A trainable algorithm for summarizing news stories

JoelLarocca Neto Alexandre D. Santos

Celso A.A. Kaestner Alex A. Freitas Julio C. Nievola

PUC - PR

PPGIA, CCET

Rua Imaculada Conceição, 1155

Curitiba, PR. 802 15 - 901 - Brazil

{joel, kaestner, denes, alex, nievola}@ppgia.pucpr.br

http://www.ppgia.pucpr.br/~alex

Abstract

This work proposes a trainable systemfor summarizing news and obtaining an approximate

argumentative structure ofthe source text. T o achieve these goals we use severaltechniques

and heuristics, such as detecting the main concepts in the text, connectivitybetween sentences,

occurrence ofproper nouns, anaphors, discourse markers and a binary - tree representation (due

to the use ofan agglomerative clustering algorithm). The proposed systemwas evaluated on a

set of800 documents.

1 Introduction

Text summarization is essentiallythe process ofreducing the size ofa text, yet preserving

its information content. Producing a summaryofa nygiven text is a challenge that requires a

fullunderstanding ofthe text, which is beyond the state - of - the - art ofcomputer science

[Brandow 94], [Mitra 97]. However, there are severalrobust text - summarization systems that

use statisticaltechniques and /or techniques based on superficial, domain - independent

linguistics analyses.

The vast majorityofcurrent summarization systems performan extractive summarization.

This is a relativelysimplified formofthe summarization task where originalsentences o fthe

document are selected to be included in the summaryaccording to predefined criteria. This

approach reduces the need for a fullunderstanding ofthe text and avoids the need for

generating a new text (the summary) in natural language. Extractive summ arization can be

defined as the selection ofa subset ofsentences ofthe document that is representative ofits

content. This is typicallydone byranking the originalsentences and selecting the sentences

with higher score. Although there is no guarantee that the summaries obtained bythis approach

willhave narrative coherence, this approach is feasible byusing current technology, and in any

case the summaries can be useful.

Although manydocuments alreadycontain a summaryproduced bythe text´s autho r, the

automatic generation ofsummaries presents some unique advantages:

(a) It is possible to generate a summarywith the size specified bythe user, with the desired

levelofgranularity - unlike manually - written summaries, which are static;

(b) It is possible to create links between a sentence ofthe summaryand a corresponding

block ofsentences in the fulltext;

(c) It is possible to create user - focused summaries, selecting information relevant for any

given user, rather than information considered r elevant bythe author.

This work proposes a machine learning - based trainable systemfor summarizing news. In

addition, our systemalso outputs an approximate argumentative structure ofthe text.

This paper is organized as follows. Section 2 discusses rela ted work on text summarization.

Section 3 introduces our proposed system. Section 4 discusses computationalresults obtained

byapplying the proposed systemon a set of800 documents. Finally, section 5 concludes the paper.

2 Related Work

2.1 Machine Lear ning - based Text Summarization

The most influentialproject in the area oftrainable summarizers was the seminalwork of

[Kupiec 95]. Kupiec proposed to cast summarization as a classification problem, where the goal is to discover a classification function that accepts as input a sentence and assigns it to one out oftwo classes: ^summary~ or ^not - summary~. His systemused five features, namely:

an indication ofwhether or not the sentence length was below a prespecified ( sentence - length cutoff feature ); occ urrence ofcue words ( fixed phrase ), position ofthe sentence in the text and in the paragraph ( paragraph ), occurrence of frequent words ( thematic words ), and occurrence ofwords in capital letters, excluding the first word ofa sentence and common abbrev iations

( uppercase word ). He used Naive - Bayes as the trainable algorithm. This algorithmcomputed the probabilityofeach sentence being in the summary, and the sentences with higher probabilitywere selected. The data set contained 188 documents with extr active summaries produced byusing a combination oftwo techniques: (a) automatic alignment ofsentences with a manually - produced summary; (b) manualalignment performed byhuman judges. Kupiec did experiments with severalsubsets of features, and the best results were achieved with a subset containing three features: paragraph , fixed - phrase and sentence length cutoff . Using this feature subset, Naive - Bayes performing cross - validation achieved an accurate rate of42% on the test set.

