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Abstract

Rating prediction is an important applica-
tion, and a popular research topic in collab-
orative �ltering. However, both the valid-
it y of learning algorithms, and the validit y
of standard testing procedures rest on the
assumption that missing ratings are missing
at random (MAR). In this paper we present
the results of a user study in which we col-
lect a random sampleof ratings from current
users of an online radio service. An analy-
sis of the rating data collected in the study
shows that the sampleof random ratings has
markedly di�eren t properties than ratings of
user-selectedsongs.When asked to report on
their own rating behaviour, a large number
of users indicate they believe their opinion
of a songdoes a�ect whether they chooseto
rate that song,a violation of the MAR condi-
tion. Finally, we present experimental results
showing that incorporating an explicit model
of the missing data mechanism can lead to
signi�cant improvements in prediction per-
formanceon the random sampleof ratings.

1 In tro duction

In a typical collaborative �ltering system usersassign
ratings to items, and the systemusesinformation from
all users to recommendpreviously unseenitems that
each user might like or �nd useful. One approach
to recommendation is to predict the ratings for all
unrated items, and then recommend the items with
the highest predicted ratings. Collaborative �ltering
research within the machine learning communit y has
focusedalmost exclusively on developing new models
and new learning proceduresto improve rating predic-
tion performance[2, 4, 5, 6, 8].

A critical assumption behind both learning methods

and testing proceduresis that the missing ratings are
missing at random [7, p. 89]. One way to violate
the missing at random condition in the collaborative
�ltering setting is for the probabilit y of not observing
a rating to depend on the value of that rating. In
an internet-based movie recommendation system, for
example,a usermay be much more likely to seemovies
that they think they will like, and to enter ratings for
movies that they see. This would create a systematic
bias towards observing ratings with higher values.

Consider how this bias in the observed data im-
pacts learning and prediction. In a nearestneighbour
method it is still possible to accurately identify the
neighbours of a given user [5]. However, the predic-
tion for a particular item is basedonly on the available
ratings of neighbours who rated the item in question.
Conditioning on the setof userswho rated the item can
intro ducebias into the predicted rating. The presence
of non-random missing data can similarly intro duce a
systematic bias into the learned parameters of para-
metric and semi-parametric models including mixture
models [1], customized probabilistic models [8], and
matrix factorization models [2].

It is important to note that the presence of non-
random missingdata intro ducesa complementary bias
into the standard testing procedure for rating predic-
tion experiments [1] [5] [8, p.90]. Models are usually
learnedon onesubsetof the observed data, and tested
on a di�eren t subset of the observed data. If the dis-
tribution of the observed data is di�eren t from the
distribution of the fully completed data for any rea-
son, the estimated error on the test data can be an
arbitrarily poor estimate of the error on the fully com-
pleted data. Marlin, Roweis, and Zemel con�rm this
using experiments on synthetic data [9].

In this paper wepresent the results of the �rst study to
analyze the impact of the missing at random assump-
tion on collaborative �ltering usingdata collectedfrom
real users. The study is basedon usersof Yahoo! Mu-
sic'sLaunchCast radio service. Webeginwith a review



of the theory of missing data due to Little and Rubin
[7]. We analyze the data that was gathered during
the study, which includes survey responses,and rat-
ings for randomly chosensongs. We describe models
for learning and prediction with non-random missing
data, and intro duce a new experimental protocol for
rating prediction basedon training using user-selected
items, and testing using randomly selecteditems. Ex-
perimental results show that incorporating a simple,
explicit model of the missingdata mechanism can lead
to signi�cant improvements in test error compared to
treating the data as missing at random.

2 Missing Data Theory

A collaborative �ltering data set can be thought of as
a rectangular array x whereeach row in the array rep-
resents a user,and each column in the array represents
an item. x im denotesthe rating of user i for item m.
Let N be the number of users in the data set, M be
the number of items, and V be the number of rating
values. We intro duce a companion matrix of response
indicators r where r im = 1 if x im is observed, and
r im = 0 if x im is not observed. We denote any latent
values associated with data casei by z i . The corre-
sponding random variables are denoted with capital
letters.

