
Evaluation of the Effects of User-Sensitivity on Text Summarization 
 

Hien Nguyen 

University of Wisconsin-Whitewater 

Dept. of Math and Computer Science 

800 W. Main Street 

Whitewater, WI 53190 
nguyenh@uww.edu 

 

 

Eugene Santos Jr. 

Dartmouth College 

Thayer School of Engineering 

8000 Cummings Hall 

Hanover, NH 03755 
Eugene.Santos.Jr@Dartmouth.EDU 

 

 

Russell Jacob, Nathan Smith 

University of Wisconsin-Whitewater 

Dept. of Math and Computer Science 

800 W. Main Street 

Whitewater, WI 53190 
(RussellJA30,SmithND09)@uww.edu 

Abstract 
 

Along with research on information retrieval and 

filtering, text summarization is an effective technique to 

help users save time in finding critical information and 

making a timely decision. The quality of a summary may 

improve a user’s performance in an information seeking 

task if it includes the relevant information that he/she is 

looking for in a way he/she prefers. On the other hand, it 

may degrade a user’s performance if the important 

information is omitted or information is presented poorly. 

Some existing approaches have used a user’s interests to 

help in the design of a personalized text summarization 

system. However, there is not adequate focus on exploring 

cognitive styles, which have been found to affect the ways 

users think, perceive and remember information. Our 

main objective of this evaluation is to investigate the 

effect of a user’s cognitive styles on multi-document 

summarization. We examine two dimensions of a user’s 

cognitive styles which are the analytic/wholist and 

verbal/imagery dimensions. We conducted an experiment 

to find out the effect of a user’s cognitive styles when 

working with different types of document sets. The type of 

document sets refers to whether the set’s content is 

loosely related or closely related.  Our results show that 

users in general are insensitive to the types of document 

sets both in terms of information covered in a summary as 

well as the way that a summary is written and presented. 

However, if we group users by the analytic/wholist 

dimension, we found that people in groups are sensitive to 

the way that the information is presented for different 

types of document sets.  

 

1. Introduction 
As we have witnessed the increasing growth of online and 

offline information resources, one of the biggest 

challenges that we are facing is to quickly find relevant 

information from massive amounts of data. Along with 

research on information retrieval and filtering, text 

summarization is an effective technique to help users save 

time in finding critical information and making a timely 

decision [9,11]. We often see text summarization 

techniques incorporated in information retrieval 

applications to present users with only the key points of 

the whole document so that users can speed up the 

process of relevancy assessment without having to read 

the full text [11]. The quality of a summary may improve 

a user’s performance in an information seeking task if it 

includes the relevant information that he/she is looking 

for. On the other hand, it may degrade a user’s 

performance if the important information is omitted. 

Text summarization has been defined as “the process 

of distilling the most important information from a source 

(or sources) to produce an abridged version for a 

particular user (or users) and task (or tasks)” [11]. In other 

words, a summary is a condensed version that contains 

the most important information from a single document or 

a set of documents (the latter is called multi-document 

summarization). This summarization process involves 

both documents and users, and should be viewed as a 

function of the input documents and users [7]. Research 

from the user modeling community has shown that each 

user may have different views on what can be considered 

important and interesting information and how this 

important information should be presented [5,8]. Even 

though in the last few years, researchers in the text 

summarization area have started to incorporate user 

models to improve text summarization [5,6,7,10,26,27]. 

The existing approaches focus on exploring a user’s 

interests to enhance a text summarization system but do 

not place enough emphasis on other aspects of a user such 

as their cognitive styles, stereotypes, and so forth. The 

first reason for this situation is that modeling a user in the 

text summarization process is a complicated research 

topic by itself. Secondly, we lack results from 

comprehensive user studies to investigate the effects of 

individual differences on text summarization, especially 

with regards to a user’s cognitive styles.  

