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Abstract

Gatheringhumanratingsis one of our mostcommonre-

searchmethods.However, thereare potentialsourcesof

bias or noisein humanratingsthat can adwerselyaffect

the clarity andconsisteng of theresultsespeciallywhen
arelatively smallamountof datais available.Oneprimary
sourceof disagreemenbetweenratersis their varying

generosity—someaterstendto give higherratingsthan
others. This paperevaluatesa typical methodfor deal-
ing with this problem,the useof z-scoresandintroduces
several new techniguesmostnotablythe Spindlemodel,
for discovering and factoringout reviewer generosityto

improvetheusefulnes®f ratingsdata.

1

Oneof themostcommondatagatheringmethodsusedin

the socialsciencesandin societyat large, is the collec-
tion of humanratings. We askpeopleto ratemoviesand
restaurantsgolleges,consumeiproducts,conferencepa-
pers,job applications SAT essaysand mutualfunds,in

additionto experimentalitems of mary sorts. The ulti-

mategoalin collectingtheseratingsis usuallyto assign
eachitem a scorewith which they canbe compared.The
mostcommonandstraight-forvardmethodfor producing
suchscoresis simply averagingthe ratingsreceved by

eachitem.

However, it is oftenthe casethateachitem is ratedby
only a subsetof the reviewers. If the reviewersdiffer in
theway they apportiontheir ratingsscale,suchthatsome
aremoregeneroushanothers simply averaginganitem's
ratingsmayresultin abiasedscore.If anitemis only re-
viewedby asmallnumberof reviewersandsomeof them
happerto be sticklers,the item may receve a lower av-
erageratingthanit deseres. In theory this biascouldbe
greatlyreducedby estimatinghow generouseachof the
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reviewersis, relative to the otherreviewers,andadjusting
his or herratingsaccordingly

Thispaperintroducesandevaluatesereralmethoddor
dealingwith the problemof reviewer generositydiffer-
ences.Principally, it advocatesa novel techniqueknown
asthe Spindlemodel,which is designedo discover and
factorout reviewer generosity Unlike othermethodsthe
Spindlemodelis non-linearandis more appropriatefor
the predominansituationin which ratingsarecon nedto
a nite scale.

2 The Z-Score method

Thetraditionalmethodfor factoringoutreviewergeneros-
ity is to corverttheraw ratingsto z-scoresZ-Scoresare
alsousefulfor comparingatingsbasedndifferentscales
andthey are being usedincreasinglyfor the purposeof
rankingsportsteamsand nancial products.Themodelis
quitesimple. The meanandstandardeviation of therat-
ingsarecomputedor eachreviewer. Theraw ratingsare
then corvertedto z-scoresby subtractingthe reviewer's
meanrating and dividing by the standarddeviation. An
item's z-scoresare then averagedto produceits overall
score.

In practice theuseof z-scorexanbe animprovement
over averagedatings,but this methodalsohasthe poten-
tial to introducesomenew sourcesf bias. The Z-Score
methoddoesnot involve ary direct or indirect compari-
son betweenreviewers. As a result,the adjustedscores
assignedy a reviewer canbe skewed by a biasedsam-
pling of itemsratedby thatreviewer. For example,if the
reviewer ratedmostly above averageitems, thenanitem
thatis truly of averagescorewould receve a negative z-
scorefrom thatreviewer.

A reviewer's z-scorexanalsobe affectedby the vari-
anceof the items he or sheratesor the varianceof the
ratingsassigned. If a reviewer tendsto have very low
variance,assigningmostratingscloseto the mean,then
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ary outlying itemswill receve exceptionallylow or high
z-scoredbecausef the low standarddeviation. As are-
sult, thisreviewerwill have morein uence overthemean
z-scoreof suchitemsthanwould anotherreviewer who
distributeshis or her ratingsmore evenly over the whole
scale.

Theseproblemgesultfrom differencesn meanor vari-
ancein the quality of itemsassignedo differentreview-
ers.Suchbiasedsamplingin assigningtemsmaynotbea
problemin well-designedatingsstudies.However, they
can result by chancewhen reviewers rate only a small
sampleandthey canarisesystematicallyif reviewersare
self-selectinghe itemsthey review, asin mostvoluntary
reviews of movies,books,andotherconsumeproducts.

To avoid such problems,we will needto introduce
someform of comparisorbetweerreviewers. If reviewer
A and reviewer B both evaluateseveral items in com-
mon, and reviewer A tendsto give themhigherratings,
we could reasonablyconcludethat A is more generous
thanB. We mightthen,in thefuture,wishto discountA's
ratings,or elevateB's. Evenif A andB did notrateary of
the sameitemsin common,we could estimatetheir rela-
tive generosityif they bothrateddifferentsetsof itemsin
commonwith reviewer C. Thus,the comparisorbetween
reviewersneednot bedirect.

Ouridealmodelwill learnthe generositie®f the vari-
ousreviewersasit learnstheadjustedscoreof theitems.
Becauseahe obsened ratingsresultfrom the interaction
of thesescoresandgenerositiesin additionto otherfac-
tors,thesetwo measuregsremutually dependentwWe will
thereforeattemptto learnthemboth simultaneouslyThe
next two sectionsintroducesereral multivariate models
intendedto smoothratingsdataby modelingandfactor
ing out reviewer generosity

3 A linear model

In orderto derive scoresandgenerositie®n the basisof
ratingsdata,we mustbegin by specifyingamodelof how
thesetwo factorsinteractin the assignmenbf a rating.
Let usassumehateachof the itemsunderreview, , has
anintrinsic value,which we'll call its scor, anddenote

. The primary goal of the processis to determinethe
true scoresof the items given the set of ratingsandthe
identitiesof thereviewers.

