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Abstract

This thesis describes the implementation and evaluation of a system for automatic, extractive
single document summarization. Three different unsupervised algorithms for sentence relevance
ranking are evaluated to form the basis of this system. The first is the well established, graph
based TextRank, the second is based on K-means clustering and the third on one-class support
vector machines (SVM). Further more, several different variations of the original approaches are
evaluated. These algorithms are, in themselves, language independent, but language dependent
text preprocessing is needed to use them in this setting. Evaluations of the system, using the
de facto standard ROUGE evaluation toolkit, shows that TextRank obtains the best score. The
K-means approach gives competitive results, beating the predefined baselines on the main test
corpus. The one-class SVM yields the worst performance of the three, but still manage to beat
one of two baselines. The system is evaluated for both English and Swedish, however, the main
evaluation is done for short news articles in English. In our opinion this system, together with
domain specific boosting provides adequate results for the corpora tested.



Generated abstract

What follows is a extractive summary, generated using the system described in this thesis on
sentences from the motivation and scope sections.

A good way to get an overview of a text is to read a summary of it, but writing
summaries is a time consuming task. For instance, if one would have a system to
generate summaries automatically, those summaries could be used to populate a meta
data field in an indexing service. When someone searches that index, the summary could
be presented and he/she could determine if a specific document seems interesting. There
are many different aspects to the field of document summarization, this thesis will in
no means investigate them all. In single document summarization, only one document
is used as basis for the summary. Extractive automatic document summarization can
be seen as a machine learning task, where a system is to learn what kind of sentences it
should extract from a document to form a good summary, given a set of features. An
unsupervised approach would require no training set, or knowledge of what sentences
“should” be extracted from each document. In conclusion, this thesis addresses the
construction and evaluation of a system for automatic, extractive summary generation
of single documents. This system is based on three different unsupervised algorithms:
TextRank, K-means clustering and one-class SVM.
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CONTENTS CONTENTS

Terminology

e NLP - Natural Language Processing, a field of Computer Science, Artificial Intelligence
and Linguistics, concerned with the understanding/interpretation of human language by
computers.

e Document - For the purpose of this report, a document is a textual entity consisting of a
title and a collection of sentences (for example a news article).

e Corpus - A collection of documents (plural corpora).

e PoS-tag - Part of Speech tag, a tag marking the lexical class of a word, such as nouns, verbs,
adjectives, etc.

o Clustering - The task of grouping similar entities into coherent groups, based on the features
of the entities.

e Tokenization - The task of dividing a text string into meaningful entities/tokens, such as
words, numbers, punctuations etc.

e NP-chunking - Noun Phrase chunking, the task of identifying noun groups (phrases) in a text
string.

e Noun phrase - A phrase built around a noun, consisting of a noun/pronoun and words that
“modify” that noun/pronoun.

e NER - Named Entity Recognition, the task of extracting all names (persons, places, organi-
zations etc.) form a text string.

e Dependency structure - A linguistic analysis of a sentence, represented as a graph, where
nodes are the tokens and edges are grammatical relations.

e Stemming - The task identifying the stem or “root” of a word, often by removing its affix.

e Keyword - For the purpose of this report, a word or phrase of high importance to the content
of a certain document.

e N-gram - A n-gram is a sequence of n consecutive text entities in a text, in this report the
entities are words.



Chapter 1

Introduction

This thesis was written as a master thesis at Chalmers University of Technology and Findwise AB,
Goteborg, Sweden in the spring of 2012. The thesis addresses the implementation and evaluation
of a system for automatic extraction of summaries from single documents.

1.1 Motivation

In today’s society people have access to vast amounts of textual information by the press of a
button. This calls for ways to evaluate the relevance of text documents without reading the entire
text. A good way to get an overview of a text is to read a summary of it, but writing summaries
is a time consuming task. One way to address this problem is automatic summary generation.

For instance, if one would have a system to generate summaries automatically, those summaries
could be used to populate a meta data field in an indexing servicdﬂ When someone searches that
index, the summary could be presented and he/she could determine if a specific document seems
interesting.

Automatic document summarization is an advanced topic, touching several other fields in computer
science such as NLP, machine learning and algorithm analysis. Even though deep understanding
of these fields is not needed to understand this report, one needs knowledge in these subjects to
construct a summarization system.

1.2 Scope

There are many different aspects to the field of document summarization, this thesis will in no
means investigate them all. What follows is a definition of the scope and limitation of the study
conducted.

There are two major categories of automatically generated summaries, abstractive and extractive
summaries. These two concepts will be explained further in chapter Only extractive summa-
rization will be evaluated in this report.

Summarization of texts can be done on different levels. Depending on the application, it might be
relevant to take either one or several documents into consideration to create a summary. In multi

1Search engine indexing collects, parses, and stores data to facilitate fast and accurate information retrieval|7].
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document summarization, the idea is to take several documents describing, for instance, the same
event as input and return a summary of that event. In single document summarization, only one
document is used as basis for the summary. One of the goals of the work underlying this report is
to be able to summarize documents to be used in an indexing service, this means only the subject
of single document will be investigated in this report.

Extractive automatic document summarization can be seen as a machine learning task, where
a system is to learn what kind of sentences it should extract from a document to form a good
summary, given a set of features. A supervised machine learning approach requires the use of a
good training set consisting of text documents paired with “gold standard” sentences from each
document. An unsupervised approach would require no training set, or knowledge of what sentences
“should” be extracted from each document. As such training sets proved hard to come by, this
thesis focuses solely on unsupervised approaches.

More specifically, this thesis will address the implementation and evaluation of three unsupervised
algorithms. The first one, TextRank, is a well know algorithm that have been shown to performed
well in the past[46]. The second, based on k-means clustering, is highly influenced by previous
research in the field providing promising results[30]. However, the feature representation forming
the basis for the clustering in this approach differs significantly from that of the previous work. The
third approach, based on one-class Support Vector Machines (SVM) have, to our best knowledge,
not been tested in the setting of automatic single document summarization before. TextRank and
one-class SVM will be varied by evaluation of several different similarity measures for sentences,
while K-means clustering will be varied by several different feature representations.

The three unsupervised algorithms are by themselves language independent, but dependent on
language specific preprocessing. This report will only address evaluation for summary generation
in English and Swedish.

In conclusion, this thesis addresses the construction and evaluation of a system for automatic,
extractive summary generation of single documents. This system is based on three different unsu-
pervised algorithms: TextRank, K-means clustering and one-class SVM.

1.3 Purpose and goals

The purpose of the current work is to investigate the possibility of constructing a system for
extractive single document summarization, with the use of state of the art approaches.

One of the goals is to produce “good enough” summaries to be used as part of a indexing or query
service for a collection of text documents. What “good enough” means is, of course, subjective
and a bit hard to define. For the purpose of this report, a “good enough” summary consists of
sentences which preserves the most important information of the original document. Evaluation
of this property will be done by manual exploration of random examples.

A more objective goal is to implement a system, that outperforms certain predefined baselines,
using a standard evaluation method as measurement. The toolkit used for evaluation in this report
is ROUGE. ROUGE is an evaluation system for comparing generated summaries to “gold standard”
summaries|[I]. Two baselines were used for evaluation in this report. The first is the baseline of
just selecting sentences at random from the text to form a summary of a certain length, the second
is to use the start of a text as a summary.

Using the metrics stated above, evaluation of the three unsupervised algorithms aim at answering

the following questions:

e Can the results of TextRank be improved by variations of the algorithm? Variations include
different similarity comparers (section [4.2) and domain specific boosting (section |4.5.3)).
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e Can the k-means and SVM based algorithms outperform the well established TextRank
algorithm? Can they outperform the baselines?

e Can the three algorithms outperform the baselines for a Swedish corpus?

1.4 Method

Before any work could be initiated on implementing the summary system, a literary survey was
conducted to decide on what approaches might be fruitful. Even thought this survey was initiated
before starting the implementation phase, research of previous, relevant work has been an ongoing
process through out the whole project, as problems and new ideas for improvement emerged.

After the initial research phase, the implementation and evaluation phase began. Each approach,
that was to be tested, was implemented in Java and evaluated using the ROUGE evaluation toolkit.
To be able to implement the solutions in Java the following additional libraries were used:

e Apache OpenNLP - A Natural Language Processing library, providing functionality for many
NLP tasks, such as PoS-tagging, NP-chunking and tokenization[IT].

e Stanford CoreNLP - A Natural Language Processing library, providing similar functionality
to OpenNLP, used in this project mainly for named entity recognition[I0].

e MaltParser - A system for dependency parsing, used in this project to construct dependency
structures from sentences|[15].

e Apache Commons Math - A extensive math library, used in this project mainly for function-
ality regarding clustering and linear algebral|3].

e LIBSVM - A multi lingual Support Vector Machine library[25].

e Findwise AB proprietary software - Used in this project for stemming and keyword extraction.

After the different approaches were implemented and extensively evaluated (using the ROUGE
toolkit), this report was written.

1.5 Results

The system have been extensively tested and evaluated using the ROUGE evaluation toolkit. Of
the three algorithms evaluated, TextRank outperforms the other two for the corpora used for both
English and Swedish. The K-means algorithm performed well, providing results better than both
baseline algorithms. The one-class SVM performed worst of the three algorithms and only managed
to outperform the baseline of selecting sentences at random for the English corpus. When it came
to the evaluation for Swedish, all the implemented algorithms provided better results than those
of the baselines.

Exploitation of domain knowledge, such as sentence position relevance, improved the evaluation
score of the TextRank and K-means algorithms. Such domain specific boosting was not explored for
one-class SVM. The various measures of sentences similarity tested for the TextRank and one-class
SVM algorithms did not make as big an impact as expected.

The results observed for the English corpus was compared to those presented in two other papers|[46,
30]. The results presented in these papers closely related to what was observed for the TextRank
and K-means algorithms in this report, with the one-class SVM falling a bit short.
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1.6 Outline

The outline of this report will follow the structure of:

e Introduction

e Document summarization
e Methodology

¢ Implementation

e Experiments

e Comparison and results

e Future work

e Conclusion

The document summarization section describes the field of automatic document summarization and
the challenges of evaluating the quality of a summary. The methodology and implementation parts
aim to describe the implemented system visualized in fig. Specifically, the methodology will
give a description of the general algorithms used for sentence extraction, while the implementation
part will focus more on customization for the given task of document summarization.

Sentence Extraction

——>» Summary

Figure 1.1: System overview

In the experiments section, the evaluation results for the different algorithms will be presented.
In the comparison and results section, these results will be compared to each other as well as two
predefined baselines and also against the results of two other papers influential to this thesis[46} [30].

The next part of the thesis will address future work. Solutions that were not fully or satisfactory
implemented, due to lack of time and/or resources will be discussed here.

The report will be concluded with a section tying the results to the purpose and goals presented
in the introduction, to evaluate the success of the project.



Chapter 2

Automatic document summarization

This chapter aims at providing a brief overview of the field of automatic document summarization.
The works most influential to this thesis will be presented in some what more detail. It will also
address some of the difficulties involved with evaluating the quality of a summary.

2.1 Field overview

The field of automatic summary creation is now more than fifty years old. Early research centered
around word frequency analysis of the words in scientific articles to form extractive summaries[43].
Later more features, such as sentence position and words shared with document title, were intro-
duced for the representation of sentences to improve the quality of the sentence extraction[28]. The
introduction of multi feature representation of sentences lead the way of the use of more recent,
machine learning based approaches in the field[48].

Originally the motivation for research in the field was applications for the digitization of books and
scientific papers. With the arrival of the Internet and what it meant for information availability,
automatic summarization found new applications and the subject received renewed interest[31].
The redundancy of the information in documents, accessible on the web, spawned the interest of
a new direction in the field: multi document summarization[48].

As a result of the growing interest in automatic summarization, a new conference addressing the
subject was formed in 2001. The Document Understanding Conference (DUC)[4] hosted annual
competitions in tasks concerning automatic summarization and summary evaluation, open for
anyone interested between 2001 and 2007. In 2008 DUC became a “summarization track” in the
Text Analysis Conference (TAC)[I7]. During the first two years of its existence, single document
summarization of news articles was one of the tasks addressed in DUC[48|. Other than pushing
the research in this specific area, it also resulted in the construction of corpora used not only for
the competitions, but also for evaluation purposes in later works[46], [30], 21].

Since its cancellation as a competition track in DUC in 2002, several papers regarding single
document summarization have been published. Some recent works aim at a taking advantage of
domain specific knowledge, to form supervised summarization systems[55), [51]. Other systems aim
at both domain and (near) language independence[46, [30, [31].

The large majority of the work done in the field of automatic summarization this far have only
considered the construction of extractive summaries. In extractive summarization passages from
the original document (such as sentences or paragraphs) are reused in the generated summary. In
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contrast abstractive summarization is more similar to how humans write summaries, meaning new
content is introduced to generate a shorter version of the original text. Even though some work have
been done concerning the merging and post-editing of sentences, truly abstractive summarization
depends on machine understanding not yet reached in the field of Artificial Intelligence.

2.2 Related work

This thesis does in no way aim at presenting an extensive study of the entire field of automatic
summarization. The core part of this project is the creation of a unsupervised, extractive, au-
tomatic summarization system. The algorithms used in this system heavily relies on results and
ideas presented in the following works:

e TextRank (2004)[46]. A graph based algorithm for ranking entities in texts based on Google’s
PageRank[24]. The algorithm can be used not only for summary creation, but also for other
NLP tasks, such as keyword extraction.

e K-means clustering for automatic single document summarization (2008)[30]. Even though
k-means clustering is a well known algorithm in unsupervised machine learning, it is, to our
knowledge, relatively unexplored when it comes to single document summarization. In 2008,
however, some promising results where presented on the subject.

2.3 Evaluation

If we can evaluate how well a summarization system is performing, we can measure how different
options improve the produced summaries. This is also essential in order to compare it against other
systems. But measuring the quality of a summary is hard and has become its own separate problem
in the field of text summarization. Some of the difficulties will be discussed here. Furthermore, in
order to put the results of this report in the context of other relevant work, the evaluation method
and corpus must, be carefully chosen.

2.3.1 Difficulties

If extractive golden summaries are available, the sentence extraction can be seen as the task of
classifying a sentence as being in the summary versus not being in the summary. It would be
reasonable to use precision and recall, which are common measures of classification accuracy. In
this context, precision and recall would be defined as follows:

P _ |system sentences N gold standard sentences|

|system sentences|
|system sentences N gold standard sentences|

R

|gold standard sentences|

It is common to combine precision and recall into an harmonic mean known as Fi:

PxR

FL =2
" PYR
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But how are extractive gold standards produced? Using a reference system is one way, but the
more common way is to have humans produce them[31], although it comes with some caveats. For
a large corpus, it is both a time consuming and expensive task to solve using human labor.

An even greater problem is that different human summarizers generally select different sentences,
and even the same human summarizer might pick different gold standards at different times for
the same document. An experiment on the subject where 6 human summarizers were asked to
pick the 20 most representative sentences from a document had only 8% overlap on average[49]. In
another experiment, 5 summarizers were asked to pick the 20 most representative sentences from
six scientific journal articles. Two months later they were asked to repeat the same task, as well as
mark which sentences they thought they had picked the first time. The results showed that they
recalled on average 42% of their first picks[50].

Clearly, human inconsistency is a big problem in this case. One way to mitigate the problem is
to let multiple human summarizers vote on which sentences they think should be included in the
summary, and then produce a gold summary based on the votes. An effort for such a corpus called
KTH eXtract Corpus has been made, but it only contains Swedish texts and is still relatively
small[16].

There is another problem with using F} score on a sentence level, because it might not be the
best level of granularity[48]. Consider the gold standard of 2 sentences: a) “There was o fire” and
b) “Several houses were damaged in a fire”. Then consider two different systems where the first
system picks a) and the second system picks b). They will both have the same F; score, but b) is
arguably a more informative sentence, and the second system has picked a summary that better
relates to the gold standard. Strictly recall-oriented evaluation has been proposed instead of the
F score, but the problems with human disagreement still remains, and does not solve the example
given here[27].

Another option for the evaluation is to use abstractive gold standard summaries instead. These
kind of corpora are easier to come by, however F; score on the sentence level is infeasible for such
corpora. Abstracts generally contain sentences that are not found in the document, which makes it
difficult to calculate precision and recall scores on the sentence level directly, thus evaluation must
be measured in some other way. There are suggestions on how to measure extractive summaries
against abstractive gold standards, but many of them depend on varying amounts of manual
labor[48], [54]. Abstractive summaries are of course also subject to human disagreement.

2.3.2 ROUGE

ROUGE is the most commonly used tool to produce metrics of summarization performancel[48].
Most of the literature that was studied reported the results of their proposed systems in ROUGE
score figures[39, 2], B8, 30, 46l 29, B1] and can be considered a de facto standard to evaluate
text summarization systems. It is designed to determine the quality of summaries against gold
standards by counting overlapping units (such as word sequences or N-grams)[40Q, [41], whereas
using the l-grams setting has been shown to agree the most with human judgments|30, 41]. A
common notion of the 1-gram setting is Ngram(1,1), which is how it will be referred to in the rest
of this thesis. Unlike its predecessor BLEU, which is also based on N-gram co-occurrence, it is
recall-oriented which is preferred in summarization evaluation[48, 4I]. The evaluation is completely
based on N-gram coverage, no other sophisticated evaluation is performed, which is a weakness
that has been pointed out compared to other evaluation methods[48] 54 [53].

It should be noted that ROUGE is an intrinsic evaluation tool, i.e. it only measures the system
summaries against golden standard abstracts, and does not consider any target audience[31]. The
contrast is extrinsic evaluation, which measures the impact a summary has on some task. For
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instance, how a summary may assist a user in deciding if a given document is relevant to some
topic or not[48].

Some work has been done to see how ROUGE can be tricked to give a very good score, although
the quality of the summary is considered bad[53]. The system proposed in [53] exploits the fact
that ROUGE counts bigram occurrences, and starts by collecting bigram frequencies from the
text. Then it uses a Markov model to select bigrams to include in the summary, thus it is not an
extractive summary since it does not pick entire sentences. An excerpt of a summarization made
by this system is presented here:

of the hurricane andrew had been injured and the storm caused by the gulf of mexico
and louisiana and at least 150 000 people died on the us insurers expect to the florida...

While it gives some idea of what the text is about, it can hardly be considered a good summary
from a human point of view. It acquires a very high recall-score, and is especially successful in the
earlier versions of ROUGE where only recall was considered. However, the results in this paper
are based on a newer version that calculates F; scores. Although this exploit achieves a very high
recall score, it also has a very low precision score, which results in a low Fj in total.

ROUGE is not perfect, but it seems to have been adopted as “good enough” and de facto standard
to give an accessible measure on the performance of a summarization system. The details and
theory of ROUGE will not be further discussed here, but an extensive description on how it was
utilized is continued in appendix [A]

2.3.3 Corpora

To be able to evaluate system performance and compare the system to competitors, the choice
of corpus is important. The documents of the corpus should be easy to extract and parse into
sentences. The number of documents in the corpus is also of some significance, since the summa-
rization system should be evaluated on average on many documents. Furthermore, to be able to
benchmark the system against competitors, the corpus has to be used in relevant work in the field.

English corpus

From the literature study it became apparent that for single document summarization, the corpus
of the 2002 Document Understanding Conference was still commonly used[30] 211, 46], especially in
combination with the ROUGE evaluation system. The DUC2002 corpus contains 567 documents
that comes in two versions; a simple version where only title, meta data and text content is marked
up (using an XML namespace called “TREC tags”[13]), and a preprocessed version where also the
sentences have been split and marked up. The sentence splitting appears to be machine made,
since obvious errors have been found through manual inspection. However, these errors are left as
is in order to compare the evaluation results to relevant competitors.

The contents of the corpus are short news articles divided into 59 sets, where each set describes
some specific event. The set structure is not exploited by the summarization system in this report,
but is more suitable for multi document summarization. Using the preprocessed sentence splitting
of the DUC2002 corpus, the number of sentences per document is in the range of 5 to 177, while
the average is 29 sentences. The number of words per sentence range between 1 and 286 words,
while the average is 19.7 words. By investigation, only 5 sentences exceeds the length of 100 words
and turns out to be mistakes made by the sentence splitter. The short sentences seem to be more
correct, while some of them also appear to be mistakes made by the sentence splitter, e.g. instead
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of considering “Dr. D. Dignan, who performed surgery...” as one sentence, it has been split into

two sentences: “Dr.”, and “D. Dignan, who performed surgery...”.

Each document of the DUC2002 corpus is complemented with abstracts written by human an-
notators. Most documents had two abstracts written by different annotators, but 24 documents
had only one abstract. The abstracts consist of approximately 100 words according to the corpus
description, but range between 80 and 158 words with an average of 113.6 words. The number of
sentences in the abstracts range between 3 and 14 sentences with an average of 5.6 sentences.

Swedish corpus

The DUC2002 corpus is exclusively in English, so another corpus had to be found to evaluate
the system for Swedish. No Swedish corpus evaluated using ROUGE was found, so there were
no competitive results to take into consideration when deciding on the corpus. The idea of using
Wikipedia articles emerged, and seemed interesting given that it is a well known corpus, and also
very different from DUC2002. Furthermore, featured articles on Wikipedia are well structured and
follow certain style guidelines[8], specifically:

(a) a lead: a concise lead section that summarizes the topic and prepares the reader
for the detail in the subsequent sections

This lead section is similar to an abstractive summary of the article, which enables the system to
evaluate the Wikipedia corpus in the same way as DUC2002. There is a Perl script for the purpose
of scraping featured Wikipedia articles[12]. Unfortunately, the markup of Wikipedia seems to have
changed since the script was written, which makes it fail. A previously scraped corpus from 2010
containing 251 articles in Swedish was acquired from the author of the script. A scraped article
is an XML file where the summary (lead section) and content is separated by markup. Since the
individual sentences are not marked up, sentence splitting is applied to provide input data to the
preprocessing steps.

The article lengths range from 62 to 564 sentences with an average of 200 sentences. The sentence
lengths range from 1 to 317 words with an average of 21 words (comparable with the avg. sentence
length of DUC2002). The 317 word sentence was investigated and found to be a long, semicolon
separated enumeration. If it is disregarded, the longest sentence is 126 words. In contrast to news
articles, the Wikipedia articles are expected to contain longer and more complex sentences. The
abstracts are not constrained to approximately 100 words, as in DUC2002, but range from 33 to
638 words, with an average of 217 words. In terms of of sentences, the abstracts range from 1 to
34 sentences with an average of 11 sentences.

A summary generated by the system should have approximately the same length as its golden
standard. This is the way that the DUC2002 corpus was meant to be used for single document
summarization, and also seems like a fair constraint. The length of the abstracts in DUC2002 are
on average 113 words with a standard deviation of only 6 words, making it very consistent. The
desired length of a system summary can then be set to 100 words. Abstracts in the Wikipedia
corpus, however, are on average 217 words with a standard deviation of 120 words. For a document
in this corpus, the desired length of its system summary is set to the length of its golden standard
abstract.

10



Chapter 3

Method

This chapter will provide an overview of the algorithms used for sentence extraction in the imple-
mented system. Even though sentence selection and ordering will be addressed, the emphasis of
this chapter will describe the three unsupervised algorithms used for sentence ranking: TextRank,
K-means clustering and one-class SVM.

3.1 Sentence Extraction

Sentence extraction is the most central step in an automatic, extractive summarization system.
The task can be described as, given a document, return the sentences from the document that best
describe its content, in a given order. This task can be divided into three distinct parts, sentence
ranking, sentence selection and sentence ordering.

Sentence Extraction

Figure 3.1: The sentence extraction process

3.1.1 Sentence Ranking

Sentence ranking is the process of ranking the sentences in a document in order of importance from
a summary point of view. This can be done either by assigning a real number value to each sentence,
marking its importance, or by constructing a list from the sentences ordered by importance. Later
in this chapter, three different algorithms to perform this step will be explained. As the target
application of this system is an indexing service, where summaries for documents are generated
offline and then saved in the index, the time complexity of these algorithms will not be the focus
of this report.

11



3.1. SENTENCE EXTRACTION CHAPTER 3. METHOD

3.1.2 Sentence Selection

When the sentences have been ranked, the next step in the extraction process is sentence selection.
Sentence selection is the task of selecting which sentences should be included in the summary, given
a set of ranked sentences from a document.

The main variable to consider when it comes to sentence selection, is the length of the desired
summary. For the evaluation of this system, the summary length is measured in words. Another
natural way to measure the length of a summary would be number of sentences. The reason number
of words is used as the length measurement in this thesis, is to be a able to compare evaluation
results with other reports using this measure[30, 46].

Depending on how strictly one views the notion of the desired length of a generated summary,
different selection strategies can be applied. If the desired length is seen as a maximum that is not
to be exceeded, the task of sentence selection becomes very relevant to the extraction process.

The view of the summary length as a strict maximum gave rise to the use of two different selection
strategies in this project. The first one is rather naive and can be described with the following
pseudo code:

Selection(Set of ordered sentences, max summary length)

Summary := Empty set of sentences
for(Sentence S in Set of ordered sentences)

if (Summary.length + S.length < max summary length)
Summary .add (S)
end if

end for
return Summary

This selection strategy gives priority to highly ranked sentence, but if a highly ranked sentence is
too long, the selection method considers shorter, low ranking sentences to “fill up” the summary.

If each sentence in a document is assigned a rank value, one possible goal of the selection step
can be to maximize the total ranking value of the sentences selected. This goal can be reached
by reducing the sentence selection step to solving the well know knapsack problem. This is the
problem of filling a knapsack with objects assigned a value and a weight, in such a way that the
total value of the objects in the knapsack is maximized, while the total weight does not exceed a
predefined threshold. In the case of sentence selection, the objects to fill the knapsack with are
sentences. A sentence objects length is its weight, and the value associated with it is simply its
rank value. The problem can be solved in pseudo polynomial time[36]. Even though the algorithm
guarantees the optimal total rank value of the solution, it does not guarantee that the highest
ranking sentences are included in the summary.

If the desired length of a summary is viewed as a approximation rather than a strict maximum,
the sentence selection problem can be solved using the following, more relaxed approach:

Selection(Set of ordered sentences, desired summary length)
Summary := Empty set of sentences
for(Sentence S in Set of ordered sentences)
if (Summary.length < desired summary length)
Summary .add (S)

else

12
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break for
end if

end for
return Summary

This approach views the desired summary length as a minimum rather than a maximum, resulting
in summaries of the desired length or longer. As this “approximation” view is shared by the papers
that are to serve as result comparison for this report[30} [46], this will be the sentence selection
strategy used for the evaluation of the system.

3.1.3 Sentence Ordering

When the sentences of the summary have been selected, what remains to decide is in which order
they should be presented. The presentation of the extracted sentences have been proven to be
important to a readers opinion on the quality of the summary. Experiments have shown that
reordering sentences in an extractive summary can change a readers opinion of it from “poor” to
“good” (in the scale “poor”, “fair”, “good”)[22]. Sentence ordering is an even greater problem in
multi document summarization, where no single ordering from the original text(s) can be used.

