
Bayesian Mixed-E�ects Models for Recommender SystemsMichelle Keim Condli�Mathematics & Computing TechnologyThe Boeing Companymichelle.k.condli�@boeing.com David D. LewisAT&T Labs - Researchlewis@research.att.comDavid Madigan�AT&T Labs - Researchmadigan@research.att.com Christian PosseTalaria, Inc.posse@talariainc.comAbstractWe propose a Bayesian methodology for recommendersystems that incorporates user ratings, user features, anditem features in a single uni�ed framework. In principle ourapproach should address the cold-start issue and can addressboth scalability issues as well as sparse ratings. However,our early experiments have shown mixed results.1 IntroductionRecommender systems have emerged as an importantapplication area and have been the focus of considerablerecent academic and commercial interest. The 1997 spe-cial issue of the Communications of the ACM [14] con-tains some key papers. Other important contributionsinclude [2], [4], [8], [13], [16], [9], [1], [12], and [15]. Inaddition, many online retailers are using this technol-ogy to recommend new items to their customers, basedon what they have bought in the past.Currently, most recommender systems are eithercontent-based or collaborative, depending on the type ofinformation that the system uses to recommend itemsto a user.Content-based �lters try to recommend items thatare similar to those that a given user has liked in thepast. These approaches are usually based on techniquesfrom information retrieval or machine learning. Forexample, text documents are recommended based on acomparison between their content and a user's pro�le.The pro�le is built up by analyzing the content of theitems that the user has already rated. Thus, the systemtries to recommend items that are similar to those thata user has liked in the past. These types of systems�Address for Correspondence: AT&T Research - Labs, RoomC282, Shannon Laboratories, 180 Park Avenue, Florham Park,NJ 07932-0971

require both that a user has rated some items, and thatthere exists a way to derive explicit content-orientedfeatures from the item.Alternatively, collaborative �ltering systems try toidentify other users with tastes similar to the currentuser and recommend items that those users have liked.This approach appeals to the notion that when weare looking for information, we often seek the adviceof friends with similar tastes or other people whosejudgment we trust. We should be able to make use ofwhat 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 berepresented by explicit features.Pazzani [11] combines both content-based and col-laborative �ltering. However his approach is to tacklethem 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 versusCollaborative FilteringTable 1 shows the data typically available to a recom-mender system. Here, the rows represent users, eachwith an associated vector of covariates (i.e. attributesof the users). The columns represent items (such asdocuments, movies, products), each with an associatedfeature 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 valueswhich indicate the extent to which a user liked an item.One can think of the di�erence between content-based and collaborative �lters in terms of how theyuse the available data. Content-based �lters use onlythe content or features of the items that the userhas already rated and make no use of the ratingsof past users. Therefore, they utilize only the lastrow of the data matrix (when it is available) andthe feature vectors, ignoring the data in the �rst nrows of the matrix. Alternatively, collaborative �ltersmake recommendations based solely on the ratings of 1



Table 1: Collaborative �ltering dataFeature Vectors. . . &(1001101) (0010100) (1011100) (0011001)I1 I2 I3 � � � Im% (1 0 0 1 0 0) U1 0 1 1 � � � 0  % (0 1 0 0 0 1) U2 1 1 0 � � � 0 j% (1 1 0 1 0 1) U3 0 1 1 � � � 0 jUser . j Past UsersCovariates . j. j& (1 0 1 0 1 0) Un 0 0 1 � � � 0  & (0 0 1 1 0 0) Unew ? 1 0 � � � ?  New Userother users that are similar to a given user. Thus,the collaborative �ltering approach uses only the datawithin the matrix, not the feature vectors or usercovariate vectors.Each approach has its strengths and weaknesses. Oneproblem with a purely content-based approach is thatin some applications it is di�cult to extract featuresfor the items that we wish to �lter. A second problemis over-specialization: content-based systems may onlybe capable of recommending items that score highlyagainst a user pro�le, therefore, the user will only get tosee items that are similar to those he or she has alreadyrated. Also, content-based �ltering systems start withan empty pro�le for the user and can require the userto judge a large number of items in order to performadequately.Collaborative systems are capable of recommendingitems that are dissimilar to those that the user hasalready rated if other similar users have rated themhighly. However, because they do not use use featuresof the items, if a new item appears in the database, thesystem cannot consider it until another user rates it.Also, a user with unusual tastes compared to the rest ofthe users will probably not get good recommendations.The goal of our work is to construct a model for arecommender system that incorporates the componentsof both content-based and collaborative �ltering mod-els; in other words, a model that makes use of all of theavailable data. This can, in principle, provide an ele-gant solution to the \cold-start" problem, since initialrecommendations use only the user covariates.3 A Bayesian Model for aRecommender SystemConsider a dataset with m \items", each item having afeature vector of length p, and n \users", each having

