Learning Probabilistic User Models

Daniel Billsus and Michael Pazzani

Department of Information and Computer Science

University of California, Irvine

Irvine, CA 92697-3425, USA

{dbillsus, pazzani}@ics.uci.edu

Abstract

We describe two applications that use rated text documents to induce a model of the user’s interests.

Based on our experiments with these applications we propose the use of a probabilistic learning algorithm, the Simple Bayesian Classifier (SBC), for user modeling tasks. We discuss the adva n - tages and disadvantages of the SBC and present a novel extension to this algorithm that is specif i - cally geared towards improving predictive accuracy for datasets typically encountered in user mo d - eling and information filtering tasks. Results from an empirical study demonstrate the effectiveness of our approach.

1. Introduction

The acquisition ofuser models for interactive computer systems has been addressed in manydifferent ways. Most approaches discussed in the user modeling literature (e.g. work reported in Kobsa,

Wahlster 1989) are based on predefined knowledge about users or groups ofusers, e.g. in formof stereotypes or inference rules. For tasks that require a detailed modelabout the user´s preferences, likes and dislikes, these acquisition techniques are often not flexible enough. In this paper we pr o - pose the use ofa probabilistic machine learning algorithmfor the induction ofmodels ofusers´ inte r - ests and prefe r ences.

Learning models ofusers´ interests with respect to arbitrarytopics appears to be a research area of steadilyincreasing importance in the dawning information age, as it allows intelligent computer sy s - tems to adapt to users´ information needs in a personalized way. The advent ofthe Internet and the

World Wide Web, as wellas increased interest in intelligent agents that aimto fulfilltasks for users based on their interests and information needs, has led to a surge ofwork in machine learning applied to Information Retrieval(IR) tasks. We see this work as being directlyrelated to the automated i n - duction ofuser models. Specifically, we are looking at the following learning task: given a set oftext documents rated bythe user with respect to her interests, we induce a modelofthe user´s interests, which can then be used bya software agent to adapt to the user´s information needs, and search for, filter or suggest content the user might be interested in. In this paper we describe two applications currentlyin use at UCI that induce user models. We motivate the use ofa probabilistic learning alg o - rithm, the Simple Bayesian Classifier (SBC), and discuss its advantages and disadvantages. We pre s - ent a novelextension to the SBC that is specificallygeared towards improving predictive accuracy for datasets typicallyencountered in user modeling and information filtering tasks. Results froman empiricalstudydemonstrate the effectiv e ness ofour approach.

2. Example Applications

Learning a modelofa user’s interests fromrated text documents can be seen as a generalknowledge acquisition technique that can be applied to different kinds ofinformation systems. The following two sections brieflydiscuss two applications, "Syskill &Webert" , and the "UCI GrantLearner" , that are based on the probabilistic learning algorithmpr o posed in this paper.

2.1 Syskill & Webert

Syskill& Webert is an intelligent agent that learns a modelofa user’s interest in a specific topic, based on rated World Wide Web pages. The system is implemented as a web browser extension and provides an interface that allows users to rate web pages as either "hot" or "cold". A typicalSyskill

& Webert session proceeds in the following way: First, the user chooses an arbitrarytopic ofinterest

(saye.g. "machine learning", or "user modeling" ). The user can then browse or search the web and rate anypage that she finds interesting with respect to the topic as hot, and anyunrelated or uninte r - esting page as cold. As soon as Syskill& Webert has collected a minimumnumber ofratings (cu r - rentlyset at 10 pages), it can use the rated web pages to induce a probabilistic modelofthe user’s interests. This modelcan then be used in two different ways: First, Syskill& Webert can annotate the links on anyweb page with its prediction ofthe probabilitythat the user willbe interested in the co r - responding page. Second, Syskill& Webert can use the learned modelto automaticallyconstruct a search engine query, send the queryto the search engine, collect the results, and finallyevaluate them with respect to the user model. In essence, the systemaims to filter the enormous amount ofinfo r - mation available on the World Wide Web with respect to a personalized modelofthe user’s interests.

2.2 UCI GrantLearner

The UCI GrantLearner uses the same user model learning technique as Syskill& Webert. The goal ofthe UCI GrantLearner project is to provide a systemthat learns to distinguish between interesting and uninteresting funding opportunities, based on users’ ratings ofthese descriptions. Our current implementation ofthe GrantLearner is a standalone application that connects to a regularlyupdated grant database maintained at UCI and provides a user interface to browse this database. The system can displaya list ofallgrant subjects available in the database, and the user can retrieve correspon d - ing fulltext descriptions that provide information about the grant’s subject area, funds, eligibilityand deadlines. Once the user has rated a number ofgrants, GrantLearner uses the grant descriptions to learn a modelofthe user’s interests. The learned model is then used to generate a list of funding o p - portunities sorted according to GrantLearner’s relevance prediction. First experiments and feedback fromdifferent users suggest that GrantLearner is a helpfultoolto locate potentiallyinteresting fun d - ing opportunities.