The model assumeghat a reviewer is able to accu-
rately evaluatethe true scoreof ary item, but that the
reviewer musttranslatethat scoreinto a rating usingthe
givenscale. A moregenerouseviewerwill mapthesame
itemto ahigherratingthanwill alessgenerouseviewer.
Thefollowing is avery simplelinearmodelof ratingsas-
signment:

1)

Accordingto this model, the rating, , assignedby
reviewer to item is predictedto be the sum of two
terms. Oneis the actualquality, or score,of theitem,
andthe otheris thereviewer's generosity

Givenasetof ratings,the modelwill attemptto simul-
taneouslynd the setof reviewer generositieandthe set
of item scoresthat minimize the sum-squarecrror be-
tweenthe predictedandactualratings. If is theactual
ratingassignedo item by reviewer ,theoverallratings
erroris givenby thefollowing formula:

)

Althougha closed-formsolutionmay be possible,it is
simpleandeffective to adjustthe generositiesndscores
to minimizethiserrorusinganiterative processWe begin
by assuminghatall reviewershave aneutralgenerosityof
Oand nd thelocally optimalvaluesfor eachof thescores,

. Theseareobtainedby differentiatingEquation2 with

respectto , settingthis partial derivative to zero, and
solvingfor . Theresultis shovnin Equation3:

3)

where isthesetof reviewerswhorateditem . Thus,

anitem's scoreis estimatedo be the averagedifference
betweenits actual ratings and the generosityof the re-
viewers,andtheinitial scoreswill simply bethe average
ratings.

The next stepof theiterationis to re-estimatehe gen-
erositiesof the reviewers given the newv scoresof the
items. Thisis donewith the correspondingquation:

(4)

where is the setof itemsreviewed by . By sub-
tractingthe averageratingsof theitemsfrom areviewer's
ratings,his or hergenerosityis determinedelative to that
of the otherreviewers.

Equations3 and4 areusedto iteratively re-estimatehe
scoresandthe generositiesuntil the model settlesinto a
stablesolution,andthe nal scoresaretakento re ect the
actualvaluesof theitems. The settlingprocessorverges
quiterapidly, generallyrequiringabout6 iterations.

This Linear mode] asthusdescribedis actuallysome-
what underconstrainecbecausehereare multiple solu-
tionsthatresultin the sameerrorvalue.For example,one
couldaddaconstanto all of thegenerositieandsubtract
that constantfrom all of the scoreswithout affecting the
predictedratingsandthusthe error. In practice,thereis
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usually a small drift in the generositiesand scoreswith

eachiteration. Thereforewe addanadditionalconstraint,
whichis thatthegenerositiesf thereviewersmustsumto

0, resultingin auniguesolution. Thisis enforcedby sub-
tracting the averagegenerosityfrom each  after every
update.

The astutereaderwill note that the Linear model is
quite similar to a two-way ANOVA. However, they differ
in thatthe ANOVA is notdesignedo handlemissingdata,
while thisis asituationwith potentiallyrathersparsedata.
Whencomputingestimatedscorestheiteratve modelef-
fectively lls in amissingrating, , usingthesumof the
currentestimateof generosity  andthenew estimateof
thescore,

3.1 A priori biases

In mary circumstancesthe performanceof statistical
modelsthat mustrely on a small amountof datacanbe
improved by introducingan a priori biastowardsa sim-
pler modelor towardsstatisticsthat are closerto the ex-
pectedmean. This is especiallytrue in the presenceof
noise. In this case,we may wantto discouragesxtreme
generositiesand scores,underthe assumptiorthat such
valuesare unlikely to occurin a naturalsituation. One
way to achieve this is to introducea costtermto the er
ror functionthatpenalizescoreghatarefar from the ex-
pectedmean, , andgenerositieghat arefar from the
mean, , whichis 0 in this case. Although thereare
mary waysto do this, the following squared-errofunc-
tion provesquiteeffective:

(5)

Takingthederivative of theerrorwith respecto , set-

ting it to zero,andsolvingfor  resultsin the new error
minimizationfunctionfor  to replace(3):

(6)

A correspondingquatioris usedto nd thelocally op-
timal valuefor . Onceratingshave beennormalizedto
a scaleasexplainedin Sectiond.1,ameanscoreof

is used. The extremevaluepenalty , canbe
adjusteddependingon the level of biasdesired.In prac-
tice, a value of is a good default choice for
naturaltasks,with optimal valuesfor the Linear model
rangingfrom 0to 0.5. Modelswith a  valuegreaterthan
zerowill bereferredto abiasedmodels.

3.2 Problemswith the Linear model

TheLinearmodelis quite simpleandfastto train,and,as
we'll seein Section5, usually resultsin a signi cantly
more accurateestimateof an item's true scorethan ei-
ther the averagerating or the averagez-score. However,
this modelmay not be appropriatfor mostpracticalsit-
uationsbecausdt assumesan unboundedrating scale,
while the mostcommonproceduredor assigningratings
involve boundedusuallydiscrete scales suchasthe in-
tegersfrom 1to 5 or 1to 10. As aresult,theLinearmodel
doesnot behae appropriatelyatthe boundaries.

Forexample|jf anitemreallyis exceptional oneshould
expectthatmostreviewers,generousr not, will giveit a
highrating. On alow-resolutionscale they mayall give
it the maximumrating. Likewise, reviewerswill tendto
agreeabouttruly terrible items. Reviewers of differing
generositywill tendto disagreethe mostover the items
of moderatequality. The Linear modelassumesto the
contrarythatreviewergenerosityill haveanequaleffect
onall itemsand“predicts”thatagenerouseviewerwould
give avery gooditem arating thatis beyondthe limit of
thescale.

Therefore we will now turn to animproved model of
thereview procesghatis moreappropriatefor situations
with boundedatingscales.

4 A non-linear model

Our goal is to develop a modelthat accordsbetterwith
anintuitive understandingf how differentreviewersare
likely to usetheratingsscale. Again we will begin with
a model of the review processthat relatesa generosity
anda scoreto arating, but in this casethe modelwill be
multiplicative, ratherthanadditive.

