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Abstract 
The study was to develop a method for automatic summarization 
of sets of related research abstracts. This summarization method 
focused on extracting and integrating similarities and differences 
among different abstracts. In the research studies which aim to 
look for relationships between research concepts, similarities and 
differences are mainly reflected through research concepts and 
relationships expressed in the text. Thus the summarization 
method extracts research concepts and relationships from each 
research abstract, integrates similar concepts and relationships 
across different abstracts, and incorporates them into new 
sentences to produce a summary. This paper reports the three 
main summarization steps – discourse parsing, concept extraction 
and integration, and relationship extraction and integration. Each 
step was evaluated by comparing the machine output against 
human codings.  
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1. Introduction  
The purpose of this study was to develop a method for 
automatic summarization of sets of related research abstracts. 
Multi-document summarization condenses a set of related 
documents rather than a single document into a summary. It 
can provide a domain overview of a topic and indicate 
similarities and differences among documents. However, 
multi-document summarization has more challenges than 
single-document summarization in the issues such as 
compression, redundancy, cohesion, coherence. Thus 
traditional summarization approaches, e.g. statistics-based 
sentence extraction, do not always work well in multi-
document summarization [2].  

In a multi-document environment, many of related 
documents are likely to contain repeated information and 
only differ in certain parts. An ideal multi-document 
summary should contain common information among most 
of documents, plus important unique information present 
among individual documents [1]. Various approaches, 
including shallow and deep approaches, have been used to 
identify and synthesize similarities and differences across 
documents. The shallow approaches identified and removed 
repeated text units (i.e. words, phrases and sentences) 
extracted from different documents by syntactic comparison 
[5]. The deep approaches synthesized text units using concept 

generalization [4], summary operators [6], and rhetorical 
relations [9]. However, most of previous studies identified 
similarities and differences at a low level based on syntactic 
and rhetorical relations between physical elements (i.e. words, 
phrases and sentences). It is desirable for the similarities and 
differences to be identified at a more semantic level.  

This study focused on semantic contents and semantic 
relations to identify similarities and differences across 
documents and integrated the similarities and differences to 
generate a multi-document summary. In some domains such 
as sociology, psychology and education, most of research 
adopts the traditional quantitative research paradigm of 
looking for relationships between concepts operationalized as 
variables. Thus the similarities and differences across 
different research studies are mainly reflected through 
research concepts and relationships expressed in the text. In 
this study, we selected dissertation abstracts in the domain of 
sociology as source documents to develop a new multi-
document summarization method. This method focused on 
extracting research concepts and relationships from each 
dissertation abstract and integrating similar concepts and 
relationships across dissertation abstracts. Moreover, the 
research report structure was also used to identify which parts 
of dissertation abstracts contain desired information. The 
summarization method can also be extended to research 
abstracts in other domains employing the same research 
paradigm. 

The summarization method includes three main parts:  
(1) Parsing documents into several sections and identify 

which sections contain important research information;  
(2) Extracting research concepts from each document and 

integrating similar concepts across different documents;  
(3) Extracting research relationships from each document 

and integrating the relationships associated with a cluster 
of similar concepts across documents.  

Each summarization step was described in subsequent 
sections. Finally, each step was evaluated by comparing the 
machine output against the human codings.  

2. Discourse Parsing  
Sentences in about 85% of dissertation abstracts could be 
subsumed under five standard sections: 1-background, 2-
research objectives, 3-research methods, 4-research results 
and 5-concluding remarks [8]. Although the remaining 15% 
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of the abstracts were difficult to assign into the five sections, 
the research objectives are still clearly discernable in most of 
unstructured abstracts. To parse discourse structure of 
dissertation abstracts and identify the research objectives and 
research results sections, a supervised learning method, 
decision tree induction, was selected to categorize each 
sentence into one of the above five sections. The first 
decision tree classifier was constructed using a well-known 
decision tree induction algorithm C5.0, which used high 
frequency non-stop word tokens (in lemma form) and 
normalized sentence position as features.  

