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Abstract

Gatheringhumanratingsis oneof our mostcommonre-
searchmethods.However, therearepotentialsourcesof
bias or noisein humanratingsthat can adverselyaffect
theclarity andconsistency of theresults,especiallywhen
arelativelysmallamountof datais available.Oneprimary
sourceof disagreementbetweenraters is their varying
generosity—someraterstendto give higherratingsthan
others. This paperevaluatesa typical methodfor deal-
ing with this problem,theuseof z-scores,andintroduces
severalnew techniques,mostnotablytheSpindlemodel,
for discovering and factoringout reviewer generosityto
improvetheusefulnessof ratingsdata.

1 Intr oduction

Oneof themostcommondatagatheringmethodsusedin
the socialsciences,andin societyat large, is the collec-
tion of humanratings.We askpeopleto ratemoviesand
restaurants,colleges,consumerproducts,conferencepa-
pers,job applications,SAT essays,andmutualfunds,in
addition to experimentalitemsof many sorts. The ulti-
mategoal in collectingtheseratingsis usually to assign
eachitem a scorewith which they canbecompared.The
mostcommonandstraight-forwardmethodfor producing
suchscoresis simply averagingthe ratingsreceived by
eachitem.

However, it is often thecasethateachitem is ratedby
only a subsetof the reviewers. If the reviewersdiffer in
theway they apportiontheir ratingsscale,suchthatsome
aremoregenerousthanothers,simplyaveraginganitem's
ratingsmayresultin a biasedscore.If anitem is only re-
viewedby asmallnumberof reviewersandsomeof them
happento be sticklers,the item may receive a lower av-
erageratingthanit deserves.In theory, this biascouldbe
greatlyreducedby estimatinghow generouseachof the

�
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reviewersis, relative to theotherreviewers,andadjusting
hisor herratingsaccordingly.

Thispaperintroducesandevaluatesseveralmethodsfor
dealingwith the problemof reviewer generositydiffer-
ences.Principally, it advocatesa novel technique,known
asthe Spindlemodel,which is designedto discover and
factorout reviewergenerosity. Unlike othermethods,the
Spindlemodel is non-linearand is moreappropriatefor
thepredominantsituationin which ratingsarecon�ned to
a �nite scale.

2 The Z-Scoremethod

Thetraditionalmethodfor factoringoutreviewergeneros-
ity is to convert theraw ratingsto z-scores.Z-Scoresare
alsousefulfor comparingratingsbasedondifferentscales
and they arebeing usedincreasinglyfor the purposeof
rankingsportsteamsand�nancial products.Themodelis
quitesimple.Themeanandstandarddeviation of therat-
ingsarecomputedfor eachreviewer. Theraw ratingsare
thenconvertedto z-scoresby subtractingthe reviewer's
meanrating anddividing by the standarddeviation. An
item's z-scoresare then averagedto produceits overall
score.

In practice,theuseof z-scorescanbeanimprovement
overaveragedratings,but this methodalsohasthepoten-
tial to introducesomenew sourcesof bias. The Z-Score
methoddoesnot involve any direct or indirect compari-
sonbetweenreviewers. As a result, the adjustedscores
assignedby a reviewer canbe skewed by a biasedsam-
pling of itemsratedby that reviewer. For example,if the
reviewer ratedmostly above averageitems,thenan item
that is truly of averagescorewould receive a negative z-
scorefrom thatreviewer.

A reviewer's z-scorescanalsobeaffectedby thevari-
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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any outlying itemswill receive exceptionallylow or high
z-scoresbecauseof the low standarddeviation. As a re-
sult, this reviewerwill havemorein�uence over themean
z-scoreof suchitems thanwould anotherreviewer who
distributeshis or her ratingsmoreevenly over thewhole
scale.

Theseproblemsresultfrom differencesin meanor vari-
ancein thequality of itemsassignedto differentreview-
ers.Suchbiasedsamplingin assigningitemsmaynotbea
problemin well-designedratingsstudies.However, they
can result by chancewhen reviewers rate only a small
sampleandthey canarisesystematicallyif reviewersare
self-selectingthe itemsthey review, asin mostvoluntary
reviewsof movies,books,andotherconsumerproducts.

To avoid such problems,we will needto introduce
someform of comparisonbetweenreviewers.If reviewer
A and reviewer B both evaluateseveral items in com-
mon, and reviewer A tendsto give themhigher ratings,
we could reasonablyconcludethat A is more generous
thanB. We might then,in thefuture,wish to discountA's
ratings,or elevateB's. Evenif A andB did not rateany of
thesameitemsin common,we couldestimatetheir rela-
tive generosityif they bothrateddifferentsetsof itemsin
commonwith reviewerC. Thus,thecomparisonbetween
reviewersneednotbedirect.

Our idealmodelwill learnthegenerositiesof thevari-
ousreviewersasit learnstheadjustedscoresof theitems.
Becausethe observed ratingsresult from the interaction
of thesescoresandgenerosities,in additionto otherfac-
tors,thesetwo measuresaremutuallydependent.Wewill
thereforeattemptto learnthembothsimultaneously. The
next two sectionsintroduceseveral multivariatemodels
intendedto smoothratingsdataby modelingandfactor-
ing out reviewergenerosity.

3 A linear model

In orderto derive scoresandgenerositieson thebasisof
ratingsdata,wemustbegin by specifyingamodelof how
thesetwo factorsinteractin the assignmentof a rating.
Let usassumethateachof the itemsunderreview,

�

, has
an intrinsic value,which we'll call its score, anddenote

��� . The primary goal of the processis to determinethe
true scoresof the itemsgiven the setof ratingsand the
identitiesof thereviewers.

The model assumesthat a reviewer is able to accu-
rately evaluatethe true scoreof any item, but that the
reviewer musttranslatethat scoreinto a rating usingthe
givenscale.A moregenerousreviewerwill mapthesame
item to a higherratingthanwill a lessgenerousreviewer.
Thefollowing is a verysimplelinearmodelof ratingsas-
signment:

� ���	� � ��

��� (1)

According to this model, the rating, ����� , assignedby
reviewer � to item

�

is predictedto be the sum of two
terms.Oneis theactualquality, or score,of the item, � � ,
andtheotheris thereviewer'sgenerosity, ��� .

Givena setof ratings,themodelwill attemptto simul-
taneously�nd thesetof reviewer generositiesandtheset
of item scoresthat minimize the sum-squarederror be-
tweenthepredictedandactualratings.If �

� ��� is theactual
ratingassignedto item

�

by reviewer � , theoverall ratings
erroris givenby thefollowing formula:

���

���

��� ���

�������

�

����� �"! (2)

Althougha closed-formsolutionmaybepossible,it is
simpleandeffective to adjustthegenerositiesandscores
to minimizethiserrorusinganiterativeprocess.Webegin
byassumingthatall reviewershaveaneutralgenerosityof
0and�nd thelocallyoptimalvaluesfor eachof thescores,

��� . Theseareobtainedby differentiatingEquation2 with
respectto ��� , settingthis partial derivative to zero, and
solvingfor �

� . Theresultis shown in Equation3:

�
�#�%$

��&�'�(

�

�
���

�
���

) *

�

) (3)

where
*

� is thesetof reviewerswhorateditem
�

. Thus,
an item's scoreis estimatedto be the averagedifference
betweenits actual ratingsand the generosityof the re-
viewers,andthe initial scoreswill simply betheaverage
ratings.

Thenext stepof the iterationis to re-estimatethegen-
erositiesof the reviewers given the new scoresof the
items.This is donewith thecorrespondingequation:
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where
1

� is the setof items reviewed by � . By sub-
tractingtheaverageratingsof theitemsfrom areviewer's
ratings,hisor hergenerosityis determinedrelative to that
of theotherreviewers.

Equations3 and4 areusedto iteratively re-estimatethe
scoresandthe generositiesuntil the modelsettlesinto a
stablesolution,andthe�nal scoresaretakento re�ect the
actualvaluesof theitems.Thesettlingprocessconverges
quiterapidly, generallyrequiringabout6 iterations.

ThisLinearmodel, asthusdescribed,is actuallysome-
what under-constrainedbecausetherearemultiple solu-
tionsthatresultin thesameerrorvalue.For example,one
couldaddaconstantto all of thegenerositiesandsubtract
that constantfrom all of the scoreswithout affecting the
predictedratingsandthusthe error. In practice,thereis

2
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usuallya small drift in the generositiesandscoreswith
eachiteration.Therefore,weaddanadditionalconstraint,
whichis thatthegenerositiesof thereviewersmustsumto
0, resultingin a uniquesolution.This is enforcedby sub-
tractingthe averagegenerosityfrom each ��� after every
update.

The astutereaderwill note that the Linear model is
quitesimilar to a two-way ANOVA. However, they differ
in thattheANOVA is notdesignedto handlemissingdata,
while this is asituationwith potentiallyrathersparsedata.
Whencomputingestimatedscores,theiterativemodelef-
fectively �lls in amissingrating, �

� ��� , usingthesumof the
currentestimateof generosity, � � andthenew estimateof
thescore,��� .