[Teufel99] developed t echniques for summarizing long texts, like magazine articles, with

20 or more pages. Teufelproposes a technique that selects for inclusion in the summarya subset ofsentences that preserves some information about the generalrhetoric structure ofthe tex t. In order to train the summarizer, seven features/heuristics were used. Four ofthemwere similar to the features used byKupiec. The three other features were: indicator quality , indicating the occurrence ofmeta - comments in the text; indicator rhetoric s , modeling the rhetoricalcontribution ofthe phrases; and header type , specifying in which part ofthe text the sentence is included - e.g. ^Introduction~, ^Conclusion~, etc. The document base used was the

CMP - LG, containing about 201 technicalarticles. In experiments with Naive - Bayes performing cross - validation, the best result - achieved using allfeatures but indicator rhetorics

- was 66% ofaccuracyon the test set.

[Mani98] has used several machine learning techniques to discover features indicati ng the salience ofa sentence. This work addressed the production ofgeneric and user - focused summaries. Features were divided into three groups: locational, thematic and cohesion features. The document base used was the CMP - LG, also used by[Teufel99], w hich contains summaries provided bythe text´s author. The extractive summaries required for training were automaticallygenerated as follows: the summaryprovided bythe author is applied as a query to each sentence ofthe document. The similaritybetween the queryand each sentence is computed, and the n sentences most similar to the queryare selected for the summary, so producing fixed - length summaries (typically10% or 20% ofthe totalnumber ofsentences).

The experiments used three different algorith ms, evaluated via 10 - fold cross - validation. The best result for generic summaries was obtained byC4.5, which achieved an accuracyrate of

69%.

2.2 Summarization of News

[Strzalkowski98] has proposed a systemfor summarizing news based on regularities in text organization, called DMS (Discourse Macro Structure). The basic idea is that a summary

should reflect the components ofthe DMS. According to the author, news tend to be

generated byusing components that can be classified into two basic categories: a ^what´s - the -

news~ categoryand an optional^background~ category. The background category, ifpresent,

provides the context necessaryfor understanding the news. Relevant sentences are selected

through severalcriteria, including the presence ofwords an d phrases frequent in the text, title

words, words occurring in the initialsentence ofmultiple paragraphs, paragraphs close to the

beginning ofthe document, occurrence ofproper names ofpeople, places, organizations and

certain ^clue phrases~ that indi cate a main point ofthe text. Background sentences were

selected through the presence ofanaphors and externalreferences, partialproper nouns, and

presence ofconnectives ofdiscourse - i.e. cohesive markers such as ^Furthermore~, ^But~,

^Also~. In addi tion, background sentences tend to represent an isolated cluster with respect to

terms used in the rest ofthe document, having low cohesion with the rest ofthe text [Salton

94].

2.3 Obtaining the argumentative structure of the text

The problemofobtain ing the complete rhetoric structure oftexts was addressed by[Marcu

99]. Marcu proposed a systembased on the RhetoricalStructure Theory(RST), one ofthe

most popular discourse theories in NaturalLanguage Generation research. The centralpoint of

the t heoryis the notion ofrhetoric relations, which are relations between two non - overlapping

segments oftext, called Nucleus and Satellite. A nucleus express the essentialarguments ofthe

text, unlike the satellites. A nucleus is also understandable byits elf, regardless ofits satellites,

but vice - versa is not true. However, the automatic identification ofsuch structures requires a

deep understanding ofthe text and the application ofthis approach in a considerable volume of

texts has yet to be shown.

[O no 94] and [Kurohashi94] proposed methods for an approximate identification of

discourse structure byusing onlysuperficialtext analysis techniques, such as detection ofkey

expressions and occurrences ofidenticalwords or synonyms, and computation of the similarity

between two sentences.