 The main objective of this paper is to report our study 

in which we explore the effects of a user’s cognitive 

styles on multi-document summarization. We extend 

further our pilot study [27] in which five graduate 

students participated in evaluating 40 abstracts from four 

document sets in the Document Understanding 

Conference (DUC) 2002 collection. In that study, we 

found that people are insensitive to the different types of 

document sets and tend to focus only on the general 

information of a summary. Our goal is to further verify if 

the results still hold with a much larger sample size. Also, 

we explore the relationship between cognitive styles and 
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different types of document sets. The results of this 

research would benefit researchers from both the user 

modeling and text summarization communities by 

providing them the supported data to verify whether and 

how a user’s cognitive styles affect text summarization. A 

user’s cognitive styles are used to describe the way each 

user thinks, perceives and remembers information and are 

found to affect a user’s information seeking tasks [8]. In 

this study, we choose two dimension of a user’s cognitive 

styles that are likely to affect the text summarization 

process: the analytic/wholist and verbal/imagery 

dimensions [17,18]. For our experiments, we used four 

document sets from the Document Understanding 

Conference (DUC 2005) [4]. Thirty undergraduate 

students at the University of Wisconsin-Whitewater 

participated in our study in which they took the Cognitive 

Analysis Test [17, 18] and ranked summaries generated 

from ten summarizations system numbered in the DUC 

2005 collection as 1, 11, 12, 13, 14, 15, 16, 17, 18, and 

19. These systems are randomly chosen from the set of 

systems in the DUC 2005 experiment. This ensures the 

diversity of summaries as well as acceptable writing and 

coherency. Our results show that users in general are 

insensitive to the information coverage as well as the way 

that information is presented in either loosely or closely 

related document sets. However, if we form groups based 

on a user’s cognitive styles, we find that analytical, 

intermediate and wholist groups are sensitive to the 

coherency of summaries from loosely and closely related 

document sets. According to Riding [17], people 

belonging to the wholist group tend to process 

information as a whole while people belonging to the 

analytic group tend to process information in parts.  

The paper is organized as follows: we first review 

some approaches on personalized text summarization. We 

then describe our experimental procedure followed by our 

results and discussions. We conclude with a description of 

our future work. 

 

2. Related work 
Ultimately, the results of our user study reported in this 

paper will help in improving or designing new techniques 

for personalized text summarization. In this section, we 

review some approaches on personalized text 

summarization. The main technique of personalizing 

summarization is to identify a user’s topical interests and 

adapt the text summaries surrounding these interests using 

heuristics [1,2,5,6,10]. In general, a user’s interests can be 

captured explicitly by asking a user to list a set of topics 

in the user’s profile or implicitly by using the terms in the 

user’s queries or the terms related to the query terms 

using a static taxonomy. For example, an approach 

described in [10] has used a set of keywords in a user’s 

queries expanded by the taxonomy in WordNet to adapt 

to a user’s information needs. Some typical heuristics 

used in combination with a user’s interests in a 

personalized text summarization include: location-based 

heuristics (such as terms in a title or terms at the 

beginning of a paragraph); linguistics-based heuristics 

(such as certain phrases and certain levels); and statistics-

based heuristics (such as frequency). Tombros and 

Sanderson (1998) have used words from a user’s queries 

and titles, and used heuristics such as word positions to 

generate summaries. The multi-tier model presented in [6] 

contains topical interests (long-term) as well as weighted 

keywords for each interest.  In that approach, the 

summary is generated by ranking sentences according to 

the linear function over a set of cosine similarities 

between each vector’s interests and document vectors and 

selecting the top 20% of ranked sentences. Another 

similar example of a multi-tier model of interests is 

described in [5]. 

Generating a summary directed to a specific user 

based on a user’s interests has achieved some encouraging 

results. It was preferred by human users throughout the 

evaluations and it improved a user’s satisfaction with a 

search compared to a generic summary [6]. However, it 

still suffers from some major disadvantages. First, the 

ambiguity of a term across domains may pose the ultimate 

challenge for adaptation based only on topical interests. 

The multi-tier approach tries to disambiguate topical 

interests by adding a set of keywords for each topic. 

However, this still ignores the specific relationships 

among these keywords and among these topics. Secondly, 

such techniques do not take into consideration a user’s 

preferred styles of reading, memorizing and recalling 

events which may affect how people evaluate a given 

summary. Therefore, with our user study, our goal is to 

highlight the relationships between a user’s cognitive 

styles and text summarization. The results from our study 

can also help researchers in designing a personalized text 

summarization system, which takes into account both a 

user’s interests and cognitive styles.  

 

3. Experimental procedure 
3.1 Objectives: This experiment investigates the effects 

of a user’s cognitive styles on the types of document sets 

in multi-document summarization, and collects data to 

answer two questions: Are users sensitive to the type of 

document sets? And how does a user’s cognitive styles 

affect text summarization?  By “type” of a document set, 

we refer to its degree of related content, i.e., whether the 

content of a document set is loosely or closely related.  