3.1 A priori biases

In many circumstances,the performanceof statistical
modelsthat mustrely on a small amountof datacanbe
improvedby introducingan a priori biastowardsa sim-
pler modelor towardsstatisticsthatarecloserto the ex-
pectedmean. This is especiallytrue in the presenceof
noise. In this case,we may want to discourageextreme
generositiesand scores,underthe assumptionthat such
valuesare unlikely to occur in a naturalsituation. One
way to achieve this is to introducea cost term to the er-
ror functionthatpenalizesscoresthatarefar from theex-
pectedmean, ��2 , andgenerositiesthat are far from the
mean, �

2 , which is 0 in this case. Although thereare
many waysto do this, the following squared-errorfunc-
tion provesquiteeffective:
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Takingthederivativeof theerrorwith respectto �
� , set-

ting it to zero,andsolvingfor �
� resultsin thenew error-

minimizationfunctionfor �
� to replace(3):
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A correspondingequationis usedto �nd thelocally op-
timal valuefor �@� . Onceratingshave beennormalizedto
a

�BADC=E

� scale,asexplainedin Section4.1,ameanscoreof
�

2F�

AHG I

is used.Theextremevaluepenalty, 3 , canbe
adjusteddependingon the level of biasdesired.In prac-
tice, a value of 3J�

AHG K@I

is a good default choicefor
natural tasks,with optimal valuesfor the Linear model
rangingfrom 0 to 0.5.Modelswith a 3 valuegreaterthan
zerowill bereferredto a biasedmodels.

3.2 Problemswith the Linear model

TheLinearmodelis quitesimpleandfastto train,and,as
we'll seein Section5, usually resultsin a signi�cantly
more accurateestimateof an item's true scorethan ei-
ther the averagerating or theaveragez-score.However,
this modelmaynot be appropriatefor mostpracticalsit-
uationsbecauseit assumesan unboundedrating scale,
while themostcommonproceduresfor assigningratings
involve bounded,usuallydiscrete,scales,suchasthe in-
tegersfrom 1 to 5 or 1 to 10. As aresult,theLinearmodel
doesnotbehaveappropriatelyat theboundaries.

Forexample,if anitemreallyisexceptional,oneshould
expectthatmostreviewers,generousor not,will give it a
high rating. On a low-resolutionscale,they mayall give
it the maximumrating. Likewise, reviewerswill tendto
agreeabouttruly terrible items. Reviewers of differing
generositywill tend to disagreethe mostover the items
of moderatequality. The Linear model assumes,to the
contrary, thatreviewergenerositywill haveanequaleffect
onall itemsand“predicts”thatagenerousreviewerwould
give a very gooditem a rating that is beyondthe limit of
thescale.

Therefore,we will now turn to an improvedmodelof
thereview processthat is moreappropriatefor situations
with boundedratingscales.

4 A non-linear model

Our goal is to develop a model that accordsbetterwith
an intuitive understandingof how differentreviewersare
likely to usethe ratingsscale.Again we will begin with
a model of the review processthat relatesa generosity
anda scoreto a rating,but in this casethemodelwill be
multiplicative,ratherthanadditive.

Let usstartby assumingthat the truescoreof an item
is unboundedandfalls in therange L

AHCNM0O

. Scoresin this
rangewill bereferredto asunboundedscoresanddenoted

��P

� . Why usea rangefrom zeroto in�nity? Let usassume
that the items to be reviewed are academicor scienti�c
papers. Thereis certainlya reasonablelower boundon
thequality of a paper. A blankpaper, for example,would
beworthless.Thepresentreportaside,it is hardto imag-
ine that any other papercould be worsethanworthless.
But how canoneplaceanupperboundon thequalityof a
paper?Evenif a paperis exceptional,it is surelyalways
possiblethat it could be improved or that a betterpaper
might onedaybewritten. For the time being,let usalso
assumethata reviewer hasa potentiallyunboundedgen-
erosity, �

P

� , whichalsofallsin the L

ADCQM
O

rangeandthatthe
ratingassignedby that reviewer to an item is theproduct
of this generosityandtheitem'sunboundedscore:

3
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�

P

���

�R�

P

�

�

P

� (7)

A reviewer with a generosityof 1 assignsaccuraterat-
ings,while onewith a generosityof 2 thinksall itemsare
twice asgoodasthey really are. But thereis a problem
with this model,which is that it producesunboundedrat-
ings,while our goal is to modelratingson a �x ed inter-
val. Therefore,we will translatethe unboundedrating,

�SP

��� , into a boundedrating, � ��� , in therange L

ADC=E=O

through
thefollowing transformation:
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The form of equation8 on the right is alsoknown as
theoddsratio. If ����� werea probability, � P

��� would be its
odds.Notethat,if � P

���

�

E

then ����� �

ADGUI

. If themodelis
to beappliedto acasein which thetrueratingsarenoton
a

�BADC=E

� scale,theratingsmustbenormalizedaccordingly,
asdiscussedin Section4.1.

Although we began with unboundedscoresand gen-
erosities,it is not always convenientto work with such
values. Therefore,theseparameterscanalsobe mapped
to boundedversionsusingsimilaroddstransformations:
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The boundedvalue �@� will simply be referredto asa
reviewer's generosity and ��� as an item's score. Using
Equations8–10,we cansubstitutefor ��P

��� , �
P

� , and ��P

� in
Equation7 and solve for eachof the threevariablesto
producethefollowing setof equations:
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So,givena ratingandtheactualscoreof the item, we
cancomputethereviewer's generosityandgivena rating
andthegenerosity, we cancomputetheitem'sscore.The
unboundedterms,suchas �SP

� , werea usefultool in deriv-
ing thisotherwiseopaquesetof equations.Henceforth,as
usefulor appropriate,we canwork with eithertheseun-
boundedvaluesor with boundedratings,generosities,and
scoresthatfall on the

�,AHC=E

� interval.
Let's take a look at how theseequationsgovern a re-

viewer's transformationof an item's scoreinto a rating.
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Figure 1: The rating an item will receive as a function
of the item's scoreandthegenerosityof the reviewer, � ,
accordingto theSpindlemodel.

Figure1 shows theratingan item will receive asa func-
tion of the item's scoreunderseveral different levels of
generosity, � . Notethatif thegenerosityis 0.5,therating
is equalto thescore.If thegenerosityis greaterthan0.5,
theratingsarein�ated. An attractivepropertyof thissetof
equationsis that thecurvesaresymmetric.Eachcurve is
symmetricacrosstheleftwarddiagonal,�

�

E

�?� , andthe
curvefor �\�>] is there�ection of thecurvefor �\�

E

�
]

in therightwarddiagonal,�
�

� . Thesepropertiesof the
equationresult in the high andlow endsof the scalere-
ceiving symmetrictreatment.This would not be true of
many othernon-linearmodelsof therelationshipbetween
score,generosity, and rating, suchas �

���R�
��^W_W`Qa

.

� . In-
cidentally, the namefor this model, the Spindlemodel,
derivesfrom thefact thatFigure1 seemsto resemblethe
mitotic spindleduringcell division.

Oneimportantfact to consideris that singularitiesoc-
cur at the endpointsof the rating, score,andgenerosity
scales.If anitemhasascoreof 1, it will begivenarating
of 1 by any reviewer, regardlessof his or her generos-
ity. In thatcase,it isn't possibleto determinethegeneros-
ity given the rating andscore. In theory, this shouldnot
presenta problemasno item is expectedto beperfector
completelyworthless.Similarly, no reviewershouldhave
a generosityof 0 or 1 becausehe would assignall items
thesamerating,whichis notuseful.In practice,thisprob-
lem canbeavoidedif no item is allowedto have a rating
of exactly0 or 1, asdiscussedfurtherin thenext section.

4
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4.1 Normalizing the ratings

In orderto applythemodelto aparticularreviewingsitua-
tion,wemust�rst normalizetherangeof theratingsgiven
by thereviewersto the

�BADC�E

� scale.Assume,for example,
that the itemswereratedon anintegerscalefrom 1 to 5.
Themostobviousmethodof normalizingwouldbeto map
a ratingof 1 to 0 anda ratingof 5 to 1. Not only would
this methodresultin singularitiesbecauseof thepossibil-
ity for perfect0 or 1 ratings,it doesnot re�ect the most
reasonableinterpretationof the discretescale. Presum-
ably, eachof the � ve possibleintegerratingsis theresult
of roundinga real-valuedrating from anunderlyingcon-
tinuousscale.Thusa ratingof 3 capturesall real-valued
ratingsthatwouldhavefallenin therangeL

KDG IDCWbHG I

� . If we
assumethateachof theintegerratingsrepresentsanequal
portionof theoriginal continuousscale,thenaratingof 1
representsvaluesin therangeL

AHG IDC=E�GUI

� andthemaximum
value,5, capturestherange L c

GUIdCeIDG I

� . Sotheappropriate

�,AHC=E

� normalizationin thiscaseis to map0.5to 0 and5.5
to 1.