A random sample of 300 sociology dissertation abstracts 
was selected from the 2001 Dissertation Abstracts 
International database and 45 unstructured abstracts were 
removed from them. The remaining 255 structured abstracts 
were partitioned into a training set of 171 abstracts to 
construct the classifier and a test set of 84 abstracts to 
evaluate the accuracy of the classifier. Preliminary 
experiments were carried out based on the training data using 
10-fold cross-validation to determine the appropriate 
parameters of the decision tree model. The best classifier was 
obtained with a word frequency threshold value of 35 and 
pruning severity of 90%. We then applied the classifier to the 
test sample of 84 abstracts and obtained an accuracy rate of 
71.6% (see Table 1).  

Since the dissertation abstract is a continuous discourse 
with relations among sentences, furthermore, we considered 
using the sentences which contain clear indicator words and 
thus are easy to classify to help identify the categories of 
other relevant sentences which do not contain clear indicator 
words. For example, the first sentence in the research results 
section often contains the indicator words “reveal” and 
“show”, and the subsequent sentences may amplify on the 
results though they do not contain clear indicator words. To 
test this assumption, we manually extracted indicator words 
from the constructed classifier above. For each sentence, we 
then measured the distance between the sentence and the 
nearest sentence (before and after) that contains each 
indicator word. Then we used the surrounding indicator 
words as additional attributes (distance as the attribute values) 
to construct the second classifier. The surrounding indicator 
words were categorized into three types – occurring in the 
sentences before the sentence being processed, after the 
sentence being processed and both before and after the 
sentence being processed.  

The test results for the second classifier using 84 
structured test abstracts are shown in Table 1. It was found 
that only “before” surrounding indicator words can contribute 
to the categorization accuracy, by obtaining the best result of 
74.5%. Finally, the second classifier, using the high 
frequency word tokens, normalized sentence position and 
“before” surrounding indicator words, was selected to parse 
the macro-level discourse structure of dissertation abstracts. 
A set of IF-THEN categorization rules was extracted from 
the classifier and applied to new dissertation abstracts.  

Table 1. Percentage of correctly classified sentences using the 
two classifiers based on the test sample of 84 abstracts 

Classifier 2   
(with surrounding indicator 
words as additional features) 

Sec.  
ID 

Classifier 
1 
 

before  after  both before 
& after  

1 71.10% 79.77% 67.63% 80.92% 
2 55.74% 52.46% 49.18% 48.63% 
3 9.74% 52.38% 39.15% 52.38% 
4 87.61% 91.03% 89.31% 91.03% 
5 58.62% 58.62% 55.17% 58.62% 
Whole  71.59% 74.47% 68.62% 73.99% 

2. Concept Extraction and Integration 
After discourse parsing, research concepts were extracted 
from the research objectives and research results sections of 
each dissertation abstract. Then similar concepts across 
different dissertation abstracts were clustered based on 
syntactic term variations. Finally, concept clusters were 
categorized into subjects based on a taxonomy.  

3.1 Concept Extraction 
Concepts are usually expressed as single-word or multi-word 
terms. In this study, we used syntactic rules to extract 
concept terms. A list of part-of-speech patterns, e.g. “N 
PREP N”, was constructed manually for recognizing n-word 
terms (n=1~5).   

  After data preprocessing, sequences of contiguous 
words of different lengths are extracted from each sentence to 
construct n-grams (n=1~5). Using the part-of-speech patterns, 
terms of different lengths are identified and extracted from 
the same part of a sentence. These terms of different lengths 
represent concepts at different levels of generality (narrower 
or broader concepts). If two terms have overlapping sentence 
positions, they are combined to form a full term representing 
a more specific full concept.  

3.2 Concept Clustering  
A full term, representing a specific full concept expressed in 
the text, can be segmented into shorter terms of different 
lengths, e.g. 1, 2, 3, 4, and 5-word terms, which are called 
component terms. These component terms with different 
number words represent component concepts at different 
levels. The shorter terms represent broader concepts whereas 
the longer terms represent narrower ones. There is a tangled 
hierarchy among the component concepts in a full concept 
(see Figure 1).  

