incorporatetheseinto learningal-
gorithms.
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