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Abstract

This paper explores the possible benefits of the
interaction between automatic extractive sum-
marization and text classification. Through
experiments performed on standard test col-
lections, we show that techniques for extrac-
tive summarization can be effectively combined
with classification methods, resulting in im-
proved performance in a text categorization
task. Moreover, comparative results suggest
that the synergy between text summarization
and text classification can be regarded as a new
application-oriented evaluation testbed for au-
tomatic summarization.

1 Introduction

Text categorization is a problem typically formu-
lated as a learning task, where a classifier learns
how to distinguish between categories in a given
set, using features automatically extracted from
a collection of training documents. In addition to
the learning methodology itself, the accuracy of
the text classifier also depends to a large extent
upon the classification granularity, and on how
well separated are the training or test documents
belonging to different categories. For instance, it
may be a relatively easy task to learn how to clas-
sify documents in two distinct categories such as
computer science and music, but it may be signif-
icantly more difficult to distinguish between doc-
uments pertaining to more closely related topics
such as operating systems and compilers.

Intuitively, if the gap between categories could
be increased, the classification performance would
raise accordingly, since the learning task would be
simplified by removing features that represent po-
tential overlap between categories. This is in fact
the effect achieved through feature weighting and
selection (Yang & Pedersen 97), (Ng et al. 97),
which was found to improve significantly over the
case where no weighting or selection is performed.
We propose a new approach for reducing the po-
tential overlap between documents belonging to
different categories, by using a method that ex-
tracts the essence of a text prior to classifica-
tion. In this way, only the important sections of
a document participate in the learning process,
and thus the performance of the text classifica-
tion algorithm could be improved.

In this paper, we present a graph-based method
for automatic summarization through sentence
extraction, and show how it can be successfully
integrated with a text classifier. Through ex-
periments on standard test collections, we show
that significant improvements can be achieved on
a text categorization task by classifying extractive
summaries, rather than entire documents. We be-
lieve that these results have implications not only
on the problem of text classification, where the
method proposed provides the means to improve
the categorization accuracy with error reductions
of up to 19.3%, but also on the problem of text
summarization, by suggesting a new application-
based evaluation of tools for automatic summa-
rization.

2 Graph-based Algorithms for
Sentence Extraction

Algorithms for extractive summarization are typ-
ically based on techniques for sentence extraction,
and attempt to identify the set of sentences that
are most important for the understanding of a
given document. Some of the most successful ap-
proaches to extractive summarization consist of
supervised algorithms that attempt to learn what
makes a good summary by training on collections
of summaries built for a relatively large number
of training documents, e.g. (Hirao et al. 02),
(Teufel & Moens 97). However, the price paid
for the high performance of such supervised al-
gorithms is their inability to easily adapt to new
languages or domains, as new training data are
required for each new type of data.

In this section, we shortly overview an efficient
unsupervised extractive summarization method
using graph-based ranking algorithms, as pro-
posed in our previous work (Mihalcea & Tarau
04). Iterative graph-based ranking algorithms,
such as Kleinberg’s HITS algorithm (Kleinberg
99) or Google’s PageRank (Brin & Page 98), have
been traditionally and successfully used in Web-
link analysis, social networks, and more recently
in text processing applications (Mihalcea et al.
04), (Mihalcea & Tarau 04). In short, a graph-
based ranking algorithm is a way of deciding on



the importance of a vertex within a graph, by
taking into account global information recursively
computed from the entire graph, rather than rely-
ing only on local vertex-specific information. The
basic idea implemented by the ranking model is
that of “voting” or “recommendation”. When one
vertex links to another one, it is basically casting
a vote for that other vertex. The higher the num-
ber of votes that are cast for a vertex, the higher
the importance of the vertex.

These graph ranking algorithms are based on a
random walk model, where a walker takes random
steps on the graph, with the walk being modeled
as a Markov process – that is, the decision on
what edge to follow is solely based on the ver-
tex where the walker is currently located. Un-
der certain conditions, this model converges to a
stationary distribution of probabilities associated
with vertices in the graph, representing the prob-
ability of finding the walker at a certain vertex
in the graph. Based on the Ergodic theorem for
Markov chains (Grimmett & Stirzaker 89), the al-
gorithms are guaranteed to converge if the graph
is both aperiodic and irreducible. The first con-
dition is achieved for any graph that is a non-
bipartite graph, while the second condition holds
for any strongly connected graph. Both these con-
ditions are achieved in the graphs constructed for
the sentence extraction application considered in
this paper.