In general,if the minimum interval usedin the rating
scaleis

�

, the normalizedratingscanbe computedfrom
theraw ratings, �

�@f

��� , asfollows:

�

�
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��f

���

�

�

min �

�"g

K

�

max � min 


�
(14)

Henceforth,we will assumethat all ratings, �

����� , have
beennormalizedvia this equation.

If the initial ratingswere truly on a continuousscale,
ratherthana discretescale,the correctsettingfor

�

is 0.
However, if any itemsweregiventheminimumor maxi-
mumpossibleratingon thatscale,thiswill resultin prob-
lems becauseof the aforementionedsingularity. If this
situationarises,onecanavoid theproblemby setting

�

to
somesmallepsilon,suchas

E�h�ikj

.

4.2 The Logistic model

Like the Linear one, the Spindle model is trained by
searchingfor thesetof scoresandgenerositiesthatmin-
imize the sum-squarederror betweenthe predictedrat-
ings andthe normalizedactualratings. But the question
is, which ratingsspaceshouldwe work in: the bounded
spaceof �

��� and �

�
��� , or the unboundedspaceof � P

��� and
�

�SP

��� ?
Let us �rst considerworking in theunboundedratings

space. One approachmight be to simply minimize the
sum-squarederror betweenthe terms � P

��� and �

�SP

��� . How-
ever, in this unboundedspace,the ratingsat the positive
endof thescalewill bemuchlargerthanthoseat thelow
endof thescaleandwill tendto dominatetheerror func-
tion. Therefore,the error minimizationprocesswill pri-

marily focusonthehighratingsandmayignoretheinfor-
mationin thelow ratings.

Onesolutionis to log-transformthe predictedandac-
tual ratingsandto computethesum-squarederror in log
ratings space. This approachhas the addedbene�t of
greatlysimplifying themathematics.Equation7 now be-
comes: l�m�n

�

P

���

�

l�m�n

�

P

�




l�m@n

�

P

� (15)

This is identicalin form to theequationuponwhichthe
Linearmodelis based.Theratingscomponentof theerror
functionwe will seekto minimizeis:

� �
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Ratherthanworking with ��� or ��P

� values,we will per-
form theerrorminimizationdirectly with log unbounded
scores,

l�m@n

��P

� , and generosities,

l�m@n

�
P

� , to simplify the
mathematics.We canconvert backto boundedvaluesto
normalizethegenerositiesandoncethe training is done.
As a result, the error minimizationcanbe performedin
muchthesamewayasin theLinearmodel,usingthefol-
lowing updateequationfor thescores,with acorrespond-
ing equationfor thegenerosities:

l�m�n
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) *
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In this case,theextremevaluepenalty, 3 , is operating
in a differenterror spaceand,as it turnsout, larger bias
valuesareneededto achievethesameeffect.

The astutereadermay further note that Equation15
bearsa strongresemblanceto a logistic regression.For
thatreason,this variationof thenon-linearmodelwill be
referredto asthe Logistic model. However, this method
differs from a true logistic regressionin that it is multi-
variateandis notactuallycomputinga trueregression.

4.3 The Spindlemodel

Although the Logistic model is quite simplemathemati-
cally and,unlike the Linear model, conformsto the as-
sumptionof a boundedratingsspace,it is still possible
that the model is overly sensitive to the extremeendsof
thedomain.Ratherthanoperatingin log unboundedrat-
ingsspace,it would seemmoredesirableto minimizethe
error in boundedratingsspace,as is essentiallydonein
theLinearmodel.

Although we will now work with ratingsin bounded
space,becausethatis theform in whichtheerrorfunction
is to beexpressed,wecanasamatterof conveniencecon-
tinue to work with either boundedor unboundedscores
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andgenerosities.In this case,the error equationis sim-
plestif expressedwith unboundedvalues.By substituting
into Equation2 usingEquations7 and8, we obtain:

� �
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(18)

We wish to choosethe valuesof ��� and � � , or � P

� and
� P

� , that minimize this error. This is doneby iteratively
adjustingscoresin orderto minimize the error given the
generositiesand thenadjustingthe generositiesto 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. Thepartialderivative is as
follows:
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Unfortunately, the �
� root of this equationis not eas-

ily foundin closedform. However, theNewton-Raphson
methodof successive approximationsallows us to iter-
atively solve for the optimum ��� , provided that we can
computethesecondpartialderivative of theerror, which
is:
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Like the Linear model, the Spindlemodelcanbene�t
from the introductionof ana priori biasagainstextreme
generositiesandscores.Adding thesamecostfunctionto
theerrorequationto penalizeextremevalues,we obtain:
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TheNewton-Raphsonmethodbeginswith an estimate
of the root to be computed,�

� in this case,and then it-
eratively re�nes the estimateaccordingto the following
updateequation:
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If a functionis well-behavedandthe initial estimateis
closeto correct,the Newton-Raphsonmethodconverges
quite rapidly andconsistently. In the �rst iterationof the
Spindlealgorithm, the generositiesare all initialized to
0.5. In this case,theoptimalscorefor anitem is actually
the averageof its ratingsandthereis no needto run the
Newton-Raphsoniterationto optimize ��� . Subsequently,
the startingpoint for the iterationis simply the previous
valueof ��� . In this case,themethodconvergeson a new
value,to acriterionof

E�h�i�j

, in about4 iterationsonaver-
age.1

Becausethe model is symmetricwith respectto the
scoresandgenerosities,the equationsfor approximating
theoptimalunboundedgenerosities,��� , areequivalentto
Equations19–24afterswapping �

� and ��� , �
P

� and ��P

� ,
*

�

and
1

� , andsoon.
To recap,theSpindlemethodoperatesasfollows.First,

the raw ratingsarenormalizedto the range(0,1) asde-
scribedin Section4.1. The initial boundedgenerosities
are all set to 0.5, which is equivalent to an unbounded
generosityof 1, andthe initial scoresaresetto theaver-
agedratings.Thenthegenerositiesarere-estimatedusing
theNewton-Raphsonmethodto minimizetheerror. This
involvescorrespondingversionsof Equations19–24. As
with the Linear method,the generositiesare additively
adjustedto maintainan averageboundedgenerosityof
0.5. Next thescoresarerecomputedusingthesamepro-
cess,without adjustingto a meanof 0.5. The stepsof
re-computingthegenerositiesandthescoresrepeatuntil
theentiremodelsettlesto thepoint thatno scorechanges
by morethan

E�h@i�Ž

. This usuallyrequires6–7iterations.

5 Evaluation

We have introduced� ve methodsfor estimatingoverall
item score from a collection of ratings. The Average
modelis themostcommonapproach,andsimply involves
averagingtheratingsfor eachitem. TheZ-Scoremethod
relieson the meanand varianceof the ratingsgiven by
eachreviewer, with nocomparisonbetweenreviewers.Fi-
nally, theLinear, Logistic,andSpindlemodelssimultane-
ously estimateboth item scoresandreviewer generosity
by meansof inter-reviewercomparisons.These�nal three
methodsareparametricin thatthey permitascalablebias
againstextremescoresandgenerosities.

1In rare circumstanceson very large tasks, the Newton-Raphson
methodfails to converge. In this case,the Spindleprogramsearches
for a betterinitial valueuntil convergenceis achieved or it is forcedto
give up.
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In this section,we evaluatethe performanceof these
modelson an arti�cial taskandon threetasksinvolving
actualhumanratings.At issueis how effectively themod-
els canestimatethe true scoresof the itemsgiven just a
limited samplingof ratingsdata.

5.1 Evaluation measures

There is no single best metric for evaluating the mod-
els' performance,becausedifferent aspectsof their be-
havior will be moreor lessrelevant for variousapplica-
tions. Therefore,four main evaluationmeasureswill be
usedhere. In eachcase,we will assumethat thereis a
correctsetof item scoresagainstwhich themodels'esti-
matescanbetested.With arti�cial data,therecanactually
beasetof scoresthatareknown to becorrect.In anatural
task,the“correct” scoreswill bedeterminedby theaver-
ageratingsof eachitem acrossall reviewers,not just the
limited setof datathatwill beavailableto themodels.

The�rst metricis therootmeansquareddifferencebe-
tweenthecorrectscoresandthemodels'estimatedscores
acrossthe items. This will be known asthe RMSerror.
Thismeasureis themoststrict in thatit requiresthemodel
to reproducethescoresexactly, notjusttheirrelativemag-
nitudes.However, this measureis not appropriatefor the
Z-Scoremethod,which doesnot producescoresin the

�,AHC=E

� rangeasthe othermethodsdo. Therefore,a vari-
ation on the RMS error is to �rst performa linear trans-
formationof themodels'scoresthatminimizestheerror.
Thisvariantwill bereferredto asbest-�t RMSerror.