Let us startby assuminghatthe true scoreof anitem
is unboundedandfalls in therange . Scoredn this
rangewill bereferredto asunboundedcoresanddenoted

. Why usearangefrom zeroto in nity? Letusassume
that the itemsto be reviewed are academioor scienti ¢
papers. Thereis certainly a reasonabldower boundon
thequality of a paper A blankpaperfor example,would
beworthless.The presenteportaside,it is hardto imag-
ine that ary other papercould be worsethanworthless.
But how canoneplaceanupperboundon thequality of a
paper?Evenif apaperis exceptional,it is surelyalways
possiblethatit could be improved or that a betterpaper
might oneday be written. For thetime being,let usalso
assumehata reviewer hasa potentiallyunboundedyen-
erosity , whichalsofallsin the rangeandthatthe
ratingassignedy thatreviewer to anitemis the product
of this generosityandthe item's unboundedcore:
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(7)

A reviewer with a generosityof 1 assighsaccurateat-
ings,while onewith a generosityof 2 thinksall itemsare
twice asgoodasthey really are. But thereis a problem
with this model,whichis thatit producesunboundedat-
ings, while our goalis to modelratingson a x edinter
val. Therefore,we will translatethe unboundedating,

, into aboundedating, ,intherange through
thefollowing transformation:

(8)

The form of equation8 on the right is alsoknown as
the oddsratio. If werea probability,  would beits
odds.Notethat, if then . If themodelis
to beappliedto a casein which thetrueratingsarenoton
a scaletheratingsmustbe normalizedaccordingly
asdiscussedh Section4.1.

Although we beganwith unboundedscoresand gen-
erosities,it is not always corvenientto work with such
values. Therefore theseparameterganalsobe mapped
to boundedversionsusingsimilar oddstransformations:

(9)

(10)

The boundedvalue  will simply be referredto asa
reviewer's genepsity and asanitem's scoe. Using
Equations8—10,we cansubstitutefor , ,and in
Equation7 and solve for eachof the three variablesto
producethefollowing setof equations:

(11)

(12)

(13)

So, givena rating andthe actualscoreof the item, we
cancomputethe reviewer's generosityandgivenarating
andthe generositywe cancomputethe item's score.The
unboundederms,suchas , werea usefultool in deriv-
ing this otherwiseopaquesetof equationsHenceforthas
usefulor appropriateyve canwork with eithertheseun-
boundedraluesor with boundedatings,generositiesand
scoreghatfall onthe interval.

Let's take a look at how theseequationsgovern a re-
viewer's transformationof an item's scoreinto a rating.

=
o
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Figure 1: The rating an item will receie asa function
of theitem's scoreandthe generosityof the reviewer,
accordingto the Spindlemodel.

Figurel shaws therating anitem will receive asa func-
tion of the item's scoreunderseveral differentlevels of
generosity . Notethatif thegenerosityis 0.5,therating
is equalto the score.If the generosityis greaterthan0.5,
theratingsarein ated. An attractize propertyof this setof
equationgs thatthe curvesaresymmetric.Eachcurve is

symmetricacrosgheleftwarddiagonal, , andthe
curvefor isthere ection of thecurvefor
in the rightward diagonal, . Thesepropertiesof the

equationresultin the high andlow endsof the scalere-
ceving symmetrictreatment. This would not be true of
mary othernon-lineamodelsof therelationshipbetween

score,generosity and rating, suchas . In-
cidentally the namefor this model, the Spindlemode]
derivesfrom thefactthatFigure 1l seemdo resemblehe
mitotic spindleduringcell division.

Oneimportantfactto consideris that singularitiesoc-
cur at the endpointsof the rating, score,and generosity
scaleslIf anitemhasascoreof 1, it will begivenarating
of 1 by ary reviewer, regardlessof his or her generos-
ity. In thatcaseijt isn't possibleto determinghe generos-
ity giventhe ratingandscore. In theory this shouldnot
present problemasno item is expectedto be perfector
completelyworthless.Similarly, no reviewer shouldhave
a generosityof 0 or 1 becauséne would assignall items
thesamerating,whichis notuseful.In practice this prob-
lem canbe avoidedif noitemis allowedto have arating
of exactly O or 1, asdiscussedurtherin the next section.
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4.1 Normalizing the ratings

In orderto applythemodelto aparticularreviewing situa-
tion, wemust rst normalizetherangeof theratingsgiven
by thereviewersto the scale.Assumefor example,
thattheitemswereratedon anintegerscalefrom 1 to 5.
Themostobviousmethodof normalizingwouldbeto map
aratingof 1 to 0 andaratingof 5 to 1. Not only would
this methodresultin singularitiesbecausef the possibil-
ity for perfectO or 1 ratings,it doesnot re ect the most
reasonablénterpretationof the discretescale. Presum-
ably, eachof the ve possibleintegerratingsis theresult
of roundinga real-valuedrating from an underlyingcon-
tinuousscale. Thusarating of 3 capturesall real-valued
ratingsthatwould havefallenin therange . If we
assumehateachof theintegerratingsrepresentanequal
portionof theoriginal continuousscale thenaratingof 1
representgaluesin therange andthemaximum
value,5, capturegherange . Sotheappropriate
normalizationin this cases to map0.5to 0 and5.5
tol.
In general,if the minimum interval usedin the rating
scaleis , the normalizedratingscanbe computedfrom

theraw ratings, , asfollows:
min
- (14)
max min
Henceforth,we will assumehatall ratings, , have

beennormalizedvia this equation.

If the initial ratingsweretruly on a continuousscale,
ratherthana discretescale,the correctsettingfor is 0.
However, if ary itemsweregiventhe minimum or maxi-
mum possibleratingon thatscale thiswill resultin prob-
lems becauseof the aforementionedingularity If this
situationarisespnecanavoid the problemby setting to
somesmallepsilon,suchas

4.2 The Logistic model

Like the Linear one, the Spindle model is trained by
searchingior the setof scoresandgenerositieshat min-
imize the sum-squareckrror betweenthe predictedrat-
ings andthe normalizedactualratings. But the question
is, which ratingsspaceshouldwe work in: the bounded
spaceof and , or the unboundedspaceof and

2

Let us rst considerworking in theunboundedatings
space. One approachmight be to simply minimize the
sum-squaree@rror betweentheterms and . How-
ever, in this unboundedspace the ratingsat the positive
endof the scalewill be muchlargerthanthoseat the low
endof the scaleandwill tendto dominatethe errorfunc-
tion. Therefore the error minimizationprocesswill pri-

marily focusonthehighratingsandmayignoretheinfor-
mationin thelow ratings.