 We have used the Cognitive Style Analysis (CSA) 

test [17,18] to identify two dimensions of a user’s 

cognitive styles that are likely to affect the text 

summarization process. They are: wholist/analytic and 

verbal/imagery. This is based on a well-established 

approach by Riding [17,18] on cognitive styles. The first 

dimension, wholist-analytic, reflects the preferred way 

that a user organizes or processes information either in its 

entirety or in parts. The second dimension, verbal-



imagery, reflects whether a user perceives, recognizes, 

and organizes mentally either in words or in a graphical 

representation. We chose Riding’s approach to determine 

a user’s cognitive styles because it satisfies two main 

requirements. First, the wholist/analytic dimension is very 

similar to the field-dependent/field-independent 

dimension in [26], which has been found to affect the 

information seeking task [8]. Secondly, these dimensions 

are measurable with an appropriate computer-based test. 

This test measures these two dimensions by comparing 

the response time of a user while he/she responds to an 

image/verbal/analytic or wholist question. There are three 

parts in this test that contains multiple choice questions on 

whole-parts and set-subset. It takes from 7-10 minutes for 

each participant to finish this test. At the end of the test, 

with regards to wholist/analytic dimension, each user will 

be assigned to one of these three groups: wholist, analytic, 

or intermediate. Wholist users focus on the whole of a 

problem while analytic users focus on details, specific 

parts of problems. Analytic users may have difficulty 

seeing the big picture when solving a problem while 

wholist users may have difficulty decomposing a 

complicated problem into smaller subcomponents. With 

regards to the verbal/imagery dimension, each user will 

be assigned to one of these three groups: verbal, bimodal, 

or image. Verbal users are more comfortable with 

verbally expressive tasks while image users prefer 

information and tasks presented visually. 

 We also identified 4 document sets from the DUC 

2005 collection that satisfy two categories. First, they 

contain interesting topics that are likely to be attractive to 

a young audience, the participants of this study. Secondly, 

they should be different in terms of type of document sets. 

The process of measuring this degree is described below. 

We choose this approach because it is similar to our pilot 

study [27]. 

(i) Given a document set D={d1,d2,d3,…dn}. We convert 

each document to a document graph (DG) which is a 

directed acyclic graph containing concept nodes and 

relation nodes [12,13,20,21,22,23,27]. Concept nodes 

represent noun phrases while relation nodes describe 

relationships among the concept nodes. We currently 

support two kinds of relation nodes, “is a” and “related 

to”. The construction of a DG is an automated process, 

which contains following steps: (1) tokenizing a 

document in the plain text format into sentences; (2) 

parsing each sentence by using Link Parser [24]; (3) 

extracting noun phrases (NPs) from the parsing results; 

and (4) generating relations between concepts/entities 

based on heuristic rules, and putting them into the graph 

format.  

(ii) We computed the degree of  related content of this 

document set with the following formula:  

 

n

i

j

n

ijj

i ddsim
nn

D
1 ,1

),(
11

 

in which  

 

In this equation, Ci, Cj, is the number of concept nodes in 

di, dj and Ri, Rj stands for number of relations in dj,dj. Two 

relation nodes are matched only when at least one of its 

parent nodes and one of its child nodes are both matched.  

In order to find out whether people are sensitive to 

different types of document sets as well as how a user’s 

cognitive styles affect text summarization, we focus on 

the following hypotheses for this study:   

(i) Users are insensitive to the types of document sets. 

The intuition is that we would like to further verify our 

results in the pilot user study in which people were found 

to be insensitive to the summaries generated from 

different types of document sets [27]. 

(ii) Users grouped by the analytic/wholist dimension are 

sensitive to the information covered and the way that it is 

presented in different types of document sets. From the 

definition of wholist/analytic dimension, it’s natural to 

assume that wholist group of users may prefer summaries 

generated from closely related document sets because the 

information coverage may promise to highlight the big 

picture viewpoint. 

(iii) Users grouped by the verbal/imagery dimension are 

sensitive to the way that information is presented in 

different types of document sets. The intuition of this 

hypothesis is that verbal users may prefer summaries to 

cover specific details of an event, which, in turn, can be 

generated from loosely related document set. 

3.2 Testbed 
Based on our above requirements, we identified four 

document sets from the DUC 2005 collection: robot 

technology, journalism overseas, industrial spies in 

Volkswagen and General Motors, and tobacco companies. 

