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Abstract. This paper shows that the accuracy of learned text classifiers can be improved by
augmenting a small number of labeled training documents with a large pool of unlabeled docu-
ments. This is important because in many text classification problems obtaining training labels
is expensive, while large quantities of unlabeled documents are readily available.

We introduce an algorithm for learning from labeled and unlabeled documents based on the
combination of Expectation-Maximization (EM) and a naive Bayes classifier. The algorithm first
trains a classifier using the available labeled documents, and probabilistically labels the unlabeled
documents. It then trains a new classifier using the labels for all the documents, and iterates
to convergence. This basic EM procedure works well when the data conform to the generative
assumptions of the model. However these assumptions are often violated in practice, and poor
performance can result. We present two extensions to the algorithm that improve classification
accuracy under these conditions: (1) a weighting factor to modulate the contribution of the
unlabeled data, and (2) the use of multiple mixture components per class. Experimental results,
obtained using text from three different real-world tasks, show that the use of unlabeled data
reduces classification error by up to 30%.

Keywords: text classification, Expectation-Maximization, integrating supervised and unsuper-
vised learning, combining labeled and unlabeled data, Bayesian learning

1. Introduction

Consider the problem of automatically classifying text documents. This problem
is of great practical importance given the massive volume of online text avail-
able through the World Wide Web, Internet news feeds, electronic mail, corporate
databases, medical patient records and digital libraries. Existing statistical text
learning algorithms can be trained to approximately classify documents, given a
sufficient set of labeled training examples. These text classification algorithms have
been used to automatically catalog news articles (Lewis & Gale, 1994; Joachims,
1998) and web pages (Craven, DiPasquo, Freitag, McCallum, Mitchell, Nigam, &
Slattery, 1998; Shavlik & Eliassi-Rad, 1998), automatically learn the reading in-
terests of users (Pazzani, Muramatsu, & Billsus, 1996; Lang, 1995), and automati-
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cally sort electronic mail (Lewis & Knowles, 1997; Sahami, Dumais, Heckerman, &
Horvitz, 1998).

One key difficulty with these current algorithms, and the issue addressed by this
paper, is that they require a large, often prohibitive, number of labeled training
examples to learn accurately. Labeling must often be done by a person; this is a
painfully time-consuming process.

Take, for example, the task of learning which UseNet newsgroup articles are of
interest to a particular person reading UseNet news. Systems that filter or pre-sort
articles and present only the ones the user finds interesting are highly desirable,
and are of great commercial interest today. Work by Lang (1995) found that after a
person read and labeled about 1000 articles, a learned classifier achieved a precision
of about 50% when making predictions for only the top 10% of documents about
which it was most confident. Most users of a practical system, however, would
not have the patience to label a thousand articles—especially to obtain only this
level of precision. One would obviously prefer algorithms that can provide accurate
classifications after hand-labeling only a few dozen articles, rather than thousands.

The need for large quantities of data to obtain high accuracy, and the difficulty
of obtaining labeled data, raises an important question: what other sources of
information can reduce the need for labeled data?

This paper addresses the problem of learning accurate text classifiers from limited
numbers of labeled examples by using unlabeled documents to augment the available
labeled documents. In many text domains, especially those involving online sources,
collecting unlabeled documents is easy and inexpensive. The filtering task above,
where there are thousands of unlabeled articles freely available on UseNet, is one
such example. It is the labeling, not the collecting of documents, that is expensive.

How is it that unlabeled data can increase classification accuracy? At first con-
sideration, one might be inclined to think that nothing is to be gained by access to
unlabeled data. However, they do provide information about the joint probability
distribution over words. Suppose, for example, that using only the labeled data we
determine that documents containing the word “homework” tend to belong to the
positive class. If we use this fact to estimate the classification of the many unla-
beled documents, we might find that the word “lecture” occurs frequently in the
unlabeled examples that are now believed to belong to the positive class. This co-
occurrence of the words “homework” and “lecture” over the large set of unlabeled
training data can provide useful information to construct a more accurate classifier
that considers both “homework” and “lecture” as indicators of positive examples.
In this paper, we explain that such correlations are a helpful source of information
for increasing classification rates, specifically when labeled data are scarce.

This paper uses Expectation-Maximization (EM) to learn classifiers that take ad-
vantage of both labeled and unlabeled data. EM is a class of iterative algorithms for
maximum likelihood or maximum a posteriori estimation in problems with incom-
plete data (Dempster, Laird, & Rubin, 1977). In our case, the unlabeled data are
considered incomplete because they come without class labels. The algorithm first
trains a classifier with only the available labeled documents, and uses the classifier
to assign probabilistically-weighted class labels to each unlabeled document by cal-
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culating the expectation of the missing class labels. It then trains a new classifier
using all the documents—both the originally labeled and the formerly unlabeled—
and iterates. In its maximum likelihood formulation, EM performs hill-climbing in
data likelihood space, finding the classifier parameters that locally maximize the
likelihood of all the data—Dboth the labeled and the unlabeled. We combine EM
with naive Bayes, a classifier based on a mixture of multinomials, that is commonly
used in text classification.

We also propose two augmentations to the basic EM scheme. In order for basic
EM to improve classifier accuracy, several assumptions about how the data are
generated must be satisfied. The assumptions are that the data are generated by
a mixture model, and that there is a correspondence between mixture components
and classes. When these assumptions are not satisfied, EM may actually degrade
rather than improve classifier accuracy. Since these assumptions rarely hold in real-
world data, we propose extensions to the basic EM/naive-Bayes combination that
allow unlabeled data to still improve classification accuracy, in spite of violated
assumptions. The first extension introduces a weighting factor that dynamically
adjusts the strength of the unlabeled data’s contribution to parameter estimation
in EM. The second reduces the bias of naive Bayes by modeling each class with
multiple mixture components, instead of a single component.