In Figure 1, at the top level are the broadest single-word 
concepts whereas the specific full concept is at the bottom. 
From a single-word concept to the full concept, one or more 
chains are created, each of which links a list of concepts of 
different lengths sharing a specific kind of syntactic 
variations. These concepts linked by the same chain have the 
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common head noun and are considered a group of term 
variants representing similar concepts at different levels of 
generality. The hierarchical relations among them are 
distinguished by their logical roles or functions. The head 
noun is deemed as the main concept. Two types of sub-level 
concepts are distinguished – subclass concepts and facet 
concepts. A subclass concept represents one of the subclasses 
of the parent concept whereas a facet concept specifies one of 
the facets of the parent concept. For example, if “abuse” is 
deemed as the head noun, the hierarchical relations are as 
follows:  
• [main concept: abuse] → [subclass concept: sexual 

abuse] → [subclass concept: childhood sexual abuse] 
→ [facet concept: survivor of childhood sexual abuse]→ 
[subclass concept: adult woman survivor of childhood 
sexual abuse] 

 

* 
* The concept in the shaded box at the bottom is a full concept.  

Figure 1. Tangled hierarchy of component concepts in a full 
concept 

The hierarchy of component concepts provides a way to 
integrate similar concepts extracted from different documents. 
The concepts at the higher levels can be used to generalize, to 
different extents, all the narrower concepts linked with them 
at the lower levels.  

Based on this idea, a clustering algorithm was developed 
to construct concept hierarchies and cluster similar concepts 
automatically. In a set of similar dissertation abstracts, we 
selected high frequency nouns as head nouns in the 
summarization. The threshold value of the document 
frequency depends on the desired length of the final summary. 
Starting from each selected head noun, a list of term chains 
were constructed by linking it level by level with other multi-
word terms in which the single word is used as a head noun. 
Each chain was constructed top down by linking the short 
term first, followed by longer terms containing the short term. 
All the chains sharing the same root node are combined to 
form a hierarchical cluster tree. Each cluster tree uses the root 
node as its cluster label. In the hierarchical cluster tree, the 
concepts at the top level and the second level are used to 

generalize all the similar concepts and integrated into a 
summary sentence as follows:  
• Student, including college student, undergraduate student, 

Latino student,  …                                                                                       
Its different aspects are investigated, including 
characteristics of student, behavior of student … 

The summary sentence is divided into two parts – the first 
part (including) giving the subclass concepts and the second 
part (its different aspects) giving the facet concepts. 

3.3 Concept Categorization 
After clustering, concept clusters are organized into subject 
areas based on a taxonomy (see Figure 2). The taxonomy 
contains important concepts in the domain of sociology, of 
which the main concepts (i.e. single-word concepts) were 
categorized into nine subjects and some sub-subjects [7]. 
From the subject areas covered by the concepts extracted 
from a set of documents, the user can get some hints on what 
the set of documents talks about and obtain an initial 
overview of the document set. Furthermore, the concept 
categorization can help user locate information in the 
subjects of interest quickly and make reading and browsing 
more efficient.  
 

 

Figure 2. Concept categorization into subjects in the 
summary 

4. Relationship Extraction and Integration 
4.1 Relationship Extraction 
Research relationships were extracted from the research 
objectives and research results sections of dissertation 
abstracts using pattern matching. The linguistic patterns used 
are regular expression patterns, each comprising a sequence 
of tokens. 126 relationship patterns were derived manually 
from the sample of 300 dissertation abstracts. An example 
pattern that represents one surface expression of cause-effect 
relationship in the text is given as follows. Each token is 
constrained with a part-of-speech tag.  

Subjects covered
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• <Independent variable:NP> have:V *:DET (*:A) 
effect/influence/impact:N on:PREP <Dependent 
variable:NP>. 
A pattern typically contains one or more slots, and the 

research concepts that match the slots in the pattern represent 
the variables linked by the relationship. A pattern matching 
algorithm was developed to identify the text segments that 
match with the relationship patterns. For example, the above 
pattern can match the following text segments:  
- This support the hypothesis that ontogenic variables 

have the greater impact on predicting risk of physical 
abuse.  

- Medicaid appeared to have a negative influence on the 
proportion of uninsured welfare leavers.  

4.2 Relationship Normalization and Conflation 
To integrate relationships, we manually analyzed 126 
relationship patterns derived from the 300 sample abstracts 
and found that they can be categorized into nine types, 
including five first-order relationships (e.g. cause-effect, 
correlation) and four second-order relationships (e.g. second-
order cause-effect, second-order correlation). The second-
order relationship refers to the relationship between two or 
more variables influenced by a third variable. Two cause-
effect relationships which are associated with the concept of 
“student” are given as follows:  
- Expected economic returns affected the college students' 

future career choices.  
- School socioeconomic composition has an effect on 

students' academic achievement. 
The different surface expressions for the same type of 

relationship can be normalized using a predefined standard 
expression. For each standard expression, three modalities 
are handled – positive, negative or hypothesized. The 
relationships with the same type and modality are normalized 
using a standard expression. For example, the above two 
cause-effect relationships are normalized using the standard 
expression: <dependent variable> was affected by 
<independent variable>.   