The first two document sets contain information that is 

loosely related to each other (D=0.032 and D=0.029, 

respectively) while the last two contain information that is 

closely related to each other (D=0.085 and D=0.084, 

respectively). For each document set, we use 10 

summaries that are generated from 10 systems in DUC 

2005. The thirty participants in the study were paid $30 

upon completion of the study.  The participants are 

undergraduate students at the University of Wisconsin-

Whitewater majoring in Mathematics, Social work, 

Management Computer Systems, and Information 

Technology. We had 15 female and 15 male participants 

with ages ranging from 17 to 44 years old.  

3.3 Procedure: 
Step 1: Each participant used the Cognitive Style Analysis 

software to determine his/her preferred ways of working 

with information.  

Step 2: Each participant was then given the 4 sets of 

documents and summaries associated with each document 

set. They also received instructions on how to evaluate the 



summaries for each document set. They were asked to 

read carefully through the original document sets and 

identify the information that they thought should be 

covered in a summary.  Next, they read the set of 

summaries and were asked to assign two scores to each of 

the summaries using a five-point-scale scoring system (1 

is good and 5 is bad). Two aspects of a summary that 

needed to be scored were informativeness and coherency. 

Informativeness represents how well the information has 

been covered from each participant’s point of view while 

coherency for a good summary represents how well the 

summary has been written from their viewpoint 

4. Analysis of the Results 
The average ratings on informativeness and coherency 

factors for all summaries of loosely related and closely 

related document sets are reported in Figures 1 and 2. On 

average, the human ratings of informativeness is 2.882 for 

the loosely related document set ( =0.49) and 2.713 for 

the closely related document set ( =0.48). Similarly, the 

average of human ratings for coherency is 3.227 ( =0.48) 

on the loosely related document set and 3.012 ( =0.4) for 

the closely related document set.  

 

Figure 1: Average ratings on informativeness 

 

Figure 2: Average ratings on coherency 

 

 

 

 

SUMMARY 
      

Groups Count Sum Average Variance 
  Informativeness-

loosely related 30 86.450 2.882 0.244 
  Informativeness-

closely reated 30 81.400 2.713 0.233 
  

ANOVA 
      

Source of Variation SS df MS F 
P-

value F crit 

Between Groups 0.425 1.000 0.425 1.782 0.187 4.007 

Within Groups 13.832 58.000 0.238 
   Total 14.257 59.000         

Table 1: ANOVA analysis for informativeness over two types of 

document sets. 
 
SUMMARY 

      Groups Count Sum Average Variance 
  

Coherency-
loosely related 30 96.800 3.227 0.229 

  
Coherency-
closely related 30 90.350 3.012 0.160 

  ANOVA 
      Source of 

Variation SS df MS F 
P-

value F crit 

Between 
Groups 0.693 1.000 0.693 3.565 0.064 4.007 

Within Groups 11.282 58.000 0.195 
   Total 11.975 59.000         

Table 2: ANOVA analysis for Coherency over two types of 

document sets. 

We perform ANOVA [15] one factor analysis on the 

average ratings of 30 users for the document set with 

loosely related content and for the document set with 

closely related content with regards to informativeness 

and coherency. The results are reported in Tables 1 and 2. 

From our analysis, we see that there are no significant 

differences between the two sets of averages for both 

informativeness (F=1.782, P-value=0.187) and coherency 

(F=3.565, P-value=0.064). Or, in general, users are 

insensitive to the type of document. This result also 

agrees with our pilot study [27]. 

We then performed an analysis in which we grouped 

users based on the analytic/wholist dimension. We had 

three groups: the analytic group with 10 users, the 

intermediate group with 14 users, and the wholist group 

with 6 users. We computed the average of the ratings for 

informativeness and coherency for each summary over 

the number of users in each group. We then performed 2-

way ANOVA with replication. The results are reported in 

the Tables 3 and 4 for informativeness and coherency, 

respectively. From Table 3, we can see that the 

differences in informativeness ratings among these three 

group of users are significant (F=3.844, P-value=0.024). 

The differences in informativeness ratings among 

different types of documents are also significant (P-

value=0.007). However, we found no significant 

relationship between different groups of users and 

different types of document sets (P-value=0.471). From 

Table 4, we also found no significant differences in the 

coherency ratings among the three groups. However, the 

differences in coherency ratings among the different types 
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of documents are significant (F=11.874, P-value=0.001). 