We adopt the factorization of the joint distribution of
the data X , response indicators R , and latent vari-
ablesZ shown in Equation 2.1.

P(R ; X ; Z j�; � ) = P(R jX ; Z ; � )P(X ; Z j� ) (2.1)

Werefer to P(R jX ; Z ; � ) asthe missingdata model or
missing data mechanism, and P(X ; Z j� ) as the data
model. The intuition behind this factorization is that
a completedata caseis �rst generatedaccordingto the
data model, and the missing data model is then used
to selectthe elements of the data matrix that will not
be observed.

2.1 Classi�cation Of Missing Data

Little and Rubin classify missing data into sev-
eral types including missing completely at random
(MCAR), missing at random (MAR), and not missing
at random (NMAR) [7, p. 14]. The MCAR condition
is de�ned in Equation 2.2, and the MAR condition is
de�ned in Equation 2.3. Under MCAR the response
probabilit y for an item or set of items cannot depend
on the data valuesin any way. Under the MAR condi-
tion, the data vector is divided into a missing and an
observed part according to the value of r in question:

x = [x mis ; x obs]. The intuition is that the probabil-
it y of observinga particular responsepattern can only
depend on the elements of the data vector that are
observed under that pattern [10]. In addition, both
MCAR and MAR require that the parameters � and
� be distinct, and that they have independent priors.

Pmcar (R jX ; Z ; � ) = P(R j� ) (2.2)

Pmar (R jX ; Z ; � ) = P(R jX obs; � ) (2.3)

Missing data is NMAR when the MAR condition fails
to hold. The simplest reasonfor MAR to fail is that
the probabilit y of not observinga particular element of
the data vector dependson the value of that element.
In the collaborative �ltering casethis corresponds to
the idea that the probabilit y of observingthe rating for
a particular item dependson the user's rating for that
item. When that rating is not observed, the missing
data are not missing at random.

2.2 Impact Of Missing Data

When missing data is missing at random, maximum
likelihood inference based on the observed data only
is unbiased. We demonstrate this result in Equation
2.7. The key property of the MAR condition is that
the responseprobabilities are independent of the miss-
ing data, allowing the complete data likelihood to be
marginalized independently of the missingdata model.
However, when missingdata is not missingat random,
this important property fails to hold, and it is not
possible to simplify the likelihood beyond Equation
2.4 [7, p. 219]. Ignoring the missing data mechanism
will clearly lead to biasedparameterestimatessincean
incorrect likelihood function is being used. For non-
identi�able models such as mixtures, we will use the
terms \biased" and \un biased" in a more generalsense
to indicate whether the parametersare optimized with
respect to the correct likelihood function.

L mar (� jx obs; r )

=
Z

x mis

Z

z
P(X ; Z j� )P(R jX ; Z ; � )dZ dX mis

(2.4)

= P(R jX obs; � )
Z

x mis

Z

z
P(X ; Z j� )dZ dX mis

(2.5)

= P(R jX obs; � )P(X obsj� ) (2.6)

/ P(X obsj� ) (2.7)

From a statistical perspective, biased parameter esti-
matesare a seriousproblem. From a machine learning
perspective, the problem is only seriousif it adversely
a�ects the end use of a particular model. Using syn-
thetic data experiments, Marlin, Zemel, and Roweis



Table 1: User reported frequencyof rating songsas a function of preferencelevel.

Rating Frequency
PreferenceLevel

Hate Don't like Neutral Like Love

Never 6.76% 4.69% 2.33% 0.11% 0.07%
Very Infrequently 1.59% 4.17% 9.46% 0.54% 0.35%
Infrequently 1.63% 4.44% 24.87% 1.48% 0.20%
Often 12.46% 22.50% 26.83% 25.30% 5.46%
Very Often 77.56% 64.20% 36.50% 72.57% 93.91%
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Surv ey Results : Yahoo! LaunchCast users were asked to report the fre-
quency with which they chooseto rate a songgiven their preferencefor that
song. The data above show the distribution over rating frequencies given
several preference levels. Users could select only one rating frequency per
preferencelevel.

demonstrated that ignoring the missing data mecha-
nism in a rating prediction setting can have a signi�-
cant impact on prediction performance[9].

