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Abstract

We propose a Bayesian methodology for recommender
systems that incorporates user ratings, user features, and
item features in a single unified framework. In principle our
approach should address the cold-start issue and can address
both scalability issues as well as sparse ratings. However,
our early experiments have shown mixed results.

1 Introduction

Recommender systems have emerged as an important
application area and have been the focus of considerable
recent academic and commercial interest. The 1997 spe-
cial issue of the Communications of the ACM [14] con-
tains some key papers. Other important contributions
include [2], [4], [8], [13], [16], [9], [1], [12], and [15]. In
addition, many online retailers are using this technol-
ogy to recommend new items to their customers, based
on what they have bought in the past.

Currently, most recommender systems are either
content-based or collaborative, depending on the type of
information that the system uses to recommend items
to a user.

Content-based filters try to recommend items that
are similar to those that a given user has liked in the
past. These approaches are usually based on techniques
from information retrieval or machine learning. For
example, text documents are recommended based on a
comparison between their content and a user’s profile.
The profile is built up by analyzing the content of the
items that the user has already rated. Thus, the system
tries to recommend items that are similar to those that
a user has liked in the past. These types of systems
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require both that a user has rated some items, and that
there exists a way to derive explicit content-oriented
features from the item.

Alternatively, collaborative filtering systems try to
identify other users with tastes similar to the current
user and recommend items that those users have liked.
This approach appeals to the notion that when we
are looking for information, we often seek the advice
of friends with similar tastes or other people whose
judgment we trust. We should be able to make use of
what others have already found and evaluated. Again,
this approach requires that a new user rate some items,
but it typically does not require that items or users be
represented by explicit features.

Pazzani [11] combines both content-based and col-
laborative filtering. However his approach is to tackle
them separately and combine the results from each af-
terwards. Our goal is to use all the available informa-
tion in a single probabilistic model.

2 Content-based versus
Collaborative Filtering

Table 1 shows the data typically available to a recom-
mender system. Here, the rows represent users, each
with an associated vector of covariates (i.e. attributes
of the users). The columns represent items (such as
documents, movies, products), each with an associated
feature vector. The elements of this matrix are binary,
indicating whether or not each user liked each item.
These elements could also take on a range of values
which indicate the extent to which a user liked an item.

One can think of the difference between content-
based and collaborative filters in terms of how they
use the available data. Content-based filters use only
the content or features of the items that the user
has already rated and make no use of the ratings
of past users. Therefore, they utilize only the last
row of the data matrix (when it is available) and
the feature vectors, ignoring the data in the first n
rows of the matrix. Alternatively, collaborative filters
make recommendations based solely on the ratings of



Table 1: Collaborative filtering data
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other users that are similar to a given user. Thus,

the collaborative filtering approach uses only the data
within the matrix, not the feature vectors or user
covariate vectors.

Each approach has its strengths and weaknesses. One
problem with a purely content-based approach 1s that
in some applications it is difficult to extract features
for the items that we wish to filter. A second problem
1s over-specialization: content-based systems may only
be capable of recommending items that score highly
against a user profile, therefore, the user will only get to
see items that are similar to those he or she has already
rated. Also, content-based filtering systems start with
an empty profile for the user and can require the user
to judge a large number of items in order to perform
adequately.

Collaborative systems are capable of recommending
items that are dissimilar to those that the user has
already rated if other similar users have rated them
highly. However, because they do not use use features
of the items, if a new 1tem appears in the database, the
system cannot consider it until another user rates it.
Also, a user with unusual tastes compared to the rest of
the users will probably not get good recommendations.

The goal of our work is to construct a model for a
recommender system that incorporates the components
of both content-based and collaborative filtering mod-
els; in other words, a model that makes use of all of the
available data. This can, in principle, provide an ele-
gant solution to the “cold-start” problem, since initial
recommendations use only the user covariates.

3 A Bayesian Model for a
Recommender System

Consider a dataset with m “items” | each item having a
feature vector of length p, and n “users”, each having
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a feature vector of length ¢g. Our goal is to compute
P;(L = 1|f), the probability that the ith user will like
the item represented by the feature vector f, where f =
(fi, fa, ..., f»), and, for now, fp € {0,1},k = 1...p.
We do this for each item, and then recommend those
with the highest probabilities. For example, if the items
are documents, the item features might be words where
the elements of f indicate the presence or absence of
each word. Alternatively, if we are filtering movies,
the item features might be “action” or “animated” or
“horror.”