[Yaari97] proposed a text segmentation method based on agglomerative clustering. The

bottom - up HierarchicalAgglomerative Clustering algorithm is a widelyused clustering method

in information retrievaland linguistic s.

This algorithmsuccessivelygrows "coherent" segments byappending lexicallyrelated

paragraphs.

The algorithmis implemented as follows:

1) Partition the text to elementarysegments

2) While more than on segment left do

Applya proximitytest to fi nd the two most similar consecutive segments, s i , s i+1 .

Merge s i , s i+1 into one segment

End While

The proximitytest used is the cosine similaritybetween two text segments, using the

vectorialrepresentation. Unlike generalagglomerative clustering a pplications, the proximity

test is applied onlyto the two neighbors ofa segment.

The output ofthe algorithm is a binarytree built through iterative merging ofthe most

similar paragraphs.

[Mani98b] compared the trees produced via agglomerative cluster ing with rhetorical

structure [Marcu 99] on seven documents. The results show that the trees produced by

agglomerative clustering have a coarse - grained segmentation (at the levelofparagraph) ofthe

topic structure ofthe text, whereas rhetoricalstructur e trees have a fine - grained segmentation

(at the levelofclause). In generalthe trees generated byboth approaches are verydifferent, but occasionallythere are some points ofsimilarity.

3 The Proposed Approach

News represent an important field ofapp lication for automatic summarization. The goalof this work is the development ofa trainable systemfor summarizing news and obtaining an approximate argumentative structure ofthe text, using some heuristics proposed by

[Strzalkowski98].

3.1 Obtaining an approximate structure of the text

Our proposed method produces an approximate structuring ofthe text combining ideas of severalofthe projects mentioned in section 2. More precisely, we combine the output ofan agglomerative clustering algorithmwith the detection ofsentences that are either relevant

(capturing the main ideas ofthe document) or background (containing additional, not essential information).

The detection ofbackground sentences is based on the following criteria:

* The sentence conta ins few or no main concept(s) ofthe text;

* The sentence is located at a shallow position (i.e. close to the root) in the tree produced byagglomerative clustering, since it has low cohesion with the other sentences. We consider a sentence position as ^sh allow~ ifits depth is less than or equalto halfthe totaldepth ofthe tree;

* The sentence contains anaphors or externalreferences;

* There are discourse markers in the beginning ofthe sentence.

To illustrate the main ideas ofour proposed method, con sider the following text and its corresponding tree produced byagglomerative clustering in figure 1.

P1 (0.29) Old - Fashioned and Reliable

P2 (0.48) Nantucket Corp., Clipper, $695

P3 (0.41) A solid and unspectacular performer, Clipper is a good choice fo r developers who want totally self - sufficient applications needing no run - time support.

P4 (0.04) Clipper operates in the two - step compile - and - link cycle familiar to programmers using traditional languages, such as C or COBOL.

P5 (0.24) In the applicati on - development stage, Clipper is not as convenient as an interpreter, and its programs are not quite as fast as those of FoxBASE+.

P6 (0.14) HOWEVER, Clipper offers the advantage of stand - alone programs that need no run - time system.

P7 (0.13) ALTHOUGH Cl ipper pioneered many of the dBASE language enhancements now embraced by

Ashton - Tate and other vendors, its implementation lags behind the others’ in some ways.

P8 (0.12) FOR EXAMPLE, Clipper supports only one - dimensional arrays; dBASE IV and FoxBASE+ al low for two dimensions, and Quicksilver can handle as many as 255.

P9 (0.41) The product’s two methods for creating menus are confusing and rather limited.

P10 (0.16) THE FIRST, which is similar to dBASE IV’s syntax, requires the definition of each menu item in a separate program statement; the other method defines menu prompts as the elements of an array.

P11 (0.20) Both methods create one - dimensional lists of options, and although nested menus are possible, automatic drop - downs are not.

P12 (0.11) Cli pper has been around for some time, and many aftermarket products, such as function libraries and help files, are available.