3 Yahoo! Launc hCast Rating Study

To properly assessthe impact of the missing at ran-
dom assumptionon rating prediction, we require a test
set consisting of ratings that are a random sample of
the ratings contained in the complete data matrix for
a given set of users. In this section we describe a
study conducted in conjunction with Yahoo! Music's
LaunchCast Radio serviceto collect such a data set.

LaunchCast radio is a customizable streaming music
servicewhere userscan in
uence the music played on
their personal station by supplying ratings for songs.
The LaunchCast Radio player interfaceallows the user
enter a rating for the currently playing song using a
�v e point scale. Userscan alsoenter ratings for artists
and albums. 1

Data was collected from LaunchCast Radio usersbe-
tweenAugust 22, 2006and September 12, 2006. Users
basedin the US wereable to join the study by clicking
on a link in the LaunchCast player. Both the survey
responsesand rating data were collected through the
study's web site. A total of 35; 786 userscontributed
data to the study. Unlessindicated otherwise, the re-
sults reported in this paper are basedon a subset of
5400survey participants who had at least 10 existing
ratings in the LaunchCast rating database. The �lter-
ing weapplied to the survey participants is required for
the rating prediction experiments presented in Section
5.

1The Yahoo! Music LaunchCast web site is available at
http://m usic.yahoo.com/launchcast/.

3.1 User Surv ey

The �rst part of the study consisted of a user sur-
vey containing sixteen multiple choice questions. The
question relevant to this work asked usersto report on
how their preferencesa�ect which songsthey chooseto
rate. The question was broken down by asking users
to estimate how often they rate a song given the de-
greeto which they like it. The results are summarized
in Table 1, and represented graphically in the accom-
panying �gure. Each column in the table gives the
results for a single survey question. For example, the
column labeled \neutral" corresponds to the question
\If I hear a song I feel neutral about I chooseto rate
it:" with the possibleanswers being \never", \v ery in-
frequently", \infrequently", \often", and \v ery often".

The results indicate that the choiceto rate a songdoes
depend on the user'sopinion of that song. Most users
tend to rate songsthat they lovemoreoften than songs
they feelneutral about, and somewhatmoreoften than
songsthat they hate. Users were also directly asked
if they thought their preferencesfor a songdo not af-
fect whether they choose to rate it. 64:85% of users
responded that their preferencesdo a�ect their choice
to rate a song. By contrast, the missing at random
assumption requires that the underlying ratings not
in
uence a userschoice to rate a song.

3.2 Rating Data Collection

Following the survey, userswere presented with a set
of ten songsto rate. The artist name and song title
were given for each song, along with a thirt y second
audio clip, which the user could play before entering
a rating. Ratings were entered on the standard �v e
point scaleusedby Yahoo! Music. The setof ten songs
presented to each user was chosenat random without
replacement from a �xed set of 1000songs.The �xed
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(a) Yahoo! Survey
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(b) Yahoo! Base Rat-
ing Distribution
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(c) EachMovie Rating
Distribution
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(d) MovieLens Rating
Distribution
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(e) NetFlix Rating Dis-
tribution

Figure 1: Distribution of rating values in the Yahoo! survey set and base set compared to several popular
collaborative �ltering data sets including EachMovie, MovieLens, and Net
ix.
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(a) Histogram of number
of songs vs symmetrised
KL divergence. The me-
dian value is 0:8750.
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(b) Survey marginal dis-
tribution for song 838
with symmetrised KL di-
vergence0:8749.
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(c) Base marginal distri-
bution for song 838 with
symmetrised KL diver-
gence0:8749.
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Figure 2: Panels(a) to (c) give an indication of the distribution of di�erences betweensurvey and basemarginal
distributions for each song. Panel (d) shows the histogram of di�erences between ratings for songsthat were
observed in both the survey, and the LaunchCast database. This histogram was computed basedon all 35; 786
survey participants.

set of 1000 songsused in the survey were chosen at
random from all the songsin the LaunchCast play list
having at least 500existing ratings in the LaunchCast
rating database.