Onesolutionis to log-transformthe predictedand ac-
tual ratingsandto computethe sum-square@rrorin log
ratings space. This approachhasthe addedbenet of
greatlysimplifying the mathematicsEquation7 now be-
comes:

(15)

Thisis identicalin form to theequationuponwhichthe
Linearmodelis based Theratingscomponenbf theerror
functionwe will seekto minimizeis:

(16)

Ratherthanworkingwith  or  values,we will per
form the error minimizationdirectly with log unbounded
scores, , and generosities, , to simplify the
mathematics We cancorvert backto boundedvaluesto
normalizethe generositiesind oncethe training is done.
As aresult, the error minimization can be performedin
muchthe sameway asin the Linearmodel,usingthefol-
lowing updateequatiorfor thescoreswith a correspond-
ing equatiorfor thegenerosities:

(17)

In this casethe extremevaluepenalty , is operating
in a differenterror spaceand,asit turnsout, larger bias
valuesareneededo achieve the sameeffect.

The astutereadermay further note that Equation15
bearsa strongresemblancéo a logistic regression. For
thatreasonthis variationof the non-linearmodelwill be
referredto asthe Logistic model However, this method
differs from a true logistic regressionin that it is multi-
variateandis not actuallycomputinga trueregression.

4.3 The Spindle model

Although the Logistic modelis quite simple mathemati-
cally and, unlike the Linear model, conformsto the as-
sumptionof a boundedratingsspace,it is still possible
thatthe modelis overly sensitve to the extremeendsof

the domain. Ratherthanoperatingin log unboundedat-

ingsspacejt would seemmoredesirablgo minimizethe

error in boundedratingsspace asis essentiallydonein

theLinearmodel.

Although we will now work with ratingsin bounded
spacepecausehatis theform in whichtheerrorfunction
is to be expressedwe canasa matterof corveniencecon-
tinue to work with either boundedor unboundedscores
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andgenerosities.In this case,the error equationis sim-
plestif expressedvith unbounded/alues.By substituting
into Equation2 usingEquations7 and8, we obtain:

(18)

We wish to choosethe valuesof and , or and

, that minimize this error. This is doneby iteratively
adjustingscoresin orderto minimize the error giventhe
generositiesand then adjustingthe generositiezo mini-
mize the error given the scores. As before,we can nd
theboundedscorevalue, |, thatlocally minimizestheer-
ror by computingits partial derivative with respectto
andsettingthis equalto zero. The partial derivative is as
follows:

(19)

Unfortunately the  root of this equationis not eas-
ily foundin closedform. However, the Newton-Raphson
methodof successie approximationsallows us to iter-
atively solve for the optimum , provided that we can
computethe secondpartial derivative of the error, which
is:

(20)

Like the Linear model, the Spindlemodel canbene t
from the introductionof ana priori biasagainstextreme
generositieandscores Adding the samecostfunctionto
theerrorequationto penalizeextremevalueswe obtain:

(21)

(22)

(23)

The Newton-Raphsommethodbegins with an estimate
of the root to be computed, in this case,andthenit-
eratively re nes the estimateaccordingto the following
updateequation:

— (24)
If afunctionis well-beharedandtheinitial estimatds
closeto correct,the Newton-Raphsormmethodcorverges
quite rapidly andconsistently In the rst iterationof the
Spindle algorithm, the generositiesare all initialized to
0.5. In this case the optimal scorefor anitem s actually
the averageof its ratingsandthereis no needto run the
Newton-Raphsoriterationto optimize . Subsequently
the startingpoint for the iterationis simply the previous

valueof . In this casethe methodcorvergeson a nen
value,to acriterionof , in about4 iterationson aver-
age?

Becausethe model is symmetricwith respectto the
scoresand generositiesthe equationgor approximating
the optimalunboundedyenerosities, , areequivalentto
Equationsl9-24afterswapping and , and
and , andsoon.

TorecaptheSpindlemethodoperatessfollows. First,
the raw ratingsare normalizedto the range(0,1) asde-
scribedin Section4.1. The initial boundedgenerosities
are all setto 0.5, which is equivalentto an unbounded
generosityof 1, andtheinitial scoresaresetto the aver-
agedratings.Thenthegenerositiearere-estimatedising
the Newton-Raphsomethodto minimize the error. This
involvescorrespondingersionsof Equationsl9-24. As
with the Linear method,the generositiesare additively
adjustedto maintainan averageboundedgenerosityof
0.5. Next the scoresarerecomputedisingthe samepro-
cess,without adjustingto a meanof 0.5. The stepsof
re-computingthe generositiemandthe scoresrepeatuntil
theentiremodelsettlesto the pointthatno scorechanges
by morethan . This usuallyrequires6—7iterations.

5 Evaluation

We have introduced ve methodsfor estimatingoverall
item scorefrom a collection of ratings. The Average
modelis themostcommonapproachandsimply involves
averagingtheratingsfor eachitem. The Z-Scoremethod
relies on the meanand varianceof the ratingsgiven by
eachreviewer, with nocomparisorbetweeneviewers.Fi-
nally, theLinear, Logistic, andSpindlemodelssimultane-
ously estimateboth item scoresand reviewer generosity
by meansf inter-reviewercomparisonsThesenal three
methodsareparametrian thatthey permita scalablebias
againsiextremescoresandgenerosities.

1in rare circumstance®n very large tasks, the Newton-Raphson
methodfails to corverge. In this case,the Spindle programsearches
for a betterinitial value until corvergenceis achiered or it is forcedto
give up.
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In this section,we evaluatethe performanceof these
modelson an arti cial taskandon threetasksinvolving
actualhumarratings.At issues how effectively themod-
els can estimatethe true scoresof the itemsgiven just a
limited samplingof ratingsdata.

5.1 Evaluation measures

Thereis no single bestmetric for evaluatingthe mod-
els' performance pecausdifferent aspectsof their be-
havior will be more or lessrelevant for variousapplica-
tions. Therefore,four main evaluationmeasuresvill be
usedhere. In eachcase,we will assumehatthereis a
correctsetof item scoresagainstwhich the models'esti-
matescanbetested With arti cial datatherecanactually
beasetof scoreghatareknown to becorrect.In anatural
task,the “correct” scoreswill be determinecby the aver-
ageratingsof eachitem acrossall reviewers,not just the
limited setof datathatwill beavailableto the models.

The rst metricis theroot meansquarediifferencebe-
tweenthe correctscoresandthe models'estimatedscores
acrossthe items. This will be known asthe RMSerror.
Thismeasurés themoststrictin thatit requireshemodel
to reproducehescoresxactly, notjusttheirrelatve mag-
nitudes.However, this measureds not appropriatefor the
Z-Scoremethod,which doesnot producescoresin the

rangeasthe othermethodsdo. Therefore,a vari-
ationonthe RMS erroris to rst performa lineartrans-
formationof the models'scoreghat minimizesthe error.
Thisvariantwill bereferredto asbest- t RMSerror.