On the otherhand,in many caseswe arenot actually
interestedin accuratelyreconstructingthe true scoresof
the items. Rather, we areinterestedonly in properlyor-
deringthem.Therefore,wecouldinsteadaskhow closely
the estimatedranksof the itemsmatchtheir true ranks.
Onemeasureof this is the percentageof item pairs that
have beenranked in the wrong orderon the basisof the
estimatedscores.2 This will be known asrank error. A
perfectorderingshouldresultin arankerrorof 0%,while
a randomorderingis expectedto have50%rankerror.

Oneadditionalmeasureof interestis how consistently
the modelsassignscoresto an item acrossmany small
samplingsof the full set of ratings. If the rating of an
item variessigni�cantly from trial to trial dependingon
theidentityof thereviewers,thenthemodelhasnoteffec-
tivelyaccountedfor reviewerbias,andthescoresresulting
from a single experimentmay not accuratelyre�ect the
scoresobtainedin a replicationof that experiment. The
measureof inconsistencythat we will useis the ratio of
the averagestandarddeviation of the estimatedscoreof

2In computingranks,itemswith thesamescorereceive arankthatis
theaverageof theranksthey wouldhave received if it werenotanexact
tie.

eachitemacrossthetrials to thestandarddeviationof the
meanitem scoresacrossthe trials. This canbe thought
of astheratioof thevariancewithin itemsto thevariance
betweenitems. A low scoreindicatesthat the model is
consistentin its scoringdespitechangesin reviewer, and
otherfactorsthatvary from trial to trial.

5.2 Arti�cial ratings

We will begin with a testinvolving arti�cial data,thead-
vantageof which is that we have control over the true
scoresof theitemsaswell asthegenerosityof thereview-
ersandotherfactors.However, generatingarti�cial data
requirestheselectionof afunctionfor generatingthesim-
ulatedratingsand the natureof this function could bias
theresultsin favor of onemodeloveranother.

Thesesimulatedexperimentsinvolve 50 itemswhose
true scoresrangein equalincrementsfrom 0.02 to 0.98
andapoolof 9 reviewerswhosegenerositiesrangedfrom
0.1 to 0.9 in equalincrements.In a given trial, threere-
viewerswereassignedto eachitemat randomandratings
weregeneratedon the basisof the item's scoreand the
reviewers' generosities.In the �rst four conditions,sim-
ulatedratingsweregeneratedusingtheSpindleequation
given in (11). In two of the four conditions(R � ), the
ratingswerereal-valuedin therange

�BADGUIdC�E�ADGUI

� , while in
the other two conditionsthe ratingswererounded(R
 )
to wholenumbersto re�ect thediscretizationinvolvedin
mostrating scales.Two of the four trials usedno noise
(N � ), with the real-valuedrating directly generatedby
Equation11, while theothertwo addednoise(N 
 ) ran-
domly generatedin the range L

�

E@C=E~O

to eachrating. In
theR
 N 
 conditions,thenoisewasintroducedprior to
rounding. One hundredtrials were performedfor each
modelin eachconditionandtheresultswereaveraged.

Figure2 shows theRMS error for the � ve modelsand
the eight ratingsconditions. The Linear, Logistic, and
Spindlemodelsappeartwice in eachcondition,�rst with
no extreme-value penalty and then with a moderate3

value. The error for the Z-Scoremethodis not depicted
becausethis methoddoesnot producescoresin the ap-
propriaterangefor this measure.Acrossall of thecondi-
tions, the Averagemodel,shown in the white bars,pro-
ducesratherpoor results. We will begin by considering
the four conditionson the left, markedSpindle. Theun-
biasedLinear model,with 3•�

A

, hasan error ratethat
is just over half that of the Averagemodel. The biased
Linearmodel,with 3•�

AHG K

, is somewhatworsethanthe
unbiasedmodelonall conditions.Thus,thebiasdoesnot
seemto helptheLinearmodelon thisarti�cial task.

In the �rst condition, in which the ratings are di-
rectly generatedby the Spindleequationswith no noise
or rounding,boththeunbiasedLogisticandSpindlemod-
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Figure2: Theroot meansquareddifferencebetweenthecorrectscoresandthemodels'scoresacrosstheeightcondi-
tionsin theArti�cial task.
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Figure3: The root meansquareddifferencebetweenthe correctscoresandthe bestlinear �t of the models' scores
acrosstheeightconditionsin theArti�cial task.
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els have zeroerror. This is to be expectedandis lessa
validationof theapproachthanit is anindicationthatthe
implementationsindeedachievethecorrectminimalsolu-
tion. With noiseadded,the Logistic modelis somewhat
worsethan the Linear onewithout rounding,but some-
what betterwith rounding. However, in all four condi-
tions theunbiasedSpindlemodelachievesthe lowester-
ror. Noiseandroundingdo degradethe performanceof
the unbiasedSpindlemodel,but they have lessof an ef-
fect thanon theLogisticmodel.

If the best-�t transformationof the scoresis usedin
computingthe error, as shown in Figure3, the Z-Score
methodis comparableto theothers,althoughtheAverage
methodcontinuesto bemuchworse.By thismeasure,the
Z-Scoremethodis similar to but consistentlyworsethan
theunbiasedLinear model. Again, theunbiasedSpindle
modelhasthelowesterror, followedby thebiasedSpindle
modelandtheLogisticmodels.

Of course,theseresultsarebiasedby the fact that the
Spindlemodelitself wasusedin generatingthe arti�cial
ratings,soperhapsit is not surprisingthat it andtheLo-
gistic modelperformbetterthantheothers.Therefore,in
thenext four conditions,thearti�cial ratingsweregener-
atedusingtheLinearmodel. That is, the ratingassigned
by a reviewer wasthesumof theitem's scoreandthere-
viewer's generosity, boundedby the

�,ADGUIdC�E�AHG I

� interval.
In this case,thegenerositiesrangedfrom -0.4 to 0.4. As
shown in the right half of Figure2, this changehaslittle
effectontheAverageandLinearmodels,but theunbiased
Logisticmodelperformsmuchworseon thenon-rounded
conditions.Thismaybebecausetheseconditionsinvolve
someratingsthatarecloseto theboundsof thescaleand
which thereforedominatethis model'serrorfunction.

Interestingly, thesameis not trueof theSpindlemodel.
Accordingto theRMS error, theunbiasedSpindlemodel
is the best,while the biasedSpindlemodelactuallyhas
the lowestbest-�t RMS error. Thus,even if thearti�cial
datahasbeengeneratedby theLinearmodel's equations,
the unbiasedSpindlemodelstill outperformsthe Linear
model. The reasonis that the datahasbeentruncated
to fall in the range

�,AHG IDC=E�ADGUI

� , in order to �t our over-
riding assumptionthat the ratingsshouldusea bounded
scale.This truncationviolatestheassumptionsof theLin-
ear model, impairing its performance.This re�ects the
fact that theLinearmodelis not appropriatewhenwork-
ing with ratingsonaboundedscale,unlessfew of therat-
ingsfall neartheboundaries.

Figure4 shows the rank error percentageon the arti-
�cial tasks. Again, the Averagemodel is considerably
worsethanthe other. The Z-Scoremodelperformsrea-
sonablywell, but is worsethanboththeLinearandSpin-
dle models.Again theSpindlemodelachievesthelowest
erroracrossall eightconditions,althoughthebiasedLo-

gistic modeldoesquitewell on theSpindleR � N � con-
dition. In the �rst four conditions,the unbiasedSpindle
modeloutperformsthebiasedmodel,althoughthebiased
modelis somewhatbetteronthenon-roundedLinearcon-
ditions. Thus,thebiasedmodellooksmuchbetterwhen
measuredusing rank error. The reasonis that the bias
term tendsto producea warpingof the estimatedscores
andgenerosities,with thevery low andhighvaluesdrawn
towardsthemiddle.While thismonotonictransformation
affectstheRMS error, it haslittle effect on therankerror
becauseit is generallyorder-preserving.

Finally, Figure5 depictsthe inconsistency of the item
scoresacrossthe100trials. Theseresultslargelyparallel
the rank error �ndings. As we might expect, the Aver-
agemodelis quite inconsistent,asis theLogistic model,
whichhastroublewith thenon-roundedconditionsbased
on the Linear equationsor having noise. The Z-Score
modelis signi�cantly betterthantheAveragemodel,but
is consistentlyworsethan the Linear and Spindlemod-
els. The unbiasedSpindlemodel is better than the un-
biasedLinear model in all but one condition,while the
biasedLinearmodelis virtually identicalto theunbiased
in all cases.ThebiasedSpindlemodelis generallyworse
thantheunbiasedSpindlemodel,exceptfor thetwo Lin-
earconditionswith norounding.

In summary, all of the other modelsresult in consid-
erablybetterperformanceon this arti�cial task,acrossa
rangeof measures,thanis achievedby simply averaging
ratings. TheZ-Scoremethodwasuseful,but wasgener-
ally outperformedby themultivariatetechniques.TheLo-
gistic modelwasquiteeffective in � ve of theconditions,
but haddif�culty whenreal-valuedratingswereusedthat
potentially fell close to the boundsof the rating scale.
With few exceptions,the Spindlemodel, either with or
without theextremevaluepenalty, achievedthelowester-
ror andthemostconsistentscores.