We refer to ratings collectedduring the survey as\sur-
vey ratings." In addition, each survey participant's ex-
isting ratings on the set of 1000survey songswas ex-
tracted from the LaunchCast database. We refer to
these existing ratings as the \base ratings." The sur-
vey ratings represent a random sample of songs for
each survey participant, while the baseratings repre-
sent ratings for songsthe survey participant choseto
enter. We repeat that unlessotherwise indicated, the
results we report are restricted to the subset of 5400
survey participants with at least 10 baseratings.

Figures 1(a) and 1(b) show the empirical distribution
of survey ratings and baseratings for the 5400survey
participants. These�gures show a dramatic di�erence
betweenthe two distributions. The number of four and
�v e star rating values is many times lower in the sur-
vey set than the baseset. The di�erence betweenthe
survey and base distributions is not surprising given

that users can in
uence the LaunchCast system to
play songs re
ecting their preferences. Figures 1(c)
to 1(e) give the rating distributions for several other
collaborative �ltering data sets including EachMovie,
MovieLens, and Net
ix. All these distributions show
a much higher proportion of high rating values than
are present in the random samplewe collected during
the survey.

To further analyzethe di�erence betweenthe baserat-
ings and the survey ratings, we computed the distribu-
tion over rating valuesfor each item. For a particular
item m let PS (X m = v) be the empirical probabilit y
of rating value v in the survey set, and P B (X m = v)
be the empirical probabilit y of rating value v in the
base set. We smooth the empirical probabilities by
one count per rating value to avoid zeros. We use
the symmetrised Kullback� Leibler divergence(SKL)
shown in Equation 3.8 to measurethe di�erence be-
tweenthe P S (X m = v) and PB (X m = v) distributions



for each item m.

SK L m =
VX

v=1

PS (X m = v) log
�

PS (X m = v)
PB (X m = v)

�

+ PB (X m = v) log
�

PB (X m = v)
PS (X m = v)

�
(3.8)

Figure 2(a) shows a histogram of the symmetrised
Kullback� Leibler divergencevalues. The thick ver-
tical line in the plot indicates the median SKL value
of 0:8750 bits. Song 838 has an SKL value of 0:8749
bits, the largest SKL value lessthan the median. Fig-
ures 2(b) and 2(c) illustrate the marginal rating dis-
tributions for song838. Thesedistributions are qual-
itativ ely quite di�eren t, and half of the songsin the
survey set exhibit a more extreme di�erence according
to the SKL measure.

A pertinent question is whether users' ratings re-
ported during the survey were consistent with ratings
recordedduring normal useof the LaunchCast system.
To help answer this question we extracted the set of
ratings that were observed both in the survey, and
in the LaunchCast data set. Figure 2(d) shows a his-
togram of the di�erences xB

im � xS
im wherethe user-song

pair (i; m) is observed in both the survey S and base
sets B . We can seefrom Figure 2(d) that the agree-
ment between the two sets of ratings is quite good.
Note that this comparison is based on the complete
set of 35; 786 survey participants. The intersection of
the survey and basesetscontained approximately 1700
observations.

It is important to note that the observed discrepancy
betweenthe survey set marginal distributions and the
base set marginal distributions is not conclusive evi-
dencethat the missing data in the baseset is NMAR.
This is due to the fact that the MAR assumption can
hold for the true underlying data model, but not for
more simplistic models like the marginal model used
in the present analysis. Nevertheless,we believe that
the results of this analysis combined with the results
of the usersurvey provide compelling evidenceagainst
the MAR assumption.

4 Mo deling Non-Random Missing
Data

Many probabilistic models have the property that
missing data can be analytically integrated away un-
der the missing at random assumption. This allows
for computationally e�cien t, unbiased parameter es-
timation. The multinomial mixture model has this
convenient property, and it has been well studied in
the collaborative �ltering domain [8].

Algorithm 1 MAP EM Algorithm for the Bayesian
multinomial mixture model.

