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Abstract

In this paper we clarify the role of text
structure for summary generation. We
investigate two problems. One is to esti-
mate the consistency of human analysis
in text structure. The other is to investi-
gate what role the text structure plays to
generate a summary. We analyze aligned
sentences in a source text and those in its
summary that human subject produced.
As a result, we find that the relations
between adjacent sentences in text struc-
ture play special roles for one of the cru-
cial operations in producing a summary.
To assess the clues behind the relations
and the operation, we apply a machine
learning program.

1 Introduction

In the research of automated summarization,
some researchers such as Ono et al.(1994) and
Marcu(1998) use tree structure models to repre-
sent text structure and to select important sub-
parts in texts. By doing this, they exploit rela-
tions among the sentences in a text.

Although text structure plays an important role
in developing an automated summarization sys-
tem, there is no concrete model to make a sum-
mary through a representation of text structure.
Moreover, what representation is suitable for gen-
erating a summary is not clear. We investigate
mainly two problems in this paper. One is to es-
timate the consistency of human analysis on text
structure. The other is to investigate what kind
of role the text structure plays to generate a sum-
mary. First of all, we set up an experimental
scheme to analyze text structure. We ask human
subjects to produce summaries of texts, where the
structure of the source texts is analyzed in ad-
vance. After those preparations, we examine how
the alignment is done between the sentences in the
source text and the sentences in its summary. By

means of the structure and the alignment anal-
ysis, we confirmed that the text structure plays
an important role in generating a summary. In
particular, pairs of adjacent sentences that have a
direct relationship in the text structure exhibit a
special role in both of the stages; in the analysis
of text structure and in the generation of sum-
maries. We could regard such a relationship as
the clues for sentence combination, which is one
of the crucial operations for a human to produce a
summary. To investigate the characteristics of the
relationship further, we apply a machine learning
method using some linguistic features and make
it sure that the clues are to act as the trigger for
sentence combination.

2 Analyzing Text Structures
2.1 Coding Scheme for Text Structures

In general, properties of a text are classified in
terms of the linguistic notion of cohesion and co-
herence. According to Halliday and Hasan(1976),
the notion of cohesion is closely related with lin-
guistic cues such as anaphora, ellipses, conjunc-
tions, lexical relations, etc. Those linguistic cues
contribute to create semantic connectedness in a
text. Compared to cohesion, coherence is related
to more abstract semantic structure of a text. Al-
though a number of models for text structure anal-
ysis have been proposed, there is not yet a specific
model that can provide us with useful information
for generating summaries.

In the previous researches we described in the
introduction, Rhetorical Structure Theory (RST)
(Mann and Thompson, 1987) is used to represent
the text structure. RST is one of the well-known
models for text structure representation and is
mainly used to represent coherence of texts. With
RST we can decompose a text into sub-parts form-
ing a hierarchical structure. Every sub-part has a
relationship to another sub-part with one of the
relation types (rhetorical relations). These rela-
tions form an overall coherence structure of the
text.

We propose a coding scheme with which a hu-



man subject analyzes text structure in order to
investigate how well the representation of text
structure works for summarization. In the coding
scheme, we modify RST in two ways as described
below to help a subject to code the text structure.

First, since the original RST proposes more
than 20 types of rhetorical relations, a human sub-
ject often finds difficulty in selecting a proper re-
lation between sentences. Furthermore, as Moore
and Pollack(1992) point out, a pair of sentences
sometimes inherently has a multiple-analysis. To
avoid such complexities we introduce two funda-
mental relations in terms of the degree of impor-
tance between a pair of sentences. One is the re-
lation where there is unclear distinction in degree
of importance between the pair. The other is the
relation where the pair has relative degree of im-
portance. We assume this simplification does not
contradict with other’s work in automated text
summarization using text structure.

Second, we define a sentence as the elementary
unit of text structure. However, in the original
RST, a more fine-grained fragment (which usu-
ally corresponds to a clause) is considered as the
elementary unit. Since the coherence between sen-
tences is our main interest in this paper, we cur-
rently assume a sentence as the elementary unit.

We developed an annotating tool for text struc-
ture analysis as shown in Figure 1. It helps the
subject to annotate the texts based on simplified
version of RST described above. On the screen-
shot, boxes correspond to the sentences in the an-
notating text and arrows stand for coherence re-
lations between sentences. In practice, a subject
simply selects a tag through a graphical user in-
terface(GUI) of the tool. For each sentence Sy in
the annotating text, a subject acts as follows:

1) selects the most relevant sentence S; while .S,
must be more important than or equal to S5 with
regard to the meaning of the whole text. (S5 is
the root of the text structure if S does not have
such a sentence in the text. The root must be only
a single sentence in a text.)

