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Figure 3: Error rate while varying the percentage of added
examples

experiment, we use the Usenet Newsgroups data set, where
we choose articles from 5 newsgroups, each of which con-
tains 1000 articles. After preprocessing, we obtain a vo-
cabulary of 19842 words. A document-term matrix is con-
structed, where the word count vector for each document is
normalized to unit length.

We assume that the labels for some of the older articles
are known and would like to use the information to cluster
newer articles posted on the newsgroups. We first sort the
documents according to their posting dates and create a la-
beled data set based on the first p% of the articles. The re-
maining documents form the unlabeled data set. Although
the vocabulary of words used in the older and newer collec-
tions may not be exactly identical, the feature set constructed
from both collections has some overlapping features. Unlike
the previous experiments, we modify our algorithms slightly
to account for the characteristics of the documents. First, we
use a dissimilarity measure based on the cosine similarity.
Second, we apply naı̈ve Bayes (instead of nearest-neighbor)
as the underlying classifier for Step 1 of our algorithm. Table
3 compares the error rate of SemiHard against K-means and
the näıve Bayes classifier.

Table 3: Error rates on the Newsgroups Data.
Percentage SemiHard NB K-means Common
of Labels Terms#

10% 0.0233 0.0455 0.2344 10452
5% 0.0952 0.1387 0.2244 8572
1% 0.2602 0.3812 0.2040 4915

The resultssuggest that the error rates for SemiHard and
NB improve as the percentage of labeled examples increases.
The performance of K-means degrades slightly because there
are less unlabeled examples available for clustering. When
there are sufficient labeled examples, both SemiHard and

NB have better performances than K-means. However, when
the amount of labeled examples is limited (1%), their error
rates are worse than K-means since the information conveyed
by the labeled examples might not be accurate enough.
Finally, SemiHard always outperforms NB because it utilizes
information from both the shared and non-shared features.

5 Conclusion

In this paper, we present a principled approach for incorpo-
rating partial background information into a clustering algo-
rithm. The novelty of this approach is that the background
knowledge can be specified in a different feature space than
the unlabeled data. We illustrate how the objective function
for K-means clustering can be modified to incorporate the
constraints due to partially labeled information. In principle,
our methodology is applicable to any base classifiers. We
present both hard and fuzzy clustering solutions to the con-
strained optimization problem. Using a variety of real data
sets, we demonstrate the effectiveness of our approach over
standard K-means and the nearest-neighbor classification al-
gorithms.
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