E-Step:

qzi  � z
Q M

m =1

Q V
v =1 � r im [x im = v ]

v mz
P K

z =1 � z
Q M

m =1

Q V
v =1 � r im [x im = v ]

v mz

M-Step:

� z  � z � 1+
P N

i =1 qz iP K
z =1 ( � z +

P N
i =1 qz i ) � K

� vmz  � v mz � 1+
P N

i =1 qz i r im [x im = v]
P V

v =1 � v mz � V +
P N

i =1 qz i r im

When the missing at random assumption is not be-
lieved to hold, Equation 2.4 shows that parameter es-
timation will be biased unless the true missing data
mechanism is known. In a domain as complex and
high dimensional as collaborative �ltering, a more re-
alistic goal is to formulate models of the missing data
mechanism that capture someof its key properties.

In this section we present the basic multinomial mix-
ture model, and give learning and prediction meth-
ods under the MAR assumption. We extend the mix-
ture model by combining it with a Bayesian variant
of the CPT-v missing data model [9], which cap-
tures a key property of the non-random missing data
mechanism implied by the user survey results. We
give learning and prediction methods for the combined
mixture/ CPT-v model.

4.1 Multinomial Mixture Data Mo del

The multinomial mixture model is a generative prob-
abilistic model. It captures the simple intuition that
users form groups or clusters according to their pref-
erencesfor items. We summarize the probabilistic
model below.

P(� ; � j� ; � ) = D(� j� )
Y

z

Y

m

D(� mz j� mz ) (4.9)

P(Z i = zj� ) = � z (4.10)

P(X i = x i jZ i = z; � ) =
Y

m

Y

v

� [x im = v]
vmz (4.11)

The main feature of the model is the variable Z i , which
indicates which of the K groups or clusters user i be-
longs to. To generatea complete data vector X i for
user i , a value k for Z i is �rst sampledaccordingto the
discretedistribution P(Z i = zj� ). A rating value v for
each item m is then sampled independently from the
discretedistribution P(X im = vjZ i = z; � mk ). Impor-
tantly , all we observe is the �nal data vector X i . Z i

is considereda latent variable since its value is never
observed.

In a Bayesian mixture model, the parameters � and
� mz are also regarded as random variables. Before
generating any data cases,the model parameters are



�rst sampledfrom their prior distributions. The same
model parameters are assumedto generate all data
cases.In the present casewe chooseconjugate Dirich-
let priors for both � , and � mz . We give the form of
the Dirichlet priors for � and � mz in Equations 4.12
and 4.13.

D(� j� ) =
�(

P K
z=1 � k )

Q K
z=1 �( � z )

KY

z=1

� � z � 1
z (4.12)

D(� mk j� mz ) =
�(

P V
v=1 � vmz )

Q V
v=1 �( � vmz )

VY

v=1

� � v mz � 1
vmz (4.13)

The posterior log probabilit y of the mixture model pa-
rameters � and � mk given a sampleof incomplete data
is shown below in Equation 4.14.

L mar =
NX

i =1

log

 
KX

z=1

� z

MY

m =1

VY

v=1

� r im [x im = v]
vmz

!

+ logD(� j� ) +
MX

m =1

zX

z=1

logD(� mz j� mz ) (4.14)

The Bayesian mixture model parameters are learned
from incomplete data by maximizing the posterior log
probabilit y of the observed data. This optimization is
e�cien tly performedusing the Expectation Maximiza-
tion (EM) algorithm of Dempster, Laird, and Rubin
[3]. We give the maximum a posteriori (MAP) EM al-
gorithm for the Bayesian multinomial mixture model
in Algorithm 1. In the expectation step of the algo-
rithm we computeposterior distribution on Z i for each
user i given the current values of the model parame-
ters. This inference procedure is also important for
prediction. We give it in Equation 4.15.

P(Z i = zjx i ; r i ; � ; � ) =

� z

MY

m =1

VY

v=1

� r im [x im = v]
vmz

KX

z=1

� z

MY

m =1

VY

v=1

� r im [x im = v]
vmz

(4.15)

4.2 The CPT-v Missing Data Mo del

The CPT-v missingdata model wasproposedby Mar-
lin, Roweis, and Zemel as one of the simpler non-
random missing data models [9]. The CPT-v model
captures the intuition that a user's preferencefor an
item a�ects whether they chooseto rate that item or
not. The model assumesthat the choice to rate each

Algorithm 2 MAP EM Algorithm for the Bayesian
multinomial mixture/ CPT-v model.