P13 (0.21) Any third - party enhancements for dBASE - compatible products are sure to include a

Clipper - compatible version.

P14 (0.2 3) Nantucket Corp. of Los Angeles can be reached at (213) 390 - 7923.

Figure 1 ˘ BinaryTree produced byagglomerative clustering

The real - valued number between brackets is the degree to which the sentence captures the

main concepts of the document.

In this example the following sentences would be considered background:

* 1 - low depth in the tree

* 4 - low relevance (0.04) with respect to the main concepts ofthe document

* 6, 7 and 8 - presence ofdiscourse markers: ^however~, ^althou gh~ and ^for example~

* 10 - presence ofanaphors in the expression ^the first~.

Therefore, onlythe sentences represented bya greybox in the figure would be considered

essential. Note that the clusters represented in the figure were formed bygrouping s entences

according to the main ideas ofthe text, as follows:

* Group P2 - P3 provides an overview ofthe product;

* Group P5 - P8 compares the Clipper language with other languages such as FoxBASE+;

* Group P9 - P11 discusses methods ofmenu creation;

* Group P 12 - P14 discusses the use oflibraries and third partytools.

Although the results achieved bythe proposed method are not nearlyenough similar to

rhetoricalstructure trees, the representation obtained bythe method eliminated intuitively

irrelevant sente nces fromthe text and grouped together sentences containing similar ideas.

3.2 A trainable system for summarizing news

Using an approximate representation oftext structure we can select a set of features to be

used byan automatic summarization system. The features used in our systemare as follows:

3.2.1 Main concepts indicator

This feature indicates whether or not the sentence captures the main concepts ofthe

document. The main concepts ofthe document are in generalrepresented as a set of

words/p hrases, which can be obtained in severaldifferent ways. The simplest method is to

detect words with high frequencyin the document - i.e. high tf(termfrequency). Alternatively,

one can detect words with high value oftf - idf(termfrequency - inverse doc ument frequency),

which corresponds to detecting words that not onlyhave high frequencyin the current

document but also are relativelyrare in a large collection ofdocuments. In [Lin 95] the central

concepts ofthe text were obtained through the general ization relationships found in WordNet.

[Turney00] proposed the systemGenEx, formed bytwo components: the genetic algorithm

Genitor, which maximizes the performance in training data, and the algorithmExtractor, which

obtains a list ofkeyphrases from a document. In our systemwe propose a simpler idea: we restrict the analysis ofthe text onlyto individualwords, rather than phrases. Since the vast majorityofsignificant words in a document are nouns, we propose the following procedure to identifyre levant words:

(a) Allsentences are analyzed bya part - of - speech software. We have used Brill[Brill92], a

POS software widelyused in the literature;

(b) Allnouns in the document are considered as terms, removing duplicates - i.e. each noun corresponds to just one term, regardless ofits number ofoccurrences in the text.

(c) For each term, we count the number ofsentences where the termoccurs at least once;

(d) The 15 terms with largest value ofthe counter computed in step (c) are selected.

Despite th e simplicityofthe above procedure, analysis ofour experiments have shown that it effectivelyobtains words that are representative ofthe documents´ contents. In addition, we have analyzed the use ofthe Extractor software to obtain the 15 words/keyphr ases more relevant ofeach document, as willbe discussed in section 4.

3.2.2 Occurrence ofproper nouns

Occurrence ofproper nouns ofpeople, places and organizations represent clues ofpositive relevance ofa sentence for the summary, especiallyin news texts. In order to detect proper nouns we decided to capitalize on the use ofthe BrillPart - of - Speech tagger, considering as proper nouns allwords that were so identified bythat software. Analyzes ofour results have shown that the majorityofproper n ouns ofpeople and places were correctlydetected byBrill.

3.2.3 Occurrence ofanaphors

Ocurrence ofanaphors usuallyindicates the presence ofadditionalinformation, not essential for the contents ofthe summary. The systemused for detecting anaphors is similar to the one proposed by[Strzalkowski98]: certain nouns and expressions that occur in the beginning of sentences (in the first six words) are used for detecting anaphors. It should be noted that the system is designed onlyfor detecting anaphors , and not for resolving them(replacing the anaphor bythe termwhich it refers to).