2) selects the relation type for the pair of sentences

(S¢ and Ss).

2.2 Evaluation of the Analyzed Text
Structures

We let three human subjects analyze text struc-
tures using our coding scheme described in the
previous section. Note that the analysis is done
by a different group of subjects from ones that
produce summaries. We use 32 Japanese report
articles from Nihon-keizai-shinbun (Japanese fi-
nancial newspaper) in 1995. The total number
of sentences in the articles is 500.

To observe the overall tendency among agree-
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Figure 1: Tool for annotating a text structure

ment of subjects’ analysis, we use the Kappa co-
efficient, which is used to assess agreement in the
area of behavioral science. Carletta (1996) intro-
duces and discusses the use of it as an agreement
measure in the discourse analysis. The Kappa co-
efficient measures pairwise agreement among a set
of coders making category judgments and is de-
fined as:

- P(4) - P(E)
Kappa = 1= P(E)

where P(A) is the proportion of frequency that
the subjects agree and P(FE) is the proportion of
frequency that they agree by chance. Intuitively,
the measure shows the degree of agreement ad-
justed by the agreement by chance.

In our experiment of text structure analysis by
human subjects, P(A) stands for the agreement
ratio of selected sentences. ! We obtain Kappa
coefficient of 0.58 (P(A) = 0.63, P(E)=0.11). In
the evaluation of agreement using Kappa coeffi-
cient, there is a guideline that is used to evalu-
ate the degree of reliability of the agreement in
a coding scheme; 0 < Kappa < 0.2 is regarded
as “slight” agreement, 0.21 to 0.40 as “fair”, 0.41
to 0.60 as “moderate”, 0.61 to 0.80 as “substan-
tial”, and 0.81 to 1.0 as “near perfect” (Carletta
and others, 1997). According to the guideline, our

!Unfortunately, we have not discovered the role of
two relation types that we distinguished in the text
structure on the stage of summary generation. Since
we need to investigate the problem more in the further
work, we concentrate on the selection of sentence pairs
on the analysis of the text structure in this paper.



Table 1: Agreement ratio against Distance

at least 1 majority
n subj. selected  selected ratio(n)
1 352 293 0.832
2 113 48 0.425
3 53 21 0.396
4 36 14 0.389
n>5 85 20 0.341

coding scheme is evaluated as “moderate” level,
close to the “substantial” level with the overall
agreement.

Then, we observe the tendency of the assign-
ments of relation types between pairs of sentences.
We found that agreement rate of the assignment
for the relation between adjacent pairs of sen-
tences is much higher than that of the other pairs.
The difference of tendency among subjects’ as-
signment is observed when it is evaluated in terms
of the distance between dependent sentences as
shown in Table 1. The distance of relation is de-
fined as the relative distance between the depen-
dent sentences. If a sentence relates with the pre-
ceding sentence, the distance of relation is 1. We
define the ratio as follows:

the number of pairs that have distance n
(agreed by the majority of subjects)

ratzo(n) =~ "the number of pairs that have distance n

(assigned by at least one subject)

From Table 1, compared with other distances
the relations of distance = 1 agree more fre-
quently. This indicates that even a human has
difficulty in judging the relation between sentences
when the distance is two or more. On the other
hand, when two related sentences are adjacent,
the judgment by humans is significantly more ac-
curate.

Figure 2 shows an example of text structure in
the representation of RST. In the figure, a number
corresponds to the position of a sentence and an
arrow corresponds to a relationship between sen-
tences. To summarize the result using the repre-
sentation, the relationships between adjacent sen-
tences such as 2 — 1 agrees more often by human
subjects compared with the relations like 4 — 1
and 8 — 4.

In the rest of this paper, we regard the coher-
ence structure that are determined by the major-
ity of the subjects as the text structure.

Figure 2: Representation of a text structure in

RST

Table 2: Source Texts and Their Summaries

Source | Summaries
(Average number) | Texts A B
# Characters 882.6 | 342.0 | 320.4
# Sentences 16.1 7.2 6.9

3 Analysis on Human-generated
Summaries

3.1 Making Summaries

We ask two Japanese native speakers to summa-
rize 20 texts. They are educated in literature, but
are not professional summarizers. We ask them
to generate summaries up to the length of 40%
of the source texts. We pick up the 20 source
texts to be summarized from the set of texts of
which structure have been analyzed beforehand
according to the experimental analyzing scheme
described in section 2.1. The group of human
subjects who made summaries are different from
the group of the subjects who analyzed the text
structures. Since we assume that human can gen-
erate summaries without explicit information of
text structure and word importance, we removed
paragraph breaks and the titles from the texts in
the experiment.