On the otherhand,in mary caseswe are not actually
interestedn accuratelyreconstructinghe true scoresof
theitems. Rather we areinterestecbonly in properlyor-
deringthem. Thereforewe couldinsteadaskhow closely
the estimatedranks of the items matchtheir true ranks.
Onemeasureof this is the percentagef item pairsthat
have beenrankedin the wrong orderon the basisof the
estimatedscores’ This will be known asrankerror. A
perfectorderingshouldresultin arankerrorof 0%, while
arandomorderingis expectedo have 50%rankerror.

Oneadditionalmeasuref interestis how consistently
the modelsassignscoresto an item acrossmary small
samplingsof the full setof ratings. If the rating of an
item variessigni cantly from trial to trial dependingon
theidentity of thereviewers,thenthemodelhasnot effec-
tively accountedor reviewerbias,andthescoregesulting
from a single experimentmay not accuratelyre ect the
scoresobtainedin a replicationof that experiment. The
measureof inconsistencyhatwe will useis the ratio of
the averagestandarddeviation of the estimatedscoreof

2In computingranks,itemswith the samescorereceve arankthatis
theaverageof theranksthey would have recevedif it werenotanexact
tie.

eachitem acrosghetrials to the standardieviation of the

meanitem scoresacrossthe trials. This canbe thought
of astheratio of thevariancewithin itemsto thevariance
betweenitems. A low scoreindicatesthat the modelis

consistenin its scoringdespitechangesn reviewer, and
otherfactorsthatvary from trial to trial.

5.2 Articial ratings
We will begin with atestinvolving arti cial data,the ad-
vantageof which is that we have control over the true
scoref theitemsaswell asthegenerosityof thereview-
ersandotherfactors. However, generatingarti cial data
requiregheselectiorof afunctionfor generatinghesim-
ulatedratingsandthe natureof this function could bias
theresultsin favor of onemodeloveranother

Thesesimulatedexperimentsinvolve 50 items whose
true scoresrangein equalincrementsfrom 0.02to 0.98
anda pool of 9 reviewerswhosegenerositiesangedrom
0.1to 0.9in equalincrements.In a giventrial, threere-
viewerswereassignedo eachitem atrandomandratings
were generatedn the basisof the item's scoreand the
reviewers' generositiesIn the rst four conditions,sim-
ulatedratingswere generatedisingthe Spindleequation
givenin (11). In two of the four conditions(R ), the
ratingswerereal-valuedin therange , Whilein
the othertwo conditionsthe ratingswererounded(R )
to wholenumberdo re ect thediscretizationinvolvedin
mostrating scales. Two of the four trials usedno noise
(N ), with the real-valuedrating directly generatecoy
Equation11, while the othertwo addednoise(N ) ran-
domly generatedn the range to eachrating. In
theR N conditions,the noisewasintroducedprior to
rounding. One hundredtrials were performedfor each
modelin eachconditionandtheresultswereaveraged.

Figure2 showns the RMS errorfor the ve modelsand
the eight ratings conditions. The Linear, Logistic, and
Spindlemodelsappeattwice in eachcondition, rst with
no extreme-walue penalty and then with a moderate
value. The error for the Z-Scoremethodis not depicted
becausehis methoddoesnot producescoresin the ap-
propriaterangefor this measure Acrossall of the condi-
tions, the Averagemodel, shavn in the white bars, pro-
ducesratherpoor results. We will begin by considering
the four conditionson the left, marked Spindle. Theun-
biasedLinear model, with , hasan errorratethat
is just over half that of the Averagemodel. The biased
Linearmodel,with , is somavhatworsethanthe
unbiasednodelon all conditions.Thus,thebiasdoesnot
seemo helptheLinearmodelonthisarti cial task.

In the rst condition, in which the ratings are di-
rectly generatedy the Spindleequationswith no noise
or rounding,boththeunbiased_ogisticandSpindlemod-
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els have zeroerror. This is to be expectedandis lessa
validationof theapproactthanit is anindicationthatthe
implementationsndeedachierethecorrectminimal solu-
tion. With noiseadded the Logistic modelis somavhat
worsethan the Linear one without rounding, but some-
what betterwith rounding. However, in all four condi-
tionsthe unbiasedSpindlemodelachievesthe lowester-

ror. Noiseandroundingdo degradethe performanceof

the unbiasedSpindlemodel, but they have lessof an ef-

fectthanonthe Logistic model.

If the best-t transformationof the scoresis usedin
computingthe error, as shovn in Figure 3, the Z-Score
methodis comparabldo theothers althoughthe Average
methodcontinuego bemuchworse.By this measurethe
Z-Scoremethodis similar to but consistentlyworsethan
the unbiased.inear model. Again, the unbiasedSpindle
modelhasthelowesterror, followedby thebiasedSpindle
modelandthe Logistic models.

Of course theseresultsare biasedby the factthatthe
Spindlemodelitself wasusedin generatinghe arti cial
ratings,so perhapst is not surprisingthatit andthe Lo-
gistic modelperformbetterthanthe others. Thereforejn
the next four conditions thearti cial ratingsweregener
atedusingthe Linear model. Thatis, therating assigned
by areviewerwasthe sumof theitem's scoreandthere-
viewer's generosity boundedby the interval.
In this case the generositiesangedfrom -0.4to0 0.4. As
shawn in theright half of Figure2, this changehaslittle
effectonthe AverageandLinearmodels but theunbiased
Logistic modelperformsmuchworseonthenon-rounded
conditions.This maybebecaus¢heseconditionsinvolve
someratingsthatarecloseto the boundsof the scaleand
which thereforedominatethis model's errorfunction.

Interestinglythesames nottrueof the Spindlemodel.
Accordingto the RMS error, the unbiasedSpindlemodel
is the best,while the biasedSpindle model actually has
thelowestbest- t RMS error Thus,evenif thearti cial
datahasbeengeneratedy the Linearmodel's equations,
the unbiasedSpindlemodelstill outperformsthe Linear
model. The reasonis that the datahasbeentruncated
to fall in the range , iIn orderto t our over
riding assumptiorthat the ratingsshouldusea bounded
scale.Thistruncatiorviolatestheassumptionsf theLin-
ear model, impairing its performance. This re ects the
factthatthe Linearmodelis not appropriatevhenwork-
ing with ratingsonaboundedscale unlessfew of therat-
ingsfall neartheboundaries.