The essential idea of a “mixed-effects” model is to
use a two stage model.
build a first stage model for each user, which predicts
the preferences of that user from item features. The
second stage model predicts the parameters of first stage
models from user covariates. The two levels together
provide a unified probabilistic model for the data in

Table 1.

For recommender tasks we

We proceed as follows. For now, we assume that for
each user the item features are conditionally indepen-
dent given that the user likes or dislikes an item. Then,
using Bayes’ Rule, we obtain a simple expression for the
log odds that user ¢ likes an item with feature vector f:

Pi(L = 1]f)

Pl(fk =1|L = 1)

i L b=
log PiL = 0[F) _logPi(LIO)—I—l;log

1)
Next we assume that for each item feature fi, the
collection of probabilities {P;(fy = 1|L = 1),i =
1...n} comprises a sample from some distribution.
Similarly, we assume that the collection {P;(fr, = 1|L =
0),¢ = 1...n}, also comprises a sample from some
different distribution. This is the key idea in Bayesian
hierarchical modeling and allows the users to “borrow

Pi(fs = 1[L=0)



strength” from each other [7]. Specifically, we have:
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{&1,..., g} being the user features for user .

i, represents a user-level random effect and d;,
represents the incremental effect of liking the item. We
assume that d;, is drawn from a normal distribution
with mean d;, and variance # In our applications we

place diffuse prior distributions on py;, ,d;,, and 7, :

i, ~ N(0,100000) (4)
di, ~ N(0,100000) (5)
7, ~ T(0.001,0.001). (6)

In turn these provide prior distributions for Pi(fr =
1L = 1) and Pi(fx = 1L = 0),i = 1,...,n,k =
1,...,p. Together with a beta prior distribution for
Pi(L=1),i=1,...,n, these provide prior distributions
for P;(L = 1]f) for all £, = 1,...,n leading directly
to predictions. As data (i.e., user ratings) accumulate
these prior distributions are updated via Bayes rule.

In essence this particular model fits a naive Bayes
classifier to each user, and then links the parameters
of these naive Bayes classifiers across the users through
a regression model that incorporates the user-level co-
variates. The framework is, however, quite general. The
naive Bayes classifier could be replaced by any paramet-
ric linear or non-linear model with either a binary or a
continuous response scale; the second level regression
model could be replaced by any (parametric or non-
parametric) linear or non-linear regression model. The
statistical literature refers to these types of models as
“mixed effect models.” [5] provides a thorough intro-
duction to mixed-effect models. Similar models also
arise in meta-analysis with study-level covariates (See,
for example, [6]).

Exact estimation and prediction for Bayesian mixed-
effect models require some form of iterative numerical
method such as Markov chain Monte Carlo (MCMC).
For the smaller of the two applications considered be-
low, we implemented the model using BUGS, a general
purpose MCMC engine (see http://wuw.mrc-bsu. cam.
ac.uk/bugs). In general, this approach does not scale
well, and for the larger application below (EachMovie)
we have used a simple approximation. The idea is to
fit a naive Bayes classifier for each user, and then to
fit a regression model directly to the estimated param-
eters from these classifiers with the user covariates as

predictors and the within-user sample sizes as weights.
Chapter 5 of [5] points out some of the limitations of
this approximation and in future work we will explore
more complex approximations. However, the simple ap-
proximation appears to give results that are similar to
the full MCMC approach, although our evaluations to
date have been limited. Contact the authors for code
for both approaches.

4 Empirical Evaluation

In this section we present the results of our experimental
evaluation of our proposed methods and compare
them to three “standards”, including the correlation
method [13]. We examine the performance on two
datasets, a dataset on beverage preferences that we
gathered at the University of Washington, and a subset
of the EachMovie database [10].

4.1 Datasets

Beverages Data Our first data set is a small example
in which we recommend beverages to the user. We
gathered data from 210 “users” who rated how well they
liked 16 different drinks on a scale of 1 to 7. The users
were students in two undergraduate statistics courses at
the University of Washington. We also collected data
on each student, providing us with the following user
covariates: age, gender, race, and where the person
went to high school (with the idea that this would
suggest where the person is from). The average age
of the users was 21.5, and 62% were female. The
group was predominantly Caucasian (62%) and Asian
(30%). Most users went to high school in the state
of Washington (78%). Unfortunately, we found that
the user covariates that we collected were not very
indicative of a user’s beverage preferences; a regression
model for each drink, with the ratings as the response
and the user covariates as the predictors yielded a
maximum R-squared value of 0.13.

We assigned ten features to each drink as shown in
Table 2. The choice of these features was subjective:
we chose features that we hoped would help to distin-
guish between the drinks while still incorporating their
commonalities.