3. T he Simple Bayesian Classifier

In previous work (Pazzani, Muramatsu, Billsus, 1996) we compared standard machine learning alg o - rithms, including the SBC, artificialneuralnetworks, decision trees and nearest neighbor approaches, on text classification tasks. Using rated text documents as training examples, we induced Boolean concepts that distinguish between interesting and uninteresting documents. We found that the SBC achieved on average the highest classification accuracy. In this section we give a briefoutline ofthe waywe applythe SBC to this task.

Since the SBC requires that training examples be represented as a set of feature vectors, we convert text documents to Boolean feature vectors, where each feature indicates whether a particular word is present or absent in a particular text document. Not allwords that appear in a text document are used as features. We use an information-based approach, similar to that used byan earlyversion of the NewsWeeder program(Lang, 1995) to determine which words to use as features. Intuitively, one would like to select words that occur frequentlyin pages rated as interesting, but infrequentlyon pages rated as uninteresting. This is accomplished byfinding the expected information gain (e.g.

Quinlan 1986) that the presence or absence ofa word gives toward the classification ofelements ofa set ofdocuments. Using this approach, we find the k most informative words ofthe current set of rated pages. In the experiments discussed in this paper, we use the 96 most informative words, b e - cause previous experiments with the SBC (Pazzani, Muramatsu, Billsus, 1996) resulted in the highest average accuracyfor this value of k . We convert alltext documents in the training set to Boolean feature vectors, which can then be used as training examples for the SBC. The SBC (Duda & Hart,

1973) is a probabilistic method for classification. It is used to determine the probabilitythat an exa m - ple belongs to class C j given feature values ofthe example. Applied to our text classification task, this means that we are interested in the probabilityofa document being interesting or uninteresting, given that it contains or does not co n tain specific words:

) & ... & & | ( 2 1 k j word word word class P where word 1 to word k are Boolean features that indicate whether a certain word appears or does not appear in the document. Under the assumption that words appearing or not appearing in a document are independent events given the class ofthe document, the probabilityofan example belonging to class j is proportionalto:

Õ k i j class i word P j class P ) | ( ) (

To determine the most likelyclass ofan example, the probabilityofeach class is computed, and the example is assigned to the class with the highest probability. The probabilities used in this comput a - tion maybe estimated fromtraining data. We provide more details on how to obtain these estimates in section 4 . The assumption ofattribute independence is clearlyan unrealistic one in the context of text classification. However, the SBC performed wellin our experiments, and it also performs well in manydomains that contain clear attribute dependence. Domingos and Pazzani(1996) explore the conditions for the optimalityofthe SBC and conclude that the SBC can even be optimal ifthe est i - mated pro b abilities contain large errors.

4. Improving the SBC

Apart from its good performance on text classification tasks, the SBC has severaladditionaladva n - tages that make it a usefultechnique for user model induction. It is veryfast for both learning and predicting. Its learning time is linear in the number ofexamples and its prediction time is independent ofthe number ofexamples. The SBC can be cast as an on-line algorithm, which is particularlyval u - able for tasks such as user modeling, where additionalknowledge about the user has to be added to the model incrementally. In addition, rather than computing binaryclassifications, the SBC can be used to obtain pro b abilities that allow to rank order items that might be ofinterest to the user.

However, an obvious problemofthe SBC in the user modeling context is that its predictions are based on probabilities estimated fromverysmalldatasets. Since the SBC multiplies probabilityest i - mates to obtain joint probabilities, one must be carefulthat no probabilityestimate is equalto zero.

This would result in a joint probabilityofzero, and thus completelyrule out one class on the basis of onlyone feature. Kohaviet. al. (1997) compare 8 different estimation methods that prevent pro b - abilityestimates frombeing zero and varyin the strength oftheir estimation bias. For example, the commonlyused probabilitycorrection based on Laplace´s law ofsuccession (Good, 1965) has the following formfor two-class problems: p = (N + 1) / (n + 2), where N is the number ofmatches, i.e.

in our context the number ofexamples fromone class that have a certain attribute value, and n is the overallnumber ofexamples. Ifprobabilities are estimated fromsmalldatasets, the Laplace correction can be interpreted as a relativelystrong bias towards an uninformed prior (0.5). A different method to prevent probabilities frombeing zero is to replace probabilityestimates that are zero with a small constant e , in the experiments reported here set to 0.001. Note that these two approaches differ si g - nificantlywith respect to their estimation bias, i.e. probabilities are biased awayfromzero bydiffe r - ent amounts.