3.3.4 Occurrence ofdiscourse markers in the beginning ofsentence

Some markers that frequentlyoccur in the beginning ofdiscourse - such as ^Because~,

^Furthermore~ and ^Additionally~ - are considered indicators ofthe presence ofadditional information, not essentialfor the summary. Our systemused a list ofabout 150 common markers.

3.2.5 Connectivityofsentences

Once there is evidence that sentences not essentialf or the summarypresent low cohesion, we have included in our systema feature that indicates the degree ofconnectivitybetween sentences. To compute this feature we have used a procedure similar to the computation of

Text Relationship Maps [Mitra 97], as follows:

- Each sentence is represented in vectorialformand is then applied as a queryto the other sentences ofthe document, to compute the similaritybetween the queryand each ofthe other sentences;

- The totalsimilarityvalue ofeach sentence is o btained through the sumofthe individual similarityvalues between that sentence and each ofthe other sentences;

- The totalsimilarityvalue ofeach sentence is normalized bydividing the value computed in the previous step bythe largest totalsimilari tyvalue among allsentences. This produces, for each sentence, a number between 0 and 1 which is the degree ofconnectivityofthat sentence.

- Finally, the real - valued degrees ofconnectivitycomputed in the previous step are

discretized into three categ oricalvalues: low, mediumand high.

3.2.6 Sentence Depth in the Tree

This feature indicates the depth ofthe sentence in the tree produced bythe agglomerative

clustering algorithm, normalized bythe entire tree depth. Intuitively, sentences located at

s hallow levels (close to the root) ofthe tree are associated with a lower degree ofcohesion

with the rest ofthe text, and so theyprobablyrepresent non - essentialinformation.

3.2.7 Position in the Tree

Locationalfeatures are veryimportant in summariz ation systems, especiallyin trainable

ones. In [Mani98a] allthe organizationalstructure ofthe text was used - paragraphs, sections,

subsections, etc. Although we mayassume that this kind ofinformation is available in semi -

structured texts, their use reduces the generalityofthe summarization system. In other words,

this kind ofinformation is not available in commonplace, non - structured text. We want our

summarization systemto be as general - purpose (concerning the type ofthe document being

summari zed) as possible. Hence, instead ofrelying on structural information available onlyin

semi - structured texts, we have decided to obtain locational information fromthe tree produced

byagglomerative clustering. This approach has the advantage that this ki nd oftree can be

produced for anytext, even non - structured ones.

We use the path fromthe root ofthe tree to the selected sentence, onlyconsidering the first

4 nodes. The possible values for each one of4 nodes are: left, right and none.

Note that the locational information that we get fromthe tree is richer than the relative

position ofthe sentence in the document, since the tree structure reflects information of

cohesion between sentences, which corresponds to an approximate ^topicaldivision~ oft he

text into four levels.

Using the above - described features, each document sentence is represented in our systemas

follows:

Occurrence

of proper

nouns

Main

concepts

indicator

Occurrence

of anaphors

Occurrence

of discourse

markers in

the beginning

of sen tence

Connectivity

of sentences

Sentence

Depth in

the Tree

First

Level

Position

in the

Tree

Second

Level

Position

in the

Tree

Third

Level

Position

in the

Tree

Fouth

Level

Position

in the

Tree

Sentence

in

Summary

TRUE High FALSE TRUE High Low Left Right Le ft Left YES

TRUE Low FALSE FALSE Low High Right Left Left None NO

Table 1 ˘ Features used in our system

4 Results

The systemwas trained and tested using Ziff - Davis texts fromthe TIPSTER´s document

base [Harman 94]. The base consists oftexts ofmagazi nes about computers, hardware,

software, etc. Among the available texts, about 33,658 contain a summaryprovided bythe

text´s author. Text sizes are considerablydiverse: from2 kbytes to more than 64 kbytes. For

our experiments we have used onlytexts wh ose size is between 20 to 25 kbytes, which

constitute a set of900 documents. We have partitioned this set into two document bases: an

initial - base with 100 documents and a final - base with 800 documents. The former was used

for some preliminaryexperiments , including the selection ofa good feature subset. Once the

feature subset was selected and some systemparameters were set, we have performed the final

experiments - whose results are reported in this section - using the final - base .