In order to apply the Bayesian model described
above, we dichotomized the ratings. We decided that
if the user gave the drink a rating greater than 4 then
the user “likes” the drink, otherwise the user does not.
For the purpose of fitting the model, we coded the user
covariates as the following indicators:



Table 2: Beverage Features
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Sparkling Water | o .
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Apple Juice o | o .
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Tea o o
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L : .. : . 0) for each new user:
x;7 1ndicates 1f user 7 1s not white or asian
zijg  indicates if user 7 is from the U.S. 1. Grand Mean: Use the mean observed probabilities

EachMovie Data The EachMovie dataset came
about from a research project at the Systems Research
Center of Digital Equipment Corporation. The Each-
Movie service provided users with movie recommenda-
tions for an 18-month period in order to experiment
with a collaborative filtering algorithm. The database
grew to a fairly large size and i1s now publicly available
for collaborative filtering research. The database con-
tains 72,916 users who rated some of 1,628 movies on
a six-point scale (0, 0.2, 0.4, 0.6, 0.8, 1). The features
for the movies are: Action, Animation, Art/Foreign,
Classic, Comedy, Drama, Family, Horror, Romance, or
Thriller. The users sometimes provide the following
user covariates: age, gender, and zip code.

For our experiments, we used the first 3,851 users
which had values for all user covariates. We split the
users ages into 11 age groups (0-14, 15-19, 20-24, 25-
29, ... , 60-65) and we divided the zip codes into 7
US regions (Mid-Atlantic, Midwest, Northeast, Rockies,
South, Southeast, and West). These users had an
average of 49.75 (median = 30) votes each.

across all past users.

2. Group Mean: Use the mean observed probabilities
from past users with identical values on the three
user covariates.

3. BHM: Use a Bayesian hierarchical model with no
user covariates (¢;; = 0 for all ¢, k in Equations (2)

and (3)).

We denote by BHMC the fully Bayesian mixed effects
model with user covariates. Note that with methods 1
and 2, the prior distributions for P;(fx = 1|L = 1) and
Pi(fx = 1|L = 0) are the same for each user, but for
methods 2 and BHMC, the distributions depend on the
new user’s covariate vector.

For each of the new users, we compute the probability
that the user will like each drink. We evaluate each
method by comparing these probabilities with the users’
true ratings. Note that the user does not have to first
rate any items in order to compute these probablilities.

We also examined three different non-Bayesian ap-
proaches. First, for every user, we predicted the mean



score that past users gave the item. Second, we pre-
dicted the mean score that past users with the same
user covariates gave the item (the “group” mean). Last,
we used the correlation method ([13]) to predict scores
for each item. The basic idea of the correlation method
is to first compute the similarity between a new user
and each of the past users in the database using:

- 22 (Vnew j = Unew) (vij — i)
V2 (new = Tnew)? 32 (v — )2
(7)
where v; ; is the vote for user ¢ on item j, v; is the mean
vote for user 7, and the summations are over only the
items which both the new user and user ¢ have rated.

The prediction for item j for the new user is then a
weighted sum of the past users’ ratings for that item:

i W(knew, wi) (Vi j — Ui) (8)

Prew,j = Vnew + ZZ w(unew’ Uz)

where the summations are over those past users who
have rated item j. Note that we cannot use this method
until a user has rated at least two items. In the
cases where we cannot compute the prediction using
the correlation method, we predict the mean rating for
a particular item. The correlation method has been
widely used in the recommender systems literature.

We randomly selected 160 users for the training set
and kept the remaining 50 “new users” for testing. We
also examined the performance of the method after
learning the ratings of the new users for some randomly
selected items. For the beverages dataset, we looked at
the results on the remaining unrated beverages when
the users rated 2, 5, 10, and 15 drinks.

We compared the predictive performance of the
models in two ways. First, we looked at classification
accuracy. If the predicted probability for an item was
greater than 0.5, we recommended that item to the
user. Classification accuracy is the percentage of items
correctly recommended or not recommended. Second,
we looked at the mean Brier score [3] for each method.
The Brier score is essentially the mean squared error
for binary predictions, so lower scores indicate higher
effectiveness.

In our case, we obtain a Brier score for each new user:

1

m
_ 2
Bnew - E (vnew,j _pnew,j) )
m < 1
]:

w(unewa U

where ppey ;18 the new user’s prediction for item j and
Unew,; 15 the new user’s actual vote on that item. We
then compute the average Brier score across all new
users. The Brier score combines both accuracy and
calibration in a single scoring rule.