E-Step:
� vmz n  ([x im = v]� v � vmz )r im ((1 � � v )� vmz )1� r im


 mz n  
P V

v=1 � vmz n

qzi  � z n

Q M
m =1 
 mz nP K

z =1 � z 0
Q M

m =1 
 mz n

M-Step:

� z  � z � 1+
P N

i =1 qz iP K
z =1 ( � z +

P N
i =1 qz i ) � K

� vmz  � v mk � 1+
P N

i =1 � z i � v mz n =
 mz nP V
v =1 � v mk � V +

P N
n =1 qz i

� v  � 1v � 1+
P N

i =1

P K
z =1 qz i

P M
m =1 r mn � v mz n =
 mz n

� 0v + � 1v � 2+
P N

n =1

P K
z =1 qz i

P M
m =1 � v mz n =
 mz n

item is independent, and that the probabilit y of rating
a single item, given that the user'srating for that item
is v, is Bernoulli distributed with parameter � v . We
extend the basicCPT-v model slightly by intro ducing
a Beta prior on the parameters � v . The probabilistic
model is summarizedbelow.

P(� j� ) =
Y

v

B eta(� v j� v ) (4.16)

P(R = r jX = x ) = (4.17)
MY

m =1

VY

v=1

� r im [x im = v]
v (1 � � v )(1 � r im )[ x im = v]

The Beta prior we select is the conjugate prior for the
Bernoulli parameters� v . We give the form of the prior
distribution in Equation 4.18.

B (� v j� v ) =
�( � 0v + � 1v )
�( � 0v )�( � 1v )

� � 1v � 1
v (1 � � v ) � 0v � 1 (4.18)

The factorized structure of the model is quite restric-
tiv e. However, it allowsthe missingdata to besummed
out of the posterior distribution leaving local factors
that only depend on onemissing data value at a time.
The log posterior distribution on the model parame-
ters is given in Equation 4.19.

L C P T v =
NX

n =1

log

 
KX

z=1

� z

MY

m =1


 mz n

!

+
VX

v=1

logB (� v j� v )

(4.19)


 mz n =
� Q

v (� v � vmz )[x im = v] ... r im = 1P
v (1 � � v )� vmz ... r im = 0

As in the standard Bayesian mixture model case,the
log posterior distribution of the combined Bayesian
mixture/ CPT-v model can be optimized using an ex-
pectation maximization algorithm. Wegive the details
in Algorithm 2. Again, inferencefor the latent mixture



indicator Z i is the main operation in the expectation
step. As we can see in Equation 4.20, the form of
the inferenceequation is very similar to the standard
mixture case.

P(Z i = zjx i ; r i ; � ; � ) =
� z

Q M
m =1 
 mz n

P K
z=1 � z

Q M
m =1 
 mz n

(4.20)

4.3 Rating Prediction

To make a prediction for user i and item m we �rst
need to perform inference in the model to compute
the posterior distribution P(Z i = zjx i ; r i ; � ; � ) over
the mixture indicator variable Z i . For the multino-
mial mixture model under the MAR assumption we
useEquation 4.15. For the multinomial mixture model
combined with the CPT-v model we use Equation
4.20. For both models, we compute the predictive dis-
tribution over rating values for item m according to
Equation 4.21.

P(X im = v) =
KX

z=1

� vmz P(Z i = zjx i ; r i ; � ; � ) (4.21)

5 Exp erimen tal Metho d and Results

Both the analysis of the user survey, and the analysis
of the rating data collected in this study suggestthat
missing data in the LaunchCast databaseis not miss-
ing at random. The questionwe addressin this section
is whether treating the missing data as if it were not
missing at random leadsto an improvement in predic-
tiv e performancerelative to treating the missing data
as if it were missing at random. We discussthe data
set used for rating prediction experiments, the meth-
ods tested, the experimental protocol, and the results.