Figure 4 shaws the rank error percentagen the arti-
cial tasks. Again, the Averagemodelis considerably
worsethanthe other The Z-Scoremodel performsrea-
sonablywell, but is worsethanboththe Linearand Spin-
dle models.Again the Spindlemodelachiezesthe lowest
erroracrossall eightconditions,althoughthe biasedLo-

gistic modeldoesquite well onthe SpindleR N con-

dition. In the rst four conditions,the unbiasedSpindle
modeloutperformghebiasedmodel,althoughthe biased
modelis somavhatbetteronthenon-rounded.inearcon-

ditions. Thus,the biasedmodellooks muchbetterwhen
measuredusing rank error. The reasonis that the bias
termtendsto producea warping of the estimatedscores
andgenerositiesyith theverylow andhigh valuesdravn

towardsthe middle. While this monotonictransformation
affectsthe RMS error, it haslittle effectontherankerror
becausdt is generallyorderpreserving.

Finally, Figure5 depictsthe inconsisteng of theitem
scoresacrosghe 100trials. Theseresultslargely parallel
the rank error ndings. As we might expect, the Aver-
agemodelis quite inconsistentasis the Logistic model,
which hastroublewith the non-roundedonditionsbased
on the Linear equationsor having noise. The Z-Score
modelis signi cantly betterthanthe Averagemodel, but
is consistentlyworsethan the Linear and Spindle mod-
els. The unbiasedSpindlemodelis betterthanthe un-
biasedLinear modelin all but one condition, while the
biasedLinear modelis virtually identicalto the unbiased
in all casesThe biasedSpindlemodelis generallyworse
thanthe unbiasedspindlemodel,exceptfor thetwo Lin-
earconditionswith norounding.

In summary all of the other modelsresultin consid-
erablybetterperformanceon this arti cial task,acrossa
rangeof measuresthanis achieved by simply averaging
ratings. The Z-Scoremethodwas useful, but wasgener
ally outperformedy themultivariatetechniquesTheLo-
gistic modelwasquite effective in  ve of the conditions,
but haddif culty whenreal-valuedratingswereusedthat
potentially fell closeto the boundsof the rating scale.
With few exceptions,the Spindle model, either with or
withouttheextremevaluepenalty achiezedthelowester
ror andthe mostconsistenscores.

5.3 Attracti venesgatings

The performancef thesemodelsis onething in an arti-

cial contet, whereratingsaregeneratedccordingto a
formula. But how will they performin anaturalcontext in

which reviewersmay actuallydiffer notjustin their gen-
erositybut in therankingthey would assignto theitems?
The possibility of non-monotoniaifferencesn the opin-
ions of reviewers,discussedurtherin Section6.1, is not
explicitly accountedor in thesemodels. Thuswe might
askhow well they cancopewith this additionalsourceof,

whatis for our purposesnoise.

The rst taskusedto addresshis questioninvolvesrat-
ing physicalattractveness.42 male participantsviewed
the photosof 60 womenandratedtheir attractvenesson
anintegerscalefrom 1to 7. Thistaskwaschoserbecause
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it is onein which raterscanbeexpectedo basicallyagree
with oneanotheralthoughthey mayhave distinct prefer

encesandtheir opinionsarelikely to differ over thetrue
rankingof the pictures.

In workingwith thearti cial datain thepreviousexper
iment,we hadtheadvantageof knowing thetruescoreof
theitemsandwerethusableto usethesescoresastheba-
sis againstwhich the models' estimatesvere measured.
However, in a real-world surey suchasthis, we don't
know the true scoresof theitems. Therefore the correct
scoresweretaken to be the ratingsaveragedover all 42
raters.Becauseachraterhasratedall of theitemsin this
controlledexperiment,ary discrepang in the generosity
of the ratersshouldaffect all of the items. In fact, the
Linear model andthe Averagemodelwill both produce
the samesetof ratingsin this circumstanceOn the other
hand,the Spindle, Logistic, and Z-Scoremodelswould
produceaslightly differentsetof scoresf giventhecom-
plete set of ratings. Therefore,thesemodelswill be at
someavhatof adisadwantagen theseestsbecaussve will
notbe measuringagainstheir preferrecbaselines.

We are going to testthe ability of the modelsto esti-
matethetrue scoresderived from the averageover all of
the data,usingonly a subsetf the ratings. In eachtrial
of the experiment,16 of the 42 reviewerswere selected
at random. Eachof theitemswasthenratedby a x ed-
sizesubsebf thesel6 reviewers,subjectto the constraint
thatthe reviewerseachprovide roughlythe samenumber
of ratings. The numberof reviewersperitem wasvaried
from 2 to 10. For eachof theselevels, 100 trials were
conductedandthe resultsof the modelsaveragedacross
thetrials. With just 2 ratingsperitem, eachof the 16 re-
viewerscontributed7 or 8 ratings,providing areasonable
basisfor estimatinghis generosity

Figure 6 shavs the RMS scoreerror asa function of
the numberof ratingsperitem. As we might expect,the
performancef all of the modelsimproveswith morere-
viewers per item. The Z-Scoremodel,again,cannotbe
evaluatedby this measure. The unbiasedLinear model
performsslightly betterthanthe Averagemodelwith more
than 2 reviewers per item. The unbiasedLogistic and
Spindlemodelsaresomeavhatworse asis the biasedLin-
ear model. However, the two modelsthat consistently
achieve the lowestRMS errorarethe biasedLogistic and
Spindlemodelswith the Spindleperformingslightly bet-
ter. The adwvantageof thesemethodsover the othersis
mostevidentwith fewer reviews peritem.

Figure 7 displaysthe best- t RMS error. In this case,
there is much less differencebetweenthe models, al-
thoughall of themperformbetterthanthe Averagemodel
with morethan2 itemsperreviewers. The biasedLinear
and Spindlemodelsare consistentlyquite good, with the
biasedLogistic, Z-Score,and the unbiasedmodelstypi-

cally justabit worse.