Let G = (V, E) be a directed graph with the
set of vertices V and set of edges E, where E is a
subset of V ×V . For a given vertex Vi, let In(Vi)
be the set of vertices that point to it (predeces-
sors), and let Out(Vi) be the set of vertices that
vertex Vi points to (successors).

PageRank (Brin & Page 98) is perhaps one of
the most popular ranking algorithms, and was de-
signed as a method for Web link analysis.

PR(Vi) = (1 − d) + d ∗
∑

Vj∈In(Vi)

PR(Vj)

|Out(Vj)|
(1)

where d is a parameter set between 0 and 1.

HITS (Hyperlinked Induced Topic Search)
(Kleinberg 99) makes a distinction between “au-
thorities” (pages with a large number of incoming
links) and “hubs” (pages with a large number of
outgoing links). For each vertex, HITS produces
two sets of scores.

HITSA(Vi) =
∑

Vj∈In(Vi)

HITSH(Vj) (2)

HITSH(Vi) =
∑

Vj∈Out(Vi)

HITSA(Vj) (3)

For each of these algorithms, starting from ar-
bitrary values assigned to each node in the graph,
the computation iterates until convergence below
a given threshold is achieved. After running the
algorithm, a score is associated with each vertex,
which represents the “importance” or “power” of
that vertex within the graph. Note that the final
values are not affected by the choice of the initial
value, only the number of iterations to conver-
gence may be different. Somewhat faster or more
compact (but significantly more complex) imple-
mentations have been recently suggested (Kamvar
et al. 03; Raghavan & Garcia-Molina 03), but the
additional time or memory savings are more rele-
vant in cases like the complete Web graph than it
would be in the case of moderately large graphs
like a text-based graph.

When the graphs are built starting with natu-
ral language texts, it may be useful to integrate
into the graph model the strength of the connec-
tion between two vertices Vi and Vj , indicated as a
weight wij added to the corresponding edge. Con-
sequently, the ranking algorithm is adapted to in-
clude edge weights, e.g. for PageRank the score is
determined using the following formula (a similar
change can be applied to the HITS algorithm):

PR
W (Vi) = (1 − d) + d ∗

∑

Vj∈In(Vi)

wji

PRW (Vj)∑
Vk∈Out(Vj)

wkj

(4)

While the final vertex scores (and therefore
rankings) for weighted graphs differ significantly
as compared to their unweighted alternatives, the
number of iterations to convergence and the shape
of the convergence curves is almost identical for
weighted and unweighted graphs.

For the task of sentence extraction, the goal is
to rank entire sentences, and therefore a vertex
is added to the graph for each sentence in the
text. To establish connections (edges) between
sentences, we are defining a similarity relation,
where “similarity” is measured as a function of
content overlap. Such a relation between two sen-
tences can be seen as a process of “recommenda-
tion”: a sentence that addresses certain concepts
in a text, gives the reader a “recommendation” to
refer to other sentences in the text that address
the same concepts, and therefore a link can be
drawn between any two such sentences that share
common content.

The overlap of two sentences can be determined
simply as the number of common tokens between
the lexical representations of the two sentences,
after removing the stopwords. Moreover, to avoid
promoting long sentences, we are using a normal-
ization factor, and divide the content overlap of
two sentences with the length of each sentence.



[1] Watching the new movie, “Imagine: John Lennon,” was
very painful for the late Beatle’s wife, Yoko Ono.
[2] “The only reason why I did watch it to the end is be-
cause I’m responsible for it, even though somebody else
made it,” she said.
[3] Cassettes, film footage and other elements of the ac-
claimed movie were collected by Ono.
[4] She also took cassettes of interviews by Lennon, which
were edited in such a way that he narrates the picture.
[5] Andrew Solt (“This Is Elvis”) directed, Solt and David
L. Wolper produced and Solt and Sam Egan wrote it.
[6] “I think this is really the definitive documentary of
John Lennon’s life,” Ono said in an interview.