Table 3 and Figure 1 show the results. The Bayesian
methods perform well in general, outperforming the cor-
relation method. However, the mixed-effect model does

not appear to outperform simpler Bayesian alternatives
in this application.

EachMovie Data Our evaluations with the Each-
Movie data are ongoing. Based on a five test-training
splits of the data and using the approximate Bayesian
mixed-effects model described above, the median cold-
start acccuracy on the movies rated by 1,000 randomly
selected test users is 56.5% (range 55.5%-57.1%) with a
median Brier score of 0.247 (range 0.242-0.250).

To provide a baseline for the sequential learning
performance of the Bayesian mixed-effects approach,
we used a version of the standard correlation method
but adapted for binary outcomes. Specifically, the
prediction for item j for the new user 1is:

Zi w/(unewaui)vi,j (9)
Zi w/(unewa uz)

Pnew,j = Unew +

where the summations are over those past users who
have rated item j and w'(upew,u;) is the relative
frequency with which user wu,., and use u; agree on
those items that both have rated.

Sequentially learning the rated movies in a random
order for each test user produces the results shown in
Figure 2 (averaged over 30 random orderings).

To explain how this graph is constructed, consider the
following. Suppose there are two test users. Suppose
User 1 has rated 3 movies (A, B, and C) and User 2 has
rated 4 movies (W, X, Y, and Z). First we randomly
permute User 1’s 3 rated movies and User 2’s 4 rated
movies. Then we predict all 7 movies just using the
relevant ratings from the training data. This is the
“cold-start” situation and only the Bayesian method is
applicable. Next we “learn” User 1’s rating for Movie
A and user 2’s rating for Movie W (i.e. update the
priors in the Bayesian model) and predict the remaining
5 movies. If the prediction accuracy on these movies is
60%, this will appear as (1,0.6) in the figure. Then
we learn Movie B for User 1 and Movie X for User 2
and predict the remaining 3 movies. If the prediction
accuracy on these three movies is 66.67%, this will
appear as (2,0.6667) in the figure. Then we learn Movie
C for user 1 and Movie Y for User 2 and predict the
one remaining movie for User 2. Thus, as we move
from left to right in the graph, we observe the accuracy
of predicted ratings based on an increasing number of
observed ratings. However, since the mean number of
votes for each user is about 50, a decreasing number of
users are represented as the number of ratings increases.

It appears that the Bayesian approach ultimately
outperforms the correlation method, but only after a
large number of items have been rated by each user.



Classification Accuracy

o
@
= O Mean Score
A Group Mean Score *
+ Grand Mean Priors
To) X Group Mean Priors °
™ < Hier. Model _
o K Hier. Model, Covariates
B  Correlation
i X
D0
& ™ 5
s o
o
Q X
< x
S @] :
2 s
= o
O
) A %
% 8 1 o )
O ©| x
S | o=
o
o
0 |
o T T T T
0 2 5 10 15
Number Beverages Rated
Figure 1: Comparison of classification accuracy.
Number of Drinks User Has Rated
Method 0 | 2 [ 5 | 10 | 15
Past Users” Mean 0.2339
Past Users’ Group Mean 0.2386
Correlation NA 0.2404 | 0.2545 | 0.2281 | 0.2164
Bayesian Model
Method of Grand Mean 0.2533 | 0.2337 | 0.2192 | 0.1851 | 0.1532
Specifying Group Mean 0.2715 | 0.2414 | 0.2321 | 0.2102 | 0.1742
Prior Hierarchical Model — No Covariates 0.2530 | 0.2333 | 0.2188 | 0.1856 | 0.1598
Distributions | Hierarchical Model — User Covariates | 0.2500 | 0.2340 | 0.2205 | 0.1872 | 0.1600

Table 3: Comparison of Brier Scores.
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Figure 2: Prediction accuracy for the EachMovie data. The solid line represents the Bayesian method and the dashed
line represents the correlation method.



5 Discussion

We have described a Bayesian mixed-effects model for
recommender systems and presented some initial eval-
uations. The key advantage of the proposed approach
is that it can use all the available information in a uni-
fied, coherent model. The practical question i1s whether
or not incorporating the object and user feature infor-
mation will result in more accurate predictions. The
empirical evidence from our initial experiments with
two applications suggests that the resultant benefits are
modest.

Nonetheless, many outstanding issues remain. First,
we have adopted a particularly simple Bayesian model
in the experiments reported here. Second, for the Each-
Movie experiments, we implemented an approximate
Bayesian approach. A more systematic study of the
predictive properties of the approximation is required.
Third, it may be that the features in the two applica-
tions we have studied are not especially informative
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