In this project, not a lot of effort was put into the task of sentence ordering. The selected sen-
tences are simply presented in the order they appear in the original document. Depending on the
application, other ordering strategies such as relation to a search query, or in order of ranking
“importance” might seem like better approaches.

3.2 TextRank

TextRank[46] is a graph-based, unsupervised ranking algorithm for text processing, inspired by
Google’s PageRank[24]. While the algorithm can also be used for other NLP tasks, such as key-
word /phrase extraction, this report will focus on its application to sentence extraction. Although
the algorithm was first introduced in 2004, it is still considered very competitive and has been used
as a benchmark for comparison in several other reports in the field[30, [38], 39].

The essence of the algorithm is to construct a graph G = (V| E) and rank its vertices. For the
application to sentence extraction for single document summarization, the graph G represents a
text document that is to be summarized. Each vertex in V represents a sentence in the document.
The edges in F represent relations between the vertices (sentences) in the graph. In difference
to the sort of edges present in PageRank graphs, the edges in TextRank graphs carry weights.
The weight on an edge between two vertices in the graph is determined by the similarity of the
sentences that the vertices represent [46].

13
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Figure 3.2: TextRank graph

The notion of sentence similarity can be measured in several different ways. The original paper on
the algorithm presented results for one such similarity measure and suggested the use of several
others. In this report we will describe, and present results for the use of TextRank with several
different measurements of sentence similarity (including the one evaluated in the original paper).

When a graph has been constructed, the vertices are ranked according to the following formula:

Wys
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Rank,, = (1 —d) + d Z
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Where Rank,, stands for the rank of vertex v;, d is a damping factor, In,, is the set of all vertices
with edges going into vertex v;, Out,; the set of all vertices which vertex v; has an outgoing edge to
and w;; is the weight of the edge between vertices v; and v;. The damping factor d was set to 0.85,
as suggested in the original paper[46]. This formula is a conversion of the PageRank algorithm, to
work on graphs with weighted edges. The setting of these weights (by various similarity measures)
will be addressed in section [f.2] The ranking step is repeated until convergence. Convergence is
achieved when the error rate of any vertex in the graph is smaller than a given threshold. The
error rate of a vertex is the change in that vertex’s rank between two consecutive iterations. The
error rate threshold used in this project was set to 0.0001.

3.3 K-means clustering

Using clustering for sentence extraction has been explored with good results[30]. The goal is to
represent the sentences by some features that makes it possible to partition them into different
clusters, where the sentences within a cluster are coherent to each other, but different to others.
The sentences can then be selected from the clusters to extract a more diverse summary than
TextRank. Partitioning entities into k different clusters is known as the K-means problem, and is
defined as:

Given a set {x1,...,z,}, where each x; is an m-dimensional vector, partition the n
vectors into k partitions.

14
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The algorithm can be divided into two steps, the first is the cluster assignment step. For each
point x;, find the closest cluster center, c;:

assign(z;, C;) = ming, || z; — ¢; ||?

Where Cj is the cluster which cluster center, c;, have the lowest euclidean distance to point x;.
The next step in the algorithm is the update of each clusters center value, according to the mean
of point positions of the cluster:

For each cluster C;, update(c;) = ﬁ vaecj Z;
i i

This problem has been shown to be NP-complete[18], even for instances in the plane (i.e. m = 2)
[44]. The original K-means clustering algorithm[42] solved the problem, but was shown to have
a bad worst case, as well as resulting in arbitrarily bad clusters[I9 20]. An approximation called
K-means+-+, which is O(log k)-competitive with the optimal clustering[20], was instead used as
the main implementation for the clustering. The algorithm is an improvement over the original
K-means algorithm by the addition of randomized seeding of the initial cluster centers.

3.3.1 Selection strategies

When the sentences have been clustered into k clusters, they need to be selected in some order to
produce a summary of the desired length. To be able to produce a summary of a desired length of
L words, the number of clusters k can be chosen such that k& = MLgD, where avgp is the average

sentence length (in words) in document D. Selecting k sentences, one from each cluster, should
give an approximate length of L words.

However, there are no guarantees that the resulting extraction is at most L words long. Sometimes
the summary would exceed L words prior to selecting a sentence from each cluster, so that the last
cluster(s) were not used to build the summary. From this came the need to order the clusters by
importance, to ensure that sentences were selected from the more important clusters first. Consider
3 clusters ordered by descending importance as {B, A, C'}, then the sentences should be selected in
the order {b1,a1,¢1,b2,a9,ca,...}, where a; € A, b; € B, ¢; € C, until the summary reaches length
L, or the clusters are depleted.

The first strategy that was implemented was to sort the clusters by size in descending order,
making the largest cluster the most important. The intuition was that the largest cluster would
concentrate on features that were common in many sentences, thereby making the “best” sentence
of such a cluster representative of the document.

The second strategy was to consider the most dense cluster the most important, i.e. the cluster
that has the least spread among its sentences. This was based on the intuition that such a cluster
is well defined (because of the low spread) and the “best” sentence of such a cluster should thereby
represent, those features well.

Now that there’s a strategy for the length of the summary, the problem is to choose in which order
to select sentences from a cluster. A reasonable strategy is to pick the sentence from each cluster
that is closest to its cluster center, with the intuition that such a sentence is the most representative
of its cluster[30]. Two additional variants that seemed reasonable were also implemented. The first
one was to order sentences in the same order they appeared in the document, since sentence position
is often important in news corpora. The other one was to apply TextRank to the sentences of a
cluster and then pick them in order of their vertex ranks.

The K-means algorithm provides no means of assigning real value ranks to the sentences of a
document. Instead it returns the sentences as a list, ordered by relevance.
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3.4 One-class SVM

Support Vector Machines (SVM) is a set of machine learning algorithms used in the task of data
classification. The original task of a SVM is, given a set of data points, separate the points into
two or more classes. For the case of linear two class classification, the goal of a SVM is to learn
what hyperplane best separates the two classes.

The task of a one-class SVM is, given a set of data points all of the same class, learn the boundaries
of that class in a feature space. What a one-class SVM requires in order to do this is a kernel
function, K(z,y), and the parameters v and e¢. K(z,y), can be seen a as function for computing
the similarity or distance between two data points, z and y in the input document. For the purpose
of this project, K(z,y) is applied to all pairs of sentence in a document, forming a n x n similarity
matrix.
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Figure 3.3: Support vectors on class boundary

In order to find the boundaries of a class, a one-class SVM identifies support vectors. A support
vector is a class data point on the outline of the class. In figure[3.3|the support vectors corresponds
to those points intersected by the dotted boundary line.

As mentioned in earlier sections, the graph based TextRank algorithm performs well in the task of
automatic summarization. Recent work[33] have shown relations between identifying dense regions
in a graph and solving a one-class SVM. The use of SVMs in clustering algorithms have also been
evaluated with good results[23]. These observed relations to the two ranking approaches (TextRank
and K-means clustering), presented in the previous sections spawned the idea of using one-class
SVM for the purpose of sentence ranking.

Both two-class[32] and one-class[37] SVM have been explored in the field of sentence extraction
before. However, these works are based on a supervised view, demanding the presence of a domain
specific training set where sentences are marked as relevant or non relevant. We have not been
able to find any previously published work exploring the use of one-class SVMs for automatic,
extractive single document summarization in an unsupervised setting.

3.4.1 Sentence Ranking

The main question now is, how does one use this algorithm for sentence ranking? The SVM library
LIBSVM]25] can train a one-class SVM giving as one of its results a set of support vectors. These
vectors each corresponds to a sentence from the input set. Support vectors, in the SVM setting, is
what separates a class from everything else. With this in mind the expectation is that the support
vector sentences are important to a document and therefore may constitute a good summary.

As the support vector sentences are to form as the base of a summary, it is desirable to be able to
control the number of support vectors. It has been shown that the parameter v highly correlates
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to the fraction of the data points that becomes support vectors[52]. From experiments it was
clear that v could control the number of support vectors, but could not be set statically as it is
not predictable enough. More over, for the same v, a different percentage of the sentences were
selected as support vectors for different document. For the evaluation, the desired length measure
of summaries are in numbers of words, not percentage of sentences. Therefore v would have to be
varied, even if it could give a predictable percentage. To be able to control the number of support
vector sentences, v was initialized to a low value and then increased until the support vectors could
form a summary of the desired length. Formally:

staggerNu(K ,e,v)

solution = ocsvm(K ,e,v)
sents = getSupportVectors(solution)
if (wordcount (sents)>d)

return sents

return staggerNu(K ,e,v *x incFac)

where ocsvim (K ,e,v) returns the solution of the one-class SVM, d is the desired summary length
and incFac is some constant > 1 (2 in this project). The parameter ¢ is set to 0.001 as suggested
by the LIBSVM default settings.

Even though this iterative approach to set v gives a set of sentences of the approximate length of a
desired summary, it could return too many sentences. The sentences therefore need to be ranked,
in order to construct the best summary. Each support vector is assign a coefficient value, a, by
LIBSVM. These values are then used to rank the sentences, in decreasing order of a. As the values
of a were found to be in a very narrow range, the one-class SVM algorithm simply returns the
support vector sentences as a list ordered by relevance.
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Chapter 4

Implementation

While chapter |3| describes the three sentence ranking algorithms in general, this chapter addresses
further necessary steps needed to implement a full summarization system. What follows is a
description of lexical preprocessing, different notions of sentence similarity, feature and kernel
representations as well as methods for domain specific boosting and other means of result improve-
ments.

4.1 Preprocessing

In order to summarize a document, using the different sentence ranking algorithms described in
chapter [3] several preprocessing steps have to be executed. Each algorithm may require only
certain preprocessing steps. Below all of these steps are summarized and discussed, in terms of the
limitations they pose on the system as a whole.

4.1.1 Sentence splitting

To be able to view a document as a title paired with a list of sentences, one must first have a
way to split the raw text representation of a document into sentences. Although this might sound
like a trivial thing to do, naive approaches such as splitting on terminators (. 7 ! etc.) give
unsatisfactory results (consider, for example, abbreviations).

To address this problem, the Apache OpenNLP library was used in this project. The library
contains pre-trained models for a number of text analysis tasks, for several languages. Thus given
a language model and a input text, OpenNLP can split the text into sentences|[I1]. Even though the
use of this library provides significantly better results than using pure, naive terminator splitting,
the problem of faulty sentence splitting still remains to a certain extent. The need for a language
specific model to be used with the library entails certain language dependency. Fortunately, models
exist for the languages considered in this report (English and Swedish).

4.1.2 Tokenization
The algorithms used for sentence ranking in this project demand a more informative representation

of a sentence than a pure text string. The sentences therefore need to be split up into words, to be
used, for example, in sentence similarity comparison. Splitting a text string into words provides
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several, language specific challenges. In English, for example, the use of apostrophes can be
challenging for a computer to interpret[45].

Just as with sentence splitting, the Apache OpenNLP library was used in this project to address
this challenge. The library provides functionality for splitting a input text string into words,
given a language model[II]. Even though the tokenizer gives a good result, the problem of faulty
tokenization is not entirely eliminated. The language limitations of the tokenizer is the same as
that of sentence splitting, a language specific model needs to be provided.

4.1.3 Stemming

Several of the sentence ranking approaches presented in this thesis are centered around comparisons
between words in different sentences. For example, if two sentences contain the same word, they can
be considered to have a certain similarity. This means that a method to compare words is needed.
A very naive way to do this is to just look at the word strings and see if they are equal. Such
a solution, however, does not give a satisfying result, as different conjugations of the same word
would be considered different words. To deal with this problem stemming was used. The software
used to perform stemming in this project is a Java implementation of the Porter stemmer. The
algorithm is rule based and is the most commonly used when it comes to stemming of English[45].
The stemmer is language dependent, however, it offers support for both languages considered here.

The process of stemming is built around removing word suffixes to reach the “root” form. However,
different words can end up with the same stem. For example, the words universe and university
would both likely be stemmed to univers and thus considered the same word. To address problems
such as this, one could use more sophisticated techniques like lemmatization which uses morpholog-
ical analysis to reach the “root” of words. The use of a lemmatizer might improve the performance
of the system, but it would also make the system even more language dependent, as it requires
more language knowledge than a stemmer|[45].

At all points in this report where the concept of equal words is used, it means comparing the
stemmed versions of the words.

4.1.4 Part of Speech (PoS) tagging

When considering what sentences to select from a text to form an extractive summary, words of
certain lexical classes in those sentences can be more interesting than others. For example, the
noun of a sentence is often central when it comes to the topic of the sentence. To be able to identify
the classes of different words in a sentence, a PoS-tagger was used. The PoS-tagger takes as input
a tokenized sentence and a language model and outputs the tag for each token in the sentence.
The software used for this purpose was the Apache OpenNLP library[IT] with language models for
both Swedish and English.

Word comparison between sentences has a crucial role in most of the ranking approaches in this
report. However, for several of the comparison approaches not all words in a sentence are con-
sidered. Sometimes it makes sense to only take words of certain PoS-classes into account when
analyzing a sentence. For this purpose the notion of PoS-filters are used in this thesis. Applying
a PoS-filter to a sentence means, to only consider words in the sentence with PoS-tags present in
that PoS-filter. For instance, if a PoS-filter of nouns is applied to the sentence “Bob likes apples.”,
only the words “Bob” and “apples” are considered for comparison with other sentences.
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4.1.5 Named Entity Recognition (NER)

One class of entities that are very important for some types of text, are names. If a sentence
contains a name of a person, place, organization, etc., that name is probably very central to its
context. To be able to use name analysis in the process of sentence extraction, NER software from
the Stanford CoreNLP library was used[I0]. This software is language dependent in the sense that
it requires a language model for NER. Since no model for Swedish was found, this system could
only be used for the English part of this project.

Also the Apache OpenNLP library|[11] provides support for NER, but during a manual comparison
of the systems for English, the Stanford library provided more favorable results. For the OpenNLP
version, however, a Swedish language model was found, leading to the use of that system for
Swedish texts.

4.1.6 Keyword extraction

A closely related task to that of extracting sentences from a text to form a summary, is that of
extracting its most “important” words and/or phrases. In fact, one can view keyword extraction
as the creation of an extractive summary, where the entities to extract are words (phrases) rather
than sentences. Even though a list of keywords can be seen as a different way to summarize a
document, it can also be seen as an aid in creating a sentence based summary. Knowing that a
sentence contains a certain keyword can prove very useful when ranking the summary “worthiness”
of that sentence.

In 2010 a master thesis on the subject of keyword extraction was carried out at Chalmers Univer-
sity of Technology and Findwise AB[34]. The thesis resulted in a system for identifying keyword-
s/phrases in texts, which have also been used in this project. The system is language dependent,
but has support for both languages evaluated in this report.

4.1.7 Term weighting by tfidf

The last three sections have been discussing preprocessing for supplying functionality to identify
different kinds of “important” words. The notion of importance of words can also be achieved by
weighting words (terms) differently. A common method to weigh a word is to check how “unusual”
it is in a corpus compared to how often it occurs in the document currently processed.

A standard way to assign a weight to a word is to calculate its tfidf score, where #f stands for term
frequency and idf for inverse document frequency. The tf of a term simply denotes the number
of occurrences of the term in a specific document or sentence. To compute the idf of a term, one
must have access to a collection (corpus) of documents to compute its document frequency (df),
which denotes the number of documents containing the term. If one has access to the df of a term,
its idf can be computed using the following formula[45]:

idfy = log——

N
dfy

where idf; is the idf of term ¢, N the number of documents in the corpus and df; is the df of t.
By combining the tf and idf of the ¢, the term can be weighted according to the following simple
formula[45):

tfidfy = tfy * udfy
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As different words are not equally common in different domains, computing the df of a term does
not only require a corpus for a specific language, but also for a specific domain in the target
language. The df of terms used in this project is based on the corpora of English and Swedish
texts used for evaluation of the system.

4.1.8 Language dependency and limitations

The sentence ranking algorithms presented in this thesis are not, in themselves, language depen-
dent. As they are unsupervised, they do not depend on language specific training sets. However,
they do depend on the representation of sentences as features and the preprocessing needed to
convert sentences into features is, as described above, highly language dependent.

Different versions of the ranking algorithms require different preprocessing. This means that the
whole system is not dependent on the language support for every preprocessing step. All algorithms
presented in this thesis require at the very least sentence splitting, tokenization and stemming to
produce a summary. The absence of language models for the other preprocessing steps will only
limit the options of the system.

4.2 Sentence similarity comparers

A sentence similarity comparer is, for the purpose of this report, simply a method which takes
two sentences as input and gives a real number output measure of the similarity between the two
sentences. The higher the outputted number is, the more similar the sentences are (according
to some similarity measure). Sentence similarity is used in both TextRank graphs and one-class
SVM kernels. Even though some of the comparers presented here allows for a similarity higher
than 1 between two sentences, normalization of these values to weights in the interval [0, 1] will be
explored in section

Several different similarity measures were tested for this report and each one forms the basis of a
sentence similarity comparer. Below, the different sentence similarity comparers are described.

4.2.1 TextRank comparer

The original TextRank paper presents the following simple formula for measuring sentence simi-
larity:

o S1NS.
Similarity(Sy, S2) = logA|S'11|+102g||Sg|

This formula defines the similarity of two sentences (S; and S3) simply as the number of shared
words between them, divided by the sum of the log lengths of the sentences (in words). The paper
also suggested the use of filtering of the words in the sentences, so that only words of certain lexical
classes, such as nouns and verbs for instance, would be considered when counting the overlap of
two sentences|46].

This similarity measure forms the basis for the implementation of a sentence similarity comparer
called TextRank comparer. This comparer takes as input two sentences, which have been tokenized
and PoS-tagged, as well as a PoS-filter. The comparer then applies the filter to the sentences and
only considers the words passing through the filter:
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o F(SinS
Similarity(Sy, S2) = M

where F(S; N S3) means applying PoS-filter F' to words in the intersection between sentences S
and Sg.

4.2.2 tfidf comparer

In the TextRank comparer (described above), all words (that passes through the PoS-filter) are
considered to be of equal worth. This means that if two sentences contains a common “usual”
word, it contributes as much to their total similarity score as if they would share an “unusual”
word. Although this may be fine for strict similarity measures, one can argue that this does
not capture the fact that some words can be more important for certain documents than others.
For example, a word that is very common in one document, but does not appear in many other
documents, might be very important to that particular document. Sentences mentioning such an
unusual word, can then be likely to be good candidates to use in the summary.

In order to try to make sentences that share important words recommend each other higher, a tfidf
based version of the TextRank comparer was implemented. This tfidf comparer can be described
with the following formula:

ZwGF(SlﬂSz) tfw N dew
lOg‘Sl| +log|52|

where ¢ f,, is the term frequency for word w in the current document and idf,, the inverse document
frequency for w in a corpus (in this project usually the corpus that the document belongs to).

Similarity(S1, S2) =

4.2.3 Cosine comparer

As mentioned above, the original paper on TextRank suggested several other sentence similarity
measures. One of those was cosine similarity[46].

Cosine similarity is a way to measure the similarity between two vectors by the difference of their
angles. For vectors A and B, the cosine similarity between the vectors can be measured by the
following formulal[5]:

NPT A-B

Similarity(A, B) TATIB]

To be able to use cosine similarity as a measurement for sentence similarity, the first thing one
have to do is to transform a sentence into a vector. This can be done by viewing each sentence as
a N-dimensional vector, where N is the number of all unique words in the document which is to be
summarized (the “target language”). Every dimension in such a “sentence vector” corresponds to a
certain word, and if that word is present in the sentence, the value of that dimension in the vector
is set to ¢f of the word in the sentence, multiplied by the idf of the word. For the dimensions in
a sentence vector corresponding to words not present in the sentence, the value is set to 0. This
gives rise to the following, idf weighted version of cosine similarity for two sentences S; and So:

D we F(51n8s) Lw,sitfuw,s: (idfw)?
\/ZweF(Sl)(tfw,S1idfw)2 * \/ZwEF(SQ)(thJ,Szidfw)2

Similarity(Sy, S2) =

22



4.2. SENTENCE SIMILARITY COMPARERS CHAPTER 4. IMPLEMENTATION

where tf,, s is the term frequency of word w in sentence S and idf, is the inverse document
frequency of word w[29]. In addition to this, the PoS-filtering idea described in the previous
sections was also implemented for the cosine comparer.

4.2.4 Directed comparer

In the original paper on TextRank, the graphs that the algorithm is thought to work on have undi-
rected edges[46]. This might seem quite natural as the edges represent sentence similarity and one
might intuitively think that for sentences Sy and Sy, Similarity(Sy, S2) and Similarity(Ss, St)
should be that same. Sentence S; should be as similar to sentence Sy as sentence Ss is to sentence

Sy.

Logical as this seems, it does not capture the fact that a word can be described in more detail
in one sentence than another. When it comes to using sentence extraction to create summaries,
it seems quite natural, if faced with the choice of extracting two sentences describing the same
(important) concept, to choose the more descriptive one. For example, consider the two sentences
“A dog chased a cat.”(S1) and “A big angry dog chased a small scared cat.”(S3). These two sentences
could describe the same event, but the Sy gives the reader more information about the nature of
the event and therefore might be a better choice for summary purposes.

To be able to capture this property of more descriptive sentences, the notion of directed graphs
was introduced into the project. The idea is to let sentences like S; above recommend sentences
like S5 higher than sentences like S3 recommend sentences like S;. In figure this corresponds
to the weight w; o having a larger value than wo ;.

w 2,1

Figure 4.1: Nodes with directed edges

The words that take the most modifiers (such as adjectives, determiners, etc.) are often nouns,
a noun with all its modifiers forms a noun phrase. When comparing the similarity between two
sentences, using the Directed comparer, only the nouns in the sentences are considered. If two
sentences share a common noun, the similarity contribution of that noun depend on the number
of its modifiers. In this implementation all words in the phrase, except the currently examined
noun are considered modifiers to that noun. This gives rise to the following formula for the noun
contribution of the similarity between sentences 57 and Ss:

NounContr(Sy, S2) = Z modi fierss,(n)
nesSi,Ss

where modifierss(n) corresponds to the number of modifiers noun n has in sentence S. As
NounContr(Sy, Sz) is not necessarily equal to NounContr(Ss, S1) the weights of the two edges
between the vertices have to be computed separately.
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In order to identify noun phrases in a sentence, NP (Noun Phrase)-chunking library from the
Apache OpenNLP[II] was used. The NP-chunker is language dependent in the sense that it
requires a specific language model. As no Swedish model was found, the use of the Directed
comparer is restricted to English texts only.

Another property that one can try to capture when representing a document as a directed graph,
is references to a named entity by a pronoun in a later sentence. For instance, if a sentence, S,
introduces a man by his name, say “Bob” and the next sentence, S5 uses the word “he” or “him”,
without introducing a new name, it is probably also referring to “Bob”. In a directed graph this
can be captured by letting Sy recommend S;, without S; recommending Sy. More over:

NEAssos(S_1, S_2, t)

pos = S_1.position - S_2.position;
if (pos<t and pos>0 and S_1 contains named entity(ies) and
S_2 does not contain named entity(ies), but contains pronoun(s))

return 1;
end if;
return 0O;

end NEAssos;

where t is a threshold for the distance between the sentences in the document.

The combination of the two ideas described above (NounContr and N EAssos) forms the founda-
tion for the Directed comparer. The comparer can be summarized by the following formula:

NounContr(Sy, So) + NEAssos(S1, Sa, t)
log|S1| + log| S|

Similarity(Sy, Se, t) =

4.2.5 Dependency Graph Kernel

The sentence similarity comparers presented so far have, more or less, viewed a sentence as a
simple “bag of words” (bag of noun phrases in the case of the Directed Comparer). Another way
to view a sentence is as dependency graph (or dependency tree), where the words in the sentence
are the graphs vertices and the edges represents “functional relationships” between the words in a
sentence. Each vertex in such a graph (tree), has exactly one parent, except for the root which has
none[35]. For example the sentences “A fat cat was chased by a dog.” and “A cat with a red collar
was chased two days ago by a fat dog.” can be represented by the following dependency graphs
(trees):

was was

cat / \chased cat / \chased
/7 \ 1 /7 \ /7 \
a fat by a with by ago
1 | 1 |
dog collar dog days
1 /N /7 \ |
a a red a fat two

Figure 4.2: Dependency tree representation of sentences
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To measure the similarity between two sentences, represented as in fig. one can examine the
common paths in their dependency trees[35]. In fig. the longest common path between the
two dependency trees is marked with thicker lines. In order to construct dependency structures
as the ones described above, a dependency parsing system called MaltParser[15] was used in this
project. The system is language independent in the sense that it can be trained for any language.
However, no training was done since pre-trained models were available for English and Swedish.
There is one major difference between the two language models. While the English model offers
fast (linear) parsing, the Swedish one only offers slow (polynomial) parsing. Consequently only
English texts have been evaluated using this similarity measure.

In [35] an algorithm to compute the similarity (called K below) between two dependency trees is
given, built on what the author calls CDP (common downward paths) and CPP (common peak
paths). The algorithm looks as follows (for a more detailed description see [35]):

K(T1,T») > (1+CPP(n1,n2))

n1€Ty
n2€Ts
ny.w=ngz.w

a2+oz*CDP(cl,CQ)+
CPP(TLl,’IlQ) = CDP(nl,ng) + Z < axCDP(é,6)+ >

2 PN
1,61 €C(n1) a**CDP(c1,c2)*CDP(c1,62)

c2,62€C(n2)
Cl1. wW=cCc2.w
. w=cs.w

CDP(ni,n2) = Z (a+a*xCDP(c1,c2))
c1€C(ny)

Cc2 EC(ng)
c1.W=Cz.wW

where T; is the tree representation of sentence S;, n; is a node from tree T;, n;.w is the word in
node n; and C(n;) denotes the child nodes of n;. CPP(n;,n;) denotes the “‘common peak path
score” for all paths in the two trees which “peaks” at nodes n; and n;. The parameter o € [0,1]
punishes long common paths, as these paths also include shorter common paths[35].

In addition to the this, the PoS-filtering idea was implemented such that a word w ¢ F(S) does
not break a path, but does not add to the score. K is then normalized in the following way (as
suggested in [35]) to form the Dependency Graph Kernel:

K(Th,T,)

Similarity(Ty, Te) = TR KO T)
1,11 2,12

4.2.6 Filtered word comparer

When testing the Dependency Graph Kernel with TextRank on one of our corpora, some of the best
results were observed with the parameter « = 0. As this means that the paths in the dependency
trees, does not contribute to the overall similarity measure between two sentences, the idea for a
much simpler sentence similarity comparer was implemented. It counts common words (of certain
word classes) and then normalizes according to the normalization step in the Dependency Graph
Kernel. In more detail, the Filtered word comparer can be described with the following formula:

. F(SinS
Similarity(Sy, Sa) = \/“L(é )1| . |F2’)(S I
1 2
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4.2.7 Keyword comparer

In an attempt to only consider words with a high relevance to a document when computing sentence
similarity, a similarity comparer based on document keywords was introduced. To be able to do this,
a keyword extractor was used to extract a set of keywords, {kwy, ..., kwy, }, for a document, where
m is the desired number of keywords to extract. With the help of these keywords, each sentence,
S;, in the document can be represented as a m dimensional feature vector, z; = {z}, .., 7}. Each
dimension in the vector corresponds to a certain keyword in the set. The value for dimension
x] in x; simply corresponds to the term frequency of keyword kw; in S;. To further limit the
consideration of “unwanted” words for this comparison, the feature vector is also subject to a PoS-
tag filter, so only keywords of certain PoS-tags are included as non zero values in the feature vector.