As our experiments suggest (see section 5 ), the applied estimation bias affects classification accuracy significantly. We implemented allthe different techniques described in (Kohaviet. al., 1997), but n o - ticed that there is not one single approach that performs wellthroughout our whole set ofdifferent text classification problems. Essentially, the tested methods differ in the strength oftheir estimation bias. In this paper we onlyreport results for Laplace correction, and the e approach as described above. These approaches can be seen as representatives for techniques with different estimation b i - ases, and theywere among the top performers for different domains in our experiments. Our exper i - ments indicate that there are some domains where a strong estimation bias is veryhelpful, while it can significantlyhurt performance in other domains. These observations suggest that a number of questions need to be addressed. What is it about our data at hand that causes the estimation bias to affect classification accuracyso strongly? Is it possible to analyze the data and decide which estim a - tion bias to applybased on some characteristics ofthe data?

The estimation bias plays a significant role for our class oflearning problemdue to severalreasons.

First, the datasets we are looking at are relativelysmall(on the order ofabout 30 to 100 examples), which is a reasonable assumption for user modeling tasks in general, since one would not want the user to train a systemfor an extended period oftime before anypay-offcan be observed. Due to the smallsize ofthe datasets, Laplace corrected probabilities differ significantlyfromprobabilities est i - mated with methods that applya weaker bias, such as replacing zeros with a smallconstant. In add i - tion, low frequencycounts or zero counts for attribute values might occur more often in our text classification approach than in other domains. One reason for this is that we select more features than we have examples in our training set. Thus, it is likelythat the frequencycounts for manyofthe ch o - sen features willbe smallor even zero. Furthermore, features are selected according to expected i n - formation gain. In most cases this results in features that are indicators for interesting pages, because what a user considers to be interesting is usuallymuch better defined than what she considers to be uninteresting. Therefore, certain words tend to appear more frequentlyamong interesting pages, which results in high information gain values for these words. This effect causes a lot, oftentimes nearlyallofthe frequencycounts for the ^uninteresting~ class to be zero, and hence it becomes i n - creasinglyimportant to which extent these probabilities are biased awayfromzero. The reason whya strong estimation bias is beneficialfor some domains, but hurts performance on others, seems to be linked to the ^quality~ ofextracted features. Intuitively, we would like to applya bias towards an uninformed prior of0.5 in cases where features do not discriminate wellbetween classes. Poor di s - criminatoryvalue can be caused bynoise, i.e. the feature was selected because it appeared coinc i - dentallya bit more frequentlyin one class than in the other. Similarly, this effect occurs in cases where a certain feature value occurs about equallyoften in allclasses. On the other hand, we would like to keep probabilityestimates unbiased for cases where features tend to discriminate wellbetween classes, because this can be seen as an indicator that these features carrymore information, which should remain unchanged.

The approach we have taken to address this problem is to decide which estimation bias to use on a per feature basis, rather than applying the same bias to allprobabilityestimates. In our current i m - plementation, we treat this as a binarydecision per feature, and base our decision whether we should applya strong or a weak bias to the estimate on the expected information gain ofthe feature. Our current approach is rather simple: ifthe expected information gain ofa feature is below a predefined threshold t (0.1 in the experiments reported here), we use Laplace correction for the probabilitye s - timates ofthe two conditionalprobabilities associated with the feature. On the other hand, ifthe e x - pected information gain is greater than t, we replace zero probabilities with a smallconstant value

e

(0.001). Using this approach, we take different characteristics ofthe datasets into account in order to

improve the pro b abilityestimation.

