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Abstract. This paper addresses the problem of creating a summary by extract-
ing a set of sentences that are likely to represent the content of a document. A
small scale experiment is conducted leading to the compilation of an evaluation
corpus for the Greek language. Three models of sentence extraction are then de-
scribed, along the lines of shallow linguistic analysis, feature combination and
machine learning. The first model is based on term extraction and statistical
filtering. With the second model we approximate the target classification func-
tion using a linear regression, where the regression coefficients are selected by
applying an Information Gain criterion to the individual features over the
training corpus. The third model is a lazy learning method that generalizes on a
new instance over previously stored examples. Evaluation reported in the paper
shows that all methods outperform the lead baseline and they could be used for
rapid light information retrieval-oriented summarization.

1   Introduction

In an increasingly information-laden world where unstructured text data are the pre-
dominant type of data stored online, systems that can filter and condense data so that
only relevant information reaches the decision maker, have become the focus of con-
siderable interest and investment. A summary can be defined as a synopsis of the
content of a document by distilling the most important information for a particular
user and task. Early systems were characterized by a shallow approach such as ex-
ploiting term frequency [13] or cue and location features [6]. The 1980’s enjoyed a
renaissance in the field, with research based on AI techniques such as scripts [12],
logic and production rules [8] and hybrid approaches. Recent work has focused on
extracts rather than abstracts, a trend that could change as natural language generation
and fact extraction technologies are becoming more robust. Corpus-based systems
follow up classical approaches. They combine the calculation of corpus statistics in a
learning framework. [11] has developed a Bayesian classifier, [18] combines individ-
ual features with the Dempster-Shafer rule while [2] combines features by the Baye-



sian rule. Discourse Model structures are exploited in [14] and [23], and lexical chains
in [3]. The difficulties inherent in evaluating the quality of a summary are discussed in
[15], [17] and [7].

The aim of the summarization systems that we have developed is to extract the
most important sentences of the text by a set of metrics that we define. We believe that
a reductive transformation of the source text to summary by sentence selection rather
than a full understanding of the text by parsing to logical form or the exploration of its
discourse structure, is an adequate framework to apply and evaluate our systems. We
focus on environments where indicative, information retrieval oriented summaries are
useful, bearing in mind that without an intermediate source processing and possibly a
full text interpretation, part of the important content might be missed [10]. The first
summarization machine that we present, called a Term-based Statistical Summarizer
(TSS), incorporates shallow linguistic processing for term extraction and statistical
filtering through a general corpus. Learning the linear regression coefficients on a
feature set leads to the second idea presented in this paper: a Regression-based
Learning Summarizer (RLS). Finally, within the Memory-based Learning framework
we construct a Memory-based Learning Summarizer (MLS). The evaluation of a
summarization system is a key part of any such effort. In the paper we describe an
experiment that we have conducted in order to compile a manually annotated summa-
rization corpus that is used both for training our machines and for evaluation.

2   Experimental Design

A corpus of summaries at various levels of compression was required for training and
evaluating the summarization methods that we propose in Section 3. We conducted an
experiment at two compression levels and compiled a small corpus of 10 documents
annotated by 26 subjects. The documents covered a variety of financial and political
topics.

2.1   Dataset Properties and Annotation Procedures

A total of 26 graduate students and researchers from various disciplines participated in
the study. They represented two teams of 13 subjects selected according to uniform
criteria such as their age, background and gender. Each annotator processed 5 docu-
ments that were randomly distributed to two teams. As a result, our evaluation dataset
consisted of 10 documents, each one abstracted 13 times. We also collected an op-
tional qualitative simulation of the abstracting mechanism, from any annotator that
was able to deliver such a description.

The documents were selected from the Greek financial press covering a variety of
topics (international and national news, political articles, business news and commen-
tary) and their size varied from 10 to 40 sentences giving a total size of 232 sentences
for the whole corpus. Since we conducted a relatively small-scale experiment, we
aimed at a uniform representativity of the compiled corpus in terms of the basic pa-
rameters such as the domain, the topic ambiguity, the targeted audience and the docu-



ment length. Only the textual portion of each text was presented to the user. Any spe-
cific format was eliminated, the title was indexed as the first sentence in each docu-
ment but the annotators were asked not to include it in their summaries. Each annota-
tor was asked to carry out two experiments: to produce a summary at 10% and at 20%
of the length of the full text, in number of sentences. The aforementioned compression
levels are somehow standard for the “ideal” summary baseline evaluation of automatic
summarization systems ([15], [7]).