Formally the construction of feature vector x; can be expressed with the following formula:

2 = {wlw € F(S;) Aw = kwy}|, forj=1.m

When feature vectors have been constructed for all sentences in a document, the similarity of
two sentences from that document can be computed using basic cosine similarity of their feature
vectors:

T L1 -T2
Szmzlamty(sl, SQ) = m

4.3 Sentences as feature vectors

To be able to cluster the sentences of a document, they need to be represented as feature vectors.

®  m

Formally, a vector z; = [mi € R™ was constructed for each sentence .S; in the document

D. Three different feature representations were implemented and are described in detail below.
4.3.1 Keyword features

A keyword extractor was used on the document to collect a set of m keywords {kw, ..., kwp,}.
The feature vector was then built by counting how many times each keyword kw; occurs in the

sentence S;. A keyword is only counted if its PoS-tag is in the given filter. Formally, this is
expressed as:

xl(j) =Hwlw e F(S;)) Nw = kw,;}|, for j =1..m

The most common values are 0 or 1, since it is rare that a keyword is mentioned twice or more in
the same sentence.

4.3.2 Filtered word features

A PoS-filter was used to collect a subset W containing m words from the document:

W = F(D), m = |W|

26



4.4. SENTENCE SIMILARITY AS KERNEL FUNCTIONSHAPTER 4. IMPLEMENTATION

The feature vector was then built by, for each word w; € W, assign a value v; to column j if the
word is in the sentence. The value v; can be configured to either be binary (0 or 1), or to be some
term weighting of word w;. Formally this is expressed as:

; i eES;ANw; €W .
xl(.J) = {v] Wi Wi , for j =1..m

0, otherwise

In order to create feature representations similar to the tfidf and Cosine similarity comparers, the
following term weighting was tested:

e tfidf with term frequency on document level (ifidf comparer)

e tfidf with term frequency on sentence level (Cosine comparer)

To be able to further mimic the similarity comparers, the feature values were normalized in the
following ways:

e Log sentence length : Normalize(v;) = log?ﬁ (tfidf and TextRank comparers)

e Vector length: Normalize(v;) = IIZ{ I (Cosine comparer)
4.3.3 NER features
A named entity extractor was used on the document to collect a set of m named entities {eq, ..., €m,}.

The feature vectors were then composed by counting the occurrences of named entities in the sen-
tence. A named entity may consist of several tokens (e.g. a first name and surname), thus every
e; is a list of tokens. The counting was implemented such that a word w is counted each time it
is part of a named entity. Consider for instance that some e; contains 3 tokens and that sentence
©)

S; contains all of them, then z;”’ = 3, which implies that .S; is well connected to the named entity

ej, whereas if some other sentence S; only contains 1 of the tokens, then xgj ) — 1 which implies
that it is only somewhat connected to e;. Formally, building the vectors can be expressed as:

gzgj):|{w|w65¢/\w€ej}|, for j=1..m

4.4 Sentence similarity as kernel functions

The similarity measures for sentences described in section 4.2] can be used as kernel functions for
the one-class SVM. In fact, one can even go as far as to translate a TextRank graph, G = (V, E),
directly into a SVM kernel matrix in the following way:

0 €4 FE
Wi = { i ¢ .
€;j.w otherwise

K = W+1I

where e;; is the edge between vertices v; and v; in V, e;;.w the weight of edge e;;, K the kernel
matrix, W the weight matrix of the edges in E and I the identity matrix. As K can be seen
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as a similarity matrix, only sentence similarity comparers producing symmetric weight matrices
(Similarity(S;, S;) = Similarity(S;, S;)) can be used here, meaning the Directed Comparer
cannot be applied. The reason for the addition with I is simply to capture that the “similarity”
between a sentence and itself is always 1 (maximum). As SVMs works best on normalized kernel
matrices ([0, 1] or [—1,1]), the values of W are normalized in the range [0, 1] (see section [£.5.1)).

The authors of [33] propose the use of another translation between a graph, G = (V, E),and a
kernel matrix:

A
K = I
oA = (110)
1 e;€eFE
Ay =, e
0 otherwise

where A is the adjacency matrix of the the graph, A\p,in(A) is the minimum eigenvalue of A and § is
some constant > 0. The use of the adjacency matrix of the graph suites unweighted graphs better
than the weighted graphs used in TextRank. This have given rise to the following two variations
of the formula:

w
K, = I
! o) = (1+0) T
A/
Ky = I
2 (AN E (11 8)
A = 1 Wij >t
I 0 otherwise

where t is some predefined threshold > 0. For kernel representation Ks, the choice of ¢ is impor-
tant. As the weights in W can vary significantly between different comparers, and even different
documents, it is unfeasible to set it statically. Instead a statistical approach was taken, where both
the mean and the median of the weights of the edges in E were considered as thresholds.

4.5 Boosting and improvements

The three ranking algorithms are designed to be, more or less, independent of the type of text that
is to be summarized. While this can be viewed a strength, it is possible to add features on top of
them to improve the quality of the summaries in certain domains (using some domain knowledge).
As the corpus most widely used for evaluation in this report (DUC2002) consists of short news
articles, the boosting strategies in this part were developed to boost results in that domain.

4.5.1 Edge normalization

As an experimental attempt to improve the system performance, edge normalization was imple-
mented. The weights of the edges in the TextRank graphs and one-class SVM kernel matrices
were normalized to be in the range of [0, 1] using the following formula based on Laplacian matrix
normalization[6]:
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Woyv;

) =
\/Z?:l Wy, * Z?n:l wvjvm

Normalized(wy,.,

where wy,,; is the weight of the edge between vertex v; and vertex v; (similarity between sentences
S; and S;) and n is the total number of vertices in the graph.

As this normalization approach relies on the graph being undirected (wy,.; = wy;+,), the Directed
Comparer can not be normalized this way. This comparer is instead normalized using the following,
naive formula:

. w’U‘,’U'
Normalized(wy,,;) = ——=
Wmax

where w4, is the maximum edge weight in the graph.

4.5.2 Eliminating short sentences

One can argue that sentences shorter than a certain length are unlikely to supply enough infor-
mation to be considered useful for an extractive summary. With this in mind only sentences of a
certain input length (in words) and higher are considered for inclusion in a summary.

4.5.3 Position analysis

In texts such as news articles, the first sentences usually describe the major content of the text.
This means sentences in the beginning of news articles are more probable to be useful in the
construction of the summary than other sentences in the text.

Position based rank boosting

To be able to take advantage of position importance one can, after ranking all sentences in a text,
boost the ranks of the sentences according to their position. For this purpose, we propose the
following boosting algorithms:

Boosta(S;) = Si.rank x <1 + S|—|—1—Slpos>
S|
Boosty(S;) = S;.rank x (1 + \/Sllipos)

where S is the set of sentences in a document, S;.rank is the rank of sentence S; and S;.pos is the
original position of S; in the document (starting at 1). Version b yielded higher ROUGE scores
for TextRank on the DUC2002 corpus. The curves displayed in fig. show that Boost, gives
only the first few sentences a high boost, which fits the structure of news articles as mentioned
earlier. Boost, however is linearly decreasing and might give too much contribution to sentences
outside the introduction part of an article. Consequently, Boost, will be the method referred to
as position boosting. This sort of position based boosting is only applicable to algorithms giving
each sentence a real value rank, not to algorithms returning a relevance ordering of sentences.
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Boosting factor
Boosting factor

L
o 20 10 60 80 100 0 20 a0 60 80
Sentence position Sentence position

(a) Linear (b) Inverse square

Figure 4.3: Variations of position boosting

A seeder based on sentence position

For the K-means algorithm, another way to exploit the position relevance was tested. Clustering
sentences into k clusters requires K-means++ to choose k initial cluster centers, which is called
seeding. The default seeder for K-means++ is based on randomization. The position seeder on the
other hand is deterministic and simply picks the first k£ sentences, as they appear in the document,
as the initial cluster centers. This strategy works reasonably well for a news corpus, since the
initial sentences often contain a lot of information while remaining diverse.

4.5.4 Title analysis

The title of a document such as a news article can, arguably, be seen as a very short summary
of the document. With this in mind, sentences that are describing topics mentioned in the title
might seem like viable candidates to select for an extractive summary. To test this idea, the rank
of sentences sharing one or more named entities with the title was boosted:

Boost(S;) = S;.rank x {wa S; contains N.E. fromtitle

1, otherwise

where w is a boosting factor > 1.

This boosting technique can only be use for algorithms providing a real value rank for each sentence.

4.5.5 Inverted adjacency and weight matrices

For the one-class SVM algorithm, inverted versions of A’ and W were evaluated. When inverting
the adjacency matrix of a graph, the dense parts become sparse and vice versa. Formally, a matrix
M can be inverted to M in the following way:

__ 0 L
M;; = r= ‘
1— M;; otherwise
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If the graph contains any cliques, they will become independent sets and vice versa. Since similar
sentences are connected in the normal graph, they will become disconnected in the inverted graph
and instead connected to sentences addressing other topics. This yields a very different graph and
seemed like an interesting structure to explore. An example is visualized in fig.

(a) Normal graph with adjacency (b) Inverted graph with adjacency matrix A
matrix A

Figure 4.4: Graph inversion
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Chapter 5

Experiments

In this chapter results for experiments conducted to measure the performance of the three sentence
ranking algorithms will be presented. For each algorithm results for summary generation in both
English and Swedish will be presented. For evaluation in English the DUC2002 corpus is used,
while the system is evaluated on the Wikipedia corpus to measure the performance for Swedish
texts. For the DUC2002 corpus the target length of a summary is 100 words. As the abstracts for
the Swedish corpus vary significantly in length, the target length of the summaries are here based
on the length of the gold standard abstracts as mentioned earlier. In all experiments conducted
in this chapter, the minimum length of sentences to be considered for extraction is 8 words. In
the tables below, different abbreviations are used to represent different word classes (PoS-filters).
N stands for nouns, Adj for adjectives, AV for adverbs and V for verbs. The results presented in
the tables are those of the highest observed ROUGE Ngram(1,1) score for each variation of each
algorithm.

5.1 TextRank Results and discussion

In the experiments conducted on the TextRank algorithm, all edge weights in the graphs are
normalized according to the methods described in section All sentence similarity comparers
presented in section are evaluated for the English corpus, while language dependency limits
which of these can be tested for the Swedish corpus. Both position and title similarity based
boosting is explored for the evaluation of English texts, while only position boosting is tested for
Swedish (the Wikipedia corpus provides no document titles).

5.1.1 English corpus
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’ Similarity Comparer PoS-filter | Recall | Precision 1
TextRank Comparer N, Adj 0.4558 0.4438 0.4483
tfidf Comparer N, Adj 0.4577 0.4494 0.4523
Cosine Comparer - 0.4478 0.4403 0.4427
Directed Comparer - 0.4515 0.4415 0.4450
Dep. Graph Kernel (« =0.2) | N, Adj 0.4300 0.4165 0.4217
Filtered word Comparer N, Adj 0.4426 0.4381 0.4390
Keyword Comparer (N = 20) | N, Ad]j 0.4431 0.4384 0.4395

(a) No boosting

’ Similarity Comparer ‘ PoS-filter Recall | Precision P
TextRank Comparer N 0.4723 0.4617 0.4655
tfidf Comparer N, Adj, V, AV | 0.4793 | 0.4706 | 0.4736
Cosine Comparer - 0.4743 0.4681 0.4699
Directed Comparer - 0.4653 0.4555 0.4588
Dep. Graph Kernel (e =0.2) | N, Adj, V, AV | 0.46919 0.46173 0.4641
Filtered word Comparer N, Adj 0.4704 0.4660 0.4669
Keyword Comparer (N = 20) | N, Adj, V, AV | 0.4680 0.4619 0.4637

(b) Position boosting

’ Similarity Comparer ‘ PoS-filter | Recall | Precision P
TextRank Comparer N, Adj 0.4542 0.4426 0.4469
tfidf Comparer N, Adj 0.4580 0.4479 0.4516
Cosine Comparer - 0.4471 0.4394 0.4419
Directed Comparer - 0.4529 0.4418 0.4458
Dep. Graph Kernel (o =0.2) | N, Adj 0.43368 0.42053 0.42549
Filtered word Comparer N, Adj 0.4430 0.4373 0.4388
Keyword Comparer (N = 20) | N, Adj 0.4431 0.4553 0.4379

(c) Title boosting (w = 1.5)

Table 5.1: TextRank similarity comparer results on the DUC2002 corpus

Table[5.1]shows that using the tfidf Comparer as similarity comparer in TextRank yields the highest
ROUGE score in all three categories of boosting (unboosted, position, title). It is disappointing
that the more NLP oriented comparers (e.g. Dependency Graph Kernel) are outperformed by this
rather naive approach.

By only viewing these results, one can argue that the choice of similarity comparer is not that
crucial for TextRank. The difference in F} score between the highest and the lowest is merely
0.013. However, a larger gap was observed before introducing some of the ideas from section [4.5.3|
(most notably eliminating short sentences).

In terms of boosting, the position boosting improves the F; scores significantly, while the title
boosting does not improve it. The assumed reason that the position boosting works is, as mentioned
in the general structure of news articles. A reason to why the title boosting works poorly
might be because the titles of news articles are often designed to capture the interest of a reader
rather than give a good summary of its content. This could also lead to a title which contains no
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named entities, making the boosting factor the same for each sentence. Consider for instance this
title:

Reportage On Provincial Flood Situation

The article describes flooding events in three Chinese provinces (Guangdong, Hunan and Jiangxi).
Even though the title describes flooding, it does not say anything specific about the event, and
also contains no named entities. A better title booster could probably be implemented to leverage
the titles of news articles.

5.1.2 Swedish corpus

Similarity Comparer PoS-filter | Recall | Precision F1

TextRank Comparer N, Adj 0.3689 0.3304 0.3473
TFIDF Comparer N, Adj 0.3556 0.3247 0.3384
Cosine Comparer - 0.3666 0.3342 0.3487
Filtered word Comparer | N, Adj 0.3744 0.3360 0.3531
Keyword Comparer N, Adj 0.3670 0.3326 0.3481

(a) No boosting

Similarity Comparer ‘ PoS-filter ‘ Recall | Precision 1

TextRank Comparer N, Adj 0.3752 0.3421 0.3569
TFIDF Comparer N, Adj 0.3698 0.3394 0.3530
Cosine Comparer - 0.3762 0.3445 0.3588
Filtered word Comparer | N, Adj 0.3783 0.3438 0.3593
Keyword Comparer N, Adj 0.3699 0.3384 0.3526

(b) Position boosting

Table 5.2: TextRank similarity comparer results on the Wikipedia corpus

In contrast to the English corpus, the Filtered word comparer seems to outperform the others here.
Although, all the comparers perform quite equal when boosted, the Filtered word comparer also
performs strongly unboosted. The gap between the best and worst performance is (in Fy — score)
0.0147 unboosted and 0.0067 when boosted.

An interesting thing to notice for this corpus is that position boosting does not improve the scores
as much as for the DUC2002 corpus. The increase in F; — score gained by boosting the Filtered
word comparer, for instance, is a mere 0.0062, compared to 0.0279 for the English corpus. This can
probably be explained by the domains of the corpora. The DUC2002 corpus consists of very short
articles (29 sentences in average), while the articles in the Swedish Wikipedia corpus are quite
long (200 sentences in average). The Wikipedia articles are divided into several sub paragraphs.
Therefore a position boosting relative to a paragraph, rather then the full text may perform better
in this domain.
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5.2 K-means Results and discussion

For the evaluation of the K-means algorithm for the English corpus, all feature representations
described in section @.3] are tested. When it comes to Swedish, only the keyword and named
entities representations are explored due to the extensive length of the filtered word feature vectors
in this corpus.

5.2.1 English corpus

Features ‘ PoS-filter ‘ Term weighting ‘ Normalization Recall Precision Py
Keywords(N = 23) N, Adj - - 0.4298 0.4327 0.4303
Filtered words; N, Adj, AV, V | - Log sent. length | 0.3979 0.4081 0.4017
Filtered wordss N tfidf (doc. level) Log sent. length | 0.3685 0.3775 0.3720
Filtered wordss N, Adj, AV, V | tfidf (sent. level) Vector length 0.4144 0.4204 0.4164
Filtered words (Best) | N, Adj, AV, V | - Vector length 0.4239 0.4265 0.4240
Named entities - - - 0.4431 0.3968 0.418

(a) Centroid based in cluster ranking

Features ‘ PoS-filter ‘ Term weighting ‘ Normalization Recall Precision | F;

Keywords (N = 15) | N, Adj, AV, V | - - 0.4668 | 0.4508 0.4621
Filtered words; N, Adj, AV, V | - Log sent. length | 0.4581 0.4435 0.4492
Filtered wordss N, Adj tfidf (doc. level) Log sent. length | 0.4659 0.4639 0.4636
Filtered wordss N, Adj, AV, V | tfidf (sent. level) Vector length 0.4544 0.4521 0.4521
Named entities - - - 0.4755 | 0.4227 0.4463

(b) Position based in cluster ranking

Features ‘ PoS-filter ‘ Term weighting ‘ Normalization ‘ Comparer ‘ Recall Precision F

Keywords (N = 22) N, Adj - - tfidf (*) 0.4720 0.4586 0.4640
Filtered words; N, Adj, AV, V | - Log sent. length | t¢fidf (*) 0.4633 0.4483 0.4541
Filtered wordssz N tfidf (doc. level) Log sent. length | tfidf(*) 0.4677 0.4619 0.4635
Filtered wordss N, Adj tfidf (sent. level) Vector length tfidf (*) 0.4601 0.4537 0.4556
Named entities - - - tfidf (*) 0.4788 | 0.4228 0.4477

(c) TextRank used for in cluster ranking

Table 5.3: Using K-means++ seeding
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Features PoS-filter Term weighting Normalization ‘ Recall ‘ Precision ‘ Fy
Keywords (N = 16) N - - 0.4462 0.4445 0.4440
Filtered words; N, Adj - Log sent. length 0.4271 0.4362 0.4307
Filtered wordss N tfidf (doc. level) Log sent. length | 0.3924 0.3959 0.3931
Filtered wordss N, Adj, AV, V | tfidf (sent. level) Vector length 0.4435 0.4425 0.4418
Filtered words (Best) N, Adj, AV, V | - Vector length 0.4471 0.4455 0.4450
Named entities - - - 0.4660 | 0.4184 0.4399
(a) Centroid based in cluster ranking
Features PoS-filter ‘ Term weighting Normalization Recall Precision ‘ Fy
Keywords (N = 15) N - - 0.4689 0.4608 0.4634
Filtered words, N, Adj, AV, V | - Log sent. length | 0.4624 0.4568 0.4583
Filtered wordss N tfidf (doc. level) Log sent. length | 0.4593 0.4573 0.4572
Filtered wordss N tfidf (sent. level) Vector length 0.4600 0.4603 0.4590
Filtered words (Best) | N, Adj - Vector length 0.4613 0.4612 0.4602
Named entities - - - 0.4860 | 0.4342 0.4575
(b) Position based in cluster ranking
Features ‘ PoS-filter ‘ Term weighting ‘ Normalization ‘ Comparer ‘ Recall Precision | F
Keywords (N = 18) N, Adj - - tfidf (*) 0.4739 0.4635 0.4672
Filtered words; N - Log sent. length | ¢fidf(*) 0.4726 0.4645 0.4673
Filtered wordsz N tfidf (doc. level) Log sent. length | &fidf(*) 0.4630 0.4569 0.4588
Filtered wordss N, Adj, AV, V | tfidf (sent. level) Vector length tfidf (*) 0.4669 0.4650 0.4646
Filtered words (Best) N, Adj - - tfidf (*) 0.4747 0.4641 0.4680
Named entities - - - tfidf (*) 0.4900 0.4364 0.4605

(¢) TextRank used for in cluster ranking

Table 5.4: Using position seeding

In tables and tfidf (*) refers to the tfidf comparer with PoS-filter {N, Adj, AV, V}
and position boosting. Filtered words;_5 are combinations of term weighting/normalization that
corresponds to the similarity comparers in TextRank. Filtered words; corresponds to the TextRank
comparer, Filtered wordss to the ¢fidf comparer and Filtered wordss to the cosine comparer. If
any other combination beats these three, it will be included in the results marked Filtered words
(Best).

From the results in table and it is clear that all three variables (feature representation,
initial seeding and in cluster ranking) play a big roll in the performance of the algorithm. The
best results are obtained with very position dependent seeding and in cluster ranking. As the
importance of sentence position in a document is very domain specific, it is hard to say how well
these seedings and rankings perform in other domains. The settings used in table are the
most domain independent, but gives the lowest score. The settings giving the best result, found in
table p.4c| is position dependent both in initial seeding and in cluster ranking.

When it comes to feature representation, they all seem to perform good in combination with some
seeding/in cluster ranking. The keyword and filtered words features both yields high precision and
Fy — score, while the named entity representation yields the highest recall.
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5.2.2 Swedish corpus

’ Features ‘ PoS-filter | Recall Precision | I}
Keywords (N =19) | Adj, N 0.3566 | 0.3265 0.3402
NER 0.3407 0.3160 0.3268
(a) Centroid based in cluster ranking
Features ‘ PoS-filter Recall Precision | I}
Keywords (N =18) | V, AV, Adj, N 0.3624 | 0.3347 0.3473
NER 0.3424 0.3209 0.3302
(b) Position based in cluster ranking
Features ‘ PoS-filter ‘ Comparer Recall | Precision | I}
Keywords (N = 19) | V, AV, Adj, N | Filtered word | 0.3600 | 0.3403 0.3539
NER 0.3459 0.3219 0.3322
(c) TextRank used for in cluster ranking
Table 5.5: Using K-means++ seeding
Features ‘ PoS-filter Recall Precision | I}
Keywords (N =18) | V, AV, Adj, N | 0.3542 | 0.3246 0.3380
NER 0.3480 0.3249 0.3351
(a) Centroid based in cluster ranking
Features ‘ PoS-filter | Recall Precision | I
Keywords (N =19) | Adj, N 0.3575 | 0.3283 0.3413
NER 0.3497 0.3247 0.3356
(b) Position based in cluster ranking
Features ‘ PoS-filter ‘ Comparer Recall | Precision | [}
Keywords (N =19) | Adj, N Filtered word | 0.3616 | 0.3345 0.3467
NER 0.3524 0.3273 0.3382

(¢) TextRank used for in cluster ranking

Table 5.6: Using position seeding
For the two feature representations evaluated for this corpus, it is clear that the keywords out-
performs the named entities. An interesting point is that the k-means++ seeding performs better

than the position seeding for this corpus, which can be connected to the points made earlier about
position boosting of TextRank for this corpus.

5.2.3 Observations

During testing it became clear that the clustering of a document using this algorithm produced
clusters of quite different sizes. More over, it was often observed that a few of the clusters for a
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document only contained one sentence. Doing in cluster ranking on a cluster with only one data
point is, of course, irrelevant. This means that if a cluster only contains one sentence, that sentence
will always be selected to be in the final summary (if the cluster is at all considered for extraction).

Another observation made was that long feature vectors slows down the algorithm significantly.
Feature representations providing lengths in the magnitude of the number of unique words in a
document may therefore be insufficient for longer texts (such as those in the Wikipedia corpus).

5.3 One-class SVM results and discussion

For the evaluation of the one-class SVM algorithm in English, all undirected similarity comparers
described in section [4.2] are applied to form kernel matrices using both representations, K; and Ko
(described in section . Language dependencies limits which similarity comparers are tested for
the Swedish corpus. Both normal and inverted versions of the kernels are tested.

5.3.1 English corpus

’ Comparer PoS-filter Recall Precision | Fi — score
TextRank Comparer N., Adj., AV., V. | 0.39464 | 0.40917 0.40086
tfidf Comparer N., V. 0.38802 0.40136 0.39372
Cosine Comparer N., Adj., AV., V. | 0.39338 0.40614 0.39881
Dep. Graph Kernel (o =0.2) | N., V. 0.39219 0.40823 0.39899
Filtered word Comparer N., Adj., AV., V. | 0.39569 0.4066 0.40014
Keyword Comparer(N = 20) N., Adj., AV.,, V. | 0.37128 0.3832 0.37617

(a) Kernel representation Ki

’ Comparer ‘ PoS-filter Recall Precision | F} — score
TextRank Comparer N., V. 0.39044 0.40231 0.3953
tfidf Comparer N. 0.38204 0.39251 0.38636
Cosine Comparer N., Adj. 0.38807 0.39525 0.39068
Dep. Graph Kernel (o= 0.2) | N., Adj, AV., V | 0.39722 | 0.4118 0.40343
Filtered word Comparer N., Adj, AV., V | 0.39585 0.40446 0.39907
Keyword Comparer(N = 20) N., V. 0.3844 0.39315 0.38769

(b) Kernel representation Ko

Table 5.7: Normal weight matrix representation
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’ Comparer PoS-filter Recall Precision | Fi — score
TextRank Comparer N., Adj. 0.4276 0.4237 0.4243
tfidf Comparer N., Adj., AV., V | 0.4391 | 0.4306 0.4334
Cosine Comparer N., V. 0.4219 0.4217 0.4204
Dep. Graph Kernel (o =0.2) | N., Adj., AV., V | 0.4196 0.4219 0.4195
Filtered word Comparer N., Adj 0.4195 0.4203 0.4187
Keyword Comparer(N = 20) N. 0.4226 0.4232 0.4218

(a) Kernel representation Ki

’ Comparer ‘ PoS-filter Recall | Precision | Fy — score
TextRank Comparer N., Adj. 0.4236 0.4224 0.4220
tfidf Comparer N. 0.4279 0.4271 0.4264
Cosine Comparer N., Adj., AV., V 0.4217 0.4230 0.4213
Dep. Graph Kernel (o =0.2) | N., Adj., AV.,V | 0.4074 0.4067 0.4060
Filtered word Comparer N., Adj. 0.4168 0.4202 0.4174
Keyword Comparer(N = 20) N., Adj. 0.4184 0.4187 0.4175

(b) Kernel representation Ko

Table 5.8: Inverted weight matrix representation

From the results in tables [5.7] and it is clear that inverting the weight matrices in the kernels
improves the ROUGE-score for this corpus. When it comes to the weighted (K;) versus the
adjacency (K5) version of the kernel matrices, they give quite even scores. K; performs slightly
better on the inverted version, while K is slightly better on the normal version of the weight matrix.
However, the difference is too small to say anything about which may be the best representation
in the general case.