Over the course of several experimental comparisons, we show that (1) unlabeled
data can significantly increase performance, (2) the basic EM algorithm can suf-
fer from a misfit between the modeling assumptions and the unlabeled data, and
(3) each extension mentioned above often reduces the effect of this problem and
improves classification.

The reduction in the number of labeled examples needed can be dramatic. For
example, to identify the source newsgroup for a UseNet article with 70% classifi-
cation accuracy, a traditional learner requires 2000 labeled examples; alternatively
our algorithm takes advantage of 10000 unlabeled examples and requires only 600
labeled examples to achieve the same accuracy. Thus, in this task, the technique
reduces the need for labeled training examples by more than a factor of three. With
only 40 labeled documents (two per class), accuracy is improved from 27% to 43%
by adding unlabeled data. These findings illustrate the power of unlabeled data in
text classification problems, and also demonstrate the strength of the algorithms
proposed here.

The remainder of the paper is organized as follows. Section 2 describes, from
a theoretical point of view, the problem of learning from labeled and unlabeled
data. Sections 3 and 4 present the formal framework for naive Bayes. In Section 5,
we present the combination of EM and naive Bayes, and our extensions to this
algorithm. Section 6 describes a systematic experimental comparison using three
classification domains: newsgroup articles, web pages, and newswire articles. The
first two domains are multi-class classification problems where each class is relatively
frequent. The third domain is treated as binary classification, with the “positive”
class having a frequency between 1% and 30%, depending on the task. Related
work is discussed in Section 7. Finally, advantages, limitations, and future research
directions are discussed in Section 8.



4 NIGAM, MCCALLUM, THRUN AND MITCHELL

0.2 class 0 class 1

Figure 1. Classification by a mixture of Gaussians. If unlimited amounts of unlabeled data are
available, the mixture components can be fully recovered, and labeled data are used to assign labels
to the individual components, converging exponentially quickly to the Bayes-optimal classifier.

2. Argument for the Value of Unlabeled Data

How are unlabeled data useful when learning classification? Unlabeled data alone
are generally insufficient to yield better-than-random classification because there is
no information about the class label (Castelli & Cover, 1995). However, unlabeled
data do contain information about the joint distribution over features other than
the class label. Because of this they can sometimes be used—together with a sample
of labeled data—to significantly increase classification accuracy in certain problem
settings.

To see this, consider a simple classification problem—one in which instances are
generated using a Gaussian mixture model. Here, data are generated according to
two Gaussian distributions, one per class, whose parameters are unknown. Figure 1
illustrates the Bayes-optimal decision boundary (z > d), which classifies instances
into the two classes shown by the shaded and unshaded areas. Note that it is
possible to calculate d from Bayes rule if we know the Gaussian mixture distribution
parameters (i.e., the mean and variance of each Gaussian, and the mixing parameter
between them).

Consider when an infinite amount of unlabeled data is available, along with a
finite number of labeled samples. It is well known that unlabeled data alone, when
generated from a mixture of two Gaussians, are sufficient to recover the original
mixture components (McLachlan & Krishnan, 1997, section 2.7). However, it is
impossible to assign class labels to each of the Gaussians without any labeled data.
Thus, the remaining learning problem is the problem of assigning class labels to
the two Gaussians. For instance, in Figure 1, the means, variances, and mixture
parameter can be learned with unlabeled data alone. Labeled data must be used
to determine which Gaussian belongs to which class. This problem is known to
converge exponentially quickly in the number of labeled samples (Castelli & Cover,
1995). Informally, as long as there are enough labeled examples to determine the
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class of each component, the parameter estimation can be done with unlabeled data
alone.

It is important to notice that this result depends on the critical assumption that
the data indeed have been generated using the same parametric model as used in
classification, something that almost certainly is untrue in real-world domains such
as text classification. This raises the important empirical question as to what extent
unlabeled data can be useful in practice in spite of the violated assumptions. In the
following sections we address this by describing in detail a parametric generative
model for text classification and by presenting empirical results using this model
on real-world data.

3. The Probabilistic Framework

This section presents a probabilistic framework for characterizing the nature of
documents and classifiers. The framework defines a probabilistic generative model
for the data, and embodies two assumptions about the generative process: (1) the
data are produced by a mixture model, and (2) there is a one-to-one correspondence
between mixture components and classes.! The naive Bayes text classifier we will
discuss later falls into this framework, as does the example in Section 2.

In this setting, every document is generated according to a probability distribution
defined by a set of parameters, denoted 6. The probability distribution consists of a
mixture of components ¢; € C = {ci,...,c|c|}. Each component is parameterized by
a disjoint subset of §. A document, d;, is created by first selecting a mixture com-
ponent according to the mixture weights (or class prior probabilities), P(c;|6), then
having this selected mixture component generate a document according to its own
parameters, with distribution P(d;|c;;6).2 Thus, we can characterize the likelihood
of document d; with a sum of total probability over all mixture components:

Ic]
P(di|0) = > P(c;|0)P(d;|c;; 6). (1)

i=1

Each document has a class label. We assume that there is a one-to-one corre-
spondence between mixture model components and classes, and thus (for the time
being) use ¢; to indicate the jth mixture component as well as, the jth class. The
class label for a particular document d; is written y;. If document d; was generated
by mixture component c¢; we say y; = ¢;. The class label may or may not be known
for a given document.

4. Text Classification with Naive Bayes

This section presents naive Bayes—a well-known probabilistic classifier—and de-
scribes its application to text. Naive Bayes is the foundation upon which we will
later build in order to incorporate unlabeled data.

The learning task in this section is to estimate the parameters of a generative
model using labeled training data only. The algorithm uses the estimated param-