a feature vector of length q. Our goal is to computePi(L = 1jf), the probability that the ith user will likethe item represented by the feature vector f , where f =(f1; f2; : : : ; fp), and, for now, fk 2 f0; 1g; k = 1 : : : p.We do this for each item, and then recommend thosewith the highest probabilities. For example, if the itemsare documents, the item features might be words wherethe elements of f indicate the presence or absence ofeach word. Alternatively, if we are �ltering movies,the item features might be \action" or \animated" or\horror."The essential idea of a \mixed-e�ects" model is touse a two stage model. For recommender tasks webuild a �rst stage model for each user, which predictsthe preferences of that user from item features. Thesecond stage model predicts the parameters of �rst stagemodels from user covariates. The two levels togetherprovide a uni�ed probabilistic model for the data inTable 1.We proceed as follows. For now, we assume that foreach 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 thelog odds that user i likes an item with feature vector f :log Pi(L = 1jf )Pi(L = 0jf ) = log Pi(L = 1)Pi(L = 0)+ pXk=1 log Pi(fk = 1jL = 1)Pi(fk = 1jL = 0) :(1)Next we assume that for each item feature fk, thecollection of probabilities fPi(fk = 1jL = 1); i =1 : : :ng comprises a sample from some distribution.Similarly, we assume that the collection fPi(fk = 1jL =0); i = 1 : : :ng, also comprises a sample from somedi�erent distribution. This is the key idea in Bayesianhierarchical modeling and allows the users to \borrow 2



strength" from each other [7]. Speci�cally, we have:log�Pi(fk = 1jL = 0)Pi(fk = 0jL = 0)� = �ik +  ik (2)and log�Pi(fk = 1jL = 1)Pi(fk = 0jL = 1)� = �ik +  ik + �ik (3)where  ik = �0k + �1kxi1 + � � �+ �qkxiq;fxi1; : : : ; xiqg being the user features for user i.�ik represents a user-level random e�ect and �ikrepresents the incremental e�ect of liking the item. Weassume that �ik is drawn from a normal distributionwith mean dik and variance 1�ik . In our applications weplace di�use prior distributions on �ik ; dik; and �ik :�ik � N (0; 100000) (4)dik � N (0; 100000) (5)�ik � �(0:001; 0:001): (6)In turn these provide prior distributions for Pi(fk =1jL = 1) and Pi(fk = 1jL = 0); i = 1; : : : ; n; k =1; : : : ; p: Together with a beta prior distribution forPi(L = 1); i = 1; : : : ; n, these provide prior distributionsfor Pi(L = 1jf ) for all f ; i = 1; : : : ; n leading directlyto predictions. As data (i.e., user ratings) accumulatethese prior distributions are updated via Bayes rule.In essence this particular model �ts a naive Bayesclassi�er to each user, and then links the parametersof these naive Bayes classi�ers across the users througha regression model that incorporates the user-level co-variates. The framework is, however, quite general. Thenaive Bayes classi�er could be replaced by any paramet-ric linear or non-linear model with either a binary or acontinuous response scale; the second level regressionmodel could be replaced by any (parametric or non-parametric) linear or non-linear regression model. Thestatistical literature refers to these types of models as\mixed e�ect models." [5] provides a thorough intro-duction to mixed-e�ect models. Similar models alsoarise in meta-analysis with study-level covariates (See,for example, [6]).Exact estimation and prediction for Bayesian mixed-e�ect models require some form of iterative numericalmethod such as Markov chain Monte Carlo (MCMC).For the smaller of the two applications considered be-low, we implemented the model using BUGS, a generalpurpose MCMC engine (see http://www.mrc-bsu.cam.ac.uk/bugs). In general, this approach does not scalewell, and for the larger application below (EachMovie)we have used a simple approximation. The idea is to�t a naive Bayes classi�er for each user, and then to�t a regression model directly to the estimated param-eters from these classi�ers with the user covariates as