We found that different groups of users are sensitive to 

the different types of document sets (P-value=0.003). 

 SUMMARY 
Loosely 
related 

Closely 
related Total 

   Analytic       
   

Count 20 20 40 
   Sum 60.700 56.900 117.600 
   Average 3.035 2.845 2.940 
   Variance 0.106 0.152 0.135 
   Intermediate       
   

Count 20 20 40 
   Sum 55.276 53.421 108.697 
   Average 2.764 2.671 2.717 
   Variance 0.083 0.058 0.071 
   Wholist       
   

Count 20 20 40 
   Sum 57.982 51.826 109.808 
   Average 2.899 2.591 2.745 
   Variance 0.214 0.305 0.278 
   Total         

  
Count 60 60 

    Sum 173.958 162.147 
    Average 2.899 2.702 
    Variance 0.142 0.177 
    ANOVA 

      
Source of Variation SS df MS F P-value F crit 

Sample 1.177 2.000 0.588 3.844 0.024 3.076 

Columns 1.163 1.000 1.163 7.595 0.007 3.924 

Interaction 0.232 2.000 0.116 0.758 0.471 3.076 

Within 17.450 114.000 0.153 
   Total 20.022 119.000         

Table 3: 2-way ANOVA on informativeness factor, grouped by 

wholist/analytic dimension. 

SUMMARY 
Loosely 
related 

Closely 
related Total 

   Analytic       
   Count 20 20 40 
   Sum 64.200 63.600 127.800 
   Average 3.210 3.180 3.195 
   Variance 0.189 0.243 0.211 
   Intermediate       
   Count 20 20 40 
   Sum 61.714 59.000 120.714 
   Average 3.086 2.950 3.018 
   Variance 0.131 0.099 0.117 
   Wholist       
   Count 20 20 40 
   Sum 71.667 57.500 129.167 
   Average 3.583 2.875 3.229 
   Variance 0.306 0.318 0.433 
   Total         

  Count 60 60 
    Sum 197.581 180.100 
    Average 3.293 3.002 
    Variance 0.247 0.230 
    ANOVA 

      Source of 
Variation SS df MS F P-value F crit 

Sample 1.029 2.000 0.515 2.400 0.095 3.076 

Columns 2.547 1.000 2.547 11.874 0.001 3.924 

Interaction 2.664 2.000 1.332 6.211 0.003 3.076 

Within 24.449 114.000 0.214 
   Total 30.689 119.000         

 

      

Table 4: 2-way ANOVA with replication on coherency factor, 

grouped by the wholist/analytic dimension. 

SUMMARY 
Loosely 
related 

Closely 
related Total 

   Verbal       
   Count 20 20 40 
   Sum 54.857 55.857 110.714 
   Average 2.743 2.793 2.768 
   Variance 0.199 0.063 0.128 
   Bimodal       
   Count 20 20 40 
   Sum 60.833 57.250 118.083 
   Average 3.042 2.863 2.952 
   Variance 0.064 0.198 0.136 
   Image       
   Count 20 20 40 
   Sum 55.909 50.000 105.909 
   Average 2.795 2.500 2.648 
   Variance 0.193 0.150 0.190 
   Total         

  Count 60 60 
    Sum 171.600 163.107 
    Average 2.860 2.718 
    Variance 0.164 0.157 
    ANOVA 

      Source of 
Variation SS df MS F 

P-
value F crit 

Sample 1.880 2.000 0.940 6.506 0.002 3.076 

Columns 0.601 1.000 0.601 4.160 0.044 3.924 

Interaction 0.618 2.000 0.309 2.139 0.123 3.076 

Within 16.470 114.000 0.144 
   Total 19.569 119.000         

Table 5: 2-way ANOVA on informativeness factor, grouped by 

verbal/imagery dimension. 