The manualproduction ofextractive summaries is a veryexpensive task, with respect to both resources and time. It is important to avoid this bottleneck in our experiments, since we use a large document base. To achieve this goalwe have opted for the automatic generation of extractive summaries proposed by[Mani98a], as described in section 2. As mentioned in that section, this technique produces fixed - size summaries - typically10% or 20% ofthe total number ofsentences. Although there is no guarantee that the summaries pr oduced bythis technique have the same contents as the summaryproduced bythe text´s author, we have empiricallyobserved that the automatically - produced summaries are wellcorrelated with their manualcounterpart. One example ofboth kinds ofsummarypro duced for a given text is as follows:

AUTHOR SUMMARY

The Securities and Exchange Commission (SEC) is completing the testing of its Electronic Data

Gathering, Analysis and Retrieval System (EDGAR).

The agency will spend $12 million over the next four years for office automation services for its 2,400 employees.

As a result, all of its employees currently have microcomputers which are connected to local area networks.

The networks are linked to 56K - bps X.25 packet - switching wide - area networks provide d by

British Telecom Tymnet.

Employees will be able to access mainframe computers at the regional SEC offices in New

York, Boston, Denver, Los Angeles and Atlanta from their desktops.

LANs running the NetWare operating system from Novell Inc will interc onnect SEC employees to nine regional centers, and by May 1992 all data will be transferred through the packet - switched FTS 2000 network.

EXTRACTIVE SUMMARY

The Electronic Data Gathering, Analysis and Retrieval System, now in the operational testing p hase, has been a hard - won success for the SEC.

To keep pace, the SEC plans to spend about $12 million over four years to bring office automation services to its 2,400 employees nationwide, Fogash said.

During the past few years the commission has bought microcomputers for all its employees and begun setting up integrated local area networks.

Five regional offices -- in New York, Boston, Denver, Los Angeles and Atlanta -- have LANs connected to Washington headquarters by a 56 - kilobit \ sec wide area netwo rk.

SEC plans to have Novell Inc. NetWare LANs in all nine regions interconnected by the end of this year and will move its packet - switched communications to FTS 2000 by next May, Fogash said.

For some kinds oftext, such as interviews or veryshort tex ts, this automatic generation of extractive summaries leaves a lot to be desired. However, this is a limitation ofextractive summaries in general, regardless ofhow theyare generated, since extractive summarization does not involve the production ofnew text (which could improve the summaryquality).

In both the preliminaryexperiments with the initial - base and the finalexperiments with the final - base , allresults were obtained using a 10 - fold cross - validation procedure. We have used two classification a lgorithms: Naive - Bayes and C4.5 [Quinlan 93]. The performance ofthese algorithms was compared against the baseline strategyofselecting the first n sentences ofthe document, where n is the number ofsentences selected for the summary(byboth Naive - Baye s and C4.5). In previous work [Brandow 94], [Mitra 97] the summaries produced bysuch a simple baseline strategywere better than some more elaborated techniques. This simple baseline strategytends to have good performance particularlyin newspaper - style text, where the most important information is often presented, in a condensed form, in the first few sentences ofthe document.

In our experiments we have produced fixed - size summaries with 10% or 20% ofthe sentences ofthe document. In order to produce f ixed - size summaries we have used the following strategyfor each classifier:

* In the case ofNaive - Bayes, which computes the probabilitythat each sentence belongs to

the summary, the n sentences with largest value ofthis probabilityare selected for the

summary;

* In the case ofC4.5 - which in its default formoutputs onlythe predicted class, and not the

class probabilities - we have used the - p option ofthis tool, which generates soft - threshold

decision trees providing an estimate ofthe class probab ilities [Turney00]. Our systemselects

the n sentences with largest value ofthis probabilityto be included in the summary.

