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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 advan-
tages and disadvantages of the SBC and present a novel extension to this algorithm that is specifi-
cally geared towards improving predictive accuracy for datasets typically encountered in user mod-
eling and information filtering tasks. Results from an empirical study demonstrate the effectiveness
of our approach.

1. Introduction

The acquisition of user models for interactive computer systems has been addressed in many different
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 of users, e.g. in form of
stereotypes or inference rules. For tasks that require a detailed model about the user’s preferences,
likes and dislikes, these acquisition techniques are often not flexible enough. In this paper we pro-
pose the use of a probabilistic machine learning algorithm for the induction of models of users’ inter-
ests and preferences.

Learning models of users’ interests with respect to arbitrary topics appears to be a research area of
steadily increasing importance in the dawning information age, as it allows intelligent computer sys-
tems to adapt to users’ information needs in a personalized way. The advent of the Internet and the
World Wide Web, as well as increased interest in intelligent agents that aim to fulfill tasks for users
based on their interests and information needs, has led to a surge of work in machine learning applied
to Information Retrieval (IR) tasks. We see this work as being directly related to the automated in-
duction of user models. Specifically, we are looking at the following learning task: given a set of text
documents rated by the user with respect to her interests, we induce a model of the user’s interests,
which can then be used by a 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
currently in use at UCI that induce user models. We motivate the use of a probabilistic learning algo-
rithm, the Simple Bayesian Classifier (SBC), and discuss its advantages and disadvantages. We pres-
ent a novel extension to the SBC that is specifically geared towards improving predictive accuracy
for datasets typically encountered in user modeling and information filtering tasks. Results from an
empirical study demonstrate the effectiveness of our approach.

2. Example Applications

Learning a model of a user's interests from rated text documents can be seen as a general knowledge
acquisition technique that can be applied to different kinds of information systems. The following
two sections briefly discuss two applicatiotSyskill & Webert; and the'UCI GrantLearner', that

are based on the probabilistic learning algorithm proposed in this paper.



2.1 Syskill & Webert

Syskill & Webert is an intelligent agent that learns a model of a 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 typical Syskill

& Webert session proceeds in the following way: First, the user chooses an arbitrary topic of interest
(say e.g:'machine learning"or "user modeling). The user can then browse or search the web and

rate any page that she finds interesting with respect to the topic as hot, and any unrelated or uninter-
esting page as cold. As soon as Syskill & Webert has collected a minimum number of ratings (cur-
rently set at 10 pages), it can use the rated web pages to induce a probabilistic model of the user's
interests. This model can then be used in two different ways: First, Syskill & Webert can annotate the
links on any web page with its prediction of the probability that the user will be interested in the cor-
responding page. Second, Syskill & Webert can use the learned model to automatically construct a
search engine query, send the query to the search engine, collect the results, and finally evaluate them
with respect to the user model. In essence, the system aims to filter the enormous amount of infor-
mation available on the World Wide Web with respect to a personalized model of the user's interests.

2.2 UCI GrantLearner

The UCI GrantLearner uses the same user model learning technique as Syskill & Webert. The goal
of the UCI GrantLearner project is to provide a system that learns to distinguish between interesting
and uninteresting funding opportunities, based on users' ratings of these descriptions. Our current
implementation of the GrantLearner is a standalone application that connects to a regularly updated
grant database maintained at UCI and provides a user interface to browse this database. The system
can display a list of all grant subjects available in the database, and the user can retrieve correspond-
ing full text descriptions that provide information about the grant's subject area, funds, eligibility and
deadlines. Once the user has rated a number of grants, GrantLearner uses the grant descriptions to
learn a model of the user's interests. The learned model is then used to generate a list of funding op-
portunities sorted according to GrantLearner's relevance prediction. First experiments and feedback
from different users suggest that GrantLearner is a helpful tool to locate potentially interesting fund-
ing opportunities.