5.3 Attracti venessratings

Theperformanceof thesemodelsis onething in an arti-
�cial context, whereratingsaregeneratedaccordingto a
formula.But how will they performin anaturalcontext in
which reviewersmayactuallydiffer not just in their gen-
erositybut in therankingthey would assignto theitems?
Thepossibilityof non-monotonicdifferencesin theopin-
ionsof reviewers,discussedfurther in Section6.1, is not
explicitly accountedfor in thesemodels.Thuswe might
askhow well they cancopewith thisadditionalsourceof,
whatis for our purposes,noise.

The�rst taskusedto addressthisquestioninvolvesrat-
ing physicalattractiveness.42 maleparticipantsviewed
thephotosof 60 womenandratedtheir attractivenesson
anintegerscalefrom 1 to 7. Thistaskwaschosenbecause
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Figure4: Thepercentageof misordereditempairsin theArti�cial task.

Spindle R- N- Spindle R- N+ Spindle R+ N-Spindle R+ N+ Linear R- N- Linear R- N+ Linear R+ N- Linear R+ N+
Condition

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

In
co

ns
is

te
nc

y

Average
Linear, C=0
Logistic, C=0
Spindle, C=0
Z-Score
Linear, C=0.20
Logistic, C=0.75
Spindle, C=0.20

Figure5: Theinconsistency of theitemscoresover the100trials in theArti�cial task.

10



Rohde Removing Generosityfrom Ratings

it is onein whichraterscanbeexpectedto basicallyagree
with oneanother, althoughthey mayhave distinctprefer-
encesandtheir opinionsarelikely to differ over the true
rankingof thepictures.

In workingwith thearti�cial datain thepreviousexper-
iment,wehadtheadvantageof knowing thetruescoresof
theitemsandwerethusableto usethesescoresastheba-
sis againstwhich the models' estimatesweremeasured.
However, in a real-world survey suchas this, we don't
know the truescoresof the items. Therefore,thecorrect
scoresweretaken to be the ratingsaveragedover all 42
raters.Becauseeachraterhasratedall of theitemsin this
controlledexperiment,any discrepancy in thegenerosity
of the ratersshouldaffect all of the items. In fact, the
Linear model and the Averagemodelwill both produce
thesamesetof ratingsin this circumstance.On theother
hand,the Spindle,Logistic, and Z-Scoremodelswould
produceaslightly differentsetof scoresif giventhecom-
plete set of ratings. Therefore,thesemodelswill be at
somewhatof adisadvantagein thesetestsbecausewewill
notbemeasuringagainsttheir preferredbaselines.

We aregoing to test the ability of the modelsto esti-
matethetruescores,derivedfrom theaverageover all of
the data,usingonly a subsetof the ratings. In eachtrial
of the experiment,16 of the 42 reviewerswereselected
at random. Eachof the itemswasthenratedby a �x ed-
sizesubsetof these16reviewers,subjectto theconstraint
thatthereviewerseachprovide roughlythesamenumber
of ratings.Thenumberof reviewersper item wasvaried
from 2 to 10. For eachof theselevels, 100 trials were
conductedandthe resultsof the modelsaveragedacross
thetrials. With just 2 ratingsper item, eachof the16 re-
viewerscontributed7 or 8 ratings,providing a reasonable
basisfor estimatinghis generosity.

Figure6 shows the RMS scoreerror asa function of
thenumberof ratingsper item. As we might expect,the
performanceof all of themodelsimproveswith morere-
viewersper item. The Z-Scoremodel,again,cannotbe
evaluatedby this measure.The unbiasedLinear model
performsslightlybetterthantheAveragemodelwith more
than 2 reviewers per item. The unbiasedLogistic and
Spindlemodelsaresomewhatworse,asis thebiasedLin-
ear model. However, the two modelsthat consistently
achieve thelowestRMS errorarethebiasedLogistic and
Spindlemodels,with theSpindleperformingslightly bet-
ter. The advantageof thesemethodsover the othersis
mostevidentwith fewer reviewsperitem.

Figure7 displaysthe best-�t RMS error. In this case,
there is much less differencebetweenthe models, al-
thoughall of themperformbetterthantheAveragemodel
with morethan2 itemsper reviewers.ThebiasedLinear
andSpindlemodelsareconsistentlyquitegood,with the
biasedLogistic, Z-Score,andthe unbiasedmodelstypi-

cally justa bit worse.
Figure8 shows the rank error on the sametask. This

measurepatternsvery much like the best-�t RMS error.
This alsohappensto betrueon theothertasksto follow.
With morethan2 reviews per item, all of theothermod-
elsareanimprovementovertheAverage.ThebiasedLin-
earandSpindlemodelsareconsistentlythebestor nearly
so,with thebiasedLogistic modelperformingwell with
lessdataandtheunbiasedandZ-Scoremodelsperforming
well with moredata. Finally, Figure9 shows the incon-
sistency of theitem scoresacrossthe100trials. With the
exceptionof the 2 reviews per item condition,the Aver-
agemodelis lessconsistentthantheothers.Theunbiased
Spindlemodelis theleastconsistentwith fewer available
reviews, while the Z-Scoremodel is the bestwith more
data. The biasedmodelsdiffer very little from one an-
other.

In summary, the biasedSpindlemodelperformsquite
well accordingto all four measuresontheFacestaskrela-
tive to the other methods. The otherbiasedmodelsare
nearly as good, althoughthe biasedLinear has higher
RMS error and the biased Logistic performs slightly
worseastheavailabledataincreases.This latterfactmay
bebecausemoredataresultsin moreextremescores,de-
spitethebiasagainstthis,andtheseextremescoresdomi-
natetheerrorminimization.Theunbiasedmodelsandthe
Z-Scoremethodaregenerallybetterthanusingtheaver-
agerating,exceptwhentherearevery few ratingsperre-
viewer, but aremoreinconsistentthanthebiasedmethods
andaremuchworsewith smalldatasets.

It is clear, however, that the gapbetweenthe Average
modelandtheothersis not aspronouncedon this taskas
it wason the arti�cial data. Oneobvious reasonmay be
that the humanratingsaresimply noisier, increasingthe
theoreticallyoptimal error rate that even an ideal model
couldachieve. This noisecouldbetruly randomnoisein
theraters'responses,or it couldre�ect thefact theraters
actuallyhave somewhatdifferentstandardsof attractive-
ness.Thus,althoughwe will continueto use0 asa base-
line for the graphs,the optimal performancein the face
of noiseandfactorsother thangenerositymay be much
closerto theerrorlevelsactuallyachievedby themodels.

Anotherreasonfor the smalleradvantageof the more
advancedmethodsis that the correctscoresin the Faces
taskarenot asevenlydistributedasthosein theArti�cial
task.Thewhite barsin Figure10 depictthehistogramof
correctscoresontheFacestask.Thescoresaredistributed
around0.425in a roughlyGaussianmanner, with only a
few very low scoresandno very high scores. Someof
the ratersreportedthat they werereservingtheir highest
ratingsin caseanexceptionallyattractivephotoappeared,
whichapparentlydid nothappen.Whenthereis lessvari-
ancein the true scores,rankingthe itemsbecomesmore
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Figure6: Theroot meansquareddifferencebetweenthe“correct” scoresandthemodels'scoresasa functionof the
numberof ratingsperitemon theFacestask.
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Figure10: Histogramsof the“correct” scores(theaverageratingfor eachitem basedon all of thedata)for thethree
naturaltasksusedhere.

dif�cult. Furthermore,whentherearefew itemswith ex-
tremely low or extremely high scores,the potentialad-
vantageof theSpindlemodelover the linearmethodsdi-
minishes,becauseit is the extremeitemson which their
assumptionsaremostviolated.

5.4 Word similarity ratings

This next task was intendedto involve more items that
would receive very high or very low averageratings. In
this case,32 participantswere asked to rate the seman-
tic similarity of 60 word pairs,againon an integer scale
from 1 to 7. Someof thepairswereveryclosesynonyms,
suchascry–weep, while otherswere intendedto be en-
tirely unrelated,suchasdonkey–gave. Most of the pairs
fell somewherein the middle and were either members
of thesamesuperordinatecategory, suchastable–sofa, or
wereassociatednounsandverbs.In orderto helpanchor
their judgments,ratersweregiventhreepracticeexamples
of verysimilar, verydissimilar, andintermediatepairs.

The“correct” scoreswereagaindeterminedby theav-
eragescoreof eachitem over all 32 raters.As shown in
Figure10, theefforts to producemoreevenly distributed
scoreswerepartially successful.Thegrey barsin thehis-
togramform a broaderdistribution thanthatfor theFaces

task. However, althoughtherearemoreitemswith high
andlow scores,therearestill no extremelyhigh scores.
Many raterscontinuedto reserve their highestscorefor
truly marveloussynonyms.