In the summarization task, we give two instruc-
tions:

e The summary should keep the overall story
of the source text and author’s main opinion.

e If the summarizer uses proper nouns in the
summary, the form of the proper nouns
should be kept as the originals.

Basic information about the source texts and their
summaries are shown in Table 2. In the table and
the rest of this paper, we refer to the summaries
made by summarizer A as Summary A and those
of summarizer B as Summary B.



Table 3: The number of sentence reduction and
sentence combination

Operation Type Summaries

A B
sentence reduction 94 110
sentence combination | 49 27

3.2 Operations for Generating Summary

In order to analyze the human behavior in gen-
erating summaries, it is important to know the
alignment between the sentences in the human-
generated summary and the corresponding source
sentences that have been used to generate the sen-
tences. There are some related work of the sum-
marizing task. For example, Jing and McKeown
(1999) identified 6 operations in human summary
generating process. In this paper, we focus on
the operations where a summary sentence is gen-
erated from one sentence or more and classify the
operations into following two types.

1. sentence reduction: the summarized sentence
is generated from exactly one source sentence.

2. sentence combination: the summarized sen-
tence originates from two or more source sen-
tences.

We manually perform the alignment. For each
summary sentence, two human subjects select
which sentences in the source text are used in sum-
marization. Only case where two subjects agreed
with the analysis of the alignment, we accept the
human analysis as valid. For other cases, we ac-
cept the most similar sentence in the source text
to the summary sentence by using word-based co-
sine similarity.

Table 3 shows the number of two types of op-
erations in summary generation. Comparing the
number of sentence reduction with that of sen-
tence combination, the former has more examples
than the later in both cases. However, 103 source
sentences are used to create 49 combined sentences
in summary A, and 58 source sentences are used
to create 27 combined sentences in summary B.
This shows that the number of the sentences used
in sentence combination with respect to the total
number of source sentences for summary should
not be ignored.

3.3 Coherence Structure and Sentence
Combination

From the alignment result, we notice an explicit
tendency in the sentence combination operation
on the source text. Table 4 shows the number of
sentence pairs combine into summary sentences.

Table 4: Sentence Position in Source Texts and in

Text Structure
| Position of pairs | Summary A | Summary B |

adjacent 38(34) 19(18)
non-adjacent 11 8
Total 49 27

In both set of summaries, the summary sentences
that are generated by sentence combination are
mostly the adjacent sentences. However, even if a
pair of adjacent sentences in a source text is likely
to combine, the pair is not always combined to
the summary sentence. We assumed the clues for
sentence combination is adjacency relation in the
coherence structure. This assumption comes from
the fact that the adjacency relationship in coher-
ence structure is comparatively easy for humans
to analyze as we described in section 2. The brack-
eted figures on the upper line in Table 4 shows the
number of examples that have coherence relation.
This result shows that the text structure can act
as the clues for sentence combination.

On the other hand, the number of examples of
sentence combination of non-adjacent sentences is
not enough to draw a conclusion. We think that
the structure between non-adjacent sentences in-
volves more complex mechanism than adjacency
relation.

4 Clues for Sentence Combination

As we described in Section 3, we discover that
the coherence relationship between a pair of adja-
cent sentences plays an important role in summary
generation. In this section, we investigate clues
for those relationships. Our investigation consists
of two steps. The first step is to see how well a
machine predicts whether a pair of adjacent sen-
tences has a coherence relationship or not. The
second step is to see whether the clues of the rela-
tionships between adjacent sentences work as the
clues for the sentence combinations as well.

4.1 Clues for Relationships between
Adjacent Sentences

In order to investigate the clues for the relation-
ship between pairs of adjacent sentences, we ap-
ply the machine-learning program C4.5 (Quinlan,
1992). C4.5 is a decision tree learning program
that acquires general rules from the training ex-
amples that consist of features and the target
class. In our learning task, the target class is
assigned using the relations between the pairs of
adjacent sentences in a coherence structure de-
scribed in section 2.3. Suppose S; 1 and S; are



Table 5: Features for Characterizing a pair between adjacent sentences

| Feature Categories | Features ‘ ID |

cue words of S; CUE
predicate type of S;_1 PRDO

Syntactic Features | predicate type of S; PRD1
topic marker type of S; TPC
omission of topic or subject of the S; OMIT

Semantic Features | .S; introduce a new proper noun / S; refers the proper noun in S;—; | NEWT
Character based similarity between S; and S; 1 SIM

a pair of adjacent sentences in a text. If S; has re-
lationship to S;_1 in the coherence structure, the
pair of adjacent sentences classified as “yes”, and
“no”, otherwise.