5.3.2 Swedish corpus
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Comparer PoS-filter Recall Precision | F} — score
TextRank Comparer N, Adj, AV, V | 0.3256 0.3054 0.3146
tfidf Comparer N, Adj, AV, V | 0.3253 0.3042 0.3139
Cosine Comparer N, Adj, AV, V | 0.3264 0.3042 0.3143
Filtered word Comparer N, Adj, AV, V | 0.3266 | 0.3062 0.3155
Keyword Comparer(N = 20) | N, Adj, AV, V | 0.3232 0.2998 0.3103
(a) Kernel representation Ki
’ Comparer ‘ PoS-filter | Recall Precision | F; — score
TextRank Comparer N, Adj 0.3417 | 0.3190 0.3292
tfidf Comparer N, Adj 0.3362 | 0.3142 0.3242
Cosine Comparer N, Adj 0.3365 0.3146 0.3245
Filtered word Comparer N, Adj 0.3403 0.3186 0.3284
Keyword Comparer(N =20) | N,V 0.3348 0.3119 0.3222

(b) Kernel representation Ko

Table 5.9: Normal weight matrix representation

Comparer PoS-filter Recall | Precision | F} — score
TextRank Comparer N, Adj, AV, V | 0.3358 0.3104 0.3219
tfidf Comparer N,V 0.3458 | 0.3184 0.3308
Cosine Comparer N, Adj, AV, V | 0.3452 0.3189 0.3307
Filtered word Comparer N, Adj 0.3404 0.3120 0.3248
Keyword Comparer(N =20) | N,V 0.3427 0.3160 0.3280
(a) Kernel representation Ki

Comparer ‘ PoS-filter Recall | Precision | Fy — score
TextRank Comparer N, Adj, AV, V 0.3433 0.3168 0.3288
tfidf Comparer N, Adj, AV, V | 0.3485 0.3213 0.3336
Cosine Comparer N,V 0.3554 0.3270 0.3399
Filtered word Comparer N, Adj, AV, V | 0.3393 0.3165 0.3269
Keyword Comparer(N = 20) N,V 0.3421 0.3156 0.3275

Table 5.10: Inverted weight matrix representation

For this corpus kernel representation Ko outperforms K; for both normal and inverted graphs.
The highest F; score is once again observed for inverted weight matrices for both K7 and Ko.

5.3.3 Observations

When testing the one-class SVM sentence ranking, some alarming observations were made. First,
the value of v for the desired summary length was significantly lower than expected. Previous

(b) Kernel representation Ko
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work, stating the correlation of v and the fraction of support vectors, suggest values of v in the
range [0.01,0.5] which should correspond to fractions in the range [10%,51.2%][52]. However, in
the evaluation of this system the average desired fraction was 30%, but to achieve this, v had to
be of the magnitude 0.0001.

Another observation was that the first sentence was selected very often. An experiment was
conducted to analyze this behavior where summaries were produced for 100 randomly chosen
documents. The sentences were randomly shuffled before building the kernel matrix for a document.
The experiment showed that in the basic setting with a weighted matrix W, and no filtering of
short sentences, the first sentence was selected in 94/100 summaries. This number decreased if the
adjacency matrix A was used instead, and further if the matrix was inverted and short sentences
were filtered. With this setting, the first sentence was selected in 62/100 summaries. This can be
compared to the basic setting of TextRank, still using shuffled sentences, where the first sentence
was selected in 18/100 summaries.

With these observations in mind, further testing and investigation should probably be carried out
before using the one-class SVM approach on a larger scale.

5.4 Testing on equal terms

Even though the experiments conducted on TextRank and one-class SVM uses the same measures
of sentence similarity, the same cannot be said for K-means clustering. The objective of the K-
means algorithm is to, in each iteration, assign all points to the nearest cluster centroid. This task
can be rephrased as to finding the cluster centroid most similar to each point. When thinking of
the task as a similarity comparison between points and cluster centroids, it is possible to construct
a similarity measure based on the K-means algorithm.

Formally the assignment step of K-means can be expressed as, for each point, x;, find the cluster
center, c;j, that minimizes:

i —cjlP=ai -zi+c] -¢j—2z] ¢

It is clear from the formula above that minimizing || z; — ¢; ||? is equivalent to maximizing =1 - ¢;.

With this in mind one can argue that z7 - c¢; can be seen as a similarity measure between point x;
and center ¢;, the higher the similarity, the closer the point is to the center.

To mimic the similarity measure from K-means the dot product between feature vectors is used as
similarity comparer in TextRank graphs and one-class SVM kernels:

Similarity(S1, S2) = v&, - vs,

where vg, is the feature vector representation of sentence S;. This allows for all three algorithms
to use the same feature representaions and (near) equivalent measure of similarity.
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Algorithm PoS-filter | Recall Precision | I}
TextRank N, Adj 0.4865 | 0.4286 0.4546
One-class SVM N, Adj 0.4089 0.3725 0.3891
K-means cntroid N, Adj 0.4107 | 0.4169 0.4126
One-class SVM;,, | N, Adj 0.4563 0.4112 0.4315
K-meansreqt Rank N, Adj 0.4473 0.4377 0.4410
(a) Keywords(n = 23)
Algorithm ‘ PoS-filter ‘ Recall ‘ Precision | I}
TextRank N, Adj, AV, V | 0.4717 | 0.4193 0.4431
One-class SVM N, Adj, AV, V | 04390 | 0.3981 0.4168
K-means entroid N, Adj, AV, V | 0.3910 0.4037 0.3963
One-class SVM;,,, | N, Adj, AV, V | 0.4524 0.4064 0.4272
K-meanstegirane | N, Adj, AV, V | 0.4288 | 0.4221 0.4240
(b) Filtered Word;
Features ‘ PoS-filter ‘ Recall | Precision | F
TextRank N, Adj, AV, V | 0.4888 | 0.4346 0.4591
One-class SVM N, Adj, AV, V | 0.4251 0.3868 0.4042
K-means entroid N, Adj, AV, V | 0.3647 0.3724 0.3676
One-class SVM;,,, | N, Adj, AV, V | 0.4601 0.4131 0.4343
K-meanstesirant | N, Adj, AV, V | 0.4257 | 0.4293 0.4264
(c) Filtered Wordsa
Algorithm ‘ PoS-filter ‘ Recall Precision | I}
TextRank N, Adj, AV, V | 0.4780 0.4254 0.4491
One-class SVM N, Adj, AV, V | 0.4275 0.3928 0.4086
K-means,entroid N, Adj, AV, V | 0.4221 | 0.4224 0.4210
One-class SVM;,,, | N, Adj, AV, V | 0.4536 0.4079 0.4286
K-meanstegtrank | N, Adj, AV, V | 0.4190 | 0.4215 0.4189
(d) Filtered Words
Algorithm ‘ Recall | Precision | Fj
TextRank 0.4522 0.4040 0.4259
One-class SVM 0.4106 0.3741 0.3907
K-means entroid 0.4419 | 0.3965 0.4169
One-class SVM;p,, | 0.4561 | 0.4100 0.4309
K-meanstestrant | 0.4537 | 0.4069 0.4275

(e) Named entities

Table 5.11: Equal sentence similarity

Each sub table in table provides results for feature representations from the original experi-
ments on the K-means algorithm (section . The TextRank and one-class SVM rows in the sub
tables corresponds to the standard implementations with dot product between sentence feature
vectors as similarity comparers. Two different versions of the K-means algorithm are tested here,
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K-means cpntro0iq with centroid based and K-meansreytrant With TextRank (dot product similar-
ity) in cluster ranking. Both K-means variation uses K-means++ initial seeding. Apart from the
standard one-class SVM, One-class SVM;,,,,, with inverted weights in the kernel matrix, is tested.
To make the comparison as fair as possible, no position based boosting is involved in this test as
the three algorithms cannot be boosted in precisely the same ways.

Table[5.1T]show that TextRank outperforms the other two algorithms in this setting. When it comes
to the performance of the one-class SVM versus K-means, they seem to give quite similar results.
An interesting thing to notice is that the variations on the standard algorithms K-meansre,¢rank
and One-class SVM;,,,, seem to outperform their standard algorithm counterparts (one-class SVM
and K-means entroid)-

TextRank not only outperforms K-means and one-class SVM for this setting, the results displayed
in table is above any previously observed value for the unboosted version of the algorithm.
This observation led to further testing of a position boosted version of TextRank with the dot
product similarity measure. The results for this test was: recall = 0.5099, precision = 0.4546 and
Fy =0.4797. These are the highest recall and F; scores observed for TextRank in this project.
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Chapter 6

Comparison and discussion

In this section the results presented previously will be put in context of baselines and competi-
tive systems. There are two different baselines used in this comparison. The first one is called
Baseliner,q and contains the leading sentences of a document using the standard sentence selec-
tion method described in section This baseline is particularly strong in the domain of short
news articles. Baselineggndom selects sentences at random from the document. This baseline is
corpus independent and obviously needs to be outperformed by any system claiming to successfully
perform the task of extractive summarization.

6.1 English

6.1.1 ROUGE evaluation

As mentioned in the section the DUC2002 corpus and ROUGE toolkit have been used for
the evaluation of other works on single document summarization. What follows is a comparison
between the performance of the algorithms presented in this thesis and those from two papers very
influential to this project[46, B0]. The ROUGE-scores of the different algorithms will, of course,
also be compared to each other, as well as to the baselines. In extension to this, the theoretical
limit to how well an extractive system can perform on the DUC2002 corpus will be discussed.

| Algorithm | ROUGE N-gram(1,1) |
TextRank 0.4797
K-means 0.4680
One-class SVM 0.4343
TextRank[46] 0.4708
K-means[30] 0.4791
Baselineyeqq 0.4649
Baseline ggndom 0.3998

Table 6.1: Comparison table
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Table shows the different sentence ranking algorithms and their ROUGE scores. The first
three rows corresponds to the approaches that have been developed in this project and their best
ROUGE N-gram(1,1) F; scores. The fourth and fifth rows corresponds to scores reported in two
other papers|30, 46|, and the last two to the F; scores of the two baselines used.

The table shows that the results for the TextRank and K-means approaches are highly competitive
for this corpus, as they beat both baselines, as well as closely compares to the results from the
other papers. When it comes to the result for the one-class SVM algorithm it clearly beats
Baseline ggndom, while it falls short to the Baseliney.,q. The one-class SVM is the least domain
specific implementation, since the position of sentences are not leveraged to the same extent as in
the other implementations.

The original TextRank paper[46] was first presented in 2004, and does not specify whether the
reported ROUGE score is the recall, precision or F} score. Since the ROUGE version used in
DUC2004 only reported recall values[53], one could suspect that the reported score is in fact the
recall. For this project, the highest observed recall score was 0.5099.

The K-means based system[30] presented results for both recall, precision and F; score. However,
it did not specify any other ROUGE settings. For instance, enabling stemming can increase the
ROUGE score. Since it was not specified, we assumed that the default settings were used, and all
ROUGE evaluations were performed without stemming in this project. More over, their system was
compared to other systems, for instance TextRank. The reported scores for TextRank were recall
0.4658, precision 0.4838 and Fy 0.4745, cited from the original TextRank paper[46]. But recall and
precision are not reported in the original paper, and neither of these figures are consistent with
the score 0.4708 which was the actual score reported in the original paper. Thereby no further
conclusion could be drawn from the TextRank scores.

Extractive summarization systems are limited to selecting sentences from the document. They
cannot produce or rewrite content and therefore cannot achieve a perfect F; score when compared
to an abstractive gold summary. An experiment was devised to investigate how high the Fj score
could go for this corpus. The labeling algorithm proposed in appendix [B| was applied to select
sentences that were similar to sentences in the abstractive summaries, which gave a Fj score of
0.5657. There is no claim that this is the highest Fj score that can be obtained, but it can be
seen as a reasonable limit for what an extractive summarizer can achieve. The labeling algorithm
“cheats” by looking at the gold standard abstracts, so algorithms based on sentence similarity seem
unlikely to beat this.

6.1.2 Manual random inspection

In addition to the ROUGE evaluation, a manual inspection was also carried out to get a sense of
the quality of the summaries. ROUGE only scores on coverage, and a good ROUGE score does
not necessarily correspond to a good summary from a human point of view.

As stated in the introduction, a good summary should maintain the important information from
the document. From the random inspection, it seems that most summaries are adequate in that
regard. Below follows positive examples for the three algorithms.

TextRank
From the document AP900730-0116 (see |C.1)):

East Germany’s deposed Communist leader Erich Honecker is too sick to be held in jail
but is fit enough to be tried, the official news agency ADN reported Monday. ADN,

45



6.1. ENGLISH CHAPTER 6. COMPARISON AND DISCUSSION

quoting a Health Ministry statement, said Honecker was still recovering from surgery
for kidney cancer in January and was not well enough to be incarcerated. The medical
panel concluded that seven other former Communist officials, who had been among
Honecker’s closest aides, were all fit to prosecute and to be placed in custody, ADN
said. They had been arrested soon after Honecker’s fall but were later released because
of advanced age and poor health.

K-means
From the document FBIS3-1707 (see [C.2):

President Bill Clinton, trying to brush aside recent differences with London, today
stressed Washington’s special transatlantic relationship with Britain. Welcoming British
Prime Minister John Major in Pittsburgh, where Major’s grandfather and father once
lived, Clinton said at the airport, “We’re working together today to respond to the
terrible tragedy in Bosnia to try to bring an end to the killing and to bring peace and
to keep that conflict from spreading”. Clinton will then share his Air Force One back to
the nation’s capital. Clinton and Major will meet again in June in Europe during the
commemoration of the 50th anniversary of D-Day of the second world war. Major said
Clinton would visit Britain, and perhaps the Oxford University, Clinton’s alma mater,
during the June visit.

One-class SVM
From the document AP900802-0180 (see |C.3)):

THE INVASION: Iraq’s troops, led by about 350 tanks, crossed the border at dawn
Thursday, and seized the Kuwaiti palace and government buildings 40 miles away.
CAUSE OF CONFLICT: President Saddam Hussein of Iraq accused Kuwait of stealing
oil from its territory and forcing down oil prices through overproduction. Kuwait
and U.N. diplomats dismissed Iraq’s claim that it invaded at the request of Kuwaiti
revolutionaries. The order also froze Kuwait property under U.S. jurisdiction — a move
intended to keep Iraq from seizing it. The Soviets also condemned the invasion and
stopped arms sales to Iraq.

However, the system is not perfect and will sometimes create summaries that are coherent but
misses some important point in the original document. Here is an example produced by the one-
class SVM (see [C.4] for the full document):

Supercomputers, satellites and the expertise of several hurricane forecasters predicted
the destructive path Hurricane Hugo would follow, giving people plenty of time to flee
the South Carolina coast. Forecasters at the National Hurricane Center used com-
puter models to track Hugo’s path into Charleston, S.C. Using the information from
the satellite, supercomputers at the National Meteorological Center in Suitland, Md.,
send information to the hurricane center where a tracking model constantly changes to
account for current weather conditions and the position of the hurricane. To determine
the track of the storm, the forecasters analyze supercomputer predictions, satellite data,
the history of similar storms and the current path of the hurricane.
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While the summary seems coherent and easy to follow, it misses the point that the forecast models
are unreliable and do not give as much information as the traditional forecast methods. This point
was brought up by both human annotators.

Further more, the system can in some cases produce summaries that are hard to follow, where
the information gap between the sentences is too great. Below is an example from the document
LA062390-0001 (see |C.5):

Shortly after 2 p.m. Wednesday, San Diego resident Mohammad Nyakoui got a call
from his wife, who is spending the summer in the Caspian Sea coastal city of Rasht,
Iran, with her family . Hamid Biglari, a theoretical physicist at UC San Diego, was
among those who organized a local group to gather contributions for the United Nations
Fund for the Iran Earthquake . Donations for Iranian earthquake relief are being taken
in San Diego by two groups: Mail checks to 3547 Camino del Rio South, Suite C, San
Diego 92108, noting that donation is for Iranian Earthquake Relief Fund .

Not only is it difficult to understand the concept, the summary also fails to include the most
important information: that there was an earthquake in Iran, and people worried about their
relatives could not obtain any information within the first 48 hours.

6.2 Swedish

6.2.1 ROUGE evaluation

As no previous evaluation on this corpus was found, the results will only be compared to each
other and the baselines.

| Algorithm | ROUGE N-gram(1,1) |
TextRank 0.3593
K-means 0.3539
One-class SVM 0.3399
Baseliner,cqq 0.3350
Baseline gandom 0.3293

Table 6.2: Comparison table

Table shows that all three approaches beat the baselines, and TextRank obtains the highest
score for the Swedish corpus as well. An important thing to notice is that Baselineyqq is much
weaker here. The difference between Baseliner,,q and Baseline gongom is 0.0057 here, compared to
0.0651 in the DUC2002 corpus. The articles in the Wikipedia corpus are divided into several sub
paragraphs. A stronger baseline would probably be to take the first sentence of each paragraph
instead of taking the lead of the document. Basing boosting on this domain knowledge would
probably also improve the results for both TextRank and k-means.

It should be noted that the reason for the lower ROUGE scores for this corpus is not because
of the language per se, but rather that the domain changed into longer texts. Since the main
evaluation was DUC2002, all improvements have been implemented with that corpus in mind. If
the Wikipedia corpus would have been the corpus of the main evaluation, one could probably
expect better performance.
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The labeling algorithm proposed in appendix [B| was applied to the Wikipedia corpus as well and
obtained a F; — score of 0.4287. This can be seen as an indication that sentences from the articles
are quite dissimilar to those in the abstracts.

6.2.2 Manual random inspection

The quality of the Wikipedia summaries are lower in general than the DUC2002 counterparts.
While the general idea is often understood, the summaries might lack natural flow or fail to include
important topics from the original text. Below are some examples of the summaries produced for
the Swedish Wikipedia corpus.

One-class SVM
from a Wikipedia article on the Turkish language and its grammar (see [C.6):

Turkiskan ingar i den turkiska, eller vistra, undergruppen av de sydvéstturkiska (eller
oghuziska) turkspraken. Turkiskans karakteristiska drag, som vokalharmoni, agglu-
tinering och franvaro av grammatiskt genus, dr genomgaende inom turkspraken och
de altaiska spraken. Den moderna turkiskan anses ofta ha skapats av Turkiets forste
president, Kemal Atatiirk, som inforde det latinska alfabetet (och dérmed ocksé forb-
jod anvéndning av det arabiska) och 1dt genomfora omfattande sprakreformer. Projekt
som undersoker turkiska dialekter utfors av flera universitet, samt av en séirskild arbets-
grupp i Turkiska sprakforeningen, och fér nirvarande genomférs arbete med att samla
och publicera forskningen som en uttémmande dialektatlas 6ver turkiskan. Turkiskans
vokaler &r, i alfabetisk ordning, a, e, 1, i, 0, 6, u, ii. Det forekommer inga diftonger
i turkiskan och nér tva vokaler mots, vilket sker sillan och endast i lanord, behéaller
varje vokal sitt individuella ljud. Ett typiskt drag i turkiskan &r vokalharmonin, vilket
innebir att alla vokaler i ett ord maste Overensstimma med varandra i uttalsposition.
Turkiskan &r ett agglutinerande och vokalharmoniserande sprak som ofta anvinder af-
fix, sérskilt suffix (dndelser). Dessa lanord utgjorde omkring 20% av den davarande
turkiskans ordférrdd. I och med sprakreformen pa 1920-talet avskaffades det stora
flertalet av de arabiska och persiska lanorden; de ersattes av dialektala, arkaiska och
syntetiska ord, men dven av synonymer, vilket gjorde turkiskan nagot ordfattigare. Det
osmanska alfabetet angav endast tre olika vokaler-langa a, u och 1 — och innehdll flera
redundanta konsonanter sisom varianter av z (vilka var atskilda i arabiskan men inte i
turkiskan). Att korta vokaler saknades i det arabiska alfabetet gjorde det sarskilt daligt
ldmpat for turkiskan, som har atta vokaler. Uppgiften att utarbeta det nya alfabetet
och vilja de nédvindiga modifieringarna for ljud som &r sarskilda for turkiskan gavs till
en sprakkommission som bestod av framtridande lingvister, akademiker och forfattare.

The extracted summary actually corresponds well to the gold standard abstract (also available in
(C.6) and manages to point out most of the important points. A direct contrast is presented below:

K-means
from a Wikipedia article on Thomas Aquinas (see [C.7):
De stora dragen och alla viktigare hindelser i Thomas av Aquinos liv dr kinda, men

biografier skiljer sig i vissa detaljer och datum fran varandra. Denifles vin och elev, Do-
minic Priitmmer, O.P. som var professor i teologi vid universitetet i Fribourg i Schweiz,
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upptog arbetet och publicerade Fontes Vitae S. Thomae Aquinatis, notis historicis et
criticis illustrati. Den forsta faskikeln, Peter Calos biografi, utkom 1911 i Toulouse.
Av den med Thomas samtide Bartolomeus av Lucca far vi veta att tidpunkten f6r
Thomas fédelse saknas vilket ledde till en osdkerhet om dennes exakta alder . Paris
holl fast honom; pavarna énskade honom néra sig; ordens Studia var angeldgna om att
atnjuta hans undervisning; foljaktligen finner vi honom i Anagni, Rom, Bologna, Orvi-
eto, Viterbo, Perugia, i Paris igen, och slutligen i Neapel, alltjimt undervisande och
skrivande, foljande sin enda passion i livet att férsvara de kristna doktrinerna. Thomas
boérjade omedelbart ombesorja forberedelserna for sin dod.

The original text describes the life and works of Thomas Aquinas. The summary above, however,
says practically nothing about these topics which makes it a particularly bad summary. The
original text along with the gold standard abstract are included in [C.7]
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Chapter 7

Future work

During the work with this project several ideas for possible approaches and improvements emerged
that were not, or at least not fully, implemented due to lack of time and/or resources. What follows
is a description of some of those ideas.

7.1 Supervised learning

At the start of this project, one of the major goals was to compare unsupervised and supervised
machine learning algorithms for sentence ranking. However, in the research phase it became clear
that supervised approaches were dependent on the existence of good training sets and such sets
seemed hard to come by. Two English corpora were found with sentences marked by humans as
relevant or not[2] [14], but these seemed far from optimal. They both seemed a bit small for training
purposes, the first one[2] contains 185 documents and the second[14] contains 183. Further more,
the first corpus only used one annotator per document. As discussed in section the problem
with this is that different people find different sentences relevant. For this corpus, annotator
comments were also available. After reading some of the comments, it seemed even more unfit for
use:

“May be unreliable due to difficulty /complexity of text topic!”

“l am not very sure about this text.”

A corpus using several annotators per document is available for Swedish texts[16], but the corpus
is very small, it only contains 33 documents. Ideally one would want a large corpus with numerous
annotators per document to train a supervised algorithm for sentence ranking.

Some work was put into using the sentence similarity comparers described in section [f.2] to mark
sentences similar to those in the abstracts of the DUC2002 corpus as relevant or not. This method
is described further in appendix [Bl However, as this automatic approach adds to the error rate of
the system, the idea was abandoned.

7.2 Preprocessing

As mentioned in section .1} the text preprocessing steps is really what makes the system lan-
guage dependent. The NLP libraries[11], [10] used in this project are dependent on language models
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and in some cases no Swedish models were available. In other cases the models for Swedish per-
formed worse than their English counterparts. New /improved models for Swedish would therefor
be desirable.

Another interesting idea would be to use WordNet[47] instead of word stems for word comparisons.
This would allow the system to view different synonyms as the same concept and thus, hopefully,
be able to find similarities between sentences addressing the same topic with different words.

7.3 Spectral clustering

As mentioned in section the K-Means clustering provided a quite uneven cluster distribution.
Some clusters included many sentences, while others only included one. Which sentences ends up
in which cluster is, of course, highly dependent on the feature representation and initial seeding.
However, it would be interesting to explore other clustering algorithms to see if a more even
distribution could be obtained. Some recent work[26] claims that spectral clustering can be used
on a TextRank graph to divide it into sub graphs. These sub graphs are said to have roughly
the same size and a high order of in cluster sentence similarity. As both TextRank graphs and
clustering have been explored in this project, this would be an interesting approach to try.

7.4 Human evaluation

As mentioned in section [2.3.1] to determine if a summary is good or not is far form a trivial task.
Different people have different opinions on what sentences from a document should be extracted to
form a good summary. With this in mind, it would be interesting to construct a GUI (Graphical
User Interface) where people could review extractive summaries. For example, a user could mark
sentences in a summary as relevant or not. If such a system was constructed, the quality of
summaries could be evaluated by majority vote.

As a presentation feature for this project, a simple GUT was made for viewing automatically created
summaries. The GUI provides no review interaction with users, but could form as the basis for
such a system.

7.5 Similarity comparer optimization

As stated in section the time complexity of the algorithms are not the focus of this report.
However, during evaluation on the Wikipedia corpus it became clear that the construction of the
graphs and weight matrices were significantly slower for longer documents. The bottleneck here
seemed to be the similarity comparison between sentences. It would be interesting to vectorize
these comparisons as much as possible, to see if the running time decreases. That is to actually
regard sentences as feature vectors in the comparers. If the sentences are represented as real
number feature vectors, several of the comparers could probably make use of fast linear algebra
libraries.

Further more, vector representations of similarity comparers would allow for more equivalent testing
between the three algorithms. A small experiment was conducted for 3 feature representations in
section A vectorized approach would not only allow for equal feature representation. The
vectorized similarity measures could also be used in the cluster assignment step in k-means, which
means that all three algorithms could use the same similarity measure.
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The vectorization of the comparers is only one possible optimization strategy, there may be several
others.
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Chapter 8

Conclusion

This thesis has described the implementation and evaluation of a system for automatic, extractive
single document summarization. As the basis for this system three algorithms for sentence relevance
ranking were explored. The first one was the well established TextRank, the second was based on K-
means clustering and the third on one-class SVM. All three algorithms are considered unsupervised
machine learning algorithms and therefore demands no language specific training sets. The only
language dependence of the system is that needed for text preprocessing.

The system has been evaluated mainly using a corpus consisting of short news articles in English.
The main evaluation method used was the well known ROUGE toolkit. Using this evaluation tool,
TextRank was found to yield the best result on the corpus. As an attempt to improve the results,
different variations of TextRank not mentioned in the original paper on the algorithm were tested.
The variations did not improve the result significantly. It was instead found that domain specific
boosting could make a bigger difference.

When it came to the other algorithms, the k-means sentence ranking yielded a ROUGE-score
comparable to that of TextRank while one-class SVM approach fell a bit short. Both algorithms
managed to outperform the baseline of selecting sentences at random from a document, but the
one-class SVM performs worse then selecting the lead sentences from a text to form a summary.