For a group of relationships associated with the same 
main concept, the normalized relationships using the same 
expression are conflated by combining the variables with the 
same roles together. For example, the above two 
relationships associated with “student” are conflated into a 
simple summary sentence as follows:  
• Different aspects of students were affected by expected 

economic returns and school socioeconomic composition.  
The summary sentence provides an overview of all the 
variables that have a particular type of relationship with the 
given variable “student”.  

5. Evaluation  
In the summarization process, discourse parsing had been 
evaluated during the development stage of the decision tree 
classifier, and relationship integration was not necessary to 

be evaluated since it was a simple text replacement process. 
Thus only three steps – concept extraction, relationship 
extraction, and concept clustering – were evaluated here.  

5.1 Evaluation of Information Extraction  
In the evaluation of information extraction, 50 structured 
abstracts were selected using a random table from the 
database. The concepts and their relationships were extracted 
by the machine from the research objectives and research 
results sections. Three human coders were asked to extract 
all the important concepts manually from each abstract, and 
from these to identify the more important concepts and then 
the most important concepts, according to the focus of the 
dissertation research. The machine-extracted concepts were 
compared against the human-extracted concepts at the three 
importance levels. Research relationships were extracted 
manually by two experts from the same 50 abstracts. From 
the two experts’ codings, a “gold standard” was constructed 
by taking the agreements in the codings. The machine-
extracted relationships were compared against the human-
extracted relationships.  

There are four possible kinds of matches between a pair 
of machine-extracted and human-extracted term – exact 
match, covered match (a human term covers a machine term 
or a machine term covers a human term), and partial match. 
To obtain reasonable precision and recall, we used term 
similarity as weight values to reflect the degree of match 
between a machine term and a human term. Two key-based 
similarity functions were used as follows: 
• Term similarity for calculating precision = 
Number of common keywords between a machine term and a human term 
                  Number of keywords in a machine term 

• Term similarity for calculating recall = 
Number of common keywords between a machine term and a human term 
                          Number of keywords in a human term 

 
Table 2. Average precision, recall and F-measure for machine’s 

concept extraction  

Measure For 
important 
concepts 

For more 
important 
concepts 

For most 
important 
concepts 

Precision 49.76% 34.28% 23.60% 
Recall 75.64% 78.81% 87.37% 
F-measure 59.40% 47.35% 36.80% 

Table 2 shows the average precision, recall and F-
measure for machine’s concept extraction. The machine 
seldom extracted exactly the same terms as the human coders. 
It preferred to extract longer terms whereas the human coders 
preferred to extract shorter ones. For each importance level, 
the machine usually extracted more terms than the human 
coders and obtained a high recall. But it also extracted some 
useless terms which were ignored by the human coders and 
obtained a moderate level of precision. For extracting 
relationships, the machine obtained a high precision of 81.0% 
but a low recall of 54.9%.  
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5.2 Evaluation of Concept Clustering  
In the evaluation of concept clustering, 15 research topics in 
the domain of sociology were haphazardly selected. For each 
topic, a set of dissertation abstracts were retrieved from the 
database using the topic as search query. But only five 
abstracts were selected from the retrieved abstracts to form a 
document set. For each abstract, the important concepts were 
automatically extracted by the machine from the research 
objectives and research results sections of each abstract. 
Human coders were asked to identify similar concepts across 
abstracts from the list of concepts extracted from each 
document set and group them into clusters. Each cluster must 
contain two concepts at least and was assigned a label by the 
human coders. For each document set, two sets of clusters 
were generated by two human coders and one set of clusters 
was generated by the machine.  