Figure 8 shows the rank error on the sametask. This
measurepatternsvery muchlik e the best- t RMS error.
This alsohappengo betrue on the othertasksto follow.
With morethan2 reviews peritem, all of the othermod-
elsareanimprovementbverthe Average Thebiased.in-
earandSpindlemodelsareconsistentljthe bestor nearly
so, with the biasedLogistic model performingwell with
lessdataandtheunbiasedndZ-Scoremodelsgperforming
well with moredata. Finally, Figure9 shaws theincon-
sisteny of theitem scoresacrosghe 100trials. With the
exceptionof the 2 reviews per item condition, the Aver
agemodelis lessconsistenthantheothers.Theunbiased
Spindlemodelis the leastconsistentvith fewer available
reviews, while the Z-Scoremodelis the bestwith more
data. The biasedmodelsdiffer very little from one an-
othet

In summary the biasedSpindlemodel performsquite
well accordingo all four measuresnthe Facegaskrela-
tive to the other methods. The otherbiasedmodelsare
nearly as good, althoughthe biasedLinear has higher
RMS error and the biased Logistic performs slightly
worseasthe availabledataincreasesThis latterfactmay
be becausenoredataresultsin moreextremescoresde-
spitethe biasagainsthis, andthesesxtremescoresdomi-
natetheerrorminimization. Theunbiasednodelsandthe
Z-Scoremethodaregenerallybetterthanusingthe aver-
agerating, exceptwhentherearevery few ratingsperre-
viewer, but aremoreinconsistenthanthe biasedmethods
andaremuchworsewith smalldatasets.

It is clear however, thatthe gapbetweenthe Average
modelandthe othersis notaspronouncedn this taskas
it wason the arti cial data. Oneobviousreasonmay be
thatthe humanratingsare simply noisier, increasingthe
theoreticallyoptimal error rate that even an ideal model
couldachiere. This noisecould be truly randomnoisein
theraters'responsesyr it couldre ect thefacttheraters
actually have somavhat differentstandard®f attractive-
ness.Thus,althoughwe will continueto use0 asa base-
line for the graphs,the optimal performancen the face
of noiseandfactorsotherthangenerositymay be much
closerto theerrorlevelsactuallyachiezedby themodels.

Anotherreasonfor the smalleradvantageof the more
adwancedmethodsis thatthe correctscoresin the Faces
taskarenot asevenly distributedasthosein the Arti cial
task. Thewhite barsin Figure 10 depictthe histogramof
correctscoreontheFacegask. Thescoresaredistributed
around0.425in a roughly Gaussiarmanneywith only a
few very low scoresand no very high scores. Someof
the ratersreportedthat they werereservingtheir highest
ratingsin caseanexceptionallyattractive photoappeared,
which apparenthydid nothappenWhenthereis lessvari-
ancein thetrue scoresrankingthe itemsbecomesnore

11
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dif cult. Furthermorewhentherearefew itemswith ex-
tremely low or extremely high scores,the potentialad-
vantageof the Spindlemodelover the linear methoddi-
minishes,becauset is the extremeitemson which their
assumptionaremostviolated.

5.4 Word similarity ratings

This next task was intendedto involve more items that
would receve very high or very low averageratings. In
this case,32 participantswere asked to rate the seman-
tic similarity of 60 word pairs,againon aninteger scale
from 1 to 7. Someof the pairswerevery closesynoryms,
suchas cry-weep while otherswere intendedto be en-
tirely unrelatedsuchasdonkey—gave Most of the pairs
fell somavherein the middle and were either members
of thesamesuperordinateatayory, suchastable-sofa or
wereassociatethounsandverbs.In orderto helpanchor
theirjudgmentsratersweregiventhreepracticeexamples
of very similar, very dissimilar andintermediatgairs.
The“correct” scoresvereagaindetermineddy the av-
eragescoreof eachitem over all 32 raters. As shovn in
Figure 10, the efforts to producemore evenly distributed
scoreswerepartially successfulThegrey barsin the his-
togramform a broaderdistribution thanthatfor the Faces

task. However, althoughthereare moreitemswith high

andlow scores thereare still no extremelyhigh scores.
Many raterscontinuedto resere their highestscorefor

truly marveloussynoryms.

As before themodelsweretestedoy choosingl6raters
atrandomandretainingbetweer and10ratingsperitem
from this pool of raters.Because¢he scoreson the Words
taskaremorebroadlydistributed,the LinearandSpindle
modelsperform betterwith extremevalue penaltiesthat
areonly half aslarge. The models' RMS scoreerror is
shawvn in Figure 11. The smoothedSpindleand Logis-
tic modelsagainachieve the lowestRMS error, with the
Spindlemodelimproving relative to the Logistic model
with moredata. Theunbiased.inearmodelalsoperforms
quitewell.

The rank error resultson the Words task, which pat-
ternsalmostexactly like the best- t RMS error, is shovn
in Figure12. Thereis little differencebetweenthe mul-
tivariatemodels,althoughthe unbiasedSpindlemodelis
not asgoodwith just 2 or 3 ratingsper item. However,
with more than 2 ratings per item, all of thesemodels
have lower rank error thanthe Averageor Z-Scoremeth-
ods. The Z-Scoreperformsparticularly poorly on both
theRMS andrankerrormeasuresvith lessdata.In terms
of inconsistenyg, shovn in Figure13,theLogistic models

14
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the Wordstask.

arethebest,followedby the biasedSpindle,andthenthe
unbiasedspindleandLinearmodels.As with theranker
ror, the Z-Scoremodelis theworstwith smallamountsof
dataandthe Averagemodelis theworstwith moredata.
Despitethe greatervarianceof scoresthe overall pro-
le of resultson the Words taskis very similar to that
on the Facestask, althoughall of the modelsperformed
a bit betterin this case.The biasedSpindleandLogistic
modelsare againthe most effective, or nearly so, in all
measuredpllowedby thebiasedLinearmodel.