1

2

3

4

5

6
0.16

0.30

0.46
0.15

[1.34]

[1.75]

[0.70]

[0.74]

[0.52]

[0.91]

0.15

0.29

0.32

0.15

Figure 1: Graph of sentence similarities built on
a sample text. Scores reflecting sentence impor-
tance, obtained with the graph-based ranking al-
gorithm, are shown in brackets next to each sen-
tence.

The resulting graph is highly connected, with
a weight associated with each edge, indicating
the strength of the connections between various
sentence pairs in the text. The graph can be
represented as: (a) simple undirected graph; (b)
directed weighted graph with the orientation of
edges set from a sentence to sentences that fol-
low in the text (directed forward); or (c) directed
weighted graph with the orientation of edges set
from a sentence to previous sentences in the text
(directed backward).

After the ranking algorithm is run on the graph,
sentences are sorted in descending order of their
score, and the top ranked sentences are selected
for inclusion in the extractive summary. Figure 1
shows an example of a graph built for a sample
text of six sentences.

Evaluation. The performance of the sentence
extraction method was evaluated in the context
of a single-document summarization task, using
567 news articles provided during the Document
Understanding Evaluations 2002 (DUC 02). For
each article, the method was used to generate
a 100-words summary, which is the task un-
dertaken by other systems participating in this
single-document summarization task. The evalu-
ation was run using the Rouge toolkit, which is
an evaluation method based on Ngram statistics,
found to be highly correlated with human evalu-

ations (Lin & Hovy 03). For each document, two
manually produced reference summaries were pro-
vided, and used in the evaluation process. Table
1 shows results using the HITS and PageRank
algorithms on graphs that are: (a) undirected, (b)
directed forward, or (c) directed backward.

Graph
Algorithm Undirected Forward Backward

HITSW
A 0.4912 0.4584 0.5023

HITSW
H 0.4912 0.5023 0.4584

PageRank 0.4904 0.4202 0.5008

Table 1: Results for extractive summarization
using graph-based sentence extraction. Graph-
based ranking algorithms: HITS and PageRank.
Graphs: undirected, directed forward, directed
backward.

By ways of comparison, a competitive base-
line proposed by the DUC evaluators – consist-
ing of a 100-word summary constructed by tak-
ing the first sentences in each article – achieves
a ROUGE score of 0.4799. The best perform-
ing system in DUC 2002 was a supervised system
which achieved a score of 0.5011.

The results are encouraging: the sentence ex-
traction method applied on a directed backward
graph structure exceeds the performance achieved
through a simple (but competitive) baseline, and
competes with the best performing systems from
DUC 2002. Unlike other supervised systems,
which attempt to learn what makes a good sum-
mary by training on collections of summaries built
for other articles, the graph-based method is fully
unsupervised, and relies only on the given text
to derive an extractive summary. Moreover, due
to its unsupervised nature, the algorithm can be
easily adapted to other languages, genres, or do-
mains.

3 Text Categorization Using
Extractive Summarization

Provided a set of training documents, each doc-
ument assigned with one or more categories, the
task of text categorization consist of finding the
most probable category for a new unseen doc-
ument, based on features extracted from train-
ing examples. The classification process is typi-
cally performed using information drawn from en-
tire documents, and this may sometime result in
noisy features. To lessen this effect, we propose
to feed the text classifier with summaries rather
than entire texts, with the goal of removing the
less-important, noisy sections of a document prior
to classification.

The text classification process is thus modi-
fied to integrate an extractive summarization tool



that determines the top N most important sen-
tences in each document. Starting with a collec-
tion of texts, every document is replaced by its
summary, followed by the application of a regu-
lar text categorization algorithm that determines
the most likely category for a given test docu-
ment. Figure 2 illustrates the classification pro-
cess based on extractive summarization.

SUMMARY

NEW

DOCUMENT

Extractive  Summarization

Learning

CATEGORY

TEXT

CLASSIFIER

DOCUMENTS
TRAINING

SUMMARIES

Figure 2: Text classification using extractive sum-
marization.