predictors and the within-user sample sizes as weights.Chapter 5 of [5] points out some of the limitations ofthis approximation and in future work we will exploremore complex approximations. However, the simple ap-proximation appears to give results that are similar tothe full MCMC approach, although our evaluations todate have been limited. Contact the authors for codefor both approaches.4 Empirical EvaluationIn this section we present the results of our experimentalevaluation of our proposed methods and comparethem to three \standards", including the correlationmethod [13]. We examine the performance on twodatasets, a dataset on beverage preferences that wegathered at the University of Washington, and a subsetof the EachMovie database [10].4.1 DatasetsBeverages Data Our �rst data set is a small examplein which we recommend beverages to the user. Wegathered data from 210 \users" who rated how well theyliked 16 di�erent drinks on a scale of 1 to 7. The userswere students in two undergraduate statistics courses atthe University of Washington. We also collected dataon each student, providing us with the following usercovariates: age, gender, race, and where the personwent to high school (with the idea that this wouldsuggest where the person is from). The average ageof the users was 21.5, and 62% were female. Thegroup was predominantly Caucasian (62%) and Asian(30%). Most users went to high school in the stateof Washington (78%). Unfortunately, we found thatthe user covariates that we collected were not veryindicative of a user's beverage preferences; a regressionmodel for each drink, with the ratings as the responseand the user covariates as the predictors yielded amaximum R-squared value of 0.13.We assigned ten features to each drink as shown inTable 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 theircommonalities.In order to apply the Bayesian model describedabove, we dichotomized the ratings. We decided thatif the user gave the drink a rating greater than 4 thenthe user \likes" the drink, otherwise the user does not.For the purpose of �tting the model, we coded the usercovariates as the following indicators: 3



Table 2: Beverage FeaturesCarbonated Sweet Juice Hot Alcoholic Ca�einated Low-Calorie Fruit-Derived HighlyAdvertised CitrusDrinkCoke � � � �Diet Coke � � � � �Sprite � � �Dr.Pepper � � �Root Beer � �Sparkling Water � �Orange Juice � � � �Grapefruit Juice � � �Apple Juice � � �Tomato Juice �Cranberry Juice � �Co�ee � � �Tea � �Hot Chocolate � �Beer �Wine � �xi1 indicates if user i is femalexi2 indicates if user i is less than 21 years oldxi3 indicates if user i is 21-30 years oldxi4 indicates if user i is over 30 years oldxi5 indicates if user i is whitexi6 indicates if user i is asianxi7 indicates if user i is not white or asianxi8 indicates if user i is from the U.S.EachMovie Data The EachMovie dataset cameabout from a research project at the Systems ResearchCenter of Digital Equipment Corporation. The Each-Movie service provided users with movie recommenda-tions for an 18-month period in order to experimentwith a collaborative �ltering algorithm. The databasegrew to a fairly large size and is now publicly availablefor collaborative �ltering research. The database con-tains 72,916 users who rated some of 1,628 movies ona six-point scale (0, 0.2, 0.4, 0.6, 0.8, 1). The featuresfor the movies are: Action, Animation, Art/Foreign,Classic, Comedy, Drama, Family, Horror, Romance, orThriller. The users sometimes provide the followinguser covariates: age, gender, and zip code.For our experiments, we used the �rst 3,851 userswhich had values for all user covariates. We split theusers ages into 11 age groups (0-14, 15-19, 20-24, 25-29, ... , 60-65) and we divided the zip codes into 7US regions (Mid-Atlantic, Midwest, Northeast, Rockies,South, Southeast, and West). These users had anaverage of 49.75 (median = 30) votes each.

4.2 Experimental ResultsBeverages Data To evaluate the Bayesian mixed-e�ects model, we considered three di�erent Bayesian\strawman" methods to specify the prior distributionsin Equation 1 for Pi(fk = 1jL = 1) and Pi(fk = 1jL =0) for each new user:1. Grand Mean: Use the mean observed probabilitiesacross all past users.2. Group Mean: Use the mean observed probabilitiesfrom past users with identical values on the threeuser covariates.3. BHM: Use a Bayesian hierarchical model with nouser covariates ( ik = 0 for all i; k in Equations (2)and (3)).We denote by BHMC the fully Bayesian mixed e�ectsmodel with user covariates. Note that with methods 1and 2, the prior distributions for Pi(fk = 1jL = 1) andPi(fk = 1jL = 0) are the same for each user, but formethods 2 and BHMC, the distributions depend on thenew user's covariate vector.For each of the new users, we compute the probabilitythat the user will like each drink. We evaluate eachmethod by comparing these probabilities with the users'true ratings. Note that the user does not have to �rstrate any items in order to compute these probablilities.We also examined three di�erent non-Bayesian ap-proaches. First, for every user, we predicted the mean 4