As before,themodelsweretestedby choosing16raters
atrandomandretainingbetween2 and10ratingsperitem
from this pool of raters.Becausethescoreson theWords
taskaremorebroadlydistributed,theLinearandSpindle
modelsperformbetterwith extremevaluepenaltiesthat
areonly half as large. The models' RMS scoreerror is
shown in Figure11. The smoothedSpindleandLogis-
tic modelsagainachieve the lowestRMS error, with the
Spindlemodel improving relative to the Logistic model
with moredata.TheunbiasedLinearmodelalsoperforms
quitewell.

The rank error resultson the Words task, which pat-
ternsalmostexactly like thebest-�t RMS error, is shown
in Figure12. Thereis little differencebetweenthe mul-
tivariatemodels,althoughtheunbiasedSpindlemodelis
not asgoodwith just 2 or 3 ratingsper item. However,
with more than 2 ratingsper item, all of thesemodels
have lower rankerror thantheAverageor Z-Scoremeth-
ods. The Z-Scoreperformsparticularly poorly on both
theRMSandrankerrormeasureswith lessdata.In terms
of inconsistency, shown in Figure13,theLogisticmodels
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Figure11: Theroot meansquareddifferencebetweenthe“correct” scoresandthemodels'scoresasa functionof the
numberof ratingsperitemon theWordstask.
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Figure12: Thepercentageof misordereditempairsasa functionof thenumberof ratingsperitemontheWordstask.
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Figure13: Theinconsistency of theitem scoresover the100trials asa functionof thenumberof ratingsperitem on
theWordstask.

arethebest,followedby thebiasedSpindle,andthenthe
unbiasedSpindleandLinearmodels.As with theranker-
ror, theZ-Scoremodelis theworstwith smallamountsof
dataandtheAveragemodelis theworstwith moredata.

Despitethegreatervarianceof scores,theoverall pro-
�le of resultson the Words task is very similar to that
on the Facestask,althoughall of the modelsperformed
a bit betterin this case.ThebiasedSpindleandLogistic
modelsareagainthe most effective, or nearlyso, in all
measures,followedby thebiasedLinearmodel.

5.5 Movie ratings

TheFacesandWordstaskswereusefultestsbecausethey
were expectedto conform reasonablywell with the as-
sumption,which is inherentin themodels,that theraters
will usesimilar standardsin judging the items and that
the ratingsbetweenany two reviewerswill tendto differ
monotonicallyasa function of the generosityof the re-
viewers. Indeed,theaveragecorrelationbetweentherat-
ingsof pairedreviewerswas0.569on theFacestaskand
0.770on the Wordstask,wherea correlationcloserto 1
indicatesgreateragreementbetweenreviewers.However,
in many real-world tasks,reviewerscannotbe expected
to basetheir judgmentson similar standards.For exam-
ple, in ratingmovies,somereviewersmaypreferdramas,
while othersmay prefer action or comedy. Will these
methodscontinueto beeffective in this situation?

This �nal taskusesmovie ratingsfrom theMovieLens
database,gatheredonthewebby theGroupLensResearch
Projectat theUniversityof Minnesota.Thecompletedata
setcontains100,000ratingsof 1,682moviesby943users,
andis thusconsiderablylarger thanthedatasetsusedin
theothertasks.Becausesomeof themoviesreceivedonly
a few ratingsandnot all userscontributedthesamenum-
berof ratings,thedatasetwasreducedto permit theac-
curateevaluationof the models. The 500 most proli�c
reviewerswereretainedaswell asthe776movieswhich
were reviewed by at least40 of them, in order to pro-
vide a reasonablygood estimateof the “true scores”of
the movies. Following this trimming, 72,200ratingsre-
main. Again the modelswere testedon their ability to
estimatethetruescoresof themoviesgivena smallsub-
setof the ratingsand the resultsin eachconditionwere
averagedover100trials.

Several factorscontribute to thedif�culty of this task.
First of all, not all reviewersratedall of the movies, so
thebaselinescoresmaybelessaccurate.Furthermore,as
shown in the histogramin Figure10, the averagescores
of themoviesfall in afairly tight Gaussiancluster. There-
fore, small errors in the estimatedscoresmay result in
largeerrorsin rankorder. More importantly, however, the
reviewersdo not agreewith oneanother. In contrastwith
the inter-reviewer correlationsof 0.569and0.770on the
othertasks,theaveragecorrelationof themovie reviewer
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ratingswasonly 0.151.3 Thus,it doesin factseemthatthe
movie ratingsareeitherextremelynoisy or, morelikely,
thatthereviewersarein factrelyingondifferentstandards
andhavestrongpreferencesfor differenttypesof movies.

Finally, to make the task even more dif�cult, all 500
reviewerswereusedwhenselectingthe2–10ratingsper
movie. As a result,therewerefewer ratingsperreviewer
on this taskthanon theFacesandWordstask,in which a
reducedreviewerpoolof 16wasusedfor eachtrial. With
2 ratingspermovie, therewerejust 2 or 3 ratingsperre-
vieweroneachtrial.

Despitethesedif�culties, the biasedSpindleand Lo-
gistic modelscontinueto performreasonablywell. Fig-
ure14shows theRMSscoreerroron theMoviestask.In
this case,theAveragemodelis not badeither, andis ac-
tually betterthantheunbiasedmodelsandthebiasedLin-
earmodel. Only thebiasedLogistic andSpindlemodels
outperformthe Average,signi�cantly so with lessdata.
Presumablythe unbiasedmodelsare so muchworseon
this taskbecausetherearefewer ratingsavailableper re-
viewerwith whichto estimategenerosity. In thiscase,the
a priori biashasa greaterin�uence on theestimatesand
is quitehelpful for theSpindleandLogisticmodels.

The rank error, which againpatternslike the best-�t
RMS error, is shown in Figure15. The differencesbe-
tweenthe modelsareslight, with the exceptionthat the
Z-Scoremethodis noticeablyworsethantheothers.Fig-
ure 16 displaysthe inconsistency of the scoreestimates
acrosstrials. In general,the inconsistenciesare much
higheronthis taskbecausetheinter-itemscorevariability
is so low, asis the inter-rateragreement.With only two
or threereviews per item, andthus � ve or fewer ratings
per reviewer, theunbiasedmodelsarequite inconsistent.
Givenmoredata,all of themodelsareaboutequallycon-
sistentwith theexceptionof theZ-Scoremethod.

As mentionedbefore,theMovie taskresultsthatwere
just presentedinvolved500active reviewersin eachtrial.
Becausetherewere776moviesin thetrimmeddatabase,
if 3 ratingswere chosenper item on a given trial, that
translatesto 4–5 ratingsper reviewer. This is not a very
largesamplewith whichto estimatethegenerosityof are-
viewer, particularlybecausethereviewer'sopinionswere
so poorly correlatedon this task. As a result,the Linear
andSpindlemodelsmayhavebeenseverelyhindered.By
usinga smallersetof active reviewersfor eachtrial, and
still choosing3 ratingsper item, we canmodela situa-
tion in which moreratingsareavailableper reviewer. To
testtheeffectof thenumberof ratingsperrevieweronthe
RMSscoreerror, thenumberof activereviewerswasvar-
ied from 500down to 100. With only 100active review-

3In computingtheaveragecorrelationof theratingsbetweenpairsof
reviewers,only reviewer pairswho ratedat least5 movies in common
wereused.

ers,thereare23–24ratingsperreviewer, whichshouldbe
quitesuf�cient for estimatinggenerosity.

Figure17showstheRMSerrorfor trialswith 3 ratings
per item asa function of the numberof active reviewers
from which thoseratingsweredrawn. As we might ex-
pect,theperformanceof theunbiasedmodels,particularly
the unbiasedSpindlemodel, improvessigni�cantly with
more ratingsper reviewer. The performanceof the bi-
asedLinearmodelimproves,but lessso,andit is matched
by the unbiasedSpindlemodel with 100 active review-
ers. However, theperformanceof thebiasedSpindleand
Logistic models,like thatof theAveragemodel,remains
essentiallystable. That is, the bias term is particularly
useful in improving the estimatesof reviewer generosity
whenthereareonly a small numberof ratingsavailable
perreviewer, allowing theLogisticandSpindlemodelsto
performnearlyaswell with muchlessdataperreviewer.

5.6 Signi�cance testing

Theanalysesconductedthusfarhavefocusedonthetasks
of assigningoverallscoresor rankingsto theitems.How-
ever, anothercommongoalof ratingsstudiesis to testfor
signi�cant differencesbetweentwo or moresetsof items.
For example,a researchermight be interestedin whether
subjectsrateonesetof wordsusedin a memoryexper-
iment asmore imageablethananotherset of words. In
situationslike these,generositydifferencesbetweensub-
jectswill beasourceof noisethatmayresultin thedetec-
tion of spuriousdifferencesif the assignmentof itemsis
notwell balanced,or mayreducethepowerof thesignif-
icancetestsevenif theitemsarewell balanced.