We arrange the information of an example into
the sets of features as shown in Table 5. Since the
relations in coherence structure are abstract and
complex, we use not only syntactic information,
but also information that influences the meaning.
In practice, our features can be divided into two
categories; syntactic features and semantic fea-
tures.

Syntactic features represent the characteristics
of a sentence using the result of syntactic struc-
ture analysis. We used automated word depen-
dency structure analyzing program developed by
Fujio et al.(1998). Japanese dependency struc-
ture is usually defined in terms of the relationship
between phrases called ‘bunsetu.” The relation-
ships reflect the underlying syntactic structure of
a sentence. Bunsetu is a segment that consists
of one or more words and that includes a head
word. Fujio’s program outputs not only the syn-
tactic relationship between Bunsetus but also the
pos (part-of-speech) tags of the words. Since the
reliability of the program is not perfect yet, we
manually correct the result of the dependencies
when the result has some errors. Value of the
syntactic features is assigned using the analyzed
dependency structure.

The value of CUE feature is assigned based
on the type of conjunctive expressions at the be-
ginning of the corresponding sentence (e.g., For
example, However, Therefore, etc. in English).
Since conjunctive expressions provide cohesive
connectivity between adjacent sentences in gen-
eral, we divide conjunctive expressions into 10
types according to the function of connectivity
(e.g. Exemplify, Contrast, Restating, etc.). The
features PRD0O and PRD1 represent the type of
the predicates of S;_; and S;. Each predicate
type of the sentence is classified according to its
modality or its tense. These two features are ex-
pected to indicate the writer’s attitudes in the sen-

tence. TPC feature represents the type of topic
marker in the sentence. In Japanese, the gram-
matical role such as topic and subject is marked
by particles called postpositions. We distinguish
the grammatical role using the analyzed depen-
dency structure. OMIT feature shows whether the
topic or the subject of the sentence S; is present
or not. The absence will show the stronger cohe-
sion between S; and S;_1. Some researchers such
as Walker et al.(1994) claim that the entity that
marked by topic maker and its omission play an
important role in the discourse. Note that the
values of TPC and OMIT are hard to be assigned
only by the pos information. Therefore, we use
the analyzed dependency structure to assign the
features.

On the other hand, semantic features repre-
sent the relevancy between the contents described
in the two sentences. In order to represent the
meaning of the sentences, we use two features as
an approximate relevancy between the sentences:
NEWT and SIM features. NEWT feature repre-
sents whether S; introduces new proper nouns as
a topic or not. We assign four different values to
this feature based on four cases of S; described
bellow 2 :

1) the topic/subject includes the proper nouns
that S;_1 does not include.

2) the topic/subject includes referring expressions
that refer to the proper nouns of S;_;.

3) a part of S; (except for the topic/subject) refers
to the proper noun of S; ;.

4) S; satisfies none of the above cases.

Proper nouns and expressions referring the proper
nouns in the text are manually annotated. In
this experiment, we annotated only person names,
place names and organization names as proper
nouns and referring expressions are restricted to
pronouns and nouns that refer to the proper nouns
without any inference. SIM feature uses similarity

“The notation of ‘topic/subject’ in this paper
stands for the subpart of a sentence. The subpart con-
tains not only the entity marked as topic or subject,
but also the phrases modifying the entity.



between the subpart that expresses topic/subject
in S; and the whole S; 1. The similarity is calcu-
lated by character (Kanji) based cosine similarity.
If topic/subject is absent in S;, the value of the
SIM is assigned 1.0 (i.e. SIM includes a piece of
information of OMIT feature). We expect that
the SIM feature gives the simple approximation
for NEWT features. We, however do not claim
that our features set is an exhaustive one.

We evaluate the learned decision tree using the
“leave-one-out” cross validation as follows. For
every example z; in the training example set, a
decision tree learns from all the examples except
the z; and the learned tree is evaluated by z;.
Table 6 shows the results in terms of precision,
recall and accuracy that are defined by following
equations.