Another problemwe had to dealwith in our experiments was the problemofunbalanced

classes. In our case, only10% or 20% ofthe examples belonged to the positive class

(corresponding to a sentence included in the summary). In highly - skewed class distribution

problems, such as our experiments when the summaries contained only10% ofthe document

sentences, severalrule induction alg orithms - including C4.5 - tend to predict almost always

the negative class (sentence not included in the summary), since this prediction can easilylead

to a high accuracyrate (90% and 80% in the case ofour experiments). We have experimented

with two so lutions for this problem, namely:

* Majority - class removal: Allpositive - class (minority - class) examples are kept in the

training set, but most negative - class (majority - class) examples are removed fromthe training

set, so that the class distribution in th e training set becomes approximately50% - 50%. A

similar technique is used by[Mani98a]. This technique has the disadvantage ofdiscarding

potentiallyusefuldata.

* Minority - class replication: Instead ofremoving negative - class (majority - class) examples,

this technique replicates positive - class (minority - class) examples, so that the class distribution

in the training set again becomes approximately50% - 50%. For instance, ifthe originalclass

distribution was 10% - 90%, after replication there willbe nine c opies ofeach ofthe original

minority - class examples. Although this technique has the disadvantage ofproducing a larger

training set with redundant data, which increases processing time, it avoids the danger of

discarding potentiallyusefuldata, and so it is expected to lead to better predictive accuracy.

As usual in information retrieval, predictive accuracyis evaluated in terms ofrecalland

precision. In the case ofour experiments (and other experiments on trainable summarizers

producing fixed - lengt h summaries), however, the number ofsentences predicted to belong to

the summaryequals the number ofsentences actuallyin the summary, bydefinition. In this case

precision = recall= accuracyrate, so hereafter we simplyrefer to the accuracyrate oft he

summarizer on the test set, for short.

4.1 Preliminary Experiments (100 documents)

The results ofour preliminaryexperiments are reported in the below table:

Baseline Naive - Bayes C4.5 with Minority - class

replication

C4.5 with Majority - class

removal

22.70% 38.49% 33.82% 26.60%

Table 2 - Initial - base results for 10% summaries using allfeatures

Naive - Bayes achieved the highest accuracyrate, among the four summarization methods.

Both Naive - Bayes and C4.5 achieved accuracyrates higher than the basel ine strategy. Out of

the two strategies used for coping with unbalanced classes, minority - class replication produced

better results.

In order to select a subset ofrelevant features for classification, among allfeatures

discussed in section 3.2, we have run C4.5 seven times. In each ofthese runs C4.5 had access

to onlyone ofthe seven features discussed in section 3.2. (In allruns C4.5 also had access to the class attribute, ofcourse.) Onlythree out ofthose seven features had a predictive accuracy h igher than the baseline summarizer, namely:

* occurrence ofproper nouns - accuracyof22.9%

* connectivityofsentences - accuracyof36.9%

* main concepts indicator - accuracyof29.2%

In addition, we ran another experiment where the third above feature was modified to consider 15 keywords extracted fromthe document bythe Extractor software. The result achieved byC4.5 using this feature onlywas:

* main concepts indicator - accuracyof24.1%

Surprisingly, although the Extractor software is a much more elaborated method than the simple keyword - extraction procedure proposed in section 3.2.1, the latter led to better results than the former.

We then ran an experiment using onlythe three highest - performance features (occurrence of proper nouns, connectivi tyofsentences, main concepts indicator) and selecting 10% of sentences for the summary. The results are reported in the below table.