5.1 Rating Prediction Data Set

The rating data set used in the experiments is based
on the 1000survey songsand 10; 000users. The set of
10; 000 usersconsistsof a random selectionof 5000of
the 5400survey participants with at least 10 existing
ratings on the set of 1000 survey songs, and a ran-
dom selection of 5000 non-survey users with at least
10 existing ratings on the set of 1000survey songs.We
choseto enforcea minimum number of existing ratings
per userso that rating prediction methods would have
at least 10 observations on which to basepredictions.
Non-survey userswere included to provide more train-
ing data to the learning methods. The 400 held out
survey participants will later be used for additional
parameter estimation tasks.

The rating data is divided into a test set consisting of
the survey ratings collected for the 5000 survey par-
ticipants, and a training set consisting of the existing
ratings extracted from the LaunchCast database for
each of the 10; 000 users. Thus, the test set contains
10 ratings for 10 songschosencompletely at random
from the set of 1000survey songsfor each of the 5000
survey participants, giving a total of 50; 000 ratings.
The training set consistsof a minimum of 10 ratings
for all users giving a total of approximately 218; 000
ratings. The ratings in the training set are ratings for
the 1000survey songsentered by usersduring normal
useof the LaunchCast music service. Any overlapping
ratings in the training and test setswereremoved from
the training set beforeselectingusersfor the data set.

5.2 Rating Prediction Exp erimen ts

The experimental protocol we follow is to train the
models on the training set, and test on the test set
de�ned in the previous section. The novel aspect of
the protocol stemsfrom the division of the rating data
into a test set consistingof a random sampleof ratings
for each user,and a training setconsistingof a possibly
non-random sampleof ratings for each user.

The baselinemethod for the rating prediction experi-
ments is the Bayesianmultinomial mixture model un-
der the MAR assumption. We learn the model param-
etersusing the MAP-EM algorithm given in Algorithm
1 with the prior parameters � vmz = 2 and � z = 2 for
all v; m; z. We run EM until either the log posterior
attains a relative convergenceof 10� 5, or 1000 EM
iterations are performed.

We comparethe baselinemultinomial mixture model,
which ignores the missing data mechanism (denoted
MM/None ) , to a combination of the Bayesianmulti-
nomial mixture with the CPT-v missing data model
(denoted MM/CPT-v ). We learn the model parame-
ters using the MAP-EM algorithm given in Algorithm
2 with the prior parameters � vmz = 2 and � z = 2
for all v; m; z. We run EM until either the log pos-
terior attains a relative convergenceof 10� 5, or 1000
EM iterations are performed.

We usethe learnedmodels to predict the value of each
test and training rating for each user. We report pre-
diction error in terms of mean absolute error (MAE)
[1]. Speci�cally , we useEquation 4.21 to compute the
posterior predictive distribution for a given song. We
then predict the median value of the posterior predic-
tiv e distribution.
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(a) Best casetest set prediction er-
ror for MM/CPT-v vs MM/None.
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(b) Best case training set pre-
diction error for MM/CPT-v vs
MM/None.
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Figure 3: Panel 3(a) shows the test error for the multinomial mixture/ CPT-v model (MM/CPT-v) using best-
caseparametersfor the missingdata model comparedto the standard multinomial mixture model with no missing
data model (MM/None model). Panel 3(b) shows the samecomparison for training error. Panel 3(c) shows a
plot of the test error for MM/CPT-v as the number of mixture components and the prior strength vary.

5.3 Rating Prediction Results

The main question we are interested in is how much
of a gain in rating prediction performancecan be ob-
tained by treating the missing data as if it were non-
random? To get a senseof the best caseperformance
of the CPT-v model we estimated an optimal set of �
parameters using held out survey ratings. Under the
simpli�ed data model de�ned by P(X im = v) = � v ,
� v can be directly estimated as:

� v = � v =� v (5.22)

where � v = P(Rim = 1; X im = v). We use sur-
vey ratings from the 400 survey users not included
in the prediction data set to estimate the parameters
� v . This is a valid estimate for � v since the missing
survey ratings are missing completely at random. We
use previously existing ratings for the same 400 sur-
vey users to estimate the parameters � v . This is a
valid estimate for � v since the missing ratings in the
LaunchCast databaseare subject to the missing data
mechanism that we wish to model. The set of missing
data model parametersestimated using this method is
�̂ = [0:014; 0:011; 0:027; 0:063; 0:225]. Recall that � v is
is the probabilit y of observing a rating given that its
value is v.