To evaluate the quality of clusters, we adopted an 
external measure – F-measure from the field of information 
retrieval, employed by Larsen and Aone [3] – to compare 
how closely a set of machine-created clusters matches a set 
of known reference clusters. Two sets of human codings 
were each used as reference clusters.  For calculating the F-
measure, each machine-generated cluster is treated as the 
result of a query and each human-generated cluster as the 
desired set of concepts for a query. The recall and precision 
of a machine cluster (j) for a given human cluster (i) are 
calculated as follows:  
• Precision (i, j) =  
Number of common concepts between a machine cluster (j) and a human cluster (i) 
                            Number of concepts in a machine cluster (j) 

• Recall (i, j) =  
Number of common concepts between a machine cluster (j) and a human cluster (i) 
                            Number of concepts in a human cluster (i) 

Then, the F-measure (i, j) is calculated as the weighted 
harmonic mean of precision and recall. For a given human 
cluster (i), the F-measure used is the highest one obtained 
among the entire set of machine clusters. Thus, the overall F-
measure is calculated by taking the weighted average of the 
F-measures for each human cluster in the entire set:  
• Overall F-measure = 
∑i  Number of concepts in a human cluster (i)                    *  max {F-measure (i,j)} 
  Total number of concepts in the set of human clusters 

 
Table 3. Overall F-measures for the set of machine-created and 

human-created clusters   

Human coding 1 as 
reference clusters 

Human coding 2 as 
reference clusters 

Doc. 
set  

(N=15) Machine Coder  
2 

Machine Coder 
1 

Avg.  51.4 47.5 67.8 54.7 

Table 3 shows the overall F-measures for the set of 
machine-created and human-created clusters. The results 
suggest that the machine clustering has a higher similarity 
score to each of the human codings than between the human 
codings! This means that machine clustering can generate 

reasonably good clusters of similar concepts in comparison to 
human clustering.  

6. Conclusion and Discussion  
In this study, we developed an automatic multi-document 
summarization method for research abstracts. This method 
parsed each dissertation abstract into five standard sections, 
extracted research concepts and relationships from the 
research objectives and research results sections of each 
abstract, integrated similar concepts and relationships across 
different abstracts, and incorporated them into new sentences 
to produce a summary. 

Although the summarization method was developed to 
handle research abstracts, it can also be extended to full 
research articles. Research articles are much longer than 
abstracts and have more detailed structure in each section. 
Thus discourse parsing needs to be improved to handle more 
detailed and deeper discourse structure. Furthermore, the 
language used in the full research articles is probably more 
complex. Thus concept and relationship extraction also need 
to be improved, e.g. refining extracted terms and identifying 
more relationship patterns.  

References 
[1]  J. Goldstein, V. Mittal, J. Carbonell, and M. Kantrowitz. Multi-

document summarization by sentence extraction.  In 
Proceedings of ANLP/NAACL 2000 Workshop on Automatic 
Summarization (pp.40-48). ACL, New Jersey, 2000.   

[2] U. Hahn and I. Mani. The challenges of automatic 
summarization. IEEE Computer, 33 (11), 29-36, 2000. 

[3]  B. Larsen and C. Aone. Fast and effective text mining using 
linear-time document clustering. In Proceedings of the 5th ACM 
SIGKDD International Conference on Knowledge Discovery 
and Data Mining (pp.16-22). ACM Press, New York, 1999. 

[4] C.-Y Lin.Topic identification by concept generalization. In 
Proceedings of the 33rd Annual Meeting of the Association for 
Computation Linguistics (pp. 308-310). ACL, Morristown, 
1995.  

[5] I. Mani and E. Bloedorn. Summarizing similarities and 
differences among related documents. Information Retrieval, 
1(1-2), 35-67, 1999. 

[6]  K. McKeown and D. Radev. Generating summaries of multiple 
news articles. In Proceedings of the 18th Annual International 
ACM SIGIR Conference on Research and Development in 
Information Retrieval (pp.74-82). ACM Press, New York, 
1995.  

[7]  S. Ou, C. Khoo, and D. Goh. Constructing a taxonomy to 
support multi-document summarization of dissertation 
abstracts. Journal of Zhejiang University SCIENCE, 6A (11), 
1258-1267, 2005. 

[8] S. Ou, S.G. Khoo, and D. Goh. Automatic multi-
document summarization of research abstracts: design and user 
evaluation. Journal of the American Society for Information 
Science and Technology, 58(10), 1-17, 2007.   

 [9] D. Radev. A common theory of information fusion from 
multiple text sources step one: Cross-document structure. In 
Proceedings of the 1st SIGdial Workshop on Discourse and 
Dialogue, 2000. 

 