Signi�cancetestscanbeperformedusingthesemodels
if the modelis usedto producea setof adjustedratings,
ratherthana setof item scores.This ratingsadjustment
is intendedto remove the effect of reviewer generosity
from eachof the ratings. With the Z-Scoremethod,this
is doneby usingtheindividualratingz-scores,ratherthan
the raw ratings. For the Linear model, this is doneby
solvingfor �

� in Equation1, whichamountto subtracting
thereviewer'sgenerosityfrom therating.For theLogistic
andSpindlemodels,theadjustedratingis givenby Equa-
tion 13.

The �rst test of the models' ability to detecta sig-
ni�cant differencebetweenconditionswasbasedon the
Arti�cial task, with ratingsgeneratedusing the Spindle
equationwith noiseand rounding. The itemswerepar-
titioned into two equalgroups. The true scoresof the
items in the �rst groupweredrawn at randomfrom the
range L

AHG K�bDCeADGŒ‘SbSO

. The scoresof the itemsin thesecond
groupwere0.04higherthanthescoresof thecorrespond-
ing itemsin the �rst group. Therefore,therewasin fact
a small but consistentstatisticaldifferencebetweenthe
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Figure14: Theroot meansquareddifferencebetweenthe“correct” scoresandthemodels'scoresasa functionof the
numberof ratingsperitemon theMoviestask.
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Figure15: Thepercentageof misordereditempairsasafunctionof thenumberof ratingsperitemontheMoviestask.
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Figure16: Theinconsistency of theitem scoresover the100trials asa functionof thenumberof ratingsperitem on
theMoviestask.
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Figure17: Theroot meansquareddifferencebetweenthe“correct” scoresandthemodels'scoresasa functionof the
totalnumberof activereviewerspertrial, with 3 active reviewersassignedto eachitem.
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Figure18: Averaget-testp-valuefor two groupsof itemson theArti�cial task.
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Figure19: Percentageof trials in which thep-valuewassigni�cant on theArti�cial task.
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groupsin all trials.

The modelswere trainedon a subsetof the resulting
ratings,500 timesper condition,with a varying number
of ratingsper item. In eachtrial, the modelsconverted
theseratingsto adjustedratings,asdescribedabove, and
a t-testwasperformedto determinethep-value,indicat-
ing the probability that a singledistribution would have
generatedtwo datasetswhosemeansdiffer by asmuch
asthosein thesampleddata.A lower p-valueindicatesa
greaterlikelihoodof atruedifferencebetweenthegroups.
Figure 18 shows the averagep-value for eachmodel in
eachcondition. Clearly theAveragemodel,which is not
doingany adjustmentto theraw ratings,resultsin amuch
highermeanp-value than the other models. With eight
reviews per item, the meanp-valuesof the othermodels
areall well below thestandardcriterionof 0.05. Thereis
relatively lessdifferencebetweenthesemodels,although
theLinearmodelsconsistentlyperformwell.

Anothermeasureof themodels'ability to detecta sig-
ni�cant differenceis the percentageof the 500 trials on
which thep-valuefell below the0.05criterion,asshown
in Figure19. With the exceptionof the Averagemodel,
the percentageof detecteddifferencesall increasewith
additionaldata,with theLinearandZ-Scoremethodsper-
forming the best. Interestingly, the percentageof signif-
icant p-valuesfor the Averagemodelactuallydecreases
with additionalratings.Therefore,thedifferencebetween
the scoresof the items in the two conditions,which is
known to exist in this arti�cial task,cannoteasilybede-
tectedunlessthereviewergenerosityis factoredout.

Again, it is importantto verify these�ndings in a more
naturaltask. Therefore,in orderto createtwo conditions
for theFacestask,theimageswerepartitionedon theba-
sis of hair color into 23 blondesand37 brunettes.The
differencebetweenthesegroupsis smallbut signi�cant in
the full dataset.4 Figure20 shows the averagep-values
asa function of the numberof ratingsper item. In this
case,theZ-Scoremethoddoesnot performaswell asthe
others,especiallywith lessdata,andthe Averagemodel
resultsin theleast-signi�cantp-values.Thereis little dif-
ferencebetweenthe multivariatemethods,althoughthe
Logisticmodelseemsabit betterthantheLinearor Spin-
dle. Theseresultsarere�ected in the percentageof sig-
ni�cant p-values,shown in Figure 21. Similar �ndings
areobtainedon theWordstaskby comparingword pairs
thatlook similar (having editdistance3 or less)with pairs
thatdonot,which tendto receive lowersemanticsimilar-
ity ratings. In thatcase,theZ-Scoremethodwasconsid-
erablyworsethan the Averagemodelwith fewer than5
reviewsperitem.

4Yes,theblondeswereconsideredmoreattractive, but only slightly.

6 Discussion

This paperhasintroducedseveralmethodsfor improving
the signal to noiseratio in ratingssurveys by modeling
andfactoringout reviewergenerosity. Thesemethodscan
signi�cantly improve the ability to recover from a lim-
ited bodyof datascoresthatarerepresentative of theav-
erageratingsin acompletedataset.Although,themodels
aremostusefulin caseswherethedatais sparseandtwo
itemsmaybe ratedby differentsubsetsof the reviewers,
they can improve the power of statisticaltestson fully-
balanceddatasetsby eliminatingthenoiseintroducedby
generositydifferencesbetweenreviewers.

One requirementfor the successof thesemethodsis
thatareasonablenumberof ratingsshouldbeprovidedby
eachreviewer in order to accuratelyestimatehis or her
generosity. From our tests,it seemsthat as few as � ve
ratingsperreviewermaybesuf�cient if thereviewersare
in reasonableagreementwith oneanotherin termsof the
rankorderof their ratings.More ratingswill beneededif
reviewersarelikely to be employing differentstandards,
ason theMovies task,or if the ratio of total itemsto re-
viewers is large. Using a strongerbias againstextreme
generositiesandscoreshelpsthemodelsto behaveappro-
priatelywhenlessdatais available.

Aside from the mostcommonapproachof simply av-
eragingtheratingsfor eachitem,theZ-Scoremethodhas
beenwidely usedto accountfor generositydifferences.
However, becauseit doesnot rely onany form of compar-
ison betweenreviewers on commonitems, this method
only works well if the items assignedto reviewers are
well-distributedacrossthe rangeof scores. As a result,
theZ-Scoremethodoftenresultsin poorperformanceun-
lesstherearea relatively largenumberof ratingsper re-
viewer. Anotherdrawbackof this approachis that it pro-
ducesz-scores,whichoccupy anunboundedscale,which
mayhaveto betransformedif boundedscoresareneeded.
The Z-Scoremethodperformedbetterthan the Average
modelon the arti�cial task,but consistentlyworsethan
theLinearandSpindlemodels.On theFacestaskit per-
formedquite well, but wasworseon theWordstask,es-
peciallywith smallamountsof data,andwasparticularly
badon theMoviestask,evenwith largeamountsof data.
At thetaskof detectingsigni�cant groupdifferences,the
Z-Scoremethodworked quite well on the arti�cial data,
but waslittle betterthantheAveragemodelon theFaces
task,andworseon the Words task. This methodis not
consistentlybetterthantheAveragemodeland,with more
availabledata,canactuallybesigni�cantly worse.

The Linearmodelimprovesuponthe Z-Scoremethod
by obtainingestimatesof reviewergenerositythroughin-
directcomparisonsof theirratings.However, it restsupon
the assumptionof an unboundedrating scale. This sim-
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Figure20: Averaget-testp-valuefor two groupsof itemson theFacestask.
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Figure21: Percentageof trials in which thep-valuewassigni�cant on theFacestask.
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pli�es the equationsfor training the model, but hinders
its performancesomewhat.On thearti�cial task,theLin-
earmodelwasbetterthantheZ-Scoremethod,but not as
goodastheSpindlemodel. On thenaturaltasks,theun-
biasedLinearmodelperformedbetterthantheotherunbi-
asedmodels,accordingto RMS error, but thebiasedLin-
earmodelwassigni�cantly worsethanthe Logistic and
Spindlemodels.Themodelsall performedaboutequally
basedon rankerrorandinconsistency. In the taskof de-
tecting signi�cant group differences,the Linear model,
with or without bias,performedverywell on thearti�cial
taskandquitewell on theFacestask.

It is interestingthat, althoughits assumptionsarenot
appropriatefor a boundedratingsscale,theLinearmodel
actually performsreasonablywell in many cases. This
maybebecausetheLinearmodel,whenappliedto a task
with a boundedscale,hasa naturalbiasagainstextreme
generositiesand scores. Considera casein which the
currentgenerosityandscorearequitehigh so theLinear
modelwould predicta rating that is above themaximum
of thescale.Becausetheactualratingwill necessarilybe
lower thanthis, themodelwill re-estimatethegenerosity
and/orthescoreto a lower value. A similar compression
will occurwith ratingsat thebottomendof thescale.As
a result,thescoresandgenerositieswill be lessextreme.
This is similar in in�uence to theextremevaluecost,al-
thoughits effect doesnot diminishwith additionalobser-
vations.