We �xed � to thesevaluesand ran the EM algorithm
givenin Algorithm 2 to estimatethe mixture model pa-
rametersonly. We then computed the prediction error
on the testing and training sets. This experiment was
performed using 1, 2, 5, and 10 mixture components.
Five repetitions were performed for each number of
mixture components, and the results were averaged.
The multinomial mixture model with no missing data

model waslearnedusing Algorithm 1, and tested using
exactly the sameprocedure.

Figure 3(a) givesa comparisonof the averagetest er-
ror obtained by the combined multinomial mixture
and CPT-v model (MM/CPT-v), and that obtained
by the multinomial mixture model with no missing
data model (MM/None). The best averagetest error
obtained by MM/CPT-v is 0:7148 using ten mixture
components, while the best averagetest error obtained
by MM/None is 1:2126using onemixture component.
MM/CPT-v obtains a reduction in test error of over
40%relative to MM/None. Note that the standard er-
ror of the meanis lessthan 0:01 for both models. This
clearly shows that there is a large bene�t to treating
the missing data as if it were not missing at random.

It is interesting to observe that the test error actually
increasesslightly for MM/None as the number of mix-
ture components increases.Increasing the complexity
of the model allows it to match the distribution of
training data more closely as seenin Figure 3(b), to
the detriment of test performance.

We performed a secondset of experiments whereboth
the mixture model and missingdata model parameters
of the MM/CPT-v model were learned. An informa-
tiv e prior for the � parameters was de�ned using �̂
as � 1v = S�̂ v , and � 0v = S(1 � �̂ v ). S is the prior
strength. We tested between 1 and 10 mixture com-
ponents, and prior strengthsbetween200and 100; 000.
Five repetitions of the experiment were performed for
each combination of prior strength and number of mix-
ture components.

Figure 3(c) shows the mean test error for each com-



bination. The maximum standard error of the mean
is lessthan 0:001. The results show that even at rela-
tiv ely low valuesof the prior strength, the MDM/CPT-
v model obtains a signi�cant improvement in test er-
ror over the baselinemixture model. However, even at
seemingly large values of the prior strength, the per-
formancedoesnot approach that of MM/CPT-v with
� �xed to �̂ . The small range in test values found
in this experiment appears to result from the poste-
rior having a very strong mode at a solution where
almost all of the missing data is explained as having
the value 2. This type of boundary solution was pre-
viously observed for the maximum likelihood version
of the MM/CPT-v model [9].

6 Discussion and Conclusions

In the collaborative �ltering domain, both the valid-
it y of learning algorithms, and the validit y of standard
testing proceduresrests on the assumption that miss-
ing rating data is missing at random. In this paper
we have provided compelling evidenceof a violation of
the missing at random assumption in real collabora-
tiv e �ltering data. Furthermore, we have shown that
incorporating an explicit model of the missing data
mechanism can signi�cantly improve rating prediction
on a test set.

Results of the LaunchCast user survey indicate that
users are aware that their preferencesimpact which
items they choose to rate. Ratings of randomly se-
lected songscollected in this study show systematic
di�erences relative to ratings of user selectedsongs.
We intro duced a new experimental protocol where
models are trained on ratings of user selectedsongs,
and tested on ratings of randomly selectedsongs.Us-
ing this protocol we found that the CPT-v missing
data model leads to a surprising boost in test perfor-
mance relative to ignoring the missing data mecha-
nism, if a suitable set of missing data parameterscan
be learned or estimated.

We have shown that a relatively small number of rat-
ings for songschosen at random can be used to es-
timate a set of missing data model parameters that
generalizesvery well to a larger population of users.
The main shortcoming of this work is that even given
strong prior information, learning missing data model
parameters still results in solutions of signi�cantly
lower quality than when the missing data model pa-
rametersare estimatedusing held out ratings. The use
of Markov Chain Monte Carlo inference may lead to
better predictive performance than the current MAP
framework if the boundary solutions found by MAP
EM have little posterior mass. The use of MCMC
methods would also allow us to considermore 
exible

data and missing data models including hierarchical,
and non-parametric constructions.
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