2.2   Analysis and Results

2.2.1 Annotator Agreement
We used the positive agreement between two subjects as a metric for the overlap of
their extracts. Since the number of annotators was rather high, percent agreement
indicating the subject agreement with the majority opinion, including both the decision
to extract and not to extract a sentence ([14]), would yield a high yet not indicative
score in the experiment. Agreement between subjects is a metric reported to fall in the
range between 25% to 90%. The main reasons for this significant deviation are to be
interpreted by the different settings of each experiment, including the definition of the
agreement metric. Table 1 presents the average agreement between all annotators
taken by two, the maximum agreement which is equal to the total number of sentences
that should be selected, and the subject agreement score at the compression levels of
10% and 20%.

Table 1. Subject agreement in the experiment
Compression level Average Agreement Number of Sen-

tences
Score

10% 9.81 26 38%
20% 25.35 52 49%

2.2.2 Research Hypothesis
Statistical significance of the null hypothesis that “the number of annotators selecting
the same sentence in a document is random”, has been largely studied in [17] and
[24]. Using standard methods to determine if the null assertion is reasonable and to
what degree of certainty, they all reached the same conclusion: agreement between
human abstractors is much higher than would be expected by chance. The difference
between the hypothesis test procedures arise from the assumptions that the researchers
are willing to make for the data sample: Z-test, t-test, F-test, Levene-test, Cochran-test,
these can all be applied to evaluate the hypothesis. By applying the t-test to the 10
documents of the corpus we have shown that the probability of the  statistic with df =
9 degrees of freedom is very low, leading to the conclusion that the agreement among
annotators is highly significant. Table 2 summarizes the results of our test.



Table 2. Chi-square corpus statistics

Compression level Mean agreement Standard Deviation
2χ  probability

10% 0.39 0.0987 0.00001
20% 0.48 0.0729 0.002

2.2.3 Virtual Summaries
Sentences in each document of the corpus were ranked by the absolute number of
times they were selected from the annotators. As a result, all automatic ranking sum-
marizers could be evaluated at any level of compression, be it 10%, 20% or any other.
For the purpose of evaluating our abstraction machines we have retained the following
summaries for each document:

 the 10% and the 20% majority summaries, created by selecting the sentences
in descending order of ranking at the corresponding compression level.

 the 10% and the 20% relevance summaries, created by selecting all the sen-
tences in descending order of ranking at the corresponding compression
level, that were selected at least once by some annotator.

Table 3 details an example document from the training corpus.

Table 3. Example virtual summaries
Doc name vimad675 (26 sentences)
10% majority 3, 15, 22 (3/26)
20% majority 15, 20, 3, 14, 21, 22 (6/26)
10% relevance 3, 15, 22, 7, 14, 20, 8, 21, 5, 23, 11, 17 (12/26)
20% relevance 15, 20, 3, 14, 21, 22, 8, 9, 17, 7, 10, 5, 11,12, 6, 23 (16/26)

Numbers in italics are sentence index numbers in the document, ranked by majority
votes. For instance, sentences 3, 15 and 22 are selected for the 10% majority sum-
mary,  among 12 sentences that had at least one vote and were all selected for the 10%
relevance summary. Standard Precision, Recall and F measures were used to evaluate
the automatic summarization systems that we propose in the next sections.

2.2.4    Smoothing the Extract
The problems of coherence and repetitiveness were exploited as a cognitive aspect of
the experiment. We have used the algorithm presented in [19] to eliminate sentences
that were extracted and yield a high partial matching score, but no such necessity was
observed for the documents of the training corpus. That is, no two among the selected
sentences bore resemblance to a high degree. Applying linguistic processing to resolve
co-referential relations, although being indispensable in a discourse analysis, was
considered an extremely costly solution. Although anaphoric expressions existed in
the extracts, they did not harm the intelligibility except in one case out of 10 docu-
ments.



3   Automatic Text Summarization Machines

3.1 Term-based Statistical Summarizer (TSS)

Despite termhood vagueness, the identification and extraction of terms is one of the
best understood and most robust Natural Language Processing (NLP) technologies.
From the point of view of operational Information Retrieval (IR) and Information
Extraction (IE) systems, the mapping from the document to a term set is a common-
place representation for content and domain characterization. Recent research has
shown that relatively simple natural language analysis methods such as some form of
partial parsing to match the text against a set of patterns, require less complex struc-
tures and sophisticated knowledge bases, which are not really important when consid-
ering the average information seeker but are essential in the area of domain-dependent
large scale systems. Our goal will be to find those terms that are characteristic of a
particular document.