Even though the main focus of this project was summarization of documents in English, the system
was also tested for Swedish. The domain here were longer, Wikipedia articles. Evaluation results
outperforming the two baselines described above were observed also in this domain. Although the
baseline of using the head of a document as a summary is not as strong in this domain, these
results can be seen as a strong indication of the relative language independence of the system.

As expected the system does not produce as perfect summaries of those written by humans in
an abstract fashion. To achieve perfect coherent summaries one would probably have to switch
paradigm to abstractive summarization. However, in our opinion, this system can be used to pro-
duce adequate summaries in the domain it was mainly evaluated in: short news articles in English.
To perform well on other domains, the base algorithms could probably be used in combination
with domain specific knowledge /boosting.
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Appendix A

File formats and running the
ROUGE script

Note that this part is more of a practical description on how the summarization system is evaluated
using ROUGE, meant for anyone who wants to replicate the results.

The first step is to prepare the files that will used in the evaluation process. A few different input
formats are accepted, where SEE, short for Summary Evaluation Environment, seems to be the
most straight forward one (by inspection of the readme file and supplied examples)[9]. The system
summary of each document is saved as an HTML document containing the extracted sentences,
and the golden standard summaries are saved as separate HTML documents in the same format.
Then settings.zml is generated, which pairs the system summaries with golden summaries.

In the evaluations that were conducted, the summarization system was applied to all documents
of the DUC2002 corpus and the summaries were saved using the document ID, e.g. genAP900427-
0083.html where gen is short for generated. The golden standards were saved in a similar manner,
e.g. gold{X}AP900427-0083.html, where {X} is replaced with a character that represents the
human annotator. An example of the contents of these files can be seen in fig. The file
settings.zml can then be generated, an example is shown in fig.

<html>
<head>
<title>genAP900427—0083</title>
< /head>
<body bgcolor="white">
<a name="0">[0]</a> <a href="#0" id="0">The lens cover...</a>
<a name="1">[1]</a> <a href="#1" id="1">...</a>
</body>
</html>

Figure A.1: SEE format example
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<ROUGE_EVAL version="1.55">
<EVAL ID="0">
<PEER-ROOT>data/Summaries</PEER-ROOT>
<MODEL-ROOT>data/Summaries</MODEL-ROOT>
<INPUT—FORMAT TYPE="SEE">< /INPUT-FORMAT>
<PEERS>
<P ID="C">genAP900427 —0083. html< /P>
< /PEERS>
<MODELS>
<M ID="0">goldHAP900427 —0083. html</M>
<M ID="1">goldJAP900427 —0083.html</M>
< /MODELS>
</EVAL>

</ROUGE_EVAL>

Figure A.2: An example of settings.zml

The ROUGE evaluation system is invoked by running a Perl script from the shell. A number of
different arguments may be passed to the script, but only the ones relevant to the evaluation in
this report are included below:

./ROUGE—-1.5.5.pl —e data —a —m 1 —x data/settings .xml

The arguments -e data and data/settings.xml simply tells the script which directory that
should be the working directory in the evaluation and where to find the settings file from the
current working directory. The others are more interesting:

-a to run evaluation on all systems (there will only be 1 system but there may be 1 or more golden
standards). In case of more than 1 golden standard, the system will be compared to all of
them, and the highest score that was found is reported.

-n 1 to set N = 1 for the N-grams, i.e. only unigrams (single terms) are considered in this
evaluation.

-x to explicitly disable ROUGE-L calculation which is not desired here.
An example of the ROUGE script output can be seen in fig. To collect the comparison data
in the result parts of this report, the system was configured with some set of options and then

applied to the documents of the DUC2002 corpus. The resulting summaries and golden standards
were written to files as described above and the ROUGE script was run to collect the Fy score.

C ROUGE-1 Average_R: 0.45736 (95J-conf.int. 0.45003 - 0.46440)
C ROUGE-1 Average_P: 0.44824 (95)-conf.int. 0.44151 - 0.45564)
C ROUGE-1 Average_F: 0.45146 (95)%-conf.int. 0.44448 - 0.45826)

Figure A.3: ROUGE script output
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Appendix B

Automatic sentence labeling

Since no suitable data set containing extractive summaries was found in the literary survey for this
project, an idea of automatic labeling of sentences was formed.

B.1 Labeled extractor

The idea was to use the sentence similarity comparers developed for TextRank to find sentences
in a document similar to those in the golden abstracts. The sentences most similar to those in
the gold standard abstracts would then be labeled as relevant, while the others would be labeled
irrelevant.

For each sentence in a document, the sentence is compared to all sentences in the golden abstracts.
The sentences that were the most similar to the abstract sentences, were then selected to form an
extractive gold standard summary.

Using this label data was abandoned since the risk of mislabeling seemed too great. However, the
labeled extractor was used to analyze the limitation of extractive summarization on the evaluation
corpora.
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Appendix C

Example documents

C.1 DUC2002: AP900730-0116

Document contents

Panel: Honecker Unfit to be Held but Fit to be Tried

East Germany’s deposed Communist leader Erich Honecker is too sick to be held in jail
but is fit enough to be tried, the official news agency ADN reported Monday. ADN,
quoting a Health Ministry statement, said Honecker was still recovering from surgery
for kidney cancer in January and was not well enough to be incarcerated. But a medical
exam by a team of doctors found him in condition to be questioned and to stand trial,
ADN said. Honecker, 77, ruled East Germany for 19 years until he was ousted in
October as a wave of pro-democracy demonstrations swept the country, leading to the
peaceful overthrow of the Communist government and the opening of the Berlin Wall.
The medical panel concluded that seven other former Communist officials, who had
been among Honecker’s closest aides, were all fit to prosecute and to be placed in
custody, ADN said. It said former secret police chief Erich Mielke, former economics
czar Guenter Mittag and former labor chief Harry Tisch were under arrest, while the
other four remained free. All three had been members of the ruling Politburo under
Honecker. Mielke was arrested on Thursday. Honecker and the seven are charged with
corruption and abuse of office. They had been arrested soon after Honecker’s fall but
were later released because of advanced age and poor health. Honecker has been staying
at a Soviet military hospital outside East Berlin. ADN quoted Federal Prosecutor
Guenter Seidel as saying he intended to continue his investigation against the former
East German leaders, although their poor health often disrupted the proceedings.

Annotator D

East Germany’s deposed Communist leader Erich Honecker is too sick to be held in jail,
but is fit enough to be tried. Honecker is still recovering from kidney cancer surgery
and is not well enough to be incarcerated. Honecker 77, ruled East Germany for 19
years until he was ousted in October 1989 as a wave of pro-democracy demonstrations
led to a peaceful overthrow of the Communist government. Honecker and seven others
are charged with corruption and abuse of office. The federal prosecutor said he plans to
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continue the investigation against the former East German leaders, despite their poor
health.

Annotator G

East Germany’s deposed Communist leader, Erich Honecker, has been declared too sick
to be in jail but fit enough to be tried. He is still recovering from kidney cancer surgery
in January. A medical panel concluded that seven other former Communist officials—
all close aides to Honecker—were fit to prosecute and to be placed in custody despite
advanced age and poor health. Along with Honecker, they are charged with corruption
and abuse of office. Honecker has been staying at a Soviet military hospital outside
East Berlin. Although their poor health often disrupted proceedings, investigations
against the former East German leaders will continue.

C.2 DUC2002: FBIS3-1707

Document contents

President Clinton, John Major Emphasize ‘Special Relationship’

Language: English Article Type:BFN [Text] Washington, February 28 (XINHUA) —
U.S. President Bill Clinton, trying to brush aside recent differences with London, to-
day stressed Washington’s special transatlantic relationship with Britain. Welcoming
British Prime Minister John Major in Pittsburgh, where major’s grandfather and fa-
ther once lived, Clinton said at the airport, “We’re working together today to respond
to the terrible tragedy in Bosnia to try to bring an end to the killing and to bring peace
and to keep that conflict from spreading”. For his part, Major said, pressure would be
increased for the peace that every sensitive person wishes to see in that war-torn and
troubled land. On Russia, Major said “A Russia that’s a good neighbor to the United
States and West would be one of the finest things that this generation could hand down
to the next”. Clinton will then share his Air Force One back to the nation’s capital.
Major will spend a night at the White House, the first foreign head of state to have
this honor since Clinton became President. On Tuesday [1 March], the two leaders will
begin their discussions on a wide range of issues including Russia, Bosnia, Northern
Ireland and the world trade. The two will also discuss Northern Ireland and “what to
do with NATOQO,” Clinton said. Clinton and major will meet again in June in Europe
during the commemoration of the 50th anniversary of D-Day of the second world war.
Major said Clinton would visit Britain, and perhaps the Oxford University, Clinton’s
alma mater, during the June visit.

Annotator E

In trying to brush aside recent differences with London, U.S. President Bill Clinton
stressed Washington’s special relationship with Britain. These remarks came as Clinton
welcomed Prime Minister John Major in Pittsburgh where Major’s grandfather and
father once lived. Following the visit to Pittsburgh, Clinton and Major will return to
the White House, where Major will spend the night, the first foreign head of state to
do so since Clinton became president. High on the agenda for talks between the two
men are the tragedy in Bosnia as well as Russia, Northern Ireland, and world trade.
Clinton and Major will meet in June again during D-Day commemoration ceremonies.
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Annotator J

In a welcome to British Prime Minister John Major today at the Pittsburgh airport,
President Clinton said the two nations were working together to end the conflict in
Bosnia. Major, after visiting Pittsburgh where his father and grandfather once lived,
will travel with the President back to Washington on Air Force One. On Tuesday,
the two leaders will begin discussing a wide range of issues including Russia, Bosnia,
Northern Ireland, and world trade. Clinton and Major will meet again in June during
D-Day 50th anniversary events in Europe. Major said Clinton would visit Britain,
including possibly Oxford University, Clinton’s alma mater.

C.3 DUC2002: AP900802-0180

Document contents

Basic Facts of Iraq’s Invasion of Kuwait

THE INVASION: Iraq’s troops, led by about 350 tanks, crossed the border at dawn
Thursday, and seized the Kuwaiti palace and government buildings 40 miles away.
Early Friday, the invaders controlled Kuwait city, the capital. The soldiers were also
making sweeps through the southern oilfields, according to residents and Lloyds’ in-
surance service in London. Diplomatic sources estimate more than 200 Kuwaitis were
killed or wounded, mainly from the Emiri Guard which bore the main brunt of the
invasion. Kuwait’s Sheik Saad al-Abdullah al-Sabah fled to safety in Saudi Arabia.
THE FORCES: Iraq, a country of more than 17 million, has the Arab world’s most
battle-trained army, and had massed more than 100,000 soldiers on the Kuwaiti border.
Kuwait, an oil-rich city-state, has 1.9 million residents — 60 percent foreigners — and an
army of 20,300 soldiers. CAUSE OF CONFLICT: President Saddam Hussein of Iraq
accused Kuwait of stealing oil from its territory and forcing down oil prices through
overproduction. Kuwait and U.N. diplomats dismissed Iraq’s claim that it invaded at
the request of Kuwaiti revolutionaries. REACTION: The U.N. Security Council voted
14-0 to condemn the invasion. President Bush denounced it as “naked agression”. He
froze Iraq’s assets in the United States and blocked almost all Iraqgi imports, including
oil. The order also froze Kuwait property under U.S. jurisdiction — a move intended
to keep Iraq from seizing it. The Soviets also condemned the invasion and stopped
arms sales to Iraq. Kuwait’s U.S. ambassador said the nation had asked for American
military intervention. A Pentagon source said a U.S. naval group was diverted toward
the Persian Gulf. Oil prices soared in frenzied trading amid fears the invasion would
reduce the supply of oil.

Annotator H

100,000 Iraqi soldiers crossed into Kuwait Thursday, led by 350 tanks. By Friday Iraq
controlled the capital. Soldiers swept through southern oilfields. Over 200 Kuwaitis
were killed or wounded, mainly the Emiri Guard. Sheik al-Sabah fled to Saudi Arabia.
Iraqi President Saddam Hussain said Kuwait was stealing oil and forcing down prices
through overproduction and Kuwaiti revolutionaries requested that Iraq invade, which
Kuwait denies. The UN condemned the invasion. The US froze Iraqi and Kuwaiti assets
in the US and blocked Iraqi imports. The Soviets stopped arms sales to Iraq. Kuwait
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asked for US military intervention. A US naval group was diverted to the Persian Gulf.
Oil prices soared.

Annotator 1

Iraqi troops invaded Kuwait and by early Friday controlled Kuwait city, the capital.
Soldiers also were sweeping through the oilfields. More than 200 Kuwaiti casualties
are reported. The Sheik fled to Saudi Arabia. Iraq, with 17 million people, amassed
100,000 of the most battle-trained army in the Arab world on the border. Kuwait
has 1.9 million residents, 60 percent foreigners, and an army of 20,300. Iraq accused
Kuwait of stealing and overproducing oil. The U.N. Security Council, the Soviets, and
President Bush have condemned the attack. A U.S. naval group is moving toward the
area, as oil prices soar.

C.4 DUC2002: AP890922-0167

Document contents

Forecasting Aided By Supercomputers, But Still An Uncertain Science

Supercomputers, satellites and the expertise of several hurricane forecasters predicted
the destructive path Hurricane Hugo would follow, giving people plenty of time to
flee the South Carolina coast. But hurricane tracking remains an uncertain science.
Forecasters at the National Hurricane Center used computer models to track Hugo’s
path into Charleston, S.C. “All the world’s knowledge about meteorological conditions
and forecasting changes in those conditions is embodied in those models,” said Thomas
Pyke, head of National Oceanic and Atmospheric Administration’s satellite service.
Pinpointing the exact point of Hugo’s landfall was difficult, but forecasters said Friday
that the landfall was predicted in time for evacuation. “Overall, I think the tracking
models gave us a very good idea where Hugo would be so officials in South Carolina
could act in a timely manner,” said research meteorologist Colin McAdie. The real
forecasting problem with Hugo was predicting the intensity of the storm, which was
upgraded to a Category 4 hurricane just hours before it slammed into Charleston.
“It is very difficult to predict changes in intensity because we don’t have very reliable
computer models for that,” McAdie said. “We really need to improve on our forecasting
ability of strength”. The hurricane specialists were surprised by the last-minute increase
in wind speed, which was reported to them by Air Force reconnaissance. Hurricane
specialist Gil Clark, who has tracked hurricanes for 35 years, said that a couple of
decades ago, the only forecasting tools were reports from aircraft or ships. “We had
no radar or satellites then, so needless to say our forecasts were less accurate,” Clark
said. In the late 1960s, the weather service began using satellites to obtain a global
weather picture. Information from the satellite is used to improve the accuracy of the
large-scale models that television viewers see every night. Using the information from
the satellite, supercomputers at the National Meteorological Center in Suitland, Md.,
send information to the hurricane center where a tracking model constantly changes to
account for current weather conditions and the position of the hurricane. To determine
the track of the storm, the forecasters analyze supercomputer predictions, satellite data,
the history of similar storms and the current path of the hurricane. Then they make
an educated guess about the landfall. Meteorology professor Kerry A. Emmanuel of
the Massachussetts Institute of Technology criticizes the current forecasting system.

64



C.5. DUC2002: LA062390-0001 APPENDIX C. EXAMPLE DOCUMENTS

“Congress and the American people are suffering from the collective delusion that our
data problems have been solved by satellites and that just isn’t true,” Emmanuel said.
Satellites can give a “pretty picture,” he said, but not enough information about the
wind and temperatures that affect a hurricane’s path. “Most of the information actually
used to predict hurricanes comes from flying airplanes into the hurricane, and they do
a very good job,” Emmanuel said. Forecasters say the accuracy of satellite pictures is
improving every year so long-range forecasting should become more precise. "We have
to remember that those models used are only guidance products,” Pyke said, “and that
it’s ultimately the job of the forecaster to predict the storm’s path.”

Annotator A

Supercomputers and satellites helped predict the path and landfall of Hurricane Hugo
in time to allow evacuation of Charleston, S.C., but hurricane tracking is not an exact
science. The intensity of Hugo was upgraded on the basis of Air Force reconnaissance
just hours before it hit Charleston. There are no reliable computer models for forecast-
ing strength. To predict the path, supercomputers use satellite data to make constantly
changing predictions. Forecasters analyze the predictions, satellite data, the history of
similar storms and the current path to make an educated guess about the landfall.
The best information for predicting hurricanes still comes from flying airplanes into the
hurricane.

Annotator H

Hurricane tracking remains an uncertain science, but forecasters’ predictions of Hugo’s
destructive path gave people time to flee South Carolina’s coast. Their expertise was
assisted by satellite information sent by supercomputers at the National Meteorologi-
cal Center in Suitland, Maryland. At the National Hurricane Center, a tracking model
embodying knowledge of meteorological conditions and indicators of change constantly
reflected weather conditions and storm position. Pinpointing landfall was difficult.
Also, computer models can’t reliably predict a storm’s intensity. Air Force reconnais-
sance planes flying into the storm still provide important data about wind speed and
temperatures. Before the satellites of the late 1960s, reports from aircraft or ships were
the only forecasting tools.

C.5 DUC2002: LA062390-0001

Document contents

SAN DIEGANS AWAIT WORD ON IRAN RELATIVES

Shortly after 2 p.m. Wednesday, San Diego resident Mohammad Nyakoui got a call
from his wife, who is spending the summer in the Caspian Sea coastal city of Rasht,
Iran, with her family . “I asked her what she was doing, and she said she was watching
the World Cup,” Nyakoui recalls . About 15 minutes after she hung up, Rasht and other
cities in Iran’s northern region were rocked by an earthquake that killed thousands .
Back home in San Diego, it was several hours before Nyakoui even heard news of the
quake. When he did, some quick time-zone arithmetic showed that he had talked to
his wife just minutes before the quake happened . “I was very worried,” Nyakoui said.
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“I tried through the Red Cross to call Iran, but they told us they couldn’t do anything
before 48 hours passed” . One of about 25,000 San Diego Iranians in the same anxious
state, Nyakoui was luckier than most: His wife managed to call him a second time
that day, about eight hours after the quake, to tell him she and their two children were
safe . Phone lines remained jammed Friday, other Iranian-Americans in San Diego
said . “There’s a sense of panic. It’s just impossible to get through,” said Houshang
Ghashghai, who teaches political science at San Diego State University . Already
though, some of the worried immigrants were turning their fear into action by mobilizing
relief efforts for Iran . Hamid Biglari, a theoretical physicist at UC San Diego, was
among those who organized a local group to gather contributions for the United Nations
Fund for the Iran Earthquake . The group has set up two offices and phone lines.
They are collecting medicine, food and a variety of living supplies, including blankets,
light clothing and flashlights. The supplies will be transported by the United Nations,
Biglari said . Another group gathering medical supplies is Southwest Medical Teams, an
organization whose last major international effort was sending volunteers and medical
supplies to Armenia after the 1988 quake there . Southwest Medical Teams won’t
be sending any volunteers this time, said director Barry La Forgia . “That’s at the
advice of the State Department. They couldn’t ensure our safety over there, and
we don’t want to endanger any of our volunteers,” La Forgia said . WHERE TO
SEND AID Donations for Iranian earthquake relief are being taken in San Diego by
two groups: United Nations Fund for the Iran Earthquake (467-1120 or 456-4000) —
Collecting antibiotic and analgesic drugs, collapsible plastic water containers, plastic
sheeting, 220-volt portable generators of less than 10 kilowatts, tents, blankets, dry
food, light clothing, flashlights and lighting equipment. Bring items or mail checks to
4540 Kearny Villa Road, Suite 214, San Diego 92123; or to 7509 Girard Ave., Suite A,
La Jolla 92037. Checks should be made out to the U.N. Fund for the Iran Earthquake .
Southwest Medical Teams (284-7979) — Through Thursday, collecting sutures, surgical
gloves, antibiotics, analgesics (including aspirin), vitamins, ophthalmic solutions and
empty blood collection bags. Shipment will be sent July 2. Cash donations will be used
to pay to fly the supplies to Iran. Mail checks to 3547 Camino del Rio South, Suite C,
San Diego 92108, noting that donation is for Iranian Earthquake Relief Fund . Other
agencies accepting donations for Iranian earthquake victims: Adventist Development
and Relief Agency 12501 Old Columbia Pike Silver Spring, Md. 20904 (301) 680-6380
American Red Cross Iran Earthquake Disaster P.O. Box 37243 Washington, D.C. 20013
(800) 842-2200 Bank Melli Iran Iran Quake Relief Assistance Account No. 5000 628
Madison Ave . New York, N.Y. 10022 U.S. Committee for UNICEF 333 E. 38th St .
New York, N.Y. 10016 (212) 686-5522

Annotator A

The 25,000-strong Iranian community in San Diego has responded quickly to the earth-
quake that hit northern Iran on Wednesday, California time. Many have turned anxiety
over the fate of relatives and friends into action by mobilizing relief efforts, setting up
two offices (467-1120 and 456-4000) to gather contributions for the United Nations Fund
for the Iran Earthquake. The Iranian group is collecting medicine, light clothing, blan-
kets, and flashlights among other things. Another group collecting medical supplies is
Southwest Medical Teams (284-7979). Donations for Iranian earthquake relief may also
be sent to the Red Cross, UNICEF, Bank Meli Iran, and the Adventist Development
and Relief Agency.

66



C.6. WIKIPEDIA: 9EDC252B1DBB27636E2A9ECBHI9FENDBX C. EXAMPLE DOCUMENTS

Annotator E

San Diego’s Iranian community was in a anxious state after receiving word of the
earthquake in Iran. Most of the 25,000 Iranians living in San Diego were told they
would have to to wait at least 48 hours for news of family and friends. Mohammad
Nyakoui was more fortunate. He had talked with his wife just before the earthquake
and she was able to call him eight hours after the earthquake to let him know that she
and their two children were alright. The Iranian Community has begun to organize to
receive donations of money as well as food, clothing, and medicine.