The Logistic and Spindle methodsare basedon the
samenon-linearmodel,but minimizedifferenterrorfunc-
tions. Under most circumstances,the two modelshave
very similar performanceandthe biasedLogistic model
wasevenmoreconsistenton theWordstaskandresulted
in more easily detectedgroup differenceson the Faces
task. However, therearecertainconditionsin which the
Logistic modelis considerablyworse.It performedquite
poorly in threeof the four non-roundedarti�cial condi-
tions. On the naturaltasks,the unbiasedLogistic model
hadhigh RMS error. ThebiasedLogistic wasasgoodas
theSpindlemodelwith lessdata,but slightly worsewith
moredata.

On the arti�cial data,theunbiasedSpindlemodelhad
the lowestRMS error andeither the biasedor unbiased
Spindlemodelachievedthelowestrank,best-�t RMS er-
ror, andinconsistency. On thenaturaltasks,theunbiased
Spindlemodeldid not performwell with a smallnumber
of reviews per item. However, thebiasedSpindlemodel
was quite good, with the lowest or close to the lowest
RMS andrank error in all cases.Thus,althoughthe bi-
asedSpindlemodel is not alwaysthe bestmodel for all
tasks,it is consistentlyquitegoodandcansafelybeused
in many differentsituations.

The advantageof the Linear, Logistic, and Spindle

modelsover theAveragemethodwaslessapparenton the
realdatathanit wasonthearti�cial task.Presumably, this
is becausetherealdataincludessourcesof varianceother
thangenerosityor randomnoise,suchasthefactthat the
reviewersmight employ differentstandardsin rating the
items. On the Facestask,the reviewers' responseswere
moderatelycorrelatedandtherewasa moderaterangeof
averagescoresacrossthe items. On the Wordstask, the
reviewerswereevenmorein agreementwith oneanother
andtherewasa broaderrangeof averagescores.Finally,
the reviewersdid not agreestronglywith oneanotheron
the Movies taskand therewas little variancein average
review. Despitethesedifferences,the resultswerefairly
similaracrossthethreedomains.

Computationalcomplexity is not a signi�cant limita-
tion of thesemodels. Although they involve an iterative
minimizationprocess,the Linear, Logistic, and Spindle
modelsall convergequitequickly andconsistently, sothe
runningtime is not muchworsethan linear in the num-
berof ratings.Becauseit usesaNewton-Raphsonsearch,
theSpindlemodelis somewhatslowerthantheLinearand
Logistic methods,but this is essentiallya constantfactor
andthe differenceis unlikely to be importantfor typical
users.Anotherconsiderationis the easeof implementa-
tion. The Linear andLogistic modelsusesimplerequa-
tionsandareeasierto code.Therefore,althoughthey are
not asreliable,theothermodelsmaybepreferableto the
Spindlemodelwhenit isexpectedthatfew itemswill have
extremelyhighor low ratings.

Under most circumstances,the Linear, Logistic, and
Spindle modelsare improved by the use of a reason-
ableextremevaluepenalty, 3 . An appropriatechoiceof
penaltycanreducethesensitivity of theestimatedscores
to the potentially arbitrary assignmentof reviewers to
items and can substantiallyimprove the matchbetween
the estimatedscoresandthe true scores,in caseswhere
thosetruescoresareknown. For thepurposeof evaluat-
ing theeffectof thisparameter, it hasbeenadjustedto ap-
propriatelevelsfor thevarioustasks.It is, of course,bad
practiceto adjustparameterson thebasisof performance
on thetestingset,aswe have done.In a realapplication,
this would not be possible. However, our resultson the
tasksreportedheresuggestanindependentmethodof se-
lectinganappropriatevalue. Onecouldplot a histogram
of the averagescoresof the items, or the scoresof the
itemsaccordingto anunbiasedSpindlemodel,asin Fig-
ure10. If theitemshavea broaddistributionof scores,as
in theWordstask,a lowerpenalty, suchas0.25or less,is
appropriate.If thescoresfall in a narrow distribution, as
in theMoviestask,apenaltyof 0.5to 1.0maybethebest
choice.TheSpindleandLogisticmodelsarelesssensitive
thantheLinearmodelto thisbiasandlargervaluescanbe
usedwith little changein performance.
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Figure22: Theratinganitemwill receiveasafunctionof
the item's scoreandthegenerosity, � , andpolarity, ’ , of
therevieweraccordingto Equation25.

A working demonstrationof the Spindle method is
availableat thefollowing webaddress:

http://tedlab.mit.edu/ “ dr/ReviewSmoother/

6.1 Relatedideas

Both theLinearandSpindlemodelsusea singleparame-
ter, generosity, to characterizethebehavior of individual
reviewers.In practice,thereareotherwaysthatreviewers
maydiffer in how they apportiontheratingsscale.Some
reviewers,for example,areconservative andtendto use
only themiddleof thescale,while otherspreferto usethe
extremes. Thesereviewersmay not differ at all in their
generosity. Rather, they differ in whatwe might call po-
larity. Reviewerswith higherpolarity aremorelikely to
assignveryhighor low ratings.This ideacanbecaptured
quantitatively with a simpleadditionto theSpindleequa-
tion:

�

P

���

�>�

P

�

�

P

�

V

a

.

(25)

Here, ’

P

� is againa value betweenzero and in�nity ,
which is relatedby the odds equationto the bounded
value,’

� or polarity, which falls in therange
�,AHC=E

� . Fig-
ure22 shows thepredictedratingsfor a varietyof ��� and

’

� values.With neutralgenerosity, a ’

� above0.5 results
in an S-shapedcurve. As a result,the ratingstendto be
moreextreme.A polarity below 0.5 resultsin a symmet-
ric compressiontowardsmoderateratings. With various

choicesof �@� and ’

� , theseequationscanproducequite
a rangeof monotonicfunctionsandthereforemaybeca-
pableof moreaccuratelymodelingtheactualbehavior of
humanreviewers.

Aside from the fact that all of the equationsbecome
morecomplex, the primary drawbackof addingpolarity
to the model is that it doublesthe numberof mutually-
dependentparametersthatmustbeestimated.In orderto
accuratelyestimatetheseparameters,moredatais needed.
In the absenceof suf�cient data,the performanceof the
modelmay suffer. However, the Spindlemodel is most
appropriatefor andwill mostoftenbeusedwith datasets
having a limited numberof ratingsper reviewer. There-
fore, it is not clearif theadditionof polarity will actually
improvetheusefulnessof themodel.

Both the current models and the proposedpolarity
modelassumethat itemscanbe characterizedby a sin-
gleunderlyingscoreandthatreviewers' ratingsmerelyre-
�ect a monotonictransformationof this score.Although
this is undoubtedlynot accurate,it is an appropriateap-
proachif oneis primarily interestingin achieving a one-
dimensionalranking of the items. However, there are
casesin whichratingsarebasedonamorecomplex under-
lying structureandour goalmaybeto uncoverthatstruc-
ture. For example,the ratingson the Movies datawere
not highly correlatedfrom onereviewer to thenext. Pre-
sumablythis is becausemoviesdiffer on a wide rangeof
dimensions.Therearedramas,comedies,actionmovies,
foreignlanguage�lms, andthey will differ alongnumer-
ousdimensions,or factors,suchashumor, violence, and
plot complexity. Likewise, reviewerswill differ in their
appreciationof thesefactors,sotheirpairwiseratingsmay
notbeexpectedto varymonotonically.

In sucha situation,we maywish to extract thehidden
factorsthatbestexplain thevariancein reviewer ratings.
In doingso,themodelwill estimatenot only theweight-
ing of eachfactor for eachitem, but the appreciationof
eachreviewer for eachof the factors.The following is a
linearratingsmodelthatre�ects theseideas:

�����
�”�S•—–

�

• ˜

�

•

(26)

Where –
�

•

is the appreciationof reviewer � for fac-
tor ™ and

˜

�

•

is the weighting of factor ™ on item
�

.
The one free parameterin this model is the numberof
hiddenfactors. This model is closely relatedto estab-
lishedtechniquesof factoranalysis(Harman,1967;Neal
& Dayan, 1997) and independentcomponentanalysis
(Comon,1994; Everson& Roberts,1999). Suchalgo-
rithms have beenappliedto ratingsdataunderthe guise
of collaborative�ltering , which involvespredictinga re-
viewer's preferencesgiven some of his or her ratings
alongwith thoseof otherreviewers(Canny, 2002).
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Incidentally, thismodelisnaturallyimplemented,along
with non-linearsigmoidal�lters to boundtheratingsand
factorweightings,in a standardfeed-forwardneuralnet-
work with a singlehiddenlayer. Eachinput unit repre-
sentsanitem,eachoutputunit representsa reviewer, and
eachhiddenunit representsa hiddenfactor. The factor
weighting,

˜

�

•

, is re�ected in the output of the hidden
unit ™ wheninput unit

�

is activated,andthereviewerap-
preciation,– �

•

, takestheform of theweightfrom hidden
unit ™ to outputunit � . Theactivationsof theoutputunits
re�ect the ratingsthat the reviewersare expectedto as-
signto theactive item. Thus,a multilayerneuralnetwork
canpro�tably beviewedasadevice thatperformshidden
factoranalysis.
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