3.1.1 Term Extraction
The term extraction process is a hybrid one, and operates in four pipelined stages:

 Lexical analysis and sentence boundary identification
 morphosyntactic annotation
 shallow parsing using a regular expression-based, term pattern grammar
 statistical filtering in order to remove grammar-extracted terms lacking sta-

tistical evidence

Figure 1 illustrates the processing stages of term extraction:

Figure 1. Term Extraction overall flow
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3.1.2 Pattern Grammar
The pattern grammar used in the syntactic analysis is a subset of pattern rules
presented in [9], that cover a great part of the Greek terminology. The term grammar
consists of a set of rules recognising one to three-word terms. Each rule was converted
to a non-deterministic finite state automaton (NDFA).



3.1.3 Statistical Filtering
After the term grammar module has been applied, the extracted terms are statistically
evaluated in order to remove items without adequate statistical evidence and thus
reduce the overgeneration effect caused by pattern grammars. Statistical evaluation is
performed using tf*idf , so that the frequency of the term in the domain is also taken
into consideration. The tf*idf metric is a standard weight computation method which
combines term frequency (TFi), the number of documents in a corpus1  (N) and the
number of documents (ni) that the term appears in:

i
ii

n
NTFidftf log* ⋅=  (1)

3.1.4 Sentence Selection
We determine the weight of each sentence by computing the sum over all tf*idf values
of the terms that were extracted in the previous step. The process provides a bias to-
wards longer sentences which appears to be appropriate as analyzed in [24]. The final
step of the method is sorting the sentences according to their weight and extracting the
number of sentences corresponding to the 10% abstract and the 20% abstract respec-
tively in input text order.

3.1.5 TSS Evaluation
The first abstracting machine that we have developed is an extension of the system
described in [24], in order to calculate sentence weights based on terms rather than on
content words.  Table 4 shows the evaluation metrics for TSS. The prescribed nature
of the system extracting the exact number of sentences corresponding to the given
compression levels of 10% and 20% yields equal figures for Precision and Recall. We
evaluate the system performance against the virtual summaries described in 2.2.3.
Table 4 also shows the lead  method evaluation against the virtual summaries. Num-
bers in bold are in percentage. Numbers in parentheses indicate the number of cor-
rectly extracted sentences against the maximum number that would lead to a 100%
success. Both [24] and [11] consider the lead2 method as their benchmark. TSS im-
proves the lead method at all levels. The improvement is 15%(78%) against the
10%(20%) majority summary and 67%(55%) against the 10%(20%) relevance sum-
mary.

                                                          
1 We used the ILSP Greek financial and political press corpus of 1200 documents (500K

words)
2 Select the first-N sentences from the beginning of the document



Table 4. All methods against the baseline

10% majority 20% majority 10% relevance 20% relevance
LEAD 27(7/26)

27(7/26)
27(14/52)
27(14/52)

46(12/26)
46(12/26)

58(30/52)
58(30/52)

TSS 31(8/26)
31(8/26)

48(25/52)
48(25/52)

77(20/26)
77(20/26)

90(47/52)
90(47/52)

RLS 50(13/26)
50(13/26)

56(29/52)
56(29/52)

81(21/26)
81(21/26)

92(48/52)
92(48/52)

MLS 15(15/98) 29(28/98) 57(56/98) 78(76/98)
3.2 Regression-based Learning Machine (RLS)

3.2.1 Learning Framework
The idea of developing a summarization system by combining the evidence from indi-
vidual features has been extensively studied in the bibliography. Edmundson  ([6])
introduces a scoring formula that encapsulates more than one diagnostic unit and has
the form of a weighted sum:

i

n

i
ixwScore ∑

=

=
1

 (2)

where  iw  is the weight of the i-th feature, ix  is the specific score of the sentence for

the i-th feature, n being the number of features. Automatic training of the weights iw
in a multiple linear regression analysis will be the core component of the RLS sum-
marizer.