C.6 Wikipedia: 9edc252b1dbb27636e2a9ecbb96e14d3

Document contents

Turkiskan ingéar i den turkiska, eller vistra, undergruppen av de sydvéstturkiska (eller
oghuziska) turkspraken. Nirliggande sprak dr gagauziska (talat frimst i Gagauzien i
Moldavien), balkangagauziska och khorasanturkiska, azerbajdzjanska samt, pa lingre
hall, turkmeniska. Turkspraken dr en sprakfamilj som omfattar ungefar 30 levande
sprak som talas i Osteuropa, Centralasien och Sibirien. De ingar enligt en del forskare
i en storre familj, altaiska sprak, som &ven inkluderar mongolsprak. Under frimst
1800-talet ville en grupp lingvister inordna turkspraken och mongolspraken i den ural-
altaiska storfamiljen, dér finska, estniska och ungerska ingar i Europa liksom en stor
méngd mindre sprak i europeiska och asiatiska Ryssland. Omkring 40 procent av alla
som talar turksprak talar turkiska. Turkiskans karakteristiska drag, som vokalharmoni,
agglutinering och franvaro av grammatiskt genus, dr genomgéaende inom turkspraken
och de altaiska spraken. Det finns en hog grad av 6msesidig forstaelse mellan turkisk-
talande och talare av de andra turkspraken, inklusive azeri, turkmeniska, qashqai och
gagauziska. Ddremot kan inte talare av Ovriga turksprak utan undervisning och trén-
ing ldsa turkiska da detta sprak har Gvergatt till latinska bokstéver. Turkiskan gar
tillbaka till fornturkiskan. De tidigaste kiinda turksprakiga inskrifterna aterfinns i nu-
varande Mongoliet, som Bugut-inskrifterna med sogdiska alfabetet under det forsta
gokturkiska khanatet, vilka dateras till andra halften av 500-talet. De tva monumen-
tala Orchoninskrifterna, som restes till fursten Kul Tigins och hans bror kejsaren Bilge
Khans &ra och harstammar fran nagot tillfalle mellan 732 och 735, utgdr en annan
betydelsefull tidig limning. Efter att dessa monument upptéckts och utgrivts av ryska
arkeologer i omradet kring Orchondalen vid floden Orchon i nuvarande Mongoliet fran
1889 till 1893 fastslogs att spraket i inskrifterna var fornturkiska skrivet med orchon-
skrift, som ocksa har kallats "turkiska runor" pa grund av yttre likhet med de ger-
manska runorna. Fornturkiskan kom att delas i flera grenar, déribland den vistligt
oghuziska. Under tidig medeltid (cirka 500-tal till 1000-tal) spreds folkgrupper som
talade turksprak over Centralasien sa att de tickte ett vidstréckt geografiskt omrade
fran Sibirien till Europa och Medelhavet. Seldjukerna i synnerhet spred sitt oghuziska
sprak, den direkta foregangaren till dagens turkiska, till Anatolien fran 1071, da de
fick herravélde 6ver den Ostra delen av halvon efter slaget vid Manzikert. I och med
islams spridning pa 1000-talet borjade turksprak skrivas med det arabiska alfabetet
(karachanidiskan). Under 1000-talet publicerade ocksé en tidig sprakforskare, Kaggarli
Mahmud fran Karakhanidkhanatet, den forsta storre ordboken 6ver turksprak, Divani
Liigati’t-Tiirk, vilken ocksa innehéll den forsta kdnda kartan over turksprakstalares
geografiska utbredning. Seldjukerna spred under 1200-talet turkiskan till Anatolien.
Dar inleddes pa 1200-talet fornanatoliskturkiskan, ett forstadium till osmanskan (den
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turkiska som kom att utvecklas i det osmanska riket). Den osmanska turkiskan delas
in i tre perioder: fornosmanskan (fram till 1400-talet), medelosmanskan (1500- och
1600-talen) samt nyosmanskan (1700- och 1800-talen). Osmanskan hade en stor mingd
arabiska och persiska lanord (dessa utgjorde som mest omkring 20 procent av ordf6r-
radet).[killa behovs| Efter att karachaniderna och seldjukerna, som betraktas som de
kulturella foregangarna till osmanerna, antagit islam omkring ar 950, upptog dessa
staters administrativa sprak en ganska stor samling lanord fran arabiska och persiska.
Turkisk litteratur fran den osmanska perioden, i synnerhet osmansk divanpoesi, var
starkt influerad av persiska. Bland annat upptogs persiska versmatt och en stor méngd
lanord. Under de 6ver 600 ar da det osmanska riket existerade (cirka 1299-1922) var
dess litterdra och officiella sprak en blandning av turkiska, persiska och arabiska, vilken
skilde sig avsevirt fran den vardagliga talade turkiskan, och betecknas osmanska. Den
moderna turkiskan anses ofta ha skapats av Turkiets forste president, Kemal Atatiirk,
som inforde det latinska alfabetet (och dérmed ocksa forbjod anvindning av det ara-
biska) och 14t genomfora omfattande sprékreformer. De arabiska och persiska lanorden
ersattes i stor utstrickning av synonymer, dialektala eller syntetiska ord. Sprakliga re-
former har fortgatt sedan dess och nya ord introduceras fortfarande i stor utstréckning.
Efter att republiken Turkiet hade bildats och efter alfabetsreformen bildades Turkiska
sprakkommittén (Tirk Dil Kurumu - TDK) under Mustafa Kemal Atatiirks beskydd
1932, med syftet att bedriva forskning om turkiskan. En av kommitténs uppgifter var
att paborja en sprakreform for att byta ut lanord av arabiskt och persiskt ursprung mot
turkiska motsvarigheter. Genom att férbjuda anvdndning av ersatta lanord i pressen
lyckades kommittén rensa ut flera hundra ord med icke-turkiskt ursprung ur spraket.
De flesta ord som inférdes i spraket av TDK var nya avledningar fran turksprakiga
rotter, men TDK valde ocksa att ateruppliva fornturkiska ord som inte hade anvints
pa arhundraden. P& grund av denna plotsliga forandring av spraket borjade dldre och
yngre personer i Turkiet skilja sig i fraga om det ordférrad de anvinde. Medan de gen-
erationer som foddes fore 1940-talet tenderar att anvinda dldre termer av arabiskt eller
persiskt ursprung, foredrar de yngre generationerna nya uttryck. Exempelvis anviinde
Atatiirk sjalv i sitt stora tal till parlamentet 1927 en osmansk talarstil som idag later
sa fraimmande att man har varit tvungen att "Gversdtta" den tva ganger till nutida
turkiska: forst 1963, sedan 1986. Det finns ocksa en politisk dimension i sprakdebat-
ten, da konservativa grupper tenderar att anvinda mer arkaiska ord i pressen eller i
vardagssprak. Under de senaste artiondena har TDK fortsatta att mynta nya turkiska
ord for att uttrycka nya begrepp och teknologier nir de kommer in i spraket, mestadels
fran engelskan. Manga av dessa ord, sirskilt termer inom informationsteknologi, har
blivit allmént accepterade, men TDK kritiseras emellanat for att mynta ord som later
pahittade och konstgjorda. Vissa tidigare nyskapade ord, sdsom bolem (som skulle er-
satta firka, "politiskt parti"), fick inte allménhetens gillande. Istéllet har firka ersatts
av det franska lanordet parti. Vissa ord som aterupplivats fran fornturkiskan har an-
tagit specialiserade betydelser: till exempel anviinds betik (som ursprungligen betydde
"bok") nu med betydelsen skript i datavetenskap. Méanga av de ord som har myntats av
TDK samexisterar med sina dldre motsvarigheter. Detta sker vanligen nér ett lanord
far en ny betydelse. Exempelvis anvénds ordet dert, som hérstammar fran det persiska
ordet dard (“smérta”), i turkiskan med betydelsen "problem" eller "bekymmer", medan
det inhemska turkiska ordet agr1 anvinds for kroppslig smérta. Ibland har lanordet en
nagot annorlunda betydelse &n det inhemska turkiska ordet, vilket leder till en situa-
tion liknande samexistensen i engelskan mellan germanska och romanska ord. Bland de
gamla ord som ersattes finns termer inom geometri, viderstreck, nagra manadsnamn
och manga substantiv och adjektiv. Nagra exempel pa nutida turkiska ord och de gamla
lanorden ar: Turkiskan talas som modersmél av turkar i Turkiet och i den turkiska dias-
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poran i runt 30 andra lander. Turkisktalande minoriteter finns i synnerhet i linder som
tidigare (helt eller delvis) tillhérde Osmanska riket, sdsom Bulgarien, Cypern, Grekland
(frimst i Vistra Thrakien), Makedonien, Ruminien och Serbien. Over tva miljoner
turkisktalare bor i Tyskland, och det finns stora turkisksprakiga grupper i Nederlédn-
derna, Osterrike, Belgien, Schweiz och Storbritannien. Alla etniskt turkiska invandrare
talar dock inte turkiska flytande. Antalet modersmalstalare i Turkiet &r omkring 60-67
miljoner, vilket motsvarar ungefar 90-93 procent av befolkningen, och 65-73 miljoner
modersmalstalare finns 6ver hela vérlden. Turkiska talas som forsta eller andra sprak
av nistan alla invanare i Turkiet, medan kurdiska ar forsta sprak for storre delen av de
ovriga (omkring 3,950,000 enligt uppskattningar 1980). De flesta sprakliga minoriteter
i Turkiet dr dock tvasprakiga och talar turkiska som andra sprak upp till flytande niva.
Turkiskans vidstriackta utbredning beror till stor del pa Osmanska rikets erdvringar i
MellanGstern och pa Balkan samt pa den senare turkiska arbetskraftsinvandringen till
europeiska ldnder, frimst Tyskland. Turkiska dr det officiella spraket i Turkiet och &r
ett av de officiella spraken pa Cypern. Det har ocksa officiell stéllning i Prizrendis-
triktet i Kosovo samt i flera kommuner i Makedonien, beroende pa koncentrationen av
turkisksprakiga i lokalbefolkningen. Turkiska sprakkommittén (Tiirk Dil Kurumu eller
TDK) dr i Turkiet den myndighet som kontrollerar det turkiska spraket. Kommittén
har stort inflytande och har sedan den bildades 1932 av Kemal Atatiirk under nam-
net Tirk Dili Tetkik Cemiyeti ("Séllskapet for forskning om turkiska spraket") latit
genomfora atskilliga inte alltid helt okontroversiella reformer av det turkiska spraket.
Turkiska sprakkommittén var influerad av spraklig purism, och en av dess framsta
malsittningar var att ersitta lanord och utlindska grammatiska konstruktioner med
motsvarigheter av turkiskt ursprung. Dessa férdndringar, tillsammans med inférandet
av det nya turkiska alfabetet 1928, formade den nutida turkiska som talas idag. TDK
blev ett sjdlvstandigt organ 1951, da man avskaffade kravet pa att utbildningsministern
skulle vara ordférande. Denna stillning fortsatte till augusti 1983, da TDK ater blev
ett statligt organ i 1982 ars turkiska forfattning efter militdrkuppen 1980. Turkiskan
dr ett sprak med ganska stora dialektala skillnader. Framfér allt varierar uttalet av
konsonanterna c, ¢, g, h, k, s, g och z. Istanbulturkiska ar etablerat som Turkiets
officiella standardsprak. Trots det utjimnande inflytandet fran standarden som an-
viands i massmedier och utbildning sedan 1930-talet finns den dialektala variationen
kvar. Forskare fran Turkiet hanvisar ofta till turkiska dialekter som agiz eller give,
vilket medfor en tvetydighet med det lingvistiska begreppet accent, vilket ocksa técks
av dessa ord. Projekt som undersdker turkiska dialekter utfors av flera universitet,
samt av en sérskild arbetsgrupp i Turkiska sprakforeningen, och for nérvarande genom-
fors arbete med att samla och publicera forskningen som en uttémmande dialektatlas
over turkiskan. Turkiskans standarddialekt &r Istanbul. Rumelice (rumeliska) talas i
Rumelien p& Balkan och av invandrare dérifran, och inbegriper de distinkta dialekterna
i Deliorman, Dinler and Adakale som &r influerade av Balkansprakférbundet. Kibris
ar namnet pa cypriotisk turkiska, som talas av turkcyprioter. Edirne dr dialekten i
Edirne i Trakien. Ege talas i omradet vid Egeiska havet och anvinds &ven i Antalya.
De nomadiska Yoriik-stammarna i Medelhavsomradet och Balkanhalvon har ocksa sin
egen turkiska dialekt.[killa behovs] Giineydogu talas i sydost, dster om Mersin. Dogu,
en dialekt i Ostanatolien, bildar ett dialektkontinuum med azeriska, sirskilt med Kara-
papakdialekter i vissa omraden. I regionen Centralanatolien talas Orta Anadolu.[killa
behovs| Karadeniz, som talas i den ostliga Svarta havsregionen och framst foretréds
av dialekten i Trabzon, uppvisar substratinflytande fran grekiska i fonologi och syn-
tax. Kastamonu talas i Kastamonu och dess omgivningar. Dialekten Hemsgince talas
av den véstra gruppen av hamshenier omkring Rize och dr influerad av armeniska.
Karamanhca talas i Grekland, dir den ocksa kallas Kopapavihdixo (Karamanlidika).
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Den dr karamanlidernas skriftliga standard.[kélla behovs] Andra turkiska dialekter &r
danubiska, eskigehir (i provinsen Eskigehir i vistra Anatolien), razgrad, karamanska
(i provinsen Karaman i centrala Anatolien), gaziantep (i provinsen Gaziantep i s6-
dra Turkiet), urfa (i provinsen Sanlurfa i syddstra Turkiet), goynuk (runt en by i
Bolu).[kélla behovs] Flera av de turkiska konsonanterna har frimre och bakre allofoner;
artikulationsstillet varierar nagot beroende pa om den efterféljande vokalen &r framre
eller bakre (till exempel [l] fore framre vokaler men [1] fore bakre). Fonemet /y/,
vanligtvis kallat "mjukt g" (yumusak ge), skrivet 'g’, har ett mycket speciellt vérde.
Mellan tva framre vokaler representerar det egentligen en ganska svag frimre velar ap-
proximant, [w], men kan dven kontraheras till en palatal, [j]. D& den &r i slutet av
ord eller fére en konsonant forlings den foregaende vokalen. I Gvriga positioner utta-
las den inte alls. Dialektalt forekommer manga varianter, daribland att den uttalas
[5] eller [y] efter bakre vokal och [g] efter framre, samt ibland &ven [x]. Ljuden [c],
[5] och [1] &r i ursprungligen turkiska ord allofoner i komplementéir distribution med
[k], [g] och [}]. De forra forekommer med framre vokaler och de senare med bakre
vokaler. I stavningen skrivs bada serierna <k>, <g> och <l>. I vissa lanord kan dock
[c] och [5] forekomma med bakre vokaler, till exempel kar [cac] "vinst" gentemot kar
[kac] "sn6". Nér en vokal laggs till substantiv som slutar med postvokaliskt <k> blir
<k> <g> genom konsonantalternation. Turkiskans vokaler &r, i alfabetisk ordning,
a, e, 1, 1, 0, 6, u, 4. Det forekommer inga diftonger i turkiskan och ndr tva vokaler
mots, vilket sker séllan och endast i lanord, behaller varje vokal sitt individuella ljud.
Ett typiskt drag i turkiskan dr vokalharmonin, vilket innebér att alla vokaler i ett ord
maste Gverensstimma med varandra i uttalsposition. Om den forsta vokalen i ett ord
dr frimre blir i regel dven Ovriga vokaler frimre. Detta &r sdrskilt patagligt i dndelser
vars vokaler alltid dr antingen frimre eller bakre beroende pa ordstammens vokal. Det
turkiska vokalsystemet kan betraktas som tvadimensionellt, dar vokaler kinnetecknas
av tva egenskaper: framre/bakre och rundad/orundad. Vokalharmoni &r den princip
enligt vilken ett inhemskt turkiskt ord innehaller antingen uteslutande bakre vokaler
(a, 1, 0, u) eller uteslutande framre vokaler (e, i, 6, ii). Vokalmonstret visas i tabellen
nedan. Grammatiska affix har "en kameleontliknande beskaffenhet", och foljer nagon av
foljande vokalharmonimdonster: Foljande exempel, som utgar fran kopulan -dird ("[det]
ar"), illustrerar vokalharmonins principer i praktiken: Tiirkiye’dir ("det &r Turkiet"),
kapidir ("det dr dorren"), men giindiir ("det & dagen"), paltodur ("det dr kappan").
Det finns nagra undantag fran reglerna om vokalharmoni. I sammansatta ord behéver
inte vokalerna harmoniera mellan de ord som utgor delar av sammansittningen (alltsa
ar former som bu|giin ("idag") och baglkent ("huvudstad") tillatna). Dessutom tilldim-
pas inte vokalharmoni for lanord och vissa oféranderliga affix, sdsom -yor (presens) och
-bil- (potentialis). Vissa lanord uppvisar dock partiell eller fullstindig vokalharmoni
(till exempel miimkiin "mojlig" < arabiska mumkin, och diirbiin "kikare" < persiska
durbin). Det finns ocksd nagra fa inhemska turkiska ord som inte foljer regeln, sé-
som anne ("moder"). I sddana ord - och i lanord - harmonierar suffixen med den sista
vokalen: alltsd annedir ("hon &r mor"). Vigskylten pa bilden ovan illustrerar alla dessa
egenskaper: Betoningen &r vanligtvis pa den sista stavelsen, med undantag for vissa &n-
delsekombinationer och vissa fastaviga ord, som till exempel masa, "bord", som uttalas
[masa]. Undantag utgor dessutom vissa lanord, sdrskilt fran italienska och grekiska,
liksom manga egennamn. Sadana lanord har oftast betoning pa den nést sista stavelsen
(/to'kanta/ lokanta "restaurang" och /is'kele/ iskele "kaj"), men betoningen av egen-
namn dr mindre forutsigbar (/is'tanbut/ Istanbul, /'ankara/ Ankara). Turkiskan &r ett
agglutinerande och vokalharmoniserande sprak som ofta anvinder affix, sérskilt suffix
(dndelser). Ordfoljden &r subjekt—objekt—predikat. Suffix anvénds vid ordbildning samt
for att indikera den grammatiska funktionen hos ett ord. De kan uttrycka ett ords kasus
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och dgarens person, vilket gor att ett ord kan fylla en hel menings funktion (till exem-
pel evinizdeyiz, "vi dr vid ert hus"). Agglutinationen innebér att manga suffix liggs
pa ordstammarna vilket innebér att mycket langa ord kan bildas. I stort sett kan hur
manga suffix som helst fogas pa ett ord efter varandra. Suffix kan ocksad anvindas for
att skapa nya ord, sasom att skapa ett verb fran ett substantiv, eller ett substantiv fran
en verbrot (se avsnittet om ordbildning). De flesta affix anger ordets grammatiska funk-
tion. Prefix dr dock betydligt ovanligare. De enda inhemska prefixen dr allitererande
intensifierande stavelser som anvénds med adjektiv eller adverb: till exempel simsicak
("kokhet" < sicak) och masmavi ("klarbla" < mavi). Prefix forekommer &dven i lanord.
Den vidstriackta anvindningen av affix kan ge upphov till langa ord. Det sdgs skimt-
samt att det ldngsta turkiska ordet dr Cekoslovakyalilagtiramadiklarimizdanmigsiniz,
som betyder "Ni sigs vara en av dem som vi inte lyckades omvénda till tjeckoslovak".
Detta exempel dr forstas pahittat, men langa ord férekommer faktiskt ofta i normal
turkiska, som i denna rubrik till en dédsannonskolumn i en tidning: Bayramlagamadik-
larimiz (Bayram [festival]-recipr-impot-partic-plur-posspll; "De av oss med vilka vi inte
kan utbyta bayramhélsningar"). Turkiskan saknar genus. Detta innebér att det till ex-
empel endast finns ett tredje persons personligt pronomen, o, som &r oberoende av den
tillsyftades kon (och som alltsa kan Gverséttas till svenska som bade "han", "hon" och
"den"/"det"). Likasa saknas genusvarianter pa flertalet substantiv; dessa specificeras
vanligtvis genom ett genusbestdimmande adjektiv (till exempel erkek ¢ocuk, "pojke",
egentligen "manligt barn"). Det finns ingen bestédmd artikel i turkiskan, men bestdmd-
het hos objektet impliceras nér ackusativindelsen anvinds (se nedan). Den obestamda
artikeln dr bir. Pluralis bildas genom tilligg av suffixet -lar respektive -ler (beroende
pa foregdende stavelses vokal). Pluralmirket -ler2 foljer omedelbart pa substantivet
fore kasus- eller andra suffix (till exempel kdylerin "byarnas"). Turkiska substantiv
b6js genom att de tillférs kasusdndelser, liksom i exempelvis latin. Det finns sex sub-
stantivkasus i turkiskan: nominativ (grundform), genitiv (dgande), ackusativ (direkt
objekt), dativ (indirekt objekt, riktning mot), lokativ (lage eller plats) och ablativ
(riktning fran). Alla dessa dndelser foljer vokalharmoni (visas i tabellen med hjilp av
den upphdjda notationen). Bojningen av agag illustrerar tva viktiga drag i turkisk
fonologi: att konsonanter assimileras i suffix (agagtan, agagta) och att slutkonsonanter
blir tonande framfor vokaler (agacin, agaca, agaci). Kasusmérket for ackusativ anvinds
bara for bestdmda objekt; jamfor agac gordiik "vi sag ett trad" med agac: gordiik "vi
sag tradet". Pluralmirket -ler2 anvinds inte niir en klass eller kategori avses: agag
gordiik kan lika gérna betyda "vi sag trad [nédr vi gick genom skogen]"—i motsats till
agaglar1 gordiik "vi sag triden [i fraga|". Dessutom kan substantiv ta suffix som tillde-
lar person: exempelvis -imiz4, "var". Med tillagg av kopulan (till exempel -im4, "jag
ar") kan fullstdndiga meningar bildas. Den interrogativa partikeln mi4 foljer omedel-
bart det ord som fragan géller: kdye mi? "[pa vég] till byn?", agac m1? "[ar det ett]
trad?". De turkiska personliga pronomenen i nominativ dr ben (1s), sen (2s), o (3s),
biz (1pl), siz (2pl, eller formellt/artigt 2s) och onlar (3pl). De béjs regelbundet med
nagra undantag: benim (1s gen.); bizim (1pl gen.); bana (1s dat.); sana (2s dat.); och
de oblika formerna av o anvinder roten on. Alla andra pronomen (reflexiv kendi och s
vidare) bojs regelbundet. Turkiska adjektiv bojs inte. De flesta adjektiv kan dock dven
anvindas som substantiv, i vilket fall de bojs: exempelvis giizel ("vacker") — giizeller
("(de) vackra personer(na)"). Adjektiv som anvinds attributivt féregar de substantiv
som de utgor bestdmning till. Adjektiven var ("befintlig") och yok ("obefintlig") an-
vands i manga fall ddr svenskan skulle anvénda "det finns" eller "har", till exempel siit
yok ("det finns ingen mjolk", bokstavligt "mjolk(en) (&r) obefintlig"); konstruktionen
"substantiv 1-GEN substantiv 2-POSS var/yok" kan Gverséttas "substantiv 1 har/har
inte substantiv 2"; imparatorun elbisesi yok "kejsaren har inga klader" ("kejsare(n)s
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kldder-hans obefintlig(a)"); kedimin ayakkabilari yoktu ("min katt hade inga skor",
bokstavligt "katt-min-s sko-plur.-dess obefintlig(a)-datid"). Som forstarkning kan den
forsta stavelsen i ett ord dubbleras (till exempel kan beyaz, "vit", bli bembeyaz, "my-
cket vit", och sicak, "varm", kan bli sumsicak, "mycket varm"). Turkiska verb uppvisar
en mangfald av tempus, modus och aspekt. Verben anger person. De kan goras nega-
tiva, potentiala ("kan") eller impotentiala ("kan inte"). Dessutom anger turkiska verb
tempus (presens, preteritum, inferentialis, futurum och aorist), modus (konditionalis,
imperativ, necessitativ och optativ) och aspekt. Negation uttrycks med infixet -me2-
omedelbart efter verbstammen. Alla turkiska verb konjugeras pa samma sétt, forutom
det oregelbundna och defekta verbet i-, turkiskans kopula, som kan anvdndas i sam-
mansatta former (den forkortade formen kallas enklitisk): Gelememisgti = Gelememig
idi = Gelememis + i- + -di Turkiska har flera particip, diribland presens (med &ndelsen
-en2), futurum (-ecek2), preteritum (-migd) och aorist (-er2 eller -ir4). Dessa former
kan fungera antingen som adjektiv eller substantiv: oynamayan c¢ocuklar "barn som
inte leker", oynamayanlar "de som inte leker"; okur yazar "ldsare-skrivare = 14s- och
skrivkunnig", okur yazarlar "l&s- och skrivkunniga". Participens viktigaste funktion
ar att bilda modifierande fraser motsvarande de relativsatser som finns i de flesta eu-
ropeiska sprak. De particip som anvands i dessa konstruktioner &r futurum particip
(-ecek2) och en &ldre form (-dik4), som técker bade presens- och datidsbetydelser. An-
vindningen av dessa "personliga" eller "relativa" particip illustreras i féljande tabell,
déar exemplen visas enligt det grammatiska kasus som skulle ses i motsvarande rela-
tivsats i svenskan. Ordfdljden i enkla turkiska meningar &r i allminhet subjekt objekt
predikat, som i japanska och latin, men till skillnad fran svenska och engelska. I mer
komplexa meningar dr grundregeln att bestimningen féregar det bestimda. Den prin-
cip inkluderar, som ett viktigt sérskilt fall, participbestdmningarna som beskrivs ovan.
Det bestdmda foregar det obestdmda: dérmed ¢ocuga hikdyeyi anlatti "hon berittade
historien fér barnet", men hikdyeyi bir cocuga anlatt: "hon berdttade historien for ett
barn". Det gar att dndra ordfoljden for att betona vikten av ett visst ord eller en viss
fras. Huvudregeln &r att ordet fore verbet har betoningen utan undantag. Om man
till exempel vill sdga "Hakan gick till skolan" och betona ordet "skola" (okul) skulle
det bli "Hakan okula gitti". Om betoningen ska liggas p& "Hakan" (subjektet), skulle
det bli "Okula Hakan gitti", vilket betyder "det var Hakan som gick till skolan". Den
osmanska turkiskan hade, genom sina omfattande lan fran persiskan och arabiskan, ett
mycket stort ordférrad, rikt pa synonymer fran de tre spraken. Dessa lanord utgjorde
omkring 20% av den davarande turkiskans ordférrad. Under det osmanska rikets sista
arhundrade lanades allt fler ord fran de vésterlindska spraken, sasom franska, engel-
ska och tyska, i och med att den europeiska kulturen hade stérre genomslagskraft &n
den traditionella arabiska vid sultanens hov. I och med sprakreformen pa 1920-talet
avskaffades det stora flertalet av de arabiska och persiska lanorden; de ersattes av di-
alektala, arkaiska och syntetiska ord, men dven av synonymer, vilket gjorde turkiskan
nagot ordfattigare. Arabiska och persiska lanord forekommer fortfarande, till exem-
pel cami, "moské", av arabiskans jami‘. Efter sprakreformen &r nylanen foretridesvis
tekniska eller kulturellt betingade bendmningar, framst fran franska (till exempel dug
av douche, "dusch") och engelska (till exempel sandvi¢ av sandwich, "smorgas"; fut-
bol av football, "fotboll"). 2005 ars upplaga av Giincel Tiirkce Sozliik, den officiella
turkiska ordboken som ges ut av Turkiska sprakkommittén, innehaller 104-481 upp-
slagsord, av vilka ungefar 14% ar av frimmande utsprung. Bland de mest betydande
bidragsgivarna till turkiskans ordférrad ar arabiska, franska, persiska, italienska, engel-
ska och grekiska. Ordbildning sker i turkiskan oftast genom avledning, det vill sdga
genom att lagga till suffix. I stort sett alla substantiv kan avledas till adjektiv. De
flesta turkiska ord har tillkommit genom att avledningsstuffix har forts till ord fran
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ett relativt litet grundlidggande ordforrad. Exempel pa en uppséttning ord som avletts
fran en substantivrot: Ett annat exempel, som utgar fran en verbrot: Nya ord bildas
ocksa ofta genom sammansittning av tva befintliga ord till ett nytt, liksom i svenskan.
Nagra exempel pa sammansatta ord ges nedan: Turkiska skrivs med turkiska alfabetet,
en modifierad version av latinska alfabetet som infordes 1928 av Atatiirk for att ersitta
det gamla arabisk-baserade osmanska alfabetet. Det osmanska alfabetet angav endast
tre olika vokaler — langa a, u och 1 — och innehdll flera redundanta konsonanter sasom
varianter av z (vilka var atskilda i arabiskan men inte i turkiskan). Att korta vokaler
saknades i det arabiska alfabetet gjorde det sdrskilt daligt limpat for turkiskan, som
har atta vokaler. Skriftreformen var ett viktigt steg i den periodens kulturella reformer.
Uppgiften att utarbeta det nya alfabetet och vélja de nddviandiga modifieringarna for
ljud som &r sarskilda for turkiskan gavs till en sprakkommission som bestod av framtré-
dande lingvister, akademiker och forfattare. Inférandet av det nya turkiska alfabetet
hade st6d av utbildningscenter som Sppnades runtom i landet, samarbete med forlag
och uppmuntran fran Atatiirk sjélv, som akte runt i landet och larde ut de nya bok-
stdverna till allménheten. Liaskunnigheten Gkade dramatiskt. Turkiskan har nu ett
alfabet som &ar ldmpat for dess sprakljud. Stavningen &r i stort sett fonematisk, med
en bokstav for varje fonem. Utéver det latinska standardalfabetet finns bokstéiverna c,
g, 1 (som versalt motsvaras av 'I'), I (som gement motsvaras av 'i’), s, 6 och ii. Vidare
ingar inte q, w och x i alfabetet men anviinds i stavningen av namn pa andra sprak. !
Se avsnittet om mjukt g under fonologi ovan.