3.1 Extractive Summarization

To summarize documents, we use the HITSA di-
rected backward graph-based sentence extraction
algorithm described in Section 2, which generates
extractive summaries by finding the most impor-
tant sentences in the text. The choice of the algo-
rithm is motivated by several reasons. First, the
decision to use an extractive summarization tool,
versus more complex systems that include sen-
tence compression and text generation, is based
on the fact that in our experiments text summa-
rization is not an end per se, but rather an in-
termediate step for document classification. The
informativeness of a summary is thus more im-
portant than its coherence, and summarization
through sentence extraction is sufficient for this
purpose. Second, through evaluations conducted
on standard data sets, the algorithm was found
to work best among other graph-based algorithms
for sentence extraction, and was demonstrated to
be competitive with the state-of-the-art in text
summarization. Finally, it is an algorithm that
can produce a ranking over sentences in a text,
and thus it is well suited for our experiments

where we want to measure the impact on text
classification of summaries of various lengths.

3.2 Algorithms for Text Classification

There is a large body of algorithms previously
tested on text classification problems, due also
to the fact that text categorization is one of
the testbeds of choice for machine learning al-
gorithms. In the experiments reported here,
we compare results obtained with two frequently
used text classifiers – Rocchio and Näıve Bayes,
selected for the diversity of their learning method-
ologies.

Rocchio. This is an adaptation of the rele-
vance feedback method developed in information
retrieval (Rocchio 71). It uses standard TFIDF
weighted vectors to represent documents, and
builds a prototype vector for each category by
summing up the vectors of the training docu-
ments in each category. Test documents are
then assigned to the category that has the clos-
est prototype vector, based on a cosine similarity.
Text classification experiments with different ver-
sions of the Rocchio algorithm showed compet-
itive results on standard benchmarks (Joachims
97), (Moschitti 03).

Näıve Bayes. The basic idea in a Näıve Bayes
text classifier is to estimate the probability of a
category given a document using joint probabil-
ities of words and documents. Näıve Bayes as-
sumes word independence, which means that the
conditional probability of a word given a cate-
gory is assumed to be independent of the condi-
tional probability of other words given the same
category. Despite this simplification, Näıve Bayes
classifiers perform surprisingly well on text clas-
sification (Joachims 97), (Schneider 04). While
there are several versions of Näıve Bayes classi-
fiers (variations of multinomial and multivariate
Bernoulli), we use the multinomial model (McCal-
lum & Nigam 98), which was shown to be more
effective.

3.3 Data

For the classification experiments, we use the
Reuters-215781 and WebKB2 data sets – two of
the most widely used test collections for text clas-
sification. For Reuters-21578, we use the stan-
dard ModApte data split (Apte et al. 94), ob-
tained by eliminating unlabeled documents, and
selecting only categories that have at least one
document in the training set and test set (Yang
& Liu 99). For WebKB, we perform a four-fold

1Publicly available at http://www.daviddlewis.com/
/resources/testcollections/reuters21578/

2Publicly available at http://www-2.cs.cmu.edu/afs/
/cs.cmu.edu/project/theo-20/www/data/



cross validation after removing the other category,
using the 3 : 1 training/test split automatically
created with the scripts provided with the collec-
tion, which separates the data into training on
three of the universities plus a miscellaneous col-
lection, and testing on a fourth held-out univer-
sity. Both collections are further post-processed
by removing all documents with less than 10 sen-
tences, resulting into final data sets of 1277 train-
ing documents, 436 test documents, 60 categories
for Reuters-21578, and 350 training documents,
101 test documents, 6 categories for WebKB. This
last step is motivated by the goal of our experi-
ments: we want to determine the impact of vari-
ous degrees of summarization on text categoriza-
tion, and this is not possible with very short doc-
uments.

3.4 Evaluation Metrics

The evaluation is run in terms of accuracy, defined
as the number of correct assignments among the
document–category pairs in the test set. For the
WebKB data set, since the classifiers assign ex-
actly one category to each document, and a doc-
ument can belong to only one category, this defi-
nition of accuracy coincides with the measures of
precision, recall, and F-measure. For the Reuters-
21578 data set, multiple classifications are pos-
sible for each document, and thus the accuracy
coincides with the classification precision. Evalu-
ations figures are reported as micro-average over
all categories in the test set.

4 Experimental Results

Classification experiments are run using each of
the two learning algorithms, with documents in
the collection represented by extracts of various
lengths. The classification performance is mea-
sured for each experiment, and compared against
a traditional classifier that performs text catego-
rization using the original full-length documents.