Baseline Naive - Bayes C4.5 with Minority - class replication

C4.5 with Majority - class removal

22.70% 38.38% 39.55% 39.46%

Table 3 - Initial - base results for 10% summaries using the three highest - performance features

Comparing Table 2 with Table 3, one can see that the performance ofNaive - Bayes with the three selected features was almost the same as with allfeatures. Howev er, the performance of

C4.5 with the three selected features was considerablybetter than with allfeatures. When only the three selected features are used, Naive - Bayes and C4.5 achieve similar predictive accuracy rates.

We also ran another experiment usin g onlythe three above - mentioned features, but this time selecting 20% ofsentences for the summary. The results are reported in the below table.

Baseline Naive - Bayes C4.5 with Minority - class replication

C4.5 with Majority - class removal

31.70% 46.94%

49. 19% 49.32%

Table 4 - Initial - base results for 20% summaries using the three highest - performance features

The decision tree produced byC4.5 for summaries with 20% ofsentences is extremely simple, as can be seen below.

SentenceConnectivity = medium: tru e (13056.0/4901.5)

SentenceConnectivity = low: true (5482.0/707.5)

SentenceConnectivity = high:

| MainConcepts = high: false (7962.0/1910.5)

| MainConcepts = medium: false (942.0/320.5)

| MainConcepts = low:

| | ProperNames = TRUE: true (57.0/22. 5)

| | ProperNames = FALSE: false (64.0/30.5)

Apparently, high - cohesion sentences are evidence that the sentence should not be included in the summary. This is surprising, since there are manytechniques that select for the summary

sentences with a hi gh degree ofcohesion [Mitra 97], [Barzilay97]. However, these results are

not entirelyconclusive, because the summaries ofour training base were not produced by

humans. In addition, it is possible that these results reflect a tendencyofthe document b ase

used in the experiments.

4.2 Final Experiments (800 documents)

The preliminaryexperiments reported in the previous section were usefulfor select the best

combination of features. Once these parameters were set we run our finalset ofexperiments,

wh ose results are reported in the below table.

Experiment Baseline Naive - Bayes C4.5 with

Minority - class

replication

C4.5 with

Majority - class

removal

10% - all Features 22.50% 37.27% 37.92% 36.69%

10% - three highest -

performance features

22.50% 36.32% 37.9 9% 37.66%

20% - three highest -

performance features

31.70% 47.79% 50.60% 50.60%

Table 5 - Final - base results

5 Conclusion

This work has proposed a trainable systemthat automaticallysummarizes news and obtains

an approximate argumentative structure oft heir text. The systemwas evaluated on a base of

800 documents, which is considerablylarger than the document base used in most ofthe

literature on trainable summarizers. When producing a summarywith 20% ofsentences ofthe

source document, our systema chieved an accuracyrate of50.6% using C4.5 as the sentence

classifier.

Surprisingly, the use ofonlythree features led to a performance similar or superior to the

use ofallseven features described in section 3.2. In particular, the features obtained f romthe

tree produced byagglomerative clustering, occurrence ofanaphors and discourse markers in

the beginning ofsentences were considered oflittle relevance for the summarization task. A

possible explanation for this is that the summaries ofour train ing base were automatically

produced, rather than being produced bya human. This fact probablyreduces the importance

of features that evaluate the readability/coherence ofthe summary, such as occurrence of

anaphors and discourse markers. A human judge w ould hardlyselect a sentence with an

anaphor to be included in the summary - unless the previous sentence was also selected. By

contrast, automatically - produced summaries do not have this restriction, theycan easily

contain sentences with anaphors.

In our future work we intend to evaluate the performance ofthe systemon documents with

summaries produced byhuman judges.

6 References

[Barzilay97] Barzilay, R. ; Elahad, M. Using Lexical Chains for Text Summarization. In Mani, I. e Maybury,

M. T., eds ., In Proceedings of the ACL/EACL - 97 Workshop on Intelligent Scalable Text Summarization .

Association of Computional Linguistics. 1997.

[Brandow94] Brandow, R. ; Mitze, K. , Rau, L. Automatic condensation of eletronic publications bysentence

selection. Information Processing and Management , 31, 5 , 675 - 685. 1994.