3. The Simple Bayesian Classifier

In previous work (Pazzani, Muramatsulldgis, 1996) we compared standard machine learning algo-
rithms, including the SBC, artificial neural networks, 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 brief outline of the
way we apply the 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 all words that appear in a text document are
used as features. We use an information-based approach, similar to that used by an early version of
the NewsWeeder program (Lang, 1995) to determine which words to use as features. Intuitively, one
would like to select words that occur frequently in pages rated as interesting, but infrequently on
pages rated as uninteresting. This is accomplished by finding the expected information gain (e.g.
Quinlan 1986) that the presence or absence of a word gives toward the classification of elements of a
set of documents. Using this approach, we findkth@st informative words of the current set of



rated pages. In the experiments discussed in this paper, we use the 96 most informative words, be-
cause previous experiments with the SBC (Pazzani, MuramallsusB996) resulted in the highest
average accuracy for this value lofWe convert all text 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 probalistic method for classification. It is used to determine the probability that an exam-
ple belongs to clas§; given feature values of the example. Applied to our text classification task,
this means that we are interested in the probability of a document being interesting or uninteresting,
given that it contains or does not contain specific words:

P(class; | word; & word, & ...& word, )

whereword; to wordc 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 of the document, the probability of an example belonging to
clasgis proportional to:

k
P(classj )[1 P(word; | classj )
i

To determine the most likely class of an example, the probabiliacii class is computed, and the
example is assigned to the class with the highest probability. The probabilities used in this computa-
tion may be estimated from training data. We provide more details on how to obtain these estimates
in section 4. The assumption of attribute independence is clearly an unrealistic one in the context of
text classification. However, the SBC performed well in our experiments, and it also performs well in
many domains that contain clear attribute dependence. Domingos and Pazzani (1996) explore the
conditions for the optimality of the SBC and conclude that the SBC can even be optimal if the esti-
mated probabilities contain large errors.

4. Improving the SBC

Apart from its good performance on text classification tasks, the SBC has several additional advan-
tages that make it a useful technique for user model induction. It is very fast for both learning and
predicting. Its learning time is linear in the number of examples and its prediction time is independent
of the number of examples. The SBC can be cast as an on-line algorithm, which is particularly valu-
able for tasks such as user modeling, where additional knowledge about the user has to be added to
the model incrementally. In addition, rather than computing binary classifications, the SBC can be
used to obtain probabilities that allow to rank order items that might be of interest to the user.

However, an obvious problem of the SBC in the user modeling context is that its predictions are
based on probabilities estimated from very small datasets. Since the SBC multiplies probability esti-
mates to obtain joint probabilities, one must be careful that no probability estimate is equal to zero.
This would result in a joint probability of zero, and thus completely rule out one class on the basis of
only one feature. Kohavi et. al. (1997) compare 8 different estimation methods that prevent prob-
ability estimates from being zero and vary in the strength of their estimation bias. For example, the
commonly used probability correction based on &egik law of succession (Good, 1965) has the
following form for two-class problemsp = (N + 1) / (n + 2),whereN is the number of matches, i.e.

in our context the number of examples from one class that have a certain attribute vaius,thed
overall number of examples. If probabilities are estimated from small datasets, #eelapkection

can be interpreted as a relatively strong bias towards an uninformed prior (0.5). A different method
to prevent probabilities from being zero is to aggl probaibty estimates that are zero with a small
constant, in the experiments reported here set to 0.001. Note that these two approaches differ sig-



nificantly with respect to their estimation bias, i.e. probabilities are biased away from zero by differ-
ent amounts.

As our experiments suggest (see section 5), the applied estimation bias affects classification accuracy
significantly. We implemented all the different techniques described in (Kohavi et. al., 1997), but no-
ticed that there is not one single approach that performs well throughout our whole set of different
text classification problems. Essentially, the tested methods differ in the strength of their estimation
bias. In this paper we only report results for Laplace correction, angl dpproach as described

above. These approaches can be seen as representatives for techniques with different estimation bi-
ases, and they were among the top performers for different domains in our experiments. Our experi-
ments indicate that there are some domains where a strong estimation bias is very helpful, while it
can significantly hurt performance in other domains. These observations suggest that a number of
guestions need to be addressed. What is it about our data at hand that causes the estimation bias to
affect classification accuracy so strongly? Is it possible to analyze the data and decide which estima-
tion bias to apply based on some characteristics of the data?