3.2.2 Feature Set
We settled on a version of the feature set that was introduced in [6].
tf*idf feature: The term extraction module that was described in TSS calculates the
tf*idf score of each sentence as an integer number3.
cue phrase feature: The cue dictionary in use was compiled by human annotators and
refined according to linguistic criteria4.
lead feature: We have implemented a fraction of the general location method that
calls for parsing the skeleton of the document. After several experiments we have
retained the lead-4 characteristic.
title feature: Based on the hypothesis that the title circumscribes the subject matter of
the text,  we match each sentence’s content words to the title content words at the
lemma level.

3.2.3 Weighting by Information Gain
The general computational problem that needs to be solved in multiple regression
analysis is to fit a straight line to the instances in the training set. Each sentence is
described in terms of the four feature values described in 3.2.2. The purpose is to

                                                          
3 The sentence length bias is not eliminated
4 Our dictionary contains 50 indicator single and multi-word units

58(15/26) 54(28/52) 55(56/101) 51(76/14)



learn the relationship between the predictor  features and the binary target function
that selects a sentence to be part of the summary. The training set consists of 232
sentences  labeled positively if they belong to the relevance summary (selected at least
once by an annotator) and negatively, if not.

We use Information Gain ([20]) as a measure of the effectiveness of a feature in
classifying the training data. The Information Gain G(S, F) of a feature F relative to a
training set S, is defined as

∑
∈

−=
)(

)(
||

||
)(),(

FValuesv vSH
S
vS

SHFSG  (3)

where Values(F) is the set of all possible values for the feature F, vS  is the subset

of S for which feature F has value v: vS  = {s ∈  S|F(s) = v} and

∑
=

−==
c

i ipipSEntropySH
1 2log)()( where ip is the proportion of S belonging to

class i. Table 5 shows the Information Gain values for the feature set of RLS calcu-
lated in the collection of the sentence examples. A normalized version of Information
Gain (Gain Ratio) that eliminates the bias towards features with larger values has been
applied. The weight of each feature in (2) is equal to the feature’s Information Gain in
the training corpus. Thus, we have estimated the regression coefficients representing
the independent contribution of each feature to the prediction of the dependent vari-
able, equivalently, to the decision whether a sentence will be selected for inclusion in
the abstract. Each feature value is expressed by a normalization to its maximum value
within the document. This way a common range of values is defined for the full fea-
ture set and the bias towards large values is smoothed5.

Table 5. Feature values using Information Gain

3.2.4 RLS Evaluation
RLS is the second machine we have developed, based on shallow linguistic processing
and machine learning techniques. We determined the score of each sentence by using
(2) and the weights figured in Table 5. The sentence selection procedure is identical to
the one described in 3.1.5 for the TSS. The evaluation results are illustrated in Table
4.

Since the dataset was small, we used a cross validation strategy for evaluation by
selecting documents for testing one at a time and using all other documents for train-
ing. Evaluation figures show a noticeable improvement in comparison to both TSS
and the lead benchmark: at the 10%(20%) majority level the improvement is

                                                          
5 This way all values are scaled-down in the range [0-1], assigning 1 to the larger value of the

particular feature in the document

Feature Tf*idf Cue lead Title
Information Gain 0.56 0.38 0.25 0.37



61%(17%) against TSS and 85%(107%) against lead. The numbers at the relevance
level are 5%(2%) and 76%(59%) respectively6.

3.2.5 Remarks and Limitations
Multiple linear regression is a powerful concept learning method, but with several
limitations. The linear relationship between variables can practically never be con-
firmed. It is assumed that the residuals (predicted minus observed values) are normally
distributed, assumption that does not always hold true7.  Finally, the major conceptual
limitation of applying the regression technique in text summarization is that one can
only ascertain relationships, but never be sure about the underlying causal mechanism.

It is important to provide a further justification for using the notion of Information
Gain to calculate the regression coefficients. The concept of Maximum Entropy is
widely used for the construction of stochastic models of natural language. From a
Machine Learning point of view, a model with Maximum Entropy maximizes the
likelihood of the training sample. Thus, it minimizes the squared error between the
output hypothesis predictions and the training data ([16]). By consequence, our
method can be considered as an indirect least squares estimator for the dependent
variable that represents the decision to include a sentence in the abstract.

3.3  Memory-based Learning Machine (MLS)

3.3.1 Similarity-based Induction for Summarization
The main source of inspiration is the case-based approach to language ([1], [21]) in a
phenomenological learning framework (true of the data but does not explain much of
the machinery). We will test whether pattern association by direct reference to mem-
ory can be applied to the problem of sentence extraction.