Abstract

Turkiska (Tirkce) &r ett turksprak som talas som modersmél av ungefir 62 miljoner
ménniskor, frimst i Turkiet dar det dr officiellt sprak liksom bland turkcyprioterna pa
Cypern. Turkiska talas av mindre grupper i de delar av Europa som fram till Forsta
varldskriget tillhorde Osmanska riket — dvs i Grekland, Bulgarien, och i l&dnder som ing-
ick i det forna Jugoslavien (frimst Makedonien och Bosnien). Turkiska talas dessutom
av flera miljoner invandrare i Vésteuropa, sérskilt i Tyskland — s manga att det bl.a.
ger utslag i Tysklands roster pa de turkiska bidragen till Eurovision Song Contest. Det
ar det mest talade av turkspraken (de turkiska spraken). For att inte forviixlas med
dessa kallas turkiska ibland Turkiet-turkiska (Tiirkiye Tiirkgesi). Turkiskan anvinder
sedan 1920-talet det latinska alfabetet. Detta kan ses som en del i Turkiets allminna
strdvan att fa betraktas som en del av Europa och av Vistvirlden. Sprakets rotter
kan sparas till Centralasien och de forsta skriftliga l&mningarna &r ndrmare 1200 ar
gamla. Osmanskan, den omedelbara féregangaren till dagens turkiska, spreds at véster
nir det osmanska riket utvidgades. Som en av landsfadern Atatiirks reformer nér den
nya turkiska republiken ersattes 1928 det osmanska alfabetet (en variant av arabiska
alfabetet) av en variant av det latinska alfabetet. Samtidigt inledde den Turkiska
sprakkommittén en arbete for att reformera turkiskan genom att avligsna alla persiska
och arabiska laneord till forman for turkiska synonymer, och om sadana inte fanns
genom nybildningar fran turkiska rotter. Typiskt for turkiskan dr dess vokalharmoni
och utpriglat agglutinerande sprakstruktur med manga suffix, vilket innebar att mycket
langa ord kan bildas. (Andra agglutinerande sprak &r t.ex. finska, ungerska, swahili
och esperanto. Grundordféljden i turkiskan dr subjekt objekt verb. Turkiskan har inget
grammatiskt genus.
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C.7 Wikipedia: f53f45e50ae751e3309b315c5edb8435

Document contents

De stora dragen och alla viktigare héndelser i Thomas av Aquinos liv ar kidnda, men
biografier skiljer sig i vissa detaljer och datum fran varandra. Déden forhindrade Hen-
rik Denifle fran att slutfora sitt projekt att skriva en analytisk biografi Gver Thomas.
Denifles vén och elev, Dominic Priimmer, O.P. som var professor i teologi vid univer-
sitetet i Fribourg i Schweiz, upptog arbetet och publicerade Fontes Vitae S. Thomae
Aquinatis, notis historicis et criticis illustrati. Den forsta faskikeln, Peter Calos bi-
ografi, utkom 1911 i Toulouse. Av den med Thomas samtide Bartolomeus av Lucca
far vi veta att tidpunkten for Thomas fodelse saknas vilket ledde till en osékerhet om
dennes exakta alder . Slutet av ar 1225 brukar generellt anses vara tiden for hans
fédelse. Fader Priimmer, som forlitar sig pa Calos auktoritet, bedémer 1227 vara en
mer sannolik datering. Samtliga &r Overens om att han avled 1274. Landulph, hans
far, var greve av Aquino; Theodora, hans mor, grevinna av Teano. Hans sldkt var
befryndad med kejsarna Henrik VI och Fredrik II, och med kungarna av Aragonien,
Kastilien, och Frankrike. Calo beréttar om en legend dér en helig eremit férutsade
hans karridr, och eremiten skall ha sagt till Theodora fére nedkomsten: "Han kommer
att intrdda i predikareorden, och s& omfattande kommer hans lardom och sa stor hans
helighet att vara att intill denna dag finns ingen som kan méta sig med honom". Vid
fem ars alder, enligt den traditionella dateringen fér hans fédelse, sindes han for att
fa sin forsta skolning av benediktinerna vid Monte Cassino. Flitig i sina studier blev
han ocksa tidigt uppmérksammad for sin meditativa personlighet och sin hingivenhet
i sina boéner, och hans liroméstare Gverraskades av att aterkommande fa hora barnet
fraga "Vad dr Gud?" Omkring 1236 sindes han till universitetet i Neapel. Calo berit-
tar att denna fordndring skedde genom att Monte Cassinos abbot i egen hdg person
skrev till Thomas far, att en sddan anmérkningsvird begavning som pojken hade inte
skulle gbmmas bort i det fordolda. I Neapel var Pietro Martini och Petrus Hibernus
hans ldrare. Enligt kronikorerna 6vertriffade han snart Martini i grammatik, och darfor
overldmnades hans undervisning till Peter av Irland, som undervisade honom i logik och
naturvetenskap. Tidens sed delade de fria konsterna i tva delar: Trivium, innehallande
grammatik, logik, och retorik; Quadrivium, inbegripande musik, matematik, geometri,
och astronomi. Thomas kunde aterge ldro6vningarna med mera djup och klarhet &n
hans ldrare uppvisade. Nagon gang mellan 1240 och augusti 1243 intrddde Thomas
av Aquino i dominikanorden, som han drogs till genom Johannes av St. Julian, en
framstaende predikant vid konventet i Neapel. Staden forundrades Gver att en ung
aristokrat som han skulle iklada sig en tiggarordens munkkapa. Med blandade kinslor
skyndade hans mor till Neapel for att tréffa honom. Dominikanerna blev da ridda att
hon skulle féra bort honom. De sinde honom dérfor till Rom, i avsikt att darifran
skicka honom vidare till Paris eller Kéln. Thomas broder, som var soldater hos kejsar
Fredrik, tillfangatog honom pa Theodoras begiran utanfor staden Acquapendente, och
familjen holl honom fangen i San Giovannifastningen i Rocca Secca. Déar kvarhdlls han i
néstan tva ar under vilket hans fordldrar, broder och systrar pa olika sitt forsckte sétta
kippar i hjulet for hans kallelse. Broderna forsdkte sniirja honom genom att Gverlista
honom i hans dygdighet, men novisen fordrev fresterskan fran sitt rum med ett brin-
nande vedtrd som han grep fran eldstaden. Mot slutet av sitt liv bekiinde Thomas for
sin van och foljeslagare, Reginald av Piperno, hemligheten att han, enligt egen utsago,
skulle ha emottagit en stor ynnest vid den tidpunkten. Nar fresterskan hade motats ut
ur rummet kn&foll han och bad uppriktigt till Gud om att fa behélla sitt sinnes och sin
kropps integritet. Han foll da i sémn, och, under det att han sov, sag han tva dnglar
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som forsikrade honom om att han blivit bonhord. Sedan omgjordade de honom med en
vit gordel och sade "Vi forlénar dig gérdeln av den eviga oskulden." Och fran den dagen
skulle han inte ha upplevt den minsta frestelse. Tiden Thomas av Aquino tillbringade
i fangenskap var inte forgives. Hans mor gav efter nagot efter att den forsta ilskan och
sorgen lagt sig; dominikanerna tillats undervisa honom ytterligare, och hans systrar
férsag honom med nagra bécker — Bibeln, Aristoteles’ Metafysiken, och "Sententia" av
Petrus Lombardus. Efter arton manader eller tva ar i fangenskap, antingen genom hans
moders tanke att eremitens profetia skulle ga i uppfyllelse eller att hans bréder fruktade
Innocentius IV:s eller Fredrik II:s hot, frislipptes han till dominikanerna som gladdes
at att han under sin bortavaro "gjort lika mycket framsteg som om han hade gjort i
studium generale". Thomas avgav omedelbart sina klosterldften, och hans 6verordnade
sédnde honom till Rom. Innocentius IV rannsakade grundligt hans motiv till att intréda
i predikareorden och séinde ivig honom med sin vélsignelse och forbjod all fortsatt in-
blandning i hans kallelse. Johannes Teutonikern, ordens fjirde 6vergeneral (1240-1252),
tog den unge studenten till Paris och, enligt de flesta biografier 6ver honom, till K&ln,
dit han anldnde 1244 eller 1245. Dar hamnade han under Albertus Magnus, den ryk-
tbaraste professorn i denna orden. I ldrosdtena misstolkades Thomas 6dmjukhet och
faordighet som dumhet, men nér Albert hade ahort hans férsvar av en svar avhandling
forklarade han: "Vi har kallat denne unge man en dum asna, men hans gniggande av
doktrinerna kommer en dag att ljuda genom virlden." Ar 1245 séindes Albert till Paris,
och Thomas var sasom hans student hans f6ljeslagare. Bada aterviande till Koéln 1248.
Albert hade utsetts till ledare av en ny Studium Generale darstides, utnamnd det aret
av generalkapitlet, och Thomas skulle foreldsa under honom som magister. Under sin
vistelse i Koln, troligen ar 1250, préistvigdes han av Konrad av Hochstaden, drkebiskop
i staden. Hur upptagen med den akademiska karridren han &n var, predikade han un-
der hela sitt liv Guds ord, i Tyskland, Frankrike, och Italien. Hans predikningar 1ar ha
varit kraftfulla, genomsyrade av fromhet, fulla av handfasta anvisningar, med 16pande
hinvisningar till de heliga skrifterna. Ar 1251 eller 1252 séinde 6vergeneralen av orden,
efter forslag fran Albertus Magnus och Hugo av St. Cher, Thomas till att inta posten
som magister (subregent) vid dominikanernas Studium i Paris. Denna utndmning kan
betraktas som borjan pa hans offentliga karridr, for hans undervisning tilldrog sig snart
uppmérksamheten bade av professorerna och av studenterna. Han uppgifter bestod hu-
vudsakligen i att forklara "Sententia" av Petrus Lombardus, och hans kommentarer till
den teologiska texten lade grunden till materialet och idén till hans huvudverk, Summa
theologica. I vederborlig tid uppmanades han att férbereda sig pa att ta doktorsexa-
men i teologi vid universitetet i Paris, men universitetets examensratt drogs tillbaka
med anledning av en dispyt mellan universitetet och ordensbréderna. Konflikten, som
till en borjan uppstod mellan universitetet och statliga tjanstemin, blossade upp da
en student blev ihjélslagen och tre andra skadades av stadens viktare. Universitetet
som slog vakt om sin sjilvstédndighet, krdvde uppréttelse vilket avbojdes. Doktorerna
stdngde stadens skolor, och svor pa att inte 6ppna dem igen forrdn deras krav uppnatts,
och bestdmde att ingen i framtiden skulle beviljas doktorsgraden som inte svor en ed
pa att folja deras exempel om de hamnade i liknande omstindigheter. Dominikanerna
och franciskanerna hade fortfarit att undervisa vid sina skolor och vigrade att avligga
eden, vilket blev upptakten till en bitter strid vars héjdpunkt intraffade ndr Thomas
och Bonaventura skulle doktorera. Vilhelm av St-Amour drev konflikten ldngre dnda,
och attackerade ordensbroderna valdsamt, vilka han uppenbarligen var avundsjuk pa,
och fornekade dem rdtten att inneha larostolar vid universitetet. I opposition mot
dennes bok De periculis novissimorum temporum, skrev Thomas avhandlingen Contra
impugnantes religionem, en forsvarsskrift for det religiésa ordensviisendet. Vilhelm av
St-Amours bok férdémdes av paven Alexander IV i Anagni den 5 oktober 1256, och
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paven beordrade att tiggareordens broder skulle tillatas att doktorera. Ungefér vid
samma tid bekimpade Thomas ocksd en annan bok som Katolska kyrkan bedémde
som farlig, "Det eviga evangeliet". Befattningshavarna vid universitetet dréjde innan
de tillit Thomas att ta examen; forst efter att Ludvig IX av Frankrike anvént sitt infly-
tande och efter elva pavliga uttalanden lade sig konflikten, och Thomas kunde doktorera
i teologi. Datumet for hans promovering ar enligt manga samstidmmiga killor den 23
oktober 1257. Amnet var "Kristi majestit". Verserna "Du vattnar bergen fran din
sal, jorden mittas av allt du ger" (Psaltaren 104:13), ségs ha varit ett vigledande rad
han fick av en himmelsk uppenbarelse. Enligt traditionen skall han och Bonaventura
ha doktorerat samma dag, och de bada vinnerna skulle ha 6vertriffat varandra i 6d-
mjukhet om vem som skulle promoveras forst. Fran och med denna tid kan Thomas
liv sammanfattas i ett fatal ord: boner, predikan, undervisning, forfattande, resande.
Manniskor foredrog snart att lyssna till honom &n till Albert. Paris holl fast honom;
pavarna onskade honom néra sig; ordens Studia var angeldgna om att atnjuta hans
undervisning; foljaktligen finner vi honom i Anagni, Rom, Bologna, Orvieto, Viterbo,
Perugia, i Paris igen, och slutligen i Neapel, alltjamt undervisande och skrivande, f6l-
jande sin enda passion i livet att forsvara de kristna doktrinerna. Sa hingiven var han
sin uppgift att han i tarar bonfoll att fa slippa intaga drkebiskopsitet i Neapel som
han tilldelades av Clemens IV ar 1265. Om hans utndmning hade verkstéllts, hade
troligen aldrig Summa theologica blivit skriven. Han gav efter for sina ordensbroders
onskan och deltog vid upprepande tillfdllen i reformeringen av Kyrkan. Ett av dessa
kapitel holls i London 1263. Under ett annat i Valenciennes 1259 samarbetade han med
Albertus Magnus och Peter av Tarentasia (senare pave Innocentius V) i en utformning
av ett studiesystem som till sitt innehall bevarats till vara dagar i dominikanordens
Studia Generalia. Det &r inte 6verraskande att kunna l&sa i Thomas biografier att han
ofta verkade vara franvarande och i extas. Mot slutet av hans liv uppkom dessa extaser
allt oftare. Vid ett tillfalle, i Neapel ar 1273, efter att han slutfért sin avhandling om
nattvarden, sag tre ordensbroder honom upplyft i en extas och de skall ha hort en rost
fran altarets krucifix som sade: "Du har skrivit vil om mig, Thomas; vilken bel6ning
onskar du?" Thomas skulle ha svarat: "Ingen annan bel6ning &n dig, Herre". Liknande
forklaringar sigs ha gjorts i Orvieto och i Paris. Den 6 december 1273 lade han pennan
pa bordet och skulle darefter praktiskt taget aldrig mera skriva. Den dagen erfor han
en ovanligt lang extas under méssan; vad som uppenbarades honom &r ovisst och kan
endast utldsas mellan raderna i hans svar till Fader Reginald, nir denne hade upp-
manat honom att fortsitta skriva: "Jag kan inte goéra nagot mera. Sadana hemligheter
har uppenbarats for mig att allt jag hittills har skrivit nu synes mig &ga litet virde".
Summa theologica hade endast hunnit till den nittonde fragan av den tredje delen (De
partibus poenitentiae). Thomas borjade omedelbart ombesorja forberedelserna for sin
déd. Gregorius X, som hade sammankallat till Andra Lyonkonciliet 1 maj 1274, bjod
in Thomas och Bonaventura att deltaga i motet och sade at den forre att medtaga sin
avhandling Contra errores Graecorum till Lyon. Thomas forsckte horsamma befall-
ningen, och boérjade sin fird i januari 1274, men styrkan svek honom; i nérheten av
Terracina f6ll han till marken, varpa han fordes till slottet i Maienza, som var hans
syskonbarns, grevinnan Francesca Ceccanos, hem. Cisterciensmunkarna i Fossa Nuova
overtalade honom att bli deras gést och han flyttades till deras kloster, dit han an-
lénde viskande till sin foljeslagare: "For evigt ar detta min viloplats, hir vill jag bo,
det dr min onskan" (Psaltaren 132:14). Nir fader Reginald uppmanade honom att
stanna kvar vid klostret, svarade han: "Om Herren 6nskar ta mig hérifran ar det bat-
tre att han hittar mig i ett religiost hus &n i hignet av lekméan." Cistercienserna var sa
vanliga och papassliga att Thomas besviirades. "Varfor fordras mig denna &ra', sade
han, "da Guds tjdnare borde béra ved till mitt bal!" Efter entrdgna forfragningar av
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munkarna dikterade han en kort kommentar till Hoga visan. Slutet var néra. Nér sista
smorjelsen och sista nattvarden (Viaticum) bars in i rummet uttalade han féljande
trosbekédnnelse: Thomas dog den 7 mars 1274. Flera mirakler uppges av Katolska
kyrkan ha foregatt hans helgonforklaring, och den 18 juli 1323 kanoniserades han av
Johannes XXII. Munkarna i Fossa Nuova ville behalla hans kvarlevor men péa order
av pave Urban V 6verlamnades hans kropp till det dominikanska brédraskapet, och
blev under hogtidliga former ford till dominikanernas kyrka i Toulouse den 28 januari
1369. Ett magnifikt relikskrin som uppforts 1628 forstérdes under franska revolutio-
nen och kroppen flyttades da till St. Serninkyrkan, d&r den nu vilar i en sarkofag av
guld och silver. Sarkofagen vélsignades av kardinal Desprez den 24 juli 1878. Ett ben
av hans vénstra arm finns i Neapels katedral. Den hogra armen som ursprungligen
fanns i dominikanernas Sankt Thomaskapellet, skiinktes av universitetet i Paris till do-
minikanernas kyrka Santa Maria sopra Minerva i Rom, dit den fordes under franska
revolutionen. En beskrivning av Thomas sasom han framtrédde i livet har Calo givit
, som siger att hans utseende Gverensstdmmer med hans stora sjil. Han var hogvixt
och kraftigt byggd, men uppratt och vil proportionerlig. Hans hud hade "samma farg
som ungt vete": hans huvud var stort och vélformat, och han var nagot flintskallig.
Alla portritt framstéller honom som nobel, meditativ, mjuk, men stark. Pius V utsag
Thomas till kyrkoldrare 1567. I encyklikan "Aeterni Patris", fran den 4 augusti 1879,
vid aterstillandet av den kristna filosofin, forklarade Leo XIII honom vara "fursten
och méstaren av alla skolastiker". Samme pontifikat, genom ett meddelande 4 augusti
1880, utsag honom till skyddshelgon Gver alla katolska universitet, akademier, ldroséten
och skolor i hela virlden. Fastdn Thomas bara levde ungefir femtio ar, har han skrivit
mer #n 60 bocker, nagra kortare och nagra av avsevird lingd. Detta behover inte
nodvandigtvis innebéra att varje ord i de autentiska texterna dr skrivna av hans hand;
han bistods av sekreterare, och hans biografer uppger att han kunde diktera flera verk
samtidigt. Andra verk har felaktigt tillskrivits honom som upphovsman; nagra av dessa
ar i stallet skrivna av hans larjungar. I Scriptores Ordinis Praedicatorum (Paris, 1719)
tilldgnar fader Echard 86 foliosidor 4t Thomas arbeten, och at de olika utgavorna och
oversittningarna (I, pp. 282-348). Touron (op. cit., pp. 69 sqq.) séger att avskrifter
fanns i nastan alla bibliotek i Europa, och att efter boktryckarkonsten uppfunnits,
spreds bockerna snabbt i Tyskland, Italien och Frankrike, och att delar av Summa the-
ologica var ett av de forsta viktigare verk som trycktes. Peter Schoffer, en boktryckare
i Mainz, gav ut Secunda Secundae 1467. Detta &r den forsta kiinda tryckta utgavan av
Thomas bocker. Den forsta kompletta utgavan av Summa trycktes i Basel 1485. Manga
andra utgavor av denna och andra verk publicerades pa 1500- och 1600-talen, sérskilt
i Venedig och Lyon. Hans samlade verk (Opera Omnia) utgavs i foljande ordning:
Rom, 1570; Venedig, 1594, 1612, 1745; Antwerpen, 1612; Paris, 1660, 1871-80 (Vives);
Parma, 1852-73; Rom, 1882 (Leonineutgavan). Den romerska utgavan fran 1570, kallad
"Pianan", eftersom den &r ett bestillningsverk av Pius V, var standardutgavan i manga
ar. Bortsett fran det noggrant redigerade ramaterialet innehaller den kommentarer av
kardinal Cajetan och "Tabula Aurea" av Petrus av Bergamo. Venedigutgavan fran
1612 prisades hogt eftersom Cajetan-Porrecta-kommentarerna medfdljde ramaterialet.
Leonineutgavan tillkom under beskydd av Leo XIII, som gav anvisningar till denna
med sérskilda Motu Proprio for fragan. Denna innehaller Sylvester Ferrariensis kom-
mentarer till Summa contra gentiles, och Cajetans kommentarer till Summa theologica.
De sista banden, IV-XII, av den senare utgavan utkom 1906. Thomas verk kan klassifi-
ceras som filosofi, teologi, bibelvetenskap, apologetik, eller som stridsskrifter (s& kallade
kontroverser). Klassificeringen uppratthalls dock inte fullt ut i samtliga verk. Summa
theologica till exempel, dr till sitt innehall filosofi, medan Summa contra gentiles hu-
vudsakligen, men inte uteslutande filosofi och apologetik. Hans filosofiska verk utgors i
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forsta hand av kommentarer till Aristoteles, och hans forsta viktigare teologiska skrift
dr kommentarer till Petrus Lombardus fyra bocker "Sententia'; men han f6ljer ingen
av dessa ténkare slaviskt. Bland de verk dar Thomas egenart framtrader till tankegods
och metod, bor sirskilt foljande ndmnas: Forfattaren sjalv beskriver Summa theologica
som en ldrobok for studenter om de kristna doktrinerna. Det &r mera sanningsenligt att
beskriva det som en komplett vetenskapligt arrangerad exposition av teologin och pa
samma gang en sammanfattning (summea) av den kristna filosofin som vérlden kinde.
I det kortfattade forordet patalar Thomas de svarigheter som hans studenter hade stott
pa vid studiet av doktrinerna, och han definierar svarigheterna: flertaliga meningslésa
anforingar, artiklar och argument; franvaro av en vetenskaplig ordning; aterkommande
upprepningar; vilka sammantagna "vicker avsky och foérvirring hos de studerande".
Sedan tillfogar han: "I onskan att undvika dessa och liknande olidgenheter skall vi
i fortrostan pa att Gud ledsagar oss, bemdda oss om att behandla dessa saker som
utreder doktrinerna sa kortfattat och sa tydligt som &mnet ma tillata." I den inledande
fragan, "Om den heliga doktrinen", redogtr han fér standpunkten att vid sidan av den
kunskap som kommer av fornuftet &r uppenbarelse nédvandig och primér, for det férsta
eftersom utan den skulle inte ménniskan forsta den 6vernaturliga &nde som hon pa friv-
illig vig maste forstka finna; for det andra eftersom de sanningar om Gud som man kan
na genom fornuftet endast kan erhallas av ett fatal, efter lang tid och genom manga
felslut och misstag. Nir den uppenbarade sanningen godtagits fortsdtter medvetandet
att forklara den och dra slutledningar fran den. Dérmed &r teologin, som enligt honom
dr en exakt vetenskap, resultatet, eftersom den fortsitter arbeta med de principer som
ar givna (svar 2). Objektet for vetenskapen dr Gud; andra dmnen behandlas endast i
sd matto de relaterar till Gud (svar 7). Fornuftet anvinds i teologin inte for att bevisa
trons sanning - denna godtas pa basis av Guds auktoritet - utan for att forsvara, fork-
lara, och utveckla de uppenbarade doktrinerna (svar 8). Den forsta delen av Summa &r
indelad i tre traktat: Den andra delen, Om Gud sasom ménniskans mal, kallas ibland
Thomas moralteologi, det vill sdga hans avhandling om ménniskans mal och om mén-
skliga handlingar. Den &r underindelad i tva delar, kiinda som Forsta sektionen av den
andra (I-II, eller 1la 2ae) och Andra sektionen av den andra (II-II, eller 2a 2ae). Den
forsta sektionen av den andra. De forsta fem fragorna tillignas bevisen for att mén-
niskans dnde, hennes salighet, vilar i Guds hand. Ménniskan uppnar det malet eller
forlorar den genom sina méinskliga handlingar, det vill siga genom den fria viljans han-
dlingar. Ménniskans handlingar behandlar han forst i allménna ordalag (de férsta fem
fragorna av I-II), och dérefter redogor han for specifika fall (II-II). Avhandlingen om
maénskliga handlingar i generella ordalag &r indelad i tva delar: den forsta redogor for
handlingar i sig, och den andra for principerna eller orsakerna, yttre eller inre, till dessa
handlingar. I dessa traktat och i Den andra av den andra f6ljer Thomas Aristoteles i sin
beskrivning och analys av ménniskans medvetandes och hjértas rérelse. Den andra av
den andra iakttager specifika ménskliga handlingar, det vill siga dygder och synder. I
denna behandlar Thomas dels sddant som géller alla minniskor oavsett var de befinner
sig i livet, dels sadant som endast géller somliga. Sadant som géller alla ménniskor &r
reducerat till sju rubriker: Tro, hopp och kirlek (charitas), vishet, réttvisa, tapperhet
och mattfullhet. For att undvika upprepning har Thomas under varje rubrik inte en-
dast behandlat dygden, utan &ven synden som dr dess motsats, pabuden att handla
enligt dygden, och den helige andes gava som svarar emot den. Sadant som géller en-
dast somliga dr reducerat till tre rubriker: den ovillkorliga naden (gratia gratis datae)
som ges till vissa individer till Kyrkans godo, sddant som tungomalstalande, profetians
gava, mirakler, det aktiva och det kontemplativa livet; olika faser i livet, och plikter
som tillkommer dem som har olika livsuppgifter, i synnerhet biskopar och religiGsa.
Den tredje delen behandlar Kristus och vad han har givit ménniskan, och bestar av
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tre traktat: Om inkarnationen och om vad frilsaren utférde och om hans lidande; Om
sakramenten, vilka har instiftats av Kristus och vilka verkar genom hans gérningar och
lidande; Om det eviga livet, det vill siga virldens dnde, kropparnas uppstandelse, den
yttersta domen, syndarnas straff, och de rattfirdigas salighet vilka genom Kristus far
evigt liv i himlen. Atta ar dgnade Thomas &t att sammanstilla detta arbete, vilket
paborjades i Rom, dir Forsta delen och Forsta av den andra skrevs (1265-1269). Den
andra av den andra pabdrjades i Rom och slutférdes i Paris (1271). 1272 reste Thomas
till Neapel dér den tredje delen tillkom, till och med den nittonde fragan av tratatet
Om botgdring. Detta arbete har slutforts genom en komplettering av ett supplement
som utgors av andra skrifter av Thomas, men vilka somliga tillskriver Petrus av Au-
vergne, och andra Henrik av Gorkum. Dessa tillskrivanden tillbakavisas av utgivarna
av Leonineutgavan (XI, pp. viii, xiv, xviii). Mandonnet (op. cit., 153) hénger sig
at en vedertagen uppfattning att sammanstillningen gjordes av Reginald de Piperno,
Thomas trofaste foljeslagare och sekreterare. Hela Summa bestar av 38 avhandlingar,
612 fragor, underindelade i 3120 artiklar, i vilka omkring 10 000 invindningar framfors
och besvaras. Summa &r den kristna doktrinen i vetenskaplig form; den &r det mé&n-
skliga fornuftet som tagit tjénst att bevisa sanningen i den kristna religionen. Dér ar
ocksa den vuxne mannen och helgonforklarade kyrkoldraren som ger svar pa fragan fran
barndomen: "Vad &r Gud?" Katolska kyrkans vérdnad fér Thomas och hans Summa
ar grénslos: "Bland de skolastiska ldrarna, tornar Thomas av Aquino som den frimste
och mistaren av dem alla, eftersom, vilket Cajetan iakttager (i 2am 2ae, Q. 148, a. 4),
’han vordade de forna kyrkoldrarna pa ett sadant sireget sétt att all deras samman-