The estimation bias plays a significant role for our class of learning problem due to several reasons.
First, the datasets we are looking at are relatively small (on the order of about 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 system for an extended period of time before any pay-off can be observed. Due to the
small size of the datasets, Laplace corrected piidiegbdiffer significantly from probabilities esti-

mated with methods that apply a weaker bias, such as replacing zeros with a small constant. In addi-
tion, low frequency counts 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 likely that the frequency counts for many of the cho-
sen features will be small or even zero. Furthermore, features are sataeding to expected in-
formation gain. In most cases this results in features that are indicators for interesting pages, because
what a user considers to be interesting is usually much better defined than what she considers to be
uninteresting. Therefore, certain words tend to appear more frequently among interesting pages,
which results in high information gain values for these words. This effect causes a lot, oftentimes
nearly all of the frequency counts for the “uninteresting” class to be zero, and hence it becomes in-
creasingly important to which extent these probabilities are biased away from zero. The reason why a
strong estimation bias is beneficial for some domains, but hurts performance on others, seems to be
linked to the “quality” of extracted features. Intuitively, we would like to apply a bias towards an
uninformed prior of 0.5 in cases where features do not discriminate well between classes. Poor dis-
criminatory value can be caused by noise, i.e. the feature was selectesd it appeared coinci-
dentally a bit more frequently in one class than in the other. Similarly, this effect occurs in cases
where a certain feature value occurs about equally often in all classes. On the other hand, we would
like to keep probability estimates unbiased for cases where features tend to discriminate well between
classes, because this can be seen as an indicator that these features carry more 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 all probability estimates. In our current im-
plementation, we treat this as a binary decision per feature, and base our decision whether we should
apply a strong or a weak bias to the estimate on the expected information gain of the feature. Our
current approach is rather simple: if the expected information gain of a feature is below a predefined



thresholdt (0.1 in the experiments reported here), we use Laplace correction for theilpyodsb

timates of the two conditional probabilities associated with the feature. On the other hand, if the ex-
pected information gain is greater thamve replace zero probiities with a small constant valug

(0.001). Using this approach, we take different characteristics of the datasets into account in order to
improve the probability estimation.

5. Experiments and Results

The algorithms described in this paper were tested in an empirical study based on datasets collected
from different users who trained our “Syskill & Webert” web page classification system on different
topics they were interested in. For an individual trial of an experiment we randomly s&leeciges

to use as a training set, and reserved the remainder of the data as a test set. From the training set we
found the 96 most informative features, and then recoded the training set as feature vectors to by
used by the 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 de-
termine whether pages in the test set would interest the user. For each trial, we recorded the accu-
racy of the learned preferences (i.e., the percent of test examples for which the learned preferences
agreed with the user’s interest). We ran 48 trials of each algorithm. Figure 1 shows the average accu-
racy of each algorithm as a function of the number of training examples for four domains. The algo-
rithms compared are “Epsilon” (i.e.corrected probabilities), “Lapte” (Laplace corrected prob-
abilities), “Information Gain” (our feature based estimation approach), and “BaseRate” which is the
accuracy obtained from assigning the most frequently occurring class to all test examples.
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Figure 1: Experimental Results

Note that “Laplace” achieves a much higher test accuracy than “Epsilon” indimedand mail
domains. On the other hand, “Epsilon” performs better than “Laplace” igaisand moviesdo-
mains. The differences between these two static methods range between two and ten percent. The



information gain approach appears to be a solution to this problem. In all cases this approach is ei-
ther better or very close to the best static method, and thus has the highest accuracy on average over
all domains. We observed similar results in five other domains, which we do not report here due to
spacdimitations.

6. Future Work

The information gain based estimation approach has thus far only been tested on our text classifica-
tion domains. We suspect that the effect of the algorithm will not be as significant on larger machine
learning domains, but it will still be interesting to compare our approach to other estimation methods
over a broad range of machine learning problems. Several other methods are potentially useful when
learning from small sets of text documents. We will experiment with feature selection methods fa-
cilitated by semantic knowledge (e.g. word hierarchies), to restrict the selection of features to words
that are semantically related to the topic of interest. In addition, we will perform further experiments
with additional knowledge directly obtained from the user (e.g. in form of a more detailed rating
scale or features explicitly provided by the user). Experiments reported in (Billzmar®, 1996)
suggest that explicit user knowledge can substantially increase predictive accuracy.

7. Conclusions and Summary

We have motivated the use of a probabilistic learning algorithm, the Simple Bayesian Classifier
(SBC), for user model induction based on rated text documents. We have discussed advantages and
disadvantages of the SBC, and proposed an information gain based method for probability estimation
from data. An experimental study indicated that this approach is superior to commonly used static
estimation methods. Overall, the SBC appears to be a useful tool for the induction of user prefer-
ences from small sets of rated text documents.
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