Table 2 shows the classification results obtained
using the Reuters-21578 and the WebKB test col-
lections. Note that these results refer to data sub-
sets somewhat more difficult than the original test
collections, and thus they are not directly compa-
rable to results previously reported in the litera-
ture. For instance, the average number of docu-
ments per category in the Reuters-21578 subset
used in our experiments is only 25, compared to
the average of 50 documents per category avail-
able in the original data set3. Similarly, the We-

3Using the same Näıve Bayes and Rocchio classifier im-
plementations on the entire Reuters-21578 data set results
in a classification accuracy of 77.42% for Näıve Bayes and
79.70% for Rocchio, figures that are closely comparable to
results previously reported on this data set.

bKB subset has an average number of 75 docu-
ments per category, compared to 750 in the orig-
inal data set.

Figures 3 and 4 plot the classification accuracy
on the two data sets for each learning algorithm,
using extractive summaries of various lengths gen-
erated with the graph-based sentence extraction
method. For a comparative evaluation, the figure
plots results obtained with methods that create
an extract by: (a) selecting the N most important
sentences using the graph-based sentence extrac-
tion algorithm; (b) selecting the first N sentences
in the text; (c) randomly selecting N sentences;
(d) selecting the N least important sentences us-
ing the low-end of the ranking obtained with the
same graph-based sentence extraction algorithm;
(e) selecting the last N sentences in the text.

From a text categorization perspective, the
results de-monstrate that techniques for text sum-
marization can be effectively combined with text
classification methods to the end of improving
categorization performance. On the Reuters-
21578 data set, the classification performance us-
ing the Rocchio classifier improves from an ac-
curacy of 74.90% to 77.00% obtained for sum-
maries of 6 sentences. Similar improvements are
observed for the Näıve Bayes classifier, where the
highest accuracy of 78.38% is obtained again for
summaries of 6 sentences, and is significantly bet-
ter than the accuracy of 75.01% for text classifi-
cation with full-length documents. The impact of
summarization is even more visible on the We-
bKB data set, where summaries of 5 sentences
result in a classification accuracy of 79.24% using
a Näıve Bayes classifier, significantly higher than
the accuracy of 74.25% obtained when the classifi-
cation is performed with entire documents. Sim-
ilarly, the categorization accuracy using a Roc-
chio classifier on the same data set improves from
63.36% for full-length documents to 66.35% for
summaries of 5 sentences4. The highest error rate
reduction observed during these experiments was
19.3%, achieved with a Näıve Bayes classifier ap-
plied on 5-sentence extractive summaries.

Another aspect worth noting is the fact that
these results can have important implications on
the problem of text classification for documents
for which only abstracts are available. As it was
previously suggested (Hulth 03), many documents
on the Internet are not available as full-texts, but
only as abstracts. Similarly, documents that are
typically stored in printed form, such as books,
journals, or magazines, may have an abstract
available in electronic format, but not the entire

4The improvements observed in all classification set-
tings are statistically significant at p < 0.05 level (paired
t-test).



Reuters-21578 WebKB
Summary length Rocchio Näıve Bayes Rocchio Näıve

Bayes

1 sentence 70.18% 72.94% 60.40% 61.39%
2 sentences 72.48% 73.85% 62.38% 71.29%
3 sentences 73.17% 75.46% 60.40% 74.26%
4 sentences 72.94% 75.46% 63.37% 76.24%∗

5 sentences 75.23% 75.92% 66.35%∗ 79.24%∗

6 sentences 77.00%∗ 78.38%∗ 65.37%∗ 77.24%∗

7 sentences 76.38%∗ 77.61%∗ 65.34%∗ 76.24%∗

8 sentences 76.38%∗ 77.38%∗ 64.36% 76.21%∗

9 sentences 75.23% 77.61%∗ 65.34%∗ 75.25%
10 sentences 75.23% 77.52%∗ 65.35%∗ 75.25%

full document 74.91% 75.01% 63.36% 74.25%

Table 2: Classification results for Reuters-21578 and WebKB, using Rocchio and Näıve Bayes classi-
fiers, for full-length documents and for extractive summaries of various lengths. Statistically significant
improvements (p < 0.05, paired t-test) with respect to full-document classification are also indicated
(∗).
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Figure 3: Classification accuracy for Reuters-21578 for extractive summaries of various lengths.

text. This means that an eventual classification of
such documents has to rely on abstract catego-
rization, rather than traditional full-text catego-
rization. The results obtained in the experiments
reported here suggest that the task of text clas-
sification can be efficiently performed even when
only abstracts are available for the documents to
be classified.