 

SUMMARY 
Loosely 
related 

Closely 
related Total 

   Verbal       
   Count 20 20 40 
   Sum 65.000 59.143 124.143 
   Average 3.250 2.957 3.104 
   Variance 0.225 0.166 0.212 
   Bimodal       
   Count 20 20 40 
   Sum 64.500 62.667 127.167 
   Average 3.225 3.133 3.179 
   Variance 0.146 0.213 0.177 
   Image       
   Count 20 20 40 
   Sum 64.273 58.273 122.545 
   Average 3.214 2.914 3.064 
   Variance 0.206 0.191 0.217 
   Total         

  Count 60 60 
    Sum 193.773 180.082 
    Average 3.230 3.001 
    Variance 0.186 0.193 
    ANOVA 

      Source of 
Variation SS df MS F P-value F crit 

Sample 0.275 2.000 0.138 0.720 0.489 3.076 

Columns 1.562 1.000 1.562 8.166 0.005 3.924 

Interaction 0.280 2.000 0.140 0.731 0.483 3.076 

Within 21.804 114.000 0.191 
   Total 23.921 119.000         

Table 6: 2-way ANOVA on the coherency factor, 

grouped by the verbal/imagery dimension. 

 



 Lastly, we performed an analysis in which we group 

users based on the verbal/imagery dimension. We have 

three groups: the verbal group with 7 users, the bimodal 

group with 12 users, and the imagery group with 11 users. 

We computed the average ratings for informativeness and 

coherency for each summary over all the users in each 

group. We then performed 2-way ANOVA with 

replication. The results are reported in the Tables 5 and 6, 

respectively. 

From the Table 5, we found that different groups of 

users (grouped by the verbal/bimodal/image dimension) 

affect informativeness ratings (F=6.506, P-value=0.002), 

and different types of document sets also affect 

informativeness ratings (F=4.16, P-value=0.044). 

However, we found no significant relationship between 

different groups of users (grouped by 

verbal/bimodal/image dimension) and the different types 

of document sets (P-value=0.123). From Table 6, we 

found that different types of document sets affect 

coherency ratings (F=8.166, P-value=0.005). However, 

we found no significant effects from different types of 

document sets on coherency ratings (P-value=0.489) and 

no significant effects from different groups of users on 

different types of document sets (P-value=0.483).  

In summary, with regards to our original hypotheses, 

we have found the following from this user study: 

(i) Users are not sensitive to the types of document sets. 

This first finding has confirmed the results of our pilot 

study [27] in which we found that human evaluators are 

not sensitive to the different types of document sets. This 

result suggests that users pay attention to the most 

common information which is included in a summary. 

(ii) Users grouped by the analytic/wholist dimension are 

sensitive only to the way information is presented in 

different types of document sets rather than the 

information covered by different types of document sets. 

This result suggests that even though the users generally 

agree with each other in terms of the main points being 

covered, they have their own preferences in terms of the 

way that information is presented/written in a summary. 

This also is in-line with the current research of the effect 

of cognitive styles on information seeking in which field 

independent users are found to be more active than their 

dependent counterparts in a search [8].  

(iii) We found no evidence to suggest that users grouped 

by verbal/imagery dimension are sensitive to either the 

way information is presented or to the information 

coverage in different types of document sets. This last 

result suggests that the verbal/imagery dimension may not 

affect the users’ perception on summaries from different 

types of document sets. One of the possible reasons for 

this is that the verbal/imagery dimension has been found 

to be unreliable [15]. The reasons may be caused by the 

subjectivity of questions to measure this dimension as 

well as the low level of significant contribution of this 

dimension to individual differences.  

5. Future work. 
Cognitive styles have been found to affect a user’s 

information seeking tasks, reading and learning processes 

[8,17,19]. In this paper, we have found that 

wholist/analytic users are sensitive to the coherency of 

summaries from different types of document sets. That 

said, different types of users prefer different ways of 

presented information. This result can be used to design a 

user-centered text summarization system in which we 

combine both a user’s interests and cognitive styles. Both 

of these factors can be captured a priori by asking users to 

take Cognitive Style Analysis tests or generated “on-the-

fly” by finding the relationships between search queries 

and retrieved relevant document sets.  We are looking to 

leverage our user modeling work on information retrieval 

[12,13] to build a user model that contains both interests 

and cognitive styles for a text summarization system. We 

start with a document graph (DG) format to capture the 

most general information in a summary. For document 

sets, the core information can be constructed through 

majority vote; while for a single document, the core can 

be created based on the weights of the relation. 

Summaries generated for analytic and wholist users may 

be generated based on analyzing the links of the resulting 

DG. So, the summary based on this DG will be biased 

towards a user’s individual interests and a user’s cognitive 

styles. We are currently pursuing this effort and are 

focused on formally defining the appropriate graph 

theoretic measures for expanding document graphs from 

multiple documents. 
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