score that past users gave the item. Second, we pre-dicted the mean score that past users with the sameuser covariates gave the item (the \group" mean). Last,we used the correlation method ([13]) to predict scoresfor each item. The basic idea of the correlation methodis to �rst compute the similarity between a new userand each of the past users in the database using:w(unew; ui) = Pj(vnew;j � �vnew)(vi;j � �vi)qPj(vnew;j � �vnew)2Pj(vi;j � �vi)2 ;(7)where vi;j is the vote for user i on item j, �vi is the meanvote for user i, and the summations are over only theitems which both the new user and user i have rated.The prediction for item j for the new user is then aweighted sum of the past users' ratings for that item:pnew;j = �vnew + Pi w(unew; ui)(vi;j � �vi)Pi w(unew; ui) (8)where the summations are over those past users whohave rated item j. Note that we cannot use this methoduntil a user has rated at least two items. In thecases where we cannot compute the prediction usingthe correlation method, we predict the mean rating fora particular item. The correlation method has beenwidely used in the recommender systems literature.We randomly selected 160 users for the training setand kept the remaining 50 \new users" for testing. Wealso examined the performance of the method afterlearning the ratings of the new users for some randomlyselected items. For the beverages dataset, we looked atthe results on the remaining unrated beverages whenthe users rated 2, 5, 10, and 15 drinks.We compared the predictive performance of themodels in two ways. First, we looked at classi�cationaccuracy. If the predicted probability for an item wasgreater than 0.5, we recommended that item to theuser. Classi�cation accuracy is the percentage of itemscorrectly recommended or not recommended. Second,we looked at the mean Brier score [3] for each method.The Brier score is essentially the mean squared errorfor binary predictions, so lower scores indicate highere�ectiveness.In our case, we obtain a Brier score for each new user:Bnew = 1m mXj=1(vnew;j � pnew;j)2;where pnew;j is the new user's prediction for item j andvnew;j is the new user's actual vote on that item. Wethen compute the average Brier score across all newusers. The Brier score combines both accuracy andcalibration in a single scoring rule.Table 3 and Figure 1 show the results. The Bayesianmethods perform well in general, outperforming the cor-relation method. However, the mixed-e�ect model does

not appear to outperform simpler Bayesian alternativesin this application.EachMovie Data Our evaluations with the Each-Movie data are ongoing. Based on a �ve test-trainingsplits of the data and using the approximate Bayesianmixed-e�ects model described above, the median cold-start acccuracy on the movies rated by 1,000 randomlyselected test users is 56.5% (range 55.5%-57.1%) with amedian Brier score of 0.247 (range 0.242-0.250).To provide a baseline for the sequential learningperformance of the Bayesian mixed-e�ects approach,we used a version of the standard correlation methodbut adapted for binary outcomes. Speci�cally, theprediction for item j for the new user is:pnew;j = �vnew + Piw0(unew; ui)vi;jPi w0(unew; ui) (9)where the summations are over those past users whohave rated item j and w0(unew; ui) is the relativefrequency with which user unew and use ui agree onthose items that both have rated.Sequentially learning the rated movies in a randomorder for each test user produces the results shown inFigure 2 (averaged over 30 random orderings).To explain how this graph is constructed, consider thefollowing. Suppose there are two test users. SupposeUser 1 has rated 3 movies (A, B, and C) and User 2 hasrated 4 movies (W, X, Y, and Z). First we randomlypermute User 1's 3 rated movies and User 2's 4 ratedmovies. Then we predict all 7 movies just using therelevant ratings from the training data. This is the\cold-start" situation and only the Bayesian method isapplicable. Next we \learn" User 1's rating for MovieA and user 2's rating for Movie W (i.e. update thepriors in the Bayesian model) and predict the remaining5 movies. If the prediction accuracy on these movies is60%, this will appear as (1,0.6) in the �gure. Thenwe learn Movie B for User 1 and Movie X for User 2and predict the remaining 3 movies. If the predictionaccuracy on these three movies is 66.67%, this willappear as (2,0.6667) in the �gure. Then we learn MovieC for user 1 and Movie Y for User 2 and predict theone remaining movie for User 2. Thus, as we movefrom left to right in the graph, we observe the accuracyof predicted ratings based on an increasing number ofobserved ratings. However, since the mean number ofvotes for each user is about 50, a decreasing number ofusers are represented as the number of ratings increases.It appears that the Bayesian approach ultimatelyoutperforms the correlation method, but only after alarge number of items have been rated by each user. 5
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Figure 1: Comparison of classi�cation accuracy.Number of Drinks User Has RatedMethod 0 2 5 10 15Past Users' Mean 0.2339Past Users' Group Mean 0.2386Correlation NA 0.2404 0.2545 0.2281 0.2164Bayesian ModelMethod of Grand Mean 0.2533 0.2337 0.2192 0.1851 0.1532Specifying Group Mean 0.2715 0.2414 0.2321 0.2102 0.1742Prior Hierarchical Model { No Covariates 0.2530 0.2333 0.2188 0.1856 0.1598Distributions Hierarchical Model { User Covariates 0.2500 0.2340 0.2205 0.1872 0.1600Table 3: Comparison of Brier Scores. 6
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Figure 2: Prediction accuracy for the EachMovie data. The solid line represents the Bayesian method and the dashedline represents the correlation method.
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