Classification efficiency is also significantly
improved when the classification is based on sum-
maries, rather than full-length documents. A
clear computational improvement was observed
even for the relatively small test collections used
in our experiments. For instance, the Näıve Bayes
classifier takes 22 seconds to categorize the full-
length documents in the Reuters-21578 subset on
a Pentium IV 3GHz 2GB computer, compared to
only 6 seconds when the classification is done us-

ing 5-sentence summaries5

The results have also important implications on
the problem of text summarization. As seen in
Figures 3 and 4, regardless of the classifier, a per-
formance peak is observed for summaries of 5-7
sentences, which give the highest increase in clas-
sification accuracy. This result can have an inter-
esting interpretation in the context of text sum-
marization, as it indicates the optimal number of
sentences required for “grasping” the content of a
text. From this perspective, the task of text clas-
sification can be regarded as an objective way of
defining the “informativeness” of an abstract, and

5One could argue that the summarization-based clas-
sification implies an additional summarization overhead.
Note however that the summarization process can be par-
allelized and needs to be performed only once offline. The
resulting summaries can be then used in multiple classifi-
cation tasks.
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Figure 4: Classification accuracy for WebKB for extractive summaries of various lengths.

could be used as an alternative to more subjective
human-assessed evaluations of summary content.

The comparative plots from Figures 3 and 4
also reveal another interesting aspect of the syn-
ergy between text summarization and document
classification. Different automatic summariza-
tion tools – graph-based extractive summariza-
tion, heuristics that extract sentences based on
their position in the text, or a simple random sen-
tence selection baseline – have different but con-
sistent impact on the quality of a text classifier,
which suggests that text categorization can be
used as an application-oriented evaluation testbed
for automatic summarization. The graph-based
summarization method gives better text classi-
fication accuracy as compared to the position-
based heuristic, which in turns performs better
than the simple sentence selection baselines. This
comparative evaluation correlates with rankings
of these methods previously reported in the liter-
ature (Erkan & Radev 04), which were based on
human judgment or other automatic evaluation
metrics such as ROUGE (Lin & Hovy 03).

5 Related Work

To our knowledge, the impact of content-based
text summarization on the task of text categoriza-
tion was not explored in previous studies. Sen-
tence importance was considered as an additional
factor for feature weighting in work reported in
(Ko et al. 02), where words in a text were
weighted differently based on the score associated
with the sentence they belong to. Experiments
with four different text categorization methods
have shown that a weighting scheme based on
sentence importance can significantly improve the
classification performance. In (Kolcz et al. 01),
text summarization is regarded as a feature se-
lection method, and is shown to improve over

alternative algorithms for feature selections. Fi-
nally, another related study is the polarity anal-
ysis through subjective summarization reported
in (Pang & Lee 04), where the main goal was to
distinguish between positive and negative movie
reviews by first selecting those sentences likely to
be more subjective according to a min-cut algo-
rithm. The focus of their study was the analysis
of text style (subjective versus objective), rather
than classification of text content. We consider
instead the more general text classification prob-
lem, combined with a typical text summarization
task, and evaluate the role that text summaries
can play in document categorization.

6 Conclusions

In this paper, we investigated the interaction be-
tween document summarization and text catego-
rization, through comparative classification ex-
periments relying on full-length documents or
summaries of various lengths. First, we showed
how graph-based algorithms can be successfully
applied to the task of extractive summarization,
resulting in state-of-the-art results as measured
on standard data sets. Next, we showed that
techniques for automatic summarization can be
used to improve the performance of a text cate-
gorization task, with error rate reductions of up
to 19.3% obtained with a Näıve Bayes or a Roc-
chio classifier when applied on short extractive
summaries rather than full-length documents. Fi-
nally, we suggested that the interaction between
text summarization and document categorization
can be regarded as an application-oriented evalu-
ation testbed for tools for automatic summariza-
tion, as summaries produced by different summa-
rization tools were shown to have different impact
on the performance of a text classifier.
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