Both TSS (3.1) and RLS (3.2) commit to a single hypothesis governing the entire
paradigm space. Their approximation of the target function takes the form of reason-
ing by deduction. An alternative approach could be to use the set of stored experi-
ences as the basis of answering questions about newly encountered instances. The
potential uses of this form of reasoning, called Memory-based Reasoning, in language
processing, are rapidly expanding.

3.3.2 Algorithm and Features
 When classification of a test vector Sx  is required, Memory-based algorithms re-

trieve and analyze the training data in a “local neighborhood” of Sx ([22]). The algo-

                                                          
6 We have experimented with relaxing the lead baseline by selecting each time a number of

sentences equal to the compression levels of 10% and 20%. The figures to beat were very
low and a uniform first-4 baseline was thought to be more indicative

7 It is always a good idea, before drawing final conclusions, to review the distributions of the
features of interest



rithm that has been used is a variation of the k-Nearest Neighbor algorithm. It learns
the target function by assigning the test vector Sx  to the hypothesis that is most fre-

quently represented in the k nearest training examples to Sx . A formal analysis of the
nearest neighbor presented in ([4]) is based on the following assumptions: the classi-
fied examples are independently and identically distributed (iid) and the sample size N
is infinitely large. In order to approximate the discrete-valued function

}1,0{: =>−ℜ Vf n each example ))(,( xfx  is stored into the memory. Given a

new instance to be classified, the value ∑
=∈

∆=
k

i
i

Vv
n xfvxf

1

))(,(maxarg)(  is cal-

culated, where kxx ...1  are the k training instances nearest to nx and ),( ba∆ is the

distance between the instances ba, .
For our experiments we have used TiMBL ([5]). The distance between two in-

stances is the sum of the differences between their features, weighted by the Informa-
tion Gain of each feature. The Modified Value Difference Metric described in ([22])
was used to determine the similarity between two values of a feature. The feature set is
identical to the one described in 3.2.2 and the number of training instances nearest to

nx  was fixed to 1.

3.3.3 MLS Evaluation and Discussion
A cross validation strategy for evaluation by selecting documents for testing one at a
time and using all other documents for training was followed. The results of the Mem-
ory-based approach for summarization are shown in Table 4. During classification
each sentence is presented to the system as a feature vector with four dimensions
(tf*idf, cue, lead, title) and is subsequently selected or rejected for inclusion in the
abstract according to the k-NN algorithm8.  Since the binary-valued classification
function does not have ranking capabilities, an average value of 42% of the input text
is extracted (98 sentences out of 232). In order to cater for the relative strength of each
sentence, all features are normalized by a division with their maximum values in the
document. Naturally the normalization holds for the classified instances too. We have
thus been able to capture the contextual dependency of each sentence on all the other
sentences of the document and to calculate the distance between the relative values of
two instances in their proper documents, instead of their absolute values.

 Although k-NN is an effective inductive reasoning method, it is sensitive to a
sparse dataset such as the one we have compiled and suffers from the curse of dimen-
sionality when irrelevant features are present. Also, since no post-editing was applied
to the output of the linguistic components such as the sentence recognizer, the mor-
phosyntactic analyzer and the term extractor, we can expect an impact from the noisy
examples in our corpus9.

                                                          
8 The dataset consists of 232 sentences manually classified as described in previous sections
9 The success of our tools is 95% for sentence recognition, 93% for POS tagging, 80% for

lemmatization and 60% for term recognition



4 Systems Comparison and Conclusion

A comparison of all methods that we have presented in this paper is given in Table 6.
Numbers are in percent. Numbers in parentheses show each method improvement
against the LEAD benchmark. The machines we have developed are grounded in a
robust machine learning framework. The feature computation procedure requires
shallow linguistic processing and statistical filtering. We have demonstrated the qual-
ity of the systems through experiments that involved a large number of human anno-
tators. Significantly higher scores than the lead benchmark are obtained for all sys-
tems, at the 20% level. TSS performance at the 10% level is almost equivalent to the
baseline, but MLS score at the same level is below the baseline, due to the limitations
explained in the previous section. The regression machine performance is impressive,
outperforming all other machines as well as the benchmark and being even above the
average subject agreement figures. Many ideas concerning machine learning in text
abstraction will be investigated in the future within a context-based strategy ([10]):
correlation between the features and non-linear regression analysis, introduction of a
new set of sophisticated psycholinguistic features and local probabilistic modeling of
the target function, among others.
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