tagna intelligens verkar ha nedirvts i honom™ (encyklikan, "Aeterni Patris", av Leo
XIIT). Det dr omdjligt att beteckna Thomas metod om endast ett ord far anvéindas,
sd vitt den inte bor kallas eklektisk. Den &r aristotelisk, platonsk, sokratisk; den &r
induktiv och deduktiv, analytisk och syntetisk. Han véljer den metod som for tillféllet
bést tjdnar hans syften, i en drlig strdvan att erkidnna vad som dr sant och vederligga
vad som &r falskt. Hans styrka dérvidlag ligger i att med ett fatal ord sammanfatta en
méingd motstridiga kéllor och skrifter, och finna gemensamma drag i dessa. For sin tid
dr Thomas osedvanligt icke-dogmatisk, och kréver inte av ldsaren att denne skall forlita
sig till hans ord, utan redovisar noggrant fér hur slutsatserna dras och hur han kommer
fram till sina svar. I filosofi, sdger han, &r auktoriteters argument av underordnad bety-
delse; filosofi handlar inte om att veta vad andra har sagt, utan om att kiinna och férsta
sanningen (I lib. de Coelo, lect. xxii; IT Sent., D. xiv, a. 2, ad lum). Filosofin ar ett
redskap fér Thomas, som anvinds for forstaelsen av teologin, men han haller fast vid
dmnenas givna ramar. Mot traditionalisterna har Heliga stolen forklarat att metoderna
som Thomas och Bonaventura anvinde inte leder till rationalism (Denzinger-Bannwart,
n. 1652). Varken hos Albertus Magnus eller Roger Bacon finner man ett motstycke
i hans understkningar av naturen; Thomas var fore sin tid vad giller vetenskap och
manga av hans asikter ddrom har 16pande aktualiserats i den akademiska debatten till
2000-talet. Till exempel kan man l&sa foljande som Thomas skrivit, vilket kan jamforas
med sexualsystemet: "I en och samma planta finns en tvafaldig dygd, aktiv och passiv,
fastdn det aktiva ibland bara finns i en och det passiva i en annan, sa att en planta ségs
vara maskulin och den andra feminin" (3 Sent., D. III, Q. ii, a 1). Thomas stil &r en
blandning av den rakframma framstéillning som aterfinns hos manga skolastiker, och
den nograknade stilistiken man kan finna hos Johannes av Salisbury. Pave Innocentius
VT (citerad i encyklikan "Aeterni Patris", av Leo XIII) skriver att, med undantag av
de kanoniska skrifterna, overtriffar Thomas allt skrivet i "uttryckets lamplighet och
pastaendenas sanning" (habet proprietatem verborum, modum dicendorum, veritatem
sententiarum). Manga framstiende talare har studerat hans retorik. Samma sak géller
teologer. Cajetan var en storre kiinnare av Thomas stil &n nagon annan. Thomas hade
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inte fatt denna talets gava gratis, &ven om man erkdnner att han hade en anmérk-
sningsvird, medfédd begavning; han var ocksa strivsam och omarbetade sina skrifter.
"Forfattarens manuskript till Summa Contra Gentiles &r till stora delar ofullbordat.
Det finns nu i Vatikanbiblioteket. Manuskriptet bestar av pergamentremsor i skiftande
nyanser och farger som forvaras i en gammal pergamenthallare som det forr var fast
vid. Texten &r skriven i tva kolumner och &r svar att tyda, full av forkortningar, och
stundom paminner den om stenografi. Genom manga stycken har det strukits streck
som tyder pa raderingar" (Rickaby, Op. cit., férord: se Ucelli ed., "Sum. cont. gent.",
Rom, 1878). Hans skolgéng var sddan att man kunde forvanta sig att han skulle gora
sig ett namn; han erhdll den bésta utbildning som vistvirlden kunde erbjuda under
1200-talet, vid Monte Cassino, i Neapel, Paris, och Kéln. Han var samtida med flera
framstaende tdnkare: Alexander av Hales, Albertus Magnus, Bonaventura, Raimund
av Penafort, Roger Bacon, Hugo av St Charo, Vincent av Beauvais, och manga flera.
Framfor allt bor Albertus Magnus framhallas, eftersom han var Thomas ldrare i Paris
och Koln. De bocker som var hans frimsta impulsgivare var Bibeln, dekret fran koncilier
och pavar, de grekiska och latinska kyrkofadernas skrifter, i synnerhet Augustinus, Sen-
tentia av Petrus Lombardus, skrifter av de klassiska filosoferna, i synnerhet Aristoteles,
Platon och Boethius. Maste man vélja nagra av dessa filosofer som sérskilt viktiga for
Thomas, vore det Aristoteles, Augustinus och Petrus Lombardus. I ett annat hinseende
var Thomas influerad av Averroés, hans huvudmotstandare som han bekdmpade for att
forsvara sin syn pa Aristoteles ratta filosofi. Thomas av Aquino har utévat ett ojam-
forligt inflytande 6ver vistvarldens teologi, i synnerhet den romersk-katolska, vilket har
spritt sig till den allménna filosofin déir han placerar sig i forsta ledet av aristotelismen,
sasom dess uttolkare, och skolastiken. Ayn Rand (sjélv ateist) "vidhaller bestdmt att
Aristoteles var den storste [filosofen] och att Thomas av Aquino var den nést storste."
I filosofiskt hanseende &r Summa Theologica hans viktigaste och mest livaktiga verk, i
vilken han framstéller sin systematiska teologi. Thomas ansag "att vad betraffar kun-
skap av vad for slag av sanning behdver ménniskan gudomlig hjilp, att intellektet ma
foras av Gud i denna akt." Han menade dock att méanniskor har en naturlig férmaga
att veta manga saker utan gudomlig uppenbarelse, &ven om sddan uppenbarelse sker
ibland, "sarskilt med hinseende pa [sddant som handlar om] tro." Thomas var ockséa
en aristoteliker och en empiricist. Dessa tva stromningar i vistvirldens tidnkande gav
han ett genomgripande avtryck i. Thomas av Aquino menade att sanning utgérs av
fornuftsbaserat vetande (naturlig uppenbarelse) och tro (6vernaturlig uppenbarelse).
Overnaturlig uppenbarelse uppenbaras genom profeterna, Bibeln, och magisteriet, det
som brukar ga under samlingsbeteckningen "traditionen". Naturlig uppenbarelse &r
den sanning som &r tillginglig for alla manniskor till f6ljd av deras minskliga natur;
vissa sanningar kan alla ménniskor ernd genom att anvénda fornuftet pa ett korrekt
sitt. Exempelvis ansadg han att det ménskliga férnuftet kunde tillgodogora sig for-
nuftsbaserade bevis for Guds existens. Fastin Guds vdsen och egenskaper (person,
enhet, sanning, godhet, makt, kunskap) kan hirledas genom fornuftet, kan vissa san-
ningar endast bli kiinda genom sérskild uppenbarelse (sdsom treenigheten). I Thomas
teoribildning &r den sirskilda uppenbarelsen jamférbar med uppenbarelsen av Gud i Je-
sus Kristus. De 6verordnade teologiska komponenterna av kristendomen, till exempel
treenigheten och inkarnationen, uppenbaras i den Romersk-katolska kyrkans férkun-
nelse och i Bibeln, och mé inte hirledas ytterligare. Sérskild uppenbarelse (tro) och
naturlig uppenbarelse (férnuft) kompletterar snarare dn strider emot varandra, for de
sammanstralar i samma punkt: sanningen. En viktig komponent i Thomas filosofi ar
teorin om analogin. Thomas erkinde tre former av beskrivningar: univokation (syn-
onymos), ekvivokation (homonymos) och analogier. Thomas etik bygger pa begreppet
prima causa. I Summa Theologica, skriver han: Thomas definierade de fyra kardi-
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naldygderna som vishet, mattlighet, rattvisa, och mod. Kardinaldygderna dr naturliga
och uppenbarade i naturen, och de #r bindande for samtliga. Det finns dock #ven
tre teologiska dygder: tro hopp och kiirlek. Dessa dr 6vernaturliga och atskilda fran
de 6vriga dygderna i deras vésen, vilken &r Gud: Thomas urskilde vidare fyra sorters
lagar och rétt: evig, naturlig, ménsklig och gudomlig. Den eviga lagen ar det Guds
ord som styr hans skapelse. Naturrdtt och den naturliga lagen dr den ménskliga de-
laktigheten i den eviga lagen vilken minniskan kommer till insikt om genom férnuftet.
Naturrdtten foljer pa prima causa: Viljan att leva och fortplanta sig rdknar Thomas
till sddana grundldggande (naturliga) ménskliga vérden, vilka alla andra méanskliga
viarden grundas pa. Den minskliga lagen dr den positiva réitten: i idealfallet naturrét-
ten tillampad pa samhillet av en regering. Gudomlig lag dr den lag som i synnerhet
tillkdnnages i de heliga skrifterna. Av den positiva rétten finns tva slag: folkritten
och civilrdtten. Folkritten bygger, menar Thomas, pa naturrdtten och pa férnuftiga
principer som &r forutsittningar for den ménskliga samvaron; dessa dr gemensamma
for all samhillen. Civilrdtten dr mer sjélvsténdig fran naturrdtten. Thomas har spelat
en avgorande roll for den katolska forstaelsen av dédssynd och vanesynder. Thomas
fornekade att manniskan har nagra plikter mot djuren, eftersom de inte &r personer.
Annars hade det varit i strid emot lagen att dta dem. Detta innebér inte att méinniskan
har rétt att behandlade dem med grymbhet, for "grymma handlingar kan féras 6ver till
hur vi behandlar ménniskor." Fér Thomas dr staten betingad av att ménniskan &r
en samhéllsvarelse. Den &r den naturliga ordningen, liksom lagen dr naturlig, och sa
lénge som staten inte sétter upp hinder for manniskornas fralsning, dr det foljaktligen
medborgarnas skyldighet att vara lojal mot staten. Han bygger denna teoribildning
pa Aristoteles filosofi, och utgor ddrmed en brytning med Augustinus for vilken staten
ar ett nddvindigt ont. Ytterst faller statsbegreppet tillbaka pa natursynen: naturen
och det gudomliga star inte i konflikt for Thomas, varmed heller inte det virldsliga
gor sa av nodvindighet. Till statens naturliga ordning hor ocksa, enligt Thomas, hi-
erarkin, en hierarki som skall bevara den gudomliga ordningen. Men till skillnad fran
Aristoteles, fordomer Thomas slaveriet. Han f6retrider en statsteori som bygger pa
religionen i motsats till den samtide Marsilius av Padua som ville skilja mellan kyrka
och stat. Thomas metafysiska ldra ar aristotelismen pa kristen grundval. Fran Aris-
toteles tar han teorin om materia och form, samt om potens och handling (aktualitet
och potentialitet). Thomas betraktade teologin, eller "den heliga doktrinen", som en
exakt vetenskap, likt naturvetenskapen, dir ramaterialet utgors av de nedtecknade he-
liga skrifterna och Kyrkans tradition. Dessa killor betraktade han som data, vilka var
skapade av Guds sjilvuppenbarelse infor individerna och ménniskorgrupper, l6pande
genom historien. Tro och fornuft, atskilda men férbundna till varandra, &r tva huvudin-
strument med vilka teologins data behandlas. Han ansag att bada var nddvindiga -
eller snarare, att sammanstralningen av bada var ndédvindigt - for att erhalla sann
kunskap om Gud. Han sammanforde grekisk filosofi med den kristna doktrinen genom
att havda att rationellt tidnkande och studiet av naturen, liksom uppenbarelsen, var
giltiga sétt att forstda Gud pa. Enligt Thomas uppenbarar sig Gud i naturen, varmed
studiet av naturen ar att studera Gud. Det slutliga malet for teologin, enligt Thomas
mening, dr att anvinda fornuftet for att gripa sanningen om Gud och erfara frilsningen
genom sanningen. Thomas ansig att Guds existens varken &r sjdlvklar (given av sig
sjélv) eller bortom bevisbarhet. I Summa Theologica behandlar han detaljerat fem
fornuftsskil till Guds existens. Dessa kallas quinquae viae, eller "de fem vigarna". Vad
betriffar Guds natur ansag Thomas att det basta betraktelsesittet, vanligen kallad via
negativa, ar att utgd fran vad Gud inte dr. Detta ledde till att han lade fram fem
positiva pastdenden om de gudomliga egenskaperna: I detta hinseende delade han,
bland andra, Maimonides uppfattning om detsamma. Thomas anfér att Gud, trots
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att han dr en fullkomlig helhet, ocksa kan ges en fullstindig beskrivning med tre sam-
manbundna personer: treenigheten. Dessa tre personer (Fadern, Sonen och Den helige
ande) konstitueras i och med sina inbérdes relationer inom Guds vésen. Fadern skapar
Sonen (eller Ordet, Logos) genom sjélvmedvetandet. Denna eviga generation skapar
sedan den evige ande "som dr bestaende av den gudomliga naturen av Guds karlek,
Faderns kirlek till Ordet." Det &r inte atskilt fran virlden som denna treenighet ex-
isterar. Tvért om tjinar treenigheten till att formedla Guds sjélv och Guds godhet
till ménniskan. Detta intréffar genom inkarnationen av Ordet (logos) i Jesus Kristus
person, och med inblandning av Den helige ande, inom dem som har emottagit Guds
fralsning. Thomas bdrjar sin redogorelse av Jesus Kristus i sin Summa Theologica
med att anféra den bibliska berdttelsen om Adam och Eva, och beskriva arvssynden.
Syftet med Jesu Kristi inkarnation var att aterstélla den minskliga naturen genom att
avlidgsna "den i ménniskan genomsyrade synden," nagot som ménniskan inte formar
gora pa egen hand. "Gudomlig Visdom bedémde det vara passande att Gud skulle
bli ménniska, s& att en och samma person bade skulle kunna aterstélla ménniskan och
erbjuda tillfredsstéllelse." Han argumenterar emot flera samtida och historiska teologer
som hade en avvikande uppfattning om Kristus. I gensvar till Fotinus siger Thomas
att Jesus i sanning var gudomlig och inte enbart en ménsklig varelse. Mot Nestorius,
som ansag att Gud bara bebodde Jesu kropp, anfér Thomas att Guds fullkomlighet var
en delméingd i Kristi visen. Nar Thomas bemdoter Apollinaris synsétt, sdger han dock
att Kristus, ocksd, i sanning hade en ménsklig (férnuftsbaserad) sjil. Detta skapar
en dualitet i Kristi natur, som &r ett synsitt som star i motsattning till Arius laror.
Emot Eutyches resonerar Thomas for idén att denna dualitet kvarblev efter inkarnatio-
nen. Dessa tva naturer existerar simultant fastin oskiljaktiga i den ménskliga kroppen,
menar Thomas i strid emot vad Manichaeus och Valentinus hade hivdat. "Kristus
hade en riktig kropp av samma natur som varan, en sann, fornuftig sjil, och dessu-
tom, fullstindig gudomlighet." Dérfor forefinns bade enhet (i en av hans hypostaser)
och skiljaktighet (i hans tva naturer, den ménskliga och gudomliga) i Kristus. Malet
med ménniskans existens dr enligt Thomas att férenas med Gud och forevigt leva som
hans foljeslagare. I synnerhet uppnas detta mal genom den saliga visionen, en hindelse
genom vilken en person enligt katolicismen erfar fullkomlig, dndlés salighet genom en
forstaelse av Gud, liksom i Paulus forsta brev till Korinterna: "Vi ser nu pa ett dunkelt
séitt, sasom i en spegel, men da skall vi se ansikte mot ansikte. Nu &r var kunskap ett
styckverk...". Denna vision, som uppkommer efter déden, dr en gava fran Gud som
tillkommer dem som har erfarit frilsning och syndernas forlatelse genom Kristus under
deras liv pa jorden. Detta ultimata mal ger jordelivets implikationer. Thomas slog fast
att en ménniskas fria vilja maste riktas mot det réttradiga, sddant som vilgérenhet,
fred och helighet. Han ser detta som en vig till saligheten. Thomas framstéllning om
det moraliska livet baseras pa denna idé om salighet. Forhallandet mellan vilja och mal
dr priméra av naturen "eftersom den rittradiga viljan bestar av att vederborligen ritta
sig efter dnden [det vill sdga den saliga visionen]." De som sanningsenligt soker forsta
och se Gud kommer av nodvandighet att dlska vad Gud &lskar. En sadan kirlek kraver
moral, och den atergéldas i varje méanskligt val. Att Thomas av Aquino med sina verk
utgdr medelpunkten i medeltidens tinkande, dr allmint erként. For huvudriktningen
inom katolicismen rader det numera #ven konsensus om att det inte sedan Aristoteles
funnits nagon som utdévat storre inflytande pa tdnkandet &n Thomas av Aquino; da
bor det erinras att stora delar av Europas befolkning &r katoliker, liksom folk i andra
varldsdelar. Hans auktoritet var stor redan under hans samtid. Pavarna, universiteten,
studia av hans orden, var samtliga mana om att ta lardom av hans vetande och vishet.
Askilliga av hans viktigare verk skrevs pa bestillning, och hans asikter efterfragades
av flera grupper i samhéllet. Vid flera tillfillen aberopade doktorerna vid universitetet
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i Paris sina disputationer med honom och f6ljde hans anvisningar (Vaughan, op. cit.,
IT, 1 p. 544). Franciskanerna erkiinde emellertid inte Thomas auktoritet till en borjan,
foretridare for den dldre aristotelismen bekdmpade honom med stéd av Augustinus,
och en tid stod han for tankar som ansigs som forlegade (via antiqua) i ljuset av
bland andra Wilhelm av Ockham (via moderna). Bland Thomas anhéingare med storst
inflytande finns den sa kallade Salamancaskolan, som grundade den moderna folkrit-
ten, folksuveranitetsprincipen, och moderna krigsratten. Hans principer, som kommer
till kdinna genom hans skrifter, har trots allt fortsatt att influera personer dnda till
samtiden. Hans betydelse i rent filosofiskt hinseende gar under namnet thomism. Av
katoliker betraktas han som kristendomens Aristoteles, och det &r i det ljuset man
skall se hans stéllning i pave Leo XIII:s encyklika "Aeterni Patris". Hans betydelse
kan sammanfattas i tva pastaenden: han etablerade katolicismens syn pa foérhallan-
det mellan tro och férnuft, och han systematiserade teologin. Thomas principer om
forhallandet mellan tro och fornuft fastslogs vid Andra Vatikankonciliet. Det andra,
tredje och fjarde kapitlen av den apostoliska konstitutionen "Dei Filius" later som om
sidorna vore tagna direkt fran Thomas. Fornuftet ensamt, menar Thomas, ar inte till-
rackligt for att vigleda ménniskan; minniskan behdver uppenbarelse; det blir ddarmed
fundamentalt att skilja mellan sanning som erhalls genom férnuftet fran sanning som
bygger pa hogre kunskap (mysterier) som kommer till kinna genom uppenbarelse. Dér-
till framhaller han att férnuft och uppenbarelse visserligen &r distinkta, men att de inte
star i ett motsatsférhallande. Genom tron kan fonuftet raddas fran att bega misstag;
férnuftet borde tjéna trons syften, menar han. Detta tjinande kan upptrida pa tre sitt:
Detta ar en utveckling av Augustinus tankegangar (De Trin., XIV, c. i). Principerna
aterfinns pa flera stéllen i Thomas skrifter, i synnerhet i: "In Boethium, da Trin.
Proem.", Q. ii, a. 1; "Sum. cont. gent.", I, cc. iii-ix; Summa I:1:1, I:1:5, [:1:8, 1:32:1,
1:84:5. Thomas stred inte emot fiktioner, utan gick till angrepp pa levande motstan-
dare. Aristoteles verk hade natt Frankrike i form av tvivelaktiga Oversattningar och
kommentarer av judiska och muslimska filosofer, som var oférenliga med den kristna
ldran. Detta gav upphov till en uppsj6 slutledningar bland kristna vilka myndigheterna
ansag vara sa alarmerande att Robert de Courcon forbjod all ldsning av Aristoteles
Fysiken och Metafysiken ar 1210, men dekretet mildrades av Gregorius IX ar 1231.
Samtidigt uppstod en rationalism vid universitetet i Paris, foretrddd av Pierre Abelard
och Raymond Lullus, som menade att fornuftet ensamt kunde forklara allt, dven trons
mysterium, detta i anslutning till Averroés filosofi. Genom att tillimpa Augustinus
principer (se 1:84:5), och genom att folja Alexander av Hales och Albertus Magnus
fotspar, 16ste Thomas situationen da han ldt Gversétta Aristoteles, bemotte mostan-
darnas pastaenden i stéllet for att censurera dem, och sokte sa att "rena" Aristoteles.
Nésta steg var att overfora teologin till en systematisk, vetenskaplig form som tjanade
trons syften. Skolastik innebér inte, som somliga pastar, i &ndlésa diskussioner och
formbundna subtiliteter, utan i att uttrycka doktrinerna i en sprakdrikt och form som
ar klar, korrekt, och koncis. I encyklikan "Aeterni Patris" citerar Leo XIII Sixtus V:s
bulla "Triumphantis" (1588), i vilken denne foérklarar att for det réitta anvindandet av
filosofin star vi i tacksamhetsskuld till "de nobla begavningarna som gjorde skolastiken
sa formidabel mot sanningens fiender", med "den redovisade samstémmigheten av orsak
och verkan, ordningen och foljdriktigheten liksom arméns disciplin under ett krig, dessa
klara definitioner och distinktioner, de kraftfulla argumenten och hingivna diskussion-
erna genom vilka ljuset skiljs fran morkret, sanningen fran det falska, allt blottligges
och barliagges, som om vore falskheten hos heretikerna iklidda moln av undanflykter
och felslut". For stora delar av romersk-katolska kyrkan utgor skolastiken den filosofiska
guldaldern. Skolastikernas skrifter &r de som belyser morkret och upprittar ordning
i kaoset. Dir intager Thomas av Aquino ett av de frimsta rummen, som efterfol-
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jare till bland andra Anselm av Canterbury och Petrus Lombardus. En nytolkning av
Thomas av Aquino under 1900-talet, pabjuden av Vatikanen, har kommit att kallas
nythomism. Den kiinnetecknas framfor allt av en opposition mot modernismen, men
den utgor ocksa grunden for den politiska katolicismens socialpolitik. I sa matto ligger
den bland annat till grund for kristdemokratin, men nythomismen placerar sig inte
girna pa hoger-vansterskalan. I en syllabus fran 1864 av pave Pius IX, fordéms stand-
punkten att skolastikernas metoder och principer inte dr tilldmpliga i modern tid eller
for vetenskapens fortskridande (Denzinger-Bannwart, n. 1713). Encyklikan "Aeterni
Patris" av pave Leo XIII framfor skil till "en reform av praktikerna i filosofi genom
att aterinfora de valkinda ldrorna av Sankt Thomas av Aquino". Han uppmanar déar
biskoparna att "aterinféra Thomas gyllene visom och sprida den i ndr och fjarran till
den katolska trons forsvar och skonhet, till samhillets godo, och for utvecklingen av alla
vetenskaperna'. Pa de sidor i encyklikan som direkt foregar detta citat, forklarar paven
varfor Thomas lara skulle uppna sddana efterstrivansvirda resultat: Thomas &r, séger
paven, den store maistaren i att férklara och forsvara tron, for hans ar "kyrkofiddernas
och skolastikernas fasta doktrin, som med en sadan klarhet och kraft redogdr for trons
grundvalar, dess gudomliga ursprung, dess egenartade sanning, for argument som den
star emot, fordelar som den skiinker ménskosliktet, och dess fullkomliga harmoni med
fornuftet, pa ett sitt som fullstindigt tillfredsstéller sinnen som dr éppna for Gvertal-
ning fastén ovilligt och motstridigt". I sig sjilv betraktas Thomas karridir som ett bevis
for att Katolska kyrkan inte motsétter sig fornuftet, om det anvinds pa ratt sitt. De so-
ciologiska aspekterna av Thomas framhalls ocksa i encyklikan: "Thomas lira redovisar
den sanna innebdrden av frihet /—/, den gudomliga makt som all auktoritet kommer
av, lagarna och deras kraft, furstarnas faderliga och rattvisa styrelse, atlydnanden av
de storsta makterna, 6msesidig vélgdrenhet - om alla dessa och liknande saker; han har
en kraft att std emot principerna hos den nya ordningen vars fara fér freden och den
allménna sékerheten &r kiind" (ibid.). Det onda som drabbat det moderna samhéllet
har tagits upp av densamme péaven i brevet "Inscrutabili" fran 21 april 1878, och i ett
annat om socialism, kommunism, och nihilism ("The Great Encyclicals of Leo XIII",
pp. 9 sqq.; 22 sqq.). Paven anfor alltid Thomas filosofi som bot mot detta, och som
svar pa de sociala och politiska problemen i samtiden, fér kristna i olika stater och for
arbetarklassen (ibid., pp. 107, 135, 180, 208). Att Thomas och de Gvriga skolastik-
ernas teorier dr oforenliga med det moderna samhillets vetenskaper, tillbakavisades
av Leo XIIT som anférde foljande: (a) Skolastikerna motsatte sig inte vetenskapliga
undersékningar (b) Undersokning enbart &r inte tillriackligt f6r sann vetenskap. Detta
var en vederldggning av modernisternas forsok till nyorientering inom teologin. Ra-
tionalismen som Thomas motte i sin samtid, har manga gemensamma nidmnare med
modernitetens rationalism. Aven encyklikan "Providentissimus Deus" (18 november
1893) tillagnar Leo XIII Thomas filosofi. Bland de tidnkare, utanfér kurian, som forde
fram nythomismen finns i frimsta rummet Jacques Maritain, som medverkade till ut-
formningen av FN:s allminna deklaration om de minskliga rattigheterna. I forordet
till sin bok om Thomas tillimpbarhet i det moderna samhillet (St. Thomas Acquinas,
1930), definierar Maritain nythomismen och redogor for dess politiska, filosofiska och re-
ligiésa implikationer. Etienne Gilson, Martin Grabmann, Antonin-Dalmace Sertillanges
och kardinal Mercier var ytterligare nagra framtridande personer under nythomismens
tidiga ar. Till den nythomistiska rorelsen hor att flera laroséten och tidskrifter grun-
dades for studiet av Thomas och andra medeltida skolastiker, till exempel ldrosétena
Institut supérieur de philosophie, Angelicum (Rom), Institut Catholique (Paris), samt
underversitetet i Fribourg. Dessutom har nythomismen spelat en framtréidande roll
vid kontinentala och anglosaxiska icke-konfessionella universitet. Bland Gvriga ténkare
som foretritt nythomistiska tankeganger, och analytisk thomism, finns bland andra
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Elizabeth Anscombe, Alasdair Maclntyre och Philippa Foot. Huvudparten av artikeln
bygger pa Gversatta bearbetningar och referat av stycken ur flera verk:

Abstract

Thomas av Aquino, latin Thomas Aquinas, f6dd omkring 1225 i Roccasecca i nirheten
av Neapel, dod 7 mars 1274 i Fossanova, var en italiensk teolog och filosof. Thomas
av Aquino kanoniserades 1323 och vordas som helgon inom Romersk-katolska kyrkan.
Hans minnesdag firas den 28 januari. Thomas bendmns Doctor Communis Ecclesiae,
kyrkolarare, och betraktas som den frimste av de katolska teologerna, vilket bland
annat har gett honom det mer specifika tillnamnet Doctor Angelicus. Den teologiska
och filosofiska ldra han kom att bilda kallas thomism. Han raknas som en av de framsta
foretrddarna for skolastiken. Thomas av Aquino anpassade Aristoteles filosofiska system
till den kristna tron. Aristoteles hade menat att universum var evigt, men att detta hade
forsatts i rorelse av den forsta roraren, nagot som inte samstimde med kristendomens
linjéra tidssyn, vilken kriver skapelse (darmed &ven en skapare) och domedag.
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