Precision =
# examples decision-tree classified correctly

# examples decision-tree classified

Recall =

# examples decision-tree classified correctly

# examples human classified

Accuracy =
# examples decision-tree classified correctly

# examples

We assume a system which always classify ex-
amples as “yes” as a baseline, whose accuracy is
0.626. Comparing with the baseline, from the ob-
tained results, we can conclude that the features
are able to predict whether a sentence has coher-
ence relationship to the preceding sentence.

Moreover, we also evaluate the impact of each
individual feature for the learned decision tree to
classify the example into the target class correctly.
We remove each feature in turn from the set of fea-
tures listed in Figure 5 and apply the same process
to construct the decision tree with the reduced
member of the features. The accuracy of each
learned decision tree in shown in Figure 3. The
figure shows when CUE, PRD1 or SIM feature
is removed from the original features, the accu-
racy decreases significantly. The result shows that
these three features have the ability to capture the
characteristics of the relationship between the ad-
jacent sentences. Although we carefully designed
NEWT in the semantic features, the feature does
not show good effect on the accuracy.

4.2 Discussion on the clues for sentence
combination

In this section, we want to verify that the clues
for relations between adjacent sentences are also
the clues for sentence combination. We conduct
an experiment by using the reliability of predic-
tion for coherence relationship between pairs of

Table 6: Evaluation for Learned Decision Tree

target class
yes no
Precision 0.715 | 0.638
Recall 0.850 | 0.434
Overall Accuracy 0.697

Accur acy

Figure 3: Accuracy of the decision tree for clas-
sifying the relations between adjacent sentences
without each feature

adjacent sentences. The reliability is provided by
the learned decision tree and takes value from 0
to 1. The higher the reliability is, the more likely
the sentence relates to the preceding adjacent sen-
tence. In practice, we calculate the reliability as
follows: A leaf node of the learned decision tree
is constructed to classify the training examples.
Note that the leaf node does not always classify
the “real” training examples when the decision
tree is pruned. We regard the confidence-ratio
of classifying the training examples with the leaf
node of the learned decision tree as the reliability.
For example, if the all of the corresponding train-
ing examples to a particular leaf node are classified
into class “yes”, the reliability of the leaf node is
1.0.

We compare the average reliability for the pairs
of adjacent sentences that have coherence relation-
ship with that of the pairs of sentences in which
sentence combination takes place. As shown in
Table 7, both the average reliability and its stan-
dard deviation(stds) give similar tendencies be-
tween the pair of sentences that have coherence
relationship and the pair of sentences where sen-
tence combination occurs. Thus, the clues for sen-
tence combination characterized by our features
are quite similar to the ones for pairs of adjacent



Table 7: Averaged Reliability for Pair of Adjacent
Sentences

type of the pair of sentences Reliability
Ave. stds

coherence relation 0.631 | 0.301

sentence combination 0.615 | 0.295

sentences with coherence relation.

In this section, we show that the strong relation-
ship between adjacent sentences give us some hints
to understand the operation of sentence combi-
nation. The relationships between adjacent sen-
tences must represent the relevancy between the
contexts or meaning of the corresponding sen-
tences. Since the sentences produced by the op-
eration of sentence combination are more con-
strained in terms of the relevancy, the investi-
gation of the sentence combination will help us
understand how to represent the coherence struc-
ture. Practically, the strength of coherence rela-
tion triggers the sentence combination operation
in generating summary.

5 Conclusion

In this paper, we investigate human-generated
summaries from the point of view of text struc-
ture. Even if human generates a summary with-
out explicit discourse clues (such as paragraph
breaks), the coherence structure analyzed in this
paper can represent implicit clues for automated
summarization. Our conclusion includes the fol-
lowings.

e In analysis of coherence structure of text,
even a human has difficulty in judging the
relation between sentences when the related
sentences stay apart from each other. On the
other hand, when two related sentences are
adjacent, the human judgment is far more ac-
curate.

¢ Human summary generation is based on two
types of operation; sentence reduction and
sentence combination. An existence of rela-
tionship between the pair of adjacency sen-
tences is a trigger to determine whether the
operation of sentence combination is acti-
vated or not.

e Coherence relationships between adjacent
sentences are automatically identified using
features. We confirm that the features char-
acterizing the relation can also characterize
the occurrence of sentence combination.

Our work provides new perspective for auto-
mated summary generation. The perspective has

three steps. At the first step, we analyze the
strength of coherence relation between every ad-
jacent pair in its source sentences. Second, we
combine strongly related adjacent pairs to a new
summary sentence. Finally, we reduce redundant
clauses and words from the combined summary
sentences. Based on this experimental results, we
are motivated to develop a full-fledged summary
generating system in the future.
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