5.5 Movie ratings

TheFacesandWordstaskswereusefultestsbecauseéhey

were expectedto conform reasonablywell with the as-
sumption,whichis inherentin the models thattheraters
will usesimilar standardsn judging the items and that
theratingsbetweenary two reviewerswill tendto differ

monotonicallyas a function of the generosityof the re-

viewers. Indeed,the averagecorrelationbetweerthe rat-

ings of pairedreviewerswas0.5690n the Facestaskand
0.7700n the Wordstask,wherea correlationcloserto 1

indicatesgreateragreemenbetweerreviewers. However,

in mary real-world tasks,reviewers cannotbe expected
to basetheir judgmentson similar standards.For exam-

ple,in ratingmovies,somereviewersmay preferdramas,
while othersmay prefer action or comedy Will these
methodscontinueto beeffective in this situation?

This nal taskusesmovie ratingsfrom the MovieLens
databasegatherednthewebbytheGroupLendResearch
Projectatthe Universityof Minnesota.Thecompletedata
setcontainsl00,000ratingsof 1,682moviesby 943users,
andis thusconsiderablylarger thanthe datasetsusedin
theothertasks.Becausesomeof themoviesrecevedonly
afew ratingsandnotall userscontributedthe samenum-
ber of ratings,the datasetwasreducedo permitthe ac-
curateevaluationof the models. The 500 most proli c
reviewerswereretainedaswell asthe 776 movieswhich
were reviewed by at least40 of them, in orderto pro-
vide a reasonablygood estimateof the “true scores”of
the movies. Following this trimming, 72,200ratingsre-
main. Again the modelswere testedon their ability to
estimatethe true scoresof the movies givena small sub-
setof the ratingsandthe resultsin eachconditionwere
averagedover 100trials.

Several factorscontribute to the dif culty of this task.
First of all, not all reviewersratedall of the movies, so
thebaselinescoresmaybelessaccurate Furthermoreas
shawn in the histogramin Figure 10, the averagescores
of themoviesfall in afairly tight Gaussiartluster There-
fore, small errorsin the estimatedscoresmay resultin
largeerrorsin rankorder More importantly however, the
reviewersdo not agreewith oneanother In contrastwith
theinterreviewer correlationsof 0.569and0.7700n the
othertasks the averagecorrelationof the movie reviewer

16



Rohde

Remawing Generosityfrom Ratings

ratingswasonly 0.1512 Thus,it doesin factseenthatthe
movie ratingsare either extremelynoisy or, morelikely,
thatthereviewersarein factrelyingon differentstandards
andhave strongpreferencesor differenttypesof movies.

Finally, to make the task even more dif cult, all 500
reviewerswere usedwhenselectingthe 2—10ratingsper
movie. As aresult,therewerefewer ratingsperreviewer
onthis taskthanon the FacesandWordstask,in which a
reducedeviewer pool of 16 wasusedfor eachtrial. With
2 ratingspermovie, therewerejust 2 or 3 ratingsperre-
viewer on eachtrial.

Despitethesedif culties, the biasedSpindleand Lo-
gistic modelscontinueto performreasonablywell. Fig-
ure 14 shavs the RMS scoreerroron the Moviestask. In
this case the Averagemodelis not badeither, andis ac-
tually betterthantheunbiasednodelsandthebiased.in-
earmodel. Only the biasedLogistic and Spindlemodels
outperformthe Average,signi cantly so with lessdata.
Presumablythe unbiasedmodelsare so muchworseon
this taskbecauseherearefewer ratingsavailable perre-
viewerwith which to estimategenerosityIn this casethe
a priori biashasa greaterin uence on the estimatesand
is quite helpful for the SpindleandLogistic models.

The rank error, which againpatternslike the best- t
RMS error, is shavn in Figure 15. The differencesbe-
tweenthe modelsare slight, with the exceptionthat the
Z-Scoremethodis noticeablyworsethanthe others.Fig-
ure 16 displaysthe inconsisteng of the scoreestimates
acrosstrials. In general,the inconsistenciesre much
higheronthistaskbecaus¢heinter-item scorevariability
is solow, asis theinterrateragreementWith only two
or threereviews peritem, andthus ve or fewer ratings
per reviewer, the unbiasednodelsare quite inconsistent.
Givenmoredata,all of the modelsareaboutequallycon-
sistentwith the exceptionof theZ-Scoremethod.

As mentionedbefore,the Movie taskresultsthatwere
just presentednvolved 500 active reviewersin eachtrial.
Becausdherewere 776 moviesin thetrimmeddatabase,
if 3 ratingswere chosenper item on a given trial, that
translatedo 4-5ratingsper reviewer. This is nota very
largesamplewith whichto estimatehegenerosityof are-
viewer, particularlybecausehe reviewer's opinionswere
so poorly correlatedon this task. As a result,the Linear
andSpindlemodelsmayhave beenseverelyhindered By
usinga smallersetof active reviewersfor eachtrial, and
still choosing3 ratingsper item, we can modela situa-
tion in which moreratingsareavailable perreviewer. To
testtheeffectof thenumberof ratingsperrevieweronthe
RMS scoreerror, the numberof active reviewerswasvar-
ied from 500 down to 100. With only 100 active review-

3In computingtheaveragecorrelationof theratingsbetweerpairsof
reviewers, only reviewer pairswho ratedat least5 moviesin common
wereused.

ers,thereare23—24ratingsperreviewer, which shouldbe
quitesufcient for estimatinggenerosity

Figure17 shavsthe RMS errorfor trials with 3 ratings
peritem asa function of the numberof active reviewers
from which thoseratingsweredravn. As we might ex-
pect,theperformanc®f theunbiasednodels particularly
the unbiasedSpindlemodel,improvessigni cantly with
more ratings per reviewer. The performanceof the bi-
ased.inearmodelimproves,but lessso,andit is matched
by the unbiasedSpindle model with 100 active review-
ers. However, the performancef the biasedSpindleand
Logistic models like thatof the Averagemodel,remains
essentiallystable. That s, the biasterm is particularly
usefulin improving the estimatesf reviewer generosity
whenthereare only a small numberof ratingsavailable
perreviewer, allowing the LogisticandSpindlemodelsto
performnearlyaswell with muchlessdataperreviewer.

5.6 Signi cance testing

Theanalysesonductedhusfarhavefocusedonthetasks
of assigningpverall scoresor rankingsto theitems. How-

ever, anothercommongoal of ratingsstudiesis to testfor

signi cant differencedetweertwo or moresetsof items.
For example,aresearchemight beinterestedn whether
subjectsrate one setof wordsusedin a memoryexper

iment as more imageablethan anotherset of words. In

situationslik e these generositydif