5. Experiments and Results

The algorithms described in this paper were tested in an empiricalstudybased on datasets collected

fromdifferent users who trained our ^Syskill& Webert~ web page classification systemon different

topics theywere interested in. For an individualtrialofan experiment we randomlyselected k pages

to use as a training set, and reserved the remainder ofthe data as a test set. Fromthe training set we

found the 96 most informative features, and then recoded the training set as feature vectors to by

used bythe SBC to learn a user model. Next, the test data was converted to feature vectors using the

features found informative on the training set. Finally, the learned user preferences were used to d e -

termine whether pages in the test set would interest the user. For each trial, we recorded the acc u -

racyofthe learned preferences (i.e., the percent oftest examples for which the learned preferences

agreed with the user´s interest). We ran 48 trials ofeach algorithm. Figure 1 shows the average acc u -

racyofeach algorithmas a function ofthe number oftraining examples for four domains. The alg o -

rithms compared are ^Epsilon~ (i.e. e corrected probabilities), ^Laplace~ (Laplace corrected pro b -

abilities), ^Information Gain~ (our feature based estimation approach), and ^BaseRate~ which is the

accuracyobtained fromassigning the most fr e quentlyoccurring class to alltest examples.

Note that ^Laplace~ achieves a much higher test accuracythan ^Epsilon~ in the biomed and mail

domains. On the other hand, ^Epsilon~ performs better than ^Laplace~ in the goats and movies d o -

mains. The differences between these two static methods range between two and ten percent. The

Goats

45

50

55

60

65

70

75

5 10 15 20 25 30 35 40 45 50

BaseRate

Epsilon

Laplace

Information Gain

Biomed

74

75

76

77

78

79

0 10 20 30 40 50 60 70 80 90

BaseRate

Epsilon

Laplace

Information Gain

Movies

40

45

50

55

60

65

70

75

80

5 10 15 20 25 30 35

BaseRate

Epsilon

Laplace

Information Gain

Mail

60

62

64

66

68

70

72

0 10 20 30 40 50 60 70 80 90

BaseRate

Epsilon

Laplace

Information Gain

Figure 1 : Experimental Results information gain approach appears to be a solution to this problem. In allcases this approach is e i - ther better or veryclose to the best static method, and thus has the highest accuracyon average over alldomains. We observed similar results in five other domains, which we do not report here due to space limitations.

6. Future Work

The information gain based estimation approach has thus far onlybeen tested on our text classific a - tion domains. We suspect that the effect ofthe algorithmwillnot be as significant on larger machine learning domains, but it willstillbe interesting to compare our approach to other estimation methods over a broad range ofmachine learning problems. Severalother methods are potentiallyusefulwhen learning fromsmallsets oftext documents. We willexperiment with feature selection methods f a - cilitated bysemantic knowledge (e.g. word hierarchies), to restrict the selection of features to words that are semanticallyrelated to the topic ofinterest. In addition, we willperformfurther experiments with additionalknowledge directlyobtained fromthe user (e.g. in formofa more detailed rating scale or features explicitlyprovided bythe user). Experiments reported in (Billsus, Pazzani, 1996) suggest that explicit user knowledge can substantiallyincrease predictive accuracy.

7. Conclusions and Summary

We have motivated the use ofa probabilistic learning algorithm, the Simple Bayesian Classifier

(SBC), for user model induction based on rated text documents. We have discussed advantages and disadvantages ofthe SBC, and proposed an information gain based method for probabilityestimation fromdata. An experimentalstudyindicated that this approach is superior to commonlyused static estimation methods. Overall, the SBC appears to be a usefultoolfor the induction ofuser prefe r - ences fromsmallsets ofrated text documents.

References

Billsus, D. & Pazzani, M. (1996) Revising User Profiles: The Search for Interesting Web Sites. In

Proceedings of the Third International Workshop on Multistrategy Learning , AAAI Press.

Domingos, P., and Pazzani, M. (1996) Beyond Independence: Conditions for the Optimality of the Simple Bayesian Classifier. Proceedings of the International Conference on Machine Learning .

Bari, Italy.

Duda, R. & Hart, P. (1973) Pattern classification and scene analysis. New York: John Wiley&

Sons.

Good, I. (1965) The Estimation of Probabilities: An Essay on Modern Bayesian Methods . M.I.T.

Press.

Kobsa, A., Wahlster, W. (eds.), (1989) User Models in Dialog Systems New York: Springer 1989

Kohavi, R., Becker, B., and Sommerfield, D. (1997) Improving Simple Bayes, ECML-97 Techn i - cal Report (ftp://starry.stanford.edu/pub/ronnyk/impSBC.ps.Z).

Lang, K. (1995) NewsWeeder: Learning to filter news. Proceedings of the Twelfth International

Conference on M a chine Learning. Lake Tahoe, CA.

Pazzani, M., Muramatsu J., and Billsus, D. (1996) Syskill& Webert: Identifying interesting web sites. Proceedings of the National Conference on Artificial Intelligence , Portland, OR.

Quinlan, J.R. (1986) Induction of decision trees. Machine Learning, 1, 81˘106.